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Abstract—This paper proposes an efficient framework for
the joint base-station selection and configuration optimization
that maximizes the communication coverage over a target area.
Base stations must be carefully designed prior to the system
deployment; however, the objective function for practical wireless
channels cannot be expressed in a closed form, requiring a
closed-box optimization method that iterates parameter search
and channel simulation. This problem is difficult to solve effi-
ciently because the channel simulation, such as ray tracing, is
computationally expensive, and the optimization follows a mixed
combinatorial/continuous problem with high-dimensional inputs.
To address this, the proposed method consists of i) ray-tracing-
based feature extraction and ii) Bayesian optimization (BO).
The method first extracts propagation fingerprints from path-
gain distributions obtained for representative transmit directions.
After combining them with candidate-position information and
reducing their dimensionality, standard BO searches for the
optimal base-station configuration in this feature space. Per-
formance evaluation for a mmWave communication system in
two urban scenarios demonstrates that the proposed method
achieves approximately 3.4 — 6.6 percent point higher required-
throughput achievement ratios than baseline methods such as
the genetic algorithm.

Index Terms—Bayesian optimization, Gaussian process regres-
sion, closed-box optimization

I. INTRODUCTION

The amount of data delivered over the Internet has been
increasing over the last decade, and content that requires
real-time responsiveness has also rapidly become widespread.
In addition, these services are increasingly accessed not
only through high-speed fixed-line networks but also through
wireless communication devices such as smartphones and
autonomous vehicles. However, wireless signals are strongly
affected by site-specific propagation effects such as building
geometry, blockage, and reflection. To provide high-speed and
responsive services over communication area of interest under
limited wireless resources, it is important to carefully design
base-station deployment locations and antenna configurations
in advance of the system deployment [1].

The base-station design faces two practical challenges.
First, coverage evaluation requires modeling site-specific
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propagation effects. While ray tracing can accurately capture
these effects, its high computational cost limits large-scale
candidate evaluation. Second, the design problem involves
both selecting base station locations from discretized can-
didate points and optimizing their antenna parameters. This
feature leads to an optimization problem combining discrete
selection and conditional continuous variables.

Bayesian optimization (BO) is a method for efficiently opti-
mizing an expensive closed-box function with a small number
of trials; it has also been applied to base-station location
and transmit-power design based on channel simulation [2].
However, typical BO mainly focuses on continuous optimiza-
tion problem; i.e., its naive implementation cannot directly
handle discrete structures such as the base-station candidate
selection. Some BO methods have been proposed for discrete
(or combinatorial) structures, including Bayesian optimization
of combinatorial structures [3] and combinatorial Bayesian
optimization using the graph Cartesian product [4]. However,
these methods mainly target combinatorial spaces and are not
directly applicable to the conditional mixed-variable space
considered in this study, where continuous antenna parameters
must be optimized jointly with base-station selection.

In this paper, we propose feature-aware BO for base-station
selection and continuous-valued parameter configuration by
leveraging propagation features obtained from ray tracing. In
the proposed method, in addition to the geometric positions
of the base-station candidate points, path-gain information
derived from ray tracing for representative transmit direc-
tions is extracted as features. Using these features can map
combinations of selected base stations and their antenna
configurations into a unified continuous feature space. As a
result, candidate points that are similar in terms of location or
propagation characteristics are also treated as similar inputs
in the BO surrogate model, enabling efficient search with a
small number of ray-tracing evaluations.

The main contributions of this paper are as follows. (i)
We formulate the base-station design problem in millimeter-
wave communication environments as a conditional mixed-
variable closed-box optimization problem that jointly handles
base-station candidate selection and antenna configuration. (ii)
We propose feature-aware BO that maps discrete base-station
selection and continuous-valued parameters into a unified fea-
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Fig. 1. System model.

ture space by using the location information of the base-station
candidate points and ray-tracing-derived propagation features.
(iii) Through evaluations in urban environments using Sionna
RT [5], we show that the proposed method achieves a higher
required-throughput achievement ratio than other methods.

