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This paper presents the flight penetration path planning algorithm in a complex environment with Bogie or Bandit (BB) threats for
stealth unmanned aerial vehicle (UAV). The emergence of rigorous air defense radar net necessitates efficient flight path planning
and replanning for stealth UAV concerning survivability and penetration ability. We propose the improved A-Star algorithm based
on the multiple step search approach to deal with this uprising problem. The objective is to achieve rapid penetration path planning
for stealth UAV in a complex environment. Firstly, the combination of single-base radar, dual-base radar, and BB threats is adopted
to different threat scenarios which are closer to the real combat environment. Besides, the multistep search strategy, the prediction
technique, and path planning algorithm are developed for stealth UAV to deal with BB threats and achieve the penetration path
replanning in complex scenarios. Moreover, the attitude angle information is integrated into the flight path which can meet real
flight requirements for stealth UAV. The theoretical analysis and numerical results prove the validity of our method.

1. Introduction

1.1. Background and Motivation. In recent years, the emer-
gence of new military equipment and systems, the stealth
unmanned aerial vehicles (UAV) are gaining much attention
due to the air-defense radar net is increasingly in the field of
close and low altitude combat. Meanwhile, the survivability
and combat effectiveness of stealth UAV will have a great
influence on modern air warfare [1, 2]. The nose, fuselage,
and tail of stealth UAV have relatively small radar cross-
section (RCS), which aims to reduce the detection probability
of radar system and improve the penetration ability and sur-
vivability of the stealth UAV [3]. However, previous works
have mainly concentrated on the path planning in the static
environment, there are many theoretical challenges and
practical problems for stealth UAV on the problem of pene-
tration path planning, such as the constraint of attitude angle
and control of track point, the efficiency of path planning
algorithm, and real-time performance. Besides, with regard
to the Bogie or Bandit (BB) threats in the real combat envi-
ronment, it is difficult for stealth UAV to achieve penetration
path planning which is rapidly and safely. Therefore, the

kinematics model and path planning algorithm for stealth
UAV should be studied in a complex environment.

1.2. Literature Review. More recently, a lot of research has
been done in the area of penetration path planning for
aircraft, and so many algorithms had been proposed. In Ref-
erence [4], a new concept on the aircraft path planning for
the variation of radar cross-section (RCS) was firstly pre-
sented, which indicates that the stealth UAV can significantly
reduce the RCS by adjusting the attitude angle. In Reference
[5], a research framework of low detectability tactical trajec-
tory planning was proposed in the presence of multiple
radar-detected threat environments; the solution of the
optimal trajectory is transformed into the optimal control
problem with the minimum radar detection probability. A
penetration trajectory optimization method considering the
influence of aircraft radar RCS was proposed in Reference
[6]. In Reference [7] and Reference [8], a hybrid heuristic
adaptive pseudospectrum method was proposed to address
the low-detectability trajectory planning problem. In con-
trast, these methods usually adopt a simplified kinematic
model, which aims to obtain a rough reference track, and
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the constraints and control conditions of radar attitude are
rarely considered in the reference trajectories. In Reference
[9], a path planning method for stealth UAV based on the
RCS ellipsoid model was proposed to find the optimal trajec-
tory during flight. Inversely, this model requires a large
amount of computation in addressing the problem of path
planning. In Reference [10], a trajectory planning method
based on dynamic game theory was presented to analyze
the relationship between radar and UAV. In Reference [11],
a real-time air battle trajectory optimization and game model
for aircraft based on a rolling time-domain control strategy
were proposed in a complex environment. However, two
kinds of shortages exist in the research. One was that only
can be applied to the static environment with known radar
position, and it rarely achieves the path planning for stealth
UAV in the dynamic environment. The other was that the
calculation process is relatively complicated, and the real-
time performance of the path planning method is poor.
Erlandsson proposed a path planning model, and the
expected path cost of air mission was discussed in a hostile
environment; the particle swarm optimization algorithm
(PSO) was adopted to address the optimization path plan-
ning problem [12, 13]. Meanwhile, many scholars are focus
on analyzing a series of optimization algorithms to address
the penetration path planning problem for unmanned aerial
vehicle, such as A-Star algorithm [14], genetic algorithms
(GA) [15], sparse A-Star algorithm (SAS) [16], rapidly
exploring random-tree algorithm (RRT) [17, 18], particle
swarm optimization algorithm (PSO) [19, 20], black hole
algorithm [21], and other combinatorial optimization algo-
rithms [22]. However, these optimization algorithms are only
applied to address the stealth path planning problem in the
static combat environment, the single-base radar is usually
adopted in the combat scenario that the position of each
radar is known, and the number is relatively small. Further-
more, the efficiency of the algorithm and the safety of the
path are rarely optimal.

