
Improved UCB-based Energy-Efficient Channel

Selection in Hybrid-Band Wireless Communication

Sherief Hashima∗†1, Mostafa M. Fouda‡2, Zubair Md Fadlullah§ ¶3, Ehab Mahmoud Mohamed‖∗∗4, and

Kohei Hatano∗††5.
∗Computational Learning Theory Team, RIKEN-AIP, Fukuoka, Japan.
† Engineering Dept, Egyptian Atomic Energy Authority, Cairo, Egypt

‡Department of Electrical and Computer Engineering, Idaho State University, Pocatello, ID, USA.
§Department of Computer Science, Lakehead University, Thunder Bay, Ontario, Canada.

¶Thunder Bay Regional Health Research Institute (TBRHRI), Thunder Bay, Ontario, Canada.
‖College of Engineering, Prince Sattam Bin Abdulaziz University, Wadi Aldwaser, Saudi Arabia.

∗∗Faculty of Engineering, Aswan University, Aswan, Egypt.
††Faculty of Arts and Science, Kyushu University, Fukuoka, Japan.

Emails: 1Sherief.hashima@riken.jp, 2mfouda@ieee.org, 3Zubair.Fadlullah@lakeheadu.ca,
4Ehab mahmoud@aswu.edu.eg, 5hatano@inf.kyushu-u.ac.jp.

Abstract—While hybrid-band wireless systems recently gained
prominence to achieve high capacity, selecting the best channel in
these systems in real-time is still a formidable research challenge
that requires further investigations. In this paper, we address this
challenge in terms of an optimization problem, which is reformu-
lated as a stochastic multi-armed bandit (MAB). Then, we intro-
duce online learning-based solutions to solve the MAB problem
for the multi-band/channel selection (MBS). Improved variants
of the upper confidence bound (UCB) scheme are investigated
and modified to be energy-aware. Hence, we propose Energy-
Aware Randomized UCB-MBS (EA-RUCB-MBS) and Energy-
Aware Kullback-Leibler UCB-MBS (EA-KLUCB-MBS) methods,
which demonstrate near-optimal results. Also, EA-KLUCB-MBS
exhibits the fastest convergence, while the convergence of EA-
RUCB-MBS is similar to that of the original UCB. Based on
extensive simulation results, we evaluate the performance of our
proposed algorithms against benchmark MBS schemes including
UCB and Thompson sampling (TS).

Index Terms—Hybrid-band systems, resource allocation, multi-
armed bandit (MAB), upper confidence interval (UCB), random-
ized UCB, Kullback-Leibler UCB (KLUCB).

I. INTRODUCTION

Recently, optimal link selection using the best channels in

hybrid wireless systems [1], which concurrently utilize bands

operating at MHz, GHz, and THz frequencies, emerged as

a difficult-to-formulate research problem. In this paper, we

address this challenging issue by considering a unified channel

and blocking model, and present a formal optimization problem

of channel selection from the bands belonging to Radio Fre-

quency (RF) comprising 2.4GHz and 5.25GHz Wireless Local

Area Networks (WLANs), 38GHz millimeter wave (mmWave)-

based WiGig, and 400-800THz visual light communications

(VLC) systems [2]. Since the formulated problem requires an

oracle (i.e., complete knowledge) and is computationally hard

to solve in polynomial time, the need for designing an online,

near-optimal channel selection approach in such hybrid wireless

systems is discussed in this paper.

