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1. INTRODUCTION 

Nowadays, the need for continuous data collection in a 
specified area is more and more common. The simplest way for 
such data collection is using wireless sensor networks (WSN) [1], 
[2]. In most applications this consists of two parts: the base 
station and a large number of sensor nodes. Sensor nodes are 
collecting data from the surrounding environment and providing 
this data to the central sink using either a single-hop or multi-
hop approach [3]. In typical application forms the sensor nodes 
are powered by batteries, which in difficult environmental 
conditions cannot be changed, like in cases of, e.g., a huge land, 
radioactive, toxic, remote locations, or battlefield surveillance [4]. 
Also, the data loss rate increases with the distance and every data 
transmission rate is associated with an energy consumption rate, 
which is modelled as a non-decreasing staircase function of the 
distance [5]. The remote data transmission consumes a 
significant amount of energy, and this deteriorates possible 
network lifetime. Since short distance data transmission is more 
reliable than long distance, utilizing mobile robots improves the 
data collection rate. In addition, using mobile sinks to collect data 
is more secure than transmitting it via long-distance multi-hop 

communication [6]. This may be important in some safety-critical 
fields, such as military applications, as well. For these reasons, 
the data transmission mode could be implemented using data 
collection robots [7], [8]. There are many applications of this 
technology in literature from recent years [9], [10], [11]. For 
example, a time-constrained data collection problem involving a 
network of ground sensors situated on uneven terrain was solved 
by an Unmanned Aerial Vehicle (UAV) [12]. The problem of 
enabling autonomous mobile robots to operate in unstructured 
terrain and environments, and collect data in a time-efficient 
manner, was also discussed by [13]. 

Viable path planning for data collection unicycle robots in a 
sensing field with obstacles is a problem raised and solved in [14]. 
In this issue, there is only one base station in a sensing field. The 
robots start from the base station and then together visit all 
sensor nodes exactly once and at the end of the tour return to 
the base station and upload the collected data. The energy 
consumption of robots depends on the distance travelled along 
the planned path. Therefore, the paths created have a direct 
impact on the delivery delay and energy consumption of the 
system. In a sensing field, there are obstacles as well, and the 
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robots must avoid colliding with them. To create path planning 
algorithms, it is necessary to determine the criteria for an 
adequate path. By definition, a viable path is smooth, collision-
free with sensor nodes/base station and obstacles, closed, and 
provides enough contact time with all the sensor nodes [14]. The 
data collection is accomplished by unicycle Dubins-cars [15], 
which can only move with constant velocity and bounded 
angular velocity. As a result, they can move only on straight lines 
and turn with a bounded turning radius depending on the robot's 
movement and maximum angular velocity. The reasons for using 
Dubins cars are that they have the most restricted mode of 
movement. If a problem can be solved using them, it can be 
solved using other types of mobile robots. Additionally, their 
movement is similar to UAVs flying at a constant altitude. Due 
to the kinematic properties of the robots, the path must be 
smooth. All nodes are bounded with a visiting circle with the 
minimum turning radius of the unicycle robot. Moreover, all 
obstacles' convex hulls are bounded with a safety margin, which 
is necessary because, in the case of the shortest path, the robot 
should move along the boundary of the convex hull. The path 
must be closed because of the periodical data collection. The 
robot downloads data only when it moves around the visiting 
circle, so it makes round trips around the node until it collects all 
the data from the sensor node. During path planning, it is 
assumed that the locations of all nodes and obstacles, as well as 
the shapes of the obstacles, are known. Between two objects – 
the safety convex hull of obstacles or the visiting circles of nodes 
– there are always four defined tangents. However, any tangents 
that intersect other safety circles of nodes or the safety convex 
hull of obstacles are removed to prevent collisions. When the 
robot arrives at a node in a visiting circle on a tangent, it starts 
downloading data. It makes round trips within the district of the 
visiting circle until it collects all the data from the node, and then 
it leaves the visiting circle of the node on a tangent. So, a path 
consists of an adequate configuration of tangents and arcs 
around obstacles at the safety distance or visiting circles around 
nodes. 

Because of the periodic data loading, we need to determine 
the visiting sequence of nodes by solving a Travelling Salesman 
Problem (TSP). In this problem, the salesman wants to find the 
shortest closed path given a set of customer cities, starting and 
ending in his hometown. Since the TSP is an NP-hard problem, 
as the number of nodes to visit increases, the possible 
permutations will increase exponentially. Therefore, the time 
required to find the exact solution for longer visiting sequences 
will become too long to be practical for real-world applications. 
To solve this problem, the heuristic Ant Colony Optimization 
(ACO) is used. Ant Colony Optimization has been inspired by 
the behaviour of real ant colonies, as ants can find the shortest 
path between the food source and their anthill. The main idea of 
ACO is the indirect communication between the agents based on 
pheromone trails. Artificial ants prefer choosing nodes that are 
close by and connected by edges with a lot of pheromone trails. 
In addition, unlike in nature, the artificial ants may possess 
memory or shared memory. This enables them to recall which 
nodes they have already visited and they can be controlled by the 
queen process. There are many different methods and ideas to 
solve TSP with use of Ant Colony Optimization [16]. 

