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Abstract: In this paper, we consider an unmanned aerial vehicle (UAV) wireless communication
system where a base station (BS) equipped multi antennas communicates with multiple UAVs, each
equipped with a single antenna, using the LoRa (Long Range) modulation. The traditional approaches
for downlink beamforming design or uplink power allocation rely on the convex optimization
technique, which is prohibitive in practice or even infeasible for the UAVs with limited computing
capabilities, because the corresponding convex optimization problems (such as second-order cone
programming (SOCP) and linear programming (LP)) requiring a non-negligible complexity need to
be re-solved many times while the UAVs move. To address this issue, we propose novel schemes
for beamforming design for downlink transmission from the BS to the UAVs and power allocation
for uplink transmission from the UAVs to the BS, respectively, based on deep learning. Numerical
results demonstrate a constructed deep neural network (DNN) can predict the optimal value of the
downlink beamforming or the uplink power allocation with low complexity and high accuracy.

Keywords: beamforming design; convex optimization; deep learning; LoRa (long range); UAV
(unmmaned aerial vehicle)

1. Introduction

Unmanned aerial vehicle (UAV) wireless communication has attracted a lot of attention
in both academia and industry thanks to a lot of advantages (e.g., alleviating the limitation
of the locality, reaching hazardous area, controllability, etc.) [1–3]; that is, it can provide a
dynamic wireless access wherever one need. However, a critical practical concern for the
UAV wireless communication is to realize a long range communication, which however
is limited in practice due to the limited battery life, as well as low energy efficiency of
the UAV. In addition, when multiple UAVs exist in practice, there might be crosstalk or
interference that would further degrade the communication performance. To address these
issues, we leverage the LoRa (Long Range) [4] modulation with a proper transmission
technique (such as beamforming or power allocation) for the UAV wireless communication,
which is the first attempt in the literature to the best of our knowledge.

LoRa is one of the most popular and widely adopted low-power wide-area net-
work (LPWAN) technologies developed for Internet-of-Things (IoT), because it enables
long-distance communication with high battery/energy efficiency [5,6]. Additionally, the
transmission technique, such as beamforming or power allocation, is even synergetic
when combined with LoRa, because if properly designed or optimized, the received signal
power can be further enhanced (and, thus, enables a much longer communication). In
the literature [7–12], several beamforming or power allocation schemes were developed
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for the non-UAV (i.e., traditional terrestrial) wireless communication based on the convex
optimization-based approaches. Although these schemes can be extended to the UAV
wireless communication (this will be presented in Section 2 as performance benchmarks for
the proposed scheme), they generally require very high computational complexities, which
is prohibitive in practice or even infeasible at the UAVs with limited computing capabili-
ties, because the corresponding convex optimization problems (such as second-order cone
programming (SOCP) and linear programming (LP)) requiring a non-negligible complexity
need to be re-solved many times while the UAVs move. To address this critical complexity
issue, an innovative and effective solution is urgently required. This motivated our work.

In this paper, we consider a UAV wireless communication system where a base
station (BS) equipped multi antennas communicates with multiple UAVs, each equipped
with a single antenna, using the LoRa modulation. In this system, we propose novel
and efficient schemes for beamforming design for downlink transmission from the BS
to the UAVs and power allocation for uplink transmission from the UAVs to the BS,
respectively, based on a deep learning (DL). To address the aforementioned complexity
issue effectively and intelligently, we construct a deep neural network (DNN), such that
the optimal value of the downlink beamforming or the uplink power allocation can be
predicted very efficiently based on the channel state information (CSI). Numerical results
demonstrate the effectiveness and efficiency of the proposed scheme.

The remainder of this paper is organized as follows; The related work is described
in Section 1.1. The system model and problem formulation are described in Section 1.2.
The convex optimization-based conventional approaches and the proposed deep learning
approach are presented in Section 2. The simulation results are presented in Section 3, and
the paper is concluded in Section 4.

