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Abstract —A challenge swarm unmanned aerial vehicles
(swarm UAVs)-based wireless communication systems have
been focused on channel modeling in various environments. In
this paper, we present the characterized path loss air-to-air
(A2A) channel modeling-based measurement and prediction
model. The channel model was considered using A2A Two-Ray
(A2AT-R) extended path loss modeling. The prediction model
was considered using an artificial neural network (ANN)
algorithm to train the measured dataset. To evaluate the
measurement result, path loss models between the A2AT-R
model and the prediction model are shown. We show that the
prediction model using ANN is optimal to train the measured
data for the A2A channel model. To discuss the result, the
parametric prediction errors such as mean absolute error (MAE),
root mean square error (RMSE), and R-square (R?), are
performed.

Index Terms—~Path loss characterization, prediction model, air-
to-air wireless communication system, ANN algorithm, swarm
UAVsS.

I. INTRODUCTION

Most recently, UAVs or drones have become
inherently equipped with important communications [1],
computer vision [2], and machine learning techniques [3]
that turned them into truly autonomous and multipurpose
devices. In general, all types of UAVs can be equipped
with wireless interfaces. Such interfaces can operate at
either unlicensed, Wi-Fi, or cellular frequencies. A new
application domain for UAVs wireless communications
and networks are: (a) UAVs as aerial base station [4] or
access points that can be deployed to handle wireless
networking and communications capabilities to a various
geographical area [5], (b) UAVs can provide the existing
infrastructure (5G or Wi-Fi) to communicate with ground
devices [6], (c) UAVs can be applied as aerial relays
communications to extend the coverage and connectivity.

In the use case of UAVs as an aerial base station
(ABS), the air-to-ground wireless channel needs a new
propagation environment whose parameters such as path
loss, angular spread, and delay spread are significantly
analyzed [7]-[10]. The propagation modeling and
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measurements are important research challenges for
UAVs-ABS [11]-[14]. Meanwhile, A2A wireless channel
is a new application in this group for communication
between multiple UAVs. Therefore, the path loss
characteristic of A2A channel modeling is taken into
account for UAV-to-UAV wireless communication
systems.

In this paper, the major contributions and novelties are
summarized by

(1) The path loss characterization and prediction model
are studied and measured for swarm UAVs A2A-based
wireless communication systems.

(2) The prediction model by using the ANN algorithm
is proposed to compare with the A2AT-R model and the
Log-distance model. Moreover, the prediction errors such
as MAE, RMSE, and R?, are performed.

The remainder of this paper is organized as follows.
Section Il presents the related works. Section 111 presents
the methodology. Section IV describes the measurement
setup. Section V presents the model validation and result.
At last, conclusions are drawn in Section V.

Il. RELATED WORKS

A ray-tracing simulation for UAV A2A channel
modeling at 2.4 GHz was presented in [15] for urban
environments. The authors presented the simulation with
a fixed transmitter and moving receiver with 100 m
radius and 3 km distance. They derive the Log-distance
path loss model and characterize the small-scale fading
by Rician fading. To characterize the delay spread, they
show the excess delay of the multipath component within
6 dB, 12 dB, and 18 dB below the line-of-sight (LOS)
component, all the excess delayed paths arrive within 570
ns for 3 km distance and 500 m height. However, the
authors have discussed that the A2A channel modeling of
Wi-Fi 2.4 GHz was higher power loss over the sea than
the land.

Then, the fixed-wing small UAVs at 5 GHz A2A
channel modeling was performed in [16] over the ground
and the sea. The authors consider both LOS and
multipath channels. They discuss that the delay spread
above the sea was higher than the ground. In previous
work, the authors have analyzed at 2.3 GHz frequency
with an altitude lower than 1.5 km in [17]. The
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measurement environments were conducted to examine
ground conditions such as urban, suburban, trees,
mountains, and over the seas. They reveal that ground
reflection gives an impact on the path loss component for
over the sea areas.

The cooperative relay-based UAVs-A2A channel was
presented in [18]. Results show that Rayleigh channel
fading was suitable for low altitude small UAVs, while
Nakagami-m and Weibull channel fading was suitable for
dense UAV areas and high altitudes open space. Besides,
the performance of bit error rates (BER) was evaluated in
[19], wherein scenario of a large Dropper shift with high-
speed UAV frying was considered. Their results show
that there is a 2 dB loss for Wi-Fi IEEE 802.11a signals at
5 GHz over the frequency selective fading channel.