With the aim to design an ultra-fast channel allocation

scheme at real-time at the transmitting and receiving nodes

of our considered hybrid-band wireless communication system,

we reformulate the original problem as a stochastic Multi-

Armed Bandit (MAB) [3] model. The hybrid-band transmitter

aims to maximize its long-term reward by selecting the most

appropriate channels to communicate with the hybrid-band

receiver by considering the impact of blocking. Compared to

the well-known MAB techniques in the literature, such as the

Upper Confidence Bound (UCB) and Thompson Sampling (TS)

[3], we present two improved UCB variants, i.e., Randomized

UCB (RUCB) [4] and Kullback-Leibler UCB (KLUCB) [5]

algorithms, respectively, to solve the formulated problem and

obtain the best band at real-time between individual transmitter-

receiver pairs in the considered hybrid RF/VLC wireless sys-

tems. Furthermore, using RUCB and KLUCB, we propose

energy-aware multi-band selection (EA-MBS) schemes, which

are referred to as EA-RUCB-MBS and EA-KLUCB-MBS,

respectively. Based on computer-based simulation results, we

demonstrate the near-optimal performances of our proposed

UCB variants both without and with energy-awareness. The

simulation results also indicate that our proposed techniques

outperform the conventional MAB methods (i.e., the classical

UCB and TS algorithms). Furthermore, the proposed EA-

KLUCB-MBS exhibits much faster convergence than EA-

RUCB-MBS and other MAB variants.

The remainder of the paper is organized as follows. Sec-

tion II presents our considered system model while section III

describes the research problem. In section IV, we present

our proposed schemes, i.e., EA-RUCB-MBS and EA-KLUCB-

MBS algorithms. Section V discusses our simulations-based

comparison of the proposed algorithms and the well-known

techniques to solve the reformulated problem. Finally, sec-

tion VI concludes the paper.
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II. SYSTEM MODEL

In this section, we describe our considered hybrid-band

wireless system, which consists of the RF and VLC link models

and the unified blockage model.

Each transmitting/receiving node, also referred to as the

transmitter-receiver (Tx-Rx) pair, in the considered hybrid

band wireless system is assumed to utilize multiple frequency

bands operating at 2.4/5.25GHz WLAN, 38 GHz WiGig, and

400-800THz VLC. Each frequency band comprises numerous

channels to transmit/receive and forward/relay data frames. For

a unified link model for both 5.25GHz and 2.4GHz WLAN

systems, we utilize the channel model used in [6]. Log-normal

shadowing with zero mean is considered for both WLAN

types, while a standard deviation of 6dB [7] and 2.15dB [8]

are considered for the 5.25GHz and 2.4GHz WLAN systems,

respectively. The reference path loss and path loss exponents

in the 5.25GHz WLAN are set to 47.2 and 2.32, respectively,

while these parameters for the 2.4GHz system are considered to

be 41.8 and 2, respectively. Moreover, a 2-D (two-dimensional),

steerable antenna model with a Gaussian main loop profile,

described in [9], is adopted in the system model having -3dB

beamwidth. Next, for constructing the VLC channels model

in the hybrid wireless system, the Lambertian model [2], [10]

is considered since it adequately incorporates light-emitting

diode (LED) transmitters. The channel gain, based on LED

with Lambertian patterns (considering the LED beam with solid

as well as the maximum half-angles, the angle between the

source-receiver line and beam axis, and the angle between

the source-receiver line and receiver standard), are adopted

similar the consideration given in the contemporary research

work [10]. Next, we adopt a unified blocking model that

accounts for all the RF and VLC frequencies by considering the

experimental parameters of the setup presented by [11] in an

urban environment with a quasi-static environment under small-

sized (5.07x1.69x1.93m3) and large-sized (7.01x2.04x2.63m3)

blockers. Hence, motivated by the blockage loss analysis figures

in [11], our generalized frequency-dependent blocking model

is modeled as:

�;>2:064;>BB[3�] = V0 + U0 log(1 +
52,=

1GHz
), (1)

where U0 denotes the slope parameter, V0 represents the

intercept of the line plotted via linear regression, and 0 indicates

the index of the blocker type (i.e., small or large). This blockage

loss can be amended to the path loss formula as a function of

the operated frequency in addition to the blocker type.

III. PROBLEM FORMULATION

The pre-described MBS (multi-band/channel selection) prob-

lem in our considered hybrid wireless system is formulated as

follows.

arg max
8, 9

<
∑

8=1

=8
∑

9=1

G8 9E(k8 9 (C)) (2a)

B.C.

