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Abstract
We investigate an energy-harvesting IoT device transmitting (delay/jitter)-sensitive 
data over a wireless fading channel. The sensory module on the device injects cap-
tured event packets into its transmission buffer and relies on the random supply 
of the energy harvested from the environment to transmit them. Given the limited 
harvested energy, our goal is to compute optimal transmission control policies that 
decide on how many packets of data should be transmitted from the buffer’s head-
of-line at each discrete timeslot such that a long-run criterion involving the average 
delay/jitter is either minimized or never exceeds a pre-specified threshold. We real-
istically assume that no advance knowledge is available regarding the random pro-
cesses underlying the variations in the channel, captured events, or harvested energy 
dynamics. Instead, we utilize a suite of Q-learning-based techniques (from the 
reinforcement learning theory) to optimize the transmission policy in a model-free 
fashion. In particular, we come up with three Q-learning algorithms: a constrained 
Markov decision process (CMDP)-based algorithm for optimizing energy consump-
tion under a delay constraint, an MDP-based algorithm for minimizing the average 
delay under the limitations imposed by the energy harvesting process, and finally, 
a variance-penalized MDP-based algorithm to minimize a linearly combined cost 
function consisting of both delay and delay variation. Extensive numerical results 
are presented for performance evaluation.
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1  Introduction

1.1 � Research background

IOT is a novel inter-networking notion envisioning cyber-physical sensory devices 
interconnected with each other and ideally making actuating decisions independently 
without human intervention. This emerging computing/networking technology is 
expected to eventually support billions of wireless device interconnections, but at 
the same time trigger a dramatic rise in battery demand for powering the sensors and 
radio transceivers. In fact, given the limited energy storage installed on a typical IoT 
device, there is a growing interest in adopting energy harvesting techniques to sup-
ply the nodes and recharge their batteries through natural energy sources (e.g., solar 
power, piezoelectric energy, etc.) [1–3]. The main benefit of energy harvesting is in 
enabling the autonomous operation of IoT devices in remote places without access 
to grid power and the need for battery replacement. However, the random nature of 
the harvested energy leads to uncertainty in the node’s power supply, thereby mak-
ing it very challenging to come up with efficient transmission control policies. Top 
this all off with the fact that wireless transmission is subject to time-varying channel 
qualities. Also, the sensory modules mounted on the IoT devices typically generate 
random traffic loads—arising due to the nature of the events stochastically occurring 
in the environment. Therein arises a requirement to investigate a new set of optimi-
zation problems that explicitly cater to the uncertainty and the time-varying random-
ness faced by the IoT nodes to support their applications. Of particular interest is the 
study of energy-constrained wireless IoT devices that are deployed for (delay/jitter)-
sensitive applications (e.g., wireless body area networks, remote visual monitoring, 
surveillance, etc.).

Related work has studied the computation of optimal transmission policies for 
energy harvesting IoT devices by proposing various deterministic [2–4], stochastic 
[5–7] as well as model-free optimization algorithms [8–10]. Before stating our moti-
vations and contributions, we give a thorough overview of the previous schemes in 
Sect. 1.2.

1.2 � Literature review

We categorize the previous schemes on transmission control for IoT equipment into 
three major categories: Deterministic, Stochastic, and Learning-based model-free 
schemes:

•	 In a deterministic optimization scheme, it is assumed that exact information 
about the time-varying quality of the wireless channel, amount of data, and 
energy arrival is available ahead of decision-making at the transmitter side.

•	 In a stochastic optimization scheme, optimal policies are derived only based 
on the available statistical information about the environment such as data and 
energy arrival and the wireless channel.
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•	 In many practical applications, complete non-causal knowledge or even statistical 
knowledge of the system dynamics might not be available [11, 12]. This is espe-
cially the case with energy harvesting processes when they are non-stationary 
or from sources with unknown distributions. For example, in a wireless network 
where nodes are distributed randomly over a geographical area, the characteris-
tics of the harvested energy (e.g., solar power) at each node depend on the node 
location which changes over time in a non-stationary fashion [13, 14]. In such 
cases, prior knowledge about the dynamics of energy sources is very difficult to 
obtain. As such, a learning-based model-free optimization scheme is required to 
overcome such challenges.

In Table 1, we have summarized the comparison of related work. In the sequel, 
we review some representative related work from each category.

1.2.1 � Deterministic schemes

Yang et  al. [3] have assumed that both the data and energy buffering capacity of 
each node are infinite and that all the harvested energy is to be allocated for trans-
mission data over a static channel. In addition, to minimize transmission comple-
tion time in a single-user communication system, the authors have presented an opti-
mal scheduling policy that adjusts the transmission rate according to the harvested 
energy and channel traffic. He et al. [2] have investigated rechargeable sensor nodes 
assuming the availability of deterministic information. Authors have argued that the 
optimal power management policy is based on a fixed transmission power at each 
time interval until the amount of input energy or channel status is changed. So, in 
this case, the total energy consumed is equal to the total energy harvested at the 
specified time. Moreover, in an optimal transmission control policy, the transmission 
rate should increase steadily over time. Therefore, the authors have assumed both 
the battery capacity and the data buffer in infinite length (which is not a practical 
assumption).

1.2.2 � Stochastic schemes

As for the stochastic schemes, Shaviv et  al. [5] have suggested a random-energy 
power harvesting system with a limited-space battery. They have also developed a 
simple stochastic power optimal transmission control policy that requires to know 
the statistical distribution of the received energy. Arafa et  al. [6] have proposed a 
power scheduling policy, intended for single-user energy harvesting systems to 
identify stochastic policies that maximize the average long-term performance. The 
authors have uniformly increased productivity of the system and have employed a 
transmitter that is equipped with a limited battery space to store its harvested energy. 
The simulation results have shown that the policies that maintain a certain constant 
amount of battery life at any given time are optimal in terms of energy consumption. 
Wenwei et al. [22] have formulated the optimization problem that minimizes packet 
delays in the Timely Data Delivery (TDD) scheme for the IoT devices to determine 
when to harvest energy and deliver data. The TDD scheme reduces the packet delay 
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by letting each IoT device adjust a pair of parameters, i.e., the lower bound and the 
upper bound of the energy storage, according to the packet arrival rate, packet deliv-
ery time, and energy harvesting rate. Aprem et  al. [7] have examined the energy 
generation process by implementing a Bernoulli model and a fixed harvesting rate 
under the assumption that the harvested energy in each timeslot is identically and 
independently distributed (i.i.d.). Other uncorrelated energy harvesting models 
reported in the literature include the uniform process [16], Poisson process [15, 23], 
and exponential process [24]. Although these models are all easy to implement, they 
are inadequate to benefit from the temporal correlation advantages of the harvested 
energy from most energy sources. To get around this problem, a correlated time 
process followed by a first-order discrete-time Markov model has been adopted by 
Blasco et al. [24] to model the energy packet arrivals.

