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Abstract: A general empirical path loss (PL) model for air-to-ground (A2G) millimeter-wave (mmWave) channels is
proposed in this paper. Diﬀerent from existing PL models, the new model takes the height factor of unmanned aerial
vehicles (UAVs) into account, and divides the propagation conditions into three cases (i.e., line-of-sight, reﬂection,
and diﬀraction). A map-based deterministic PL prediction algorithm based on the ray-tracing (RT) technique is
developed, and is used to generate numerous PL data for diﬀerent cases. By ﬁtting and analyzing the PL data
under diﬀerent scenarios and UAV heights, altitude-dependent model parameters are provided. Simulation results
show that the proposed model can be eﬀectively used to predict PL values for both low- and high-altitude cases.
The prediction results of the proposed model better match the RT-based calculation results than those of the Third
Generation Partnership Project (3GPP) model and the close-in model. The standard deviation of the PL is also
much smaller. Moreover, the new model is ﬂexible and can be extended to other A2G scenarios (not included in this
paper) by adjusting the parameters according to the simulation or measurement data.
Key words: Path loss; UAV-to-ground channel; Millimeter-wave (mmWave) communication channel; Ray-tracing;
Altitude-dependent
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Unmanned aerial vehicles (UAVs) have shown
great promise due to their high mobility and deployment ﬂexibility (Chen et al., 2018; Zhu et al.,
2018, 2019; Cui et al., 2019; Wang XY and Gursoy,
2019). Operating as airborne base stations (BSs)
or ﬂying relays, UAV-aided communication has attracted great interest in the ﬁfth-generation and beyond ﬁfth-generation (5G/B5G) mobile communications (Li et al., 2013; Wang CX et al., 2018; Zhang
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et al., 2018; Dutta et al., 2019; Zhong et al., 2019a,
2019b; Cheng et al., 2020; Zhao et al., 2020; Zhu
et al., 2020; You et al., 2021). The millimeter-wave
(mmWave) technology is also a key component in the
5G/B5G system; more spectra can be used to provide greater data traﬃc (Fan et al., 2016; Hur et al.,
2016). The path loss (PL) model can provide a theoretical basis for the system design and optimization
of UAV-aided communications (MacCartney et al.,
2015; Samimi et al., 2015; Sun et al., 2016; Rappaport et al., 2017a, 2017b; Khawaja et al., 2019;
Yang et al., 2019). A thorough understanding of PL
models and characteristics is essential for the system design and optimization of UAV-aided 5G/B5G
communications.
In the literature, there are several widespread
mmWave PL models, e.g., the close-in free-space reference distance (CI) model, the ﬂoating intercept
(FI) model (or the ABG model), and the dual slope
(DS) model (Rappaport et al., 2015). Both CI and
FI models are based on a single slope model with the
assumption that the characteristics do not change
drastically, while the DS model has diﬀerent slopes
in diﬀerent distance ranges. However, these models
are based on transitional land mobile communication, where the maximum antenna height is limited.
Several empirical PL models for air-to-ground
(A2G) scenarios have been addressed in Al-Hourani
and Gomez (2018), Shi et al. (2018), Cai et al. (2019),
and Cui et al. (2019). Al-Hourani and Gomez (2018)
presented an A2G PL model based on extensive simulation data in a typical suburban environment. Cai
et al. (2019) conducted channel measurements for
characterizing the low-altitude A2G PL. Some UAV
channel measurements at 1 and 4 GHz were provided
in Cui et al. (2019), and a modiﬁed Third Generation Partnership Project (3GPP) PL model including line-of-sight (LoS) and non-line-of-sight (NLoS)
cases was proposed. Shi et al. (2018) developed a
log-distance PL model in the LoS and NLoS scenarios at 900 MHz, 1800 MHz, and 5 GHz. However,
all of the above papers studied only the sub-6-GHz
band channel. Due to device complexity and high
cost, there are few A2G mmWave measurements.
The ray-tracing (RT) method is a deterministic way to model mmWave channels (Bhuvaneshwari
et al., 2015; Wu et al., 2015; Mani et al., 2018).
For example, Wu et al. (2015) developed a threedimensional (3D) RT-based UAV-aided A2G chan-
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nel model. In Bhuvaneshwari et al. (2015), by including diﬀraction eﬀects in the RT method, a generalized channel model was proposed for the NLoS
corridor scenario. In Mani et al. (2018), a PL model
was investigated at 26 GHz in an urban scenario by
combining measurements and RT simulations. However, these RT-based deterministic models require
detailed descriptions of scenarios, scattering material characteristics, and transceiver’s positions and
orientations. Such information is often diﬃcult to
obtain, let alone the information on mobile scatterers such as vehicles, which are hard to quantitatively
describe. Yang et al. (2019) proposed a stochastic
A2G mmWave PL prediction method that applies
the machine learning method on RT simulation data
measured at 28 and 73 GHz; however, the details
and the eﬀect of UAV height were missing. This paper intends to ﬁll in these research gaps. The main
contributions and innovations are listed as follows:
1. A general parametric PL model for A2G
mmWave channels is proposed. The new model considers not only the eﬀects of scenario, distance, and
frequency, but also the height factor, making it more
suitable for A2G scenarios. Moreover, diﬀerent from
existing PL models that include LoS and NLoS cases,
the new model consists of three cases, i.e., LoS, reﬂection, and diﬀraction, which can greatly improve
the prediction accuracy.
2. A deterministic PL prediction algorithm
based on the digital map and RT technique is developed. A detailed 3D scattering scenario reconstruction process is presented that can reduce the
prediction complexity signiﬁcantly.
3. To obtain proper parameters for the proposed
PL model, numerous simulations are conducted by
applying the map-based method to diﬀerent speciﬁc
scenarios with diﬀerent UAV heights. By ﬁtting the
simulation data, the optimized model parameters are
given and analyzed.

