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Abstract—Natural disasters and other emergencies can disrupt
terrestrial communication infrastructure, leaving first responders
and affected people without reliable connectivity. Unmanned
Aerial Vehicles (UAVs) have been proposed as a promising tech-
nology for providing on-demand connectivity in such situations,
but limited battery capacity remains a significant challenge. As
a possible solution, Tethered UAVs (TUAVs) can extend the
operation time and ensure seamless service due to their fixed
connection to a ground station. In this paper, we propose a novel
approach to TUAV deployment that involves using a robotic car to
carry the necessary equipment for communication establishment
and enable remote control by a human operator. We focus on
finding the optimal locations for TUAV deployment to ensure
complete user coverage and permanent connections between
neighboring TUAVs. We utilize the Genetic algorithm to solve
the problem of TUAV placement, considering constraints such
as signal propagation models and coverage radius. The air-to-
ground and air-to-air channel modeling determines the optimal
perpendicular height and coverage radius of TUAVs. Our Matlab
simulation results demonstrate that our proposed approach offers
efficient and optimal solutions for TUAV placement using GA.
This research has significant implications for disaster manage-
ment and emergency response, providing a reliable and effective
communication infrastructure in critical situations. Our findings
can support the development of disaster response strategies and
policies that incorporate TUAVs as a crucial component for
on-demand connectivity solutions in disaster-affected areas. The
proposed TUAV deployment approach is expected to have broad
applications beyond disaster management in remote sensing,
surveillance, and search and rescue operations.
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I. INTRODUCTION

Natural disasters like earthquakes and tsunamis have in-
creased in frequency over recent decades, significantly dam-
aging public, industrial, and environmental infrastructure. The
consequences of natural disasters have prompted the develop-
ment of disaster management strategies, which are primarily
categorized into pre-catastrophe alertness, catastrophe estima-
tion, and post-catastrophe response and reformation. The po-
tential of unmanned aerial vehicles (UAVs) as a technology to
support disaster management efforts, particularly in providing
on-demand connectivity solutions in disaster-affected areas,
has been highlighted by various research works [} 2 [3| |4} 15].
Two significant designs for using UAVs as aerial base sta-
tion equipment are tethered and non-tethered UAVs. Tethered
UAVs are connected to backhauling equipment or a power

supply through a cable, providing power stability, longer op-
eration time, and faster backhaul processes. They have gained
considerable attention due to their ability to provide stable
and reliable communication services in disaster-affected areas
[6]. On the contrary, non-tethered UAVs offer benefits such
as increased mobility and improved efficiency. However, they
face challenges such as limited battery capacity, which restricts
their operation despite their potential benefits [7]. Despite
the promising potential of non-tethered UAVs, their limited
operation time presents a challenge that requires further re-
search and development. Consequently, the community still
favors tethered UAVs for practical implementation, prompting
the need to explore optimal deployment strategies for UAVs
that can provide on-demand connectivity solutions in disaster-
affected areas.

In critical scenarios such as weather disasters, TUAVs carried
by robotic vehicles and operated remotely by a human con-
troller can be deployed in the disaster area to support first
responders and establish communication services for affected
users. However, deploying TUAVs faces several challenges,
including finding the optimal placement of the TUAVs to
ensure operational stability. Genetic algorithms can address
the problem of finding the optimal placement of TUAVs by
simulating the evolution of a population of candidate solutions.
Genetic algorithms are well-suited for real-world applications
where traditional optimization methods may struggle to find
the best solution due to complex and dynamic disaster scenar-
i0s.

Our primary focus is developing an efficient deployment
strategy for TUAVs using genetic algorithms with constraints
such as complete user coverage and permanent connection
to neighboring TUAVs to ensure a seamless operation. This
approach can efficiently handle the problems of non-tethered
UAVs, such as user area coverage over a long period, cell
backhaul operation, limited UAV time operation, and the
number of UAV usage in disaster scenarios. By addressing
these challenges, we can potentially improve the speed and
efficiency of communication in disaster scenarios and ensure
a timely response to emergencies.

The structure of this paper is organized as follows. Section
IT defines the system and channel models of TUAVs. Section
IIT elaborates on the maximum altitude and deployment for
TUAVs. Section IV describes the genetic algorithm for TUAV
deployment. In Section V, simulation results and analysis are



presented. Finally, this paper concludes in Section VI.

