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Energy Consumption Minimization for Data
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Session-Specific Optimal Design with DRL
Fang Xu, Student member, IEEE, Hong-Chuan Yang, Senior member, IEEE, and Mohamed-Slim Alouini,

Fellow, IEEE

Abstract— Reliable and energy-efficient data collection from resource-limited sensors is essential to the success of future
Internet of Things (IoT). In this article, we study the energy consumption minimization problem during the data collection
from a generic wirelessly-powered sensor. Specifically, we determine the optimal data collection parameters, in terms of
charging duration and charging power as well as sensor transmission rate, in real time according to the instantaneous
channel condition while satisfying a certain latency constraint. For the scenario of ideal rate adaptive transmission with
linear energy harvesting, we derive closed-form expressions for optimal transmission parameters. We also establish
the condition on channel quality for successful data collection under a latency constraint. For the more practical case
of finite block-length transmission with non-linear energy harvesting, we develop a deep reinforcement learning (DRL)
solution for efficient online implementation. We also propose an online tuning scheme to cater for model inaccuracy
and environment variation. The accuracy and effectiveness of our proposed approaches are verified by comparing with
benchmark schemes. Our DRL-based approach has broad applicability and can solve other real-time optimal design
problems in wireless communications.

Index Terms— Internet of Things, sensor data collection, unmanned aerial vehicle, wireless energy transfer, non-linear
energy harvesting, finite block-length, and energy efficiency.

I. INTRODUCTION

INTERNET of Things (IoT) applications, e.g. smart city
and intelligent manufacture, rely on reliable and timely

data collection from numerous resource-constrained wireless
sensors [1]. These sensors are expected to operate, often in
remote and/or hard-to-reach area, for several years without
human intervention. Wireless power transfer (WPT) is one
of the most convenient solution to supply energy to these
sensors and power their autonomous operation [2]–[6]. With
WPT, the data collecting agent first transfer energy to the
sensor by emitting RF signal. Then the sensor will transmit
its collected data to the agent using harvested energy. Given
the large number of sensors in the field, it is of great interest
to achieve reliable and highly energy efficient data collection
from them. Note that the data-collecting agents may also be
energy constrained, as they could be powered by compact
battery mounted on unmanned aerial vehicles (UAV) [7]. In
this paper, we design optimal strategy for data collection from
individual wirelessly-powered sensors to minimize the total
energy consumption while satisfying a latency requirement.

There have been ongoing efforts to improve the energy
efficiency of wireless sensor networks. Traditional solutions
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include intelligent data compression [8], [9], strategic cluster-
ing [10], [11], and energy-aware routing [12]. Recently, mobile
fog computing technology is applied to suppress energy con-
sumption [13]. [14] proposes an energy-efficient data reporting
scheme in a position free wireless sensor network. Due to
UAV’s low cost and great deployment flexibility, sensor data
collection through UAV is receiving a growing interest from
both academia and industry. UAVs can also employ WPT to
power the data transmission of sensors. Most existing work on
UAV data collection focus on the trajectory optimization and
hovering scheduling [15]–[18]. To the best of our knowledge,
there is little work on energy consumption minimization for
individual sensor charging/data collection session.

In this work, we complement existing work by minimiz-
ing the energy consumption of the collecting agent during
individual data collection session through optimal design. We
first formulate and solve the energy consumption minimization
problem, assuming linear energy harvesting model and ideal
rate adaptive transmission at the sensor. Specifically, data
collection from wirelessly powered sensor typically involves
an energy transfer stage and a data transmission stage. We
propose to optimally select charging power/duration as well
as data transmission rate based on the instantaneous channel
condition while satisfying a certain latency requirement. The
consideration of latency constraint in this context is especially
relevant, as the optimal parameters based on the instantaneous
channel realization may become outdated. To facilitate real-
time implementation, we derive the closed-form analytical
expressions of the optimal transmission parameters. We also
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establish the condition on channel quality for successful data
collection within the latency constraint, which will guide the
operation of the collecting agent to minimize the energy
wastage due to data collection failure.

On the other hand, IoT sensors typically transmit a small
amount of data during each data collection session. Due
to the short block-length, error free transmission at ergodic
capacity may not be feasible [19]. In addition, most practical
energy harvesting circuits typically exhibit non-linear char-
acteristics [20]. We then generalize the energy consumption
minimization problem to the practical scenario of finite block-
length transmission with non-linear energy harvesting. The
resulting optimization problem becomes non-convex, which
prohibits analytical solution. While iterative algorithms can be
developed to gradually approach sub-optimal/optimal solutions
[21], [22], such solutions are not suitable for real-time imple-
mentation, as the algorithms may not converge even to a sub-
optimal solution within the latency constraint. In this work, we
develop a deep reinforcement learning (DRL) based solution
that can determine near-optimal parameter configuration in real
time.