2 A2G mmWave propagation scenarios
A typical UAV-aided A2G communication link
is shown in Fig. 1, and the terrestrial obstacles,
e.g., buildings, trees, and vehicles, are referred to
as scatterers.
For diﬀerent scattering environments, the
terrain is usually classiﬁed into four categories, i.e.,
ﬂat, hilly, mountainous, and over water. The same
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terrain can have a diﬀerent cover, e.g., grass, forest,
or buildings. For example, the recommended terrain
covers in ITU (2017) include the rural open, treecovered, built-up area, dry ground, wet terrain (no
trees), fresh water, sea water, and so on. In this
study, we merge some of these terrain covers because
our previous work has revealed that they have similar
eﬀects on the PL of A2G mmWave channels.
The A2G scattering environments of this study
are totally divided into 10 types (Fig. 2), including
four terrains, each with diﬀerent covers. Building
is one of the main terrain cover types of ﬂat terrain. According to the distribution of building size,
height, and area density, ﬂat terrain can be divided
into suburban, urban, dense urban, and high-rise urban. Suburban and urban usually have sparse buildings and the building height is lower, but warehouses
and other structures also aﬀect channel characteristics. Hilly terrain is characterized by uneven ground
height and occasional building cover. The channel
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S
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th
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d2D
Ground
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Vehicle RX

2021 22(6):767-776

characteristics of mountainous terrain (which is divided into forest and vegetation) are greatly aﬀected
by the type and density of trees. The A2G propagation channel on the water surface is similar to that in
an open environment. Compared with the ground, it
has diﬀerent surface reﬂectivity and roughness, and
is divided into fresh water and sea water according
to the diﬀerence in reﬂectivity.

3 Map-based deterministic path loss
prediction
3.1 Flowchart of path loss prediction
The map-based PL prediction method aims to
calculate the PL by using the RT technique on detailed information on the transceiver’s location and
scattering environment. The RT technique is based
on the geometrical theorem of diﬀraction, uniform
theory of diﬀraction (UTD), and ﬁeld intensity superposition principle. Because the RT technique is
very time-consuming depending on the scene complexity, it is necessary to simplify the digital map
with an acceptable precision error. In this study, the
proposed PL algorithm includes mainly two steps,
i.e., reconstruction of the scattering scenario and PL
calculation (Fig. 3). Based on the reconstructed 3D
digital map, the RT technique is applied to track all
possible propagation rays, i.e., direction, reﬂection,
and diﬀraction, and then the PL value is obtained.

