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PAPER

Evaluation of the Effect of Model Deviation in Air- 
to-Ground Signal Propagation on Cell Area of Coverage

ABSTRACT
With the broadening capacity of the Internet-of-Things (IoT) framework, unmanned aerial 
vehicles (UAVs) are predicted to contribute to the enhancement of the variety of means of 
offered IoT services if they are equipped with wireless connectivity modules (e.g., LTE, 5G/6G 
cellular, LPWAN, WiFi, and satellite) for information exchange. Within this IoT scheme that 
employs wireless cellular networking, an UAV could constitute an aerial base station to act as 
the intermediate layer of the communication scheme and architecture. High-fidelity communi-
cations are necessary to ensure the superior functionality of this architecture. Therefore, accu-
rate propagation modeling of the air-to-ground (A-to-G) UAV transmissions in an aerial base 
station cell is a prerequisite for designing and conducting an investigation of the performance 
of UAVs in various network topologies. We investigate the resulting deviations of a generic 
A-to-G path-loss (PL) propagation model from that of a custom-constructed (Empirical) A-to-G PL 
and shadowing model, which is based on environment and field measurements in conjunction 
with a specific frequency channel and network topology. To this end, analysis of performed 
computer simulations and numerical calculations corroborates our findings. Our conducted 
research for this dense urban environment setting reveals that a Gaussian (Normal) probability 
distribution function, when compared with our Empirical one, will overestimate the likelihood 
of received signal power to be equal to or larger than a desired threshold level by up to 9% in 
the vicinity of the border of an UAV cell, in addition to the associated percentage coverage area 
in both of the considered cell topologies. This could provide for a cost-effective, scalable, and 
accurate algorithm implementation for wireless operators’ coverage estimation and planning.

KEYWORDS
unmanned aerial vehicles (UAV), base station, drone-cell, propagation model, air-to-ground 
(A-to-G), Gaussian, empirical CDF, shadowing log-normal, coverage area

1	 INTRODUCTION

The rapid growth of unmanned aerial vehicles (UAVs) in recent years has led to 
their increasing integration into a wide range of civilian and commercial applications, 
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gradually becoming a mainstream technology. The global UAV market size is pro-
jected to grow from $41.26 billion in 2025 to $125.91 billion by 2032 [1]. According to 
the most recent data from the Federal Aviation Administration (FAA), 822,039 drones 
are registered in the United States as of July 2025. UAVs are deployed not only in mil-
itary operations, but also in various civilian roles, including cargo delivery, weather 
monitoring, aerial photography and videography, intelligent transportation systems, 
public safety management, and emergency medical services, among others [2]–[6]. 
Many of these applications align with the broader concept of smart city services, and 
UAVs are even being considered for tasks such as Internet delivery.

With the continuous expansion of the Internet-of-Things (IoT) ecosystem [7], UAVs 
are expected to play a pivotal role in transforming the provision of IoT services [8], [9]. 
When equipped with wireless communication modules—such as cellular, Wi-Fi, wide-
area networks (WAN), or satellite links—UAVs can facilitate cost-effective, value-added 
IoT services. Within cloud-enabled IoT frameworks, UAVs may function as edge devices, 
serving as an intermediate layer that bridges the sensors and the cloud infrastructure [9].

Given their increasing presence in both civilian and commercial domains, UAVs are 
also being explored as low-altitude aerial base stations or “drone-cells” to support future 
cellular networks [10]–[14]. As depicted in Figure 1, drone base stations offer rapid 
deployment capabilities to satisfy dynamic network demands, making the optimal place-
ment of UAVs a critical challenge to maximize user coverage while maintaining a pre-
defined quality of service (QoS) [12]–[14]. Although there is a growing body of research 
on UAV deployment as drone-cells, real-world implementations remain limited, and the 
identification of the most efficient network topologies is still an open research problem.

