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Abstract—Device-to-device (D2D) communications face chal-
lenges of spectrum scarcity and limited power, hence necessitating
energy-efficient system design that also meets target data rate
requirements. To address these issues, a reinforcement learn-
ing (RL)-based Q-learning scheme deep Q-Networks (DQN) is
proposed within a cognitive radio (CR) framework for primary
user (PU) spectrum prediction (SP). This approach enables
opportunistic data transmission and radio frequency (RF) energy
harvesting (EH) for sustainable transmission of devices. The
RL algorithm aims to maximize energy efficiency (EE) while
satisfying constraints on target data transmission rate, energy
harvesting requirements, and interference thresholds permissible
at the PU receiver to protect it in the event of wrong prediction.
A comprehensive set of simulations is conducted to evaluate the
proposed method, reporting improvements in spectrum predic-
tion accuracy, normalized energy efficiency, and residual energy.
The results demonstrate a gain of 35% in EE, a 24% reduction
in data collisions, and a 38% improvement in residual energy
over the reported works.

Index Terms—Device-to-device, reinforcement learning, CRN,
energy harvesting,

I. INTRODUCTION

Device-to-device (D2D) data transmission becomes one
enabling technology in upcoming 6G to provide short-range
communication with low latency [1]. Even though D2D com-
munications offload the mobile traffic at the base station (BS),
reduce energy consumption in data transmission, and enhance
spectrum usage, still an efficient system design needs to con-
sider these issues to achieve improvement in energy efficiency
(EE), intelligent spectrum access leading to spectrum efficient
communications while ensuring to meet the target data rate
demand. Emergence of Internet of-Things (IoT) makes D2D
communication a practical choice to address various short-
range low data rate application-specific services [2]. Often
these services are hampered as the transmit devices are battery
driven, and suffer from network lifetime problems, hence,
require periodical replacement or recharging of the nodes
(devices). In brief, in D2D communications, a few challenges
that the devices face are availability or assurance of free
spectrum for seamless connectivity, enhancement of network
lifetime due to limited battery power, and transmission power
control for collision-free data transmission while meeting the
target data rate requirement.

Recent works show various spectrum sharing schemes in
D2D communications by means of interweave, underlay and
overlay modes of communication. Power control in D2D
communications allows frequency sharing with the licensed
users’ bandwidth in an underlay mode but often fails to meet
the target data rate requirement. Interweave mode of spec-
trum sharing allows D2D communications by opportunistic
access of primary user (PU) spectrum without exceeding its
permissible interference limit. The means of opportunistic
communication where an unlicensed spectrum user, also called
secondary user access licensed spectrum is called cognitive
radio (CR) technology [3], and the users are called as CR and
PU, respectively.

Spectrum sensing (SS) and spectrum prediction (SP) are
the two primary approaches in CR communication where
secondary users (SUs), before starting data transmission, find
the free spectrum i.e., spectrum hole [4]. Reliable SS leads
to collision-free data transmission of PU and SU, hence, one
communication is not hampered by the other. Due to the
stochastic nature of the PU signal as well as the sensing chan-
nel, a single user’s SS result is not reliable. Multiple SUs get
involved to form a cooperative SS (CSS) scheme where each
individual sends its sensing signals or local sensing decisions
to the fusion center (FC) that forms a global decision [5].
Literature on SS/CSS is quite rich and addresses several issues,
namely reliability improvement in sensing, energy efficient SS,
security issues, etc. However, any kind of SS/CSS scheme
causes energy drainage of SU nodes [4], [5].

Joint SS and SU data transmission perform periodic sensing
followed by opportunistic data transmission on a time-shared
mode [3]. Both the operations, being tightly coupled, the dura-
tion of one affects the other. This trade-off issue is addressed a
lot in the literature [5]. Dedicated SS/CSS operation not only
drains a substantial power of SU nodes but also diminishes its
data transmission duration in periodic frame structure [5]. One
way to alleviate SS operation is to adopt SP where the state
of use/non-use of PU spectrum at a particular time instant
is determined based on some information, such as historic
traffic pattern, signal-to-noise ratio (SNR) values, PU data
transmission rate, SU energy harvesting (EH), etc on previous
slots. A good number of works on SS and SP is reported



using different deep learning (DL) approaches from partial SS
information [6], [7], SS using machine Learning (ML) [8] SP
using partial observable Markov Decision process (POMDP)
boosting D2D data transmission [9], SP, CR network (CRN)
routing and EH [5]. When contrasted with SS, SP offers
benefits in energy savings, enhanced data transmission time
slot for SU and reduction in sensing results transmission
overhead [4].

