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Abstract
In the fifth-generation (5G) and future wireless networks, coverage planning for millimeter-wave (mm-wave) net-
works in a three-dimensional (3D) urban environment depends on the communication channel and line-of-sight
(LoS) probability models. This is especially true when there are big stationary obstructions. The current literature
lacks a complete review of the existing LoS probability models. To bridge this gap, this paper reviews modeling
approaches and mathematical models of the LoS probability. We discovered that, due to the complexity of mod-
eling a large number of 3D layouts, most existing models have focused on a few urban layouts. We developed a
3D synthetic urban layout generator that is based on game engine technology to simulate any ITU-R P.1410 ur-
ban layouts and collect the ray-tracing. We provided a proof-of-concept to show that the game technology could
handle the complexity of simulating ray-tracing in 3D urban environments. Moreover, we addressed some of the
biggest challenges and gaps in the current LoS probability literature and suggested some valid opportunities.
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1. INTRODUCTION

In the recent past, there has been an increasing amount
of interest in studying air-to-ground (A2G) or ground-to-
air (G2A) communications. The emergence of unmanned
aerial vehicles (UAVs), recognized for their cost and ma-
neuverability in operation, is primarily responsible for
this. While UAVs in the fifth generation (5G) networks
and beyond are capable of serving as wireless network
users, they can also function as base stations or relays
to enhance coverage in hotspots or areas affected by
natural disasters. Furthermore, cellular network opera-
tors may utilize high frequencies, specifically millimeter
waves (mm-wave), to achieve higher data throughput [1],
[2], [3].

The existence of barriers that obstruct the signal be-
tween the transmitter and receiver has a major impact on
mm-waves. The distance between objects also results
in rapid signal attenuation. For example, the mm-wave
band is attenuated by 15–25 dB when blocked by the
human body [4], [5].

Consequently, investigating the feasibility of a direct
line-of-sight (LoS) between the UAVs and the ground
user terminals (gUTs) has emerged as a significant re-
search topic. The LoS probability is a critical part of the
communication channel models, regardless of the com-
munication link direction. The LoS concept describes a
situation where it is possible to connect a straight line
between the UAV and the gUT without any blocker in the
middle, as illustrated in figure 1.

Despite the existence of numerous LoS probability
models, the current literature lacks a comprehensive
review or performance evaluation to support future re-
search that relies on accurate three-dimensional channel
models. For example, planning millimeter-wave (mm-
wave) networks relies on the communication channel’s
decent accuracy to guarantee the target throughput. Nev-
ertheless, network designers rely on throughput estima-
tion to decide where to deploy edge computing data
centers to support data offloading services. These and
other examples underscore the importance of assessing
the current LoS probability models in standard urban
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Figure 1. Communication link between UAVs and outdoor
ground users.

environments.
However, few recent literature reviews have discussed

different aspects of modern networks, particularly the
LoS probability topic. For example, [1] reviewed the fu-
ture direction of using UAC-assisted cellular communica-
tions, while [3] studied the impact of adopting artificial in-
telligence (AI)-based methods to optimize UAV-assisted
networks for internet-of-things (IoT) applications. Similar
efforts to this review are presented in [6] and [7]. [6]
reviewed the mathematical models that were used in as-
sessing performance reliability for the 5G/6G mm-wave
and terahertz cellular systems, whereas [7] reviewed
mathematical models and methods for multi-casting in
5G mm-wave networks.

Moreover, this paper examines more LoS probability
models and provides a detailed illustration of conversion
methods between frequently used models. We provide
detailed illustrations of various modeling approaches,
mathematical models for the urban environment, dis-
tribution processes, and mathematical models of LoS
probability. We found that few works simulate real-world
datasets that are limited to specific urban layouts. To
overcome this limitation in the empirical approach to LoS
probability modeling, we developed a 3D synthetic urban
layout generator that is capable of generating any 3D
urban layout and, besides, can simulate ray-tracing. We
leveraged the capabilities of game engine technology
to generate synthetic urban layouts and simulate ray-
tracing. This review provides a proof-of-concept for the
game engine-based simulation that we used to produce
the ray-tracing LoS in the four standard environments.
We validate some recent LoS probability models by com-
paring them to the ray-tracing LoS.

1.1. Key contributions
The primary contributions made by this paper are:

• Review the modeling approaches: We present a
step-by-step modeling approach to the LOS proba-

bility modeling process, including various aspects,
such as the stochastic geometry of the urban layout,
the urban configuration as introduced in the ITU-R
P.1410-5, buildings, streets, and frequency. In this
review, we collected almost everything a researcher
needs to know about LoS probability modeling.

• Review the mathematical form of LoS probability
models: We review and summarize the LoS probabil-
ity models and their use cases. We compare models
based on several criteria, such as the modeling ap-
proach, the communication channels, the building dis-
tributions, the’input, the compatibility with the ITU-R
P.1410-5, and the generality of the model.

• Game engine-based simulation: The ray-tracing
simulation in (3D) urban layouts is a complex task,
while empirical data gathering from the real world
has a high cost. Thus, we suggest exploiting the
game engine’s capabilities to generate 3D synthetic
urban environments and simulate ray-tracing. Sec-
tion 4 provides a proof-of-concept of our suggested
use of game engine-based simulation in 3D urban
environments. Since existing LoS probability models
usually used paid simulation tools above the com-
plexity of ray-tracing in 3D urban environments, we
contributed our game engine-based simulation code
to the research community, and the code is available
on GitHub [8].

