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Abstract—Estates, especially those of public securityrelated companies and institutes, have to protect their
privacy from adversary unmanned aerial vehicles (UAVs).
In this paper, we propose a reinforcement learning-based
control framework to prevent unauthorized UAVs from
entering a target area in a dynamic game without being
aware of the UAV attack model. This UAV control scheme
enables a target estate to choose the optimal control policy,
such as jamming the global positioning system signals,
hacking, and laser shooting, to expel nearby UAVs. A deep
reinforcement learning technique, called neural episodic
control, is used to accelerate the learning speed to achieve
the optimal UAV control policy, especially for estates with
a large area, against complicated UAV attack policies. We
analyze the computational complexity for the proposed
UAV control scheme and provide its performance bound,
including the risk level of the estate and its utility. Our
simulation results show that the proposed scheme can
reduce the risk level of the target estate and improve its
utility against malicious UAVs compared with the selected
benchmark scheme.
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I.

I NTRODUCTION

U

nmanned aerial vehicles (UAVs) can perform data acquisition for civilian and commercial operations, such
as weather monitoring, traffic control, and communication relaying, with high mobility and low cost[1,2] . However, cameraequipped UAVs are sometimes used to violate user privacy
and security[3-5] , such as in illegal surveillance and reconnaissance operations, smuggling, mid-air collisions, and eavesManuscript received Jun. 10, 2018; accepted Jul. 24, 2018. This work
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dropping attacks[6-8] . For example, at least two UAVs entered
the restricted airspace at the White House, which can cause
severe issues because criminals can carry out such violations
via overflights. The continuous use of such overflight strategies can reveal political secrets, and if sensitive photographs
are uploaded to the Internet, they may compromise the safety
of the country[9] .
Unauthorized UAV intrusions to an estate can be addressed
by attacking the malicious UAVs by, for example, jamming its
radar and radio signals, hijacking the global positioning system (GPS) signals, and using netguns and lasers[10-12] . For
instance, the UAV capture and control strategy proposed in
Ref. [13] takes over the controller of a rotorcraft UAV via a
destructive GPS-spoofing attack. These UAV control policies
vary in terms of UAV expel strength and costs. For example, laser shooting is more expensive and harder to operate
than others policies, while jamming and GPS spoofing are
cheaper and more portable. However, laser shooting can be
used to intercept malicious UAVs more accurately and is more
destructive[6] . Therefore, UAV control systems have to optimize their UAV control policies to expel or destroy UAVs with
different attack and flight patterns, especially during securitysensitive time periods in which privacy is highly critical in the
target estate.
In this paper, we propose a UAV control framework that incorporates existing UAV detection, identification, and tracking methods, such as acoustic sensing, radio frequency emission sensing, and electro-optical sensing, to protect the privacy of the target estate[6] . This framework chooses the control policy to expel the unauthorized UAV, such as command
jamming, GPS spoofing, hacking electronics and shooting
laser beams, without being aware of the attack model[14] . The
UAV control policy is chosen based on the security level of
the estate in the protected area and the distance between the
unauthorized UAVs and the estate to reduce the risk level of
the protected estate and improve its utility. In state-of-theart methods, the optimal control policy depends on accurate
knowledge of the attack model in each time slot, which is hard
to acquire, especially in dynamic UAV control systems.
Control policy selections in a dynamic game can be approximately formulated as a Markov decision process (MDP) with
finite states, in which the estate observes the states consist-
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ing of the previous attack mode of the UAV and the current
security level of the target estate. Therefore, reinforcement
learning (RL) techniques can be applied to defend against an
unauthorized UAV in a dynamic game and help the estate derive the optimal control policy in an MDP[15] .
The reinforcement learning-based control framework proposed in Ref. [16] exploits the Q-learning algorithm, which
is a model-free RL technique, to achieve the optimal control policy in a dynamic game without being aware of the attack model of the unauthorized UAV. To improve its performance in large-scale networks, we propose a neural episodic
control (NEC)-based[17] unauthorized UAV control scheme,
which employs a convolutional neural network (CNN) to generate the key to search the memory module called differentiate neural dictionary (DND). The outputs of the DND are
the estimated long-term expected utilities of each control policy. By applying this deep reinforcement learning technique,
the NEC-based UAV control algorithm is able to significantly
compress the state space observed by the estate and thus reduce the time required to achieve the optimal control policy.
We prove that the proposed scheme achieves an optimal
control policy selection after enough time slots have elapsed
in the dynamic game. The control performance bound is provided in terms of the risk level and the utility of the estate.
The proposed RL-based UAV control algorithm can improve
the utility of the estate and decrease its risk level. The utility
achieved by this scheme depends on the security level of the
estate and has a negative linear correlation with the control
policy. Simulation results show that the proposed RL-based
scheme decreases the risk level of the estate and increases
its utility more than the benchmark scheme as proposed in
Ref. [16] and prove its convergence to optimal performance.
The main contributions of this paper are summarized as follows:
(1) We formulate a UAV control framework in which an
estate applies different control methods to prevent an unauthorized UAV from stealing data.
(2) We propose a Q-learning-based UAV control scheme to
achieve the optimal control policy, in which the estate chooses
the control method according to the previous location of the
UAV and the current security level of the target estate. This
scheme enables the estate to achieve the optimal control performance without knowing the attack model in a dynamic control game.
(3) We develop an NEC-based UAV control scheme for the
estate with enough computational resources to support deep
learning to further accelerate the learning speed, reduce the
risk level of the estate, and improve its utility.
(4) We provide the performance bound of the RL-based
UAV control scheme and prove its convergence to optimal performance.
The rest of this paper is organized as follows. We review

