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Abstract: Aiming at the problem of hypersonic morphing vehicle avoiding no-fly zones and
reaching the target, an improved predictor-corrector guidance method is proposed. Firstly, the
aircraft motion model and the constraint model are established. Then, the basic algorithm is given,
the Q-learning method is used to design the attack angle and sweep angle scheme to ensure that the
aircraft can fly over the low-altitude zones. The B-spline curve is used to design the location of flight
path points and the bank angle scheme is designed according to the predictor-corrector method, so
that the aircraft can fly around to avoid high-altitude zones. Next, Monte Carlo reinforcement
learning(MCRL) method is used to improve predictor-corrector method and Deep Neural
Network(DNN) is used to fit reward function. The improved method can generate trajectory with
better performance. Simulation results verify the effectiveness of the proposed algorithm.

Keywords: hypersonic morphing vehicle; predictor-corrector guidance; Q-learning; B-spline curve;
Monte Carlo reinforcement learning

1. Introduction

Hypersonic morphing vehicle with a variety of sweep angles has stronger maneuverability [1].
The researches on this vehicle mainly focus on structure design [2], trajectory planning [3,4] and
attitude control [5,6], among which trajectory planning method is a very important research content
[3].

Trajectory planning of hypersonic vehicle is usually divided into reference trajectory method
[7,8] and predictor-corrector method [9,10]. The predictor-corrector algorithm has strong online
planning ability, and the method and its improvement are often used in the reentry guidance of
hypersonic vehicle. Reference [11] using both the bank angle and attack angle as control variables,
obtained much higher terminal altitude precision. Reference [12] proposed a novel quasi-equilibrium
glide auto-adaptive guidance algorithm based on ideology of predictor-corrector, which meets the
terminal position constraints. Reference [13] proposed a guidance law using extended Kalman filter
to estimate the uncertain parameters in reentry flight of X-33, which is of great value to reconfigure
the auto-adaptive predictor-corrector guidance. Reference [14] proposed a guidance algorithm based
on the reference-trajectory and the predictor-corrector for the reentry vehicles, which has less
computing time, high guidance precision, and good robustness. Reference [15] discussed recent
developments in a robust predictor-corrector methodology for addressing the stochastic nature of
guidance problems. Current predictor-corrector trajectory planning method for aircraft usually
consists of three steps: 1) Determine the attack angle scheme, which usually is a linear transition
mode. 2) Calculate the size of the bank angle according to the range error. 3) Calculate the bank angle
sign according to the aircraft heading. For the hypersonic morphing vehicle in this paper, in order to
improve the trajectory performance, it is necessary to design the sweep and angle scheme.

Reinforcement learning [16] and deep learning [17] methods have found many applications in
trajectory planning algorithms due to their intelligence and high efficiency. In reference [18], a Back-
Propagation neural network is trained by parameter profiles of optimized trajectory considering
different dispersions to simulate the nonlinear mapping relationship between the current flight states
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and terminal states. The guidance method based on trajectory the neural network can well satisfy
both path and terminal constraints and has good validity and robustness. Reference [19] presented a
trajectory planning method based on Q-learning to solve the problem of HCV facing unknown
threats. Reference [20] used reinforcement meta learning to optimize an adaptive guidance system
suitable for the approach phase of a gliding hypersonic vehicle, which could induce trajectories that
bring the vehicle to the target location with a high degree of accuracy at the designated terminal
speed, while satisfying heating rate, load, and dynamic pressure constraints. Monte Carlo
reinforcement learning [21] is a reinforcement learning used in controlling behavior [22]. This method
is applied to many decision problems [23,24].
This article is divided into four parts:

1. Establish the motion model of aircraft.
The basic predictor-corrector algorithm is given. The Q-learning algorithm is used for attack and
sweep angle scheme, which can cross the no-fly zones from above. B-spline curve method is
used to solve the flight path points to ensure that the aircraft can cross the no-fly zones through
the points. The size of bank angle is solved by the state error of the aircraft arriving at the target
and flight point. The change logic of the bank angle sign is designed to ensure the aircraft flying
safely to the target.

3. The Monte Carlo Reinforcement Learning method is used to improve the predictor-corrector
algorithm, and the Depth Neural Network is used to fit the reward function.