• Evaluate the most recent and some LoS probabil-
ity models for the A2G communication channel:
Evaluating existing LoS probability models is com-
plementary work to this review. It validates those
models on synthetic urban layouts that are similar to
real-world environments. We select the most recent
LoS probability models that are compatible with the
ITU-R P-1410-5 urban layout to be implemented. We
tested those models on four standard urban environ-
ments and analyzed their performance. The results
show some limitations that can be future research
opportunities.

• Challenges and opportunities: Based on the re-
view and empirical evaluation of some models, we
introduced some important challenges and research
opportunities to enhance the LoS probability modeling
and related aspects.

The modeling approaches are reviewed in Section 2.
Section 3 discuss the LoS probability models. Empirical
evaluation of some selected models is presented on
Section 4. Section 5 discusses challenges and open
opportunities. Finally, the conclusion in Section 7.

2. THE MODELING APPROACH
This section reviews the modeling approaches that are
introduced in current LoS probability models. We high-
light different aspects of urban layout modeling, including
building distribution, heights, and widths of streets and
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Table 1. Researchers have presented mathematical models of LoS probability.
Reference Description Reviewed LoS models Model evaluation

[6] Looked at the mathematical models that used in assessing per-
formance reliability for the 5G/6G mm-wave and terahertz cellular
systems

8 ×

[7] Looked at mathematical models and methods for multi-casting in
5G mm-wave networks.

9 ×

This review This article reviews LoS probability modeling methods for G2G,
G2A, A2G, and A2A communication channels, with a focus on
large static objects and mobility. We also conducted an experi-
mental evaluation of LoS probability models that are compatible
with ITU-R urban configuration parameters.

23 ✓

buildings. We also presented the required mathematical
equations to covert data from real-world datasets into
suitable ray-tracing simulations.

2.1. Urban Layout
The current literature derives the LoS probability model
from environmental assumptions that describe the dis-
tributions of building location and height between the
transmitter and the receiver. We can categorize these
assumptions into one-, two-, or three-dimensional mod-
eling approaches. According to these categories, the
LoS condition is calculated based on building heights
and location distribution functions.

The simple layout is the one-dimensional distribution
of buildings along the ground distance between the trans-
mitter and the receiver. In this layout, the buildings can
be processed with evenly spaced building centers, as
in [9], [10], [11], and [12]. The one-dimensional Pois-
son process point (PPP) is introduced in [13], [14], and
[15]. Inhomogeneous PPP is proposed in [16], while
homogeneous PPP is presented in [17] and [18].

The two-dimensional urban layout was modeled in
three scenarios, namely grid, 2D-PPP, and MPLP. The
grid process involves two dimensions of evenly spaced
centers of buildings and was introduced in [19], [20],
[21], [22]. The 2D-PPP generates a PPP in 2D space
and was introduced in [23], [24], [25], and [26]. The
Manhattan Poisson Line Process (MPLP) is an urban grid
deployment of buildings where the locations of streets
and buildings are modeled as a pair of independent one-
dimensional PPP [27], [28]. The MPLP is composed of
two one-dimensional homogeneous PPPs, one in the
direction of the x-axis and the other in the direction of
the y-axis [29]. However, a two-dimensional uniform
distribution of building positions is proposed in [30] and
[31].

2.2. ITU-R Urban Configuration Model
Moreover, real-world datasets, such as City of Melbourne
Open Data [32] and New York City Open Data [33], are
used in the LoS probability modeling. Even though
some references, such as [20], [21], and [26], depict
real-world datasets that provide the position and height

of buildings that are required for ray-tracing simulation,
this modeling approach is still specified and cannot be
generalized. The International Telecommunication Union
Radio-communication Sector (ITU-R) [9] presents three
statistical parameters that provide a well-known clas-
sification and description method for different types of
environments. The ITU-R parameters are denoted by α,
β, and γ, which can be obtained from any urban map or
dataset to describe real cities or can be iterated to gener-
ate virtual cities with specific characteristics. This model
has the significant advantage of being able to represent
the metropolis without requiring precise knowledge of
building shapes and distribution.

ITU-R defined the parameters in terms of one square
kilometer as: (1) α is the ratio of land area covered by
buildings to the total selected area in square kilometers.
(2) β [buildings/km2] represents the density of buildings
in a unit area, which is the number of buildings in the
total selected area in square kilometers. In special cases
where two propagation environments have the same
ratio of α, it is easy to distinguish between them with the
parameter β. (3) The parameter γ describes the most
probable height of buildings, which follows the Rayleigh
distribution. ITU-R defines the ranges of α from 0.1 to
0.8 and β from 750 to 100 in order to describe the urban
layout of buildings for suburban to dense high-rise urban
environments. Whereas the ITU-R does not state the
range of γ, some studies, such as [13], define the range
of γ from 8 to 50 [meters] for suburban to dense high-rise
urban environments.

Table 2. Four standard ITU-R P.1410 urban layout configura-
tions [13].

Environment α β γ
High-rise Urban 0.5 300 50
Dense Urban 0.5 300 20
Urban 0.3 500 15
Suburban 0.1 750 8

To facilitate the study of different communication net-
works, models, and/or applications, four urban scenarios
were selected in the current literature [10], [34] to de-
scribe urban environments: (1) Suburban, which repre-
sents rural areas; (2) Urban, which commonly represents
European cities; (3) Dense Urban, which represents
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densely populated cities with buildings arranged horizon-
tally; and (4) High-rise Urban, which represents modern
cities with skyscraper-style buildings. Table 2 shows the
most frequently used urban configurations.

