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Abstract—As traditional cellular base stations (BSs) are opti-
mized for 2D ground service, providing 3D connectivity to un-
crewed aerial vehicles (UAVs) requires re-engineering of the exist-
ing infrastructure. In this paper, we propose a new methodology
for designing cellular networks that cater for both ground users
and UAV corridors based on Bayesian optimization. We present a
case study in which we maximize the signal-to-interference-plus-
noise ratio (SINR) for both populations of users by optimizing the
electrical antenna tilts and the transmit power employed at each
BS. Our proposed optimized network significantly boosts the UAV
performance, with a 23.4 dB gain in mean SINR compared to an
all-downtilt, full-power baseline. At the same time, this optimal
tradeoff nearly preserves the performance on the ground, even
attaining a gain of 1.3 dB in mean SINR with respect to said
baseline. Thanks to its ability to optimize black-box stochastic
functions, the proposed framework is amenable to maximize any
desired function of the SINR or even the capacity per area.

I. INTRODUCTION

Next-generation mobile networks are expected to provide

reliable connectivity to UAVs1 for low-latency control and

mission-specific data payloads [1]–[3]. However, cellular base

stations (BSs) are traditionally designed to optimize 2D con-

nectivity on the ground, which results in UAVs not being

reached by their primary antenna lobes. Furthermore, UAVs

flying above buildings experience line-of-sight (LoS) inter-

ference from numerous BSs, causing a degraded signal-to-

interference-plus-noise ratio (SINR) [4], [5]. Achieving 3D

connectivity requires re-engineering existing ground-focused

deployments. Recent proposals for ubiquitous aerial connec-

tivity rely on network densification [6], [7], dedicated infras-

tructure for aerial services [8], [9], or utilizing satellites to

supplement the ground network [10], all of which may require

costly hardware or signal processing upgrades.

Pessimistic conclusions from the above stem from the

assumption that UAVs will fly uncontrollably and that cellular

networks must provide coverage in every 3D location. How-

ever, as the number of UAVs increases, they could be restricted

to specific air routes, known as UAV corridors, regulated by

the appropriate authorities [11]. With the concept of UAV

corridors gaining acceptance, researchers have started studying

UAV trajectory optimization by matching a UAV’s path to
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1Short for uncrewed aerial vehicles, commonly known as drones.

the best network coverage pattern [12]–[15]. However, the

definition of UAV corridors will likely prioritize safety over

network coverage, limiting the scope of coverage-based UAV

trajectory optimization and requiring instead a 3D network

design tailored to UAV corridors. Recent research has focused

on fine-tuning cellular deployments for UAV corridors using

ad-hoc system-level optimization [16]–[19], as well as theoret-

ical analysis [20]–[22]. Despite these promising contributions,

a scalable optimization framework is still needed to maximize

performance functions that are mathematically intractable.

In this paper, we propose a new methodology based on

Bayesian optimization (BO) to design a cellular deployment

for both ground users (GUE) and UAVs flying along corridors.

For traditional ground-focused networks, BO has proven useful

in achieving coverage/capacity tradeoffs [23], optimal radio

resource allocation [24], [25], and mobility management [26].

BO can effectively maximize expensive-to-evaluate stochas-

tic performance functions, and unlike other non-probabilistic

methods, converge rapidly without requiring a large amount of

data. As a case study, we maximize the mean SINR perceived

by GUEs as well as UAVs on corridors by optimizing the

electrical antenna tilts and the transmit power employed by

each BS. We do so under realistic 3GPP assumptions for the

network deployment and propagation channel model.

Our main findings can be summarized as follows:

• The proposed algorithm reaches convergence in less than

170 iterations for all scenarios tested. In all cases, after as

few as 80 iterations, the algorithm only falls short of its final

performance by less than 10 %.

• Unlike a traditional cellular configuration where all BSs

are downtilted and transmit at full power, pursuing a signal

quality tradeoff between the ground and the UAV corridors

results in a subset of the BSs being uptilted, with the rest

remaining downtilted or turned-off. Such configuration is

highly non-obvious and difficult to design heuristically.