Reliable communication is fundamental for the safe operation and effective con-
trol of UAVs. Consequently, accurate modeling of the air-to-ground (A-to-G) propa-
gation channel is essential for evaluating the performance of UAV communication 
systems and network topologies [15]–[17]. In the UAV context, A-to-G channels are 
broadly categorized into two classes: payload communications, which carry mission- 
related data such as video streams or sensor measurements, and control and 
non-payload communications (CNPC), which transmit telemetry and flight control 
commands critical for safe UAV operation. The characteristics of A-to-G channels—
including path loss, fading, and line-of-sight (LoS) conditions—directly influence the 
quality and reliability of payload data [17]. In contrast, CNPC channels, although typ-
ically low in data rate, are highly critical, as any degradation or loss can compromise 
UAV safety or lead to mission failure. Therefore, CNPC channels are designed with 
stricter requirements for reliability, latency, and security.

Fig. 1. An UAV base station potential architecture
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Most UAVs operate using generally available unlicensed frequency bands, with a 
significant portion of CNPC communications utilizing 2.4 GHz and 5.8 GHz. However, 
these spectrum bands are prone to congestion and are vulnerable to interference, 
making them less favorable from an aviation perspective. In the United States, CNPC 
communications are being considered for allocation in the L-band (0.9–1.2 GHz) and 
C-band (5.03–5.091 GHz), although regulatory usage of these bands remains under 
consideration [18], [19]. Importantly, A-to-G path-loss characteristics, to a large extent, 
are independent of the signaling purpose (payload or CNPC), aside from variations 
in carrier frequency and bandwidth. Historically, in the VHF range (118–137 MHz), 
amplitude modulation has been used for A-to-G communications since the 1940s.

Several studies have investigated A-to-G path-loss characteristics and devel-
oped associated models [20]–[28]. For instance, Matolak et al. conducted extensive 
measurement campaigns in the L-band (968 MHz) and C-band (5.06 GHz) for high- 
altitude UAV operations ranging from 500 to 2000 meters [20], [21]. In [23], the 
authors proposed an empirical model to estimate path loss and received signal 
strength (RSS) in outdoor urban scenarios across multiple frequency bands, includ-
ing GSM (900 MHz), UMTS (1800 MHz), and LTE (2100 MHz) [29].

In this paper, however, we present an investigation of the resulting deviations of 
a generic A-to-G path-loss (PL) propagation model from that of a custom-constructed 
(Empirical) A-to-G PL and shadowing model, which is based on environment and 
field measurements in conjunction with a specific frequency channel and network 
topology. Our conducted research for this dense urban environment setting reveals 
that a Gaussian (Normal) probability distribution function, when compared with our 
Empirical one, will overestimate the likelihood of received signal power to be equal 
to or larger than a desired threshold level by up to 9% in the vicinity of the border of 
an UAV cell, in addition to the associated percentage coverage area in both of the con-
sidered cell topologies. This could provide for a cost-effective, scalable, and accurate 
algorithm implementation for wireless operators’ coverage estimation and planning. 
The remainder of this paper is organized as follows: In Section 2, we present our 
review of the literature related to this work. Section 3, provides a presentation of the 
system model and fundamental theory. In Section 4, we perform an analysis of the 
field measurements data set to fit the A-to-G propagation model to the considered 
environment, accompanied by parameter extraction. We present our simulations 
and numerical results in Section 5. Finally, we draw conclusions in Section 6.

2	 RELATED WORKS

Air-to-ground (A-to-G) propagation modeling for UAVs has been intensively stud-
ied due to the unique elevation-dependent characteristics of such links, which differ 
fundamentally from terrestrial channels. Extensive surveys—most notably the com-
prehensive review by Khawaja et al. [17] and C. Yan et al. [30] summarized empir-
ical findings, modeling methodologies, and open research challenges. These works 
emphasize that accurate A-to-G modeling requires environment-specific parameter-
ization and that elevation-angle–dependent LoS probability functions are essential 
to capture realistic link behavior.

