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Abstract: The use of unmanned aerial vehicles (UAV) to provide services such as the Internet, goods
delivery, and air taxis has become a reality in recent years. The use of these aircraft requires a secure
communication between the control station and the UAV, which demands the characterization of
the communication channel. This paper aims to present a measurement setup using an unmanned
aircraft to acquire data for the characterization of the radio frequency channel in a propagation
environment with particular vegetation (Caatinga) and a lake. This paper presents the following
contributions: identification of the communication channel model that best describes the charac-
teristics of communication; characterization of the effects of large-scale fading, such as path loss
and log-normal shadowing; characterization of small-scale fading (multipath and Doppler); and
estimation of the aircraft speed from the identified Doppler frequency.

Keywords: UAV; channel; fading; Doppler; multipath; shadowing

1. Introduction

Unmanned aerial vehicles (UAVs) are becoming increasingly popular in the civil
and military markets. They play an important role in terrain mapping, environmental
data collection, border monitoring, security force assistance, fire monitoring, etc. In most
cases, the UAV communication systems operate in VHF and UHF bands and use two
communication channels to send control commands to the aircraft and information from
the aircraft to the base station (BS).

The communication links used by UAVs are subject to the effects of the environment
such as fading, which leads to signal degradation and compromised performance and thus
impairs communication. Although this degradation can be more easily noted in urban
areas, the effects caused by vegetation can also have a significant impact, due to the large
quantity of scatters [1]. The signal can go through multiple paths to the reception, spreading
the signal in the time domain, which causes selectivity in the frequency domain. As the
channel coherence bandwidth becomes lower than the transmitted signal bandwidth, the
reception experiences inter-symbolic interference and the bit error rate (BER) floor.

Another important factor that can impair communication is the Doppler effect caused
by the UAV mobility in relation to the BS, which spreads the signal in the frequency domain
and, consequently, causes selectivity in the time domain [2]. In this case, the symbol
duration is higher than the coherence time of the channel, even at high transmission rates.
This causes severe changes in the amplitude and phase of the signal during the symbol
duration, increasing BER.

The characterization of the wireless channels aims to obtain a mathematical model
that describes the effects on the received signal more properly. This is important to design
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solutions to mitigate such effects, especially in UAV communications, that directly affect
the flight safety and distance range. In 2013, the United States of America created a
special committee (SC-228), formed by the Technical Commission for Radio for Aeronautics
(RTCA), whose objective was to define the minimum performance standards for UAV
operation in regard to the command and control data link [3]. The first version of the
standards document was published in [4].

One way to characterize the channel is to use first-order statistics such as the cumula-
tive distribution function—CDF—and the probability density function—PDF—to describe
the channel. However, an important feature in mobile communication channels is the
presence of the Doppler effect, which can cause communication problems as this effect
becomes stronger. The communication channels used by these aircraft are subject to this
effect, due to the relative mobility between the aircraft and the ground station [5]. Therefore,
it is important to characterize the Doppler effect and its impact as the aircraft moves. The
characterization of the Doppler effect can be performed by second-order statistical methods,
such as the level crossing rate—LCR—which corresponds to the frequency at which the
signal strength crosses a certain threshold in the positive or negative direction [6–8].

More specifically, the communication between the aircraft and the ground station
requires high reliability due to the challenges imposed by the environment, such as relief
variation, vegetation, and urbanization. In Brazil, an important biome present in the north-
east region is the Caatinga, which means “white forest” in the Tupi language. This region
comprises an area of 850,000 km2 covering 10 Brazilian states. It is a typical tropical vegeta-
tion with trees up to 8 m high and covers a population of more than 53,000,000 inhabitants,
which makes it a significant economic area [9]. The use of UAVs in this region has grown
over the years, and there is not much work related to the characterization of radio frequency
channels in this environment. Another significant factor that influences the communication
signal is the presence of lakes, as the surface of these places may reflect, scatter, or attenuate
the electromagnetic signal.

Many studies have been carried out to characterize the communication channel used
by UAVs, as can be seen in Table 1. We notice that most of the works focus on large-scale
fading statistics, such as the path loss exponent and shadowing, but only few of them
characterize the communication channel in relation to the Doppler effect. This paper aims
to identify the channel model that best describes the large and small-scale effects in the
environments of the Caatinga and lakes. For this, we use the Phantom 3 Standard UAV
equipped with an XBee module to transmit data on the frequency channel of 915 MHz.
Measurement campaigns were carried out with the UAV flying at different heights and
speeds in three regions defined by the environments: (i) lake, (ii) Caatinga biome, and
(iii) both lake and Caatinga. From the measured data, we characterize the large-scale
attenuation (path loss and shadowing) and small-scale fading, comparing fading statistical
distributions and using second-order statistics such as the level crossing rate (LCR) to
characterize the Doppler scattering.

The rest of the paper is organized as follows. Section 2 describes the materials used
for the wireless channel measurements. We present the mathematical formulation and the
measurement data processing in Section 3. The scenario where the measurements were
obtained is depicted in Section 4. Section 5 discuss the results of our analysis. Finally,
Section 6 proceeds with the conclusion of the paper.
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Table 1. Characterization of channels with UAVs.

