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ABSTRACT Path planning is one of the key technologies for autonomous flight of UnmannedAerial Vehicle.
Traditional path planning algorithms have some limitations and deficiencies in the complex and dynamic
environment. In this article, we propose a deep reinforcement learning approach for three-dimensional
path planning by utilizing the local information and relative distance without global information. UAV can
obtain the limited environmental information nearby in the actual scenario with limited sensor capabilities.
Therefore, path planning can be formulated as a Partially Observable Markov Decision Process. The
recurrent neural networkwith temporal memory is constructed to address the partial observability problem by
extracting crucial information from historical state-action sequences.We develop an action selection strategy
that combines the current reward value and the state-action value to reduce the meaningless exploration.
In addition, we construct two sample memory pools and propose an adaptive experience replay mechanism
based on the frequency of failure. The simulation experiment results show that our method has significant
improvements over Deep Q-Network and Deep Recurrent Q-Network in terms of stability and learning
efficiency. Our approach successfully plans a reasonable three-dimensional path in the large-scale and
complex environment, and has the perfect ability to avoid obstacles.in the unknown environment.

INDEX TERMS Deep reinforcement learning, path planning, recurrent neural network.

I. INTRODUCTION
The unmanned aerial vehicle (UAV) has attracted wide atten-
tion in both military and civilian fields because of low cost,
flexibility and small size, et [1], [2]. The reliable and reason-
able path planning is the basis for ensuring its own safety
and mission success due to the increasingly complex envi-
ronment. Some missions have restrictions on flight altitude
and fuel consumption, etc. In addition, there are many threats
such as hills, buildings at low flighting altitude. However, the
UAV can only rely on their own limited sensors to obtain
partial threat information [3]. Furthermore, the path planning
of the UAV is more complicated and difficult than the path
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planning of robots because of the huge state space and action
space. Path planning for the UAV has become a research
hotspot and receivedwide attention from researchers in recent
years. In this article we propose an approach of autonomous
planning of available paths from starting point to destination
in complex environment.

In previous work, there are many classical methods such as
A∗ algorithm [4] and artificial potential field method [5], [6],
Voronoi diagrams [7], which have been proven to be effective
for two-dimensional environment. For the path planning of
complex environment with large state space, the intelligent
path planning methods have attracted a lot of attention. Typi-
cal intelligent methods include genetic algorithm [8], [9], ant
colony algorithm [10], [11], artificial bee colony [12], particle
swarm optimization [13], [14], and so on. The combination
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of different methods can make use of the advantages of each
algorithm [15]–[17]. Fast Marching [18], [19] is an efficient
three-dimensional path planning method for keeping a fixed
flight height in an open field with non-uniform terrain, which
fully considers the smoothness and safety of the generated
path. Compared with the classical path planning algorithm,
Fast Marching method has better computational efficiency
and practical value. The paper addresses the UAV three-
dimensional path planning in a local dynamic environment,
while the classic A∗ and RRT algorithms are suitable for
static path planning with a known global environment. Intel-
ligent algorithms represented by genetic algorithm and ant
colony algorithm have environmental adaptability and system
robustness. However, these algorithms require a lot of search
and iteration, resulting in inefficient planning. The artificial
potential field method has good real-time performance due
to its simple calculation. It would be easy to fall into a local
optimal solution if the gravity and repulsion are the same
at certain points. If the target is near an obstacle, the large
repulsion would make it difficult for the UAV to approach
the target point.

The classic path planning algorithms perform well for
obstacle avoidance in simple environments. However, rein-
forcement learning can show its advantages in the dynamic
and complex environment. First of all, reinforcement learn-
ing can dynamically adjust parameters through training by
interacting with the environment, which has positive adapt-
ability and robustness compared with classic algorithms. Sec-
ondly, reinforcement learning essentially obtains themapping
relationship from state to action, which does not involve a
complex search process in the decision-making process, so it
is suitable for UAV path planning that requires real-time
decision-making. Thirdly, reinforcement learning defines
reward function according to distance, fuel consumption,
which can achieve multi-objective optimization ability with-
out a lot of manual parameter adjustment. Fourthly, reinforce-
ment learning does not depend on the prior information of the
environment, so it is suitable for dynamic path planning with
limited information.

Deep neural network has excellent feature learning abil-
ity, which can extract concise effective feature information
from complex high-dimensional state. Reinforcement learn-
ing algorithm can learn an optimal policy by interacting with
environment. Deep reinforcement learning algorithm com-
bining deep learning and reinforcement learning has achieved
remarkable achievements in the fields of industrial control
and gaming games [20]. Lange and Riedmiller [21] propose
the combination of deep learning and reinforcement learning.
Mnih et al. [22] propose Deep Q-Network (DQN) algorithm
combining Convolutional Neural Network (CNN) with Q
learning algorithm, and the training results show that DQN
has surpassed human players in the Atari2600 game plat-
form. Schaul et al. [23] propose an experience replay mecha-
nism to accelerates the learning speed of DQN by breaking
the correlation of sample sequence. Hausknecht and Stone
[24] develop Deep Recurrent Q-Network (DRQN) algorithm

combining Recurrent Neural Network (RNN)with Q learning
algorithm. The performance of DRQN is much better than
DQN in long-term strategy game with delayed reward, but
DRQN has the disadvantage of unstable convergence.

In recent years, researchers have tried to solve the problem
of path planning by deep reinforcement learning algorithm.
Pfeiffer et al. [25] propose an end-to-end learning model that
analyzes laser information by CNN and then uses A∗ algo-
rithm as label information for supervised learning. The robot
movement instruction is directly obtained through the net-
work according to the laser ranging information and the target
position. Chen et al. [26] control the autonomous vehicles by
obtaining the semantic information extracted from images.
Kretzschmar et al. [27] develop an inverse reinforcement
learning approach to solve the robot navigation problem by
making use of the human experience to speed up the learning
speed. Lei Tai et al. [28] develop a robot motion planner
based on deep reinforcement learning, which utilizes laser
ranging sensors to obtain information about nearby obstacles.
Navigation problems without global information in com-
plex environments can be modeled as Partially Observable
Markov Decision Process (POMDP), and recurrent neural
network can be used to memorize past observation to gain
more knowledge [29], [30].

