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Unified Energy Efficiency Optimization Under
Uncertainty in EH-WSNs: An Intelligent
Probabilistic Framework

Farzad H. Panahi"”, Fereidoun H. Panahi"”, and Reza Taherkhani”, Graduate Student Member, IEEE

Abstract—Enhancing sensor longevity is crucial for the effec-
tive operation of wireless sensor networks (WSNs). Energy
harvesting (EH) sensors address this challenge by harvesting
ambient energy and extending operational lifespans. However,
without energy-efficient resource allocation, the dynamic nature
of EH rates can disrupt node operations and degrade network
performance. Existing studies have separately addressed crucial
challenges in resource allocation scenarios under uncertainties in
EH-WSNs. In contrast, our work presents a unified framework
that optimizes energy efficiency (EE) under uncertainty by
adopting an intelligent probabilistic approach that integrates
energy-efficient resource allocation with EH dynamics for a
unified solution. We achieve this by reformulating the con-
ventional deterministic optimization problem (DOP) into a set
of probabilistic optimization problems (POPs), encompassing
stochastic, robust, and chance-constrained models. To address
the complexity of solving non-convex POPs in uncertain and
dynamic environments, we propose a custom-tailored sample
average approximation (SAA)-assisted deep reinforcement learn-
ing (DRL) optimizer employing a built-in Deep Q-Network
(DQN) agent. Leveraging the inherent adaptivity of SAA-assisted
DRL, the proposed framework dynamically adjusts to varying
environmental conditions, enabling unified and efficient optimiza-
tion in the face of uncertainty. Furthermore, to ensure a robust
and credible benchmark, we also employ Double DQN (DDQN)
as a DRL baseline, enabling evaluation of our method against
multiple variants and facilitating a clear comparison of conver-
gence behaviors. Simulation results demonstrate that our unified
probabilistic framework achieves near-optimal performance in
terms of mean absolute error and convergence rate, even in the
presence of EH uncertainties.

Index Terms—Wireless sensor networks, energy harvesting,
probabilistic optimization, uncertainty, dynamic environments,
deep reinforcement learning, energy efficiency.

I. INTRODUCTION

IRELESS sensor networks (WSNs) have become inte-
gral to modern Internet of Things (IoT) applications,
from environmental monitoring to industrial automation [1].
However, the energy constraints of WSNs, combined with the
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need for long-term operation, present a significant challenge
to effective sensor deployment. Energy harvesting (EH) offers
a promising solution by enabling sensors to harvest energy
from environmental sources, thereby reducing the reliance on
finite battery resources and extending operational lifespans
[2], [3], [4], [5]. Within this framework, effective resource
allocation is essential to optimize the network performance,
considering the inherent uncertainties in channel gains for both
data and energy links. This paper focuses on improving energy
efficiency (EE) in a time-division multiple access (TDMA)-
based energy harvesting wireless sensor network (EH-WSN)
[6], [7], [8], [9]. In our model, each time slot is divided
into intervals for EH and data transmission, allowing sensors
to transmit data only when their harvested energy exceeds
the transmission power requirements. This resource allocation
challenge is further complicated by the variability in channel
conditions, a factor that traditional deterministic models fail
to address effectively. Existing probabilistic optimization mod-
els, such as stochastic optimization problems (SOPs), robust
optimization problems (ROPs), and chance-constrained opti-
mization problems (COPs), have shown promise in addressing
uncertainties [10], [11], but they have yet to be extensively
applied to EH-WSNs. Therefore, we introduce novel proba-
bilistic scenarios for energy-efficient joint power control and
time allocation by reformulating the conventional deterministic
optimization problem (DOP) into a set of probabilistic opti-
mization problems (POPs), encompassing stochastic, robust,
and chance-constrained models. To address the computational
complexity of solving these non-convex POPs, we implement a
custom-tailored sample average approximation (SAA)-assisted
deep reinforcement learning (DRL) framework [12], [13],
[14], [15], achieving near-optimal performance even under
EH uncertainties. SAA efficiently addresses stochastic opti-
mization by approximating the expected objective function
through sampled realizations, turning an otherwise intractable
problem into a solvable deterministic form. This approach
improves computational efficiency, simplifies the resolution of
non-convex POPs, and increases robustness by factoring in
variations in channel and EH conditions.

A. Literature Review

EH-WSNs have been extensively studied for their potential
to enhance the lifespan of wireless networks by leveraging
ambient energy sources. Research on resource allocation in
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EH-WSNs has largely focused on deterministic channel mod-
els or assumptions of perfect channel state information (CSI),
which are often impractical for real-world applications [9],
[15]. For instance, numerous studies have explored power
control and resource allocation within the domains of spectrum
efficiency [16], power consumption [17], EE [18], [19], delay
[20], security [21], and protocol design [22]. Yang et al. [7]
investigated strategies for energy-efficient resource allocation
in machine-to-machine communication with EH. Their work
focused on optimizing power consumption through joint power
control and time allocation for non-orthogonal multiple access
(NOMA) and TDMA schemes, assuming devices harvest
energy from RF signals. Jiao et al. [23] addressed energy-delay
trade-offs in EH-WSNs with interference channels, solving
nonconvex problems using negatively correlated search. While
optimal resource allocation is vital for the effective deployment
of EH-WSNs, such as in IoT applications [24], the inher-
ent dynamic and unpredictable nature of energy harvesting
demands sophisticated energy management and allocation
strategies [25]. Indeed, these studies provide foundational
insights, but most assume static or deterministic optimization
models and do not address a probabilistic model based on
the EH uncertainties present in dynamic environments, as
emphasized in our work. Hence, it is essential to design an
innovative and practical adaptive solution capable of adjusting
the performance of EH-WSNs to align with the dynamic
characteristics of EH scenarios, while effectively utilizing
harvested energy to develop intelligent resource allocation
strategies that improve the network’s EE. To handle real-time
variability, probabilistic optimization methods such as SOPs,
ROPs, and COPs have gained attention. SOPs involve statisti-
cal channel distributions [10], [26], though such assumptions
are often unrealistic in practice, where precise distribution data
may be unavailable. ROPs provide a deterministic alternative,
optimizing for worst-case conditions to handle uncertainty
[11], [27]. However, ROPs tend to produce overly conservative
solutions, which may sacrifice EE in exchange for reliability.
In contrast, COPs introduce flexibility by permitting occa-
sional constraint violations, provided that these do not exceed a
specified risk level [28], [29]. COPs are well-suited to dynamic
environments, as they require less detailed information about
random variables, focusing instead on general metrics such
as mean and variance. Thus, despite various advancements,
existing EH-WSN studies largely rely on deterministic opti-
mization or static channel models, which are impractical in
dynamic environments [9], [15]. Although previous studies
have explored different DOPs concerning power control, spec-
trum efficiency, and security [18], [19], [21], [22], [23], they
often overlook EH randomness, leading to inefficient solutions.
Most existing studies address uncertainty in EH-WSNs using
only one modeling approach—either stochastic optimization
[26], robust optimization [10], [27], or chance-constrained
programming [11], [28], [29]—each offering partial solu-
tions. These methods, however, lack the flexibility to operate
effectively across varying uncertainty conditions. In contrast,
our proposed framework introduces a unified probabilistic
optimization strategy that simultaneously integrates stochastic
(SOP), robust (ROP), and chance-constrained (COP) models
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within a single DRL-assisted architecture. This tripartite inte-
gration fills a critical gap by bridging optimality, robustness,
and practical feasibility in dynamic EH-WSN environments.
Specifically, the SOP component maximizes expected perfor-
mance under known distributions; the ROP ensures reliable
performance under worst-case uncertainty; and the COP model
allows controlled risk-taking via probabilistic constraints, bet-
ter aligning with real-world energy-tolerant applications.

