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Abstract: This study presents an advanced second-order sliding-mode guidance law with
a terminal impact angle constraint, which ingeniously combines reinforcement learning
algorithms with the nonsingular terminal sliding-mode control (NTSM) theory. This hybrid
approach effectively mitigates the inherent chattering issue commonly associated with
sliding-mode control while maintaining high levels of control system precision. We intro-
duce a parameter to the super-twisting algorithm and subsequently improve an intelligent
parameter-adaptive algorithm grounded in the Twin-Delayed Deep Deterministic Policy
Gradient (TD3) framework. During the guidance phase, a pre-trained reinforcement learn-
ing model is employed to directly map the missile’s state variables to the optimal adaptive
parameters, thereby significantly enhancing the guidance performance. Additionally, a gen-
eralized super-twisting extended state observer (GSTESO) is introduced for estimating and
compensating the lumped uncertainty within the missile guidance system. This method
obviates the necessity for prior information about the target’s maneuvers, enabling the
proposed guidance law to intercept maneuvering targets with unknown acceleration. The
finite-time stability of the closed-loop guidance system is confirmed using the Lyapunov
stability criterion. Simulations demonstrate that our proposed guidance law not only meets
a wide range of impact angle constraints but also attains higher interception accuracy and
faster convergence rate and better overall performance compared to traditional NTSM and
the super-twisting NTSM (ST-NTSM) guidance laws, The interception accuracy is less than
0.1 m, and the impact angle error is less than 0.01◦.

Keywords: deep reinforcement learning; Lyapunov; guidance law; impact angle constraint

MSC: 93D05

1. Introduction
The traditional proportional navigation guidance (PNG) law is simple in form and

easy to realize and has been widely used in engineering [1,2]. However, with modern
warfare development, targets have become more and more defensive and maneuverable,
necessitating missiles that not only achieve precise target strikes but also meet a specified
terminal impact angle [3,4]. This is crucial for scenarios such as intercepting missiles with
minimal impact angles for direct collision or striking vulnerable sections of targets like
ground tanks and aircraft wings with optimal angles.

Current research into guidance laws with impact angle constraints primarily focuses
on methods such as proportional navigation guidance’s additional bias term, optimal
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control theory, and sliding-mode variable structure control theory [5–7] among others. The
basic idea of the proportional guidance method with an additional bias term [8–10] is to
introduce an additional bias parameter to design a guidance law that meets the constraints
of the miss distance and impact angle. The guidance law designed by this method is simple
and easy to implement, but it mainly attacks stationary or slow-moving targets and lacks
efficacy against rapid and highly maneuverable targets [11]. The optimal control method is
also the most widely studied method; the idea is to find the guidance law with terminal
impact angle constraint by minimizing the performance index. In [12], a guidance law
with impact angle constraint that can hit maneuvering targets with constant acceleration
is proposed based on the linear quadratic optimization theory. Reference [13] proposes a
modeling method with the desired line of sight as the control target and designs an optimal
guidance law for ballistic forming on the basis of constraining the relative motion direction
of the terminal projectile and ballistic overload. The above optimal control methods achieve
satisfactory control accuracy, but all of them require an estimation of the time-to-go, which
can be challenging to ascertain in real-world scenarios.

Sliding-mode variable structure control has the characteristics of high precision
and strong robustness, so it is widely used in the design of guidance laws with con-
straints [14,15]. In [16–18], the authors use a terminal sliding-mode (TSM) control method
to design the guidance law, which can guarantee that the impact angle converges to the
expected impact angle and the line-of-sight (LOS) angle rate converges to zero in finite
time, and they apply the finite-time control theory to solve the specific convergence time.
However, the existing TSM and fast terminal sliding-mode (FTSM) controllers have a com-
mon shortcoming, that is, the singular problem occurs easily on the terminal sliding-mode
surface when the error approaches zero. To solve this problem, NTSM was proposed.
NTSM can not only achieve finite time convergence but also avoid singularity problems;
references [19–22] verify the above theory. It should be pointed out that in [20,22], in order
to eliminate chattering, a special function is used to replace the sign function, which intro-
duces steady-state errors, and the guidance laws above are all for non-maneuvering targets.
For maneuvering targets, the authors of [23] achieve impact angle convergence by selecting
the missile’s lateral acceleration to enforce the terminal sliding mode on a switching surface
designed using nonlinear engagement dynamics, but they do not take into account the
singularity that the proposed design may exhibit in its implementation. A guidance law
based on NTSM is proposed in [19], but the maneuvering upper limit of targets needs
to be estimated, and there are chattering problems. In order to suppress high-frequency
chattering, the boundary-layer method, reaching law method, and observer method are all
effective solutions. The authors in [24] used continuous saturation function to approximate
the sign function, which reduced the chattering, but this method led to a decrease in the ro-
bustness of the system as the boundary layer increased. To solve this problem, reference [25]
designed a second-order sliding-mode guidance law with continuous characteristics based
on the high-order sliding-mode algorithm. The super-twisting algorithm was adopted as
the reaching law of the sliding-mode control to eliminate the discontinuous term in the
guidance law and thus weaken the chattering. However, the traditional super-twisting
algorithm has the shortcomings of a slow convergence speed when the system state is far
from the equilibrium point and cannot make full use of the missile overload capacity [26].
Nowadays, with powerful nonlinear approximation and data representation methods,
data-driven reinforcement learning(RL) methods have attracted considerable attention in
the design of guidance law, and model-free RL has been implemented in several algorithms
for finding optimal solutions, making complex decisions, and in self-learning systems
which improve behavior based on previous experiences [27]. Traditional reinforcement
learning methods are suited for discrete environments with small action and sample spaces.
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However, real-world tasks, such as guidance and control challenges, involve large state
spaces and continuous action domains with complex, nonlinear dynamics, which conven-
tional methods find difficult to manage. Deep reinforcement learning (DRL) addresses
these limitations by integrating deep neural networks with reinforcement learning, thereby
enabling a more robust approach to handling the complexities of continuous and nonlinear
systems. In recent years, many authors [28–32] have used Q-learning, deep Q-leaning
network (DQN), deep deterministic policy gradient (DDPG), twin-delayed deep determin-
istic policy gradient (TD3), and other RL algorithms to train neural network models. The
parameters of the missile’s LOS rate, position vector, and so on are used as state variables
in a Markov decision as inputs, then the trained neural network can directly map the
guidance command, which provides a new idea for the design of guidance law under
multi-constraint conditions. Gaudet et al. [33] improved the Proximal Policy Optimiza-
tion (PPO) algorithm and proposed a three-dimensional guidance law design framework
based on DRL for interceptors trained with the PPO algorithm. A comparative analysis
showed that the deduced guidance law also had better performance and efficiency than
the extended Zero-Effort-Miss (ZEM) policy. In a similar way, Gaudet et al. [34] devel-
oped a new adaptive guidance system using reinforcement meta-learning with a recursive
strategy and a value function approximator to complete the safe landing of an agent on
an asteroid with unknown environmental dynamics. This is also a good method to solve
the continuous control problem, but the PPO algorithm uses a random policy to explore
and exploit rewards, and this method to estimate the accurate gradient requires a large
number of random actions to find the accurate gradient. Therefore, such random operation
reduces the algorithm’s convergence speed. In [35], an adaptive neuro-fuzzy inference
sliding-mode control (ANFSMC) guidance law with impact angle constraint is proposed
by combining the sliding-mode control method with an adaptive neuro-fuzzy inference
system (ANFIS), and the ANFIS is introduced to adaptively update the additional control
command and reduce the high-frequency chatter of the sliding-mode control (SMC), which
enhances the robustness and reduces the chattering of the system; numerical simulations
also verify the effectiveness of the proposed guidance law. In [36], the author proposes
a three-dimensional (3D) intelligent impact-time control guidance (ITCG) law based on
nonlinear relative motion relationship with the field of view (FOV) strictly constrained. By
feeding back the FOV error, the modified time bias term including a guidance gain which
can accelerate the convergence rate is incorporated into 3D-PNG; then, the guidance gain is
obtained by DDPG in the RL framework, which makes the proposed guidance law achieve
a smaller time error and have less energy loss. But in [37], the authors pointed out that
the DDPG had the problem of an overestimation of the Q value, which may not give the
optimal solution. Moreover, the DDPG uses a replay buffer to remove the correlations
existing in the input experience (i.e., the experience replay mechanism) [38,39] and uses the
target network method to stabilize the training process. As an essential part of the DDPG,
experience replay significantly affects the performance and speed of the learning process
by choosing the experience used to train the neural network.

