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Abstract

Drones have recently become more popular due to technological improvements that have made them useful in many other
industries, including agriculture, emergency services, and military operations. Coordination of communication amongst
drones is often required for the efficient performance of missions. With an emphasis on building robust k-connected
networks and restoration procedures, this paper investigates the relevance of connection in drone swarms. Specifically,
we tackle the k-connectivity restoration problem, which aims to create k-connected networks by moving the drones as little
as possible. We propose four novel approaches, including an integer programming model, an integer programming-based
heuristic approach, a node converging heuristic, and a cluster moving heuristic. Through extensive measurements taken
from various drone networking setups, we provide a comparative analysis of the proposed approaches. Our evaluations
reveal that the drone movements produced by the integer programming-based heuristics are nearly the same as the
original mathematical formulation, whereas the other heuristics are favorable in terms of execution time.
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1. Introduction

Advancements in drone technology have seen rapid growth
in recent years. Currently, drone technologies are used
for many purposes, including large-scale agricultural field
operations, product delivery, emergency medical services,
firefighting, military surveillance, and search and rescue
missions. Completing these duties is more efficient when
using a drone fleet that can communicate with each other,
rather than relying on a single aerial vehicle [1, 2, 3, 4].
Uninterrupted communication among the drones in the
fleet is essential for the mission’s overall success. Drone
malfunctions in the network might cause communication
to cease, resulting in mission failure.

Connectivity is a key aspect of graph theory when used
in computer networks. If a route connects every pair of
nodes in the network, then the network is considered con-
nected. The network’s connectivity may be disrupted if a
node experiences a failure or malfunction, contingent upon
the specific topology. In such an occurrence, links among
other still-functional nodes are severed, resulting in the
premature loss of several active resources [5].

A drone network is considered k-connected if a mini-
mum of k independent pathways connect any pair of nodes.
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In a k-connected drone network, the network remains con-
nected even if up to k-1 nodes fail. A drone network that
is k-connected (especially with a high value of k) enhances
network resilience against disruptions and improves com-
munication performance due to the availability of alternate
communication channels when compared to a 1-connected
network. Constructing a k-connected network by applying
minimum drone movements is of utmost importance as the
problem is in NP-Hard [6, 7].

In this study, we investigate the k-connected network
construction problem in which a k-connected drone net-
work is established, and in the event of network degrada-
tion, connectivity restoration is achieved to preserve the
k value of the network with minimum drone movements.
The contributions of this study are listed as follows:

1. Although there are various k-connectivity restoration
algorithms in the literature for wireless sensor net-
works and ad hoc networks with fixed node positions
to ensure coverage, to the best of our knowledge,
there is no study that divides the drone network area
into a grid and achieves k-connectivity for this net-
work. Our paper is the first study in this manner.

2. We first provide the mathematical formulation of the
problem through an integer programming model to
construct a k-connected network by optimizing the
total movement of drones located on an area divided

Preprint submitted to Internet of Things Journal May 31, 2025



into grids.
3. To reduce the computational complexity of the math-

ematical model, we propose an integer programming-
based heuristic by creating a spanning tree in which
each drone is connected to at least k neighboring
drones.

4. Moreover, we propose two heuristic algorithms to
construct k-connected drone networks. In the first
heuristic, drones move towards the center position
to construct a k-connected topology. A cluster-based
movement strategy is introduced in the second pro-
posed approach.

5. We provide extensive performance evaluations by vary-
ing drone count, area, and k values, which show
that the drone movements generated by the heuristic
based on integer programming almost exactly match
those of the original mathematical formulation, while
the other heuristics exhibit advantages in terms of
execution speed.

The rest of the paper is organized as follows. In Section
2, related literature is surveyed. Our network and system
models are given in Section 3. Proposed approaches are
explained in Section 4. Comprehensive performance eval-
uations are provided in Section 5. Conclusions are drawn
in Section 6.