Various methods have been utilized to address optimization
in uncertain environments of EH-WSNs, including convex
optimization and evolutionary algorithms [30], [31]. Although
these methods can independently yield feasible solutions, their
lack of a unified framework often leads to suboptimal perfor-
mance, particularly under high uncertainty. DRL, however, is
well-suited for complex, dynamic systems where uncertainty
is prevalent, as it learns optimal policies through experience
without requiring a predefined model [12]. DRL optimizes
resource allocation in EH-WSNs, tackling channel fading
and energy variability [15]. In recent years, researchers have
increasingly advanced DRL-based optimization methods for
EH-WSNss, particularly focusing on model-free approaches or
robustness against uncertainty [32], [33], [34], [35], [36]. For
example, Barat et al. introduced a model-free DRL framework
using deep deterministic policy gradient (DDPG) to enable
distributed energy sharing policies in cooperative EH-WSNss,
allowing sensor nodes to both harvest and share energy
dynamically across the network and outperforming centralized
or non-sharing baselines [32]. Similarly, Jieong et al. proposed
a model-free DRL technique for battery degradation manage-
ment in WSNSs, optimizing duty cycles to reduce early battery
failures and facilitate coordinated battery replacements, thus
enhancing long-term network sustainability [33]. Likewise,
a DRL-based mechanism integrating Q-learning with deep
neural networks has been shown to significantly improve
throughput in EH-WSNs by adapting transmission actions
based on real-time energy states, improving responsiveness
to dynamic network conditions [34]. Distributionally robust
DRL has also been explored in wireless communications.
For example, Zhao et al. developed a distributionally robust
DRL framework for RIS-aided ground-aerial NOMA systems,
jointly optimizing power control and trajectory planning under
channel uncertainty—but not for WSNs specifically [35].
Additionally, Betalo et al. introduced a multi-agent DRL-
based framework to jointly optimize EH and data freshness in
UAV-assisted EH-WSNs, yielding substantial gains in time-
liness and EE [36]. While these methods illustrate notable
strengths—whether in adaptability, learning speed, robustness,
or freshness optimization—they generally focus on isolated
objectives. In contrast, our method uniquely integrates stochas-
tic, robust, and chance-constrained probabilistic optimization
models within a single SAA-assisted DRL framework, explic-
itly designed to maximize EE under combined EH and channel
uncertainties in EH-WSNs. This unified approach delivers both
model-free adaptability and probabilistic optimization rigor in
dynamic sensor-network environments. Through this approach,
we present a tailored solution that achieves efficient resource
allocation while addressing uncertainties in both data and
energy.
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B. Major Contributions

This work proposes a probabilistic framework for energy-
efficient joint power control and time allocation in TDMA-
based EH-WSNs, designed to adapt to varying wireless
channel gains and dynamic EH conditions. The main contri-
butions are as follows:

e Considering the inherent uncertainties in dynamic
EH-WSNs, we propose a unified probabilistic frame-
work for energy-efficient joint power control and time
allocation by reformulating the conventional DOP into
a set of POPs, encompassing stochastic (SOP), robust
(ROP), and chance-constrained optimization problems
(COP). While prior studies have examined various DOPs
related to power control, spectrum efficiency, and security
[18], [19], [21], [22], [23], they often disregard EH
randomness, resulting in suboptimal performance. SOPs
and ROPs presented in [10], [26], and [27] depend on
accurate distribution data, whereas COPs in [11], [28],
and [29] offer flexibility but compromise EE for reliabil-
ity. These works lack a unified probabilistic framework
that integrates DOP and POPs within an intelligent model
to optimize EE in uncertain EH environments.

e Unlike prior studies, our work introduces a DRL-based
probabilistic optimization framework that unifies DOPs,
SOPs, ROPs, and COPs to maximize EE in EH-WSNs.
By integrating an adaptive learning-based approach, we
effectively manage channel variability and EH dynamics,
providing a robust, real-time solution for energy-efficient
wireless networks. Here, to effectively tackle the com-
plex, nonconvex nature of these POPs, we develop an
SAA-assisted DRL optimizer employing a built-in Deep
Q-Network (DQN) agent, specifically designed with a tai-
lored state space, action space, and reward function. This
unified framework is configured to handle the intricate EE
requirements in EH-WSNs under uncertain and dynamic
conditions, achieving near-optimal performance in terms
of mean absolute error and convergence rate while ensur-
ing computational efficiency. A comprehensive analysis
of optimality, convergence, and complexity validates the
framework’s robustness and practical applicability.

e Through comprehensive simulations, we demonstrate the
effectiveness of our approach in maximizing EE while
adhering to time and power constraints across a range
of uncertainty levels. Key performance metrics, including
EE, cumulative rewards, solution accuracy, throughput,
and power usage, indicate the superior performance and
adaptability of our DRL-assisted lightweight framework.
Furthermore, to strengthen the benchmarking process and
provide a more comprehensive performance evaluation,
we additionally incorporate the Double DQN (DDQN)
agent [37] as a DRL baseline. This inclusion not only
enables us to evaluate the effectiveness of the proposed
method against multiple DRL variants but also allows
us to examine the convergence behavior of different
approaches, thereby enhancing both the robustness and
credibility of our comparative analysis.

The rest of this paper is organized as follows. Section II

outlines the system model employed in this study. Section III
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Fig. 1. System model for a TDMA-based EH-WSN comprising a HAP and
M sensors equipped with EH capabilities.

formulates the EE metric. Section IV presents the formu-
lation of optimization problems within deterministic and
probabilistic frameworks to effectively address uncertainties.
Section V details the SAA-based framework and our cus-
tomized DRL-assisted optimization approach, tailored specif-
ically to handle the nonconvex EE challenges in dynamic
environments. Simulation results are presented in Section VI,
and conclusions are drawn in Section VIIL.

