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ABSTRACT Millimeter-wave (mmWave) wireless power transfer (WPT) systems require efficient beam
selection algorithms to maximize energy harvesting at wireless charging devices (WCDs). The conventional
exhaustive codebook search method, while optimal, requires significant training overhead that reduces the
time available for actual power transfer. This paper proposes a novel two-level beam selection algorithm that
significantly reduces the training time slots while maintaining near-optimal energy harvesting performance.
The proposed algorithm employs a hierarchical approach: first, it uses sum beams to identify the angle group
containing the optimal beam direction, and then applies difference beamswith decision statistics based on the
difference-to-sum ratio (DSR) to determine the final beam selection within the identified group. We provide
a comprehensive analytical framework using detection theory to characterize the beam selection error
probability. Furthermore, we develop an optimal resource allocation framework that determines the optimal
number of beams to maximize harvested energy by exploiting the concavity property of the harvested energy
function. A bisection-based optimization algorithm is proposed to efficiently find the optimal solution.
Simulation results demonstrate that the proposed algorithm achieves higher harvested energy compared to
the exhaustive codebook search method by reducing training overhead.

INDEX TERMS Wireless power transfer, millimeter-wave communications, beam selection, monopulse
radar, energy harvesting.

I. INTRODUCTION
The rapid proliferation of Internet of Things (IoT) devices
and wireless sensor networks has created an unprecedented
demand for sustainable and efficient power solutions. Wire-
less power transfer (WPT) technology has emerged as a
promising solution to address the energy constraints of
battery-powered devices, particularly in scenarios where bat-
tery replacement is impractical or impossible. Among various
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WPT technologies, radio frequency (RF) energy harvesting
has gained significant attention due to its flexibility and
ability to provide power over extended distances [1], [2] and
references therein.

Millimeter-wave (mmWave) frequencies offer unique
advantages for WPT systems, including abundant spectrum
availability, high power density, and excellent directivity
through beamforming techniques [3], [4], [5]. However,
the high path loss and sensitivity to blockage inherent
in mmWave propagation necessitate precise beam align-
ment between the wireless charging station (WCS) and
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wireless charging devices (WCDs) to achieve efficient power
transfer.

The conventional approach to optimal beam selection in
mmWaveWPT systems relies on exhaustive codebook search
algorithms, which systematically evaluate all possible beam
directions to identify the one that maximizes the received
signal strength at the WCD [6], [7], [8]. While this method
guarantees optimal performance, it comes with a significant
drawback: the extensive training overhead required to test
all beam candidates reduces the time available for actual
power transfer, thereby limiting the overall energy harvesting
efficiency.

Recent research has explored various approaches to
design beamforming weight and reduce beam training
overhead in mmWave communication systems. Hierarchical
beam codebook design and search algorithms [8], [9],
compressed sensing-based methods [10], and machine
learning approaches [11] have been proposed to acceler-
ate the mmWave beamforming process. Especially, data-
driven approaches leveraging Deep Learning (DL) have
been actively explored to accelerate beam alignment [12],
[13], [14]. For instance, in [12], the optimal beam selection
framework employing Deep Neural Networks (DNN) is
proposed for 6G environment and in [13], out-of-band
information, such as LiDAR and position data, is utilized
with Convolutional Neural Networks (CNNs) to aid beam
selection. While these learning-based methods demonstrate
promising performance, they generally necessitate extensive
offline datasets for training and considerable computational
resources for inference, which may not be feasible for
resource-constrainedWPT receivers. Therefore, in this paper,
we focus on a signal processing-based approach that achieves
rapid beam alignment without the burden of pre-training data
or high computational complexity.

Furthermore, most of existing fast beam alignment solu-
tions [9], [10], [15] are designed for communication systems
where the primary objective is to maximize data through-
put. In such systems, high computational complexity or
multi-stage training overhead is often tolerated to achieve pre-
cise alignment. In contrast, for WPT systems—particularly
those powering simple IoT devices—the energy constraints
are severe, and the receiver architecture must remain
simple. Consequently, applying communication-centric beam
selectionmethods directly toWPT can be suboptimal because
the training overhead consumes valuable time that could
otherwise be used for energy harvesting. Therefore, there is a
critical need for a WPT-specific beam selection strategy that
minimizes training overhead and computational complexity
to maximize the end-to-end harvested energy, even at the cost
of slight beam misalignment.

In this paper, we propose a novel two-level beam selection
algorithm specifically designed for mmWave WPT systems.
Our approach draws inspiration from monopulse radar
techniques, which have been extensively used in target
tracking and direction-finding applications [16], [17], [18],
[19], [20]. The key insight is that by using sum and

difference beam patterns, we can efficiently narrow down the
search space and identify the optimal beam direction with
significantly fewer training time slots. Themain contributions
of this paper are as follows:
• We propose a two-level hierarchical beam selection
algorithm that reduces the training overhead from Nb
time slots (required by exhaustive codebook search) to
approximately ⌈Nb/L⌉+ 1 time slots while maintaining
near-optimal energy harvesting performance. Here, L is
the number of beam weights in one group.

• We develop a comprehensive analytical framework
based on detection theory and order statistics to
characterize the beam selection error probability in the
presence of additive white Gaussian noise (AWGN). Our
analysis properly addresses the multi-hypothesis testing
nature of the problem, avoiding the common error of
simply summing pairwise confusion probabilities.