ΞTx,8 9 (C) > ΞCℎ ,∀B ∈ {transmitting nodes} (2b)
<
∑

8=1

=8 ≥ # (2c)

<
∑

8=1

=8
∑

9=1

G8 9 = 1 , (2d)

G8 9 ∈ {0, 1} , (2e)

where < and =8 denote the number of heterogeneous frequency

bands and the number of channels in band 8, respectively. #

indicates the total number of available channels across all the

bands. k8 9 (C) indicates the throughput in bps of the transmitter-

receiver link at time C utilizing channel 9 of band 8. Next, G8 9
denotes a decision variable, based on which the optimal band

and its corresponding channel is to be selected to maximize

the aggregated, expected throughput, denoted by E(k8 9 (C)). We

express k8 9 (C) as:

k8 9 (C) =
,8 9)�Γ8 9 (C)

* (C) ∗ )ℎ,8 9 + )�
, (3)

where ,8 9 refers to the channel bandwidth of band 8 and its

corresponding channel 9 . )� refers to the data transmission

time while )ℎ,8 9 denotes the overhead time between the hybrid

band Tx-Rx pair according to the selected frequency band.

Without any loss of generality for the conventional MBS

scheme, * (C) = # for ∀C. This is due to its policy of

searching all the available bands before selection. Γ8 9 (C) is

the link spectral efficiency (SE) in bps/Hz upon the chosen

band/frequency at time C, which can be expressed as,

Γ8 9 (C) = log2 (1 +
%
8 9

Rx
(C)

#0 + � (C)
), (4)

where %
8 9

Rx
(C) denotes the received power at Rx at time C

according to the selected band, #0 indicates the noise power

at Rx, and � refers to the interference from nearby devices

that utilize the same frequency. In this paper, we consider the

interference issued from the two WLAN channels only. The

mmWave and VLC systems are directional ones, hence their

interference are negligible with respect to the random noise.

Next, ΞTx,8 9 (C) represents the residual energy (in Joules) of the

source device ( at time C upon the utilized channel 9 of band 8,

and ΞCℎ is the energy-threshold after which the source devices

may no longer be able to establish wireless links, and therefore,

is compelled to save its power for its main activity.

The objective function (2a) is subject to several constraints,

which are now described. For each hybrid-band transmitting

Tx, constraint (2b) indicates that the residual energy of device

B should be larger than a threshold, ΞCℎ . Next, constraint (2c)

states that the total number of channels across all the con-

sidered frequency bands should be equal to or larger than the
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sensed, available number of channels, # . Then, constraints (2d)

and (2e) signify that only one band and its corresponding

channel can be selected at a time for a relay link, and that

G8 9 is a binary decision variable, respectively.

To maximize the objective function (2a), a centralized oracle

with complete information, i.e., the network-wide information

of all bands and channel conditions for each link (Tx, Rx, or

relay), is required. Furthermore, the problem can be shown to be

computationally hard for a large number of decision variables,

and may be difficult to compute in polynomial time let alone

real-time. Therefore, we need to reformulate the objective

of choosing the most appropriate band that maximizes the

throughput of the entire link !) G−'G using a distributed, online

learning technique for every link. This needs to be carried out

by considering the utilized bands’ blocking effects, which is

variable from one band to another upon the nature of utilized

frequencies. Motivated by this, we convert the problem (in

eq. (2a)) into an online, multi-armed bandit model [12]–[15].

Let us consider each channel 9 in a band 8 that belongs to the set

� to be an arm. Note that unknown distributions are considered

for arm selection affecting the reward (i.e., throughput). If we

were to have the knowledge of the distribution 58 9 , we should

always pull the arm that has the maximum mean `8 9 . Therefore,

the optimal arm that should be selected is:

{8 9}∗ = arg max
8 9

`8 9 . (5)

In the following section, we develop algorithmic strategies to

explore and identify the optimal arm, i.e., an optimal channel

in a frequency band without sacrificing the reward completely

during exploration. The policy of calculating ΞTx,8 9 (C) is also

explained in the following section.