Large-scale experimental campaigns by Matolak and Sun [20], [21] established a 
detailed measurement-based A-to-G channel models in the L- and C-bands across mul-
tiple environments, revealing close-to-free-space path loss under LoS conditions and 
strong Ricean fading statistics. Their results demonstrated that both path-loss expo-
nents and shadowing factors depend strongly on altitude, terrain, and frequency—
findings that directly motivate probabilistic and hybrid models such as the 
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elevation-angle-based formulation proposed by Al-Hourani et al. [25], [26]. The latter 
integrates LoS and NLoS excess-loss parameters with a sigmoidal LoS probability and 
remains a widely adopted analytic model for UAV coverage and placement studies.

At the standardization level, 3GPP TR 36.777 (2017) [31] formally documented 
channel-modeling guidelines for aerial users in LTE networks, identifying increased 
base-station visibility, interference coupling, and altitude-dependent link statistics 
as critical factors. Subsequent 3GPP studies on New-Radio aerial support [32] rein-
forced the necessity of environment-validated A-to-G models for interference analy-
sis and performance evaluation of UAV-enabled cellular networks.

More recent surveys and measurement campaigns have further refined the under-
standing of UAV channels. The survey by Mao et al. [15] categorizes channel-sounding 
platforms, measurement methodologies, and processing techniques, highlighting 
persistent challenges such as synchronization, antenna calibration, and environmen-
tal repeatability. Complementary overviews on channel non-stationarity [16] and low- 
altitude communication integration [6] have drawn attention to the temporal and 
spatial variability of A-to-G links, particularly in dense urban environments.

Parallel to empirical modeling, data-driven and deterministic approaches have 
gained traction. Studies such as Tahat et al. [27] applied machine-learning-based 
regression and neural techniques to predict path loss in urban conditions. At the 
same time, hybrid ray-tracing-plus-statistical models exploit building-geometry 
information to improve spatial prediction accuracy [33], [34]. Although these tech-
niques can outperform traditional analytical models, their applicability is limited by 
the requirement for large, site-specific datasets or detailed 3-D environmental maps.

A recurring assumption throughout most A-to-G modeling literature is the use 
of a log-normal (Gaussian in dB) shadowing model, typically combined with a 
log-distance path-loss expression (e.g., Eq. (5) shown later in this paper). However, 
comparative measurement analyses (e.g., [20], [21], [23], [24]) and recent statistical 
reviews (e.g., [17], [15]) report deviations from strict log-normality—often showing 
heavy-tailed or multimodal empirical error distributions that vary with altitude and 
environment. These deviations affect the accuracy of predicted coverage probabili-
ties and system-level performance metrics.

Accordingly, several recent works advocate empirical or nonparametric 
approaches that use measurement-derived cumulative distribution functions (CDFs) 
instead of enforcing the Gaussian assumption [16], [34]. The present study directly 
aligns with this direction by constructing an environment-specific empirical CDF 
of shadowing at 5.8 GHz and comparing it to the Gaussian model (shown later in 
this paper in Figure 6), thereby quantifying the error introduced by assuming log- 
normality in UAV cell-coverage analysis. The results complement the foundational 
analytic models [25], [26] and measurement-based studies [20], [21], providing a 
refined perspective on realistic A-to-G channel behavior.

3	 SYSTEM MODEL

3.1	 UAV placement and spatial user distribution

A quasi-stationary UAV configured with a restricted transmission power will be 
launched to supplement or provide coverage for a crowded terrestrial cell with a 
defined coverage area, following the approach in [13] and [14]. To model the hetero-
geneous nature of user locals in different macrocell environments, they are assumed 
to be randomly and uniformly dispersed across the area of concern. Each user i has a 
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known location denoted by coordinates (xi, yi). The UAV’s three-dimensional position 
is defined by its altitude h and its coordinates (xD, yD). An illustration of this model, 
assuming an ideal circular cell of radius R, is provided in Figure 2. In Figure 2, the 
dimension z corresponds to h, although it is shown as the depth dimension in the 
legend at the bottom right.

