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A B S T R A C T

Fusing color (RGB) images and range or depth (D) data in the form of RGB-D or multi-sensory setups is
a relatively new but rapidly growing modality for many agricultural tasks. RGB-D data have potential to
provide valuable information for many agricultural tasks that rely on perception, but collection of appropriate
data and suitable ground truth information can be challenging and labor-intensive, and high-quality publicly
available datasets are rare. This paper presents a survey of the existing RGB-D datasets available for agricultural
robotics, and summarizes key trends and challenges in this research field. It evaluates the relative advantages
of the commonly used sensors, and how the hardware can affect the characteristics of the data collected. It
also analyzes the role of RGB-D data in the most common vision-based machine learning tasks applied to
agricultural robotic operations: visual recognition, object detection, and semantic segmentation, and compares
and contrasts methods that utilize 2-D and 3-D perceptual data.
1. Introduction

The growing world population, climate change, and rising demand
for food and crops have been driving forces of global efforts to in-
crease crop production yields in the last few decades (Zhao et al.,
2019a; Bac et al., 2014; Kamilaris and Prenafeta-Boldú, 2018). These
increasing demands coupled with the declining number of skilled work-
force and rising labor costs are currently major market forces behind
the rapid development and implementation of both precision agricul-
ture data-driven algorithms for crop monitoring and increase of yield
and resilience, and automation efforts to replace manual labor with
robots (Bechar and Vigneault, 2016; Bac et al., 2014). Automation
efforts are introduced into all labor-intensive aspects of agricultural
work, such as transplanting and seeding (Bechar and Vigneault, 2016;
Haibo et al., 2015; Ruangurai et al., 2015), harvesting (Arad et al.,
2020; Bac et al., 2014; Tang et al., 2020), and pruning (He and Schupp,
2018).

Visual sensing is a key part of any automated agricultural robotic
system. Integrated autonomous in-field robots use color (RGB) or color
fused with depth data (RGB-D) cameras for target localization (Fig. 1)
in operations such as harvesting (Bac et al., 2014; Arad et al., 2020),
weeding (Harders et al., 2021) pruning (Zahid et al., 2021) and crop
monitoring (Kurtser et al., 2020b). Furthermore, range data provided
by RGB-D cameras or Light Detection And Ranging sensors (LiDAR)
are essential for many agricultural tasks: integrated robots that have
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access to range data can perform harvesting and other manipulation
tasks more efficiently (Barth et al., 2016; Ringdahl et al., 2019).

However, despite the growing interest in RGB-D data as a vital part
of an agricultural robot’s sensor suite (Fu et al., 2020), there are limited
available open-access RGB-D datasets in the agricultural domain.

This paper reviews the available open-access RGB-D datasets that
could potentially benefit the development of robots for site-specific
agricultural operations. It summarizes the datasets available, the hard-
ware and technology used to acquire such datasets, and the applications
for which they can be used. It also discusses the gaps in available
datasets and how it affects the development of the research field.

The main contribution of this paper is twofold. Firstly, it provides
what is, to the authors’ knowledge, the first comprehensive survey of
RGB-D datasets that can be used for site-specific agricultural operations,
to assist researchers to select a fitting dataset for their needs. Secondly,
it evaluates the relationship between the available datasets and the
algorithms that use those data.

The addressed topic is relevant and timely. There has been a rapid
improvement in the field of computer vision over the last decade,
due to an improvement in hardware and sensor technology, compu-
tational power, and the subsequent improvement in algorithms. At
the same time, the related but separate field of RGB-D perception is
also growing rapidly, with the development of capable, accurate, and
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Fig. 1. Agricultural robots employing RGB-D sensors for site specific tasks. Left: SWEEPER- sweet pepper harvesting robot. Source — http://www.sweeper-robot.eu/ (Arad et al.,
2020); Right: Yield estimation robot in vineyards described by Kurtser et al. (2020b).
affordable RGB-D sensors, with greater functionality in the outdoor
lighting conditions required by site-specific agricultural operations (Vit
and Shani, 2018; Neupane et al., 2021; He et al., 2017b). A recent
survey article (Lopes et al., 2022) presented 231 accessible RGB-D
datasets. However, it contained none of the agricultural datasets in-
cluded in this survey article. The supporting algorithms for RGB-D
data are similarly rapidly developing, with the first widely used deep
learning algorithms specifically for point cloud data becoming available
in recent years, such as PointNet (Qi et al., 2017a). Since the release of
PointNet in 2017, new algorithms are being released, such as LatticeNet
in 2022 (Rosu et al., 2022).

The paper proceeds as follows. Section 2 provides background on
the most relevant research strands. Section 3 introduces the datasets,
and brief summaries of them can be found in the appendix. Section 4
discusses the possible applications that these datasets can be used for.
The paper closes with discussion (Section 5) and conclusion (Section 6).

2. Background

2.1. Visual sensing and range data for agriculture

Visual sensing plays a key role in agricultural applications. Both
precision agriculture algorithms and in-field automation efforts rely
heavily on the processing of sensor data for navigation and carrying out
site-specific tasks. Visual information is used for generating collections
of phenotypic traits — observable expressions of underlying genes.
In the past decade plant phenomics (the study of phenotypes) has
evolved to a thriving research field supporting breeders in the search
for crops with needed agronomic traits (Zhao et al., 2019a). Intelligent
solutions for precision breeding and automated phenotyping platforms
in controllable and field environments are emerging to support the
collection of high-throughput phenotypic data (Zhao et al., 2019a; Yang
et al., 2020; Araus and Cairns, 2014).

Visual sensing is also vital for agricultural automation tasks. While
phenotypic traits data are often collected using a variety of sensors
(i.e. hyper and multi spectral cameras, thermal cameras, and 3-D
scanners), integrated autonomous in-field robots are typically reliant
on color or RGB-D cameras for target localization in operations such
as harvesting (Bac et al., 2014), weeding (Harders et al., 2021) and
pruning (Zahid et al., 2021). Autonomous robots also require range
data to perform visual servoing operations, as relying only on 2-D
imagery rather than accessing range data directly makes a robot prone
to long cycle times due to the correction of position (Barth et al., 2016;
Ringdahl et al., 2019).
2

2.2. Dataset collection for agricultural robotics

There are many tasks within agricultural robotics that are based
on machine learning algorithms. For example, the deep learning al-
gorithm YOLO (Redmon et al., 2016a) has shown great success for
detection and counting of crops such as tomatoes (Liu et al., 2020) and
apples (Tian et al., 2019a), and plant diseases detection (Loey et al.,
2020). However, machine learning algorithms rely on large variable
datasets to advance the modeling and operative capabilities (Bac et al.,
2014; Kamilaris and Prenafeta-Boldú, 2018; Kamilaris et al., 2017). As
a result, for the rapid development of vision and perception systems
for site-specific operating agricultural robots, the ongoing creation of
relevant datasets is required.

Collection and annotation of large datasets have been at the base
of the success of many other industries. Great advancements in au-
tonomous urban driving have to do with the availability of public
datasets such as KITTI (Geiger et al., 2013), CityScapes (Cordts et al.,
2015) and Berkley’s deep drive (Yu et al., 2020). Similarly, the rapid
development of deep learning techniques for detection, recognition,
and classification (LeCun et al., 2015) was driven by access to large
labeled datasets such as ImageNet (Deng et al., 2009) and COCO (Lin
et al., 2014).

Large annotated datasets are also increasingly collected in the agri-
cultural application domain (Chi et al., 2016). Agriculture ecosystems
are analyzed and understood through monitoring and measuring con-
tinuously various aspects of the physical environment. Such aspects
include weather and environmental data such as ambient and soil
temperature and humidity, light, wind, amount of perception, soil
acidity, and many more (Kamilaris et al., 2017).

In-field imaging datasets for phenotyping, plant monitoring and site-
specific operations are scarce (Kamilaris and Prenafeta-Boldú, 2018; Lu
and Young, 2020) and focused almost entirely on RGB data. In fact,
despite many robotic application relying heavily on RGB-D data (Zahid
et al., 2021), open access RGB-D datasets are almost non existent
for in-field conditions. Until recently, this could have been partially
attributed to the lack of commercial grade RGB-D sensors operating
reliably in outdoor conditions (Vit and Shani, 2018). However, with
recent developments in stereo-IR and LiDAR, RGB-D and range sensors
are more widely available for data collection (Fu et al., 2020).

Some aspects of operation of in-field agricultural robotics can be
reliant on datasets collected in non-agricultural conditions. For ex-
ample, mobile autonomous navigation using algorithms and datasets
from other applications domains, such as KITTI and CityScapes, has
been shown to be successful in agricultural settings (Mousazadeh,
2013). Similarly, agricultural tasks such as fruit detection use transfer
learning (Hameed et al., 2018). The detection system can be based on

http://www.sweeper-robot.eu/
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existing deep learning algorithms such as Faster R-CNN (Ren et al.,
2015) and Mask R-CNN (He et al., 2017a) using pre-trained mod-
els learned from large, generic image datasets. The models are then
fine-tuned using the agriculture-specific data. However, even when
transfer learning is applied, task-specific datasets are still required for
fine-tuning the algorithms.

