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Abstract 

Unmanned Aerial Vehicles (UAVs) can collaborate to collect and relay data for ground sensors in remote and 
hostile areas. In multi-UAV-assisted wireless sensor networks (MA-WSN), the UAVs' movements impact on channel 
condition and can fail data transmission, this situation along with newly arrived data give rise to buffer overflows 
at the ground sensors. Thus, scheduling data transmission is of utmost importance in MA-WSN to reduce data 
packet losses resulting from buffer overflows and channel fading. In this paper, we investigate the optimal ground 
sensor selection at the UAVs to minimize data packet losses . The optimization problem is formulated as a multi-
agent Markov decision process, where network states consist of battery levels and data buffer lengths of the 
ground sensor, channel conditions, and waypoints of the UAV along the trajectory. In practice, an MA-WSN 
contains a large number of network states, while the up-to-date knowledge of the network states and other UAVs' 
sensor selection decisions is not available at each agent. We propose a Multi-UAV Deep Reinforcement Learning 
based Scheduling Algorithm (MUAIS) to minimize the data packet loss, where the UAVs learn the underlying 
patterns of the data and energy arrivals at all the ground sensors. Numerical results show that the proposed 
MUAIS achieves at least 46\% and 35\% lower packet loss than an optimal solution with single-UAV and an 
existing non-learning greedy algorithm, respectively. 
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Abstract—Unmanned Aerial Vehicles (UAVs) can collaborate
to collect and relay data for ground sensors in remote and
hostile areas. In multi-UAV-assisted wireless sensor networks
(MA-WSN), the UAVs’ movements impact on channel condition
and can fail data transmission, this situation along with newly
arrived data give rise to buffer overflows at the ground sensors.
Thus, scheduling data transmission is of utmost importance in
MA-WSN to reduce data packet losses resulting from buffer
overflows and channel fading. In this paper, we investigate
the optimal ground sensor selection at the UAVs to minimize
data packet losses. The optimization problem is formulated as
a multi-agent Markov decision process, where network states
consist of battery levels and data buffer lengths of the ground
sensor, channel conditions, and waypoints of the UAV along the
trajectory. In practice, an MA-WSN contains a large number of
network states, while the up-to-date knowledge of the network
states and other UAVs’ sensor selection decisions is not available
at each agent. We propose a Multi-UAV Deep Reinforcement
Learning based Scheduling Algorithm (MUAIS) to minimize the
data packet loss, where the UAVs learn the underlying patterns of
the data and energy arrivals at all the ground sensors. Numerical
results show that the proposed MUAIS achieves at least 46% and
35% lower packet loss than an optimal solution with single-UAV
and an existing non-learning greedy algorithm, respectively.

Index Terms—Unmanned aerial vehicles, Communication
scheduling, Multi-UAV Deep Reinforcement Learning, Deep Q-
Network.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) enjoy excellent mobility,

low-cost technology and flexibility, these features allow them

to be used in many civilian and commercial applications,

e.g., weather monitoring, traffic control, package delivery [1]

and crop monitoring [2]. UAVs are also employed to collect

and process data from ground sensors deployed in harsh

environments, such as natural disaster monitoring [3], border

surveillance [1], and emergency assistance [4]. Fig. 1 depicts

a typical multi-UAV-assisted wireless sensor network (MA-

WSN). The sensors are deployed on oil pipelines in remote

areas to measure humidity, oil flow rate, temperature changes,

* Corresponding author.

and detect potential leakages [5]. Sensory data are generated

by the ground sensors and stored in a data queue for later

transmission to the UAVs. The UAVs hover over the pipeline

and move sufficiently close to each ground sensor to exploit

short-distance line-of-sight (LoS) communications for data

collection.

Fig. 1. The ground sensors in MA-WSN are deployed to monitor the oil
pipeline. The UAVs hover over the pipeline and collect sensory data from the
ground sensors.

In MA-WSN, the ground sensors undergo random data

arrivals, since the data generation experiences a random envi-

ronmental change of the temperature and humidity. The UAVs

cooperatively move along the predetermined trajectories over

the area of interest, while collecting the sensory data of the

ground sensors. Scheduling a ground sensor for data collection

can result in buffer overflows at other unselected sensors,

since newly generated data at the unselected sensors have

to be dropped if their buffers are already full and overflow.

Thus, scheduling data collection of the UAVs for preventing

data queue overflow and communication failure of the ground

sensors is critical.