II. SYSTEM MODEL

To address the challenges outlined in the previous section,
we now develop a system model that explicitly captures the
EH, data transmission, and channel uncertainty characteristics
of TDMA-based EH-WSNs. This model provides the basis
for the optimization problems and DRL framework presented
in later sections. Here, we analyze a EH-WSN architecture
consisting of a hybrid access point (HAP) linked to an infinite
power source and M sensors equipped with EH capabilities,
as depicted in Fig. 1. Utilizing the harvest-and-then-transmit
protocol proposed in [30], the sensors initially harvest energy
in the downlink (DL) from a wireless energy transferring
(WET) source and subsequently transmit information in the
uplink (UL) to a wireless information transmission (WIT)
destination. The total time duration for EH and information
transmission is denoted as Ty,,x. Our investigation centers on
a TDMA-based EH-WSN, where all sensors harvest energy
during DL WET and transmit information during UL WIT.
The latter interval (UL duration) is divided into M slots, each
allocated to an individual sensor. Resource allocation assumes
the availability of perfect CSI at each sensor. The DL channel
gain between the HAP and sensor S; and the UL channel
gain between sensor S; and HAP are represented by g; and
h;, respectively. In realistic scenarios, obtaining perfect CSI is
challenging. Therefore, this subsection accounts for channel
uncertainties. Assuming that the errors in channel estimation
follow the uniform CSI error factor, we have:

Ry = {hi | hién, & ~ U (n. i)} (1)
Rg = {gl | g,\ifg"fg ~U (a'g’ﬁg)} ’ (2)

where ﬁ,- and g; represent the estimated values of DL and
UL channel gains, respectively, which are known to the trans-
mitters through channel estimation algorithms and channel
feedback [38], [39]. The DL and UL gain estimation errors,
denoted as &, and &,, are uncertain variables distributed
randomly with uniform distributions and unit mean within
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Fig. 2. The hybrid access point (HAP) wirelessly transfers energy to the i-th
EH sensor §; during the downlink WET phase, while S; transmits data in the
uplink WIT phase. The optimal model enables energy-efficient joint power
control (p;) and time allocation (7;, Ty), considering uncertainties in the DL
and UL channel gains (g;, h;).

the intervals [a, ;] and [a,, B¢ ], respectively. In deterministic
scenarios, where uncertainties are absent, &, and &, are set to
one, resulting in /; and g; being assumed as their true values,
such as h; = ﬁi and g; = g;. Fig. 2 illustrates a HAP-sensor link,
where the HAP wirelessly transfers energy to sensor S; during
the WET phase. The sensor then utilizes the harvested energy
to transmit data in the WIT phase. To maximize network
EE, the proposed lightweight framework optimally integrates
joint power control (p;) and time allocation (7}, Ty), while
accounting for uncertainties in the DL and UL channel gains
(8i> o).

III. PROBLEM FORMULATIONS

Building on the developed system model, we now for-
mulate the EE metric, which will be maximized in the
subsequent section for TDMA-based EH-WSNs operating
even under uncertain environmental conditions. Throughout
the DL period, the HAP uniformly broadcasts an energy signal
with constant power Py omnidirectionally to all sensors for a
duration of Ty. Hence, the harvested energy at sensor §; is
obtained as:

ef' = (niPogi = P") T Vie{l,2,....M),  (3)

where 7; € (0, 1] signifies the constant energy conversion coef-
ficient of sensor S;, and P§" represents the power consumed in
the circuit during the WET phase. The assumption is made that
the harvested energy in each sensor is positive, i.e., e > 0. In
cases where elH < 0, the associated sensor is precluded from
engaging in transmission due to inadequate energy. During
the UL period, in adherence to the TDMA protocol of the
EH-WSN, each sensor transmits information within an
assigned time slot 7;. Consequently, the energy expended by
each sensor during the WIT phase is given by:

el = (pi+ P T, 4)

here, p; represents the allocated power for sensor §;, and
P{' denotes the circuit power consumption during the WIT
phase. The attainable throughput for each sensor can be written
as:

ihi
r; = TiBlog, (1 + ’;—2) : 5)
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where o2 signifies the power of additive white Gaussian

noise (AWGN) at the HAP. Consequently, the overall system
throughput is expressed as:

M M iy
r’=%"r=) TiBlog, (1 + F) . (6)
i=1 i=1

Similarly, based on the energy expended by each sensor (i.e.,
el'), the overall energy consumption is given by:

M M
=€l =) (pi+P)T. (7)
i=1 i=1

The research delves into the joint power control and time
allocation of the EH-WSN to maximize an EE metric, ensuring
that the energy needs of network sensors are met. The EE
metric is defined as the ratio of the achievable data rate per
consumed energy, given by:

7 ZZI T:Blog, (1 + po—_/;) .

T TS (ot PO T, v

In the subsequent section, we build on the basic deter-
ministic optimization model by introducing a novel set of
POPs specifically designed to maximize EE in TDMA-based
EH-WSNs. This approach incorporates essential constraints on
WIT and WET phases, along with energy requirements unique
to each sensor, thereby enabling effective resource allocation
even under dynamic and uncertain environmental conditions.

IV. PROPOSED OPTIMIZATION PROBLEMS

In this section, we define the EE optimization problem
in TDMA-based EH-WSNs as a deterministic optimization
problem (DOP). To tackle the uncertainties in dynamic envi-
ronments, we convert the conventional DOP into a novel
set of probabilistic optimization problems (POPs), incorpo-
rating stochastic, robust, and chance-constrained models. This
reformulation enables energy-efficient joint power control and
time-slot allocation, using four optimized models tailored to
manage uncertainty in EH-WSNs effectively.

A. Deterministic Optimization Problem (DOP)

As discussed earlier, considering the constraints on the WIT
and WET phases, along with the specific energy require-
ments for each sensor, we formulate a deterministic model
to maximize EE for the TDMA-based EH-WSN system.
This model assumes perfect CSI, meaning the network has
complete knowledge of the channel conditions, which allows
for precise optimization of energy-efficient power allocation
across optimal time slots to achieve the best performance under
the given constraints, as follows:

max 1, (%a)
(Tu AT} Apih)
st. Cp: el <el, (9b)
M
Cr: Tu+ Y T;<Tu, (9c)
i=1
C;: 0<Ty, 0<T;, 0<p, (9d)
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where the constraint C; ensures that the consumed energy
during the WIT phase is lower than the harvested energy
for each sensor. If the initial constraint, C;, is not satisfied
for sensor S;, no information transmission takes place. The
problem formulated in Eq. (9a) is identified as fractional
programming (FP) [9]. The constraint C, specifies that the
total time allocated for both the WIT and WET phases must
not exceed a defined duration of T),.

Remark 1: In the DOP scenario with perfect CSI, the
assumption is that the HAP can reliably acquire accurate CSI
through channel training. However, in Eq. (9a), the uncertainty
is presumed to be zero, which is impractical for real-world
communication systems due to estimation errors, feedback
delays, and environmental variability. To address this, our
framework transitions from the idealized DOP to more real-
istic optimization models—SOP, ROP, and COP—outlined
in Sections IV-B to IV-D. These models explicitly incor-
porate uncertainty in CSI and EH using bounded random
variables (see Eqgs. (1) and (2)). Combined with the adaptive
SAA-assisted DRL method (Section V), this unified approach
enables practical and robust optimization in dynamic
EH-WSNs.