There has been a growing interest in applying machine
learning techniques in wireless system design [23]–[28]. Par-
ticularly, the work in these literatures used DRL approach
to train some optimal strategies, e.g. relay selection strate-
gy, energy management strategy, beamforming strategy, etc,
for wireless communication networks. The key advantage of
machine learning solutions is the capability of extracting and
exploring hidden relationship from experience data, when
accurate system model is not available [29]. For physical
wireless transmissions, however, rather accurate models of the
transmission medium and transceiver structure have already
been developed, whereas the amount of real-world experience
is limited. In this work, we propose a novel approach to apply
data-driven machine learning algorithms to solve real-time
optimal design for data collection from wirelessly powered
sensors. Specifically, we reformulate the energy consumption
minimization problem into a one-step Markov decision process
(MDP) and train a deep policy network that determines the
near-optimal transmission strategy for a given system state.
Considering the continuous state/action spaces for the MDP
formulation, we apply policy gradient algorithm to train the
policy network offline with simulated data collection sessions.

During the online operation, the trained policy network
can quickly generate near optimal transmission parameters
without any iterative calculation. Meanwhile, due to modelling
inaccuracy and/or environment variation, the model used for
offline training may not accurately reflect real world oper-
ating environment. With limited online experience available,
it is impractical to develop new systems model or to adjust
specific model parameters. To maintain near-optimal online
operation, we propose an online tuning algorithm for the policy
network through applying model-free DRL algorithms, such
as actor-critic and deep deterministic policy gradient (DDPG)
[30], [31]. In particular, we introduce a critic network to
approximate the energy harvesting/data transmission model
and track its variation with sample gradient calculated using
online experience. The policy network is then fine-tuned using

the gradient calculated with the updated critic network. The
resulting solution can overcome slight model inaccuracy and
track gradual environment variation to achieve near optimal
online performance.

The contribution of this paper is summarized as following.
• We study the energy consumption minimization problem

for data collection from wirelessly-powered sensors. To
our best knowledge, this is the first work to consider
the optimal design for the individual sensor charging/data
collection session.

• We derive closed-form expressions for all optimal trans-
mission parameters for the case of linear energy harvest-
ing and ideal rate adaptive transmission. These results
help establish the performance limits on energy consump-
tion minimization.

• For the more general nonlinear energy harvesting with fi-
nite block-length transmission, we develop a novel DRL-
based solution that can achieve near-optimal performance
with low computational complexity, which greatly facili-
tates online implementation.

• To cater for mismatch between system/channel models
and real-world environment, we also propose an online
tuning algorithm for the offline trained policy network.
Numerical results show that it can achieve near optimal
performance during the online operation.

• Our DRL-based solution demonstrates a novel approach
of integrating data-driven machine learning algorithms
with available physical models. It can help solve many
other real-time optimal design problems in wireless trans-
missions.

The rest of the paper is organized as follows. In section
II, we consider the scenario of linear energy harvesting with
ideal rate adaptive transmission. In section III, we investigate
the more practical scenario of nonlinear energy harvesting with
finite block-length transmission. Selected numerical examples
are presented and discussed in the above both sections. Finally,
section V concludes the paper with some prospectives toward
future research directions.

II. IDEAL RATE ADAPTIVE TRANSMISSION WITH LINEAR
ENERGY HARVESTING

In this section, we consider the optimal design assum-
ing linear energy harvesting circuit and ideal rate adaptive
transmission at the sensor. The result for this ideal scenario
will establish the lower limit of energy consumption for data
collection from wirelessly-powered sensors. We will consider
the more practical scenario of nonlinear energy harvesting and
finite block-length transmission in the next section.

A. System model and problem formulation
We consider a generic data collection scenario where the

data collecting agent tries to collect H bits of data from a
sensor whose transmission is solely powered through wireless
energy transfer. In particular, the agent first transfers energy
to the sensor by emitting RF signal with power PS for
a duration τC. We assume a frequency-flat fading channel
between the agent and the sensor, with effective channel
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power gain (after considering channel effects and potential
beamforming/combining operations) denoted by g. Assuming
linear energy harvesting model, the collected energy at the
sensor is given by

EH = ηPSgτC, (1)

where η denotes the energy conversion efficiency of harvesting
circuit.

The sensor will then send its data to the agent using all of its
harvested energy. Here we assume a slow fading environment
where the channel gain remains constant over the whole sensor
charging and data transmission duration. Let τI denote the
transmission duration of the sensor. With ideal rate adaptive
transmission, in order to transmit H bits of data, τI should
satisfy

H = τIB log2(1+
EH

τI

g
σ2 ), (2)

where we denote the channel bandwidth and average noise
power by B and σ2, respectively. Assuming that sensor charg-
ing and data transmission occur over the same frequency band,
the sensor can acquire channel knowledge by exploring chan-
nel reciprocity. We also assume that the sensor can periodically
send pilot symbols to the agent for channel estimation before
charging and as such, perfect channel state information (CSI)
is available at the agent. Since the energy required for pilot
transmission is very small compared with data transmission,
we ignore corresponding energy consumption in terms of this
case. To avoid the outdatedness of channel knowledge, the
total duration of sensor charging and information transmission
needs to be less than a latency constraint TC, i.e. τC + τI ≤
TC. Note that the above described system model can well
match many real-world scenarios, e.g. unmanned aerial vehicle
(UAV)-enabled sequential data collection from multiple IoT
sensors.