Work Frequency UAV Scenario Height Channel
Statistics

[10] 2 GHz Airship Urban 100–170 m
PDF, CDF, AFD,
LCR, PSD, AF

[11] 2 GHz Airship Urban 150–300 m PL

[12]
5.76 GHz
1.817 GHz Hexacopter Suburban 0–50 m

PL, SF, K, RMS,
CDF

[13] 4.3 GHz Quadcopter
Open field,
Suburban 4–16 m

PL, SF, µ, ε, PDF,
CDF, RMS, BC

[14] 2.4 GHz Hexacopter
Laboratory,
Open air 10–40 m

PL, PAS, K,
PDF

[15] 802.11a Quadcopter Open field 15–110 m PL, PAS, CDF

[16] 802.11a Quadcopter
Open field,
Field area 20–100 m PL

[17] 802.11a Fixed Wing Aerodrome 46 m PL

[18]
802.11a/g,
900 MHz Fixed Wing Aerodrome, Rural

46 m,
107–274 m PL

[19] GSM, UMTS
Fixed Wing,
Capture balloon Urban, Rural 0–500 m PL

[20]
GSM, UMTS,
LTE Weather balloon Urban 11–18 m PL

[21] LTE (800 MHz) Hexacopter Rural 15–100 m PL, SF

[22] LTE (850 MHz) Quadcopter Suburban 15–120 m PL, SF

[23] 2 GHz Airship Urban, Wooded Region 100–170 m
CDF, DG,
AFD, LCR

[24]
[25] 5.8 GHz Octocopter Residential -

RMS, DS,
CDF

[26] 802.11b/g Fixed Wing Agricultural region 75 m AF, DG

[27]
PCS, AWS,
700 MHz Quadcopter Mix Suburban 122 m PL, CDF

[28]
EDGE, HSPA+,
LTE Hexacopter - 10–100 m RTT, J

[29] 909 MHz Quadcopter
Open field,
Simulated Village 40–60 m PL, PES

[30] 2/3.5/5.5 GHz HAP airship Built-up areas - SF

[31] 2.585 GHz Hexacopter Suburban 15–300 m PDP, RMS, DS

[32] 3.4/3.8 GHz Commercial UAV Open area 5–15 m PDP, RMS

This work 915 MHz Quadcopter
Lake,
Caatinga 8–80 m

PL, LCR, CDF, DS, SF,
K, µ, ε, m, β, σ

AF: Autocorrelation function, AFD: Average fade duration, BC: Coherence bandwidth; CDF: Cumulative distribu-
tion function, DG: Diversity gain, DS: Doppler spread, J: Jitter, K: Rician factor; LCR: Level crossing rate, PAS:
Power azimuth spectrum, PDF: Probability density function; PDP: Power delay profile, PES: Power elevation
spectrum, PL: Path loss, RMS: RMS delay spread; RTT: Round trip time, SF: Shadow fading, e µ, ε: Mean and
standard deviation of Nakagami m factor; β: Weibull shape parameter, σ: Rayleigh parameter.

2. Materials

The equipment used in the measurements campaign was composed of a UAV and
XBee modules for wireless communications.



Sensors 2022, 22, 65 4 of 18

2.1. Unmanned Aerial Vehicle

The UAV used in the measurement campaign is the DJI Phantom 3 Standard model
manufactured by the Chinese company DJI. This aircraft has an autonomous flight mode,
making it possible to insert waypoints in a defined route. Its range is restricted to the
battery autonomy time, which is approximately 25 min. Another way to fly is to use
the manual mode, in which case the aircraft operator uses a radio control to send the
commands to the aircraft. This flight mode allows reaching a maximum range of 1000 m.

The aircraft has a mass of 1216 g, ascending speed of 5 m/s, descending speed of
3 m/s, diagonal length without flight pallets of 350 mm, maximum speed of 16 m/s,
and built-in GPS with a maximum error of 0.5 m (vertical) and 1.5 m (horizontal). The
measurement campaign used the autonomous flight mode, as it allows for defining the
starting and arrival point and completing the route at a chosen speed [33].

2.2. XBee Module

The XBee 900HP PRO S3 module is a platform that offers wireless connectivity for
point-to-point communication or in mesh networks with up to 128 nodes. The device
consists of transmitters with configurable power between 10 and 250 mW and an omnidi-
rectional antenna with a gain of 2 dbi. It has a variable transmission rate between 10 and
200 kbps. Its receiver has a minimum sensitivity of −110 dBm, which allows a maximum
communication range between modules of up to 6.5 km [34].

In order to obtain wireless channel measurements, we shipped the XBee device in the
UAV and configured the following parameters: unicast communication with IEEE 802.15.4
protocol (ZigBee) [35], transmission power of 250 mW, and interval between sending
packets of 300 ms. The UAV went up to the programmed height (8 or 80 m) depending
on the specifications of the measurements. During the flight to a specific point without
changing the height and with constant speed, the embedded device sends the packages to
the BS that measures the received signal.

The base station consists of a notebook with Intel (R) Core (TM) i5-7200U 2.70 GHz
processor, 8 GHz RAM, and 64-bit Windows 10 Home Single Language operating system;
a microcontroller; and the XBee module configured to receive the packets, as presented in
Figure 1. When the signal arrives at the XBee module, the microcontroller is configured
to capture the signal strength of the received packet and send the data to be saved in the
computer.

Figure 1. Scheme of reception and storage of the wireless signal measurement data.

Figure 2a shows the UAV with the XBee module responsible for sending data.
Figure 2b shows the base station composed of the XBee module, the microcontroller,
and the computer to power the system and save the data.
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(a) (b)
Figure 2. Equipment used in measurement campaigns. (a) UAV with XBee and power battery
modules. (b) Base station for collecting measurement data.

3. Mathematical Formulation and Methodology

Several procedures are carried out to process the data collected from the measurement
campaigns. In order to keep the quality of the collected data higher, the measurement
campaigns that had a success rate of received packages less than 98% were discarded due
to the low SNR. Such a threshold was obtained empirically in previous experiments, whose
results presented low adherence when comparing experimental and theoretical distribution
functions.