Based on the above problems, this paper designs a novel adaptive impact angle-
constrained guidance law based on DRL and the super-twisting algorithm. It introduces a
parameter γ to replace the fractional power equal to one half in the conventional super-
twisting algorithm, which improves the guidance performance and the convergence rate
of the system state by adaptively adjusting this parameter. Drawing on the insights
from [37,40], we apply the preferential sampling or prioritized experience replay mecha-
nism [41] to enhance the TD3 algorithm and then obtain the adaptively optimal parameters
γ using our improved DRL algorithm. Compared to the sliding-mode guidance law based
on the traditional super-twisting algorithm, our algorithm is more effective in reducing
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chattering, has better guidance accuracy, and achieves better constraint effects on the ter-
minal impact angle. Moreover, the trained neural network exhibits strong generalization
capabilities in unfamiliar scenarios. Finally, we design a GSTESO, different from the modi-
fied ESO in [42] that only uses nonlinear terms; the proposed GSTESO can provide faster
convergence rate when the estimation error is far away from the equilibrium, and it does
not depend on an upper bound of uncertainty. Furthermore, in comparison to the modified
ESOs incorporating both linear and nonlinear terms discussed in [43], the GSTESO we
propose does not introduce any additional parameters that require adjustment.

2. Preliminaries and Problem Setup
2.1. Relative Kinematics and Guidance Problem

The missile–target relative motion relationship is established in the inertial coordinate
system, as shown in Figure 1, where Oxy is the ground inertial coordinate system, r is
the missile–target relative distance, q is the missile–target LOS angle, M and T are the
interceptor and the target, σ and σT are the flight path angle of the missile and the target,
respectively, V and VT represent the velocity of the missile and the target, respectively, aM

and aT represent the normal acceleration of the missile and the target, respectively, η and
ηT are the parameters of leading angles of the missile and the target. It is stipulated that all
angles in Figure 1 are positive counterclockwise.


q



T

T

Target

Missile

r

x

y

Ma

Ta

V

TV

Figure 1. Relative motion model (aM is perpendicular to V, aT is perpendicular to VT).

According to the missile–target relative motion relationship in Figure 1, the dynamic
model of the missile terminal guidance phase is obtained as

ṙ = −VT cos(σT − q)−V cos(σ− q) (1)

q̇ = [VT sin(σT − q)−V sin(σ− q)]/r (2)

σ̇ =
aM
V

(3)

σ̇T =
aT
VT

(4)
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where ṙ is the relative speed between the missile and the target; q̇ is the LOS rate. According
to the constant-bearing course, a guidance law is designed to make the LOS angle rate
converge in a finite time to ensure that the missile can accurately attack the target.

The impact angle is defined as the angle between the missile velocity vector and the
target velocity vector at the interception of the guidance phase during the missile’s attack
on the target. The moment when the missile intercepts the target is denoted as t f , and the
desired impact angle of the missile in the guidance process is denoted as σf .

Lemma 1 ([44]). For a pre-designated target with an expected impact angle, there always exists a
unique desired terminal LOS angle. Hence, the control of the intercept angle can be transformed
into the control of the final LOS angle.

Assuming that the desired LOS angle is q f , the objective of this paper translates into
designing a continuous guidance law that achieves q→ q f , q̇→ 0 in finite time.

2.2. Kinematic Equations for LOS Angle Tracking Error

We take the first derivative of Equation (1) and Equation (2), respectively, to obtain

r̈ = rq̇2 + aTr − ar (5)

q̈ =
−2ṙq̇

r
− aq

r
+

aTq

r
(6)

where ar, aTr is the acceleration of the missile and the target along the LOS angle, respec-
tively, ar = a sin(q − σ), aTr = aT sin(q − σT); aq, aTq is the acceleration of the missile
and the target normal to the LOS angle direction, respectively. For most tactical missiles
controlled by aerodynamic forces, the axial acceleration along the velocity direction is often
uncontrollable, so this paper only designs the guidance law based on Equation (6).

Let e be the LOS angle tracking error, and the LOS angle rate ė = q̇. Then, the LOS
angle second-order dynamic error equation can be obtained as:

ë =
−2ṙq̇

r
− aq

r
+

aTq

r
(7)

As shown in Equation (7), when q− σ = ±π
2 rad, aq = 0m/s2, the missile cannot be

controlled by the controller at this point, so it is regarded as a singular point. In order to
avoid this situation, aq is used as a virtual control input, and Equation (7) can be rewritten
as follows:

ë =
−2ṙq̇

r
− a

r
+

a− aq + aTq

r
(8)

2.3. Deep Reinforcement Learning

The deep reinforcement learning algorithm is an algorithm based on the actor–critic
network structure, which can update policy and value function at the same time and is
suitable for solving decision problems in the continuous task space. Using the DDPG [45]
algorithm as an example, the actor network uses policy functions to generate action
a = π(s), which is executed by agents to interact with the environment. The critic network
uses the state-action value function Q(s, a) to evaluate the performance of the action and
instruct the actor network to choose a better action for the next stage.

The actor network uses a policy gradient algorithm to update parameter ϕ:

∇ϕπ J = E[∇aQ(s, a)|a=π(s)∇θππ(s)] (9)
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The actor network uses the estimated value Q(s, a) obtained by the critic network to
select actions, so the estimate should be as close to the target value as possible, which is
defined by:

yt = Rt + τQ′(st+1, π′(st+1)) (10)

where Rt represents the current reward, st+1 represents the next state, Q′(·) is the state-
action estimate obtained by the critic target network, and π′(st+1) is the estimated action
obtained by the actor target network. All target networks use the “soft update” method to
update network parameters.

