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ABSTRACT
With a growing world population, the demand for food grows
accordingly, putting agricultural production under continuous pres-
sure formore productivity. However, traditional farming approaches
are reaching their limits, due to constraints in money and human
effort. A solution to this problem lies in automation via the use
of emerging technologies, which can accelerate procedures and
operations without the need for additional human resources. Suit-
able modern technologies for various tasks of precision agriculture
include the use of the Internet of Things (IoT) via lightweight IoT-
enabled robotic systems, which can form swarms for operating in
parallel. Path planning for these robotic swarms is a complex, NP-
hard problem. This paper addresses the problem of efficient path
planning of robotic swarms, formulating the problem as a specific
type of Vehicle Routing Problem (VRP). Various state-of-the-art
algorithms are employed to solve this VRP, in order to decide on
the best approach for different agricultural topologies, tasks, and
number of robots available. An end-to-end system is proposed and
evaluated, using the Internet/Web as an infrastructure and com-
munication medium, taking GPS input data from map providers,
identifying and applying the most suitable algorithm for the spe-
cific landscape and task; and finally producing GPS coordinates
as routes for the robots to follow. Recommendations for further
improvements are discussed.
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1 INTRODUCTION
As the world population keeps growing, the demand for food prod-
ucts grows too, creating increasing pressure to agricultural systems
for more production and higher productivity. Unfortunately, tradi-
tional agricultural systems often rely on limited human resources
and large old machinery, which causes negative impact to the fields,
such as soil compaction [1]. Moreover, as agriculture is becoming
more centralized and main-stream, with fewer but larger farming
systems, farmers tend to specialize in only one crop or few crops.
In order to optimize their operations, they purchase very specific
equipment and specialize their personnel with less effort and cost,
thus saving time and money. This fact leads to mono-cultural pro-
ductions at agricultural fields, decreasing soil biodiversity and the
sustainability of the fields [2]. In addition to this, operating tradi-
tional large tractors with fossil fuels increases greenhouse gases
and makes the climate goals more challenging to achieve.

A solution to the problems of increasing food demands andmono-
cultural productions can be the increased automation via the use of
emerging technologies. Through the use of the Internet of Things
(IoT), intelligent connected devices and systems, such as ground
robots and aerial unmanned vehicles (UAVs, drones), it is possible to
achieve precision agriculture with less resources, while protecting
the natural ecosystems at the same time. IoT-enabled ground-based
robots and drones can successfully fulfill various tasks in precision
agriculture, by working on their own or collaborating together
using the Internet as a communication medium. This includes tasks
such as weeding, pruning, crop monitoring, harvesting, spraying
of pesticides/herbicides, etc.

As the use of IoT is gaining momentum in precision agriculture
[22], the efficient use of equipment such as ground robots and
UAVs is becoming an important challenge. This challenge becomes
more complex when considering large fields that require various
robots/UAVs (referred also as agents in this paper) collaborating
together by forming swarms. Differently from traditional machines,
swarms create opportunity to use uneven and elevated terrains,
therefore they allow to make use of more land area to grow food.
One of the most important aspects of this challenge is to calculate
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Figure 1: IoT-enabled end-to-end system.

efficient path plans for the members of the swarm, in order to
accomplish an agricultural task with a minimum amount of time
and energy used.

This paper addresses the issue of calculating efficient paths for
swarms of agents in a range of different agricultural fields. We
strongly believe that IoT is a key technology in smart farming,
through the use of multi-functional devices such as ground robots
and drones. For IoT to be used in this application area, these multi-
functional devices need to become integrated to the Internet/Web
in an effective way, merged with existing web-based systems and
applications.

Towards this goal, the main contribution of this paper is a com-
parison of various path planning algorithms for robotic swarms in
agricultural applications, with a recommendation of the most suit-
able algorithm based on the application needs. It enhances the work
in [3], by involving more path planning algorithms, more types of
agricultural fields, as well as larger amounts of agents and points
of interest (POI). We note that our work focuses on agricultural
fields only, thus the results shown in this paper might have looked
different for forests or mountainous areas, e.g. in case a search and
rescue operation was carried out.