B. Stochastic Optimization Problem (SOP)

Stochastic optimization plays a crucial role in addressing
uncertainty within optimization problems. Classical optimiza-
tion approaches often neglect uncertainty due to computational
challenges, but recent advancements in computational tech-
niques now enable the effective management of uncertainties
[26], [40]. Stochastic optimization revolves around methods
for minimizing or optimizing an objective function under
uncertainty. Unlike DOPs, SOPs lack a unique solution.
To handle such challenges feasibly, structural assumptions,
such as constraints on the size of decision variables, the
outcome space, or convexity, become necessary. Historically,
uncertainties in stochastic optimization were represented by
random variables with clearly defined distributions. When
precise distributions for uncertainties are necessary and accu-
rate estimation from empirical data is challenging, stochastic
optimization often resorts to sample-based techniques. The
difficulty lies in obtaining the accurate distribution of random
variables. To enhance probability guarantees, a larger sample
size is frequently employed, albeit at the cost of increased
computational complexity. The expected value model stands as
the most straightforward representation in POPs. In this model,
all uncertain parameters, whether within the objective function
or constraints, are substituted with their respective expected
values as in problem (9a). Typically, the optimization of the
objective function occurs over the expected values of uncer-
tain parameters when formulating stochastic programming, as
demonstrated in Eq. (10a). Constraints C, and C3 in Egs. (9¢)
and (9d) respectively remain unchanged, appearing as Egs.
(10c) and (10d):

max E h)], 10a
o ma £, [Me(Enti)] (10a)

st. Cp: el < Eg, [ef{(fggi)], (10b)
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M
Cz: TH+ZT1'STM’
i=1
Cz: 0L Ty,

(10c)

0<T, 0<p. (10d)

Remark 2: The degree of uncertainty in SOP is dictated
by the probability distribution. While uncertainty is fully
understood in simple scenarios, real-world situations often
entail partial unknowns. The precision of stochastic opti-
mization is contingent on the particulars of the model and
the accessibility of potential scenarios. When employing a
stochastic framework for all scenarios, the complexity of the
problem intensifies. Striking a balance between the number
of scenarios and considerations such as computing time and
complexity becomes imperative.

C. Robust Optimization Problem (ROP)

Robust optimization, a relatively recent approach for opti-
mization under uncertainty, diverges from stochastic models by
employing a deterministic, set-based uncertainty model. The
solution obtained through robust optimization remains appli-
cable for any representation of uncertainty within a specified
set. The justification for employing robust optimization stems
from its ability to handle uncertainty represented in terms of
sets while ensuring computational manageability [10]. This
optimization methodology, along with its associated compu-
tational tools, is designed for problems where information
is indeterminate and falls within a set of uncertainty [11].
ROP entails considering the worst-case parameters within
the uncertainty set, although such worst-case realizations can
sometimes be impractical in practical applications [27], [40].

The ROP model is formulated considering the uncertainty
factors &, and &,, where constraints C, and C3 remain unaf-
fected and retain their original form from Eqs. (9¢) and (9d),
while C is influenced by &;. The complete mathematical form
of this model is provided in Appendix. Converting the resulting
min—max problem into a standard minimization form yields:

max O (11a)
(T AT:i}ApiD)
st. Cr: el <efl(&,8), & €R, (11b)
M
Cr: Ty+ Y T;<Tu, (11¢c)
i=1
Cy: 0Ty, 0<T; O0<p, (11d)
Cs: O <& h). &€ Ry (11e)

Remark 3: Robust optimization ensures the achievement
of the worst-case scenario, guaranteeing that the resultant
solution is both practical and optimal within a defined set of
uncertainties. While the conservative nature of ROP may make
them less preferred in certain applications, they find utility
in communication links to uphold reliability. Implementing
robust optimization requires a substantial amount of informa-
tion about the uncertainty, including its size and range.

D. Chance-Constrained Optimization Problem (COP)

COPs are designed to tackle constraint problems where
finite probabilities of violation exist. In contrast to DOP, COP

Authorized licensed use limited to: TU Delft Library. Downloaded on January 06,2026 at 15:28:08 UTC from IEEE Xplore. Restrictions apply.



PANAHI et al.: UNIFIED ENERGY EFFICIENCY OPTIMIZATION UNDER UNCERTAINTY IN EH-WSNs

encounters difficulties when the inequality function is not
explicitly defined. Consequently, algorithmic and theoretical
properties like differentiation, continuity, and concavity may
not be readily apparent. There is no universally applicable
solution method for COP; rather, it relies on the interplay
between decision and random variables within the constraint
model [28]. Sensors within the TDMA-based EH-WSN system
possess the capability to harvest essential energy from their
surroundings through various methods, thereby extending their
operational lifespan. However, the accurate determination of
the global CSI between the HAP and sensors during DL
becomes challenging due to channel estimation errors and
delayed feedback. In accordance with the statistical channel
model presented in Eq. (2), the constraint ensuring that the
consumed energy during the WIT phase is less than the
harvested energy in each sensor (i.e., C; in Eq. (9b)) can be
viewed as a chance constraint under channel uncertainty as:

Prie/ <ef'} > ey (12)

The inequality constraint specified in Eq. (12) ensures that the
consumed energy for data transmission at each sensor remains
below the harvested energy with a probability greater than
ey € [0, 1]. Here, €y is referred to as the EH probability level,
and it is selected by the decision maker in accordance with
safety criteria [11]. Consequently, the ultimate COP model can
be reformulated as:

max  Eg [n.(E,0)], 13a

a8, B leiti)] (132)

s.t. Cp o Pri(el —ef(£,81)) < 0] > en, (13b)
M

Cs: TH+ZT,- <Tuy, (13¢)
i=1

Cy: 0<Ty, 0<T, O0<p,. (13d)

Remark 4: In the context of energy-tolerant services, sensors
equipped with battery backup have the capacity to withstand
specific energy outages, allowing them to maintain a high
transmission rate to the HAP in the WIT phase. In such
scenarios, a chance-constrained formulation is employed to
guarantee the robustness of the sensors.

V. UNIFIED OPTIMIZATION FRAMEWORK

In this section, we build upon the formulations presented
in the previous section and propose our unified optimization
framework aimed at solving the EE maximization prob-
lem in TDMA-based EH-WSNs. This framework seamlessly
integrates a tailored DRL approach with a sample aver-
age approximation (SAA) formulation, effectively addressing
the complexities inherent in POPs. SAA effectively han-
dles stochastic optimization by approximating the expected
objective function with sampled realizations, transforming an
intractable problem into a manageable deterministic form.
This improves computational feasibility, reduces complexity
in solving non-convex POPs, and enhances robustness by
accounting for variations in channel and EH conditions. By
leveraging the inherent adaptability of SAA-assisted DRL,
the proposed framework continuously adjusts to dynamic
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environmental conditions, ensuring unified optimization even
in uncertain scenarios.