IV. PROPOSED MBS SCHEMES

Our formulated bandit model consists of # = {1, 2, 3, ..., =}

arms (free channels with heterogeneous frequencies). At each

trial C ∈ ) (time horizon), choosing a channel = provides a

throughput reward rw=,C . Similar to stochastic MABs, these

rewards are i.i.d. (independent and identically distributed) and

sampled from a probability distribution, unknown to the player.

Furthermore, in our setting, drawing an arm = within each

trial C is associated with a budget cost 2=,C , defined as the

consumed energy of the Tx/player if band = was chosen

for data frames transmission. Each band has different energy

consumption according to the utilized frequency. The energy

update formula of the Tx according to the chosen band is as

follows:

ΞTx,=∗
MAB

(C) = ΞTx,=∗
MAB

(C − 1) −
%=

Tx
!�

,=∗
MAB

Γ
=∗

MAB

(C)
, (6)

where MAB reflects the utilized MAB scheme (e.g., RUCB,

KLUCB, UCB, and TS), �Tx,=∗
MAB

(C − 1) is the remaining

energy of the hybrid-band Tx at the previous trial (C − 1), and

the term %=
Tx
!�/,=∗

MAB
Γ=∗

MAB
(C) defines the energy consumption

for transmitting the required data of !� bits with a data rate

of ,=∗
MAB

Γ
=∗

MAB

(C) bps using the selected band =∗
MAB

. For a

fixed length of data, the energy consumption, for the hybrid

band selection of Tx, relies on the employed frequency in

terms of the transmission bandwidth (,=) and transmission

power (%Tx,=). In the remainder of this section, we discuss our

proposed EA-RUCB-MBS and EA-KLUCB-MBS.

A. EA-RUCB-MBS Algorithm

RUCB is a modified version of UCB [3], [4]. Unlike the

classical UCB which keeps the exploration parameter constant,

RUCB aims at evaluating the exploration parameter in a more

efficient manner. RUCB randomizes the confidence interval,

and selects the most ideal arm by substituting the exploration

parameter by a random variable /C , where /1, ...../) are i.i.d

sampled from the same distribution, which is Gaussian in our

case due to the effect of the additive white Gaussian noise

(AWGN) channel. We consider a discrete distribution for / on

the interval [!;*], supported on 20 points. According to our

proposed EA-RUCB-MBS technique as shown in Algorithm 1,

during every trial C > # , the best arm is selected as follows:

=∗'*��−"�( (C) =

0A6 max
=

{k̄= (C − 1) + Zt

√

2;= C

"=,C−1

−
G=

ΞTx,= (C)
}, (7)

where k̄= (C) denotes the average throughput obtained from

the transmission band = until time C. "=,C−1 refers to the

number of times = has been picked until time C. A new term,
G=

ΞTx,= (C)
, is appended to the standard RUCB formula to reflect

the battery consumption of the hybrid-band transmitter relative

to its distance from the hybrid-band receiver. Hence, for a fixed

!� value in eq. (6), the residual energy of the source is strongly

related to the utilized frequency band plus the distance from the

destination. This impacts the achievable data rate ,=Γ=∗
*��

(C).

Algorithm 1 summarizes the main steps of our proposed EA-

RUCB-MBS scheme.

B. EA-KLUCB-MBS Algorithm

While KLUCB belongs to the UCB family, it aims to provide

a better regret bound than those of the original UCB1 and its

variants [3], [5]. The idea behind KLUCB is to calculate the

bounded Kullback–Leibler divergence of the average reward

of each arm, and the arm characterized with the maximum di-

vergence parameter is played. Our proposed EA-KLUCB-MBS

criterion is presented in eq. (8), where the energy consumption

term is added to the original KLUCB expression (assuming

Gaussian distribution) as follows:

=∗ !*��−"�( (C) = 0A6 max
=

{

BD?