1.2.3 � Learning‑based model‑free schemes

Model-free schemes can further be divided into two subcategories: those that 
are based on Lyapunov optimization [8] and those that utilize learning-theoretic 
schemes, e.g., reinforcement learning (RL) techniques. In a model-free scheme, the 
sensor nodes, rather than relying on a pre-built model, use the experience gained 
from interaction with the actual environment over time to discover the optimal trans-
mission control policy. The application of these techniques is particularly important 
because oftentimes the precise modeling of the probabilistic structure of the system 
is not possible in many practical scenarios. Moreover, the solution based on a par-
ticular model loses its validity when environmental conditions change.

Sharma et al. [9] have investigated an IoT sensor node that transmits delay-sen-
sitive data over a wireless channel. This sensor places packets in a queue and sends 
them over the channel through the energy it receives from the environment. The goal 
is to minimize the packet delay in the queue for each node, while respecting the 
energy constraints. In another study [10], the transmissions of delay-sensitive image 
data over time-varying wireless channels have been studied. RL techniques have 
been adopted to reduce the average delay. In this study, the proposed learning algo-
rithm has incorporated only a portion of the system states and has thus significantly 
reduced the time complexity of the updates. Moreover, the objective function is the 
average data buffer length with a constraint on the wireless channel status. To bal-
ance energy and delay, Mastronarde et al. [17] have proposed a model-free scheme 
for multifunctional energy-aware scheduling for delay-sensitive data sent over a 
wireless channel. In this scheme, the authors have employed the Markov decision 
process (MDP) formalism [25] to formulate the transmission control problem. Xiao 
et al. [26] have proposed a SARSA (state-action-reward-state-action) RL algorithm 
[27] to choose the transmission action based on the observed state (the queue length 
of the buffer, the channel gain, the previous bit error rate, and the previous packet 
loss rate) without prior knowledge of the transmission channel model at the trans-
mitter and the receiver. The authors’ intention has been to guarantee the video qual-
ity and to reduce interference in 6G multimedia services. Hakami et al. [18] have 
proposed a model-free RL-based algorithm for the delay-constrained optimization 
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of joint compression and transmission control for IoT equipment. Masadeh et  al. 
[19] have used the notion of MDPs to maximize the sensor’s performance (in terms 
of average throughput) while minimizing its energy consumption. The authors have 
proposed a new RL-based method and have compared it against a greedy method to 
demonstrate its superiority. Hu et al. [20] have presented a cross-layer approach to 
adapt the transmission power, rate, and compression ratio based on the instantane-
ous buffer and channel states to minimize the average delay subject to average power 
and distortion constraints. They have proposed a multi-dimensional constrained 
MDP (CMDP) formulation which is subsequently decomposed into a deterministic 
hierarchical optimization consisting of linear programming and a convex optimiza-
tion problem. Namjoonia et  al. [21] have proposed three RL procedures based on 
Q-learning, post-decision state (PDS), and virtual experience (VE) learning, respec-
tively. They have addressed the delay-constrained joint lossy compression and trans-
mission control problem for an IoT device with rechargeable energy storage.

1.3 � Motivations

According to our review of the related work in Sect. 1.2, at least two major short-
comings can be identified in association with the existing research:

•	 Firstly, while the previous studies have made significant progress toward opti-
mizing IoT communication systems, they have mostly considered simplifying 
assumptions regarding their system model. In particular, a majority of the avail-
able schemes have been basically assuming that the underlying processes behind 
the channel variations, energy charging, and event generation are all i.i.d. [2, 9, 
28–30]. Such assumptions are not suitable for more realistic stochastic dynamics 
with temporal dependency between correlated fading channel conditions, energy 
arrivals, and sensory event generation. This warrants a formulation based on a 
more generalized formalism of MDPs that can exploit (for instance) the tempo-
ral correlation/channel memory inherent in the Markovian channels to further 
improve the network performance.

•	 Secondly, in event-driven IoT applications, the incoming traffic load on a device 
can momentarily exceed the wireless channel capacity. In such cases, data pack-
ets are temporarily queued in a transmission buffer the length of which can be 
controlled by dynamically tuning the transmission behavior of the node. To strike 
a good balance between the delay requirements of the applications and energy 
consumption, the node’s transmission rate should be increased when the buffer 
grows too much and decreased when the buffer recedes. Such dynamic control 
of transmission rates results in oscillating buffering behavior. Heavy fluctuations 
can increase buffer overflow (i.e., packet loss), buffer underflow (i.e., wastage 
of the available channel bandwidth), and jitter or delay variance. It is therefore 
imperative that we minimize buffer fluctuations (or equivalently buffer length 
variance) to minimize the above-mentioned undesirable effects. However, as we 
review in the sequel, the majority of prior work has solely focused on throughput 
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and delay as conventional performance metrics to judge the quality of service 
(QoS) [9, 15, 17, 29–31]. To support real-time IoT scenarios, the time-averaged 
variance in packet delivery times is also an important metric. Hence, the network 
algorithm design should not only efficiently optimize the delay and packet deliv-
ery ratio but also account for jitter or delay variation as the higher-order statistics 
of the arrival and transmission processes. Achieving an optimal “mean–variance 
trade-off” in packet delivery times is a key issue absent from the related work on 
transmission control for energy harvesting IoT devices.

1.4 � Contributions

So motivated, in this paper, we consider an IoT device that is supposed to transmit 
real-time generated event packets to a gateway over a fading wireless channel. We 
are interested in designing efficient transmission control policies that can achieve 
optimal mean–variance trade-off in packets delivery delay, by judiciously consum-
ing the ambient energy harvested from the environment. Our specific contributions 
can be summarized as follows:

•	 We come up with three problem formulations all concerning the delay-sensitive 
transmission of event data. All problems are based on the MDP formalism [25] 
to take into account the random nature of the captured events, harvested energy, 
as well as channel variations. Our first formulation is a CMDP [32] and aims at 
the minimization of the long-run average energy consumption subject to a pre-
specified constraint over the average length of the transmission buffer. The sec-
ond formulation concerns the minimization of the long-run average buffer length 
(as the delay measure) while heeding the restrictions imposed by the energy har-
vesting process. The third formulation is an instance of the so-called variance-
penalized MDP [33] with a system cost composed of the average buffer length 
(as the delay measure) linearly combined with the variance of the buffer length 
(as an indicator of jitter or inter-packet delay variation). A penalty weight param-
eter is introduced to balance these two aspects of the system cost.

•	 We propose a suite of Q-learning-based algorithms (from the RL theory) [27] 
to solve the above-mentioned problems in a model-free fashion in the absence 
of prior statistical information about the underlying processes that govern the 
channel, event occurrences, or harvested energy dynamics. In particular, to solve 
the delay-constrained problem, we employ the Lagrangian technique [34] to re-
express the Bellman equations underlying the CMDP formulation in non-con-
strained form. This technique simplifies solving the original CMDP problem by 
finding the solution of two coupled optimizations over two distinct spaces of the 
control policies and the Lagrangian multiplier. The control policy is estimated 
iteratively via a Q-learning-based procedure on a fast timescale and the Lagrange 
multiplier is estimated using stochastic gradient descent on a slower timescale. 
The separation of timescales is a well-established technique from the stochastic 
approximation theory [35], which avoids divergence in coupled updating proce-
dures. As for our variance-penalized formulation, we also deploy a two-timescale 
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learning procedure along the lines of [33]. In particular, to compute the vari-
ance of the IoT node’s transmission buffer length, an estimate of the mean buffer 
length should already be available. This estimate can be obtained by running a 
slow-timescale moving average over the instantaneous buffer lengths. Q-learning 
can then be iterated on a fast timescale to estimate the state-action values of the 
underlying MDP based on samples of costs as well as their squared deviations 
from the estimated mean (as samples of variance).