4. Verify the effectiveness of the algorithm through simulation.

2. Materials and Methods

The shape of the aircraft is a wave-rider, with a top view as shown in Figure 1, and adopts bank-
to-turn (BTT) control. The aircraft is composed of a body and foldable wings. The sweep angle of the
wing can form three fixed sizes, respectively x1=30°, x2=45° and x3=80°.

Figure 1. Top view of the aircraft.

2.1. Aircraft Motion Model

According to reference [25], the equations of motion of the aircraft is established. Considering
the following assumptions:
1.  The earth is a homogeneous sphere,
2. The aircraft is a mass point which satisfies the assumption of instantaneous equilibrium,
3. Sideslip angle  and the lateral force Z are both 0 during flight,
4.  Earth rotation is not taken into account.

The Equations of motion of the aircraft is given
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where, t is the time, r denotes the distance between the aircraft's center of gravity, A is longitude, ¢ is
latitude, v is the aircraft speed, 0 is the flight path angle, ¢ is the heading angle, L is lift, and D is
drag, a is the attack angle, o is the bank angle, g is the acceleration of gravity. Define s as the flying
range

s=r1/

f. = arcsin

Sil’l(l—ﬂo) )
sin(arccos(cos(¢—¢0 ))cos(l—ﬂo ))

where, 1=6371km is the Earth radius, (¢, Ao) are the longitude and latitude of the starting point.

2.2. Constraint Model

1. Heating rate constraint:

QS = kQ \/;‘/3‘15 SQsmax (3)

where, Q is the aircraft heating rate, in kW/m?, and ko is the heating rate constant, Qsmax is the
maximum allowable heating rate.

2. Dynamic pressure g constraint:
q=0.5pV*<q__ 4)

where, gmax is the maximum allowable dynamic pressure, in Pa.

3. Overload n constraint:

n=_Lcosa+Dsina<n__ 5)

where, 7max is the maximum allowable dynamic pressure. The aircraft in this paper has three sizes of
sweep angle, corresponding to three kinds of available overloads.
4. No-fly Zone Model

In this paper, two types of no-fly zone are considered. type 1 is high-altitude no-fly zone, whose
model is a cylinder with a base surface of & =40km and a radius of R» =300km. type 2 is low-altitude
no-fly zone, whose model is a cylinder with a base surface on the ground and a top surface 35km

high and a radius of 300km. The two types no-fly zones are shown in Figure 2. The model of the no-
fly zone is given as

r’sin’ AB2R?
h > 35km (6)
h < 40km
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where, Ap= arccos(singnsing+cos@rcos@pcos(A-An)), (An, Pn) is the center of the no-fly zone.

no-fly zone 1

Rn=300km

40km T

no-fly zone 2 35km
g = 41;

Figure 2. Sketch of no-fly zone.

3. Basic Predictor-corrector Guidance Algorithm

This section introduces the basic predictor-corrector guidance algorithm, which can achieve the
function of the aircraft to avoid no-fly zones during flight and reach the target point. The results of
the basic algorithm will be input into the improved algorithm learning network as a sample,
providing training and evaluation data. The basic algorithm includes attack angle and sweep angle
scheme, flight path point plan, and bank angle scheme.

3.1. Attack Angle and Sweep Angle Scheme

In this section, the Q-learning algorithm is used to give the attack angle and sweep angle scheme
to avoid type 2 no-fly zones.

3.1.1. Q-learning Principles

In the Q-learning algorithm, firstly, calculate the immediate reward r=R(s,a:) after state s
performing the action at. Then calculate the state-action value function discount value ymaxQ(st1, a)
for the next state st+1. Then the value function Q(s,a:) in current state can be estimated. If there are m
states and n actions, the Q-table is a mxn matrix.

The algorithm is to find the optimal strategy 7* by estimating the value of the state-action value
function Q(sta:) in each state. The rows of the Q- table represent the states in the environment, and
the columns of the table represent the actions that the aircraft can perform in state. In the process of
trajectory planning, the environment will provide feedback to the aircraft through reinforcement
signals (reward function). During the learning process, the Q-value of the actions that are conducive
to completing the task becomes larger as the number of times they are selected, while those are not
conducive to task completion will become smaller. Through multiple iterations, the action selection
strategy m of the aircraft will converge to the optimal action selection strategy 7*.