Our goal is to minimize energy consumption during the data
collection at individual sensors through optimal design, where
corresponding energy will be consumed for charging and
circuit operation. Let PC denote the circuit power consumption
of the agent, while noting that circuit always operates during
the process of charging and that of receiving collected data,
the total energy consumed during a data collection session is
given by PSτC +PC(τC + τI). Also note that the knowledge of
collected data amount H needs to be available at the agent
for performing optimal design, which can be obtained from
the pilot symbol transferred by sensor before charging. As
such, the energy consumption minimization problem can be
formulated as

min
PS, τC , τI

PSτC +PC(τC + τI),

s.t. 0 < PS ≤ Pmax;
0 < τI ,0 < τC,τC + τI ≤ TC.

Applying Eqs. (1) and (2), we can simplify the problem, by

representing τC in terms of τI and PS, to

min
PS, τI

(1+
PC

PS
)

τIσ
2

g2η
(exp(

H ln2
BτI

)−1)+PCτI ,

s.t. 0 < PS ≤ Pmax;

0 < τI ,
τIσ

2

PSg2η
(exp(

H ln2
BτI

)−1)+ τI ≤ TC.

The above optimization problem may have no solution due to
the latency constraint. In the following, we first derive the
condition for solution existence. After that, we will derive
analytical expressions for optimal PS, τI , and τC, in terms
of minimizing total energy consumption while satisfying the
latency constraint.

B. Condition for optimal solution existence

To establish the condition for successful data collection
within the latency constraint, we first transform the latency
constraint equivalently to

(
PSg2η

σ2 (
TC

τI
−1)+1)exp(− H̃

τI
)≥ 1, (3)

where we define the constant H̃ = H ln2/B. Then, we convert
the left hand side to the form of xexp(x) by multiplying both
sides with appropriate terms as

(− H̃
τI

+
H̃
TC

(1− σ2

PSg2η
))exp(− H̃

τI
+

H̃
TC

(1− σ2

PSg2η
))≤

− H̃σ2

PSg2ηTC
exp(

H̃
TC

(1− σ2

PSg2η
)).

(4)

Note that the minimum value of xexp(x) for any real variable
x is −1/e. As such, if we treat − H̃

τI
+ H̃

TC
(1− σ2

PSg2η
)) as x, the

right hand side of Eq. (4) should be greater than −1/e for
satisfying the latency constraint, which leads to

− H̃σ2

PSg2ηTC
exp(− H̃σ2

PSg2ηTC
)>−exp(−1− H̃

TC
). (5)

Applying the definition of Lambert W function [32], while
noting that it has two values when the independent variable is
negative, the above inequality can be shown to be equivalent
to

− H̃σ2

PSg2ηTC
>W0[−exp(−1− H̃

TC
)] or

− H̃σ2

PSg2ηTC
<W−1[−exp(−1− H̃

TC
)],

(6)

where W0[·] denotes the principle branch and W−1[·] the nega-
tive branch of Lambert W function. After some manipulations,
we arrive at the following necessary condition for the existence
of feasible solution in terms of channel power gain g as

g >

√
−H̃σ2

PSηTCW0[−exp(−1− H̃/TC)]
or

g <

√
−H̃σ2

PSηTCW−1[−exp(−1− H̃/TC)]
.

(7)
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Under the necessary condition, the latency constraint can be
rewritten, after applying the Lambert W function to Eq. (4),
to

−W0[−
H̃σ2

PSg2ηTC
exp(

H̃
TC

(1− σ2

PSg2η
))]≤ H̃

τI
− H̃

TC
(1− σ2

PSg2η
)

≤−W−1[−
H̃σ2

PSg2ηTC
exp(

H̃ ln2
TC

(1− σ2

PSg2η
))].

(8)
Noting that τI has to be positive, we arrive at the following
sufficient condition for the existence of feasible solution

W−1[−
H̃σ2

PSg2ηTC
exp(

H̃
TC

(1− σ2

PSg2η
))]<

H̃
TC

(1− σ2

PSg2η
). (9)

Proposition 1: The sufficient condition in Eq. (9) can be
satisfied if and only if H̃

TC
(1− σ2

PSg2η
)>−1

Proof: Let us consider the cases of H̃
TC
(1− σ2

PSg2η
) greater

and less than or equal to −1 separately. Since W−1[·] is less
than −1, Eq. (9) always holds when H̃

TC
(1− σ2

PSg2η
) > −1.

When H̃
TC
(1− σ2

PSg2η
) ≤ −1, noting that W−1(xexp(x)) = x

for x < −1 by definition, we can write H̃
TC
(1− σ2

PSg2η
) as

W−1[
H̃
TC
(1− σ2

PSg2η
)exp( H̃

TC
(1− σ2

PSg2η
))], which will always be

less than W−1[− H̃σ2

PSg2ηTC
exp( H̃

TC
(1− σ2

PSg2η
))] as W−1[·] is a

monotonically decreasing function. This completes the proof.