Fig. 2. An illustration of the coverage zone by an UAV base station structure

The selection of the UAV’s 3D position, which establishes an auxiliary “aerial-cell,” 
is critical as it determines each of the number of users the UAV can cover, and the 
A-to-G communication links quality. For a user to be considered within the cover-
age area and eligible for service, the observed signal-to-noise ratio (SNR)—a key 
indicator of quality of service (QoS) (or equivalently received signal power)—must 
exceed a predefined threshold. Consistent with [13] and [14], we assume a fixed QoS 
requirement for all terminals. Consequently, maximizing the served users’ statistics 
equates to maximizing the revenue obtained from the service.

3.2	 The A-to-G propagation model

In any communication link, received power and data rate are fundamental 
parameters for assessing quality and performance. A propagation model predicts 
the received power for each user, which in turn determines if the required QoS can 
be achieved. Since the link between the UAV aerial base station and each ground 
user is a wireless communication channel, an appropriate A-to-G channel model 
must be used. This work adopts the model from [14], which is identical to the one 
presented in [25], considering that the presence of a line-of-sight (LoS) connection is 
heavily influenced by the environment.

The likelihood of a LoS connection to the ith user at location (xi, yi) is influenced by the 
altitude, h of UAV, and ri, the horizontal distance from the center of the UAV-cell (xD, yD) 
to the position of this user. This distance is calculated as: r x x y y

i D i D i
� �� � � �( ) ( )2 2 .
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However, the probability of LoS is provided by [25] as:
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In (1), the constants a and b are selected based on the specific environment. 
While this model does not include shadowing effects, the average path loss can be 
computed probabilistically as:
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Here, fc is the carrier frequency in Hz, and c is the speed of light in m/s. The terms 
ηLoS and ηNLoS represent the link losses (in dB) for LoS and non-line-of-sight (NLoS) 
paths, respectively. We note that Eq. (2) may be simplified to:
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shows that the path loss function depends on the vertical dimension h and the hori-
zontal dimension ri. For convenience, Tables 1 and 2 numerate the parameter values 
for different environments, as reported in [25] and [26].

Table 1. The S-Curve parameters for designated propagation environments

Environment Type Parameters (a, b)

Suburban (4.88, 0.43)

Urban (9.61, 0.16)

Dense Urban (12.08, 0.11)

High-rise Urban (27.23, 0.08)

Table 2. Propagation losses (in dB) in designated environments at 5800 MHz

Environment Type Parameters ( ηLoS, ηNLoS)

Suburban (0.2, 24)

Urban (1.2, 23)

Dense Urban (1.8, 26)

High-rise Urban (2.5, 41)

3.3	 The log-distance path loss model

Analytical and empirical propagation models demonstrate that the average 
power of a received radio signal decays logarithmically with distance at a given 
frequency. This path loss can be modeled as [28], [36]:

	 PL d PL d n
d

d
i

i( ) � ( ) � � log� �
�

�
��

�

�
��0

0

10 	 (4) 
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In (4), n represents the path loss exponent. PL(d0) represents the path loss from the 
transmitter at a reference distance, d0. The exponent n serves as an attenuation fac-
tor that incorporates the effects of all propagation mechanisms in the environment. 
Typically, n is greater than 2 (the free-space value) and can be as high as 5. In con-
fined environments such as tunnels and building corridors, n can be less than 2.

A limitation of the standard log-distance model is that it does not account for 
differences in environmental clutter at different sites with the same transmitter- 
receiver separation distances. As a result, observed measured signal levels can devi-
ate significantly from the predicted average. Measurements show that, at a specific 
distance d, the path loss PL(d) is a random variable with a log-normal distribution 
(normal when expressed in dB) around the mean value. This leads to a more accu-
rate model:

	 PL d PL d n
d

d
X

i

i( ) ( ) � � log� �
�

�
��

�

�
�� �0

0

10
�

	 (5) 

Or, equivalently: 

	 PL d PL d X
i i

( ) ( )� �
�

	 (6)

where, PL d
i

( ) represents the mean value of the path-loss computed at distance di, 
and Xσ is a zero-mean Gaussian random variable with standard deviation σ (in dB). 
Using linear regression, the values of n and σ can be derived from environment- 
measured data.