3.1. Filtering

The first step after collecting the measured signal power level data is to separate
small-scale fading from large-scale attenuation. For this, we used the moving average filter
given by [36].

y[i] =
1

N + M + 1

M

∑
K=−N

x[i + k], (1)

where x[i + k] are the signal samples, i is the filter sample index, y[i] is the i-th filter output
sample, and N and M are the number of samples of the input signal before and after the
i-th sample, respectively. A symmetric window was considered, i.e., N = M.

The size of the moving average window is obtained empirically, i.e., we choose the
smallest possible window whose output samples pass on the Kolmogorov—Smirnov (KS)
test [37] for any of the fading distributions (Rayleigh, Rice, Nakagami, or Weibull) with a
95% confidence index. In this way, each measurement campaign has its specific filtering
window.

3.2. Large-Scale Attenuation

As the small-scale fading samples pass successfully on the KS test, we characterize the
large-scale attenuation in order to determine the parameters for path loss and log-normal
shadowing. The large-scale attenuation can be modeled as [38]

PL(dB) = PL(d0) + 10n log
(

d
d0

)
+ Xσ, (2)

where d is the distance between transmitter and receiver, n is the exponent of the path
loss, PL(d0) the attenuation in dB at the start point, d0 the start point of measurement,
and Xσ is a zero-mean normal random variable with standard deviation σ that models the
shadowing effect [39,40]. The value of n is obtained by the linear regression method [41,42].
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3.3. Small-Scale Fading

We used the maximum likelihood estimation (MLE) method to estimate the parameters
of the Rayleigh, Rice, Nakagami, and Weibull distributions [43]. Then, the theoretical
cumulative probability functions (CDFs) were generated and compared with the empirical
CDFs obtained from the small-scale fading samples. Henceforth, it is possible to verify
which distribution properly describes the channel based on the KS test with a confidence
level equal to or greater than 95%. This procedure served to define the size of the filtering
window.

3.3.1. Level Crossing Rate

From the selected fading distribution, it is possible to calculate its theoretical level
crossing rate, in order to estimate the Doppler spread. The theoretical functions of the LCR
for the Rayleigh, Rice, Nakagami, and Weibull are respectively [44,45]

NRayleigh(ρ) =
√

2π fd ρ exp(−ρ2), (3)

NRice(ρ) =
√

2π(k + 1) fd ρ exp(−K− (k + 1)ρ2) I0(2
√

K(K + 1))ρ, (4)

NNakagami(ρ) =
√

2π fd
mm−1/2

Γ(m)
ρ2m−1 exp(−mρ2). (5)

and

NWeibull(ρ) =
√

2π fd

(
ρ√
(a)

)β/2

exp

−( ρ√
(a)

)β
, (6)

where r represents the fade samples, fd is the Doppler frequency, ρ = r/
√

Ω, Ω = E[r2], I0
is the modified Bessel function of the first kind and order 0, and Γ(.) is the Gamma function.
The Rician parameter K represents the ratio between the power of the dominant signal
(in line of sight) and the power of the multipath components. The Nakagami parameter m
refers to the quantity of multipath clusters, while the Weibull parameter β is related to the
non-linearity of the channel, and a = 1/Γ(1 + (β/2)).

3.3.2. Doppler Frequency

The LCR function is written as a function of the Doppler frequency. Thus, with both
theoretical and empirical the values of LCR, it is possible to estimate the Doppler frequency
fd [46] as

f̂d =
LCREmpirical

LCRTheoretical_normalized
, (7)

where LCRTheoretical_normalized can be obtained from Equations (3)–(6) with fd = 1.
Then, the relative speed between the transmitter and receiver can be estimated as

v̂ = λ · f̂d/ cos(θ), where λ is the wavelength of the carrier, and θ refers to the angle of the
horizontal axis of the antenna to the BS. It is important to make it clear that these equations
refer to the calculation of second-order statistics for a given power level. Thus, for each
calculated level, there will be a different value for f̂d.

4. Measurement Scenario

Measurement campaigns were carried out in Brazil in the city of Macaíba in the state
of Rio Grande do Norte. During the campaign, we verified the influence of the wind
on the trajectory and on the average speed of the aircraft at low speeds. Thus, the speed
determined in the aircraft’s control software changed during the flight, since all flights were
at low speed, and gusts of wind were strong enough to modify the instantaneous speed
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and positioning of the UAV. Table 2 shows the wind speed at the time of the campaigns, as
well as the local temperature, both obtained from a local weather station.

Table 2. Table of temperature and average wind speed on the day of measurement.

Schedule Temperature Average Wind Speed

10:00 31 °C 31 km/h
11:00 31 °C 28 km/h
12:00 31 °C 33 km/h
13:00 31 °C 28 km/h
14:00 30 °C 33 km/h
15:00 30 °C 35 km/h
16:00 30 °C 28 km/h
17:00 29 °C 24 km/h

4.1. Measurement Scenario 1: Lake

The measurement scenario 1 corresponds to flights over a lake of approximately
12,000 square meters and a maximum depth of 12 m. The UAV was configured to perform
straight-line flights from a 5 m point horizontally from the BS. The height and speed of
measurements can be seen in Table 3.

Figure 3 shows images taken from the UAV over the lake at the time of flight at
different heights. Figure 3c presents the direction of the flight. The wind was blowing on
the side of the aircraft and in the opposite direction of the flight.

Table 3. Scenario 1 parameters.

Velocity Height Traveled Distance

1 km/h 8 m 120 m
1 km/h 80 m 150 m
3 km/h 8 m 120 m
3 km/h 80 m 150 m

(a) (b) (c)

Figure 3. Lake photos taken at different heights. (a) Photo taken with UAV over the lake at a height
of 8 m. (b) Photo taken with UAV over the lake at a height of 80 m. (c) Showing the base station (BS)
and the lake area.