Cui et al. [31] propose a navigation system that makes
UAV take advantage of 2D laser rangefinder to navigate in the
foliage environmentwithout GPS. Simultaneous Localization
andMapping (SLAM) is a classicmethod, which can estimate
the position of the UAV and obtain information about nearby
obstacles by constructing a map of the surroundings [32],
[33]. Gageik et al. [34] combine multiple low-cost sensors
such as infrared and ultra-sonic to achieve obstacle avoidance
flight of UAV with low computational burden and economic
cost.

The deep reinforcement learning can learn available path
planning policy by interacting with the environment without
manually setting complex rules. However, there are some
challenges of path planning in the large-scale and dynamic
environment:

1) The enormous number of states makes the neural net-
work learning slowly and converging difficultly.

2) The UAV can only obtain local environment information
due to limited sensor capabilities, making it difficult to select
the correct action.

3) The reward has the character of delay, because the agent
may have to make hundreds of steps to reach the target point
in the large-scale environment.

In this article, we propose a deep reinforcement learning
approach to solve the problem of theUAVpath planning in the
complex and dynamic environment. The main contributions
of this article are summarized as follows:

1) We propose a new action selection strategy by com-
bining the current reward R value and the Q value, which
addresses the problem of inaccurate prediction of the neu-
ral network at the early stage of training. The purpose
of new action selection strategy is to reduce meaningless
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FIGURE 1. The three-dimensional topographic map.

exploration, especially to reduce repeated meaningless
collision.

2) We propose an adaptive sampling mechanism. Two
kinds of memory pools are constructed according to the
average reward value per round. Samples are taken from the
important memory pool according to the frequency of task
failure. This approach improves the learning efficiency and
convergence stability of the algorithm with low computa-
tional cost.

The rest of the paper is organized as follows: Section II
introduces the framework of the path planning algorithm.
Section III points out somemethods to accelerate the learning
speed of algorithm. Section IV describes the experimental
results and analyzes it. Section V presents conclusion and
future work.

II. CONSTRUCTION OF THE ALGORITHM
In this section, we define the state space and action space, and
formulate the path planning problem as POMDP. Then we
propose a path planning algorithm based on deep reinforce-
ment learning and present the network structure including
CNN and RNN.

A. DEFINITION OF OBSERVATION AND ACTION
We establish a three-dimensional topographic map for the
UAV to evaluate path planning algorithm. The UAV should
avoid collision with the obstacle, and the height of obstacle
can be calculated by:

H (X ,Y ) =
∑N

i=1
hie
−

(
X−ai
ci

)2
−

(
Y−bi
ci

)2
(1)

where H (X ,Y ) represents the height of obstacle at the hori-
zontal position (X ,Y ). hi controls the height of the obstacle.
ci determines the size of the obstacle. (ai, bi) is the horizontal
coordinate of the obstacle.

The three-dimensional topographic map based on (1) is
shown as Fig. 1. The UAV cannot acquire global information
due to sensor limitations in the real environment. And the
limited information perceived by the UAV sensor is called
the observation ot . As depicted in Fig. 2, ot consists of two
parts: the local environment information o1t and the relative
position o2t from the current point to the target point.

Assume that the three-dimensional coordinate of a point is
(Xi,Yi,Zi), and the height of the UAV relative to the ground

FIGURE 2. The observation ot consists of two parts: o1
t represents the

relative terrain altitude information near the UAV, and o2
t represents the

distance to the destination.

osi (the probabilistic safety) can be defined as (2). Huav
represents the absolute height of the UAV.

osi = Huav − H (Xi,Yi) (2)

The sensor on the UAV can sense the environmental
information of surrounding area, so the observation ot1 is
composed of the probabilistic safety of k points o1t =
[os1, os2 · · · osk ].

The UAV can obtain its own location information
(XO,YO,ZO) by the inertial measurement unit or GPS. The
target position (XT ,YT ,ZT ) can be known, so o2t is calculated
by:

o2t = (XT − XO,YT − YO,ZT − ZO) (3)

We have considered some aircraft maneuvering restrictions
in defining the action space of the UAV, such as minimum
turning radius and maximum climbing angle. As shown in
Fig. 3, if the UAV enters the ‘‘saddle-shaped’’ area between
the two obstacles, the probability of failure could be very
high. It is difficult for the UAV to detect the above dangerous
areas in time due to the limited sensor detection capability.
If the UAV takes the action of direct flight A0 or A45, the
probability of obstacle avoidance failure could be high. If the
UAV chooses to turn left A63, it can ensure flight safety.
Therefore, the stronger the horizontal maneuvering ability
is, the greater the probability of UAV escaping safely. The
action includes horizontal action aHt and vertical action aVt .
As shown in Fig. 4, the red squares represent optional actions.
Horizontal action aHt includes turning left 45/63 degrees,
direct flight, turning right 45/63 degrees. Vertical action aVt
includes climbing 45 degrees, direct flight and descending 45
degrees. There are 11 actions in the action space of the UAV.

All maneuvers and spatial coordinates are set to integers
for ease of calculation. Discretization also helps to reduce the
scale of state space.

B. MARKOV MODEL
As shown in Fig. 5, it is a simplified model of obstacles that
the UAVmay encounter in the real environment. It is assumed
that the UAV is at the point A at the beginning. Since the
sensor does not perceive the ‘‘inverted V-shaped’’ obstacle in
front due to the limited measuring range of the sensor, point
B may be chosen as the desired position point in order to
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FIGURE 3. The strong horizontal maneuverability is helpful to improve
the success rate of UAV obstacle avoidance.

FIGURE 4. The action space includes horizontal action and vertical 2
action.

approach the target point. The UAV finds out that there is
an obstacle in front of point B, and could choose to turn to
point C or point D. Assuming that the UAV chooses to reach
point C, the UAV can still choose point B in the next step. As
a result, the UAV may fall into a loop trap and cannot escape
the ‘‘inverted V-shaped’’ obstacle. If the algorithm has the
ability to memorize historical information, it can effectively
avoid the above problem. The true state of the environment
can bemore accurately estimated through a piece of historical
trajectory information. The observation-action sequence does
not have Markov property p (ot+1|o0, a0, o1, a1 · · · ot , at) 6=
p(ot+1|ot , at ). Therefore, we can model the path planning
problem as POMDP.