• The proposed optimized network boosts the SINR on the

UAV corridor, with a 23.4 dB gain in mean compared to

an all-downtilt, full-power baseline. Meanwhile, it nearly

preserves the SINR on the ground, even attaining a gain of

1.3 dB in mean SINR with respect to said baseline.

II. SYSTEM MODEL

We now introduce the deployment, channel model, and

performance metric considered. (Also see Table I.)
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Fig. 1: Cellular network with downtilted and uptilted BSs supporting
GUEs and UAVs flying along corridors (blurred green) [21].

A. Network Deployment

We consider the downlink of a cellular network as specified

by the 3GPP [27], [28]. A total of 57 BSs are deployed at

a height of 25 m. BSs are deployed on a wrapped-around

hexagonal layout consisting of 19 sites with a 500 m inter-

site distance (ISD). A site comprises three co-located BSs,

each creating a sector (i.e., a cell) spanning a 120◦ angle in

azimuth. Let B denote the set of BSs. We set the transmit

power pb ≤ 46 dBm and vertical antenna tilt θb ∈ [−90◦, 90◦]
of each BS b ∈ B as the object of optimization, with negative

and positive angles denoting downtilts and uptilts, respectively.

The network serves all user equipment (UE), i.e., both GUEs

and UAVs, whose sets are denoted as G and U, respectively.

All GUEs are distributed uniformly across the entire cellular

layout at a height of 1.5 m, with an average of 15 GUEs

per sector. UAVs are uniformly distributed along a predefined

aerial region consisting of four corridors arranged as specified

in Table I and illustrated in Fig. 5, with an average of 50

uniformly deployed UAVs per corridor.

B. Propagation Channel

The network operates on a 10 MHz band in the 2 GHz

spectrum, with the available bandwidth fully reused across

all cells. All radio links experience path loss and lognormal

shadow fading. BSs are equipped with a directive antenna with

a maximum gain of 8 dBi and a vertical (resp. horizontal) half-

power beamwidth of 10◦ (resp. 65◦). All UEs are equipped

with a single omnidirectional antenna. We denote Gb,k as the

large-scale power gain between BS b and UE k, comprising

path loss, shadow fading, and antenna gain, with the latter

depending on the antenna tilt θb. We denote hb,k as the small-

scale block fading between cell b and UE k. We assume

that the GUEs undergo Rayleigh fading and that the UAV

links experience pure LoS propagation conditions, given their

elevated position with respect to the clutter of buildings.2 Each

UE k is associated with the BS bk providing the largest average

received signal strength (RSS).

2The small-scale fading model does not affect the conclusions drawn herein.

TABLE I: System-level parameters [27], [28]

Deployment

Cellular layout Hexagonal grid, ISD = 500m, three sectors per
site, one BS per sector at 25 m, wrap-around

Frequency band 10 MHz in the 2 GHz band

BS max power 46 dBm [27]

BS antenna Vert./Horiz. HPBW: 10◦/65◦ , max. gain: 8 dBi

Users

GUE distribution 15 per sector on average, at 1.5 m

UAV distribution

Uniform in four aerial corridors with coordinates:

[−650,−610]× [−780, 780] at 150 m

[−780, 780]× [−650,−610] at 120 m

[−780, 780]× [610, 650] at 120 m

[610, 650]× [−780, 780] at 150 m

50 UAVs per corridor on average (also see Fig. 5)

User association Based on RSS (large-scale fading)

User antenna Omnidirectional, gain: 0 dBi

Channel model

Large-scale fading Urban Macro as per [27], [28]

Small-scale fading GUEs: Rayleigh. UAVs: pure LoS.

Thermal noise -174 dBm/Hz density, 9 dB noise figure

C. Performance Metric

The downlink SINR in decibels (dB) experienced by UE

k from its serving BS bk on a given time-frequency physical

resource block is given by

SINRdB,k = 10 log10




pbk ·Gbk,k · |hbk,k|
2

∑
b∈B\bk

pb ·Gb,k · |hb,k|2 + σ2
T


 ,

(1)

where σ2
T denotes the thermal noise power. The SINR in (1)

depends on the vertical antenna tilts θb as well as on the

transmit powers pb of all BSs—the former through the large-

scale gains Gb,k, b ∈ B.

