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Deep Reinforcement Learning for Joint Time and
Power
Management in SWIPT-EH CIoT

Nadia Abdolkhani

, Student Member, IEEE, Nada Abdel Khalek , Graduate Student Member, IEEE,

Walaa Hamouda , Senior Member, IEEE, and Iyad Dayoub , Senior Member, IEEE

Abstract— This letter presents a  novel deep
reinforcement learning (DRL) approach for joint time
allocation and power control in a cognitive Internet of
Things (CIoT) system with simultaneous wireless information
and power transfer (SWIPT). The CloT transmitter
autonomously manages energy harvesting (EH) and
transmissions using a learnable time switching factor while
optimizing power to enhance throughput and lifetime. The joint
optimization is modeled as a Markov decision process under
small-scale fading, realistic EH, and interference constraints.
We develop a double deep Q-network (DDQN) enhanced with an
upper confidence bound. Simulations benchmark our approach,
showing superior performance over existing DRL methods.

Index Terms— Deep reinforcement learning, spectrum sharing,
simultaneous wireless information and power transfer (SWIPT).

I. INTRODUCTION

HE rapid proliferation of smartphones, cloud comput-

ing, and the Internet of Things (IoT) has significantly
intensified the demand for wireless spectrum. This surge
has led to heightened interest in leveraging cognitive radio
(CR) within IoT networks (CIoT) to dynamically borrow
spectrum [1], [2]. To share the spectrum with primary users
(PUs), CIoT devices need to implement a power control
strategy to avoid causing interference and maximizing their
throughput. This challenge is further exacerbated by the
deployment of energy-constrained CIoT devices in remote or
hazardous environments, where frequent battery replacements
are impractical. Energy harvesting (EH) can provide a sus-
tainable solution to these devices by collecting energy from
nearby radio frequency (RF) resources. Unlike wireless power
transfer (WPT), simultaneous wireless information and power
transfer (SWIPT) allows devices to divide a communication
slot between energy harvesting and data transmission using
the time-switching (TS) protocol, rather than limit the slot
to a single function. Therefore, dynamic decision-making is
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essential for energy-constrained CloT devices to intelligently
select the optimal TS ratio and transmission power. Deep
reinforcement learning (DRL) has been explored to allow CloT
devices to develop self-adaptation capabilities and optimize
network operations. However, the application of DRL in CloT
networks is still in its infancy [3].

A. Scope and Contributions of the Work

Most studies that use DRL to optimize transmission in CRs
have primarily focused on either managing power [4], [5]
or time allocation [6] separately. Moreover, they overlook
the potential of an integrated approach that could signifi-
cantly enhance data transmission efficiency and EH. While
Zhang et al. proposed a joint strategy to optimize both
time and power, they adopted a multi-agent D2D perspec-
tive, where CRs not only share common objectives but can
also harvest energy from each other’s transmissions [7].
Achieving common objectives often requires significant com-
munication overhead, which can render it impractical for
energy-constrained CloT. Additionally, this approach may
encounter convergence issues. The assumption that all CRs
have aligned goals is often unrealistic, as often times they may
have competing interests. Similarly, Omidkar et al. considered
the joint optimization of time and power allocation; however,
they rely on offline optimization approaches which require
prior knowledge and assumptions about the radio environ-
ment [8]. Tashman et al. developed a DRL-based power control
strategy for SWIPT-EH CR networks using the TS protocol,
however the TS factor is treated as a fixed hyperparameter [9].
This approach not only demands prior knowledge for opti-
mal performance, but limits its adaptability to environment
changes. Abdel Khalek et al. investigated the selection of
optimal operation modes in WPT-enabled CIoT, where devices
can transmit or harvest energy within a communication slot.

