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Abstract

In Unmanned Aerial Vehicle (UAV)-enabled wirelesspowered sensor networks, a UAV can be employed tocharge
the ground sensors remotely via Wireless Power Transfer(WPT) and collect the sensory data. This paper focuseson
trajectory planning of the UAV for aerial data collectionand WPT to minimize buffer overflow at the ground
sensorsand unsuccessful transmission due to lossy airborne channels.Consider network states of battery levels
and buffer lengthsof the ground sensors, channel conditions, and location of theUAV. A flight trajectory planning
optimization is formulatedas a Partial Observable Markov Decision Process (POMDP),where the UAV has partial
observation of the network states.In practice, the UAV-enabled sensor network contains a largenumber of network
states and actions in POMDP while theup-to-date knowledge of the network states is not availableat the UAV. To
address these issues, we propose an onboarddeep reinforcement learning algorithm to optimize the
realtimetrajectory planning of the UAV given outdated knowledgeon the network states.
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Abstract—In Unmanned Aerial Vehicle (UAV)-enabled wire-
less powered sensor networks, a UAV can be employed to
charge the ground sensors remotely via Wireless Power Trans-
fer (WPT) and collect the sensory data. This paper focuses
on trajectory planning of the UAV for aerial data collection
and WPT to minimize buffer overflow at the ground sensors
and unsuccessful transmission due to lossy airborne channels.
Consider network states of battery levels and buffer lengths
of the ground sensors, channel conditions, and location of the
UAV. A flight trajectory planning optimization is formulated
as a Partial Observable Markov Decision Process (POMDP),
where the UAV has partial observation of the network states.
In practice, the UAV-enabled sensor network contains a large
number of network states and actions in POMDP while the
up-to-date knowledge of the network states is not available
at the UAV. To address these issues, we propose an onboard
deep reinforcement learning algorithm to optimize the real-
time trajectory planning of the UAV given outdated knowledge
on the network states.

Index Terms—Wireless sensor networks, Unmanned aerial
vehicles, Trajectory planning, Wireless power transfer, Deep
reinforcement learning

I. INTRODUCTION

In recent years, Unmanned Aerial Vehicles (UAVs), also
known as drones, are employed to collect and process data
from ground sensors deployed for environmental moni-
toring, e.g., surveillance of land pollution or air quality
in smart cities [1], [2]. The ground sensors, equipped
with a data communication antenna and a wireless power
receiver for Wireless Power Transfer (WPT) [3], gener-
ate data packets at an application-specific sampling rate,
and put them into a data buffer for future transmission.
Thanks to the excellent maneuverability, the UAV can move
sufficiently close to each ground sensor, exploiting short-
distance line-of-sight (LoS) communications for data col-
lection [4] and batteries charging via WPT [5]. Moreover,
the UAV with a large size can be equipped with lightweight
high-capacity rechargeable batteries and solar panels on top
of its wings [6]. By harvesting solar energy to charge the
batteries, the UAV can fly over a long distance without
landing and hover in the air for an extended period.

Figure 1 presents a typical UAV-enabled sensor network,
where a number of sensor nodes serve as data sources
with sensing ability for monitoring the urban environment
in smart cities. The UAV equipped with a high-capacity
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battery, wireless radio, onboard processors, and a WPT
transmitter hovers over the area of interest. The UAV
adapts its flight trajectory for collecting or ferrying the
data of the ground sensors given limited radio coverage
of the UAV and the ground sensors. Battery energy of the
ground sensors can be greatly different from each other,
since the amount of harvested energy via WPT can be
impacted by natural conditions, e.g., weather or wireless
interference from existing wireless networks. Moving to the
ground sensor with poor channel condition or small buffer
length for data collection and WPT gives rise to packet
reception errors or buffer overflow at other ground sensors.
Moreover, in practice, battery energy levels, data buffer
lengths, and channel conditions of all the ground sensors
are not available or can only be partially observed by the
UAV. Therefore, online trajectory planning of the UAV for
data collection and WPT, for preventing data lost resulting
from buffer overflow and fading channels is crucial in UAV-
enabled sensor networks.

