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Abstract: The advent of mobile robots in agriculture has signaled a digital transformation
with new automation technologies optimize a range of labor-intensive, resources-demanding,
and time-consuming agri-field operations. To that end a generally accepted technical lexicon for
mobile robots is lacking as pertinent terms are often used interchangeably. This creates confusion
among research and practice stakeholders. In addition, a consistent definition of planning attributes
in automated agricultural operations is still missing as relevant research is sparse. In this regard,
a “narrative” review was adopted (1) to provide the basic terminology over technical aspects of mobile
robots used in autonomous operations and (2) assess fundamental planning aspects of mobile robots
in agricultural environments. Based on the synthesized evidence from extant studies, seven planning
attributes have been included: (i) high-level control-specific attributes, which include reasoning
architecture, the world model, and planning level, (ii) operation-specific attributes, which include
locomotion–task connection and capacity constraints, and (iii) physical robot-specific attributes,
which include vehicle configuration and vehicle kinematics.

Keywords: planning; agriculture; locomotion; coordination; routing; operation research

1. Introduction

In the era of Industry 4.0, digitalization of industrial processes and services has been advanced by
three key technologies [1]; the Internet of Things (IoT) (e.g., connectivity); additive manufacturing
(e.g., 3D printing) and advanced robotics. In particular, the application of robotic systems extend,
in principle, from structured industrial environments to semi-structured and even unstructured
operational settings [2]. Indicative cases of application include: healthcare operations [3] urban
mobility [4]; and precision agriculture [5]. Automating operations in these environments requires
technologically advanced robotic systems for performing four main operations [6]: (i) perception;
(ii) localization; (iii) planning; and (iv) execution. Similarly, mobile robots, i.e., Unmanned Ground
Vehicles (UGVs) and Unmanned Aerial Vehicles (UAVs), are being applied in agriculture for automating
a range of labor-intensive, resources-demanding and time-consuming operations. In this regard,
planning mobile robots in agriculture is essential within the Operations Research community [7],
specifically for resolving constraints of farm input resources, robot maneuverability, agri-field topology,
and time windows imposed by the specifications of crops/fresh produce.
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The extant literature on mobile robots is proliferated by studies which focus on an extensive
range of hardware and possible technological options solutions like locomotion systems [8] sensing
equipment [9], spatial positioning systems and steering control mechanisms [10]. However, the need
for planning mobile robots in agricultural environments, i.e., converting mission specifications as
defined by a user into high-level descriptions of how to execute the physical mission subject to defined
performance criteria, is also critical and challenging due to:

(i) the presence of biological entities governed by temporal changes in their properties (the product
itself-i.e., the crop-throughout its life continuously changes in terms of physical-e.g., size and
shape-and chemical properties-e.g., color and nutrients)

(ii) the nature of agricultural environments as operational environments are typically non-static,
non-certain in terms of robot awareness, and not defined a priori; and

(iii) the technological and functional constraints of mobile robots.

In addition, a major challenge that needs resolution through optimal planning is the limited
flight autonomy of UAVs. This hinders the potential for remote sensing and field mapping on a
single route [11,12]. Ensuring safety in remote sensing missions requires careful design of the UAV
trajectory in terms of visiting waypoints, flight speed and altitude, flying directions, flexible real-time
mission management capacity to minimize the number of changes in trajectory and imagery overlaps,
and take-off and landing requirements.

Despite the need for planning automated operations in agricultural environments, a generally
accepted technical lexicon over mobile robots is lacking as pertinent terms are often used interchangeably.
In addition, consistent definition of planning attributes in automated agricultural operations is missing
as relevant research is sparse. Therefore, the need to define mobile robots-centric technical aspects and
planning should lay the foundation to resolve key research questions (RQs):

• RQ#1-What is a basic and concise terminology required for planning mobile robotic
autonomous operations?

• RQ#2-What attributes have to be included to enable a comprehensive locomotion panning in
autonomous operations within agri-environments?

The objective of this study is to review and address these RQs. Specifically, we adopt a “narrative”
review approach to provide, as a first step, the basic terminology to describe mobile robotic applications
used within field autonomous operations. As a second step, we aim to provide fundamentals planning
aspects of mobile robots in agri-field environments. Ultimately these will shape current research,
identify knowledge gaps and recommend future directions.

2. Materials and Methods

As this research aims to articulate a concise basic lexicon on a topic with pragmatic ramifications,
the object of scrutiny is a synthesis of existing works in the literature [13]. The basic theoretical lens,
the definitions and decomposition of the planning attributes, and the methodological approach relevant
to this research are analyzed in the sub-sections below.