II. SYSTEM MODEL

The system model shown in Fig. 1 consists of multiple
TUAVs placed in a robotic car, such as Cell on Wheels
(COW). Each TUAV, denoted as K = (1,2...N), is equipped
at a certain height and provides wireless services for ground
users U = (1,2...V), distributed randomly. Each TUAV is
seated by a base station component consisting of a single
omnidirectional antenna [8] and provides service for the
particular radius R. There are two channel models for this
scenario. TUAVs must connect with other TUAVS if needed for
seamless service, increasing system reliability and reducing the
risk of mission failure. TUAV-to-ground user communication
is essential for effective operation and a successful mission.
Two-channel models [9] confirmed by the community for the
above-mentioned scenarios: 1) air-to-air channels and 2) air-to-
ground channels, which include TUAV-to-TUAV and TUAV-
to-ground channels.
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Fig. 1. System Model

A. TUAV to Ground Channel Model

As stated in the air-to-ground channel models scenario,
[10], signals transmitted from the TUAV to ground user nodes
can form the line-of-sight (LoS) and non-line-of-sight (NLoS)
communication. The probability that the TUAV can establish
an LoS connection with the v* ground user node depends on
the elevation angle of the TUAV to the v*"* ground user node:

1
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where = and y are constants impacted by the surrounding
atmosphere, 6 is the angle of elevation between the horizontal
plane and the line from the v'" ground node to the TUAV,
and x and y were obtained from practical experiments for
different urban environments [11]]. @ is given as arctan ho
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where h,, is the TUAV height and 7, ,, is the parallel distance
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between the estimated TUAV deployment on the ground and
the placement of the v'" user device. The estimated TUAV
deployment refers to the planned location of the TUAV on
the ground. Furthermore, from Pr,5, we can calculate the
probability of establishing an NLoS link as:

Pnros =1— Pres. ()

Due to free-space propagation, the radio signals emitted from
the TUAV suffer from shadowing and scattering caused by
surrounding elements like buildings, trees, and other obstacles.
These effects can cause additional path loss, which reduces
the signal strength received by the receiver. In some cases,
the additional path loss may have a random behavior, varying
significantly in magnitude and direction over time. However, in
the context of TUAV placement, where the focus is on longer-
term deviations rather than small-magnitude ones, it is more
appropriate to consider the mean value of the additional path
loss. By taking the mean value, we can estimate the average
additional path loss that the TUAV will likely experience over
a long period. It can help determine the optimal placement
of the TUAV and design an effective communication system
that accounts for the expected loss. Denoting 1 as the average
value of the extra path loss, the path loss models for NLoS
and LoS links in dB (Decibel) are, respectively, calculated as:
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where ¢ is the speed of light, f is the carrier frequency,
and d,, = \/(xn — )% + (Yn — Yu)? + h? is the distance
between the TUAV and the ground user nodes. Furthermore,
NLos and Nyros are the average extra losses for LoS and
NLoS links, respectively.

Due to the absence of terrain information, we need to deter-
mine whether the TUAV and n'" ground node communication
is LoS or NLoS. Thus, we consider its average path loss, which
is computed as:

= L10s - Pros(0) + Lnros - Pnros(0). (5
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Let us denote A = 1105 — NNLos and B = 201log (4:f> +
1N Los- By substituting, we have

Lg(hn y = A'PLOS<9(hn,Tn,v)) + 20 log d(n,v) + B. (6)

B. TUAV to TUAV Channel Model

Permanent connections between neighboring TUAVs help
to ensure seamless service and safety. They prevent gaps in
coverage as TUAVs move around in the deployment area,
optimize the routing of data packets, and maintain a safe
distance between the TUAVs to avoid accidents. The safety
distance is determined by factors such as the size of the
deployment area, the number of TUAVs in operation, and their
speed and altitude.

sTn,v



The TUAV-to-TUAV channel model [12] is primarily domi-
nated by the line-of-sight (LoS) element and free-space prop-
agation loss can be used to model the TU AV, and TUAV,
as given by:

4
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where d, . is the distance between TU AV, and TUAV,, c

is the speed of light, and fj is the carrier frequency of the
TUAV-to-TUAV channel.

III. OPTIMAL TUAV DEPLOYMENT MODELING

As shown in [13]], we can obtain the maximum height P4,
for the maximum radius user coverage area stated as O,,qz,
which can be derived by evaluating
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Since g—g = a%tan_lg = pzﬁ > 0, searching for p that

optimizes O can be obtained by finding for @, mentioned by
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Here, 6, is the derived maximum elevation angle for a given
m and n.
Since the user’s transmit power is relatively low compared to
the transmit power of the TUAV, the limiting factor is often
the uplink communication from the user to the TUAV rather
than the downlink communication from the TUAV to the user,
as mentioned in [12]. Therefore, the data transmission up-
link defines the communication between TU AV,, and U ser,,.
Hence, the O, is evaluated by the optimal allowable path
loss factor of the User, to TU AV,, denoted uplink as L!?

max’
which can be given as

L:;{Zx = PUserv +GUS€TU+GTUAVH _Psens_Lc_’Vthy (10)

where the antenna gains are Gyser, and Gryavy,, the user
transmit power is denoted as Pprser,, feeder loss is L¢, Pseps
is the receiver sensitivity, and 7 is the signal-to-noise ratio
(SNR) threshold of TUAVSs.