Notations: Boldface upper and lower case letters are used to denote matrices and
vectors, respectively. exp(·) denotes an exponential function. The transpose of vectors and
matrices is denoted by (·)T , and we use (·)H to denote Hermitian transpose. Additionally,
‖ · ‖ and 4 are used for denoting the Euclidean norm of vectors and component-wise
inequality, respectively. In addition, Re(·) and Im(·) denote real and imaginary parts of
a complex number, respectively. Additionally, CN (0, σ2) denotes the distribution of a
circularly symmetric complex Gaussian random variable with zero mean and variance σ2.

1.1. Related Work

In [7], the authors only considered the transmitter optimization problem for a multiuser
downlink channel with multiple transmit antennas at the BS, however, they did not leverage the
DNN. Additionally, in [8,9], the optimal beamforming design was derived based on optimization
theory. However, they did not consider the LoRa modulation and the DL. Additionally, the
optimization theory based power allocation scheme was developed in [10–12], however, they
also did not consider the LoRa modulation and the DL. In [13,14], the authors considered
the optimal beamforming problem via deep learning, but they did not deal with the LoRa
modulation. In [15], the authors used the beamforming technique in the LoRa-based sensing
system. However, this work did not mention the method for designing the optimal beamforming
vector. To the best of our knowledge, for the LoRa modulation signal, the deep learning based
beamforming design or power allocation scheme has not been investigated in the literature.

1.2. System Model and Problem Formulation

We consider a UAV wireless communication system where multiple UAVs, each
equipped with a single antenna, communicate with the BS equipped with multiple antennas.
In this paper, we adopt the LoRa as means of wireless communications between the UAVs
and the BS. Additionally, we consider both scenarios of the downlink and the uplink
communications from the BS to the UAVs and from the UAVs to the BS, respectively, which
are shown in Figure 1.
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(a) Downlink (b) Uplink

Figure 1. System models for UAV wireless communications.

1.2.1. LoRa

The LoRa is one of the widely adopted LPWAN technology for the Internet-of-Things
(IoT) that uses chirp spread spectrum as a modulation scheme [5]. The LoRa modulated
signal is capable of detecting symbols correctly (i.e., conducting successful communications)
with a high probability even when the SINR is low [16], which, in turn, enables realizing
long range communication. Furthermore, the LoRa modulation technique is known to
be more robust to frequency/time-selective channel and multipath fading circumstances
than conventional modulation methods such as frequency-shift keying [17]. Due to these
benefits, in this paper, we adopt the LoRa as a means for the wireless communications
between the BS and UAVs.

The LoRa modulated signal is in the form of a sinusoidal wave (i.e., a chirp wave) in
which the frequency increases or decreases linearly with time until it achieves the nyquist
frequency of B/2 or −B/2, where B represents the bandwidth [18]. The LoRa system
supports bandwidths of 125 KHz, 250 KHz, and 512 KHz, as well as a spreading factor (SF)
of 7–12. In the LoRa modulation, there are 2SF different symbols in total, each of which is
allocated different initial frequency values, where SF ∈ {7, · · · , 12} denotes the SF [6]. The
LoRa modulated signal with symbol s ∈ {0, 1, · · · , 2SF − 1} in the continuous-time domain
is defined as [19–21]

xs(t) ,


exp

[
j2π

{(
s

Ns
− 1

2

)
Bt +

B
2Ts

t2
}]

, 0 ≤ t < tfold

exp
[

j2π

{(
s

Ns
− 3

2

)
Bt +

B
2Ts

t2
}]

, tfold ≤ t < Ts

(1)

where Ns = 2SF represents the number of LoRa symbols. Additionally, the symbol duration
and the folding time are denoted by Ts = Ns/B and tfold = Ns−s

B , respectively.
The LoRa modulated signal in the discrete-time domain can be obtained by sampling

the continuous LoRa signal with the sampling rate of B, which is given by

xs[n] , xs(n/B) =


exp

[
j2π

{(
s

Ns
− 1

2

)
n +

n2

2Ns

}]
, n ∈ N1

exp
[

j2π

{(
s

Ns
− 3

2

)
n +

n2

2Ns

}]
, n ∈ N2

(2)

where N1 = {0, 1, · · · , nfold}, N2 = {nfold, · · · , Ns − 1}, and nfold = Ns − s [18]. In this
paper, we consider the LoRa modulation in the discrete-time domain given by (2).
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1.2.2. Downlink Scenario