•	 We present extensive numerical experiments to exhibit the convergence proper-
ties of all the learning algorithms. We also investigate the impact of various sys-
tem parameters such as data arrival rate, energy harvesting rate, and renewable 
battery capacity on the performance of the three transmission policies in terms of 
energy consumption, delay, and delay variation.

1.5 � Outline

The rest of the paper is organized as follows: In Sect.  2, our system model is 
described. Next, in Sect.  3, problem formulations are given accompanied later by 
their corresponding learning-theoretic solutions. In Sect. 4, we present and discuss 
our simulation results. The paper concludes in section.

2 � System model

In this section, we first introduce our system model for all the three methods and 
then elaborate on the assumptions made about the dynamics of the energy charging 
process, sensory data generation, and variations in the wireless channel state. The 
list of notations is given in Table  2. In our proposed system, wireless IoT nodes, 
which are responsible for sensing and reporting from the environment, are equipped 
with multiple sensors, as illustrated in Fig. 1.

In a real operating environment, where there is no external power supply for 
each node, we assume that the IoT sensor nodes subsist on rechargeable batteries 
and energy harvesting circuits. These nodes decide intelligently on the number of 
units data (i.e., packets) that should be sent out over the wireless channel to the IoT 
gateway.

2.1 � Channel model

We assume that time is slotted (indexed by n ) with normalized slot durations. Data 
are transmitted over a wireless channel with potentially varying channel conditions 
from one slot to the next. We assume block-fading channels that remain constant 
within each timeslot. To model the time-varying quality of the wireless channel, we 
assume that the channel quality gain, hn , is known by the transmitter at the start of 
each timeslot.
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Assumption 1  (Channel model) For simplicity, suppose that hn ∈ H and that H 
denotes a finite state space. In fact, similar to [36], we assume a quantized model for 
the channel’s random status whose dynamics follow a Markovian process. We fur-
ther assume that the wireless link quality remains unchanged throughout a timeslot, 
but may change randomly from one slot to another. According to [31], for reliable 
and error-free transmission of bout

n
 Packets (each being L bits in size) over a link with 

bandwidth W , when the channel state is hn , we need the power determined by Eq. 1:

Table 2   Summary of the 
notations use in the system 
model

Symbol Description

� Time slot duration
n Time slot index
e��
n

Amount of harvested solar energy in slot n
e���
n

The number of consumed energy quanta in time slot n
en The energy buffer state in time slot n
E The energy buffer capacity
�� Energy quantum size ( J)
dn The data buffer input size in time slot n 
b���
n

The transmission data size

b��
n

The data buffer input size in time slot n 

bn The data buffer state in slot n
L Length of a data packet
B Data buffer capacity
hn Wireless channel state in time slot n
W Channel bandwidth
P The transmission power
E�� The transmission energy

Fig. 1   Schematic of the IoT device
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where N0 represents white Gaussian noise with mean zero and variance N2
0
 , and the 

product of WN0 is normalized to 1. In this model, the transmission power is a strictly 
increasing function of b . Note that, Eq.  1 assumes hn is expressed in dB . Equiva-
lently, we may use Eq. 2 to express things in Watts:

2.2 � Energy model

2.2.1 � Energy source model

It is assumed that the required power for the IoT nodes is supplied through harvest-
ing energy from the environment, as illustrated in Fig. 2. The harvested energy is 
modeled as a stochastic process in which fixed-length energy quanta (packets) of 
size EU are received from the environment. According to the environmental condi-
tions of the energy source (e.g., solar energy depends on the time of day, weather 
conditions, etc.), the received energy quanta vary over timeslots.

Assumption 2  (Energy source model) 
{
ein
n

}
n∈ℕ

 denotes the random number of 
harvested energy packets, measured in packets of size EU . In addition, the energy 
source model evolves as a finite-state Markov chain (FSMC), which takes values 
from the finite space � = {0, 1, 2…X}.

2.2.2 � Energy harvesting model

We assume that the battery energy is stored in the form of energy packets. Let 
� = {0, 1, 2…E} denote the number of energy packets that are available for har-
vesting in the n-th timeslot. The “energy state information” (ESI) dynamics can be 
expressed by Eq. 3:

(1)p
(
hn, b

out
n

)
=

WN0

hn

(
2

boutn L

W − 1

)
,

(2)p
(
hn, b

out
n

)
=

WN0

10
hn

10

(
2

boutn L

W − 1

)
.

Fig. 2   Energy harvesting stor-
age model in IoT node
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The required energy to send bout
n

 data packets is calculated as the product of power 
and time which is formulated in Eq. 4:

For simplicity, we assume that the transmission energy ETX(hn, b
out
n
) is an integer 

multiple of energy packets. Note that, we only allow the transmission of bout
n

 packets 
such that ETX

(
hn, b

out
n

)
≤ en.

2.3 � Traffic model

The sensors on the IoT device generate a random number of data packets during 
every timeslot. The state space of the number of generated data packets is repre-
sented as a discrete and finite space D = {0, 1, 2,… ,D}. The number of input data 
packets at time n is denoted by dn ∈ D.

The data for transmission are queued (with FIFO discipline) in a buffer. The 
data “queue state information” (QSI) are represented by a finite discrete state space 
B = {0, 1, 2, ...,B} . Also, the queue state at the start of timeslot n + 1 can be com-
puted through Eq. 5:

where bn ∈ B denotes the number of packets currently in the queue. The number 
of packets sent out from the queue (during the timeslot n ) is denoted by bout

n
 . As 

mentioned before, bin
n

 represents the received packet from IoT sensors, while bout
n

 is 
determined by “transmission control.”

3 � Problem definition and proposed solution

In the absence of the statistical knowledge of the underlying system dynamics, mak-
ing myopic (i.e., instantaneously greedy) decisions for the transmission policy cannot 
lead to a long-term optimal transmission control policy. In our proposed approach, 
we are not looking for greedy policies that transmit packets only with enough energy. 
When the channel conditions are not favorable, it is best not to send further packets 
to the channel to avoid wasting the harvested energy. Conversely, when the battery 
is fully charged, sending a packet can be helpful to release space and make room for 
more energy to be harvested in the future; otherwise, some energy will be lost due to 
the finite battery size. Therefore, the control policy needs to be based on the dynamic 
state of the system, i.e., the Data State Information (DSI), the Channel State Informa-
tion (CSI), the Energy State Information (ESI), the Queue State Information (QSI), and 
the Battery State Information (BSI). In particular, adaptation to CSI is essential both 
for optimal utilization of the channel dynamic and for achieving more value for the 

(3)en+1 = min
(
max

(
en − eout

n
, 0
)
+ ein

n
,E

)
.