3. Datasets

3.1. Criteria for inclusion

To survey the relevant publicly available agriculture datasets that
include both visual and depth data, research databases including Google
Scholar, Web of Science, and IEEE Xplore were searched with combi-
nations of the following keywords: ‘‘point cloud’’, ‘‘datasets’’, ‘‘RGB-D’’,
‘‘agriculture’’. Database repositories Quantitative-plant (Lobet et al.,
2013) and Zenodo (European Organization For Nuclear Research and
OpenAIRE, 2013) were searched. Quantitative-plant was comprehen-
sively surveyed while searching on Zenodo was performed with a
combination of the following keywords: ‘‘plant name (e.g. broccoli,
orange)’’, ‘‘3-D’’, ‘‘RGB-D’’. Other review papers were checked for Lu
and Young (2020), Patrício and Rieder (2018), Kamilaris and Prenafeta-
Boldú (2018). However, it is noted that publication of datasets is not
always systematic: some publications are dedicated to the dataset and
contain that in the title (Schunck et al., 2021; Bender et al., 2020;
Chebrolu et al., 2017; Akbar et al., 2016; Kitzler et al., 2023), but
many papers do not (Kusumam et al., 2016, 2017; Khanna et al., 2019;
Halstead et al., 2020; Arad et al., 2019; Kurtser et al., 2020a,b) and
the publication of the data was often incidental to the algorithm or
systems development aspect of the paper. Therefore, many of these
datasets were only found by close reading of the papers to confirm if
a publicly available dataset was included. The authors would therefore
encourage researchers to consider publishing a specific dataset paper
if they release their data, even in a specific data journal (such as
Data in Brief) as was done by Gené-Mola et al. (2019a, 2020b,d,
2021b). The interested reader might find additional useful guidelines
on dataset release published by Lu and Young (2020) relevant for
heavy visual information files like images and point clouds, including
suggested repositories. There are also recent initiatives such as the Eden
Library (Mylonas et al., 2022) which aim to provide a platform for open
access crop and plant databases covering proximal and aerial images.
A similar platform that allowed for the inclusion RGB-D and depth data
would be greatly beneficial.

Most datasets were collected in outdoor field conditions, but there
are also three datasets from greenhouses (Khanna et al., 2019; Hal-
stead et al., 2020; Arad et al., 2020) and one indoor phenotypic
dataset (Schunck et al., 2021), where plants grown in pots were care-
fully scanned to generate dense high-quality point clouds with the aim
of complete coverage, plant stillness, and lack of occlusion. However,
the datasets were restricted to those that included growing plants.
Therefore, datasets that exclusively contained scanned fruit after har-
vesting, such as Durand-Petiteville et al. (2018), were excluded.

Because of the sparsity of available datasets in the agricultural
domain, this paper not only includes RGB-D datasets but LiDAR datasets
where intensity values are also included. This paper also includes two
datasets that do not include point cloud data (Bender et al., 2020;
Milella et al., 2019), but that do include stereo imagery that could
potentially be used to generate depth information.

It is to be noted that visible light (RGB and some LiDARs), NIR and
IR (in some stereo RGBD and LiDARs) sensing are not the only visual
sensing modalities frequently used in agricultural applications. Other
sensors such as X-ray tomography (Dutagaci et al., 2020), hyperspectral
cameras (Bender et al., 2020; Khanna et al., 2019), and magnetic
resonance imaging (MRI) (Pflugfelder et al., 2017) are also sometimes
3

used for plant analysis and phenotyping. However, since this paper
focuses on visual sensor modalities that are commonly used for robotic
operations, we include only papers that produce 3-D data.

Additionally, this paper focuses on site-specific acquisitions — mea-
surements made from ground level, enabling a proximal viewpoint and
a direct manipulation of the crop by the robot. As a result, papers
describing data acquisitions from remote platforms (Vélez et al., 2022)
such as UAVs at high flight distance, were not included. Nevertheless,
papers describing data collections for site specific plant monitoring
applications without direct plant manipulations were included.

Finally, this paper reviews exclusively dataset papers that provide
sensory data along ground truth information. Papers that did not
contain either manually acquired image labels or phenotypic metadata
collected in the field were excluded from the review (Barbole and
Jadhav, 2023).

3.2. Summary of datasets

A total of 24 papers describing 16 public datasets were identified
according to the criteria described in Section 3.1. All the papers re-
viewed are summarized in Tables 1–2. The available datasets represent
a range of agricultural plants, including maize (Schunck et al., 2021),
tomato (Schunck et al., 2021), broccoli (Kusumam et al., 2016, 2017;
Blok et al., 2021a,b; Bender et al., 2020), apples (both growing (Gené-
Mola et al., 2019a,b, 2020a,b,c,d) and dormant (Akbar et al., 2016)
trees), grapes (Milella et al., 2019; Marani et al., 2021; Kurtser et al.,
2020a,b), cauliflower (Bender et al., 2020), sugar beets (Chebrolu et al.,
2017; Khanna et al., 2019; Kitzler et al., 2023), sweet peppers (Halstead
et al., 2020; Arad et al., 2019). However, these plants represent only
a small fraction of the plants cultivated in global agriculture and
horticulture (see, for example, Hameed et al., 2018).

Furthermore, it is evident that RGB-D datasets for agriculture are
a relatively recent phenomenon. All the datasets found during the
literature search were from 2016 or later (see Fig. 2). However, publicly
available datasets for agriculture based on other visual modalities may
also be similarly recent: a survey of 34 computer vision datasets for
agriculture (Lu and Young, 2020) also only contained datasets from
2015. A reader interested in a survey of visual datasets in agriculture,
is kindly referred to Lu and Young (2020).

3.3. Hardware and technology

A common denominator of the reviewed papers hardware is the
significant preference to employ commercial grade sensors. Microsoft
Kinect V2 (Microsoft, Redmond, Washington, United States) which re-
lies on time-of-flight technology (ToF) has been employed in Kusumam
et al. (2016, 2017), Gené-Mola et al. (2019a,b), Chebrolu et al. (2017),
Akbar et al. (2016) to collect fully registered RGB and range (D) data,
while another less common ToF-based RGB-D camera (produced by
Fotonic) was employed by Arad et al. (2019). Similarly, registered RGB-
D images were collected by a number of different stereo-IR sensors
produced by Intel (Intel, Santa Clara, California, United States) in their
RealSense series by Milella et al. (2019), Marani et al. (2021), Halstead
et al. (2020), Khanna et al. (2019), Kurtser et al. (2020a,b), Blok et al.
(2021a,b). Stereo vision was collected by Bender et al. (2020), Blok
et al. (2021b,b) in the form of overlapping RGB or monochrome images
that can be transferred into registered color point clouds. Overlapping
RGB images where also used by Gené-Mola et al. (2020c,d) for 3-D
point cloud reconstruction using structure from motion.

Exceptions to this rule are Gené-Mola et al. (2020a,b), Chebrolu
et al. (2017) employing a 3-D Velodyne LiDAR (Velodyne LiDAR,
San Jose, California, United States) for their point cloud collections.
While Gené-Mola et al. (2020a,b) employed the LiDAR to extract
reflectance-based features for site specification operations, Chebrolu
et al. (2017) employed the LiDAR for mainly autonomous mobile robot
navigation purposes and equipped their platform with a Kinect V2
as well. Finally Schunck et al. (2021) employed a laser triangulation

scanner for collection of detailed point clouds.
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Fig. 2. Publication years of the dataset papers in this survey.
3.3.1. Effect of chosen hardware on dataset measures
Sensors relying on similar technology generally generate compara-

tive datasets in terms of specifications, and therefore are more useful
for training and fine tuning of models reliant on the collected datasets.
Depth measurements collected with very different technology can be
assumed to generate point clouds very different in nature and therefore
may limit the transferability of the results.

As mentioned above, the data collection most commonly relied on
commercial grade senors, such as Microsoft Kinect and Intel RealSense
sensors. The different technologies to produce point clouds that were
used in the reviewed papers can be divided into three types: Time-
of-Flight (ToF) cameras, LiDAR, and Stereo RGB/IR cameras. These
technologies are often fused with an additional (in the case of ToF and
LiDAR) or already integrated (in the case of stereo) RGB camera for the
production of colored point clouds.

Time-of-flight (ToF) cameras. Time-of-flight (ToF) sensors esti-
mate the distance based on the time difference between an emitted
light signal and its return time to the sensor. Typically ToF cameras
would project a light or IR pattern on the captured scene and measure
the time it takes for the reflected pattern to be measured by the sensor.
In the case the projected signal is periodic, the phase shift between the
transmitted and the received signal can be used as an indicator of the
round-trip time (Giancola et al., 2018). As a result, the technology is
highly hindered by light obstructions, which makes its use in outdoor
agriculture environments challenging. The use of IR or Near Infra-
Red (NIR) light signals helps mitigating the affect of natural light
interference to some extent, but coping with ambient light remains a
source of large errors in depth estimation in natural outdoor scenes.

ToF cameras were used to create datasets in a few of the reviewed
papers. In these cases the limitations of the ToF camera were miti-
gated by collecting data only during night conditions Gené-Mola et al.
(2019a,b) or with the use of specially constructed enclosures to block
the incoming ambient light Kusumam et al. (2016, 2017). To collect
complementary color information artificial lighting was used.

LiDAR. LiDAR sensors operate in a similar way to the ToF sensors,
where distance to objects is calculated based on the time between an
emitted and received signal. LiDAR sensors often use emitted light at a
higher frequency then the ToF cameras. Commercial grade LiDAR have
shown to be significantly more robust to light abstractions compared
to the cheaper and weaker ToF cameras (He et al., 2017b).

However, non solid-state LiDARs, used by the authors of the datasets
collected in this paper, rely on a set of laser emitters, rotating in one
4

or several 2-D planes, and therefore their resolution is limited by the
number of rotating lasers in 3-D. For example, the Puck VLP-16 LiDAR
sensor – one of the most expensive sensors used for dataset collection
in the reviewed papers – exhibits impressive abilities of measurements
range of up to 100 m, using 16 channels. At that distance it provides
accuracy of ± 3 cm.

Due to its long range and highly accurate distance data, the LiDAR
is able to perform mapping and localization required for autonomous
navigation, and is a common and popular choice for robot localization
systems. However, the employed non solid state LiDAR performance
is less suitable for robotic operations that require short-range, high-
resolution performance, such as any tasks that requires manipulation
of the plant. For example, the typical distance between growing rows
in orchard, vineyard and greenhouse conditions is 1.5 m-2 m, and the
industrial robotic manipulator has a reachability range of around 1 m.
Thus if a LiDAR such as the VLP-16 is mounted on a mobile platform
or on the robotic manipulator navigating between the growing rows,
as often being done as part of the acquisition protocols, a reasonable
acquisition distance is around 1 m-2 m.