We first consider the downlink scenario where the BS transmits LoRa signals to the
UAVs. There are K UAVs, each equipped with a single antenna. Additionally, the BS is
equipped with M antennas. The downlink channel and beamforming vectors from the
UAVs to the BS are denoted by hd,k ∈ CM×1 and wk ∈ CM×1, respectively, for k = 1, · · · , K.
Then, the received signal at time slot n is given by

yd,k[n] = hH
d,k[n]

K

∑
i=1

wi[n]xi[n] + zk[n] (3)

where zk[n] ∼ CN (0, σ2) denotes the received noise at the k-th user. Using the orthogonality
property of the LoRa modulated signals (i.e., ∑N−1

n=0 xs[n]x∗s′ [n] = 0 for 0 ≤ s 6= s′ ≤
Ns − 1 [18]), the corresponding SINR can be derived as

SINRd,k[n] =
|hH

d,k[n]wk[n]|2

∑i 6=k |hH
d,k[n]wi[n]|2 + σ2

(4)

which is described in [22].
In the downlink scenario, for each time slot n, we aim to minimize the transmit power

of the BS under the SINR constraints at the UAVs by optimizing the downlink beamforming
vectors {wk[n] : k = 1, · · · , K}, which is formulated as follows:

(P1) : min
{wk [n]}K

k=1

K

∑
k=1
‖wk[n]‖2

s.t. SINRd,k[n] ≥ γd,k, ∀k

(5)

where γd,k denotes the SINR threshold for the k-th UAV. Note that the problem (P1) is a
nonconvex optimization problem since the SINR constraints are all nonconvex.

1.2.3. Uplink Scenario

Next, we consider the uplink scenario where the UAVs send their own information
to the BS using the LoRa. In the uplink scenario, the received signal at the BS and the
corresponding SINR for the k-th UAV are, respectively, given by

yu[n] =
K

∑
k=1

√
pk[n]hu,k[n]xk[n] + z[n], (6)

SINRu,k[n] =
pk[n]||hu,k[n]||2

∑i 6=k pi[n]||hu,i[n]||2 + Mσ2 (7)

where pk[n], hu,k[n] ∈ CM×1, and z[n] denote the transmit power of the k-th UAV, the
uplink channel vector from the k-th UAV to the BS, and the noise vector at time slot n,
respectively.

In the uplink scenario, for each time slot n, we aim to minimize the total transmit
power of the UAVs under the SINR constraints at the BS by optimizing the transmit power
{pk[n] : k = 1, · · · , K} of the UAVs, which is formulated as follows:

(P2) : min
{p[n]}K

k=1

K

∑
k=1

pk[n]

s.t. SINRu,k[n] ≥ γu,k, ∀k.

(8)

where γu,k is the SINR threshold. Similarly to the downlink scenario, the problem (P2) for
the uplink scenario is nonconvex as well.
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2. Downlink Beamforming Design and Uplink Power Allocation
2.1. Methodology: Convex Optimization-Based Downlink Beamforming Design and Uplink
Power Allocation

In this subsection, we present the conventional approaches for the downlink beam-
forming design and uplink power allocation via the convex optimization.

2.1.1. Downlink Scenario

Since the denominator of the SINRd,k[n] in (4) is strictly positive, the constraints of the
problem (P1) can be rewritten as follows:

1
γd,kσ2 |h

H
d,k[n]wk[n]|2 ≥ ∑

i 6=k

1
σ2 |h

H
d,k[n]wi[n]|2 + 1. (9)

It was shown in [23] that the above inequality can be rewritten as follows:

1√
γd,kσ2

Re
{

hH
d,k[n]wk[n]

}
≥
√

∑
i 6=k

1
σ2

∣∣∣hH
d,k[n]wi[n]

∣∣∣2 + 1

=
∥∥∥ 1

σ hH
d,1[n]w1[n], · · · , 1

σ hH
d,k[n]wk[n]

∥∥∥
2
.

