POLITECNICO DI TORINO
Repository ISTITUZIONALE

A Review of Robots, Perception, and Tasks in Precision Agriculture

Original
A Review of Robots, Perception, and Tasks in Precision Agriculture / Botta, Andrea; Cavallone, Paride; Baglieri,
Lorenzo; Colucci, Giovanni; Tagliavini, Luigi; Quaglia, Giuseppe. - In: APPLIED MECHANICS. - ISSN 2673-3161. ELETTRONICO. - 3:3(2022), pp. 830-854. [10.3390/applmech3030049]

Availability:
This version is available at: 11583/2969552 since: 2022-07-05T21:42:51Z
Publisher:
MDPI
Published
DOI:10.3390/applmech3030049
Terms of use:
openAccess
This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

10 January 2023

Review

A Review of Robots, Perception, and Tasks in
Precision Agriculture
Andrea Botta *,† , Paride Cavallone † , Lorenzo Baglieri † , Giovanni Colucci † , Luigi Tagliavini †
and Giuseppe Quaglia †
DIMEAS—Department of Mechanical and Aerospace Engineering, Politecnico di Torino, 10129 Torino, Italy;
paride.cavallone@polito.it (P.C.); lorenzo.baglieri@studenti.polito.it (L.B.); giovanni_colucci@polito.it (G.C.);
luigi.tagliavini@polito.it (L.T.); giuseppe.quaglia@polito.it (G.Q.)
* Correspondence: andrea.botta@polito.it
† These authors contributed equally to this work.

Abstract: This review reports the recent state of the art in the field of mobile robots applied to precision
agriculture. After a brief introduction to precision agriculture, the review focuses on two main topics.
First, it provides a broad overview of the most widely used technologies in agriculture related to crop,
field, and soil monitoring. Second, the main robotic solutions, with a focus on land-based robots,
and their salient features are described. Finally, a short case study about a robot developed by the
authors is introduced. This work aims to collect and highlight the most significant trends in research
on robotics applied to agriculture. This review shows that the most studied perception solutions
are those based on vision and cloud point detection and, following the same trend, most robotic
solutions are small robots dedicated exclusively to monitoring tasks. However, the robotisation of
other agricultural tasks is growing.
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1. Introduction

Perception, and Tasks in Precision

The world’s population is steadily increasing, necessitating an increased food supply.
According to Sylvestere [1], agricultural production, particularly field agriculture [2], must
increase by 70% by 2050, when the global population is predicted to exceed 9 billion people.
Simultaneously, increased agricultural activity leads to the waste and exploitation of
irrigation water, fertiliser, and other phytosanitary products, compromising environmental
sustainability and farmers’ profits [3]. Due to the fact that agriculture consumes the
majority of the world’s land, the urgent need to enhance intensive food production while
utilising less land and water in the next few years would necessarily entail significant social,
economic, and environmental consequences. It is, therefore, critical to identify strategies
and technology to lower such expenses by increasing production and revenues while also
preserving the environment [4].
Standard management practises in traditional agriculture include the consistent use of
water and agrochemicals, neglecting the variety of crop conditions and demands within a
field [5]. On a worldwide scale, this approach is no longer viable for achieving high levels
of output while limiting environmental damage, hence new sustainable alternatives, such
as Precision Agriculture (PA) [6], must be proposed and implemented. Precision Agriculture, which comprises the application of contemporary information and communication
technologies to boost agricultural yields and profitability, has received a lot of attention
in recent years [7]. Precision Agriculture minimises the number of resources needed to
produce fields, such as arable land, water, fertilisers, and other agrochemicals [8]. The
most popular definition of PA is given by Pierce and Nowak [9]: ”Precision Agriculture
is the application of farming strategies and methodologies to do the right thing, in the
right place and at the right time”, while data and technologies detect and decide what is
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right [10]. As a result, PA is a data-driven strategy for acquiring, analysing, and better
managing farm data in order to improve soil and resource management, plan, and manage
crops. As a result, it has the potential to boost yields and profits while also improving environmental quality. It also assists farmers in making smart decisions while automating some
critical farming processes [11,12]. In other words, PA is a comprehensive and long-term
approach through which farmers change and regulate their procedures and cultivation
methods (such as planting, tillage, harvesting, fertiliser, pesticide, and water application)
to meet the changing soil and crop conditions and demands within the field [5].
According to Srinivasan [4], PA differs from conventional farming in that it is based on
more precisely determining crop variations and linking spatial and temporal relationships
to field actions, allowing farmers to manage their farms, crops, and practises from an
entirely new perspective, resulting in
•
•
•
•

costs reductions,
optimisation of yields and quality concerning the productive capacity of each site,
better management of the resources, and
protection of the environment.

PA has the capacity to redefine agriculture by bringing plenty of advantages in terms
of profitability, productivity, sustainability, crop quality, environmental protection, on-farm
quality of life, food safety, and rural economic development [13,14]. On a regional level,
the spatial and temporal categorisation of farms can help discover emerging patterns in
factors that impact sustainability, whether in physically neighbouring regions or specific
agro-ecological zones, and guide possible solutions. Creating geo-referenced datasets for
each field in a given area will aid in identifying the reasons and elements that underpin each
cropping system’s productive aspect, as well as providing a summary of the proportion
and severity of the factors that hinder or improve sustainability within and between fields
[4]. Many aspects of PA have been researched, including related technology, environmental
consequences, economics, adoption rates, and motivations for adoption and non-adoption.
Many studies [15–17] have demonstrated PA’s environmental and economic advantages.
Despite this, academic studies and professional assessments continue to show that PA
adoption is rare [18–20].
Sustainable Development Goals in Agriculture
The Sustainable Development Goals (SDGs) are “a universal call to action to end
poverty, protect the planet, and improve the lives and prospects of everyone, everywhere.
The 17 Goals were adopted by all UN Member States in 2015, as part of the 2030 Agenda
for Sustainable Development, which set out a 15-year plan to achieve the Goals” [21].
Among the various scientific and technological challenges originating from the pursuit of
the SDGs agenda, the use of new technologies and methodologies in agricultural operations
has captivated the interest of the engineering research community [22]. In actuality, such
technologies are excellent for the precision agriculture paradigm, which aims to increase
agricultural production’s long-term profitability by employing specialised equipment. As a
result of this, profitability and efficiency are improved [23]. SDG2, SDG6, SDG12, SDG13,
and SDG15 are addressed in the PA scenario as detailed below.
•

