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Abstract: Multi-robots have shown good application prospects in agricultural production.
Studying the synergistic technologies of agricultural multi-robots can not only improve the
efficiency of the overall robot system and meet the needs of precision farming but also solve the
problems of decreasing effective labor supply and increasing labor costs in agriculture. Therefore,
starting from the point of view of an agricultural multiple robot system architectures, this paper
reviews the representative research results of five synergistic technologies of agricultural
multi-robots in recent years, namely, environment perception, task allocation, path planning,
formation control, and communication, and summarizes the technological progress and
development characteristics of these five technologies. Finally, because of these development
characteristics, it is shown that the trends and research focus for agricultural multi-robots are to
optimize the existing technologies and apply them to a variety of agricultural multi-robots, such as
building a hybrid architecture of multi-robot systems, SLAM (simultaneous localization and
mapping), cooperation learning of robots, hybrid path planning and formation reconstruction.
While synergistic technologies of agricultural multi-robots are extremely challenging in
production, in combination with previous research results for real agricultural multi-robots and
social development demand, we conclude that it is realistic to expect automated multi-robot
systems in the future.

Keywords: agriculture; cooperative robots; key technology; control

1. Introduction

With the constant progression of urbanization and industrialization, the mobility of
rural young and middle-aged laborers has intensified [1]. The sustainable transfer of
non-agricultural labor has led to a decline in agricultural labor, and the problem of
aging of the agricultural labor force has become more serious [2]. For example, the
proportion of agricultural production and management personnel aged 55 and over is as
high as 33.6% according to the main data of the Third Agricultural Census Bulletin of
China in 2017. Furthermore, as aging continues, the physical health of the elderly labor
force continues to decline, which results in a significant reduction in the supply of
effective rural labor and an adverse effect on agricultural output [3,4]. Most agricultural
production tasks are labor-intensive and seasonally oriented projects that exacerbate the
constraint of seasonal labor shortages [3-5] and increase the cost of agricultural labor.
For example, according to a survey conducted by Zhen et al. [6], during the rural busy
season, the labor cost of agricultural planting increased from 80 CNY per person per day
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in 2015 to 90 CNY in 2016 to 100 CNY per person per day in 2017, and the labor cost of
technical agricultural labor is even higher [7]. Some statistics show that the agricultural
unit labor cost in developed countries such as Germany, Japan, and the United States
decreased by 30.17%, 44.22%, and 23.44%, respectively, while agricultural labor
productivity increased by 64.78%, 81.22%, and 34.83%, respectively, from 2005 to 2014.
On the contrary, China’s agricultural unit labor cost increased by 45.17%, and
agricultural labor productivity, which is much smaller than that of developed countries,
increased by 50.28% [8]. Therefore, the increasing cost of labor will lead to an increase in
the cost of agriculture, which will result in a relative decrease in agricultural
productivity and international competitiveness [9]. It is urgent to enhance the innovation
of agricultural science and technology and replace extensive and expensive repetitive
manual operations with intelligent agricultural machines or robots [10].

Due to the growing maturity of computer technology, sensor technology, and
control theory, different types of agricultural robots have been developed based on
characteristics of agronomy, such as fruit- or vegetable-picking robots, spraying robots,
and harvesting robots. The agricultural robot can replace traditional human efforts to
engage in all kinds of labor-intensive and complicated agricultural production activities
and reduce the decline of output caused by improper human operation, negligence,
inaccurate operation, and other reasons, as well as major physical injuries and even
casualties of operators [11]. However, the operation efficiency of a single agricultural
robot is too low and cannot meet the operation demand in busy seasons without
coordination and cooperation by artificial auxiliary resources or other robots [12]. As
early as 2009 and 2012, Johnson et al. [13], Moorehead et al. [14] and others in the United
States replaced a single robot with a group of agricultural mobile robots to complete
mud moss harvesting and orchard spraying successively with appropriate cooperative
operation mechanism, which can reduce production costs and improve operational
efficiency [15]. Therefore, to adapt to the increasing scale of production, meet the needs
of social development, and narrow the gap with other international world powers with
advanced scientific capabilities, it is necessary to research the relevant technology of
agricultural multiple robot systems. This work focuses on the research progress of the
cooperative operation, one of the key technologies of agricultural multiple robot
systems.

There are many types of agricultural multi-robots, and this article mainly focuses on
unmanned aerial vehicles (UAVs), unmanned ground vehicles (UGVs), and unmanned
underwater vehicles (UUVs). This paper summarizes the research progress on
synergistic technologies of cooperative operation of the abovementioned multiple robots
and characterizes the expected research of related technologies.

2. Problems with Multi-Robot Applied to Agricultural Environments

Crops are fixed in cultivation season and time, which determines the labor demand
pattern of agricultural production in a year, and agricultural operators need to make
flexible responses and treatments according to the growth pattern of crops, such as
plowing, planting, management, and harvesting [16]. At the same time, to adapt to the
development of agricultural intensification, scale, and industrialization, and to reduce
the economic losses caused by untimely processing, a collaboration of multiple farm
machinery operated by people has widely appeared in agricultural production (as shown
in Figure 1).

In Figure 1a multiple rotary tillers are being used to plow rice fields on sloping land
to safeguard food production and mitigate the impact of the phenomena of lack of labor
resources, which is brought about by the New Crown epidemic [17]. In Figure 1b,
multiple corn planters are employed to sow seeds in a large field, which saves labor and
ensures the quality of seeding, and directly improves the yield and quality of corn
planting [18]. In Figure 1c, multiple drones are used to spray pesticides in cotton fields,
which could be targeted according to the types of pests and diseases, and also prevented
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their rapid spread in the early stages of infestation [19]. In Figure 1d, it has become a
trend to manually operate multiple combines simultaneously during the wheat
harvesting season to avoid the effects of rainfall on wheat quality and yield [20].

Figure 1. Man-operated farm machinery worked in a large field. (a) Multiple rotary tillers plowing rice fields in spring.
(b) Multiple seeders sowing corn in spring. (c). Multiple drones spraying cotton fields in the summer. (d) Multiple
harvesters harvesting wheat fields in summer.

By manually operating the machines, the quality of operation of the implements
relies heavily on human experience, while the use of robots instead of manual operation
can free up manpower and ensure the quality of operation. However, the topography,
soil, light, and climate conditions of the crop growing environment are different from
those of indoor and urban transportation environments, and these conditions pose a
challenge to the application of multiple robots in agriculture.

Take the example of multiple harvesters harvesting grain in farmland. First,
farmland is an unstructured environment, which means that the road conditions are
undulating, there are various types of obstacles, and there are missing or blurred lane
lines on the ground, and agricultural machines both share the same resource and interact
with each other to become dynamic obstacles to each other. Secondly, agricultural
operation tasks have strong requirements for operation time, such as harvesting grains in
a fixed short time frame. Furthermore, the amount of grain output varies from plot to
plot, and the number of agricultural machines needed and the number of operational
tasks assigned to them is dynamically changing (such as harvesters with large loading
capacity should match the plots with large grain output). Finally, even if the same type of
farm machines work together, the characteristics of the machines are not the same (for
example, the harvester with the same loading capacity, the fuel consumption is different,
the harvester with high fuel consumption should be assigned the operation task more
than its work cost, and its operation path should be as short as possible but the
harvesting volume should be as large as possible). To ensure that multiple machines can
cooperate, a multi-robot system is required to be able to organize multiple robots flexibly,
quickly, and efficiently according to the changes in the environment and tasks, and to
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fully utilize the capabilities of each robot to finally complete the given task with high
quality [21]. At the technical level, in addition to being accurately informed of the
positioning information of the swarm and the environmental information of the
operation, and solving collision and obstacle avoidance, it is also necessary to assign
operational tasks to multiple machines, plan operational paths (such as in areas where
multiple robots work together), coordinate the formation control of multiple robots, and
maintain the information interaction between multiple robots.

3. Research Progress on Synergistic Technologies of Agricultural Multi-Robots

To solve the above problems, it is necessary to study technologies of collaborative
operation, such as environment perception, task allocation, path planning, formation
control, and communication-based on multi-robot architecture. Since each technology
does not solve the same agricultural problems, this section first classifies the types of
development of these technologies, then describes and reviews each of these cooperative
technologies in terms of research methods or problem solving, and finally summarizes
their research development status and characteristics.

3.1. Architecture of Agricultural Multiple Robot Systems

A reasonable architecture can guarantee information flow and control flow in the
agricultural multi-robot system and make effective cooperation among multiple robots
possible [22]. At present, the architecture of agricultural multi-robots can be divided into
centralized architecture and distributed architecture. It is found that the earliest recorded
structure of agricultural multiple robot systems comes from hay harvesting and
transportation robots in farmland [23,24], for which these multi-robot systems were
operated under the principle of centralized architecture. As shown in Figure 2a, in
leader-follower mode, a relatively powerful robot is selected as the “leader” of the swarm
robots, performing specific motion planning for the remaining robots after analyzing and
processing the sensory information, but these remaining robots are just executors,
without the ability to choose their actions or coordinate with each other. Alternatively, as
shown in Figure 2b, in the central controller mode, each robot can perform tasks
independently and is commanded by a central controller [25]. The advantage of this
centralized architecture is that the theoretical background is clear, and the
implementation is intuitive, but the flexibility, fault tolerance, and adaptability are poor
[26].

Robot 1

Master Indications
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Center
= controller

Robot 3
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- Velocity & steering control
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Figure 2. The centralized architecture of an agricultural mobile multi-robot system. (a) One of the guided following
modes, where the slave robot follows the travel path taken by the active robot [27]. (b) Another of the guided following
modes, where the slave robot is ordered by the master robot to go the other way [27]. (c) The centralized control mode is
usually a back-end computer that monitors, plans, and controls the robot’s tasks and operating paths.
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Compared with the operating environment of UGVs, the operating area of UAVs
has the advantage of no obstacles, so these systems generally adopt the distributed
structure [28]. As shown in Figure 3, the three UAVs in the multi-robot system carry out
agricultural situation monitoring in the individual workspaces independently; each robot
of this system had a high degree of autonomous operation ability and can complete a
given task according to its aims; robots can communicate with each other, exchange
information, and coordinate their behaviors equally and independently to complete a
given task [28]. This structure has strong scalability and certain advantages in real-time
operation, fault tolerance, and reliability, etc. [29] and is suitable for handling tasks
related to spatial states [30]. However, “it costs a lot in terms of the coordination
mechanism, such as task allocation and motion planning” [29].

The centralized architecture that can be divided into a leader and follower robots is
suitable for highly coordinated tasks and is advantageous in a fully known environment.
The distributed architecture, in which there is no affiliation among robots, is suitable for

weakly coordinated tasks and is advantageous in large-scale, complex, and varying
environments.
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Figure 3. The distributed architecture of an agricultural mobile multi-robot system (a) Agricultural multi-robot
agricultural condition monitoring in different areas of the vineyard [28]. And the robots exchange their information for

autonomous work. (b) Distributed structure diagram of a multi-robot. Each robot can exchange information with other
robots through communication and make decisions autonomously [26].

3.2. Environment Perception

Environmental perception is the premise of the cooperative operation of multiple
robots in agriculture. That is, the mobile carrier can use the sensors carried by itself
(these sensors include internal sensors and external sensors [31], where the internal
sensors include odometers, magnetic compasses, inertial navigation, and global
positioning systems to determine the speed, position, and direction of the robot in the
environment; external sensors include ultrasound, infrared, laser and vision, used to
sense surrounding information [26]) to obtain the information of the surrounding
environment, extract the effective feature information within the environment for
processing and analysis, and finally establish the environment model [32]. This

technology mainly involves collaborative positioning, data fusion, and environmental
construction.
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3.2.1. Co-Location Technology

The concept of co-location was originally proposed in 1994 by Kurazume and
Nagata in Japan [33] The concept refers to a robot “sharing” its positioning results with
other mobile robots and to other robots using this shared information to integrate their
calculation results to improve the accuracy of positioning themselves and, in turn,
sharing their positioning results with other mobile robots, repeatedly achieving the
precise positioning of mobile robots [34]. According to the collaborative positioning
method, this approach can be divided into active positioning, passive positioning, and
interactive positioning [35]. However, no research on interactive localization has been
reported in the literature of agricultural multi-robots.

e Active positioning

In the absence of information exchange, the robot relies on its sensors to obtain
relative distances and angles by observing the neighboring robots for self-positioning
[35,36]. As shown in Figure 4, the leading robot guides the follower robot to steer along
the leading robot reference route [37].

For example, the black-and-white checkerboard feature board was fixed to the
leader robot as the following feature, and the 3D information of each corner point on the
black-and-white checkerboard feature board was obtained by the binocular vision
camera fixed to the following robot, and the information was analyzed to finally obtain
the longitudinal spacing, lateral offset and heading declination of the following robot
relative to the leader robot. Using this navigation information to realize the automatic
following of the following vehicle, the following system of master-slave orchard
operation vehicle is established [38].

Figure 4. Active positioning model.

e  DPassive positioning

In an environment where information exchange exists, the robot indirectly obtains
the relative distance and angle through the “observed” data provided by the friendly
neighboring robot to perform its positioning [35]. As shown in Figure 5, the follower
robot dynamically creates a reference heading for itself from the position point of the
leading robot [39].
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Figure 5. Passive positioning model [39].

Passive positioning mode is usually used in combination with kinematic control
models and is one of the most used in master-slave robots. For example, GPS positioning
was used for multiple robots, and the travel trajectory of the pilot robot was the main
one. Under the premise of communicable, the pilot robot estimated the motion trajectory
of other robots using the kinematic model, and the difference between the sensor
positioning and the estimated positioning value was calculated by the other robots or
the pilot robot, and the lateral and longitudinal displacement of each robot was adjusted
according to the difference [40].