2.1. Theoretical Lens

Mobile robots are expected to operate autonomously in real-world and dynamically changing
agricultural environments, hence necessitating the integration of effective control and navigation
systems to support localization, path planning, and path execution capabilities [14]. From an academic
point of view, as the principles of control systems engineering underpin the actions of mobile
robots, this research adopts the control theory respective. According to Sontag [15], control theory is
fundamentally the sub-field of “application-oriented mathematics that deals with the basic principles
underlying the analysis and design of control systems”.
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Control theory is used to mathematically express and analyze the structure of the planning
problems under consideration, e.g., trajectory planning, and to generate an analytical solution [16].
Nonetheless, providing mathematical expressions for the identified and consolidated planning types
for mobile robots in agriculture extends the scope of this research.

2.2. Definition of Planning Atributes

Considering that the focus of this research is the planning of mobile robots in agricultural
operations, in this sub-section, we primarily present the principles of mobile robots, and then we define
and decompose the planning attributes encountered in an agricultural operations setting.

Generally, mobile robot systems are recognized as “physical agents that move and interact
continuously while embedded in a dynamic environment” [17]. Contrary to existing robotic systems
which are largely fixed and heavy installations used for performing repetitive tasks, autonomous
mobile robots consist a more flexible and cost-effective technology for executing sophisticated tasks
without manual observation/operation. Advanced UGV and UAV systems that utilize sensors and
cameras to self-localize and navigate their working environments are typically recognized as mobile
robots. In an agricultural setting, UGVs are autonomous vehicles that navigate within an agri-field
for soil and imagery aggregation, harvesting, spraying, weeding, etc. [18,19]. Additionally, UAVs are
used to mainly address area coverage tasks (usually referred as “mosaicking”) with regard to the
acquisition of geo-referenced aerial imagery, weed detection (high-resolution monitoring) and hydric
stress determination (low-resolution monitoring).

The interaction element within certain environments is eminent so that mobile robots
“accomplish various tasks such as visual navigation, obstacle avoidance, and landmark (and/or
object) recognition” [20]. A mobile robot typically comprises of two sub-systems (Figure 1), namely:

1. The physical sub-system that includes the locomotion mechanism, which enables the
motion-transition of the robot between two subsequent configurations, along with the sensory
devices, which enable interaction with the operating environment At the physical subsystem level,
the locomotion mechanism includes physical steering systems (in the case of UGVs) or piloting
systems (in the case of UAVs), the necessary control mechanisms and the underpinning kinematics;

2. The computational sub-system that includes the low- and high-level control layers and refers to
all algorithms and models controlling the functionality and maneuverability of the robot.

In this work, we use the term “locomotion planning” to encapsulate the terms “motion planning”,
“route planning”, and “path planning” that are typically used interchangeably in the literature related
to automated operations enabled by robotics. A general differentiation between these terms can
be based on the level of abstraction of the solution domain. The term “motion planning” refers
to generating efficient trajectories for mobile robot systems, particularly in problems that involve
kinematic constraints, dynamic constraints, object coordination, etc. Furthermore, the term “route
planning” refers to calculating the optimal sequence (permutation) for visiting the nodes in a graph,
from a topological perspective, and is equivalent to the problem of the complete traversal of a graph
(in the same sense that the term is used in the family of vehicle routing optimization problems) [21,22].
Conversely, “path planning” refers to the problem of determining a collision-free path, either in a
topological or geometrical or trajectory sense, connecting a pre-given start and a goal point [23].

In the following sections, locomotion planning attributes encountered in an agricultural operations
setting are defined and decomposed.
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the environment.

2.2.1. Reasoning Architecture

The autonomous and intelligent operation of mobile robots requires context-aware adaptation to
the particular conditions of each operating environment. Therefore, two distinct reasoning architectures
(or control paradigms) which dictate the intelligent behavior of mobile robots are identified [17], namely:
(i) deliberative reasoning; and (ii) reactive reasoning. Models that combine elements of both deliberative
and reactive behavior comprise hybrid architectures [24].