That is, to estimate the built-up ratio from the map of
a given city, calculate the ratio of the building footprint
area, which we denoted by Abds [km2], to the total area of
a selected region, which we denoted by At [km2]. Then
the built-up ratio α is expressed in Eq (1).

α =
Abds
At

. (1)

In addition, the number of buildings in a square kilome-
ter β can be determined from a given map by simply
counting the building’s footprints in a unit area.

2.3. Number of Buildings

The environmental setup’s one-dimensional (1D)-evenly
placed buildings scenario assumes that the buildings are
a series of points along the ground projection of the ray
between transmitter and receiver. The 1D expression
implies that the building widths are null. This scenario is
considered in [9], [12]. One advantage of the 1D-evenly
spaced point is the ease of calculating the expected num-
ber of buildings along the line between the transmitter
and the receiver. For example, the expected number
of buildings nb passed by a ray of length one kilometer
equals ⌊

√
α β⌋, where ⌊·⌋ is the floor function. For a hori-

zontal distance d2D between a transmitter and a receiver,
the number of buildings is denoted as nb = ⌊d2D

√
α β⌋.

We do not agree with this calculation that was pre-
sented in the literature because the total number of build-
ings in the square kilometer is supposed to be β, not
αβ. Therefore, we correct the number of buildings in a
square kilometer as expressed in Eq (2)

nb = ⌊d2D
√

β⌋, (2)

where d2D is the ground distance between the transmitter
and the receiver in kilometers. Consequently, the sepa-
ration distance between buildings δ = d2D/nb and the
building positions are given as a sequence of distances
from the transmitter, as in Eq (3).

di = (i + 0.5)δ, i ∈ {0, 1, ..., (nb − 1)}. (3)

2.4. Shape of Buildings

Table 2 shows that β decreases with the increase of α,
indicating that building size becomes larger since there is
a relationship α = βE(wi)E(li)

106 , where E(wi) [meters] and
E(li) [meters] are the expected length and width of the
i-th building, respectively. Though rectangle footprints of
buildings are used in [18], [25], and a circle footprint is
used in [26], the square footprint is the most commonly
used in current literature. The length and width of the
building can be a function that is modeled from a real with

an expected length lb = E(Lb) and width wb = E(Wb),
as expressed in [23] where Lb and Wb are the buildings’
length and width random variables. The width of a square
building is denoted as wb [meter], which is modeled in
Eq (4) and the resulting width of the nearby streets is
expressed in Eq (5) [24], [22].

wb = 1000
√

α/β. (4)

ws =
1000√

β
− wb. (5)

2.5. Height of Buildings

Undoubtedly the height of buildings play the main rule in
the LoS probability model, it is assumed to be a random
variable, which is denoted by Hb, with a probability den-
sity function (PDF) fHb (·) or simply f (·). The Rayleigh
distribution function is mainly used, however, the log-
normal and the uniform distributions are also used to
model the height of buildings. In [25] a uniform distribu-
tion between 10 meters and 100 meters is used while
[35] distributes the building’s heights with mean 30 me-
ters and 10 meters standard deviation.

The Rayleigh distribution function is a single variable
function, which is γ that also known as the mode of the
scale parameter of the Rayleigh distribution. Assume that
the height of the ray connecting between the transmitter
and the receiver at the location of the i-th building is
denoted by hi. The probability P[Hb,i ≤ hi] that the
height of i-th building Hb,i is less or equal the height of hi
is given by the cumulative distribution function (CDF) of
the PDF function which is expressed in Eq (6).

F(Hb,i ≤ hi) = F(hi) =
∫ hi

0
f (x)dx. (6)

For example, given that the Rayleigh PDF function is
expressed in Eq (7).

f (x, γ) =
x

γ2 exp
(
− x2

2γ2

)
, (7)

From the geometry in figure 2,

htx − hrx

d2D
=

hi
d2D − di

=
htx − hi

di
= tan(θ), (8)

the hi can be expressed as in Eq (9)

hi = htx −
di(htx − hrx)

d2D
, (9)

where di is the distance from the transmitter to the i-
th building. The study in [30] considers the first-order
Fresnel zone and modeled the height of the LoS link at
the i-th building as in Eq (10)

hi = htx −
di(htx − hrx)

d2d
− ri

cosθ
, (10)

where ri is the radius of the Fresnel ellipse at the distance
of building i. In [26],the probability that the height of a
building is less than the LoS height, in equation (11) is
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Figure 2. Geometry representation of the LoS height hi at
the i-th building for the communication link between UAVs and
outdoor ground users.

modeled as a function of a distance variable between
the transmitter and the receiver, denoted by d

hi =
d(htx − hrx)

d2D
+ hrx (11)

Therefore, the probability of having LoS condition at
the i-th building can be determine by (12).

F(hi, γ) =
∫ hi

0
f (x, γ)dx = 1 − exp(−

h2
i

2γ2 ). (12)

Similarly, the CDF of the log-normal distribution is
expressed in Eq (13).

F(hi, µ, σ) =
1
2

[
1 + exp

(
− (ln hi − µ)2

2σ2

)]
(13)

where µ and σ are the mean and the standard deviation
parameters of the log-normal distribution. Both parame-
ters can be calculated from the mean and the standard
deviation of building’s heights of a given dataset. The
study [26] modeled these two parameters as in Eq (14)
and Eq (15).

µ = ln

 m0√
1 + v0

m2
0

 (14)

σ2 = ln

(
1 +

v0

m2
0

)
(15)

where m0 and v0 are the mean and standard deviation
of buildings’ heights.