In this paper, we first formulate the real-time trajectory
planning of the UAV for aerial data collection and WPT as
a Partial Observable Markov Decision Process (POMDP).
Each POMDP state contains battery levels and data buffer
lengths of the ground sensor, channel conditions, and
waypoints of the UAV along the trajectory. Then, a new
Deep Reinforcement Learning based Trajectory Planning
(DRLTP) algorithm is developed, which derives the optimal
instantaneous waypoints of the UAV according to the net-
work states, actions and a corresponding Q value. DRLTP
learns the optimal Q value asymptotically through training
a deep Q-network onboard the UAV to optimize the flight
trajectory.

This paper is structured as follows. Related work on
trajectory planning of the UAV is presented in Section II.
Formulation of air-ground channel, flight trajectory, and
energy model is investigated in Section III. The onboard
deep reinforcement learning algorithm for trajectory plan-
ning is proposed in Section IV to minimize the packet loss.
In Section V, we show numerical results and performance
evaluation. This paper is concluded in Section VI.



II. RELATED WORK

This section presents the literature on trajectory plan-
ning of the UAV and WPT. The trajectory of the UAV
is designed to increase spectral efficiency of small cells
in cellular networks [7]. The UAV can make movement
decisions using local position information of the active
user that it is currently serving, or requiring information
about the user locations in neighbor cells. In [8], a UAV-
assisted mobile edge computing (MEC) network is studied,
in which the UAV moving around the target serves as a
computing server to process the ground users’ tasks or
relay their requests. A resource allocation algorithm is
presented to reduce the energy consumption of the UAV
and the ground users, subject to the computation resource
scheduling, bandwidth allocation, and the UAV’s trajectory.
In bandwidth hungry and delay-tolerant sensor networks, a
communication framework is developed in [9] to assign
UAVs to assist data transmission of the ground sensors.
The trajectory of the UAV is determined such that the total
service time can be reduced. In [10], the trajectory design
of the UAV is formulated as a mixed integer non-linear
programming problem to reduce the average user-to-UAV
pathloss, considering the state-of-the-art air-ground channel
model. A trajectory planning algorithm is developed, in
which the sub-problems are solved iteratively through the
block coordinate descent method.

A two-user UAV-enabled WPT system is studied in [11],
where the trajectory of the UAV is designed to characterize
the Pareto boundary of the achievable energy region of the
energy receivers. Based on the distance between the UAV
and the energy receivers, the boundary of the energy region
can be determined by either hovering above a fixed location
or a hover-fly-hover trajectory. Under the maximum fly-
ing speed constraint, designing the trajectory of the UAV
can also enhance the minimum harvested energy among
all ground nodes in the UAV-enabled WPT system [12].
In [13], a UAV-enabled wireless powered MEC system
is presented, where the UAV provides multiple ground
users with computation offloading and WPT services. The
energy consumption of the UAV is reduced by adjusting
the offloading computation bits, the CPU frequency of
users, and the trajectory of the UAV. Since the computation
performance and the harvested energy can be impacted by
propagation loss, the UAV trajectory is also designed to
improve computation rates of users in the UAV-enabled
MEC wireless powered system [14]. In [15], deep rein-
forcement learning is studied for aerial data collection in
the sensor networks, where the circular trajectory of the
UAV is predetermined and maintained. The UAV equipped
with a WPT transmitter schedules the ground sensor within
the radio coverage to transmit data for preventing buffer
overflows while charging the battery of ground sensor to
extend network lifetime.

The existing trajectory planning and WPT approaches
in the UAV networks focus on the formulation with fully
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Fig. 1: Employing a UAV for aerial data collection and WPT,
where wireless powered ground sensors are deployed for environ-
mental monitoring in the smart city.

observable network states. However, the practical scenario
with the partial observable states of the energy harvesting
and the data collection was yet to be considered.

III. NETWORK MODEL

In this section, we formulate the UAV-ground channel,
flight trajectory, and WPT model of the ground sensor.