Scatterers

3.2 Three-dimensional
reconstruction
Fig. 1 A typical unmanned aerial vehicle (UAV) aided
air-to-ground (A2G) mmWave communication link
hUAV : height of the UAV antenna; hV : height of the vehicle
antenna; d2D : horizontal distance between the UAV and the
vehicle. TX: transmitter; RX: receiver
A2G environments
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Urban
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Fig. 2 Typical air-to-ground (A2G) mmWave communication environments

scattering

scenario

Applying the RT technique requires detailed
geometric and electromagnetic descriptions as input, which reﬂects the scattering environments and
should be stored in the database in an appropriate
format. The computation time largely depends on
the database size. The reconstruction is of great
signiﬁcance in reducing the size of the database but
ensures the prediction accuracy.
In this study, we reconstruct the scattering
database with terrain and building information in
two steps. First, the original map in the form of a
digital elevation model (DEM) can be downloaded
from Google Maps; it contains detailed information
about latitude, longitude, and elevation of all points.
The information would be used to reconstruct
many triangle facets to roughly describe the terrain
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Fig. 3 Flowchart of path loss (PL) prediction

surface. Second, we obtain the length, width, height,
latitude, and longitude of the building according to
the information in the digital map. To simplify the
reconstruction, the bottom surface of a general building can be set as a rectangle of similar size. When
encountering a curved building, the surface is decomposed, and then triangles of diﬀerent sizes are
used to piece together a shape similar to the surface.
Then, according to the building’s height data in the
digital map, the building ground is stretched from
two-dimension (2D) to 3D. Note that when considering a large terrain with buildings, the triangles will
no longer be regular ones in order to connect with all
buildings. Fig. 4 shows several typical reconstructed
scenarios distinguished by the terrain (i.e., ﬂat, hilly,
mountainous, and over water) and diﬀerent covers.
3.3 Ray-tracing technique
The RT technique has been used for analyzing propagation characteristics since the 1990s, and
it performs well for a small speciﬁc area and under high-frequency conditions. It describes all the
possible propagation paths using a huge number of
rays, which can be reﬂected when interacting with
the scatterer surface and diﬀracted when interacting with the scatterer wedge. After tracking all rays
with the forward technique or the reverse technique,
propagation parameters, e.g., electric ﬁeld intensity
or amplitude, delay, phase, and angle of each ray,
can be obtained. In this study, we focus only on the
electric ﬁeld intensity or amplitude characteristic.
The electric ﬁeld in the RT process is divided
into the direct ﬁeld, reﬂection ﬁeld, and diﬀraction
ﬁeld. If there is no obstacle between the transmitting point and the receiving point, the electric ﬁeld

Mountainous

Over water

Fig. 4 Reconstructed scenarios

intensity can be calculated by
ELoS = E0 · e−jkd /d,

(1)

where E0 is the electric ﬁeld intensity of 1 m from
the transmitter, k is the wave number, and d is the
distance between the transmitting point and the receiving point.
When there are obstacles in the propagation
process and ray reﬂection and diﬀraction are generated, the reﬂection coeﬃcients of a vertically polarized wave and a horizontally polarized wave should
be calculated ﬁrst, and then the electric ﬁeld intensity can be calculated as
ER = E0 Re−jk(s1 +s2 ) /(s1 + s2 ),

ε cos θ − εμ − sin2 θ

R =
,
ε cos θ + εμ − sin2 θ

cos θ − εμ − sin2 θ

,
R⊥ =
cos θ + εμ − sin2 θ
ε = εr − j60λσ,

(2)
(3)
(4)
(5)

where θ is the incident angle, εr is the relative
permittivity of the environment, μ is the relative
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permeability of the environment, σ is the electrical
conductivity of the environment, s1 is the distance
between the transmitting point and the reﬂected or
diﬀraction point, s2 is the distance between the receiving point and the reﬂected or diﬀraction point, R
is the reﬂection coeﬃcient, and λ is the wave length.
Similarly, the calculation of diﬀraction electric
ﬁeld intensity can be expressed as

s1
E0
e−jk(s1 +s2 ) ,
D
(6)
ED =
s1
s2 (s1 + s2 )
where D is the diﬀraction coeﬃcient. Finally, the
electric ﬁeld intensity vectors that contribute to the
receiving points are added together, and the total
number of receiving points is