At that distance range (1 m-2 m) the Puck VLP-16 LiDAR exhibits a
significant limitation given the 2◦ vertical resolution and the 30◦ field
of view resulting with a maximum of 3.5 cm vertical resolution for
objects placed at 1 m straight in-front of the camera (Fig. 3). In other
words vertical localization accuracy is subject to a several centimeters
error from the sensor data itself, an unacceptable value for most robotic
manipulation tasks. The vertical field of view is also rather limited for
an optimized operation as it only covers about 0.5 m window at a 1 m
distance, although this might be sufficient for some manipulation tasks
as it is in line with the reachability area of typical industrial robotic
manipulator.

The resolution limitations of the LiDAR will potentially be mitigated
with the solid state 3-D LiDAR technology which recently drawn inter-
ests of the academic research community (Li et al., 2022b). Some of
these LiDARs rely on a use of a photodetector (PD) array, to capture
the entire target scene within a single shot, thus eliminating the need
to mechanically rotate laser emitters. With incorporation of microelec-
tromechanical mirrors the depth resolution and accuracy at close range
sensing are expected to be sufficient for close range detection robotic
operations. For example the Livox Mid-360 (Livox Technology Com-
pany Limited, Shenzhen, Guangdong, China) specifications1 declare a

1 https://www.livoxtech.com/mid-360/specs

https://www.livoxtech.com/mid-360/specs
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Table 1
Summary of reviewed papers-Part I.

Dataset Crop RGB-D
technology

Hardware Dataset
size

Acquisition
protocol

Ground truth/
Manual labels

Pheno4Da

(Schunck et al., 2021)
Maize
Tomato

Laser triangulation
scanner

Perceptron Scan
Works V5

DB#1 — 84 pcls
DB#2 — 140 pcls

DB#1 — 12 days, 7
plants
DB#2 — 20 days, 7
plants

DB#1 — 49 labeled
pcls
DB#2 — 77 labeledpcls

Brocolli3Db

(Kusumam et al.,
2016, 2017)

Broccoli Time-of-flight
(ToF)

Kinect V2 4 datasets:
#1: 4227 pcls
#2: 9239 pcls
#3: 14336 pcls
#4: 14420 pcls

Scans in different
countries and different
weather conditions

labeled point clouds
and manual size
measurements

KFuji RGB-DSc

(Gené-Mola et al.,
2019a,b)

Fuji Apples Time-of-flight Kinect V2 967 images Single collection 12839 manual
apple annotations

LFuji-aird

(Gené-Mola et al.,
2020a,b)

Fuji Apples LiDAR Puck VLP-16
Velodyne

88 pcls 11 Fuji apple trees
8 scans per tree
multiple viewpoints

1353 manually
annotated apples

S3CavVineyardDatasete

(Milella et al., 2019;
Marani et al., 2021)

Grapes Stereo IR RealSense R200 500 RGB images
(D missing)

2 days of filming at 5
fps
camera on a mobile
platform
single viewpoint

85 manual annotations

Ladybird Cobbitty
Brassicaf

(Bender et al., 2020)

Cauliflower
Broccoli

Stereo RGB Grasshopper 3-4 images\plant Weekly scans for 10
week
Four growing beds,
144 per bed

Height, width,
fresh and dry weight

Eschikon plant stress
phenotypingg

(Khanna et al., 2019)

Sugarbeet Stereo IR -RealSense ZR300 496 stereo IR
pairs

biweekly (for 2 month) Reference plant
trait measurements

Sweet Pepper
Detectionh

(Halstead et al., 2020)

Sweet-pepper Stereo IR – RealSense 200
– RealSense 435i

DB#1 — 1583
images
DB#2 — 687
images
DB#3 — 286
images

Different light
conditions
(sunlight, polytunnel,
glasshouse)

DB#1 — 5774
annotations
DB#2 — 3741
annotations
DB#3 — 3724
annotations

SWEEPERi

(Arad et al., 2019)
Sweet-pepper Time-of-flight Fotonic F80 156 scenes,

468 images
2 illumination
conditions

344 annotated peppers

ahttps://www.ipb.uni-bonn.de/data/4d-plant-registration/.
bhttps://lcas.lincoln.ac.uk/nextcloud/shared/agritech-datasets/broccoli/broccoli_datasets.html.
chttps://www.grap.udl.cat/en/publications/kfuji-rgb-ds-database/.
dhttps://www.grap.udl.cat/en/publications/lfuji-air-dataset/.
ehttps://github.com/ispstiima/S3CavVineyardDataset.
fhttps://ses.library.usyd.edu.au/handle/2123/20187.
ghttps://projects.asl.ethz.ch/datasets/doku.php?id=2018plantstressphenotyping.
hhttps://data.researchdatafinder.qut.edu.au/dataset/qut-hia-daf-capsicum-datasets.
ihttp://icvl.cs.bgu.ac.il/lab_projects/agrovision/DB/Sweeper04/#/scene.
0.15◦ angular resolution. None of the reviewed papers used such a
sensor in their data collections and the sensor has yet to be widely
tested in outdoor agricultural conditions. However, the continuous and
ongoing improvement in sensor technologies will play an important
role in future developments of perception-based agricultural systems.

Stereo cameras (RGB or IR based). Acquisition of depth infor-
mation from stereo relies on registration of images from a number
of viewpoints, from one viewpoint coordinate system to the other.
This can be done either through acquisition from multiple mono lens
cameras or from stereo cameras (RGB or IR based) that are equipped
with 2 or more lenses with a separate image sensor, for each lens.
The quality of the point cloud will rely highly on both the quality of
the images as in their ability to provide detailed scene information,
as well as the quality of the calibration procedure placing the relative
localization of one viewpoint to another. Most of the stereo-IR cameras
reviewed in this paper are multi-lens systems enclosed in a rigid factory
made casing (i.e. the RealSense cameras) and therefore the authors
opted to rely on the factory calibration procedures. Nevertheless, some
authors opted to acquire stereo information from a number of mono
lens cameras (Bender et al., 2020; Kitzler et al., 2023) or perform their
own calibration (Milella et al., 2019) of a multi-lens camera.
5

Rather than simply using stereo RGB, a popular choice is to use
stereo-IR imaging for stereo registration, due to the better outdoor
performance of stereo-IR imaging over stereo-RGB. The most common
stereo IR technology used to create the surveyed datasets was Intel’s
RealSense cameras.

The specified resolution of the Intel RealSense is up to 60◦ field
of view at 1280 × 720 pixels maximum resolution. This implies that
under close-range imaging conditions of 1 m distance (as required for
manipulation tasks) the imaging windows would account for 1.15 m
vertical windows of acquisition and 0.15 cm vertical resolution. This
is a much higher resolution result than from the mentioned above
and widely used LiDAR, which could only achieve 3.5 cm of vertical
resolution. In other words, RGB-D data acquired by stereo IR sensors
are expected to be significantly denser compared to LiDAR.

Furthermore, neither the LiDAR or the ToF cameras exhibit an
intrinsic ability to provide colored point clouds (that is, point clouds
with associated RGB data). An RGB camera must be coupled with
the range sensor and registered further to provide color data, which
is an additional source of potential error, while stereo cameras can
provide colored point clouds without requiring additional sensors and
calibration.

https://www.ipb.uni-bonn.de/data/4d-plant-registration/
https://lcas.lincoln.ac.uk/nextcloud/shared/agritech-datasets/broccoli/broccoli_datasets.html
https://www.grap.udl.cat/en/publications/kfuji-rgb-ds-database/
https://www.grap.udl.cat/en/publications/lfuji-air-dataset/
https://github.com/ispstiima/S3CavVineyardDataset
https://ses.library.usyd.edu.au/handle/2123/20187
https://projects.asl.ethz.ch/datasets/doku.php?id=2018plantstressphenotyping
https://data.researchdatafinder.qut.edu.au/dataset/qut-hia-daf-capsicum-datasets
http://icvl.cs.bgu.ac.il/lab_projects/agrovision/DB/Sweeper04/#/scene
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Table 2
Summary of reviewed papers — Part II.

Dataset Crop RGB-D
technology

Hardware Dataset
size

Acquisition
protocol

Ground truth/
Manual labels

Grapes3Da

(Kurtser et al.,
2020a,b)

Grapes Stereo IR RealSense D435 DB#1 — c.a.1000
pcl
(6 videos)
DB#2 — c.a.7000
pcls
(4 videos)

2-3 viewpoint
condition,
DB#1 — single row,
DB#2 — 2 rows

DB#1 −17 clusters, 10
plants,
DB#2 — 8-19 clusters,
5 plants
no annotations
provided

Sugarbeets2016b

(Chebrolu et al.,
2017)

Sugarbeet -Time-of-flight
-LiDAR

-Kintect V2
-Puck VLP-16
Velodyne

5 TB of recordings
rosbag format

30 days of recording
3 days a week

300 labeled images
(non RGB-D)

Apple Treesc

(Akbar et al., 2016)
Apple Trees Time-of-flight Kintect V2 c.a. 3200 pcls Indoor and outdoor 9 trees

Broccoli headsd

(Blok et al.,
2021a,b)

Broccoli - Stereo Mono
– Stereo IR

– IDS Ensenso N35
– RealSense D435

DB#1 — 947 pcls
DB#2 — 1613
pcls

DB#1 — Enclosed box
DB#2 — natural light
with umbrella

DB#1 — size (122
heads)
DB#2 — size (250
heads)

Fuji-sfme

(Gené-Mola et al.,
2020c,d)

Fuji Apple Structure from
motion

EOS 60D DSLR
Cannon RGB
camera

582 raw images
single
reconstruction

Free hand acquisition
5-6 img/position
two row sides

1455 3-D apple
box annotations

PFuji-sizef

(Gené-Mola et al.,
2021a,b)

Fuji Apple -Structure from
motion
-Multiview Stereo

EOS 60D DSLR
Cannon RGB
camera

-DB#1:856 raw
images
single
reconstruction
-DB#2 — 4500
images
25 apple point
clouds

-DB#1: Free hand
acquisition
5-6 img/position
-DB#2:multivew turn
table

-DB#1: 615 3-D apple
segmented point clouds
and size annotations
-DB#2: 25 size
annotations

WE3DSg

(Kitzler et al., 2023)
Field seedlings
17 species

Stereo Mono XIMEA
MC023CG-SY

6224 image pairs Top view
continues (1 fps)
different fields
25 measurement dates

2568 annotated label
maps of 17 plant
species classes

ahttps://sites.google.com/view/grapes3d.
bhttp://www.ipb.uni-bonn.de/data/sugarbeets2016/.
chttps://engineering.purdue.edu/RVL/CVPRW_Dataset/.
dhttps://research.wur.nl/en/datasets/data-underlying-the-publication-image-based-size-estimation-of-br.
ehttps://zenodo.org/record/3712808#.XnD82iNCe01.
fhttps://doi.org/10.34810/data141.
ghttps://zenodo.org/record/7457983#ZFpl3NJBxhE.
Fig. 3. Vertical resolution and field of view of a Puck VLP-16 LiDAR in realistic
acquisition scenario. Any objects smaller then 3.5 cm in vertical dimension will be
missed or subject to quantization error at acquisition distance of 1 m.