Since the Dubins car can only move with bounded velocity, 
using just one robot for data collection is highly time-consuming 
and inefficient, particularly in case of a vast sensing field. So, real-
time data collection is unfeasible. Therefore, we use a multi-agent 
system consisting of more than one Dubins-car for data 

collection. To solve this issue, we create a k-ACO algorithm that 
constructs k paths of approximately equal lengths for a variable 
number of robots. Hence, the data collection time can be 
minimized. Algorithms are created for path planning for robots 
starting and ending at one or multiple base stations. Utilizing 
multiple base stations can lead to non-intersecting sub-paths, 
resulting in shorter data collection time and lower energy 
consumption. The k clusters of nodes and their visiting 
sequences are determined based on Ant Colony Optimization.  

This paper is organized in the following way. Section 2 
presents the data collection problem. In Section 3, we summarize 
the basic method for creating viable path [14]. In Section 4, we 
solve the problem for multi-agent system with robots starting 
and ending at the same base node, as described in reference [17]. 
In Section 5, we present an algorithm for path planning for multi-
agent system with robots starting and ending at predefined 
different base stations. Then in Section 6, three different 
measurements are described to analyse results. Finally, in 
Section 7, we describe the simulation results in several different 
sensing field using different number of robots. 

2. PROBLEM STATEMENT 

During the path planning for data collection, Dubins cars are 
used. The goal is to collect all data from the sensor nodes 
periodically. For data collection, a multi-agent system consisting 
of k agents is used. In a sensing field, there are n sensor nodes 

and nB base stations. All sensor nodes store gi, i ∈ [1, n] data. In 
the sensing field, there are also m obstacles, which the robots 
must not collide with. The locations of all nodes and obstacles 
are known before path planning. During the data collection all 
robot starts and ends its sub-path at the appropriate base node. 
They collectively download data from all sensor nodes and 
upload all the collected data to the correct base station. In the 
case of one base station, all robots start and end their sub-path 
at the same node. Minimizing the data collection time is a crucial 
issue because the paths created directly impact the delivery delay 
and energy consumption of the system. So, in one period, all 
sensor nodes are visited only once. Definition 1 defines k-viable 
sub-paths based on [14]. 

Definition 1 k- viable sub-paths 
A path P is k viable sub-paths if the following eight conditions 

are satisfied: 1) smooth and collision-free of 2) sensor 
nodes/base stations 3) and obstacles, 4) closed, 5) offers enough 
contact time to read/write all the data from/to sensor 

nodes/base stations, 6) all Pl , l ∈[1, k] sub-path start and end at 
the Basel , 7) each sensor node is visited by only one viable sub-
path, 8) the data collection time is minimized. 

In the case of one base station Base=Base1=Base2=…=Basek, 
so all sub-paths start and end at the same node called Base. The 
planned path must be smooth due to the kinematic properties of 
the Dubins car. To ensure a smooth condition, we define the 
safety convex hull of obstacles as per Definition 2 and the visiting 
circles of nodes as per Definition 3. During the data collection 
the robot moves around the safety convex hull of obstacles or 
the visiting circles of nodes and the tangents between them. Since 
the Dubins car cannot switch its moving direction immediately, 
the planned path must also satisfy the heading constraint 
outlined in Definition 4, as well. The Dubins car's minimal 
turning radius is Rmin = v/uM, so the robot can only turn with a 
radius R that satisfies R > Rmin. The optimal motion of a Dubins 
car involves turning with Rmin radius or moving on a straight line 
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[15]. Therefore, during data loading, the robot moves in a circle 
known as the visiting circle with Rmin radius around the node. 

Definition 2 Safety convex hull of obstacles 

Any 𝜕𝑜𝑗  (j ∈ [1, m] ) is a smooth curve with the curvature c(p) 

at any point p satisfying 𝑐(𝑝) ≤
1

𝑅min
 and the minimum distance 

of the obstacle and the safety convex hull of obstacles is dsafe.  

Definition 3 Visiting circle 
The visiting circle is centred at the location of a sensor node/ 

base station with the radius of Rmin. 

Definition 4 Heading constraint 
The heading constraint refers to that the robot’s heading θ at 

the beginning of an edge in a Tangents Graph should be equal to 
that at the ending of the last edge. 

The second condition of Definition 1 is that the planned path 
is collision free with nodes. It is defined as the safety circle of 
nodes that the planned path cannot intersect with. The third 
condition is satisfied when the path does not intersect any safety 
convex hull of obstacles. 

Definition 5. Safety circle 
The safety circle is centred at the location of a sensor node/ 

base station with the radius of dsafe. 