The training of the critic network is based on minimizing the following loss function
L(w) to update the new parameter w:

L(w) = E[(yt −Qw(st, at))
2] (11)

When the two networks obtain the optimal parameters, the whole algorithm can
obtain the optimal strategy, which can be regarded as a mapping from state to ac-
tion, so that the missile can select the most valuable action according to the current
environment state.

3. Guidance Law Design with Impact Angle Constraint
3.1. Disturbance Differential Observer Design and Stability Analysis

The observer proposed in this paper is the GSTESO, whose role is to observe the
disturbance in real time. Its input is the measurable system state parameters, and its output
is the observed value of the disturbance, which is used for system compensation.

Consider the following system:

ż = u + d(t) (12)

where z is the controlled variable, u is the control variable, and d is the disturbance.
Assuming that the upper limit of target acceleration aT is known [46], and due to the

limitation of physical conditions, there is always an upper limit of ȧT . Therefore, assuming
that ȧT is known, it is easy to know that the disturbance term aTq also has an upper limit,
that is:

aM − aq + aTq < L (13)

Let system disturbance d(t) = aM − aq + aTq; Equation (6) becomes

q̈ = ë =
−2ṙq̇

r
− aM

r
+

d(t)
r

(14)

Let z = rq̇; Equation (6) can be written as

ż = −ṙq̇− aM + d(t) (15)

According to Equations (12) and (15), the proposed GSTESO can be constructed
as follows:

{ ˙̂z = d̂(t)− ṙq̇− aM + k3ζ1(e1)

˙̂d(t) = k4ζ2(e1)
(16)
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where e1 = ẑ− z, and the nonlinear function is designed as

{
ζ1(e1) = ⌊e1⌉

1
2 + e1

ζ2(e1) =
3
2⌊e1⌉

1
2 + 1

2 · sign(e1) + e1
(17)

where the symbol ⌊·⌉x is defined as |·|x · sgn(·), and the parameter of GSTESO can be
selected as k3 = 2ε0, k4 = ε2

0.
Similarly, let e2 = d̂(t)− d(t); the estimation error system can be written as:

{
ė1 = k3ζ1(e1) + e2

ė2 = k4ζ2(e1)− ḋ(t)
(18)

Next, we verify the stability of the GSTESO. Firstly, let us introduce a new state vector
as follows

η T = [ζ(e1), e2] (19)

The Lyapunov function is constructed as

V1 = ηTPη (20)

where P is a symmetric and positive definite matrix, and the derivative of η is

η̇ = ω(e1)

[
k3ζ(e1) + e2

k4ζ(e1)− ḋ(t)/ω(e1)

]

= ω(e1)(Aη − BΛ)

(21)

where ω(e1) = 0.5|e1|−0.5 + 1, Λ = ḋ(t)/ζ(e1)

A =

[
k1 1
k2 0

]
, B =

[
0
1

]
(22)

Inspired by [43], we set ∆(ζ, Λ) =

[
η

Λ

]T[
C D
D −θ

][
η

Λ

]
, where θ ≥ 0; then, it

can be guaranteed that ∆(ζ, Λ) ≥ 0 by choosing proper matrices C and D .

Theorem 1 ([43]). Suppose there exists a positive definite symmetric matrix P and positive constant
κ satisfying the following matrix inequality:

[
AT P + PA + κP + C PB + DT

BT P + D −θ

]
≤ 0 (23)

System (18) is finite-time stable.
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V̇1 = ω(e1)
[
ηT(AT P + PA)η + ΛBT Pη + ηT PBΛ

]

= ω(e1)

[
η

Λ

]T[
ATQ + QA QB

BTQ 0

][
η

Λ

]

≤ ω(e1)





[
η

Λ

]T[
ATQ + QA QB

BTQ 0

][
η

Λ

]
+ ∆(η, Λ)





≤ ω(e1)

[
η

Λ

]T[−κP 0
0 0

][
η

Λ

]

= − κ

2|e1|1/2 V − κV

(24)

According to Equation (20), we can obtain the final result as follows:

ψmin{P}∥η∥2 ≤ ηT Pη ≤ ψmax{P}∥P∥2 (25)

where ψ{P} is the eigenvalue of matrix P, and ∥η∥2 = |e1|+ 2|e1|(3/2) + e2
1 + e2

2.

Therefore, |e1|(1/2) ≤ (V(1/2)
1 )/(ψ(1/2)

min {P}) holds, and Equation (24) can be rewritten as

V̇1 ≤ −
κψ1/2

min{P}
2

V1/2 − κV (26)

According to the finite-time stability criterion mentioned in [47], the error system (18)
achieves finite-time stability.

3.2. Guidance Law Design

The sliding-mode control can be divided into two phases: the first phase is the reaching
period, during which the system state converges from the initial state to the sliding-mode
surface under the action of the auxiliary control term. The second phase is the sliding
phase, in which the system state slides along the sliding-mode surface to the equilibrium
point under the action of the equivalent control term to achieve state convergence.

Terminal sliding-mode control uses a nonlinear function as a sliding surface, which can
make the system state converge in finite time, but this method has a singularity problem.
In order to avoid the singularity problem and obtain higher control accuracy and faster
convergence speed [48], this paper uses the non-singular terminal sliding-mode surface to
design the guidance law. The sliding surface is designed by:

c = e +
1
β
|ė|αsgn(ė) (27)

where α, β are design parameters, β > 0, 1 < α < 2.
The super-twisting algorithm is a second-order sliding-mode algorithm, which has

been widely used in control problems because of its superior characteristics such as effec-
tively reducing the chattering, strong robustness, and high-precision control.

The adaptive super-twisting algorithm is as follows:

{
ẏ1 = −k1|y1|1−1/γsgn(y1) + y2

ẏ2 = −k2sgn(y1)
(28)

The algorithm converges in finite time. The proof can be found in reference [49,50].



Mathematics 2025, 13, 987 9 of 26

According to Equations (27) and (28) and reference [51], the proposed RLST-NTSM is
given by:

aM = −2ṙq̇ +
βr
α
|ė|2−αsgn(ė) + z1 + k1|c|(1−1/γ)sgn(c) + k2

∫ sgn(c)
r

dt (29)

where k1, k2 are design parameters, γ is the introduced adaptive parameter, and z1 is the
output of the GSTESO Equation (16).

