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Abstract

Traditional design optimization methods often suffer from low efficiency and a tendency to converge to local
optima when applied to the multidisciplinary, high-dimensional, and nonlinear problem of aircraft aerodynamic-
stealth design. To address these issues, a Modified Proximal Policy Optimization (MPPO) algorithm is proposed.
By optimizing the extraction of the surrogate objective function from the traditional PPO algorithm, the MPPO
algorithm effectively enhances the quality of samples selected by the model. This mechanism reduces
unnecessary perturbations to the environment while simultaneously improving the algorithm's global search
capability. Integrating MPPO with surrogate optimization techniques, this study develops an MPPO-based
integrated aerodynamic-stealth optimization design framework.To validate the effectiveness of the proposed
MPPO algorithm, aerodynamic-stealth optimization is conducted on both the NACA 65,3-014 airfoil and an X-
47B-like configuration. The results are compared against those obtained using the traditional Particle Swarm
Optimization (PSO) algorithm. The optimization case studies demonstrate that, compared to the PSO algorithm,
the MPPO algorithm significantly accelerates the convergence speed of the aerodynamic-stealth shape
optimization. Furthermore, the final optimized designs obtained by MPPO outperform those from PSO in both
aerodynamic and stealth performance metrics. These results indicate that the proposed MPPO-based
integrated aerodynamic-stealth design methodology possesses higher optimization efficiency and stronger
global optimization capability.

Keywords: flying-wing configuration, aerodynamic stealth optimization, deep reinforcement learning, MPPO
algorithm, surrogate model

1. Introduction

With the rapid development of modern aerospace technology, increasingly stringent requirements
are imposed on the overall performance of aircraft. To meet diverse mission requirements such as
long endurance, high maneuverability, high survivability, and efficient penetration, aircraft shape
design has shifted from the sole pursuit of superior aerodynamic performance to a comprehensive
trade-off and integrated design of multidisciplinary characteristics, including aerodynamics and
stealth. However, there exist strong mutual coupling and complex constraint relationships between
the aerodynamic and electromagnetic stealth characteristics of aircraft, and the design space
exhibits high-dimensional, nonlinear, and multimodal complexity. Meanwhile, with the rapid
advancement of computer technology, high-fidelity CFD computation and radar cross section (RCS)
analysis have been widely adopted, and the effectiveness of aircraft aerodynamic and stealth shape
design increasingly depends on the advancement and effectiveness of the optimization design
method employed.

In 2013, DeepMind [1] combined deep neural networks with reinforcement learning algorithms—both
subfields of machine learning—giving rise to deep reinforcement learning (DRL), which offers strong
learning and planning capabilities as well as high generalization and versatility [2]. Subsequently,
algorithms such as Deep Deterministic Policy Gradient (DDPG), Asynchronous Advantage Actor-
Critic (A3C) [3], and Proximal Policy Optimization (PPO) emerged. In 2017, DeepMind released
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AlphaGo Zero, a reinforcement learning algorithm for Go that learns through self-play, ultimately
making AlphaGo the first artificial intelligence to defeat a human player and fully igniting enthusiasm
for reinforcement learning [4]. In recent years, reinforcement learning has been introduced into the
field of aircraft shape design. Yonekura proposed a framework for applying reinforcement learning
to optimization design, laying the foundation for subsequent research [5]. Li Runze subsequently
achieved aerodynamic optimization design of a supercritical airfoil using deep reinforcement learning
[6], demonstrating the feasibility of this approach. Recently, P. Scavella et al. explored the use of
reinforcement learning in airfoil optimization design. By developing a global optimization strategy for
single-point airfoil design via DRL, the method can reliably converge to high-performance airfoils
under various flow conditions without requiring any prior knowledge [7], exhibiting stronger global
optimization capability compared with traditional algorithms.

To overcome the limitations of poor optimization efficiency and insufficient global search capability
in traditional surrogate optimization methods, and to explore novel approaches for the integrated
aerodynamic-stealth design of wide-speed-range aircraft, this study introduces an aerodynamic-
stealth optimization method grounded in a deep reinforcement learning algorithm — Modified
Proximal Policy Optimization (MPPO). The method’ s performance is validated through comparative
studies on three benchmark cases—the Rosenbrock function, a NACA 65,3-014 airfoil, and an X-
47B-like configuration—against the traditional Particle Swarm Optimization (PSO) algorithm. Results
demonstrate that the proposed MPPO-based integrated design method for wide-speed-range aircraft
demonstrates superior optimization efficiency and enhanced global search capability, offering
valuable reference for future aerodynamic-stealth optimization of aircraft.

2. Technical Foundation

In the aerodynamic and stealth optimization design of aircraft, the agent learns through interaction
with the environment. The environment includes the design variables and the aerodynamic and
stealth characteristics, while the state is represented by the design variables. The agent takes the
design variables as the state input and learns a policy for action selection based on the state. The
policy is defined as a mapping from states to actions, describing the probability distribution over the
actions that the agent executes in a given state. The agent learns and selects a feasible action in a
given state; after the action is executed, the agent receives feedback from the environment, including
positive and negative feedback, where positive feedback serves as a reward for correct actions and
negative feedback serves as a penalty for incorrect actions. The action chosen by the agent in the
current state influences the environment and causes it to change. By interacting with this complex
environment, the agent learns the optimal control policy. The interaction between the entities within
this training loop is formulated as a Markov decision process (MDP), the framework of which is shown
in Figure 1.