(10)

Thus, using (10), the problem (P1) can be reformulated as the following SOCP:

(P1′) : min
{wk [n]}K

k=1

K

∑
k=1
‖wk[n]‖2

s.t. ||hT
d,k[n]W[n], σ|| ≤

√
1 +

1
γd,k

hT
d,k[n]wk[n], ∀k

(11)

where W[n] = [w1[n], · · · , wK[n]]. It is worth noting that both the objective function and
constraints are convex. Thus, the nonconvex problem (P1) is recast into a convex form
in (P1′), which can be solved numerically via convex optimization methods, such as the
interior point method [7].

2.1.2. Uplink Scenario

Similarly to in problem (P1), in problem (P2), the SINR constraints become

SINRu,k[n] ≥ γu,k ⇒ H[n]p[n] 4 −σ2 · 1K×1, ∀k (12)

where H[n] ∈ CK×K and p[n] ∈ RK×1 are, respectively, defined as

H[n] =


− 1

γu,1
‖hu,1[n]‖2, ‖hu,2[n]‖2, · · · ‖hu,K[n]‖2

‖hu,1[n]‖2, − 1
γu,2
‖hu,2[n]‖2, · · · ‖hu,K[n]‖2

...
...

. . .
...

‖hu,1[n]‖2, ‖hu,2[n]‖2, · · · − 1
γu,K
‖hu,K[n]‖2


p[n] = [p1[n], p2[n], · · · pK[n]]T .

(13)

From (12), the problem (P2) can be converted into an LP as follows:

(P2′) : min
pk [n]

1>K×1p[n]

s.t. H[n]p[n] 4 −σ2 · 1K×1.
(14)

As a result, (P2′) can be numerically solved via the convex or linear optimization method.
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2.2. Methodology: Deep Learning-Based Downlink Beamforming Design and Uplink
Power Allocation
2.2.1. Limitations of the Conventional Approaches

The optimization-theoretic approaches described in the previous section yield the
solutions in almost all situations (as long as the problems (P1′) and (P2′) are feasible).
However, such approaches require high computational complexities increasing propor-
tionally to the total number Ns of time slots, which practically prohibited in the UAV
wireless communication system because Ns is typically large (for example, Ns = 4096
when SF = 12, meaning that the optimization problem (P1′) or (P2′) must be re-solved
4096 times). Specifically, in the downlink, solving the SOCP problem (P1′) requires a
large computational complexity of O

(
K1.5M4 log (1/ε)

)
for every time slot n [24], and,

thus, the total computational complexity even becomes grower to O
(

NsK1.5M4 log (1/ε)
)
,

where ε is accuracy for interior-point method (typically, set ε = 1 × 10−6) [25]. Mean-
while, in the uplink, solving the LP problem (P2′) requires a computational complexity
of O

(
M2K log K log (1/ε)

)
for every time slot n [26], and thus, the total computational

complexity even becomes O
(

Ns M2K log K log (1/ε)
)
.

In order to address such complexity issues, in this paper, we propose a new data-driven
cutting-edge approach for the downlink beamforming design and uplink power allocation
in the UAV wireless communication system based on deep learning, which requires a low
and controllable computational complexity of O(K(DinD1 + ∑L−1

i=1 DiDi+1 + DLDout)) (at
the online deployment stage after an offline training), and thus, enables a real-time compu-
tation [27]. Here, Di, Din, and Dout denote the number of nodes in the i-th layer, the number
of nodes in the input layer, and the number of nodes in the output layer, respectively, of the
deep neural network (DNN) constructed in the next section. Additionally, L is the number
of hidden layers. It is worth noting that, if the values of Di’s are properly chosen, the
proposed scheme requires much lower computational complexity than the conventional
scheme (e.g., if we select Di, i = 1 to L that satisfy 1

6

(
DinD1 + ∑L−1

i=1 DiDi+1 + DLDout

)
≥

K0.5M4 in the downlink or 1
6

(
DinD1 + ∑L−1

i=1 DiDi+1 + DLDout

)
≥ M2 log K in the uplink).