II. SYSTEM MODEL

Fig. 1 shows the system model. We consider a base-station
configuration problem in a three-dimensional target region
A C R3. Our objective is to jointly find the deployment
locations of multiple base stations and their continuous-valued
configuration parameters (the antenna angle and transmis-
sion power) so that the communication coverage is max-
imized. The set of candidate points indices is defined as
C £ {1,2,...,N}, where N is the number of base-station
candidate points. Further, let the position of each candidate
point be denoted by s; € R®. We assume that M (< N) base
stations are deployed at candidate points in C. When a base
station is deployed at the candidate point ¢, its continuous-
valued parameter vector is defined as

wi = [a’hﬁhpi]—ra (1)
where «; is the azimuth angle, §; is the tilt angle, and p;
is the transmission power. All parameters to be optimized is
modeled as

-
Xé|:b1ab27"'7bNa¢I7¢;—a"'a¢J—l\—7:| ) (2)

where b; is a binary parameter representing the selection status
of base station : i.e.,

.

Given a design variable x, let SINR;(r,x) denote the
signal-to-interference-plus-noise ratio from base station ¢ at
an arbitrary receiver position r € A. When b; = 0, we set
SINR,(r,x) = 0. Because each receiver connects to the base
station providing the highest SINR, the effective SINR(r, x)
at receiver position r is defined as

1

0 otherwise.

if the base station 7 is selected,

3)

SINR(r,x) = max SINR;(r, x).
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“
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Algorithm 1 Standard BO for continuous problem.

Require: Continuous feasible search space =, initial sample
size t(, and evaluation budget 7T'.

Ensure: Best continuous variable £ and best objective value
+

qr.
Generate initial feasible points {£; };“:1 C = at random.
for j=1,2,--- {3 do

Evaluate y; = q(&;).
end for
Set Ty, < {(&;,95) ;0:1~
Set (€7, ¢™) to the best observed pair in 7y, .
for t =tg,tg+1,...,7—1do

Construct the GP surrogate model using Egs. (10)—
(13).

A o

9: Select the next point &, ; by Eq. (15).

10: Evaluate ;11 = q(&;,1)-

11: Update 7Z+1 ~— T, U {(€t+17yt+1)}'

12: Update (£7,¢%) if ;.1 improves the current best
value.

13: end for

14: return £1, ¢ 7.

Then, the throughput at r can be derived as,

C(r,x) = Blog, (1 + SINR(r, %)), (5)

where B is the bandwidth. The performance metric is defined
as the fraction of the target region in which throughput
exceeds the target value R:,. Receiver height is fixed at
h.x, and the horizontal plane at height h, of the target
region A is devided into U grid cells. Let r, € A denote
the receiver position corresponding to each receiver point
u € {1,2,...,U}. The objective function f(x) for the design
variable x can then be defined as

U

02 3 D210 = Ral. ©
where 1[-] is an indicator function that returns 1 if the condi-
tion is true and O otherwise. Thus, f(x) € [0, 1] represents
the coverage ratio. The objective value f(x) is computed
by ray-tracing simulation. By iterating searching over design
parameters and performing ray tracing, we solve the following
closed-box optimization problem;

x, = argmax f(x).
X

)

III. STANDARD BO FOR CONTINUOUS OPTIMIZATION

Evaluating the objective function in Eq.(6) by ray tracing
is computationally expensive, and the objective has no closed-
form expression. Therefore, this study develops a BO-based
solver for the problem in Eq.(7). Before presenting the
proposed method, we review standard BO for the following
continuous closed-box optimization problem:

£, = argglgg(l(&% 8®)



where & € R% is a continuous variable, = C R% is
the feasible search space, and ¢(-) is an expensive closed-
box objective function. This auxiliary problem is used only
to explain standard BO and differs from the mixed com-
binatorial/continuous base-station design problem in Eq. (7).
Sec. IV extends this framework to the proposed feature-aware
formulation.