An accurate prediction on PU spectrum hole leads to
improved EE in SU data transmission. At the same time, if PU
transmission state is determined accurately, two-fold benefits
can be achieved; data collision between PU and SU can be
avoided. At the same time, SU nodes (devices) perform EH
using PU’s transmitted radio frequency (RF) signal. In other
words, high accuracy in SP not only protects PU from SU
interference but also improves EE of SU nodes by means
of power control and provides EH-enabled self-powering.
The present work focuses on improvement in EE for D2D
communications using opportunistic transmission through SP
that also have provisions for EH.

The remainder of this paper is structured as follows. Section
II provides a review of related literature. Section III describes
the proposed system model along with the problem formu-
lation. Section IV outlines the Q-learning approach adopted
in this work. Section V presents the performance evaluation
through simulation results, and Section VI concludes the paper.

II. LITERATURE REVIEW AND SCOPE OF THE WORK

Of late Hidden Markov Model (HMM), long short term
memory (LSTM) and convolution neural network (CNN) have
been used to build up SP model. ML techniques on SS and
SP are also been reported [5]–[7], [9]. Supervised learning
such as support vector machine (SVM) classifies PU transmit
or non transmit state using the trained hyperplane [10]. The
authors in [5] suggests predicting PU transmission behav-
ior using an SVM model, eliminating the need for explicit
spectrum sensing. The authors further develop a deep Q-
network (DQN)-based routing strategy aiming to improve both
EE and spectrum efficiency (SE), thereby maximizing CRN
throughput.

CSS using deep reinforcement learning (DRL) is suggested
in [11], where DL analyses the spectrum environment and
Reinforcement Learning (RL) is used for spectrum decision. A
local sensing is done by SU and conservative Q-leaning (QL)
is then done to determine transmit/non-transmit state of PU for
the current as well as future k− 1 (k > 1) time slot, which in
turn eliminates the needs of SS for the next (K-1) slot. In [12],
an LSTM-based cooperative SP (CSP) method is introduced
for energy constrained CRNs. The LSTM predicts the channel
condition ahead of sensing, and a parallel fusion CSP scheme
is then applied to mitigate errors arising from individual pre-
dictions. The work in [13] also employs LSTM networks for
SP, treating spectrum samples as time-series data. Their results
indicate that LSTM outperforms multilayer perceptron (MLP)
models and yields slightly improved classification accuracy
relative to regression models.

Due to dynamic traffic of PU, SP of SU for collision free
data transmission is characterized as Markov Decision Process
(MDP). MDP is addressed through RL strategy in D2D-CR
SP problem [14] and channel switching in [15] to identify
idle PU channel. In [5], SVM (for SP) and DQN (for routing)
are utilized as two independent ML modules, necessitating
different training, testing, and validation data sets for each.
To the best of knowledge, EE maximization in CRN based
D2D communications with EH through SP has not yet been
explored.

A. Our Contributions

To simultaneously manage spectrum-hole detection, EE
maximization, and EH, this work employs an RL-inspired SP
strategy that avoids SS and enables opportunistic D2D com-
munication. Correctly predicting PU inactivity yields collision-
free D2D transmission and is rewarded through improved
EE. An incorrect prediction, however, triggers a penalty by
compelling the D2D user to reduce its transmit power to
protect the PU, resulting in reduced EE. An earlier form of
this concept was presented in [14], where a high misprediction
probability was treated as a penalty term that obligated the
device to support PU transmission, thereby lowering its own
usable transmit power and shortening network lifetime. Fur-
thermore, it was assumed that transmit device is powered from
the external sources i.e. external source was only means for
powering the device without the scope of EH. To address this
power problem, in the present work, the correct prediction on
PU transmission state is purposely used by the transmit device
for EH, this makes self-powered system design. Moreover,
the switch mode operation of device’s own data transmission
and participation in PU data transmission in the model [14]
are governed by special instruction received from the agent.
This leads to an overhead issue, which the proposed model
effectively mitigates. The contributions of the proposed work
are as follows:

i) Joint SP and RF-EH powered D2D communication using
RL based Q-learning is suggested. EE maximization is
achieved through high accuracy on SP while interest of
both PU and SU are maintained in terms of interference
protection, energy causality and data rate constraints.

ii) Mathematical expressions of objective function and the
constraints include different SP probabilities in a tightly
coupled form. The desired values of probabilities have
direct role in reward and penalty functions leading to
maximize cumulative reward function while solving the
constrained objective functions.

iii) A large set of simulations are done that show 24%
reduction in data collision over [8] and improvement on
EE and residual energy by 35% and 38%, respectively
over [4].