2. Related Work

Link repair techniques primarily aim to promptly fix
damaged connections in the network in order to restore
k-connectivity. This may be achieved by using routing
protocols or modifying the transmission range. In Gong
et al.’s study [8], the authors introduced a link repair
method that utilizes many separate pathways to efficiently
restore k-connectivity after a link failure. Multiple studies
in the literature adhere to a similar notion to reestablish
k-connectivity, as shown by various sources [9, 10, 11, 12,
13, 14, 15, 16, 17, 18, 19, 20, 21]. The paper in [22] dis-
cusses how to maintain k-connectivity by analyzing inter-
sections of transmission ranges. The article by Zeng et al.
[12] introduces a k-connectivity restoration method and a
partial restoration technique that maintain k-connectivity
among the original nodes for k = 2 and k=3, respectively.
In some cases, the transmission range of the nodes may
not be increased, or the lifetime of the network may be
shortened as the amount of energy consumed will increase
as the transmission power is increased. Alternatively, k-
connected network construction be accomplished by in-
stalling additional infrastructure nodes [23, 22, 24, 25, 26].
However, deploying more nodes will always incur expenses
due to the accompanying hardware and operations.

The CMH technique, given in [15], achieves k-connectivity
restoration using mobility-based methods, utilizing the 2-
hop local graph data of nodes. This algorithm has several
drawbacks. The technique was not designed for a topology
with mobile nodes. Executing shortest route methods on a

completely mobile topology might result in significant mes-
sage traffic. The CMH method does not take into account
the impact of a node’s movement on the k-connectivity
when selecting a node to move, which is another draw-
back.

Akram et al. introduced a distributed technique called
LINAR for k-connectivity restoration in [17]. The ap-
proach utilizes 2-hop local graphs to assess the nodes’
state. Imaginary neighbors are inserted between the neigh-
bors that are 2 hops distant in the local graph until it
achieves k-connectivity if the 2-hop local graph is not al-
ready k-connected. The LINAR algorithm has several
specific issues that impact its effectiveness and efficiency.
Firstly, it relies on a brute-force technique to identify the
imaginary neighbors that need to be included in a node’s
local network when determining its state. This initial
brute-force approach is problematic because it does not of-
fer a solution in polynomial time, making it inefficient for
large-scale networks. The anticipated efficiency in terms
of polynomial time is not achieved, leading to potentially
significant computational delays. Moreover, this brute-
force method is not always reliable in reaching a solution.
There are instances where it fails to identify all necessary
imaginary neighbors, which are crucial for the accurate
functioning of the network.

The paper by Wang et al. [10] introduces a central-
ized technique called MCCR, which involves construct-
ing a bipartite network and using a maximum matching
algorithm. The core method was enhanced in terms of
time complexity by the TAPU algorithm introduced in
[13]. The approach, as described in Akram et al. [27] and
Dagdeviren et al. [28], relocates a node along the shortest
route tree to the position of a failed node if its removal
does not disrupt the k-connectivity. DPkCR algorithm
given in [29] has two phases where the states of the nodes
are identified in the first phase and the recovery procedure
is executed in the latter phase. The algorithms described
achieve k-connectivity restoration by moving active nodes
to the positions of failed ones, indicating that the initial
node positions cannot be expanded. Unlike these meth-
ods, our proposed approaches deploy randomly distributed
drones within a grid-divided area to create k-connected
topologies. This strategy provides greater flexibility and
robustness, as it allows for varying initial positions and
adapts to different conditions, resulting in a more dynamic
and effective solution for maintaining network connectiv-
ity.

3. Network and System Modeling

In this section, we outline our network and system
models as well as our assumptions.

3.1. Network Model
The assumptions for the network area utilized in the

study are listed below:
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Table 1: The list of symbols and their definitions used in this paper.

Symbol Description
ρ Iteration counter used in NC and CM algorithms.
ρmax Maximum iteration counter used in NC and CM algorithms.
ai j Binary variable indicating if a drone is relocated from position-i to position- j after setting up the

k-connected network.
bi Binary variable equal to 1 if the position-i acts as the root node of the spanning tree and 0 otherwise

in the IPBH model.
cl Clusters used in NC and CM algorithms.

clmax Maximum element cluster used in NC and CM algorithms.
clmin Minimum element and further cluster used in NC and CM algorithms.
cp Central position.
di j Euclidean distance between the drone positions-i and j (in meters).
E Set of all links.

f mn
i j Binary variable representing whether a drone going from position-m to destination position-n passes

via link (i, j) in the IP model.
fi j Integer variable representing the total number of drones traveling via link (i, j) in the IPBH model.
gi j Parameter indicating whether two drones located at position-i and position- j can communicate or not.
G Drone network graph.