Since PL(d) is a normally distributed random variable (in dB), the received power 
Pr(d) is also normally distributed (in dB). The Q-function or error function (erf) can 
therefore be utilized to calculate the likelihood that the received signal level exceeds 
a specific threshold γ :
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3.4	 Determination of the percentage of coverage area

Within a coverage area, some locations will experience signal levels below a 
desired threshold due to random shadowing. It is useful to relate the probability 
of coverage at the cell boundary to the percentage of the total area that is covered. 
For a circular cell of radius R around a base station and a desired signal threshold γ 
(in dBm), we aim to compute U(γ ), the percentage of area where the received signal 
power is at or above γ, using a specified coverage probability at the cell boundary [29].

The separation distance between the UAV and the position of a user is:

	 d h r h r
i i

( ,� ) ( )� �2 2 	 (9)

The path loss can be described in equation form by combining models as:

	 PL(di) = 20log(di) + AP(h,ri) + B + Xs	 (10)
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The received power is then:

	 Pr(di) = PT - PL(di)	 (11)

Thus, the percentage of the useful service area is computed by integrating the 
coverage probability over the total area [29]:

	 U
R

P r rdrd

R

r i
( ) (� ( ) )��

�
� �

�
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1

2

0

2

0

P 	 (12)

In order to investigate the behavior of (12), we evaluate it for various h and the 
probability of the received power being larger than γ at the cell boundary R. The 
results are illustrated in Figure 3, where, h = {50, 100, 200} meters, average PL(d0) = 
40 dB, d0 = 1 meter, n = 3.5 and R = 500 meters. Here, d = R.

Fig. 3. Percentage of the useful service area for various UAV heights versus σ/n

4	 ANALYSIS OF MEASUREMENT DATA AND ENVIRONMENT MODEL

4.1	 Analysis of field measurements and fitting to the A-to-G 
propagation model 

In our investigation, we generated a data set for our considered area of investi-
gation within the vicinity of the PSUT campus to be superimposed on the existing 
and exact geographic locations extracted from the data set of the measurement cam-
paign presented by the authors of [27] that contains 492 instances at each nom-
inal frequency. In this work, we analyze and study the 5.8 GHz frequency band. 
The collected measurements from the high altitude flying platform (HAFP) (balloon) 
spanned a relative height, which increased from approximately 60 meters above 
the ground surface to a maximum height of roughly 1650 meters. The ground vehi-
cle (GV) unit collecting the measurements scanned a designated path illustrated in 
Figure 4, which surrounds the original ground launch location of HAFP with an 
approximate horizontal radius of 1000 meters. The resulting path loss at the 5.8 GHz 
versus diagonal separation distance to the GV locations are plotted in Figure 5.
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Fig. 4. Mobile terminal measurement locations from the HAFP [27]

Fig. 5. Field measurements A-to-G PL at 5.8 GHz vs. distance and PL models

We generated our data set for this considered geographic area of investigation 
using the A-to-G model of (2) at 5.8 GHz in the four different environments listed in 
Section 3.2 (i.e., suburban, urban, dense urban, and high-rise urban):

	 L h r
f

c
h r P h r
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c

i i LoS
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This geographic area resembles a dense urban environment in its building distri-
bution and structure, in addition to surface clutter as depicted in Figure 4.

We then plotted the generated data set instances at the same GPS coordinates 
of the GV, including the relative altitude of the HAFP, superimposed on the original 
measurement data set points in Figure 5, to visually identify the correct environ-
ment classification by inspection, which indeed closely matches a Dense Urban envi-
ronment as demonstrated by the plots of Figure 5.
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For comparison purposes, we plotted the Log-Distance model of (14):

	 PL d PL d n
d

d
i

i( ) � ( ) � � log� �
�

�
��

�

�
��0

0

10 	 (14) 

By fitting it to the field measurements data set at 5.8 GHz as a function of the total 
diagonal separation distance between the HAFP and the receiver (GV), and using 
d0 = 1 m. Model tuning and curve fitting algorithms in the Matlab® Curve Fitting 
Toolbox produced optimal parameters in (14), in the minimum mean-squared-error 
(MMSE) sense, for values of n = 1.98 and PL d( ) .