• We demonstrate through extensive simulations that the
proposed algorithm achieves higher overall harvested
energy compared to the exhaustive codebook search
method, despite potential beam selection errors, due to
the significant reduction in training overhead.

• From the analytic results, the performance trade-offs
is discussed, enabling the optimization of the pro-
posed algorithm for specific deployment scenarios.
Accordingly, we propose an optimal resource allocation
framework that determines the optimal number of
beams N ∗b to maximize harvested energy. We prove the
concavity of the harvested energy function and develop
a bisection-based optimization algorithm to efficiently
find the optimal solution.

The remainder of this paper is organized as follows.
Section II presents the system model and problem for-
mulation. Section III describes the proposed two-level
beam selection algorithm in detail. Section IV provides
the theoretical analysis of beam selection error probability
using detection theory. Section V presents the optimal
resource allocation framework for maximizing harvested
energy. Section VI presents simulation results and per-
formance comparisons. Finally, Section VII concludes
the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. SYSTEM ARCHITECTURE
As illustrated in Fig. 1, we consider a mmWave WPT system
consisting of a WCS equipped with a uniform linear antenna
array (ULA) ofM antenna elements and aWCDwith a single
antenna element. TheWCS is responsible for transmitting RF
energy signals to the WCD, which harvests electrical energy
from the received RF signals to power IoT sensors or other
low-power devices.

The WCS employs digital beamforming with a predefined
codebook of beamforming vectors. This approach is practical
for WPT applications as it allows for efficient hardware
implementation while providing sufficient beamforming gain
for energy transfer. The predefined beam set is denoted as
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FIGURE 1. The mmWave WPT system with two-level beam selection
algorithm.

W = {w1,w2, . . . ,wNb}, where Nb is the total number of
beamforming vectors in the codebook.

B. CHANNEL MODEL
Due to the directional nature of mmWave propagation and the
high path loss, we consider a line-of-sight (LoS) dominant
channel model. The channel vector from the WCS to the
WCD is given by:

h =
√

ρpa(θD), (1)

where ρp represents the large-scale path loss, θD ∈

[−π/2, π/2] is the angle-of-departure (AoD) from the WCS
to theWCD, and a(θD) is the array response vector defined as:

a(θD) =
1
√
M

[1, ej2π
d
λ
sin θD , . . . , ej2π

d
λ
(M−1) sin θD ]T , (2)

where d is the antenna spacing (typically d = λ/2), and λ is
the wavelength.

C. BEAMFORMING CODEBOOK DESIGN
The beamforming vectors in the codebook are designed
to provide uniform coverage over the angular range
[−2M , 2M ], where 2M determines the angle coverage of
WCS. Each beamforming vector is given by:

wi = a(θi), (3)

where θi is selected from the predefined angle set:

2 =

{
θi

∣∣∣∣θi = −2M +1θ (i− 1), i = 1, . . . ,Nb

}
, (4)

with 1θ =
22M
Nb−1

being the angular spacing between adjacent
beams.

D. SIGNAL MODEL
The received signal at the WCD when the WCS transmits
using beamforming vector wi is:

yi =
√
PthHwis+ ni, (5)

where Pt is the transmit power, s is the transmitted signal
with E[|s|2] = 1, and ni is the AWGN with zero mean and

variance σ 2
n . Substituting the channel model, the received

signal becomes:

yi =
√
PtρpaH (θD)wis+ ni. (6)

The beamforming gain achieved by the ith beamforming
vector is:

Gi = |aH (θD)wi|2 =

∣∣∣∣∣ sin
(Mπ

2 (sin θD − sin θi)
)

sin
(

π
2 (sin θD − sin θi)

) ∣∣∣∣∣
2

. (7)

E. ENERGY HARVESTING MODEL
We consider a frame-based transmission structure where each
frame consists ofK time slots, each with duration Ts seconds.
Out of these K time slots, Kp slots are allocated for beam
training, and the remaining K − Kp slots are used for energy
transfer using the selected beamforming vector.

Throughout the paper, the practical nonlinear EH model
in [21] and [22] is considered. Assuming that the additive
thermal noise at the receiver is negligible compared to
the beamforming signal, the total harvested energy in one
frame is:

Ei = (K − Kp)Ts

(
9 −MEH �

1−�

)
(8)

where

� =
1

1+ exp(ab)
, 9 =

MEH

1+ exp[−a(Pin − b)]
. (9)

Here, 9 represents a logistic-type nonlinear RF-to-DC
conversion function with respect to the received power Pin,
which is given by

Pin = Pt ρp Gi (10)

where Gi is the beamforming gain when the i-th beam is
selected.

Additionally, MEH is the maximum power harvested by
the energy harvesting (EH) receiver when the module is
saturated. The parameters a and b are related to the detailed
EH circuit specifications.

F. PROBLEM FORMULATION
The objective is to maximize the harvested energy by
selecting the optimal beamforming vector while minimizing
the training overhead. The conventional exhaustive codebook
search approach solves:

i∗ = arg max
i∈{1,2,...,Nb}

|yi|2, (11)

which requires Kp = Nb training time slots.
Our goal is to develop an algorithm that can identify the

near-optimal beam with Kp ≪ Nb training time slots, thereby
maximizing the overall harvested energy:

max
i

Ei = (K − Kp)Ts

(
9 −MEH �

1−�

)
. (12)

From (9) and (10), it is evident that maximizing the beam-
forming gain Gi is essential for maximizing the harvested
energy.
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III. PROPOSED TWO-LEVEL BEAM
SELECTION ALGORITHM
This section presents the proposed two-level beam selection
algorithm, which significantly reduces the training overhead
while maintaining near-optimal performance. The algorithm
is inspired by monopulse radar techniques and consists of
two hierarchical stages: coarse group identification using
sum beams, followed by fine beam selection using differ-
ence beams.