Overall, commercial grade stereo IR cameras (specifically Intel Re-
alSense D435), and commercial grade ToF cameras, currently appear to
be very popular sensors employed in agricultural robotics applications.
This is not necessarily the most suitable sensor for all applications (Ne-
upane et al., 2021), but as we show in this review, a very wide spread.
A stereo IR camera provides high-resolution, high field-of-view images,
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with factory calibrated colored point clouds, and exhibits often good
performance in outdoor environments in the tested lighting conditions.
But in some cases, as presented by Neupane et al. (2021), commercial
grade ToF cameras such as the Microsoft Azure Kinect, exhibit more
accuracy in depth measurements. This specific sensor was not used
by any of the dataset papers reviewed. It is important to note though
that stereo sensors usually require less power than ToF, which allows
smaller and lighter devices, very suitable for integration in robotic
arms. A disadvantage of stereo IR sensing compared to LiDAR is that
LiDAR based point clouds are not so dependent on the individual
calibration of the specifically used sensor, and therefore LiDAR point
clouds will exhibit less variation in range measurement accuracy. But,
for the acquisition of colored point cloud registration between a Li-
DAR point cloud and a color image is needed, exhibiting the same
registration issues mentioned above.

3.3.2. Acquisition protocol
In order for an acquired dataset to be usable in the agricultural

robotics setting, it most often needs to be acquired in similar conditions
in which the robot is to operate. Representative scenarios include
both environmental factors (i.e., datasets acquired in field conditions
during different times of day and season) as well as acquisition pro-
tocol (Kurtser et al., 2016). For example, manually acquired imaging
data focusing on in-field phenotyping procedures will place the target
fruit in the center of the image. This scenario can be reasonable when
in-field semi-manual phenotyping procedures are planned, but cannot
be assumed in conditions of continuous acquisition along crop rows for

https://sites.google.com/view/grapes3d
http://www.ipb.uni-bonn.de/data/sugarbeets2016/
https://engineering.purdue.edu/RVL/CVPRW_Dataset/
https://research.wur.nl/en/datasets/data-underlying-the-publication-image-based-size-estimation-of-br
https://zenodo.org/record/3712808#.XnD82iNCe01
https://doi.org/10.34810/data141
https://zenodo.org/record/7457983#ZFpl3NJBxhE
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the detection of crops. In continuous robotic acquisitions, the target
can be assumed in a wider variety of locations, illumination conditions
and presence of occlusion. Therefore the most realistic scenario in
acquisition of in-field dataset is equipping a robot with RGB-D sensors
to perform continues acquisition.

In the reviewed papers, many of the in-field datasets were in-
deed acquired using a sensor suite mounted on either an autonomous
robot (Bender et al., 2020) or a manually driven tractor or mobile
platform (Kusumam et al., 2016, 2017; Gené-Mola et al., 2020a,b;
Milella et al., 2019; Marani et al., 2021; Chebrolu et al., 2017; Blok
et al., 2021a,b; Gené-Mola et al., 2019a,b; Kurtser et al., 2020a,b;
Kitzler et al., 2023). Some of the datasets also manually selected a
subset of the images, post-capture (Milella et al., 2019; Marani et al.,
2021).

The other datasets used manual positioning of cameras: either for
the full dataset (Gené-Mola et al., 2020c,d, 2021b,a; Akbar et al., 2016),
or for part of the dataset (Blok et al., 2021a,b). For the sweet pepper
datasets, acquisition was manual in one case (Halstead et al., 2020),
and in another the process included a combination of manual placing
of the robot with automatic viewpoint selection (Arad et al., 2019). A
special case was the phenotypic dataset (Schunck et al., 2021) which
used a precise measuring arm to obtain the position and orientation of
the scanner relative to the plants, and took several minutes to scan each
plant.

In addition to the physical positioning of the sensor suite, the vari-
ability of environmental conditions within the dataset is of importance
to both test the developed algorithm on the acquired data as well
as to produce more general and robust learning algorithms trained
on the data. Details on the environmental conditions in which the
surveyed datasets were acquired can be found in Tables 1–2 and in the
appendixes.

4. Dataset applications

There are many applications that RGB-D data can be used for in
agricultural operations, including harvesting fruits and vegetables (Bac
et al., 2014), weeding (Harders et al., 2021) and pruning (Zahid et al.,
2021). However, in each of these cases, the first goal of the RGB-D data
is perception. For example, before weeding can occur, the weed must
be both detected and reliably identified as a weed rather than a crop.
These perception tasks are the focus of the applications evaluated on
the RGB-D datasets in this review paper.

In many cases, RGB-D data are used for the same applications that
RGB data can be used for, such as detection and identifying elements in
the image or point clouds. However, since RGB data does not contain
an absolute scale, it cannot naturally be used for measuring sizes,
distances, or volumes. In contrast, RGB-D data provide the opportunity
to extract geometric information, which allows estimation of fruit
diameter or volume, leaf area, and other relevant agricultural data.

Since publicly available datasets enable training and testing of al-
gorithms for agricultural operations, an important aspect of the dataset
is the ground truth. For example, if a system is designed to measure
fruit diameters using RGB-D data, it is important to have reliable width
measurements for each fruit so that the results from the algorithm can
be evaluated. Therefore, this section also discusses the important role
of ground truth data (Section 4.4).

This section summarizes the background of visual detection and
recognition in the agricultural domain using 2-D data (Section 4.1).
It then presents the current state-of-the-art for visual detection and
recognition in the agricultural domain using 3-D data (Section 4.2).
Section 4.3 presents efficiency considerations, while Section 4.4 dis-
cusses the role of the ground truth data in a RGB-D agricultural dataset.
Section 4.5 presents the use of 3-D data for geometric and morpholog-
ical characterizations, and finally Section 4.6 discusses the use of the
datasets for other inference and learning tasks, beyond detection and
geometric characterizations.
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Fig. 4. Example of an annotated point cloud. Point cloud source: Kurtser et al. (2020b).
Left: Example of a bounding box label. Right: Close up on a grape cluster(top) and
example of a segmentation mask (bottom). Note: the low resolution of the closeup
images is due to the sparsity of the point cloud.

4.1. Visual detection and recognition in agricultural datasets

Object detection is an essential technique in agriculture, and is used
for many essential applications including fruit and weed detection. It
is the most common use of RGB data: according to a recent survey
of public datasets for computer vision in agriculture (Lu and Young,
2020), all but one of the 34 datasets identified were used to perform
detection tasks.2 In Lu and Young (2020), two key applications of
detection were identified: weed control (with 15 datasets) and fruit
detection (with 10 datasets). The other 9 datasets had a variety of
other detection tasks including flower detection, disease detection, and
detection of harvest-induced damage.

For the 16 datasets included in this survey, all but one explicitly
identified recognition and detection tasks as a key application of the
dataset.3 Visual recognition – the ability of an algorithm to recognize
objects in an image – is one of the computer vision tasks that has devel-
oped and advanced most rapidly in the last decade. This development
is due in part to the availability of large labeled datasets, which (in
parallel with increases in computational power) spurred radical ad-
vances in deep learning techniques which increased the performance of
recognition systems. Performance on the ImageNet image classification
benchmark task is a clear example. From 2012 to 2014, image clas-
sification errors reduced by 2.4× (from 16.4% to 6.7%) (Russakovsky
et al., 2015), and since then the classification errors have decreased yet
further to better-than-human levels of accuracy.

Object detection is a refinement of image classification. In image
classification, the classification system provides an output that identi-
fies what object appears in an image. Object detection systems can not
only identify that an object appears in an image, but locates where it
appears, using a bounding box (see Fig. 4). While image classification
is evaluated using a binary measure (that is, either the system correctly

2 The Lu and Young (2020) computer vision dataset survey and this RGB-D
dataset survey contain some overlaps. Seven of the datasets included in Lu and
Young (2020) also contained 3-D data and thus are included in the survey. The
overlapping datasets are: Sugarbeets (Chebrolu et al., 2017), Ladybird (Bender
et al., 2020), KFuji (Gené-Mola et al., 2019a,b), Fuji-SfM (Gené-Mola et al.,
2020c,d), LFuji-air (Gené-Mola et al., 2020a,b), Apple Trees (Akbar et al.,
2016), and 3-D Broccoli Kusumam (Kusumam et al., 2016, 2017). The non-
detection dataset was the same as in this survey, specifically the Apple Trees
dataset (Akbar et al., 2016).

3 The exception was the Apple Trees dataset (Akbar et al., 2016) which
focused on 3-D reconstruction.
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labels the object within the image, or it does not), object detection
also evaluates how accurately the bounding box matches the object.
Object detection has shown similarly dramatic performance increases
over recent years as image classification, with results on the benchmark
COCO object detection dataset (Lin et al., 2014) becoming three times
better between 2015 and 2018 (Szeliski, 2022).