Remark 1. While the traditional super-twisting method directly sets the parameter to 2, we
introduced a free parameter γ in Equation (28). Various papers [26,52–57] have proposed different
adaptive methods to improve the super-twisting sliding-mode guidance law, each with its own
specific form. However, most of these methods involve an adaptive gain adjustment of the parameter
k1. The study [50] already showed that for the traditional super-twisting algorithm, as long as
k1 was sufficiently large, the algorithm could converge. As for the impact of parameter variation
involved in the equation 1− 1/γ on control effectiveness, there is currently no literature studying
this aspect, with only a few references (e.g., [58]) mentioning choosing a value slightly greater
than 0.5 for 1− 1/γ. This suggests that some researchers may have already found that directly
selecting the value as 1− 1/γ = 0.5 may not be appropriate. Therefore, this paper employed DRL
algorithms to adaptively adjust the selection of this parameter through model-free learning to achieve
adaptive tuning.

3.3. Stability Analysis

Before delving into the analysis, let us introduce Lemma 2 [59]:

Lemma 2 ([59]). Suppose v(x), defined on U ∈ Rn, C1, is a smooth positive definite function, and
v(x) + β1vβ2(x) is a negative semi-definite function on U ∈ Rn for β2 ∈ (0, 1) and β1 ∈ R+;
then, there exists an area U0 ∈ Rn such that any v(x) which starts from U0 can reach v(x) = 0 in
finite time Tr, and the settling time Tr can be estimated by

Tr ≤
v1−β2(x0)

β1(1− β2)
(30)

where v(x0) is the initial value of v(x).

Taking the derivative of Equation (27) with respect to time, we obtain

ċ = ė +
α

β
|ė|α−1 ë = ė +

α

β
|ė|α−1(

−2ṙq̇
r
− a

r
+

f
r
) (31)

Substituting Equation (27) into Equation (29), we obtain

ċ = ė + α
β |ė|

α−1( f
r −

z1
r −

β
α |ė|

2−αsgn(ė)− k1
r |c|

1−1/γsgn(c)− k2
r
∫ sgn(c)

r dt)

= α
βr |ė|

α−1( f − z1 − k1|c|1−1/γsgn(c)− k2
∫ sgn(c)

r dt)
(32)

According to Section 3.1, the estimation error of the GSTESO in (16) is dynamically
finite-time stable, when the observer observation error tends to 0, and Equation (32) can be
simplified as follows

ċ =
α

βr
|ė|α−1(−k1|c|1−1/γsgn(c)− k2

∫ sgn(c)
r

dt) (33)
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Referring to reference [49], we introduce a new state vector as follows

ξ = [|x1|1−1/γsgn(x1), x2]
T (34)

where x1 = c, x2 = − αk2
β

∫ sgn(c)
r dt + α

β ( f − z1).
Taking the derivative of Equation (34) with respect to time, we obtain

ξ̇ =
|ė|α−1

r
|x1|−

1
γ Aξ (35)

A =

[
− α

β (1− 1
γ ) 1− 1

γ

− αk2
β 0

]
(36)

Since k1 > 0, k2 > 0, β > 0, 1 < α < 2, γ > 1, it is easy to prove that A is a Hurwitz
matrix. Thus, there exists a unique matrix P = PT and P is the solution of the following
Lyapunov equation.

ATP + PA = −Q (37)

where every Q = QT > 0.
For the stability analysis of Equation (35), we choose the following Lyapunov function:

V = ξTPξ (38)

Taking the derivative of Equation (38) and substituting Equations (34) and (35), we obtain

V̇ = ξ̇TPξ + ξTPξ̇

=
|ė|α−1

r
|x1|−1/γξT(ATP + PA)ξ

= −|ė|
α−1

r
|x1|−1/γξTQξ

(39)

From the definition of ξ, we know that |x1|1−1/γ ≤ ∥ξ∥2, where ∥·∥2 denotes the
L2-norm of the vector; then, Equation (39) becomes

V̇ ≤ |ė|
α−1

r
∥ξ∥2

− 1
γ−1 ξTQξ

≤ −λmin(Q)
|ė|α−1

r
∥ξ∥2

2− 1
γ−1

≤ −λmin(Q)λ
−[1− 1

2(γ−1) ]

max (P)
|ė|α−1

r
V1− 1

2(γ−1)

≤ −λmin(Q)λ
−[1− 1

2(γ−1) ]

max (P)
|ė|α−1

rmax
V1− 1

2(γ−1)

(40)

where γmin(·) and γmax(·) are the minimum eigenvalue and maximum eigenvalue of matrix

(·), λmin(Q)λ
−[1− 1

2(γ−1) ]

max (P) |ė|
α−1

rmax
≥ 0, 1− 1/[2(γ − 1)] ∈ (0, 1). According to Lemma 3,

when |ė| ̸= 0, the equilibrium point of the system in Equation (35) is finite-time stable, and
the convergence time Tc is satisfied

Tc ≤ Tr +
V1− 1

2(γ−1) (Tr)

λmin(Q)λ
−[1− 1

2(γ−1) ]

max (P) |ė|
α−1

rmax
1

2(γ−1)

(41)
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where V(Tr) denotes the value of V at time tr. It follows from the definition of ξ̇ that
Equation (27) for the nonsingular terminal sliding-mode surface can also converge in finite
time. Once the sliding-mode surface is reached, Equation (27) is obtained

e +
1
β
|ė|αsgn(ė) = 0 (42)

In summary, the system in Equation (34) is finite-time stable.

3.4. Algorithm Design for Reinforcement Learning

Reinforcement learning considers the paradigm of interaction between an agent and
its environment, and its goal is to make the agent take the behavior that maximizes the
benefit, so as to obtain the optimal policy. Most reinforcement learning algorithms are
based on a Markov decision process (MPD). The MPD model is often used to establish the
corresponding mathematical model for a decision problem with uncertain state transition
probability and state space and action space and to solve the reinforcement learning
problem by solving the mathematical model. If the simulation covers all the state spaces
encountered by the guidance law in practice and there is sufficient sampling density,
the resulting guidance law is the optimal one with respect to the modeled missile and
environment dynamics.

To better solve the problem in this paper, we chose the LOS angle rate, LOS angle
tracking error, as well as the sliding-mode value as the state space S : [q̇, e, c], which can
also cover the whole guidance process. Then, the neural network was used to map the
state of each step out of the parameter γ in Equation (28). Through Equation (40), we know
1− 1/[2(γ− 1)] ∈ (0, 1), so γ > 1.5 can be obtained; thus, we designed the action space
as A : [γ] ∈ (1.6, 3.6). Considering the overload problem in real flight, we restricted the
action space to 200 m/s2.

The reward function acts as a feedback system to indicate from the environment
whether the missile performance is good or bad. In order to further reduce the chattering
problem and improve the guidance accuracy, the reward function designed in this work
was divided into two parts.