4.2. Measurement Scenario 2: Caatinga

Scenario 2 corresponds to the Caatinga vegetation, covering an area of approximately
37,000 square meters. Two flights over the vegetation were carried out, both at a height of
80 m and speeds of 1 and 3 km/h, as exemplified in Table 4. In these flights, the aircraft
suffered wind force in the same direction as the flight and laterally. In this windy situation,
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the aircraft had to travel different distances for safety reasons, as the strong wind could
take the aircraft out of the planned trajectory, and we could lose contact with the aircraft.
The flight start point was 5 m horizontally from the BS, and the aircraft was programmed
to fly in a straight line.

Table 4. Scenario 2 parameters.

Velocity Height Traveled Distance

1 km/h 80 m 130 m
3 km/h 80 m 250 m

Figure 4 shows the total aerial view of scenario 2 and a photo taken by the UAV at an
80-m height over the region.

(a) (b)
Figure 4. Caatinga biome region. (a) Flight region over the Caatinga vegetation. (b) Area of the flight
over the Caatinga vegetation.

4.3. Measurement Scenario 3: Mixed

Region III corresponds to an area tangent to the lake, as can be seen in Figure 5, and
which includes a small area of the Caatinga. The flights were performed at a height of 80 m
and a speed of 1 and 3 km/h, as shown in Table 5. The aircraft started its flight 5 m distant
horizontally from the BS.

Table 5. Scenario 3 parameters.

Velocity Height Traveled Distance

1 km/h 80 m 150 m
3 km/h 80 m 150 m

Figure 5 shows the region tangent to the lake and an image captured by the UAV
when flying over the small area of the Caatinga at a height of 80 m.
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(a) (b)

Figure 5. Mixed scenario. (a) Mixed scenario photo taken by the UAV at 80 m. (b) Full view of the
mixed scenario.

5. Results

After filtering the received signal, the linear regression method was used in the fading
samples to estimate the path loss. Figure 6 shows the path loss for flights over the lake
(scenario 1). For higher altitude flights, the signal presented a positive exponent (gain) and
negative exponent for the route of lower altitudes. This effect is related to the first partially
cleared Fresnel zone [5], as also observed in [12]. In flights at greater heights, the path loss
decreases as distance increases, as observed in [22,47]. In [47], an experimental path loss
study was carried out with the UAV flying at an altitude of 1 km. The work showed that
the power received at the base station increases as the aircraft moves away from the base
station, until it reaches its maximum value and then begins its decline, that is, the intensity
of power received at the base station decreases as the aircraft moves away. This result of
gain with increasing distance was observed in this work for all environments, except for
flights at 8 m of altitude, as observed in Figure 6. In [48], the work analyzed the path loss of
a mobile communication system in a forest, and the results showed that the values varied
in a range between 1.6 and 4.4. The same result was observed in this work, as shown in
Table 6. The exceptions were for the low altitude flight environment over the lake, which
presented a high exponent modulus of path loss.

Figure 6. Path loss of flights over the lake.
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Figure 7 shows the path loss to the Caatinga scenario with the flight at an 80-m height
and speeds of 1 and 3 km/h. The same behavior of Figure 6 is observed considering the
flight at a height of 80 m, with higher received power levels as distance increases.

Figure 7. Path loss of flights over the Caatinga.

The scenario tangent to the lake presented the same trend, as shown in Figure 8.
Therefore, the communication between the UAV and the BS at the moment the aircraft flies
over the BS may be hampered due to the use of dipole antennas. Appendix A illustrates the
dipole antenna radiation pattern, showing the decreasing antenna gain for upper directions
(Figure A2). However, when the UAV starts to move away from the base station, the
antenna gain starts to increase due to the change in the main Fresnel zone.

Figure 8. Path loss of flights over the mixed region.

Equation (2) was used to estimate the path loss exponent, as shown in Table 6. As
expected, path loss exponents for low-altitude flights have a negative exponent. For the
purpose of comparison, reference values for path loss exponents are 2 for free space and 4
to 6 for channels obstructed by buildings. Thus, low-altitude flights have a more severe
path loss.
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Table 6. Path loss exponent for different environments.

Environment Path Loss Exponent Speed (km / h) Height (m)

Lake −7.8 1 8
Lake −8.9 3 8
Lake 2.9 1 80
Lake 2.0 3 80
Mixed region 3.7 1 80
Mixed region 3.8 3 80
Caatinga 3.7 1 80
Caatinga 1.9 3 80

Subtraction of the estimated path loss from large-scale fading samples was performed
to estimate the log-normal shadowing. Table 7 shows the values of mean and standard
deviation of log-normal shadowing for some sizes of the filtering window to obtain the
fading. The average is expected to approach zero for good adherence to the measured
results. The highest values of the standard deviation are observed with the flights over
the lake with the lowest height. These scenarios also present higher values of the path
loss exponent.

Table 7. Shadowing parameters for different environments.

Environment Height (m) Speed (km/h) Average (µ) Standard Deviation (σ) Window

Lake 8 1 −0.036457 4.9594 10
Lake 8 3 −0.00010684 5.1219 5
Lake 80 1 0.014171 1.5940 15
Lake 80 3 0.019407 1.3563 15
Mixed region 80 1 0.021741 1.8036 10
Mixed region 80 3 0.023567 1.4659 20
Caatinga 80 1 0.0089469 2.6579 10
Caatinga 80 3 −0.0052443 3.0010 15

We use the maximum likelihood method to estimate the parameters of the Nakagami,
Rice, Rayleigh, and Weibull distributions, as shown in Table 8. These results display the
parameters of distributions from the measured samples.

The Kolmogorov–Smirnov (KS) test was used to compute the similarity of the empiri-
cal CDF (from measurements) and theoretical CDFs of all distributions at a significance
rate of 95%. The KS test indicates Weibull as the best-fit distribution for the collected data.
Using the estimated parameters β of the Weibull distribution (Table 8), the theoretical CDFs
were computed and plotted to compare with the empirical CDFs, as shown in Figures 9–11.
We can notice the good curve-fitting of empirical and estimated CDFs.