0
63 45= . These values were used to 

plot the Log-Distance model curve as depicted in Figure 5.

4.2	 Extraction of propagation model parameters from field measurements

The assumed A-to-G path loss model of (10) was used to extract the shadowing 
effect at each instance of the two data sets (difference between the field measure-
ments and of generated A-to-G model values of (2), where the random variable, Xs , 
in (10) represents the random fluctuations in the path loss values at a given dis-
tance, and deviation from the given mean value generated by the A-to-G model of 
(2) and (3). This process was performed for the four different environments listed in 
Section 3.2 (i.e., suburban, urban, dense urban, and high-rise urban).

Fig. 6. Generated Empirical error histograms for 5.8 GHz center frequency data set and fitted Normal PDF 
for each environment category
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The deviation in the predicted path loss values from the field measured values 
for all instances in the data set for the 5.8 GHz frequency was used to generate an 
Empirical error histogram for each environment category, as illustrated in Figure 6. 
We then fitted each of the Empirical error histograms with a Gaussian (Normal) prob-
ability distribution function (PDF) superimposed on the corresponding histogram 
subplot. Again, it is evident from these histograms and fitted plots that the Dense 
Urban environment category best matches the field measurement data set of the 
5.8 GHz center frequency since it has the minimum mean of the four at −0.6713 dB, 
and a standard deviation of 12.1479 dB. We also generated an Empirical cumulative 
distribution function (CDF), as illustrated in Figure 7, for this environment category 
(i.e., the dense urban) calculated by the Kaplan-Meier estimate [35] using Matlab® to 
be utilized later in the numerical simulations and computational analysis and sub-
sequent evaluation of the Cell Percentage of Coverage Area, U(g ) of (12).

Fig. 7. An Empirical CDF extracted from data set for a Dense Urban A-to-G propagation model

5	 SIMULATION AND NUMERICAL RESULTS

We consider two topologies of a wireless network cell coverage to analyze and 
compare the expected performance by calculating the percentage cell coverage for a 
defined position UAV auxiliary base station at a nominal height of h = 300 m. To this 
end, a Matlab® simulation was constructed, which considers a wireless network cell 
operating at a carrier frequency, fc = 5.8 GHz. The cell topology represents a circular cov-
erage footprint with borders having a maximum radius of R = 400 m for high data rate 
applications (e.g., LTE-U), and a cell radius of R = 1000 m for low data rate traffic (e.g., IoT 
terminals). It is assumed that the UAV-cell resources configuration will permit service in 
the region of coverage for all users associated with this serving base station. The served 
users in both topologies of the wireless network cell are assumed to be randomly uni-
formly distributed throughout the geographic cell coverage area as depicted in Figure 2.

The parameter values enumerated in Table 3 were utilized in evaluating the path 
loss in a hypothetical UAV-cell in the geographic area under consideration using 
(1) and (2) plotted in Figure 8, where it was identified to be of the Dense Urban envi-
ronment category as was evident from the investigation and analysis conducted 
in Section 4.2. The horizontal distance varied from zero (i.e., cell center) to the 
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maximum of cell radius, R, in increments of 10 m. Path loss estimation at the same 
locations using the free-space propagation model was also plotted superimposed in 
Figure 8 as a reference benchmark.

Table 3. Simulation configuration parameters 

Parametr Value 

Nominal frequency (f ) 5800 MHz

Max. transmit power 40 dBm

Min received power (γ ) −80 dBm, −100 dBm

UAV height (h) 300 m

Cell radius (R) 400 m, 1000 m

Environment Dense Urban

Since Pr(d) and PL(d) are random variables, we investigate the effect of deviation 
in using an assumed Normal (Gaussian) distribution CDF (with a mean and standard 
deviation as evaluated in Section 4.2) from using the generated environment specific 
Empirical CDF in conjunction with A-to-G propagation model of (2) to account for 
shadowing effects as in (8). Hence, we compute the probability that the received 
signal level is equal to or exceeds a target level g (i.e., P(Pr(di ≥ g ))) at a border of 
the cell in a wireless cell topology associated with a particular application using 
(6) and using the CDF of Figure 7 as the true distribution in the environment under 
consideration. The numerical results are summarized in Table 4 for both of the two 
designated network topologies. In both cases, the Normal distribution assumption 
overestimates the likelihood of coverage at the cell boundary of receiving the desired 
power level. We also plotted P(Pr(di ≥ g )) at different locations with varying distances 
from the center of the cell in Figures 9 and 10, for each of the network topologies  
(i.e., R = 400 m and R = 1000 m).