In the past decade, the state-of-the-art in object detection has been
based upon deep learning techniques (Zhao et al., 2019b; Jiao et al.,
2019) and in particular Convolutional Neural Networks (CNNs) (LeCun
et al., 2015). An early successful deep-learning object detection system
was R-CNN (Girshick et al., 2014), with updated versions Fast R-
CNN (Girshick, 2015) and Faster R-CNN (Ren et al., 2015) quickly
following.

R-CNN and its variants are known as two-stage detectors. Two-
stage object detection algorithms first determine regions in the image
that might contain objects, and then take these object region proposals
and classify the type of object in the region, based on the features
extracted from the region. More recently, single-stage detectors have
been proposed, which perform bounding box extraction and object
classification in a single step. These more efficient single-stage detectors
include the well-known framework YOLO (Redmon et al., 2016b) and
its variants (Redmon and Farhadi, 2017, 2018), and SSD (Liu et al.,
2016).

Semantic segmentation (Luo et al., 2023) is conceptually similar to
object detection, but in semantic segmentation, the image is labeled
at a pixel level instead of using bounding boxes. That is, every pixel
in the image is assigned to a class (see Fig. 4 to compare bounding
box and segmentation mask labels). As a result, it is more common
that semantically segmented images contain multiple class labels. For
example, soil, leaf, fruit, and stem might all be labeled separately in a
semantically segmented image.

Semantic segmentation can be performed using very similar tech-
niques to object detection. In fact, one of the most commonly used
semantic segmentation systems, Mask R-CNN (He et al., 2017a), is
simply an extension of the object detection framework Faster R-CNN,
with an extra branch that predicts a pixel-level object segmentation
mask, as well as the standard bounding box provided by an object
detection network.

Historically, visual recognition and object detection has been per-
formed using 2-D images (Szeliski, 2022). Even as RGB-D data becomes
more accessible through the availability of more accurate and afford-
able sensors, there is still reliance in the agricultural domain on existing
and widely available object detection algorithms based on 2-D data.
Many of the surveyed papers that performed detection and segmen-
tation used standard algorithms designed for 2-D data. For example,
sweet pepper detection (Halstead et al., 2020) was demonstrated using
both Faster R-CNN (using bounding boxes as ground truth) and Mask
R-CNN (using pixel segmentation masks as ground truth). The Fuji-SfM
dataset (Gené-Mola et al., 2020c,d), also demonstrated Mask R-CNN
to perform instance segmentation of apples. On the S3CavVineyard
dataset (Milella et al., 2019; Marani et al., 2021), the authors used
image classification networks on image patches, rather than using an
end-to-end object detection system, and compared a variety of networks
including AlexNet (Krizhevsky et al., 2012), GoogLeNet (Szegedy et al.,
2015), and two architectures based on VGG (Simonyan and Zisserman,
2015). In Blok et al. (2021b), broccoli head detection was demon-
strated using ORCNN (Follmann et al., 2019), a semantic segmentation
framework specifically designed for handling occlusion in an image.

However, the 3-D data can be integrated into traditionally 2-D
detection algorithms. In Gené-Mola et al. (2019b) the Faster R-CNN
input layer was extended from 3 color channels to 5 channels, adding
range-corrected infra-red (IR) data and the re-projected depth data from
the Kinect v2 sensor employed. Furthermore, the paper demonstrated
that the 5-channel data out-performed the 3-channel RGB data in the
evaluated detection task. Moreover, there are other methods to employ
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the 3-D data for detection and recognition, including an increasing
number of object detection and segmentation algorithms that take point
clouds as input rather than 2-D images, and are specifically designed
for RGB-D data. The next section discusses the role of 3-D data in visual
detection and recognition algorithms in more detail, and in particular
its application in the agricultural domain.

4.2. Visual detection and recognition techniques for RGB-D data

Depth information can be used to improve 2-D detection and seg-
mentation by manual pre-filtering of the point cloud based on domain
knowledge to assist the segmentation from the 2-D space. For example,
the point cloud can be pre-filtered to include only points a certain
distance from the camera. Pre-filtering the data by distance information
helps detection systems by generating a region of interest to perform
detection and segmentation within it. These kinds of tailor-made pre-
filtering procedures are effective, but also limit the ability of the
algorithm to generalize, as they require fine tuning between datasets.

The development of algorithms that use the entire domain of visual
and range data to perform both detection and physical size extraction
via an end-to-end extraction of measures from acquired RGB-D data
is crucial for the advancement of perception algorithms in agricultural
robotics. One of the challenges in achieving these end-to-end detection
pipelines for 3-D data is that typical deep learning convolutional ar-
chitectures are designed to take simple and regular grid input formats,
such as 2-D images or 3-D voxel grids (Charles et al., 2017). In contrast,
point clouds are derived from range sensors and are therefore highly
sparse compared to other visual data formats.

Point clouds can be discretized to 3-D space to serve as input to
volumetric CNNs such as 3dshapenets (Wu et al., 2015). The discretized
point clouds can be then used as part of a detection and recognition
deep learning pipeline. However, volumetric representation of the 3-D
space can be computationally expensive and introduces discretization
artefacts. The effects of discretization artefacts can be seen in Figs. 5
and 6, which clearly demonstrate the impact of voxel size on the quality
of the 3-D representation.

Discretization error is also intensified by the challenges of imaging
in outdoor field conditions, compared to dense scanning performed
in controlled environments. The increase in discretization artefacts
outdoors can be seen by comparing Figs. 5 and 6. Fig. 5 shows example
point clouds from the PFuji-size dataset (Gené-Mola et al., 2021b).
These point clouds were generated using Structure-from-Motion al-
gorithm applied to RGB images acquired in field conditions. Fig. 6
presents an example of a point cloud from the Pheno4D dataset (Schunck
et al., 2021) acquired indoors using a laser triangulation scanner. The
images show that the scans collected in controlled indoor conditions are
less affected by artefacts and quantization error compared to outdoor
data collected using a less accurate 3-D sensing technology.

An increasingly popular approach is to address a point cloud as
a set of vectors, invariant to permutations of their members. Several
deep learning architectures, such as the pioneering PointNet (Qi et al.,
2017a) and its variants (such as PointNet++ (Qi et al., 2017b)), fol-
low this approach. These networks can typically be computationally
heavy, and demanding a lot of memory, compared to the state of
the art 2-D segmentation networks, but recent developments in deep
learning architectures capable of processing raw point cloud data,
such as LatticeNet (Rosu et al., 2022), promise significant increase in
performance.

Despite the growing literature of point cloud based methods, this
survey identified only two of the datasets that demonstrated detection
or segmentation via point cloud-based methods. Kurtser et al. (2020a)
employed PointNet (Qi et al., 2017a) to segment grape clusters from
raw point clouds, while Schunck et al. (2021) compared the perfor-
mance of three deep learning architectures (PointNet, PointNet++ and
LatticeNet). In these experiments, LatticeNet showed overall better se-
mantic segmentation performance, especially for segmentation classes

containing a smaller number of points.
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Fig. 5. Example of a point cloud generated using Structure-from-Motion (RGB cameras) in field conditions,including discretization errors generated as a result of translation from
point clouds to voxels. Images in left column — original point clouds as appearing in the dataset. Middle column — discretization into voxel size = 0.01 m. Right — discretization
into voxel size = 0.03 m. Second row of images provides a close up view from the top row for easier view. The images show significant structural artifacts generated by quantization
of erroneous points acquired. Increase in voxel size shows significant structural disruptions. Point cloud source: Gené-Mola et al. (2021b).
Fig. 6. Example of a point cloud acquired using a Perceptron Scan Works V5 in laboratory conditions, including discretization errors generated as a result of translation from
point clouds to voxels. The point clouds are colored according to an annotation mask provied in the dataset. Left — original point clouds. Middle — discretization into voxel size
= 0.01 m. Right — discretization into voxel size = 0.03 m. The images show less significant structural artifacts generated by quantization of both error points acquired compared
to point clouds generated from images collected in field conditions (see Fig. 5). Increase in voxel size shows significant structural disruptions. Point cloud source: Schunck et al.
(2021).
For PointNet or other point cloud based methods to be used within
agricultural applications, it is essential to have the appropriate training
data. In particular, this means that the ground truth classification needs
to label the points in the 3-D point clouds, rather than simply providing
bounding boxes or pixel labels in 2-D image space. As well as the two
datasets noted in this survey as evaluating point cloud-based meth-
ods (Kurtser et al., 2020a; Schunck et al., 2021), two other datasets also
provided labeled 3-D point clouds: one for broccoli heads (Kusumam
et al., 2017, 2016), and one for apples (Gené-Mola et al., 2020c,d).

4.3. Performance and efficiency of detection and recognition in agricultural
datasets

There has been a rapid increase in efficiency of visual detection
and recognition algorithms in recent years. In the 2-D image domain,
modern object detection algorithms are consistently decreasing in-
ference time while maintaining high quality detection results (Wang
et al., 2022). Similarly, the development of point cloud-based systems
such as PointNet (Qi et al., 2017a) represented a significant efficiency
increase over previous deep learning architectures for 3-D data clas-
sification (Qi et al., 2016; Su et al., 2015), due to PointNet’s linear
complexity in time and space. While 3-D detection and recognition
approaches are undoubtedly more computationally intensive than 2-D
frameworks (Wang et al., 2022; Rosu et al., 2022), there has also been
9

notable improvements in performance of the 3-D systems over recent
years (Rosu et al., 2022).