Kmin The minimum k value of the network for establishing the k-connectivity.
N Set of drones.
Pi Initial drone placements (parameter), which takes 1 if a drone exists at position-i, and 0 otherwise.
P Initial drone placement vector (i.e., P = [P1 P2 . . . P|V |]).
Qi Final drone placements (binary variable), which takes 1 if a drone exists at position-i, and 0 otherwise.

Rmax Maximum radio range of each drone (in m).
smn Binary variable equal to 1 if two drones are positioned at locations m and n after creating a k-connected

network.
t The total movement of drones for establishing the k-connectivity.
V Set of drone positions.
xi Maximum flow permitted in the spanning tree for the position-i, starting from the root node in the

IPBH model.

1. Network area is organized as a 2-D grid (n×n square)
with equal dimensions in each cell point. The Eu-
clidean distance between neighboring points is 100
m.

2. Each cell point can accommodate a single drone, en-
suring that no two drones occupy the same cell point
simultaneously.

3. Drones can only be positioned at grid points, provid-
ing a structured and organized deployment within
the designated area.

4. Drones can only move between neighboring points,
meaning they are restricted to traveling from one
grid point to an adjacent one.

3.2. System Model
The assumptions regarding the system and communi-

cation models are outlined as follows:

1. All drones possess identical hardware and software
capabilities, promoting uniformity in performance
and operational characteristics across the entire fleet.

2. If two nodes are separated by, at most, the maximum
transmission range (Rmax) then they are considered

connected (i.e., it is acknowledged that the nodes can
communicate and are considered neighbors).

3. Communication between nodes is established bidi-
rectionally, allowing for the exchange of data and
commands in both directions.

4. Communication between two nodes halts if one of
the nodes experiences a failure.

4. Proposed Approaches

We consider a square area that is divided into grids,
where several drones (represented by the set N) are put
randomly at the junction points (positions) of the grids
(represented by the set V). Our goal is to minimize the
drone movement between positions to form a k-connected
drone network.

We introduce four methods for the solution of the prob-
lem stated above, including an integer programming (IP)
model, an integer programming-based heuristic approach
(IPBH), a node converging heuristic model (NC), and a
cluster moving heuristic model (CM). The symbols and
their descriptions used in the paper are shown in Table
(1).
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4.1. Integer Programming Model (IP)
The integer programming model (IP) is introduced in

(1)–(16). The IP model sustains a k-connected network by
optimizing drone movement to minimize the total move-
ment.

Minimize t =
∑
i∈V

∑
j∈V

ai jdi j (1)

subject to: ∑
j∈V

ai j = Pi, ∀i ∈ V (2)

∑
j∈V

a ji = Qi, ∀i ∈ V (3)

f mn
i j ≤ Qi, ∀i, j, n ∈ V (4)

f mn
i j ≤ Q j, ∀i, j, n ∈ V (5)

f mn
i j ≤ gi j, ∀i, j, n ∈ V (6)

smn ≤ (Qm + Qn − 1), ∀m, n ∈ V (7)

smn ≤ Qm, ∀m, n ∈ V (8)

smn ≤ Qn, ∀m, n ∈ V (9)

∑
j∈V−{i}

f mn
i j −

∑
j∈V−{i}

f mn
ji =


smnKmin, if i = m
−smnKmin, if i = n

0 if i , {m, n}
,

∀m ∈ V, n ∈ V − {m} (10)∑
j∈V−{i}

f mn
i j ≤ 1, ∀m ∈ V, n ∈ V − {m}, i ∈ V − {m, n} (11)

∑
j∈V−{i}

f mn
ji ≤ 1, ∀m ∈ V, n ∈ V − {m}, i ∈ V − {m, n} (12)

ai j ∈ {0, 1}, ∀i, j ∈ V (13)