Our goal is to determine the set of BS antenna tilts and

transmit powers that maximize the downlink SINR in (1)

averaged over all UEs in the network.3 We therefore define

the following objective function f(·) to be maximized:

f (θ,p) =
λ

‖U‖
·
∑

k∈U

SINRdB,k +
1− λ

‖G‖
·
∑

k∈G

SINRdB,k, (2)

where the vectors θ and p respectively contain the antenna tilts

θb and transmit powers pb of all BSs b ∈ B and ‖·‖ denotes

the cardinality of a set. The parameter λ ∈ [0, 1] is a mixing

ratio that trades off GUE and UAV performance. As special

cases, λ = 0 and λ = 1 optimize the cellular network for

GUEs only and UAVs only, respectively.

III. PROPOSED METHODOLOGY

In this paper, we use Bayesian optimization to determine the

set of BS antenna tilts and transmit powers that maximize the

objective function defined in (2). BO is a framework suitable

for black-box optimization, where the objective function f(·)

3Note that the proposed framework is amenable to maximize any desired
function—not necessarily the mean—of the RSS, SINR, or the capacity.



is non-convex, non-linear, stochastic, high-dimensional and/or

computationally expensive to evaluate. In essence, BO uses the

Bayes theorem to perform an informed search over the solution

space, and works by iteratively constructing a probabilistic

surrogate model of the function being optimized based on

prior evaluations of such function at a number of points in the

search space [29]. The surrogate model is easier to evaluate

than the function being optimized and is updated with each

point evaluated. An acquisition function α(·) is then used to

interpret and score the response from the surrogate to decide

which point in the search space should be evaluated next. The

acquisition function balances exploration (searching for new

and potentially better solutions) and exploitation (focusing on

the currently best-performing solutions). Further details on our

methodology are provided as follows.

A. Evaluation of the Objective Function and Surrogate Model

In this paper, a query point x = [θ⊤,p⊤]⊤ is defined by

a configuration of antenna tilts θb and transmit powers pb
of all BSs b ∈ B. The corresponding value of the objective

function f(x) is the mean SINR over all UEs under given

antenna tilts θ and transmit powers p and is obtained from

(2). For convenience, let us define X = [x1, . . . , xN ] as a

set of N points and f(X) = [f1, . . . , fN ]⊤ as the set of

corresponding objective function evaluations, with fi = f(xi),
i = 1, . . . , N . As described in Section II, the objective f(·)
being optimized is a mathematically intractable stochastic

function driven by the models and assumptions further detailed

in Table I, which may be obtained by a cellular operator in

real-time. To validate our proposed framework, we evaluate

f(·) through system-level simulations. Such simulations are

affected by the inherent randomness of the UE locations and

the probabilistic channel model in (1), thus yielding a noisy

sample f̃(x) when evaluating a given point x.

Following a standard BO framework, we use a Gaussian

process (GP) regressor to create a surrogate model that ap-

proximates the objective function, denoted as f̂(·) [29]. The

resulting GP model allows to predict the value of f̃(x) for

a queried point x given the previous observations f̃(X) = f̃

over which the model is constructed. Formally, the GP prior

on the objective f̃(x) prescribes that, for any set of inputs X,

the corresponding objectives f̃ are jointly distributed as

p( f̃ ) = N( f̃ |µ(X),K(X) ), (3)

where µ(X) = [µ(x1), . . . , µ(xN )]⊤ is the N×1 mean vector,

and K(X) is the N ×N covariance matrix, whose entry (i, j)
is given as [K(X)]i,j = k(xi, xj) with i, j ∈ {1, . . . , N}. For

any point x, the mean µ(x) provides a prior knowledge on the

objective f(x), while the kernel K(X) indicates the uncertainty

across pairs of values of x.

Given a set of observed noisy samples f̃ at previously

sampled points X, the posterior distribution of f̂(x) at point x

can be obtained as

p(f̂(x) = f̂ |X, f̃ ) = N(f̂ |µ(x |X, f̃), σ2(x |X, f̃)), (4)

with

µ(x |X, f̃) = µ(x) + k̃(x)⊤(K̃(X))−1 (̃f− µ(X)), (5)

σ2(x |X, f̃) = k(x, x)− k̃(x)⊤(K̃(X))−1 k̃(x), (6)

where k̃(x) = [k(x, x1), . . . , k(x, xN )]⊤ is the N × 1 covari-

ance vector and K̃(X) = K(X) + σ2IN, with σ2 denoting the

observation noise represented by the variance of the Gaussian

distribution, and IN denoting the N × N identity matrix.