related work in section II and present the system model in
section III. The Q-learning based UAV control scheme and
the NEC-based UAV control scheme are developed in section
IV and section V, respectively. We analyze the performance
bound of the RL-based UAV control scheme in section VI.
Simulation results are provided in section VII and the conclusions of this work are drawn in section VIII.

II.

R ELATED W ORK

The real-time UAV anomaly detection system proposed in
Ref. [18] uses the recursive least squares method to estimate
UAV parameters. The three-dimensional guidance law for rotary UAV interception proposed in Ref. [19] combines proportional navigation-based guidance and velocity feedback. The
theory and practice of UAV capture and control via GPS signal spoofing are analyzed and demonstrated in Ref. [13]. GPS
spoofing signals on autonomous UAVs was verified and assessed via experimental results in Refs. [20,21], which show
that spoofing signals can affect the navigation system of UAVs
so that they go off course or show abnormal operation. Several methods that can take down the malicious UAVs are described in Ref. [22], such as jamming, GPS spoofing, hacking,
netguns, laser and so on.
RL techniques have been used to improve network security. The minimax Q-learning-based spectrum allocation
method developed in Ref. [23] increases the spectrum efficiency in cognitive radio networks[24] . The two-dimensional
Q-learning-based anti-jamming communication scheme proposed in Ref. [25] can increase the signal-to-interferenceplus-noise ratio of secondary users against cooperative jamming in cognitive radio networks. The spoofing detection
schemes proposed in Ref. [12] use Q-learning and Dyna-Q
techniques to obtain the optimal test threshold of the physicallayer authentication in wireless networks. The deep Qnetwork-based transmission scheme developed in Ref. [26]
achieves optimal power and node mobility control to address
jamming in the underwater acoustic networks. A deep Qlearning based UAV power allocation strategy is proposed
in Ref. [27] to achieve the optimal power allocation against
smart attacks without knowing the attack model and the channel model. The hotbooting policy hill climbing (PHC)-based
UAV relay strategy[28] helps vehicular ad-hoc networks resist
jamming in a dynamic game.
A Q-learning-based malicious UAV control scheme is proposed in Ref. [16] to select the optimal control policy based
on the system state, which consists of the previous UAV location and the current security level of the estate in the protected
area without knowing the attack model of the malicious UAV.
Compared with our previous work in Ref. [16], this work investigates unauthorized UAV control based on NEC to accelerate the learning speed of the unauthorized UAV control
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scheme so as to reduce the risk level of the estate in the protected area and improve the utility of the estate. Simulation results show that the proposed schemes can achieve a better performance compared with the benchmark scheme we selected
against unauthorized UAVs.

