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Abstract
This letter studies the use of Unmanned Aerial Vehicles (UAVs) in Internet-of-Things (IoT) networks, where the UAV
with microwave power transfer (MPT) capability is employed to hover over the area of interest, charging IoT nodes
remotely and collecting their data. Scheduling MPT and data transmission is critical to reduce the data packet loss
resulting from buffer overflows and channel fading. In practice, the prior knowledge of the battery level and data
queue length of the IoT nodes is not available at the UAV. A new onboard double Q-learning scheduling algorithm
is proposed to optimally select the IoT node to be interrogated for data collection and MPT along the flight
trajectory of the UAV, thereby minimizing asymptotically the packet loss of the IoT networks. Simulations confirm
the superiority of our algorithm to Q-learning based alternatives in terms of packet loss and learning
efficiency/speed.
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Abstract—This letter studies the use of Unmanned Aerial
Vehicles (UAVs) in Internet-of-Things (IoT) networks, where
the UAV with microwave power transfer (MPT) capability is
employed to hover over the area of interest, charging IoT
nodes remotely and collecting their data. Scheduling MPT
and data transmission is critical to reduce the data packet
loss resulting from buffer overflows and channel fading. In
practice, the prior knowledge of the battery level and data
queue length of the IoT nodes is not available at the UAV.
A new onboard double Q-learning scheduling algorithm is
proposed to optimally select the IoT node to be interrogated
for data collection and MPT along the flight trajectory of
the UAV, thereby minimizing asymptotically the packet loss
of the IoT networks. Simulations confirm the superiority of
our algorithm to Q-learning based alternatives in terms of
packet loss and learning efficiency/speed.

I. I NTRODUCTION
Microwave Power Transfer (MPT)-enabled Internet of
Things (IoT) networks provide a practical means to deploy
wireless powered IoT nodes with no access to persistent
power supplies [1]. However, IoT nodes far from an MPT
transmitter can suffer low energy transfer efficiency due
to the severe propagation loss of radio signals over long
distance. Unmanned Aerial Vehicles (UAVs), also known
as drones, equipped with MPT capability can provide an
effective solution to this problem [2].
Each of the IoT nodes needs to be equipped with a
wireless power harvester for harvesting radio frequency
(RF) energy from the UAV to power its operations, as
shown in Figure 1. The RF energy signals of the UAV
can also carry data for the IoT node. The IoT nodes
also sense their environments, generate data packets, and
buffer the packets awaiting transmission. Consider a timeswitching MPT technique [3] in this work. The MPT and
data transmission can operate in the same radio frequency
band but different time slots, so that each IoT node only
needs a single RF chain to reduce the hardware cost.
This paper aims to holistically optimize the schedule of
MPT and data transmission for a UAV to serve many IoT
nodes deployed remotely with rechargeable batteries and
without persistent power supply. The schedule is to select
correct IoT nodes at correct times (to transfer energy to and
collect data from) along the flight trajectory of the UAV,
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such that the packet loss of all the IoT nodes is minimized
over a long period of time. Otherwise, an IoT node could
be scheduled too early or too late, and the large distance
between the IoT node and the UAV would reduce the energy
transfer efficiency in the downlink and increase the packet
loss due to failed transmissions in the uplink. Moreover,
the IoT nodes with long data queues might not receive
enough energy to upload their data in time, resulting in
buffer overflow.
A practical setting is of particular interest, where an
IoT node does not feed back its data queue and battery
statuses until it is polled by the UAV to charge its battery
and upload its data. In other words, the UAV does not
have complete up-to-date knowledge of the entire network.
A Markov Decision Process (MDP) has been typically
formulated to optimize the collision-free flight trajectory
of a UAV, target tracking, or power allocation, e.g., [4]
and [5], typically under the assumption of the availability
of the complete up-to-date network knowledge at the UAV.
A resource allocation strategy was studied in [6] to reduce
packet loss in energy harvesting powered sensor networks,
where transmission probability and channel statistics were
required before scheduling. Given the transition probabilities of the MDP, the resource allocations in [6] were solved
by dynamic programming.
In [7], the scheduling of MPT and data transmission
in a small-scale static wireless sensor network was formulated into an MDP. Q-learning was applied to derive
the optimal solution to the MDP, when the data arrivals
and channel conditions were unknown and so were the
transition probabilities of the MDP. Unfortunately, with the
growing number of IoT nodes, the knowledge of the UAV
is increasingly differently outdated on different IoT nodes.
This would destabilize the Q-learning process and even
lead to the divergence of the learning. The reason is that
a direct use of Q-learning in large-scale network settings
can suffer from large packet loss approximation errors, as
some IoT nodes may not be scheduled for a long time due
to persistent poor channel conditions and subsequently low
battery levels and the bias of using their local minimum
value as the approximation of the optimum increases.
In this paper, we propose a new onboard scheduling
algorithm using the concept of double Q-learning [8], which
can effectively suppress the packet loss approximation
errors, avoid overestimated rewards of selecting some IoT
nodes and the biased estimation of IoT queue backlogs,
and stabilize the learning process with convergence. Specifically, the first Q-learning process is designed to find an
optimal scheduling strategy for MPT and data transmission
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Fig. 1: UAV-assisted wireless powered IoT networks, where the
UAV is employed to collect sensory data from the IoT nodes and
recharge their batteries using MPT.