The UAV-A2A channel modeling and prediction

modeling have been proposed in research works [20]-[21].

In [20], two machine learning algorithms such as random
forest (RF) and k-nearest neighbor (kNN) were presented
for A2A path loss prediction models in an urban
environment. The authors described the A2A channel
modeling by using the ray-tracing method. To compare
with the empirical model as SUI model and COST231-
W-I model, it has been shown that machine learning
provides a flexible modeling approach based on the
training data for such a complex environment and RF has
the best prediction performance. Although the RF and
kNN can be predicted the path loss model in these
scenarios, however, it depends on simulation parameters.

In [21], the authors proposed the measurement in the
field of A2A channel modeling. The path loss
characteristic based on the Log-distance model was
presented. The measurement setup was similar to vehicle-
to-vehicle (V2V) communication system-based UAV.
Then, the path loss versus distance and fitting function of
the path loss model at various altitudes were tested. It can
be shown that the Log-distance path loss model is
dependent on the distance between UAV-to-UAV setup,
but there is no consideration to the ground reflection or
any propagation multipath fading. However, the authors
have discussed that the multipath fading was decreased
where the UAV altitude was lower than 60 m. Therefore,
the results of this work can serve as a reference for a new
channel modeling of small UAVs-A2A channel.
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Fig. 1. The swarm UAVs channel models for wireless communication
system.
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As aforementioned above of research works, the most
of A2A channel modeling is considered based on using
Wi-Fi networking at 2.4 GHz or 5 GHz, path loss-based
Log-distance modeling, different environments, and more
accuracy of path loss model by using machine learning.
However, the propagation challenge is not restricted to
the swarm UAVs A2A wireless communication system as
shown in Fig. 1.

I1l. METHODOLOGY

A. Analytical A2AT-R Path Loss Model

Rx-UAV

'&:.ﬁi&‘

h

RX-UAV

Ground reflection, floor

Fig. 2. The geometrics for the analytical A2AT-R model.

The propagation of A2A wireless channel between Tx-
UAYV and Rx-UAV can be analyzed using the analytical
A2AT-R model. Fig. 2 shows the geometrics for the
analytical A2AT-R model where the total received E -

field at the Rx-UAV, is E (dc), then a result of the
direct line-of-sight (LOS) component, E(d") , and the

ground reflected component, E, (d ")

E, (d.)=E(d')+E, (d")

To note that traveling two waves arrive at Rx-UAV:
the direct wave that travels distance d’; and the reflected

wave that travels distance d”. Thus, d_ is the distance

between Tx-UAV and Rx-UAV. The E -field due to the
LOS at the Rx-UAV can be expressed as

ol

d
"\ _ —0*0
E(d)= —ycos
and the E -field for the ground reflected wave, which has
a propagation distance of d”, can be expressed as

i) o

where fC is the carrier frequency and C is the velocity
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P
C

.
C

Er(d"):r d!r

Floor

of the light, and E0 is the free space E -field at a
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reference distance d, from the GS, then d >d, .

I denotes the reflection coefficient from the floor.

Floor

The E, (dc) can be rewritten as

E, (d,)= Eé—(?ocos(bz f [t —%D+
(—1)Ed°—(3°cos(2;z f, [t —%D

where I' . = —1 denotes the perfect ground reflection

(4)

component from the floor.

In term of received signal strength indicator (RSSI),
we obtain to the received signal of the empirical A2AT-R

model, I;_g (t) can be written as

/1 j2x
(. (t):(a‘rd,(tﬁ rd"(t)‘.ejz fctj )

where
G vG ’ 7.72'%
rd,(t):—\/TgR'de LR ®
0
G, Gy -jrr
o () =3 T (o) )
0

where G; ;. and Gg . are the antenna field radiation
patterns of the Tx-UAV and Rx-UAV antennas in LOS
direction, respectively, G; ;. and Gg ;. are the antenna

field radiation patterns of the Tx-UAV and Rx-UAV
antennas along the direction of the ground reflection path,
respectively.