However, the above positioning methods are highly dependent on the positioning
accuracy of the leader robot, which requires good stability and robustness. When the
leader robot fails, it is easy to cause the localization accuracy of the whole team to drop,
or even the localization fails. In contrast, the interactive localization approach has an
environment of information exchange, where robots achieve joint localization through
these steps of mutual observation, data exchange, and information fusion [41]. In this
case, the robots are in the same position in the team and there is no master-slave
distinction, namely, they do not depend on the positioning accuracy of a fixed robot, and
this type of phenomenon is reduced. The above co-location methods are summarized as
shown in Table 1.

Table 1. Comparison of co-location methods.

Co-Location Methods

Active Positioning Passive Positioning Interactive Positioning [41]

Data measurement object Robot itself Neighbors The robot itself; Neighbors
Observation reference object Neighbors Robot itself The robot itself;, Neighbors
Measuring object Single Single Mutual observation

Measurement data

The distance and angle of the robot itself relative to the reference object

Data exchange

None Exists Exists

Data Fusion

None None Exists

Algorithm of high precision

Advantages Little computation Information interaction
and robustness
Affected by the environment  Affected by the environment A huge amount of information
L Igorith
Disadvantages ower algorithm accuracy and Lower algorithm accuracy and Large complexity of the
robustness .
. .. . robustness algorithm
No information interaction
Drove on farmland [42]
Drove on sloping land (11°)
(43]
L . Plowing [44]
Applications Drove in orchards [38] None
Lawn [45]

Drove in fields [46]
Plowed [47]
Harvested farmland [48]
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It can be seen from Table 1 that the cooperative localization technology for
agricultural multi-robots mainly adopts active localization and passive localization,
which are computationally small and easy to implement. The real concept of
“co-location” should be interactive positioning; through communication among robots,
information sharing can be realized, and then the robot’s positioning error can be
corrected to achieve accurate positioning. However, this method incurs a large amount
of calculation and a large complexity of the algorithm, making it difficult to implement.
No examples have been found in the literature for agricultural multi-robots.

More practical applications indicate that the cooperative positioning of multiple
robots in agriculture is replaced by a central controller or task manager coordination
mechanism [49,50]. That is, the working area and travel path of each robot are planned
by a task manager or central controller based on the established environment map. The
work areas and work paths of these multiple robots usually do not intersect and each
robot only needs to localize and navigate based on its sensors. For example [27], the
vineyard area was divided into three UAV-monitored vineyard areas using the task
manager according to set rules, and path planning was performed for the sub-areas of
individual UAV operations, with each UAV flying at a different altitude to avoid
collisions between the UAVs.

3.2.2. Data Fusion Technology

A single sensor has certain limitations. For positioning accuracy and reliability, it is
necessary to utilize the advantageous features of each sensor, that is, data fusion of
multiple sensors. Data fusion technology, also known as multi-sensor information fusion
technology (MSIF), essentially involves the comprehensive processing of target
information originating from different sensors at different times or multi-target
information simultaneously, to obtain more accurate positioning, identification
information of the measured environment or object, and comprehensive and timely
assessment of the current situation [51,52], thus facilitating the subsequent planning and
decision making of the robot. The strength of the data fusion capability directly affects
whether the robot can effectively achieve mutual coordination and collaborative work.

The internal sensors in the agricultural robot mainly include a global positioning
system (GPS), inertial measurement unit (IMU), steering angle potentiometer, and
encoder, which are used to provide the robot with the position, heading, and steering
angle information; the external sensors mainly include various LIDAR and cameras,
which are used to avoid obstacles and collect environmental information, as shown in
Figure 6. Among them, GPS can provide a unified coordinate system and accurate
position information for field robots and is used most frequently [53]. With the
promotion of satellite positioning technology, agricultural robots equipped with GPS
positioning and navigation systems will become increasingly popular. Take the
automatic navigation system System150 researched by TOPCON company of Tokyo in
Japan as an example [54], the system adopts GPS-based advanced inertial guidance and
terrain compensation technology, which can realize navigation in complex terrain
environments with +2.5 cm accuracy for straight line and turn. However, data fusion
techniques are still very important for robot localization when GPS cannot obtain
accurate position information in greenhouses or forests [55], or when the robot is too
small to install high-precision sensors.
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Figure 6. Heterogeneous sensors carried by agricultural multi-robots. (a) Typical sensors for aerial robots: inertial
measurement unit (IMU), Global Positioning System (GPS), and pressure gauge [28]. (b) Typical sensor for ground
robots RT1 and RT2: GPS, Laser, and IMU [45].

For example, to obtain information on the ambient temperature, humidity, light,
and CO2 concentration in a greenhouse [56], a human remotely operated UAV was first
operated to obtain a map of the greenhouse environment, and then the ground robot
fused IMU, GPS and odometer information to output the actual location information of
the robot through the extended Kalman filter (EKF) algorithm. In practical applications,
because of the poor GPS signal in the greenhouse, the EKF was used to fuse the
odometer and IMU. EKF is used to linearize the nonlinear system at the reference point
using Taylor expansions, and then Kalman filtering theory is used to achieve the
prediction and correction of the system. But the EKF still cannot solve the global
localization problem [57].

Another example is an agricultural spraying multi-robot [58] that used particle
filtering to fuse information from multiple low-cost sensors of the odometer, IMU, wheel
encoder sensors, and GPS, which incorporates the open-source library RTKLIB and
correction signals. The particle filter could also determine robot attitude based on a
series of particles in noisy environments and when the GPS was offline. Particle filtering
[59] is a basic method based on Bayesian filtering theory (the robot can determine the
poses with a certain degree of confidence based on all available information [60]) and
differs from Kalman in using particle sets to describe the probability distribution.
However, a large number of particles need to be maintained for higher localization
accuracy, which will consume a large number of computational resources, especially as
the walking distance gets farther, which will put greater pressure on the computing
platform with limited memory resources.

According to the sensor information fusion processing hierarchy, the technique is
divided into three levels, namely the data layer, the feature layer, and the decision layer
[61]. Their specific scopes, characteristics, and fusion algorithms are shown in Table 2.

From Table 2, it can be seen that information fusion in agricultural multi-robots is
focused on multi-sensor information fusion of single robots, and there is almost no
research on sensor information fusion between homogeneous or heterogeneous
agricultural multi-robots. To obtain more information, the information collected by
different types of sensors on a single robot is mostly different (e.g., GPS collects position
information, IMU collects robot heading, odometer, etc.), but some information has a
mutual transformation relationship (e.g., the integration of velocity from odometer can
give distance), which can be regarded as the same kind of sensors at this time. The
fusion algorithms are mainly based on classical EKF and particle filtering.
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Table 2. Comparison of multi-sensor information fusion processing levels [62,63].

Fusion Level Data Level

Feature Level

Decision Level

Processing level Bottom layer Middle layer High level
Sensor types Homogeneous Heterogeneous Homogeneous/Heterogeneous
Degree of dependence on
& P Maximum Medium Minimum
the sensor
Less calculation;
Less information loss; Takes into account the advantages Good fault tolerance;
of data and decision; Good anti-interference;
Advantages . .
Low algorithm difficulty;
High precision; Fusion is more convenient; A small amount of communication data;
Wide range of applications; Good real-time performance;
A large amount of
calculation; .. . .
Global decision; A large amount of information loss;
Poor fault tolerance;
. Poor anti-interference;
Disadvantages

The algorithm is complex; Low precision;

A large amount of Strict requirements for sensor .
. Need to balance constraints (speed,
communication data; pretreatment; c e
) reliability, cost, etc.);
Poor real-time performance;

Wavelet transform;

Kalman filter; Bayesian theory (Particle filter);

Fusion algorithm Artificial neural networks;

Weighted average;

Production rules, etc. Extended Kalman filter, etc; The statistical decision, etc.;

Seeded fields [58]

Applications None Drove in a greenhouse [56]

3.2.3. Mapping

Once the multi-robot has determined its position, it also needs to determine
information about the multiple robots’ surrounding environment, for instance, the
presence of obstacles. Mapping is the task of accurately describing the spatial position of
the robot working environment and various objects (such as obstacles and road signs) in
the environment, that is, to establish a spatial model (two-dimensional or
three-dimensional) or map [26]. The purpose of creating this map is to provide path
planning for the robot, so the map must be easy for the robot to understand and
computationally manipulate and accommodate revision when new environmental
information is detected [64].

At present, many methods have been developed for constructing environmental
models for multiple robots, which are mainly summarized in the three types of
grid-based model, geometric mode, and topological mode [22]. Probably due to the low
environmental information of the topological model, no literature was found on the use
of multiple robots in agriculture. On the contrary, the grid model and the geometric
model provide abundant information about the agricultural environment, the purpose
of multi-robot operations is clear, and more literature is applied to agricultural
operations. And the detailed environment model facilitates the task allocation to
multiple robots, real-time observation of multiple robots” motion, effective coordination
mechanisms, and detection of robot motion faults.

e  Grid model.
The uniformly distributed grid represents the working environment of the robot,

and each grid corresponds to the position of whether an obstacle exists or not [22]. For
example, if a grid has an obstacle, it is marked as 1; otherwise, it is 0.
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As shown in Figure 7, Bouzouita et al. [28] obtained georeferenced pictures through
UAVs and then created a full map of a vineyard. The processing entails first dividing the
UAV workspace into multiple regular grids and defined borders (line segments of
workspace in the grid-based environment) using Bressenham’s linear algorithm (BLA).
Then, the procedure to distinguish the subareas in the grid-based environment is a
recursive flood-fill algorithm that picks an empty cell (not marked as occupied) and
floods in four directions while there are empty cells, and each flooded cell is marked as
occupied. This mapping procedure is repeated until all nodes of the grid are occupied by
georeferenced pictures. However, the drawback of this mapping is a tradeoff between
acquiring an equally sized set of images in cells and inefficient aerial sampling with
UAVs.

Crop field >

. I cell th
C_1

Figure 7. Grid model with rasterized areas [28].

e  Geometric model.

Geometric features such as line segments or curves are extracted from the
environmental perception information and used by robots to construct an environmental
map [22]. As shown in Figure 8, Ball et al. [65] defined the boundary of a 55-hectare
sorghum stubble field by manually selecting appropriate latitude and longitude
coordinates but omitted the headland where the UGVs turned around at the end of each
row. Besides, the positions of multiple robots and obstacle information (human, pole,
vehicle, etc.) were periodically sent to the central controller through sensors of a real
robot and 12 simulated robots. Finally, the central controller constructed a 2D map of the
environment surrounding the robot.

ConTlurbanl;l

Figure 8. Geometric models were constructed with points and lines [65].

A more scientific approach than manually labeling is the Voronoi diagram [66]. For
example, a fruit tree on the robot’s driving path was taken as a point in the orchard map,
and the two-dimensional coordinates of this point were found in the image acquired by
the UAV. At the same time, the data of planting interval and density of fruit trees were
learned from this image, and the two-dimensional coordinates of other fruit trees were
obtained, and then the K-means clustering algorithm was used to find the center of
clusters of multiple fruit trees, and the orchard was divided into multiple sub-regions
for robot operation according to the principle that the fruit tree point is most adjacent to
this center. But the experimental results after mapping are to be further validated on a
real agricultural spraying multi-robot.
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e  Topological model.

The topological relationship among objects in the environment is represented by the
environment model [21]. The topological model consists of multiple unrelated points
and lines with a simple model. Some researchers proposed to use this model in
agricultural multi-robot path planning, but it is only an idea and has not been applied
[67].

The specific application scope and characteristics of the multi-robot environmental
model are shown in Table 3.

Table 3. Comparison of mapping methods [68-70].

Mapping Model Grid Model Geometric Feature Model Topological Model
, 1 . Voronoi Diagram;
Algorithm Bressenham’s linear algorithm, Extended Kalman filter; Baum-Welch, etc.

Bayesian; D-S theory, etc.

Particle filter, etc;

Scope of application

Suitable for processing systems such as Local area modeling;
laser radar and sonar priority ranging; Specific environment;

Large-scale, simple environment;

Simple and intuitive, easy to create and

Model is simple and easy to
More compactness; change, and motion planning is
fast;
Modeling in local areas can achieveBetter robustness against position

maintain;

A ial i ;
dvantages Good spatial consistency; higher accuracy: errors,
Conducive to the estimati f th
on u.c%ve O fhe esumation otthe - high degree of abstraction,
Better robustness; position of the robot and the
. P easy to store;
identification of the target;
. Difficult to address and extract . .
A large amount of calculation; . . Less information;
irregular geometric features;
Disadvantages Takes up substantial storage space; Image data are processed The tf)pology networlf
. . establishment process is
Long storage time; cumulatively; .
complicated;
Harvested muddy moss in farmland [13] Plowed [47]
Monitored vineyards [28] Drove in a greenhouse [56]
. Environmental monitored [49,50] Harvested farmland [48]
Application None

Precision irrigation in the

Collected farmland information [71] vineyards [72]

Sprayed in the Orchard [66]

Compared with 2D maps [14,73-75], 3D maps can provide more information. By
fusing the original measurement or small local maps generated from multiple robots to
construct global maps at the same time, or matching the 3D maps constructed by
heterogeneous robots, more and more abundant data are obtained, which is a new
research direction of mapping.