POMDP can be represented by (S,A,P,R, �,O, γ ). S is
the set of true state st in the environment. A is the set of
all available actions of the UAV, and at ∈ A represents the
action that the UAV executes at time t . P is the probability
distribution that the UAVmoves to other states after executing
action at at the state st , P (st+1|st , at) → (0, 1). R is the
reward that the UAV executes action at at the state st and
transferring to state st+1, and can be defined asR (st , at) = rt .
� is the set of observations. ot ∈ � is the local environ-
mental information obtained by the sensor. O(ot |st , at ) is
the conditional observation probability distribution that the
UAV executes action at at the state st . γ is the discount
factor.

FIGURE 5. The UAV encounters an inverted V-shaped obstacle. A∼D 28
indicates possible location points..

The reinforcement learning algorithm learns a policyπ that
the UAV chooses an action at based on a piece of historical
trajectory ϕt=(ot−L+1, ot−L+2, · · ·ot ) of length L, which can
be denoted as at ∼ π (ϕt ). Historical trajectory ϕt is benefi-
cial to estimate true environmental state st information more
accurately. The goal of algorithm is to learn an optimal policy
π∗, which the UAV can obtain the maximum accumulated
discounted reward.

The state value function V π (ϕt) is defined as the expected
sum of discounted rewards in accordance with policy π .
V π (ϕt) is defined as:

V π (ϕt) = E
[∑∞

k=0
γ kr t+k |ϕt

]
(4)

The state-action value function Qπ (ϕt , at) is the expected
discounted reward obtained by taking the action at in the state
ϕt according to the policy π . Qπ (ϕt , at) can be defined as:

Qπ (ϕt , at) = E
[∑∞

k=0
γ kr t+k |ϕt ,at

]
(5)

Q-learning is a model-free reinforcement learning algo-
rithm. The Qπk+1 (ϕt , at) is updated iteratively by Bellman
formula:

Qπk+1 (ϕt , at) = Qπk (ϕt , at)+ α (rt + γmax

Qπk (ϕt+1, at+1)− Q
π
k (ϕt , at)

)
(6)

where α ∈ [0, 1] is learning rate, which controls parameter
updating speed.

Traditional Q-learning utilizes tables to record the learned
state-action values, which limits the ability of the algorithm
to solve the problem of large-scale planning state space.
Therefore, we use the neural network to approximate the
state-action value. The neural network can theoretically fit
any non-linear model with enough training data and suitable
learning parameters.

C. NETWORK STRUCTURE
As illustrated in Fig. 6, the network structure contains three
neural networks. The input of the model is a sequence of
historical trajectory ϕt . We adopt the CNNmodule to capture
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FIGURE 6. Neural network architecture.

spatial feature information from the observation o1t , then
construct the RNN module to extract temporal feature infor-
mation. Finally, the estimated state-action value is predicted
by fully connected neural network. The CNN is easy to lose
information when extracting features. The relative position o2t
is an important three-dimensional information, so it bypasses
the CNNmodule and directly inputs to the RNNmodule. The
CNN module removes the pooling layer, because the pooling
layer can result in information loss.

If o1t directly inputs to the RNN module, the amount of
calculation could become very huge because of its high-
dimensional and redundant information. Thus, the function
of CNN module is to extract low-dimensional and effective
spatial features. RNNmodule can extract the temporal feature
information of the sample sequence, and fundamentally solve
the memory problem of sequence samples. The hidden layer
ht not only receives the feature ct from the CNN module, but
also receives the hidden layer state ht−1 at the previous time.
The calculation of RNN is given by:

ht = f (wxhct + whhht−1) (7)

where f is a nonlinear activation function. wxh and whh rep-
resent the connection weights of neurons of different layers.

We adopt the Long Short-Term Memory (LSTM) to alle-
viate the problem of gradient disappearance [35]. The neural
network has the disadvantage of being difficult to converge
due to correlation of sample sequences [36]. We adopt the
fixed Q-target network and experience replay mechanism to
speed up the convergence of the algorithm [22].

Since RNN has the ability of remembering temporal infor-
mation, the purpose of experience replay mechanism is con-
venient for the training of the algorithm rather than breaking
the correlation of the samples in this article. The sample
et = (ϕt , at , rt , ϕt+1) generated by the interaction between
the UAV and environment is stored in the memory pool
D = {e1, e2, · · · , eV } with fixed-size V . L is the length of

observation sequence. The network randomly takes a certain
number of sample sequences from the memory pool for
training.

There are two independent neural networks to predict the
action value: the current value network Q (ϕt , at |θi) and
the target value network Q

(
ϕt+1, at+1|θ

′

i

)
. The structure of

the two networks is the same. The current network uses gra-
dient descent to update the network weights, and the updated
parameters are copied to the target network at a regular inter-
val. Since the two networks are not updated synchronously,
the stability of the algorithm is improved. The loss function
L(θi) is given as:

L(θi) = E(ϕ,a,r,ϕ′)∼D

[
1
2
(rt + γmax

Q
(
ϕt+1, at+1|θ ′i

)
− Q (ϕt , at |θi)

)2] (8)

Current value network is updated by:

1θ i = E(ϕ,a,r,ϕ′)∼D[rt + γmaxQ
(
ϕt+1, at+1|θ ′i

)
−Q (ϕt , at |θi)]

∂Q (ϕt , at |θi)
∂θi

(9)

θi+1 = θi + α1θ i (10)

III. APPROACHES TO SPEED UP ALGORITHM
In this section, we propose several methods to speed up the
learning of the algorithm.

A. REWARD DESIGN: INCORPORATING DOMAIN
KNOWLEDGE
The reward function evaluates the agent executing actions
in a certain state. The sparse reward function is a common
method, which the agent only gets rewards when it succeeds
or fails. However, the state space is too large to obtain valu-
able reward in a large-scale environment, which undoubtedly
leads to low learning efficiency of the algorithm. In addition,
the UAV is not only to avoid obstacles to reach the target
point, but also to ensure the path to be as short as possible.
And some tasks require the flight altitude to be as low as pos-
sible. Therefore, by incorporating domain knowledge such as
fuel consumption and distance to the target point, a heuristic
reward function rt is constructed:

rt = ω1p1 + ω2p2 + ω3p3 + ω4p4 (11)

where ω1 ∼ ω4 are coefficients, and p1 ∼ p4 are the evalua-
tion factors of path performance. The concrete meaning and
calculation method are as follows:

1) p1 represents the maneuvering cost of UAV executing
action at . The UAV should keep the flight state as
straight as possible to reduce fuel consumption. The
maneuvering cost consists of horizontal maneuvering
cost pH1 and vertical maneuvering cost pV1 . The p1 is
given by:

p1 = ωH1 p
H
1 + ω

V
1 p

V
1 (12)

where ωH1 and ωV1 are coefficients.
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2) p2 is related to the distance from the current position to
the target point. In artificial potential field method, the
target point would exert gravitation on the UAV, which
provides direction guidance for UAV’s action selection
policy. p2 is given by:

p2 = log10 (|ot2| + δ) (13)

where δ is positive constant to avoid 0.
3) p3 represents the reward of UAV deviating from cruise

altitude Z0, which is designed to ensure UAV flying at
cruise altitude. The p3 is given by:

p3 = (Zt − Zt+1)(Zt − Z0) (14)

4) p4 is the traditional sparse reward function, which
includes three cases. The p4 is given by:

p4 =


R0 success
−R0 failure
0 otherwise

(15)

where R0 is positive constant. If the distance between UAV
and target is less than a certain threshold, the mission can be
considered as successful. If the UAV collides with obstacles
or exceeds the height limit, it would be set as mission failure.

B. IMPROVED ACTION SELECTION STATEGY
The common action selection strategy for reinforcement
learning is ε-greedy. It selects an action based on maximum
state-action value Q (ϕt , at |θi) with the probability ε, and
randomly selects an action with the probability 1-ε. The
ε-greedy is given by:

π (at |ϕt) =

{
random choice 1− ε
argmax

a∈A
Q (ϕt , a | θi) ε

(16)

The weight parameters of Q (ϕt , at |θi) and Q
(
ϕt , at |θ

′

i

)
is

randomly set at the beginning, so the state-action value pre-
dicted by the neural network is very inaccurate. The reward
rt is the only valuable parameter in the target value rt +
γmaxQt

(
ϕt+1, at+1|θ

′

i

)
at the beginning. Therefore, it can

basically be considered that the action is randomly selected
in the early stage of algorithm training. Song et al. [37]
increase the learning efficiency by taking advantage of prior
knowledge to initialize the weight of Q (ϕt , at |θi), but it is
difficult to obtain enough prior knowledge. In addition, the
learning rate of the algorithm decreases as the number of
training steps increases. In the early stage of training, there
are a large number of repeated collisions because it cannot
effectively avoid obstacles. The algorithm has a high learning
rate when exploring the first part of the environment. After
a large number of training steps, the learning rate is already
very low when learning the latter part of the environment.

To solve the above problem, we propose a new action
selection strategy π

′

(at |ϕt) by combining the reward R and
the Q value, referred to as RQ action selection strategy.

The approach utilizes the reward function to evaluate all
the executable actions according to the current state ϕt . The
evaluation value only focuses on the current reward. The
corresponding set of rewards rst is given by:

rst = [R (ϕt , a1) ,R (ϕt , a2) , . . .R (ϕt , an)] (17)

We expect to pay more attention to the role of rewards rather
thanQ value in the early stages of training, so as to avoid a lot
of repetitive and meaningless failures due to collisions. The
prediction of the neural network Q (ϕt , at |θi) could be more
accurate as the training steps increase. The effect of rst on the
overall selection strategy is reduced due to the increasing of
Q (ϕt , at | θi). The RQ action selection strategy is given by:

π ′ (at |ϕt)

=

random choice 1− ε

argmax
a∈A

(Q (ϕt , a|θi)+ rstg
1
n
∑n

k=1 Q(ϕt ,ak |θi)) ε
(18)

where g ∈ (0,1) is constant, and n represents the number of
actions in the action space.

The purpose of RQ action selection strategy is to reduce
meaningless exploration, especially to reduce repeated mean-
ingless collision. RQ method cannot guarantee that the algo-
rithm can learn an effective strategy quickly. Therefore, UAV
can still explore the environment in the learning process so
as to avoid falling into local optimum. In addition, ε-greedy
is used for action selection to ensure the UAV to explore the
environment.

The RQ action selection strategy utilizes the reward value
set rst to correct neural network prediction errors. The pro-
posed method focuses on short-term reward in the early
stage of training, which can reduce the collision probability
between UAV and obstacles. In the later stage of network
training, since Q (ϕt , at |θi) becomes more accurate, the pre-
diction of the neural network ismore emphasized in the action
selection. In addition, RQ action selection strategy can make
the UAVmove as long as possible in the initial training stage,
and obtain more environmental information to speed up the
learning speed of the algorithm.

C. ADAPTIVE SAMPING MECHANISM
It is necessary to take some measures to reduce number
of UAV-environment interactions and make efficient use of
existing samples. The transfer learning can transfer the exist-
ing knowledge from the source task to the target task [38].
However, it is difficult to measure the similarity between the
source task and the target task, which makes the application
difficult. The samples can be utilized to model the environ-
ment, but this method requires higher accuracy of the model
[39]. The prioritized experience replay mechanism [23] is
proved to be an effective method, which determines the sam-
ple priority based on the TD-error. But this method needs to
continuously sort the samples in the memory pool according
to the priority, which greatly increases the calculation amount
of the algorithm.
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We construct two memory pools: one for important
samples and the other for normal samples. There are two
important requirements for path planning problems: avoiding
obstacles and reaching the destination. The samples colliding
with obstacles can help the algorithm learn to avoid collisions
quickly. And samples with a larger reward value indicates
that the UAV is closer to the target point. The above two
types of samples can be used as important sample to train
network. If only two types of samples are utilized for train-
ing, insufficient sample diversity may cause the algorithm to
fall into a local optimal solution. Furthermore, the absolute
value of the reward for the two samples is large, which
may make it difficult for the algorithm to converge. There-
fore, it is necessary to establish a normal memory pool for
training [40].

Based on the above analysis, this article proposes an Adap-
tive Sampling (ADSA) mechanism. First of all, we construct
a memory pool I to store important samples and a memory
pool D to store normal samples, as follows:

1) Saving all samples of the p round into erp =

{ϕ0, a0, r0, ϕ1, a1, r1, · · · ,ϕN}.
2) If the round ends, calculating the round average reward

value Ravep :

Ravep =
1

N − 1

∑N−1

i=0
ri (19)

3) Finding the minimum value of average reward value
Ravemin in the memory pool I . The memory pool I is
updated by strategy µ(erp):

µ(erp) =

{
erp→ D Ravep < Ravemin

erp→ I Ravep ≥ R
ave
min

(20)

4) Repeating 1)- 3).
Secondly, the algorithm adaptively samples from two mem-
ory pools based on round failure rate. It indicates that the
current action selection policy is incorrect when the round
failure rate is high. Valuable samples from the important
memory pool should be taken to quickly correct the policy.
The specific method is as follows:

1) If the round ends, go to 2), otherwise go to 4).
2) Setting a fixed sampling probability τ ∈ [0, 1], ran-

domly generating a number v ∈ [0, 1]. when v < τ ,
go to 3), otherwise go to 4).