To determine the Rayleigh mode parameter from real-
world, it is possible to follow the equation (16) that intro-
duced in [20]. It is also possible to get the m0 and v0

from the Rayleigh mode parameter from the properties
of the Rayleigh distribution as in equations (17) and (18).

γ =

√√√√ 1
2nb

nb

∑
i=1

h2
i (16)

E(Hb) =

√
π

2
γ (17)

σ =

√
4 − π

2
· γ (18)

3. LINE-OF-SIGHT PROBABILITY MOD-
ELS

There are numerous ways to model the LoS probability,
depending on the urban environment’s layout. Existing
studies present two main approaches: stochastic geom-
etry and statistical-based methods. The geometry-based
approach assumes the spatial distribution of buildings,
then derives the model from the geometry of the envi-
ronment’s layout. This is usually suitable for 1D evenly
spaced grid, MPLP, or HPPP distribution of buildings.
The statistical-based approach is derived from real-world
measurements. In this section, we review the existing
LoS probability models to demonstrate differences, com-
patibility with the ITU-R model, and generality of the
models. The model is considered compatible with ITU-R
when it predicts the LoS status by calculating the model’s
variables with ITU-R configuration parameters.

The generality of the model is evaluated by the follow-
ing criteria: (1) The model is composed of the building
process point and height configuration parameters, which
are essential to predicting different types of urban lay-
outs. Not only α, β, and γ configuration parameters are
considered, but also indirect parameters such as build-
ing and street widths, or any parameter that is derived
from the main three parameters. (2) The model needs
to be tested with at least two variables, such as ground
distance or the height difference between the transmitter
and receiver. The models that are dependent on eleva-
tion angle θ can cause confusion because one angle can
represent many height-to-distance ratios, which could
reduce the accuracy of the prediction. (3) The experi-
mental validation of the model needs to be tested with
different configurations, such as those in Table 2.

As in the previous section, we have categorized the
existing LoS probability model according to the number of
building distribution dimensions included in the modeling
approach. First, we start with one-dimensional models
and the ITU-R [9] that provides a standard line-of-sight
probability model that applies the ITU-R urban configura-
tion to determine the number of buildings that are likely
to be located between the transmitter and the receiver
to device the LoS model as a product of having the i-
th building’s height less than the LoS ray height at the
building position. Width-less buildings are considered,
while the LoS probability is calculated with the Rayleigh
probability distributed function. The studies in [36], [38],
and [39] are similar standard efforts that model the LoS
probability for cellular network scoping the macro- and
micro-cells for urban environments. These studies focus
on the short-distance type of LoS probability modeling
for terrestrial communication, which can be described as
ground-to-ground (G2G) communication channels.
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Table 3. Summary of the LoS probability models.
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[9] S G2G 1D even Ryl (d2D , h) ∏nb−1
i=0 (1 − exp(− h2

i
a )) ✓ ✓

[10] S A2G 1D even Ryl (θ) a − a−b
1+( θ−c

d )e x x

[13] G A2G 1D-PPP Ryl (θ) 1
1+exp(−a(θ−b)) ✓ x

[23] G G2G 2D-PPP - (d2D) exp(−(ad2D + b)) x x

[36] S G2G 1D even Ryl (d2D)
[
min(

dBp
d3D

, 1)[1 − exp(− d3D
a )] + exp(− d3D

a )
]2

x x
[17] G G2G H-PPP Ryl (d2D) exp(−λmin( hb

htx
, 1)d2D) x x

[25] G G2G2D H-PPP U ( fc) exp(−a(b d2D
htx

+ c)) x x
[24] S A2A 2D-PPP Ryl (hrx , θ) exp(−a Q( hrx

γ ) cot(θ) ✓ x
[16] S A2G 1D-IPPP Ryl (d2D , h) exp

(
−a d2D

(htx−hrx)
er f ( (htx−hrx)√

2γ
)
)

✓ ✓

[26] G A2G 2D-PPP Ryl (d2D , h) exp (−a(d2D − b)G((htx − hrx))) x ✓
[18] G G2G H-PPP Ryl ( fc) (1 − η)a(1 − ζ)b x x
[29] G G2A MPLP Ryl (d2D) (1 − exp(a)) exp

(
c·exp(d)(er f (e1)−er f (e2))

b +
c1·exp(d)(er f (e3)−er f (e4))

b

)
x x

[11] G S2G 1D even Ryl (θ) exp(−a · cot(θ)) x x
[12] G A2G 1D even Ryl (d2D) 1 − exp(−a( htx−hrx

d2D
)b) x x

[19] G A2G Grid Ryl (d2D , h) Based on [9] and Machine learning model using BPNN ✓ x
[14] E A2G 1D-PPP Ryl (h) Machine learning using KNN and BPNN based on [36] x x
[20] S A2G Grid Ryl (θ) a · exp(b · θ) + c · exp(d · θ) where (0 ≤ θ ≤ 70◦) x x
[35] IG G2A U U - (1 − a)b(1+c) x x
[30] G A2G U Ryl (θ) ∏nb

i=1

[
1 − exp(− a2

b )
]

✓ ✓

[21] S A2G Grid Ryl (θ) a
1+exp(b−c·θ) ✓ x

[22] S A2G Grid Ryl (d2D , h) 1 − a · exp(−b) (er f (c)− er f (d)) ✓ x
[31] G A2G Grid Ryl (θ, wb, ws) 1 − a(er f (b1)− er f (b2)) and algorithm ✓ x
[37] E S2G - - (θ, ϕ) exp(−a cot(θ)) [bcos(2ϕ) + 1 − b], and algorithm x x