Figure 9 presents the results for the Lake region for a height and different speeds
in the same plot. We observe a higher small-scale fading variation at a lower speed
(Figure 9a). We can deduce that the lower the speed of the aircraft, the worse the flight
stabilization, which causes a higher variation in the small-scale fading. Additionally, we
can also observe that the results of flights at 80 m do not show significant differences,
regardless of the speed (Figure 9b).

In Figure 10, we organize the results for a speed and different heights in the same
plot. At a low speed, lower height flights (Figure 10a) present a higher variation in the
small-scale fading. We speculate that this is related to the drone’s inability to remain stable
during flights at a low height when it receives strong gusts of wind. On the other hand
(Figure 10b), there is no significant difference in the small-scale fading for flights at 3 km/h
and different heights.
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Table 8. Parameters of small-scale fading distributions for different environments.

Window Nakagami
(m, Ω) Rice (K) Rayleigh

(σ)
Weibull
(β, λ)

Height
(m) Environment Velocity

(km/h)

10 0.42621,
4.0043 0.00033815 1.415 1.1251,

1.4969 8 Lake 1

5 0.54171,
1.8553 0.00032789 0.96315 1.3129,

1.1415 8 Lake 3

15 0.4374,
2.6966 0.00027749 1.1612 1.1512,

1.2552 80 Caatinga 1

15 0.43961,
2.6205 0.00027911 1.1447 1.1688,

1.2184 80 Caatinga 3

10 0.44587,
2.4439 0.0002916 1.1054 1.1751,

1.1859 80 Mixed region 1

20 0.37927,
3.2004 0.00020356 1.265 1.0619,

1.2123 80 Mixed region 3

10 0.35111,
2.3994 0.00027483 1.0953 1.0072,

1.0094 80 Lake 1

15 0.37418,
3.3069 0.00019419 1.2859 1.0548,

1.2181 80 Lake 3

(a) (b)
Figure 9. Estimated CDFs over the lake for the same height. (a) CDFs over the lake at 8 m. (b) CDFs
over the lake at 80 m.

Figure 11 presents CDFs for the Caatinga (Figure 11a) and Mixed regions (Figure 11b).
Similar to the results of the Lake region at 80 m, there is no variation in small-scale fading
at higher heights, regardless of the drone’s speed.

Small-scale fading samples were used to estimate the Doppler frequency. First, the
theoretical LCR curves for the Weibull distribution were generated with Equation (6).
Then, the LCR values were generated with the small-scale fading samples. Finally, the
Equation (7) was used to estimate the Doppler.

Figure 12 shows the results of the Doppler frequency estimation. The results for flights
on the lake are shown in Figure 12a. Doppler estimation is similar for almost all flights,
except for the one at the height of 8 m and speed of 3 km/h. In this case, the drone was able
to develop a more constant speed, since the lake has a natural barrier of vegetation on one
of the edges that reduces the action of the wind. In this specific case, the aircraft was able to
develop a higher flight speed compared to other measurements and, consequently, a higher
Doppler frequency, as shown in Figure 12a. Results for the Caatinga and Mixed regions
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are presented in Figure 12b. In these environments, there is no significant difference in the
estimated Doppler frequency for different speeds. The aircraft suffered from wind action
throughout the course so that there was no control over the average drone speed.

(a) (b)
Figure 10. Estimation of CDFs over the lake at the same speed. (a) CDFs over the lake at 1 km/h. (b)
CDFs over the lake at 3 km/h.

(a) (b)
Figure 11. Estimation of CDFs for the Caatinga and Mixed environments. (a) CDFs for the Caatinga
region. (b) CDFs for mixed region.

All measurement campaigns were affected by gusts of crosswinds. For instance, in
the Mixed environment and over the Lake, the wind is in the opposite direction of the
aircraft’s flight. We had the inverse situation in the Caatinga region. As the theoretical
Doppler frequency depends on the angle between the aircraft and the BS and the drone
speed, its value varies even if we consider a unique drone speed. Table 9 shows the range
(minimum and maximum values) of the theoretical Doppler frequency. Comparing these
theoretical values to the estimated ones from the measurements (Figure 12), the results are
within expectations.
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(a) (b)
Figure 12. Doppler frequency estimation. (a) Doppler frequency for Lake region. (b) Doppler
frequency for Caatinga and Mixed regions.

Table 9. Maximum and minimum variation of theoretical Doppler scattering.

UAV Speed (km/h) Doppler Frequency
(Minimum–Maximum)

1 0–0.86 Hz
3 0–2.6031 Hz

To estimate the drone’s speed, the level crossing rate was calculated in relation to its
power level and then divided by the theoretical level crossing rate, therefore obtaining fd as
a function of the signal strength. As the frequency used in communication is 915 MHz, its
wavelength approximates 0.32 m. Using the equation v̂ = λ · f̂d/ cos(θ) (Section 3.3.2), the
speed is estimated. Figure 13a shows the estimated flight speed for the lake environment
as a function of the angle θ = 0 ° (lowest speed). Figure 13b shows the speed estimation for
the Caatinga and mixed environments. The same qualitative comments regarding the fd
estimation are valid for the velocity estimation.

(a) (b)
Figure 13. Estimated speeds. (a) Estimated speeds for Lake region. (b) Estimated speeds for the
Caatinga and Mixed regions.
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6. Conclusions

The contribution of this work was to characterize the air-ground channel used by a
drone in three scenarios. Both small-scale and large-scale fading were estimated. Regarding
large-scale fading, path loss and shadowing were characterized. At lower heights, the path
loss presented a negative exponent, while a positive exponent was observed for higher
heights. Shadowing parameters (mean and standard deviation) were also presented. We
observed higher standard deviation for lower height flights. Thus, results show more
severe long-scale fading for air-to-ground communication at lower altitudes, even over a
lake surface.