For example [71], the point clouds of the two images acquired by the UAVs and
UGVs respectively were first represented by a grid model, and each cell stored excess
vegetation index information and ground height information. After that, the relative
displacement and rotation parameters between the two grid maps were extracted using
the data provided by GPS and Attitude and Heading Reference Systems (AHRS), and
the maps were matched by these parameters. Then the correspondence of point clouds
between the matched maps was calculated using the Large Displacement Dense Optical
Flow (LDOF) system and a voting scheme was used to select a coherent correspondence
dataset with high data similarity to infer the initial conversion relationship between the
maps, and a non-rigid alignment algorithm was used to eliminate orientation errors.
Finally, the input point clouds were brought in for a point-to-point alignment, and
non-vegetation points were removed to obtain the 3D maps. The experimental results
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showed that the constructed maps matched well, but the time taken to construct each
such image was quite long.

As the farming environment is often dynamic, learning specific farming
information while shortening the time to build maps will help improve the efficiency of
multi-robot operations, which should be a direction for further research. For example,
simultaneous localization and composition (SLAM) allows the robot to get information
about the image while localizing it, and this technique is currently used more often for
indoor multi-robots, especially for catastrophic search and rescue where high
responsiveness and mobility are required [76]. In the literature [56] it was mentioned
that this technique was used on a ground robot for heterogeneous multi-robot in a
greenhouse and that the robot was motion controlled using an Augmented Monte Carlo
Localization (AMCL) methods. The experimental results showed that the UGV using
SLAM takes less time to construct the map than the remotely operated UAV. And based
on the map, the ground robot can complete collision-free autonomous movement
between the initial and target points. It is obvious that SLAM technology has great
potential for multi-robot mapping [77], and the application of multi-SLAM on
agricultural multi-robots will be one of the future research directions.

3.3. Multi-Robot Task Allocation

Multi-robot task allocation (MRTA) provides evaluation indicators of a multi-robot
system, a task set, and system performance and finds a suitable robot for each subtask to
perform, bringing the benefit of a robot system to perform mostly task collection. Thus,
the quality of the MRTA results directly affects the efficiency of the entire system and
whether each robot of the system can maximize its capabilities [78].

Solve the MRTA problem [79] involves many aspects, such as the capability
attributes of the system members, the structural attributes of the tasks, the robot
coordination mechanism, and the strategy of task allocation [80]. This approach divides
the assignment of agricultural multi-robots into centralized components based on the
decision of the central controller in this part.

e  Centralized Allocation

The centralized allocation means that the leading robot or control center of the
system decomposes the global task and then sends the decomposed subtask to each
robot according to the corresponding allocation method.

In 2012, reference [14] reported the work area division and task assignment of two
UGVs by a person through remote monitoring based on a citrus orchard map. However,
as the number of robots increased, manual task assignment stops when a robot hits a
tree or fails to make a reliable turn. Some scholars [66] solved the manual assignment of
tasks to multiple robots from the perspective of dividing maps, namely, as many
sub-regions as there are robots needed. The edges of these sub-regions are generated
from discrete fruit tree points and K-mean clustering points on the map boundary using
an integer programming approach. However, this view is too ideal and does not
consider the case where the number of robots is less or more than the total number of
tasks.

A similar study on the number of robots over the number of tasks is multiple robots
and a small number of refueling stations [81]. In this reference, an approximate arbitrary
time algorithm based on the branch delimitation method was used to obtain the task
sequence of multi-robot collaborative refueling. The limit value of the path length
distance was first calculated and used as the upper and lower bounds of the algorithm
nodes based on the rules for robots walking infield and the total time cost function of
refueling and waiting in the queue. Then the optimal solution was obtained by deleting
the sub-nodes whose lower limits were greater than or equal to the optimal upper limits
during iteration. Simulation experiments showed that the optimal approximate solution
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on resource utilization can be found by this method, but it is difficult to apply the
method to other aspects of agriculture, such as spraying.

A reinforcement learning-based method (Dyna-Q +) was used to find the optimal
search path from the current point to the endpoint, that is, multiple robots randomly
selected actions (front, back, left, right) and each action was recorded, and the optimal
path was obtained by rewarding and punishing the actions selected by the robots
according to the presence or absence of obstacles [62]. Then a weighted graph was used
to represent the Gird model, including parameters such as the current position of the
robot, the set of grids, and whether there is a path between the grids. The minimum cost
time for the UAVs to fly at different speeds under the optimal path was calculated using
Dijkstra’s algorithm, and finally, the search space was obtained based on the optimal
path and time and allocated to multiple robots in proportion to the size of the space. A
reinforcement learning [82] is a Markovian decision process where the basic idea is all
about modeling or fitting a strategy using a function for more complex decision
problems. However, the method requires a large number of samples and a long time
when used.

Also, multiple robots working in an agricultural environment are often subject to
resource-sharing conflicts. For predictable conflicts, relying only on a central task
allocation approach to avoid conflicts, the adaptability of multiple robots is very limited,
while adding a decision support system (DDS) to provide options for multi-robot
collaboration, i.e., identifying problems and building or modifying decision models to
avoid resource conflicts based on explicit goals. For example, as shown in Figure 9, in
reference [58], the authors adopted a central entity (OptiVisor) to build a multi-robot
seeding map based on inputs such as the location of static obstacles in a large field, the
seeding method, the seed density, the location of the central controller, and the number
of robots. Based on this map, the location and density of each seed are precisely located
and the sowing task is assigned to multiple robots. When the robot finished the job, the
path from the robot location to the Central Logistic Unit (CLU) was recorded and the
robot was allowed to return to the CLU. Especially when one or more robots failed, the
task of the failed robot was reassigned to the other robots of the failed robot, and the
sowing path was updated for these replacement robots. OptiVisor could also stop a
robot’s motion when a multi-robot collision is imminent, and define restricted motion
areas for the faulty robot. However, this task assignment method was implemented in a
simulation environment and needs to be further tested in real applications.

Outer field border

Seeding area

Headland

Trackl "
Track2

7 Gate
cw {x
.

Determined land 1
throughseed  Refill Point
positions

Figure 9. A centralized entity was used to plan the seeding task, seeding patterns, and seed
densities for different robots in the simulation environment. At the same time, the centralized
entities were used to monitor the whole seeding process to avoid collisions between robots [58].
The small blue dots are the locations of the seeds planned to be sown, the yellow dots are the
seeds that have been successfully planted, and the larger red dots are the border seed sowing
locations.
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e  Distributed allocation

In general, the distributed task allocation method has the feature that each robot
does not have global knowledge of the task but calculates and plans individually
according to the local information obtained by the sensor. The performance of the whole
system not only is closely related to the individual but also depends on the combined
effects of individuals [83].

It was reported in the literature [84] that when the number of tasks is more than the
number of farm machines, the ant colony algorithm can be used to find a suitable task
sequence for multiple robots. First, the distance between plots was calculated based on
the specified coordinate information of each plot, and the relevant parameters of the ant
colony algorithm were set. Then randomly generated the starting points of multiple
parcels, according to the state transfer probability formula for path selection, and put the
generated path parcels into the forbidden table. Finally, the path distance of the plots
was calculated, and the pheromones on the path were continuously updated according
to the set rules, and iterations were repeated until the optimal task planning for multiple
robots was found. The method is mainly used in simulated farmland environments and
has not yet seen the practical application.

In reference [85], researchers adopted Semantic MozartSpaces to describe a task
allocation data model based on a resource description framework (RDF) and SPARQL (a
query language and data acquisition protocol developed by the RDF) in task storage
where the RDF was used to construct nested blank nodes and SPARQL was used for
querying, updating and interactions of the entry. As shown in Figure 10a, a task was
mapped to a nested blank node to generate a semantic tuple (entry) in the task-allocation
model. The entry was stored in the task storage with an internal ID that concluded the
URL (uniform resource locator). Then, the entry could be selected with a URL according
to the relationship between the robot’s function and the task requirement. The results of
the simulation experiment suggested that the execution time increases correspondingly
with an increasing number of tasks, followed by a gradual decrease in production
efficiency. It would be necessary to add new robots temporarily to ensure productivity,
but the production cost would also increase, so the tasks need to be set in advance.

As shown in Figure 10b, researchers developed market and auction-based
approaches for task subdivision and allocation based on the Rubinstein negotiation
protocol [28]. The advantage of such a protocol was that the auctioneer robot had to split
the task into subtasks during the negotiation. In each round of negotiation, each robot
initially started proposing the largest possible task allocation for itself and decreased its
offers based on a negotiation of cost functions (discount factors) at each round until the
other party indicated acceptance. With distributed task assignment under this protocol,
each robot comes with a DDS, and each robot can dynamically adjust to the actual
situation to get a suitable task. However, the task allocation result was generally an
approximate optimal solution because of the discount factors, such as the area of the
mission area, the distance of the robot from the goal, the area beyond the target, and the
overlapping work area.
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Figure 10. Distributed task allocations: (a) An entry was stored in task storage with ID numbers. And robots could select

ID to work according to the relationship between the robot’s function and the task requirement [85]; (b) A task was split
into several subtasks. And each robot proposed the largest possible task allocation initially, then gradually decreased its
offers based on negotiation mechanism until a deal was done [28].

Combined with the above task allocation technology, the research progress of
agricultural multi-robots in task allocation technology in the past 10 years is

summarized in Table 4.

Table 4. Task allocation classification comparison of agricultural multi-robots [86,87].

Classification Centralized Distribution Distributed Distribution
Communication is more dispersed, which can avoid the
Algorithm design is simpler; situation that affects the efficiency of the algorithm due to
Advantages communication congestion;
It has the potential to geflerate globally optimal Good real-time performance;
solution;
The communication is concentrated and
susceptible to congestion, affecting the algorithm  The solution result can easily fall into a local optimum;
Disadvantages efficiency;

Poor real-time performance;

Consultation increases the communication burden of the
system;

Scope of the application

The task is known and determined in a static
environment;

The environment model is fully known;

The scale of this system is relatively small;

The task is unknown and uncertainly determined in the
dynamic environment;

The environmental model is partially known or unknown;

The scale of this system is medium or large

Allocation method

Mixed integer programming(branch-and-bound);

Heuristic search algorithm(reinforcement
learning);

A method based on behavioral motivation;
A market-based approach;
Group intelligence algorithm (greedy algorithm, ant colony
algorithm [84]);

Application

Sprayed and weeding in an orchard (manned)
[14];
Seeded in a field [58];
Sprayed in the Orchard [66]
Refill scheduling [78]

Weeded farmland [85];
Agricultural monitored in vineyards [28];

Harvested fields (simulation) [88];
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It can be seen from Table 5 that the current task allocation methods for agricultural
multi-robots are mainly centralized, and most of them are implemented in the
simulation experiment.

The centralized task allocation mainly adopts the integer programming method,
which describes the nature of the task allocation problem by establishing the objective
function and constraints. Integral programming (IP) and mixed-integer programming
(MIP) problems are an important branch in the field of operations research, which
includes branch and bound method [89], cutting plane algorithm [90], graph theory
method, etc [91]. The idea is to determine the transfer method and transfer relationship
from one search point to another, and the result is a unique optimal solution, which is
suitable for small scale; when the scale is extended, the computation is considerable and
the computation time will be greatly increased [92]. Thus, the computation of the
algorithm grows exponentially with increases in the number of tasks and robots. In
general, it is often difficult to meet real-time requirements in task allocation issues.

Distributed task allocation mainly uses a method based on behavioral motivation
and a market-based approach. The former applies to multi-robot systems with strong
autonomy, but the method has low system allocation efficiency; the latter has a wide
range of applications based on the resource optimization configuration idea of
economics, but the difficulty of this research method is how to design the negotiation
mechanism and reasonably determine the cost-income models of the task [44].

3.4. Path Planning

Path planning is the fundamental guarantee for multiple robots to accomplish tasks
together. This technology refers to using the known static environment information, or
the dynamic environment information obtained by the sensor, to autonomously plan a
collision-free optimal path for each robot from a known starting point to a target point,
which requires not only a single robot to avoid obstacle but also a plan to satisfy
collision avoidance among multiple robots [93]. The path planning methods for single
robots to avoid obstacles mainly include traditional methods, intelligent methods, and
other methods. The traditional methods include the construction space method,
V-Graphic (visibility graph), Voronoi diagram, grid method, A* algorithm, and artificial
potential field [94]. Intelligent methods include the ant colony algorithm, particle swarm
algorithm (PSO), reinforcement learning algorithm, immune algorithm, genetic
algorithm (GA), neural network, and fuzzy logic algorithm [95]. Other methods include
dynamic programming (DP) and optimal control algorithms. Collision avoidance
strategies among multiple robots include the priority method, rate adjustment method,
traffic management rule, and consultation method.

The path planning method can be divided into centralized path planning and
distributed path planning according to the ability classification of path planning [96].

° Centralized path planning

The centralized path planning method uses a centralized control unit to plan the
optimal path for swarm robots. This method can improve the ability of “close
coordination and optimal coordination” among mobile robots [97]. However, it
encounters other problems such as “dimensions”, “computational complexity”, and
“non-deterministic polynomial problem (NP) difficulties” with the increase in the
number of robots, task difficulty, and space complexity. In particular, the “NP
difficulties” problem [98,99], in theory, has not yet received a simple or fast solution.

Connecting known path points into a line, which is simulated to a topological
model, and letting multiple robots walk along their respective paths is one of the
simplest and easiest path planning methods to implement. But, this method requires
obtaining accurate known point information in advance, which is a large preliminary job
and is not suitable for situations with a large number of robots or a large operating area.
A method similar to the point-to-point method is the visible map method, which aims to
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reduce collisions. That is, the information of the edge projection points of each obstacle
is obtained in advance, and the robot free walking path, path points that can be
combined or disconnected are represented by edges and nodes, respectively. Then the
starting node is connected to the target node, or the starting node is connected to the
raised point of each obstacle edge until it reaches the target node, forming a multi-robot
walking path. Finally, depending on the size of the robot, the path width is increased or
decreased appropriately. Similarly, the workload of measuring points is larger and does
not apply when there are more obstacles.