III.

S YSTEM M ODEL

A smart UAV control system consisting of a target estate, an
unauthorized UAV, and UAV detection devices, such as satellites, is considered in this paper. The estate applies multiple
control methods to prevent the unauthorized UAV from stealing data, such as command jamming, GPS spoofing, hacking electronics for the takeover of controllers, and shooting
an electromagnetic (EM) laser beam, as shown in Fig. 1. The
control policies vary in terms of UAV expel strength and cost.
For instance, though the laser shooting method suffers from
higher energy consumption and more complicated operation
than the GPS spoofing method, it can destroy the unauthorized UAV more accurately.
move away:
y(k) D

stay:
1y(k)<D

Once an unauthorized UAV has been identified, the smart
UAV control system chooses a control policy at time k, denoted by x(k) ∈ X = {0, 1, 2, · · · , M}, where X is the action set
of the estate. The smart unauthorized UAVs control system
takes no action if x = 0 and defends against the UAV with the
Level-x control policy if x > 0.
The state of the unauthorized UAV at time k observed by
the estate is denoted by y(k) ∈ Y = {0, 1, 2, · · · , D}, in which
the UAV is crashed if y(k) = 0, and is y(k) meters away from
the estate if 1 6 y(k) 6 D. More specifically, the UAV is able
to move away from the attack target area (i.e., y(k) > D) or
stay in the area of interest (i.e., 1 6 y(k) < D ). The next state
of the UAV depends on the current control policy and the current state of the unauthorized UAV (i.e., the distance between
the unauthorized UAV and the estate). The state transfer probability is denoted by Px,y,y0 = Pr(y0 |x, y), where y0 is the next
state of the unauthorized UAV if the estate applies the Level-x
control policy against the UAV at the present state y.
For ease of reference, the commonly used notations are
summarized in Tab. 1. The time index k in the superscript
is omitted if there is no possibility of confusion.
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List of notations

symbol

description

C(k) (x, y)

control cost

G(k) (y)

control gain

R(k) (y)

risk level

U (k)

utility of the estate

η

cost coefficient of the control policy

µ

cost coefficient of the distance between
the unauthorized UAV and the estate

φ

security level of the estate

s

state of the estate

Kx

key vector of the NEC

Vx

Q values of NEC

ϕ

experience sequence

θ

weights of the CNN

unprotected area
Figure 1 Smart UAV control system that uses RL to choose the control
policy x(k) , such as command jamming, GPS spoofing, and laser shooting
to defend against the unauthorized UAV, which is y(k) meters away from the
protected area of the target estate

The control policies are split into different categories according to their impact strength on the unauthorized UAV.
Without loss of generality, let Level-(i + 1) control policy denote a stronger control policy against the unauthorized UAV
than that of Level-i. For example, laser shooting can be labeled with a higher level than GPS spoofing if the former is
considered to be stronger to defend against a given unauthorized UAV.

IV.

Q-L EARNING -BASED UAV
C ONTROL S CHEME

We propose a Q-learning-based UAV control scheme to
choose the control policy via trial and error. The control policy is chosen based on the state, which consists of the previous UAV location and the current security level of the target
estate. The next state observed by the estate is independent
of the previous states and actions for a given estate state and
UAV control policy in the current time slot. Therefore, the
unauthorized UAV control process can be viewed as an MDP,
in which the Q-learning technique can derive the optimal policy without being aware of the attack model.
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target estate, tracking device and unauthorized UAVs
apply the UAV control policy
x

control policy

1

command jamming

2

GPS spoofing

...