In addition, the practical merit of the proposed approach is that the constructed
DNN can be universally applied to both the downlink beamforming design and the uplink
power allocation (i.e., it is usable regardless of whether the scenario is the downlink or the
uplink), although the conventional approach relies particularly on whether the scenario
is the downlink or the uplink. To conclude, the proposed scheme has low computational
complexity and is thus more efficient compared to the conventional schemes for both
scenarios in almost all practical situations (see Tables 1 and 2 for detailed comparisons in
various situations. We used bold to the comparatively lower complexity).

Table 1. Computational complexities for the various (M, K) pairs in the uplink.

(M, K) Conventional Scheme (Uplink) Proposed Scheme

(4, 6) 448 7104
(8, 6) 1793 7872
(16, 8) 11,097 12,544
(32, 8) 44,389 16,640
(64, 10) 245,760 31,040
(128, 10) 983,040 51,520
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Table 2. Computational complexities for the various (M, K) pairs in the downlink.

(M, K) Conventional Scheme (Downlink) Proposed Scheme

(4, 6) 22,574 56,832
(8, 6) 361,192 125,952
(16, 8) 8,897,462 401,408
(32, 8) 142,359,398 1,064,960
(64, 10) 3,183,252,921 3,973,120
(128, 10) 50,930,046,742 13,189,120

The network architecture of the proposed scheme will be elaborated in the next section.

2.2.2. Network Architecture

The architecture of the constructed DNN is shown in Figure 2, of which goal is to
efficiently compute (or predict) the solution to the problem (P1′) in the downlink or (P2′) in
the uplink.

=
1

,

=
1

,

Layer 1 Layer 2 Layer 

Input layer

,1Re{h [ ]}k n

,1Im{h [ ]}k n

,Re{h [ ]}k M n

,Im{h [ ]}k M n

Output layer

Downlink

Uplink

,1Re{w [ ]}k n

,1Im{w [ ]}k n

,Re{w [ ]}k M n

,Im{w [ ]}k M n

[ ]kp nChannel vector 

of -th UAV

ˆ [ ]nw

ˆ [ ]p n

Conventional 

approach

(downlink)

P1 : min

s.t. , ,

1 +
1

, ,

P2 : min ×

. . ×

Backpropagation

Forward propagation

Optimal beamforming vector 

of -th UAV

Optimal transmit power 

of -th UAV

Conventional 

approach

(uplink)

Optimal beamforming vector of -th UAV

Optimal transmit power of -th UAV

Figure 2. The network structure and loss function of the proposed scheme.

The constructed DNN uses the channel vector between the BS and the k-th UAV as
the input and yields the optimal beamforming vector for the k-th UAV in the downlink
scenario or optimal transmit power for the k-th UAV in the uplink scenario. Specifically,
the input and output of the constructed DNN, respectively, are represented as

Input =

{
[Re(hd,k[n]), Im(hd,k[n])]>, for the downlink
[Re(hu,k[n]), Im(hu,k[n])]>, for the uplink

Output =

{
ŵk,θ [n], for the downlink
p̂k,θ [n], for the uplink

(15)

where ŵk,θ [n] and p̂k,θ [n] are the estimate of the solutions to (P1′) and (P2′) for the k-th UAV,
respectively.



Appl. Sci. 2022, 12, 4826 8 of 14

The activation function decides whether or not a neuron will be activated or not and
transferred to the next layer. It helps in the process of backpropagation because of their
differentiable property. During the training process, the loss function is updated, and the
activation function makes the gradient descent curves to achieve their local minima. We
select the exponential linear unit (ELU) [28] as the activation function, which is a widely
adopted activation function to alleviate various practical issues related to training (e.g.,
vanishing/exploding gradient [29] and dying ReLU problem [30]), which is given by

ELU(x) =

{
x, if x > 0
µ(exp (x)− 1), if x ≤ 0

(16)

where x denotes an input feature, and µ represents a hyperparameter that controls the
saturation value.