A. ALGORITHM OVERVIEW
The key insight behind our approach is to partition the
angular space into overlapping groups and use specially
designed beam patterns to efficiently identify the optimal
beam. Instead of testing all Nb individual beams, we first
identify which group contains the optimal beam direction,
then determine the specific beam within that group.

The algorithm operates in two stages:

• Level 1 (Angular Group Identification): Use sum
beams to identify the angular group containing the
optimal beam direction.

• Level 2 (Fine Beam Selection): Use difference beams
and decision statistics to select the optimal beam within
the identified group.

B. LEVEL 1: ANGULAR GROUP IDENTIFICATION
1) GROUP FORMATION
We partition the predefined angle set 2 into Ng groups
of adjacent angles. For simplicity, we assume each group
contains L adjacent angles (except possibly the boundary
groups). The groups are defined as:

2g = {θ(g−1)L+1, θ(g−1)L+2, . . . , θmin(gL,Nb)}, (13)

where g = 1, 2, . . . ,Ng and Ng = ⌈Nb/L⌉.

2) SUM BEAM DESIGN
For each group2g, we define a sum beam that provides broad
coverage over the angular range of the group, which is used
for the group identification. The sum beam for group g is
designed as:

w6,g =
1√
|2g|

∑
θi∈2g

a(θi), (14)

where |2g| is the cardinality of group 2g.
This design ensures that the sum beam has significant gain

over the entire angular range of the group while suppressing
interference from other directions. Furthermore, because it
does not require any modification of predefined selection
beam weights, the proposed algorithm can be applied to
conventional selection beamforming RF modules.

3) GROUP SELECTION
During the first level of training, the WCS sequentially
transmits using sum beams w6,g for g = 1, 2, . . . ,Ng.

FIGURE 2. Beam pattern of (a) wi with θi = {−50,−20, 10, 40} ×
π

180 and
(b) w6,g with g = {2, 3, 4, 5}.

TheWCDmeasures the received signal strength for each sum
beam:

y6,g =
√
PtρpaH (θD)w6,gs+ ng. (15)

The optimal group is selected as:

g∗ = arg max
g∈{1,2,...,Ng}

|y6,g|
2. (16)

The group identification stage requiresNg = ⌈Nb/L⌉ training
time slots.

Fig. 2 (a) illustrates the beam patterns of individual beams,
while Fig. 2 (b) shows the sum beam patterns for different
groups, when 2M =

π
2 , 1θ =

π
18 and the predefined angle

set is given as 2 =
{

π
180 (−90 : 10 : 90)

}
. If we group three

adjacent angles, we can have seven angle groups as follows:

2 = {21, 22, . . . ,27}

=
π

180
{(−90,−80,−70), (−60,−50,−40), (−30,

− 20,−10), (0, 10, 20), (30, 40, 50), (60, 70, 80), (90) } .

(17)
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We note that if the beamforming weight with a center angle
in each group is utilized to determine the group selection,
shown in Fig. 2 (a), the group index is incorrectly determined
due to the side-lobe leakage, referred to as ‘‘invalid region.’’
For example, for 24 ∈ (0, 10, 20), |aH (θD)w11|

2 <

|aH (θD)w8|
2 for θD ∈

[
−

5π
180 , 0

]
, where w8 = a

(
−

20π
180

)
and w11 = a

(
10π
180

)
. In Fig. 2 (b), the beam patterns of w̄6,g

with g = {2, 3, 4, 5} are illustrated. It can be found that there
is no invalid region.
Remark 1: The group size L is a design parameter that

determines the trade-off between training overhead and beam
selection reliability. A larger L reduces the Level 1 overhead
by decreasing the number of groups Ng. However, it also
widens the sum beam, leading to a reduction in beamforming
gain (spreading loss) and potentially decreasing the group
detection probability at low SNRs. Conversely, a smaller
L yields higher gain and precision but results in higher
overhead. In this paper, we adopt L = 3 as a representative
value that achieves a substantial reduction in overhead while
maintaining robust beam selection performance. However,
the proposed algorithm is generic and can be extended to any
integer L depending on the specific system requirements and
SNR conditions.

C. LEVEL 2: FINE BEAM SELECTION USING DIFFERENCE
BEAMS
Once the optimal group g∗ is identified, we need to
determine which specific beam within 2g∗ provides the
best performance. This is achieved using difference beams
and decision statistics based on the difference-to-sum
ratio (DSR).

1) DIFFERENCE BEAM DESIGN
The difference beam for group g∗ is designed to pro-
vide directional information within the group. Inspired by
monopulse radar, the difference beam is constructed as:

w1,g∗ =
1
2

(
a(θ(g∗−1)L+1)− a(θmin(g∗L,Nb))

)
. (18)

The difference beam has a null at the center of the angular
group and exhibits opposite polarities on either side of
the null. This property enables fine discrimination between
different angular positions within the group.