Given the aforementioned gap, we introduce a novel
DRL-based approach to jointly optimize time allocation and
transmit power, designed to maximize both long-term through-
put and lifetime for a SWIPT-EH CloT network. This approach
treats both the SWIPT TS factor and the transmit power as
learnable parameters by the CIoT agent. We also adopt a
realistic EH scenario where the CIoT agent recharges from
ambient sources without a stable dedicated source. We formu-
late the DRL framework as a discrete-time model-free Markov
decision process (MDP) with continuous states and discrete
actions, and a novel lightweight double deep Q-network
(DDQN) architecture is proposed. This DDQN is designed
to autonomously learn an operation strategy that does not
require any prior knowledge, while considering factors such as
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channel occupancy, fading conditions, energy arrival patterns,
and interference constraints. Additionally, upper confidence
bound (UCB) exploration is utilized to optimize dynamic
decision-making.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider an CIoT network consisting of a transmitter-
receiver (Tx-Rx) pair that shares the spectrum alongside
a primary Tx-Rx pair. Similar to [10], the communication
system is divided into time slots, each lasting 7 seconds,
with a total of T equal-duration slots. The CIoT Tx has a
finite battery capacity B,,,, and is capable of SWIPT-EH.
The time switching (TS) protocol is employed to manage the
SWIPT operation in each time slot ¢ based on the TS factor
0 < py < 1. That is, the CloT agent is capable of alternating
between EH and data transmission, where the duration of
each time slot 7 is divided into two periods, one for EH p;,
and the other for data transmission (1 — p;)7.

The number of time slots allocated for transmissions by
the PU Tx is L, and the PU Tx is capable of maintaining
a consistent transmit power of P; across L slots. If the PU
Tx is active during slot ¢, the PU status indicator wf) is set
to 1; otherwise, it is 0. In underlay CR, the CloT Tx is
permitted to utilize the same slot as the PU Tx, provided it
complies with the interference threshold Iy;,. This threshold is
defined by Plg’, < I;;, where P! is the transmit power of
the CloT Tx and gﬁp is the channel power gain between the
ClIoT Tx and the PU Tx. We model the channel power gains
as independently and identically distributed (i.i.d) Rayleigh
fading channels for the CIoT Tx-Rx pair g%, the PU Tx and
CIoT Rx g/, and the CIoT Tx and PU Rx g,,. These channel
gains are assumed to stay constant for the duration of each time
slot [10]. The channel power gain gfj follows an exponential
distribution with the following probability density function
fgfj (y) = Aij exp (Aijy). The channel fading parameter A;;
is influenced by the distance between devices d;; and the
path-loss exponent o. Specifically, \;; = d;ja.

When the channel is unoccupied, the achievable rate of the
ClIoT Tx during the ¢-th time slot is

Pigss
Rj = log, <1 + O_g)ﬂ (L

where o2 denotes the variance of the channel noise. If the
PU Tx occupies the channel during the ¢-th time slot, the
achievable rate of the CIoT Tx is reduced due to interference
from the PU, as specified by

t P ; ggs

R} =log, <1+ Plfg;s-i-UQ)' ()

The EH process is modeled as an energy arrival model
characterized by independent and identically distributed time
slots. The energy harvested at t = 0 is ey = 0. We assume that
the energy of ambient sources follows a Gamma distribution
é ~ T'(k,) with shape k and scale 8. Consequently, the
energy harvested during each time slot is e; = pé, where
0 < p <1 is the energy conversion efficiency factor. In the
next time slot ¢ 4 1, the available battery is updated based on

the CIoT device’s decision (p;, P!) as By1 = min{ B, + pres —
(1 — pt)PiT, Bmaz ;. p¢ indicates the fraction of the time slot’s
duration that the CIoT device decided to harvest and (1-p;)
indicates the remaining time slot’s duration that the CloT will
transmit data.

In the studied CR network, the CIoT Tx aims to optimize
its transmission rate while accounting for the interference
threshold Iy, the available battery energy By, and the energy
harvested e;. Thus, the maximization of the CloT Tx’s rate
can be formulated as a constrained optimization problem as
follows

T
max (1= p)7[(1 — w})RG + wh R (3a)
Ptts 4
T T-1
st. Y Pl1—p)T<Bo+ > er, VI (3b)
t=1 t=0
0< Pl —p)T < By, pr€10,1] (3¢)
whgt, PL< I, wl e Q={0,1}. (3d)