(4)ETX

(
hn, b

out
n

)
= P

(
hn, b

out
n

)
× �.

(5)bn+1 = min
(
max

(
bn − bout

n
, 0
)
+ bin

n
,B

)
,
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power invested. DSI and QSI-adaptability are required to obtain a delay-aware policy 
under the conditions of unsaturated traffic and finite-length queue at the node. Also, to 
increase the chances of having a sufficient amount of energy for transmission purposes, 
an ESI- and a BSI-adaptive policy is required to prevent unwanted usage of harvested 
energy. In fact, “transmission control” is a sequential decision problem because the 
node sometimes has to make instantaneous decisions, though it can obtain better long-
term performance by inducing the system states to transition to more desirable states.

Optimal transmission control policies in sequential decision problems can be 
obtained systematically by casting the problem in a stochastic optimization framework. 
Given the Markovian nature of our setting (c.f., Assumptions 1 and 2), we resort to the 
notion of MDPs from control theory. MDP is a discrete-time stochastic control process 
that can be used for modeling decision-making in situations where outcomes are partly 
random and partly under the control of a decision-maker. At each time step, the process 
is in some state s , and the decision-maker may choose any action a that is available in 
state s . The process responds at the next time step by randomly moving into a new state 
′
s , and giving the decision-maker a corresponding cost (as function of both the current 
state and the current action). The probability that the process moves into its new state ′s 
is influenced by the chosen action. Specifically, it is given by a state transition function. 
Thus, the next state ′s depends on the current state s and the decision-maker’s action a . 
But given s and a , it is conditionally independent of all previous states and actions; in 
other words, the state transitions of an MDP satisfy the Markov property. In the sequel, 
we come up with three formulations based on the notion of MDP:

1.	 In the Delay-Constrained method, our objective is to design a transmission control 
policy that minimizes the expected cumulative power expenditure of the device 
while satisfying a certain average delay constraint for the sensory events queued 
in the transmission buffer. We formulate the problem of minimizing energy usage 
by IoT devices as a CMDP [37]. To do this, we transform the expected long-term 
cumulative energy usage into a medium-term constraint over the transmission 
queue.

2.	 In the Delay-Centric method, we propose to minimize the average buffer length 
that will ultimately minimize the packet delay perceived by the receiver. In this 
approach, we formulate the buffer length minimization problem as an MDP [38]. 
It is worth mentioning that only a small number of related papers have dealt with 
packet delay as perceived by the receiver.

3.	 In the Variance-Penalized method, we aim to minimize the data buffer delay 
variance that will ultimately minimize the packet delay variation perceived by 
the receiver. We formulate this problem as a Variance-Penalize MDP [33]. To 
the best of our knowledge, the consideration of delay variation has been largely 
neglected in the previous work.

3.1 � Delay‑constrained transmission control

In this method, we attempt to optimize average energy usage subject to a delay con-
straint using the CMDP.
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3.1.1 � CMDP‑based formulation

Using the system model presented in Sect. 2 and illustrated in Fig. 3, we formu-
late the transmission control problem using the CMDP formalism. The CMDP 
can be described by a tuple < S,A,P,CE,CB > , where S, A, P, CE and CB denote 
a set of states, a set of control actions, transition probabilities, energy cost, and 
buffering cost, respectively. More specifically, the system state space is a discrete 
and finite space that is defined as the Cartesian product of CSI, DSI, QSI, ESI, 
and BSI spaces; i.e., S = H × D × B × � × X . Also, sn =

(
hn, dn, bn, e

in
n
, en

)
 repre-

sents the system state at time n . In the following, a CMDP-based formulation 
can be characterized by five elements: actions, transition probabilities, immediate 
cost/constraint functions, and the optimization objective:

•	 Actions According to the current system state sn, the decision-maker determines 
a set of feasible control actions in each timeslot. The space of possible actions in 
sn is a discrete and finite space ASn

= BSn
 in which BSn

⊂ B is a set of data packets 
that can be transmitted out of the buffer (which depends on the CSI hn , BSI en , 
as well as QSI bn ). We have to determine whether a control action bout can be 
included in the feasible set BSn

:

According to Eq.  6, the required transmission energy is compared with the 
available energy level in the battery to identify feasible actions. In case there is 
enough energy, the node can take an action in the state sn . The current action of 
the decision-maker is denoted as an which is defined by an = bout

n
∈ Asn

.

•	 System transition law When an action an is executed in the state sn , the system 
state transits to the next state sn+1 . The transition probability P(sn+1|sn, an) is 
determined by Eq. 7:

(6)bout ∈ Bsn

{
1 if ETX

(
hn, b

out
)
≤ en ∗ EU and bout ≤ bn

0 otherwise

(7)P
(

sn+1|sn, an
)

= P
(

hn+1|hn
)

.P
(

bn+1|bn, dn, boutn

)

.P
(

en+1|en, einn , an
)

.P
(

einn+1|e
in
n

)

Fig. 3   IoT sensor controller
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According to Eq. 7, hn affects the next data buffer state implicitly. In addition, 
the energy source state ein

n
 impacts en+1 by affecting an . Note that, in the above 

transition law, the feasible action an = bout
n

 is based on the impact of the CSI hn on 
the next QSI bn+1 as well as on the next BSI en+1.

•	 Immediate cost and constraint function The immediate cost of taking action an in 
state sn is defined as the total energy consumption cost denoted by CE(sn, asn) and 
calculated by Eq. 8:

In the CMDP formulation [37], the immediate constraint function CB(sn, an, sn+1) 
needs to be defined in a way that could keep the system from violating a certain 
reporting delay threshold for the sensory events. To achieve this purpose, Little’s 
law [39] is employed to compute a measure of the mean delay experienced by the 
reported events. Therefore, the average buffer length C̄B is equal to the product of 
the average arrival rate of sensory data ā and the average delay experienced by the 
packets in the buffer D̄ , as shown in Eq. 9:

In Eq. 9, the constant a can be ignored. Hence, CB can be used as a good measure 
of the average delay D . We consider buffer occupancy as an immediate constraint. 
The average data buffer delay should not exceed a certain threshold; thus, we need 
to keep track of the instantaneous buffer occupancy as an immediate constraint as 
defined in Eq. 10:

•	 Optimization objective In our proposed CMDP formulation, the objective is to 
minimize the long-term average cost of the energy usage CE , while maintaining 
the average buffer length CB under a given application-specific threshold δ. This 
parameter can have a variable value depending on the amount of delay tolerance 
threshold in practical applications. More formally, to control the transmission 
rate, the IoT node should learn an optimal policy �∗, so that for all states, we 
have

where the functions C
�

E
 and C

�

B
 are time averages over an infinite horizon. The 

threshold δ is assumed to be specified by the system designer to reflect the 
amount of delay tolerance in practical applications.

(8)CE

(
sn, asn

)
= ETX

(
hn, b

out
n

)
.