BO efficiently optimizes an expensive closed-box objective
with a limited number of evaluations, without requiring its
closed-form expression or gradient information [6]. It consists
of a surrogate model and an acquisition function. Given the
observation dataset 7; = {(;,v;)}5—;, we assume

yi =a(&;) + ¢, € ~N(0,07), )

where ¢; is Gaussian observation noise with standard deviation
oy. The surrogate model approximates the objective proba-
bilistically, while the acquisition function selects the next point
by balancing exploration and exploitation.

We use a Gaussian process (GP) as the surrogate model.
Let /(&) be a latent function approximating ¢(&). Assuming
a zero-mean GP prior,

(&) ~ GP (0,k(§.€)) .

the predictive distribution at an arbitrary point £T is given by

(10)

UEN | T~ N (€D, o7 (€D)). (11)

The posterior mean and variance are
(€N =k (€K, + 02D) My, (12)
o7 (") = k(e" €1 — K/ (€N (K + o7 ) (€D, (13)

where K is the kernel matrix of the observed points, k; (£T)
is the kernel vector between the observed points and 5*, and
y: is the observation vector.
As the acquisition function, we use expected improvement
(EI), defined as
EI(¢") = E [max (¢(¢") - 47,0}, (14)
where ¢;" is the best observed value up to iteration . The next
point is selected by maximizing EI:
& = arg max EI(¢). (15)
Using these components, BO can be performed as follows.
First, ¢y initial evaluation points are collected by random
sampling, and the observation dataset 7;, is constructed. Next,
a GP surrogate model is constructed from the observation data,
and the next evaluation point is selected by the acquisition
function. The selected point is then evaluated and added to
the observation dataset. This procedure is repeated until the
evaluation budget is reached, and the final best observed value
and the corresponding £ are taken as the optimization result.
This procedure is summarized in Algorithm 1.

Algorithm 2 Ray-tracing-based feature-aware BO.

Require: Feasible search space &', candidate positions
{si}X,, representative directions D, path-gain samples,
PCA dimension p, initial sample size t(, and evaluation
budget T'.

Ensure: Best design variable xT and best objective value f7.

1: Define the representative direction set by Eq. (??).

2: fori=1,2,...,N do

3: Compute the ray-tracing-based propagation feature h;
by Eq. (17).

4: end for

5: Construct the propagation feature matrix H by Eq. (18).

6: Standardize H and apply PCA to obtain the low-
dimensional propagation feature matrix E.

7: Construct S using Eq. (20).

8: Construct and standardize the candidate feature matrix
using Eq. (21).

9: Extract the standardized candidate feature vector ¢, for
each candidate point.

10: Generate initial feasible design variables {x; };‘3:1 C X at
random.

1: for j =1,2,...,ty do

12: Compute the feature vector z(x;) by Eq. (22).

13: Evaluate y; using Eq. (6).

14: end for

15 Set T2 {(=(x,), y) Y2y

16: Set (xT, f1) to the best observed pair among the initial
evaluations.

17: for t =tg,to+1,..., T —1 do

18: Construct the GP surrogate model on the feature space
using Eq. (24).

19: Compute the posterior distribution as in Eqs. (12) and
(13), with & replaced by z(x).

20: Select the next design variable x;,1 by Eq. (26).

21: Compute the feature vector z(x;41) by Eq.(22).

22: Evaluate y;4; using Eq. (6).

23 Update 73, « 77 U{(2(xt41), ye41) -

24: Update (x*, f*) if y,.1 improves the current best
value.

25: end for

26: return xT, f1.