1.3. Contribution. In this paper, we focus on analyzing the
penetration path planning for stealth UAV based on an
improved A-Star algorithm, which aims to achieve rapid
penetration path planning in the dynamic combat environ-
ment with BB threats. The novelty of this method is summa-
rized as follows: firstly, the main idea of the model-based
predictive control (MPC) and learning real-time A-Star algo-
rithm (LRTA) is integrated into the path to devise the
improved A-Star algorithm. Additionally, for the BB threats
in a complex environment, the improved A-Star algorithm
is applied for the penetration path replanning with fixed alti-
tude to improve the survivability and combat effectiveness of
stealth UAV. Moreover, numerical simulation results are
applied to demonstrate the validity of the improved A-Star
algorithm in the presence of the radar net with BB threats.

1.4. Paper Organization. The paper is organized as follows.
Section 2 describes the mathematical model of stealth UAV.
Section 3 discusses the detection probability calculation of
multiple radar net, which is close to the real combat envi-
ronment. Section 4 presents the improvement of the path

planning algorithm, includes improved A-Star algorithm,
LRTA-Star algorithm, and D-Star algorithm. Our numerical
results and evaluation are presented in Section 5. Section 6
states our conclusions and future work.

2. The System Modeling

2.1. Kinematics. It is assumed that the stealth UAV can be
defined as a particle with attitude information and ignores
the influence of wind and other external conditions [1]. We
are focus on studying the control of the flight path. The
stealth UAV moves in a horizontal plane at a constant alti-
tude h. Therefore, the kinematics model can be given by

x
• = v cos φ

y
• = v sin φ

φ
• =

u
v

8>>>><
>>>>:

, ð1Þ

where x and y are the Cartesian coordinates of the aircraft, φ
is the heading angle, v is the constant speed, u is the input sig-
nal, and is the acceleration normal to the flight path vector.

Specify radar locations in the plane h = 0 (on the ground)
by the coordinates ðxi, yi, 0Þ. The range from the ith radar to
the stealth UAV is given by

Ri =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x − xið Þ2 + y − yið Þ2 + h2

q
: ð2Þ

Additionally, let

αi = arctan
y − yi
x − xi

� �

λi = αi − φ + π

θ = arctan
u
g

� �

8>>>>>><
>>>>>>:

, ð3Þ

be the azimuth, aspect, and roll angles, respectively, mea-
sured to the ith radar, g is the acceleration of gravity.

2.2. Dynamic RCS Features. Radar cross-section (RCS) is a
measure of ability for UAV to reflect electromagnetic radia-
tion emitted by radar [23]; the RCS of the nose, fuselage,
and tail of the stealth UAV is smaller than conventional
UAV, and the RCS value will be changed due to different
radar bands and radar polarization modes. It plays an impor-
tant role in the penetration path of stealth UAV in combat.
For the path planning problem, RCS is usually defined as a
constant, but it is not reasonable in practical application. By
convention [24], it is modeled as a function of the aspect
angle and roll angle as viewed from the radar. Therefore,
the dynamic RCS model is adopted to an ellipsoid [1], which
is given by
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σ λ, θð Þ = πa2b2c2

a2 sin2λ cos2θ + b2 sin2λ sin2θ + c2 cos2λ
� �2 ,

ð4Þ

where σ represents the RCS value of UAV, λ represents
aspect angle, θ represents roll angle, a is relatively small fron-
tal RCS, b is a larger beam aspect RCS, and c is relatively large
RCS when viewed from above or below.

3. Radar Detecting Probability

When the acquired target information meets the common
track criteria, the radar system confirms the detection of the
target and transmits the acquired target information to the
information fusion center. The detection probability of target
in a single-base radar, dual-base radar, and a radar net system
is depicted as follows.