We also present a small-scale fading study focused on comparing the theoretical and
empirical CDFs of the collected samples. The results showed a higher variation in small-
scale fading in the flight with the lower speed and lower height. We speculate that this
result is related to the fact that the aircraft has less control of speed correction when it is
affected by gusts of wind. The KS test shows that the Weibull distribution best describes
the channel at a significance level of 95%.

Finally, LCRs were used to estimate the Doppler frequency and drone speed. Even
if the aircraft has its average speed strongly affected by wind, the expected results of the
Doppler frequency were observed within the theoretical range. Flights over the lake at
3 km/h and a height of 8 m show better discrimination regarding speed and Doppler
frequency estimations. This specific flight experiences a higher speed, because there was a
barrier of vegetation on one of the lake’s edges.

It is worth noting that flights at low altitudes close to water presented a high path
loss exponent, which can hinder the applications in this scenario. Such an effect should
be better analyzed in order to comprehend the influence of the water surface on UAV
communication channels at low altitude, as there is a lack of works in this subject area.
Thus, we intend to investigate this in a future work.
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Appendix A

We use 4nec2 software to simulate the gain of the antenna lobe used by the XBee
modules. The antenna radiation pattern is shown in Figure A1. The antenna has its highest
gain on the horizontal axis and its lowest gain on the vertical axis.
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Figure A1. XBee antenna lobe.

As illustrated in Figure A2, when the aircraft is at a higher height and close to the BS
(overlapping antennas), the antennas provide low gains. Additionally, when they gain
horizontal distance,the main free Fresnel zone changes such that the antenna gain increases.

Figure A2. Illustration of gain composition of the BS and drone antennas.

References
1. Khawaja, W.; Guvenc, I.; Matolak, D.W.; Fiebig, U.C. Schneckenburger, N. A survey of air-to-ground propagation channel

modeling for unmanned aerial vehicles. IEEE Commun. Surv. Tutor. 2019, 21, 2361–2391. [CrossRef]
2. Mohammadkarimi, M.; Karami, E.; Dobre, O.A.; Win, M.Z. Doppler spread estimation in MIMO frequency-selective fading

channels. IEEE Trans. Wirel. Commun. 2017, 17, 1951–1965. [CrossRef]
3. Federal Aviation Administration. AGENDA. 2013. Rtca Special Committees 21 May 2020. Available online: https://www.rtca.

org/content/sc-228 (accessed on 18 August 2019).
4. RTCA (Firm). SC-228. Command and Control (C2) Data Link Minimum Operational Performance Standards (MOPS) (Terrestrial); RTCA:

Washington, WA, USA, 2016.
5. Khuwaja, A.A.; Chen, Y.; Zhao, N.; Alouini, M.S.; Dobbins, P. A survey of channel modeling for UAV communications. IEEE

Commun. Surv. Tutor. 2018, 20, 2804–2821. [CrossRef]
6. Zeng, L.; Cheng, X.; Wang, C.X.; Yin, X. Second order statistics of non-isotropic UAV Ricean fading channels. In Proceedings of

the 2017 IEEE 86th Vehicular Technology Conference (VTC-Fall), Toronto, ON, Canada, 24–27 September 2017; pp 1–5.

http://doi.org/10.1109/COMST.2019.2915069
http://dx.doi.org/10.1109/TWC.2017.2787539
https://www.rtca.org/content/sc-228
https://www.rtca.org/content/sc-228
http://dx.doi.org/10.1109/COMST.2018.2856587


Sensors 2022, 22, 65 17 of 18

7. Park, G.; Hong, D.; Kang, C. Level crossing rate estimation with Doppler adaptive noise suppression technique in frequency
domain. In Proceedings of the 2003 IEEE 58th Vehicular Technology Conference, Orlando, FL, USA, 6–9 October 2003;
pp. 1192–1195. [CrossRef]

8. Yu, H.; Park, G.; Cho, H.; Kang, C; Hong, D. SNR-independent methods for estimating maximum Doppler frequency. IEEE Signal
Process. Lett. 2005, 5, 384–386. [CrossRef]

9. Santos, J.C.; Leal, I.R.; Almeida-Cortez, J.S.; Fernandes, G.W.; Tabarelli, M. Caatinga: The scientific negligence experienced by a
dry tropical forest. Trop. Conserv. Sci. 2011, 4, 276–286. [CrossRef]

10. Simunek, M.; Fontan, F.P.; Pechac, P.; Otero, F.J.D. Space diversity gain in urban area low elevation links for surveillance
applications. IEEE Trans. Antennas Propag. 2013, 61, 6255–6260. [CrossRef]

11. Simunek, M.; Pechac, P.; Fontán, F.P. Excess Loss Model for Low Elevation Links in Urban Areas for UAVs. J. Radioengineering
2011, 61, 561–568.

12. Cai, X.; Gonzalez-Plaza, A.; Alonso, D.; Zhang, L.; Rodríguez, C.B.; Yuste, A.P.; Yin, X. Low altitude UAV propagation channel
modelling. In Proceedings of the 2017 11th European Conference on Antennas and Propagation (EUCAP), Paris, France, 19–24
March 2017; pp. 1443–1447.

13. Khawaja, W.; Guvenc, I.; Matolak, D. UWB Channel Sounding and Modeling for UAV Air-to-Ground Propagation Channels. In
Proceedings of the 2016 IEEE Global Communications Conference (GLOBECOM), Washington, DC, USA, 4–8 December 2016;
pp. 1–7.