3) Randomly selecting m samples from the important
memory pool I .

4) Randomly selecting m samples from the normal mem-
ory pool D.

The ADSA method has the two advantages. The calculation
amount is very small, and there are only average calcula-
tion and minimum calculation for each round. The method
adaptively selects important samples and normal samples
according to the failure rate of the round, which helps to
correct the wrong strategy.

This article designs a reward function based on the mission
environment and the characteristics of the UAV. Aiming at the

problems of algorithms, we propose the RQ_ADSA_DRQN
approach which uses RQ method and ADSA method based
on DRQN. The specific flow of the algorithm is shown in
pseudocode and Fig. 7.

Algorithm 1 Improved DRQN for UAV path planning
Input: observation ϕt
Output: action at
EpisodesMe, Steps per episode Ne
Initialization parameters: current value network

weight θ i, target value network weight θ ′i
Mark = 0
REPEAT
Me = Me − 1.
REPEAT
Ne=Ne−1.
Put ϕt into the current value network to get

Q
(
ϕt , a|θ i

)
.

Calculate the reward rst .
Choose action at according to (18).
Execute action at to get a new state ϕt+1 and calculate

the reward rt .
Store (ϕt , at , rt ,ϕt+1) into erp.
IF the round ends:
Calculate Ravemin and R

ave
p .

IF Ravemin < Ravep :

erp→ I .
Else:
erp→ D.

IF v < τ :
Sample a minibatch from A.
Mark = 1.

IFMark = 0 :
Sample a minibatch from D.

Else:
Mark = 0.
Update the weight θ i according to (8)-(10).
Update the target network per certain steps θ ′i← θ i.
t ← t + 1.
UNTIL Ne = 0

UNTILMe = 0

IV. SIMULATION EXPERIMENT AND RESULT
A. EXPERIMENTAL SETTING
The algorithm needs a lot of interaction with the environment
to learn an effective collision avoidance policy. The learning
cost is very high in a real environment, so we construct a
simulation environment according to (1). Assuming that the
mission environment area is 500 km∗500 km∗200 m. The
starting point is (0 km, 300 km, 30 m), and the target point
is (500 km, 200 km, 30 m).

We have done a lot of experiments on parameter setting.
Different parameters are tested for their impact on the perfor-
mance of the RQ_ADSA_DRQN algorithm. The number of
training steps is 100,000, and the evaluation indicators is the
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FIGURE 7. Improved DRQN for UAV path planning structure.

TABLE 1. The influence of parameter values on algorithm performance.

total number of times that the UAV reaches the target point.
The results are shown in Table 1. It can be seen that learning
rate and the reward function have a relatively large impact
on the result, and some parameters have little impact on
the results, such as the experience library size V . According
to the test results, the parameters are set as follows: The
initial learning rate α is 0.001, multiplied by the learning
rate decay 0.9 every 5000 steps. The exploratory factor ε of
action selection is initially 0.5, and decreases linearly to 0.001
after 70,000 steps. Because the UAV would not fall into local
traps and reach the target point after training 70000 steps.
The sampling probability τ is 0.4. The size of the normal
memory pool is V = 8000, while the size of important
memory pool is U = 30. The batchsize is m= 32. The

length of observation sequence is L= 7. The parameters of
the current value network are copied to the target network
every C= 800 steps. The neuron number of LSTM is 512.
The weight coefficients in reward function are set as follows:
ω1 = −0.00125, ω2 = 0.15, ω3 = 0.0015, ω4 = 1. The
cruise altitude z0 =10 to ensure the flight height is as low
as possible. There are 100 episodes in training to compare
the performance of different algorithms, and each episode has
2000 steps.

B. COMPARISON OF ALGORITHM PERFORMANCE IN A
STATIC SCENARIO
In this article, DQN, DRQN, RQ_DRQN, ADSA_DRQN
and RQ_ADSA_DRQN are selected for comparison. The
DQN has three convolution layers and two fully connected
layers. DRQN replaces a fully connected layer of DQN with
LSTM. RQ_DRQN utilizes RQ method to accelerate DRQN
learning. ADSA_DRQN uses adaptive sampling to increase
the stability of DRQN. The two improved methods are all
used for DRQN is RQ_ADSA_DRQN. We assess the perfor-
mance of algorithms based on five indicators: The average
reward value in an episode avg_rewards, the average state-
action value in an episode avg_qs, the rounds in an episode
num_round , the number of times to reach the destination
num_success, and the average loss of model in an episode
avg_loss.
avg_rewards is the average of all reward values in an

episode, and it is given by:

avg_rewards =
1
Ne

∑Ne

t=1
rt (21)

avg_qs is the average of all Q (ϕ, a) in an episode, and it is
given by:

avg_qs =
1
Ne

∑Ne

t=1

1
M

∑M

i=1
Q (ϕt , ai) (22)

where Ne is the number of steps in an episode. M is the size
of action space.