In domains such as autonomous driving, detection algorithms must,
for safety reasons, be both highly efficient and highly accurate (Szeliski,
2022). In contrast, object detection and recognition in agricultural
applications is focused on high quality detection and recognition per-
formance rather than highly efficient approaches. While cycle times
are of high importance when determining the commercial feasibility
of an agricultural robot, they are most often hindered by localization
accuracy, false positive defections, high uncertainty and mechanical
limitation of manipulation in dense environments rather than the pro-
cessing time and power required for image analysis (Bac et al., 2014;
Bechar and Vigneault, 2017). In the surveyed papers, the focus was
on achieving reliable detection rather than highly efficient detection.
The slower two-stage object detectors such as Faster R-CNN (Ren et al.,
2015) were used by some agricultural applications (Halstead et al.,
2020; Gené-Mola et al., 2020c,d), while the more efficient one-stage
object detectors such as YOLO (Redmon et al., 2016a) were used by
others (Tian et al., 2019b).

In the agricultural domain, where the amount of available training
data is still relatively limited, it is to be expected that currently, the
focus will be on acquiring larger datasets for training. Nevertheless,
some agricultural robotics applications, specifically those relying on
operations while in motion, are somewhat hindered already now by
the inefficiency of the detection algorithms. Examples of such robots
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include weeding robots performing mechanical weeding or precision
spraying while the robot traverses the field (Li et al., 2022a). The
authors expect more and more applications to overcome the challenges
of accurate detection in complex environments, and that over time, as
the research field matures and the performance of the underlying algo-
rithms becomes more reliable, the efficiency of the resulting algorithms
will become of greater interest.

4.4. Ground truth labeling for detection tasks in RGB-D agricultural datasets

The ground truth for detection algorithms is either a bounding box
or a segmentation mask which provides semantic labels for the image
at the pixel level (see Fig. 4). This ground truth information is typically
manually created and its creation can be highly labor-intensive.

Lack of or false annotations are major sources of error and a
limiting factor in producing large quantities of relevant data. Acquiring
accurate annotations is challenging for several reasons. First, some
annotations requires expert knowledge. For example, in the Pheno4D
dataset (Schunck et al., 2021) the authors claim the segmentation of
tomato leaves point clouds is a simple task due to clear separation
between the leaves and the stem, while for maize leaves the separation
is not as apparent. As a result, the authors had to employ the LeafColar

ethod for staging corn plants where a special point in the leaf is
dentified as the barrier between the leaf and the stem. Second, some
nnotations are simply harder and more prone to human errors. For
xample, annotation of weed in mature fields such as done in 2-D
mages in Sørensen et al. (2017) is a highly complex task due to the high
verlap between the weed and the plants, and the low color contrast
etween them. Finally, annotations of other color spectra (i.e. hyper-
pectral images), pose a complex task for the human annotator. Bender
t al. (2020) coped with this challenge by generating 2-D reconstruction
mages from the acquired 3-D hypercubes to create images of good
ontrast used for annotation.

As a result, the fact that the authors of the cited papers provided la-
els to the released data is highly valuable. Manually labeled bounding
oxes for crop detection evaluation are provided for apples (Gené-Mola
t al., 2019a,b, 2020a,b), sweet peppers (Halstead et al., 2020; Arad
t al., 2019), and broccoli and cauliflower (Bender et al., 2020). In Blok
t al. (2021a,b), broccoli heads were labeled, not with bounding boxes,
ut with a polygonal mask for the visible part of each head, and a circle
ask that estimated the size of the whole head, including the areas that
ere occluded by leaves.

While bounding boxes typically offer detection for a single class of
bjects (e.g. apples), segmentation masks can provide multiple class
abels. Segmentation masks by Chebrolu et al. (2017), include labels
or sugar beets and nine different types of weed, while in Milella
t al. (2019), Marani et al. (2021), segmentation ground truth is
rovided for 5 different classes (grape bunch, pole, wood, leaves,
ackground). Bender et al. (2020) also evaluated semantic segmenta-
ion for both broccoli, soil, and weed classes. However, data from a
yperspectral camera was used and therefore it is not clear whether
his could be directly applied to the stereo imagery.

Attempts to automatically generate a segmentation mask from an
nnotated bounding box have been reported in Kurtser et al. (2020a,b)
here the authors perform unsupervised K-means and Euclidean seg-
entation of grape bunches from regions of interest annotated man-
ally. This method reduces significantly the manual labor involved
n generating a segmentation mask, but reduces the accuracy of the
nnotation compared to a human annotator.

These bounding box and semantic segmentation labels are gener-
ted on the 2-D color images, but it is also possible to label the points
n the 3-D point clouds. This is done for broccoli heads (Kusumam et al.,
017, 2016), grape clusters (Kurtser et al., 2020a,b), and apples (Gené-
ola et al., 2020c,d). In the Pheno4D (Schunck et al., 2021) dataset,

he point clouds from maize and tomato plants are manually labeled
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or soil, stem, and leaf classes. Furthermore, in the Pheno4D dataset the s
points on each leaf were uniquely labeled over the measurement period,
so instance segmentation (i.e. identifying leaves with different labels)
could also be performed. These labeled point clouds can be used as
input to neural network architectures such as PointNet (Charles et al.,
2017) that are specifically designed for point cloud input (Schunck
et al., 2021; Kurtser et al., 2020a).

4.5. Geometric characterizations

One important area in which RGB-D data has a significant advan-
tage over RGB data is measuring and predicting geometric properties
of plants. Standard 2-D image data have no inherent notion of scale,
while depth data provide information about size, distances, areas, and
volumes. This is vital in agricultural operations where evaluation of
size and volume of crops is valuable information often used by farmers
and growers in adaptation of the growing protocol to environmental
stressors.

The 3-D data play a vital role in tasks that require measuring
geometric properties of the plant. However, for the 3-D data to be
evaluated and tested, the datasets should contain ground truth infor-
mation about the true geometric character of the plants, in the form of
manual measurements. The manual ground truth measurements that
are available in these datasets include estimation of canopy width,
canopy cross-section area, and leaf area (Gené-Mola et al., 2020a,b),
fruit diameters (Gené-Mola et al., 2021a,b; Kurtser et al., 2020b),
volume estimation of grape clusters (Milella et al., 2019; Kurtser et al.,
2020b), as well as leaf area (Schunck et al., 2021). In Kusumam
et al. (2017, 2016) additional measurements of head diameter (using
calipers) and weight measurements were performed on the broccoli
heads, and Bender et al. (2020) also included criteria such as brassica
height, width, and weight.4

The geometric characterization is fundamentally linked to the detec-
tion tasks performed using the RGB-D data: if the system is intended to
measure the size of broccoli heads, for example, it also needs to detect
and recognize the broccoli head in the image in order to estimate its
dimensions. In Blok et al. (2021b) a segmentation mask was generated
using standard 3-channel RGB images to detect broccoli heads in an
image. The depth mask was then used to estimate the size of the
broccoli head in a secondary step.

In Akbar et al. (2016), the topic of interest was the pruning of
dormant apple trees. To facilitate this, the dataset included so-called
ground truth images of the tree, which were captured using a color
(RGB) camera rather than a depth camera, with the branches individ-
ually labeled in each image. The ground truth data also included the
diameters of the branches and the distances between branches.

4.6. Other inference tasks

The majority of surveyed datasets focused on object detection tasks,
with geometric characterizations also being frequently included. How-
ever, there are other tasks that can be inferred from RGB and RGB-D
data, and a number of datasets included a broader range of ground truth
data, from which learning systems could be trained and evaluated.

For the sweet pepper datasets, where the fruit can have a variety
of colors (such as green, yellow, red, mixed, or black), additional color
information about each fruit was included (Arad et al., 2019; Halstead
et al., 2020). In Halstead et al. (2020), different sweet pepper cultivars
were grown, and this information was also included.

In a number of datasets, information about canopy cover was in-
cluded (Gené-Mola et al., 2020a,b; Milella et al., 2019; Marani et al.,
2021). Since the canopy characterizations are geometric and include

4 While weight is not directly measurable using 3-D imagery, the ability
o estimate diameter, area, and volume of various crops can then be used in
ome cases to infer approximate information about weight.



Computers and Electronics in Agriculture 212 (2023) 108035P. Kurtser and S. Lowry
measures of height, width, and cross-sectional areas, the 3-D data are
particularly necessary to perform these calculations.

Other ground truth measurements included measuring greenness
(Bender et al., 2020), and plant stress caused by weed pressure, nitro-
gen surplus or deficit, or lack of water (Khanna et al., 2019). While
the 3-D data are not absolutely necessary to calculate these values, an
interesting result was that the 3-D data provided improved performance
over just RGB images for the plant stress inference tasks (Khanna et al.,
2019). In these experiments, the best results were achieved with a
combination of RGB, 3-D data, hyperspectral imagery, and a temporal
component.

5. Discussion

As can be seen from the reviewed publications, while the number
of datasets has rapidly increased over the last few years, publicly
available datasets for agricultural applications that provide RGB-D or
even depth data are still relatively rare. As a result, the ability to
develop and improve relevant algorithms is limited to those groups that
have the resources to collect datasets themselves. Furthermore, there is
limited ability to perform benchmarking of algorithms when the results
are only presented on a closed dataset, making a fair comparison of
algorithms impossible.

The effect of required resources on the acquisitions can also be seen
in the choice to use commercial grade cameras in data acquisition.
The choice can be explained by the fact that a high accuracy RGB-
D sensor can be almost 10 folds more expensive than the commercial
grade one (Fu et al., 2020). With price being an important consideration
in the choice of hardware when developing site-specific agricultural
robots (Bac et al., 2014), the high-end sensors are usually not con-
sidered feasible. It is also reasonable to assume that some of the
high-end sensors are not accessible to some research groups. With
factory calibrated commercial RGB-D sensors providing increasingly
better accuracy and performance (Vit and Shani, 2018) and with sensor
costs decreasing, one can expect this obstacle to become less critical
with time (Fu et al., 2020).

However, in some cases adaptation to the acquisition protocol
needed to be made in order to provide the needed accuracy for the
specific application. For example, Kusumam et al. (2016, 2017) and
Blok et al. (2021a,b) constructed special enclosures to block direct
sunlight, and Gené-Mola et al. (2019a,b) collected the point clouds only
at night with artificial lighting.