Qi ∈ {0, 1}, ∀i ∈ V (14)

f mn
i j ∈ {0, 1}, ∀i, j,m, n ∈ V (15)

smn ∈ {0, 1}, ∀m, n ∈ V (16)

The objective function, shown in (1), aims to minimize
the total movement of all drones in the drone network (i.e.,
t =
∑

i∈V
∑

j∈V ai jdi j). The binary variable ai j represents the
movement of a drone from position-i to position- j after es-
tablishing the k-connected network. In other words, ai j = 1
for movement and 0 otherwise. The parameter di j denotes
the Euclidean distance between drone positions i and j (in
meters). Constraint (2) specifies the initial positions for
drones to depart, based on the parameter Pi (where Pi =

1 if there is a drone at position-i and 0 otherwise). Con-
straint (3) specifies the destination positions for the arrival
of drones and saves this information in the binary variable
Qi (if there is a drone at position-i once the k-connected
network is set up, Qi = 1; otherwise, Qi = 0).

The binary variable f mn
i j in Constraints (4) to (12) is 1

when a drone, starting at position-m and heading to des-
tination position-n, passes via the link (i, j). We define the

set of all links as E = {(i, j) | i ∈ V, j ∈ V, i , j}. f mn
i j vari-

ables are linked to the binary variable Qi in Constraints
(4) and (5) to model the movement of drones. When Qi is
0, then f mn

i j is also 0. Constraint (6) represents the max-
imum range constraint. It specifies that if gi j = 0 (i.e.,
di j > Rmax), then f mn

i j = 0. The parameter gi j is computed
as,

gi j =

1, di j ≤ Rmax

0, di j > Rmax
,∀i, j ∈ V. (17)

In other words, drones are unable to go to positions that
are more than Rmax meters away. Constraints (7)–(9) en-
sure that the binary variable smn equals 1 when two drones
are located at positions m and n, indicating the presence of
a flow between these two drones. If there are no drones at
positions m and n, there is no flow. Constraint (10) is the
flow balancing constraint that enables drone movement for
establishing a k-connected network. In this constraint, the
parameter Kmin is the desired level of k-connectivity (i.e.,
Kmin-connectivity). Constraints (11) and (12) dictate that
a drone can go from position-i to a single position- j and
can only arrive at position-i from another single position- j.
Finally, Constraints (13) to (16) show the boundaries of
the decision variables used in this model.

4.2. Integer Programming-Based Heuristic Approach (IPBH)
The Integer Programming-Based Heuristic Approach

(IPBH) reduces the computational complexity of the IP
model by creating a spanning tree in which each drone
is connected to at least k neighboring drones. The f mn

i j
variables in the IP model are simplified to fi j in the IPBH
to reduce the search space and minimize the computation
time. In this part, fi j is an integer variable representing
the total number of drones traveling via link (i, j) ∈ E. The
IPBH model is described by (18) through (34).

Minimize t =
∑
i∈V

∑
j∈V

ai jdi j (18)

subject to: ∑
j∈V

ai j = Pi, ∀i ∈ V (19)

∑
j∈V

a ji = Qi, ∀i ∈ V (20)

fi j ≤ (|N| − 1)Qi, ∀i, j ∈ V (21)

fi j ≤ (|N| − 1)Q j, ∀i, j ∈ V (22)

fi j ≤ gi j, ∀i, j ∈ V (23)∑
j∈V−{i}

fi j −
∑

j∈V−{i}
f ji = xi, ∀i ∈ V (24)

xi = |N |bi − Qi, ∀i ∈ V (25)∑
i∈V

bi = 1 (26)

bi ≤ Qi, ∀i ∈ V (27)
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∑
j∈V−{i}

Q jgi j ≥ QiKmin, ∀i ∈ V (28)

∑
i∈V,i|=∗i=0

Qi −
∑

i∈V,i|=∗i=1

(1 − Qi) ≥ 1 (29)

ai j ∈ {0, 1}, ∀i, j ∈ V (30)