In the case of deliberative reasoning the robot actions are planned based on an off-line generated
word map. The basic assumption under this reasoning architecture is that past and current knowledge
is used for predicting the potential outcome of a robot’s action [25]. In deliberative reasoning the world
is defined based on incomplete information leading to uncertainty about the possible actions of a robot
thus resulting in reduced system robustness. Despite the uncertainty at a spatial level, time-specific
uncertainty is also prevalent due to a time gap between a priori representation and the actual world.
The significance of time gaps is greater in outdoor agricultural production environments owing to the
variability of time, weather conditions, ongoing evolvement of biological entities (e.g., trees, crops),
etc. Except for the effect of time gaps, the reasoning process associates to high computational costs,
hence generating an additional gap between reasoning and decision execution. In the reactive control
paradigm, a synthesis of environment perception and robot action dictates the behavior pattern of the
system behavior [17]. Practically, changes to the environment are captured through sensors, and the
actuators translate the received signals to real-time response. Reactive architectures can complement a
mobile robot’s control system for critical tasks, in real-time, like obstacle avoidance.

Both robot control reasoning architectures have drawbacks; however, combining and balancing
these paradigms can ensure the efficient execution of the assigned tasks. The usual practice is the
combination of a high-level deliberative behavior for the operation’s tasks and a low-level reactive
behavior for the real-time critical tasks mainly related to safety of the robot and the operating
environment (including the human factor).
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2.2.2. World Model

Word maps refer to the internal representation of the operating space by a mobile robot [26].
In this context, workspace representations refer either to the use of a pre-generated map (along with
the characteristics of any involved entities) or the creation of a new map. Research in the field of
mobile robots recognizes three (3) types of world maps, namely: (i) metric maps; (ii) topological maps;
and (iii) semantic maps.

In a metric map, the world representation regards the configuration of the environment and the
location of any entities that affect robot self-localization. To that end, either Cartesian or grid-based
world models are applied. Cartesian models consist of discrete geometric primitives such as points, lines,
or polynomial functions. These primitives are connected either with a local or a global two-dimensional
or tree-dimensional coordinate system [20,27]. In grid-based models the workspace is decomposed
into an evenly-spaced grid and each entity corresponds to a region within the environment [28].

Moreover, topological maps use graphs to represent world environments [29], thus allowing
the execution of navigation tasks. Specifically, the nodes of a graph represent locations, obstacles or
landmarks (such as doorways). In addition, arcs connect the nodes in case a direct relation exists
between them; the arcs denote a “calibrated” parameter that represents the cost (e.g., distance) for the
safe transition of a mobile robot between nodes.

Finally, the need for robots to execute high-level tasks in human-involved environments motivated
the introduction of semantic maps in the related technical literature [30]. Specifically, semantic maps
use meta-information to provide robots with a range of inference capabilities for efficient navigation,
object detection, human-robot interaction, etc.

2.2.3. Locomotion–Task Connection

Locomotion capabilities are a major prerequisite for mobile robots as these enable the execution of
handling tasks at distributed workstations. Indicatively, the most common locomotion systems include
wheels, mechanical legs, tracks, propellers, and other external devices which enable the interaction
with the operating environment [31].

Furthermore, the tasks which need to be executed by mobile robots in agriculture might be:

• Implicitly connected with the robot’s locomotion, i.e., the robot uses its mobility function in order
to reach a set of distributed workstations to perform any required tasks. In this case, the way that
the robot navigates is irrelevant to the task per se.

• Explicitly connected with the robot’s locomotion, i.e., the task is executed “on-the-go”. Notably,
the way that the robot is moving affects the execution of the task.

In the case of implicit connection between locomotion and task, the general architecture of mobile
robot systems is depicted in Figure 2. For example, a mobile robot equipped with a harvesting arm
that navigates across an orchard to pick fruits or to monitor the status of the field classifies as a case of
implicit connection between locomotion and task.

On the contrary, for the case of explicit connection between locomotion and task, the architecture
of the robotic system is the general one presented previously as depicted in Figure 1. For instance, a
mobile robot that executes area coverage operations, like spraying or seedbed preparation, is a case of
explicit connection between locomotion and task.
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and task.

2.2.4. Planning Level

In robotics literature, the differentiation between global and local path planning relates to the
operations environment and the predefined goals [32]. Firstly, global planning refers to the provision
of a complete plan for the operations to be performed; the operations could be either deterministic or
stochastic, depending on the availability of a priori information [33]. Secondly, local path planning
refers to the real-time generation of an operational plan based on the data collected during navigation
and the changes in the workspace [32].