3.1. Single-Base Radar. For the single-base radar, the detection
probability of the UAV is only related to the distance from the
UAV to the radar center. In a period, the radar instantaneous
detection probability can be expressed as follows:

Pt =
1

1 + c2Ri
4/σ

� �c1 , ð5Þ

where Pt is the instantaneous detection probability of the sin-
gle base radar, Ri is given by Eq.(2), and c1 and c2 are the per-
formance parameters of specific radar, respectively.

3.2. Dual-Base Radar. The dual-base radar system is consid-
ered to be effective systems to counter the four major threats
due to their technical characteristics of transmitter-receiver
separation and passive reception. For the performance of
the radar system, it has the advantages that single-base radar
can not match, such as a larger detection range and higher
accuracy. Dual-base radars are usually deployed in modern
air defense systems; therefore, we focus on analyzing the
dual-base radar system.

The transmitter is also employed as a receiver for dual-
base radar systems, which are T/R-R systems. A transmitter
can work synchronously with other splitter receivers in the
dual-base radar system. The receiver synchronizes with the
transmitter in time, phase, and space. The configuration of
the dual-base radar system is depicted in Figure 1.

where Pðx, yÞ represents the position of the target, T rep-
resents the transmitter, R represents the receiver, Db repre-
sents the distance between the transmitter and receiver, Dr
represents the distance between the target and transmitter,
Dt represents the distance between the target and receiver,
and βd represents the dual-base angle.

Additionally, D is defined as the detection range of the
bistatic radar, that is D =

ffiffiffiffiffiffiffiffiffiffi
DtDr

p
. where Dt =

ffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 + y2

p
and

Dr =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx −DbÞ2 + y2

q
. D is a constant when the radar param-

eters are given. Hence, the maximum detection range of the
bistatic radar Dmax can be obtained by

Dmax =
Pτσλc

2G

4πð Þ3KT0L S/Nð Þ

" #1/4

, ð6Þ

where Pτ represents the peak power of the transmitter, G
represents the antenna gain, L represents the system loss, K
represents Boltzmann constant, T0 is the noise temperature
of the receiver, S/N is the signal to noise ratio of the receiver,
and λc represents the wavelength. Similarly, the detection
probability of the bistatic radar under exponential distribu-
tion is given by

PD =
e−D2/D2

max 0 ≤D ≤Dmax

0 D >Dmax

(
: ð7Þ

P(x, y)

Dt

T Db R x

y

Dr𝛽d

Figure 1: The configuration of the dual-base radar system.

Input: the starting point E, destination G
Output: paths
1 X ←Min State
2 While~is empty ðOPENÞ&&tðXÞ~ =G
3 if X = null, then retun to Step 1
4 tag← tagmin, delete ðXÞ
5 if tag < hðXÞ
6 if hðYÞ ≤ tag&&hðXÞ > hðYÞ + CðY , XÞ
7 Calculate hð∗Þ and f ð∗Þ
8 end
9 end
10 if tag = hðXÞ
11 if tðYÞ =NEWor
12 ðbðYÞ = X&hðYÞ ≠ hðXÞ + CðX, YÞÞ or
13 ðbðYÞ ≠ X&hðYÞ > hðXÞ + CðX, YÞÞ then
14 bðYÞ← X, InseertðY , hðXÞ + CðX, YÞÞ
15 end
16 else
17 if bðYÞ~ = X&&hðYÞ > hðXÞ + CðX, YÞ
18 InsertðX, hðXÞÞ
19 end
20 else
21 InsertðY , hðYÞÞ, CðX, YÞ← cval
22 end
23 if tðXÞ = E&&tðXÞ~ = CLOSED
24 InsertðX, hðXÞÞ ; Calculate f ð∗Þ
25 else
26 return step 2
27 end
28 end

Algorithm 1
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3.3. Detection Probability of Networked Radar System. For a
complete netted radar system, the radar net can improve
the detection probability of UAV, significantly. The detection
probability of a networked radar system mainly refers to the
target detection probability calculated by the information
fusion center. The rank K fusion rule is widely adopted in
modern networked radar systems. Therefore, we adopt the
rank K fusion rule to analyze the detection probability of net-
worked radar [25, 26].