Moreover, as an add-on, an end-to-end IoT system has been
developed, shown in Figure 1. This system allows for: a) taking
GPS input data from map providers, b) identifying and applying
the most suitable algorithm for the specific landscape and task, c)
producing GPS coordinates as routes for the robots to follow and
d) loading these coordinates on the agents automatically using the
Internet as the infrastructure and communication platform. After
this process, the agents are ready to perform the task when required,
i.e. whenever the system operator decides it is a suitable moment.
This deployment may depend on the environmental conditions or
the agricultural operations that need to be accomplished.

2 RELATEDWORK
Path planning problems are generally characterized by high compu-
tational complexity. Path planning for a single agent can be viewed
as a form of a Traveling Salesman Problem (TSP), which is a famous
NP-hard problem. Extending the TSP to multiple agents results in
a Vehicle Routing Problem (VRP), which is NP-hard as well. Exact
solutions to these problems have large scalability issues, because
their time complexity is 𝑂 (𝑛!) or similar. Therefore, producing an
optimal solution is often infeasible for VRPs, especially for larger
problems.

Several approaches have been used to solve a VRP without trying
to find the exact solution. These approaches involve: a) heuristic
methods, b) meta-heuristic methods and c) other modeling tech-
niques based on probabilistic modelling.

2.1 Heuristic methods
Heuristic approaches employ some kind of heuristic to construct
a near-optimal solution. Heuristic approaches are generally fast,
with small trade-offs in overall accuracy. From the existing heuris-
tic approaches, Clarke-Wright (CW) [5] and Christofides’ algo-
rithm [6] appear to be the most promising. Christofides is able to
produce a solution to the TSP which will always be at most 3/2
worse than the optimal solution, which gives some guarantees that
the solution will always be acceptable. A noteworthy approach
comes from [20], which describes the aerial monitoring of penguin
colonies on Antarctica, using a method called POPCORN, which
employs Satisfiability Modulo Theories (SMT) to perform efficient
coverage path planning for a group of drones.

2.2 Meta-heuristic methods
Meta-heuristic approaches apply heuristics as well, but not specifi-
cally to find a solution. Their heuristics are more at a higher level,
aiming to find an approach that produces sufficiently good solutions
to the problem. Meta-heuristics often use an iterative approach and
can often find an optimal or near optimal solution, at the cost of
longer computation times. A recent study compares the results of
both a heuristic and a meta-heuristic approach in an agricultural
context [4]. The Clarke-Wright and Tabu Search algorithms are
used, which are also employed in this paper. Generally, the best
performing meta-heuristic methods involve Simulated Annealing
(SA) [7], Tabu Search (TS) [8] and Guided Local Search (GLS) [9],
all of which are included in Google’s OR-Tools routing toolkit [10].
Apart from this, the genetic algorithm (GA) approach [11] is also
promising, as well as Ant Colony Optimization (ACO) [12]. The
downside of all of these algorithms, is that they need a relatively
long time to converge to good solutions compared to the heuristic-
based ones.

2.3 Other methods
Finally, path planning can also be done with deep learning (DL)
and/or reinforcement learning (RL). In the field of DL, solving com-
binatorial problems such as the TSP is gaining momentum. A no-
table example is DeepWay [14]. However, this approach considers
coverage path planning for row-based crops only. Considering
RL, worth-mentioning is the work of Nazari et al. [13], which em-
ploys a method called RL-VRP. An approach that uses geometric RL
for path planning of UAVs is investigated in [15], however only a
small number of agents is considered. Moreover, the multi-agent RL
(MARL) technique has been examined and proposed in [16], [17]
and [18], showing that it is possible to apply RL in a cooperative
game with multiple agents without significantly increasing the
problem complexity. The MARL technique has also been applied to
the path planning and target assignment problem [19], although
this approach scales badly as the number of agents increases. More
advances in approaching the TSP/VRP problems via DL/RL are
expected in the near future.
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This paper differs from related work mentioned above in the
following: a) it focuses on complex agricultural fields, considering a
range of different outdoor real-world topologies where not only the
terrain but also the obstacles (crops or trees) have different shape,
height and sizes, b) it considers and compares various algorithms
and methods, choosing the most suitable one for each type of field
and number of agents available, c) it demonstrates an end-to-end
solution, from the satellite image of the agriculture field to the
target assignment of the agents, and d) it evaluates the scalability
of the methods used by testing for large numbers of landmarks and
agents.