III. DEEP REINFORCEMENT LEARNING FOR JOINT TIME
AND POWER MANAGEMENT

A. The Model-Free Markov Decision Process

We address the optimization problem by modeling the CIoT
Tx action-taking process as a stochastic control process in a
discrete-time system. Per the Markov property, the system’s
next state depends only on its current state and action. In our
model, the stochastic behavior of states, like PU activities
and energy arrival, adheres to the Markov property. Thus,
learning the optimal operation strategy can be described as a
Markov decision process (MDP). This MDP is characterized
by the tuple (S, A, P, R,T), where S represents the set of
states within the environment, A represents the set of possible
actions, P is the set of probabilities for transitioning between
states, R denotes the rewards for each state-action pair,
and T represents the time step. In practical CIoT scenarios,
it is difficult to precisely determine the probability density
function of energy and channel fading. Moreover, the CloT
network lacks knowledge of the state transition probabilities
for each occupancy state of the primary network, making it
nearly impossible to accurately determine P. Consequently,
we utilize a model-free MDP approach and employ a deep
reinforcement learning (DRL) framework to approximate R
based on S and .A, without relying on P. Thus, the model-free
MDP tuple is represented as (S, .4, R,T’) with the following
components:

1) State Space S: The state space encompasses all possible
states across 7' time slots. For each state s; within
the environment, the CIoT agent must consider several
factors: the current battery level By, the energy harvested
in the preceding time slot e;_1, the occupancy status of
the slot by the PU Tx, and the channel power gains gf,s,
9tp» gk Thus, the state of the environment at any given
time slot ¢ is s; = { By, e;-1,W}, Iy Ghps Gs -

2) Action Space A: The action space consists of all pos-
sible actions available to the CloT agent. Based on the
current state of the environment s;, the CIoT agent must
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Fig. 1. The proposed DDQN-UCB algorithm.

decide on the value of the TS factor p,. Additionally, the
agent must determine the appropriate transmit power PY.
Thus, the action taken by the CloT agent at each time
slot ¢ is a; = [p, P!], where p; € [0,1] and P! € P.

3) Reward R: The reward value is determined by the
achievable rate, ensuring that all constraints specified
in (3) are met. Any action a; by the CIoT agent that
violates the constraints in (3) results in a negative reward
(penalty). Consequently, the reward r; for the CloT at
each time slot ¢ is:

piRy wh =0,0 < PlpiT < By
re=1 PRy w,=1,0< Pipm < By, Pygy, < I,
—¢ others,

“4)

where p} represents (1 — pz).

4) Time Step T: We characterize each progression from
time slot ¢ to £ + 1 as a single step and systematically
evaluate each state-action across all time slots 7.

Fig. 1 provides a detailed view of the employed DRL
algorithm, including our proposed UCB exploration strategy,
which will be discussed in the next subsections.

B. Proposed DDON-UCB Strategy

In this subsection, we propose a DRL framework that
enables the CIoT agent to approximate the state-value function
and learn a strategy 7 for selecting actions based on the current
environment state. By employing 7, the agent aims to optimize
the long-term cumulative reward (rate) while conforming to
the constraints of the CIoT system. Since energy-constrained
CloT devices operate at low transmission powers and the time-
switching (TS) ratio is bounded by 0 < p < 1, the action
space is relatively small, allowing for efficient discretization to

reduce computational complexity. Deep Q-networks (DQNs)
have been notoriously used to learn optimal actions in discrete
action spaces, however, they suffer from overestimation bias
that could lead the learning agent to choose over-optimistic
actions, leading to suboptimal performance. To overcome this,
we propose a double deep Q-network (DDQN) to predict the
cumulative reward (Q-value) for a possible action a in a given
state s. Essentially, the DDQN optimizes its parameters 6 to
ensure that Q™ (s,a;60) ~ Q™(s,a). The DDQN is imple-
mented as a lightweight fully connected neural network, where
the input layer contains j neurons reflecting the dimensions
of the state space S. It also includes two hidden layers with
hy and ho neurons respectively, and an output layer with z
neurons. The DDQN parameters 8 = {W") b} for each
network layer ¢, represent the weights and biases.

During training, a Target DDQN is utilized, which initially
mirrors the DDQN. As training advances, the parameters of the
Target DDQN are updated at a slower rate compared to those
of the DDQN, often across several training steps. The proposed
DDQN is trained using the mean squared error (MSE) loss £
to compute the MSE between predicted and target Q-values
for a mini-batch of state-action pairs (s,a) as

L) =E |:rt +Q" (St+1, arg max Q" (st+1,a.:0); 0')

2
- Q”(St,at;e)] 1, (&)

The Target DDQN’s parameter set 8’ is trained using an expe-
rience replay buffer that stores previous experiences (s, a, 7, t)
to minimize temporal correlations. Once the buffer exceeds
a predefined threshold x, mini-batches of experiences are
sampled to update the DDQN parameters.