...

M−1

hacking electronics

M

shooting an EM laser

choose the control policy x via Eq. (4)

control results

tracking report

UAV control system
observe the current
location of the UAV,
evaluate the estate
risk level

evaluate the utility

observe the previous
location of the UAV,
evaluate the estate
security level

formulate the state

update the Q function
Figure 2 Reinforcement-learning-based UAV control framework

As illustrated in Fig. 2, we initialize the distance between
the unauthorized UAV and the estate according to the tracking report, and the learning parameters are set to achieve a
good control performance. The smart UAV control system
observes the state of the estate at time k, denoted by s(k) ,
which consists of the previous location of the unauthorized
UAV and the current security level of the target estate, i.e.,
s(k) = [y(k−1) , φ (k) ] ∈ Λ , where Λ is the state set of the estate.
Based on the estate state, the UAV control system chooses
control policy x(k) ∈ X.
The UAV control system observes the current location of
the unauthorized UAV, and evaluates the security level of the
target estate in the protected area to determine its utility. Intuitively, the estate obtains more control gains if a UAV that
is closer is crashed, because such a UAV is more likely to
steal sensitive information. For simplicity, the control gain of
the UAV control system at time k denoted by G(k) (y) is modeled as a linear function of the distance between the unauthorized UAV and the protected estate y(k−1) at the previous
time slot, i.e., G(k) (y) = A − By(k−1) , where A and B are constant. The control cost of the UAV control system at time k denoted by C(k) (x, y) is a function of the control policy x(k) and
the distance between the UAV and the estate y(k) . We model
the cost of the estate as C(k) (x, y) = ηx(k) + µy(k) , where η
and µ are the cost coefficients. The risk level of the estate
in the protected area is denoted by R(k) (y) and is given by
R(k) = νy(k) /D, showing that the closer the UAV gets to the
target estate, the easier it can be destroyed, and thus there is
less risk for the estate, where ν is the risk coefficient.
The utility of the UAV control system at time k based on
the control gain and the control cost is denoted by U (k) and
given by


U (k) = I y(k) = 0 A − By(k−1) φ (k) − ηx(k) − µy(k) ,

(1)

where φ (k) ∈ (0, 1] indicates the security level of the estate in
the protected area at time k and I (σ ) is the indicator function,
which equals 1 if σ is true and 0 otherwise.
The proposed Q-learning-based UAV control system maintains a Q-function for each action-state pair, denoted by
Q(s, x), which is the expected discounted long-term reward
observed by the UAV control system. The Q-function is updated at time k according to the iterative Bellman equation as
follows:




Q s(k) , x(k) ← 1 − α Q s(k) , x(k) + α U (k) + γV s0 ,
(2)
0
where s is the next state if the estate applies the Level-x control policy to intercept the unauthorized UAV at state s(k) , the
learning rate α ∈ (0, 1] is the weight of the current experience, the discount factor γ ∈ [0, 1] indicates the uncertainty of
the estate on future rewards, and the value function denoted
by V (s) maximizes Q (s, x) over the action set given by


V s(k) = max Q s(k) , x0 .
x0 ∈X

(3)

To make a tradeoff between exploitation and exploration,
the UAV control policy is chosen according to the ε-greedy
policy. More specifically, the UAV control policy x(k) that
maximizes the Q-function is chosen with a high probability of
1 − ε, while other actions are selected with a low probability
to avoid staying in a local maximum, i.e.,



x̂ = arg max Q s(k) , x0 ,
 1 − ε,

0
x
Pr x(k) = x̂ =
ε

, o.w.

|X| − 1

(4)

The proposed Q-learning-based UAV control scheme is summarized in Algorithm 1.
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···
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ĥ
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···
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h1
h2

FC1 FC2

Q(s(k), x),
x X

(7) Q(s(k), x)