(9)C̄B = ̄aD

(10)CB(sn, ansn+1) ≜ bn+1

(11)

𝜋∗(s)
𝜋

arg min C̄𝜋
E
≜ lim

n→∞

1

n
�
𝜋

[
∞∑
n=1

CE

(
sn, asn |s1 = s

)]

s.t. C̄𝜋
B
≜ lim

n→∞

1

n
�
𝜋

[
∞∑
n=1

CB

(
sn, asn , sn+1|s1 = s

)]
≤ 𝛿
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3.1.2 � The Lagrangian technique

To convert the optimization problem into its unconstrained equivalent, the standard 
Lagrangian technique offers a viable solution [34]. We introduce a Lagrange mul-
tiplier 𝜆 > 0 to linearly combine the objective function in Eq. 11 with its constraint 
and present L

�,�
 as a new combined cost function, which is expressed by Eq. 12:

Intuitively, in Eq. 12, if the average cost buffer-length C
�

B
 exceeds the threshold 

value δ, the resultant difference will be added by a positive coefficient to the sys-
tem cost to further penalize the controller. Given C

�

E
 and C

�

B
 , the function L

�,�
(s) 

is also a long-term average, and the immediate Lagrangian l(s, a, �) corresponding 
to it can be defined by Eq. 13:

Now, according to Eq. 13, L
�,�

(s) in Eq. 12 can be rewritten as Eq. 14:

From Eq. 11, we note that for a feasible policy � , we have Eq. 15:

As a result,

Consequently, by minimizing the above inequality over the space of all feasi-
ble policies, we have

Hence min
�
L
�,�

(s) gives a lower bound for the value of the objective function in 

Eq. 11 by finding the greatest lower bound, i.e., by maximizing � in min
�
L
�,�

(s) , the 
best lower bound can be obtained for the constrained problem defined in Eq.  11. 
Therefore, instead of solving the problem in Eq. 11, we may now deal with the fol-
lowing new unconstrained optimization problem

The pair (�∗, �∗) is defined as a solution for Eq. 18. According to [40], if the 
immediate cost function CE

(
sn, an

)
 and the immediate constraint CB

(
sn, an, sn+1

)
 

(12)L
�,�

(s) ≜ C
�

E
+ �

(
C
�

B
− �

)
∀s ∈ S

(13)l(s, a, �) = CE(s, a) + �(CB

(
sn, asn , sn+1

)
− �)

(14)L
�,�

(s) ≜ lim
n→∞

(
1

n

)
�

�
[

∞∑
n=1

l
(
sn, an, �|s1 = s

)]
∀s ∈ S

(15)C
�

B
≤ 0 (∀s ∈ S)

(16)L
λ,π
(s) ≤ C

�

E
∀(s ∈ S) for all feasible �

(17)min
�
L
−λ,π(s) ≤ min

�
C
�

E
∀(s ∈ S) for all feasible �

(18)max
�

min
�

L
�,�

(s), ∀(s ∈ S)



	 H. Malekijou et al.

1 3

are both convex, there is no difference between the value C
�

E
 , obtained from the 

constrained problem Eq.  11, and the value L
�∗,�∗

 obtained from Eq.  18. In our 
formulation, functions CE

(
sn, an

)
 and CB

(
sn, an, sn+1

)
 are strictly convex. Conse-

quently, by solving the two-optimization problems given in Eqs. 19 and 20, the 
optimal policy can be achieved by

In Sect. 4.1.3, we propose a model-free reinforcement learning technique to cal-
culate the optimal solution pair (�∗, �∗).

3.1.3 � Learning the optimal transmission control policy

We apply a learning algorithm consisting of a coupled recursion that iteratively esti-
mates �∗ and �∗ for simultaneously solving Eqs. 19 and 20. For this purpose, first, 
the standard Bellman Eq. 36 and then Q-learning [41] are applied. We denote the 
so-called Q-function by Q∗,�(s, a) , which is defined as the sum of the immediate dif-
ferential cost l(s, a, �) − CB

∗ , obtained by taking action a in the current state s , with 
the long-term Lagrangian realized from the next state onward (by following the opti-
mal policy �∗ ). More specifically, we have

where L
∗,�

 denotes the optimal per-stage Lagrangian. Additionally,

The optimal policy π∗,λ(s) (parameterized with λ) leads to Eq. 23:

Now, in model-based scheme, the knowledge of the probability distribution P is 
a requirement to solve the Bellman equation in Eq. 21. However, Q-learning esti-
mates all Q∗,�(s, a) values through repeated updates. In particular, the IoT node ini-
tializes an estimated table Q̂n(s, a) for all (s, a) pairs with arbitrary values in the first 
step. Then, it observes the current system state and chooses an action from its action 
space at each iteration. Our proposed Q-learning equation is based on average cost, 
so, instead of using the discount factor, we need the per-stage cost L

∗,�
 to obtain the 

differential cost at each iteration. To estimate L
∗,�

 , we need to select some reference 

(19)�∗ ∈ argmin
�
L
�,�

(s)

(20)�∗ ∈ argmax
�

L
�,�∗

(s)

(21)Q∗,�(s, a) = l(s, a, �) − L
∗,�

+
∑
sn+1∈S

P
(
sn+1|s, a

)
L
�,�∗(

sn+1
)
,

(22)L
�,�∗

(s) = min
a∈A(sn+1)

Q∗,�(s, a), ∀ s ∈ S

(23)�∗,�(s) = argmin
a∈A(sn+1)

Q∗,�(s, a), ∀s ∈ S
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state-action value Qn(s
∗, a∗) to obtain convergence in our simulation [42]. Now the 

node implements the selected action, computes its immediate cost as l(s, a, �), and 
then updates its estimate Q̂n(s, a) for the current pair (s, a) according to the following 
rule:

In Eq. 24, Q̂n(s, a) represents the n-th time estimation of Q∗,�(s, a) and �n denotes 
the step size (learning rate) of Q-learning, which is computed for each (s, a) pair 
according to Eq. 25:

In Eq. 25, visitn(s, a) is the number of times the pair (s, a) has been observed up to 
iteration n . To guarantee convergence of the above Q-learning algorithm, it is neces-
sary that an action is chosen at each step in the so-called ε-greedy fashion (e.g., see 
[43]). The symbol ε denotes a small probability with which an RL agent explores 
the unknown environment from time to time. In particular, the controller occasion-
ally needs to take random (yet feasible) actions to further explore the quality of an 
alternative choice in addition to taking greedy actions according to the optimal pol-
icy being estimated (i.e., �∗,�(s) from 23). By implementing such ε-greedy action 
selection policy, the described Q-learning algorithm is guaranteed not only to con-
verge to �∗,�(s) , but also to the minimum Lagrangian L

�,�∗

(s) for a constant value � 
(see [12]).