During training, the objective is to reduce the loss £(0)
across a mini-batch of state-action pairs, specifically achieving
6 = arg mgin L(6;s,a). The backpropagation algorithm is
effectively utilized to compute V¢ L(0;s, a), which represents
the gradient of the loss with respect to the parameters of
the DDQN for the given state-action pairs. By applying
stochastic gradient descent (SGD) with the calculated gradi-
ents Vo L(6;s,a), the parameters of the DDQN are updated as
0 = 0—nVeL(0;s,a). The learning rate 0 < n < 1 is adjusted
using the adaptive moment estimation (Adam) optimizer for
faster computation and a learning rate scheduler to gradually
decay the rate for stable learning and efficient convergence.

To enable the CIoT agent to explore the environment,
identify optimal strategies, and manage the exploration-
exploitation trade-off, we use the upper confidence bound
(UCB) algorithm. The UCB algorithm adjusts the Q-values
using Q" (s,a) = Q" (s,a) + UL, where U? is the calculated
expected reward, defined as

R cdInt
Uy = fa+

ct’

a

(6)

with ¢’ being a hyperparameter of the UCB algorithm. The
computed expected reward U! combines the estimated reward
7! with an adjustment factor that depends on the number of the
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Algorithm 1 The Proposed DDQN-UCB Algorithm

1 Input: Cognitive IoT environment simulator and
parameters.

2 Output: Optimal action a; in each time slot £.

3 Initialize experience replay memory M with size m.

4 Initialize By, 7, 7, &, and .

5 for episode= 1I,...,episodes do

6

7

8

for = 1,...,T do
Observe the state s;; if M is not full then
L Sample a random action ay;
9 else
10 Calculate U} — 7t 4, /<dnt;
1 Adjust Q-value Q" (s,a) — Q™(s,a) + U;
12 Get action a; according to the policy of
adjusted Q-value;
13 Get the reward r; using (4);
14 observe the next state sy41;
15 Store M «— (¢, ae, e, St41)3
16 Update action count, C% « C? +1;
1 Update 7, — (Y 7t ;) /Ct:
18 Sample a mini-batch X from M,
19 Predict Target Q-values using
20 r; +ymaxaca Q7 (Sr41,2:41;60);
21 Predict Q-values using Q™ (s, a; 0);
22 Calculate the loss in (5);
23 Update 68 of DDQN online;
24 if episode*t mod x = O then
25 | Update 6 of Target DDQN online as 6’ — 6;
26 Update € and the state s;; = s¢;
27 | Update n using scheduler;

time period (frame number * T' + t) and the number of times

action a has been chosen C!. If action a; has been selected

C! times by the end of time slot ¢ (ranging from 0 to ¢), then
t

7, is calculated as

t
~t Z'LC;II Tfl,’i
To= " o
where 1}, ; is the reward for action a; at the ith selection.
Subsequently, the action chosen by the UCB algorithm is
incorporated into the DDQN training, and both the action
count C? and the expected reward 7! are updated accordingly.
The adjustment of the Q-value using the UCB strategy is
illustrated in Fig. 1. The training process for the DDQN-UCB
algorithm is shown in Algorithm 1. The UCB algorithm
has a space complexity of O(z), where z is the number of
output neurons of the DDQN. Additionally, its computational
complexity is O(1). The space complexity of the DDQN-UCB
is O(M) and its computational complexity per time step is
O(0), where 0 is the total number of parameters in the DDQN.

(7

IV. SIMULATION MODEL AND RESULTS

In this section, we analyze the performance of our proposed
DRL approach in a CloT network with a Tx-Rx pair sharing

a channel with a PU Tx-Rx pair in a non-line-of-sight (NLoS)
environment. We consider a channel noise variance of % =
1072 and a path-loss exponent of a = 4. The device distances
are dgy = dps = 1.8m and dgs = 1.5m. Time-slotted
transmissions are considered over 7' = 30 slots (each lasting
7 = 1s), with the PU Tx using L = 18 slots at P, = 0.2W
and an interference threshold of I;;, = 0.1 W. The CloT Tx’s
battery capacity is Byaz = 0.5 W, with dynamic selection of
pr €[0,0.1,...,1] and P! €[0,0.01,...,0.1]. The harvested
energy at a time slot ¢ follows e; ~ I'(0.5,1) and the energy
efficiency factor is © = 0.9. The DDQN architecture has four
layers with j = 6, hy = 512, hy = 128, and z = 121
neurons, updating the target network every 200 iterations.
Training uses an initial learning rate of 2 x 10~%, halved
every 500 episodes, over 2500 episodes with mini-batches
of 80 frames. Constraint violations incur a penalty ¢ = 7.
The Target DDQN is updated every 200 iterations. The replay
buffer holds k = 333 experiences, with a discount factor
~v = 0.99 and UCB hyperparameter ¢’ = 2.5.