In this paper, we formulate the communication schedules

of multiple UAVs as a multi-agent Markov Decision Process

(MMDP). Each MMDP state contains the battery levels and

data buffer lengths of the ground sensors, the channel condi-

tions, and waypoints of the UAVs. The UAVs take the actions



of selecting the ground sensors for data transmission. The

UAVs’ movements along trajectories with a large number of

waypoints give rise to a plethora of channel conditions. This

situation impact on data transmission and can diversify data

queue lengths of the ground sensors given data arrival pattern.

The main contributions of this paper can be summarized as

follows:

• We formulate the problem of data collection schedul-

ing as an MMDP to minimize the overall packet loss

resulting from the buffer overflow and channel fading.

To relieve the MMDP with large state and action spaces,

a new Multi-UAV Deep Reinforcement Learning based

Scheduling Algorithm (MUAIS) is proposed to optimize

the selection of the ground sensor.

• We implement the proposed MUAIS in PyTorch which

is an open source machine learning framework based on

the Torch library [6]. Numerical results demonstrate that

our MUAIS reduces the packet loss by up to 46% and

35%, as compared to a single-UAV case and an existing

non-learning greedy algorithm, respectively.

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

presents the related work on multi-UAV systems. Section III

devotes to the system model. In Section IV, we formulate

MMDP and multi-UAV Deep Q-networks (DQN) and present

the proposed approach. Performance evaluation is presented

in Section V. This paper is concluded in Section VI.

II. RELATED WORK

Aerial data collection in the wireless sensor network using

deep reinforcement learning is studied in [7]. The UAV fol-

lows a circular trajectory and equips with WPT transmitter

schedules the ground sensor to prevent buffer overflows and

charge the battery of the ground sensor to extend network

lifetime. In [8], multiple UAVs provide energy supply and

communication services to IoT devices in a wireless powered

communication network. To improve throughput, a multi-UAV

DQN based approach is used to adjust path planning of the

UAVs and channel resource assignment. In [9], UAVs use

DQN to conduct decisions for energy-efficient data collection.

An energy-efficient deep reinforcement learning (DRL)-based

UAV control strategy is developed in [10] to improve network

coverage, fairness and connectivity.

In [11], the dueling DQN is used to adjust the deployment

of UAVs so that the capacity of the communication links can

be enhanced, while the ground nodes can be fully covered.

The problem is modeled as a constrained MDP problem.

The multi-agent reinforcement learning is used in [12] to

address the resource allocation problem in UAV networks. A

Q-learning based algorithm is used to enhance the long-term

rewards, where the UAV selects its communication modes,

power levels and sub-channels. In [13], spectrum sharing

between the ground user and the UAVs is studied to improve

the network utility. The UAVs can be used as relays for the

primary network or can perform data transmission to the fusion

center. The problem is formulated as a deterministic MMDP,

which is addressed by Q-learning.

In [14], path planning of the UAVs is studied to reduce

transmission latency, while improving energy efficiency. DRL

based on echo state networks is used to perform path planning.

In [15], trajectories and transmit power of UAVs are adjusted

to improve the ground users’ throughput, while satisfy the

users’ data rate requirement.

In [16], online velocity control and data capture are studied

in UAV-enabled IoT networks. DQN is developed in the

presence of outdated knowledge to determine the patrolling

velocity and data transmission schedule of the IoT node. In [9],

the joint flight cruise control and data collection scheduling

in the UAV-aided IoT network is formulated as a POMDP to

minimize the data lost due to buffer overflows at the IoT nodes

and fading airborne channels.

An energy efficient and buffer-aware scheduling scheme

for UAV-aided relaying is developed in [17]. The problem

is formulated to minimize energy consumption of users by

optimizing user selection, subject to overflow, power and

fairness constraint. An energy-efficient transmission schedul-

ing scheme of UAVs in a cooperative relaying network is

developed in [18] such that the maximum energy consumption

of all the UAVs is minimized, in which an applicable sub-

optimal solution is developed and the energy could be saved

up to 50% via simulations.

In the proposed MUAIS, every UAV learns the network

state dynamics to minimize the overall packet loss due to the

buffer overflow and channel fading. To alleviate the curse of

dimensionality of the state space, MUAIS is equipped with

DQN to optimize the selection of the ground sensor. [12]

studied multi-agent reinforcement learning using Q-learning

and stochastic game theory model for resource allocation in

UAV networks. MUAIS is based on multi-UAV paradigm and

has the merits of scalability and survivability over single UAV

paradigm in [7].