•

Adopting sustainable agriculture techniques that boost productivity and production,
aid ecosystem sustainability, and strengthen the capacity to respond to climate change,
extreme weather, droughts, floods, and other calamities, as well as progressively
increasing land and soil quality. All of this is critical to reaching SDG2’s goals of Zero
Hunger by 2030 [24]. Farmers and agricultural organisations who use PA receive
access to technologies that help them increase yields, check product quality, enhance
crop management, and minimise resource usage costs, all of which help to assure
global food security and alleviate hunger.
By 2030, global water consumption will have increased by more than 50%, with
agriculture alone requiring more than can be provided. As a consequence, PA solutions
help farmers to manage agrochemicals and minimise the overuse or unnecessary
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•

•

•

application of fertilisers and pesticides, protecting water and soil quality, in line
with SDG6—Clean Water and Sanitation [25] to encourage access to and sustainable
management of water and sanitation.
As part of SDG12—Responsible Consumption and Production [26], the UN is trying
to achieve the sustainable management and effective use of natural resources. The
PA approach aids farmers in achieving safe management of phytosanitary products
and other waste and avoiding the use of harmful substances where possible, reducing
their negative effects on soil, water, and air, and thus on human health, as a result of
the implementation of active innovation in the development of its products.
SDG13—Climate Action [27] necessitates immediate measures and activities to address
climate change and its implications. The PA methods provide users with tools and
technology that not only assure sustainability and increase output and profit, but
also allow them to monitor the climate and take appropriate preventative steps to
safeguard both fields and the environment.
Soil degradation is a severe and growing threat due to unsustainable land use and
management practices, as well as catastrophic climatic events that introduces a variety of social, economic, and governance challenges. PA works on SDG15—Life on
Land [28] targets by encouraging measures that promote land and soil restoration,
prevention, and sustainable usage through planned and appropriate crop and field
interventions.

2. Review Methodology
The review was completed by identifying current research in the field of study, extracting the necessary material, and synthesising the data for the final step of review
elaboration.
A total of 184 papers (64 of them are about sensing technologies, and 120 are about
robotic applications) were gathered by searching two databases, Google Scholar and Scopus.
These two databases were chosen because the quantity of articles returned by the searches
was substantial, and the content was relevant to our research. Most of the selected papers
were published in the time frame of 2016 to 2021, but some relevant occurrences may be
older.
Since the intent of this review is to collect in a single paper what are the most common
combinations of sensors, tasks, and robotic architectures developed so far and what are the
areas lacking in them, two distinct review topics can be defined: sensing technologies and
robotic architectures. The 64 papers about monitoring sensors were selected by querying the
databases using the following keywords: “agricultural monitoring sensors”, “agriculture
remote monitoring”, and “agriculture proximal monitoring”. All results reporting how
a technology works or showing an example of application were selected. Regarding the
selection of the 120 papers about robots in agriculture, the following keywords were used:
“Agricultural robot”, “Agricultural rover”, and “Agricultural drone”. All selected papers
in this category presented a functional prototype or a finished product.
3. Enabling Technologies in Precision Agriculture
The precision agriculture process is divided into three distinct phases that occur in
a cyclical pattern (Figure 1). The data analysis and treatment plan phase, the precision
treatment application phase, and the monitoring and data gathering phase are all instances
of such stages.

Appl. Mech. 2022, 1

4

MONITORING & DATA COLLECTION
Soil map Crop condition map Nutrient map Yield map

PRECISION
TREATMENTS
APPLICATION
Soil preparation
Crop Management
Harvesting

NALYSIS &
ENTS PLAN
ost-processing
Modeling and prediction
Management zones

Figure 1. The precision agriculture cycle and its main phases.

To split the field into management zones (MZs) with homogeneous treatment requirements, the available data are post-processed and merged with soil and crop models in the first stage. MZs are used as intervention zones, with specific and specified
treatments [29,30]. As a result, MZs prepare the soil by applying the appropriate amounts
of fertiliser, water, or agrochemicals, and then planting occurs. During the growth of the
crop, the soil and the crop are continually monitored and mapped with the goal of planning
and carrying out any crop-management activity (such as watering, spraying herbicides or
insecticides, or eradicating weeds) locally and only when necessary. The crop is harvested
when it is ready, and the yield is measured and analysed. This phase does not necessitate
autonomous treatment application; all that is required is that the treatments are carried
out in accordance with the preceding phase’s plan. All data obtained in earlier phases and
during any other monitoring activity are processed in the final phase to generate maps that
describe field conditions such as topography, soil composition, soil nutrients, crop status,
and yield maps. The raw data is subsequently delivered to the first step of a new cycle,
where it is processed, analysed, and evaluated in order to identify new and relevant MZs
and treatments.
PA is data-intensive and involves numerous technologies, yet the application of its
concepts and principles does not require heavy equipment or large fields [4]. The PA
method may be customised and used in a variety of situations. The essential features
required by autonomous agricultural vehicles and systems functioning in the field tend to
fall into four categories [31].
•
•

Navigation: The vehicle must move in the field independently, following a predetermined course, following key waypoints, and avoiding any obstacles or collisions.
Sensing: The PA vehicle must be capable of detecting, measuring, and sampling
anything that might be relevant in planning crop and soil management operations.
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•

•

Mapping: Sensing activities generate a great amount of data, which is generally
processed by Geographic Information Systems (GIS), which are maps that collect all
essential field features.
Action: The mapping creates numerous MZs, and then the necessary treatment is
carried out in each MZ. As a result, PA vehicles must be equipped to carry out such
operations on their own.