Planning multi-robot paths on mapping is another method of global path planning.
For example, in the grid method, the map was divided into multiple grid cells, and the
paths were extended in eight directions with each grid cell as the center, and the path
segments were formed by connecting the center of the grid vertically and diagonally
with the centers of other grid cells. To get the globally optimal path in the grid, the A*
algorithm was used to search for the path segment with the lowest travel cost, in which
the cost of the free space cell was set to 0, the cost of the cell with obstacles was set to the
maximum, and the travel cost was the sum of all grid cells on the travel path segment,
and the globally optimal path was set when the sum was the smallest.

Since information about the farmland changes dynamically, multiple robots
operating with precision need to re-plan to create multiple paths each time based on
different information. This multi-robot path planning problem with time windows has
also been solved as a multi-objective optimization problem. As shown in Figure 11,
where a multi-robot system including two aerial robots and three ground robots was
jointly developed in Spain and other countries [49]. This system adopted a centralized
control unit to provide global path planning for the multiple robots on a grid map with
weed information, which divides the sequence of operations for the multiple robots in
advance. The No dominated Sorting Genetic Algorithm II (NSGA-II) algorithm [100,101]
was then used to coordinate the relationship between the distance of the robot travel
path, the number of turns, the number of robots, the amount of weed killer used, and the
capacity function to obtain an approximate optimal solution between the time and
money spent by the multiple robots and the cost of weed treatment. It is a type of genetic
algorithm, which mainly focuses on the simulation of crossover, variation, and
hereditary phenomena occurring during natural selection and genetic inheritance,
incorporating the natural law of superiority and inferiority, and deriving the candidate
solutions for each generation based on the results, and finally deriving the optimal
solution from the derived candidate solutions. However, this method is more
computationally intensive and the experimental results are not suitable for fields that are
unstructured or d fields without a fixed column or row lengths.
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Figure 11. The central controller plans the driving path for the unmanned aerial vehicles (UAVs) and unmanned ground
vehicles (UGVs) [49]: (a) The path planning of two UAVs; (b) The path planning of three UGVs.
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e  Distributed path planning

The distributed path planning method requires little calculation and is robust but
exhibits low efficiency and can provide only a suboptimal solution [102,103]. In a fully
known environment, it is necessary to consider each robot obstacle avoidance method
and collision avoidance strategy among robots [104], that is, selecting a robot for path
planning first, then broadcasting its path to other robots, and finally planning paths of
other robots by themselves. However, this method is difficult to achieve [97] for large
numbers of robots. In an unknown environment, the preferred method is to plan a path
for each robot to avoid static obstacles based on neglecting the movement of other
mobile robots in the environment and then using the multi-robot collision avoidance
strategy to solve the conflict problem among mobile robots.

At present, there is little research on the distributed path planning of agricultural
multi-robots. As shown in Figure 12, Bouzouita et al. [28] developed UAVs to monitor
agricultural information in the vineyard. The path planning of the UAVs is based on the
grid map and A*. On the map, the UAV path planning function is constructed according
to constraint conditions, such as the number of UAV turns, the number of covered grid
visits, and the time to complete the single partition. And using a heuristic algorithm like
A*, the next best node to be expanded is obtained by partying the generation value of
each node. Then, the breadth-first search (BFS) algorithm is used to find the local
maximum of the function by the distance between the cells. The result is the path from
any starting point in the environment to the target unit. The practice shows that the
method can find the approximate optimal solution, reduce the possibility of repeated
access to the same cell, and facilitate the avoidance of known obstacles. However, it
needs to consider the local environmental conditions to find wide applicability.

Figure 12. Distributed path planning [28], 1, 2, and 3 are the number of the UAVSs, the red line is
the planned path of the robot in the delimited area, and the blue line is the actual flight path of the
robot.

Combining the above path planning techniques, we summarize the research
progress of agricultural multi-robots in path planning methods over the past 10 years, as
shown in Table 5.
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Table 5. Research progress of path planning method for agricultural multi-robots.

Envi | Head-Turmni A
Planning Method r.1v1ronmenta ead-Turning Coordination Obstacle Application
Circumstances Mode Strategy
Drove in farmland [42]
Plowed [105,106
Point-to-point planner Fully known  Right-angle turn; None None Seeded inof‘zliillgn d (sim]ulation)
[107]
s Zigzag; Priority; Harvested muddy moss in the
Visibilit h
ISIbILY grap Fully known U-shape; Vehicle farmland [13];

(V-Graphic) Rate adjustment;

Right-angle turn Bee pollination (simulation) [108];

Partially known Zigzag; Others Pole Seeded in a field [58]
Grid method . Human  Harvested muddy moss in the
Fully known U-shape; Rate adjustment Vehicle farmland [13];
A * algorithm ! Partially known None Others None Monitored in a vineyard [28]
Ballistic method Unknown None Others None Weeded in a rice field [109]
Brz;‘;;z;:ﬁt(;;;m Partially known None Others None Monitored in a vineyard [28]
U-shape
Genetic algorithm(GA)  Partially known  The light bulb Rate adjustment None Weeded in farmland [101]
shape
Others Fully known  Right-angle turn;, Rate adjustment None Drove in a greenhouse [56]

1The A* algorithm is a direct search method for solving the shortest path in a road network.

It can be seen from Table 5 that agricultural mobile robots mainly use ground
robots in farmland, and the number of robots is no more than four. The path planning
method of multi-robots is mainly conducted in fully known conditions, and the grid
method and V-Graphic under centralized planning are the methods most commonly
used.

The collision avoidance strategy between agriculture robots usually does not
incorporate changes in the path [110], and the obstacle avoidance strategy of a single
robot comprises mainly speed adjustment and the priority principle. The path planning
of multi-robot generally does not consider the presence of obstacles in agricultural
production.

When the UGVs turn around at the headland, they need to consider the relationship
between the minimum turning radius and the headspace. The general head-turning
method has a bulb shape (as shown in Figure 11b), zigzag or U-shape, etc. The U-shape
predominates in practice. As shown in Figure 13, the zigzag (forward-reverse-forward)
is used in smaller spaces; in contrast, the U-shape turn (turn-straight- turn) is used in
larger spaces. However, the difficulty of robot control is increased with the zigzag
turning shape, and the task allocation and path planning of the multi-robot are prepared
for U-shape turning in advance.
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Figure 13. Agricultural ground multiple robot head-turning mode: (a) Multi-robot turned on the ground with a zigzag
way, that is, first forward, then backward, then forward again [47]. (b) Multi-robot turned on the ground with a U-shape
(GMU is the abbreviation for Ground Mobile Unit) [25].

3.5. Formation Control

Multi-robot formation control technology means that multiple robots maintain a
certain formation to the target while still adapting to environmental constraints such as
obstacle blocking or spatial physical limitations [111]. This technology can improve the
robustness of the multi-robot system, and the robots can complete the task with higher
efficiency and shorter time [112]. At present, the formation control technology of
agricultural multi-robots is divided into forming formation and formation control.

e  Formation forming

As shown in Figure 14, the formation of agricultural multi-robots generally has five
types: column, I-shape, linear, V-shape, and W-shape, and the circular nodes in the
formation structure represent robots. Each robot is represented by RID, such as R1 and
R2, and the black arrow indicates the direction of robot movement.
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Figure 14. Multi-robot team arrangement, the arrow points to the direction of robot movement, and the circle represents
the robot: (a) The robots of R1 to R5 formed a longitudinal linear queue. (b) The robots of R1 to R5 formed an I-shape
queue. (c) The robots of R1 to R5 formed a transverse linear queue. (d) The robots of R1 to R5 formed a W-shape queue (e)
The robots of R1 to R5 formed a V-shape queue.

It is necessary to achieve the desired formation by determining the formation
position reference point after determining the root formation. There are usually three
reference points: center, neighbors, and leading robot; as shown in Figure 15, the
position of each root node is represented by PID, such as P1 and P2, and the arrows
indicate the relationship between robot dependence and information transfer.

e  Formation control

From the perspective of a multi-robot system control framework, formation control
is divided into two types: centralized control and distributed control. The former uses a
centralized control unit to make decisions, optimize robot coordination, accommodate
individual robot failures, and supervise the entire group of robots. The latter does not

have a unified control unit, and a single robot makes decisions based on its local
information [112,113].

:

(a) (b) (c)

Figure 15. Selection of formation reference points: (a) Take the green dot, in the center of P1 P2 P3, as a reference. (b) P1
and P3 take neighbor P2 as a reference, P2 takes the nearest neighbor P1 as a reference. (c) Take the leading robot P1 of

P2 and P3 as a reference.

At present, the method of centralized formation control of agricultural multi-robots
includes the virtual structure, graph-theoretic approach [114], and model predictive
control [115,116]. The method of distributing the formation control of agricultural
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multi-robots includes leader-follower [34,41,75,117] and the artificial potential field
[113].

Guillet et al. in France [44] adopted the bidirectional control strategy based on the
virtual structure method. As shown in Figure 16a, each robot of the whole queue is a
fixed point on the virtual structure. In this structure, the queue also increases two virtual
leaders’ interaction with the extreme robots and carries the desired global velocity for
the whole fleet. The advantage of this method is simpler communication protocols and
lower communication costs; however, the reaction of the robots is slower because of
different acceleration performances.

Berman et al. in the USA adopted the graph theory approach in bee pollination
[108]. When a beehive was opened, the swarm robot flew radially from a moving beacon
at a constant speed. And once it encountered the edge of the graph, it flew eastward at a
fixed speed. As the robot flies over the plant, it acquires at least one flower within its
range through sensors and hovers over the flower with unit time probability to pollinate
it and record the location of the pollinated flower, returning to the hive after pollination
and starting the next flight until complete coverage of the whole field is achieved.
However, this method takes a long time and the model used in the simulation is too
idealized. Whether they can be used for practical production needs to be further
explored.

Smith et al. in Korea adopted model predictive control (MPC) and nonlinear
feedback control respectively in fish tracking (simulation) [117]. MPC is a finite-domain
rolling optimal control strategy with three parts: model, prediction, and decision,
sacrificing optimality to some extent [118]. The fish population location was first divided
into discrete points, and the discrete points were clustered to get the vertices of fish
population density, and the transition model was constructed by transforming the
movement of the fish population into the movement between the vertices. The transition
model and nonlinear feedback were used to obtain the transition matrix, and the
underwater robot was guided to the vertices with high fish population density
according to the transition matrix. The simulation results showed that the model-based
control of the underwater robot could approach the nearest point, while the feedback
control made the underwater robot approach the target point. However, in practice, the
underwater robot movement speed is smaller than the fish population movement speed,
and the method needs further improvement when applied in practice. The
leader-follower method [48,105,117,119,120] is also another classic model and widely
used in the formation control of agricultural multi-robots. Japan’s Zhang et al. [106] used
the leader-follower method to control UGV formation. As shown in Figure 16b, the
relative positional relationship between the leader and the follower is determined
according to the lateral and longitudinal safety distances (I-1) between the robots first,
and then the distances are dynamically adjusted with feedback linearization technology
to assemble different formations. Based on the leader-follower model, Bai et al. in China
also combined slide mode control with the harvester swarm [48]. The kinematic model
of the farmland leader-follower harvester swarm was established first, and based on this
model; the asymptotically stable path-following control law and the formation-keeping
control law were designed by combining feedback linearization and sliding-mode
control theory. The advantage of this leader-follower model is that the behavior of the
fleets can be controlled through the determined trajectory of the leading robot. The
method decouples the cooperative navigation control problem into lateral distance
keeping control and longitudinal distance keeping control. The formation control is
mainly accomplished by establishing the location and gesture of the following robot
relative to the leading robot, such as (I-¢), (I-1) first, then obtaining the formation
information through feedback linearization, and finally adjusting the formation
according to the threshold value. The leader-follower test results show that the real
paths of robots can achieve centimeter-level average error with the planned path based
on the safe distance of the vehicle. But this method is only applicable for environments
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involving a single-tasking of agricultural production and a fixed site. The adaptability to
the headland turns is not strong. The question of how to maintain robot formation in
encountering static or dynamic obstacles is not considered. If the leading robot
malfunctions, the formation of the fleets cannot be maintained. Once the leading robot
fails, the multi-robot system is susceptible to deadlock, and the formation cannot be
maintained. The “leader” replacement method was proposed [121] to overcome this
shortcoming, but the method has not been applied to agricultural multi-robots.

(b)

Figure 16. Formations of agricultural multi-robots: (a) the head and tail robots in the formation are used to guide UGVs in
I-shape operation. And the robot in the middle of the formation plows with farming tools in the field [44]. (b)
Leader-follower method to control the formation in V-shape operation [105]

Ju and Son in Korea adopted Ramadge-Wonham theory in supervisory control to
solve the above deadlock problem [122]. Supervisory control is a feedback control theory
for discrete-event systems, where the control goal is achieved by observing the
occurrence of events or states and using allowable or prohibited controllable events.
Finally, a time-driven system is combined with a low-level controller and an
event-driven system with a high-level controller with the criterion of satisfying the
behavior specification and maximizing the allowable events. Time-driven is used when
there is no fault, and once the queue encounters a fault, the control outcome is selected
based on event-driven. Simulation results demonstrate that the method can be used to
control complex dynamic systems, but it has not been tested in practical applications.

The characteristics and formation process of the formation control methods are
shown in Table 6.

Table 6. Comparison of formation control methods [34,41,75,86,104,106,109-111,113,114,117,123,124].