2) DSR COMPUTATION
The WCS transmits using the difference beam w1,ĝ, and the
WCD receives:

y1,ĝ =
√
PtρpaH (θD)w1,ĝs+ n1. (19)

The DSR is then computed as:

DSR =
y1,ĝ

y6,ĝ
. (20)

The DSR provides information about the relative position of
the true AoD within the selected group. Fig. 1 illustrates the

FIGURE 3. DSR values for θD ∈
π

180 [−35,−5] with w̄6,3 and w̄1,3.

DSR values as a function of the true AoD for a specific group.
Specifically, the DSR is evaluated for θD ∈

π
180 [−35,−5]

with w̄6,3 and w̄1,3.

3) DECISION RULES
Based on the DSR value, the WCD makes a decision about
which beam to select from group 2g∗ . For a group with three
beams {w3(g∗−1)+1,w3(g∗−1)+2,w3g∗}, the decision rules are:

i∗ =


index of w3(g∗−1)+1 if DSR ≤ −τ,

index of w3(g∗−1)+2 if − τ < DSR < τ,

index of w3g∗ if DSR ≥ τ,

(21)

where τ is a decision threshold magnitude that can be
optimized based on the system parameters such as sum and
difference beam patterns. Note that τ corresponds to the
symmetric decision boundary derived from the detection
theory analysis in Section IV-A.

D. ALGORITHM SUMMARY
Algorithm 1 summarizes the complete two-level beam
selection procedure. The total training overhead is given as

Kp = Ng + 1 = ⌈Nb/3⌉ + 1, (22)

which is significantly less than the Nb time slots required by
exhaustive codebook search.
Remark 2: While this paper focuses on a quasi-static

channel model, the proposed two-level algorithm can be
extended to support mobile WCDs. For a moving WCD, the
validity of the selected beam is maintained if the angular
change 1θ within a frame duration remains within the
beamwidth. For low-mobility scenarios, the algorithm can
operate in a ‘‘Tracking Mode’’. Specifically, assuming the
optimal group index g∗ changes slowly, the WCS can skip
the Level 1 (group identification) stage and only perform
Level 2 (fine selection) using the previous group index. This
allows for continuous beam tracking with minimal overhead.
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Algorithm 1 Two-Level Beam Selection Algorithm
1: Input: Predefined beam set {w1, . . . ,wNb}, number of

groups Ng
2: Level 1: Group Identification
3: for g = 1 to Ng do
4: WCS transmits using sum beam w6,g
5: WCD measures |y6,g|

2

6: end for
7: Select optimal group: g∗ = argmaxg |y6,g|

2

8: Level 2: Fine Selection
9: WCS transmits using difference beam w1,g∗

10: WCD measures y1,g∗

11: Compute DSR: DSR = y1,g∗/y6,g∗

12: Apply decision rules to select i∗

13: Output: Selected beam index i∗

It can be extended to a multi-frame structure. For high-
mobility scenarios, the DSR metric can be fed into sequential
estimation frameworks, such as Kalman filters, to predict
the WCD’s trajectory and angular velocity. That is, the
proposed scheme can be flexibly integrated into multi-frame
protocols depending on the mobility conditions. A detailed
performance analysis of these tracking extensions is beyond
the scope of this paper and remains a topic for future work.

IV. PERFORMANCE ANALYSIS ON TWO-LEVEL BEAM
SELECTION ALGORITHM
A. ANALYSIS ON BEAM SELECTION ERROR PROBABILITY
This section provides a comprehensive analytical framework
for characterizing the beam selection error probability of the
proposed two-level algorithm. We employ detection theory
principles to model the decision-making process and derive
closed-form expressions for the error probabilities in both
levels of the algorithm.

1) LEVEL 1 ANALYSIS: GROUP SELECTION
ERROR PROBABILITY
The group selection process in Level 1 can be formulated
as a multiple hypothesis testing problem. Let Hg denote the
hypothesis that the true AoD θD belongs to group 2g. The
received signal for each sum beam transmission is given as

y6,g =

{√
PtρpaH (θD)w6,gs+ ng under Hg,√
PtρpaH (θD)w6,js+ nj under Hj, j ̸= g.

(23)

For the true group (hypothesis Hg), the signal-to-noise ratio
(SNR) is then given as

SNRg =
Ptρp|aH (θD)w6,g|

2

σ 2
n

. (24)

For interfering groups (hypothesis Hj, j ̸= g), the SNR is
given as

SNRj =
Ptρp|aH (θD)w6,j|

2

σ 2
n

. (25)

The probability of incorrectly selecting group j instead of
the true group g is given as

Pg→j = Pr(|y6,j|
2 > |y6,g|

2
|Hg). (26)

The following lemma provides a closed-form approximation
for this probability under high SNR conditions.
Lemma 1: Under the assumption of Gaussian noise and

high SNR conditions, the pairwise confusion probability
between groups g and j can be approximated as:

Pg→j = Q

(
SNRg − SNRj√

2(1+ SNRg + SNRj)

)

≈ Q

(
SNRg − SNRj√
2(SNRg + SNRj)

)
. (27)

The detailed proof of Lemma 1 is provided in Appendix.
Note that this represents the conditional probability of
selecting group j given that the true group is g. From
Lemma 1, the group selection error probability can then be
derived as

Pe,group

=

∫ 2M

−2M

p(θD) · P(error|θD) dθD,

≈

∫ 2M

−2M

p(θD) ·
(
Pg→g−1 + Pg→g+1

)
dθD.