By applying G_Opt and L, . into Equation (6), we could get the
optimal 7, 4, i.e., O\, then the maximum perpendicular alti-

tude of the TUAVs could be found as hop = Opay tan(0op;).

A. TUAV optimal placement positions

After obtaining the optimal altitude h,y:, the next step is
to determine the deployment locations of the TUAVs on the
parallel axis P. Various criteria can influence the placement
of TUAVSs, including coverage area, higher endurance, safety
and regulations, and minimum costs. From the mobile network
operator’s perspective, minimizing the number of TUAVs
required is essential for cost minimization. To achieve this, the
optimal positions of TUAVs must be determined to satisfy the
connectivity establishment parameters and user area coverage.

The coverage constraint is necessary because various factors
such as obstacles, terrain, and environmental conditions can
influence wireless signal propagation characteristics, particu-
larly at higher frequencies. Thus, the signal strength received
by users on the ground may vary depending on their location
and that of the TUAVs. By imposing a coverage constraint,
the placement of TUAVs can be optimized to provide the
required coverage to all users while minimizing the number
of necessary TUAVs and ensuring efficient use of resources.

If users can connect with one or more TUAVs, they choose the
best one based on the top-quality link. The users can measure
the SNR of the signal received from each TUAV, which is the
ratio of the signal power to the noise power in the received
signal. A higher SNR generally indicates a better link quality,
reducing the risk of errors or distortion in the received signal.
The connectivity constraints must be satisfied to ensure re-
liable connections between TUAVs and users. The distance
between any two TUAVs must not extend below the connec-
tivity distance a4z, and each TUAV must connect to at least
one other TUAV for reliability purposes.

Therefore, the optimization sub-problem can be written as
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These equations define the variables and constraints used
in the optimization problem. The set B represents the set
of deployed TUAVs, with |B| being the number of TUAVs
deployed. The variables U ,, and N j, represent the connection
between TUAVs and users and between TUAVs, respectively.
The coordinates of the TUAVs are represented as (z;,y;)
and (xg,yx), while the bounds of the parallel axes are de-
noted as (Xynin, Ximaz) and (Yiin, Ymaz). The connection
matrix N is a square matrix with dimensions |B| x |B| and
contains the connections between TUAVs. If U;, = 1, it
indicates that the user v is connected to TUAV j such that
(w; — )2+ (yj —y0)? < R2,,,, for all j and v. On the other
hand, if N;; = 1, it means that TUAV j and TUAV £k are
connected within the communication range.

The objective function of the optimization problem is to
minimize the number of deployed TUAVs, given the coverage
and connectivity constraints. The coverage constraint ensures
that at least one TUAV covers all users on the ground.
In contrast, the connectivity constraint ensures that TUAVs
are connected and have reliable communication links. The
optimization problem is an NP-hard problem. To solve it, the
genetic algorithm (GA) is a suitable approach due to its rapid



search capability, facilitated by the mutation and crossover
processes [[14]].

IV. GENETIC ALGORITHM FOR TUAV PLACEMENT

Genetic Algorithm (GA) is a robust meta-heuristic algorithm
[14] that can efficiently solve complex nonlinear optimization
problems. In contrast to traditional search algorithms, GA
starts the search from a random solution and iteratively applies
selection, crossover, and mutation processes to generate new
solutions. The fitness function evaluates the fitness values of
each chromosome, and high-fitness chromosomes are selected
for the next generation. Through multiple generations, GA
converges to an optimal or suboptimal solution for the problem
[L5]].

In the context of TUAV placement, GA can be used to find the
optimal locations for TUAVSs that satisfy coverage constraints
and minimize costs. The fitness function can be customized to
include additional criteria, such as the connectivity between
TUAVs and ground users. By tailoring GA for TUAV place-
ment, an efficient and accurate solution can be achieved that
meets the specific requirements of the scenario.

The flowchart in Fig. 2 summarizes the steps involved in the
TUAV placement using GA. Using this process, an efficient
and accurate solution can be obtained that meets the specific
requirements of the scenario.