The meaning of used symbols in the table:
For the used modeling approach; S: Statistical, G: Geometrical, E: Empirical, IG: Integral Geometry. The building’s
height distribution; Ryl: Rayleigh, U : uniform. The communication channel types; G2G: ground-to-ground or terrestrial,
G2A: ground-to-air, A2G: air-to-ground, and S2G: satellite-to-ground. The models variables d2D, h, θ, ϕ, wb, ws, fc are
ground distance, altitude difference (h = htx − hrx), elevation angle, azimuth angle, width of building, width of street,
and center frequency of the communication channel, respectively. The function G(·) is the complementary cumulative
distribution function (CCDF) of the log-normal distribution. Q(·) is the Q-function. er f (·) is the error function. The
symbols a, b, c, d, and e can be a single variable, single curve-fitting factor, or a simple mathematical function on more
than one variable. For further details refer to the original reference.

Moreover, the 1D class of the LoS probability models
is introduced in [13], [17], [24], [16], [14], [12], [20], and
[21] as well. [13] optimized the altitude for low-altitude
platforms for public safety to maximize coverage in re-
mote areas and provides a LoS probability model, which
is expressed as a curve-fitting of the sigmoid function.
The model is dependent on elevation angle; however, it
does not present how to represent the fitting parameters
with ITU-R layout parameters, which makes it hard to
generalize the model even though it is one of the most
referenced models.

[24] investigates the behavior of large-scale fading in
urban layouts that follows the ITU-R model and proposes
an approximate LoS probability model as an exponential
function of Q-function that is dependent on the receiver’s
height, elevation angle, and ITU-R layout parameters.

The study simulates three-dimensional ray-tracing using
wireless in-site software for an air-to-air (A2A) commu-
nication channel. Although the buildings are distributed
as a two-dimensional HPPP, the model in [24] follows
the 1D class. The models [11] and [37] are proposed
for satellite-to-ground (S2G) communication, while the
second uses the continuous-space Markov chain and
algorithms to characterize the LoS status.

The two-dimensional derivation of the LoS probability
model replaces the direct ray connecting between the
transmitter and the receiver with some area and calcu-
lates the probability of no building in that area. For exam-
ple, the study in [23] used the random shape theory to
model the LoS probability based on the random shapes
of buildings, particularly the dimensions of the building’s
width and length. In [26], circles with radius r are as-
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sumed about the location of transmitter and receiver and
calculate the probability of having zero buildings within
the area or a rectangular shape with width equals 2r and
length equals d2D. The circle radius is assumed to be
the radius of a cylindrical building. [23] does not validate
the model against real-world nor ITU-R urban layout con-
figuration parameters, while the work in [26] provides
an alignment method to convert the ITU-R parameters
or real-world measurements into the terms of its pro-
posed model in addition to the alignment equation to
adapt the heights of real-world buildings to be used with
the proposed model, which is based on the log-normal
distribution.

In addition, the work [29] presents a geometric-based
LoS probability model for ground-to-air (G2A) commu-
nication channels for the 5G mm-wave frequency. The
proposed model is modeled in a 2D MPLP layout for a
special case, which is when the ground base stations are
located on crossroads. The model is composed of nested
exponential and error functions in the x- and y-directions
of the layout coordinates. The complexity of the model
and its incompatibility with the ITU-R make it hard to gen-
eralize. The study [22] provides a statistical LoS probabil-
ity model based on the ground distance from the receiver
to the first building along the connecting ray between the
transmitter and the receiver for the A2G channel. Unlike
most of the studies that follow a curve-fitting approach,
the model provides the fitting parameters as functions of
street and building widths, which can be calculated from
the ITU-R layout model. Although the study derived two
formulas for the LoS probability, we chose to present the
general one as expressed in table 3. However, [22] vali-
dates the model with ground distance only, while altitude
difference is input to the exponential- and error-function
terms of the model, which could impact the performance
for high-altitude placement of UAVs. [35] proposed a LoS
probability model for the special case where the receiver
is mounted on the rooftop of buildings.

The three-dimensional modeling approach considers
the absence of buildings within a volume between the
transmitter and receiver. The volume of the LoS zone
can be the intersection of the 2D horizontal plane and the
Fresnel zone, as in [25] or simply by considering the vol-
ume of the ellipse of the Fresnel zone. In [25], the model
is derived using stochastic geometry approach assump-
tions of the intersection between the two-dimensional ho-
mogeneous Poisson Point Process and the Fresnel clear-
ance zone. Although the introduced model is frequency-
dependent, the wavelength term is neutralized in this
model for high frequencies, and it is simplified with the
expected width EW and length EL of buildings that are
set to a fixed value equal to 15 [m]. Other parameters
are set as follows: β = 0.1

EW EL
, htx = 35 [m], hrx = 1.5

[m], and the range building lower and upper heights
(hb,lo = 10 [m], hb,up = 100 [m]). A similar approach
is introduced in [18] by calculating the LoS probability

for the intersection of building geometry with both the
clearance zone and the ellipse of the 3D shape of the
Fresnel zone.