A. Channel model

The network under consideration consists of N geo-
graphically distributed wireless powered sensor nodes. The
UAV that acts as a data collection node flies a predeter-
mined trajectory for L laps. The flight waypoint of the UAV
at ¢ in lap [ is denoted by w;(t). The UAV uses WPT to
remotely charge the ground sensors. The sensor ¢ (€ [1, N])
harvests energy from the UAV to power its operations, e.g.,
sensing, computing and communication. The rechargeable
battery of the sensor is finite with the capacity of E Joules,
and the battery overflows if overcharged. In particular, ()
=1, 2, and 3 indicates binary phase-shift keying (BPSK),
quadrature-phase shift keying (QPSK), and 8 phase-shift
keying (8PSK), respectively, and p!(t) > 4 provides 20:(t)
quadrature amplitude modulation (QAM).

According to the Nakagami-m channel model [16], the
required BER of ground sensor’s data transmission, denoted
by ¢, can be given by

0.2 m ., rFm: by m(ei(t)

ER
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where T'(+) is the Gamma function [17], v;(pl(t)) is the
SNR between node i and the UAV using pk(¢), and the



average SNR of the channel is 7; [18]. pl(¢) denotes the

modulation scheme of node ¢ at ¢ in lap [. Moreover, we
1 2 pl

have 7;(pk(t)) = W, where 03 is noise power of

the channel, and P}(t) is the transmit power of i in lap

1 [19]. hi(t) is the complex channel coefficient, which can

be known by channel reciprocity.

For illustration convenience, we consider m = 1 in (1)
as an example in this paper [20]. Note that other Nakagami
fading channel model with any m values can also be applied
to the proposed DRLTP scheme. Given a specific ¢, the
transmit power of the ground sensor can be given by [21]
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where k1 and ko denote the two channel constants.

B. Flight and WPT model

The distance between the UAV and node 7 along the
flight trajectory at ¢ in lap [ is d'(t). The WPT transceiver
alignment between the UAV and the ground sensor is
6'(t). Based on [22], we have the WPT efficiency factor
#(dL(t),6L(t)), which depends on the distance and the WPT
transceiver alignment. The power transferred from the UAV
to the ground sensor via WPT can be given by

Pi(t) = ¢(d; (1), 0;(1)) Pliav [ i ()%, )

where the transmit power of WPT at the UAV is Py,
and || - || denotes norm.

Each communication frame consists of a number of
equally divided time slots, in which the UAV moves to one
new waypoint while a sensor node transmits a data packet
to the UAV in each slot. The proposed DRLTP is carried out
on the UAV to determine instantaneously the next waypoint
along the trajectory, where the ground sensor with the best
channel harvests energy and transmits its sensory data.
Then, the UAV transfers power to the ground sensor via
WPT, followed by the data transmission from the ground
sensor to the UAV. In particular, a control segment of the
ground sensor’s data packet contains its battery level and
buffer length. Additionally, the updated state information
of the ground sensor can be known by the UAV based on
the received data.

IV. DEEP REINFORCEMENT LEARNING FOR
TRAJECTORY PLANNING

Consider a practical scenario, where the UAV has only
partial observation of the network states. The trajectory
planning of the UAV for the data collection with WPT is
formulated as a POMDP. Given a large action space in
POMDP, DRLTP is proposed to minimize packet loss of
the ground sensors, by optimizing the flight trajectory.

Transition of the  ——p Two of the possible
3 state trajectories of the UAV

!(n""u(l).l|"".11|).h‘.{l). wil) }...

Fig. 2: Each block denotes the possible waypoint of the UAV. At
each waypoint, the proposed DRLTP scheme determines the next
waypoint of the UAV to minimize the packet loss of the ground
Sensors.

A. POMDP formulation

Each POMDP state « is composed of battery levels
ng?t(t) and buffer lengths nh‘llf(t) of the ground sensor,
channel conditions h!(t), and waypoints w;(¢) of the UAV
along the flight trajectory [23]. Thus, we have a =
{nbat(t), nPi (t), bl(t), wi(t)}. In the proposed POMDP
formulation, the action A, to be taken is to determine
w; (), where the ground sensor with the best channel
condition harvests energy via WPT and transmits data to

the UAV.