The navigation of all autonomous vehicles is dependent on all of the technologies that
allow an agent to localise in an area and then map it, a process known as Simultaneous
Localisation and Mapping (SLAM). As a result, autonomous navigation relies on the proper
integration of a localisation system, such as the GNSS, with a collection of exteroceptive
sensors (e.g., image-based systems, sonars, radars, LIDARs, and so on) to locate and map
at the same time. By analysing the information offered by these solutions before they can
provide agronomic advice or instructions, the post-processing and mapping of the data
may provide farmers with knowledge of important resources, as well as information on
how much and when they should be used [8]. This is the heart of PA, and it needs an
in-depth understanding of the obtained sensory data in order to appropriately analyse it
and determine the needed actions. Newer sensors are currently being created with userfriendliness in mind because of the complexities of this task and the rising popularity of
PA [32]. The action category of PA is generally the progression in terms of automation and
the local application of traditional mechanised farm applications. As a result, autonomous
systems are often specialised for a limited set of activities. To summarise, the sensing
component of PA, together with mapping, is the critical component that characterises the
precision agricultural method. The goal of PA sensing, regardless of the technology utilised,
is to assess soil and crop statuses (i.e., soil pH, humidity, nutrients composition, and crop
conditions and yield), which can be completed remotely or proximally.
3.1. Remote Sensing
Remote-sensing methods and image analytics spectra are fascinating and ever-evolving
trends in PA to analyse soil state and vegetation health from a distance using pictures gathered in various. One of the most extensively utilised remote-sensing systems is aerial
monitoring, which uses images taken by satellites, manned aircraft, and unmanned aerial
vehicles (UAVs) [33]. Unmanned ground vehicles are sometimes outfitted with remote
sensors as well. Several previous research studies [34–39] published review articles of PA on
various aspects of robotics and remote sensing. Remote sensing is a wide term that incorporates all noninvasive and nondestructive approaches for analysing and parametrising crop
and plant conditions. Optical-visible and near-visible spectrum sensors and technologies
for calculating phenotyping variables from intensity, spectral, and volumetric data may be
classified into three groups, according to Yadun Navarez et al. [38].
•

•

Structural characterisation: Estimating characteristics such as canopy volume, plant
height, leaf area coverage, and biomass, among others, allows farmers to make better
decisions. A number of researchers [40,41] used canopy volume data to improve
pesticide and fertiliser spraying on fruit trees in terms of input savings and environmental costs. Mora et al. [42] also used leaf area coverage for crop-growth monitoring
and production prediction, since it reflects various physiological processes in plants.
Furthermore, biomass mapping and monitoring enable the identification of changes
in plantation conditions due to storms, drought, or diseases [43,44]. Furthermore,
because bio-energy from certain crops has become one of the most extensively used
energy sources, Kankare et al. [45] were able to use crop biomass as a productivity
criterion.
Plant/Fruit detection: For automated actions such as pruning, harvesting, and sowing
to be effective, precision in detecting things of interest in the environment is necessary.
To achieve this aim, scientists have used a variety of plant and fruit features and
qualities, including colour, shape, and temperature. Colour is a trait that may be used
to identify the fruit inside the canopy [46,47] or in the agricultural field [48] in robotic
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•

fruit picking or crop harvesting. Furthermore, according to Karkee et al. [49], the
morphology of the stems is the property that provides the cutting directions in the
majority of instances for automated robotic pruning.
Physiology assessment: The canopy’s physical response to sunlight produces different
spectral patterns that reveal information about the plant’s physiological health. As
a result, a number of indices [50,51] based on crop spectral responses have been
developed to assess parameters such as nitrogen deficiency, chlorophyll content,
water stress, and insect infestation. In addition, numerous sensing tools (for example,
infrared gas analysers) enable the direct assessment of a number of physiological
characteristics in plants. Many of them need direct contact with the crop, which results
in more exact readings; nevertheless, the measuring method takes a unique path,
making this technique time-consuming in most cases [52].
Vision-based and range sensors are the two main types of remote-sensing technologies.