There are still only limited applications explored in these datasets:
the majority of the datasets do detection or segmentation as a main
goal. Since detection is generally considered a computer vision prob-
lem, this particular application does not fully exploit the value of the
depth data within these datasets. However, Gené-Mola et al. (2019b)
demonstrates that extending the learning model from a 3-channel RGB
image to a 5-channel image including range-corrected intensity data
and depth data can improve detection capabilities. The authors see this
inclusion of depth data into 2-D detection algorithms as an interesting
future direction of research.

At the same time, computationally feasible detection and segmenta-
tion frameworks that operate directly on the 3-D point cloud are now
becoming a reality (Qi et al., 2017a; Rosu et al., 2022). While detection
methods that depend on 2-D data are more mature and more efficient
computationally, the authors foresee a role for both approaches in
agricultural applications, as 2-D and 3-D methods can complement each
other depending on the needs of the particular application.

Furthermore, there are other applications emerging that do explic-
itly depend on depth data. In particular, many of the datasets include
size measurements, such as size of the fruit or vegetable, which is
vital information for the agricultural domain. Having accurate 3-D
information is a key input for providing scale to these measurements
that 2-D images often cannot provide. It is possible that the range data
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can also provide indirect measurements about values such as weight,
which normally can only be accurately evaluated manually, and after
harvesting. Providing manual ground truth for these values can be
a labor-intensive process that often requires expert knowledge, and
only some research groups have the capability to achieve it. Therefore,
having publicly available datasets that provide this information can be
an essential ingredient of a vibrant research landscape.

The types of plants for which these datasets are available is still
limited, demonstrating how small and challenging the research land-
scape is, and the difficulty of creating high-quality agricultural datasets.
However, having even these datasets available allows broader op-
portunities for researchers to contribute and will hopefully spur on
innovation and encourage broadening the range of plants that may be
available. Furthermore, the experience gained from these datasets can
be indirectly used to guide future research into a wider variety of crops
and plants.

A more daring question is whether any algorithms trained or evalu-
ated on these datasets can be used directly for transfer learning between
different crops. A restricted version of this problem was explored
by Halstead et al. (2020) where generalizability of detection algorithms
was tested across different sweet pepper cultivars, and the potential
for transfer learning between crop types has been demonstrated for
sugar beets, carrots, and onions (Bosilj et al., 2020). These results are
particularly notable as other research (Autz et al., 2022) has suggested
that ‘‘naïve’’ transfer learning from a non-agricultural dataset such as
COCO (Lin et al., 2014) to an agricultural dataset (Chebrolu et al.,
2017) is not always beneficial.

The RGB-D datasets for each specific plant type have been published
by only one or two research groups. However, there are signs that
RGB-D dataset collection may be maturing, albeit slowly. The most re-
cently published RGB-D broccoli dataset (Blok et al., 2021a,b) explicitly
extended the existing broccoli datasets (Kusumam et al., 2016, 2017;
Bender et al., 2020) by systematically making the broccoli heads in the
images more occluded. Similarly a recent Fuji apple dataset (Gené-Mola
et al., 2021a,b) extends on the group’s previous datasets (Gené-Mola
et al., 2020c,d) by introducing occlusions and including both apple
diameter data and different apples at different maturity levels. It can be
expected that over time similar developments in creating progressively
more challenging datasets will be seen for other crops, despite the small
number of research groups currently capable of generating the datasets
required.

6. Conclusions

There is great potential for robots and autonomous systems supplied
with visual and range data from on-board RGB-D sensors to assist in a
wide range of agricultural operations. However, to develop methods
that depend on this visual and range data requires access to datasets
containing quality data that adequately represents the field conditions
in which agricultural robots must operate. Therefore, publicly available
datasets are essential to the development of this research field. Since
high quality data is scarce and often hard to obtain, there has been a
major bottleneck in the development of machine learning algorithms
that rely heavily on high quality data.

As a result, each acquired dataset has potential to provide re-
search groups with the ability to build upon previous work, compare
performance and advance the state of the art. As presented in this
dataset review paper, there are still only a limited number of available
datasets. However 16 public datasets covering a wide range of crops
were identified, and a certain critical mass has accumulated, with new
datasets extending older datasets via a wider range of scenarios (Blok
et al., 2021a,b; Kusumam et al., 2016, 2017; Bender et al., 2020;
Gené-Mola et al., 2020c,d, 2021a,b).

The increase of RGB-D datasets in agricultural operations has been
spurred by the accessibility of increasingly capable and affordable
sensors. At the same time, there is also rapid development in the under-
lying available algorithms, particularly in the field of visual detection
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and segmentation. The object detection and segmentation techniques
based on 2-D data such as Faster R-CNN, Mask R-CNN, and YOLO are
increasingly reliable and efficient, while the equivalent 3-D methods
such as PointNet and LatticeNet are comparatively recent developments
but showing a great deal of promise.

The release of RGB-D data in the agricultural domain collected in
outdoor conditions has only recently begun, but the existence of the
publicly available datasets surveyed in this paper can already provide
valuable information for use in precision agriculture and automation
of agricultural procedures. These datasets can provide research groups
with the ability to develop state-of-the-art agricultural algorithms, as
well as compare the performance of different systems, without the
effort for data collection and preparation.
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Appendix A

This section provides a summary of each of the datasets included in
this survey.

A.1. Pheno4D (Schunck et al., 2021)

This dataset consists of scans of maize and tomato plants from
sprouting (early growth). It tracks 7 maize plants for 12 days, gen-
erating 84 point clouds of which 49 have ground truth labels, and 7
tomato plants for 20 days: generating 140 point clouds of which 77
have ground truth labels. The point clouds are manually labeled with
‘soil’, ‘stem’, and ‘leaf’ where each leaf is uniquely labeled over the
measurement period. The dataset consists of approximately 440 million
3-D points, of which 260 million are labeled.

The data were acquired using a Perceptron Scan Works V5 laser
triangulation scanner (with 660 nm wavelength), using a high precision
measuring arm (ROMER Infinite 2.0) with an accuracy of measuring
the tip of the arm of 45 μm. From this the 2-D scan profiles could be
egistered into a 3-D point cloud (with no color). The scanning was
one to achieve maximal coverage and plant stillness, although some
cclusion remained.

With the maize plants, it is difficult to differentiate between leaves
nd stems. Therefore two methods of manual segmentation were per-
ormed — the Leaf Collar Method (a common maize staging method)
nd the Leaf Tip Method, and both ground truth results are included.

The paper demonstrates numerous applications on the dataset, in-
luding semantic segmentation, instance segmentation (i.e. identifying
eaves with different labels), spatio-temporal registration, surface re-
onstruction, and phenotyping (including calculating leaf area and leaf
ength).

.2. Broccoli 3D (Kusumam et al., 2016, 2017)

This dataset consists of scans of broccoli plants, with the application
oal of an autonomous selective broccoli harvester. The broccoli was
maged during four data collection sessions: three in Lincolnshire, UK
uring the early harvesting season and one in Murcia, Spain, during
he late harvesting season. The data consisted of a training set of 32
roccoli point clouds and 324 ‘‘other’’ point clouds (both of which are
egmented out). The test set consists of point cloud frames and 1619
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nnotated instances of broccoli heads. Furthermore, the Spain dataset g
had 100 broccoli heads measured manually for size (using calipers) and
weight.

The data was acquired with a Kinect V2 sensor. The sensor was fixed
inside a specially constructed enclosure, which was mounted on the
front of a tractor. The enclosure blocked direct sunlight and includes
an ‘‘umbrella’’ during rainy conditions, and artificial lighting source,
comprising strip LED lighting, for increase light homogeneity and allow
night time acquisition. The sensor is mounted at range of heights from
ground 125 cm–140 cm.

The papers demonstrated a number of applications, including size
estimation (for maturity evaluation), localization (for manipulation of
the robotic arm) and creation of a 3-D map with broccoli locations.

A.3. KFuji RGB-DS (Gené-Mola et al., 2019a,b)

This paper consists of 967 multi-modal images of Fuji apples on
trees. Contains color images, depth and range-corrected IR intensity.
The apples were scanned 3 weeks prior to harvesting. The data was
acquired with two Kinect V2s. The scanning was carried out at night
with artificial lighting.

The data was processed with 3-D point clouds projected onto im-
ages and manual annotated fruit locations were provided, with 12839
apples annotated in total. The papers presented experiments using fruit
detection (based on Faster R-CNN (Ren et al., 2015)).

A.4. LFuji-air (Gené-Mola et al., 2020a,b)

This paper consist of point clouds of 11 Fuji apple trees using LiDAR
imagery. The dataset consists of 8 scans per tree, from 2 different
heights, 2 different sides of the tree and also 2 different air flow
conditions — fan off and fan on, to see if this helped with occlusions.
The dataset included 1353 manually annotated apples (1444 were
counted in the orchard but the remaining apples could not be identified
in the point clouds).

The data was captured with a Puck VLP-16 Velodyne and a RTK-
GNSS system, which were pulled by a tractor parallel to the trees,
and used the fact that apples have higher IR reflectance than the
background to identify them within the scans.

The papers demonstrated applications including fruit detection,
yield prediction, and geometric characterization (canopy height, width
estimation, cross-section area, leaf area).

A.5. S3CavVineyardDataset (Milella et al., 2019; Marani et al., 2021)

This dataset consists of images of grape cluster on grapevines.
The images were captured using an Intel RealSense R200 which was
mounted on a mobile Niko caterpillar platform. However, only the RGB
images are currently publicly available5

The data consists of 500 RGB images of grapevines and was col-
lected over 2 days of filming with camera facing the rows of grapes at
0.75–1 m distance at 5 fps and mobile platform moving on average at
1.5 m/s. The data was processed using the authors’ own registration
algorithms from the IR inputs of the camera for registration in a better
range of distances.