Ei ,
(7)
Etotal =
i

where Ei is the electric ﬁeld intensity of each receiving point. Note that PL is the ratio of the transmitted power to the received power, so it can be obtained
as
(8)
PL (dB) = 20lg (Et /Er ) ,
where Et is the electric ﬁeld intensity of 1 m range
and Er is the electric ﬁeld vector sum of eﬀective
receiving rays.

4 New altitude-dependent mmWave
path loss model
4.1 Parametric empirical path loss model
The CI model originates from the free space
path loss (FSPL) model, but it considers the shadow
fading factor and can adjust the path loss exponent (PLE) by best ﬁtting ﬁeld data. It has been
used for decades in a variety of scenarios and also
shown good and robust accuracy over the mmWave
frequency band (3GPP, 2016). Like other traditional
PL models, the CI model is designed for mobile land
communications, and the antenna height factor is
not involved. It can be expressed as
LCI (fc , d) [dB] = 32.4 + 20lgfc + 10n lg d + χσ ,
(9)
where n is the PLE, χσ is a zero-mean Gaussian
variable representing the factor of shadow fading, d is
the distance in meters, and fc is the carrier frequency
in GHz. The 3GPP PL model of the rural macrocell
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(RMa) scenario is designed for low-altitude (<150 m)
communications. In the LoS case, if 10 m ≤ d2D ≤
dBP , it can be expressed as
L3GPP
RMa-LoS [dB] = 20lg (40πdfc /3) + 0.002(lg h)d
+ min(0.03h1.72, 10)lg d − min(0.044h1.72 , 14.77);
(10)
if dBP < d2D ≤ 10 km, it can be expressed as
L3GPP
RMa-LoS [dB] = 20lg (40πdBP fc /3)
+ min(0.03h1.72 , 10)lg dBP + 40lg (d/dBP )
− min(0.044h1.72, 14.77) + 0.002(lg h)dBP .
(11)
In the NLoS case, if 10 m ≤ d2D ≤ 5 km, it can be
expressed as
3GPP
L3GPP
RMa-NLoS [dB] = max(LRMa-LoS , L2 ),

(12)

L2 [dB] = 20lg fc − 7.1lg W + 7.5lg h


2
− 24.37 − 3.7(h/hBS ) lg hBS
+ (43.42 − 3.1lg hBS )(lg d − 3)


2
− 3.2(lg (11.75hUT )) − 4.97 + 161.04,

(13)

where h is the average building height, W is the
average width of the street, dBP is the 2D breakpoint
distance in meters, d2D is the 2D distance between
the transmitter (TX) and the receiver (RX), hBS is
the height of the base station, and hUT is the height
of the user terminal.
Because a UAV’s height varies greatly in A2G
scenarios, this factor thus has great range and physical signiﬁcance as other parameters do. In this study,
the proposed PL model remains physically grounded
to FSPL at a close-in distance but also adds the
PLE dependence on UAV heights. It highlights the
importance of PLE and encapsulates a fundamental
physical basis of frequency dependence due to Friis’
equation as
L (fc , d, hUAV ) [dB] = 32.4 + 20lg fc


+10 A · (hUAV )B lg d + χσ ,

(14)