A. SAA Formulation

As one of the prevalent strategies for addressing POPs
including SOP, ROP and COP scenarios, the SAA has been
extensively explored [13], [14]. The fundamental concept
behind SAA involves employing the empirical distribution
function to approximate the actual distribution function.
Specifically, in a discrete distribution, a finite number of
realizations for uncertain parameters of UL channel gain,
denoted as &, = (fl,fz, .. ,fN,,), are referred to as scenarios.
In this context, we represent the quantity of uncertainty
samples for the UL channel gain as Nj,. Each scenario is
associated with a probability of occurrence P, = (p1,..., pw, ).
Thus, each scenario is treated as a deterministic model, and
the optimization involves the weighted sum of all scenarios,
expressed as:

Np

Ee, [0nh)] = ) putte(€nhy). (14)
n=1
Similarly, we have:
Né'
B e} (€801 = ) puel! (€n81), (15)
n=1
where & = (£1,&,...,&y,) are the finite number of real-

izations for uncertain parameter of DL channel gain with
probability of occurrence P, = (p1, ..., py,). Here, the number
of uncertainty samples for the DL channel gain is denoted as
N,. For the sake of clarity, we will consider the assumption
that the samples are independent and identically distributed
(i.i.d.). and p, = Niv,v € {h,g}. On the other hand, as the
constraint in the COP (i.e., Cy in Eq. (13b)) is equivalent to
Pr[(e] —ef(£,1)) < 0] > ey, through its empirical distribution
function, SAA takes the following form:

N,

. 1 - H T
C: EZW" (&g —€]) = en,

n=1

(16)

where H(f) is the unit step function. Thus, the chance
constraint associated with the COP model in Eq. (13b) is
approximated using Eq. (16). The SAA method is utilized
to estimate the expected value of the objective function or
constraints in POP models (SOP, ROP, and COP), facilitating
the development of a unified probabilistic framework. It’s
worth noting that SAA with €4 > 0 is consistently non-
convex. However, its widespread adoption stems from the
fact that it imposes relatively minimal assumptions on the
structure of POPs or the distribution of uncertainty parameters.
Thus, a substantial body of research has been dedicated to the
development of numerical algorithms and the establishment of
asymptotic convergence for SAA [13], [14]. In the following
subsection, we commence with a more versatile rendition of
DRL based on a DQN agent [12], [41], for addressing our
reformulated SAA-based problems.
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B. DRL-Assisted Optimization

The DRL optimizer establishes the relationship between
each state—action pair (s, a) and its corresponding value func-
tion, which quantifies the expected cumulative discounted
reward obtained from state s after taking action a under a given
policy [12]. In this context, r; denotes the reward received
at decision epoch #;, and u € (0,1] is the discount factor
that balances immediate and future rewards. Decision epochs
correspond to instances when the DRL optimizer determines
an action. These epochs, also referred to as “steps,” form
sequences known as learning episodes throughout this paper.
Here, the DQN agent constructs a deep neural network (DNN)
by collecting state-action pairs and value estimates. Experience
replay enables the agent to learn from past interactions,
accelerating learning and reducing temporal correlations. The
optimizer estimates the Q-value using (s, a;) as input and
follows an exploration-exploitation policy (EEP) [41]. Using
the e-greedy approach, the action with the highest estimated
Q-value is chosen with probability 1 — &, while a random
action is selected with probability €, balancing exploration
and exploitation. Each transition (sk,ak,rk,sk+1) is stored
in experience replay D. At the end of each episode, the
DRL optimizer updates the DNN weights using Ng samples
from D, or every T, epochs to reduce complexity [12].
This framework scales efficiently to larger state spaces and
continuous environments, outperforming conventional RL in
solving complex optimization problems, including DOP and
POP scenarios that remain unsolvable with classical methods
[42]. In our optimization model, the DNN estimates the
Q-value by constructing a fully connected neural network
with two hidden layers. During training, weights are itera-
tively optimized via gradient descent to minimize the gap
between the expected and optimal Q-values. The DRL opti-
mizer integrates a DNN, taking state vector s; as input and
producing Q(s, a) for all actions in state s;. Action selection
follows policy 7 to optimize the objective function. Table I
details the states, actions, rewards, and training parameters.
Unlike traditional RL [12], DRL replaces the Q-table with
a DNN and employs experience replay to store interac-
tion parameters (Sk, @, rk,Sit+1). Algorithm 1 outlines the
DRL-based framework, where an optional pre-training stage
can accelerate learning. However, the framework’s optimality
and convergence are inherently guaranteed by DRL properties
[43].

While the Double DQN (DDQN) demonstrably reduces
overestimation bias and yields more stable and robust policies
compared to standard DQN, these gains incur a modest
computational cost [37]. Specifically, DDQN requires main-
taining and performing inference on both an online and
a target network for each update—resulting in increased
runtime per episode and slightly elevated memory usage
due to duplicated network parameters. Nonetheless, given
modern hardware capabilities, this overhead is generally
acceptable and justified by the improved learning stability
and accuracy. Thus, to strengthen the benchmarking process
and provide a more comprehensive performance evaluation,
we additionally incorporate the DDQN agent as a DRL
baseline.
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Algorithm 1 The Designed DRL-Based Optimizer
Build an experience replay buffer D (with size Np) with
historical state transitions and Q-value estimates;
Conduct pre-training of the DNN using input pairs (s, a)
and the associated Q-value estimates;
for each episode 1 to N do
for each decision epoch (or time step) #; do
Choose action a; using the e-greedy strategy;
Implement action ay;
Evaluate the objective function value (i.e., EE);
Receive reward r; and the next state sy (Table I);
Store state transition (sk,ak, rk,skH) in D;
Update Q (sg, a;) based on r; and max, Q (sk+1,a’) using
the Q-learning update rule;
Break if s, 1¢R (the feasible region);
end for
Update DNN weights 6,, using the refreshed Q-value esti-
mates in mini-batches of size Ng;
end for

C. Optimality and Convergence Analysis

Building on the analysis in [43]: Theorem 1, the learned
model from our proposed DRL-based optimizer in Algo. 1
converges to the optimal Q-value function Q* with geometric
decay up to an estimation error. With the optimal Q-value
function Q*, the optimal policy (thus optimal solutions) can
be derived via 7*(s) = argmax, Q* (s, @). More specifically, as
detailed in [43]: Egs. (19) and (20), the proposed algorithm
converges to Q* with a geometric decay up to some estimation
error. The convergence rate is in the order of u+ ¢, - (1 — p),
and the estimation error is in the order of (1—x)"2-Cpax/ VNp,
where y is the reward discount factor. Our proposed optimizer
is equipped with e-greedy with decreasing ¢, i.e., the explo-
ration probability {g,}Y,, where & is the value of & in the
behavior policy at #-th (1 < ¢ < N) outer loop in Algo. 1. ¢,
is a small positive constant with a linear dependence on ¢&,.
Indeed, the constant c. is fixed and controls the magnitude
of the values in the sequence {8t}§\;1’ providing a way to regu-
late the level of &,. Defining C, as the distribution shift between
the optimal policy and behavior policy at iteration ¢, Cax Will
be a constant that is larger than C;. In addition, the proposed
algorithm’s optimality is supported by theoretical analyses in
[44], which demonstrate convergence to the optimal value
function with increasing sample size and iterations. Reference
[45] also offers a convergence analysis of standard DRL using
tools from dynamical systems theory and measure-theoretic
probability.