The rule for updating Q-values is

Qs a,) =1 +ymaxQ(s,,,a) )

where, maxQ(s++, a) is the Q-value corresponding to action a with the biggest Q-value found in action
set A when the aircraft is in state si1. The iterative process of Q-value can be obtained as follows

Qi (St’at ) <Q, (St’af)+(rf + y%laXQm (sm,a) -Q (St’at )) (8)

where, k is the k-th iteration, a#€(0,1) is learning efficiency and controls the speed of learning. The
larger its value, the faster the algorithm converges. Generally, it takes a constant.
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Q-learning approximates the optimal state action value function Q*(s, a) by updating the
strategy. Q*(s, a) is the maximum Q-value function among all policies 7, represented by

Q (s,a) =m7?xQ”(st,at) 9)

where, Q(st,a:) is the state-action value function of all strategies 7, and Q*(s, a) is the maximum value
function, corresponding to the optimal strategy 7*. According to the Bellman optimal equation, there
is

Q (s,0)= Y[R +ymax, Q' (s,.,,)] (20)

seS

where, R! represents the immediate reward obtained by executing action at in state s: and reaching

state sw+1. This paper adopts greedy strategy.
The basic process of Q-learning algorithm is as follows:
1. Selection algorithm parameters: a€(0,1), ¥€(0,1), maximum iteration steps fmax.
Initialization: For all s€S, a€A (s), initialize Q(s, a)=0, {=0.
3. For each learning round:
Initialize state st.
Using the strategy 7, randomly select a: at s, update Q:

Q(S,4,) < Q.(5, A ) +a| R+ymaxQ(s,,, A)-Q(S, A ) (31)
4. Reach the termination state, or £>fmax.

3.1.2. Q-learning Algorithm Setting

The Q-learning network takes the aircraft motion model and the environment as inputs to obtain
attack and sweep angle scheme. The parameters are set as follows.

1. State set

The state in the algorithm needs to be determined based on the flight process. Considering that
the range during the flight process usually vary monotonically, using it as state variable can make
the state variables exhibit a one-dimensional trend, which can avoid random changes between state
variables, and reduce the dimension of state variables to simplify the algorithm. The initial expected
range of the aircraft is 6000km, with every 300km as a state, there can be 20 states: S (51, Sz, ..., S20) =
{Okm, 300km, ..., 6000km}. At this time, there is no need to set a state transition function, and the state
transition is Si — Si1 (i=1... 19).

2. Action set

Set action set Ai = (x, a), which includes the sweep angle and attack angle. The sweep angle
includes 30°, 45°, and 80°, the range of angle of attack values is 5°~25°. Taking 5° is the interval, five
conditions can be taken as 5°, 10°, 15°, 20°, and 25° respectively, to obtain 15 actions. The action set
can be expressed as A = {A1(30°, 5°), A2(30°, 10°), ..., A15(80°, 25°)}.

3. Reward function

The setting of the reward function is crucial as it relates to whether the aircraft can avoid no-fly
zones and reach the target. The rationality of it directly affects the learning efficiency. Based on the
environment, reward function is set as follows

Rb S€ Sno-ﬂy zone
R( ) Rf =e / eO S€ Snormal (42)
s,a)=
Rt S€ Starget
R seS

c prograss constraint
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where, R» and R are the rewards obtained by the aircraft when entering the no-fly zone and normal
flight respectively, where Rb is set as a constant less than 0 to guide the aircraft to avoid the no-fly
zone, and Ry is set as a reward related to the aircraft velocity to enable the aircraft to store more
velocity when reaching the target, R: is the reward for the arrival to the target, and setting it as a
constant greater than 0 can guide the aircraft to reach the desired range, Rc is the reward when the
aircraft does not meet flight constraints, set to a constant less than 0 to ensure the safety of the
aircraft's flight performance.

In this section, the avoidance of type 2 no-fly zone has been achieved through attack and sweep
angle scheme, while type 1 zone needs to be avoided through lateral flight. The following is the lateral
trajectory scheme. The attack and sweep angle schemes obtained in this section will be provided as
inputs to the lateral planning algorithm.