Formation Control

Method Advantages Disadvantages Steps Application

Simplified description  Difficult to handle fault Defining the dynamic model of
and assignment of tasks; tolerance; the virtual structure;

Transforming th 1l
High formation control ransformig the overa

e . Poor reliability; movement of the structure into
Bidirectional Weighted accuracy; .
. the motion of the robot; Plowed [44];
Constraints Approach .
No complicated
communication Low mobility limits rangeObtain the tracking control law of
protocols, low of motion; each robot;

communication costs;

The implementation is Define the formation right map G
more complicated, = (set of points V, edge E, weight
mainly limited to W),

Suitable for large-scale
robot formation;

Bee pollination

Graph theory approach (simulation) [108];
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Easy addition and simulation research;

deletion of robot nodes;
eletion ot robotnodes Specify the ideal distance of each

Easy to change between edge in the formation; Seeded in a

field (12 simulation

different formations; robots) [107]

Artificial potential field

The design of the Design artificial potential field

Little calculation; potential field functionis (environment and constraints
difficult; between robots in the formation); S
. Precision irrigation
Easy to implement . .
eal-time control in the vineyards
real-time control; . L .
e Problem with local Establishing a potential field [72]
Easy to handle collision . .
extreme points; function;

avoidance problems in
obstacle spaces;

Model predictive control
(MPC)

Real-time planning formation

Has a strong theoretical retains the reference center and Tracked fish
foundation; target control amount of each ~ (simulation) [117]
robot;
Adds multiple

A large amount of

constraints in the control X
. calculation, mostly used
process, and optimizes . .
for simulation;

the control sequence by Building a linear programming Harvested
online scrolling model with multiple constraints;  farmland [48];

optimization combined

with feedback correction

of real-time information;

Leader-follower

Identify leading robot and Collaborative

. air-ground
formations;

The abili d surveillance [122]
e ability to adapt to a Drove in a
field[46];

Control the spacing between the Lawn [119];

dynamic environmentis A follower follows the leader

not strong. If the leader

fails, the entire system
crashes;

Simplified system
control;
leading robot and the following
robot-angle (1 — ¢) or lateral
spacing-longitudinal spacing (1—  Plowed [106];
1)

From Table 6, it can be found that more complex or hybrid control methods are
mostly used in simple or simulation environments, and the application in actual
agricultural production is still dominated by the leader-follower method, and the
research is also mainly focused on multiple machines traveling in a straight line in a fixed
column. Further research should be conducted on how to continue driving, maintain the
formation, or adjust the formation after multiple robots encounter obstacles.

3.6. Communication

Communication is the basis of information interaction and collaboration among
multiple robots. In agricultural production, many factors affect the fine operation of
agricultural robots, and to maintain coordination and cooperation among multiple robots
and to gain a more comprehensive understanding of the environment in which multiple
robots perform tasks, robots need to interact with each other through information to
better perform a given task [29]. Balch and Arkin concluded that even a small amount of
communication can improve the performance of multi-robot systems tremendously
through experiments [125].

At present, the communication technology of agricultural multi-robots mainly
involves three parts: multi-robot communication mode, communication network, and
communication protocol.
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¢  Communication mode

The multi-robot communication mode is divided into three categories from a macro
perspective: explicit communication, implicit communication, and explicit and implicit
communication, as shown in Figure 17. Explicit communication is an interactive mode
through communication as a medium, requiring a clear communication protocol
between interacting parties. This method is often used for concordant communication
among robots, but it incurs fairly large costs. Implicit communication is the acquisition
of the required information through the external environment and internal sensors
without an explicit exchange of data, so some advanced coordination strategies cannot
be used, which affects the capacity to perform certain complex tasks.

. i Such as: point-to-point
Direct Communication I— : D‘ I
Explicit communlication
communication ) s Suct & i .
et CommEnncatai | Such as: unicast, m\letlcast.
broadcast communication
Such as: indicator light,
= communication = h
implicit signal light communication
communication —] o— =
[ 7| communication Environmental Such as: bio- informate
mode communication notification

upper level collaboration }_Such as: m'?l'eless network
communication

low-level collaboration |— Such as: sensor information
communication

Explicit and implicit
L] communication

Figure 17. Communication modes of multiple robots.

Since explicit communication and implicit communication have their advantages
[120], explicit communication is used for the integrated control of robots in the upper
layer, and implicit communication is used for integrated control of robots in the bottom
level. Explicit communication means that the robot communicates directly or indirectly
with other robots via wireless networks. For example, robot 1 sends a message to all
robots in the communication range in broadcast communication, that is, without
specifying a particular robot, robot 2, which does not need the message, receives the
message. In implicit communication, the intermediary for inter-robot communication is
often the surrounding environment. For example, the UAV can be informed about the
farmland in advance and build a model of the farmland environment, and the ground
robots operate on the ground based on this farmland model [122]. The combination of
both communication modes can be used to develop their advantages, improve the
flexibility to confront the various dynamic and unknown environments, and complete
many complex tasks in agricultural production.

For the implicit communication of multiple robots, you can refer to Section 3.2
environment perceptions, here we focus on robot explicit communication techniques.

In literature [25], two aerial drones were equipped with GPS, visible and
near-infrared spectral cameras, which took pictures of the farmland at a set series of
ordered waypoints and uploaded them to the backend, which sends the processed
information of weeds in the farmland to the ground robot. The ground robots were
equipped with RTK-GPS, RGB camera, and LIDAR. RTK-GPS provided accurate heading
for the ground robot, RGB camera detects weeds and crop rows, and LIDAR detects
obstacles on the vehicle trajectory. While the ground robots were safely walking along
their respective set paths, weeding operations start if the weeds detected by the cameras
were the same as the weed information in the farmland. In this multi-robot system, the
aerial drones and ground robots did not communicate directly but completed the
cooperative operation through the interaction of environmental information.
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e  Wireless communication net of multiple robots

As shown in Figure 18, the agricultural multi-robots need to adjust their pose in
real-time. Therefore, the data exchange of communication among multiple robots is
mainly based on wireless communication technology in agricultural production. This
technology mainly involves a wireless local area network (WLAN) and a wireless
personal area network (WPAN), such as WI-FI, Bluetooth, ZigBee, and IRDA (infrared
data association). Among them, WI-FI technology has been developed most rapidly in
agricultural multi-robots.

N AT
Receive
Send information Send
information information

Figure 18. The computer as the center controller was used to send initial paths for UGVs and UAVs control units through
communication. And perception data were exchanged between multi-robots and computers.UGV.

e The wireless communication protocol of multiple robots

The wireless communication protocols are primarily used based on wireless
communication standards and the unlicensed band. Taking the WLAN as an example,
the IEEE 802.11 series standards and the 2.4 GHz or 5 GHz bands are used in this
communication. The IEEE 802.15 series of transmission technology protocols are selected
in WPAN.

Combined with the above communication technology, the research progress of
agricultural multi-robots in communication in the past 10 years is summarized, as shown
in Table 7.
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Table 7. Comparison of wireless communication technologies of agricultural multi-robots in the

past 10 years.
Communication Technology WI-FI Bluetooth ZigBee
Transmission distance [m] 10~300 10~100 10~75
Theoretical transmission speed 54-300 M 100k 10k
[bps]
Wireless local area Wireless personal
Wireless communication network network (WLAN) area network WPAN
(WPAN)
2.4 G (global); 868
Working frequency [Hz] 24~54G 24G M (Europe); 915 M
(United States);
IEEE 802.11 a; !
IEEE 802.11 b %
C icati tocol ’ IEEE 802.15 IEEE 802.15.4
ommunication protoco IEEE 80211 g°;
IEEE 802.11 p %
) o Low power
High transmission consumption;
rate;
Low cost;
Fast transfer speed;
Strong Large
anti-interference transmission
Advantage A . A ability; A range; B
Long effective distance; Flexible networking; Good scalability
Low power Strong
Reliable connection P W anti-interference
consumption; -
ability;
Wide coverage; Small volume; Good security;
High povxlzer Slow; Low transmission
consumption; rate;
Short distance; Short distance;
Disadvantages Expensive; Weak networking The mobile phone
ability cannot
Protocol coding Poor security and communicate
complexity; confidentiality; directly;
Plowed in wheat fields Monitored
or orchards [126,127]; vineyards [28];
N Monitored and
Application Plowed [47,105,106];

weeded farmland
(491

Plowed [46];
1]IEEE802.11a standard, operating in the 5 GHz band, has a data transmission rate of 54 Mb/s. 2
IEEE802.11b standard, operating in the 2.4 GHz band, has a data transmission rate of 11 Mb/s, and
is not compatible with IEEE 802.11 a. 3IEEE802.11g is a standard that increases the transmission
speed of 802.11b from 11 Mb/s to 54 Mb/s.  IEEE 802.11p standard is a communication protocol
expanded by IEEE 802.11 standard, which is mainly used in wireless communication of automotive
electronics.

Plowed [44,48];

In addition to the above wireless communication technologies, Albani et al. adopted
a mobile ad hoc (peer-to-peer) network [128,129], which regarded the UAV as a
communication node in the network and used three communication strategies (simple,
flooding, geo-aware) to solve the communication problem of UAVs flying in the field.
The simplest communication strategy is a single broadcast mode, that is, the source node
sends information to the nearest node. Flooding constitutes a multi broadcast mode, that
is, the source node sends information to multiple agents. Geo-aware employs a source



Appl. Sci. 2021, 11, 1448

29 of 37

node with the highest utilization rate, and this node sends the messages. All three
communication strategies ignore communication errors and focus on the impact of the
communication range and protocol on work efficiency. The simulation results show that
the effective information of weed monitoring can be transmitted with a minimum
number of UAVs under the geo-aware approach. However, the communication strategy
discards new information obtained by UAVs of the distributed architecture, and
messages cannot be effectively transmitted with a wide range of communication (such as
over wide areas of farmland). Agricultural multi-robots working in the farmland often
encounter signal occlusion, atypical weather, etc.

Large agricultural multi-robots working in agricultural fields rarely encounter
problems such as signal occlusion and atypical weather. However, in other agricultural
products, such as greenhouse and orchard, when the size of the multi-robot is smaller
than the height of the crop, its communication signal strength is extremely attenuated by
factors such as crop planting, growth characteristics, planting scale, and weather
(natural wind and rain). Previous references [126,127,130] showed that the test results of
the WI-FI communication system of agricultural multi-robots suffered from WI-FI signal
intensity attenuation largely because of the reflection and scattering effects of crops, and
the effective communication distance was less than 50 m (far less than the theoretical
communication distance of 300 m) in mature wheat fields, cornfields, and peach
gardens. Therefore, it is a future research direction to select suitable multi-robot
communication technology according to the characteristics of crops and to carry out
research on multi-robot communication patterns based on crop shape characteristics.

4. Discussion

In general, in the past 10 years, the synergistic technologies of agricultural
multi-robots have achieved some research results, and multi-robot collaborative
operations have been realized in specific agricultural scenarios. But with the increasing
demand for agricultural operations, the following challenges in the application of
multi-robots in agriculture still exist to be solved:

e  Flexible agricultural multi-robot system architecture

Multi-robot architecture is the basis for collaborative operations of multi-robot
systems. In the last decade, agricultural multi-robot systems have mainly focused on
centralized or distributed architectures to accomplish collaborative operations under
pre-defined conditions. Both architectures have their advantages and disadvantages, but
as the number of robots increases (such as multiple aerial robots cooperating with
multiple ground robots) and new agricultural operational needs increase (such as
sampling in marine environments [131], cargo handling in hilly mountainous areas, pest
control in orchards, etc.), it is clear that the scalability and flexibility of multi-robot
systems relying on only one architecture are limited. The advantages of centralized and
distributed architectures are combined to form a hybrid architecture, or the application
architecture is dynamically selected according to the task attributes, which can overcome
the low performance caused by the self-centeredness in the distributed architecture and
reduce the lack of control flexibility in the centralized architecture.

e  Fast and precise environmental perception

In environmental awareness, positioning and sensor fusion answer the question of
“where am I” and building a map answers the question of “what’s around me”, and the
answers to these two questions are the prerequisites for robots to start their operations.
The positioning and sensor fusion technologies of agricultural multi-robot are mostly
used in large fields with unobstructed outdoor signals, where the communication
between robots is normal and the robots can get accurate positioning, heading, speed,
obstacles, and other information based on their sensors. However, considering the severe
compaction of soil by large agricultural machines, the compression of application costs,
and the promotion of this concept of refined agriculture, light, and small agricultural
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robots will be the trend of future development, which will make multi-robot positioning
unable to continue to rely on the high-precision positioning of a particular robot or a
particular sensor (e.g., GPS). Especially in case of robot failure or communication failure,
how to ensure the accurate positioning of the remaining individuals and make the
multi-robot system with good robustness is a problem that needs to be solved urgently.
Mapping not only can accurately learn the information of detailed agricultural
information, static obstacles, and the location of other robots but also can assign tasks and
plan paths for multiple robots. The more accurate the agricultural information, the more
accurate the operation objects will be, but this contradicts agricultural tasks that urgently
need a fast response, which means that the time spent on the subsequent processing of
information data reduces the real-time and flexibility of multi-robot operations. How to
obtain dynamic agricultural information quickly and accurately and match it with the
precise location of the operation object is another urgent problem in environment
sensing.
e  Reasonable task assignment in real-time

The task assignment is related to the multi-robot coordination and collaboration
mechanism, and the simple zoning assignment of robots cannot adapt to the dynamically
changing operational tasks. Also, the number of robots, operating time, and cost of robot
operations need to be dynamically adjusted to the operating task. Even for the same type
of robots, items such as fuel or electricity, fertilizers, herbicides, and pharmaceuticals can
change differently depending on the target of the operation. It is impossible to obtain fast
and reasonable response results based on the changes of these uncertainties even
depending on a priori knowledge. How to enable multi-robots to timely self-adjust to
dynamic task changes and obtain reasonable operational tasks or operational task
sequences through real-time interaction with dynamic environments is an urgent
problem for multi-robot task assignments in agriculture.

e  Dynamic and reliable path planning

The path of agricultural multi-robot operations is designed to accomplish dynamic
operational tasks, and the robot’s travel rules are usually fixed. The global path of
multi-robot offline planning only considers fixed travel rules, such as the point-to-point
method and image method, which can avoid static obstacles smoothly, but cannot be
extended to be applied to similar agricultural scenarios. In particular, if the dynamics of
the agricultural environment change rapidly (e.g., weeds are growing in the field after
the rainy season) and the agricultural information is not fully known (e.g., the
constructed mapping usually does not contain dynamic obstacles), fixed path planning
cannot meet the needs of complex tasks (e.g., weeds are not on the planned path).
Therefore, how to perform reliable path planning for multiple robots based on
operational tasks with distinct temporal characteristics is a problem that needs to be
solved for multi-robot path planning in agriculture.

e  Flexible and robust formation control

Multi-robot formation control currently focuses mostly on robot swarms walking
steadily along a straight line in a fixed formation. However, when a multi-robot system
encounters unexpected events, such as robot failure, communication failure, or stopping
travel due to dynamic obstacles, how to mitigate the impact on other robots, respond
quickly, and adjust the robot formation shape to continue the task is a concern for
agricultural multi-robot formations. Although some studies have shown that multiple
robots can be selectively controlled based on time or event drivers, or by replacing the
“leader” in the queue, none have been applied in real production.