based on the (outdated) knowledge of the queue backlogs
and battery levels of the IoT nodes. The second Q-learning
is designed to generate a separate virtual scheduling process
in which the unselected IoT nodes in the first Q-learning
process can be selected based on replay memories. The
two Q-learning processes are evaluated by each other for
the next state. As a result, no IoT nodes are overlooked,
and the packet loss approximation errors can be minimized
even in a large-scale network with hundreds of IoT nodes.
II. N ETWORK M ODEL
The UAV that acts as an airborne base station patrols
along a pre-determined trajectory. The trajectory that consists of a number of waypoints is designed to cover N IoT
nodes in the field [9]. The UAV applies MPT to remotely
recharge the IoT nodes, where the received signal strength
at the UAV is enhanced by receive beamforming to reduce
bit error rate (BER). Although multi-user beamforming
techniques, such as zero forcing and maximal ratio transmission, can be used to increase signal-to-noise ratio (SNR)
of the communication channel, they are not considered in
this work due to the requirement of real-time feedback on
channel conditions.
Node i (i ∈ [1, N ]) harvests energy from the UAV to
charge its battery for powering its operations, e.g., sensing, computing and communication. The MPT efficiency
depends on the distance between the UAV and the IoT node,
and their antenna alignment at time t [7]. We assume the
antenna of the IoT node is omni-directional. The beamforming is based on the locations of the IoT nodes. Coherent
beamforming can be conducted to point a beam towards
an IoT node. The UAV can acquire the accurate position
of the node, typically by using its camera and image processing techniques, since line-of-sight is generally available
between the UAV and the IoT node [10]. Therefore, the
power transferred to node i is PiMPT (t) = ρ(di (t))P UAV ,
where P UAV is the constant transmit power of the UAV
for MPT, and ρ(di (t)) is a charging efficiency factor that
relies on the distance di (t) between node i and the UAV at