In practical scenarios, the UAV has no full observation of
ny3t(a), NP} () and hi(a) at state . The measurements
of the network state can be corrupted by random errors,
such as 772?“ , nl?j‘f' , and hY, that are spatially varying,
i.e., the measurement error covariance depends on the
movements of the UAV. Thus, we define af as a partial

observation of the network states, where
ap ={n3 (@) + it (@) + 02 hi(a) + hi'} (5)

A feature of POMDPs is that the state of the process
is not represented by a single value but by a probability
distribution over all the possible states in its state-space
representation at a particular time, this is known as a belief-
state and is denoted by 1. Moreover, the objective of
POMDP is to choose optimal action policy 7* over a time
horizon, such that the expected cumulative network cost is
minimized. Let C, denote the network cost, i.e., the packet
loss due to the buffer overflows and channel fading, when
action A, is taken by the UAV. The expected cumulative
cost can be written as Zae s A“Cq, which is the sum of
the discounted network cost after executing every action.
A € [0,1] is a discount factor for future states, and S gives
the state space. The expected return from the belief state v



according to policy 7 in the formulated POMDP defines

Q" (¢)) = min E7 {Z A\*C,

mell
a€eS

Aas w} (6)

Therefore, the optimal policy for POMDP is the one which
minimizes the objective, which gives

7" (¢) = arg mgn Q™ () @)

Figure 2 presents transition diagram of POMDP states
and actions with two possible trajectories as an example,
in which the blocks stand for all possible states in S in
POMDP, i.e., the waypoints w;(¢) in the space. At each
waypoint, where o = {n}3'(a), 7} (a). hl(a), wi(a)},
the UAV can move along one of the 7 possible directions
to the next state/waypoint, i.e., 8. According to the state
transition probability, the state transition depends on the
change of {nP3*(a), P (), hi(c)} of the ground sensor
and w;(a) on the trajectory of the UAV. For example,
consider a small example of 16 MDP states in one lap of the
UAV’s flight, where we have 3 waypoints on the trajectory,
2 ground sensors, and the channel is constant. Each sensor
has 2 battery levels, and data buffer can hold 2 packets.
The next state of v = {15 () = 1,71 () = 1, wy () =
(1,51)} can be {}3(8) = Lt (8) = 2,wi(8) =
(z2,92)}, when the UAV moves to the next waypoint
(22, y2) with two possible states of the ground sensor which
does not successfully harvest energy, i.e., (i) node 7 is
selected, but the data transmission is not successful; (ii)
node 7 is not selected and a new packet arrives at node i. 3
can also be {13(8) = 2,14 () = L,wi(8) = (w3,y3)}
when the UAV moves to (z3, y3) with two possible states of
node ¢ which successfully harvest energy, i.e., (i) node i is
selected, and the data transmission is successful; (ii) node ¢
is not selected and there is no new packet arrival. Note that
Figure 2 gives a small-scale example of the state transition
with two possible trajectories. The UAV can have thousands
of possible trajectories and the problem can contain over
thousands of POMDP states, which leads to an extremely
complex state transition diagram.

B. DRLTP algorithm

A deep Q-network is designed by the proposed DRLTP
onboard the UAV to optimize w;(t) on the flight trajectory
of the UAV by approximating the optimal Q value for the
data collection with WPT. Figure 3 depicts the proposed
deep Q-network, where the Q value is derived according to
a = {nPat(t),nPr(¢), hi(t), w;(t)} and the actions of the
UAV. The learning weight values ; in the deep Q-network
are iteratively adjusted to approximate Q{B ‘a,Aa; Sﬂji,

where 7 < J and J is the total number of iterations. The

approximated Q{ﬁ 047.,4,1;90]-}, which is the outputs of
the deep Q-network, can be minimized by optimizing the
weights ;.