In Fig. 2 (a), we provide a comprehensive comparison of the
average sum rate (ASR) achieved by the CIoT agent using our
proposed DDQN-UCB strategy against other existing bench-
marks. The strategies included in this figure are: the random
strategy, where actions are chosen randomly at each time step;
the DRL strategy from [9], which assumes a constant TS
factor (p; = 0.5) and a learnable transmission power P!,
and the DQN and Dueling-DDQN (D3QN) strategies
from [11]. We have applied both e-greedy and UCB methods
for balancing the exploration-exploitation trade-off for each of
these learning strategies.

Initially, all DRL strategies promote action exploration,
which results in penalties as shown in Fig. 2(a). However,
as training advances, our DDQN-UCB strategy progressively
surpasses all presented methodologies. This improvement is
attributed to the proposed UCB exploration, which adeptly
explores actions that optimize long-term performance, thereby
enhancing resource allocation efficiency and increasing ASR.
Nevertheless, this enhancement is not solely due to UCB;
substituting the DRL framework with DQN or D3QN while
using UCB fails to achieve the optimal strategy, underscoring
that the DDQN architecture combined with UCB is superior.
Moreover, the performance gap between DDQN-UCB and
D3QN-UCB clearly indicates that more complex architectures,
like D3QN, do not necessarily guarantee better performance,
which can be attributed to the additional layers in D3QN.
Limiting the TS factor p as per [9] and focusing solely
on power optimization does not yield the most effective
strategy for maximizing performance. Moreover, neglecting to
jointly optimize the TS factor and transmission power leads
to suboptimal outcomes.

In Fig. 2 (b), we illustrate how the number of slots occupied
by the PU L affects the ASR of the CloT agent using
our proposed DDQN-UCB strategy, comparing results across
different numbers of time slots 7. As shown in the figure, as L
increases, the ASR decreases due to the increased limitations
on the CloT agent’s actions. With more PUs, the CloT
agent must adhere to the interference threshold in more slots,
resulting in a higher likelihood of penalties and a lower data
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rate of transmission. Additionally, by increasing the number
of time slots 7" in each episode, the ASR increases because
the CIoT agent has more opportunities for transmission or
harvesting, resulting in a higher ASR.

In Fig. 2 (c), we present the impact of varying the initial
battery level By and the duration of each time slot 7 on the
ASR achieved by the CIoT agent using our proposed DDQN-
UCB strategy. Increasing By results in a higher ASR. This
can be attributed to the CloT agent facing fewer penalties,
especially in the initial time slots, when it has a higher battery
capacity. Additionally, it is evident that as 7 increases, the ASR
also rises. This is because longer time slots allow for greater
energy accumulation during the EH period p;7, subsequently
enhancing the CIoT agent’s capability for data transmission
in later slots. Likewise, the period designated for transmission
(1—p¢)T also benefits from a broader window to transmit more
data. Overall, the consistent convergence of our UCB-driven
DRL strategy across various scenarios indicates its potential
to enhance CloT system performance effectively in diverse
settings.

V. CONCLUSION

In this letter, we introduce a novel DDQN-UCB algorithm
for joint management of time allocation and power control.
Unlike previous approaches, we integrate time switching and
transmit power as learnable parameters, enabling a CloT Tx to
dynamically adjust its operations based on real-time environ-
ment conditions. By employing a model-free MDP framework
and utilizing a DDQN architecture with UCB exploration,
our approach effectively balances the exploration-exploitation
trade-off, leading to superior long-term performance. Through
comprehensive simulations, we demonstrate that our proposed
DDQN-UCB strategy not only meets its objectives with
notable success over existing benchmarks, but also efficiently
adapts to varying conditions, thereby enhancing the robustness
and reliability of dynamic CIoT networks. A future direction

involves expanding the current spectrum sharing scheme to
accommodate larger-scale CIoT networks with multiple PU
and SU pairs, addressing the scalability challenges.
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