t. The battery readings of the IoT node, denoted by ei (t),
are discretized into Ω levels, i.e., ei (t) ∈ [1, Ω].
Let ζ(t) denote the waypoint of the UAV at t along the
flight trajectory. The channel vector between the UAV and
node i at t is hi (ζ(t)), which can be obtained by channel
reciprocity. Moreover, the modulation scheme of node i, denoted by φi (t), can be adapted for data transmission, where
φi (t) ≤ Φ, and Φ is the total number of modulations. The
typical modulations are considered, such as BPSK, QPSK,
and 8PSK, denoted by φi (t) = 1, 2, and 3, respectively,
and 2φi (t) Quadrature Amplitude Modulation (QAM) with
φi (t) ≥ 4.
The SNR between node i and the UAV using φi (t) is
2
Pi (t)
, where Pi (t)
γi (φi (t)) and γi (φi (t)) = khi (ζ(t))k
σ02
2
is the transmit power of node i, and σ0 is the noise
power at the UAV. The transmit power of the IoT node
depends on φi (t) and hi (ζ(t)), and is given by Pi (t) ≈
κ1
κ−1
φi (t)
2 ln ε
− 1), where κ1 and κ2 are channel conkhi (ζ(t))k2 (2
stants [11].
III. M ARKOV D ECISION P ROCESS F ORMULATION AND
O NBOARD D OUBLE Q- LEARNING S OLUTION
A. MDP formulation
The resource allocation problem of interest is formulated
as a discrete-time MDP with the network states consisting
of the battery level ei (t) and queue length qi (t) of each IoT
node, and the channel condition hi (ζ(t)). The UAV takes
actions to select the IoT nodes for energy harvesting and
data transmission. The future battery energy and data queue
length of every IoT node can be affected by the scheduling
decisions of the UAV, which also leads to a non-negligible
impact on the future actions of the UAV. Given random and
independent data arrival and queueing process of sensory
data at every IoT node, scheduling actions of the UAV can
be modeled as a discrete-time random process in spite of
partially controllable at the UAV.
The actions of the UAV can be optimized in a long-term
stochastic control process, where the packet loss stemming
from both overflowing buffers and unsuccessful data transmissions of the IoT nodes is minimized. Moreover, the
optimization of the scheduling actions needs to be conducted in real-time over the MDP. The correlation between
the scheduling decisions at different time slots needs to be
captured, and to validate the long-term optimality of the
resource allocation.
Each action of the UAV depends on the current network
state Sα which collects the battery levels ei (t) and queue
lengths qi (t) of the IoT nodes (i ∈ [1, N ]), and the channel
conditions hi (ζ(t)) between the IoT node i and the UAV.
Given the H channel states and the maximum queue length
of the IoT nodes D, the total number of MDP states is
[(Ω+1)(D+1)H]N . The action A to be taken is to schedule
one node to harvest energy via MPT and transmit data
to the UAV at t, while
n specifying the modulation of the
IoT node, i.e., A ∈ (i, φi (t)) : i = 1, 2, ..., N ; φi (t) ∈
o
{1, 2, ..., Φ} .
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Algorithm 1 Onboard Double Q-learning (ODQ) algorithm
for UAV-assisted MPT and data collection
1: Initialize Sα ∈ S, k ∈ A, ̺, and w
2: for time tlearning do
3:
while Sα ∈ S do
4:
The UAV selects the IoT node k ∈ A.
5:
The UAV randomly updates either QA or QB .
6:
if The UAV → QA then
n
o
7:
IoT node k ∗ ← arg mink QA Sβ Sα , k .
o
n
8:
Based on (1), the UAV obtains QA Sβ Sα , k .
9:
else
n
o
10:
IoT node k ∗ ← arg mink QB Sβ Sα , k .
11:
According
to
n
o (1), the UAV obtains
QB Sβ Sα , k .
12:
end if
n
o
13:
The UAV calculates → C Sβ Sα , k .
14:
Then UAV creates
a record
o
n of Sαo, Sβ ,
∗
∗
∗
QA Sβ Sα , k
and QB Sβ Sα , k ∗
in
the action-value table.
15:
Sα ← Sβ for the schedule in the next state.
16:
end while
17: end for

B. Onboard Double Q-learning Algorithm
o
n
An action-value function, denoted by Q Sβ Sα , k ,
can be defined for minimizing the expected accumulated
discounted cost when the UAV takes an action k following
one of the resource allocation strategies thereafter, which
transits state Sα to Sβ . Specifically, the action-value function of each resource allocation strategy can be expressed
in the form of the expected packet loss of thenIoT nodes at
o
the current state Sα and the minimum of Q Sβ ′ Sβ , k ′
over all future network states, which is
o
n
o
n
Q∗ Sβ Sα , k ∗ = (1 − ̺)Q∗ Sβ Sα , k ∗ +
h n
o
n
oi
̺ C Sβ Sα , k ∗ + δ mink′ ∈A Q Sβ ′ Sβ , k ′
(1)
where k ′ is the following action of k, Sβ ′ is thenfuture state
o
of Sβ , and ̺ ∈ (0, 1] is the learning rate. C Sβ Sα , k
denotes the data packet loss resulting from buffer overflow
and channel failed transmission when action knis taken to
o
transit state Sα to Sβ . The convergence of Q Sβ Sα , k
to the optimal action-value function in (1) depends on ̺.
It is known that Q-learning may overestimate actions
that have been tried often. To address this issue, Algorithm 1 proposes the new Onboard Double Q-learning
(ODQ) algorithm for UAV-assisted IoT networks, where
the n
UAV calculates
ofunctions onboard, i.e.,
o two action-value
n
QA Sβ Sα , k and QB Sβ Sα , k . When the UAV takes
the action of scheduling an IoT node for MPT and data
collection,
oneoof the action-value functions in ODQ, e.g.,
n
QA Sβ Sα , k , is updated with a value from the other
n
o
n
o
Q∗B Sβ Sα , k ∗ for the next state. Since Q∗B Sβ Sα , k ∗