We shaped the shaping reward function as follows:

Rshaping =

{
0.0001
|c| , if dr < 0

0, otherwise
(43)

Rterminal =

{
100
|r| , if r< 10

0, if otherwise
(44)

R = ωRshaping + Rterminal (45)

where ω > 1 is the weight parameter, and the maximum values of Rshaping and Rterminal

were set to 100 and 10,000, respectively.
In standard reinforcement learning, the aim is to maximize the long-term reward for

the agent’s interaction with the environment. The goal of the agent is to learn a policy

π : S → A that maximizes the long-term reward: Gt =
T
∑
i=t

τi−tR(si, ai), where T is the

termination time step, R(si, ai) is the reward the agent would receive for performing action
ai in state si, and τ is the discount factor τ ∈ (0, 1). The action value function is used to
represent the expected long-term reward for performing action ai in state si:

Q(st, at) = E[Gt|s = st, a = at] = E[
T

∑
i=t

τi−tR(si, ai)] (46)
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Using the Bellman equation to compute the optimal behavioral value function, the
above equation becomes

Q ∗ (st, at) = E[R(st, at) + τ max
π

Q ∗ (st+1, at+1)] (47)

The reinforcement learning algorithm used in this paper was based on the TD3 algo-
rithm. Compared with the DDPG algorithm mentioned in Section II, this algorithm has
three differences: (1) it uses two critic network modules to estimate the Q value, (2) it has
delayed policy updates, and (3) it uses target policy smoothing.

The first is also known as Clipped Double-Q learning. TD3 has two critic networks
and two critic target networks. Both target networks produce a value and use the smaller
one as the new target.

y = R + τ min
i=1,2

Qti(s′, a(s′)) (48)

where Qt1, Qt2 are the Q values generated by the two critic target networks, respectively,
and s′ represents the next state. When updating the policy, because the actor network
module selects the maximum Q value in the current state, Equation (48) can effectively
reduce the overestimation error. Then, we take the above equation and calculate the mean
squared error (MSE) of the values generated by the two critic networks, and we can obtain
the loss function of the critic network.

L(θe=1,2) = E(s,a,r,s′)∼D[(y−Qe=1,2(s, a))2] (49)

where θe=1,2 stands for the parameters of the two critic networks, D stands for the replay
buffer, Q1(·) and Q2(·) are the Q values produced by the two critic models, respectively.

The next point is the target policy smoothing; if the D estimate produces an incorrect
peak, the policy network is immediately affected, and then the performance of the whole
algorithm is affected, so clipping noise was added to the target policy generation operation.
Then, the action was clipped within the valid range, and Equation (48) was formulated
as follows:

y = R + τ min
i=1,2

Qti(s′, clip(πϕ(s′) + clip(ε,−c, c), alow, ahigh)) (50)

where πϕ(·) is the policy generated by the actor network, clip(ε,−c, c) is the clipping noise,
and alow and ahigh refer to the upper and lower bounds of the action space, respectively.
Adding noise at the target value is equivalent to adding a regularization term to the critic.
In the process of sampling multiple times, a′ obtains slightly different values according
to different sampling noise, and y evaluates the average of the value functions of these
sampling points. Therefore, y reflects the overall situation of the value functions around
a′. This way, it is not affected by some extreme value functions, and the stability of critic
learning is enhanced.

The last point is to delay policy update. DDPG and TD3 both focus on how to learn a
good critic, because the more accurate the critic estimates, the better the policy obtained by
actor training. Therefore, if the critic is poorly learned and its output has large errors, the
actor is also affected by preorder errors in the learning process. TD3 proposes that the critic
should be updated more frequently than the actor, that is, the policy should be updated
after getting an accurate estimate of the value function, and in this paper, the value function
was updated five times before the policy function was updated.
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3.5. Prioritized Experience Replay

The core concept of prioritized experience replay is to replay more frequently experi-
ences associated with very successful attempts or extremely poor performance. Therefore,
the key issue lies in defining the criteria for determining experience value. In most rein-
forcement learning algorithms, the TD error is commonly used to update the estimation
of the action value function Q(s, a). The magnitude of the TD error acts as a correction
for the estimation and implicitly reflects the agent’s ability to learn from experiences. A
larger absolute TD error implies a more significant correction to the expected action value.
Furthermore, experiences with high TD errors are more likely to possess a high value and
be associated with highly successful attempts. Similarly, experiences with large negative
TD errors represent situations where the agent performs poorly, and these conditions
are learned by the agent. Prioritized experience replay helps gradually realize the actual
consequences of incorrect behavior in corresponding states and prevents repeating those
mistakes under similar circumstances, thereby enhancing overall performance, so these un-
favorable experiences are also considered valuable. In this paper, we adopted the absolute
TD error |δ| as an index for evaluating experience value. The TD error δj of experience j
can be calculated as:

δj = y−Qe=1,2(s, a) (51)

where y is obtained from Equation (49), and Qe=1,2(·) is the Q value generated by the two
critic models, respectively.

We defined the probability of sampling experience j as

P(j) =
Dρ

j

∑kDρ
k

(52)

where Dj =
1

rank(j) > 0, k > 0, rank(j) represents the priority of experience j in replay
buffer, and the parameter ρ is used to adjust the priority level. The definition of sampling
probability can be regarded as a method to add a random factor when selecting experiences,
because even experiences with a low TD error can still have the probability of replay,
which ensures the diversity of sampling experiences. This diversity helps to prevent any
overfitting of the neural network.

Because our priority experience replay changed the sampling method, the importance
sampling weight was used to correct the error introduced by the priority replay, and the
loss function of the network for gradient training was calculated to reduce the error rate of
the model. The importance sampling weights were calculated as follows:

ωj = (N · P(j))−ζ (53)

where ζ is the adjustment factor of ωj.
Based on the several algorithms introduced above, an adaptive integrated guidance

algorithm with impact angle constraint based on deep reinforcement learning is presented
in the following Figure 2.
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Figure 2. Schematic of the PERTD3-based RL guidance law (at represents the adaptive parameter
to be output at time t, st represents the [q̇, e, c], q̇ captured by the seeker at time t, in addition to the
step of environmental interaction, which includes the update of parameters such as position, angle,
sliding variable, etc., the rest of the equation number is one step, and each step can be found in the
pseudo-code).

The TD3 algorithm with prioritized experience replay (PERTD3) is shown in Algorithm 1.

Algorithm 1 Guidance law’s learning algorithm based on the PERTD3 algorithm
1: Initialize critic networks Qθ1, Qθ2, and actor network πϕ

with random parameters θ1, θ2, ϕ
2: Initialize target networks parameters θ′1 ← θ1, θ′2 ← θ2, ϕ′ ← ϕ
3: Initialize replay buffer D
4: for t = 1 to T do
5: ENV.reset(), reset the environment initial value
6: while True do
7: Sample experience j with probability P(j)
8: ã← πϕ′ (s) + ε, ε ∼ clip(N (0, σ̃),−c, c)
9: if t > M then

10: for j = 1, K do
11: ã← πϕ′ (s) + ε,ε ∼ clip(N (0, σ̃),−c, c)
12: Obtain Q values by the two critic target networks as Equation (48)
13: y = R + τ min

i=1,2
Qi(s′, a(s′))

14: Calculate corresponding importance-sampling weight ωj and the TD error
15: δj as Equations (51) and (53)
16: ωj = (N · P(j))−ζ

17: δj = yj −Qθ(s, a)
18: end for
19: Calculate the loss function L(θe=1,2) as Equation (49)
20: L(θe=1,2) = E(s,a,r,s′)∼D [(y−Qe=1,2(s, a))2]
21: Update the critic network using gradient descent as in reference [32]