3.2. Flight Path Point Plan

For the no-fly zones present in the environment, it is necessary to design avoidance methods. In
the analysis in last section, it can be seen that the type 2 zone can be avoided by pulling up the
trajectory, while the type 1 can’t. Therefore, type 1 zone needs to be avoided through lateral
maneuvering, and it is necessary to plan the lateral trajectory. The B-spline curve is used to obtain
flight path points, and the lateral guidance of the aircraft is realized by tracking the points.

3.2.1. B-spline curve principle

B-spline curve is composed of starting point, ending point, and control points. By adjusting the
control points, the shape of the B-spline curve can be changed. B-spline curves are widely used in
various trajectory planning problems due to its controllable characteristics [26]. The B-spline curve is
expressed as

B(r)=Y.C,P(1-0)" 7. 7e0,1] (13)

where, Piis the control point of the curve, Po is the starting point, P is the end point, n is the order of
curve. As long as the first and last control points of two B-spline curves are connected and the four
control points at the connection are collinear, it can be ensured that the curve has the same position
at the connection and the first derivative of the curve is the same. The concatenated curve will still be
a B-spline curve. The lateral trajectory planning of aircraft can be realized by using this property.

3.2.2. No-fly Zone Avoidance Methods

Considering the horizontal environment model, the no-fly zone is projected from a cylinder in a
circle. Design a 2-D B-spline curve that satisfies the constraint, and then flight path points are
obtained according to curve control points. The planning method is divided into the following steps:

1. Based on the location of the circles, choose an appropriate direction to get the tangent points of
the circles, and then select different combinations of tangent points to obtain the initial control
points. If the initial point and target line through the threat zone, at least one tangent point is
selected as the control point, and at most one tangent point is selected for each zone.

2. Augment initial control point set. The initial augmentation control point is located on the initial
heading to ensure the initial heading angle, and the intermediate augmented control points are
located on both sides of the tangent points, then the control point set is obtained. The initial
position Po and end position Px of the curve correspond to the initial position of the aircraft and
the target. In order to ensure that the aircraft can avoid the threat area, as long as the aircraft is
on the other side of the threat area tangent line Therefore, the B-spline curve is designed to be
tangent to the circle of the zone. According to the characteristic of the curve, the tangent point
can be the middle point of three collinear control points. Then adjust the distance di and 42
between the two adjacent control points to control the curvature of the curve near the tangent
point so that it does not intersect the circle, as shown in Figure 3. In the figure, Po~Ps are control


https://doi.org/10.20944/preprints202308.0039.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 August 2023 doi:10.20944/preprints202308.0039.v1

points, and the red spline curve is tangent to the no-fly zone, avoiding the curve from crossing
the zone.

d> Ps

2 d] P2
& y — V'
v
RH
No-fly Zone Ps
Po

Figure 3. Control point near no-fly zone.

Choose the tangent point (P2) of the circle as the initial control point, and augment two control
points (P1, Ps) on both sides of the tangent point. The augmented control points are given by the
distance (d1, d2) from the tangent point.

3. Take the distance between the tangent point and the augmented point as the optimization
variable. Take the spline curve length and mean curvature as the performance indicators. The
optimal curve is obtained through genetic algorithm, and the control points are obtained. The
optimization model is as follows:

P: min], = f,(d, ..d,)=L,

L,=1 (dl,"'dn) =n,
st.P=(4,9,)
P, =(4,9)

where, J1 and J2 are two performance index functions, Ls is the equivalent length of the curve, and nv
represents the mean curvature of the curve. The equations are as follows

L= [N(&) +(9) az
A ©

(ar+er)

b
It should be noted that the curve is not the lateral trajectory of the aircraft, so its length cannot
represent the flight range, and its curvature cannot represent the overload of the aircraft. However,
as characteristics of the curve, they can be used to evaluate the performance of the curve. Obtain the
optimal B-spline curves through optimization. Discard the curve that crosses the no-fly zones, and
then select the one with the best performance index from all curves.