IV. RAY-TRACING-BASED FEATURE-AWARE BO

The standard BO in Sec.IIl is effective for expensive
closed-box optimization, but its direct application to problem
(7) is difficult. This is because the problem has the following
two structural characteristics: (i) the search space contains
a combinatorial component corresponding to the selection
of M base stations from N candidate points, and (ii) the
antenna parameters are conditional continuous variables that
are meaningful only when the corresponding candidate point is
selected, and the continuous values associated with unselected
candidate points do not affect the objective function. These
structures make it difficult for a GP surrogate model to



capture similarity between design variables when the original
design variable x is used directly as input. The key idea of
the proposed method is to keep the BO procedure largely
unchanged while changing the input representation used by
the GP surrogate model. Specifically, each feasible design
variable x € X" is mapped to a continuous feature vector z(x)
constructed from the selected candidate points, their antenna
parameters, and ray-tracing-derived propagation features. The
GP surrogate model and acquisition function are evaluated
in this feature space, while acquisition maximization is still
performed over the original feasible search space X'. In other
words, the proposed method selects the next design variable
X¢+1 in the original mixed-variable space, but it models and
compares candidates through their feature vector z(x). Thus,
standard BO can handle the conditional mixed-variable struc-
ture through a low-dimensional continuous representation.

To construct the feature vector z(x), we first define features
for each base-station candidate point. The candidate-point
features consist of geometric position and ray-tracing-derived
propagation information. These features place geographically
or propagation-wise similar candidate points close to each
other in the feature space. Let

D £ {(aa, Ba) biz

be the set of representative transmit directions, where D is
the number of representative transmit directions, and (@g, 3,)
denotes the azimuth and tilt angles of the d-th direction. Let
7i,d,» denote the path gain at receiver position r,, for candidate
point i and direction (@, 3,). The propagation feature of
candidate point ¢ is

(16)

T
h; £ Vi1, Vi, v, Y21, YiDv] € RPY,(17)

)

where V' is the number of points at which the path gain
is evaluated. The propagation feature is computed for each
candidate point, and the matrix H that collects the propagation
features of all candidate points is defined as

H 2 [hy, hy, -, hy]" € RN*¥PV, (18)

To obtain compact features that capture the dominant varia-
tions in the propagation characteristics, H is first standardized
column-wise, and principal component analysis (PCA) is then
applied to the standardized feature matrix. The resulting p-
dimensional PCA features of all candidate points are collected
into the low-dimensional propagation feature matrix

E 2 [, ,ny] € RV*P, (19)

where 7, € RP denotes the PCA feature vector of candidate
point ¢. The matrix obtained by arranging the position vectors
of all candidate points is denoted by S and is defined as

T c RNXS.

Sé[slvs27"'7sN} (20)

The candidate feature matrix ® is obtained by concatenating
the low-dimensional propagation features and the position
information, is defined as

® 2 [E,S| e RV*P+3), 1)
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Let @ denote the standardized version of @, and let ¢; be
the feature vector corresponding to candidate point ¢ extracted
from ®. Using this vector, the GP input feature vector z(x)
associated with design variable x is defined as

T

N
2(x) £ zbi@@Vu v = [LCOSCMuSiHOli,Bmﬁi - (22)

=1

Here, BZ and p; are normalized versions of (3; and p;,
respectively. This feature mapping combines the features of
the selected candidate points with their azimuth angle, tilt
angle, and transmission power into a single continuous feature
vector. Moreover, because each term is multiplied by b;, the
continuous-valued parameters of unselected candidate points
do not affect z(x). Therefore, this feature mapping makes it
possible to treat the conditional mixed-variable space, which
includes both discrete base-station selection and continuous-
valued parameters that are meaningful only for selected base
stations, in a low-dimensional continuous form.