III. SYSTEM MODEL AND PROBLEM FORMULATION

Fig. 1(a) depicts the PU link, consisting of a base station
(BS) and its user equipment (UE) within a cellular network.
A D2D communication based IoT system that consists of DT



Fig. 1. System model (a) proposed and (b) from [14].

Fig. 2. PU spectrum usage pattern and predicted pattern.

as device transmitter and DR as device receiver, is considered
as SU network. DT contains receiver circuit and based on the
received PU signals makes SP which allows an opportunistic
access of PU spectrum. Fig. 1(b) shows the system model used
in [14] to highlight the difference in operations with respect to
the present one. Both Figs. 1(a) and (b) also show the various
data transmission signals. A one-way DT–DR communication
link is considered, although bidirectional (two way) commu-
nication can be supported through time or frequency division
sharing.

The objective of spectrum prediction is to determine PU
transmit/non-transmit state, which is represented by a binary
random variable (RV) ‘x’ taking values 0’s and 1’s indicating
PU non-transmit and transmit state, respectively. These two
hypotheses are denoted by H1 and H0 and the probabilities of
PU’s presence and absence are denoted by P (H1) and P (H0),
respectively. Here P (H0) values ranges between 0.3 to 0.4 as
per measured reported by different regulatory bodies. Fig. 2
represents two sequence of PU transmit.

p1 =
PU’s non transmit state predicted
PU actually in non-transmit state

=
Number of 0’s in PU spectrum sequence predicted

Number of 0’s in PU’s data transmit sequence
(1)

p2 =
PU predicted as transmit

PU is actually in non-transmit state

=
Number of 1’s in predicted sequence

Number of 0’s in actaul non-transmit sequence
(2)

p3 =
PU predicted as non-transmit

PU is actually in transmit state

=
Number of 0’s in predicted sequence

Number of 1’s in PU sequence
(3)

p4 =
PU spectrum as in trasmit state
PU is actually in transmit state

=
Number of 1’s in predicted sequence

Number of 1’s in PU sequence
(4)

Here, p1 indicates correct prediction of PU’s non-
transmission state i.e. correct prediction of spectrum hole
which in turn causes the scope of D2D communications.
Probability p2 indicates the situation when PU is in non-
transmit state but predicts as transmit state which causes
situation of loss in PU spectrum usage. Note that for an
opportunistic data transmission, p1+p2 = 1, and a high value
of p1 is desirable in SP. The probability p3 captures the event
of inaccurately predicting PU activity, which results in unin-
tended D2D interference and necessitates power regulation to
satisfy the PU interference constraint. In contrast, p4 denotes
a correct prediction of PU transmission, allowing the DT to
perform RF-EH. Here also p3 + p4 = 1, where a low value of
p3 is desirable to ensure interference protection of PU.

To have a good PU spectrum prediction, it is desirable to
have high p1 and low p2 values, which consequently indicate
D2D high data rate transmission and low loss in PU spectrum
usage, respectively. In the same line of prediction accuracy,
low p3 and high p4 values are desirable to have lower data
collision in PU and SU data transmission and a scope of high
RF-EH for the device, respectively.

The work aims to maximize D2D EE while meeting its
target data rate, PU interference protection and meeting power
of transmission required to transmit device from the harvested
energy. Mathematically, the problem can be written as

max
PD

EE =
p1RD − p2RD
(p1 + p3)PD

(5)

s.t: p1RD ≥ RDT (6)

|hc|2p3PD ≤ Ith (7)

Ph = PD = η · p4
(
σ2
psPp + σ2

ns

)
(8)

where PD is the device’s (DT) own data transmit power, and
RD is D2D data rate, given by:

RD = log

(
1 +

p1h
2
dPD
σ2

)
The symbol hd represents the fading gain of the D2D data

transmission path. Noise signal is considered to be modeled
as circularly symmetric complex Gaussian (CSCG) random
variable with zero mean and variance σ2. It is assumed
that D2D data transmission experiences Rayleigh fading, the
channel coefficient h ∼ CN (0, d−α) follow the model where
the symbol d corresponds to the propagation distance and
α denotes the path-loss exponent. The parameter RDT refers
to the minimum data rate requirement of the DT, while Ith
specifies the allowable interference level at the PU receiver.
Eq. (8) indicates energy causality i.e. the harvested energy is
the only source of transmit power of DT and in this work
a linear model of EH is used. To maximize the objective



Fig. 3. Markov chain model of PU

function in Eq. (5) under the worst-case condition of maximum
interference, the inequality constraints in (6)–(7) are taken with
equality.