Having obtained L
�,�∗

(s), we deal with Eq. 20 as a maximization problem. Since 
we have no knowledge of the transition laws, Eq. 20 cannot be solved by setting to 
zero the derivative of Eq. 12 w.r.t. λ. Hence, we need to deploy an iterative scheme 
to estimate �∗ as well. In particular, we define �̂n+1 as the n-th estimate of �∗ and 
apply a standard stochastic subgradient ascent algorithm to derive �̂n toward optimal 
value; i.e.,

where �n is the learning rate (step size) that is computed by Eq. 17:

The operator Λ[.] is defined to be max(., 0) and is basically a projection operator 
meant for keeping �̂n from ever becoming negative. The term 

(
CB

(
sn, an, sn+1

)
− �

)
 

is an instantaneous estimate of the gradient direction for the function L
λ,π∗

 . Its form 
corresponds to the derivative of Eq.  12 w.r.t. λ, although, unlike an exact deriva-
tive, it is only a noisy instantaneous estimate. This justifies our application of the 
“stochastic” subgradient method to guarantee gradual convergence toward optimal 

(24)

Q̂n(s, a)
(
1 − �n

)
Q̂n−1(s, a) + �n[l(s, a, �) + min

an+1∈A(sn+1)
Q̂n−1

(
sn+1, an+1

)
− Qn(s

∗, a∗)]

(25)�n =
1

1 + (visitn(s, a))
0.65

.

(26)�̂n+1 = Λ[�̂n+1 + �n(CB

(
sn, an, sn+1

)
− �)]

(27)�n =
1

n + 1
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�∗. Rigorous proofs in terms of generic CMDP formulations concerning the conver-
gence of the estimated pair (Q̂n, �̂n) to their optimal values (Q∗, �∗) are given in ref-
erences [39]. However, making concurrent estimates of �∗ and Q∗ by using the learn-
ing rules in Eqs. 24 and 26 need further clarification. It should be noted that �̂n and 
Q̂n are coupled together, by definition. However, we have allowed for their simul-
taneous updating, which seemingly works against each other by creating a moving 
target for one another. The perfect way to with these two updates concurrently is 
to operate them on two different time scales. More formally, we assume the update 
rates to be �(n) and �(n) , such that they satisfy some standard conditions from the 
theory of stochastic approximation for these two estimates:

If the conditions in Eq. 28 are satisfied, the estimate �̂n will be updated over a 
shorter time interval compared to Q̂n . In this way, Q̂n appears to be equilibrated 
(or convergent) to the update rule for �̂n, while from its viewpoint, the estimate �̂n 
appears to be quasi-static [44]. The pseudo-code of the learning algorithm to find 
the appropriate action policy is presented in Fig. 4.

3.2 � Delay‑centric transmission control

In this method, our objective is to optimize the average delay while respecting the 
energy availability constraint.

(28)
∑
n

(𝛽(n)2 + 𝛼(n)2) < ∞, lim
n→∞

(
𝛼(n)

𝛽(n)

)
→ 0

Fig. 4   Algorithm 1
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3.2.1 � MDP‑based formulation

In the Delay-Centric method, we formulate the optimization problem by using the 
MDP formalism in terms of the tuple < S,A,P,CB > . The space of the system state 
is S = H × D × B × X . Likewise, Sn =

(
hn, dn, bn, en

)
∈ S represents the system 

state at time n . The action and system transition laws are similar to the “Delay-Con-
strained” method. In the sequel, we elaborate on the immediate cost and optimiza-
tion objective:

•	 Immediate cost The immediate cost of taking action an in the state sn is defined 
to be the data buffer length denoted by CB(sn, an, sn+1) and calculated by Eq. 29:

•	 Optimization objective The goal of our MDP formulation is to minimize the 
long-run average data buffer length. Hence, in this method, we seek an optimal 
policy �∗ to control the transmission rate for all s ∈ S such that

3.2.2 � Bellman equation

Similarly to the previous scheme, we need to come up with the Bellman equations 
associated with the optimization problem in (30) in order to determine the necessary 
condition for the optimal transmission control policy. The Q-factor version of the 
Delay-Centric Bellman equation for all (s, a) pairs is as expressed by Eq. 31:

3.2.3 � Learning the optimal transmission control policy

We present an algorithm to minimize the average data buffer length. Unlike the pre-
vious method, here, the algorithm will only be based on immediate costs and there is 
no constraint to be respected by the optimal transmission control policy. According 
to Eq. 32, Q̂n(s, a) for the current (s, a) pair is estimated in each iteration as follows:

In this algorithm, the only subtlety in updating the Q tables is to restrict the 
minimization (within the square brackets) to only the energy-feasible actions of the 
newly realized state.

(29)CB(sn, an, sn+1) = bn+1

(30)𝜋∗(s) ∈ argmin
𝜋

C̄𝜋
B
≜ lim

n→∞

1

n
�
𝜋

[
∞∑
n=1

CB

(
sn, asn |s1 = s

)]

(31)Q(s, a) =
[
CB

(
sn, asn , sn+1

)
− Q(s∗, a∗)

]
+ min

a∈A(s)

∑
s∈S

P
(
s, a, s

)
Q
(
s, a

)

(32)

Q̂n(s, a) ←
(

1 − �n
)

Q̂n−1(s, a) + �n

[

CB
(

sn, an, sn+1
)

+ min
an+1∈A(sn+1)

Q̂n−1
(

sn+1, an+1
)

− Qn(s∗, a∗)

]

,
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3.3 � Variance‑penalized method

In this method, we aim to optimize the delay variation by using the formalism of 
Variance-Penalized MDP. As mentioned earlier in Sect. 1.3, the importance of such 
control is in avoiding the oscillating buffering behavior (i.e., overflow and underflow 
events).

3.3.1 � Variance‑penalized MDP‑based formulation

Here, we use the formalism of variance-penalized MDPs [33] to describe the 
transmission control problem. In particular, this MDP can be described by the 
tuple < S,A,P,CB > . The space of the system state is S = H × D × B × X and 
Sn =

(
hn, dn, bn, en

)
∈ S represents the system state at time n as in the previous 

method. Action and system transition laws are similar to the first method (c.f., 
Sect. 3.4). The immediate cost and optimization objective are defined as follows:

 Immediate cost The immediate cost of taking action an in state sn is defined as 
the total buffer length cost denoted by CB(sn, an, sn+1) and calculated by Eq. 33:

where b  is the mean buffer length and (bn − b)
2 denotes the immediate buffer 

length variance. The parameter θ is a positive scalar and represents a penalty fac-
tor to penalize high variance behavior.

Optimization objective In this method, our goal is to minimize a linear combi-
nation of the long-term average data buffer length and its variance. The penalty 
factor θ serves to quantify the degree of risk aversion, and the resulting metric 
(average cost plus θ times the variance) serves to identify policies that seek a 
compromise: a low (but not necessarily the lowest) average cost with low vari-
ance. More formally, we seek to minimize (over all � ∈ P):

where φ is equal to the variance-penalized score associated with the policy π, and 
b�  and is the mean data buffer length (under policy � ). Also, θ takes small val-
ues (e.g., 0,1). The symbol ��

B
 denotes the long-term data buffer length variance 

(defined according to Eq. 36):

(33)CB

(
sn, an, sn+1

)
= b(n) + �(bn − b)

2,

(34)�∗(s) ∈min
�
�� = b� + �(��

B
)2,

(35)(��
B
)2 = lim

n→∞

(
1

n

)
�
�[

∞∑
n=1

(bn − b)
2|s1 = s]
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3.3.2 � Bellman equation

In this method, a novel Bellman equation is developed that incorporates data 
buffer length variance and a contraction factor allowing the value function to 
remain bounded. Similarly to [33], we use the one-step data buffer length variance 
as a risk measure for infinite horizon and propose a policy iteration algorithm.