is updated throughout the scheduling optimization problem
but with a different set of experience samples, it can
be treated as an unbiased estimate for the value of this
action. In addition, the UAV randomly assigns scheduling
experiences (the states and actions that have been learned)
to update one of the two action-value functions in ODQ.
Furthermore, the ODQ nalgorithm osolves (1), even if the
transition probability Pr Sβ Sα , k is unknown. Given
the learning time tlearning , the UAV observes the
n next state
o
Sβ ∈ S based on the learning outcome of Pr Sβ Sα , k ,
which estimates the battery levels and queue lengths of all
the IoT nodes in the network. Then, the UAV selects one
IoT node to transfer energy and feed back data, namely,
performing an action k ∈ A. Accordingly, the immediate data packet
n loss dueo to buffer overflow or channel
fading, i.e., C Sβ Sα , k , and the next state Sβ can be
onboard
Then,
o
n calculated.
o can update the value of
n the UAV
QA Sβ Sα , k or QB Sβ Sα , k .
By applying (1), the UAV is able to schedule the optimal
IoT node k ∗ for MPT and data collection at Sα . Given
k ∗ , the next state Sβ that is determined by the battery
levels and data queue lengths of all the other non-scheduled
IoT nodes can be accordingly updated. Moreover, ODQ
creates a scheduling table on the UAV to store the results of
double Q-learning,
which
n state-action
o records each
o pair, i.e.,
n
Sα , Sβ , Q∗A Sβ Sα , k ∗ , and Q∗B Sβ Sα , k ∗ . Iteratively,
ODQ explores all the states during tlearning , and determines
the optimal IoT node at each state. The complexity of
Algorithm 1 depends on the update of the action-value
function, i.e., QA or QB in (1). The learning rate ̺ ∈ (0, 1]
ensures that the updates of the action-value function average
over possible randomness in the packet loss and transitions
in order to converge in the limit to the optimal action-value
function. The convergence of ODQ that carries out double
estimator is dependent on ̺ [12]. Each time QA or QB is
updated, the UAV selects one of the N IoT nodes for MPT
and data collection. Therefore, ODQ with low complexity
is feasible to the online scheduling of UAV-assisted MPT
and IoT transmission.
IV. N UMERICAL R ESULTS
The data transmission is given as a sequence of time
slots, where each IoT node can generate one data packet
per time slot and put into the queue. Consider that the
ground IoT nodes monitor urban environment [13], and
each data packet can have a payload of 32 bytes. Nakagamim fading channel model is considered. The BER of the
channel has to be higher than 0.05% in order to decode the
packet, where ε = 0.05%. However, the value of ε can be
configured depending on the traffic type, Quality-of-Service
(QoS) requirement, and the transmission capability of the
UAV-assisted IoT network.
The UAV has a constant transmit power of 40 dBm for
MPT, while the charging distance is 5.77m [2]. The UAV
moves along a predetermined circular flight trajectory with
radius of 500 meters, as considered in [11]. It is important
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40

0.066

0.091

0.05

0.016

0.041

100

Network packet loss rate (%)

TABLE I: The learning error of ODQ and Q-learning in
terms of packet loss rate
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Fig. 2: Network packet loss rate with regards to the IoT network

to note that the proposed ODQ algorithm is generic, and
can schedule MPT and data collection given any other flight
trajectory of the UAV. The flight trajectory of the UAV
needs to be meticulously designed so that all the IoT nodes
can be accessible by the UAV.
We first consider a small-scale problem, where N ∈ [10,
40], Ω = 5, and D = 6, in order to show the superiority of
the proposed ODQ algorithm over the Q-learning approach
that is used in [7]. Moreover, a benchmark policy is
achieved by dynamic programming [6], where the transition
probability and the cost of all states are assumed to be
known to the UAV in prior. Table I shows the packet loss
rate and learning error of ODQ and Q-learning, where the
learning error defines the difference between the optimal
packet loss rate achieved by ODQ or Q-learning and
dynamic programming. Here, the network packet loss rate
is the amount of packet loss due to the data queue overflow
and the poor channel condition. As observed, the average
learning error of ODQ is 0.81%, which is lower than 1.61%
of Q-learning when N ∈ [10, 40]. With the growth of state
and action spaces, the learning error of ODQ increases by
3.2 times, while the learning error of Q-learning increases
by 8.2 times.
For performance comparison, two non-learning scheduling policies are simulated. The first algorithm, referred to as
“Longest Queue Scheduling Algorithm (LQSA)”, greedily
gives the highest priority of MPT and data transmission
to the node with the most data in the queue. The second
algorithm is referred to “Longest Queue Lowest Battery
algorithm (LQLB)”, where scheduling is based on the data
queue length and the battery level of the node. LQLB gives
the highest priority to the IoT node with either the longest
queue or the lowest battery level.
We consider that the IoT nodes (N ∈ [10, 150]) are
deployed in the area of a circle with a radius of one
kilometer. The node has the maximum discretized battery
level Ω = 20 and queue length D = 10. Figure 2 presents
the network packet loss rate with an increasing number of
IoT nodes, where the data queue length is set to 10 packets.
Specifically, the proposed ODQ scheme outperforms the
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Fig. 3: Runtime measurements of ODQ.