Qi ∈ {0, 1}, ∀i ∈ V (31)

bi ∈ {0, 1}, ∀i ∈ V (32)

− N − 1 ≤ fi j ≤ |N | − 1, ∀i, j ∈ V (33)

− 1 ≤ xi ≤ |N | − 1, ∀i ∈ V (34)

The objective function of the IPBH approach, given in
(18), aims to minimize the total movement of all drones
in the drone network. This objective function is identical
to the objective function of the IP model (i.e., Constraint
(1)). Constraints (19), (20), and (23) have analogous roles
to Constraints (2), (3, and (6) in the IP model. Con-
straints (21) and (22) are the simplified versions of Con-
straints (4) and (5) from the IP model. They are used to
establish maximum limits for the fi j variable. Note that |N |
is the total number of drones. Constraint (24) represents
the flow balancing constraint. The variable xi represents
the maximum flow permitted in the spanning tree for the
position-i, starting from the root node. xi is calculated
in Constraint (25), where bi is equal to 1 if the drone at
position-i serves as the root node of the spanning tree, and
0 otherwise. Constraint (26) guarantees that the spanning
tree has only one root node. Constraint (27) ensures that
there is a drone at the location designated to be the root
node. Constraint (28) ensures that each drone has at least
Kmin neighbor drones. Constraint (29) is the tabu con-
straint. This constraint guarantees that the new solution
differs from the prior one by at least one position. Con-
straints (30) to (34) show the boundaries of the decision
variables.

The IPBH approach attempts to discover a solution
using the objective function (18) and the constraints (19)–
(28). The k value of the network is determined by using
the Ford-Fulkerson method on the obtained solution. If
the computed value of k is lower than the specified Kmin

value, the tabu constraint (i.e., Constraint (29)), is in-
cluded in the model, and the IPBH is solved once again.
The tabu constraint is dynamically included in the model,
resulting in a cumulative rise in the number of constraints.
The tabu constraint guarantees that the initial solution
obtained by the model (Q∗1,Q

∗
2, · · · ,Q∗n) varies from the so-

lution (Q1,Q2, · · · ,Qn) in at least one position. The first
portion of the equation represents the sum of variables
with a basic solution of zero or one. The second part rep-
resents the sum of variables with a partial solution of one
or zero.

4.3. Node Converging Heuristic Algorithm (NC)
The proposed NC aims to establish and restore a k-

connected network by moving drones towards the center
position calculated through arithmetic mean. The dis-
tance of each drone to the center position is calculated,
and the drone closest to the center is moved towards the
center. After each movement, the connectivity value of
the network is detected using the findConnectivityValue
algorithm [30]. If the k value of the network is less than
the parameter Kmin, the algorithm continues to run. The
pseudo-code for NC is provided in Algorithm 1.

Algorithm 1 Node Converging Heuristic Algorithm (NC)
Require: G(V, E), P = [P1 P2 . . . P|V |], Kmin

ρ← 0
t ← 0
ρmax ← |V |
while f indConnectivityValue(G) < Kmin and ρ < ρmax do

cp← Calculate center position using P.
Pick the drone which is farthest from the cp, u ∈ V

and u ∈ P
P← P\u.
Select the v position which is nearest to the cp, neigh-

bor with position-u, v ∈ u\{V} and v ∈ P.
Move the drone from position-u to position-v.
P← P ∪ v
t ← t + duv

ρ← ρ + 1
end while
return t

Figure 1 provides an example with |V | = 16 positions,
|N | = 5 drones, Kmin = 2, and Rmax = 180 m. Initially, the
drones are located at positions 1, 4, 7, 13, and 16. In
other words, P = [1001001000001001]. In the first round,
the center position is calculated as cp = 7. The drone at
position 13 moves to position 7, arriving at position 10
(Figure 1b). The total movement after the first round is
t = 141 m. In the second round, the center position is again
calculated as 7. The drone at position 1 moves to position
6 (Figure 1c). The total movement becomes t = 282 m.
In the third round, the center position is recalculated as
7. The drone at position 16 moves to position 11 (Figure
1d). The total movement is now t = 423 m. In the fourth
and final round, the drone at position 4 moves to position
3 (Figure 1e), creating a 2-connected network resulting a
total movement of t = 523 m. The resulting topology is
shown in Figure 1f.