3 METHOD
In a typical VRP problem, there is one starting location for the
agents (the depot), multiple POI to visit (customers), and a number
of agents (vehicles). The goal is to plan routes for all vehicles such
that each customer is visited at least once. Often, this also includes
the demand of customers and load capacity of vehicles.

3.1 Modelling-simulation
The following assumptions and design decisions have been made: a)
there is only one type of agent in a scenario at once, either ground
or aerial, b) the environment is static, c) the environment is two-
dimensional, d) there is only one agent origin, which is both the
start and end location, e) environmental information is globally
available, f) agents always move at maximum speed, not being
affected by weather conditions, e.g. rain or wind, g) the distance
between two POI is symmetric, and h) agents are equipped with
GPS sensors, which are used to control location and navigation.
Finally, for simplicity, we consider that mission time is zero, i.e. the
agents fulfill their task just by visiting some POI without spending
time on agricultural activities such as yield collection, photo-shoot-
ing, spraying, etc. In a real-world scenario, time spent at each POI
should be included to the simulation too.

3.2 Agricultural fields/topologies
Google Earth is used to extract GPS coordinates from real agricul-
tural fields (Figure 2a). Using the real-world coordinates, virtual
fields are generate (Figure2b). This process is shown in Figure 2.
The fields are chosen to represent five possible agricultural tasks,
where each task has a large and a small variant. The five defined
tasks and their respective scenarios in the simulation environment
can be found in Table 1, where 𝑆𝑖𝑧𝑒 is the number of landmarks to
visit, 𝑆𝑐𝑒𝑛𝑎𝑟𝑖𝑜 indicates which scenario1 was considered at each
case and 𝐴𝑔𝑒𝑛𝑡𝑠 denotes whether drones/UAVs or ground robots
had been considered at each scenario.

Task Scenario Size Small Size Agents Scen. specifics
Aerial CPP bgrid20 126 cgrid10 54 Aerial -
Ground-based CPP bgrid40 262 dgrid20 116 Ground Rows
Aerial precision z200 200 e50 50 Aerial -
Aerial precision (cluster) hcl200 200 acl50 50 Aerial Clustered
Ground-based precision i200 200 l50 50 Ground Rows

Table 1: Overview of the different tasks and problem sizes.

1Images of the different scenarios/topologies used can be found at https://superworld.
cyens.org.cy/projects/robotswarms/environments.pdf.

There are several settings that define the task. Landmarks can
be initialized randomly to simulate precision tasks, based on a grid
for coverage path planning (CPP), or placed in random clusters.
There is also the functionality to add row-like obstacles that repre-
sent row-based crops, which is done for all ground-based tasks. All
distances between POI are calculated beforehand. Obstacle avoid-
ance is achieved by performing an A* search [21] between each
obstructed pair of POI, based on an underlying grid.

Apart from these predefined scenarios, simple scenarios have
also been constructed with a varied number of landmarks, all based
on the same topology. This set of scenarios is used in order to see
how well each algorithm scales. Each method has been tested at
the range of 10-270 landmarks, with increments of 10 and a fixed
number of 10 available agents. After, the number of agents has been
increased from 1 to 50 while keeping the number of landmarks
constant at 100.

3.3 Algorithms
The tested algorithms and the acronyms used to refer to them are
as follows: POPCORN (SMT) [20], Reinforcement Learning for the
VRP (DRL) [13], Clarke-Wright (CW) [5], Christofides [6] with
𝑘-means clustering (CHR), a Genetic Algorithm (GA) [11], Ant
Colony Optimization (ACO) [12], Simulated Annealing (SA) [10],
Tabu Search (TS) [10] and Guided Local Search GLS [10]. Each of
these algorithms is selected based on one or more of the following
criteria: the method is a) fast, b) known to produce good results on
VRPs and/or c) a new or promising recent approach which tries to
solve the problem in a different way.