≈
1

22M

∫ 2M

−2M

Q


SNRg −max

j̸=g
SNRj√

2
(
SNRg +max

j̸=g
SNRj

)
 dθD.

(28)

We note that SNRg and SNRj are the effective SNRs
for the sum beams of groups g and j, respectively
in (24) and (25).

2) LEVEL 2 ANALYSIS: FINE BEAM SELECTION ERROR
PROBABILITY
Given that the correct group g∗ has been identified, the fine
beam selection depends on the DSR value. The DSR can be
written as

DSR =

√
PtρpaH (θD)w1,g∗s+ n1√
PtρpaH (θD)w6,g∗s+ n6

. (29)

For high SNR conditions (i.e., |
√
PtρpaH (θD)w6,g∗s| ≫

|n6 |), the DSR can be approximated as

DSR ≈
aH (θD)w1,g∗

aH (θD)w6,g∗
+

n1

aH (θD)w6,g∗s
√
Ptρp

. (30)

The first term represents the deterministic component,
while the second term represents the noise contribution.
Therefore, DSR follows a Gaussian distribution as DSR ∼

N
(

aH (θD)w1,ĝ

aH (θD)w6,g∗
,

σ 2
n

|aH (θD)w6,g∗ s
√
Ptρp|2

)
. Importantly, the mean

51230 VOLUME 14, 2026



S. Chung et al.: Two-Level Beam Selection Algorithm for mmWave WPT Systems

and variance of the DSR depend only on the true AoD θD. Let
us denote:

µ(θD) =
aH (θD)w1,g∗

aH (θD)w6,g∗
(31)

σ 2(θD) =
σ 2
n

|aH (θD)w6,g∗s
√
Ptρp|2

. (32)

The fine beam selection within group
2g∗ = {θ3(g∗−1)+1, θ3(g∗−1)+2, θ3g∗} can be formulated as a
three-hypothesis testing problem:

H1 : θD is closest to θ3(g∗−1)+1 (33)

H2 : θD is closest to θ3(g∗−1)+2 (34)

H3 : θD is closest to θ3g∗ (35)

Considering the maximum-likelihood (ML) approach,
we assume that under hypothesis Hi, the true AoD θD is most
likely to be equal to θi. Therefore, the likelihood of observing
DSR value d under hypothesis Hi is:

L(d |Hi) =
1√

2πσ 2(θi)
exp

(
−
(d − µ(θi))2

2σ 2(θi)

)
, (36)

where µ(θi) and σ 2(θi) are the mean and variance of the DSR
when the true AoD is θi. Therefore, the optimal decision
thresholds τ1 and τ2 (with τ1 > τ2) can be derived using the
ML ratio test. The ML decision rule is:

i∗ = arg max
i∈{1,2,3}

L(DSR|Hi). (37)

This is equivalent to the threshold-based decision rule:

i∗ =


1 if DSR > τ1

2 if τ2 < DSR ≤ τ1

3 if DSR ≤ τ2

(38)

where the optimal thresholds are determined by the intersec-
tions of the likelihood functions:

τ1 =
µ(θ1)+ µ(θ2)

2
, (39)

τ2 =
µ(θ2)+ µ(θ3)

2
. (40)

For the symmetric case where the angular spacing is uniform
and the beams are equally spaced, we have µ(θ2) = 0 (center
beam), µ(θ1) = −µ(θ3), which gives:

τ1 = τ, τ2 = −τ, (41)

where τ =
|µ(θ3)|

2 corresponds to the symmetric boundaries
used in Algorithm 1.

The probability of error in fine beam selection, given
that the correct group has been identified, depends on the
true AoD θD within the group. Specifically, for a given true
AoD θD, the error probability is:

Pe,fine(θD) = 1− P(correct selection|θD), (42)

where the correct selection probability depends on which
beam is actually optimal for the given θD.

For the symmetric three-beam case with decision thresh-
olds±τ , and assuming the true AoD corresponds to the center
beam (i.e., H2), the error probability is:

Pe|2(θD) = Pr(|DSR| ≥ τ |H2) = 2Q
(

τ − µ(θD)
σ (θD)

)
, (43)

where Q(·) is the complementary cumulative distribution
function of the standard normal distribution [23].

Similarly, for the edge beams, the error probabilities are:

Pe|1(θD) = Pr(DSR < τ |H1) = 8

(
τ − µ(θD)

σ (θD)

)
(44)

Pe|3(θD) = Pr(DSR > −τ |H3) = Q
(
−τ − µ(θD)

σ (θD)

)
, (45)

where 8(·) is the cumulative distribution function of the
standard normal distribution [23].

The overall fine selection error probability is then the
weighted average over all possible true AoD positions within
the group:

Pe,fine =
∫
group

p(θD)Pe,fine(θD)dθD,

=
1

22M

3∑
i=1

∫
θD∈Hi

Pe|i(θD)dθD, (46)

where p(θD) is the probability density function of the true
AoD within the group.