In Figure 1 can be seen the illustration of the nodes denoted 
in light green their visiting and safety circles denoted in blue and 
light blue, the obstacles denoted in red and their convex hulls 
denoted in black. The four tangents between the objects are also 
presented with green in Figure 1. 

Because of the periodic data collection, the planned path is 
closed. This requirement is met when lth sub-path starts and ends 
at the Basel base station. When there is only one base station all 
sub-path starts and ends at it.  

For the quality assurance of data transmission, the robot 
downloads data only when it moves along the visiting circle. To 
ensure sufficient contact time for data transmission, the robot 
rotates around the nodes on the visiting circle until the data 
transmission is completed. 

The conditions 6), 7), and 8) can be provided by establishing 
the proper cluster and visiting sequence of nodes. This can be 
achieved, for example, using the ACO-based method. 

Figure 2 shows illustrative examples for the k-viable sub-
paths in scenarios with single and multiple base stations. The 
base stations are denoted by magenta, the sensor nodes are 
denoted by green, and their visiting circles are denoted by blue. 
The obstacles illustrated in with red and their safety convex hull 
are black. The different sub-paths of various robots are denoted 
by different colours. The length of individual sub-paths remains 
similar in the two setups, but the multiple base node setup has 
the advantage of fewer intersections of tangents used by the 
robots. Additionally, the malfunction of one base node has a 
much less serious impact. In the case of multiple base nodes, data 
can still be obtained from the other regions of the sensing field. 
However, this setup has the disadvantage that accessing data 
from the entire sensing field, requires an additional step of data 
collection from the individual base nodes.  

3. SUMMARIZE SHORTEST VIABLE PATH PLANING 
ALGORITHM 

In this section, a Shortest Viable Path Planning (SVPP) 
algorithm is introduced [14]. This creates a path for a single agent 
data collection that is smooth, collision-free with sensor nodes 
and obstacles, closed, and allows the robot to read all the data 
from the sensor nodes and upload it to the base station. The 
major steps of SVPP are summarized in Algorithm 1. 

 

Figure 1. Illustrative examples for the nodes and their safety and visiting 
circles, the obstacle and their safety convex hull and the definition the 
common tangents between the objects. 

 
a) One base station     b) Multiple base stations 

Figure 2. Illustrative examples for the k-viable sub-paths in case one and multiple base station. 
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In the first step, the permutations of nodes without obstacles 
are determined by solving the Traveling Salesman Problem. Since 
there are always four common tangents between two visiting 
circles of nodes, the average length of tangents is used here. At 
this point, there can be tangents intersecting obstacles. 

The second step of this algorithm involves adding the 
blocking obstacles to the permutation and constructing a 
Simplified Tangents Graph [18]. The Simplified Tangents Graph 
contains the common tangents that can be drawn between the 
sequentially visiting circles in the determined permutation of 
nodes. The tangent points have vertices, while the tangents and 
arcs that running between the tangent points serve as edges. 
When any obstacle blocks the route between any pair of visiting 
circles, the tangents passing the obstacles safety boundaries are 
also included in the Simplified Tangents Graph, and the 
algorithm inserts the obstacles into the permutation between the 
two nodes. The blocked tangents have been removed from the 
Simplified Tangents Graph. One obstacle can block more than 
one tangent.  

In the next step, it converts the Simplified Tangents Graph to 
a tree-like graph. First, it assigns the tangent’s direction because 
the unicycle robot cannot turn with a zero radius due to the 
robot’ s movement being determined by a heading constraint. 
This means that the heading angle of the robot at the beginning 
of an edge - tangent or arc around the object - should be equal 
to that at the end of the last edge. It then creates graph nodes for 
each tangent point from the Simplified Tangents Graph. When 
the robot starts moving on a tangent, it can only arrive at one 
tangent point of the next object. Therefore, the tree-like graph 
consists of subgraphs corresponding to objects. If the tangents 
or the arc between two tangent points adhere to the heading 
constraint, they will be added to the tree-like graph. 

Finally, the algorithm searches for the shortest path in both 
clockwise and counterclockwise directions, starting and ending 
from the base node while visiting the circle. 

A more effective Generalized-SVPP algorithm [19] was 
developed based on the SVPP algorithm. The main steps are the 
same, but when running our G-SVPP algorithm, the tree-like 

graph contains more usable tangents due to the new methods for 
handling obstacles. Additionally, a new condition of blocked 
tangents by the nodes' safety or visiting circle is also presented. 
One can also find the algorithm for creating a tree-like graph 
from the Simplified Tangents Graph in [19]. In this paper, our 
G-SVPP algorithm [19] was used to plan viable sub-paths for the 
Dubins cars. 

4. DESIGN K-SUBPATHES USING ANT COLONY 
OPTIMALIZATION FROM ONE BASE STATION 

First, the case of a sensing field with only a single base node 
was investigated. A new method was proposed to create k-viable 
sub-paths in the case of a single base station [17]. The steps of 
path creation are summarized in Algorithm 2. The first step 
involves determining the clusters and the visiting sequence of 
nodes by solving a Multiple Traveling Salesman Problem (MTSP) 
using Ant Colony Optimization. The second step involves 
creating viable paths from all sub-paths using the G-SVPP [19] 
algorithm. 