Note that (5) and (6) represent the mean and variance of the

estimation, the latter indicating the degree of confidence.

B. Proposed BO Algorithm and Acquisition Function

The proposed BO algorithm starts by creating a

GP prior {µ(·), k(·, ·)} based on a dataset D =
{x1, . . . , xNo

, f̃1, . . . , f̃No
} containing No initial observations.

The dataset is constructed via system-level simulations accord-

ing to the model and objective function defined in Section II.

The antenna tilts θi and transmit powers pi for every obser-

vation point xi = [θ⊤
i ,p

⊤
i ]

⊤ in D are chosen randomly in

[−90◦, 90◦] and [6 dBm, 46 dBm], respectively.

Once the initial GP prior is constructed, the vectors θ0

and p0 are initialized with all entries set to 0◦ and 46 dBm,

respectively. We denote f̃∗ as the best observed objective

value, which is initialized to f̃∗
0 = −∞. The algorithm then

iterates over each BS b ∈ B, one at a time.4 At each such

iteration n, only the antenna tilt and transmit power of the

BS bn under consideration are updated, while keeping the

remaining entries of θn and pn fixed to their values from

the previous iteration. The query point under optimization is

thus reduced to a two-dimensional vector that we will denote

as x̂n = [θbn , pbn ].
The algorithm then leverages the observations in D to

choose x̂n. This is performed via an acquisition function α(·),
which is designed to trade off the exploration of new points in

less favorable regions of the search space with the exploitation

of well-performing ones. The former prevents getting caught in

local maxima, whereas the latter minimizes the risk of exces-

sively degrading performance.5 In what follows, we adopt the

expected improvement (EI) as the acquisition function, which

has shown to perform well in terms of balancing the trade-

off between exploration and exploitation [24], [29]. At every

iteration n, the EI tests and scores a set of Nc randomly drawn

candidate points {x̂cand1 , . . . , x̂candNc
} through the surrogate

model. The EI is defined as [24], [30]

α (x̂cand |D) = [µ (x̂cand |D) − f̂∗ − ξ] · Φ(δ)

+ σ2 (x̂cand |D) · φ(δ),
(7)

where f̂∗ = maxi {f̂candi} denotes the current best approx-

imated objective value according to the surrogate model, Φ

4At iteration n, the BS considered is thus bn = ((n−1) mod ‖B‖)+1.
5While in this paper we run the proposed optimization on system-level

simulations, its practical implementation requires testing the performance
(mean SINR) of each candidate point (BS tilt and power) in a real network,
whereby it becomes undesirable to explore poorly performing points.



Fig. 2: Convergence of the proposed algorithm, showing the evolution
of the best observed objective vs. the number of iterations n.

(resp. φ) is the standard Gaussian cumulative (resp. density)

distribution function, and

δ =
µ (x̂cand |D) − f̂∗ − ξ

σ2 (x̂cand |D)
, (8)

with µ(x̂cand |D) and σ2 (x̂cand |D) given in (5) and (6),

respectively. The parameter ξ ∈ [0, 1) in (7) and (8) regulates

the exploration vs. exploitation tradeoff, with larger values

promoting the former, and vice versa. In this paper, we aim

for a risk-sensitive EI acquisition function and set ξ = 0.01.

Leveraging batch evaluation, which allows for automatic

dispatch of independent operations across multiple computa-

tional resources (e.g., GPUs), at each iteration we evaluate a

set of Nc = 500 candidate points through the surrogate model,

using 10 batches each consisting of 50 points. The query point

x̂n is then chosen as

x̂n = arg max
i

α (x̂candi |D) . (9)

Once x̂n = [θbn , pbn ] is determined, the vectors θn and pn are

obtained from θn−1 and pn−1 by replacing their bn-th entries

with θbn and pbn , respectively, yielding xn = [θ⊤
n ,p

⊤
n ]

⊤.