3.1.1. Vision-Based Sensors
RGB or colour cameras are the most basic vision-based sensors. Colour data may
be used to determine parameters such as texture and geometrical characteristics, which
are important in agricultural applications. The influence of changing ambient lighting
conditions is the major drawback of using these sorts of sensors, especially in outdoor
situations. The use of colour cameras to detect fruits or vegetables inside the canopy for
use in automated harvesting operations is a common example of how this technology
may be employed. For example, Zhao et al. [53] reported on the use of a number of
segmentation algorithms based on colour and form to reliably differentiate unripe green
citrus. Furthermore, RGB vision was used to capture colour and form for robotic apple
picking operations and berry yield, respectively, in [46,54]. Barbedo et al. [55] proposed
a method for recognising plant illness, whereas Nandi et al. [56] demonstrated how to
measure mango maturity using a colour camera.
While a single camera may estimate depth data, stereo vision systems are mostly
employed to recreate the environment in three dimensions. Comparable to systems that
combine a colour camera with a depth sensor, this measurement approach provides a 3D
point cloud that shows the scene. Identifying plants or fruits and estimating structural
characteristics that describe plant morphology, such as tree height, diameter, and volume
estimate, or plant height and leaf area estimation, are examples of agricultural research
applications. Wang et al. [57], for example, examined fruit-recognition applications in
apple orchards using stereoscopic vision.
Temperature has been proved to be a useful indicator for agricultural operations
such as crop diagnostics and fruit identification outside of the visible spectrum. A thermal camera may be used to examine the canopy status as well as segment a tree from
the rest of the image. Baluja et al. [58] also found plant temperature to be a predictor
of plant water availability, enabling the establishment of localised irrigation based on
plant temperature. Similarly, Jones et al. [50] used thermal cameras to show a relationship between the temperature of the leaves and water stress. They did, however, argue
that reliable crop-water stress detection needs the use of a multi-sensor approach. Fruit
identification is another application for thermal cameras, as fruits absorb and irradiate sunlight differently from plants, allowing for the development of accurate detection methods.
Wachs et al. [59] used a thermal camera in combination with RGB pictures to identify green
apples using image processing techniques, achieving a 74% accuracy. Reina et al. [60]
have stated that thermal imaging may be used to increase agricultural robots’ ambient
awareness, for example, by distinguishing human operators or animals concealed by deep
vegetation.
Structured Light Cameras work by projecting an infrared (IR) pattern over the area
and analysing the distortion of the returning pattern to determine distances. Due to the
fact that their performance is heavily influenced by lighting conditions, they are mostly
utilised in labs or greenhouses [61]. A structured light sensor is primarily used to identify
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structural parameters such as plant and tree size, height, and volume. For example,
Chéné et al. [62] used data from a commercial structured light camera to construct a leaf
segmentation algorithm. The same sensor was previously used to characterise sweet onions
and cauliflowers in [63] and [64], demonstrating that the sensor is capable of detecting
fruits and vegetables.
Radiation absorption and reflection in certain bands of the electromagnetic spectrum
are intimately linked to physiological parameters including chlorophyll levels, nitrogen
content, and water stress. Chlorophyll, for example, reflects green light while absorbing
red and blue light. Similarly, the reflectance in the middle infrared band is affected by
crop water content. Spectrometers or cameras, which are classified as multispectral or
hyperspectral, are used to measure the reflectance of crops, plants, and trees. Multispectral
imaging can assess a scene’s reflectance using a few broad spectral bands that are not
always continuous. Hyperspectral cameras, on the other hand, detect reflectance in a
limited but continuous range of the spectrum. Mulla [65] provides a plethora of indices that
may be used to infer physiological variables from spectral imaging. Many researchers have
examined water fluctuation, vigour, chlorophyll detection, crop yield, nitrogen stress, plant
stress, weed and pest infestations, and soil composition and nutrients using multispectral
or hyperspectral pictures [58,66–70].
3.1.2. Range Sensors
One of the main techniques is ultrasound range sensing. It comprises a short-duration,
high-frequency acoustic pulse that travels through the air, hits the target, and then returns
as an echo. The distance is determined by the sensor’s electronics based on the time it takes
for the sound to be produced and for the echo signal to be received. It has been detailed in
several studies as a tool for estimating crop metrics as volume, density, and height, among
others. Palleja and Landers [71] proposed using ultrasonic sensors on a tractor to analyse
the canopy densities of apple trees and grapevines in real-time. Escolà et al. [72] used a
similar technique in earlier studies to estimate tree volume and regulate the appropriate
quantity of agrochemicals to be sprayed.
The integration of an array of detectors and a source of light to give 3D distance
and intensity data has recently spurred interest in Time-of-Flight (ToF) cameras. These
cameras have been employed in agricultural studies to discover the structural properties
of plants and fruits in particular. For instance, according to some publications [73,74],
using a time-of-flight camera to acquire the geometrical properties of the plant allows for
individual leaf modelling and monitoring. Both studies were carried out in the lab, since
light from the sun can cause detectors to become saturated, resulting in poor performance,
as Kazmi et al. [75] demonstrated. Plant characterisation and identification increase
dramatically when colour information is provided (the equipment is sometimes referred to
as an RGB-D camera). Vitzrabin and Edan [76], for example, presented the use of RGB-D
data to detect red sweet peppers in greenhouses, with true positive rates of up to 90.9%.
Gongal et al. [47] detail the usage of RGB-D cameras mounted on a moveable platform to
collect data in an over-the-row route inside apple orchards. Elfiky et al. [77] describe the
use of an RGB-D camera for the 3D reconstruction and modelling of apple trees.
Crop structural parameters such as volume, leaf area coverage, and height are also
calculated using LIDAR sensors [43,78]. There are two types of laser scanners in LIDAR
sensors: 3D and 2D LIDARs; however, the latter is more commonly employed, since it is
less expensive and may be utilised to obtain 3D data with the right configuration. The
use of point clouds obtained from 2D or 3D LIDARs to extract structural information
from the canopy, including volume, area, leaf density, and branch dimensions, has been
documented in several publications. Numerous publications [79,80] have reported the
use of terrestrial and aerial applications to identify vegetation in broad areas or provide a
geometric description of the crop. Fieber et al. [81] showed how landscape back-scattering
was utilised to identify trees, grass, and ground using a laser scanner. In [82,83], data from
a LIDAR is used to develop allometric models for quantifying the biomass and volume of
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individual trees. The hyperspectral LIDAR, in particular, is a one-of-a-kind technology that
is currently being investigated. The idea of this technology is to combine the benefits of
classic laser scanners with the capacity to recognise various wavelengths [84]. The use of a
hyperspectral LIDAR to analyse the status of vegetation in controlled circumstances was
detailed by Livny et al. [85], proving the use of this type of LIDAR in vegetation spectrum
analysis. In addition, as Du et al. [51] showed for rice leaves, hyperspectral LIDAR may
be utilised to assess factors such as nitrogen content (which is generally performed using
spectral cameras or spectrometers).
Figure 2 summarises and groups previously introduced technologies based on phenotypic characteristics that can be estimated [38].

Figure 2. Remote sensing phenotype features and their corresponding technologies.

3.2. Proximal Sensing
Although remote sensing can provide extensive coverage, data are sometimes indirect
and, when assessing soil qualities, are largely restricted to the surface. Furthermore, the
resolution is insufficient to determine a field’s soil variability. The process of characterising
fields using typical point-sampling methodologies, on the other hand, is extremely timeconsuming, expensive, and impractical. As a result, proximal soil sensing is becoming more
popular as a way to bridge the gap between high-resolution point data and lower-resolution
remote-sensing data.
A proximal sensor is one that measures soil qualities directly or indirectly and is close
to, or even in contact with, the ground [86].
Electromagnetic induction, electrical resistivity, and ground-penetrating radar are the
used methods most often for soil proximate sensing, according to Allred et al. [87]. By send-
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ing brief pulses to the ground and then analysing the returned signals, ground-penetrating
radar has mostly been used to measure soil depth and structure [88]. Furthermore, as
Klotzsche et al. observed [89], similar sensors have been effectively utilised to map soil
water content. Electromagnetic induction techniques create eddy currents in the soil and
measure the resulting electromagnetic field to determine the soil’s electrical conductivity, a
feature that may provide a lot of information about this. They were originally intended
to test soil salinity, but they may now be used to examine soil texture, compaction, pH,
and organic matter content, as well as water content [90]. Electrical resistivity approaches,
such as electromagnetic induction, measure soil resistance by injecting a current through
electrodes in the ground or by utilising capacitative coupling [87]. Soil structure, chemistry,
and water content have all been estimated using measured resistivity [91].
Mechanical interactions, magnetic-based, time-domain reflectometry, optical reflectance,
X-ray fluorescence, γ-ray spectroscopy, ion-selective potentiometry, and seismic are among
the less common soil-sensing methods, according to Adamchuk et al. [92]. Mechanical,
acoustic, and pneumatic sensors may be used to determine soil mechanical resistance. It
is also feasible to assess soil compaction and type, as well as water content, using the
measurement (with auxiliary moisture sensors). magnetic sensors assess soil composition
(particularly magnetic minerals) and water quantity by measuring magnetic susceptibility.
Time-domain reflectometry was also used to detect soil moisture. Proximal optical sensors
employ the same technologies as vision-based distant sensors, but they are used on the
soil surface or even below. Sensors of this type can detect a wide range of soil properties,
including soil composition and water content. To determine soil composition and water
content, X-ray fluorescence and γ-ray spectroscopy sensors analyse the reflected wave
at the appropriate frequency. Ion-selective potentiometry, on the other hand, involves
determining the presence of certain ions in order to determine soil composition and water
content. Finally, seismic sensors produce vibrations that may be used to determine soil
compaction, porosity, and water content.
Figure 3 summarises the previously discussed proximal sensing methods and illustrates the features that they can examine.