The findConnectivityValue method finds the connec-
tivity value of the network using the Ford-Fulkerson algo-
rithm having time complexity of O(n5). The node selection
process in the algorithm is performed in O(n) time. Since
the complexity of the algorithm is O(n5n) + O(n5n), the
overall time complexity is O(n6).
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(a) (b) (c)

(d) (e)
(f)

Figure 1: Node converging heuristic example topology (a) initial positions (b) positions at the end of the 1st round (c) positions at the end
of the 2nd round (d) positions at the end of the 3rd round (e) final positions (f) 2-connected network.

(a)

(b)

(c)

(d)

Figure 2: Cluster moving heuristic example topology (a) initial positions, (b) clusters, (c) final positions, (d) 3-connected network.

4.4. Cluster Moving Heuristic Algorithm (CM)
The proposed Cluster Moving Heuristic Algorithm (CM)

first creates clusters based on connectivity where connected
nodes are included in the same clusters. The drones in
the cluster with the maximum number of elements (clmax)

move towards the center position of that cluster, while the
drones in the cluster with the farthest distance and the
minimum number of elements (clmin) move towards their
respective center points. The pseudo-code for the CM is
provided in Algorithm 2.
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Algorithm 2 Cluster Moving Heuristic Algorithm (CM)
Require: G(V, E), P = [P1 P2 . . . P|V |], Kmin, Rmax

ρ← 0
t ← 0
ρmax ← |V |
while f indConnectivityValue(G) < Kmin and ρ < ρmax do

cl← Create clusters using P and Rmax.
if Size of cl = 1 then

Run Node Converging Heuristic Algorithm [1].
else

clmax ← Find the cluster with the most elements
in cl.

clmin ← Find the cluster with the fewest elements
in the cl and the one that is farthest from clmax.

while until clmax and clmin merge do
cp← Calculate center position using P.
Pick the drone which is farthest from the cp,

u ∈ V and u ∈ P.
P← P\ u
Select the position-v which is nearest to the

cp, neighbor with u, v ∈ u\{V} and v ∈ P.
Move the drone from position-u to position-v.
P← P ∪ v
t ← t + duv

ρ← ρ + 1
clmax ← Find the cluster with the most ele-

ments in cl.
end while

end if
end while
return t

In Figure 2, an example is given for Kmin = 3 and Rmax =

180 m with |V | = 16 positions and |N| = 5 drones. The ini-
tial positions of the 5 drones are at positions 2, 4, 5, 9, and
16 (Figure 2a). In other words, P = [0101000010000001].
Clusters are formed in Figure 2b. The largest cluster in-
cludes the drones at positions 2, 5, and 9, while the other
clusters consist of a single drone. The center point of the
largest cluster is also cp = 5. The drone at position 4
moves to position 7. Drones at positions 9, 5, 2, and 7
form the newest and largest cluster, with position 6 in the
center.

The drone at position 16 is moving to position 11. The
largest cluster is formed by drones at positions 9, 5, 2, 7,
and 11, with the center position being 6. When the third
round begins, the drone at position 1 is moving to position
6. The largest cluster now consists of nodes 6, 10, 11, 7,
and 4, forming a single cluster in the network. In this case,
the algorithm runs the Algorithm 1. When this algorithm
is executed, the drone at position 9 moves to position 6,
and the drone at position 11 moves to position 10. Figure
2c shows the final positions of the drones. The total move-
ment is t = 523 m. The resulting topology is illustrated in
Figure 2d. Similar with the previous proposed heuristic,

the time complexity of the algorithm is O(n6).