D. Sample and Complexity Analyses

To grasp the theoretical properties of DRL from statistical
and algorithmic angles, we conduct sample complexity (SC)
and computational complexity (CC) analyses. SC denotes
the requisite number of interactions (samples) with the envi-
ronment for effective learning, ensuring convergence to the
optimal policy. CC refers to the amount of computational
resources required for training and inference.
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TABLE I

CONFIGURATIONS FOR THE DESIGNED DRL-BASED OPTIMIZER: STATES, ACTIONS, REWARDS, AND TRANSITIONS

Element

Description

State Space

The state of the DRL optimizer comprises the allocated transmission time slots 7T;; and allocated powers p; in the
WIT phase, and the EH time slot Ty allocated to all sensors in the WET phase. For example, in a two-sensor
scenario, the state vector is 8 = [T, 11, p1, T2, p2].

Action Space

The optimizer selects actions from the action set As = {—1,0,+1} based on the highest expected cumulative
reward. To enhance precision, the range of each state component is divided into 100 discrete units, enabling fine-
grained decision-making during the optimization process.

Reward Function

At each decision epoch tj, the optimizer receives a reward 7 based on the obtained state sy, action ag, and
subsequent state S;41. An episode concludes when the number of steps surpasses Nmax or when the optimizer
ventures beyond the feasible region. The reward aligns with the framework’s objective of maximizing the EE of
the TDMA-based EH-WSN while ensuring sensor requirements are met. Specifically, at decision epoch tj, the
immediate reward for the DRL optimizer is defined as:

o +1, if C; AND Co
Tk = 4§, otherwise,

where C1 = 83,41 € Ry and C2 = (Ane > 0) OR (JAne| < o). Note that Ane = nEtL — gk, | s the
absolute value operator, and € is a desired error value. A positive reward (+1) is assigned only when: (i) the
agent’s next state lies within the feasible region (internal check C1), i.e., satisfies system-level constraints such as
total time and energy budgets, and (ii) the EE improves or remains stable within a specified tolerance (internal
check C2). If either condition fails, the agent receives a non-positive reward (J), discouraging infeasible or non-
improving policies. Although constraints such as total transmission time and harvested-versus-consumed energy
are not explicitly embedded in the reward function, they are enforced through the simulation environment via the
feasible region R . The reward thus indirectly supports constraint satisfaction through environmental feedback,
while promoting EE improvement and convergence. This reward shaping approach is consistent with established
DRL strategies in constrained environments, where feasibility and performance convergence are encoded as part of
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the reward signal (see [41], [43], [45]).

State Transition

The next state 81 is determined by the action ay, as

Sk+1 = Sk +ai o AS,

where As = [ATy, ATy, Ap1, ATy, Apa] with step sizes of 0.01 for the state components of s. Here, o denotes
the element-wise product, and a is the action vector.

Sample Complexity (SC): It involves assessing the
algorithm’s efficiency in utilizing past experiences, like
through experience replay, and its exploration of the state-
action space to gather informative samples for learning. The
SC for achieving a desired estimation error of the optimal
Q-value function: with the proper selection of {s,}ﬁil, the
estimation error of the learned model scales in the order of
(1—;4%1\/7’ where Cy is the fraction of actions following the
current greedy policy that differ from the ones following the
optimal policy. N is the number of samples (sample size) used
in each training batch to update the neural network parameters,
and it directly influences the SC of the DRL algorithm [43].
With a smaller y, the problem focuses more on the immediate
reward, which can be observed directly, making Q* easier to
learn. The learned model achieves a small estimation error
given a small distribution shift Cy, a large Ng, or a small u.

Computational Complexity (CC): It involves operations such
as forward and backward passes through the neural network,
updating Q-values, and managing data structures like the
experience replay buffer. We analyze the CC by breaking
down the operations involed in both offline (i.e., pre-
training) and online phases. As detailed in Algo. 1, the
overall CC of the offline phase can be approximated as
O (Np) + O (Nyain X Np), where Ny, 18 the number of
training iterations. The overall CC of the online phase can be
approximated as:

O (N X (Nmax x |As| + N x IS])),

where |4, = 38! is the action space size, with |S| as
the state space size. In summary, the overall CC of our

DRL-based optimization algorithm would depend on the
parameters such as the number of training iterations (Niin ),
the size of the experience replay memory (Np), the size of the
mini-batch (Np), the number of episodes (), the maximum
number of decision epochs per episode (Npax), and the sizes
of the state and action spaces. Although the overall time
complexity of the online phase is dominated by the exponential
term |.A,|, this value is generally small for a typical cluster of
sensors and does not lead to exponential growth in CC. Hence,
our algorithm’s time complexity remains manageable, placing
it on par with other suboptimal designs in the literature
with polynomial time complexity, while its sophistication
enables more precise and adaptive solutions in complex and
dynamic scenarios. In the current design, the number of state
variables increases linearly with the number of sensors M,
ie., [s| = 2M + 1 (accounting for each sensor’s power and
time parameters, along with the common EH duration Tg).
However, the joint action space expands as A, = 3®M+D _since
each state variable can assume one of three discrete action
values —1,0,+1. This exponential growth poses scalability
challenges for large M. The proposed DRL framework
alleviates this by leveraging neural network—based function
approximation, enabling generalization to unseen state—action
pairs and avoiding exhaustive enumeration. Nonetheless, for
large-scale EH-WSNs (e.g., M > 20), scalability can be
improved through multi-agents or parameter sharing [46].
Remark 5: While the above analysis is derived for DQN,
the same optimality, convergence, and complexity guaran-
tees extend directly to DDQN. The introduction of a target
network in DDQN mitigates overestimation bias and improves
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stability in practice, but does not alter the underlying asymp-
totic properties or theoretical complexity. Indeed, for DDQN,
the asymptotic expressions for both SC and CC remain
identical to those of DQN, since the additional operations
required by the target network introduce only a constant-
factor overhead. Specifically, the training process of the
Q-network (covering offline pre-training iterations and peri-
odic online updates) in DQN has complexity on the order
of O(Nyain * (Nfwd + Nowd) - Np), where Niyq and Npyq denote
the computational costs of forward and backward propaga-
tion, respectively, and Np is the replay memory size. For
DDQN, two forward propagations are required (estimation and
target networks), leading to O(Niain - (2Nfwd + Nowd) - Np).
Note that this training complexity is complementary to the
online interaction complexity: one measures the cost of updat-
ing the Q-network per iteration, while the other captures
the cost of environment interaction per episode. Since the
additional DDQN operations only increase computation by
a constant factor, the asymptotic expressions derived above
for both offline and online phases of CC remain unchanged
for DDQN.