2.2.3. Training Procedure

The constructed DNN is trained in a supervised manner. Specifically, let w∗k [n] and
p∗k [n] be the solutions to (P1′) and (P2′) for the k-th UAV, respectively. Then, for the training
of the constructed DNN, we take the label as w∗k [n] in the downlink and p∗k [n] in the uplink.

For prediction with the minimum error, we select mean squared error (MSE) between
the label and the output of the constructed DNN as the loss function as follows:

L(θ) =
{

1
Nd

∑Nd
i=0 ‖w

∗
i [n]− ŵθ,i[n]‖2, for the downlink

1
Nu

∑Nu
i=0

(
p∗i [n]− p̂θ,i[n]

)2, for the uplink
(17)

where θ denotes the parameters of the constructed network. Additionally, Nd, and Nu
denote the number of training samples for the downlink and the number of training
samples for the uplink, respectively.

The weight update through the gradient descent is known to be effective and widely
adopted [31]. The update rule of the gradient descent algorithm is described as follows:

θt+1 ← θt − α∇θtL(θt) (18)

where α > 0 is the learning rate, which determines the step size of the update.
For the UAV wireless communication, it is utmost important to realize good gener-

alization behavior and fast convergence rate. Toward these goals, we adopt Nadam [31],
which is a combination of nesterov accelerated gradient (NAG) [32] and adaptive moment
estimation (Adam) [33] algorithm, in which the gradient can be expressed as

θt+1 ← θt −
α√

v̂t + ζ
(βm̂t +

(1− β)∇θtL(θt)

1− βt ) (19)

where β, m̂, and v̂ denote the decay rate of the first momentum vector, the bias-corrected
first momentum vector, and the bias-corrected second momentum vector, respectively.
Additionally, ζ is added to prevent the denominator from becoming zero (typically, set
ζ = 1 × 10−6).

3. Numerical Results

In this section, we compare the performance of the proposed scheme to that of the
conventional approaches through the numerical results. In the simulation, we consider the
LoRa signals with B = 500 kHz and Rician fading channel model which is given by

h[n] = (κ/(1 + κ))(1/2)hLOS[n] + (1/(1 + κ)(1/2)hscatter[n] (20)

with the K-factor set to κ = 13 dB, where the first term and the second term denote the line
of sight (LOS) component and the scattering component, respectively. Additionally, the



Appl. Sci. 2022, 12, 4826 9 of 14

solutions to (P1′) and (P2′) are obtained via the MATLAB CVX solver [34]. The batch size
and the learning rate for the proposed scheme are set to 1 and 0.01, respectively. In addition,
the constructed DNN consists of three hidden layers each with 16, 32, and 16 nodes. The
simulations are conducted in the range of 0 dB ≤ γd,k ≤ 50 dB in the downlink and 0 dB
≤ γu,k ≤ 0.5 dB in the uplink, respectively. Additionally, the velocities of all UAVs are set
to be the same as v and the SINR threshold for both the downlink and uplink scenarios is
set to γ = γd,k = γu,k, ∀k.

In Figure 3, we plot the computational complexities of the conventional scheme and
the proposed scheme with a fixed number of antennas of BS M = 32. From Figure 3, we can
observe that the proposed scheme has lower complexity than conventional optimization
based scheme for each scenario.

(a) Downlink (b) Uplink

Figure 3. Computational complexities of the conventional scheme and the proposed scheme.

In Figure 4, we plot learning curves of the proposed scheme in the downlink for K = 2
and K = 5, respectively, when the UAVs’ velocity v is set to 160 km/h. From Figure 4, we
can observe that during the training and validation, the MSE (i.e., loss function) tends to
decrease as the epoch increases, meaning that the proposed scheme learns the solution to
(P1′) well. Additionally, one can see that the MSE for the validation tends to be below the
training curve due to the use of Dropout [35]. In the simulations, the dropout rates for each
hidden layer L1, L2, and L3 were set to 0.2, 0.3, and 0.3, respectively.