IV. SP AND D2D COMMUNICATION VIA Q-LEARNING

The main objective is to determine the optimal value of
device transmit power PD that maximizes the system EE by
accurately predicting the PU state at each time slot while
satisfying the above constraints. A Markov chain model is em-
ployed to characterize the PU activity, following the Markov
property with state–transition probabilities p00, p01, p11, and
p10, as shown in Fig. 3. Here, state 0 denotes that the channel
is currently idle (i.e., not accessed by the PU), whereas state
1 denotes that the channel is occupied by the PU.

A. MDP Problem Formulation

A discrete-time MDP is characterized as follows:
• A finite state set S = {si}, i = 1, 2, . . . , n, where each
si ∈ {0, 1}. Here, si = 0 denotes that the spectrum is
free for transmission, while si = 1 indicates that the PU
occupies the spectrum.

• A finite action set A(si) = {ai}, i = 1, 2, . . . , |A(si)|
for each state si ∈ S, where ai ∈ {0, 1}. Action ai = 0
means the SU predicts the spectrum to be free, and ai = 1
means the SU predicts the spectrum to be occupied by
the PU.

• Let si,t and ai,t are the state and action at time instant t,
respectively. The state transition probability is given by

p(ai,t, si,t) = Pr(si,t+1 = sj | si,t = si, ai,t = ai).

• The reward function associated with taking action ai,t in
state si,t is defined as

Reward(si,t, ai,t) = max
(
EE(PD)

)
.

B. Proposed Q-Learning

An MDP is characterized by a tupple (s,a,t,r,β), where
s,a,t,r and β represent state space, action space, state transition
likelihood, reward and discount factor, respectively. A com-
plete knowledge of statistical characteristics of MDP system
is needed to develop the state transition matrix. Algorithm 1
describes the pseudo-code for the Q-learning of the proposed
method. The symbols Eh and Eres indicate energy harvesting
and residual energy, respectively.

A Q-table of n × 2 is developed where the number of
time steps/instants of observation is denoted by n. In each
row of two columns si,t of PU is stored using an action

Algorithm 1 Pseudo-code: Q-learning in the present work
Require: RDT, Ith
Ensure: Probabilities (p1, p2, p3, p4), EE, RD, Eres, Eh

1: Initialize Q-table Q(s, a)← 0
2: for each epoch j do
3: for each time step t do
4: SU predicts state of the PU by choosing action ai
5: if SU correctly predicts then
6: Calculate reward r using Eq. (9)
7: else
8: Calculate penalty p using Eq. (10)
9: end if

10: Update Q-values using Eq. (11)
11: Update the power level PD of device
12: end for
13: Probabilities (p1, p2, p3, p4) are updated.
14: Energy efficiency, power consumed, data rate, Eh, Eres

are calculated.
15: end for
16: return Q

ai,t. Correct prediction leads to state-action reward (r) while
wrong prediction due to state-action is negatively rewarded i.e.
a penalty is assigned in cumulative reward function Reward
(r) and Penalty (p) are defined as follows

Reward (r) =

∣∣(p1 − p2)RD∣∣
(p1 + p3)PD

(9)

Penalty (p) = −
∣∣(p1 − p2)RD∣∣
(p1 + p3)PD

(10)

At the time instant t, with successful prediction of PU
spectrum state, SU updates the Q table as follows:

Q(si,t, ai,t)← (1− ρ)Q(si,t, ai,t)

+ α
[
r + β max

a′∈A(si,t+1)
Q(si,t+1, a

′)
]
.

(11)

where learning and discount factors are denoted by 0 ≤ ρ ≤
1 and 0 ≤ β ≤ 1, respectively.

V. NUMERICAL RESULTS AND DISCUSSION

This section presents the performance of the proposed RL-
based SP scheme in terms of prediction accuracy, the resulting
EE, and Eres in D2D communications. Simulation to imple-
ment the proposed DQN method is run on an Apple MacBook
Air, featuring a ten-core CPU, a ten-core GPU with hardware-
accelerated ray tracing, a sixteen-core Neural Engine, and
sixteen gigabytes of unified memory. The simulation parameter
values are as follows: P (H0) = 0.7 and P (H1) = 0.3, d = 1.3
m, α = 3, Pp = 0.6 W, Ith = 0.45 W, RDT = 0.5 bps/Hz,
σ2 = 0 dBm, ρ = 0.48, β = 0.52 and η = 0.27 (η indicates
EH conversion efficiency).