22: ∇θe L(θe) =
1
N

N
∑

i=1
δi∇θe

Qθe (si , ai), θe
′ = θe + αθe∇θe

L(θe)

23: if t mod d then
24: Update ϕ by the deterministic policy gradient as Equation (9):
25: ∇ϕ J(πϕ) = N−1 ∑∇aQθ1 (s, a)

∣∣
a=πϕ(s)

∇ϕπϕ(s)

26: ϕ′ = ϕ + αϕ∇ϕ J(πϕ)
27: Update target networks as in reference [32]:
28: θ′e ← τθe + (1− τ)θ′e
29: ϕ′ ← τϕ + (1− τ)ϕ′

30: end if
31: end if
32: end while
33: end for
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4. Simulation and Analysis
In this section, we considered two maneuver modes, a sinusoidal maneuver and a

constant maneuver, and then tested them from three aspects: flight trajectory, normal
acceleration, and LOS angle rate. Finally, the performance of the three guidance laws was
analyzed in terms of miss distance.

First, when the target was on a sinusoidal maneuver, the PERTD3 and TD3 algorithms
were both trained 10,000 times using the parameters in Tables 1 and 2. Both actor network
and critic network were implemented by a three-layer fully connected neural network,
Critic1 and Critic2 used the same network structure; the network structure is shown in
Figure 3. Except for the output layer of critic, the neurons in all other layers were activated
by a ReLu function, i.e.,

ReLu(x) =

{
x, if x ≥ 0
0, if x < 0

(54)

The output layer of the critic network was activated by the tanh function, which is
defined as

tanh(x) =
ex − e−x

ex + e−x (55)

The policy and value functions were periodically updated during optimization after
accumulating trajectory rollouts of the replay buffer size.

Table 1. Dynamic model’s initial simulation parameters.

Parameters Value

Missile position (m) (0, 0)
Missile speed (m/s) 500
Target speed (m/s) 300
Relative range (m) 15,000

LOS angle (◦) 45
Missile flight path angle (◦) 60
Target flight path angle (◦) 180

Impact angle (◦) Random (0, 90)

Table 2. Hyperparameters for TD3 algorithm [32].

Parameters Value

Number of hidden layers 2
BATCH SIZE 32

Size of experience buffer 50,000
Learning rate for actor 10−5

Learning rate for critic 2× 10−5

Policy noise 0.2
Noise bound 0.5

Soft replacement τ 0.99
Discounting factor γ 0.95

Delay steps 5
Gradient optimizer Adam

As shown in Figure 4, our improved deep reinforcement learning algorithm was better
than two other existing deep reinforcement learning algorithms in our written dynamic
environment. The guidance algorithm based on PERTD3 and TD3 basically converged
when approaching 800 steps, but the TD3 algorithm with prioritized experience replay
could achieve higher scores and had higher stability, while the DDPG algorithm did not
converge at the end.
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Figure 3. The network structure of PERTD3.
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Figure 4. Comparison of learning curves of the three algorithms.

To verify the robustness of our algorithm, we took the following two maneuvers and
the case of the required impact angle constraint, and case 1 was not used during training
but was used to test the generalization of our reinforcement learning algorithms.

Case 1: The target performed a constant maneuver aT = 20 m/s2, i.e., the impact angle
constraint was 0◦ < q f < 90◦ for every 30◦.

Case 2: The target performed a constant maneuver aT = 50 sin(0.5t)m/s2, i.e., the
impact angle constraint was 0◦ < q f < 90◦ for every 30◦.

As shown in Figures 5 and 6, the simulation results in case 1 are shown in Figure 5,
and the simulation results in case 2 are shown in Figure 6. From Figures 5a,c,d and 6a,c,d,
Tables 3 and 4, it can be seen that the missile could accurately hit the target with the desired
terminal LOS angle in a limited time, the LOS angle rate converged to 0°/s, and the LOS
angle converged to the expected value under different desired LOS angles, which verified
the superstrong control ability of the guidance law for the miss distance and the impact
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angle. From Figures 5b and 6b, it can be seen that the missile acceleration command was
smooth. Since the control law was continuous with respect to the sliding variable, it can be
seen that the sliding variable converged to zero continuously and smoothly in finite time in
Figures 5e and 6e, and the chattering phenomenon did not appear in the control channel. It
can be seen from Figures 5f and 6f that the disturbance differential observer could achieve a
great estimation of the system uncertainty. As can be seen from the overall Figure 6, when
facing untrained scenes, our improved reinforcement learning algorithm could still hit the
target, and the LOS angle converged, which proves that our algorithm has generalization
and practical significance.
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Figure 5. Simulation results for case 1: (a) trajectories of missile and target; (b) missile acceleration
commands; (c) LOS angle rate; (d) LOS angle; (e) sliding-variable profiles; (f) GSTESO estimation.

Table 3. Statistics of guidance simulation results in case 1.

LOS Angle Expectation (◦) 0 30 60 90

Miss distance (m) 0.0173 0.0173 0.0047 0.0174
LOS angle error (◦) −0.00001 −0.00006 −0.00006 0.00011

Figure 5. Simulation results for case 1: (a) trajectories of missile and target; (b) missile acceleration
commands; (c) LOS angle rate; (d) LOS angle; (e) sliding-variable profiles; (f) GSTESO estimation.

Table 3. Statistics of guidance simulation results in case 1.

LOS Angle Expectation (◦) 0 30 60 90

Miss distance (m) 0.0173 0.0173 0.0047 0.0174
LOS angle error (◦) −0.00001 −0.00006 −0.00006 0.00011
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Table 4. Statistics of guidance simulation results in case 2.

LOS Angle Expectation (◦) 0 30 60 90

Miss distance (m) 0.0071 0.0103 0.0152 0.0080
LOS angle error (◦) 0.00014 −0.00004 0.00014 0.00043

In Figure 7, Figure 7a is the parameter change for case 1, and Figure 7b is the parameter
change for case 2. It can be seen from the figure that the parameter change finally converged
to between two and three, and the change process was smooth, which is of practical
engineering significance.
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Figure 6. Simulation results for case 2: (a) trajectories of missile and target; (b) missile acceleration
commands; (c) LOS angle rate; (d) LOS angle; (e) sliding-variable profiles; (f) GSTESO estimation.