where A and B are environment-dependent parameters and may vary greatly in diﬀerent scenarios. Considering that the prediction results have certain ﬂuctuations due to diﬀerent scenes and shadow fading,
we use a zero-mean Gaussian variable χσ to represent
ups and downs. It should be mentioned that our proposed PL model is empirical, and that proper parameters for given environments are critical to obtain the
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accurate PL. Moreover, this model is more general
and suitable for the UAV-to-ground communications
by taking the UAV height into consideration, and the
ﬁtting data could be from either ﬁeld measurements
or analytical results. It should be mentioned that
atmospheric factors are also very important for the
high-altitude scenarios, but they are not considered
in this study for simplicity.
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4.2 Simulation schedule and scenarios
Because measurement campaigns for A2G
mmWave channels are diﬃcult and costly, we conducted many RT simulations and obtained voluminous PL data for analysis. In the simulations, the
typical communication environment in Fig. 1 was
considered. The ground station was ﬁxed as a TX
and the UAV as an RX at diﬀerent heights. The
simulation schedule is shown in Fig. 5, where the
UAV height ranged from 5 to 1000 m (in a step of
50 m from 50 to 1000 m, plus the ﬁrst layer at 5 m,
i.e., totally 21 layers). For each layer, 4000 randomly distributed points were selected as RXs and
the propagation channels were divided into LoS and
NLoS cases. Note that in the simulations, we found
that the PL values of reﬂection and diﬀraction paths
varied greatly. Thus, we further divided the NLoS
cases into two types, i.e., reﬂection and diﬀraction,
which created signiﬁcant advantages in ﬁtting the
data. In Fig. 5, we calculated the PL values based
on the RT technique and described the propagation
conditions as LoS, reﬂection, and diﬀraction with
diﬀerent colors.
4.3 Data fitting and analyzing
In this study, the A2G scenarios are classiﬁed
into four terrain types with diﬀerent covers. For
each scenario, we repeat the simulations to obtain
enough data with diﬀerent UAV heights. As an example, the raw PL data from the high-rise urban
scenario with four heights are given in Fig. 6. The
ﬁtted curves using the least squares (LS) ﬁt are also
given. As we can see, the raw data are concentrated
in three groups, which is the basic reason that three
cases, i.e., the LoS, reﬂection, and diﬀraction, are
considered in our proposed model.
To demonstrate the impact of the height of a
UAV on the PL, the ﬁtting curves in the high-rise
urban scenario with diﬀerent heights of a UAV are

Fig. 5 Simulation schedule (References to color refer
to the online version of this ﬁgure)

compared in Fig. 7. The ﬁgure clearly shows that
the LoS PL curves are almost the same as those
of the FSPL model, because obstacles have no effect on the PL in the LoS case. The ﬁtting curves
at diﬀerent heights of the UAV in the NLoS cases
are signiﬁcantly diﬀerent, which is not considered in
previous PL models. As we can see, both the reﬂection and diﬀraction PLEs decrease as the UAV
height increases, because the impact of obstacles decreases. Speciﬁcally, the measurement results of the
RMa NLoS scenario in the 3GPP model also show
that the PL decreases when increasing the antenna
height of the BS, which is consistent with our research result (3GPP, 2016; MacCartney and Rappaport, 2017a, 2017b). However, it should be noted
that the PL in the 3GPP RMa scenario is suitable only for low-altitude (<150 m) communications.
Considering that a UAV’s ﬂight altitude is generally
below 1 km, the height range of 5 to 1000 m of a
UAV is considered in this study. However, it should
be noted that the above PL prediction method is
suitable for higher altitudes.
By ﬁtting the data under diﬀerent scenarios, we
obtain PLEs with diﬀerent heights of a UAV and
calculate parameters A and B. Finally, the best ﬁt
parameters for our proposed PL model under diﬀerent scenarios are summarized in Table 1. In the LoS
case, the PL model is not very height-dependent, and
parameter B is zero. In the NLoS case, although the
values of parameter B are close to zero, the trend of
PL changes with height in most scenarios. Because
parameter B is the index of an exponential function, a small change would result in a signiﬁcantly
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diﬀerent PL. For mountainous and over water scenarios, the path is always LoS and thus the NLoS
cases are not considered. The raw data of the LoS
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case under diﬀerent scenarios are diﬀerent, but the
ﬁtted PLEs are very close with diﬀerent variance as
shown in Table 1. The standard deviation (STD) of
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Fig. 6 Data ﬁtting under the high-rise urban scenario with the UAV heights of 30 m (a), 50 m (b), 100 m (c),
and 150 m (d)
Table 1 Model parameters for diﬀerent scenarios
Terrain

A

Scenario

σ (dB)