Figure 3. Main proximal sensors for precision agriculture.
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4. Robotics and Agriculture
As a consequence of intensification, mechanisation, and automation, agricultural
production has increased significantly over time [93,94]. Agricultural equipment has
become more efficient, reliable, and precise thanks to automation, which has reduced the
need for human involvement [95]. Despite this, agriculture, particularly the horticulture
industry, continues to be plagued by a severe shortage of people. Trends such as increasing
farm size, declining farmer numbers, and increasing environmental consequences of food
production all exacerbate the challenges posed by a lack of workers, necessitating even more
efficient agricultural techniques [96], and the productivity of traditional farming, which
involves farmers manually cultivating and managing crops, can be greatly improved by
using intelligent machines [97]. Furthermore, it is necessary to develop a new agricultural
system that leverages advanced automated techniques to eliminate human involvement, in
addition to going beyond the extremely productive levels of conventional crop farming.
The employment of robots in agriculture appears to be a potential option in the context of precision agriculture [98,99] since it enables repetitive labour to be accomplished
without losing precision throughout the working day. This sort of application is growing in
popularity in robotics research, and a variety of robots are now available for purchase [100].
Agricultural robotics, in fact, intends to do more than just apply robotic technology to farming. Currently, the majority of agricultural vehicles used for weed identification, pesticide
distribution, terrain levelling, irrigation, and other operations are operated manually. Due
to the fact that information about the environment may be obtained autonomously and
the robot can then conduct its job accordingly, the autonomous performance of such robots
would enable continuous field management as well as better productivity and efficiency
[31]. For robots to function adequately in agricultural settings and perform agricultural
tasks, research must focus on the integration of numerous complementary sensors to
achieve acceptable localisation and monitoring abilities, the design of simple manipulators to accomplish the required agricultural activity, the development of path planning,
navigation, and guidance algorithms adapted to situations other than open fields, and the
integration with workers and operators in this complex and highly dynamic scenario. This
is a primary goal for the use of a variety of technologies targeted at enhancing crop yield and
quality while cutting agricultural costs. Indeed, the primary long-term aim of food security
in the face of climate change necessitates a shift in the existing agricultural paradigm, which
focuses on lowering natural resource usage while increasing crop productivity. For example,
Tremblay et al. [101,102] demonstrated that precision seeding and planting, combined with
precise treatment application (which means only adding water and plant nutrients required
by the crop at the optimal place and time), result in not only an increase in average plant
size and uniformity of plant maturity, but also a reduction in the ratio of phytosanitary
products and water to crop production and, thus, environmental impact. Furthermore,
deploying robots or autonomous tractors to perform various agricultural tasks saves fuel
consumption and pollution, according to recent studies [103,104].
Agricultural research on autonomous vehicles began in the early 1960s, with a focus
on the development of automated steering systems [105]. In the 1990s, the great majority
of mechanical activities in field crop farming used large, powerful, and high-capacity machinery that required a lot of energy and had high handling and operating costs. However,
in the last decade, research at many universities and research institutes around the world
has undergone a paradigm shift: agricultural robot automation is now regarded as critical
for increasing overall productivity and should include the potential for improving fresh
produce quality, lowering production costs, and eliminating the repetitive tasks of manual
labour [106]. Cultivation and production processes, on the other hand, are sophisticated,
diversified, labour-intensive, and typically specific to each crop. Crop characteristics and
demands, geographical surroundings, and climatic and meteorological settings are all
factors that determine the type of method and its components. This means that the technology, equipment, and procedures required to execute an agricultural operation involving a
certain crop and environment may not be suitable for another crop or environment.
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Nonetheless, a large body of recent research has demonstrated the technological viability of agricultural robots for a variety of crops, agricultural tasks, and robotic
features [107]. However, only a few recent breakthroughs have been tested, adopted,
and put into service, and automation solutions for field operations have yet to be commercially applied efficiently and widely [108,109]. From an industrial viewpoint, the bulk of
the processes was changed [110]. In the previous three decades, many agricultural robots
and intelligent automation research projects never made it to the implementation stage.
The excessive cost of the intended systems, their inability to conduct vital agricultural
labour, low system durability, and difficulty to efficiently repeat the same activity in slightly
varied circumstances or meet mechanical, economic, and/or industrial criteria were the
primary causes for these failures.
Bechar and Vigneault [111,112] outlined certain criteria that, in most cases, can guarantee that robot technology may be deployed in agriculture.
•
•
•
•

•

The cost of employing robots is lower than the cost of employing any other method.
Using robots in agriculture improves agricultural production capacities, yields, profits,
and survival while also boosting product quality and uniformity.
The use of robots in growth and production processes minimises uncertainty and
volatility.
In comparison to the conventional method, the introduction of robots allows the
farmer to make higher-resolution judgements and/or increase the quality of the
output, allowing for growth and production phase optimisation.
The robot is capable of doing tasks that are either dangerous or impossible to execute
manually.