It is assumed that the number of radars in the netted
radar system is M, which includes single-base radar and
bistatic radar. When the number of radar detected in the sys-
tem exceeds the detection threshold according to the rank K
fusion rule, that means, the target has been detected by the
radar system, and the approximate value of the optimal
detection threshold K0 can be depicted as follows.

K0 = 1:5
ffiffiffiffiffi
M

p
: ð8Þ

The radar makes a local judgment based on the detection
of the stealth UAV, and the judgment results are either 0 or 1,
which depends on whether the local threshold detection tar-
get exists or not. H0 and H1 are binary assumptions, where
H0 represents target does not exist and H1 represents target
exists. Therefore, the decision value of the jth radar ðj = 1,
2,⋯,MÞ) can be expressed as follows:

dj =
0 if decision result isH0

1 if decision result isH1

(
: ð9Þ

Additionally, the local decision result is passed to the
information fusion center of the radar system to form a
global decision matrix Dc, that is, Dc = ðd1, d2,⋯, dMÞ. And
the radar information fusion rule for the network is denoted
as R; the decision rule RðDcÞ for rank K fusion is given by

R Dcð Þ =
1 if the 〠

M

j=1
dj ≥ K0

0 if the 〠
M

j=1
dj < K0

8>>>>><
>>>>>:

: ð10Þ

Meanwhile, the total detection probability of the net-
work radar system on the UAV is given by

PNet =〠
Dc

R Dcð Þ
Y
dj∈S1

Pdj

Y
dj∈S0

1 − Pdj

� �2
4

3
5, ð11Þ

where S1 is a set of local decision vectors that make the
fusion center judge “1”, S0 is a set of local decision vectors
that make the fusion center judge “0”, and Pdj

is the discov-

ery probability of the first radar in the radar net.

4. Path Planning Algorithm

A-star algorithm is an effective search method to solve the
shortest path in a static road network, which is widely
used to settle the path planning problems of many agents.
The closer the estimated distance is to the actual value, the

Reference
trajectory

Rolling
optimization

Predict the
output

yr(k) Controlled
object

Prediction
model 

u(k) y(k)

ym(k)

ym(k)

e(k)

e(k)

Figure 2: The principle of the MPC system.

Input: the starting point E, destination G
Output: paths
1 n← ðx0, y0Þ, ns ← ns0n→OPEN
2 While~is emptyðOPENÞ
3 f ðnsÞ← hðnsÞ + ð1 + ðηi/μiÞÞkðn, nsÞ
4 if BB threats = 0
5 if PNet < Pc
6 if ns = G&&ns~ = OPEN
7 n← ns, n→OPEN, output paths
8 else
9 n← nsi , reutrn to Step 3
10 else
11 ns → CLOSE, update n and return to Step 3
12 else
13 Multi − Step Search
14 hðnÞ←max fhðnÞ, min

ns∈J
½kðn, nsÞ + hðnsÞ�g

15 Update the nsthen
16 f ðnsÞ← hðnsÞ + ð1 + ðηi/μiÞÞkðn, nsÞ
17 Calculateσ andPNet
18 n← ns, update f ðnÞ and return to Step 5
14 end
15 end

Algorithm 2
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faster the final search speed is [27–29]. This paper dis-
cusses the improvement method of the A-Star algorithm
to address the penetration path planning problem for
stealth UAV.

4.1. The A-Star Algorithm. The main idea of the standard A-
Star algorithm is as follows. Firstly, select the appropriate
heuristic function, estimate the generation value of the exten-
sible search points in the search area, comprehensively.
Moreover, compare the different cost values of each point.
Moreover, consider the operation time and distance cost of
the track point search. Finally, find an optimal path. In the
A-Star algorithm, the operation of the OPEN list and CLOSE

list are usually performed to achieve the storage and update
of track points.

However, the standard A-Star algorithm that is applied to
find the optimal path for stealth UAV has many disadvan-
tages: (a) the route obtained by the A-star algorithm only
has the position of stealth UAV, and it can not reflect the
characteristics of the dynamic RCS and attitude angle infor-
mation. (b) Unknown path cost estimation is rarely calcu-
lated in the process of path planning accurately, and the
computation time is too long to find a globally optimal path.
(c) the performance of real-time is poor, and the algorithm
can not deal with BB threats. Therefore, we are focus on
improving the performance of the A-Star algorithm.