3.4 Cost function
For all experiments, the two most important variables are the cost
and computation time. The cost function is based on the one used
by Seyyedhasani et al. [4], adding the standard deviation too, in
order to account for some level of fairness among the agents. The
cost is calculated as follows:

𝑐𝑜𝑠𝑡 = 𝑧max𝐷 + (1 − 𝑧) (𝑞𝑑` + (1 − 𝑞)𝑑𝜎 ) (1)

Where max𝐷 represents the longest distance traveled by a single
agent, 𝑑` is the average distance between agents and 𝑑𝜎 is the
standard deviation in the traveled distances. All distances are con-
sidered in meters. 𝑞 and 𝑧 are weighing factors used to balance the
variables, having values between 0 and 1. For now, 𝑞 and 𝑧 are set to
0.5, but they can be reconsidered in future work. Furthermore, the
agent’s operation time is recorded, calculated by dividing max𝐷
by the agent’s speed.

3.5 IoT-enabled end-to-end system
An abstraction of the pipeline for a complete IoT-based end-to-end
system is illustrated in Figure 1. The system uses the Internet/Web
as an infrastructure and communications medium and takes as
input coordinates’ data from a KML file, generated automatically
via a web application such as Google Earth. This KML file is used
to automatically create a virtual field. Then, via a Graphical User
Interface (GUI), shown in Figure 3, the user can create a virtual task
scenario by selecting:

• The spawning distribution of the agents.

https://superworld.cyens.org.cy/projects/robotswarms/environments.pdf
https://superworld.cyens.org.cy/projects/robotswarms/environments.pdf
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(a)
(b)

Figure 2: Real-world topology and the resulting agricultural field created. The landmarks (grey dots) are based on a grid struc-
ture. The agent origin (red dot) is randomly located. Row/columnobstacles are added to simulate crops at row/column structure
respectively.

• The type of agents (either ground-based or aerial-based).
• The number of agents.
• The distribution of the landmarks to visit in the fields.
• The topology of the fields (either with obstacles or without).
• The resolution of the grid discretizing the real field.
• The rendering option.
• The algorithm to evaluate.

Figure 3: GUI.

The GUI also incorporates the following:
• A web mapping service (i.e. Google Earth has been used).
• The firmware of the devices, where their services are avail-
able via web services (i.e. Parrot Anafi and their software
development kits have been used - Parrot SDK2).

The GUI then returns the optimal solution given the settings or,
if no algorithm is selected, recommends the best algorithm for the
scenario. Additionally, the system produces the GPS coordinates
and the solution’s cost. The GPS coordinates are sent automatically
to the smart devices (ground robots, UAVs) which are IoT-enabled
2https://developer.parrot.com

(i.e. using the Internet as the communication medium). Finally, the
IoT devices begin the task assigned to them.

4 RESULTS
4.1 Experimental setup
All experiments are performed using Python 3.8. The aerial agents
(modeled after the Parrot Anafi3 specs) have a speed of 15 m/s and
a battery life of 25 minutes. The ground agents (modeled after the
AVO weeding robot by Ecorobotics4 specs) have a speed of 1 m/s
and a battery life of 8 hours.

4.2 Findings
First, the scalability of each algorithm is evaluated with regards to
the problem size and an increasing number of agents. The results
can be found in the various plots of Figure 4. For each task scenario,
the optimal number of agents is considered. For Christofides, GA,
and ACO this is done by plotting the cost against the number of
agents (Figure 4a). The other methods optimize the number of
agents internally. The optimal number of agents used is shown in
Table 2.

GA, SA, TS and GLS use a fixed time limit before stopping their it-
erations, which scales with the number of landmarks (see Figure 4c).
Hence, the computation times for SA, TS and GLS are almost ex-
actly the same (GA uses a different time limit scaling)5. Note that
SA, TS, GLS, CW, and RL-VRP do not change with the number of
agents since the method itself determines that number. Because of
this, their results are omitted in the plots for different numbers of
agents (see Figure 4a and Figure 4b).