ωζ vζ
v̂

hζ
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input Conv1 Conv2

DND_x

ĥ

update θ(k)
compute loss and update weights by SGD

Figure 3 Illustration of the NEC-based UAV control scheme for an estate to choose its UAV control policy, such as shooting an electromagnetic laser beam,
GPS spoofing, command jamming, and hacking electronics for the takeover of controllers

Algorithm 1 Q-learning-based UAV control algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:

Initialize α and γ
Q=0
Randomly choose s(0) ∈ Λ
for k = 1, 2, 3, · · · do
Measure the previous location of the UAV y(k−1)
(k)
Estimate
 the current security level of the estate φ
s(k) = y(k−1) , φ (k)
Choose x(k) via (4)
Apply control policy x(k)
Observe the current location of the UAV y(k)
Estimate the risk level of the estate R(k)
Evaluate U (k) via Eq. (1)
Update Q(s(k) , x(k) ) via Eq. (2)
Update V (s(k) ) via Eq. (3)
end for

V.

NEC-BASED UAV C ONTROL S CHEME

We propose an NEC-based UAV control scheme to accelerate the learning speed of the estate with a larger state-action
space. This scheme uses a CNN to compress the state space
and a DND to store similar past experiences. The UAV control system chooses the control policy x(k) ∈ X based on a
DND denoted by (Kx , Vx ), where Kx saves the keys produced
by the CNN to look up the estimated Q values stored in the
database denoted by Vx .
The smart UAV control system observes the current state
of the estate s(k) = [y(k−1) , φ (k) ]. The estate state s(k) is processed by the CNN to produce the keys denoted by ĥ. The
experience sequence ϕ(k) is based on the current state and

the previous W state-action pairs, i.e., ϕ(k) = {s(k−W ) , x(k−W ) ,
s(k−W −1) , x(k−W −1) , · · · , x(k−1) , s(k) }.
The estate reshapes the state sequence ϕ(k) into an n1 × n1
matrix and inputs it to the CNN, as shown in Algorithm 2.
The CNN consists of two convolutional (Conv) layers and two
fully connected (FC) layers. The first Conv layer has f1 filters,
each of size n2 × n2 and stride 1, while the second Conv layer
has f2 filters, each of size n3 × n3 and stride 1. Both layers use
rectified linear units (ReLUs) as their activation function. The
first FC layer involves r1 ReLUs, and the second FC layer has
r2 ReLUs.
The estate uses the output of the CNN as the lookup key ĥ
for the DND, which generates the weight for the jth Q-value,
with 1 6 j 6 ζ and ζ 6 k, in Vx of the DND denoted by ω j
and given by
ωj =

k ĥ, h j



∑ p k ĥ, h p

,

(5)

where h j is the jth corresponding key stored in Kx of the
DND and k(ĥ, h j ) is a kernel function measuring the distance
between the lookup key and the corresponding key in memory
given by
k ĥ, h j



kĥ − h j k22
= exp −
2

!
.

(6)

The Q-value of the action x(k) under current state s(k) is esti-
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The loss function of the minibatch T represents the squared
error of the target optimal Q-value. The estate chooses the
CNN weights θ (k) that minimize the loss function as follows,



θ (k) = arg min ET U − Q ϕ, x; θ (k) +
θ
 2 

,
(8)
γ max Q ϕ0 , x0 ; θ (k−1)

Algorithm 2 NEC-based UAV control algorithm
1: Initialize α, γ, θ, T , and W
2: for k = 1, 2, 3, · · · do
3:
Measure the previous UAV distance y(k−1)
(k)
4:
Estimate
 the current security level of the estate φ
5:
s(k) = y(k−1) , φ (k)
6:
if k 6 W then
7:
Select x(k) at random
8:
else
9:
ϕ(k) = {s(k−W ) , x(k−W ) , · · · , x(k−1) , s(k) }
10:
Add {ϕ(k) , x(k) ,U (k) , ϕ(k+1) } to the experience pool
11:
for t = 1, 2, · · · , T do
12:
Randomly sample e(t) from the experience pool
13:
end for
14:
Formulate T with {e(t) }16t6T
15:
Input ϕ(k) to the CNN
16:
Get the output of the CNN as the key ĥ
(k)
17:
Generate ω j via Eq. (5)
18:
19:

x0

(k)
Calculate
 the
 Q values
for x via Eq. (7)
(k)
(k)
Add ĥ, Q s , x
to (Kx , Vx )