The graphical plot of p1 and p4 with the number of epochs
are shown in Fig. 4. Both p1 and p4 increase with the increase
in the number of epoch indicating the improved learning of



Fig. 4. SP accuracy: p1 and p4 vs number of epochs

the system leading to high accuracy on SP. High values of p1
and p4 indicate a higher prediction accuracy for identifying
PU spectrum holes and correctly detecting PU transmission,
respectively.

Fig. 5. SP accuracy: p2 and p3 vs number of epochs

Fig. 5 also shows similar SP results in term of p2 and
p3 versus the number of epochs where RL algorithm shows
reduced values of both that lead to the reduction in spectrum
loss in D2D communications and interference protection of
PU. Graphical results also show that numerical values of p1
and p2 as well as p3 and p4 are mutually complementary
satisfying their sum 1.

Performance of the proposed SP is compared over existing
SS/SP methods [4], [8], [9], [14] using Receiver Operating
Characteristic (ROC) curves. The change in probability of
detection (pd) as a parameter of probability of false alarm
(pf ) is an essential characteristics of any SS/SP method and
the plot is shown as ROC. It is expected to have Area under
the curve (AUC) value to be close to one (ideal case), 0.945
is the AUC value for the present method, while the same are
found to be 0.923 in [14], 0.892 in [8], 0.824 in [9] and 0.746
in [4].

Fig. 6 shows the improvement in normalized EE as the
number of training epochs increases, evaluated under different
D2D data-rate constraints. Non-fading conditions yields max-

Fig. 6. Normalized EE vs number of epochs

imum data transmission while the same is reduced at fading
channel. Normalized EE corresponds to the ratio of EE on
fading channel to that of non-fading channel. Increased EE
values results due to reduction in p2 and p3, which allows more
transmit power for D2D communication, thereby enhancing
its data rate. With the increase in D2D data-rate constraint,
normalized EE improves correspondingly because a higher
data transmission rate is achieved.

Fig. 7. Residual energy vs number of epochs

Fig. 7 shows graphical plot of residual energy in joule versus
the number of epochs. Residual energy is the savings in energy,
after consumption of power needed for D2D communication,
from its harvested energy. As seen in Fig. 4, as the number
of epochs increases, the value of p4 value also increases,
i.e., with the increase in PU spectrum usage detection, device
keeps its harvester circuit ON that leads to more harvesting
energy. Results reported in Fig. 7 are obtained using Pp = 0.6
watt and energy conversion efficiency η = 0.27. For a given
data transmission rate, after the required transmit energy
consumption, the left over energy stores as residual energy
which goes on increasing with number of epochs (p4 values).

The effect of p4 on residual energy is reflected in Fig. 8 that
shows graphical plot on residual energy in joule vs probability
p4 at different values of PU transmit power Pp. It is observed
that residual energy values increase with the increase in PU
transmit power for a given p4 value. This is obvious as high PU



Fig. 8. Residual energy vs PU spectrum detection probability

power implies more RF energy power fed to harvester circuit,
which for a given efficiency, yields high value of harvesting
energy and consequent increase in residual energy. Fig. 8 also
shows performance comparison in residual energy over [4] at
Pp = 0.8 W and Pp = 0.6 W. About 35% and 50% increase
are seen on the values of residual energies for the proposed
method over [4].

TABLE I
SS/SP PERFORMANCE COMPARISON

Method Norm. EE Gain in EE p4 (pd) p2 (pf )

SVM & DQN [5] 0.90 26.76% 0.80 0.32
DRL [8] — — 0.82 0.29
RL [14] 0.93 30.98% 0.94 0.20
Proposed 0.95 34.76% 0.96 0.18

When relative performance are compared with the existing
works, 35% improvement in normalized EE over [4] and 25%
reduction in data collision over [8] are achieved. Numerical
results report the same in Table I.

VI. CONCLUSIONS AND SCOPE OF FUTURE WORKS

An RF-EH based self-powered D2D communication frame-
work CRN is proposed in this work where spectrum hole as
well as PU transmit states are determined through spectrum
prediction (SP). RL algorithm is employed for SP, leading to
maximization of EE subject to RF-EH causality, PU protec-
tion, and meeting data rate requirements.

Simulation results highlight 25% and 35% improvement on
EE compared to [14] and [4], respectively, while protection
of PU from data collision is achieved by 25% over [8], residual
energy improvement by 35% over [4].

Future works for the proposed method may focus on

• Proposed SP can be extended in the framework of CSS
using actor-critic based RL work.

• The present work predicts a single channel of PU, and can
be extended for predicting multiple channels, enabling
hybrid-mode (interweave, underlay, and overlay) bidirec-
tional D2D communications.

• The present system model considers a linear EH model;
future work may consider a non-linear EH model for
more realistic performance analysis.
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