VI. SIMULATION RESULTS

In this section, we assess the proposed intelligent prob-
abilistic framework through a series of simulation exper-
iments focused on optimizing a TDMA-based EH-WSN.
Our evaluation examines the optimization and design
facets from both deterministic and probabilistic perspectives.
By addressing uncertainties through different optimiza-
tion models—deterministic, stochastic, robust, and chance-
constrained—we aim to explore the adaptability and resilience
of the system under various levels of uncertainty. Key per-
formance metrics, such as EE, cumulative rewards, solution
accuracy, system throughput, and total power consumption,
serve as indicators of the effectiveness of each optimization
model. These metrics are applied to validate the performance
improvements facilitated by the proposed unified optimization.
Simulations demonstrate the efficiency of the DRL-assisted
approach employing a built-in lightweight DQN agent in max-
imizing EE while adhering to time and power constraints, even
as uncertainty levels fluctuate. Furthermore, to enhance bench-
marking, we incorporate DDQN agent as a DRL baseline,
allowing evaluation of convergence behavior across different
DRL variants.

A. Settings

The DRL-based EE maximization simulation environment
for a TDMA-based EH-WSN system has been developed using
MATLAB R2023b. The simulation was executed on an Intel-
Core i15-4460 CPU with 8 GB of memory. The construction
of the DNN adopts a feedforward structure encompassing two
hidden layers, each featuring 24 fully connected units. With
a capacity of Np = 5000, the experience replay stores past
transitions, while the mini-batch capacity is set at Ng = 50.
As highlighted before, a restriction is imposed on the max-
imum step count, capped at Np.x = 100. Consequently, an
episode terminates upon surpassing the step limit or exiting the
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TABLE I
KEY SIMULATION PARAMETERS

[ Parameter | Definition [ Value |
B Signal bandwidth 1MHz
Np Mini-batch capacity 50
Np Experience replay capacity 5000
m Reward discount factor 0.95
e Exploration parameter 0.98
Nmax Maximum steps per episode 100
T Max. total time for WIT and WET phases 1s
o2 Noise power —120dBm
n Energy conversion coefficient 0.9
pel WET phase circuit power 50mW
Pt WIT phase circuit power 500mW
100 #
DQN Agent
80 -t DDQN Agent
g 60
5
c 40
20
o
o 50 100 150 200
Episode
Fig. 3. Reward comparison of the proposed DRL-assisted optimizer with

DQN and Double DQN agents. DDQN achieves faster convergence and
greater stability, with a slight increase in computational complexity.

feasible region. Additionally, throughout the training period,
the DRL optimizer operates within the confines of Ny, steps
to achieve the optimal solution. It’s worth noting that, due
to the termination condition based on the acquired reward, the
DRL optimizer attains the optimal solution within a maximum
of Npax steps. Once the optimal policy is identified, the
learning process halts to save time and memory resources. This
underscores the robust learning and estimation capabilities
intrinsic to the DRL mechanism, rendering it an effective tool
for tackling optimization problems.

The key simulation parameters are outlined in Table II.
Specifically, e = 0.98 ensures a high level of exploration
during early learning stages, gradually shifting to exploitation.
The discount factor ¢ = 0.95 balances short- and long-term
rewards effectively in dynamic EH-WSNss, aligning with DRL
literature (e.g., [12] and [34]). The value of Np,x = 100
is selected based on convergence behavior observed in pre-
liminary experiments, which consistently reached optimality
within this step bound. Here, the experimental setup with two
sensors is intended as a minimal configuration to evaluate the
feasibility, convergence, and policy behavior of the proposed
framework. While limited in scale, this setting allows us to
validate the integration of SOP/ROP/COP models with DRL.
A full-scale deployment study with dozens of nodes is left for
future work, which may incorporate clustering or decentralized
DRL schemes to manage scalability.

B. Results

Let’s consider the kth episode with N; steps, determining
the cumulative reward for the DRL-based optimizer in episode
k as R, = Zﬁ\fl u'r;, where Ny < Npax and Ny, is the
maximum allowable number of steps per episode. The reward
trajectories in Fig. 3 illustrate the performance of the proposed
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Fig. 4. Convergence of optimal variables s* = [Ty, T}, p}, T, p5] and EE i}
for the two-sensor case using DQN and Double DQN agents.

DRL-assisted optimizer using DQN and DDQN agents to
optimize the EE of the TDMA-based EH-WSN using the
sensors’ time intervals and transmission powers for the DOP
model and 6 = 0. The DDQN variant exhibits markedly faster
convergence, achieving near-maximum rewards within approx-
imately 40 episodes, whereas the DQN counterpart requires a
longer learning period and displays greater fluctuation. Once
converged, DDQN maintains high reward values with minimal
oscillations, highlighting its stability and robustness in pol-
icy learning. In contrast, DQN shows multiple performance
drops, particularly between episodes 100 and 150, indicating
a higher sensitivity to value overestimation and unstable
updates. These results confirm the advantage of DDQN in
terms of convergence speed and policy stability. However,
this performance gain comes at the expense of slightly higher
computational complexity, as DDQN’s dual-network update
mechanism increases both runtime per episode and memory
usage compared to DQN [37]. Fig. 4 presents the evolution
of the optimal solution vector s* = [Ty, T, p}, T;, p5] and the
resulting EE 7, for the two-sensor case, comparing the pro-
posed DRL-assisted optimizer with DQN and DDQN agents.
Across all decision variables, the DDQN-based optimizer
converges more rapidly and with less fluctuation than the DQN
counterpart. For example, transmission times (T, T}, T5) and
power allocations (pj, p;) stabilize within the first 40-50
episodes under DDQN, closely matching their optimal steady-
state values. The DQN-based results exhibit longer transient
phases and significant oscillations, particularly in the power
variables, before settling. This faster, more stable convergence
in decision variables yields improved EE trends, as DDQN
rapidly reaches and sustains near-optimal values, while DQN
stabilizes later and suffers intermittent drops.

Fig. 5 illustrates the convergence behavior of the proposed
DRL-assisted optimizer with DQN and DDQN agents in terms
of steps per episode (top) and search efficiency (bottom).
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Fig. 5. Steps to optimality (top) and search efficiency (bottom) for DQN and
Double DQN agents. DDQN converges faster and maintains higher stability,
with minor added computational overhead.
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Fig. 6. The progression of average reward across episodes for both con-
ventional deterministic optimization (DOP) and probabilistic optimization
problems (POPs: SOP, ROP, and COP).

In both metrics, pronounced fluctuations during the early
episodes reflect the agents’ exploration phase. The DDQN-
based optimizer reaches stable operation significantly earlier,
requiring consistently fewer episodes to achieve optimal solu-
tions without constraint violations, as shown in the steps plot.
Similarly, the search efficiency trends confirm that DDQN
rapidly improves its search rate near the optimum, achieving
and sustaining high efficiency after approximately 40 episodes.
In contrast, the DQN counterpart takes longer to stabilize and
exhibits intermittent drops in both steps and search efficiency,
especially in later episodes. These results highlight DDQN’s
superior convergence speed and stability, albeit at the expense
of marginally increased computational overhead per episode.