Start

Initialize the
OPEN list and

CLOSE list

Is the OPEN list
empty?

No path exists

Compare the cost
of n and ns

Put the parent
node into OPEN

list and child node
into CLOSE list

Rank K fusion
criterion and
attitude angle

fusion

PNet < Pc ?

Reference path

BB threat?

End

Multi-step search

outputs J(x)
and u(x)

Outputs the
replanned path

J(x) is the
minimum cost?

Does the open
list include

destination?

N

Y

N

Y

Take current state
as new state

N

Y

Y

N

Y

N

Figure 3: The flow chart of the improved A-Star algorithm.
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4.2. The D-Star Algorithm. The D-Star algorithm is devel-
oped by the A-Star algorithm and the Dijkstra algorithm
[30, 31], which is suitable for addressing the path planning
problem in unknown environments. The main idea of the
algorithm is to search the reverse path from the destination
to the start, and the heuristic function expression of the D-
Star algorithm is given by

f X, Eð Þ = h Xð Þ + g X, Eð Þ, ð12Þ

where hðXÞ represents the actual cost of the path from the
destination to state X, and gðX, EÞ is the estimated cost of
the path from the state X to the starting point.

The main steps of the D-Star algorithm are given as fol-
lows. Step 1: the value of all states are set to NEW, f ð∗Þ
and hð∗Þ are set to infinity for all states, hðGÞ is set to zero,
and the destination G is added to the OPEN list. Step 2: keep
performing f ð∗Þ the search until the location of E which is
removed from the OPEN list, if the CLOSE list contains the
tag value of the state X, the complete path sequence will be
obtained. In contrast, path planning has failed in the threat
scenario. Step 3: if the path exists, the state X can be
employed to point to the destination G by the back pointer.
Besides, if the f ð∗Þ changes, the current path cost Cð∗Þ will
be immediately recalculated. Step 4: insert the affected state
which near the new threat into the OPEN list, and then
return to Step 2. The pseudocodes of the D-Star algorithm
are depicted as follows Algorithm 1.

4.3. Improved A-Star Algorithm. We are focus on analyzing
the learning real-time A-Star algorithm (LRTA-Star) which
satisfies the requirements of real-time planning in a dynamic
environment [32, 33]. In contrast, the path obtained by
adopting the LRTA-Star algorithm is composed of a series
of the tortuous track; it is difficult to achieve accurate track
tracking control due to the limited maneuverability. Besides,
in the flight process of stealth UAV, LRTA-Star algorithm is
easy to fall into a local dead loop, which leads to the failure of
path searching. Therefore, further combined with the idea of
model-based predictive control (MPC) [34, 35], an improved
A-Star algorithm with the multistep optimal search is pro-
posed in this section.

MPC is an optimization control method, which is mainly
composed of model prediction, feedback correction, and roll-
ing optimization. The principle of the MPC system is
depicted in Figure 2.

The closed-loop output prediction ypðk + 1Þ is given by

yp k + 1ð Þ = ym k + 1ð Þ + h1 y kð Þ − ym kð Þ½ �, ð13Þ

where uðkÞ is the actual control quantity on the system at
moment k, yrðkÞ is the reference track softened by the input
filter, ymðk + 1Þ is the predicted output value of the model,
ypðk + 1Þ is the closed-loop output prediction, and h1 is the
error correction coefficient.

According to Eq. (13), the optimal control law for multi-
step prediction is given by

J = 〠
N

i=1
qi yp k + ið Þ − yr k + ið Þ
h i2

+ 〠
W

j=1
δj u k + j − 1ð Þ½ �2, ð14Þ

where N is the length of the prediction domain; W is the
length of the control domain; qi is the output prediction
error, and δj is the weighting coefficient of the control
variable.

In the process of a multistep optimization search, the
track cost of each predicted track is considered as the cumu-
lative value of the costs of N predicted track nodes. There-
fore, the objective function of UAV flight path planning
can be obtained according to the optimal control law of the

Table 1: Parameters of path planning.