First step is solving MTSP based on Ant Colony 
Optimization. There are many different methods to solve this 
problem [20], [21], [22], [23], [24]. In this paper, the basic idea is 
to create a single path that includes the base node repeated k 
times, where k denotes the number of agents [20]. A new method 
was also proposed to determine the clusters and sub-
permutations of nodes. The main step of the solution is 
summarized in Algorithm 3. 

In the first step, initializing 𝑑𝑖𝑗 , 𝜂𝑖𝑗 , 𝜏𝑖𝑗 and determining the 

candidate list, as well as the minimum and maximum number of 
nodes between two base nodes, including the minimum and 
maximum elements of the sub-paths. 

𝑁min = max
 
{⌊

𝑁

0.75 𝑘
⌋ , 3},  (1) 

𝑁max = max
 
{⌊
𝑁 + 𝑘 − 1 − 𝑁min

𝑘 − 1
⌋ , 3} ,  (2) 

where N denotes the number of cities. The sub-paths must 
contain a minimum of three nodes since closed paths are 
required. In this step, we use Euclidean distance to determine the 

distance 𝑑𝑖𝑗  between the ith and jth nodes (i, j ∈ [1, N]). 

At the beginning, each of the m ants is located on a base node. 
When the ants choose the next node, they must pay attention to 
the minimum (1) and maximum (2) node numbers. After a sub-
path reaches the minimum number of nodes, the base node can 
be selected again. Also, there is a maximum number of possible 
nodes in each sub-path. Upon reaching this maximum, the base 
node must be selected next. To visit all sensor nodes once and 
only once, a tabu list was constructed. This contains all sensor 
nodes that have already been visited for each sub-path. It is 

introduced a 𝒩𝑖
ℎ set, which is the feasible neighbourhood of ant 

h located at node i, that is, the set of nodes which ant h has not 
yet visited. For better convergence, a candidate list can be used 

Algorithm 1. Shortest Viable Path Planning (SVPP). 

1. Compute permutations of nodes (Σ) without obstacles 
(tangents that intersect obstacles are available at this 
point) – TSP (Travelling Salesman Problem) with nodes.  

2. Compute permutation (Σ′) of nodes and obstacles by 
adding blocking obstacles to the permutation.  

3. Simplify Tangent Graph 𝐺(𝑉, 𝐸) by keeping the edges 

and the vertices related to permutation Σ′ and deleting 

others of 𝐺′(𝑉′, 𝐸′) Simplified Tangent Graph. 

4. Convert the Simplified Tangent Graph 𝐺′(𝑉′, 𝐸′) to tree-

like graph 𝑇.  

5. Search the shortest path 𝑃 in tree-like graph 𝑇 depend on 
the initial configuration.  

6. Compute 𝛴 by solving ATSP instance based on 𝐺(𝑉, 𝐸) 
7. Compute 𝛴′ by adding those obstacles to 𝛴 that safety 

boundaries block tangents between nodes.  

8. Simplify 𝐺(𝑉, 𝐸) to 𝐺′(𝑉′, 𝐸′) by keeping the edges and 

the vertices related to 𝛴′ and deleting others. 

9. Convert 𝐺′(𝑉′, 𝐸′) to tree-like graph 𝑇.  

10. Given an initial configuration, search the shortest path 𝑃 

in 𝑇. 

Algorithm 2. k-ACO. 

1. Run Algorithm 3 for all nodes →  
sub-permutations Σ1, …, Σk  

2. Run step 2-5 from G-SVPP algorithm [19] to 
permutations Σ1, …, Σk → sub-paths P1, …, Pk 
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containing the kcandidate closest nodes as candidates for each node. 

The effect of the candidate list occurs within the set 𝒩𝑖
ℎ   

𝒩𝑖
ℎ = {

𝒩𝑖
ℎ(𝑡) ∩ 𝒩𝑖

ℎ(𝑐), if 𝒩𝑖
ℎ(𝑡) ∩ 𝒩𝑖

ℎ(𝑐) ≠ ∅

𝒩𝑖
ℎ(𝑡), else

, (3) 

where 𝒩𝑖
ℎ(𝑡) set contains the nodes that are not in the tabu list 

and the 𝒩𝑖
ℎ(𝑐) set contains the nodes from the candidate list of 

node i.  