The sufficient condition can be equivalently rewritten as

g >

√
H̃σ2

PSηTC(1+ H̃/TC)
. (10)

Considering together with the necessary condition given in Eq.
(7) and noting that

−W0[−exp(−1− H̃
TC

)]< 1+
H̃
TC

<−W−1[−exp(−1− H̃
TC

)],

(11)
we arrive at the condition for feasible solution existence as

g >

√
−H̃σ2

PmaxηTCW0[−exp(−1− H̃/TC)]
, (12)

where the peak charging power Pmax is used. With applicable
distribution function of the channel power gain, we can
evaluate the probability that data collection cannot success-
fully finish within the latency constraint, or equivalently, the
probability of data collection failure.

C. Optimal solution
Assuming the condition for feasible solution existence is

satisfied, we now derive the analytical expressions of all
optimal transmission parameters. We first note that both total
energy consumption and charging duration decrease as PS
increases. Therefore, the optimal PS should be equal to its
peak value Pmax. We can also show that objective function is
strictly convex with respect to τI and hence, the τI value that
minimizes the objecting function is given by

τ̃I =
H̃

W0[e−1(PCPmaxg2η/σ2/(PC +Pmax)−1)]+1
. (13)

Given the condition that feasible solution is satisfied, we can
show from the equivalent latency constraint in Eq. (8), that τI
is bounded by τ

†
I ≤ τI ≤ τ

‡
I , where τ

†
I is given by

τ
†
I =− 1

H̃
W−1[−

H̃σ2

Pmaxg2ηTC
exp(

H̃
TC

(1− σ2

Pmaxg2η
))])−1

+(
1

TC
(1− σ2

Pmaxg2η
),

(14)
and τ

‡
I is given by

τ
‡
I =− 1

H̃
W0[−

H̃σ2

Pmaxg2ηTC
exp(

H̃
TC

(1− σ2

Pmaxg2η
))])−1

+(
1

TC
(1− σ2

Pmaxg2η
).

(15)

Finally, optimal transmission duration is determined as

τ
∗
I = max{τ†

I , min{τ̃I , τ
‡
I }}. (16)

The optimal value for charging duration τC
∗ and the resulting

minimum energy consumption can be calculated as

τ
∗
C =

exp(H̃/τ∗I −1)τ∗I σ2

Pmaxg2η
, (17)

and

Emin =
exp(H̃/τ∗I −1)τ∗I σ2

Pmaxg2η
(Pmax +PC)+PCτ

∗
I , (18)

respectively
With the analytical results derived in this section, the data

collection with wireless energy transfer can be implemented
as follows to minimize the energy consumption. In the vicinity
of the sensor, the agent will estimate channel power gain
to the sensor. If the channel power gain is large enough to
guarantee a feasible solution, the agent will start charging the
sensor with its peak power for a duration of τC

∗ given in
Eq. (17). The sensor will then transmit its data to the agent
with all harvested power for a duration of τI

∗ with ideal rate
adaptation. If the channel power gain is too low to guarantee a
feasible solution, the agent will wait for a channel coherence
time and re-estimate the channel quality. This process can be
repeated for multiple coherence time slots permitted by the
application scenario until the data is successfully collected.
With such implementation strategy, we can achieve the highest
possible energy utilization efficiency during data collection at
individual sensors.

D. Numerical Results
In this section, we present some selected numerical ex-

amples to illustrate the analytical results. Unless otherwise
indicated, we use system parameter values listed in Table I.

We first study the likelihood that the sensor charging and
data collection can not successfully finish within the latency
constraint TC due to poor channel condition. This probability
can be obtained by evaluating the distribution function of
channel power gain g at the threshold level given in Eq. (12).
Fig. 1 plots the probability of data collection failure as a
function of average channel power gain over Rician fading
environment [33]. We can see that, as expected, the failure
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TABLE I: System parameters.

Notation Parameter names Values
B Channel bandwidth 200 KHz
η Energy conversion efficiency 0.8
σ2 Noise power 10−5 mWatt
Pmax Peak charging power 1 Watt
PC Circuit power consumption 10 mWatt
a Energy harvesting constant 1
b Energy harvesting constant 1
PH Peak harvesting power 1 Watt
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Fig. 1: Probability of data collection failure under a latency
constraint TC = 0.02 s, H=10000 bits.

probability decreases as the average channel quality improves.
In addition, the larger the Rician factor K, the lower the failure
probability, as the wireless power transfer enjoys the channel
with stronger line-of-sight component.

Fig. 2 presents the optimal durations for sensor charging
and data transmission, calculated using the analytical results,
as the functions of channel power gain g for different cir-
cuit power levels. The corresponding results obtained from
exhaustive search are also plotted. The perfect match validates
our analytical approach. We can see that when the circuit
power consumption is negligible (PC = 0 mW), the optimal
duration of data transmission τI slightly increases with in-
creasing g while the optimal charging duration τC decreases
dramatically. Note that in this case, the energy consumption is
only dependent on τC. The energy consumption minimization
will make τC as small as possible while ensuring the data
transmission completes within a channel coherence time. The
behaviour becomes different when circuit power consumption
is not negligible (PC = 10 mW), where the duration of sensor
charging and data transmission decreases when the channel
condition improves.