There are two key trends in robotics for agriculture that can be identified in the
literature: (1) flying drones for remote sensing and certain small crop management duties
and (2) ground rovers for all-around local monitoring and multi-task specialisation.
4.1. Flying Drones
As previously said, remote sensing using aerial images is a frequently used method
for monitoring large areas. Satellite pictures are too expensive for the common farmer,
and their resolution and quality are sometimes poor and impracticable because of weather
conditions. As a result, human-piloted aircraft aerial footage is of greater quality than
satellite images, but it is still prohibitively expensive for most farmers [33]. Unmanned
Aerial Vehicles (UAVs) have just entered the market and have found several applications
in a variety of disciplines, with the majority of research confirming UAVs’ enormous potential in PA [32,33,39]. UAVs can deliver centimetre-level resolution, integrate 3D canopy
height and orthophoto data, deliver multiangular data, deliver high-quality hyperspectral
data, and include a variety of auxiliary sensors. UAVs have the potential to become the
standard platform for remote sensing applications that need very high-resolution, thermal,
or hyperspectral data, such as weed identification and early crop disease detection [32].
Several publications have attempted to categorise the most typical UAV use in
PA [32,33,39]. The most prevalent use is remote sensing for soil and crop monitoring,
followed by patch spraying [33]. Remote sensing is based on the collection of several aerial
pictures in various spectral ranges. Drought-stress detection, for example, is mostly based
on thermal photography, but pathogen diagnosis based on the combination of thermal
and hyperspectral data yields excellent results. Weed identification, on the other hand,
is based on RGB cameras and machine learning object-based image analysis. UAVs are
interesting for nutrient status monitoring and yield prediction, but integration with models
can increase their application [32]. Combining electrical conductivity data with elevation and slope maps, as well as crop indices that characterise crop vigour, can improve
the definition and quality of MZs in vineyards or fields with significant slopes, according to a recent study [113]. Except for irrigation management, where thermal and/or
multispectral sensors monitor the crop’s water demands [39], it appears that there is a
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complete absence of standardisation, because various methodologies are used for the same
application [32,39,114].
Although UAVs can monitor individual plants, the MZ’s typical spatial resolution is
roughly 10 metres (e.g., sprayers with independent nozzles). As a result, UAVs can support
technical improvement in order to enhance the resolution of management zones [32].
4.2. Land-Based Robots
Because they may be deployed locally and operate in the needed place, unmanned
ground vehicles (UGV) can fill the UAV monitoring resolution gap. UGVs are also capable
of proximal sensing and are frequently built to execute one or more specialised agricultural
operation such as seeding, planting, weeding, treating, pruning, picking, handling, and
harvesting. Many supporting tasks, including localisation and navigation with obstacle
avoidance, detection of the object to treat, treatment or action to undertake, and so on, must
be performed by the robot in order for its core functions to be completed. For example,
the primary task in developing a disease-monitoring robot [115] is disease monitoring, but
the robot must also be capable of self-localisation, trajectory planning, steering, navigating
in the field, collaborating with workers and operators, and interacting with other robots
or unexpected objects. Ceres et al. [116] developed and implemented a framework for a
human-integrated citrus-harvesting robot, whereas Nguyen et al. [117] developed and
implemented a framework for apple-harvesting robot motion and hierarchical job planning. A framework for agricultural and forestry robots was developed by Hellstrom and
Ringdahl [118].
Many examples of the re-adaptation of agricultural devices with various degrees of
automation are available in the market and academic literature. Although tractors and
agricultural machinery in general (autonomous or not) are large and powerful, they tend
to degrade soil and make it more difficult to traverse [119]. As a result, customised robotic
UGVs have recently been designed to be tailored to select specific jobs to decrease bulkiness,
weight, and soil deterioration owing to unwanted compaction while still being able to fit
into the PA approach’s criteria. Unlike UAVs, where the mobile robotic platform makes
little difference and the focus is mostly on the used remote sensing, agriculture UGVs
produce more distinctive solutions that are heavily focused on and connected to the work
environment and the capabilities required by the activities [120,121].
The following is a very basic overview of the current state of the art in commercial
and academic agricultural UGVs. In addition, many classifications of agricultural robots
are given depending on the most prominent trends.
4.2.1. Agricultural Robot Main Functions Taxonomy
Due to the fact that comparable technologies can be readily implemented in UAVs, the
great majority of agricultural robots are entirely dedicated to remote or proximal soil or
crop monitoring (also known as phenotyping, i.e., evaluating plant attributes to determine
their state and potential helpful treatments). Due to the fact that the sensors are the
primary emphasis of this type of robot, the designs are often simple. For almond orchards,
Underwood et al. [122] presented a mobile robot with a scanning system that can map
flower and fruit distributions, as well as estimate and anticipate outputs for individual trees.
Mueller-Sim et al. [123] showcased a robot that can go beneath the canopy of row crops
such as sorghum or maize and deploy a manipulator to collect plant phenotypic data using
a modular array of non-contact sensors. Virlet et al. [124] created a massive robot based on
an overhead gantry design that uses RGB, chlorophyll fluorescence, hyper-spectral, and
thermal cameras to generate high throughput and extensive monitoring data. Cubero et al.
[125] and Rey et al. [126] presented two separate robotic systems for detecting pests and
disease on carrot fields and olive trees, respectively. Barbosa et al. [127] successfully tested
an autonomous robot for monitoring cotton and soy crops; Menendez-Aponte et al. [128]
suggest a robot for strawberry field scouting, and ByeLab [129–132] is a robot designed
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to check plant volume and health in orchards. Commercially accessible robotic platforms
have lately been available [133,134].
Mechanical and chemical weed eradication is the second-most popular use for mobile
robots in agriculture. Researchers are primarily interested in systems that use a vision
system to detect and classify weeds before removing them using a precision mechanical
actuator or a localised chemical application. Bakker et al. [135] suggested a multipurpose research vehicle with a diesel engine, hydraulic transmission, four-wheel drive, and
four-wheel steering to test one of the first autonomous weeding robots a decade ago.
Bawden et al. [136] used a vision-based online algorithm to develop a robot that eliminates
weeds chemically or mechanically depending on the species with a 92.3% accuracy of
correct weed detection. Utstumo et al. [137] developed a three-wheeled robotic platform
for chemical weeding in indoor carrot fields that reduced herbicide consumption significantly while avoiding overloading chemicals that might otherwise impact and destroy
the crops. Furthermore, autonomous weeding robots appear to be of special relevance to
the industrial sector. Oz [138], DINO [139], and TED [140] are three distinct weeding robot
models made by Naio Technologies. Carré built Anatis [141] to mechanically eliminate
weeds without the need for a detecting system, a self-contained solution that is more akin
to traditional agricultural gear with a three-point hitch for mounting weeding equipment.
AVO by Ecobotix [142], on the other hand, is an autonomous robot with a big solar panel
that sprays herbicide accurately to eradicate weeds using vision-based detection.
Seeding, planting, and transplanting are three more important areas where agricultural robots may be used. For instance, Haibo et al. [143] conducted a study and an
experimental campaign on a robot for wheat precision planting with a 90% accuracy.
Ruangurai et al. [144] used an unusual three-wheel rice-seeding robot to attain comparable seeding accuracy. Hassan et al. [145] presented a low-cost modular robot with a
custom-designed seeding mechanism, whereas Srinivasan et al. [146] created a modular
tracked robot for the same task. Several authors used extremely basic and low-cost autonomous robotic platforms to construct and test their precision seeding methods [147–152].
Mohammed and Jassim [153] developed and tested a robot that can seed, fertilise, and
irrigate. Li et al. [154] created a unique solar and wind-powered tumbleweed-inspired
robotic seeder for desert locations. Iqbal et al. [155] created a robotic pepper transplanter
that moves on rails for greenhouse production, while Liu et al. [156] created a sweet potato
transplanting robot that crawls. Rowbot [157], an autonomous seeding robot for row crops,
is one of the few commercial alternatives available.
Robotic harvesters are another popular issue, with vision-based crop-recognition
systems, specialised manipulators, and appropriate mobile platforms being strongly emphasised. Foglia and Reina [48] created and tested a pneumatic robotic arm for harvesting
red radicchio, which was directed by one of the first vision-based systems to accurately
detect the plants, in 2006. Tomato-harvesting robots have lately been proposed by several researchers [158,159], but there are many other harvesters for strawberries [160–162],
sweet peppers [163–165], carrots and cantaloupes [166], lettuce [167], asparagus [168],
apples [169], and fruits in general [170].
Spraying agrochemicals is another activity that largely relies on vision-based systems
to accurately apply just the right amount of chemical goods in order to avoid dangerous
spread. Chemical weeding robots fit under this category; however, spraying can also be
used for other treatments, particularly in orchards. Cantelli et al. [171] provided numerous
insights into designing a re-configurable robot for plant protection product distribution in
greenhouses and the associated spraying management system. Danton et al. [172] followed
the development of a robot for vineyards and orchards that can execute autonomous
spraying operations to treat vegetation while minimising the spread of contaminants
substances by using an array of independent sprayers. Terra et al. [173] took an alternative
approach, developing an autonomous sprayer that can apply just the needed quantity of
pesticides and is towed by a regular tractor. Some agricultural robots are not focused on
a particular duty but can complete a variety of them owing to modular tools. Amrita et
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al. [174] built a robot that can plough, sow, pick crops, and spray pesticides automatically.
Thorvald II, a modular robot that can be customised dependent on the environment and
type of crop, was introduced by Grimstad and From [175]. Some robotic solutions based on
traditional tractors that may be equipped with standard agricultural tools have also been
developed by industrial producers, particularly agricultural machinery brands [176–178].
Robotic platforms’ great adaptability has resulted in more one-of-a-kind solutions for
unusual tasks. Bug Vacuum [179], a pest control robot that eliminates insects by aspiring
them, was commercialised by Agrobot. Williams et al. [180] tested a unique kiwifruit
pollination robot, while Galati et al. [181] built a tracked robot to compress flax fibres, and
Loukatos et al. [182] constructed a robot that works alongside farmers during harvesting
as an autonomous carrier of fruits and vegetables.
4.2.2. Agricultural Robots and Vineyards
Among all the crops that may be grown, the ones with the highest market values
appear to be the ones where robotics is used the most. Vineyards, in particular, appear
to be attracting a lot of agricultural robot concepts. A selective pesticide sprayer built by
Oberti et al. [183], a semi-autonomous sprayer designed by Adamides et al. [184], and even
the European project Rovitis4.0 [185] are all examples of specialised agricultural robots.
There are definitely some prototypes dedicated to phenotyping [186] and others meant for
mechanical weeding tasks [187], but there are also other robots built for pruning [188] and
shoot thinning [189], as well as multi-purpose robots [190].
4.2.3. Agricultural Robots Classified by Size
When agricultural robots are classified by their size, numerous patterns emerge in
terms of capability, design, and characteristics. The vast majority of precision agriculture
UGVs are small electrically driven robots that are primarily used for crop and/or soil
monitoring. They are rarely utilised for activities other than remote and proximal sensing
because of their tiny size and limited power. Despite this, they need less investment, are
more agile, do not have particular energy supply issues, and can be adapted to a wide
range of crops.
There are robots with the size and power of traditional agricultural machinery and
tractors on the opposite end of the robot size spectrum. In this instance, the more commonly
recognised design trend, especially among major agricultural equipment manufacturers,
is to incorporate autonomous features into current agricultural vehicle architectures (e.g.,
tractors, combine harvesters) rather than developing wholly new designs [95,191]. Apart
from farmers’ experience with similar machinery and the adaptability of tractor implements
(i.e., an autonomous tractor with a typical three-point hitch, or a similar interface, can easily
employ traditional agricultural machinery usually towed and powered by traditional
tractors), these systems are expensive and work conveniently mostly in wide-open fields.
Medium-sized robots offer the best of both worlds, as well as the widest range of
designs. This group of robots can generally monitor the field using remote and proximal
sensing, but they can also perform tasks in the field. As previously said, many robots are
highly specialised for a very small range of tasks; as a result, the demands of the job drive
their design. Other robots, on the other hand, are versatile platforms that can complete a
lot of tasks, resulting in designs that are more adaptable and modular.
Small-to-medium-sized systems that can perform several tasks (multipurpose systems)
are seen as a viable alternative to all of them. Indeed, they have the potential to lower the
required economic investment [192] and to promote a new production paradigm (especially in developing countries), one that employs lucrative technology that has significant
environmental and social advantages [13].
4.2.4. Agricultural Robots by Mobility Layout Configurations
Fue et al. and Oliveira et al. [193,194] published reports on agricultural robots that
provided a measure of the most often used mobility layout variants. According to Oliveira
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et al. [194], 63% of agricultural robots are four-wheel drive or four-steering-wheel robots,
with the latter being favoured where tight manoeuvrability is required. All other layouts
(such as tracked, legged, rolling, etc.) have far lower adoption rates. Fue et al. [193] also
mentioned the widespread usage of robots running on tracks in greenhouses or, more
generally, in highly organised environments. Both evaluations included some discussion
of legged robots, which suggested similar ideas: despite the fact that they are very light
and thrive in extremely impervious terrain, their feet must be constructed adequately to
minimise soil damage from penetration and the robot sinking due to the great pressure
present in the small contact areas.
Vidoni et al. [195] used an ad hoc simulator to compare mobile robotic platform
configurations in order to determine which mobility architecture configuration is best for
agricultural activities on steep slopes, embankments, or hills. A tracked vehicle, according
to the researchers, can handle the steepest inclines while maintaining high manoeuvrability,
enhancing traction and decreasing soil compaction. Nonetheless, track slippage is unavoidable, and it causes substantial soil degradation that can lead to erosion, landslips, and water
exposure [196–202]. Wheeled layouts offer a number of benefits, including increased efficiency and maximum speed. However, when the wheeled platform encounters especially
loose or rough terrain, its efficiency plummets, and the vehicle may become stuck. Vidoni
et al. [195] examined all wheeled alternatives and found that a three-wheel arrangement
was the most nimble and basic, although it was readily overturned when used on steep
inclines. Four-wheel platforms, on the other hand, preserve wheeled mobility benefits
while providing substantially superior stability over severe inclines. Furthermore, due to
their greater steering capability, agility, and stability, articulated wheeled vehicles were
shown to be the best suited for uneven and side-slope terrains, according to the authors.
5. Collaboration of Multiple Robots in Precision Agriculture
UAVs may be used to monitor large areas; however, their associated sensors are
frequently hampered by airspeed and altitude, as well as position uncertainty, restricting
their ability to perform remote sensing accurately. UGVs, on the other hand, are machines
that can monitor the environment and interact with the soil and crops in the field and over
a variety of terrain. UGVs can accurately interact with objects, but they lack the rapid
mobility of UAVs, and their navigation is severely limited by obstacles, barriers, and field
characteristics in general. Establishing a diverse collaboration of various flying and ground
robots to obtain more effective results is the logical progression of these ideas [203–205].
A farm operator may supervise the entire process and control the activities necessary to
execute a difficult operation with several phases or even an entire mission autonomously
using a system made up of a team of numerous heterogeneous aerial and ground mobile
robots [206,207]. Figure 4 shows how a team of robotic agents can carry out PA operations
over the course of a growth period.
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Figure 4. Schematic overview of the different ways to extract spatial information and the useful
robotic platforms throughout a growing season.