Usually, local planning is implemented in combination with a global path planner for tasks
such as obstacle avoidance or headland turnings and is mainly based on reactive control processes.
For example, a global planner provides the track sequencing and the paths in area coverage operations,
while a local planner activates in the presence of any obstacles on the mobile robot’s path. Figure 3
provides the general architecture of a robotic system. This architecture varies among systems and must
be adapted to each specific case in terms of activation of local and global planning constituents along
with their relative contribution to the overall planning for the robotic system.Appl. Sci. 2020, 10, x FOR PEER REVIEW 7 of 21 
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2.2.5. Capacity Constraints

From an agronomic point of view, a capacity constraint is valid in operations where either an
input (e.g., fertilizing) or an output (e.g., harvesting) material flow is involved [22,34]. In this regard,
capacitated agricultural operations imply that the involved tasks cannot be completed on a single route
of the agricultural vehicle (meaning that the vehicle has to interrupt the operation for refiling—e.g.,
fertilizing—or unloading—e.g., harvesting).

From an optimization process point of view, the term “capacitated” is more general and refers
to the presence of capacity constraints in the optimization problem of planning in order to include
capacity constraints beyond the ones directly stemming from material flow. For example, in a UAV
monitoring operation, which does not involve any material flow, the operation can be still characterized
as “capacitated” since the drone needs to interrupt the operation for recharging reasons.

2.2.6. Vehicle Configuration

This attribute simply regards the operation of a single mobile robot or the synergetic cooperation
of multiple robots.

2.2.7. Vehicle Kinematics

From a locomotion planning point of view, two general types of vehicle kinematics can be
distinguished, kinematics that are governed by holonomic constraints (e.g., omnidirectional driving)
and kinematics that are governed by non-holonomic constraints (e.g., car-like driving).

2.3. Methodological Approach

This research applied the ‘traditional narrative’ review approach to analyze the extant literature
pertinent to planning aspects of mobile robots in agriculture, while aiming to provide insights in the
field [35]. In particular, the ‘traditional narrative’ review approach involves informal mechanisms to
organize and analyze the existing literature in a field [36]. To that end, a small number of articles in
peer-reviewed scientific journals were selected which helped to identify key authors and other relevant
studies to the particular topic of planning agricultural robotics. The selection of the ‘traditional review’
approach, instead of a more systematic review, was motivated by the intention to close the gap on
fundamental knowledge in the field of agricultural robotics planning which currently lacks any concise
and formal definitions beyond scattered and random empirical knowledge [37]. Instead, we attempted
to identify a set of papers that investigate planning aspects of mobile robots (both UGVs and UAVs) in
main agricultural operations to gain insights.

The taxonomy of the selected articles is based on the attributes of the presented planning
approaches. As previously presented, in agricultural mobile robots, seven planning attributes
have been recognized. These attributes can grouped into three main categories: (i) High-level
control-specific attributes, which include reasoning architecture, the world model, and planning level,
(ii) operation-specific attributes, which include locomotion–task connection and capacity constraints,
and iii) physical robot-specific attributes, which include vehicle configuration and vehicle kinematics
(Figure 4).
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Furthermore, the articles are also taxonomized based on the findings of the corresponding
approaches. These findings include:

(i) Operational environment. Typically, three types of agricultural environments are recognized,
including: (a) unstructured environments (arable farming, e.g., wheat and corn); (b) semi-structured
environments (open-air horticulture, e.g., orchards and vineyards); and (c) structured environments
(greenhouses).

(ii) Operation. This regards physical agronomic operation, e.g., harvesting, spraying.
(iii) Approach validation. This regards the validation means of the presented approach, namely,

through simulation, lab experiments, or trials in a physical environment.

3. Review

In order to address large-scale motion planning problems, studies often apply a multi-layered
analysis framework mainly consisting of [38]: (i) a global planning layer that produces an optimal
path with a priory knowledge of the general environment and static obstacles - this layer divides
the workspace into smaller areas; and (ii) a local planning layer that guarantees safety in uncertain
environments—this layer recalculates a safe path whilst avoiding dynamic obstacles and changes in
the workspace. We follow the same analysis framework here on the review presentation flow, first
presenting articles that deal with global planning approaches and then articles dealing with local
planning approaches.

The literature on global planning considers both UGVs and UAVs. Selected studies are
analyzed below.

With regard to UGVs, the work that presented in [39], a path planning approach for car-like
mobile robots in orchard operations based on the A* algorithm and Manhattan metrics (grid map).
The proposed approach uses a configuration space that utilizes restrictions, capturing safety and
agri-technical limitations, via implementing penalty functions that consider the steering angle, travel
direction, roll and pitch angles, and region traversability. In addition, the authors in [40] developed a
two-stage randomized kino-dynamic motion planning approach for non-holonomic vehicles (Ackerman
steering). At the first stage, a relaxed two-dimensional (2D) path planning was executed using a
Rapidly-exploring Random Trees algorithm. A metric function combining path traversal time, heading
change, and failure rate was used as a cost function to select the nearest neighboring node. At the
second stage, the trajectory of the vehicle was plotted using B-splines for enabling the motion planner to
plot smooth paths while ensuring geometric continuity and satisfying maximum curvature conditions.