The total beam selection error probability combines errors
from both levels:

Pe,total = Pe,group + (1− Pe,group)Pe,fine. (47)

For high SNR conditions and SNRg > max
j̸=g

SNRj, from (28),

we have Pe,group→ 0 exponentially fast. Therefore, the total
error probability can be approximated as:

Pe,total ≈ Pe,fine for high SNR. (48)

Remark 3: We note that the exhaustive codebook search
algorithm also exhibits beam selection errors due to noise.
The probability of selecting the jth beam when the optimal
beam is the ith beam can be approximated using a similar
approach as in Lemma 1. Specifically, the pairwise beam
selection error probability can be approximated as

Pexhaustivei→j ≈ Q

(
SNRi − SNRj√
2(SNRi + SNRj)

)
, (49)

where SNRj =
Ptρp|aH (θD)wj|2

σ 2
n

and SNRi =
Ptρp|aH (θD)wi|2

σ 2
n

are
the effective SNRs for the ith and jth beams in the predefined
beam set, respectively. Therefore, the beam selection error
probability for the exhaustive codebook search algorithm can

VOLUME 14, 2026 51231



S. Chung et al.: Two-Level Beam Selection Algorithm for mmWave WPT Systems

then be derived as

Pe,exhaustive

≈
1

22M

∫ 2M

−2M

Q


SNRi −max

j̸=i
SNRj√

2
(
SNRi +max

j̸=i
SNRj

)
 dθD. (50)

B. ANALYSIS ON AVERAGE HARVESTED ENERGY
From (8), the harvested energy depends on the selected beam.
The expected harvested energy, E[E], is the average over all
possible AoDs θD (assumed uniformly distributed, p(θD) =
1/(22M )) and all possible beam selections i∗ given θD.

E[E] ≈
(K − Kp)Ts

22M

∫ 2M

−2M

3∑
k=1

[(
9k (θD)−MEH �

1−�

)
× P(i∗ = k | θD)

]
dθD, (51)

where k indexes the beams within the selected group
(assumed to be 3), P(i∗ = k | θD) is the probability of
selecting beam k given θD, and 9k (θD) is the non-linear
function from (9) evaluated using the input power Pin,k =
Ptρp|aH (θD)wk |2 corresponding to the k-th beam.

V. OPTIMAL RESOURCE ALLOCATION
The non-linear nature of the harvested energy function in (51)
complicates the optimization process. To gain analytical
tractability, we introduce a linearized model for the harvested
energy, which is particularly accurate in the low Pin regime.
This approximation is well-suited for our analysis, as target
applications like IoT networks typically operate within this
low-power regime [24].
Lemma 2 (Linearized EH Model): For low input power,

the non-linear harvested energy in (8) can be approximated
by a linear function of Pin:

Ei,lin ≈ (K − Kp)Ts · ηlin · Pin, (52)

where ηlin = a · MEH · � is the effective linear conversion
efficiency, and � = (1+ exp(ab))−1 is a constant.
Proof: The non-linear term 9 = f (Pin) is approximated

using a first-order Taylor expansion around Pin = 0. We find
f (0) = MEH� and the derivative f ′(0) = aMEH�(1 − �).
Substituting the approximation9lin ≈ f (0)+f ′(0)Pin into (8)
yields:

Ei,lin ≈ (K−Kp)Ts

(
(MEH�+aMEH�(1−�)Pin)−MEH�

1−�

)
= (K − Kp)Ts

(
aMEH�(1−�)Pin

1−�

)
= (K − Kp)Ts · (aMEH�) · Pin,

which completes the proof. □

Using this linear model, the expected harvested energy
E[E] in (51) can be approximated as:

E[E] ≈
η(K − Kp)TsPtρp

22M

3∑
k=1

∫ 2M

−2M

GkP(i∗ = k|θD)dθD.

(53)

Accordingly, from (22) and (53), the harvested energy
depends on two competing factors as Nb increases: the train-
ing overhead Kp = ⌈Nb/3⌉ + 1 grows, reducing the
available time for energy transfer (K − Kp), while the
beamforming gain Gk and beam selection accuracy improve.
This trade-off suggests an optimal value ofNb that maximizes
the harvested energy.

The optimization problem can be formulated as:

N ∗b = argmax
Nb

E[E(Nb)], (54)

where the dependency onNb is explicitly shown. Substituting
the training overhead from (22), we have

E[E(Nb)] = η (K − ⌈Nb/3⌉ − 1)TsPtρpḠ(Nb), (55)

where Ḡ(Nb) represents the expected beamforming gain that
depends on Nb through improved angular resolution and
reduced beam selection error probability.

To analyze the concavity properties of the harvested
energy function, we consider the continuous relaxation where
⌈Nb/3⌉ ≈ Nb/3 for large Nb. The harvested energy function
becomes

E[E(Nb)] ≈ η

(
K −

Nb
3
− 1

)
TsPtρpḠ(Nb). (56)

The following lemma establishes the concavity property of
the harvested energy function.
Lemma 3: Under the assumption of uniform angular

distribution and high SNR conditions, the harvested energy
function E[E(Nb)] in (56) is concave in Nb for sufficiently
large Nb.
Proof: To prove concavity, we need to show that the second

derivative d2E[E(Nb)]
dN 2

b
< 0 [25]. Taking the first derivative:

dE[E(Nb)]
dNb

= ηTsPtρp

[
−
1
3
Ḡ(Nb)

+

(
K −

Nb
3
− 1

)
dḠ(Nb)
dNb

]
, (57)

where the expected beamforming gain Ḡ(Nb) increases with
Nb due to improved angular resolution, but at a decreasing
rate. For uniform linear arrays with sufficient oversampling,
the beamforming gain follows approximately