Due to the potential advantages of robot collaboration in PA, most of the recent
academic research has focused on integrating a fleet of cooperating robots into agricultural
tasks. The European Flourish project [208], for example, optimised conventional aerial
and ground robots to improve PA tasks such as crop monitoring. Tokekar et al. [12] and
Bhandari et al. [209] looked at how commercial and low-cost UAVs and UGVs may be
used to gather data in agricultural fields. The goal of Gonzales de Santos et al. [210] was
to develop, deploy, and test a fleet of heterogeneous UGVs and UAVs to handle a variety
of agricultural situations, such as weed and pest management, crop quality enhancement,
and farm operator health and safety. Ribeiro et al. [206] created and tested a team of
airborne and ground autonomous robots that efficiently coordinated to administer precise
treatments to crops as part of the European RHEA project. Davoodi et al. [11] examined a
team made up entirely of strategically positioned UGVs, allowing for maximum coverage
of the whole field and monitoring of the MZs. Instead of open fields and orchards, some
work is completed by a fleet of robots in greenhouses [211].
6. Case Study: Agri.Q
Almost all available robotic solutions for agriculture, except for a few small-scale
prototypes used only for monitoring purposes, target flat fields or fields with no significant
steep and impervious terrain. In the case of Italy, substantial regions of agricultural
production are in hilly or mountainous areas, particularly when orchards, olive groves, and
vineyards are taken into account [212]. This occurrence may rise in the future as a result
of the climate change impact, which may force people to move to higher zones to meet
temperature needs and maintain product quality [213]. As a result, robotic platforms must
overcome and deal with a variety of challenges, for example, to address traction concerns,
wheel slippage, tight spaces between rows, instabilities associated with terrain irregularities
and changing slopes, poor GPS signal reception, and dedicated awareness (location, terrain,
environment) systems and architectures must be built. Furthermore, activities in steep
regions are carried out either manually or with small and compact vehicles, exposing
the driver to dangerous conditions. For the latter, overturning incidents are virtually
exclusively found in hilly/mountainous locations in Italy, with a mean incidence of more
than four accidents per 100,000 working hours [214]. Field activities account for 68% of
these. These dangers could be reduced or eliminated if autonomous and teleoperated
systems were used. Furthermore, it is worth noting how orchard and vineyard activities
on steep slopes, terraces, and embankments often need repeated tasks and the physical,
non-ergonomic transport of even considerable loads. This, together with the ageing of the
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population and the resulting shortage of competent workers, provides a potential issue
that will need to be addressed soon.
The authors have developed Agri.Q, an innovative UGV (Figure 5) [215–219]. The
rover is specially developed for precision agriculture applications in vineyards and can
function in an unstructured environment on uneven terrain, collaborating with drones if
necessary. It is outfitted with various instruments and sensors to perform specific activities,
such as field mapping and crop monitoring. Thanks to a redundant seven degrees of
freedom (DOF) collaborative robot arm, it is also possible for the rover to interact with the
environment, for example performing soil, leaf, and grape sample collections. Furthermore,
it boasts a two DOF photovoltaic (PV) panel that can self-orient to assure a secure and
always-flat drone landing platform or even maximise the gathering of sun rays during
the auto-charging phase. The robotic arm is fixed on such a platform, hence the robot
manipulation workspace can be dynamically adapted to different tasks and scenarios.