In order to show the advantages of our guidance law, we compared with ST-NSTM and
NSTM guidance laws, and we set the miss distance to less than 0.1 m. Our algorithm could
call the RLST-NTSM guidance law. The parameters of Equation (20) were borrowed from
the literature [58], where β = 1, α = 1.4, and then we chose k1 = 1200, k2 = 800, after the
comparison. The α, β, k1, k2 in the ST-NTSM guidance law was the same as before, and the
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In order to show the advantages of our guidance law, we compared with ST-NSTM
and NSTM guidance laws, and we set the miss distance to less than 0.1 m. Our algorithm
could call the RLST-NTSM guidance law. The parameters of Equation (20) were borrowed
from the literature [58], where β = 1, α = 1.4, and then we chose k1 = 1200, k2 = 800,
after the comparison. The α, β, k1, k2 in the ST-NTSM guidance law was the same as before,
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and the traditional super-twisting non-singular terminal sliding-mode guidance law (ST-
NTSM [51]) was formulated as:

a = −2ṙq̇ +
βr
α
|ė|2−αsgn(ė) + z1 + k1|c|1/2sgn(c) + k2

∫ sgn(c)
r

dt (56)

where z1 is the output of the finite-time convergence disturbance observer (FTDO). Accord-
ing to the reference [58], the specific form of the FTDO [60] introduced by the author in his
article is as follows:

ż0 = v0 − ṙq̇− a
v0 = −λ2L1/3|z0 − x|2/3sgn(z0 − θ) + z1

ż1 = v1, v1 = −λ1L1/2|z1 − v0|1/2sgn(z1 − v0) + z2

ż2 = −λ0Lsgn(z2 − v1)

(57)

where the choice of λ in the equation can be obtained from [58]. The parameter L is used
to adjust the transient performance of the estimation process and can be set to 200, which
makes the observer output z1 converge to d(t) in finite time.
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Figure 7. The variation trend of parameter γ: (a) curve of parameter γ for case 1; (b) curve of
parameter γ for case 2.

In addition, another extended state observer based on the traditional super-twisting
extended state observer (STESO) [42] was also added for comparison; it was formulated as:

{
˙̂z = d̂(t)− rq− a + k3|e1|1/2sgn(e1)

˙̂d(t) = k4sgn(e1)
(58)

where k3, k4 were the same as in the GSTESO.
And the NSTM guidance law was of the form:

a = −2ṙq̇ +
βr
α
|ė|2−αsgn(ė) + Ksgn(c) (59)

where the values of α, β were also the same as before, and the value of the switching gain K
was 400 according to reference [58].

As shown in Table 5 and Figure 8, we simulated different γ values corresponding to
ST-NTSM for case 2. It can be seen from Table 5 that no matter how the parameter γ value
was selected, the accuracy of ST-NTSM was not as high as our algorithm, only the values
of 2.3 and 2.6 qualified, given that the miss distance had to be less than 0.1 m. Figure 8
also shows that ST-NTSM still had a small number of chattering problems. And as the
parameter γ increased, the convergence rate of the guidance law was slower, while our
guidance law converged faster, and the chattering phenomenon did not occur.
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|ė|2−αsgn(ė) + Ksgn(c) (59)

where the values of α, β were also the same as before, and the value of the switching gain K
was 400 according to reference [58].

As shown in Table 5 and Figure 8, we simulated different γ values corresponding to
ST-NTSM for case 2. It can be seen from Table 5 that no matter how the parameter γ value
was selected, the accuracy of ST-NTSM was not as high as our algorithm, only the values
of 2.3 and 2.6 qualified, given that the miss distance had to be less than 0.1 m. Figure 8
also shows that ST-NTSM still had a small number of chattering problems. And as the
parameter γ increased, the convergence rate of the guidance law was slower, while our
guidance law converged faster, and the chattering phenomenon did not occur.
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Table 5. Statistics of simulation results for case 2 with different parameter γ values.

Parameter γ 1.7 2.3 2.6 2.9 3.2

LOS angle expectation (◦) 90 90 90 90 90
Miss distance (m) 0.1223 0.0834 0.2577 0.0513 0.1666

LOS angle error (◦) 0.0040 0.00001 0.000005 0.0006 0.0028
Sliding variable 0.3430 0.0015 0.0002 −0.0187 −0.0004

The simulation results for case 2 with q f = 90◦ are shown in Figure 9 and Table 6.
The RLST-NTSM proposed in this paper was better than the other two guidance laws in
terms of accuracy and convergence of the final LOS angle error, and Figure 9b shows that
the missile guided by NTSM did not hit the target, while the performance of ST-NTSM
was relatively good. However, according to Figure 9a,d, there was still a certain chattering
phenomenon, and the proposed algorithm further reduced the system chattering. It can
also be seen from Figure 9c that RLST-NTSM reached the equilibrium state of the system
earlier than ST-NTSM. From Figure 9d,e, it can be seen that the sliding-mode variable and
LOS angle rate of ST-NTSM and NTSM did not converge well, which would greatly affect
their practical engineering application. Finally, it should be noted that although the three
observers could be directly added to any guidance law, it can be seen from Figure 9f–h
that the GSTESO performed better than the other two observers, as its initial uncertainty
observation error was minimal.

Table 6. Statistics of simulation results for case 2 with different parameter γ values.

RLST-NTSM ST-NTSM NTSM

LOS angle
expectation (◦) 90 90 90

Miss distance (m) 0.0080 0.042 92.64
LOS angle error (◦) 0.00004 0.0020 −104.2

Sliding variable −0.0001 −20.55 −18.01

As overload saturation emerged in the simulation, we eventually decided to consider
the constraints of the autopilot in a simplified manner; combined with Equation (14), we
studied the following augmented system.





ȧ = x4

ẋ4 = −ω2
na + ω2

nu + h
ḣ = H

(60)

where h = da − 2ξnωn ȧ, da is the modeling error, ξn and ωn are the damping ratio and
natural frequency of the autopilot.
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Figure 8. Comparison of guidance laws with different parameters γ for case 2: (a) missile acceleration
commands; (b) trajectories of missile and target; (c) LOS angular rate; (d) sliding-variable profiles.
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Figure 8. Comparison of guidance laws with different parameters γ for case 2: (a) missile acceleration
commands; (b) trajectories of missile and target; (c) LOS angular rate; (d) sliding-variable profiles.
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Figure 9. Comparison for three guidance law and three observer under case 2: (a) missile acceleration
commands; (b) trajectories of missile and target; (c) LOS angle; (d) LOS angular rate; (e) sliding-
variable profiles; (f) three observers’ estimation in RLST-NTSM. (g) three observers’ estimation in
ST-NTSM; (h) three observers’ estimation in NTSM.

This paper employed an autopilot approach similar to the one described in refer-
ence [61], and its formulation is given by

u = ω−2
n [ω2

na− z23 + L22fal(e21, ϑ21, η)− L2
21e21

− H2 + φ̇2 −m1s2 −m2sigχs2]

s2 = ε2 + α2ε1 + α2β2(ε1)

β2(ε1) =

{
sigχε1if|ε1| ≥ η2

b1ε1 + b2sig2ε1if|ε1| < η2

(61)

where H2 = α2ε2 + α2 β̇2(ε1), ε1 = z21 − φ1, ε2 = ż21 − φ2.
We selected the virtual control signal ac as in Equation (29). The first and second

derivatives of ac were estimated using the following filter instructions:

φ̇1 = φ2

φ̇2 = −2ξωφ2 −ω2(φ1 − a)
(62)

where b1 = (2− χ)ηχ−1, b2 = (1− χ)ηχ−2, ξ = 0.707 and ω = 35 are the damping ratio
and natural frequency of the command filter, respectively, φ1 and φ2 are the estimate and
the corresponding derivative, respectively, α2 and η are positive constants. The system was
observed using the following ESO





z21 = z22 − L21e21

z22 = −ω2
na + ω2

nu + z23 − L22fal(e21, ϑ21, η)

z23 = −L23fal(e21, ϑ22, η)

e21 = z21 − a

(63)

where e21 = z21 − a, e22 = z22 − x4 are the estimate errors, L21, L22, and L23 are the positive
observer gains to be designed, 0 < ϑ21, ϑ22 < 1, and η is a small positive constant.