A new observation of the objective function f̃(xn) is then

produced, and the dataset D, the GP prior, and the best

observed objective value f̃∗ are all updated accordingly. The

algorithm then moves on to optimizing the antenna tilt and

transmit power of BS bn+1, until all BSs in B have been

optimized. This loop over all BSs is then repeated until the

best observed value f̃∗ has remained unchanged for ℓmax

consecutive loops, after which the algorithm recommends the

point x∗ that produced the best observation f̃∗. The proposed

approach is summarized in Algorithm 1.

IV. NUMERICAL RESULTS

In this section, we present the results obtained when ap-

plying our proposed framework introduced in Section III on

the system model defined in Section II, for three values of λ,

Algorithm 1 Proposed BO algorithm

Input: Initial dataset D = {x1, . . . , xNo
, f̃1, . . . , f̃No

};
Output: Optimal configuration x∗;

Initialization:

Create a GP prior {µ(·), k(·, ·)} using D and (3);

Set all entries of θ0 to 0◦ and all entries of p0 to 46 dBm;

Set x0 = [θ⊤
0 ,p

⊤
0 ]

⊤, n = ℓ = 1, ℓmax = 3, f̃∗ = f̃∗
0 = −∞;

while ℓ ≤ ℓmax do
bn = ((n− 1) mod ‖B‖) + 1;

Draw Nc random candidate points {x̂cand1 , . . . , x̂candNc
};

Evaluate all candidate points using (7);

Obtain x̂n = [θbn , pbn ] from (9);

Update xn with θbn and pbn ;

Obtain observation f̃n = f̃(xn) using (2);

Augment D by including xn and f̃n;

Update the GP prior {µ(·), k(·, ·)} using D and (3);

if f̃n > f̃∗
n−1 then

f̃∗
n ← f̃n; x∗n ← xn;

end

else

f̃∗
n ← f̃∗

n−1;

end

if bn = ‖B‖ then

if f̃∗
n > f̃∗ then

f̃∗ ← f̃∗
n; x∗ ← x∗

n; ℓ← 0;

end

ℓ← ℓ+ 1;
end

n← n+ 1;
end

namely 0, 1, and 0.5. We recall that these values correspond

to optimizing the cellular network for GUEs only, for UAVs

only, and for both with equal weight, respectively. The BO

algorithm is run on BoTorch, an open-source library built upon

PyTorch [31]. We use the Matern-5/2 kernel for K(X) and fit

the GP hyperparameters using maximum posterior estimation.

Convergence of the BO framework: Fig. 2 shows the con-

vergence of the proposed BO algorithm by illustrating the best

observed objective at each iteration n. Convergence is reached

in less than 170 iterations for all three values of λ. In all cases,

after as few as 80 iterations the algorithm only falls short of its

final performance by less than 10%. In the remainder of this

section, we discuss the network configuration recommended

by the algorithm and quantify its final performance.

Optimal network configuration: Fig. 3 and Fig. 4 respec-

tively show the optimal values of the vertical electrical antenna

tilts θ and transmit powers p for the case λ = 0.5, where a

tradeoff is sought between SINR on the ground and along

the aerial corridors. In both figures, the BS index denotes

the deployment site (black dots in Fig. 5), each comprising

three sectors (cells). Markers indicate whether each cell is

serving GUEs (green circles), UAVs (blue diamonds), or it is

switched off to mitigate unnecessary interference (red crosses).

The figures show that, unlike a traditional cellular network



Fig. 3: Optimized BS tilts for both GUEs and UAVs (λ = 0.5).
Green circles, blue diamonds, and red crosses respectively denote
BSs serving GUEs, serving UAVs, and switched off.

Fig. 4: Optimized BS power for both GUEs and UAVs (λ = 0.5).

configuration where all BSs are downtilted (e.g., to −12◦ [27])

and transmit at full power, pursuing an SINR tradeoff between

the ground and the UAV corridors results in a subset of the BSs

being uptilted (i.e., a total of 13 BSs), with the rest remaining

downtilted or turned off. Such configuration is non-obvious

and would be difficult to design heuristically.