20:
Update θ (k) using the SGD algorithm via Eq. (8)
21:
Select x(k) via Eq. (4)
22:
Apply the control policy x(k) to expel the unauthorized UAV
23:
Observe the UAV location y(k)
24:
Estimate the risk level of the estate R(k)
25:
Evaluate U (k) via Eq. (1)
26:
end if
27: end for

mated according to


Q s(k) , x(k) = ∑ ω j v j ,

(7)

j

where v j is the jth element in vector Vx . The new key-value
pair (ĥ, Q(s(k) , x(k) )) is then added at the end of the respective
vectors (Kx , Vx ). If key ĥ already exists in Kx , the DND
updates the corresponding Q value denoted by v̂ in Vx with
Q(s(k) , x(k) ).
The architecture is replicated once for each control policy,
with the CNN being shared between each separate (Kx , Vx ).
The estate chooses the control policy x(k) according to the εgreedy strategy, measures the distance between the UAV and
the estate, estimates the security level of the data in the target
estate, and evaluates its reward or utility U (k) via Eq. (1).
The estate saves the current experience sequence ϕ(k) , the
control policy x(k) , and the utility U (k) as a control experience
denoted by {ϕ(k) , x(k) ,U (k) , ϕ(k+1) }. The estate randomly selects a control experience from the experience pool, which
stores the control experiences of the previous k time slots.
The weights of the CNN used to compress the state space
shown in Fig. 3 and denoted by θ (k) are updated according to a
stochastic gradient descent (SGD) algorithm similar to the one
in Ref. [29]. More specifically, the estate randomly chooses T
experience sequences from the experience pool E to formulate
a minibatch denoted by T with {e(t) }16t6T , where e(t) is the
tth selected control experience including the control policy,
the utility, and the previous and new experience sequences.

where ϕ0 is the next state sequence according to the chosen
experience from the experience pool, x0 is the next control
strategy, and γ is the discount factor of the learning process,
as shown in Algorithm 2.
The NEC-based UAV control scheme does not always outperform the Q-learning based scheme. More specifically, the
NEC-based scheme can decrease the risk level of the estate
and increase the utility of the estate at the cost of higher computational complexity compared with the Q-learning-based
scheme. Therefore, the NEC-based control policy selection scheme is more suitable for estates with sufficient computational resources. On the other hand, estates with restricted computational resources cannot afford using the complicated NEC algorithm and have to resort to the Q-learning
based scheme with less complexity and computational costs to
choose the control policy in time. For example, the Q-learning
algorithm takes 95% less time on average to choose the control policy in a time slot compared with the NEC-based algorithm, as shown in the experiment in which the same amount
of computational resources are consumed.

VI.

P ERFORMANCE E VALUATIONS

We analyze the performance bound of the RL-based UAV
control scheme regarding the risk level and the utility of
the estate and discuss the computational complexity of the
scheme. Repeated control policy selection in a dynamic game
against UAVs can be viewed as an MDP, because the future
state observed by the estate, including the location of the UAV
and the security level of the estate, is independent of the previous states for a given current state and UAV control policy.
Therefore, according to Refs. [16,17], reinforcement-learning
techniques, such as Q-learning in Algorithm 1 and NEC in Algorithm 2, enable the estate to achieve the optimal UAV control policy after enough time slots have elapsed with a probability of 1.
Theorem 1 Let D0 represent the distance between the unauthorized UAV and the estate at the previous time slot. An
estate using Algorithm 1 and 2 in the dynamic game can carry
out policy x∗ = 1 after enough time slots have elapsed to destroy UAVs (y = 0) and achieve a risk level of R = 0 and a
utility given by
U = (A − BD0 ) φ − η,

(9)
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f22 n23 (n1 − n2 − n3 + 2)2 .

if
φ BD0 < Aφ − µ − η.
Proof

(10)

By Eq. (1), if y = 0, we have
U(x) = (A − BD0 ) φ − ηx.