The stability of the autopilot component can be established by consulting refer-
ence [61], and a detailed analysis was not conducted. The autopilot parameters were
ωn = 35 rad/s, ξn= 0.8, da = 0.1ω2

nu. The design parameters for implementing guidance
law (61) were set to α2 = 0.5, χ = 0.6, η2 = 0.8, m1 = 200, and m2 = 50. The parameters of
the ESOs were selected as L21 = 80, L22 = 800, L23 = 20, 000, ϑ21 = 0.7, η = 0.02.

As illustrated in Figure 10 and Table 7, this paper focused on simulating the scenario
that produced the maximum normal overload, specifically, q f = 90◦ in case 2; the results
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This paper employed an autopilot approach similar to the one described in refer-
ence [61], and its formulation is given by

u = ω−2
n [ω2

na− z23 + L22fal(e21, ϑ21, η)− L2
21e21

− H2 + φ̇2 −m1s2 −m2sigχs2]

s2 = ε2 + α2ε1 + α2β2(ε1)

β2(ε1) =

{
sigχε1if|ε1| ≥ η2

b1ε1 + b2sig2ε1if|ε1| < η2

(61)

where H2 = α2ε2 + α2 β̇2(ε1), ε1 = z21 − φ1, ε2 = ż21 − φ2.
We selected the virtual control signal ac as in Equation (29). The first and second

derivatives of ac were estimated using the following filter instructions:

φ̇1 = φ2

φ̇2 = −2ξωφ2 −ω2(φ1 − a)
(62)

where b1 = (2− χ)ηχ−1, b2 = (1− χ)ηχ−2, ξ = 0.707 and ω = 35 are the damping ratio
and natural frequency of the command filter, respectively, φ1 and φ2 are the estimate and
the corresponding derivative, respectively, α2 and η are positive constants. The system was
observed using the following ESO



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z21 = z22 − L21e21

z22 = −ω2
na + ω2

nu + z23 − L22fal(e21, ϑ21, η)

z23 = −L23fal(e21, ϑ22, η)

e21 = z21 − a

(63)

where e21 = z21 − a, e22 = z22 − x4 are the estimate errors, L21, L22, and L23 are the positive
observer gains to be designed, 0 < ϑ21, ϑ22 < 1, and η is a small positive constant.

The stability of the autopilot component can be established by consulting refer-
ence [61], and a detailed analysis was not conducted. The autopilot parameters were
ωn = 35 rad/s, ξn= 0.8, da = 0.1ω2

nu. The design parameters for implementing guidance
law (61) were set to α2 = 0.5, χ = 0.6, η2 = 0.8, m1 = 200, and m2 = 50. The parameters of
the ESOs were selected as L21 = 80, L22 = 800, L23 = 20, 000, ϑ21 = 0.7, η = 0.02.

As illustrated in Figure 10 and Table 7, this paper focused on simulating the scenario
that produced the maximum normal overload, specifically, q f = 90◦ in case 2; the results
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showed that considering the autopilot lag characteristics did not affect the performance of
the proposed guidance law.

Table 7. Simulation results considering the autopilot lag for case 2.

RLST-NTSM Considering Autopilot Lag

LOS angle expectation (◦) 0
Miss distance (m) 0.045

LOS angle error (◦) −0.0305
Sliding variable −0.0013
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bined deep reinforcement learning with sliding-mode guidance. That guidance law was
specifically designed for the interception of maneuvering targets with terminal LOS angle
constraints. The RLST-NTSM guidance law enhanced the traditional ST-NTSM by introduc-
ing an adaptive gamma γ parameter, which was optimized through a DRL algorithm to
achieve optimal adaptive control. Through the design of the reward function, it effectively
reduced the chattering phenomenon and improved the convergence rate of the system state;
this is beneficial to improve the stability of the missile body during the actual flight. Fur-
thermore, a GSTESO was employed to estimate and compensate for system disturbances.
Distinguished from conventional STESO and FTDO, the GSTESO provided stronger robust-
ness and disturbance rejection ability. Utilizing Lyapunov’s stability theory, we proved the
finite-time convergence of the closed-loop guidance system. Simulation results showed
that our algorithm greatly improved the overall performance compared with the traditional
ST-NTSM and NTSM, and the interception accuracy was improved by at least five times.
In response to the emergence of overload saturation within our simulations, we considered
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5. Conclusions
In this study, we proposed a novel guidance law, named RLST-NTSM, which com-

bined deep reinforcement learning with sliding-mode guidance. That guidance law was
specifically designed for the interception of maneuvering targets with terminal LOS angle
constraints. The RLST-NTSM guidance law enhanced the traditional ST-NTSM by introduc-
ing an adaptive gamma γ parameter, which was optimized through a DRL algorithm to
achieve optimal adaptive control. Through the design of the reward function, it effectively
reduced the chattering phenomenon and improved the convergence rate of the system state;
this is beneficial to improve the stability of the missile body during the actual flight. Fur-
thermore, a GSTESO was employed to estimate and compensate for system disturbances.
Distinguished from conventional STESO and FTDO, the GSTESO provided stronger robust-
ness and disturbance rejection ability. Utilizing Lyapunov’s stability theory, we proved the
finite-time convergence of the closed-loop guidance system. Simulation results showed
that our algorithm greatly improved the overall performance compared with the traditional
ST-NTSM and NTSM, and the interception accuracy was improved by at least five times.
In response to the emergence of overload saturation within our simulations, we considered
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the delay characteristics of the autopilot in the concluding segment of our study. Our
analysis revealed that these constraints did not impair the guidance performance. In the
future, the primary objective of the subsequent phase of research will be to expand the
guidance environment into a three-dimensional space. Following this, we intend to deploy
the guidance algorithm in a real-world setting to conduct experimental trials.
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Nomenclature

MPD Markov Decision Process
RL Reinforcement learning
s State vector in the MDP
a Action vector in the MDP
θ The parameter of the critic network
ϕ The parameter of the actor network
R(st, at) Reward for being in states when selecting the corresponding action a at time t
Gt The cumulative sum of subsequent rewards after time point t
p(x) The probability density p associated with random variable x
Qπ(st, at) Expectation of f (x), i.e.,

∫ +∞
−∞ p(x) f (x)dx

E[ f (x)]
The action value for an agent taking action a by following policy π in the state
at time t
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