3https://www.parrot.com/en/drones/anafi/technical-specifications
4https://www.ecorobotix.com/en/avo-autonomous-robot-weeder/
5Because of that the GLS and SA curves overlap with the TS one and do not explicitly
appear in the plot.

https://www.parrot.com/en/drones/anafi/technical-specifications
https://www.ecorobotix.com/en/avo-autonomous-robot-weeder/
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Scenario SMT* DRL* CW* CHR GA ACO SA* TS* GLS* Avg.
bgrid20 2 98 8 20 20 16 5 6 5 20
cgrid10 1 4 3 22 20 26 5 5 5 10
bgrid40 20 7 26 18 16 5 7 5 13
dgrid20 20 7 20 18 12 6 7 7 12
z200 21 16 16 18 22 7 8 8 15
e50 6 5 20 20 22 5 5 5 11
hcl200 96 15 10 20 8 8 8 24
acl50 7 6 8 18 5 5 5 8
i200 25 20 26 20 28 6 6 6 17
l50 9 8 26 16 26 3 4 3 12

Table 2: Best scoring number of agents per method and sce-
nario. Averages are rounded. We use * when the number of
agents is determined by the method itself.

Notably, none of the methods seem to lose accuracy with a larger
problem size. The cost scales linearly with the number of landmarks
for a fixed number of agents, as can be seen in Figure 4d.

To find the best method per task, the ten task scenarios from
Table 1 were solved by all eligible algorithms for the number of
agents specified in Table 2. The computation times needed and so-
lution costs are presented in Tables 3 and 4 respectively. Finally, the
percentage savings with regards to the best total operation time of
the agents are shown in Table 5, where the best total time recorded
from all combinations of algorithms and scenarios is represented
as 0%. The total operation time is calculated by dividing the longest
distance traveled by a single agent by the agent speed, as explained
in Section 3.4.

Env. SMT DRL CW CHR GA ACO SA TS GLS
bgrid20 253.2 20.3 4.1 4.4 1963 95.6 7817 7817 7817
cgrid10 65.2 0.6 19.8 20.3 1180 135.9 634.8 634.8 634.8
bgrid40 3.1 5531 5531 21920 6272 75782 75782 75782
dgrid20 1.2 345.3 345.6 1874 496.2 6442 6442 6442
z200 2.4 88.5 88.5 7910 622 31338 31338 31338
e50 0.6 0.3 0.6 1098 51.7 488.6 488.3 488.3
hcl200 3.1 5.3 5.2 7827 31255 31255 31255
acl50 0.6 0.2 0.4 980.0 488.2 488.2 488.2
i200 2.4 7017 7017 14839 8215 38266 38267 38266
l50 0.7 205.1 205.6 1273 660.3 693.1 693.1 693.1
Avg. 159.2 3.5 1322 1322 6087 2069 19321 19321 19321

Table 3: Computation times (s) for each method. Number of
agents per method can be found in Table 2. The best per-
forming algorithm at each scenario is shown in bold.

Env. SMT DRL CW CHR GA ACO SA TS GLS
bgrid20 2508 1931 502.5 431.1 597.3 1982 631.5 530.9 587.4
cgrid10 824.5 688.0 386.9 251.3 259.0 600.4 271.1 265.8 273.0
bgrid40 3567 1020 1044 1451 2170 939.0 825.2 817.1
dgrid20 777.4 376.9 374.7 504.4 919.8 390.0 363.9 363.7
z200 1120 828.3 816.6 975.2 2747 797.6 792.0 800.7
e50 468.5 415.6 329.0 346.6 601.2 362.2 358.8 363.3
hcl200 473.4 296.3 325.7 425.6 295.0 295.3 294.2
acl50 505.9 284.6 268.9 258.0 276.9 275.9 279.2
i200 1721 829.1 989.8 1282 2732 1013 981.1 925.3
l50 1982 1167 1105 1166 1305 1128 1114 1168
Avg. 1666 1323 610.7 593.6 724.8 1638 610.4 580.3 586.8

Table 4: Cost function results for each method. Number of
agents per method can be found in Table 2. Best performing
algorithm is shown in bold.