(54)

4. Simplify the control points to obtain the flight path points.

The simplification rules are as follows: 1) Simplify from the beginning point to the end point,
and delete the augmented control point of the starting point. 2) If multiple points are located on one
line segment, delete the intermediate points and leave the two endpoints. 3) If there are four
consecutive control points (P0~P3), after deleting the second control point P1, the angle of connecting
lines by P0-P2-P3 is bigger than the original and does not cross the no-fly zone, delete the second
control point P1.4) When the simplification is repeated until two consecutive point set are identical,
the simplify finish.

3.3. Bank Angle Scheme

Bank angle scheme includes size and sign scheme.

3.3.1. Bank Angle Size Scheme
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Bank angle size scheme is achieved through predictor-corrector algorithm. First, the horizontal
error of the flight path point is predicted based attack and sweep angle scheme, and then the
amplitude and size of the bank angle are corrected.

Based on the attack angle, sweep angle, the initial bank angle, integrating the equation of motion
until the vehicle reaches the next path point. Then, the latitude position error es and the velocity error
e» are obtained. Using the secant method, the amplitude of the bank angle |omax| is corrected by eo.
and the size of the bank angle |o| is corrected by es. When the aircraft is between two points P» and
Puu, there is a relationship as shown in Figure 4.

Aircraft

Figure 4. Flight heading angle.

The correction process for the size of bank angle is given as follows.

(1) Taking initial 00-20°, integrate the equations of motion to the longitude of the target, and
calculate the eo.

(2) For intermediate path points, if e, is less than 10% of the expected speed, correction is
completed. otherwise o= oot+sgn(ev), return to step (1). For the trajectory endpoint, no correction is
required, and take go= go+1.

To avoid big overshoot of position when the aircraft passing through the path point line, The
bank angle size is set to be related to ¢1 and 12 in Figure 4. This will reduce the bank angle as the
aircraft approaches the path point connection line, the scheme is as follows

|O-| = kewl < O-max
|O.| = keWZ s |O-max

v, 2y,
v, >y,

(76)

where, k>0 is the coefficient of bank angle error, which is determined by e,. The correction process is
as follows.

(1) Taking initial oo satisfied |ool<lomax|, get ka1 at this time, integrate the motion equations to
the longitude of target, and get the eg1.

(2) Taking 00=0, and k=0 at this time, integrate the equations of motion to the longitude of next
path point, and calculate ego.

(3) ke is obtained by the correction equation

% (87)

(4) Integrate the motion equations to the longitude of target, and then calculate e.

(5) If e9 < 0.01, correction progress is completed, otherwise, es1= min(es1, eg0). Update k1, and take
keo= ke, eso=e, return to step (3).

The above is the scheme of bank angle size.

3.3.2. Bank Angle Sign Scheme

After obtaining the set of flight path points, each point should be tracked to ensure the correct
heading of the aircraft. At this time, it is necessary to give the change rule of the bank angle sign.
Heading angle yLos of the connecting line at point (A1, ¢1) and (A2, ¢2) is
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sin(4,-4,)
cos ¢, tang, —sing, cos(4, - 4,)

1= 1)s-1Pp and 2= 1+-1Pp are the heading angle of the aircraft and the connecting line between the
front and back path points. It is known that 1 and 12 have different sign. If the aircraft is located on
the left side of the path point line (as shown in Figure 4), then ¢1<0 and ¢2>0. The aircraft needs to
adjust the heading angle to increase, and the bank angle is a positive sign. If the aircraft is located on
the right side of the waypoint line (as shown on the other side), then ¢1>0 and 12<0, the aircraft needs
to adjust its heading angle to reduce, and the bank angle is a negative sign. The bank angle sign
changing logic is

y,,. =arctan (98)

(109

sgn (o) =—sgn(y,)=sgn(v,) )

where, sgn(-) is a sign function.
The above is the entire process of the basic predictor-corrector guidance algorithm.

4. Improving Predictor-corrector methods

In this paper, the MCRL method [27] is used to improve the basic predictor-corrector algorithm.
The Monte Carlo Reinforcement learning algorithm is used to improve the predictor-corrector
algorithm, and the basic algorithm is used to obtain the sample for training MCRL net. According to
the reward calculated by the errors of aircraft state reaching path points, the optimal control
command is trained. The reward function solution is fitted by the DNN to improve the efficiency of
the algorithm.