1) THE AVERAGE REWARD avg_rewards
The goal of reinforcement learning is to learn a policy that
enables the agent to obtain the maximum long-term average
reward. Therefore, the average reward is a crucial indicator
for evaluating various algorithms. As shown in the Fig. 8,
the average reward curve is volatile and noisy, because small
changes in network weights can cause the choice of different
actions. Algorithms would be analyzed based on the value of
reward value, convergence stability and convergence speed.
It’s clearly seen that the average reward of DQN is far worse
than other algorithms, because DQN cannot remember pre-
vious historical experience information and makes decisions
based only on its perception of the current environment.
Other four algorithms can get high rewards, because LSTM
can remember more information about the local structure of
the environment based on their historical observations. The
average reward of RQ_ADSA_DRQN and ADSA_DRQN
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FIGURE 8. The average reward in a static scenario.

can basically reach a relatively stable value after 70 episodes,
while DRQN and RQ_DRQN are unstable at the later stage
of training. Instability and divergence are inherent disadvan-
tages of reinforcement learning, as the distribution of sample
data in training is always changing. The ADSA mechanism
proposed in this article can effectively improve the stability
of the algorithm. If the round failure rate is higher, the prob-
ability of sampling from important memory pool is higher.
The update frequency of important memory pool is slow,
so its sample distribution is relatively fixed. The result shows
that adaptive sampling mechanism can quickly correct the
wrong strategy and effectively improve the stability of the
algorithm. TheADSAmechanism also has the effect of accel-
erating convergence. The convergence speed of RQ_DRQN
is the fastest in all algorithms. The RQmethod introduces the
reward set rst to correct Q (ϕ, a|θi), which can compensate
for the inaccurate output of the neural network in the initial
stage of training. It is worth noting that RQ_ADSA_DRQN
also adopts the RQmethod, but its convergence speed is lower
than RQ_DRQN. The reason can be found by analyzing the
average action value avg_qs in the following.

2) THE AVERAGE STATE-ACTION VALUE avg_qs
avg_qs is a more stable indicator compared with
avg_rewards. As shown in Fig. 9, the performance of DQN
is still the worst in all models from the view of increasing
speed and absolute value. According to Bellman formula,
the update of state-action value is closely related to the
reward value. The reward of DQN is always much smaller
than that of other models, which also leads to the smaller
avg_qs. Because the reward value of the samples in the
important memory pool is higher than that of normal sample,
the average action values of the two algorithms using the
adaptive sampling mechanism are greater than those of other
algorithms. The state-action value of ADSA_DRQN is the
largest, which does not mean that this algorithm is superior
to other algorithms. The reward value is basically positive
except for the collision reward, which means that the target

FIGURE 9. The average action value in a static scenario.

value r + γmaxQ
(
ϕt+1, at+1|θ ′i

)
is likely to be greater than

the current value Q (ϕt , at |θi). Therefore, a large loss value
causes the current valueQ (ϕt , at |θi) to increase. As shown in
Fig. 10, the loss of ADSA_DRQN is always greater than that
of RQ_ADSA_DRQN in 40-60 episodes, which causes the
state-action value of ADSA_DRQN to continue to increase.
The state-action value of RQ_ADSA_DRQN is larger than
that of RQ_DRQN at the beginning of training. Accord-
ing to (18), the first item increases while the second item
decreases, which is equivalent to reducing the influence of rst .
It explains that the convergence speed of RQ_ADSA_DRQN
is lower than RQ_DRQN.

3) THE AVERAGE LOSS avg_loss
As shown in Fig. 10, The loss value of RQ_DRQN is larger
than that of other models in the initial stage of training.
Because RQ method chooses an action by considering two
factors: Q (ϕ, a | θi) and rst . For example, Q (ϕ, a1 | θi) is
bigger than Q (ϕ, a2 | θi), but the reward of action a1 is
bigger than that of action a2. It is possible that the final
choice of action is a2, which would cause large loss when
Q (ϕ, a2|θi) is updated. The large loss value can produce
a large gradient, which accelerates the updating speed of
the parameters. The learning speed of RQ_DRQN is much
faster than other models at the beginning. However, the sharp
increase of loss value at 90 episodes shows that the stability
of the algorithm is insufficient. It is difficult to judge the
convergence of ADSA_DRQN and RQ_ADSA_DRQN from
the trend of the average reward value, but it can be clearly
seen from the avg_loss that the convergence of the latter is
better than the former. The performance of DQN is still the
worst, but the loss value gradually decreases from 60 episode,
indicating a convergence trend.

4) THE NUMBER OF ROUNDS num_round
It reflects the ability of UAV to avoid obstacles. As shown in
Fig. 11, DQN can learn an effective policy to avoid obsta-
cles, but lack of temporal information restricts the ability
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FIGURE 10. The average loss in a static scenario.

FIGURE 11. The number of rounds in a static scenario.

of obstacle avoidance. Although four algorithms based on
DRQN have different convergence speeds, they can learn a
good obstacle avoidance policy.

5) NUMBER OF TIMES TO REACH TARGET POINT
num_success
The most important requirement for path planning is to
reach the target point. As shown in Fig. 12, the num_success
reflects the cumulative number of times to reach the target
point. The slope of curve indicates the number of times to
reach the target point per episode, reflecting the stability of
the algorithm convergence. DQN never reaches the target
point throughout the training process, which indicates that
this algorithm is not suitable for path planning in a large-
scale environment. The DRQN reaches the target point at 70
episodes, indicating that the learning of algorithm is relatively
slow. The small slope value indicates that the algorithm can-
not learn the policy to reach the target point well. RQ_DRQN
starts to arrive the target point at 20 episodes, which indicates
that the learning efficiency is relatively high. TheUAV cannot

FIGURE 12. The number of times to reach the target point in a static
scenario.

arrive the target point from 50 episodes, which indicates that
RQ_DRQN learns a good obstacle avoidance strategy rather
than a strategy to reach the target point. The convergence
speed of RQ_DRQN is the fastest. If the instability phe-
nomenon at the end of training is ignored, it can be said that
it is the best performing algorithm. But num_success shows
that this algorithm has a major flaw. After 100 episodes, the
number of times to reach the target point exceeds 200 for
ADSA_DRQN. The learning speed of RQ_ADSA_DRQN is
second only to RQ_DRQN. The slope is much larger than
the other four algorithms. The number of times to reach
the target point exceeds 400, which is better than other
algorithms.

The five algorithms are compared by the above indicators.
The convergence speed of RQ_ADSA_DRQN is lower than
that of RQ_DRQN, and other indicators are far superior to
these four algorithms. The performance of ADSA_DRQN is
second only to RQ_ADSA_DRQN. RQ_DRQN has a very
fast learning speed and learns good obstacle avoidance policy.
However, its success rate is relatively low, and there are
problems of instability and divergence in the final stage of
training. Although the indicators are not as good as the above
three improved algorithms, DRQN also can successfully plan
the available path. DQN still can’t reach the target point after
100 episodes training, which is the worst performance among
all algorithms.