Authors in [41] examined pasture fields in dairy farms, particularly focusing on the associated
agronomic needs. In this context, pasture fields are often divided in three separate operational-wise
problems, i.e., reseeding, weeding, and fertilizing by redistributing cowpats. Therefore, [41] defined
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sub-regions and implemented the Travelling Salesman Problem approach to find the shortest path
for a mobile robot visiting these areas. In addition to the topological problem, the proposed system
also took into account the feasible trajectory kinematic and dynamic constraints (e.g., working width,
turning capacity). In addition, the authors in [42] deployed a set of algorithms for selective patch
treatments in a field with row crops by using a robotic vehicle. A mixed weighted networking graph
represented the system, which was solved as the asymmetric travelling salesman problem using the
parthenogenetic algorithm. The ability of the robot to move in both directions is factored in the mixed
graph and the parthenogenetic algorithm leverages this technical feature to generate an optimized
path by choosing to reverse even in mid-row operations to reach the next node.

Additionally, the work presented in [21] tested a path planning algorithm along with a user
interface for autonomous field coverage in three case studies: (i) coverage of three separate fields;
(ii) coverage of three neighboring fields in one mission; and (iii) coverage of a single field and
simulating a spraying operation with two refilling locations. The user interface incorporates the
field’s geomorphological information along with the UGV’s properties to calculate the desired path.
An algorithmic approach of the vehicle routing problem was followed to produce the admissible path
and to reduce the working time. The authors in [43] also developed and tested, both via simulation
and real-world experiments, a route planning approach for an orchard’s spraying operations based
on B-Patters algorithm. The study findings demonstrated reductions in working time (10.7–32.4%),
in non-working distance (17.5–40.2%), and in total travelled distance (2.2–6.4%).

Moreover, the authors [44] developed and simulated a path planning algorithm for the autonomous
navigation of a mechanically and electrically modified tractor to minimize fuel consumption and
related atmospheric emissions while performing a number of agricultural processes (i.e., weed and pest
control). The algorithmic solution simultaneously considered a range of parameters including UGV’s
fuel consumption, engine emissions, obstacle detection, weed identification, optimal turning angle
for the UGV, and paths for area coverage. Conesa-Muñoz et al. (2016) [45] implemented a simulated
annealing-based algorithm for area coverage in herbicide applications. To validate the proposed
algorithm, which facilitates both global and local planning, five case studies were investigated focusing
on the minimization of: (i) the distance travelled in the crop headlands using different turning radii;
(ii) the input cost and required time for a fleet of homogeneous vehicles; (iii) the input cost for the
required time and both criteria for a fleet of both homogeneous; and (iv) heterogeneous vehicles
with small tanks; and (v) the time for a fleet of homogeneous UGVs in a field divided into three
parcels. Finally, the work presented in [46] developed a multi-objective path planner for a mobile robot
in greenhouse environments. The developed algorithm considered travelling distance and routing
angel subject to pesticide tank capacity constraints, and it was tested against four alternative routing
test cases.

Considering UAVs, the authors of [47] proposed an area coverage planning system for ensuring
a UAV’s energy efficiency and high-resolution aggregated images. The structure of the system was
based on into three distinct algorithms for: (i) estimating the consumed energy related to the UAV’s
operational speed, acceleration, flying maneuvers and height; (ii) determining an energy efficient
path to cover the entire field; and (iii) detecting fail-safes based on the current status of the UAV
(i.e., battery level, GPS and ground station signals) to ensure the completion of the operations or the
safe return of the UAV to the home position. In addition, the authors in [48] presented a two-level
algorithmic approach for the path planning problem of UAVs for spraying operations. Specifically,
the first level refers to a grid point-based method for decomposing a field and identifying navigation
points, whereas the second level considers a modified boustrophedon algorithm used in coverage path
planning field. The integrated approach renders path planning flexible for complex fields, and it is
useful for multi-agent crop dusting.