The study in [19] modifies the ITU-R LoS probability
model by considering the Fresnel zone to provide a three-
dimensional line-of-sight probability model. Based on the
proposed stochastic analytical model, it develops a ma-
chine learning model that uses a back propagation neu-
ral network (BPNN) to approximate and simplify the LoS
probability. The study validates the proposed model with
a ray-tracing simulation using the Monte-Carlo method.
In [30], the authors considered that the energy of the
signal propagation path is distributed within the entire
Fresnel zone and modified the ITU-R model to meet the
first-order Fresnel zone for the A2G channel. Another 3D
geometry-based LoS probability model is introduced in
[31], which investigates the impact of buildings’ shadows
on nearby streets. The study assumed three examples
of a building’s height. The first is when a building has
a maximum height of hi,max and can block the sight of
all the streets behind it from a transmitter (i.e., a UAV or
airborne base station). In the case that the street is par-
tially seen, that implies there exists an i-th building with
a maximum height hi,lo lower than the line-of-sight ray
that allows the LoS status or with a maximum height hi,up
greater than the line-of-sight ray that blocks the sight,
resulting in a NLoS condition. The model is expressed
with a difference of two error functions, as shown in table
3; however, The model cannot stand alone because it
depends on the relative azimuth direction of the UAV
to the grid of buildings. Thus, the authors proposed an
algorithm to calculate the LoS probability for different
conditions.

The line-of-sight probability is also modeled with other
aspects than the ITU-R urban layout model, such as the
3GPP (The 3rd Generation Partnership Project), which
presented distance-dependent models for urban micro
(UMa) and micro (UMi) cell implementations for different
ranges of frequencies as in 3GPP TR 38.900 [36] and
3GPP TR 38.901 [38], curve-fitting with specific functions,
and machine learning. Similar models to the standard
3GPP are introduced in [17], [14]. The LoS probability
models of the 3GPP are formulated by considering the
transmitter and receiver’s heights to determine the dis-
tance break-point dBp for UMa and UMi. If the distance
between transmitter and receiver is less than the break-
point distance, the LoS probability equals one. If not, we
calculate the LoS probability using various inputs like the
distance between the transmitter and receiver, transmit-
ter heights, center frequency, and the cell deployment
scenario. For example, the reader may refer to table
7.4.2-1 in [36] or table 7.4.2-1 in [38] for more details.
However, the 3GPP model is suitable for short distances,
where the break-point dBp distance defines the range
of LoS status for shorter distances than the break-point,
which is tuned to 18 meters for the UMi scenario [36],
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[17].
The work in [14] proposed another modification to the

3GPP model. The authors introduced a K-nearest neigh-
bors (KNN)-based strategy to classify LoS and NLoS,
then developed a two-layer back propagation neural net-
work (BPNN)-based parameter estimation method to find
the relationship between model parameters and the alti-
tude of the UAV. The proposed model is tested against
ray-tracing data. The work in [40] optimizes the through-
put of ground UE in hot-spot areas by adopting an air-
borne base station. The LoS probability model of the
proposed A2G channel is modeled using elevation angle
θ [radian] dependent expression with two fitting param-
eters of the sigmoid function (also known as S-curve),
similar to [13] with fixed fitting parameters for a and b to
9.61 and 0.16, respectively. The LoS probability model
is used within a multi-agent environment deep determin-
istic policy gradient (MADDPG) algorithm, which is an
extension of the DDPG.

The curve-fitting models are presented in [10], [13],
[12], [20], [21], and [22]. The study in [10] looked at mo-
bile communications from high-altitude platforms (HAPs)
in four different urban settings. They used five empiri-
cal curve fitting parameters to model the LoS probability.
The study in [12] uses the two-ray propagation model
and the knife edge diffraction model to analytically and
numerically demonstrate the validity of defining the LoS
condition based on the intrusion ratio of an obstruction
in the first Fresnel zone. It formulates a deterministic
mathematical model based on two-ray propagation to
determine the exact LoS within the ellipsoid of the first
Fresnel zone. The focal points of the ellipse are situ-
ated at the transmitter and receiver locations, with the
fixed height of the transmitter at 300 m. The stretched
exponential function (also known as the complementary
cumulative distribution function of the Weibull distribu-
tion) is used to simulate the LoS probability. Only the
study in [22] provides the fitting parameter as a function
of street and building widths, so it is possible to translate
the ITU-R layout configuration parameters into the fitting.
This type of translation is important for generalizing the
model because it allows it to be applicable to various
layout parameters.

4. EMPIRICAL VALIDATION
As we discussed in the previous section about general-
izing existing models, this section aims to validate the
generality of excising LoS probability models in the cur-
rent literature by comparing their performance to the
results of a ray-tracing simulation. Unfortunately, we did
not find an open-source tool that could simulate synthetic
urban layouts following the ITU-R urban configuration pa-
rameters, adding that previous studies used property
software like MATLAB to implement the ray-tracing sim-
ulation. Simulating ray-tracing between points in a 3D

space using ordinary simulation methods is difficult be-
cause it requires extensive object implementation and
a thorough understanding of each object’s transforma-
tion, including location, orientation, scale, and relative
calculation.

Game engines enhance the performance of comput-
ing and visualizing 3D graphics on regular personal
computers at a reasonable cost. Additionally, they of-
fer features such as collision detection, transformations,
mobility, physics systems, networking, and artificial in-
telligence. These capabilities can be used in accurate
research for 5G networks and beyond. Therefore, we de-
veloped an open-source game-engine-based framework
that takes advantage of the significant advancements
in game-engine technologies, which have enabled the
possibility of running 3D environments on personal com-
puters.

We simulated the ray-tracing for the four urban con-
figurations in table 2 using the setup in table 4, where
the four-element tuples in the simulation setup param-
eters are for high-rise urban, dense urban, urban, and
suburban, respectively.

Figure 3. High-rise Urban, 3D synthetic layout as generated
by Panda5gSim.