Parameters Value

v 500 (km/h)

h 1 (km)

N 4

φmax π/3
r 6 (km)

Pc 0.5

a, b, cð Þ (0.317,0.178,1.000)

U 9.8 (m/s2)

θmax π/4

0 50 100 150 200 250 300 350
𝜓 (°)

–30

–25

–20

–15

–10

–5

0

RC
S 

(d
Bs

m
)

Figure 4: The RCS data of a certain type of stealth UAV.

Table 2: The geographical location and types of threat sources in
the first threat scenario.

Threat Geographic locations (km) Type

Threat module 1 (15,10) Known threat

Threat module 2 (25,25) Known threat

Threat module 3 (40,35) Known threat

Threat module 4 (30,35) BB threat
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MPC system. The cost of the predicted flight path in N steps
from the kth node is given by

J kð Þ = 〠
k+N

j=k
b1

T j ∣ kð ÞB1b1 j ∣ kð Þ + εjPNet j ∣ kð Þ
h i

+ 〠
k+W

j=k
δju

T j ∣ kð Þu j ∣ kð Þ,
ð15Þ

where PNetðj ∣ kÞ is the radar threat cost at the jth prediction
point on the current predicted track segment, which can be

obtained by Eq. (11). εj is the weight of threat cost; B1 is
the distance cost weighted matrix, uðj ∣ kÞ is the control
sequence, and b1ðj ∣ kÞ is the distance cost between the coor-
dinate of destination ðxe, ye, heÞ and the coordinate of jth
track point ½xðj ∣ kÞ, yðj ∣ kÞ, hðj ∣ kÞ�T and b1ðj ∣ kÞ = ½xðj ∣ kÞ
− xe, yðj ∣ kÞ − ye�.

The stealth UAV is limited by its maneuverability in the
process of a multistep search, where u = ðu0, u1, u2,⋯uN−1Þ
is sought by the current track point and heading angle, and
the cost function JðkÞ for the node has a minimum value.
Therefore, add the parameter ωð0 ≤ ω ≤ 1Þ to the heuristic
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(a) Improved A-Star algorithm
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(b) LRTA-Star algorithm
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Figure 5: Numerical results of penetration path planning in the first scenario.
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Figure 6: The variation of attitude angle that performed by improved A-Star algorithm in the first scenario.
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Figure 7: The detection probability of netted radar in the first threat scenario.

Table 3: The statistical result of flight in the first scenario.

Situation Algorithm
Distance
(km)

Ph
Run
time

Original
planning

Improved A-Star 62.372 0.408 5.372

LRTA-Star 67.743 0.418 8.276

D-Star 61.812 0.431 8.749

Replanning

Improved A-Star 67.415 0.417 7.508

LRTA-Star 70.833 0.429 14.624

D-Star 65.152 0.442 13.391

Table 4: The geographical location and types of threat sources in
the second threat scenario.

Threat Geographic locations (km) Type

Threat module 1 (15,10) Known threat

Threat module 2 (15,20) Known threat

Threat module 3 (40,25) Known threat

Threat module 4 (30,35) Known threat

Threat module 5 T (38,15), R (23,15) Known threat

Threat module 6 (20,30) BB threat

Threat module 7 (37,40) BB threat
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function of the original algorithm, which aims to simplify the
operation, reduce the search time and ensure the optimality
of path planning, and the new heuristic function expression
in the improved A-Star algorithm is given by

f nsð Þ = h nsð Þ + 1 +
ηi
μi

� �
k n, nsð Þ: ð16Þ

Where ηi/μi is the ratio of the path cost of the current
state to the path cost of an unknown region, n is the current
node, ns is the adjacent extended node, and kðn, nsÞ is the cost
from the current node to the adjacent node, and kðn, nsÞ =
gðnsÞ − gðnÞ. The pseudocode of the improved A-Star algo-

rithm is depicted as follows Algorithm 2, and the flow chart
of the improved A-Star algorithm is depicted in Figure 3.