U(1) = (A − BD0 ) φ − η > (A − BD0 ) φ − ηx = U(x). (12)
Similarly, if y 6= 0, we have
U = −ηx − µy.

(13)

It is also clear that the utility of the control system has a negative linear correlation with x; thus we have, for any x ∈ X,
U(0) = −µy > −ηx − µy = U(x).

According to the CNN architecture in Ref. [29], we have
f1 n21 n22  f22 n23 (n1 − n2 − n3 + 2)2 , and thus the computational
complexity is given by Eq. (15).

(11)

It is clear that the utility of the control system has a negative
linear correlation with x; thus we have, for any x ∈ X,

VII.

S IMULATION R ESULTS

Simulations were carried out to evaluate the proposed RLbased UAV control scheme for an estate with a topology as
shown in Fig. 4. The estate and the detection devices were distributed around residential areas to protect themselves against
the unauthorized UAV. In these simulations, the cost coefficients η and µ were 0.1 and 2.0, respectively. We supposed that the estate applies four control methods to prevent
the unauthorized UAV from stealing data, namely command
jamming, GPS spoofing, hacking electronics, and shooting an
electromagnetic laser beam.

(14)

z/m

Therefore, U(0) is maximum at min y, i.e., U(0) = −µ.
16y6D

Thus, we have U(1) > U(0), if expression (10) hold.
According to Ref. [16], the RL-based control scheme can
achieve the optimal control policy x∗ = 1 in the MDP after a
sufficiently long time. Therefore, the proposed algorithm can
achieve x∗ = 1. By Eq. (1), we have y = 0, R = 0, and thus
Eq. (9) is proven.
Remark 1 A UAV control system applies the RL-based control scheme to achieve the optimal policy without being aware
of the attack model in the dynamic control game. If the unauthorized UAV is near the protected area, as shown in Fig. 1,
the estate will choose the control policy with lower cost x = 1
to intercept the unauthorized UAV.
The computational complexity of the NEC-based UAV control system presented in Algorithm 2 mostly depends on the
CNN. Let mψ−1 be the number of the inputs to the CNN in
Algorithm 2, fψ be the number of the filters in the CNN, nψ
be the spatial size of each filter, and mψ be the spatial size of
the output feature maps of Conv layer ψ.
Theorem 2 The computational complexity of the CNN denoted by Γ in Algorithm 2 is given by

Γ = O f1 f22 n23 (n1 − n2 + 1)2 (n1 − n2 − n3 + 2)2 . (15)
Proof According to Ref. [17], the total complexity of the
CNN is O(∑2(ψ=1) mψ−1 fψ n2ψ mψ ). The first Conv layer includes f1 filters each of size n2 × n2 with an n1 × n1 matrix as
the input and f1 (n1 − n2 + 1)2 feature maps as the output, and
the second Conv layer has f2 filters each of size n3 × n3 with
f2 (n1 − n2 − n3 + 2) feature maps as the output. Therefore, we
have
Γ = O f1 (n1 − n2 + 1)2 f1 n21 n22 +