In this article, we choose the best performing algorithm
RQ_ADSA_DRQN to be used for path planning in a fixed
and large-scale scenario, and the result of path planning is
shown in Fig. 13. When there is an obstacle in front, the UAV
turns to find a relatively low saddle between the two obstacles
and climbs over it. From the topographic map, we can see that
the UAV needs to climb to cross three saddles. If there are
no obstacles ahead, the UAV would drop to a lower altitude
because a high penalty term is set in the reward function.
When the UAV detects an obstacle in front, it tends to take
a climbing action instead of a turning action to avoid the
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FIGURE 13. Path planning by RQ_ADSA_DRQN in a static scenario.

obstacle. This phenomenon is closely related to the setting
of the reward function.

The size of probabilistic safety points k is a very important
parameter. The larger the k value means the more envi-
ronmental information the algorithm obtains, which is the-
oretically beneficial to UAV obstacle avoidance. However,
a large k value brings about an increase in the amount of
calculation. Therefore, the choice of k value needs to consider
the balance of efficiency and profit. After 100,000 train-
ing steps, we choose the number of successes to reach the
target point as the evaluation of the impact of different k
values. As shown in Fig. 14, we can clearly find that the
performance of the algorithm increases as the value of k
increases. The performance of the algorithm is obviously the
best at k =30∗30 in the later stage of training. The algorithm
performs poorly when k is less than 10∗10. We have found
the possible reasons by analyzing the UAV motion and input
sequence state length. The number of actions that can be
executed is 11, which the distance of x-directionmovement of
9 actions is 4 km. The length of the state sequence is 7. Then
we can easily conclude that the distance in the x-direction
of the state is likely to be 28 (4 ∗ 7) km. If the k value
exceeds the scale of the input state, it would cause informa-
tion redundancy, which is not conducive to the learning of the
algorithm.

As shown in the Fig. 15, there are two different three-
dimensional topographic maps. After 100000 training steps,
the performance of the three algorithms is shown in the
Table 2. RQ_ ADSA_ DRQN is much better than the other

FIGURE 14. Influence of different k values on RQ_ADSA_DRQN.

FIGURE 15. The different three-dimensional topographic maps.

TABLE 2. The performance of DQN, DRQN, RQ_ADSA_DRQN in different
three-dimensional maps.

two algorithms in terms of average reward value and times of
reaching the target point.

The starting point of UAV is fixed in the above simulation
test. We would evaluate the performance of the three algo-
rithms at different starting points. There are 100000 training
steps, and the starting point [XS ,YS ,ZS ] of UAV is set ran-
domly. When the height of the random starting point is less
than the height of the three-dimensional terrain, the random
starting point is generated again.

XS ∈ [0, 100] ,YS ∈ [200, 300] ,ZS ∈ [20, 60]

The performance of the three algorithms at different start-
ing points in the ENV 1 is shown in Table 3. Because
the starting point of random generation is closer to the tar-
get point, the three algorithms obtain higher reward values.
RQ_ ADSA_ DRQN is still the best performing algorithm.

We propose a new action selection strategy that combines
theQ value and current reward value, where g ∈ (0,1) controls
the impact of the current reward value on the action selection.
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TABLE 3. The performance of DQN, DRQN, RQ_ADSA_DRQN at different
starting points.

TABLE 4. The performance of RQ_ADSA_DRQN at different g values.

TABLE 5. The performance of RQ_ADSA_DRQN at different τ values.

The value in the second term of the (18) tends to zero as the Q
value increases, and the g value controls the rate of change.
There are 100000 training steps for RQ_ADSA _DRQN in
the ENV 2. Table 4 shows the effect of different g values on
the performance of the RQ_ADSA_DRQN algorithm in the
ENV 2. The average reward of the algorithm is the lowest as
g = 0.7. Therefore, the g value needs to consider the balance
between the current reward and the long-term reward.

If the round ends, the ADSA method randomly would
generate a number v ∈ [0,1]. If v < τ , the ADSA method
would sample from the important pool. The probability of
the algorithm sampling from the important pool increases
with the increase of τ . There are 100000 training steps for
RQ_ADSA _DRQN in the ENV 2. As shown in Table 5,
a large τ value is helpful to improve the performance of the
algorithm.

C. COMPARISON OF ALGORITHM PERFORMANCE IN A
DYNAMIC SCENARIO
We train five algorithms in different scenarios. There are four
obstacles in the environment, which the y-direction position
of obstacle randomly samples with a range of [200, 400] per
round. In the above comparison of the algorithms, it is found
that the following three indicators are more discriminative:
avg_rewards, num_round , num_success.
As illustrated in Fig. 16, two algorithms based on adap-

tive sampling can effectively increase the reward value.
RQ_ADSA_DRQNhas the best performance in terms of con-
vergence speed, stability, and absolute value. RQ_DRQN has
obvious instability as it appears in the dynamic environment.
It is important to note that the average reward of DQN is
greater than that of DRQN. The main reason is that the envi-
ronment changes randomly every round. Perception of the
environment constructed by extracting historical trajectory

FIGURE 16. The average reward in different scenarios.

information becomes inaccurate as the environment changes
randomly. DQN only needs to pay attention to the obstacle
information currently perceived. In addition, few obstacles
are beneficial to DQN for higher reward compared to the
static complex scenario. As depicted in Fig. 17, adaptive sam-
pling exhibit significant improvements over other algorithms.
RQ_ADSA_DRQN and ADSA_DRQN can stably avoid all
obstacles in the late training period. As shown in Fig.18,
RQ_DRQN reaches the target point the most times, but it
doesn’t learn a good obstacle avoidance strategy. By contrast,
two algorithms using adaptive sampling have learned a good
obstacle avoidance strategy, but the success rate is not high.
We think the reason comes from two aspects. First of all, since
obstacles are set randomly in the environment, the difficulty
of the UAV reaching the target point is also relatively ran-
dom. Secondly, it is still possible for the UAV to obtain a
large reward value if it fails to reach the target point. Even
compared with the rewards of mission success, the reward
value approaching the target point is not small. To solve the
above problem, we try to reduce the reward related to the
distance to the target, but the experimental results show that
the learning efficiency becomes very slow.We have to choose
a large reward related to the target distance. Therefore, the
strategy learned by ADSA_DRQN is to approach the target
without collision.

To validate the effectiveness of our proposed approaches,
a well-trained RQ_ADSA_DRQN is dispatched to execute
path planning in a dynamic scenario, and the result of path
planning is shown in Fig. 19. The positions of the four obsta-
cles in the environment are always changing with the time
steps. There are four moving obstacles in the environment,
and the results show that the UAV can easily avoid obstacles.