{

`= (C) ∈ (0, 1) : 3
(

k̄= (C), `= (C)
)

≤
5 (C)

)=,C

}

−
G=

ΞTx,= (C)

}

,

(8)

where, 5 (C) = ;>6 C + 3;>6 (;>6 (C)) and 3 (`1, `2) =

2(`1 − `2)
2. Accordingly, eq. 2(k̄= (C) − `= (C))

2 ≤
5 (C)

)=,C
is

solved to find out the divergence parameter `= (C) of band =
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Algorithm 1 EA-RUCB/KLUCB-MBS Algorithms

1: Input: C = 0, k̄= (C) = 0, "=,C = 0, ΞCℎ ,Ξ(,= (C = 1), 1 ≤

= ≤ #, 1 ≤ C ≤ ) .

2: Initialization: pick each band = once in the first C = #

trials and update the source remaining energies Ξ(,= (C) for

∀= using eq. (6).

3: While Ξ(,= (C) > ΞCℎ for any = ∈ #

4: For t=N+1:T

5: Choose the most appropriate channel index =∗
('/ !)*��

(C)

for Tx-Rx using EA-(R/KL)UCB-MBS eq. (7), and eq. (8),

respectively.

6: Obtain k∗
=('/ !)*��

(C) using eq. (3).

7: "=∗
('/ !)*��

,C = "=∗
('/ !)*��

,C−1 + 1

8: k̄=∗
('/ !)*��

(C) =
1

"=∗
('/ !)*��

,C

"=∗
('/ !)*��

,C
∑

9=1

k=∗
('/ !)*��

( 9)

9: Update the remaining energy of the chosen band

ΞTx,=∗
('/ !)*��

(C) using eq. (6).

10: End For

11: End while

at time C. Algorithm 1 summarizes the proposed EA-KLUCB-

MBS scheme, where ΞTx,=, ΞCℎ , and # denote the inputs

to the algorithm and the selected band at each round t, i.e.,

=∗
 !*��−"�(

(C), is its output. For initialization, each band

is selected at once, i.e., "=,C = 1, ∀=, and its corresponding

spectral efficiency k= (C) is obtained. Then, for each time C,

# + 1 ≤ C ≤ ) , a band is selected, =∗
 !*��−"�(

(C), based on

eq. (8) as long as its residual energy is larger than the specified

threshold ΞCℎ . After selecting the optimal band, its parameters

"=∗
 !*��

,C , k̄=∗
 !*��

(C), and ΞTx,=∗
 !*��

(C) are updated for

the next round of band selection as given in Algorithm 1.

V. SIMULATION RESULTS

In this section, we evaluate the performance of our proposed

EA-RUCB-MBS and EA-KLUCB-MBS algorithms. First, non-

energy-aware RUCB-MBS and KLUCB-MBS algorithms are

compared with similar reference schemes, such as UCB-MBS

and TS-MBS, as well as baseline schemes including the oracle-

based optimal MBS and a random MBS. The optimal MBS

decides the ideal (i.e., the best) channel/band from a centralized

oracle as mentioned in section III. Thus, it can be regarded as

a conventional technique, which searches all available channels

and needs to have a good channel state information to choose

the best one. This intuitively consumes a considerable amount

of time. On the other hand, the random MBS arbitrarily selects

one channel during each round C. Furthermore, a conventional

MBS is considered for comparison in the conducted simu-

lations. Then, we compare the energy-aware algorithms with

energy consumption reflection during the channel selection

process. The proposed algorithms are compared with EA-UCB-

MBS, EA-TS-MBS, optimal MBS, conventional MBS, and

random MBS for a comprehensive performance evaluation.