It is defined as pheromone strength 𝜏𝑖𝑗(𝑡) to each 𝑒𝑖𝑗 arc. This 

is a numerical information that is modified during algorithm’s 
execution, where t represents the iteration counter. At each step, 
an ant h choice the next place based on probability function that 
depends on the pheromone trails and the distance from the other 
nodes. The probability that an ant h, currently positioned at node 
i, chooses to move to node j at the t-th iteration of the algorithm 
is  

𝑝𝑖𝑗
ℎ =

[𝜏𝑖𝑗(𝑡)]
𝛼
[𝜂𝑖𝑗]

𝛽

∑ [𝜏𝑖𝑙(𝑡)]
𝛼[𝜂𝑖𝑙]

𝛽
𝑙 ϵ 𝒩𝑖

ℎ
  if 𝑗 ϵ 𝒩𝑖

ℎ , (4) 

where 𝜂𝑖𝑗 = 1/𝑑𝑖𝑗  is a priori available value that depends on 𝑑𝑖𝑗  

which represents the distance between node i and j. 𝛼 and 𝛽 are 
two parameters that determine the relative influence of the 
pheromone trail and the heuristic a priori information.  

To converge to a global optimum, a randomly generated factor 
was created [25]. Determining 0 < q0 < 1 constant number and 

before the ant chooses the next node, the algorithm generates a 

random number q ∈ [0, 1]. If q0 < q the next node is selected 

randomly from the 𝒩𝑖
ℎ  set, otherwise, the next node is selected 

based on the calculated probability depending on the pheromone 
trails and the node distances (4). 

After all ants have constructed their tours, the 2-OPT 
algorithm [26] can be used to optimize the neighbouring nodes 
within the tours. So, iterating through all nodes of tours and then 
exchanging the neighbouring nodes with each other. When the 
new tour is shorter than the previous one, the new tour is kept; if 
not, the previous version of the tour is used. After determining 
the length of the tours, the next step involves updating the 
pheromone trails. This is done by 

𝜏𝑖𝑗
ℎ (𝑡 + 1) = (1 − 𝜌)𝜏𝑖𝑗

ℎ (𝑡) + Δ𝜏𝑖𝑗
ℎ   (5) 

𝜏𝑖𝑗(𝑡 + 1) = ∑𝜏𝑖𝑗
ℎ (𝑡 + 1)

𝑚

ℎ=1

 , (6) 

where 0 < 𝜌 < 1 is the possible value of the pheromone trail 

evaporation. The parameter 𝜌 can be used to prevent 
uncontrolled growth of the pheromone trails left by the ants, 
allowing the algorithm to forget previous suboptimal routes. So, 

using the parameter 𝜌 helps converge to the optimal solution 

instead of the local optimum. The Δ𝜏𝑖𝑗
ℎ  rate of the pheromone 

update on edge 𝑒𝑖𝑗 based on the ℎ-th ant is determined  

Δ𝜏𝑖𝑗
ℎ  =

{
 

 
𝑄

𝐿h
+
𝑄best
𝐿best

, if ℎ = 𝑏𝑒𝑠𝑡

𝑄

𝐿h
, else

  (7) 

where 𝑏𝑒𝑠𝑡 denotes the shortest tour of the cycle, 𝐿h the length 

of the ℎ-th ant’s tour, and 𝐿best indicates the length of the best, 
shortest tour. 

The cost function that must be minimized is the maximum 
length of sub-path lengths  

𝐿cost
ℎ = max

 𝑖
𝑙𝑖
ℎ  (8) 

where 𝑙𝑖
ℎ denotes the hth ant ith sub-pathlength. 

 The pheromone is updated by the full path length (sum of 
the sub-pathlength) and the cost  

Δ𝜏𝑖𝑗
ℎ  =

{
 
 

 
 𝑄

𝐿sum
ℎ

+
𝑄best

𝐿cost
ℎ , if ℎ = 𝑏𝑒𝑠𝑡

𝑄

𝐿sum
ℎ

, else

  (9) 

where 𝐿sum
ℎ  denotes the sum of the lengths of the hth ant  

𝐿sum
ℎ =∑𝑙𝑖

ℎ.

𝑘

𝑖=1

  (10) 

The minimal cost tour for every ant is saved, and the 
algorithm is run for maximal cycle number times. After we 
choose the minimal cost solution from the best tours of 
iterations.  

Algorithm 3. ACO-MTSP. 

1. Initialize 𝑑𝑖𝑗 , 𝜂𝑖𝑗 , 𝜏𝑖𝑗 , determine candidate list and 
calculate the minimal and maximum number of sub-path 
cities equations (1)-(2).  

2. Update the pheromone trails about equations (5)-(6). 

3. Place the ants at the base node.  

4. for every h (h ∈[1, m]) ant repeat:  

If the last base node has been chosen Nmax node it 
must be the base node chosen. Then jump to the next 
iteration. 

else: 

If the last base node has been chosen Nmin nodes, it 
can be the base node chosen. 

a. Calculate  𝑝𝑖𝑗
ℎ  from the actual city i to every city j 

from equation (4) 

b. Select next node about q0 random number or 𝑝𝑖𝑗
ℎ  

probabilities and tabu and candidate list (3). 

c. Update tabu list. 

5. Repeat step 4 while all cities chosen. 

6. All tour of ants cut off subtours. 

7. For every subtour run 2-OPT Algorithm [26] 

8. Determine the cost of the maximal sub-pathlength for all 
ants tour (8) and the sum of the subtour length for all 
ants (10).  