BO is then performed using z(x) defined above. In the
standard BO described in Sec.IIl, the design variable x is
assumed to be directly modeled by a GP, whereas in this
study, we assume that the latent function that approximates
the objective function over the feature space follows a GP.
That is, for the input obtained by the feature mapping z(x),
we introduce an unknown function

g :RPH) LR (23)

and assume

where the covariance between two designs x and x’ is given
by k (z(x), z(x')). The objective function f(x) is modeled
using this latent function as

(25)

This mapping reduces the original 4/N-dimensional represen-
tation to 5(p + 3) dimensions. Based on this model, given
the feature-space observation data 7, = {(z(x;),v;)}i—1
the posterior predictive distribution is obtained in the same
manner as in Sec. III. Using the surrogate model on this feature
space, the proposed method evaluates EI through the feature
mapping z(x). Therefore, the design variable to be evaluated
next is selected as

X1 = arg max EI(z(x)). (26)

xeX

Importantly, Eq.(26) still searches over the original feasible
design space X, and the selected design variable x;y; is
evaluated by ray tracing using Eq. (6). Therefore, the proposed
method preserves the standard BO loop while the GP surrogate
model operates on the feature representation z(x) instead
of the original design variable x. The overall procedure is
summarized in Algorithm 2.
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V. PERFORMANCE EVALUATION

This section evaluates the effectiveness of the proposed
method by maximizing the objective function. The objective
function was evaluated using ray-tracing results obtained with
NVIDIA Sionna RT [5]. The evaluation environments were
the two models included in Sionna RT, namely Munich and
Etoile. For each model, N = 100 candidate points were
randomly generated at locations 5 m above rooftops, and the
problem was to select M = 3 points from among them. The
search range of the azimuth angle was set to [0, 27), and that
of the tilt angle was set to [0, 7/3]. The transmit antenna was
modeled according to 3GPP TR 38.901 [7] and arranged as
an 8 x 8 array, the carrier frequency was set to 28 GHz, and
the bandwidth was set to 800 MHz. The transmission power
was searched over the range in which the EIRP of each base
station was [21.9,48.0] dBm. The required throughput was
set to Ry, = 100 x 109 [bps]. The number of initial samples
was set to tg = 30, the evaluation budget was set to T' = 270,
the compressed PCA dimension was set to p = 4, and the
Matérn 3/2 kernel was used as the kernel function.

The results are shown in Fig.2. The experiments were
independently repeated 100 times, the solid lines show the
mean values, and the shaded regions represent the range of
40, where o is the standard deviation of each method’s per-
formance. An example optimization result is shown in Fig. 3.

In the graphs, Proposed (w/ RT-based feature)
denotes the method proposed in Sec.IV, and Proposed
(w/o RT-based feature) denotes a version of the pro-
posed method that removes the ray-tracing-derived features
from the features used by the proposed method and uses only

the position information!. GA denotes the genetic algorithm
[8], TPE denotes the method using the Tree-structured Parzen
Estimator [9], and Random denotes random search. The
results show that, in Munich, Proposed (w/ RT-based feature)
outperformed GA, which achieved the highest coverage rate
among the baseline methods, by 3.4 percentage point, and
it also outperformed Proposed (w/o RT-based feature) by
1.2 percentage point. Similarly, in Etoile, it outperformed
GA by 6.6 percentage point and Proposed (w/o RT-based
feature) by 4.0 percentage point. These results indicate that
the proposed method, which uses radio propagation charac-
teristics as features, outperforms the other methods, thereby
demonstrating its effectiveness. The results also show that
Proposed (w/o RT-based feature) outperforms GA, indicating
that incorporating only the geometric arrangement of base
stations can also improve the accuracy to some extent.

VI. CONCLUSION

This study proposed a method for efficient base-station
configuration that maximizes the communication service area
based on BO. The proposed method utilizes ray-tracing-based
feature acquisition and PCA-based dimension reduction to
support mixed combinatorial/continuous and high-dimensional
inputs under the standard BO framework. Numerical results
demonstrated that the proposed method achieves higher per-
formance than conventional methods including GA and TPE.
Our study assumes the beams of the base stations are static.
In future, we will extend the method to more dynamic en-
vironment, including multiple-input multiple-output systems
considering practical pedestrian flow.
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