Connectivity along UAV corridors: Fig. 5 shows the result-

ing cell partitioning for the UAV corridors when the network is

optimized for both populations of UEs with the recommended

values for BS tilts and transmit powers given in Fig. 3 and

Fig. 4 for λ = 0.5. Note that only the 13 up-tilted BSs (blue

diamonds in Fig. 3) are exploited to provide service along the

UAV corridors, each covering a different segment according

to their geographical location and orientation.

Resulting SINR performance: Fig. 6 shows the cumulative

distribution function (CDF) of the SINR perceived by GUEs

(solid lines) and UAVs (dashed lines) when the cellular net-

work is optimized for GUEs only (λ = 0, red), UAVs only

Fig. 5: Cell partitioning for UAV corridors when the cellular network
is optimized for both GUEs and UAVs (λ = 0.5).

(λ = 1, green), and both (λ = 0.5, blue). The performance

of a traditional cellular network (black) is also shown as a

baseline for comparison, where all BSs are downtilted to −12◦

and transmit at full power as per 3GPP recommendations [27].

In the sequel, we provide further tips to easily interpret Fig. 6:

• The curves labeled as {GUE, λ = 0} (solid red) and {UAV,

λ = 1} (dashed green) can be regarded as performance

upper bounds for GUEs and for UAVs. This is performance

achieved when BS tilts and powers are optimized for mean

SINR at GUEs only and UAVs only, respectively.

• The curves for λ = 0.5 (solid and dashed blue) show the

optimal tradeoff reached by the proposed BO framework

when the cellular network is designed to cater for both GUEs

and UAV corridors, with equal weight.

Fig. 6 demonstrates that the proposed framework can optimize

the cellular network in a way that significantly boosts the UAV

SINR, with a 23.4 dB gain in mean compared to the all-

downtilt, full-power baseline (dashed blue vs. dashed black).

The UAV SINR even approaches the upper bound obtained

when the network disregards the performance on the ground,

falling short by only 1.2 dB in mean (dashed blue vs. dashed

green). At the same time, the solution nearly preserves the

GUE SINR (solid blue), incurring a loss of 2.6 dB in mean

with respect to the upper bound (solid red).

When compared to the 3GPP all-downtilt, full-power base-

line [27] (solid black), the optimal solution even attains a gain

of 1.3 dB in mean GUE SINR. Indeed, said baseline was not

designed for SINR, but rather for spatial reuse and capacity. It

should thus come as no surprise that it slightly underperforms

the proposed framework in terms of mean SINR.

V. CONCLUSION

In this paper, we proposed a new methodology to design a

cellular deployment for both ground and aerial service based

on Bayesian optimization.



Fig. 6: SINR for UAVs (dashed) and GUEs (solid) when the network
is optimized for GUEs only (λ = 0), UAVs only (λ = 1), and both
(λ = 0.5), and for an all-downtilt, full-power baseline (3GPP).

Summary of results: As a case study, we maximized the

mean SINR perceived by GUEs as well as UAVs on corridors

by optimizing the electrical antenna tilts and the transmit

power employed at each BS. Unlike a traditional cellular

network configuration in which all BSs are downtilted and

transmit at full power, pursuing a signal quality tradeoff

between the GUEs and UAVs on corridors results in a subset

of the BSs being uptilted, with the rest remaining downtilted or

turned off. Under this setting, our algorithm finds an optimal

configuration that significantly boosts the UAV SINR, with

a 23.4 dB gain in mean compared to an all-downtilt, full-

power baseline. Meanwhile, this tradeoff nearly preserves the

performance on the ground, even attaining a gain of 1.3 dB

in mean SINR with respect to said baseline.

Future research directions: Thanks to its ability to optimize

intractable stochastic functions, the proposed framework is

amenable to maximize other objectives of interest, such as an

arbitary function of the RSS, SINR, or the channel capacity.

In particular, we conjecture that maximizing the capacity per

area would lead to a different network configuration than the

one obtained for the present case study. Furthermore, while

in this article we defined a single objective function capturing

the performance on the ground and along UAV corridors, an

extension of this work could consider multi-objective BO by

defining separate performance functions for the GUEs and

UAVs on corridors. The goal would then be the one of finding

the Pareto front: a set of non-dominated solutions such that

no objective can be improved without deteriorating another.
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