9. Save the best tour. 

10. Calculate  Δ𝜏𝑖𝑗
ℎ  from equation (7) 

11. Repeat step 2-10. until reaching maximum cycle number. 

12. Choose the minimal cost tour from the best tours. 
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5. DESIGN K-SUBPATHES FROM MULTIPLE BASE STATIONS 

In this section we investigate the case of multiple base stations 
in a sensing field. So, the different robots are start and end their 
tours from various base stations. Each robot has its own base 

station denoted by Basel, l ∈ [1, k]. To design k-viable sub-paths 
from multiple base stations, a new method is proposed. The main 
step of path planning for robots starting from different base 
stations is summarized in Algorithm 4. The first step is 
determining the clusters and sub-permutations of sensor nodes 
is solved by ant colony optimization. Secondly, the G-SVPP [19] 
algorithm is executed to identify viable sub-paths. 

The main steps for determining the clusters and permutations 
of sensor nodes are outlined in Algorithm 5. The main steps of 
Algorithm 5 are the same as than the main steps of Algorithm 3, 
but instead of using m ants and cutting off the tour into k 
subtours, it uses m ant teams, with each ant team consisting of k 
ants. Each ant builds a subtour immediately, and the ants of the 
same ant team visit all sensor nodes together. The ants of the 
same ant team build their sub-tours simultaneously, but they 
share the same tabu list. This guarantees that each sensor node 
will be visited exactly once. 

The first step of tour creation is placing all ants at the base 

stations, so all l ∈ [1, k] ant of h ∈ [1, m] ant team starts its tour 
at Basel node. The next node is chosen based on q random 
number same as Algorithm 3. Each subtour must contain at least 
one sensor node before it can choose the base station again. 
When all sensor nodes must be visited and all ants, except one 
finished their subtours, the remaining ant can select its base 
station again after all sensor nodes have been visited. After all 
subtours are finished, the 2-OPT algorithm [26] is applied to each 
subtour. The cost and length of tours are then determined. 
Finally, the algorithm saves the best tour of the cycle. After the 
iterations, the minimum cost tour from the saved tours is chosen. 

6. MEASUREMENTS 

Three different measurements [17] are used to evaluate the 
simulation results and to compare the different solutions based 
on the number of robots. First, the maximum access time of the 
sub-paths is analysed to determine the data collection time in the 
entire sensing field.  

Second, the sum of the sub-path lengths was analyzed, which 
is proportional with the energy consumption of the robots 
during traversal.  

Third, determining the normalized average of the absolute 
deviations of the length of sub-paths. 

𝐴𝑉𝐸𝐷𝐸𝑉𝑛𝑜𝑟𝑚 =
1

𝑘
∑

|𝑙𝑙 − 𝑙|̅

𝑙 ̅

𝑘

𝑙=1

,  (11) 

where ll  denotes the sub-path length of l th robot and 𝑙 ̅denotes 
the average of the sub-path lengths. This shows the data delay 
difference between the nodes from the different agents sub-
paths. 

7. SIMULATION RESULTS 

The simulations take place in a series of ten different 
200 m × 200 m virtual sensing fields with a collection of 15 

disjoint obstacles and 40 sensor nodes. The k ∈ [2, 8] robots 
multiagent systems is used during the simulations. The Dubins 
car velocity is v = 4 m/s and the maximum angular velocity is 
uM = 1 rad/s, therefore the minimum turning radius and the 
visiting circle’s radius is Rmin = v/uM = 4 m. Each sensor node 
stores g = 0.5 MB data and the base node gB = (nl - 1) 0.5 MB 
collected data is uploaded by the robot to their own base station, 

where nl denotes the number of nodes of the l th (l ∈ [1, k]) sub-
path. The data transmission rate at the visiting circle is 
r = 250 kB/s. The obstacle safety margin is dsafe = 0.5 m. 

We use kcandidate = 0.2 N closest city to the candidate list. To 
determine the parameters, the classical parameters of [19]: 

𝛼 = 1, 𝛽 = 2, 𝜌 = 0.1, q0 = 0.9 and Q = Qbest = 1 was used. The 
cycle number is 2000, and the number of applied ants m = N/2. 

First, the case of a single base station is presented, along with 
the results of Algorithm 2. In Figure 3 a) can be seen the data 

collection time using k ∈ [2, 8] robots in ten different sensing 
fields is illustrated. The data collection time exponentially 
decreases with the number of agents. In the different sensing 
fields, the data collection time is approximately equal. The 
construction of the sensing field significantly influences the data 
collection time. For example, in Sensing Field 6, denoted as 
green, the data collection time is longer due to the location of the 
large obstacles compared to other sensing fields, and the rate of 
decrease is also slower. The sum of the sub-path lengths can be 

Algorithm 4. k-ACO from multiple base station. 