Without losing any generality, our simulation setup con-

sists of four arms/ channels with three different bands (RF,

mmWave, and VLC), i.e, N = 4. Each arm details in terms

of ,=, 52,=, %
=
Tx
, )ℎ,= are (40MHz, 5.25GHz, 20mW, 3.6`sec),

(20MHz, 2.4GHz, 20mW, 3.6`sec), (100MHz, 38GHz, 10mW,

0.28msec), and (20 MHz, 105GHz, 20mW, 3.6`sec), respec-

tively. Furthermore, ) , !� , and )� are set to 1000, 1TB, and

0.1 sec, respectively. The blocking parameters for the small

blockers are considered to be UB<0;; = 2.6 and VB<0;; = 3

while those for the large blockers are set to U;0A64 = 3.6 and

V;0A64 = 7.7, respectively, [11]. Ξth is set to be 1% G 10 to

100 meters, and G0 is considered to be 5m. For the scenario

without energy-awareness, the throughput and convergence are

regarded as performance metrics. On the other hand, for the

scenario with energy-awareness, the average energy-efficiency

(EE) is additionally considered. Here, EE is expressed as the

average throughput over the consumed energy per chosen band

in bit/sec/Joule as follows:

�� =
1

#

#
∑

==1

k= ()) /
(

ΞTx,= (C = 1) − ΞTx,= (C = ))
)

, (9)

where ΞTx,= (C = 1) denotes the initial energy (i.e., battery

level) of Tx while ΞTx,= (C = )) represents its final energy after

utilizing the =Cℎ ∈ 1, 2..., # channel/arm.

The throughput performance results for the scenario with-

out energy-awareness are demonstrated in Fig. 1. The figure

plots the average throughput over multiple runs for varying

distances (in meters) in terms of three different blocking

scenarios (no blockage, small blockage, and large blockage in

Figs. 1(a), 1(b), 1(c), respectively). The throughput performance

was found to be inversely related to the blocking. For all

blockage cases, the proposed KLUCB-MBS and RUCB-MBS

algorithms outperformed not only the reference UCB and TS

schemes but also the conventional and random MBS schemes.

While compared with the oracle-based optimal baseline, both

our adopted approaches (i.e., KLUCB-MBS and RUCB-MBS)

exhibited near-optimal performances. Also, the conventional

MBS scheme was shown to offer a regular throughput perfor-

mance due to the large overhead resulted from the brute-force

beam training. Random MBS yielded the worst performance

due to the arbitrary selection policy. In summary, for the sce-

nario without energy-awareness, the KLUCB-MBS approach

outperformed all other multi-band/channel selection strategies

while RUCB-MBS emerged as the second best technique.

Next, for the scenario with energy-awareness, Fig. 2, demon-

strates the throughput performance of the proposed MBS algo-

rithms in case of various blocking situations. From the figure,

it is evident that the throughput dropped with larger blocking

environments. The two proposed EA-MBS variants exhibited

superior performances to the conventional and random MBS

schemes in all three blocking scenarios. The EA-KLUCB-MBS,

EA-RUCB-MBS, EA-TS-MBS, and EA-UCB-MBS attained

up to 99%, 98.5%, 92%, and 84% of the optimal MBS,

respectively. However, the conventional MBS and random MBS

delivered only 59% and 66% throughput performances, respec-

tively. The random MBS policy revealed the most deficient

performance with a sharp drop in the average throughput with
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Fig. 1. Comparison of RUCB-MBS and KLUCB-MBS against UCB-MBS, TS-MBS at distinct distances and different blocking types (no, small, large blocking).
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Fig. 2. Average throughput comparison of EA-RUCB-MBS, EA-KLUCB-MBS algorithms Vs distinct distances at different blocking scenarios.
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Fig. 3. Energy-Efficiency (EE) comparison vs distinct distances at no, small, and large blocking situations.
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Fig. 4. Convergence comparison for scenarios without and with energy-awareness for the considered MBSs.

the growing distance between the hybrid-band Tx-Rx pair. This

happened due to the randomness in the chosen channel, which

mostly encountered a weak channel state. The conventional

MBS demonstrated the second worst throughput performance

because of the increased overhead due to overall searching

options required to determine the best channel for utilization.