4.1. Monte Carlo Reinforcement Learning Method

In MCRL method, the learning sample is obtained by a large number of calculations of the
model, and the average reward is taken as the approximate value of the expected reward. The method
directly estimates the behavior value function, in order to get the optimal behavior directly by e-
greedy strategy.

4.1.1. MCRL Principle
The behavior value function Q is

Q,(s,a)=E,[G,1S,=5,A =ua]

=E,[R, +7R ,+15 =5A =a|

t+1

= E;r |:Z ;/kRHkH lSt =5, At = [1:|
k=0

t+2

(20)

where R is the reward of one step.

For model-free MCRL method, information needs to be extracted from samples and the average
reward of each state st is calculated as the expected reward. It is necessary to use strategy 7 to generate
multiple complete trajectories from the initial state to the termination state, and calculate the reward
value of each trajectory. The solution equation is as follows

Gt = Rm + 7Rr+2 toe= Z }/kRHkH
k=0

_a,G, +a,G, +-- (1)

Q(S)_ N(s,a)

where, @1, a2, ... are discount coefficients, ai+ax+...=1.
The algorithm adopts e-greedy strategy for action selection. The strategy randomly selects an
action from action set with a probability of € and changes it to 1-¢. Assuming that there are n actions,
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the probability that the optimal action is selected is 1-e+e/n, and the equation of the e-greedy
algorithm is

Eil-e o= argmaxQ(s,a)
z(sla)= " ah (22)
£ others
n
Under this strategy, the probability of selecting each action in the action set is non-zero, which
increases the probability of selecting the optimal action while ensuring sufficient exploration action.
In this paper, the importance sampling method is used to evaluate strategy 7 with strategy .
When the e-greedy strategy is adopted to evaluate the greedy strategy, the equation for updating the
action value function is

Q(St,at)FQ(St,at)+a(ﬁlG—Q(st,at)J (23)

i=t P;

The MCRL algorithm is as follows.

Algorithm: MCRL algorithm

Input: environment E, state space S, action space A, initialization behavior value
function Q.

Output: Optimal strategy 7 *.

Initialize Q(s, a) = 0, total reward G=0

Fork=0,1, .., n

Execute in E e-greedy strategy 7'generates trajectory

€

l-e+—a = ,

|ter e z(s,)
p: =

£
m
Fort=0,1,2, .., n

Vs, e$S Va,e A
G=Y 7
Q(s,.a,) « Q(st,at)+a(ﬁlG—Q(st,at)J

End for
Vs, eS:7(s,) =argmixQ(st,at)
End for

4.1.2. MCRL Method Settings

The MCRL method includes state sets, action sets, and reward functions. The parameters are set
as follows.

(1) State set

There are two waypoints on the flight trajectory, which can be divided into three sections:
starting point—path point 1—path point 2—endpoint. In the MCRL method, algorithm state is the
flight state set Say = (h, A, ¢, v, 0, P). At this point, the state set consists of three states, which are S(S,
Sz, S3) = {starting point, path point 1, path point 2}. There is no need to set a state transition function,
and the state transition is Si—Su1(i= 1,2,3).

(2) Action set
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Design the action A= (| omax|j, kei), including the amplitude and error coefficient of the bank angle.
The value of the bank angle amplitude ranges from 0° to 30°, with 31 groups at an interval of 1°. The
error coefficient of bank angle has different ranges in different trajectory sections. The coefficients ke
and ke range from 0 to 20, with 21 groups at an interval of 1, and ks ranges from -0.3 to 0.1 with 41
groups at an interval of 0.01. The action set A= {A1, A2, As}is got.

(3) Reward function

The reward function considers three states when the aircraft reaches the target: the latitude error
e¢, the speed vr and the heading angle error ey = {-iLos. The equation of reward function is

s & (24)

where, p is the offset coefficient, o1, 02 and o3 is the scaling coefficient, b1, b2 and bs are the weight
coefficients, and bi+b2+bs=1. When the error ey does not meet the error boundary, it is considered that
the aircraft cannot reach the expected position, and the reward is 0. When the error meets the error
boundary, the reward is obtained from the above three items.