Env. SMT DRL CW CHR GA ACO SA TS GLS
bgrid20 464% 406% 16% 0% 36% 479% 44% 21% 31%
cgrid10 217% 165% 52% 1% 3% 211% 2% 0% 1%
bgrid40 375% 34% 39% 87% 256% 17% 0% 2%
dgrid20 116% 6% 9% 40% 259% 9% 0% 0%
z200 54% 14% 10% 30% 376% 4% 0% 0%
e50 35% 25% 0% 4% 126% 1% 0% 0%
hcl200 76% 6% 15% 51% 0% 1% 0%
acl50 95% 10% 4% 0% 0% 0% 0%
i200 120% 0% 19% 43% 313% 14% 10% 2%
l50 92% 14% 11% 11% 64% 2% 0% 3%
Avg. 341% 153% 18% 11% 30% 261% 9% 3% 4%

Table 5: Percentage difference from the best agent operation
time per scenario, where 0% represents the best found total
agent operation time.

5 DISCUSSION
This paper addresses the problem of optimizing the use of ro-
bot/UAV swarms for collaborative work in agricultural fields. Vari-
ous popular and state-of-art algorithms have been used and com-
pared, in different types of fields as well as different types of agents
available. The problem was transformed to a VRP problem. The
project constitutes a demonstration of how IoT can be used in
precision agriculture, via the use of IoT-enabled devices, such as
ground robots and drones. A video, showing live how the end-to-
end system described in Section 3.5 works, has been developed and
will become available at the camera-ready version of the paper, if
accepted.

Experiments show how well each algorithm scales with regards
to complex scenarios and larger numbers of agents. The comparison
has been more realistic by comparing the performance of each
algorithm in ten different real-world landscapes of varying size and
topology. Overall, the methods that yield the best results are Tabu
Search and Christofides (combined with 𝑘-means clustering). By
observing the overall findings, the type of task does not seem to
have much effect on the algorithms’ cost or computation time - only
the scenario size appears to matter for the computation time. The
best solution quality is obtained by the Tabu Search (TS) algorithm,
however Christofides’ algorithm produces solutions that are have
a cost of on average 3% more, within on average 14 times less
computation time. On the other hand, the high scores of Christofides
have been obtained with a large numbers of agents (more than 20),
which might not always be the case. Most middle-to-large farmers
and agricultural systems/infrastructures will possess 5-10 agents.
The scores obtained by POPCORN (SMT), RL-VRP (DRL) and ACO
are much worse than the rest of the algorithms, producing results
which have a 50% increase in average operation time, or even more
(see Table 5).

5.1 Future work
This paper presents an ongoing work with various implications.
More specific types of VRPs could be integrated and various lim-
itations could be removed or relaxed. For example, service time
windows could be added, in terms of which crops need to be visited,
howmuch time to spend at each crop or to take into account the load
capacity of pesticide-carrying drones. In this way, the agents’ ve-
locity representation and time-before-battery-drain would become
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(a) (b)

(c) (d)

Figure 4: Cost and computation time of the different methods in function of the number of agents and landmarks for a fixed
topology. The cost with respect to the number of agents is shown in Figure 4a, the computation time over the number of
landmarks is shown in Figure 4b and 4c and the cost with respect to the number of landmarks is shown in Figure 4d.

more realistic. In the future, distances could become asymmetric,
in order to account for slopes or the direction of the wind.

As mentioned in Section 2, it is likely that in the near future,
DL-based approaches for solving the TSP and VRP problems will
dominate. We have started examining DL-based approaches, aiming
to better understand their potential benefits.

Finally, as mentioned in Section 3.5, we have developed a GUI for
the end-to-end system, which demonstrates how IoT can serve as
the infrastructure for large-scale agricultural operations involving
emerging IoT-enabled devices such as ground robots and drones.
Our plan is to improve this software, adding support for additional
mapping services (i.e. not only Google Earth) and drone providers
(i.e. not only Parrot ones). Our goal is to extend the software to
automate the whole process for farmers and stakeholders, including
weather information and satellite imagery as additional inputs for
more advanced automation and better contextual understanding.
The code of this GUI is available as open-source code on GitHub6.

6https://github.com/andreaskami/Multi-Agent_GPS_Planning_Tool

A video that shows the operation of the end-to-end system in real-
life, considering the swarm of Parrot Anafi drones we possess, is
available on the project’s website7.