The weight ; at iteration j is adjusted for training the
deep Q-network, while minimizing Q{ﬂ ’a,Aa;%‘}. At

% af ={nb3 (@) + b3, mEY(@) + %4, b () + B}

Onboard deep Q- *

S network

Q{Bos Aap; }

Fig. 3: The deep Q-network structure in DRLTP onboard the
UAV.

each iteration of minimizing Q{ ﬁ‘a, A <pj}, the weight
@;—1 from iteration (j — 1) is fixed. Thus, the subproblem

of learning Q{B‘Q,Aa; gpj} at iteration j (j < J) defines

C{ﬁ‘a,Aa}—ﬁ-(;minA&eA Q{ﬂ”ﬁ,Ag; <pj,1}. For deriv-
ing the weight ; at iteration j, gradient descent is applied
to iteratively compute the gradient value, and update the
neural network’s weights to reach the global minimum
(refer to [15] for details).
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Fig. 4: Data packet loss with regards to training DRLTP, where
A=0.99 or 0.7.

The proposed DRLTP scheme optimizes the actions
of the UAV based on the deep Q-network to solve the
optimization problem of trajectory planning for minimizing
the data loss of the wireless powered ground sensors.
The proposed deep Q-network maintains two separate Q-
networks Q{ﬁ’oz,/lagaj} and Q{B‘Q,Aagaj_l} with the
weights ¢; at iteration j and the weights (;_; at iteration
J — 1, respectively. DRLTP updates ¢; with multiple times
per time-step, and ¢; is copied into ¢;_;. DRLTP trains
the deep Q-network to minimize a set of loss functions at
every update iteration, hence, minimizing the mean-squared



Bellman error. Therefore, the optimality can be asymptot-
ically achieved by DRLTP. Note that DRLTP is generic
and can work with the advanced flight models [5] and
different types of the UAYV, e.g., the Bluetooth-connected
UAV in [24].

V. NUMERICAL RESULTS

DRLTP is implemented in Python 3.5 based on Google
TensorFlow, and we assess the performance when the num-
ber of episodes is 800, and the total number of waypoints
enlarges from 10 to 80.

Figures 4 shows the network cost, i.e., packet loss of
the ground sensors, where each ground sensor generates
100 data packets and A is set to 0.99 and 0.7, respectively.
DRLTP has a high network packet loss at the first 300
episodes during the training given N = 30 or 80. Then,
the overall packet loss substantially drops as the trajectory
planning strategy is optimally trained. In particular, the
packet loss of DRLTP with A = 0.99 falls to 0 in 638
episodes. This is achieved by training the onboard DQN
for minimizing the packet loss. However, the convergence
of DRLTP with A = 0.7 requires more than 188 episodes.
This is because the duration of training the onboard DQN
can be reduced by a high discount factor.
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Fig. 5: Training the trajectory planning of the UAV given 10
waypoints.
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Fig. 6: Training the trajectory planning of the UAV given 50
waypoints.

Figures 5, 6, and 7 show the trajectories at the beginning
of training given JJ = 10. DRLTP determines the number of
waypoints of the UAV and calculates the Q-function based
on the observed states on the UAV (i.e., waypoints, channel
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Fig. 7: Training the trajectory planning of the UAV given 80
waypoints.

conditions) and the ground sensors (i.e., data buffers and
battery levels).

VI. CONCLUSION AND FUTURE WORK

This paper studies the optimal flight trajectory planning
of the UAV for aerial data collection and WPT in sensor
networks. The trajectory planning of the UAV is formulated
as a POMDP to minimize the data lost due to buffer
overflows at the ground sensors and fading airborne chan-
nels. Given the large state and action spaces in POMDP,
an onboard deep reinforcement learning based trajectory
planning algorithm, DRLTP, is proposed to optimally deter-
mine the instantaneous waypoints of the UAV for the data
collection and WPT. The proposed DRLTP is implemented
on Google TensorFlow. Numerical results demonstrate that
the trajectories of the UAV are trained by DRLTP, which
significantly reduces the data packet loss given different
number of ground sensors.

For future work, the ground sensors with dynamic battery
capacity and data buffer size will be considered to harvest
energy from multiple resources. The proposed DRLTP will
be further evaluated in multiple application scenarios, e.g.,
5G or vehicular networks.
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