As an additional numerical example, Fig. 3 plots the mini-
mum energy consumption as a function of channel power gain
g for different circuit power levels and latency constraints. We
can see that the energy consumption decreases when channel
power gain g increases, as expected. We also note that a higher
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Fig. 2: Optimal sensor charging and data transmission dura-
tions, TC = 0.02 s, H=10000 bits.
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Fig. 3: Minimum energy consumption under different latency
constraints with and without considering circuit power con-
sumption, H=10000 bits.

circuit power level leads to higher energy consumption even
with optimized parameters. Finally, the energy consumption
generally decreases as the latency requirement TC increases.
Meanwhile, when the circuit power is not negligible, TC has
limited effect on the energy consumption unless the channel
quality is very poor.

III. GENERALIZATION TO FINITE BLOCK-LENGTH
TRANSMISSION WITH NONLINEAR ENERGY HARVESTING

In this section, we consider a more practical scenario of non-
linear energy harvesting with finite block-length transmission.
Specifically, we develop a deep reinforcement learning based
solution to the resulting energy consumption minimization
problem.
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A. Generalized formulation

The data collecting agent again transfers energy to the
sensor by emitting RF signal with power PS for a duration of
τC. Here, we assume a practical nonlinear energy harvesting
model [20]. In particular, the harvested energy at the sensor
over the duration of τC is given by

EH = PH(
1+ exp(−ab)

1+ exp(−a(PSg−b))
− exp(−ab))τC, (19)

where PH is the peak harvesting power, a, and b are constants
depending upon the energy harvesting circuit. The sensor
again uses all of its harvested energy for data transmission.
We assume finite block-length transmission from the sensor,
as the data amount is typically small. If the sensor uses n
channel use, while noting that the duration of each channel
use is equal to the inverse of the channel bandwidth, i.e.
1/B [34], the duration of data transmission is approximately
equal to τI = n/B. The received SNR at the agent during data
transmission is given by

γ =
EH

n/B
g

σ2 . (20)

The corresponding block error rate for transmitting H bits of
sensor data is given by [19]

ε = Q(
log2(1+ γ)−H/n√

γ(γ+2)
2n(1+γ)2 log2 e

). (21)

The energy consumed, during a data collection session
with the consideration of circuit power PC, is equal to EC =
PSτC +PC(τC +n/B). Due to the possible block error, the data
collection may be unsuccessful, rendering the energy wasted.
To account for such situation, we introduce the concept of
effective energy consumption, which is defined as the ratio of
the energy consumption of a data collection session over the
probability of successful collection, i.e. EC/(1− ε). For each
data collection session with specific instantaneous channel
realization, we optimally select the transmission parameters,
including transmission power PS, charging duration τC, and the
number of channel use n for sensor data transmission, to mini-
mize effective energy consumption. To avoid the outdatedness
of channel knowledge and/or to satisfy a latency constraint,
we impose the latency constraint of TC. As such, we arrive at
the following optimization problem

min
PS, τC , n

PSτC +PC(τC +n/B)
1− ε

,

s.t. 0 < PS ≤ Pmax, 0 < τC, 0 < n,

0 < τC +n/B≤ TC.

(22)

This objective function is a complex function of the optimiza-
tion variables, as ε depends on n, PS, and τC either directly
or through the received SNR γ . The mixed-integer nonlinear
nature of this problem make closed-form solution unfeasible,
especially when objective function is not jointly convex with
respect to all continuous variables. While an iterative algorithm
can be developed to approach the optimal solution, executing
the iterative algorithm for every data collection session during
online operation will consume the valuable computing/power

Fig. 4: Deep policy network

resource of the agent. Furthermore, the iterative algorithm may
not converge before the latency constraint expires. In what
follows, we develop a deep reinforcement learning solution to
determine the near optimal transmission parameters for each
transmission session in real time with minimal computation.
Note that during online operation, corresponding near-optimal
actions can be obtained instantaneously by feeding observed
environment state into well-trained feedforward policy net-
work and as such, there is not any iterative calculation in-
volved. Accordingly, the online calculation complexity will
be very low as compared to iterative algorithms.

B. Deep reinforcement learning formulation

Our goal is to build an intelligent agent that can determine
near-optimal transmission parameters to minimize the effective
energy consumption for each data collection session. Consider-
ing the very complex relationship between these parameters,
we resort to deep neural networks (DNN) for its universal
function approximation capability and develop a deep rein-
forcement learning algorithm to effectively train such net-
work. In particular, we reformulate the parameter optimization
problem into the one-step Markov decision process (MDP)
with continuous state and action spaces. The state space S
is defined as S = ~s, where ~s = [H,g,TC]

T may vary from
one session to another. We assume that the collecting agent
obtains accurate state information through channel estimation
and previous experience. The action space A is defined as A
= ~a, where ~a = [PS,τC, n]T . Note that while n is an integer,
both PS and τC are continuous. Since our goal is to minimize
the effective energy consumption for current data collection
session, we define the immediate reward as its inverse, i.e.