𝑚 ≤ 10 Accurate 𝑚 Fastest 𝑚 𝑚 ≤ ∞ Accurate 𝑚 Fastest 𝑚

bgrid20 CW 8 CW 8 CHR 20 CHR 20
cgrid10 TS 5 CHR 10 CHR 22 CHR 22
bgrid40 GLS 5 CW 7
dgrid20 GLS 7 CW 7
z200 TS 8 TS 8 CW 16
e50 TS 5 CHR 10 CHR 20 CHR 20
hcl200 GLS 8 CHR 10
acl50 CHR 8 CW 6 GA 18
i200 CW 10* CW 10* CW 20 CW 20
l50 TS 4 CW 8 CHR 26

Table 6: Best scoring algorithms per scenario. The left table
is limited to 10 agents, and on the right are possible improve-
ments with larger𝑚 (no. of agents).

7https://superworld.cyens.org.cy/project7.html

https://github.com/andreaskami/Multi-Agent_GPS_Planning_Tool
https://superworld.cyens.org.cy/project7.html
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6 CONCLUSION
In this paper, the problem of efficient path planning of robotic
swarms in agricultural fields has been studied, formulated as a
specific type of a Vehicle Routing Problem (VRP). Various state-
of-the-art algorithms have been employed, considering various
agricultural topologies and number of agents available. An end-to-
end complete system based on the Internet of Things (IoT) principles
is proposed and developed, which takes GPS input data from map
providers, identifying and applying the most suitable algorithm
for the specific landscape selected by the user, finally producing
GPS coordinates as routes for the IoT-enabled agents to follow. The
whole process is executed automatically used the Internet/Web as
the infrastructure and communication medium.

Experiments have shown that for static scenarios (i.e. enough
computation time is available), Tabu Search is the most appropriate
algorithm to use. Tabu Search might take several hours to find a
suitable solution (depending on the landscape’s complexity), how-
ever the paths will be optimal or close to optimal. On the other hand,
for dynamic scenarios (e.g. if the POI change every day or even
during operation), Christofides’ algorithm combined with 𝑘-means
clustering is the most suitable. Results by using this algorithm are
produced almost instantly and they are usually acceptable due to
the worst-case performance of the algorithm.

Limiting the amount of available agents has a limited impact on
the selection of the most suitable algorithm for a scenario. Clarke-
Wright can be considered more often for problems with smaller
amounts of agents. The fastest algorithms with acceptable solutions
remain Christofides and Clarke-Wright. The best solution is most
often produces by Tabu Search, with GLS a close second.

Based on the results, the topology of the scenario has a limited
influence on the choice of the algorithm. We found that the problem
size and amount of computation time available are the two crucial
aspects for the choice of the algorithm to employ for finding a
solution.

ACKNOWLEDGMENTS
Andreas Kamilaris has received funding from the European Union’s
Horizon 2020 Research and Innovation Programme under grant
agreement No. 739578 as well as from the Government of the Repub-
lic of Cyprus through the Deputy Ministry of Research, Innovation
and Digital Policy.

A ALGORITHM PARAMETER SETTINGS
Some specifics about how some of the algorithms are used are
provided below:

1) RL-VRP (DRL):Models are trained for various problem sizes.
A demand factor is added in, where each vehicle can supply only a
limited number of nodes, based on the approach used in the original
paper. This approach is also used in generating the solution for
the Genetic Algorithm (GA). Other algorithms assume that an
infinite number of nodes can be visited, as long as the maximum
distance (based on the battery life) is not exceeded.

2)Ant Colony Optimization (ACO): The parameters used are:
𝛼 = 3, 𝛽 = 12, 𝜌 = 0.6, 𝑞 = 0.2, the maximum tolerance is 50−2, and
the maximum number of iteration is 50.

3) Google OR-Tools: Simulated Annealing (SA), Tabu Search
(TS) and Guided Local Search (GLS) are all applied using Google
OR-Tools, and use the PATH_CHEAPEST_ARC approach as the initial
solution.

Parameter 𝛼 𝛽 𝜌 𝑞 tolerance max. iterations
Value 3 12 0.6 0.2 5 ∗ 10−2 50
Table 7: Parameters used for Ant Colony Optimization
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