Ḡ(Nb) ≈ Gmax

(
1− C1e−C2Nb

)
, (58)

where Gmax is the maximum achievable gain, and C1,

C2 > 0 are constants depending on the array geometry and
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Algorithm 2 Bisection Algorithm for Optimal Nb Selection
Require: System parameters: K , η, Ts, Pt , ρp, tolerance ϵ

Require: Search bounds: Nb,min, Nb,max
Ensure: Optimal number of beams N ∗b
1: Initialize: a← Nb,min, b← Nb,max
2: while b−a > ϵ do
3: c← ⌊(a+ b)/2⌋

4: Compute f ′(c) = dE[E(Nb)]
dNb

∣∣∣∣
Nb=c

5: if f ′(c) > 0 then
6: a← c ▷ Optimum is in the right half
7: else
8: b← c ▷ Optimum is in the left half
9: end if

10: end while
11: N ∗b ← ⌊(a+ b)/2⌋ return N

∗
b

angular distribution. This gives

dḠ(Nb)
dNb

= GmaxC1C2e−C2Nb (59)

d2Ḡ(Nb)

dN 2
b

= −GmaxC1C2
2 e
−C2Nb < 0. (60)

Taking the second derivative of the harvested energy

d2E[E(Nb)]
dN 2

b

= ηTsPtρp

[
−
2
3
dḠ(Nb)
dNb

+

(
K −

Nb
3
− 1

)
d2Ḡ(Nb)

dN 2
b

]
. (61)

From (59) and (60), for sufficiently large Nb, both
dḠ(Nb)
dNb

and
d2Ḡ(Nb)
dN 2

b
approach zero, ensuring d2E[E(Nb)]

dN 2
b

< 0 and therefore,

proving the concavity of E[E(Nb)]. □
Given the concavity property established in Lemma 3,

we can use the bisection method to find the optimal N ∗b . The
algorithm searches for the point where dE[E(Nb)]

dNb
= 0, which

is summarized in Algorithm 2. The derivative computation in
line 4 of Algorithm 2 can be approximated numerically as:

f ′(c) ≈
E[E(c+ 1)]− E[E(c− 1)]

2
, (62)

where E[E(Nb)] is computed using (55) with the expected
beamforming gain estimated from system parameters.

VI. SIMULATION RESULTS AND PERFORMANCE
EVALUATION
We evaluate the performance of the proposed two-level
beam selection algorithm through extensive Monte Carlo
simulations. The system parameters are summarized in
Table 1. We note that, unless otherwise stated, the parameters
for the nonlinear EH model is set as a = 150, b = 0.014,
andMEH = 24 mW, which is obtained by curve-fitting of the
measurement data from [22], [26].

TABLE 1. Simulation parameters.

FIGURE 4. Beam selection error probability for various SNRs when
(a) Nb = 24 (b) Nb = 36 with M = 12.

We compare the proposed algorithm with the conventional
exhaustive codebook search method as a baseline. The key
performance metrics include beam selection accuracy and
average harvested energy. We also validate the performance
of the optimal resource allocation algorithm in Section V.

A. BEAM SELECTION ERROR PROBABILITY
In Fig. 4, the beam selection error probabilities are evaluated
when (a) Nb = 24 (b) Nb = 36 with M = 12. We note that,
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FIGURE 5. Training overhead comparison for various Nb.

as SNR increases, the overall beam selection error decreases.
In addition, as discussed in Section IV-A2, the group selection
error probability decreases exponentially fast. The proposed
two-level algorithm exhibits similar or slightly worse error
performance compared to the exhaustive codebook search.

B. TRAINING OVERHEAD ANALYSIS
In Fig. 5, the time slots required for the beam training
are evaluated for the proposed two-level beam selection
algorithm and the exhaustive codebook search algorithm.
From the figure, the training overhead reduction achieved
by the proposed algorithm is approximately 62.3 % on
average. For example, when Nb = {15, 40}, the proposed
algorithm requires only 6 and 15 training slots compared
to {15, 40} slots for exhaustive codebook search, resulting
in 60 % and 62.5 % overhead reduction, respectively.
From Figs. 4 and 5, the proposed two-level beam selection
algorithm achieves significant reduction in training overhead
without degradation in the beam selection error probability.

C. ENERGY HARVESTING PERFORMANCE
In Fig. 6, the normalized harvested energy (i.e., the harvested
energy divided by the transmit power given by E/Pt ) is
evaluated when Nb = {24, 36}. From (8) and Lemma 2,
the normalized harvested energy is given as a function of Kp
and the beamforming gain. From Fig. 6(a), due to the beam
selection error at low SNR (less than 5 dB), the proposed
algorithm exhibits lower harvested energy than the exhaustive
codebook search algorithm. In contrast, at high SNR, the
proposed algorithm outperforms the exhaustive codebook
search algorithm. From Fig. 6(b), when Nb = 36, the
proposed algorithm consistently achieves higher harvested
energy than exhaustive codebook search. This superior
performance stems from the reduced training overhead,
which allocates more time slots for actual power transfer.
In Fig. 7, the energy efficiency ratio for various SNRs is
evaluated when Nb = {24, 36}. From the figure, at high
SNR, the proposed two-level beam selection method can

FIGURE 6. Normalized harvested energy for various SNRs when
(a) Nb = 24 (b) Nb = 36.

achieve approximately {20, 35} percent improvement for
Nb = {24, 36} in the harvested energy, respectively.