R =
1− ε

PSτC +PC(τC +n/B)
. (23)

Note that data collection sessions are independent with each
other and hence, the MDP will terminate after each state-
action-reward tuple {~s, ~a, R}, which leads to a one step MDP.
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We will train a DNN to approximate an optimal policy
in terms of maximizing the reward for each data collection
session. Let π denote the policy network, parameterized by θ ,
as shown in Fig. 4. Note that θ is also a combined parameter
set for three small policy networks, where each small network
corresponds to an action output. With state ~s = [H,g,TC]

T

given, the output action ~a = [PS, τC, n]T from policy network
is given by

~a = π(~s|θ). (24)

Considering the continuous state/action spaces, we apply pol-
icy gradient method to reach a deterministic policy. For that
purpose, we need to determine the gradient of the action
policy, or equivalently the gradient for immediate reward R
with respect to network parameter θ , i.e. 5θ R(~s,~a)|~a=π(~s|θ).
Applying the chain rule, such gradient can be calculated as

5θ R(~s,~a)|~a=π(~s|θ) =5~aR(~s,~a)5θ π(~s|θ). (25)

With the energy harvesting/transmission models introduced
earlier, we can analytically calculate 5~aR(~s,~a). The gradient
5θ π(~s|θ) can be obtained using back-propagation technique.
Then, we can update the network parameters along the gradi-
ent direction.

C. Offline training
We now explain the offline training process in further

details. First of all, to improve sample efficiency, we adopt
off-policy learning with replay buffer [35], [36]. Specifically,
we simulate various data collection scenarios, with randomly-
generated channel power gains, typical data amounts, and
latency requirements. Then we feed the state vector ~si into the
current policy network, which generates corresponding action
vector ~ai. Finally, the resulting reward Ri can be calculated
using the formula presented earlier. The resulting experience
tuple of {~si, ~ai, Ri} is saved into a replay buffer. When the
replay buffer reaches its capacity, a randomly selected existing
experience tuple will be replaced. The size of the replay buffer
should be sufficiently large to guarantee experience diversity,
but not extremely large to ensure reasonably probability of
selecting the recent experience tuples.

In addition, we apply mini-batch training with soft update
to mitigate training divergence [36]. In particular, a mini-batch
of N experience tuples will be randomly extracted from the
replay buffer and used to calculate the gradient for parameter
update. The resulting sample gradient is given by

5θ R(~s,~a)|~a=π(~s|θ) ≈
1
N

N

∑
n=1
5~aR(~s,~a)|~s=~sn, ~a=π(~sn|θ)5θ π(~sn|θ).

(26)
The parameters of the policy network will be updated to

θ ← θ +ξ5θ R(~s,~a)|~a=π(~s|θ). (27)

where ξ ∈ (0,1) denotes the learning rate.
We introduce random exploration to reduce the probability

of converging to suboptimal solutions, which may occur in
policy gradient method. Specifically, a zero mean Gaussian
random variable is added into each entry of the action vector
generated by current policy network [29]. Finally, to ensure

the feasibility and validity for the output of policy network,
in terms of satisfying peak power and latency constraints, we
apply hard thresholds to corresponding actions. For example,
the charging power PS during training is calculated using the
first entry of policy network output, π(~s|θ)[1], as

PS = max{0, min{π(~s|θ)[1]+ vP, Pmax}}, (28)

where vP is a zero-mean Gaussian random variable with
variance σ2

P . At the end of each training iteration, the variance
σ2

P is updated to βσ2
P , where β is a constant slightly smaller

than 1 to ensure sufficient exploration. Similarly, the charging
duration and the number of channel use n during training is
calculated as

τC = max{0, min{π(~s|θ)[2]+ vτ , TC}}, (29)

and

n = bmax{1, min{π(~s|θ)[3]+ vn, (TC− τC)/B}}c, (30)

respectively. Here vτ and vn are zero-mean Gaussian random
variables with σ2

τ and σ2
n , respectively. Again, σ2

τ and σ2
n will

be reduced by a factor of β after each iteration.
The pseudo code of the proposed offline training algorithm

is shown in Algorithm 1. When the number of iterations T
is sufficient large, the exploration variances will eventually
approach zero. The policy network will converge to a de-
terministic policy. The most computational intensive step of
Algorithm 1 is the calculation of sample gradient, which can
be efficiently implemented using introduced models earlier
and back-propagation technique. As such, the proposed offline
training solution has low computational complexity. The net-
work may still converge to a suboptimal policy even with the
random exploration. We can solve this problem by performing
several training sessions and pick the network with the highest
average reward after convergence. As shown in the numerical
example section, at most three training sessions will lead to a
policy network with performance similar to that of exhaustive
search.

D. Online tuning

During each online data collection session, the collecting
agent will observe environment state information and feed
them to the offline-trained policy network, which will output
a near-optimal action vector. Note that no iterative calculation
is involved and so, the action vector can be quickly obtained.
If the energy harvesting/data transmission models used during
offline training match real-world environment perfectly, the
data collection with action vector determined by well-trained
policy network will achieve minimum effective energy con-
sumption. If there exists certain modelling inaccuracy and/or
environment variation over time, the offline-trained policy
network needs to be further adjusted using online experience.