1. Run Algorithm 5 for all nodes →  
sub-permutations Σ1, …, Σk  

2. Run step 2-5 from G-SVPP algorithm [19] to 
permutations Σ1, …, Σk → sub-paths P1, …, Pk 

Algorithm 5. ACO-MTSP from multiple base stations. 

1. Initialize 𝑑𝑖𝑗 , 𝜂𝑖𝑗 , 𝜏𝑖𝑗 , determine candidate list  

2. Update the pheromone trails about equations (5)-(6). 

3. Place each l, l ∈ [1, k] ants at Basel node.  

4. for every l, l ∈ [1, k] ant of h (h ∈ [1, m]) ant team repeat:  

If the tour of l ant is finished, then jump to the next 
iteration. 

If the tour of l ant contains any sensor nodes then 

𝒩𝑖
ℎ(𝑡)= 𝒩𝑖

ℎ(𝑡) ∪ Basel 

If all s, s ∈ [1, k]\l are finished their tour then 

𝒩𝑖
ℎ(𝑡)= 𝒩𝑖

ℎ(𝑡) ∖ Basel 

4.1. Calculate 𝑝𝑖𝑗
ℎ  from the actual city i to every city j 

from equation (4) 

4.2. Select next node about q0 random number or 𝑝𝑖𝑗
ℎ  

probabilities and 𝒩𝑖
ℎ(3). 

4.3. Update tabu list. 

5. Repeat step 4 while all cities chosen. 

6. For every subtour run 2-OPT Algorithm [26] 

7. Determine the cost of the maximal sub-pathlength for all 
ants tour (8) and the sum of the subtour length for all 
ants (10). 

8. Save the best tour. 

9. Calculate  Δ𝜏𝑖𝑗
ℎ  from equation (9) 

10. Repeat step 2-9. until reaching maximum cycle number. 

11. Choose the minimal cost tour from the best tours. 
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seen in Figure 3 b). This measurement approximately increases 
linearly with the number of applied agents. The issue arises from 
having only one base node, as each robot needs to return to this 
node. If the cluster nodes are distant from the base station, the 
robots will have to take longer trips. In Figure 3 c) can be seen 
the average of the absolute deviations of the sub-path lengths can 
be observed (11). Most of the cases involve less than 10 % of 
obstacles, but their location can significantly alter this. For 

example, in Sensing Field 6 applied k ∈ [5, 8] the AVEDEVnorm 
around equation (11) is 14-18 %. Summarily, as the number of 
agents increases, the data collection time exponentially decreases, 
and the energy consumption of the robots, which depends on 
the sum of the sub-path length, increases linearly. So, the optimal 
number of robots depends on the goal and the energy sources. 

In Figure 4 can be seen the results of Algorithm 2 in Sensing 
Field 8 applied k = 4 robots. Figure 4 a) shows the path created 
by Algorithm 3, and Figure 4 b) displays the planned viable path 
of Algorithm 2. Table 1 shows the sub-path lengths of Figure 4. 
The path lengths in Figure 4 a) also include the length of data 
transmission. 

In Figure 4 it can be seen that the first sub-path, denoted in 
blue is influenced by the obstacles at just one tangent, while the 
second sub-path, denoted in red is significantly longer due to 
Obstacle-12. The third sub-path, denoted in yellow is blocked by 
Obstacle-10, Obstacle-9, and Obstacle-14. The path circumvents 

these obstacles to find the shortest route. Consequently, the 
planned path can minimize the length needed to navigate around 
the visiting circles slightly. In the fourth sub-path, denoted by 
purple, between the Node-6 and Node-7, there are Obstacle-8 
and Obstacle-11, which significantly increased the path length. 
On Table 1, it is shown that the planned sub-paths for the 
Dubins cars are approximately 19-27 % longer than the planned 
path of Algorithm 3. This difference is caused by the blocked 
obstacles and the additional path around the visiting circles. 

Secondly, the simulated case of multiple base stations can be 
observed, to visualize the results of Algorithm 4. In this case, 
there are k base stations for the k agents. Each agent has its own 
base station, and these base stations are randomly placed to avoid 
obstacles and ensure free movement within the visiting circle 
configurations. In Figure 5 a) can be seen the data collection time 

 
a)     b)     c) 

Figure 3. The simulation results of Algorithm 2 in ten different sensing field applied k ∈ [2, 8] robots. The data collection time, sum of sub-pathlength and the 
normalized AVEDEV. 

Table 1. The sub-path lengths of Figure 3. 