5. Performance Evaluation

The algorithms were implemented in Python, leverag-
ing the Pyomo library for mathematical modeling and uti-
lizing CPLEX as the solver for mathematical programs.
Additionally, the Networkx library was utilized to create
graphs and manage connectivity within the system. All
proposed solutions were executed on hardware equipped
with a 13th Gen Intel(R) Core(TM) i7-13700H processor
running at 2.40 GHz, complemented by 32 GB of RAM
and operating on a 64-bit platform. To evaluate the perfor-
mance of the proposed algorithms, we implemented them
in a simulation environment for different drone counts,
area sizes, and k values. We utilized square areas of vary-
ing sizes: 400 m × 400 m, 500 m × 500 m, 600 m × 600 m,
700 m × 700 m, and 800 m × 800 m. We created random
disconnected networks from 5, 10, 15, and 20 drones (i.e.,
|N | = {5, 10, 15, 20}) and used the proposed algorithms to
establish the networks with k = 1, k = 2, and k = 3. Ini-
tially, the drones were placed at random locations inside
the square area. The results in this section represent the
mean of 100 trials. We measured the total movement of all
drones to achieve the desired k, the maximum movement
of a single drone, and the wall-clock time of algorithms.

Figure 3 shows the total movement of drones (t) to gen-
erate a k-connected network against the area size. Since
the IP algorithm could not find a feasible solution for areas
larger than 500 m × 500 m, we did not include this algo-
rithm in Figure 3. For k = 1 (Figure 3a), IPBH generates
much lower movement than other algorithms in all area
sizes. In an area of 800 m × 800 m, the IPBH generates 527
m of movement, while the other algorithms generate more
than 841 m of movement. The generated total movements
of the NC and CM algorithms are close to each other, but
generally, the NC algorithm generates shorter movements
than CM in all areas. Especially for 400 m × 400 m area,
the NC algorithm establishes a 1-connected network by
generating 165 m movement, while this value for the CM
algorithm is 306 m. This value for IPBH is 109 m. For es-
tablishing 2-connected networks, all algorithms generate
more movements than 1-connected network (Figure 3b).
However, just like the 1-connected network, the IPBH al-
gorithm generates lower movement than the NC and CM
algorithms for all area sizes. For k = 3, the CM and NC
algorithms generate almost the same movements for all
areas except 700 m × 700 m (Figure 3c). The IPBH algo-
rithm generates lower movements in all areas, especially in
the 600 m × 600 m area, which establishes a 3-connected
network by generating less than 200 m in total.

Figure 4 shows the maximum movement of a drone
to generate a k-connected network against the area size.
Since the IP algorithm could not find a feasible solution
for areas larger than 500 m × 500 m, we did not include
this algorithm in Figure 4. For k = 1 (Figure 4a), the max-
imum generated movement by IPBH is lower than other
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Figure 3: Total movement of drones (t in m) against the area size for various k values.
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Figure 4: Maximum movement of a drone against the area size for various k values.

algorithms in all area sizes. The difference between IPBH
and NC is low up to 600 m × 600 m areas, but after that,
the IPBH generates much lower movements. In an 800 m
× 800 m area, the maximum movement in IPBH is 261 m,
while this value for the NC and CM algorithms is 340 and
425 m, respectively. For k = 2, the maximum movement of
the IPBH and NC algorithms is almost equal in all areas,
while the maximum movement of CM is higher than other
algorithms (Figure 4b). Increasing the area size increases
the gap between the maximum movement of CM and other
algorithms. For k = 3, the maximum movement of IPBH is
much lower and the maximum movement of CM is higher
than other algorithms (Figure 4c).

Figure 5 shows the wall-clock time of algorithms against
the area size. For k = 1 (Figure 5a), IPBH takes much
more time to establish a 1-connected network than the
other algorithms, and the gap increases by increasing the
area size. For an area of 800 m × 800 m, the IPBH algo-
rithm takes 2.5 s, while the other algorithms take less than
0.06 s. Increasing the k value increases the wall-clock time
of all algorithms (Figures 5b and 5c); however, in higher
k values, the IPBH takes much more time than the other
algorithms. To create a 3-connected network in an area of
800 m × 800 m, the IPBH algorithm takes 12.51 s, while
this value for the other algorithms is less than 0.073 s.