Assumption 3  Suppose that a scalar �∗ and function J ∶ S → R exist that solve 
Eq. 36 for every s ∈ S:

 so that there exists a minimizer b∗  , solving Eq. 36. Moreover, b∗  equals the average 
reward of the policy �∗ defined by Eq. 37:

The Q-factor version of variance-penalized Bellman equation for all (s, a) pairs is 
as expressed by Eq. 38:

where J , �∗ , and b∗  are as defined as in Assumption 3. Using the above definition, 
the Bellman equation, i.e., Eq. 36, can be rewritten as Eq. 39:

When we combine Eq. 39 with the definition in Eq. 38, the Q-factor version of 
the Bellman equation can be written as in Eq. 40:

Such that b∗  equals the average cost of the policy defined as follows:

3.3.3 � Learning the optimal transmission control policy

In this section, we present an RL algorithm, which is based on Q-learning, to solve 
the formulated variance-penalized MDP with unknown transition probabilities. The 
steps in our RL algorithm are as follows:

(36)�∗ + J(s) = min
n∈B

[
min
a∈A(s)

[∑
s∈S

P
(
s, a, s

)
[b + �(b − b)2 + J(s)]

]]

(37)�∗(s) ∈ argmin
a∈A(s)

[
∑
�
s∈S

P

(
s, a,

�
s

)
[b + �(b − b∗)2 + J(

�
s)]]

(38)Q(s, a) =
∑
s∈S

P
(
s, a, s

)
[b + �(b − b∗)2 − �∗ + J(ss)]],

(39)J(s) = min
a∈A(s)

Q(s, a)

(40)Q(s, a) =
∑
s∈S

P
(
s, a, s

)
[b + �(b − b∗)2 − �∗ + minQ(s, b)

b∈A(s)

]]

(41)�∗(s) ∈ arg min
a∈A(s)

Q(s, a)
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•	 Step 1 The IoT node initializes at any arbitrary state and also initializes the 
Q-table Q̂n(s, a) with zero or arbitrary values for all (s, a) pairs. The node then 
makes a transmission decision and the system transitions into a new state. At the 
new state sn+1 , Q̂n

(
sn, an

)
 for the current pair 

(
sn, an

)
 is updated as follows:

where �n is a learning rate that is calculated by Eq. 43:

Note that, �∗ in Eq. 42 has been replaced by Qn(s
∗, a∗) for some fixed (s∗, a∗ ) pair. 

In [42], it has been argued that this estimate of the Q-value can replace �∗ in the 
sense that once Q-learning converges, �∗ can be approximated as lim

n→∞
Qn(s

∗, a∗) . The 

symbol b̂n  denotes the estimate of the mean buffer length that is be updated in Step 
2.

•	 Step 2 The IoT node chooses the so-called greedy action that minimizes the 
Q-factor (i.e., belongs to the set argmina∈A(sn) Q̂n

(
sn, a

)
 ) with probability 

1 −
�

|A(s)−1| and any one of the remaining |A(s) − 1| actions with probability 
�

|A(s)−1| . Set � = C

�(s)
 , where C is a selected value in the interval (0, 1) and �(s) rep-

resents the number of times state s has been visited thus far. Moreover, b̂n  is 
updated according to Eq. 44:

where �n is a learning rate calculated by Eq. 45:

•	 Step 3 The node implements the selected action and computes its immediate 
buffer cost bn.

•	 Step 4 Update the estimate Q̂n(s, a) for the current (s, a)pair by using Eq. 42.

Based on these explanations, the pseudo-code of the proposed learning algorithm 
for computing the optimal transmission control policy is given in Fig. 6.

(42)

Q̂n

(
sn, an

)
←

(
1 − �n

)
Q̂n−1

(
sn, an

)
+ �n[

bn + �(bn − b̂n)
2 + min

an+1∈A(sn+1)
Q̂n−1

(
sn+1, an+1

)
− Qn(s

∗
, a∗)

]
,

(43)�n =
log(n + 1)

n + 1
.

(44)ifagreedyactionwaschosen, setb̂n = b̂n−1 + �(n)
[
bn − b̂n−1

]
.otherwise, setb̂n = b̂n−1

(45)�n =
C1

C2 + n
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4 � Simulation results

In this section, we experiment with our proposed methods in an in-house simulation 
environment, where we simulate the point-to-point scenario depicted in Fig. 1. To 
model the system, we assume that the transmitter at the beginning of each timeslot 
knows the channel fading state and that the channel is divided into eight levels with 
boundaries as below:

The quantized levels are as follows:

We also simulate the energy harvesting scenario where the active-to-inactive or 
inactive-to-active transition occurs (on average) once within every 12  h, respec-
tively. This scenario is meant to showcase a sunny day when (on average) the system 
stays in the active and the inactive states for around 12 h each. The rest of the simu-
lation parameters are given in Table 3.

We make comparisons with two algorithms for dynamic transmission control pre-
sented in [9]. Similar to our schemes, the approaches in [9] are specifically proposed 
for energy-aware transmission control, but they only aim at minimizing the expected 
packet queuing delay given the available harvested energy. The RL algorithms pro-
posed in [9] use a batch update technique and greedy action selection to achieve 
faster convergence, but as evidenced by our simulation results, these algorithms are 
not suited for minimizing delay variations.

4.1 � Convergence properties

In this section, we explore the convergence properties of our three Q-learning-based 
algorithms: the “Delay-Constrained” method in Fig. 4, the “Delay-Centric” method 
in Fig. 5, and the “Variance-Penalized” method in Fig. 6. The plots in Fig. 7a, b and 
c represent the convergence trend of the proposed algorithms, which is a key prop-
erty in reinforcement learning algorithms.

In Fig. 7a, the estimates of �̂n are obtained from the iterative updates in Eq. 26 for 
the “Delay-Constrained” method. As can be seen, the Lagrange multiplier converges 
after approximately 9000 iterations. It is also clear that the constraint on the average 
buffer length is tightly satisfied.

In Fig. 7b, the sequence 
{
b̂n

}
n≥0

 as the moving average cost of the policy con-
verges to the actual mean value after approximately 15,000 iterations. The next plot 
in Fig. 7c verifies the convergence of the average energy usage of all five methods. 

⎧
⎪⎨⎪⎩

(−∞, − 13dB), [−13dB, − 8.47dB), [−8.47dB, − 5.41dB),

[−5.41 dB, − 3.28dB), [−3.28dB, − 1.59dB), [−1.59dB, − 0.08dB),

[−0.08 dB, 1.42dB), [1.42dB, 3.18dB), [3.18dB,∞).