¢ Communication system based on plant characteristics

Communication is the basis of multi-robot collaboration in agriculture, whether it is
multi-robot positioning, collaborative control, or remote supervision, communication is
indispensable. The agricultural environment lacks communication infrastructure
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construction, and most of them directly used industrial communication systems do not
consider the relationship between outdoor plant growth and communication signals, and
their communication range and signals will be attenuated to different degrees in the
agricultural environment. Therefore, the construction of a communication system
adapted to the agricultural multi-robot operating environment is a problem that needs
to be solved for multi-robot communication.

5. Conclusions

Given the current challenges in agricultural multi-robot research, this paper points out
future research directions in six areas to enhance the application of agricultural multi-robots
in practice. Firstly, to build a flexible and changeable agricultural multi-robot system
architecture based on hybrid architecture so that the multi-robot system has good
environmental adaptability and robustness. Secondly, to develop sensor information fusion
technology among agricultural multi-robots based on mutual positioning methods to
improve the positioning accuracy of multi-robots in agricultural environments without GPS.
Meanwhile, SLAM technology for agricultural multi-robots is studied to rapidly build
environment models to adapt to the dynamically changing agricultural information. Third,
to introduce deep learning mechanisms in agricultural multi-robot task assignment enables
multi-robots to self-identify, evaluate, compare, remember and adjust during their
interaction with the environment, and adjust the way they interact with other individuals
according to specific tasks so that the group as a whole is equipped with the ability to
complete multiple types of tasks. Fourth, dynamic planning of multi-robot paths based on a
combination of centralized and distributed path planning methods enables multi-robot
systems to adapt to real-time changing operational tasks and avoid obstacles and other
robots promptly. Fifth, to modify the reference points of multi-robot formations flexibly
according to changing events, adjust the distance and direction between formation members,
reduce the impact on other mobile robots, and complete operational tasks. Sixth, to study the
relationship between plant growth characteristics and communication system, establish a
communication signal attenuation model, and design an agricultural multi-robot
communication protocol based on this model to build a communication system.

In summary, the multiple robot system represents the future of robot development.
The synergistic technologies for the research of agricultural multi-robots have a great
value and bright prospects but are also extremely challenging. Therefore, it requires
participation by researchers to combine the former research results, recognize the
developing trends, and use practicality as the ultimate goal to drive forward the
coordination technology of agricultural multi-robots.

Author Contributions: Writing—review and editing, W.M.; supervision, H.L., Z.L., E.Y. and M.W_;
project administration, F.Y. All authors have read and agreed to the published version of the
manuscript.

Funding: This research received funding from the Major Science and Technology Project of
Shaanxi Province of China (Program No. 2020zdzx03-04-01).

Institutional Review Board Statement: The study in the paper did not involve humans or animals.
The project supporting the research of this paper is to study agricultural machinery and equipment
for apple orchards, and the research does not involve humans or animals.

Informed Consent Statement: The study in the paper did not involve humans.

Data Availability Statement: This paper is a scientific review paper that provides a detailed
analysis and summary of agricultural multi-robots, independent of the data.

Acknowledgments: Authors thank the funding received from the Major Science and Technology
Project of Shaanxi Province of China (Program No. 2020zdzx03-04-01). We also thank the critical
comments and suggestions from the anonymous reviewers for improving the manuscript.

Conflicts of Interest: The authors declare no conflict of interest.



Appl. Sci. 2021, 11, 1448 32 of 37

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Xia, L.Y. Negative Effects of Labor Force Drain on Rural Economy. ]. Nanjing Agric. Univ. (Soc. Sci. Ed.) 2009, 9, 14-19,
do0i:10.3969/j.issn.1671-7465.2009.01.003.

Wu, LL,; Li, G.C; Zhou, X.S. Change of Factor Endowments and China Agricultural Growth Path Selection. China Popul.
Resour. Environ. 2015, 25, 144-152, doi:10.3969/j.issn.1002-2104.2015.08.018.

Chen, X.W,; Chen, Y.Y.; Zhang, J.J. A Quantitative Study On the Impact of the Aging of Rural Population on Agricultural
output in China. Chin. J. Popul. Sci. 2011, 39-26. Available online:
http://www.cnki.com.cn/Article/CJFDTotal-ZKRK201102005.htm (accessed on 11 March 2019).

Zhang, S.W.; Tian, X.; Wang, S.G. Impact of Aging Agricultural Labor on Mechanization and Technical Efficiency in Wheat
Production: A prospective analysis based on landforms. ]. China Agric. Univ. 2018, 23, 174-182,
doi:CNKI:SUN:NYDX.0.2018-10-022.

Hu, X.P.; Zhu, Y.; Ge, D.Q. Analysis on the Aging of the Agricultural Labor Force in China. 23 December 2011. Available
online: http://www.chinanews.com/sh/2011/12-23/3554966_3.shtml (accessed on 11 March 2019).

Chen, Z,; Li, C.Y.; Zou, X.J. Supportive Technologies and Research Progresses of Agricultural Multi-robot System. ]. Hua
Zhong Agric. Univ. 2007, 26, 914-919, d0i:10.3321/j.issn:1000-2421.2007.06.034.

Zhang, Y.Z.; Chen, L.D.; Tang, T.Z. Analysis on the Causes and Effects of the Rising Labor Cost of Agricultural Planting. Mod.
Agric. Sci. Technol. 2017, 259-261, doi:10.3969/j.issn.1007-5739.2017.18.167.

An International Comparative Study of Labor Productivity and Unit Labor Costs in Three Industries in China. Available
online: https://www.sohu.com/a/274944214 481741 (accessed on 24 January 2021).

Zhang, Y.H. The “High Cost” Era of Agriculture Needs to Improve Competitiveness. Finance. Community 2017, 16, 74-77,
do0i:10.3969/.issn.1009-2781.2017.16.025.

Zhou, X.S. Labor Migration, and Agricultural Mechanization. . South China Agric. Univ. (Soc. Sci. Ed. ) 2017, 16, 3,49-57,
doi:10.7671/j.issn.1672-0202.2017.03.005.

Shamshiri, R.R.; Weltzien, C.; Hameed, I.A; Yule, L].; Grift, T.E.; Balasundram, S.K,; Pitonakova, L.; Ahmad, D.; Chowdhary,
G. Research and Development in Agricultural Robotics: A perspective of Digital Farming. Int. J. Agric. Biol. Eng. 2018, 11, 1-14,
doi:10.25165/j.ijabe.20181104.4278.

Sun, F.K; Xing, Z.B. Summary and Improvement Measures for Soil Compaction Caused by Machinery. Agric. Sci. Technol.
2014, 15, 205206, doi:10.3969/;.issn.1009-4229.2014.02.008.

Johnson, D.A.; Naffin, D.J.; Puhalla, J.S.; Sanchez, J.; Wellington, C.K. Development and Implementation of A Team of Robotic
Tractors for Autonomous Peat Moss Harvesting. J. Field Robot. 2010, 26, 549-571, d0i:10.1002/rob.20297.

Moorehead, S.; Wellington, C.; Gilmore, B.; Vallespi, C. Automating Orchards: A System of Autonomous Tractors for Orchard
Maintenance. In Proceedings of the 2012 IEEE/RS] International Conference on Intelligent Robots & Systems (IROS),
Vilamoura, Algarve, Portugal, 7-12 October 2012.

Noreils, F.R. Toward a Robot Architecture Integrating Cooperation Between Mobile Robots. Appl. Indoor Environ. 1993, 12, 79—
98, d0i:10.1177/027836499301200106.

Kun, S. Production Time and Labor Time of Agriculture: Academic Debate and Value Implication. J. China Agric. Univ. (Soc.
Sci. Ed.) 2019, 36, 11-23, doi:10.13240/j.cnki.caujsse.2019.02.015.

This Spring Plowing, Modern Agricultural Machinery “Take the Big Beam” My City Spring Plowing Preparation Plows to
Invest 149 Thousand Sets of Agricultural Machinery Tools. Available online:
https://app.cqrb.cn/economic/2020-02-27/130410_pc.html (accessed on 30 November 2020).

The Agricultural Machinery Plays the Leading Role, Helps the Farmer Spring Plows the Busy. Available online:
http://baijiahao.baidu.com/s?id=1665918730118414764 (accessed on 30 November 2020).

Xinjiang Plant Protection Drone Doubles Farmers’ Income. Available online:
https://kuaibao.qq.com/s/20190903A01ZHKO00?refer=spider (accessed on 30 November 2020).

Summer Grain Harvest Nearly 80%, the Harvest Has Become a Foregone Conclusion. Available online:
http://www.xinhuanet.com/fortune/2019-06/12/c_1124613101.htm (accessed on 30 November 2020).

Yao, ].W.; Huang, C.S. Review on Multi-robot Coordination and Cooperation Control Technology. J. Huangshi Inst. Technol.
2007, 23, 1-6, doi:10.3969/j.issn.1008-8245.2007.06.001.

Zhang, Z.Y. Research on Multi-Robot Collaboration and Environmental Modeling. Ph.D. Thesis, Harbin Engineering
University, Harbin, China, 2009.

Hao, Y.; Laxton, B.; Agrawal, S.K.; Benson, E.R. Differential flatness-based formation following of a simulated autonomous
small grain harvesting system. Trans. ASAE 2004, 47, 933-941, doi:10.13031/2013.16083.

Hao, Y.; Laxton, B.; Benson, E.R.; Agrawal, S.K. Robotic Simulation of the Docking and Path Following of an Autonomous
Small Grain Harvesting System. In Proceedings of the 2003 ASAE Annual International Meeting, Las Vegas, NV, USA, 27-30
July 2003; d0i:10.13031/2013.14059.

Emmi, L.; Gonzalez-de-Soto, M.; Pajares, G.; Gonzalez-de-Santos, P. New Trends in Robotics for Agriculture: Integration and
Assessment of a Real Fleet of Robots. Sci. World |. 2014, 1-21, doi:10.1155/2014/404059.

Tan, M.,; Wang, S; Cao, Z.Q. Multi-Robot System; Tsinghua University Press: Beijing, China, 2005; p. 307, ISBN
978-7-3021-0095-9.



Appl. Sci. 2021, 11, 1448 33 of 37

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

Noguchi, N.; Will, J.; Reid, J.; Zhang, Q. Development of A Master-Slave RobotSystem for Farm Operations. Comput. Electron.
Agric. 2004, 44, 1-19, doi:10.1016/j.compag.2004.01.006.

Bouzouita, A.; Larbi, H.; Cherif, M.; Selmi, M.S.; Belhadj, K.; Derouiche, A.; Ben Slama, M.R.; Chebil, M. Aerial Remote
Sensing in Agriculture: A Practical Approach to Area Coverage And Path Planning For Fleets of Mini Aerial Robots. |. Field
Robot. 2011, 28, 667-689, d0i:10.1002/rob.20403.

Cai, Z.X,; Chen, B.F,; Liu, L.Y.; Yu, L.L. Cooperative Principle and Technology of Multi-Mobile Robot; National Defense Industry
Press: Beijing, China, 2011; p. 286. ISBN 978-7-1180-6854-2.

Sahin, E. Swarm Robotics: From Sources of Inspiration to Domains of Application. In Proceedings of 2004 the International
Conference on Swarm Robotics, Berlin, Germany, 10-20 July 2004, doi:10.1007/978-3-540-30552-1_2

Fan, R.F.; Xie, G.M.; He, C.G. Robot Perception and Application; Harbin Engineering University Press: Harbin, China, 2013; p.
197. ISBN 978-7-5661-0688-9.

Wang, D.S.; Wang, J. Research Review of Environmental Cognition Techniques of Mobile Robots in Unknown Environment.
Mach. Tool Hydraul. 2013, 41, 187-191, doi:10.3969/;.issn.1001-3881.2013.15.050.

Jiang, H.Z. A Review of Collaborative Positioning Technology. Telecom. Power Technol. 2017, 34, 48-50,
do0i:10.19399/j.cnki.tpt.2017.06.017.