The authors in [49] presented an off-line area coverage planning approach where the area to be
scanned is decomposed into a finite set of cells for the optimal sequencing of these cells under the
criterion of minimizing the number of changes in the direction of UAVs. To that end, an adapted
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metaheuristic algorithm was simulated and provided individual paths for multi-UAVs or equivalently
a number of paths for a single UAV. Finally, in the work [50] presented a seminal work on complete
mission execution that involves planning and control of the UAVs in actual field experiments. Except
for area coverage planning, the study concurrently investigated the problems of task generation
(area partitioning) and task assignment (sub-areas’ allocation) to minimize the number of turns and
overlapped areas which are both affecting the total coverage time. The approach took into account the
characteristics of different UAVs and thus it can address problems of heterogeneous fleets.

The authors in [51] proposed a two stage kino-dynamic planning algorithm for cost-based
navigation which was tested in experimental weeding applications by using a non-holonomic vehicle.
In the first stage, the algorithm explored all the feasible trajectories from an initial to an end-point
via using the Rapidly exploring Random Trees as a probabilistic path planner. In the second stage,
the movement cost at a non-collision path assignment was minimized via deploying a gradient descent
algorithm. Furthermore, in the [52] tested a simulated annealing and a genetic algorithm for the
kino-dynamic planning for autonomous agricultural vehicles within field areas with obstacles and/or
complicated field borders. The study results demonstrated that the annealing algorithm outperforms
the genetic in all tested cases.

In [53], a path planning approach was developed by combining neural networks for describing
the motion of the agricultural mobile robot and a genetic algorithm for optimization. The optimization
objective was the minimization of the total changes in the steering angle and the required travel time.

Finally, multiple-vehicle systems imply the use and physical interaction among the systems within
a fleet of mobile robots [54]. The notion of “physical” interaction is used to distinguish multiple robotic
systems from multiple-agent systems which usually refer to distributed computer systems involving
individual stationary nodes. Notably, in multi-robot systems, the locomotion plan is complex owing to
the multi-aspect requirements for avoiding: (i) collision with obstacles; (ii) deadlocks; (iii) collision
with other robots; and (iv) traffic congestion situations. This generates the notion of coordination that
is the generation of distributed strategies for a fleet of cooperating robots in a given task to optimize
the performance. The present research recognizes coordination as a control discipline rather than a
planning one. However, due to the importance of coordination in the execution of multi-robot enabled
planned tasks, and due to the inherent optimization process in this kind of control, it was considered
valuable to include aspects on motion coordination in this study.

Indicatively, the authors of [55] tested, at both simulation and experimental levels, a framework
that utilized the A* algorithm with the Euclidian distance to plan a point-to-point collision-free
navigation of multiple UGVs. The dynamic structure of the fleet allowed potential de-formations
to avoid obstacles and execute complicate kinematics. Additionally, the authors of [56] presented a
distributed control framework for the coordination of the motions of field robotic teams which supports
both cases of master-slave and peer-to-peer operation modes. The results showed that under this
framework field robots can coordinate with nearby team members by altering their trajectories (in
terms of velocity profiles or path shapes) and avoid collisions.

Table 1 taxonomizes the selected studies on locomotion planning according to the defined
planning attributes and also provides information about the application features of each approach.
It is evident that the defined attributes apply to all of the approaches. Furthermore, the variation of the
instances of these attributes among the various approaches maps the current state of research in the
domain of mobile robots in agriculture. For example, there is clear preference toward global planning
approaches compared to local planning approaches. The same stands also between deliberative and
reactive reasoning architectures in favor of the former. Finally, although agricultural environments are
characterized in their majority by rough terrain, there is a lack in approaches dealing with 3D world
models. All of the above reveal gaps in the current research.
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Table 1. List and taxonomy of selected articles in locomotion planning.

Article Year Agent
Planning Attributes Application Features

Planning
Level

Reasoning
Architecture World Model Vehicle

Configuration
Capacity

Constraints
Vehicle

Kinematics
Locomotion–Task

Connection
Operational

Environment Operation Approach
Validation

Barrientos et al.
[50] 2011 UAV Global Deliberative Topological Multiple Capacitated Holonomic Explicit Semi-structured Monitoring Experiment

Simulation

Bochtis et al.
[43] 2015

UGV
Global Deliberative Metric Single Non-Capacitated Non-Holonomic Explicit Semi-structured

Mowing Experiment
Pesticides Spraying Simulation

Bochtis et al.
[21] 2009

UGV
Global Deliberative Metric Single Capacitated Non-Holonomic Explicit Unstructured