We randomly generate the position of buildings to
provide a total number equal to |R|β, where |R| is the
area measure of the simulation region and measures in
square kilometers. We generate the height of the build-
ings using the Rayleigh distribution. For example, the
generated 3D synthetically urban layouts for the standard
environment configurations in Table 2 are shown in the
Figures 3 to reffig:Suburban. The Figures 3, 4, 5, and
6 represent high-rise urban, dense urban, urban, and
suburban, respectively.

Figure 7 presents a three-dimensional surface plot for
the ray-tracing probability, which we extract as a func-
tion in the direction of ground distance, denoted by d2D,
and altitude difference between UAV and ground user,
denoted by htx − hrx. The figure depicts four urban con-
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Table 4. Simulation setup parameters.
Parameter Distribution Unit Values
Simulation area - km2 (1.2 × 1.2)
Number of buildings Grid - (432, 432, 720, 1080)
Number of UAVs Uniform - 25
Number of users Uniform - (1024, 1024, 1771, 2211)
Height of UAVs Uniform meter U(51.5, 1001.5, 50)
Height of UEs Fixed meter 1.5

Figure 4. Dense Urban, 3D synthetic layout as generated by
Panda5gSim.

Figure 5. Urban, 3D synthetic layout as generated by
Panda5gSim.

figurations, which are, from left to right, high-rise urban,
dense urban, urban, and suburban. We observe that
the altitude difference more significantly affects the ray-
tracing LoS status than the ground distance. The four
sub-figures in Figure 7 describe the ray-tracing LoS prob-
ability PLoS that varies by color from zero to one. The
zero is the blue color, while the one is the red color.

Figure 7 shows that the distance has a significant
impact in high-rise urban, where the shadow of buildings
is greater than other urban layouts. In the suburban sub-
figure, the PLoS reaches the one faster than other sub-
figures. That indicates a proportional relation between
PLoS in the altitude direction and the width of the streets.

Figure 6. Suburban, 3D synthetic layout as generated by
Panda5gSim.

In general, we can see that the PLoS can be modeled as a
bivariate probability of two marginal functions expressed
in terms of exponential and error functions. The concavity
in the suburban sub-figure is because we used the cubic
polynomial function to smooth the surface of the PLoS.
Keep in mind that the higher the altitude, the higher PLoS.

Moreover, we chose to compare the A2G LoS prob-
ability models to illustrate the impact of various func-
tions used in different models. We compared the fol-
lowing models: [9], [24], [16], [26], [30], [22], [31]. It is
known that the model [9] is used in the G2G communi-
cation channels, but we included it in the comparison
to show the difference between its performance and the
ray-tracing, especially since recent models such as [30]
followed it.

Figure 8 compares the performance of the LoS prob-
ability models compared to ray-tracing according to the
ground distance between UAVs and ground users. The
decay of the ray-tracing LoS is faster in high-rise and
gradually gets slower as the γ decreases. By comparing
to the G2G models as in [9], we observe that the decay of
the ray-tracing is less in the A2G case. Because both fol-
low the same formula, the curve of [30] is almost identical
to [9]. Although [24] uses the Q-function, which is similar
to the complementary of the error function in [22], both
have similar curves. That is because the first building
assumption in [22] reduces the effect of the long ground
distance. However, the Q-function term produces a near-
zero response for the height of ground users, which, in
consequence, elevates the decay of the exponential part
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Figure 7. A three-dimensional representation of ray-tracing LoS probability.

of the model. Similarly, the CCDF and the error-function
parts do for the models [26] and [31].

Figure 9 depicts the relationship between ray-tracing
LoS probability and altitude differences. The results of
LoS models show that the LoS probability in most of
the curves increases with altitude. However, the mod-
els under comparison do not accurately predict the LoS
status. The curve of [31] is almost horizontal because it
depends on an algorithm that is not within the scope of
these evaluation objectives. Again, we observe that [24]
and [22] have limited applicability in the A2G communica-
tion channel because the effect of ground distance and
altitude difference on the LoS probability needs further
tuning.

From Figure 8 and Figure 9, we observed that the LoS
models, expressed in terms of distance, altitude, and
ITU-R urban configuration parameters, trend with the
ray-tracing in both figures, but they lack accuracy. These
models are [9, 16, 30]. In contrast, the model [26] has
almost a horizontal curve in the ground distance direction
because it was not developed for the ITU environment.
The model [22] is well-formulated, but its results in a
general environment are not stable because it uses a
curve fitting parameter that cannot be generalized. The
result of [31] shows that the model cannot stand alone
without its algorithm. Regardless of its low performance,
the model [16] has a better trend with the curve of the ray-
tracing, so it is a good candidate for future enhancement.

The result in Figure 8 and Figure 9 is unexpectedly
show that some old models, such [16] and [26], have
better performance in the standard urban environment
if we variate the ground distance and the altitude dif-
ference from 0 to 1000 meter. For example, the best
performance in high-rise urban is scored by [16] with
root mean square error (RMSE) equals 0.29. The model
[26] scored the best RMSE in dense urban, urban and
suburban with 0.19, 0.18, and 0.06, respectively. Both
[16] and [26] are modeled using exponential and error
functions. Note that the Log-Normal function in [26] can
be expressed using error function. The mathematical
equation of [16] is expressed in (19), while the model
[26] is expressed in (20); where r0 is the radius of cylin-

der buildings and G(hi) = 1 − F(hi) is the CCDF of the
log-normal distribution that is given in (13) while hi is
given in (11).