For ground truth, 84 images were picked for manual annotation
in 5 classes (Bunch, pole, wood, leaves, background). Applications in-
clude canopy volume estimation, and detection/segmentation of grape
bunches in in-field images.

5 https://github.com/ispstiima/S3CavVineyardDataset — last accessed Au-
ust 2023.

https://github.com/ispstiima/S3CavVineyardDataset
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A.6. Ladybird Cobbitty 2017 brassica dataset (Bender et al., 2020)

This dataset consists of weekly scans of cauliflower and broccoli,
covering a 10-week period from transplant to harvest. The data scanned
4 beds with approximately 144 Brassica per bed (50 cm apart). These
beds were from different treatment zones (with low irrigation and
normal irrigation, and different fertilizer treatments).

This dataset consists of color, thermal, and hyperspectral data. It
does not contain any point clouds, but stereo images were taken of
the crops which could be used to extract 3-D information. The dataset
also contains ground truth (manual) measures as well as in-situ weather
station and soil sensor data. Manual measurements were taken the day
after the autonomous scan. The ground truth measurements included
greenness (using a SPAD chlorophyll meter), height and width. From
week 4, destructive measures – fresh weight, dry weight, and relative
water content – were taken on 4 plants from each bed and each species.
The weather station measured temperature, wind speed, humidity,
pressure, and rainfall. The soil sensors measured temperature, electrical
conductivity, dielectric and volumetric water content at 16 locations,
measuring 10 cm and 30 cm deep at each location.

The data was captured with a Ladybird robot platform that au-
tonomously followed GPS waypoints in a farm map and localized
using RTK-GPS. It had an imaging canopy to block direct sunlight.
The imagery data consists of stereo images from Grasshopper cameras,
approximate 3–4 images per plant with image overlap of 70%–85%, a
thermal camera, and a hyperspectral camera. The paper demonstrated
examples of applications that include semantic segmentation (from the
hyperspectral images), and object detection.

A.7. Eschikon plant stress phenotyping (Khanna et al., 2019)

This dataset consists of sugar beets grown in a greenhouse chamber.
The images were taken top-down onto a growing box. The data was
captured with an Intel RealSense ZR300 (RGB-D stereo IR), Ximea
MQ022HG-IM-SM5X5-NIR hyperspectral camera.

The plants were imaged bi-weekly for 2 months producing color, IR
stereo, and hyperspectral data. A total of 1984 images were captured
(31 boxes captured on 16 dates and consisting of 4 images (RGB,
2IR, 1HS)). The paper demonstrated the application of identifying
water, nitrogen and weed stress, using as ground truth treatment and
environment parameters that were included with the image data.

A.8. Sweet pepper detection dataset (Halstead et al., 2020)

This dataset consists of scans of sweet peppers. The dataset is in
three parts, two from Australia (QHDF, QHDP) and one from Germany
(BUP). One part each from a field in sunlight (QHDF), polytunnel with
some sun protection (QHDP), and glass house (BUP). Different cameras
with different resolutions were used: Intel RealSense 200 @ 640 × 480
QHDF/QHDP) and Intel RealSense 435i @ 1280 × 720 px (BUP).

The data was manually annotated with locations of the sweet pep-
ers. The data consists of 1583 images (QHDF) with 5774 ground
ruth labels, 687 images (QHDP) with 3741 ground truth labels, and
86 images (BUP) with 3724 ground truth labels. Additional ground
ruth information included the color of the fruit (green, red, mixed,
nd black), and the cultivar of the fruit (four different cultivars were
maged).

The paper demonstrates detection using Faster R-CNN (Ren et al.,
015) and Mask R-CNN (He et al., 2017a) and focuses on the poten-
ial for generalizability of detection of sweet peppers across different
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ocations and cultivars.
A.9. SWEEPER — Sweet pepper dataset (Arad et al., 2019)

This dataset consists of images of sweet peppers under complex
illumination conditions. The data was captured in a greenhouse and
contained 156 scenes with 468 images containing a total of 344 man-
ually labeled yellow sweet peppers in 2 illumination conditions —
with flash and without. A Fotonic F80 camera (a hybrid RGB-ToF
depth camera) was used, with an external illumination trigger and
illumination rig (Effilux brand LED strips). The dataset is captured with
the goal of evaluation of a Flash-no-Flash acquisition technique for
stabilization of ambient light.

A.10. Grapes 3D (Kurtser et al., 2020a,b)

This dataset consists of grape clusters captured in a vineyard. The
dataset contained two parts — the first part was captured outdoors
in controlled conditions, and the second part was captured outdoors
in a vineyard in different conditions (including different viewpoint
angles, and with/without a contrasting background). The outdoor part
consisted of 17 grape clusters on 10 grapevines (1–3 clusters on each
vine), and the vineyard part consists of 5 grapevines with 8–19 grape
clusters on each.

The data was captured with an Intel RealSense D435 RGB-D camera
mounted on a mobile robot platform. The outdoor part contained 6
videos of 30–90 s each at 30 fps and vineyard part contained 4 videos
of 45–80 s each. The ground truth of physical size of grapes was
provided for the outdoor dataset. The paper demonstrated detection for
harvesting and grape cluster sizing for yield estimation.

A.11. Sugarbeets2016 (Chebrolu et al., 2017)

This dataset consists of images of sugar beets in fields, captured
using the BoniRob field robot. Its sensor suite consists of an Kinect V2
(RGB-D), JAI AD-130GE camera (RGB), a Velodyne VLP16 Puck (3-D
LiDAR), a NipponSignal FX8 (laser range sensor), GPS RTK and Global
GPS. The data was collected 2 or 3 days each week, with a total of
30 days of recordings, capturing different growth stages of the crop,
as well as different weather and soil conditions. Each recording was of
between 4 and 8 crop rows measuring 400 m in length.

The dataset contains labeled ground truth segmentation masks
for that encode sugar beets, nine different types of weed, and non-
vegetative parts.

A.12. Apple trees (Akbar et al., 2016)

This dataset consists of images of 9 apple trees in the dormant phase.
3 trees were imaged indoors and 6 outdoors in the USA (Indiana and
Pennsylvania) using a Kinect V2 sensor. The intended application of
this dataset is development of 3-D reconstruction algorithms to assist
the pruning of apple trees.

The data consists of depth images and color images from the Kinect,
and ground truth images. The ground truth images are color im-
ages with number labels on them for each branch, where images are
captured from different angles using a regular (non-depth) camera.
Diameters of branches and distances between branches were also pro-
vided. The paper includes a detailed description of the denoising and
preprocessing techniques performed on the images.

A.13. Broccoli heads (Blok et al., 2021a,b)

This data consists of images of broccoli heads under varying degrees
of occlusion. Two experiments were conducted. The first experiment
contains 947 RGB-D images (approximately 4–10 images per head for
122 broccoli heads). Occluding leaves were removed and the broccoli
heads were re-imaged. Then the heads were measured with a ruler. RGB

color camera (IDS UI-5280FA-C-HQ) and monochrome stereo-vision
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camera (IDS Ensenso N35) were used, and an enclosed box was used
for uniform illumination.

The second experiment used a Intel RealSense D435 in natural light
but with an umbrella to diffuse light. 250 occluded broccoli heads were
imaged. First, 5-010 frames per broccoli head with natural occlusion
were captured and then different occlusions were created by cutting
leaves from neighboring plants and placing over to create an artificial
occlusion, and also with no occlusion (1613 RGB-D images total). The
size of the broccoli heads were also measured with a ruler.

The images were manually annotated with a polygon for the visible
head and a circle for the estimated broccoli head (not just the visible
part). The paper demonstrates segmentation and size estimation from
the images.

A.14. Fuji-SfM (Gené-Mola et al., 2020c,d)

This data consists of images of 11 scanned apple trees, with point
clouds generated from structure from motion (SFM). The images were
captured in a single experiment in morning and afternoon conditions.

The data was captured with a EOS 60D DSLR Cannon RGB camera.
Images were taken freehand following a scanning pattern of 5–6 images
from imaging locations at 0.2 m apart. A multi-view structure-from-
motion photogrammetry based on bundle adjustment was applied to
generate the 3-D point cloud.

The dataset contains 582 raw images, and 1455 annotations (with
a 3-D box annotation in the reconstructed dataset). The paper demon-
strates apple detection, segmentation and localization algorithms.

A.15. PFuji-size dataset (Gené-Mola et al., 2021a,b)

This dataset consists of images of apples based on structure from
motion (SFM). Three experiments were conducted. The first two exper-
iments were identical with 6 scanned apple trees in 2 different maturity
stages (3 trees in each maturity stage). The third experiment was an
indoor lab experiment on a turn table.

The data was captured with a EOS 60D DSLR Cannon RGB camera.
The images were taken freehand following a scanning pattern of 5–6
images from imaging locations at 0.2 m apart. A total of 168 and 180
images were acquired respectively from the eastern and western sides
of the tree row captured in experiment 1, and a total of 228 and 280
images respectively from the eastern and western sides of the tree row
captured in experiment 2. 4500 images were captured for the indoor
case (25 apples, 180 images per apple). Apple segmented point clouds
are also provided.

The paper demonstrates apple detection and size estimation. The
data was manually annotated with 615 apple diameter annotations for
experiments 1 and 2 and 25 apple diameter annotations for experiment
3.

A.16. WE 3DS (Kitzler et al., 2023)

This dataset consists of image pairs of 17 young field crops for stereo
vision. Experiments were conducted at 25 measurement dates, and
includes manually collected metadata (i.e., camera mounting height,
light conditions and wind), as well as geo-locations information and
camera parameters.

The acquisition was performed using a pair of industrial RGB cam-
eras (XIMEA MC023CG-SY) mounted on a manually driven cart at fixed
position in a top-down viewpoint facing the ground. The cart is also
equipped with a GPS sensor.

Collected images are manually annotated (2568 labeled images)
using a segmentation mask classifying into 17 classes. Distance maps
are generated using the stereo information. The segmentation masks
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are used for evaluation of accuracy using ESANet as a benchmark.
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