D. OPTIMAL RESOURCE ALLOCATION RESULTS
Fig. 8 shows the harvested energy as a function of Nb
for different frame durations K . The results confirm the
concave nature of the harvested energy function and vali-
date the effectiveness of the proposed bisection algorithm
(i.e., Algorithm 2) in finding the optimal N ∗b . For K = 80,
the optimal N ∗b is approximately 25, while for K = 250,
it increases to around 40, demonstrating the dependency on
system parameters. In addition, due to the increased energy
harvesting time, K = 250 exhibits higher harvested energy
than K = 80. In Fig. 9, the convergence of Algorithm 2
is validated when K = {80, 250} and M = 12. It can be
found that the normalized harvested energy converges to the
maximum value in four iterations.

To further validate the effectiveness of the proposed
algorithm, we compare it with the adaptive hierarchical
beam search baseline, inspired by the IEEE 802.11ad/ay
standards [9], [15]. The adaptive method employs a
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FIGURE 7. Energy efficiency ratio for various SNRs when Nb = {24, 36}.

FIGURE 8. Normalized harvested energy for various Nb when
(a) K = 80 and (b) K = 250.

multi-resolution codebook search, consisting of a coarse
sector sweep followed by S = 4 stages of binary refinement.
As illustrated in Fig. 10, the proposed two-level algorithm
consistently outperforms the adaptive hierarchical method

FIGURE 9. Normalized harvested energy over iterations in Algorithm 2
when K = {80, 250}.

FIGURE 10. Normalized harvested energy for various Nb with K = 100.

in terms of average harvested energy across the entire
range of Nb. This is because the accumulated training
overhead (approximately Ng+2S slots) significantly reduces
the time remaining for energy harvesting within a fixed
frame duration K . Furthermore, the proposed method utilizes
the difference-to-sum ratio (DSR) to achieve fine-grained
selection in a single additional time slot, whereas the adaptive
method requires multiple measurements at each refinement
level. These results demonstrate that the proposed algorithm
strikes a superior balance between training efficiency and
energy harvesting performance, making it more suitable
for power-constrained mmWave WPT environments where
minimizing training overhead is critical.

VII. CONCLUSION
This paper presented a novel two-level beam selection
algorithm for mmWave WPT systems that significantly
reduces training overhead while maintaining near-optimal
energy harvesting performance. The algorithm employs
a hierarchical approach using sum and difference beams
inspired by monopulse radar techniques. The comprehensive
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analytical framework using detection theory and order
statistics provides theoretical insights into the algorithm’s
performance. From the analytic results, the bisection
algorithm to find the optimal number of beams (which
determines the beam training period) is also proposed such
that the harvested energy is maximized. Simulation results
confirm that the proposed two-level beam selection algorithm
achieves higher harvested energy compared to conventional
exhaustive codebook search methods by reducing training
time from Nb to approximately ⌈Nb/3⌉ + 1 time slots.
Furthermore, given the system parameters, the optimal
number of beams can be effectively found by using the
proposed bisection-based optimization algorithm.

APPENDIX
PROOF OF LEMMA 1
Proof:

Let us define the received signal powers as Zg =

|y6,g|
2 and Zj = |y6,j|

2. Given the complex Gaussian nature
of the received signals, we have

y6,g =
√
PtρpaH (θD)w6,gs+ ng (63)

y6,j =
√
PtρpaH (θD)w6,js+ nj, (64)

where ng and nj are independent complex Gaussian ran-
dom variables with zero mean and variance σ 2

n . Under
hypothesis Hg (i.e., θD belongs to group g), the received
signal power follows non-central chi-squared distribution

with non-centrality parameter λg =
2Ptρp|aH (θD)w6,g|

2

σ 2
n

=

2SNRg. Specifically,

Zg ∼ χ2
2 (λg). (65)

The probability density function is then given as:

fZg (z) =
1
σ 2
n
exp

(
−

(
z

σ 2
n
+

λg

2

))
I0

(√
2λgz
σ 2
n

)
(66)

Similarly, Zj ∼ χ2
2 (λj) with λj =

2Ptρp|aH (θD)w6,j|
2

σ 2
n

= 2SNRj.

For the high SNR case where λg, λj ≫ 1, the non-central
chi-squared distribution can be approximated by a Gaussian
distribution [27]. Specifically,

Zg ≈ N (σ 2
n (1+ λg/2), σ 4

n (λg + 1)) (67)

Zj ≈ N (σ 2
n (1+ λj/2), σ 4

n (λj + 1)). (68)

Therefore, the difference Zj − Zg follows a Gaussian
distribution with:

E[Zj − Zg] =
σ 2
n

2
(λj − λg) (69)

Var(Zj − Zg) = σ 4
n (λj + λg + 2) (70)

The probability of incorrectly selecting group j instead of
group g is then derived as

Pg→j = Pr(Zj − Zg > 0) = Q

 −σ 2
n (λj − λg)√

4σ 4
n (2+ λg + λj)

 .

(71)

Here, the argument of the Q-function can be simplified as

−σ 2
n (λj − λg)√

4σ 4
n (2+ λg + λj)

=
(λg − λj)

2
√
2+ λg + λj

=
(SNRg − SNRj)√

2(1+ SNRg + SNRj)
, (72)

which completes the proof. We note that the noise variance
σ 2
n cancels out in the final expression, leaving only the SNR

ratio terms. This is expected from a physical standpoint, as the
error probability should depend only on the relative signal
strengths, not the absolute noise power. □
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