Rekleitis, I.M.; Dudek, G.; Milios, E.E. Multi-robot cooperative localization: A study of trade-offs between efficiency and
accuracy, In Proceedings of the 2002 IEEE/RS] International Conference on Intelligent Robots and Systems (IROS), EPFL,
Lausanne, Switzerland, 30 September—4 October 2002; pp. 2690-2695, doi:10.1109/IRDS.2002.1041676.

Cai, Y.F. Research on Multiple Robots Cooperative Localization and the Architecture. Ph.D. Thesis, Nanjing University of
Science & Technology, Nanjing, China, 2011.

Stroupe, A.W.; Balch, T. Collaborative probabilistic constraint-based landmark localization, In Proceedings of the 2002
IEEE/RS] International Conference on Intelligent Robots & Systems (IROS), EPFL, Lausanne, Switzerland, 30 September—4
October 2002; pp. 447-453, doi:10.1109/IRDS.2002.1041431.

Wang, Z.Q. Design and realization on the autonomous following control system of agricultural vehicles. Master’s Thesis,
Nanjing Agricultural University, Nanjing, China, 2014.

Bi, W.P.; Zhang, H.; Qu, Z.L.; Ding, Y.Q.; Yu, H.F.; Wang, B. Design of an autonomous following system for master-slave
vehicles operating in orchard based on binocular stereo vision. |. Hunan Agric. Univ. (Nat. Sci.) 2016, 42, 344-348,
doi:10.13331/j.cnki.jhau.2016.03.023.

Zhao, M.; Lin, M.S.; Huang, Y.Q. Leader-following Formation Control of Multi-robots Based on Dynamic Value of ¢. |.
Southwest Univ. Sci. Technol. 2013, 28, 57-61, d0i:10.3969/j.issn.1671-8755.2013.04.011.

Guillet, A.; Lenain, R.; Thuilot, B.; Martinet, P. Adaptable robot formation control: Adaptive and predictive formation control
of autonomous vehicles. IEEE Robot. Autom. Mag. 2014, 21, 28-39, doi:10.1109/MRA.2013.2295946.

Wu, X; Jing, Y.; Sun, F.; Chen, H.; Huang, S. An approach to multi-robot cooperative SLAM. In Proceedings of the 2012 31st
Chinese Control Conference (CCC), Hefei, China, 25-27 July 2012; pp. 4904-4913.

Zhu, Z.; Takeda, J.-i.; Torisu, R.; Chen, J.; Song, Z.; Mao, E. Control system for tractor-platooning. In Proceedings of 2007
International Conference on Mechatronics and Automation (ICMA), Harbin, China. 5-8 August 2007; pp. 3173-3178,
d0i:10.1109/ICMA.2007.4304069.

Zhu, Z.; Takeda, J.-I; Xie, B.; Song, Z.; Torisu, R.; Mao, E. Tractor platooning system on sloping terrain at low speed. Trans.
ASABE 2009, 52, 1385-1393, do0i:10.13031/2013.27773.

Guillet, A.; Lenain, R.; Thuilot, B.; Rousseau, V. Formation Control of Agricultural Mobile Robots: A Bidirectional Weighted
Constraints Approach. J. Field Robot. 2017, 34, 1260-1274, doi:10.1002/rob.21704.

Cartade, P.; Braconnier, J.-B.; Lenain, R.; Thuilot, B. Adaptive and predictive control of a mobile robots fleet: Application to
off-road formation regulation. In Proceedings of the 2013 IEEE International Conference on Robotics and Automation (ICRA),
Karlsruhe, Germany. 6-10 May 2013; pp. 1836-1842, doi:10.1109/ICRA.2013.6630819.

Xi, Z.; Marcus, G.; Patrick, O.N.; Ludwig, G. Development of an intelligent master-slave system between agricultural vehicles.
In Proceedings of the 2010 Intelligent Vehicles Symposium(IV), La Jolla, CA, USA, 21-24 June 2010; pp. 250-255,
doi:10.1109/1VS.2010.5548056.

Chi, Z.; Noboru, N. Development of Leader-follower System for Field Work. In Proceedings of 2015 IEEE/SICE International
Symposium on System Integration (SII), Meijo University, Nagoya, Japan, 11-13 December 2015; pp. 364-368,
d0i:10.1109/S11.2015.7404947.

Bai, X.; Wang, Z,; Hu, J.; Gao, L.; Xiong, F. Harvester Group Corporative Navigation Method Based on Leader-Follower
Structure. Trans. Chin. Soc. Agric. Mach. 2017, 48, 14-21, d0i:10.6041/j.issn.1000-1298.2017.07.002.

Gonzalez-de-Santos, P.; Ribeiro, A.; Fernandez-Quintanilla, C.; Lopez-Granados, F.; Brandstoetter, M.; Tomic, S.; Pedrazzi, S.;
Peruzzi, A.; Pajares, G.; Kaplanis, G.; et al. Fleets of robots for environmentally-safe pest control in agriculture. Precis. Agric.
2017, 18,574-614, doi:10.1007/s11119-016-9476-3.

Gonzalez-de-Soto, M.; Emmi, L.; Perez-Ruiz, M.; Aguera, J.; Gonzalez-de-Santos, P. Autonomous systems for precise spraying
- Evaluation of a robotized patch sprayer. Biosyst. Eng. 2016, 146, 165-182, doi:10.1016/j.biosystemseng.2015.12.018.

Zhou, HM.; Qian, Z. Intelligent Sensing Technology and System (11th Five-Year Plan); Beijing University of Aeronautics and
Astronautics Press: Beijing, China, 2008; p. 301. ISBN 978-7-8112-4366-6.



Appl. Sci. 2021, 11, 1448 34 of 37

52.

53.

54.

55.

56.

57.

58.

59.

60.
61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Qing, Z.Q. Data Fusion Technique and Its Application. Ordnance Industry Autom. 2003, 22, 25-28,
do0i:10.3969/j.issn.1006-1576.2003.05.009.

Perez-Ruiz, M.; Upadhyaya, S.K. GNSS in precision agricultural operation. In New Approach of Indoor and Outdoor Localization
Systems; Intech: Brisbane, Australia, 2012; pp. 1-25, doi:10.13140/2.1.4162.3362.

High Precision TOPCON Autopilot System for Agricultural Seeding, Land Preparation and Spraying. Available online:
http://www.appl7.com/supply/offerdetail/9628838.html (accessed on 25 January 2021).

Juan-Carlos, T.; Rodrigo, M.; Edmundo, G.; Antoni, G. Cooperative monocular-based SLAM for multi-UAV systems in
GPS-denied environments. Sensors 2018, 18, 1351, d0i:10.3390/s18051351.

Roldan, J.J.; Garcia-Aunon, P.; Garzén, M.; Ledn, ].D.; Cerro, J.D.; Barrientos, A. Heterogeneous Multi-Robot System for
Mapping Environmental Variables of Greenhouses. Sensors 2016, 7, 1018, doi:10.3390/s16071018.

Fang, Z.; Tong, G.; Xu, X. Study of Autonomous Robot Self-localization Methods Based on Bayesian Filter Theory. Control
Decis. Mak. 2006, 21, 841.

Blender, T.; Buchner, T.; Fernandez, B.; Pichlmaier, B.; Schlegel, C. Managing a Mobile Agricultural Robot Swarm for a
seeding task. In Proceedings of the 2016 42nd Annual Conference of the IEEE Industrial Electronics Society (IES), Florence,
Italy, 24-27 October 2016.

Dellaert, F.; Fox, D.; Burgard, W.; Thrun, S. Monte Carlo localization for mobile robots, In Proceedings of the 1999 IEEE
International Conference on Robotics and Automation, Detroit, MI, USA, 10-15 May 1999, doi:10.1109/ROBOT.1999.772544.
Thrun, S. Probabilistic Algorithms in Robotics. AI Mag. 2000, 21, 9-109, doi:10.1177/10597123000080015.

Thrun, S.; Burgard, W.; Fox, D. Probabilistic Robotics (Intelligent Robotics and Autonomous Agents); MIT Press: Cambridge, MA,
USA, 2005; p. 668. ISBN 978-0-2622-0162-9.

Guan, Y.,; Yang, X.J; Jiang, T. Research Advances on the Multisensor Information Fusion of the Agricultural Robot. |. Anhui
Agric. Sci. 2010, 25, 14127-14128.

Yang, L.; Yu, H. Multi-Source Information Fusion Theory and Application; Beijing University of Posts and Telecommunications
Press: Beijing, China, 2011; p. 234, ISBN:978-7-5635-2740-3.

Wang, W.H.; Chen, W.D,; Xi, Y.G. Uncertain Information Based Map-Building Of Mobile Robots In Absolutely Unknown
Environment. Robot 2001, 23, 563-568, doi:10.3321/j.issn:1002-0446.2001.06.017 ..

Ball, D.; Ross, P.; English, A.; Patten, T.; Upcroft, B.; Fitch, R.; Sukkarieh, S.; Wyeth, G.; Corke, P. Robotics for Sustainable
Broad-Acre Agriculture. In Field and Service Robotics; Springer, Cham, Switzerland, 2015; pp. 439-453,
do0i:10.1007/978-3-319-07488-7_30.

Kim, J.; Son, H.I. A Voronoi Diagram-Based Workspace Partition for Weak Cooperation of Multi-Robot System in Orchard.
IEEE Access 2020, 8, 2067620686, doi:10.1109/ACCESS.2020.2969449.

Zhang, H. Research on path planning of multiple agricultural robots based on ant colony algorithm. Digital Technol. Appl.
2017, 6,147-149, doi:10.19695/j.cnki.cn12-1369.2017.06.085.

Moravec, H. High Resolution Maps from Wide Angle Sonar. In Proceedings of the 1985 IEEE International Conference on
Robotics and Automation, St. Louis, MO, USA, 25-28 March 1985; do0i:10.1109/ROBOT.1985.1087316.

Kortenkamp, D.; Weymouth, T.E. Topological Mapping for Mobile Robots Using a Combination of Sonar and Vision Sensing.
In Proceedings of the 1994 12th National Conference on Artificial Intelligence (AAAI), Seattle, WA, USA, 31 July—4 August
1994; Volume 2, pp. 979-984.

Mouaddib, E.M.; Marhic, B. Geometrical matching for mobile robot localization. IEEE Trans. Robot. Autom. 2000, 16, 542-552,
d0i:10.1109/70.880804.

Potena, C.; Khanna, R.; Nieto, J.; Siegwart, R.; Nardi, D.; Pretto, A. AgriColMap: Aerial-Ground Collaborative 3D Mapping for
Precision Farming. IEEE Robot. Autom. Lett. 2019, 4, 1085-1092, d0i:10.1109/LRA.2019.2894468.

Faryadi, S.; Mohammadpour Velni, J. A reinforcement learning-based approach for modeling and coverage of an unknown
field using a team of autonomous ground vehicles. Int. J. Intell. Syst. 2020, 1-16, doi:10.1002/int.22331.

Dong, W.; Zhu, K; Liang, S.H.; Wen, W.S.; Guo, Y.; Tan, Y. Path planning algorithm of field robot based on topological map
and robot control. China Sci. Paper 2016, 11, 2525-2530, doi:10.3969/j.issn.2095-2783.2016.22.002.

Shalal, N.; Low, T.; Mccarthy, C.; Hancock, N. A preliminary evaluation of vision and laser sensing for tree trunk detection
and orchard mapping. In Proceedings of the 2013 Australasian Conference on Robotics and Automation (ACRA), UNSW,
Sydney, Australia, 2-4 December 2013; pp. 1-10.

Dos Santos, F.N.; Sobreira, HM.P.; Campos, D.F.B.; Morais, R.; Moreira, A.P.G.M.; Contente, O.M.S. Towards a Reliable
Monitoring Robot for Mountain Vineyards. In Proceedings of the 2015 IEEE International Conference on Autonomous Robot
Systems & Competitions (IROS), Gateway to the Era of Robots, Hamburg, Germany, 28 September-2 October 2015; pp. 37-43,
doi:10.1109/ICARSC.2015.21.

Wang, H.L.; Zhang, C.J.; Song, Y.; Pang, B. Master-followed Multiple Robots Cooperation SLAM Adapted to Search and
Rescue Environment. Int. ]. Control Autom. Syst. 2018, 16, 2593-2608, doi:10.1007/s12555-017-0227-7.

Schmuck, P.; Chli, M. CCM-SLAM: Robust and efficient centralized collaborative monocular simultaneous localization and
mapping for robotic teams. J. Field Robot. 2019, 36, 763-781, d0i:10.1002/rob.21854.

Zhang, Y. Liu, SH. Survey of multi-robot task allocation. CAAI Trans. Intell. Syst. 2008, 3, 115-120,
d0i:10.3969/j.issn.1673-4785.2008.02.003.



Appl. Sci. 2021, 11, 1448 35 of 37

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

Gerkey, B.P.; Matari¢, M.J. A Formal Analysis and Taxonomy of Task Allocation in. Int. ]. Robot. Res. 2004, 23, 939-954,
doi:10.1177/0278364904045564.

Zan, J. Research On Key Technologies of Multiple Autonomous Mobile Robot Cooperation. Ph.D. Thesis, Chang’an
University, Xi’an, China, 2014.

D’Urso, G.; Smith, S.L.; Mettu, R.; Oksanen, T.; Fitch, R. Multi-vehicle refill scheduling with queueing. Comput. Electron. Agric.
2018, 144, 44-57, d0i:10.1016/j.compag.2017.11.014.

Wan, L.P.; Lan, X.G.; Zhang, H.B.; Zheng, N.N. A Review of Deep Reinforcement Learning Theory and Application. Pattern
Recognit. Artif. Intell. 2019, 32, 67-81.