Grass Cutting Experiment
Spraying

Cariou et al.
[41] 2017 UGV Global Deliberative Metric Single Non-Capacitated Non-Holonomic Explicit & Implicit Unstructured Scouting—Pasture

Maintenance Experiment

Conesa-Muñoz
et al. [45] 2016 UGV Global Deliberative Metric Single Non-Capacitated Not Specified Implicit Semi-structured Pesticides Spraying Simulation

Di Franco and
Buttazzo [47] 2016 UAV Global Deliberative Topological &

Metric Single Non-Capacitated Non-Holonomic Explicit Not Specified Monitoring Experiment

Elbanhawi and
Simic [40] 2014 UGV Global Deliberative Metric Single Non-Capacitated Non-Holonomic Not Specified Semi-structured Not Specified Experiment

Simulation

Ferentinos et al.
[52] 2002 UGV Local Deliberative Metric Single Non-Capacitated Non-Holonomic Not Specified Not Specified Not Specified Simulation

Gonzalez-de-Soto
et al. [44] 2015 UGV Global Deliberative Metric (3D) Single Non-Capacitated Non-Holonomic Explicit Unstructured Not Specified Experiment

Hao et al. [55] 2015 UGV Local Reactive Metric Multiple Non-Capacitated Non-Holonomic Implicit Unstructured Harvesting Simulation & Lab
Experiment

Li and Yi [42] 2013 UGV Global Deliberative Metric Single Non-Capacitated Non-Holonomic Implicit Unstructured Spot Application
(fertilizing, spraying) Simulation

Linker and
Blass [39] 2008 UGV Global &

Local Deliberative Topological Single Non-Capacitated Non-Holonomic Not Specified Semi-structured Not Specified Simulation

Mahmud et al.
[46] 2019 UGV Global Deliberative Metric Single Capacitated Non-Holonomic Explicit Structured Pesticides Spraying Experiment

Moon and Shim
[48] 2009 UAV Global Deliberative Metric Single &

Multiple Non-Capacitated Non-Holonomic Explicit Not Specified Pesticides Spraying Simulation

Noguchi and
Terao [53] 1997

UGV
Global Deliberative Metric Single Non-Capacitated Non-Holonomic Explicit Not Specified Water Spraying Experiment

Simulation

Valente et al.
[49] 2013 UAV Global Deliberative Topological Single &

Multiple Capacitated Holonomic Explicit Semi-structured Monitoring Simulation

Vougioukas
[56] 2012 UGV Local Reactive Metric Multiple Non-Capacitated Non-Holonomic Implicit Not Specified Not Specified Simulation

Vougioukas
et al. [51] 2006 UGV Local Deliberative Metric Single Non-Capacitated Non-Holonomic Explicit Semi-structured Weeding Experiment

Simulation
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4. Discussion

4.1. Locomotion Planning as Part of the Overall Mission Plannning

Mission planning is the process of determining the sub-tasks that need to be executed (i.e.,
task decomposition), assigning a sequence for these sub-tasks’ execution, in the case of a single-robot,
or assign individual autonomous robots to these sub-tasks, in the case of multiple robots, and
determining a corresponding course of collision-free actions (i.e., locomotion planning) [50] (Figure 5).
In principle, task decomposition refers to the process of partitioning a task into a number of well-defined
and non-overlapping sub-tasks. For example, in terms of locomotion in agricultural mobile robotics,
explicitly and implicitly connected tasks are identified. Considering that explicitly connected tasks
mainly regard area coverage operations, the decomposition of an area to be covered in sub-regions is a
task-partitioning process [57,58]. In this case, each individual sub-field area is considered as a task for
a single mobile robotic unit. By contrast, the sequence for visiting a series of waypoints or entities in a
specified field (or sub-field area) implicitly connects to locomotion tasks, including, for example, the
case of generating and traversing fieldwork tracks while ensuring full area coverage regardless of any
terrain geomorphological characteristics or a robot’s driving specifications [59].
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In the context of multiple-robot systems, knowledge about the level of collaboration among the
utilized mobile robots is required to enable task sub-division and allocation based on performance
criteria, availability constraints, etc. Thereafter, task decomposition and allocation can inform the
locomotion planner of each individual vehicle [50]. In the case of collaborative mobile robots, the
actions of an individual unit depend on the activities of the participating fleet members; therefore,
the performance of a robotic system is evaluated at an aggregated fleet level [60]. In cases where
no collaborations underpin a multi-robot system, the tasks are assigned either when an operation
commences or in discrete points in time during task execution. The majority of real-world cases in
automated agriculture correspond to the second case.