For the scenarios with energy-awareness, we also evaluate

the Energy-Efficiency (EE) performances in Fig. 3 in terms

of the Gbps/mJ viability of our proposed EA-MBS algorithms

across various hybrid-band Tx-Rx separation distances (in

meters). Three blocking situations, i.e., no blocking, small

blocking, and large blocking, are considered in Figs. 3(a), 3(b),

and 3(c), respectively. The path loss is relatively related to the

separation distance. Hence, the EE is impacted by the growing

separation distance for all schemes. In all three considered

blocking situations, the EA-KLUCB-MBS achieved a near-

optimal EE performance due to its appropriate MBS policy

with an adequate energy consumption. On the other hand, EA-
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RUCB-MBS offered the second-best EE performance due to

the efficiency of its randomized exploration parameter selection

policy. The conventional and random MBS schemes were

noticed to result in rather poor EE performances owing to their

inadequate channel selection policies. From these results, it may

be confirmed that our proposed EA-KLUCB-MBS and EA-

RUCB-MBS algorithm(s) emerged as the most viable MBSs in

the considered hybrid-band wireless system.

Next, we evaluate the convergence performances of the pro-

posed and baseline MBSs in scenarios without and with energy-

awareness. Fig. 4(a) demonstrates the convergence rate of

the non-energy-aware MBS schemes (KLUCB-MBS, RUCB-

MBS) with UCB-MBS, TS-MBS, optimal MBS, conventional

MBS, and random MBS at 10 meters reference distance with

) = 1000. KLUCB-MBS exhibited the fastest convergence

while RUCB-MBS appeared to suffer from a much slower

convergence similar to the classical UCB. This is because of

the time taken by RUCB-MBS to define a suitable exploration

parameter during every trial C. KLUCB-MBS scheme reaches

99% convergence compared to the optimal MBS. TS-MBS and

RUCB/UCB-MBS achieved 98.78% and 93.54% of the optimal

performance, respectively, at C = 300. Furthermore, for the

energy-aware scenarios, the convergence performances of our

proposed EA-RUCB-MBS and EA-KLUCB-MBS are shown

in Fig. 4(b) in terms of the average throughput at 10 meters

separation distance between hybrid-band Tx-Rx with ) = 1000.

The proposed EA-KLUCB-MBS technique outperforms the

other methods by reflecting its quick convergence and fairly

accurate performance. At C = 300, EA-KLUCB-MBS achieved

a convergence rate of 99.98%, whereas EA-TS-MBS and EA-

UCB-MBS achieved approximately 99.4% and 94.9% of the

optimal performance, respectively. Moreover, the random MBS

scheme could deliver only 53.65% of the optimal performance.

EA-RUCB-MBS demonstrated a slower convergence to the

legacy UCB due to the spent time in searching the best

exploration parameter.

VI. CONCLUSION

As hybrid wireless communication systems operating at

heterogeneous frequency bands emerge, we considered a fun-

damental problem of energy-efficient channel allocation in

this paper. We described our system model based on the

highly dynamic, unified channel conditions and formulated

a resource allocation optimization problem that requires an

oracle. Since an Oracle-based MBS strategy is impractical, we

explained the need to design an online, Energy-Aware (EA)-

MBS techniques. In this vein, the MBS problem is restructured

as a stochastic MAB. In this paper, we investigate how to

improve the performance of the UCB algorithm. Hence, we pro-

posed an Energy-Aware Randomized UCB (EA-RUCB-MBS)

algorithm which outperforms the original UCB and TS im-

plementations. However, since EA-RUCB-MBS exhibits slow

convergence, we developed another variant of UCB, referred to

as Energy-Aware Kullback-Leibler UCB (EA-KLUCB-MBS),

which demonstrates comparable performance with the optimal
MBS solution with a much faster convergence. With exten-

sive computer-based simulation results, we evaluated the near-

optimal performance of the proposed EA-RUCB-MBS and EA-

KLUCB-MBS algorithms. In the future, further algorithmic

feasibility in terms of both complexity and a comprehensive

log-regret analysis will be carried out in a theoretically manner

to validate our simulation results and findings in this paper.
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