(16)

malicious
UAV
(50, 20, 200)
x(k) = 1, command jamming
x(k) = 2, GPS spoofing
x(k) = 3, hacking electronics
x(k) = 4, shooting an EM laser beam
y/m

detection device

x/m

(140,100,0) target estate
protected area

Figure 4 Initial topology of the control system in our simulation

Unless otherwise specified, the learning rate was 0.7 and
the discount factor was 0.3. The estate reshapes the state sequence into a 6×6 matrix. The first Conv layer was set to have
20 filters of size 3 × 3 and 180 ReLUs, and the second Conv
was set to have 40 filters of size 2 × 2 and 180 ReLUs. The
discount factor in the updating process for the CNN weights
was set as 1.0, the minibatch size was set as 4, and the number
of previous state-action pairs was 11, according to the deep-Q
network design method presented in Ref. [29].
The unauthorized UAV is more likely to be destroyed with
a stronger control policy and at a shorter distance from the
estate. As a special case, we set Px,y,y0 as follows,

exp( mx

ny )

y0 = 0,

 1 + exp( mx ) ,
ny
0
Px,y,y0 = Pr(y |x, y) =

1


, o.w.

(|Y | − 1) (1 + exp( mx
ny ))
(17)
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Figure 5 UAV control scheme performance in our simulations against an unauthorized UAV with its settings configured as shown in Fig. 4, with α = 0.7,
γ = 0.3, A = 2.8, B = 0.5, η = 0.1, and µ = 2.0: (a) risk level of the estate; (b) utility of the estate
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Figure 6 Performance of the UAV control system for the given security level of the estate, averaged over 400 time slots: (a) risk level of the estate; (b) utility
of the estate

where m and n represent the impact weights of the control
policy x and the distance y on the control results, respectively.
As shown in Fig. 5, the proposed NEC-based UAV control
scheme converges to the performance bound given by Theorem 1. The NEC-based scheme outperforms the Q-learningbased scheme, yielding a lower risk level and higher utility, and both outperform the random strategy. As shown in
Fig. 5(a), the risk level decreases over time with our proposed
NEC-based UAV control scheme and converges to 2.0% after
approximately 100 time slots, which is approximately 87.4%
lower than for the Q-learning-based strategy. The risk level of
the Q-learning based strategy converges after approximately
300 time slots, which is approximately 76.1% lower than the
risk level of the random strategy.
As shown in Fig. 5(b), the utility of the estate when using the NEC-based UAV control scheme increases quickly after the start of the learning process and converges to a certain value that is much higher than that for the Q-learningbased strategy. For example, the utility of the estate with our
proposed NEC-based scheme exceeds the Q-learning-based

scheme by 65.0% at the 100th time slot. This is because the
estate adjusts the control policy via the NEC technique. The
Q-learning-based scheme requires less computational complexity than the NEC-based one. For example, the Q-learningbased strategy takes 94.9% less time to choose the control
strategy in a time slot compared with the NEC-based scheme.
The average performance over 400 time slots, presented in
Fig. 6, shows that the risk level decreases with the importance
of the protected estate while the utility of the estate increases
with the importance of the protected estate. For instance, if the
importance of the protected estate is 0.9 instead of 0.1, the risk
level of the estate using the NEC-based technique decreases
by one time and the utility of the estate increases by 13 times.
If the security level of the protected estate is measured
as 0.7 in each time slot as show in Fig. 6, the Q-learningbased UAV control scheme has a 1.5-times higher utility and
54.7% lower risk level compared with the random strategy.
The NEC-based scheme further decreases the risk level by
50.4% and increases the utility by 40.7% compared with the
Q-learning-based UAV control scheme.

Reinforcement Learning-Based Control for Unmanned Aerial Vehicles

VIII.

C ONCLUSION

In this paper, we have proposed an RL-based control
system to defend against unauthorized UAVs exploiting Qlearning to improve the control performance without being
aware of the attack policy in a dynamic game. The NEC
technique was adopted to further accelerate the learning speed
and improve the performance of the estate. Simulation results
show that the proposed RL-based UAV control scheme can reduce the risk level of the target estate of a protected area and
increase the utility of the estate more than the selected benchmark scheme. For instance, the risk level of the proposed
NEC-based UAV control scheme converges to 2.0% after approximately 100 time slots, which is approximately 87.4%
lower than that of the Q-learning based strategy. Moreover,
the utility of the NEC-based scheme exceeds the Q-learningbased scheme by 65.0%.
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