Denote by Ny, and N, ay the heights of the Tx-

UAV and Rx-UAV, respectively. The propagation
distance and the phase difference by difference of the
LOS path and the ground reflection path, denoted by

Ad = 2th—UA(\j/ Nevuav (®)
AQ = Arhe uavNecuay ©)
Ad

C
The received signal power can be approximately
calculated as follows

1Y GG
Paxuav (dc) = P yav (Ej ;2 :

2
470 uavNreuav
Ad,

_ 2 2 -4
= PTx-UAV GT G R th-UAV th-UAV d c

(10)
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where G; denotes the approximate value for GT,d’ and
G; 4+, Gy to denote the approximate value for Gg

and Gg ., respectively.
The path loss-base analytical A2AT-R model, is given

by
1 (472dc jz
4G,G, \ 1

.sin2 27 uavPreuav
Ad,

To compare the path loss characterization with Log-
distance path loss model, it can be written as

PLi ¢z =

(11)

PL,, (dB)=10clog,, (d. )+ 3 (12)

where ¢ is the slope that still bears the meaning of the
path loss component and £ denotes the intercept of

measured data. The values of  and S are usually

jointly determined by minimizing the means square error
between the analytic model and empirical measurements.

B. Prediction Model

In this subsection, the prediction model is used to train
the measured data by using ANN algorithms. We provide
the ANN algorithm because it is a rapid computation to
perform the training process in a supervised algorithm.
The performance indicators [22] such as MAE, RMSE,
and the coefficient of determination or R? are expressed
as

MAEzﬁi‘Pﬂ—Fﬂ (13)

i=1

RMSE= \/iZN:[PLi 51w

i=1

R4

= — (15)
> [R -]

where N is the number of samples test, P is the

M= =

R2=1-

M=

measured path loss data, and IZA)L is the training path loss

data from prediction model. The F_’L is the average mean

of path loss from the prediction model.

The block diagram of data processing is shown in Fig.
3. The measured datasets are considered as RSSI and path
loss to train the data for both the A2AT-R model and
prediction model. In the prediction model, there are three
sections including the training process, predicting, and
validation model. A MATLAB program was used to
calculate the MAE, RMSE, and R? respectively. Finally,
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the model validation of RSSI and path loss results are
shown.

Input datasets (RSSI, Path loss)

l

A2AT-R model
Test set

Training process

Predicting

Evaluated
(MAE, RMSE, R-square)

< Model validation and result >

Fig. 3. Block diagram of the data processing between A2AT-R model
and prediction model.

The proposed ANN algorithm is modeled as

Input: Dataset X = [Xl,XZ,...,XN] is both RSSI and
path loss measured data.

Training Process:
Forj=1tok

(1) Define the input layers as kK =50 and one
hidden layer with 50 neurons.

(2) The output layer of ANN is expressed by
Kk N
y=f ij{f(ZwixiD
j=1 i=1

Predicting:
(3) The y is predicted by using sigmoid and
linear activation function, assuming that the
A 1q . 2
least square is P, :WZ(PLI - y) :

Model:
(4) Calculate MAE, RMSE, and R?, respectively.

(5) End program.

IV. MEASUREMENT SETUP

The measurement setup was considered in the different
ground reflection conditions such as Grass floor, Soil
floor, and Rubber floor, respectively, as shown in Fig. 4.
We set the Tx-UAV at 1 m altitude fixed and moved the
Rx-UAV hover up from 1 m to 10 m altitudes. The flight
time of both Tx-UAV and Rx-UAV was fifteen minutes,
the prototype of Tx-UAV and Rx-UAYV is shown in Fig. 5,
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where the Tx-wireless and Rx-wireless modules were
equipped on the Tx-UAV and Rx-UAV based on Wi-Fi
2.4 GHz frequency.

Tx-UAV Rx-UAV
—:-5.3— LOS tn&.;r

I m ; I m
altitude Reflection altitude

Grass floor
(a) Ground reflection from grass floor.
Tx-UAV Rx-UAV
tl$|=— LOS —al$|=—
I m . Im
altitude Reflection altitude

Soil floor
(b) Ground reflection from soil floor.
Tx-UAV Rx-UAV
-&:.5-3- LOS tlﬁl“‘
I'm " 1m
altitude Reflection altitude
Rubber floor

(c) Ground reflection from rubber floor.
Fig. 4. Different of ground reflections in the measurement setup.

Tx-Wireless module

Rx-Wireless module

Fig. 5. Prototype of Tx-UAV and Rx-UAV.

10 m altitudes

(a) Grass floor.
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9 m altitudes

1 m altitude

M S - o o 2
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(b) Soil floor.
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10 m altitudes
|
Rx-UAV
]

5 m altitudes

= y &
1 m altitude !

bber floor o w

(c) Rubger floor.