D. COMPARISON OF ALGORITHM PERFORMANCE IN AN
INDOOR SCENARIO
In order to evaluate the practical application value of our
approach, we build a simulation indoor scenario based on
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FIGURE 17. The number of rounds in different scenarios.

FIGURE 18. The number of times to reach the target point in different
scenarios.

V-REP which is more similar to the real environment.
As shown in Fig. 20, the new simulation scenario is basi-
cally the same as the real indoor environment, including
sofa, wardrobe, shelf, pedestrian, window, etc. The UAV
starts from the left side, avoiding the wardrobe, shelf and
other obstacles, passes through the window to the right
side.
ACTION SPACE: The UAV can get abundant surrounding

information in the scenario, and the forward distance of each
step is set relatively small. Therefore, the indoor simulation
scenario does not require a strong horizontal maneuver capa-
bility of the UAV. There are 9 actions in the action space
without 63 degrees of horizontal turning, compared with
the actions in the previous three-dimensional topographic
map.
INPUT STATE:The status input of theUAV includes vision

sensor and range sensor to obtain environmental information
in front of the movement. As shown in Fig. 21, the green
box represents the image obtained by the vision sensor, and
the red points represent the distance information obtained

FIGURE 19. Path planning by RQ_ADSA_DRQN in a dynamic scenario, the
y-coordinate of the obstacle changes with time.

by the range sensor. The input image of vision sensor is
256 ∗ 256 ∗ 3, and we convert the color image into a gray
image. Because color information has little effect on obstacle
avoidance decision-making, and the gray image compared
with the color image is less different between the real and sim-
ulated environments. The range sensor obtains the distance
information of 16 points in front of the UAV. In addition, the
UAV also needs to obtain position information relative to the
target point.
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FIGURE 20. The indoor simulation scenario based on V-REP.

FIGURE 21. The UAV is equipped with the range sensor and the vision
sensor.

There are 100 episodes in training to compare the perfor-
mance of different algorithms, and each episode has 5000
steps. We choose three more discriminative indicators to
evaluate the performance of different algorithms, including:
avg_rewards, num_round , num_success.

As shown in Fig. 22, the performance of DQN is far better
than that of DRQN, and even partially exceeds the improved
algorithm for DRQN. Because the UAV can easily reach the
destination as long as successfully avoiding obstacles. The
UAV needs to pay attention to the current obstacles instead
of remembering the previous states and actions. The indoor
obstacle avoidance scenario can be described as MDP rather
than POMDP. There is a similar phenomenon in Atari’s game.
DRQN performs worse than DQN for Beam Rider, and we
don’t expect DRQN to outperform DQN for MDPs [24].
The improved methods we propose can increase the reward
value compared with DRQN. The convergence stability of
ADSA_DRQN is better than other algorithms, which further
verifies the effectiveness of the adaptive sampling mecha-
nism. RQ_ADSA_DRQN has the fastest learning speed and

FIGURE 22. The average reward in an indoor scenario.

FIGURE 23. The number of rounds in an indoor scenario.

FIGURE 24. The number of times to reach the target point in an indoor
scenario.

the highest reward value in the early training period, but it is
unstable in 60-80 rounds. It is speculated that the instability
caused by RQ method, and similar situation occurs in both
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FIGURE 25. Indoor unknown test scenarios.

the static and dynamic three-dimensional maps. As shown in
Fig. 23, The small number of rounds shows that the agent
can stably avoid obstacles, and ADSA_DRQN still performs
well in stability. As shown in Fig. 24, The number of times
that DRQN reaches the target point is 0, which is far behind
DQN. The performance of RQ_ADSA_DRQN even exceeds
DQN. The two methods we propose greatly improve the
performance of the DRQN algorithm.

Our method relies on local information rather than global
information. The obstacle avoidance ability of the algo-
rithm is tested in two new unknown scenarios. As shown
in Fig. 25, the UAV can successfully avoid obstacles in
new environment. The flight trajectory is drawn with purple
and blue lines respectively. The results show that UAV can
successfully complete obstacle avoidance task in unknown
environment.

V. CONCLUSION
This article develops a deep reinforcement learning algorithm
for the UAV path planning in the complex and dynamic envi-
ronment, and proposes two methods to speed up algorithm
learning. First of all, we propose a RQ method to address the
problem of inaccurate network prediction at the initial stage
of training, which can reduce the blindness of action selection
and the probability of collision. Secondly, we propose a sim-
ple and effective adaptive sampling mechanism. It Constructs
two memory pools based on the average round reward value,
and then adaptively samples based on the failure rate with
low computational complexity. To validate the effectiveness
of our methods, we built a three-dimensional map simulation
environment based on (1) and a more realistic indoor simu-
lation environment based on the V-REP simulation platform.
The results show that the RQ method can greatly improve the

convergence speed of the algorithm, and ADSA mechanism
can improve the speed and stability of convergence. It is
verified that our method has effective obstacle avoidance
ability in a dynamic environment.

It is worth noting that the performance of DQN and DRQN
are not the same in the two simulation environments. The
performance of DRQN in the three-dimensional complex
environment is much better than that of DQN, and the oppo-
site results appear in the V-REP simulation environment. For
the POMDP model, DRQN performs better than DQN. The
method we proposed can greatly improve the performance of
DRQN for MDP model.

The input information of the algorithm contains the rela-
tive location information of the UAV and the nearby envi-
ronment information detected by the sensor. Simulation
results show that the algorithm can ensure UAV to avoid
obstacles successfully in dynamic and complex environ-
ment. This research proves that UAV only rely on limited
range sensors and image information to complete obsta-
cle avoidance tasks in indoor environments with many
obstacles. Deep reinforcement learning can complete the
fusion of various sensor information and make reason-
able decisions. The method we propose can improve the
performance of existing algorithms, which has application
value for the development of autonomous driving technol-
ogy. Therefore, the research in this article has practical
significance.

Reinforcement learning plays an important role in
autonomous decision of UAV and automobile. It is an
important research direction that reinforcement learning uses
multi-sensor to achieve more reasonable decision-making.
Different types of sensors have different information redun-
dancy. It is a potential research hotspot to make use of atten-
tion mechanism to process sensor information in different
channels. In addition, the reliability of decision-making in
reinforcement learning method is an urgent problem to be
solved. Some traditional planning methods can be used as
auxiliary decision-making to improve the reliability of rein-
forcement learning.
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