With online experience, we can adjust the policy network
π by again performing policy gradient. Since the energy
harvesting/data transmission models may be inaccurate, we
can no longer use them to calculate the gradient. Building
new models with online experience will be inefficient, as the
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Algorithm 1 The pseudo code of offline training

Initialize policy network with random parameter θ .
Initialize exploration variances σ2

P , σ2
τ and σ2

n .
Set up an empty replay buffer that can hold M state-action-
reward tuples.
for t ∈ [1, 2, · · · , T ] do

Generate state vector ~st .
Determine action vector ~at by feeding ~st to current policy
network and apply random exploration/thresholding to the
output as Eq. (28), Eq. (29) and Eq. (30).
Calculate reward Rt using Eq. (23) together with Eq. (21),
Eq. (20), and Eq. (19).
Add new state-action-reward tuple {~st ,~at ,Rt} to the re-
play buffer, and remove randomly an existing tuple if
necessary.
Extract N state-action-reward tuples randomly from re-
play buffer and calculate sample gradient using Eq. (26).
Update the policy network parameter θ as θ ← θ +ξ5θ

R(~s,~a)|~a=π(~s|θ).
Update exploration variances by multiplying β .

end for

Fig. 5: Deep critic network

experience is typically limited. Inspired by the idea of model-
free DRL algorithms, such as actor-critic and DDPG [30], [31],
we establish a DNN that predicts the instantaneous reward
for a given state vector and action vector pair. We denote
the resulting critic network by Q(~st ,~at |µ) with parameter set
µ , as shown in Fig. 5. Through properly supervised learning
using offline experience, the resulting critic network will
closely approximate the relationship of Eq. (23) together with
Eq. (21), Eq. (20), and Eq. (19), and as such, capture offline
training models.

During online operation, we will adjust the parameters of
the critic network using online experience to improve its ac-
curacy. Note also that the energy harvesting/data transmission
models typically approximate real world environment pretty
well, we propose to perform online tuning using a mini-batch

of N′ online experience tuples with soft update. In particular,
after a mini-batch of N′ online experience tuples {~si,~ai,Ri},
i = 1,2,3, · · · ,N′, are available, the agent will adjust the
parameter of the critic network µ by performing gradient
descent for the sample loss function, defined as

J(µ) =
1
N′

N′

∑
i=1

(Ri−Q(~si,~ai|µ))2. (31)

Note that the instantaneous reward Ri for online experience
will be equal to either 1

PSτC+PC(τC+n/B) for successful data
collection or 0 for data collection failure. Correspondingly,
the parameters of the critic network can be updated to

µ ← µ +
ρ

N′
N′

∑
i=1

(Ri−Q(~si,~ai|µ))5µ Q(~si,~ai|µ), (32)

where ρ ∈ (0,1) controls the learning rate of the critic network.
We can then adjust the policy network using the sample
gradient calculated with critic network Q(~s,~a|µ), given by

5θ Q(~s,~a|µ)|~a=π(~s|θ) ≈
1
N′

N′

∑
i=1
5~aQ(~s,~a|µ)|~s=~si, ~a=π(~si|θ)

5θ π(~si|θ).
(33)

The pseudo code of the proposed online tuning algorithm
is shown in Algorithm 2. The most computational intensive
step of Algorithm 2 are the calculation of sample gradient,
which can be efficiently implemented using back-propagation
technique. With this tuning algorithm, the policy network can
effectively track environment change with low computational
complexity.

Algorithm 2 The pseudo code of online tuning

Input: offline trained policy network π(~s|θ) and critic
network Q(~s,~a|µ).
for every N′ data collection sessions do

Update critic network parameters µ as µ ← µ +
ρ

N′ ∑
N′
i=1(Ri−Q(~si,~ai|µ))5µ Q(~si,~ai|µ).

Calculate sample gradient using Eq. (33).
Update policy network parameters θ as θ ← θ + ξ 5θ

Q(~s,~a|µ)|~a=π(~s|θ).
end for

E. Numerical results

TABLE II: Hyper parameters for policy and critic networks
training.

Notation Parameter names Values
M Replay buffer size 5000
N Offline mini-batch size 60
ξ Learning rate for offline training 10−6

σ2
P Initial exploration variance for PS 16.2

σ2
τ Initial exploration variance for τC 0.27

σ2
n Initial exploration variance for n 540

β Variance reduction factor 0.995
N′ Online mini-batch size 100
ρ Learning rate of online critic network 0.005
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First training session Second training session

Third training session Fourth training session

Fig. 6: Time-averaged reward of different training sessions,
TC = 25 ms.

In this section, we present selected numerical examples to
illustrate our proposed DRL solution. The system parameter
values are shown as Table I, unless otherwise indicated. The
hyper parameters for training the policy and critic networks
are summarized in Table II for convenience.

In Fig. 6, we illustrate the offline training process of the
deep policy network. We implement three hidden layers for the
policy network with 128, 128 and 300 hidden nodes respec-
tively. The network parameters are randomly generated. We
approximately use the same number of sigmoid, tanh, and relu
functions as the activation functions in each hidden layer and
leave it to the training process to determine their preference.
After training, we found that those nodes contributing more
significantly to PS use sigmoid function and those to τC use
tanh function, and the remaining use relu function. Fig. 6 plots
the time-averaged reward of 100 consecutive training steps as
the function of the index of training steps. We notice that
the time-averaged reward typically exhibits a large amount of
variation initially and eventually converge to a stable value,
as the exploration variances gradually reduce to zero. We can
also see that even with random exploration, the offline training
may converge to a local optimal solution, as shown in the first
training session.