14. Goddemeier, N.; Wietfeld, C. Investigation of Air-to-Air Channel Characteristics and a UAV Specific Extension to the Rice Model.
In Proceedings of the 2015 IEEE Globecom Workshops (GC Wkshps), San Diego, CA, USA, 6–10 December 2015; pp. 1–5.

15. Yanmaz, E.; Kuschnig, R.; Bettstetter, C. Achieving air-ground communications in 802.11 networks with three-dimensional aerial
mobility. In Proceedings of the 2013 Proceedings IEEE INFOCOM, Turin, Italy, 14–19 April 2013; pp. 120–124.

16. Yanmaz, E.; Kuschnig, R.; Bettstetter, C. Channel measurements over 802.11a-based UAV-to-ground links. In Proceedings of the
2011 IEEE GLOBECOM Workshops (GC Wkshps), Houston, TX, USA, 5–9 December 2011; pp. 1280–1284.

17. Cheng, C. M.; Hsiao, P. H.; Kung, H. T.; Vlah, D. Performance Measurement of 802.11a Wireless Links from UAV to Ground
Nodes with Various Antenna Orientations. In Proceedings of 15th International Conference on Computer Communications and
Networks, Arlington, VA, USA, 9–11 October 2006; pp. 303–308.

18. Hague, D.; Kung, H. T.; Suter, B. Field Experimentation of Cots-Based UAV Networking. In Proceedings of the MILCOM
2006—2006 IEEE Military Communications conference, Washington, DC, USA, 23–25 October 2006; pp. 1–7.

19. Goddemeier, N.; Daniel, K.; Wietfeld, C. Coverage evaluation of wireless networks for Unmanned Aerial Systems. In Proceedings
of the 2010 IEEE Globecom Workshops, Miami, FL, USA, 6–10 December 2010; pp. 1760–1765.

20. Tavares, T.; Sebastião, P.; Souto, N.; Velez, F.J.; Cercas, F.; Ribeiro, M.; Correia, A. Generalized LUI Propagation Model for UAVs
Communications Using Terrestrial Cellular Networks . In Proceedings of the 2015 IEEE 82nd Vehicular Technology Conference
(VTC2015-Fall), Boston, MA, USA, 6–9 September 2015; pp. 1–6.

21. Amorim, R.; Nguyen, H.; Mogensen, P.; Kovács, I. Z.; Wigard, J.; Sørensen, T.B. Radio channel modeling for UAV communication
over cellular networks. IEEE Wirel. Commun. Lett. 2017, 6, 514–517. [CrossRef]

22. Al-Hourani, A.; Gomez, K. Modeling cellular-to-UAV path-loss for suburban environments. IEEE Wirel. Commun. Lett. 2017, 7,
82–85. [CrossRef]

23. Simunek, M.; Fontan, F.P.; Pechac, P.; Otero, F.J.D. The UAV Low Elevation Propagation Channel in Urban Areas: Statistical
Analysis and Time-Series Generator. IEEE Trans. Antennas Propag. 2013, 61, 3850–3858. [CrossRef]

24. Simunek, M.; Pechac, P.; Fontan, F.P. Feasibility of UAV link space diversity in wooded areas. Int. J. Antennas Propag. 2013, 2013,
890629. [CrossRef]

25. Gutierrez, R.M.; Yu, H.; Rong, Y.; Bliss, D.W. Time and frequency dispersion characteristics of the UAS wireless channel in
residential and mountainous desert terrains . In Proceedings of the 2017 14th IEEE Annual Consumer Communications &
Networking Conference (CCNC), Las Vegas, NV, USA, 8–11 January 2017; pp. 516–521.

26. Kung, H.T.; Lin, C.K.; Lin, T.H.; Tarsa, S.J.; Vlah, D. Measuring diversity on a low-altitude UAV in a ground-to-air wireless 802.11
mesh network . In Proceedings of the 2010 IEEE Globecom Workshops, Miami, FL, USA, 6–10 December 2010; pp. 1799–1804.

27. Qualcomm, L.T.E. Unmanned Aircraft Systems—Trial Report: San Diego, CA, USA, 2017. Available online: https://www.
qualcomm.com/media/documents/files/lte-unmanned-aircraft-systems-trial-report.pdf (accessed on 1 August 2019).

28. Afonso, L.; Souto, N.; Sebastiao, P.; Ribeiro, M.; Tavares, T.; Marinheiro, R. Cellular for the skies: Exploiting mobile network
infrastructure for low altitude air-to-ground communications. IEEE Aerosp. Electron. Syst. Mag. 2016, 31, 4–11. [CrossRef]

29. Teng, E.; Falcão, J.D.; Iannucci, B. Holes-in-the-Sky: A field study on cellular-connected UAS . In Proceedings of the 2017
International Conference on Unmanned Aircraft Systems (ICUAS), Miami, FL, USA, 13–16 June 2017; pp. 1165–1174.

30. Holis, J.; Pechac, P. Elevation dependent shadowing model for mobile communications via high altitude platforms in built-up
areas. IEEE Trans. Antennas Propag. 2008, 56, 1078–1084. [CrossRef]

31. Cai, X.; Rodríguez-Piñeiro, J.; Yin, X.; Wang, N.; Ai, B.; Pedersen, G.F.; Yuste, A.P. An empirical air-to-ground channel model
based on passive measurements in LTE. IEEE Trans. Veh. Technol. 2018, 68, 1140–1154. [CrossRef]