Figure 5. Agri.Q in a vineyard in Castagnito, part of the Roero historical region in the south of the
Italian region Piedmont

Agri.Q is an articulated robot made of two skid-steering modules, each module has
two locomotion units driving two tyres each by means of a chain drive. Therefore, this
architecture allows for efficiency comparable to more traditional wheeled systems and the
effective distribution of pressure on the ground as with tracked vehicles. This last point,
together with the robot’s low weight of around 110 kg, allows the robot to move nimbly
over rough and soft terrains, minimising soil degradation. It has been designed to fulfill
mostly proximal soil and vine monitoring and sample collection, while a flying drone can
use Agri.Q as a base whenever its remote sensing capabilities are not required. Its battery
can last about 3–4 h mostly depending on the terrain condition, but its 2 × 1 m orientable
PV panel can double the robot’s autonomy if its missions are properly planned considering
sun exposure and recharge phases.
7. Conclusions
This paper summarises the current state of the art in the subject of precision agriculture
using mobile robots. Elements of the precision agriculture system are first analysed for
their contribution to agricultural efficiency and sustainability, After a brief introduction to
precision agriculture, the review focuses on two primary aspects. First, the state of the art
sensor and monitoring technologies are described and classified into two major categories.
Second, the most prominent current robotic solutions in precision agriculture are illustrated,
in particular regarding land-based robots, and some trends in their designs and feature are
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discussed. Finally, the mobile robot for precision agriculture in vineyards named Agri.Q,
developed by the authors, is presented as a valuable solution in fields characterised by
significant inclines.
According to this study, the most researched perception solutions are those based
on vision and cloud point sensors, often combined with machine learning approaches to
interpret the collected data. Drones are the preferred robotic solution when monitoring of
large fields is needed, but all of them are just a conventional drone carrying some sensors.
Land-based robots instead show more unique designs based on their required tasks. Again,
most land-based robotic solutions are small robots dedicated solely to monitoring activities.
Other agricultural tasks, on the other hand, are becoming increasingly automated, in
particular in orchards, vineyards, and other high-value agricultural products.
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