III. SYSTEM MODEL

The considered network contains J ground sensors and

I UAVs. The UAVs fly along pre-determined routes which

consist of a large number of waypoints to cover all the ground

sensors in the field. The location of UAV i on its trajectory at

t is denoted by ζi(t). The UAVs are responsible for collecting

sensory data from the ground sensors.

The channel coefficient between UAV i (∈ [1, I]) and

ground sensor j (∈ [1, J ]) at time t is hi
j(t), which can

be acquired by channel reciprocity. The modulation scheme

of ground sensor j at t is denoted by φj(t). In particu-

lar, φj(t)= 1, 2, and 3 indicates binary phase-shift keying

(BPSK), quadrature-phase shift keying (QPSK), and 8 phase-

shift keying (8PSK), respectively, and φj(t) ≥ 4 provides

2φj(t) quadrature amplitude modulation (QAM). Let hi
j(t)

denote channel gain between ground sensor j and UAV i. The

transmit power of the ground sensor, denoted by P i
j (t), is [19]

P i
j (t) =

lnk1

ǫ

k2h
i
j(t)

2 (2
φj(t) − 1) (1)



TABLE I
NOTATION AND DEFINITION

Notation Definition

J number of ground sensors

I number of UAVs

ai action of UAV i

at−1
u past actions of other UAVs on a ground sensor

Sα,i state of UAV i

Sβ,i next state of UAV i

P i
j (t) transmit power between ground sensor j and UAV i

hi
j(t) channel gain between ground sensor j and UAV i

ζi(t) location of the UAV on its trajectory

ej(t) battery level of ground sensor j

qj(t) queue length of ground sensor j

D maximum queue length of ground sensor

δ discount factor for future states

θ learning weight in deep Q-network

where k1 and k2 are channel constants, and ǫ denotes the

required bit error rate (BER) of the channel.

We consider that UAV i moves in a low attitude for

data collection, where the probability of LoS communication

between UAV i and ground sensor j is given by [20]

PrLoS(ϕ
i
j) =

1

1 + a · exp(−b[ϕi
j − a])

(2)

where a and b are constants, and ϕi
j is the elevation angle

between UAV i and ground sensor j. Furthermore, the path

loss of the channel between UAV i and ground sensor j is

modeled by

γi
j = PrLoS(ϕ

i
j)(ηLoS − ηNLoS)+

20log(r sec(ϕi
j)) + 20log(λ) + 20log(

4π

vc
) + ηNLoS (3)

where r is the radius of the radio coverage of UAV i, λ is the

carrier frequency, and vc is the speed of light. ηLoS and ηNLoS

are the excessive path losses of LoS or non-LoS, respectively.

IV. DEEP Q-NETWORKS WITH MULTIPLE UAVS

In this section, MMDP is formulated, while MUAIS is

developed based on multi-UAV DQN.

A. MMDP Formulation

MMDP can be defined by the tuple {I , {Sα,i}, {ai},

C{Sβ |Sα,a}}, where

1) I denotes the number of agents, i.e., UAVs.

2) Sα,i is the network state observed by agent i (i ∈ I).

Sα,i consists of: channel quality hi
j(t), battery level

ej(t), queue length qj(t) and the location of the UAV

ζi(t),
i.e., Sα,i={(h

i
j(t), ej(t), qj(t), ζi(t)), i=1,2,...I}.

Let Sα denotes the joint network state, where

Sα=Sα,1×......×Sα,I .

3) ai represents the action of agent i, which schedules

one of the sensors to transmit data to the UAV, i.e.,

ai={(j), i = 1, 2, ....I}. The joint action of the UAVs,

denoted by a, can be given by a=a1×......×aI .

4) C{Sβ |Sα, a} is the network cost yielded when the joint

action a is taken to transit from state Sα to Sβ . The

network cost is the packet loss of the ground sensors.

The size of state space for each agent is ((K+1)(D+1))J+
H + W , where K and D are the highest battery level and

maximum queue length of the ground sensor respectively. H

and W are the number of channel states and the number of

waypoints on the UAV’s trajectory. The action to be taken is

to schedule one ground sensor to transmit data to the UAV.

The size of the action space is J.