4.2. Deep Neural Network Fitting the Reward Function
1. DNN principle

This article uses a DNN net to fit the reward function. The basic structure of DNN is shown in
Figure 5, which can be divided into input layer, hidden layer, and output layer. In the figure, w is the
weight coefficient, b is the threshold, with a superscript representing the number of layers, and a
subscript representing the number of neurons. Assuming that the activation function is f{), the
number of neurons in the first hidden layer is m, and the output is a, then the output of layer [ is

a :f(zl) f(Wlal 1+b) (25)

eleife)
AA A'A A'A ‘A\
KNS

input layer hidden layer output layer

Figure 5. Structure of DNN.
2. DNN settings

The network consists of three hidden layers with 10 neurons in each hidden layer. The network
structure is "#input-10-10-10-70utput”, Where, "Hinput” and "nouput” are the quantities of input and output
determined by the sample. Then map the sample data in [-1, 1] by normalization equation

¥ X- xmin x- xmax
X = + (26)
X =X . X =X

max min max min

In this paper, feedforward backpropagation network, backpropagation training function,
gradient descent learning function, average data performance variance and tansig transfer function
are selected. The tansig function equation is
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tansig(x) = 1 -1 (27)

e—2x

It takes four passes from the input layer to the output layer. After the learning, four weight
matrices (W1, W2, Ws, Wa4) and four threshold matrices (b1, b2, bs, bs) will be obtained. For input x,
network output y

y=W, tansig(W3 tansig(W2 tansig(l/\/lx+b1)+b2)+b3)+b4 (28)

5. Simulation

The initial altitude of the aircraft is o = 68km, the longitude and latitude are (Ao=0°, ¢o=0°), the
velocity is vo = 5300m/s, the initial ballistic inclination Angle of the aircraft, the attack angle ao and
the bank angle oo are all 0°, the initial heading angle 10 = 85°, and the target point is located at (A:=
53.8°. ¢ = 5.4°), the expected range s = 6000km. There are two type 1 no-fly zones, with the center
located at (23°, 4.5°) and (37°, 1.5°), and two type 2 no-fly zones, with the center located at (30°, 3°)
and (45°, 6°).

5.1. Simulation of Attack and Sweep Angle Scheme

According to the environment, two type 2 zones are set up, and take o =20°. After 50000 studies,
the total reward and flight process status are shown as follows.

|—'_f_,7r total reward|

.

o
=

o
=

total reward

o
'

0.2

0.0 T
0 20000 40000

iteration

Figure 6. Total Reward Curve.

) \ N ‘longim‘dml mchtory
AN
SATRURTATIYL
IR

v U U
no-fly zone

20 : : : T
0 1000 2000 3000 4000 5000 6000

Range (km)

Figure 7. Longitudinal trajectory.
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Figure 10. Sweep angle curve.

Based on the above results, the trajectory could avoid type 2 no-fly zones, and the total reward
of the algorithm tends to converge after 30000 learning. The longitudinal trajectory of the aircraft can
avoid the zones and fly to a range of 6000km. The aircraft uses both the attack angle and the sweep
angle to pull up the trajectory in front of the zone, causing the trajectory to fly higher and maintain

height over 35km.

5.2. Flight Path Point Planning Results
Based on the method in section 3.2. The evaluation function J of these 8 trajectories is shown in
Table 1. All curves generated by single and double tangent points are shown in Figure 11 respectively.

Table 1. B-spline trajectory evaluation table.

Trajectory 1 2 3 4 5 6 7 8
i 55.51 54.25 54.06 56.83 54.24 57.23 55.62 60.9
2 275.21 174.19 181.97 230.29 175.02 251.12 329.97 350.7
. Ino-ﬂy zolne l I I 10 [ curve 5
curvel | e curve 6
87----- curve 2 ) 8 curve 7
curve3 | /0N o~ 1 1 0NN |- curve 8
64---- curve 4 // N ) 6 no-fly zone 7
/ \ 7 ’ o 7! i

T T T
0 10 20 30 40 50 60

0 10 20 30 40 50 60
)

()
(a) Single tangent point curve (b) Double tangent point curve

Figure 11. B-spline curve trajectory.

It can be seen that both single and double tangent points generate 4 curves, and the trajectory 5
is obtained as the optimal solution, and the augmented and simplified points are shown in Table 2.