Fig. 6. Measurement between Tx-UAV and Rx-UAV testbed based
different ground reflection conditions.

TABLE |: MEASUREMENT SETUP PARAMETERS

Description Values

Carrier frequency 2.400 —2.480 GHz

Bandwidth 20 MHz
Tx-UAV Transmit power 20 dBm
Tx-UAV altitude Im
Rx-UAV alttitude 1-10 m
Distance between Tx-UAV and Rx-UAV Sm
UAYV flight time 15 min
Antenna gain 3.1 dBi

Fig. 6 shows the measurement setup between Tx-UAV
and Rx-UAV testbed based on different ground reflection
conditions, where the condition in Grass floor as shown
in Fig. 6 (a), Soil floor in Fig. 6 (b), and Rubber floor in
Fig. 6(c), respectively. The measurement setup
parameters are shown in Table I. To evaluate the RSSI
and path loss results, we set the transmit power of the Tx-
UAV wireless module at 20 dBm and fixed the altitude at
1 m. Then, the Rx-UAV was hovered up from 1 m until
10 m altitudes. We obtain the separation distance between
Tx-UAV and Rx-UAV was set at 5 m, and it depends on

the propagation distance Ad when Rx-UAV hovering up.

V. MODEL VALIDATION AND RESULT

In this section, the model of RSSI and path loss are
characterized. To examine the validity of the proposed
models, the results of RSSI and path loss are validated
with the empirical A2AT-R model and prediction model.

©2021 Journal of Communications

Fig. 7 shows the RSSI versus Rx-UAV altitudes in
different ground reflection conditions. The Grass floor
condition is shown in Fig. 7(a) where the empirical
A2AT-R model is expressed at -21.23 dBm to -44.54
dBm versus Rx-UAV altitudes. While the measured data
of RSSI results are shown at -24.12 dBm to -44.32 dBm.
We show the prediction errors in Table Il where MAE is
5.120 dB, 6.123 dB RMSE, and 0.653 R% It can be
realized that A2AT-R model and measured data are
similar to 65 %. Additionally, the predicted by ANN
algorithm is the lowest of prediction errors where MAE is
1.124 dB, 2.132 dB RMSE, and 0.975 R?, respectively. It
can show that ANN algorithm is optimal to predict the
accuracy of RSSI to 97 % compared with the A2AT-R
model. In Fig. 7(b), we plot the RSSI from the Soil floor.
The RSSI versus Rx-UAV altitudes are -24.76 dBm to -
44.98 dBm. We observe that a comparison between the
empirical A2AT-R model and the measured data is
different than the Grass floor in Fig. 7(a) because it
depends on the propagation environment. Similarly, the
RSSI measured data of the Rubber floor is shown in Fig.
7(c) where RSSI is -25.21 dBm to -48.32 dBm. The
prediction errors in both soil and rubber floor are shown
in Table II. It can be seen that the effect of ground
reflection from the rubber floor occurs at 1 m to 2 m of
Rx-UAV altitudes. On the other hand, it has no ground
reflection situation from the grass and soil floor. Thus,
the fluctuated RSSI from ground reflection is shown in
Fig. 7(c) at 1 m to 2 m Rx-UAV altitudes.

) T T T T T T T T
* — Empirical A2AT-R model

O Measured data

2 ' !
el L, | | | Predicted by ANN algorithm

30 F

RSSI (dBm)

35 F

-40

45 | i ] ] i } i
1 2 3 4 5 6 7 8 9 10
Rx-UAYV altitudes (m)

(a) Grass floor.

-20

T T T T
—— Empirical A2AT-R model
d O Measured data

95 %@ ******** Predicted by ANN algorithm | 4

=30

35 F

RSSI (dBm)

40+

45+

50 . s s . s s s s
1 2 3 4 ) 6 7 8 9 10

Rx-UAYV altitudes (m)
(b) Soil floor.
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Fig. 7. RSSI versus Rx-UAV altitudes in different ground reflection
conditions.

Fig. 8 shows the path loss versus Rx-UAV altitudes in
different ground reflection conditions. Path loss curves
show such as the empirical A2AT-R model, measured
data, Log-distance model [14], and predicted by ANN
algorithm, respectively. The path loss A2AT-R model is
analyzed from Equation (11) where the curve ranges from
10.43 dB to 21.57 dB versus Rx-UAYV altitudes.