two non-learning scheduling policies. The reason is that
ODQ learns the IoT nodes’ data queue, battery, and channel
state to minimize the packet loss of the entire network.
Furthermore, ODQ with more learning iterations or higher
average channel gain achieves lower packet nloss. This o
is
reasonable, since a large tlearning allows Q∗ Sβ Sα , k ∗
in ODQ to be derived with more states
while
o
n and actions,
∗
∗
a high hi (ζ(t)) leads to a small Q Sβ Sα , k .
Figure 3 shows the runtime of ODQ, where the number
of IoT nodes is 10 or 150. The runtime of ODQ is around
0.8 ms when N = 10, and increases to 1.7 ms when
N = 150. This is because the increased number of IoT
nodes enlarges the state space. Nevertheless, the relative
increase in the runtime is much slower than that in the
number of nodes. This is because the action space does not
grow dramatically with the number of nodes. In particular,
given a network state, the actions that the UAV can take
are limited by its current position and the number of IoT
nodes within the radio coverage.
Figure 4 studies the network packet loss rate with regards
to data queue length of the IoT node, where the number of
IoT nodes is set to 100. In particular, when D = 20, ODQ
achieves 29.5% and 28.2% lower packet loss rates than
LQSA and LQLB, respectively. This is because LQSA and
LQLB schedule the IoT nodes based on either the longest
data queue or the lowest battery level. The scheduled
node can suffer from low energy harvesting efficiency and
high packet loss rate, due to the severe propagation loss
of MPT and wireless transmission over long distance. In
contrast, ODQ schedules the IoT nodes to minimize the
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V. C ONCLUSION
This letter studies scheduling MPT and data transmission
for preventing buffer overflow and battery depletion of the
ground nodes in UAV-assisted wireless powered IoT networks. We propose ODQ for the UAV to optimally decide
the IoT node for data collection and MPT along the flight
trajectory of the UAV, thereby minimizing asymptotically
the data packet loss. ODQ exploits double Q-learning on
the UAV to significantly reduce the approximation errors
resulting from overestimation of the scheduling decision.

Fig. 4: Network packet loss rate with regards to data queue length
of the IoT node, where the error bars are derived over 15 runs.
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Fig. 5: Network packet loss of ODQ with regards to the episodes.

data packet loss of the network, where the UAV learns the
state transitions of the network and takes the optimal actions
at every moment. Moreover, given tlearning = 1000 and
hi (ζ(t)) = −10dB, from D = 20 to D = 100, the network
packet loss rate of ODQ drops by 11.8%, This confirms that
ODQ significantly reduces data queue overflow for all the
IoT nodes when the data queue length increases.
In addition, the learning rate in double Q-learning can
affect the convergence time of ODQ since the action-value
function is approximated with asymptotic convergence.
Figure 5 plots the network packet loss rate of ODQ from
episode 0 to episode 1000 given the learning rate ̺ = 0.5,
0.8, or 0.95. At the beginning of the learning, the network
packet loss rate of ODQ is about 27.3%. Due to double Qlearning, the packet loss of ODQ significantly drops with
the increase of the episodes. Particularly, the performance
of ODQ with ̺ = 0.8 falls to 0 at episode 1000. However,
ODQ with ̺ = 0.5 requires more learning iterations to
converge.
Reinforcement learning is known to have a tradeoff
between the learning rate and the approximation accuracy
of the action-value functions [12]. As shown in Figure 5, the
high learning rate of ODQ, i.e., ̺ = 0.95, can lead to fast
convergence, however at a cost of the approximation accuracy of the action-value functions. The estimated packet
loss rate is higher than the one with small ̺. Therefore, the
learning rate of ODQ needs to be carefully configured to
fulfil performance requirement of the UAV-assisted wireless
powered IoT network.
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