B. Multi-UAV DQN

The formulated MMDP has large state space since mobil-

ity feature of the UAVs give rise to a myriad of network

states. Statistical methodologies cannot be applied to solve

the MMDP due to lack of real-time knowledge and the size

of the state space. For example, dynamic programming and

linear programming are two typical statistical methodologies

for solving the MMDP. Dynamic programming approaches

such as policy iteration and value iteration derive the opti-

mal policy based on explicit enumeration. This can create a

computational bottleneck as the size of state space growing

fast. A linear program can be used to formulate the problem

of computing an optimal policy for the MMDP. However,

linear programs solvable in polynomial time are impractical

for the large MMDP [21]. DQN can alleviate the curse of

dimensionallity of the large state space and deal with outdated

knowledge of the network states. Particularly, the action of

each UAV not only determines the future state, but also

influences the actions of the other UAVs. Each UAV interacts

with an unknown environment to learn a policy. In the learning

process, UAV i observes the current environment state then

takes an action in accordance with its policy to obtain the

cost and the new environment state. After that, UAV i utilizes

the gathered data to optimize its policy. UAV i interacts

with the environment, performs the action, and optimizes its

policy for many iterations until convergence to the optimal

policy. In the multi-UAV setting, each UAV is designed to find

an optimal policy πi for minimizing the long-term expected

accumulated discounted cost. From the perspective of UAV i,

the accumulated cost by executing action ai dependent on at−1
u

at the current environment state Sα,i on the basis of policy πi

can be given by

Qπi

i (Sα,i, ai, a
t−1
u ) = E[Σ∞

t=0δ
tC(Sβ,i|Sα,i, ai, a

t−1
u )] (4)

where δ ∈ [0, 1] is the discount factor. Each UAV aims to

learn the optimal Q-value or the optimal policy. The Q-value

of UAV i is updated as follows:

Qi(Sβ,i|Sα,i, ai, a
t−1
u ) = (1− ν)Qi(Sβ,i|Sα,i, ai, a

t−1
u )

+ ν(C(Sβ,i|Sα,i, ai, a
t−1
u ) + δmin

a′

i

Qi(Sβ′,i |Sβ,i, a
′

i, a
′

u)

(5)



where ν ∈ (0, 1] is the learning rate, Sβ′,i is the next

state and a′i is the next action. Multi-UAV Q-learning can-

not deal with the exponential growth of states and actions

for the resource allocation problem in the MA-WSN. This

is known as the curse of dimensionality. Multi-UAV DQN

can circumvent the curse-of-dimensionality. It represents the

action-value function of each UAV with a deep neural network

parameterized by θQi . For each UAV, θQi is learned by

sampling transitions from the replay memory and minimizing

the squared temporal difference error:

Γ(θQi) = yi −Qi{Sβ,i | Sα,i, ai, a
t−1
u ; θQi}. (6)

where yi is the target Q-value which is set as a label and

can be denoted by

yi = C{Sβ,i | Sα,i, ai, a
t−1
u }+

δmin
a′

i

Q′

i{Sβ,i′ | Sβ,i, a
′

i, a
′

u; θ
Q′

i} (7)

Multi-UAV DQN uses target network and experience replay

for each UAV to guarantee stability. In the multi-UAV DQN,

experience replay removes correlations in the observation

sequence and smooths over changes in the data distribution

by randomizing over the states and the actions of MMDP at

each time-step t. The provided multi-UAV DQN formulation

is effective and promising for computing multi-UAV policies.

In contrast to the traditional approaches for solving MMDP.

It is able to deal with enormous size and complexity.

C. Proposed MUAIS

We present a multi-UAV version of DQN called MUAIS,

as depicted in Fig.2. Overall, two separate Q-networks are

maintained at each UAV, Q-network, denoted by Qi{Sβ,i |
Sα,i, ai, a

t−1
u ; θQi}, and target network, denoted by Q′

i{Sβ,i′ |
Sβ,i, a

′

i, a
′

u; θ
Q′

i} with weights θQi and θQ
′

i , respectively.

At first step, the Q-network and associated target of each

UAV are initialized and then learning is ignited. Each UAV

samples its state and computes its local state Sα,i. Each UAV

receives the local state Sα,i and selects a random action with

probability ε, or exploits its knowledge and produces its action.

Then, the corresponding cost and next state are sampled. The

associated transition (Sα,i, Sβ,i, ai, C) is stored. θQi is learned

by sampling batches of transitions from the replay memory and

minimizing the squared temporal difference error:

Γ(θQi) = yi −Qi{Sβ,i | Sα,i, ai, a
t−1
u ; θQi}. (8)

where

yi = C{Sβ,i | Sα,i, ai, a
t−1
u }+

δmin
a′

i

Q′

i{Sβ,i′ | Sβ,i, a
′

i, a
′

u; θ
Q′

i} (9)

finally for each UAV, the parameters of the Q-network

θQi are copied into those of the target network θQ
′

i after a

predetermined number of iterations.