In addition, for each of the hypothetical circular coverage cell topologies, we 
computed the percentage of area, U(g ), with a received signal level that is equal to 
or greater than g = -80 dBm for high data rate traffic (e.g., LTE-U offloading), and 
equal to or greater than g = -100 dBm for low data rate traffic (e.g., IoT terminals 
and sensors).

Fig. 8. Generated path loss in a hypothetical UAV cell in the geographic area under consideration
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Table 4. Numerical results

Network  
Topology

P(Pr > g ) at Cell 
Border with the 
Empirical CDF

P(Pr > g ) at cell 
Border with the 
Gaussian CDF

Overestimate 
of P(Pr > g )
in Percent 

Uγ  with the 
Empirical CDF

Uγ  with the 
Gaussian CDF

Overestimate of 
Ug  in Percent 

High data rate 
(R = 400 m)

0.6291 0.6644 5.6% 0.8125 0.8325 2.5%

Low data rate 
(R = 1000 m)r

0.6876 0.7494 9.0% 0.8524 0.8712 2.2%

Equation (12) was implemented in Matlab to compute U(g ), where the trapezoi-
dal method of numerical integration was employed to approximate the integration 
operator. The resulting computed values of U(g ) are listed in Table 4 for both of the 
wireless network cell topologies.

Fig. 9. Probability of received signal power P ≥ g  = -80 dBm with a high data rate network topology (LTE-U) 
with cell radius R = 400 m

Fig. 10. Probability of received signal power P ≥ g  = -100 dBm with a low data rate network topology (IoT) 
with cell radius R = 1000 m
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We compared the obtained U(g ) values based on the actual environment- 
derived Empirical CDF with those obtained relying on a Gaussian distribution with a 
mean and a standard deviation computed from the geographic area under consider-
ation. Again, the Gaussian distribution overestimates the U(g ) in both of the network 
topologies.

6	 CONCLUSIONS

Since accurate propagation modeling of the A-to-G UAV transmissions in an aerial 
base station cell is necessary for designing and conducting an analysis of the per-
formance of UAVs in various network topologies, in this paper, we suggested and 
presented a methodology for constructing an accurate Empirical CDF to integrate 
environment-specific shadowing effects into A-to-G PL propagation model in an 
UAV base station. We investigated the resulting deviations of a generic A-to-G PL 
propagation model from that of our custom-constructed (Empirical) A-to-G PL and 
shadowing model, which was based on environment-specific field measurements 
in conjunction with a specific operating frequency and network topology. Analysis 
of performed computer simulations and numerical calculations confirmed our find-
ings. Our conducted research for this dense urban environment setting reveals that 
a Gaussian (Normal) probability distribution function, when compared with our 
Empirical one, will overestimate the likelihood of received signal power to be equal 
to or larger than a desired threshold level by up to 9% in the vicinity of the border 
of an UAV cell, in addition to the associated percentage coverage area in both of the 
considered cell topologies. This could provide a cost-effective, scalable, and accurate 
algorithm for wireless operators’ coverage estimation and planning.

6.1	 Future works

Our focus in future research is to extend this investigation to include other fre-
quency bands and to generalize the framework and methodology. Also, expanding 
its application to other types of PDFs for potential improvement in computational 
accuracy in the evaluation of the cell percentage of coverage area, U(g ) of (12). In 
addition, the proposed methodology and results need to be analyzed within other 
A-to-G PL models. Moreover, we will consider methodological approaches for 
extracting environment-specific shadowing effects in A-to-G PL models from satel-
lite maps for this purpose.
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