B

LoS

REF

DIFF

LoS

REF

DIFF

LoS

REF

DIFF

Flat

Suburban
Urban
Dense urban
High-rise urban

2.000
2.000
2.000
2.000

2.406
2.999
2.772
2.611

3.649
4.146
5.619
4.921

0
0
0
0

−0.011 55
−0.069 58
−0.047 24
−0.0269

−0.047 34
−0.017 30
−0.074 43
−0.045 86

2.24
1.44
1.91
2.18

3.13
3.60
3.53
3.72

6.49
6.84
6.65
6.18

Hilly

Suburban
Urban

2.000
2.000

3.474
3.052

5.236
4.203

0
0

−0.068 46
−0.029 61

−0.059 21
−0.018 91

2.74
2.32

4.01
4.32

6.05
6.90

Mountainous

Forest
Vegetation

2.000
2.000

–
–

–
–

0
0

–
–

–
–

3.44
2.88

–
–

–
–

Over water

Fresh water
Sea water

2.000
2.000

–
–

–
–

0
0

–
–

–
–

2.08
2.71

–
–

–
–

LoS: line-of-sight; REF: reﬂection; DIFF: diﬀraction
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Fig. 7 Fitting curves with diﬀerent UAV heights under the high-rise urban scenario (References to color
refer to the online version of this ﬁgure)

End point

Fig. 8 Satellite view of the high-rise urban scenario

ﬂuctuations in dB is also shown in Table 1. Note
that the STD of our proposed model is smaller than
those of other models. For example, the STD of the
3GPP RMa PL model is 8 in the NLoS case.

5 Comparison and validation
In this section, we evaluate the eﬀectiveness and
performance of the proposed mmWave PL model.
The predicted PL is compared with the PLs calculated by other PL models, i.e., the 3GPP PL model of
the RMa scenario, the CI model, and the RT method.
To verify the proposed PL model, we generate RT
data using commercial ray-tracing software Remcom (https://www.remcom.com/wireless-insite-empropagation-software), which has been approved as
a reliable wave propagation calculation tool (Mededović et al., 2012). The satellite view of an area in
Nanjing, China is given in Fig. 8. The studied area
is a typical high-rise urban scenario. There are 2664
buildings with heights from 5 to 195 m, and most of
them are about 55 m. The dimension of the terrain
is 2800 m×2800 m, meaning that there are about
340 buildings per square kilometer. The vehicle at
the height of 2 m is in the upper right corner, and
the UAV carrying the receiver ﬂies along the trajectory shown in black dotted lines at the heights of
50 and 300 m, respectively. The total trajectory is
about 1660 m and the UAV position is sampled every 5 m, with a total of 332 sampling points. In the
simulation, only six orders of reﬂection and one order of diﬀraction are considered, and the remaining
parameters are given in Table 2.

Table 2 Simulation parameters
Parameter

Value

Frequency
Bandwidth
Transmitting power
3GPP antenna type
UAV height
Vehicle height

28 GHz
500 MHz
20 dBm
Omnidirectional
50, 300 m
2m

Figs. 9a and 9b present the prediction results
of diﬀerent PL models for UAV ﬂight along the trajectory at the heights of 50 and 300 m, respectively.
For comparison, the calculation results by the RT
method are also given in Fig. 9. It is worth mentioning that the 3GPP model is designed for low-altitude
(<150 m) communications. When the UAV height
is 50 m, the three PL models have similar results
for the LoS case. For the NLoS case, the 3GPP
model may consider more of the reﬂection, but the
CI model averages the eﬀects of reﬂection and diﬀraction (Fig. 9a). It is reasonable to achieve better performance because we consider reﬂection and diﬀraction. When the UAV is at 300 m, the 3GPP model
is no longer suitable and the NLoS PL is almost the
same as in the LoS case. The CI model does not
have a height limitation, but it does not reﬂect the
impact of UAV height. For the high-altitude case,
PL values in the NLoS case would vary signiﬁcantly.
From Fig. 9, it can be seen that the proposed method
has better performance than the other two models,
because it considers the eﬀects of the environment,
UAV height, and propagation conditions.
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Fig. 9 Comparison of diﬀerent PL models with the UAV heights of 50 m (a) and 300 m (b)

6 Conclusions
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