To address this problem, we can repeat the training of
policy network and pick the resulting network with the highest
reward upon convergence. Fig. 7 presents the effective energy
consumption as the function of channel power gain g for
the best network picked from increasing number of training
sessions. We see that resulting energy consumption becomes
smaller with increasing number of training sessions. Typically,
we can achieve near-optimal performance after two or three
sessions.

Fig. 8 compares the performance of our offline trained
policy network with benchmark algorithms. In particular, we
plot effective energy consumption as the function of chan-
nel power gain g for gradient ascent, proposed DRL, and
exhaustive search algorithms. The results of gradient ascent
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Fig. 7: Effective energy consumption of the best network
selected from multiple training sessions, TC = 25 ms, H =
2000 bits.
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Fig. 8: Effective energy consumption of different algorithms,
TC = 25 ms, H = 2000 bits.

are obtained through performing several gradient operations,
where all initial points are randomly generated. Note that due
to the latency constraint, the gradient ascent may not converge
after a limited number of iterations, leading to the suboptimal
performance. We can see that the result from our offline-
trained network is very close to that from exhaustive search.
Note that both gradient ascent and exhaustive search require
much higher computational complexity and are not suitable
for real-time data collection strategy design. Our offline trained
policy network can generate near-optimal transmission param-
eters without any iteration, and as such, it is more suitable for
the online operation.

Fig. 9 and Fig. 10 illustrate the behavior of our policy
network for different channel gains and latency requirement.
We can see from Fig. 9 that the charging duration is generally
increasing as the channel power quality degrades, unless limit-
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Fig. 9: Charging duration from the offline-training policy
network for different latency requirement, H = 2000 bits.
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Fig. 10: Channel use from the offline-training policy network
for different latency requirement, H = 2000 bits.
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Fig. 11: Probability of successful data collection for different
latency requirement, H = 2000 bits.
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Fig. 12: Effectively energy consumption with and without
online tuning, TC = 25 ms, H = 2000 bits.

ed by latency constraint. For the chosen system parameters, the
charging duration is much less than 1 ms, leaving more time
for data transmission as permitted by the latency requirement,
as shown in Fig. 10. When the latency requirement is too
stringent, i.e. TC = 1 ms, the charging duration remains nearly
constant and the data transmission duration is reduced dramat-
ically to satisfy the latency constraint, at the cost of smaller
probability of successful data collection. We omit the plot of
the charging power PS as the network output is always very
closed to Pmax. Such behavior of policy network is consistent
with our intuition and partially verifies the near-optimality of
the trained policy network. The corresponding probability of
successful data collection is plotted in Fig. 11. As we can see,
the probability of successful data collection quickly reduces
to zero when the channel power gain falls below a certain
level, i.e. less than -10 dB for TC = 1 ms case. Note that the
goal of the policy network is to maximize the effective energy
consumption, not to maximize the probability of successful
data collection, under the given channel realization.

Fig. 12 illustrates the effect of online tuning, while setting
the channel power gain to −10 dB. We assume due to model
inaccuracy or environment variation that the system parameters
during online operation change to: a = 2, b = 1.5, Pc = 30
mW, and σ2 = 2× 10−5 mW. As we can see, if the offline
trained policy is used without online tuning, the effective
energy consumption remains around 0.2, which is much higher
than the case when the model is accurate as shown in Fig. 8.
To apply the proposed online tuning algorithm, we build a
critic network with one hidden layer of 64 neuron and relu
activation function. The critic network will be initially trained
using offline experience tuples in the replay buffer and then
gradually updated using online experience. We can see from
Fig. 12 that with online tuning, the effective energy consump-
tion, after some initial variation, is dramatically reduced to
a low level after a certain number of tuning operations. As
such, the policy network after online tuning can achieve near
optimal performance during practical online operation.
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IV. CONCLUSION

In this paper, we studied the energy consumption minimiza-
tion problem during data collection at wirelessly-powered IoT
sensors. For the ideal scenario of linear energy harvesting with
ideal rate adaptive transmission, we derive the closed-form
analytical expressions of the optimal transmission parame-
ters for energy-efficient data collection under given channel
realization. For the practical scenario of nonlinear energy
harvesting with finite block-length transmission, we develop
an efficient solution based on deep reinforcement learning
algorithms. Using an offline trained deep neural network,
near-optimal transmission parameters can be determined in
real time. We also proposed a solution for online tuning to
mitigate the effect of model inaccuracy or/and environment
variation. We presented some selected numerical examples to
illustrate the effectiveness of our proposed solutions. While
our proposed solution is presented for a single sensor case, it
can be easily generalized to multi-sensor case by following a
similar process. These results will be extremely valuable for
achieving highly energy-efficient remote data collection from
energy constraint IoT sensors.
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