⎫
⎪⎬⎪⎭

H =

{
h1 = −13dB, h2 = −8.47dB, h3 = −5.41dB,

h4 = −3.28dB, h5 = −1.59dB, h6 = −0.08dB, h7 = 1.42dB, h8 = 3.18dB

}
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As can be seen, the “Delay-Centric” and “Variance-Penalized” methods perform 
almost similarly in terms of convergence, while the “Delay-Constrained” method 
converges to a lower average energy usage. The reason is that “Delay-Centric” and 
“Variance-Penalized” methods do not explicitly take into account the energy usage. 
Their objective is to come up with a transmission policy that either directly mini-
mizes delay, or the linear combination of delay with its variation. This would cause 
the IoT node to consume more energy to serve its data queue. Also, with a limited 
iteration budget, both PDS- and VE-learning algorithms from [9] achieve a higher 
performance level (i.e., lower energy consumption).

In Fig. 7d, the average buffer length across 90,000 iterations is plotted. As can be 
seen, all five methods converge after 15,000 iterations (with VE-learning algorithm 
being the fastest). Note that, in the case of the “Delay-Constrained” method, the 

Fig. 5   Algorithm 2

Fig. 6   Algorithm 3
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average buffer length completely satisfies the buffer constraint threshold (shown 
by a red line). Moreover, the convergence speed of this method is higher compared 
to that of our two other methods; however, these latter methods achieve a smaller 

Fig. 7   a Convergence of Lagrange multiplier. b Convergence of average buffer length as the cost of a 
policy. c Convergence of average energy usage d Convergence of average data buffer length e Conver-
gence of data buffer length variance
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average data buffer length at the time of convergence. In this experiment, the thresh-
old value is set to 6.9 and the average buffer length reaches 6.75.

In Fig. 7e, the impact of data buffer length is investigated. As can be seen, in the 
“Variance-Penalized” method, the data buffer length variance is much smaller than 
that of the other methods from the start until reaching a constant value. The PDS- 
and VE-learning algorithms from [9], despite achieving faster convergence, cannot 
guarantee low data buffer fluctuation levels.

4.2 � Investigating the impact of other parameters

In this section, we compare the performance of the proposed schemes under three 
different scenarios, namely varying traffic data arrival levels, energy arrival lev-
els, and maximum energy battery space—ranging from 8 to 20 energy packets. 
Next, the impact of each of these scenarios on average energy usage, average data 
buffer length, and data buffer length variance is investigated.

Fig. 7   (continued)
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Fig. 8   a Impact of the traffic data arrival intensity on average energy usage. b Impact of the data arrival 
on average data buffer length. c Impact of the traffic data arrival on data buffer length variance

4.2.1 � Impact of traffic arrival intensity

In Fig. 8a, as traffic data arrival level increases, the consumed energy packets by 
all schemes increase gradually. However, compared to the “Delay-Constrained” 
method, the consumed energy by all the other methods is much higher. This is 
due to the fact that in these methods, the primary objective is delay rather than 
minimizing energy usage.

Figure  8b illustrates how the average data buffer length varies as the 
level of traffic data arrival rises. In this experiment, we have left out the 
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“Delay-Constrained” method as it must always guarantee a certain buffer length. 
As shown in Fig.  8b, the “Delay-Centric” method has a smaller average buffer 
length than its “Variance-Penalized” counterpart, which is a direct result of defin-
ing the objective to minimizing data the mean buffer length. As before, both PDS- 
and VE-learning algorithms outperform our Q-learning-based schemes. This is 
because these two algorithms have smaller sample complexity and can learn the 
optimal policy much faster.

Fig. 9   a Impact of the energy arrival level on average energy usage. b Impact of the energy arrival level 
on average data buffer length. c Impact of the energy arrival level on data buffer length variance
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As shown in Fig.  8c, the data buffer length variance of the methods decreases 
almost linearly in response to the increases in traffic data arrival. Evidently, in our 
proposed “Variance-Penalized” method, we can see the least amount of data buffer 
length variance. All other methods begin with a large value for buffer length; then, 
as the traffic intensity increases, the buffer space gets exhausted (the buffer is almost 
always full), so the variance drops in the end.

Fig. 10   a Impact of the maximum energy buffer space on average energy usage. b Impact of the maxi-
mum energy buffer space on average data buffer length. c Impact of the maximum energy buffer space on 
average data buffer length variance
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4.2.2 � Impact of the energy arrival intensity

According to Fig. 9a, as a result of increasing the energy arrival level, the energy 
usage by the “Delay-Constrained” scheme is the smallest. This is due to the fact that 
it only needs to satisfy a certain delay bound, while the other methods endeavor to 
minimize delay as much as possible, hence consuming much more energy in the 
process.

As can be seen in Fig. 9b, buffer length in all methods decreases almost lin-
early. The “Variance-Penalized” scheme has incurred the largest average buffer 
cost because unlike others its goal is not just minimizing the delay, but a com-
bination of delay and delay variation. Moving on to Fig.  9c, it is seen that as 
the level of energy arrival rises, all methods (except the “Variance-Penalized” 
scheme) suffer from large buffer fluctuations. To conclude, our “Variance-Penal-
ized” method shows the lowest data buffer length variance, which results in the 
smallest delay variation at the receiver.

4.2.3 � Effect of maximum energy buffer space

Figure 10a displays average energy usage by all the methods in response to increases 
in maximum energy buffer space. Similar to the previous plots, average energy usage 
by the “Delay-Constrained” method is the lowest. It is worth noting that in all cases, 
as the IoT equipment harvests more energy from the environment, the IoT node is 
better able to exploit the channel conditions, and as a result, energy usage follows a 
moderate downward slope. Figure 10b shows that as energy buffer space increases, 
the average data buffer length for all the schemes decreases. In particular, similarly 
to the case of increasing the harvesting power, by also increasing the capacity for 
storing more harvested energy from the environment, the IoT node can better exploit 
the channel conditions. In other terms, t opportunistically sends a larger number of 
packets when the channel is good (thanks to the higher available energy), practi-
cally emptying its data buffer. Conversely, under poor channel conditions, it rarely 
transmits, or does not transmit at all. However, as it is noticeable from the plot in 
Fig. 9b, the reduction in energy usage occurs with a steeper slope when the harvest-
ing power increases. Finally, Fig. 10c illustrates the data buffer length variance for 
all the methods as we vary the energy buffer space. As can be seen, the “Variance-
Penalized” method has the lowest data buffer length variance.

5 � Conclusion

In this paper, we have presented three Q-learning-based algorithms for optimal 
transmission control in energy harvesting IoT equipment, namely Delay-Con-
strained, Delay-Centric, and Variance-Penalized methods. All three methods operate 
in the absence of the statistical knowledge of random processes in the environment. 
The use-case for Delay-Constrained method is in applications where a certain delay 
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bound should be met by the underlying system. The Delay-Centric method mini-
mizes the data buffer delay subject only to the energy availability constraint. Finally, 
the Variance-Penalized method is able to strike a trade-off between the achievable 
mean data buffer length and its variation. This is an important transmission char-
acteristic because data queue fluctuations can increase buffer overflow (i.e., packet 
loss), buffer underflow (i.e., wastage of the available channel bandwidth), and jitter 
or delay variance. The simulation experiments show the efficacy of the proposed 
methods in terms of convergence properties, and in handling high traffic load as well 
as various energy arrival regimes. As future work, we intend to extend the proposed 
methods to a multiple access setting where multiple transmitting IoT equipment 
competes with each other in terms of gaining access to the spectrum.
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