Zhou, J; Mu, DJ. Study of multi-robot system on task allocation. ]. Northwest Univ. (Nat. Sci. Ed. ) 2014, 44, 403-410,
doi:10.3969/j.issn.1000-274X.2014.03.014.

Ruyue, C.; Shichao, L.; Yuhan, J.; Hongzhen, X.; Man, Z.; Minzan, L. Multi-machine Cooperation Task Planning Based on Ant
Colony Algorithm. |. Agric. Mach. 2019, 50, 34-39, doi:CNKI:SUN: NYJX.0.2019-51-006.

Drenjanac, D.; Klausner, L.; Kiithn, E.; Tomic, S.D.K. Semantic Shared Spaces for Task Allocation in a Robotic Fleet for
Precision Agriculture. In Proceedings of the 2013 7th Research Conference on Metadata and Semantic Research Conference
(MTSR), Thessaloniki, Greece, 19-22 November 2013; pp. 440-446, d0i:10.1007/978-3-319-03437-9_43.

Wamg, Y.F. Research on Task Allocation of a Multi-Robot System for Intelligent Manufacturing. Ph.D. Thesis, Nanjing
University, Nanjing, China, 2016.

Tang, S.Y.; Zhu, Y.F.; Li, Q.; Lei, Y.L. Survey of task allocation in multi Agent systems. Syst. Eng. Electron. 2010, 32, 2155-2161,
doi:10.3969/j.issn.1001-506X.2010.10.30.

Song, Z.; Vaughan, R.T. Sustainable robot foraging: Adaptive fine-grained multi-robot task allocation for a maximum
sustainable yield of biological resources. In Proceedings of the 2013 IEEE/RS] International Conference on Intelligent Robots &
Systems(IROS), Tokyo, Japan, 3-7 November 2013; pp. 3309-316, doi:10.1109/IROS.2013.6696827.

Sherali, H.D.; Driscoll, P.J. Evolution and state-of-the-art in integer programming. J. Comput. Appl. Math. 2000, 124, 319-340.
Gomory, R.E. Outline of an algorithm for integer solutions to linear programs. Bull. Am. Math. Soc. 1958, 64, 275-278.

Tan, S.W.; Zhang, D.L. Graphic solution for a type of integer programming. J. Pet. Univ. (Nat. Sci. Ed.) 2003, 27, 124-127.

Zhao, Y. Survey on intelligent optimization algorithms for solving integer programming problems. Comput. Appl. Res. 2010,
27,408-412.

Fu, MJ,; You, XM. A review of multi-robot systems and their path planning methods. Softw. Guide 2017, 16, 177-179,
doi:10.11907/rjdk.161914.

Du, L.C; Qian, H.; Xiao, A.P. Path Planning Technology and Its Application in Greenhouse Robot. Hubei Agric. Sci. 2010, 49,
1205-1208, doi:10.3969/j.issn.0439-8114.2010.05.058.

Liao, S.H.; Zhang, L.D. Present Situation and Developing Trend of Robot Path Planning Technology. Mech. Eng. 2007, 7, 13-16,
doi:10.3969/j.issn.1002-2333.2007.07.014.

Lei, Y.M. Research on Dynamic Path Planning Method for Multi-Robot Systems. Ph.D. Thesis, Harbin Engineering University,
Harbin, China, 2011.

Ma, Y. Research on Path Planning Problems for Multiple Moblie Robots. Ph.D. Thesis, Huazhong University of Science &
Technology, Wuhan, China, 2012.

Kolendo, P.; Smierzchalski, R.; Jaworski, B. Fitness function scaling in the evolutionary method of path planning. In
Proceedings of the 2011 16th International Conference on Methods & Models in Automation & Robotics (MMAR),
Miedzyzdroje, Poland, 22-25 August 2011; pp. 1989-1994, doi:10.1109/ISIE.2011.5984464.

Chiddarwar, S.S.; Babu, N.R. Conflict free coordinated path planning for multiple robots using a dynamic path modification
sequence. Robot. Auton. Syst. 2011, 59, 508-518, d0i:10.1016/j.robot.2011.03.006.

Conesamufioz, J.; Emmi, L.A.; Gonzalezdesoto, M.; Ribeiro Seijas, A. Effective supervision of a tractor fleet. In Proceedings of
the 2014 2nd International Conference on Robotics & Associated High-Technologies & Equipment for Agriculture and
Forestry (RHEA), Madrid, Spain, 30-31 January 2014.

Conesa-Munoz, J.; Ribeiro, A.; Andujar, D.; Fernandez-Quintanilla, C.; Dorado, J. Multi-path planning based on an NSGA-II
for a fleet of robots to work on agricultural tasks. In Proceedings of the 2012 IEEE Congress on Evolutionary Computation
(CEC), Brisbane, Australia, 10-15 June 2012; pp. 1-8, doi:10.1109/CEC.2012.6256629.

Mudgal, C.; Vassileva, J. An influence diagram model for multi-agent negotiation. In Proceedings of the 2000 4th International
Conference on Multiagent Systems (ICMAS), Washington, DC, USA, 10-12 July 2000; pp. 451452,
doi:10.1109/ICMAS.2000.858520.

Hasegawa, J.; Kurihara, K.; Nishiuchi, N. Collision-free path planning method for a mobile robot. In Proceedings of the 2002
IEEE International Conference on Systems, Man and Cybernetics (SMC), Yasmine Hammamet, Tunisia, 6-9 October 2002;
Volume 3, pp. 323-327, doi:10.1109/ICSMC.2002.1176061.

Kolushev, F.A.; Bogdanov, A.A. Multi-agent Optimal Path Planning for Mobile Robots in Environment with Obstacles. In
Proceedings of the 1999 Perspectives of System Informatics—3rd International Andrei Ershov Memorial Conference,
Akademgorodik, Novosibirsk, Russia, 6-9 July 1999; pp. 503-510, doi:10.1007/3-540-46562-6_45.

Zhang, C.; Noguchi, N. Development of a multi-robot tractor system for agriculture field work. Comput. Electron. Agric. 2017,
142, 79-90, doi:10.1016/j.compag.2017.08.017.



Appl.

Sci. 2021, 11, 1448 36 of 37

106.

107.

108.

1009.

110.

111.

112.

113.

114.
115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

Zhang, C.; Noguchi, N. Cooperation of Two Robot Tractors to Improve Work Efficiency. Adv. Robot. Autom. 2016, 5, 11,
doi:10.4172/2168-9695.1000146.

Ball, D.; Ross, P.; English, A.; Patten, T.; Upcroft, B.; Fitch, R.; Sukkarieh, S.; Wyeth, G.; Corke, P. Robotics for Sustainable
Broad-Acre Agriculture. In Proceedings of the 2013 9th International Conference on the Field and Service Robotics (FSR),
Brisbane, Australia, 9-11 December 2013; d0i:10.1021/ac60073a003.

Berman, S.; Nagpal, R.; Haldsz, AM. Optimization of Stochastic Strategies for Spatially Inhomogeneous Robot Swarms: A
Case Study in Commercial Pollination. In Proceedings of the 2011 IEEE/RS] International Conference on Intelligent Robots &
Systems(IROS), San Francisco, CA, USA, 25-30 September 2011; pp. 3923-3930, doi:10.1109/IROS.2011.6094771.

Tamura, K.; Naruse, K. Unsmooth Field Sweeping by Balistic Random Walk of Multiple Robots in Unsmooth Terrain. In
Proceedings of the 2014 Joint 7th International Conference on Soft Computing and Intelligent Systems (SCIS) and 15th
International Symposium on Advanced Intelligent Systems(ISIS), Kita-Kyushu, Japan, 3-6 December 2014; pp. 585-589,
doi:10.1109/SCIS-ISIS.2014.7044837.

Noguchi, N.; Will, J.; Ishii, K;; Reid, J. Development of Master-slave Robot System—Obstacle avoidance algorithm, In
Proceedings of the 2002 Automation Technology for Off-road Equipment Conference, Chicago, IL, USA, 26-27 July 2002; pp.
432-441, doi:10.13031/2013.10065.

Dong, S.L.; Chen, W.D.; Yugeng, X. An distributed control system for multi-mobile robot formation. Robot 2002, 22, 433-438,
doi:10.1007/s12083-016-0479-7.

Qing, Y.Q. Research on Motion Control of Multiple Mobile Robots System. Ph.D. Thesis, Huazhong University of Science and
Technology, Wuhan, China, 2007.

Liu, Y.P; Yang, Y.M. Research review on formation control of multiple robots. Control Eng. 2010, S3, 182-186,
doi:10.14107/j.cnki.kzgc.2010.s3.058.

Zhang, Q.H. Graph Theory with Applications; Tsinghua University Press: Beijing, China, 2013; p. 184. ISBN 978-7-3023-2997-8.
Gong, ] W.; Jiang, Y.; Xu, W. Model Predictive Control for Driverless Vehicles; Beijing Institute of Technology Press: Beijing, 2014;
p- 196. ISBN 978-7-5640-9084-5.

Wang, D.Z.; Wu, S.J. Model Tracking Control System Design; East China University of Science and Technology Press: Shanghai,
China, 2016; p. 127. ISBN 978-7-5628-4703-8.

Smith, K.D.; Hsiung, S.C.; White, C.; Lowe, C.G.; Clark, C.M. Stochastic modeling and control for tracking the periodic
movement of marine animals via AUVs. In Proceedings of the IEEE/RS] International Conference on Intelligent Robots &
Systems(IROS), Daejeon, Korea, 9-14 October 2016; pp. 3101-3107.doi:10.1109/IROS.2016.7759480.

Zhang, C.; Zhao, Y. Development and application of model-based predictive control theory. Electron. Technol. Softw. Eng. 2014,
4.256-257.

Guillet, A,; Lenain, R.; Thuilot, B. Off-road path tracking of a fleet of WMR with adaptive and predictive control. In
Proceedings of the 2013 IEEE/RS] International Conference on Intelligent Robots and Systems (IROS), Tokyo, Japan, 3-7
November 2013; pp. 2855-2861, d0i:10.1109/IROS.2013.6696760.

Pitla, S.K.; Luck, J.D.; Shearer, S.A. Multi-Robot System Control Architecture (MRSCA) for Agricultural Production. British J.
Learn. Disabil. 2010, 11, 68-69, d0i:10.13031/2013.36212.

Chaimowicz, L.; Sugar, T.; Kumar, V.; Campos, M.F.M. An architecture for tightly coupled multi-robot cooperation. In
Proceedings of the 2001 IEEE International Conference on Robotics & Automation (ICRA), Seoul, Korea, 21-26 May 2001;
Volume 3, pp. 2992-2997, doi:10.1109/ROBOT.2001.933076.

Ju, C; Son, H.I. Modeling and control of heterogeneous agricultural field robots based on ramadge-wonham theory. IEEE
Robot. Autom. Lett. 2020, 5, 48-55, d0i:10.1109/LRA.2019.2941178.

Bochtis, D.D.; Sorensen, C.G. The vehicle routing problem in field logistics part I. Biosyst. Eng. 2009, 104, 447-457,
doi:10.1016/j.biosystemseng.2009.09.003.

Bochtis, D.D.; Sorensen, C.G. The vehicle routing problem in field logistics: Part II. Biosyst. Eng. 2010, 105, 180-188,
doi:10.1016/j.biosystemseng.2009.10.006.

Arkin, R.C; Balch, T.; Nitz, E. Communication of Behavioral State in Multi-Agent Retrieval Tasks. In Proceedings of the 1993
IEEE International Conference on Robotics & Automation (ICRA), Atlanta, GA, USA, 2-6 May 1993; pp. 588-594,
doi:10.1109/ROBOT.1993.291841.

Zhou, Y. Research of Wireless Communication Technology for Agricultural Multi-Robot Systems. Master’s Thesis, Northwest
A&F University, Yangling, China, 2014.

Zhu, H. Research and Design of Wireless Communication Platform For Agricultural Multi-Robot. Master’s Thesis, Northwest
A&F University, Yangling, China, 2015.

Albani, D.; Ijsselmuiden, ].; Haken, R.; Trianni, V. Monitoring, and Mapping With Robot Swarms for Agricultural
Applications. In Proceedings of 2017 14th IEEE International Conference on Advanced Video & Signal Based Surveillance
(AVSS), Lecce, Italy, 29 August—1 September 2017; pp. 1-6, d0i:10.1109/AVSS.2017.8078478.

Albani, D.; Nardi, D.; Trianni, V. Field Coverage and Weed Mapping by UAV Swarms. In Proceedings of 2017 IEEE/RS]
International Conference on Intelligent Robots & Systems (IROS), Vancouver, BC, Canada, 24-28 September 2017; pp. 4319-
4325, d0i:10.1109/IROS.2017.8206296.



Appl. Sci. 2021, 11, 1448 37 of 37

130. Zhou, Y.; Yang, F.Z.; Zhu, H.; Wang, B.B.; Qing, HW.; Wang, Z. Test of Propagation Performance of Wheat Field Wireless
Channel based on Wi-Fi. Agric. Mech. Res. 2015, 2, 155-160, doi:10.13427/j.cnki.njyi.2015.02.038..

131. Deusdado, P.; Pinto, E.; Guedes, M.; Marques, F.; Rodrigues, P.; Lourenco, A.; Mendonca, R.; Silva, A.; Santana, P.; Corisco, J.;
et al. An Aerial-Ground Robotic Team For Systematic Soil and Biota Sampling in EstuarineMudflats. In Proceedings of the
2nd Iberian Robotics Conference, Lisbon, Portugal, 15-26 November 2015.