(a) K = 2 (b) K = 5

Figure 4. Learning curve of the proposed scheme for the downlink with v = 160 km/h.
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In Figure 5, the minimum transmit power is shown versus the SINR threshold γ for
the downlink to compare the performance of the proposed scheme with the solution to
(P1′), where we set v = 160 km/h. From the Figure 5, we can observe that the constructed
DNN accurately predicts the solution to (P1′) over the entire regime of γ except for the low
regime of γ.

(a) K = 2 (b) K = 5

Figure 5. Minimum transmit power versus the SINR threshold for the downlink with v = 160 km/h.

Figure 6 shows the minimum transmit power versus the SINR threshold γ in the
downlink for the same simulation setup as in Figure 5 except that v is set to 300 km/h.
From the Figure 6, one can see the similar behaviors as in the Figure 5. Specifically, the
constructed DNN is able to precisely approximate the solution to (P1′) when the value of γ
is between 10 dB and 50 dB, i.e., 10 dB ≤ γ ≤ 50 dB, while it tends to slightly overestimate
the solution to (P1′) when the value of γ is below 10 dB, i.e., γ < 10 dB. Additionally, From
Figures 5 and 6, we can further observe that the proposed scheme works robustly to the
velocity variation of the UAVs, i.e., the predicted result well approximates the solution to
(P1′) regardless of the UAVs’ velocity.

(a) K = 2 (b) K = 5

Figure 6. Minimum transmit power versus the SINR threshold for the downlink with v = 300 km/h.
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In Figure 7, we plot the learning curves of the proposed scheme in the uplink when
v = 160 km/h with K = 2 and K = 5, respectively. From these results, one can see that the
losses and MSEs of the proposed scheme gradually decrease. Additionally, for the same
reason as in the Figure 4 (i.e., due to the use of Dropout), the validation curves tend to be
below the training curves.

(a) K = 2 (b) K = 5

Figure 7. Learning curve of the proposed scheme for the uplink with v = 160 km/h.

Figure 8 depicts the minimum transmit power versus the SINR threshold γ for the
uplink when v = 160 km/h. From the Figure 8, one can see that the constructed DNN well
approximates the solution to (P2′) when 0.1 dB ≤ γ ≤ 0.5 dB while it tends to slightly
overestimate when γ < 0.1 dB.

(a) K = 2 (b) K = 5

Figure 8. Minimum transmit power versus the SINR threshold for the uplink with v = 160 km/h.

Figure 9 shows the performance of the proposed scheme in the uplink for the same
simulation setup as in Figure 8 except that v is set to 300 km/h. From Figure 9, we can
also observe that the constructed DNN precisely approximates the solution to (P2′) when
0.1 dB ≤ γ ≤ 0.5 dB, while it tends to slightly overestimate the solution to (P2′) otherwise.
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(a) K = 2 (b) K = 5

Figure 9. Minimum transmit power versus the SINR threshold for the uplink with v = 300 km/h.

4. Conclusions

In this paper, we proposed the universal and efficient DL-based scheme to predict the
optimal beamforming vector in the downlink scenario or the transmit power allocation in
the uplink scenario with very low computational complexity. We trained the constructed
DNN to minimize the MSE-based loss function. The numerical results showed that the
proposed scheme could precisely approximate the solutions (i.e., labels) with low compu-
tational complexity. An important future work for UAV wireless communications is to
maximize the achievable rate using the proposed scheme.
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Abbreviations
The following abbreviations are used in this manuscript:

Adam Adaptive Moment Estimation
BS Base Station
CSI Channel State Information
DL Deep Learning
DNN Deep Neural Network
ELU Exponential Linear Unit
IoT Internet of Things
LoRa Long Range
LP Linear Programming
LPWAN Low-Power Wide-Area Network
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NAG Nesterov Accelerated Gradient
QoS Quality of Service
SF Spreading Factor
SINR Signal-to-Interference-plus-Noise Ratio
SOCP Second-Order Cone Programming
UAV Unmanned Aerial Vehicle
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