Figure 6 compares the total movement of drones in dif-
ferent algorithms for different k values and area sizes. Gen-

erally, increasing the area size increases the total move-
ment in all algorithms. The total movement of IP and
IPBH algorithms is equal to and lower than other algo-
rithms for all k values in 400 m × 400 m and 500 m × 500
m areas; however, for 600 m × 600 m area, the IP algorithm
could not generate a feasible approach. The total gener-
ated movement by the NC and CM algorithms is close to
each other in most cases. Figure 7 compares the maximum
movement of a drone in different algorithms for different k
values and area sizes. The maximum movement of the IP
and IPBH algorithms is equal for all k values; however, for
600 m × 600 m area, the IP algorithm could not generate
a feasible approach. The maximum movement of the NC
and CM algorithms is close to each other and higher than
that of the IP and IPBH algorithms in most cases.

Figure 8 compares the wall-clock time of algorithms for
different k values and area sizes. The wall-clock time of the
IP algorithm is much higher than that of other algorithms
in all cases. For 500 m × 500 m area and k = 3, the wall-
clock time of the IP algorithm is 234.9 s, while the other
algorithms finish in less than 2.5 s. For a 500 m × 500 m
area, the IP algorithm cannot find a feasible solution, and
the IPBH algorithm takes much more time than the other
algorithm to establish a k-connected network. For a 600 m
× 600 m area and k = 3, the wall-clock time of the IPBH
algorithm is 6.2 s, while the other algorithms finish in less
than 0.22 s. For higher values of k, the IPBH operates
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Figure 5: Wall-clock time of algorithms (in s) against the area size for various k values.
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Figure 6: Total movement of drones in different algorithms for various area sizes.
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Figure 7: Maximum movement of a drone in different algorithms for various area sizes.
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Figure 8: Wall-clock time of algorithms for various area sizes.
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Figure 9: Total movement of drones against the number of drones and k values.

3.42 times faster than IP, while NC runs approximately
1.169 times faster than CM. Generally, the NC algorithm
is about 1.068 times faster than the CM algorithm and
721.706 times faster than the IPBH algorithm.

Figure 9 illustrates the total movement produced by
the algorithms for various k values and numbers of drones.
Figure 9a shows that the IPBH generates less than 800
m of movement for k = 1 and k = 2 for all drone counts.
For k = 3, the total generated movement by IPBH reaches
1200 m when we have more than 10 drones in the network.
Figure 9b shows that the NC algorithm generates less than
2500 m of movement for k=1 and k=2 for all drone counts.
For k = 3, the total generated movement by NC is less than
2000 m when we have less than 10 drones and reaches more
than 4000 m for 20 drones. Figure 9c shows that the CM
generates less than 2500 m of movement for k = 1 and
k = 2 for all drone counts. For k = 3, the total generated
movement by CM is less than 1500 m when we have 5
drones and reaches more than 3500 m for 20 drones. For
higher values of k, the CM algorithm results in 1.128 times
less total movement than the NC algorithm, 1.993 times
more than the IPBH algorithm, and 3.509 times more than
IP. Generally, the IPBH algorithm generates 1.63 times
more total movement than IP. The CM algorithm produces
2.152 times more total movement than IPBH and 1.017
times less than the NC algorithm.

6. Conclusion

Drones have gained increased popularity recently, ow-
ing to technological advancements that have extended their
utility across various applications. Effective communica-
tion coordination among drones is often essential for mis-
sion efficiency. In this paper, we focus on establishing
resilient k-connected networks and exploring restoration
procedures, examining their significance in drone swarms.
Specifically, we address the k-connectivity restoration prob-
lem, aiming to establish k-connected networks while min-
imizing drone movement.

We propose four new approaches, including an inte-
ger programming model, an integer programming-based

heuristic, a node converging heuristic, and a cluster mov-
ing heuristic. Through extensive analysis of diverse drone
networking scenarios, we offer a comparative assessment
of these approaches. Our findings demonstrate that the
drone movements generated by the integer programming-
based heuristic closely approximate the original mathe-
matical formulation, while the other heuristics offer ad-
vantages in terms of execution time. Among the heuristic
algorithms, the CM produces the best solution, and the
NC algorithm produces the fastest solution.
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