Regarding field operations, there is a lack of works dealing with a complete mission planning
system. Just to mention a few works dealing with mission planning, the authors of [61] presented
an XML-based mission planner for an autonomous agricultural tractor for field coverage following
a tree hierarchy model comprising of several actions including: (i) interpretation of field geometry,
dimensions, sub-regions and critical points; (ii) determination of the type of motion between successive
points along with the sequence of points to follow; and (iii) deliberation of operations in every point
in the field. In [43], an approach for the real-time path planning of a fleet of tractors in peat moss
harvesting was provided. Each autonomous tractor could perform four tasks: drive to field; harvest
the field; drive to a pile; and dump at a pile. To provide planning for these tasks two methods were
applied, a visibility graph planner (utilizing polygonal features) and a grid-based planner (2D cells
of 1 × 1 m). To ensure the collision-free navigation, all the pre-planned tasks were executed in a
GPS-based mapped area.
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4.2. Limitations
This research is intended for researchers and practitioners willing to gain familiarity with the

literature on planning aspects of autonomous operations in agriculture, enabled by mobile robots, with
a view to contributing to this area. In this regard, following the reasoning in [62], the intention was
not to perform an exhaustive literature review. Instead, we applied the ‘traditional narrative’ review
approach and attempted to identify a set of representative papers that investigate planning aspects of
mobile robots (both UGVs and UAVs) in main agricultural operations to gain insights. Our focus is
on research that could support researchers and stakeholders alike in deploying effective and efficient
autonomous operations by enabling a fundamental understanding over the spectrum of involved
planning factors and decisions encountered in practice.

4.3. Future Research
The digital transformation discourse and Industry 4.0 in agriculture pave novel research avenues

where mobile robots will be deployed effectively and efficiently to replace human labor in the case of
low-added value and time-consuming operations [63,64]. In this context, the focus of future research
should be in areas that have not received research attention, namely:

• Dynamic planning of autonomous operations, i.e., analyzing and analytically describing the
process of efficiently updating a mobile robot’s plan, either when further knowledge of the working
environment is gained or when the local obstacle avoidance system triggers an instantaneous and
unplanned response; and

• Complete mission planning, i.e., a comprehensive planning system including both task and
locomotion planning for the execution of a field operation.

In addition, albeit the on-going advances in the planning aspects of robotic systems, the current
generations of such applications, particularly in the industrial manufacturing domain, are not yet
in the stage to allow the synergistic action with the human factor [65], mainly owing to operational
complexity and safety reasons. To that effect, the planning of cooperative tasks of high dimensionality,
often interactively with a human or another mobile robot system, are promising research areas with
substantial impact in terms of economic, environmental and social sustainability [66].

5. Conclusions

This research sets out the theoretical foundation for understanding the planning of mobile
robots, particularly within the field of agriculture. A “narrative” review approach was adopted to
first provide the basic terminology over the technical aspects of mobile robots used in autonomous
operations, and then the fundamental planning aspects of mobile robots in agricultural environments
were identified. The main gap in the current mission-planning-related literature refers to the limited
number of studies following a system engineering approach. More specifically, the majority of the studies
test the performance of existing area decomposition and vehicle routing algorithm aspects, mainly in a
simulation environment, and neglect the structure and specifications of the intended operations and tasks
that have to be performed by the available mobile robot. Consequently, isolated planning approaches
have been developed. Furthermore, in the few experimental studies, the trials are limited to few robot
functionalities and do not integrally consider the deployment of a spectrum of field operations.

This paper put up two RQs. First, RQ#1 concerns the basic and concise terminology over the
technical aspects of mobile robots in autonomous operations and was answered with a critical analysis of
the selected works. Our research group’s expertise and experience on mobile robots in agriculture along
with research evidence reveal that most of the technical terms are used interchangeably, thus not enabling
effective communication among stakeholders in the field. Second, to tackle RQ#2, we synthesized
evidence from extant studies, and we proposed seven attributes of planning, namely: high-level
control-specific attributes, which include reasoning architecture, the world model, and planning level,
(ii) operation-specific attributes, which include locomotion–task connection and capacity constraints,
and (iii) physical robot-specific attributes, which include vehicle configuration and vehicle kinematics.
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This research aimed at supporting the planning of mobile robots in agriculture through identifying
and classifying a set of technical terms and basic planning attributes. We envisage that the proposed
clarification will inform analytical tools used for the effective design of autonomous operations in
agriculture [67], hence further enabling the digital transformations in the extended agri-food supply
networks [68,69].
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