5. Numerical Results

Numerical simulations of penetration path planning are per-
formed by employing the improved A-Star algorithm, LRTA-
Star algorithm, and D-Star algorithm in different threat sce-
narios, which aims to verify the effectiveness of the improved
A-Star algorithm. The simulation experiments are conducted
with MATLAB2020Ra software and a Windows 10 system.
The parameters of flight are depicted in Table 1, the value
K0 is determined by the number of radar M, and it will
change when there is a BB threat in the threat scenario.
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Figure 8: Numerical results of penetration path planning in the second scenario.
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Additionally, it is considered as the probability state of radar
high detection when PNet exceeds 0.4, and Ph is performed to
evaluate the safety degree of the track segment. The RCS data
of a certain type of stealth UAV is depicted in Figure 4.

5.1. The First Threat Scenario. The threat region has a range
of 50 km × 50 km; the geographical location and types of
threat sources are presented in Table 2. The coordinate of
the starting point is (5,5) km, and the coordinate of the target
point is (90,90) km. The numerical results of penetration
path planning which is performed by different algorithms
in the first scenario are depicted in Figure 5. The variation
of heading angle and roll angle which is applied by the
improved A-Star algorithm in the first scenario is depicted
in Figure 6, the detection probability of netted radar in the
first threat scenario is depicted in Figure 7, and the statistical
result of flight in the first scenario is presented in Table 3.

Figure 5 demonstrates the penetration paths for stealth
UAV which is performed by employing three different algo-
rithms in a scenario. From Figure 7 and Table 3, we can infer
that the stealth UAV can achieve penetration path planning
by employing in the first scenario in which a static or
dynamic environment. However, compared with the other
two algorithms, the paths obtained by employing the
improved A-Star algorithm has a smaller value of Ph and
takes less time. Figure 6 demonstrates that the improved A-
Star algorithm can accurately adjust the attitude angle and
reduce the value of RCS on the paths, and this algorithm
achieves the rapid and safe path penetration planning for
stealth UAV. Besides, the paths of the improved A-Star algo-
rithm is shorter than the LRTA-Star algorithm, and the
improved A-Star algorithm has higher path planning effi-

ciency and safety, which further proves the effectiveness of
the improved A-Star algorithm.

5.2. The Second Threat Scenario. The threat region has a
range of 50 km × 50 km; the geographical location and types
of threat sources are presented in Table 4. The coordinate of
the starting point is (5,5) km, and the coordinate of the target
point is (90,90) km. The numerical results of penetration path
planning which is performed by different algorithms in the
second scenario are depicted in Figure 8. The variation of
heading angle and roll angle which is performed by an
improved A-Star algorithm in the second scenario is depicted
in Figure 9, the detection probability of netted radar in the sec-
ond threat scenario is depicted in Figure 10, and the statistical
result of flight in the second scenario is presented in Table 5.

Figure 8 describes the penetration paths for stealth UAV
which is performed by applying three different algorithms in
a scenario with more complex threat sources, and from
Figure 10 and Table 5. For the original path planning, the
penetration paths which are safe by employing all three algo-
rithms in the scenario. However, for the path replanning in
the presence of BB threats, the path replanning has failed in
the second threat scenario, because the Ph of paths by adopt-
ing the LRTA-Star algorithm and D-star algorithm are higher
than 0.5. Inversely, stealth UAV can still achieve the path
replanning in the second scenario with two BB threats by
using an improved A-Star algorithm. Moreover, the
improved A-Star algorithm takes less time and has higher
path planning efficiency than the other two algorithms
whether in the original path planning or replanning, and it
further proves the validity of the algorithm. Figure 9 indicates
that when the improved A-Star algorithm is performed to
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Figure 9: The variation of attitude angle employed by improved A-Star algorithm in the second scenario.
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penetration path planning, the variation of heading angle and
roll angle are within the preset range, which can satisfy the
real flight requirements.

5.3. The Third Threat Scenario. The threat region has a range
of 50 km × 50 km; the geographical location and types of
threat sources are presented in Table 6. The coordinate of
the starting point is (5,5) km, and the coordinate of the target
point is (90,90) km. The numerical results of penetration
path planning which is performed by different algorithms
in the third scenario are depicted in Figure 11. The variation
of heading angle and roll angle which is performed by an
improved A-Star algorithm in the third scenario is depicted
in Figure 12, the detection probability of netted radar in the
third threat scenario is depicted in Figure 13, and the statisti-
cal result of flight in the third scenario is presented in Table 7.