The sub-path lengths of 
Figure 3 a) 

 
The sub-path lengths of 

Figure 3 b) 

505.2 m  632.5m 

577.2 m  731.9 m 

552.6 m  659.1 m 

521.0 m  644.5 m 

  
a) Step 1: Result of Algorithm 3    b) Step 2: Run GSVPP algorithm [19] for each sub-paths 

Figure 4. The results of Algorithm 2 steps in Sensing Field 8 applied k = 4 agent. 
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using k ∈ [2, 8] robots in ten different sensing fields, can be 
observed. The data collection time decreases exponentially with 
the number of agents. In the various sensing fields, the data 
collection time is approximately equal; however, the difference is 
greater than in the previous one base station case. The data 
collection time depends on the layout of the sensing field and the 
localizations of the base stations. Figure 5 a) shows the data 
collection times for the simulations with a single base station are 
shown. In this case, the data collection time for Sensing Field 6 
is exceptionally larger than that of the other sensing fields due to 
the presence of a large obstacle. In the case of multiple base 
stations, the data collection time on Sensing Field 6 is just slightly 
longer than the data collection time on the other sensing fields. 
According to the locations of the base stations, sensing nodes, 
and obstacles, the data collection time for k = 7 and k = 8 agents 
can significantly decrease compared to the case with only one 
base station. For example, in Sensing Field 4, denoted as yellow, 
the sum of sub-path lengths can be seen in Figure 5 b). This 
measurement shows an increasing trend with the number of 
agents, but not linearly like in the case of a single base station. 
The sum of sub-path lengths is smaller than in the one base 
station case because the base stations are closer to the sensor 
nodes within the same cluster. This means that the required 
energy consumption is lower during the data collection. The 
normalized average of the absolute deviations of the length of 

sub-paths can be seen in Figure 5 c). This tendency increases 
with the number of robots used. Due to the random placement 
of the base stations, this measurement is larger than in the case 
of a single base station. It is possible that two or more base 
stations are placed close to each other while another one is far 
from them. In this case, the robots from the first group that start 
at the base station must visit sensor nodes that are far from them, 
and the robot that starts far from the other robot must visit more 
sensor nodes during its tour. Therefore, the lengths of the sub-
paths and, consequently, the data collection delays of the various 
sensor node clusters will vary. 

In Figure 6, the results of Algorithm 5 in Sensing Field 8 
applied to k = 4 robots can be seen. Figure 6 a) shows the path 
created by Algorithm 5, while Figure 6 b) displays the planned 
viable path of Algorithm 4. Table 2 shows the sub-path lengths 

 
a)     b)     c) 

Figure 5. The simulation results of Algorithm 4 in ten different sensing field applied k ∈ [2, 8] robots The data collection time, sum of sub-pathlength and the 
normalized AVEDEV. 

  
a) Step 1: Result of Algorithm 5     b) Step 2: Run GSVPP algorithm [19] for each sub-paths 

Figure 6. The results of Algorithm 4 steps in Sensing Field 8 applied k = 4 agent. 

Table 2. The sub-path lengths of Figure 5. 

The sub-path lengths of 
Figure 5 a) 

 
The sub-path lengths of 

Figure 5 b) 

586.0 m  723.1m 

610.7 m  728.0 m 

593.2 m  721.5 m 

557.1 m  679.8 m 
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of Figure 6. The path lengths in Figure 6 a) also include the 
length of data transmission. The sub-paths are self-intersecting, 
which can result in more iterations being required when running 
Algorithm 5 based on ant colony optimization. The fourth sub-
path, denoted by purple, is the most self-intersecting but also the 
shortest sub-path, so its length does not influence the data 
collection time. In addition, the first sub-path, denoted by blue, 
is not self-intersecting and is only 5 meters shorter than the 
second, longest sub-path, denoted by red. After removing loops 
from the second sub-path, the data collection time will not be 
significantly reduced. The obstacles blocked all sub-paths, so the 
length of the sub-paths became longer. Table 2 shows that the 
planned sub-paths for the Dubins car are approximately 19-23 % 
longer than the planned path of Algorithm 5. This difference is 
also caused by the blocked obstacles and the additional path 
around the visiting circles. 

Summarizing, it is worth to choose as many robots as possible 
when favouring the minimalization of data collection time. It is 
possible to create a method to find a better location for base 
nodes. 

CONCLUSIONS AND FUTURE PROSPECTS 

In this paper, we investigated the challenges associated with 
planning the shortest path for a multiagent system utilizing 
Dubins cars with data loading capabilities. In both single and 
multiple base station cases were present. We propose new 
algorithms for identifying clusters of nodes and node 
permutations for path planning. We used heuristic Ant Colony 
Optimization. We run simulations for a varying number of 
robots in a multiagent system across different sensing fields. We 
compare the various solutions and scenarios. We utilize robots 
whenever possible to exclusively reduce data collection time. The 
location of the base stations significantly influences the data 
collection time and energy. It is suggested to develop a method 
to address this issue. Applying multiple base stations can result 
in a smaller data collection time. In future studies, we plan to 
introduce new path planning methods. For example, robots will 
be placed at specific points in the sensing field, and after 
collecting data in one direction, all robots will return to the base 
node. This application can be used, for example, in search and 
rescue operations after natural disasters to locate survivors. This 
application can be further enhanced by introducing priority 
nodes that the robots aim to reach first while still minimizing the 
overall path length. 
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