Our experiments reveal a small exponential decay in
the LoS probability, while the altitude axis significantly
influences it, unlike the G2G LoS probability, which fol-
lows an exponential function on the ground distance
axis. We investigated the correlation between the LoS
toward ground distance and toward altitude differences
and found low correlation coefficients, with the highest
being about 0.1 for high-rise urban. This means the pos-
sibility of modeling the two-dimensional LoS probability
model using a product of two distinct functions.

We implement the proposed ray-tracing simulation
method, where the generation of the 3D urban layout
is conducted with computer vision techniques using
Python programming language and some scientific li-
braries, such as NumPy, SciPy, openCV [41] while the
3D environment and the ray-tracing are developed us-
ing Panda3 [42] game engines. Part of the 5G com-
munication channel in our implementation follows the
open-source work presented in [43]. We developed an
open-source implementation of the proposed ray-tracing
simulation approach and named it Panda5gSim. The
code, generated datasets, and performance evaluation
results can be found on GitHub [8].

5. CHALLENGES AND OPEN OPPORTU-
NITIES

Based on the reviews and the empirical validation in pre-
vious section, this section highlights the challenges to the
LoS probability modeling and suggests some research
opportunities.

• The complexity of modeling urban environments:
Usually, we model the LoS probability for urban en-
vironments. Existing works model the urban envi-
ronments using stochastic geometry, stochastic pro-
cesses, and real-world datasets. The stochastic ge-
ometry approach can provide general models, but it
relies on specific arrangements of objects in the 3D
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Figure 8. The performance of LoS probability models compared to ray-tracing in terms of ground distance difference between UAV
and ground user.

Figure 9. The performance of LoS probability models compared to ray-tracing in terms of Altitude difference between UAV and
ground user.

space. The statistical models that rely on real-world
data are known to be more accurate, but that accu-
racy has its cost. Real-world data requires a lot of
time to collect measurements and is not cost-efficient.
Ray-tracing simulation is a reasonable alternative to
real-world data; however, it has a high computational
cost [44]. Reducing the complexity of ray-tracing sim-
ulation in 3D synthetic urban layouts is a challenging
task, especially for low-budget researchers. We con-
tribute to this with our Panda5gSim, but it still needs
further enhancement. For future research, we en-
courage game engine-based simulation to utilize their
capabilities in 3D modeling and straight-forward cal-
culation for transformations and ray-tracing.

• The Directional LoS probability models: The case
of using omnidirectional antennas on UAVs or GUTs
dominates current literature on the LoS probability
models. Using omnidirectional antennas in urban en-
vironments can increase the interference in the wire-
less network because the flying altitude of the UAV

can be in line-of-sight with a large number of users
and base stations. Although directional antennas are
known to solve this problem, current LoS probability
models do not account for the directional scenario.
Modeling LoS probability for directional antennas is
valid future research.

• The Mobility: The mobility of both the UAV and the
gUT is not taken into account by existing LoS mod-
els. Even though we determine the LoS condition
from point to point, mobility affects the duration of
being in LoS. Mobility-aware LoS probability studies
can contribute to the contact time, also known as
sojourn time. There is still an opportunity to model
sojourn time using ray-tracing simulation and similar
approaches used in LoS probability.

• Multivariate probability: As shown in Table 3, many
studies used (d2D, h) as model input. Existing models
are formed through univariate analysis. Higher order
of analysis can be a future work to formulate the LoS
probability using bivariate or multivariate probability.

P1(d2D, htx, hrx) = exp

(
−
√

αβπ

2
· γd2D
(htx − hrx)

· er f
(
(htx − hrx)√

2γ

))
, (19)

P2(d2D, htx, hrx) = exp
(
−2r0β(d2D − π

2
r0)G(hi)

)
(20)
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Following our findings in the previous section, we
propose studying the LoS probability as a bivariate
probability with exponential and log-normal marginal
functions.

6. CONCLUSION
Suspendisse vel felis. Ut lorem lorem, interdum eu, tin-
cidunt sit amet, laoreet vitae, arcu. Aenean faucibus
pede eu ante. Praesent enim elit, rutrum at, molestie
non, nonummy vel, nisl. Ut lectus eros, malesuada sit
amet, fermentum eu, sodales cursus, magna. Donec eu
purus. Quisque vehicula, urna sed ultricies auctor, pede
lorem egestas dui, et convallis elit erat sed nulla. Donec
luctus. Curabitur et nunc. Aliquam dolor odio, commodo
pretium, ultricies non, pharetra in, velit. Integer arcu est,
nonummy in, fermentum faucibus, egestas vel, odio.

7. CONCLUSION
Current literature presents the LoS probability models
for several communication channels, but it lacks a com-
prehensive review that compares and summarizes those
models. In this paper, we reviewed the LoS probability
models, focusing on the modeling approaches and the
mathematical forms. We elaborately describe different
parts of the modeling approaches that contribute to the
final models. For instance, we present the mathematical
representations of building and street geometries,
as well as the distribution process, in addition to the
abstract mathematical structures of the LoS probability
models. This paper concentrates on large stationary
blockages. We discovered that, due to the complexity of
modeling a large number of 3D layouts, most existing
models have focused on a few urban layouts. We
developed a 3D synthetic urban layout generator that
is based on game engine technology to simulate any
ITU-R P.1410 urban layouts and collect the ray-tracing
for the A2G scenario. We validated the proposed game
engine-based simulation and compared the performance
of some existing LoS models to the ray-tracing. The
game engine simulation shows decent capabilities that
deserve further improvements. Finally, we addressed
some of the biggest challenges and gaps in the current
LoS probability literature and suggested some valid
opportunities.
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