V. RESULTS AND ANALYSIS

This section analyzes the result of GA algorithm placement
for the TUAVs. We consider predetermined simulation pa-
rameters [[16]] (see Table I) for the TUAV-based emergency
network solutions for the urban disaster scenario.

TABLE I
SIMULATION PARAMETERS

Parameter Value Description
NLoS 1dB Additional loss for Line-of-Sight (LoS) links
NN LoS 20 dB Additional loss for Non-Line-of-Sight (NLoS) links
Transmit Power TUAV: 30 dBm Transmit power for TUAVs and users
(dBm) Users: 21 dBm 117
Antenna Gain TUAV: 11 dBi Antenna gain for TUAVs and users
(dBi) Users: 0 dBi
Feeder Loss 1.5 dB Feeder loss
Environmental z: 9.61 Environmental factors for the urban scenario
Factors y: 0.28
Receiver Pgens: -85 dBm Receiver sensitivity
Sensitivity
SNR Threshold Y 10 dB Signal-to-Noise Ratio (SNR) threshold for TUAVs [18I[10] |
Safety Distance ds: 3.2 km Safety distance
Available TUAVs 50 Number of available TUAVs for the operator

The simulation results presented in Fig. 3 and Fig. 4 demon-
strate that the genetic algorithm (GA) is an efficient method
for optimizing the placement of TUAVs to achieve wireless
network coverage in a disaster scenario. The GA algorithm
is based on a fitness function that considers the Number of
TUAVs required, the coverage of users, and the TUAV-to-
TUAV connectivity. The maximum perpendicular altitude of
the TUAV varies in the range of 75 to 120 m [20], and the
respective radius of the coverage region is obtained as 2.5 km.
The connectivity distance a4, of the TUAV network is 6.4
km.
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Fig. 2. TUAV placement using GA.

The two-dimensional deployment of TUAVs in Fig. 3 shows
that seven TUAVs can cover the entire 10 km x 10 km region
with maximum coverage of users while minimizing the Num-
ber of TUAVs required. The three-dimensional deployment of
TUAVs in Fig. 4 provides a better understanding of how the
TUAVs are deployed to provide coverage to ground users. Fig.
4 shows that the TUAVs are strategically placed to cover the
entire area, and the coverage area of each TUAV is highlighted
in different colors.

The simulations involved iterating through different deploy-
ments of randomly placed users within the given area. The



Number of users increased incrementally in each iteration,
ranging from 50 to 850. Fig. 5 displays the relationship
between the Number of TUAVs and the Number of users,
where the Number of TUAVs ranges from 9 to 16, and the
Number of users varies from 50 to 850. It was found that
deploying 16 TUAVs may require up to 16 robotic cars for
efficient transport and deployment in the field. However, the
number of automated vehicles necessary may vary depending
on the specific deployment scenario and the automatic cars’
capabilities.

Fig. 6 shows the fitness values obtained for different numbers
of users in each iteration, which range from 51 to 100. The
results show that the fitness values correlate with the Number
of TUAVs and users, and the GA algorithm efficiently deploys
TUAVs for wireless network coverage in various scenarios.
Robotic cars can significantly improve the efficiency of TUAV
deployment operations by reducing the time and effort required
for transport and deployment activities, thereby enabling the
deployment of a more significant number of TUAVs for
optimal network coverage.

Overall, the simulation results demonstrate that with 16 TU-
AVs, we can cover the entire 10 km x 10 km region with
secure network connectivity and seamless service. The GA
algorithm efficiently optimizes the placement of TUAVs to
maximize users’ coverage while minimizing the number of
TUAVs required. However, as the size of an area increases
with the total number of network users on the ground, the
searching space of GA becomes more comprehensive, which
results in slow convergence.

Y(km)

Fig. 3. Two-dimensional Deployment of TUAV

VI. CONCLUSION

In conclusion, this paper has presented a novel approach
to TUAV placement optimization, incorporating the use of
robotic cars for the efficient transport and deployment of
TUAUVSs in disaster scenarios. We have utilized a GA algorithm
to optimize the placement of TUAVs to maximize coverage
while minimizing the number of TUAVs required. We have
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also found the maximum perpendicular altitude and radius
of coverage for the TUAV network. The simulation results
demonstrate that with 16 TUAVs, we can cover the entire
10 km x 10 km region with secure network connectivity
and seamless service. The GA algorithm can help efficiently
deploy TUAVs for wireless network coverage in various sce-
narios. Future work can focus on applying different heuristic
algorithms for post-disaster enhanced coverage placement with
dynamic user scenarios.
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