V. NUMERICAL RESULTS

In this section, we present network configurations and per-

formance metrics. We investigate convergence of MUAIS, and

evaluate the network cost of the proposed MUAIS scheme with

regard to the network size. Here, the network cost defines the

packet loss due to data buffer overflow and failed transmissions

from the ground sensors to the UAVs.

A. Implementation of MUAIS

The simulation platform is a Lenovo Workstation running

64-bit Ubuntu 16.04 LTS, with Intel Core i5-7200U CPU

@ 2.50GHz × 4 and 8 G memory. MUAIS is implemented

in Python 3.5 by using Pytorch (the Python deep learning

library). The region of interest is set to be a square area with

a size of 1000 m x 1000 m, and 20 to 120 ground sensors are

distributed in the region. Each ground sensor has the maximum

discretized battery capacity 50 Joules, the highest modulation

= 5, and the maximum transmit power 100 milliwatts. For

calculating the power P i
j (t) of the ground sensor, the two

channel constants, k1 and k2, are set to 0.2 and 3, respectively.

The required BER is 0.05. The carrier frequency is 2000 MHz.

ε is set to 0.05. The value of ε can be configured based on

the traffic type and quality-of-service (QoS) requirement of

the sensor’s data, as well as the transmission capability of the

UAV. Other simulation parameters are listed in Table II.

TABLE II
PYTORCH CONFIGURATION

Parameters Values

Number of ground sensors 20-120

Queue length 40

Energy levels 50

Discount factor 0.99

Learning rate 0.001

Replay memory size 106

Batch size 100

Number of episodes 1000

For performance evaluation, we use Random scheduling

policy (RSA) and DRL-SA [7] algorithms as two baselines.

In RSA, the UAVs schedule the ground sensors randomly and

scheduling process is independent of the battery level and data

queue length of the ground sensors, the channel quality, and

the UAV’s trajectory. In DRL-SA, a single UAV leverages

DQN to schedule the ground sensors based on the data queue

length, energy level, channel quality and UAV’s trajectory.

B. Performance Evaluation

Fig. 3 shows the network cost at each episode of MUAIS

with I=7 and DRL-SA. The MUAIS with I=7 has better

performance than DRL-SA. The reason is that the involvement

of multiple UAVs results in reduction of overflow cost. At the

beginning of the learning process, MUAIS with I=7 witnesses

a high network cost. With an increasing number of episodes,

the network cost drops gradually until it stabilizes.

Fig. 4 studies the network cost with an increasing number

of ground sensors, where the data buffer size of MUAIS is set



Fig. 2. The architecture of MUAIS for optimizing the selection of the ground sensor for data transmission.
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Fig. 3. The network cost at each episode of MUAIS with I=7 and DRL-SA.
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Fig. 5. Packet loss with regards to data queue sizes

to 40 packets. Overall, the proposed MUAIS with I=7 achieve

lower network cost than RSA and DRL-SA. When the number

of ground sensors is 20, the network cost of MUAIS is almost

equal to that of DQN. The network cost of RSA is higher in

this point. With increasing ground sensors, MUAIS receives

the lowest cost. In contrast, RSA receives the highest cost

and DQN is the middle. Particularly, when J=100, the packet

loss of MUAIS with I=7 is lower than RSA and DRL-SA by

around 35% and 46%, respectively.

Fig. 5 depicts the packet loss of MUAIS with I=7 when

data buffer size is extended from 20 to 80. It is observed that

MUAIS reduces the packet loss to a greater extent than DRL-

SA. In particular, given D=20, MUAIS outperforms DRL-SA

in term of the packet loss by 62%. From D=20 to D=80,

the packet loss of MUAIS drops by 52%. This confirms that



MUAIS significantly reduces buffer overflow for all the ground

sensors when enlarging their buffer length.

VI. CONCLUSIONS

In this paper, we studied data collection for preventing

data queue overflow of the ground sensors. The problem

was formulated as an MMDP, with the states of the battery

level and queue length of the ground sensors, the channel

conditions, and waypoints of the UAVs, to minimize the packet

loss due to buffer overflows at the ground sensors and fading

airborne channels. We proposed MUAIS to solve the MMDP,

where all UAVs use DQN to conduct respective decisions.

In MUAIS, the UAVs learn the underlying patterns of the

data and energy arrivals at all the ground sensors, as well

as the scheduling decisions of the other UAVs. PyTorch deep

learning library was used for simulation and results confirm

46% and 35% reduction of the proposed MUAIS in packet

loss as compared to az single-UAV case and an existing non-

learning greedy algorithm, respectively.
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