Figure 11 describes the penetration paths for stealth UAV
which are performed by applying three different algorithms
in a scenario with a large number of threat sources and BB
threats; from Figure 13 and Table 7, we can see that the Ph
paths by adopting the LRTA-Star algorithm and D-star algo-
rithm are higher than 0.5 no matter in the original path plan-
ning or path replanning. Obviously, stealth UAV can rarely
achieve the penetration path planning which is safely and rap-

idly by employing these two algorithms. However, the Ph of
paths by adopting improved A-Star algorithms are always
lower than 0.5; therefore, stealth UAV can still achieve pene-
tration path planning and replanning by using the improved
A-Star algorithm in dynamic threat scenarios. Furthermore,
paths of the improved A-Star algorithm have higher efficiency
and safety, which further proves the validity of the improved
A-Star algorithm in the scenario with high threat density.
Figure 12 indicates that stealth UAV can meet constraints of
attitude angle in the field of close and low altitude combat.

6. Conclusions

This paper presented a new solution for path replanning for
stealth unmanned aerial vehicle in a complex radar net envi-
ronment with BB threats.

Table 6: The geographical location and types of threat sources in
the third threat scenario.

Threat Geographic locations (km) Type

Threat module 1 (7,22) Known threat

Threat module 2 (15,30) Known threat

Threat module 3 (40,20) Known threat

Threat module 4 (26,35) Known threat

Threat module 5 (37,40) Known threat

Threat module 6 (44,30) Known threat

Threat module 7 (12,40) Known threat

Threat module 8 (42,12) Known threat

Threat module 9 T (33,13), R (15,13) Known threat

Threat module 10 (30,25) BB threat

Threat module 11 (20,42) BB threat

Threat module 12 (33,43) BB threat

Table 5: The statistical result of flight in the second scenario.

Situation Algorithm
Distance
(km)

Ph
Run
time

Original
planning

Improved A-Star 65.192 0.429 6.053

LRTA-Star 68.879 0.459 10.504

D-Star 65.152 0.470 11.581

Replanning

Improved A-Star 70.425 0.446 9.827

LRTA-Star 70.191 0.502 16.117

D-Star 69.321 0.535 18.659
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Figure 10: The detection probability of netted radar in the second threat scenario.
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We are focus on analyzing the kinematics model of
stealth UAV, threat source in penetration environment, and
path planning algorithm. Further combined with model-
based predictive control (MPC) and the LRTA-Star algo-
rithm, an improved A-Star algorithm is proposed to achieve
penetration path planning and replanning for stealth UAV.
Meanwhile, the attitude angle information of stealth UAV
is added to the algorithm, which demonstrates the variation
characteristics of dynamic RCS. Further combined with the
kinematics analysis of stealth UAV and the detection perfor-
mance analysis of radar net, the original paths, and the
replanning paths can satisfy the real flight requirements.

Compared with the other two algorithms, the stealth
UAV can rapidly achieve the penetration path planning by
employing the improved A-Star algorithm in a different com-
plex environment with BB threats, improve the survivability
of stealth UAV, and the efficiency of penetration path
planning.

The threat scenarios are composed of single-base radar,
dual-base radar, and BB threats, which are closer to the real
combat environment. The model and the improved A-Star
algorithm proposed in this paper can quickly generate better
penetration paths in the combat area under a dynamic envi-
ronment, exhibiting certain military application value.
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Figure 11: Numerical results of penetration path planning in the third scenario.
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In future work, we are focus on the real-time rapid pene-
tration path planning for stealth UAV account for a three-
dimensional complex dynamic environment with the terrain
and unknownmotion targets in the field of close and low alti-
tude combat.

Data Availability

No data were used to support this study.
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Figure 12: The variation of attitude angle that performed by improved A-Star algorithm in the third scenario.
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Figure 13: The detection probability of netted radar in the third threat scenario.

Table 7: The statistical result of flight in the third scenario.

Situation Algorithm
Distance
(km)

Ph
Run
time

Original
planning

Improved A-Star 67.316 0.457 9.259

LRTA-Star 71.909 0.521 16.746

D-Star 82.339 0.639 19.468

Replanning

Improved A-Star 69.788 0.476 17.362

LRTA-Star 73.520 0.570 28.732

D-Star 84.825 0.698 34.085
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