32. Catherwood, P.A.; Black, B.; Cheema, A.A.; Rafferty, J.; Mclaughlin, J.A. Radio channel characterization of mid-band 5G service
delivery for ultra-low altitude aerial base stations. IEEE Access 2019, 7, 8283–8299. [CrossRef]

http://dx.doi.org/10.1109/VETECF.2003.1285210
http://dx.doi.org/10.1109/LSP.2005.843766
http://dx.doi.org/10.1177/194008291100400306
http://dx.doi.org/10.1109/TAP.2013.2280874
http://dx.doi.org/10.1109/LWC.2017.2710045
http://dx.doi.org/10.1109/LWC.2017.2755643
http://dx.doi.org/10.1109/TAP.2013.2256098
http://dx.doi.org/10.1155/2013/890629
https://www.qualcomm.com/media/documents/files/lte-unmanned-aircraft-systems-trial-report.pdf
https://www.qualcomm.com/media/documents/files/lte-unmanned-aircraft-systems-trial-report.pdf
http://dx.doi.org/10.1109/MAES.2016.150170
http://dx.doi.org/10.1109/TAP.2008.919209
http://dx.doi.org/10.1109/TVT.2018.2886961
http://dx.doi.org/10.1109/ACCESS.2018.2885594


Sensors 2022, 22, 65 18 of 18

33. Phantom 3 Standard. Specifications, 2020. Available online: https://www.dji.com/br/phantom-3-standard (accessed on 1
August 2019).

34. XBee-PRO. User Guide. User Guide-XBee-PRO 900HP/XSC RF Modules S3 and S3B. In Proceedings of the International
Conference on Computational Modeling and Security (CMS 2016), Digi International, Minnetonka, MN, USA, 1 August 2019.

35. Molisch, A.F.; Balakrishnan, K.; Chong, C.C.; Emami, S.; Fort, A.; Karedal, J.; Siwiak, K. IEEE 802.15. 4a channel model-final
report. IEEE P802 2004, 15, 0662.

36. Lavanya, V.; Rao, G.S.; Bidikar, B. Fast fading mobile channel modeling for wireless communication. In Proceedings of the
International Conference on Computational Modeling and Security (CMS 2016), Procedia Computer Science, Bengaluru, India,
11–13 February 2016 ; pp. 777–781.

37. Walter, B.; Kurt, H. A Kolmogorov-Smirnov test for r samples. In Procedia Computer Science; Fundamenta Informaticae—IOS Press:
Vienna, Italy 2012; pp. 103–125.

38. Chrysikos, T.; Georgopoulos, G.; Birkos, K.; Kotsopoulos, S. Wireless Channel Characterization: On the validation issues of
indoor RF models at 2.4 GHzs. In Conference: First Panhellenic Conference Electronics and Telecommunications (PACET); Fundamenta
Informaticae—IOS Press: Amsterdam, The Netherlands, 2009; pp. 20–22.

39. Rappaport, T.S. Comunicações Sem Fio: Princípios e Práticas; Pearson Prentice Hall: Hoboken, NJ, USA, 2008
40. Sampei, S. Applications of Digital Technologies to Global Wireless Communications; Prentice Hall Prentice Hall PT: Hoboken, NJ, USA,

1997.
41. Gerome, D. Prediction of urban propagation loss using regression trees. In Proceedings of the 1997 IEEE 47th Vehicular Technology

Conference. Phoenix, AZ, USA, 4–7 May 1997; pp. 1099–1102.
42. Kongsavat, A.; Karupongsiri, C. Path Loss Model for Smart Meter on LoRaWAN Technology with Unidirectional Antenna in an

Urban Area of Thailand. In Proceedings of the 2020 IEEE International Conference on Computational Electromagnetics (ICCEM),
Singapore, 24–26 August 2020; pp. 260–262.

43. Myung, I.J. Tutorial on maximum likelihood estimation. J. Math. Psychol. 2003, 47, 90–100. [CrossRef]
44. Abdi, A.; Wills, K.; Barger, H.A.; Alouini, M.S.; Kaveh, M. Comparison of the level crossing rate and average fade duration

of Rayleigh, Rice and Nakagami fading models with mobile channel data. Vehicular Technology Conference Fall 2000. In
Proceedings of the IEEE VTS Fall VTC2000, 52nd Vehicular Technology Conference (Cat. No.00CH37152), Boston, MA, USA,
24–28 September 2000; pp. 1850–1857.

45. Sagias, N.C.; Zogas, D.A.; Karagiannidis, G.K.; Tombras, G.S. Channel capacity and second-order statistics in Weibull fading.
IEEE Commun. Lett. 2004, 8, 377–379. [CrossRef]

46. Zhuang, Y.; Hua, J.; Wen, H.; Meng, L. An iterative Doppler shift estimation in vehicular communication systems. Procedia Eng.
2012, 4129–4134. doi:10.1016/j.proeng.2012.01.632

47. Perotoni, M.B.; Araújo, R.D.P.D.; Sartori, C.A.F. Unmanned Aerial Vehicle Propagation Datalink Tool Based on a Hybrid Multiscale
Modeling. J. Aerosp. Technol. Manag. 2018, 10. [CrossRef]

48. Phaiboon, S.; Somkuarnpanit, S. Mobile path loss characteristics for low base station antenna height in different forest densities.
In Proceedings of the 2006 1st International Symposium on Wireless Pervasive Computing, Phuket, Thailand, 16–18 January
2006; p. 6.

https://www.dji.com/br/phantom-3-standard
http://dx.doi.org/10.1016/S0022-2496(02)00028-7
http://dx.doi.org/10.1109/LCOMM.2004.831319
http://dx.doi.org/10.5028/jatm.v10.975

	Introduction
	Materials
	Unmanned Aerial Vehicle
	XBee Module

	Mathematical Formulation and Methodology
	Filtering
	Large-Scale Attenuation
	Small-Scale Fading
	Level Crossing Rate
	Doppler Frequency


	Measurement Scenario
	Measurement Scenario 1: Lake
	Measurement Scenario 2: Caatinga
	Measurement Scenario 3: Mixed

	Results
	Conclusions
	
	References