Table 2. Flight Path Point Table.

Augmented points A0 10 22 23 25 36 37 41 53.7
& P ¢ 0 1 15 15 15 45 45 45 54
A0 25 36 53.7

Simplified points ﬂ ﬁ T

Now, the path points required for trajectory planning are obtained.

5.3. Simulation of Network Training

1.  DNN network training
Set the maximum number of iterations of network training to 1000, the minimum performance
gradient to 107, the maximum number of confirmed failures to 6, the target value of error limit to 0,

and the learning rate to 0.05. The parameter settings in the reward value function are shown in Table

3.
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Table 3. Reward Function Parameter Settings.

parameter b b2 bs U 01 02 03
value 0.8 0.1 0.1 1000 0.0001 100 1000000

The learning effect of the training process is shown in Figures 12 and 13. Part of the sample
(group 600 to group 800 data) was randomly selected for testing, and the test results were compared
with the sample results, as shown in Figure 14.

From the above results, it can be seen that when the number of iterations reaches 1000, the mean
square error of the network converges to 9.2425x10-7, which meets the requirement. The sample
regression performance indicator R=1 indicates strong data regression. As shown in Figure 14, the
test results basically coincide with the sample. The above results demonstrate the good fitting ability
of DNN, which can achieve accurate and fast estimation of the rewards.

Best Training Performance is 9.2425e-07 at epoch 1000

Train
100 | coeeo Best
Goal

Mean Squared Error (mse)

0 100 200 300 400 500 600 700 800 900 1000
1000 Epochs

Figure 12. Mean squared error.

Training: R=1

Output ~= 1*Target + -8.7e-07

-1 0.5 0 0.5 1
Target

Figure 13. Sample regression curve.
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Figure 14. Comparison of Test and Samples Reward.

5.4. Simulation of trajectory planning algorithm
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Figure 16. 3-D trajectory.
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Figure 17. Longitudinal trajectory.


https://doi.org/10.20944/preprints202308.0039.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 August 2023 doi:10.20944/preprints202308.0039.v1

17

10 T r
—tragectory |
tragectory 2

8 o path point

A(°)
I

0 10 20 30 40 50 60
A®)

Figure 18. Lateral trajectory.
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Figure 20. Speed curve.
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According to the 3-D, longitudinal and lateral trajectory, the aircraft can reach target using both
methods. And it can cross two type 2 zones (light red) from the top and avoid two type 1 zones (dark
red) from the side, which indicates the effectiveness of the attack and sweep angle scheme, path point
scheme and bank angle scheme. The improved method has a shorter trajectory. In both cases, the
improvement method takes less time. Error! Reference source not found.are the bank angle curves,
which shows that there is a difference between the two methods. It can be considered that the
improving method is an optimal solution of the basic method. The basic method is to set a gradient
optimization artificially and output the result as long as the aircraft reaches target. In the process of
reinforcement learning, the whole process is considered to be optimal, so its trajectory is better. Due
to the same longitudinal command, the flight path angles of the two trajectories are almost the same.
The difference of bank angle makes the heading angle vary greatly. The change of the heading angle
of the basic method is larger, which indicates the advantage of the improved method. According to
the h-v flight profile in Figure 23, it can be seen that the h-v curves of the aircraft are all above the
three overloads, heating rate, and dynamic pressure curves, indicating that the trajectories obtained
by both methods meet the performance constraints of the aircraft. And the improved method obtains
a better end state for the trajectory.

6. Conclusions

This article aiming at the trajectory safety planning of hypersonic morphing vehicle, designed a
trajectory planning algorithm by using the predictor-corrector method, including the basic algorithm
and the improved algorithm. In the basic algorithm, Q-learning is used to obtain the attack and sweep
angle scheme, B-spline curve is used to obtain the flight path point, and the bank angle scheme is
designed. The basic algorithm can ensure that the aircraft can avoid the no-fly zones from the
longitudinal and lateral respectively, and reach the target point safely. In the improved algorithm,
MCRL is used to improve predictor-corrector method and DNN is used to fit reward. The improved
method produces a better trajectory while ensuring safe flight and reaching the target. Simulation
results show the effectiveness of algorithm.
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