Based on the results illustrated in Fig. 6 (6 = -1), it
is evident that the performance of the stochastic approach
(i.e., SOP) is comparatively less effective than alternative
methods. This discrepancy can be ascribed to the imperfect
approximation effects of expected values for both the objective
function and constraints, particularly when dealing with a
limited number of uncertainty samples. Indeed, SOP relies on
sample-based expectations for both the objective function and
the constraints in Egs. (10a) and (10b), a limited number of
uncertainty samples used in the SAA method can increase the
variance of the sample mean and introduce estimation bias.
This bias may result in inaccurate gradient estimates, which
in turn slow down convergence. Nevertheless, SOP consis-
tently yields smaller solution errors—closely approaching the
DOP benchmark (Fig. 7)—and achieves near-optimal objective
function values (Fig. 8) compared with other probabilistic
optimization models. This superior performance stems from
the fact that the SOP optimization process is not influenced by
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Fig. 7. Assessing discrepancies in the optimal solution, represented as |s—s*|,
over episodes for both deterministic optimization (DOP) and probabilistic
optimization problems (POPs: SOP, ROP, and COP).
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Fig. 8. EE optimization versus episodes for both deterministic optimization
(DOP) and probabilistic optimization problems (POPs: SOP, ROP, and COP).
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Fig. 9. Errors in the objective function, expressed as |1, — 7. *|, in relation to
the number of uncertainty samples, Ny, for both deterministic optimization
(DOP) and probabilistic optimization problems (POPs: SOP, ROP, and COP).

instantaneous channel gain realizations, ensuring stable objec-
tive and constraint behavior, while maximizing the expected
EE without enforcing strict feasibility under all uncertainty
conditions.

In Fig. 7, the errors in the optimal solution, represented
by |s — §*|, are observed for various probabilistic optimization
models. Among the probabilistic approaches (i.e., POPs), the
SOP demonstrates the smallest error compared to the DOP.
This stability is attributed to the optimization process in
this approach remaining unaffected by channel uncertainties,
ensuring consistent behavior of the objective function and con-
straints. This observation is also corroborated by the analysis
in Fig. 8, where the objective function within the SOP model
outperforms alternative probabilistic optimization scenarios.
This superior performance arises because SOP focuses on
maximizing expected energy efficiency without enforcing strict
feasibility for all uncertainty realizations. In contrast, ROP
and COP sacrifice optimality by incorporating conservative or
probabilistic constraints, leading to lower achievable EE under
similar uncertainty levels. Across all methodologies of POPs,
a discernible reduction in the errors in the objective function,
indicated by [, — n."|, is observed when the number of
uncertainty samples (N, = N, = Ny) in the SAA formulation
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Fig. 10. Errors in the objective function, expressed as |, —1."|, in relation to
the variance of channel uncertainties, o'%], for both deterministic optimization
(DOP) and probabilistic optimization problems (POPs: SOP, ROP, and COP).
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Fig. 11. Errors in the optimal solution (|s —s*|) and objective function (|n, —
n."|) as a function of the EH probability level e for the COP model.
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Fig. 12. The average reward attained for the COP model in relation to the
episode count and the EH probability level eq.

is high. Here, the optimal EE is denoted as 7.*. This trend
is depicted in Fig. 9. With an increase in the variance of
channel uncertainties (i.e., a’% = a'z, = 0'%,), there is a
corresponding increase in the errors in the objective function.
All probabilistic models exhibit a similar response as o3
increases (see Fig. 10). Essentially, an increase in the variance
of uncertainty samples induces notable turbulence in both the
objective function and the feasible region. ROP demonstrates
the most stable performance due to its conservative, worst-
case-oriented formulation. SOP and COP become increasingly
sensitive to uncertainty, as their reliance on expected values or
chance constraints leads to greater deviation from the optimal
solution when the uncertainty distribution becomes wider.
Fig. 11 depicts the errors in the optimal solution (|s — s*|)
and objective function (|5, — n.*[) as a function of the EH
probability level ey for the COP model. A similar behaviour
is observed in the values of |s — s*| and |, — n.*| as the
€y approaches one. Indeed, as the value of ey rises, the
feasibility region diminishes, resulting in a more intricate
learning process for policy acquisition. This is because higher
€y imposes stricter reliability constraints, limiting feasible
solutions and amplifying sub-optimality. Consequently, the
average reward curve versus the number of episodes reaches
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Fig. 13. Rate-energy values in optimal points achieved in both conventional
deterministic optimization (DOP) and probabilistic optimization problems
(POPs: SOP, ROP, and COP).

its optimal value over a larger number of episodes (see
Fig. 12, where 6 = —1). Fig. 13 illustrates how the rate-
energy values denoted as {r”,e’} at the optimal points for
the POP scenarios effectively approximate the optimal point
for the conventional DOP scenario. This demonstrates the
robustness of the proposed DRL framework in adapting to
uncertainty. The reason for this closeness is that the DQN
agent effectively learns to balance energy use and throughput
despite the stochastic constraints in the POP models.

VII. CONCLUSION

This paper presents an intelligent probabilistic framework
for optimizing energy-efficient power control and time allo-
cation in TDMA-based EH-WSNs operating in dynamic and
uncertain environments. Our unified approach integrates deter-
ministic and probabilistic optimization problems, leveraging
an SAA-assisted DRL optimizer to effectively manage uncer-
tainty. Simulation results confirm that the proposed framework
consistently achieves near-optimal performance in terms of
mean absolute error and convergence rate, maintaining robust-
ness across varying channel uncertainties. The SOP model
demonstrates stability and accuracy, particularly with limited
uncertainty samples, closely aligning with the conventional
DOP model. However, increasing uncertainty samples is cru-
cial for minimizing objective function errors, while high
variance in channel uncertainties can negatively impact prob-
abilistic models. These findings offer practical insights into
optimizing resource allocation in EH-WSNs, highlighting the
importance of managing environmental uncertainties. Our
approach provides a comprehensive toolset for improving EE
under uncertainty, enhancing the longevity of EH sensors.

APPENDIX
ROBUST OPTIMIZATION PROBLEM (ROP) FORMULATION

This appendix presents the complete mathematical for-
mulation of the ROP model considered in Section IV-C.
The goal of the ROP is to maximize the system’s EE
in the presence of uncertainty factors &, and &,, which model
the deviations in the estimated channel parameters h; and
gi, respectively. These uncertainty factors are bounded within
predefined uncertainty sets R;, and R, ensuring robustness
against channel estimation errors or unpredictable variations.
Finally, the ROP as a worst-case scenario can be expressed
as:

max - min 7,(&xh),

(A.1a)
(Ta AT} {pi}) En€Rn

1333
st. Cr: el <efl(€,8), & €R, (A.1b)
M
Co: Ty+ Y T;<Ty, (A.1c)
i=1
C3 :0< TH, 0< T,', 0< Di- (Ald)

This formulation represents a min—max optimization structure,
where the inner minimization over &), captures the worst-case
degradation caused by channel uncertainty, and the outer max-
imization chooses optimal system parameters to counteract it.
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