TABLE Il: PREDICTION ERRORS OF RSSI

Models Floors MAE RMSE R?
Grass 5.120 6.123 0.653

A2AT-R Soil 6.321 7.221 0.441
Rubber 6.824 7.545 0.412
Grass 1.124 2.132 0.975

Predicted Soil 1.112 2.122 0.976
Rubber 1.553 2.846 0.957

TABLE I11: PREDICTION ERRORS OF PATH LOSS

Models Floors MAE RMSE R?
Grass 5.232 6.545 0.624
A2AT-R Soil 4.664 5.573 0.625
Rubber 4.632 5.633 0.602
Grass 2.124 4212 0.754
Log-distance Soil 2.214 4.355 0.767
Rubber 2.312 4.426 0.748
Grass 1.125 2.251 0.975
Predicted Soil 1.024 2.023 0.975
Rubber 1.322 2.722 0.953

In Fig. 8(a), we plot the path loss values of the Grass
floor where the measured data is varied from 12.54 dB to
30.21 dB and the model of Log-distance is 11.21 dB to
26.32 dB. We note that the path loss component ¢ of
Log-distance model was 2 for free-space environment.
After that, we show the path loss curves of the Soil floor
in Fig. 8(b). The result of Log-distance path loss model is
12.13 dB to 25.67 dB versus Rx-UAV altitudes. On the
other hand, the predicted by ANN algorithm is 12.35 dB
to 26.32 dB path loss curve. To compare the accuracy of
prediction errors, it can be seen that the prediction error
parameters of the predicted by ANN algorithm is lower
than Log-distance model where the performance of R? is
approximately performed to 0.975 or 97 % as shown in
Table I1I. In Fig. 8(c), we observe that the effect of

©2021 Journal of Communications

ground reflection fluctuates at 1 m to 3 m Rx-UAV
altitudes from the prediction model. Therefore, we
distinguish that the ground reflection of Rubber floor has
been affected more than the Grass and Soil floor at 1 m to
3 m Rx-UAV altitude from our measurement data.

Additionally, the prediction errors are shown in Table I11.
35 T T T

—— Empirical A2AT-R model
O Measured data
- === Log-distance [14]

30—+t Predicted by ANN algorithm IO\E)
@
= o"
2 -7
e '@'QO
]
S
E2
a,

1 ) 3 4 5 6 7 8 9 10
Rx-UAV altitudes (m)
(a) Grass floor.

35 T T T T T T T T

Empirical A2AT-R model
O Measured data

- === Log-distance [14]

L Predicted by ANN algorithm |

=]
73
T

,gﬁf'“

02RO

Path loss (dB)

%)
S
T

4 5 6 7 8 9 10
Rx-UAV altitudes (m)
(b) Soil floor.
35 T T T T T T T T
Empirical A2AT-R model
O Measured data
- === Log-distance [14]
0r e Predicted by ANN algorithm | ]

o b
8]

2
3
@

Path loss (dB)
(3]

4 ) 6 7 8 9 10
Rx-UAV altitudes (m)
(c) Rubber floor.

Fig. 8. Path loss versus Rx-UAYV altitudes in different ground reflection
conditions.

1 2 3

To discuss the prediction modeling, we clarify that the
predicted by ANN algorithm can optimal more accuracy
of path loss measurement where the lowest of MAE at
1.322 dB, 2.722 dB RMSE, and 0.953 R* or 95 % of
efficiency. Although the A2AT-R model and the
prediction model are different both RSSI and path loss
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values. However, the A2AT-R model and prediction
modeling can be accomplished for swarm UAVs A2A
channel modeling based on measurement of path loss
characterization.

V1. CONCLUSION

In this paper, we have presented the measurement of
path loss characterization and prediction modeling for
swarm UAVs A2A wireless communication systems. The
empirical A2AT-R model is analyzed to compare with
Log-distance model and predicted by the ANN algorithm
in different ground reflection conditions such as Grass
floor, Soil floor, and Rubber floor, respectively. Based on
our measuring results, it has been shown that RSSI and
path loss modeling relates the propagation distance over
varying Rx-UAV altitudes and Rubber floor has more
reflection coefficient than other floors. The results of our
work can serve as a reference for the swarm UAV A2A
channel modeling-based empirical measurement model.

To study future work, the A2A channel modeling for
UAVs-enabled wireless communication by using the
LoRa communication module at 868 MHz frequency will
be investigated by the path loss characterization.
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