State s, Action a,,,

Reward r,

External Optimization
Environment

Figure 1 Reinforcement Learning Control Framework.
The objective of reinforcement learning is for the agent to maximize long-term rewards, thereby
learning the optimal decision sequence. Unlike value-based methods, which maintain a value
function model, policy-based methods do not rely on such a model and instead directly search for
the optimal decision sequence by solving the policy function. The policy function 7 is defined by a
set of adjustable parameters 6 . By adjusting these parameters and observing the resulting
differences in rewards, the parameters are updated in the direction that yields higher rewards. Since
the policy is stochastic, its parameters determine the action sampling probabilities and thus influence
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the selection of the optimization direction. Accordingly, the objective function of the policy gradient-
based reinforcement learning algorithm is defined as:

J(0)=E, ., R(t)=2 P(:0)R(7) 0
Where R(r) denotes the cumulative reward over the entire process, and P(r;¢9) denotes the

probability of this process occurring. The parameters of the policy function are updated in the
direction consistent with the gradient of the expected reward, so as to maximize the cumulative
expected reward, and are updated via gradient ascent until convergence:
0« 6+av ,J(6) @)
This paper adopts the sample-based modified Proximal Policy Optimization (MPPO) algorithm,

combined with conventional aerodynamic and stealth surrogate-based optimization methods. The
components of the MPPO algorithm are introduced below.

2.1 State Space

In the optimization design framework, the complex aircraft geometry must first be parameterized.
The airfoil is defined using the Class-Shape Transformation (CST) method [8], and the three-
dimensional configuration is described with the Free-Form Deformation (FFD) method [9]. Both
approaches generate a set of n-dimensional design variables. Together with the corresponding
aerodynamic and stealth characteristics of the shape, these variables constitute a multi-dimensional
feature vector, which forms the environmental state input. Thus, the state space observed by the
agent can be expressed as:

S, ={p,.c,RCS) (3)
Where p, denotes a set of n-dimensional design variables <,q,p2,...,pn> , ¢ presents the
aerodynamic state of the aircraft under the corresponding design variables (typically selected from

parameters such as the lift coefficient ¢, the drag coefficient ¢, or lift-to-drag ratio L / D based on

optimization objectives and constraints), and RCS indicates the stealth characteristic, usually
represented by the mean Radar Cross Section (RCS) over a specified angular range.

2.2 Action Space

Since each design variable is relatively independent while collectively determining the aircraft
geometry, the agent must generate a continuous action vector to control the adjustment of these
variables. Accordingly, the action space is defined as:

Az{al,az,...,an} —a<a;<a i=l,.n 4)

Here, n represents the number of design variables. In the actual computation, the new set of design
variables p,,, = p; +a;, along with the corresponding aerodynamic characteristics ¢;,; and RCS

values, are predicted and updated via the surrogate model.

2.3 Reward Function

In aerodynamic-stealth shape optimization for aircraft, a reward function is formulated to guide the
agent toward designs with superior performance. This function is defined directly from the
aerodynamic and stealth characteristics corresponding to a given set of design variables, as
expressed below:

v = f(c,RCS,l//) (5)

2.4 MPPO Aerodynamic-Stealth Optimization Model

In the traditional Proximal Policy Optimization (PPO) algorithm [10], the surrogate objective function
form of Contrastive Language-lmage Pre-training (CLIP) is adopted to limit the policy update step as



MPPO-BASED AERODYNAMIC-STEALTH INTEGRATED DESIGN

follows:

JCLIP (g) _ E[min(rt (H)A“CL]P(rt ((9),1 —-&,1+ S)At )J (6)
Where

4 (St7at)=’/;,‘+7Va) (St+1)_Va) (St)

7o(a s, ()
4(9)=—( )

Toold (at |St)

The role of the advantage function is to reduce variance and enhance the robustness of model
updates, 7, (6?) measures the magnitude of change between the current policy and the previous one,

aiming to correct the distributional shift between successive policies, thereby enabling more stable
policy optimization. The second term, the CLIP function, clips this ratio to the range (l-g,l+a),

eliminating the possibility of the current policy deviating too far from the old policy. Finally, the
minimum of the clipped and unclipped objectives is taken. In this environment, the influence of low-
quality sample information on model updates is highly detrimental. To address this, the CLIP
surrogate objective function in the PPO algorithm is modified as follows:

[MAXCLIP () = max [min(,ft (0) 4, CUP(”; (0),1-¢&,1+ g)A, )} (8)
Where

A (s0-a,) =14y, (0)V o (511) Vo (s1)

9

s(o)= Tele) ”
T old (az |St)
The MPPO algorithm conducts a secondary, maximization-driven selection from the pool of samples
pre-filtered by minimization and clipping operations. This process prioritizes the most informative
experience for model updates, thereby shielding the model from low-quality samples and minimizing
unnecessary environmental interaction. Furthermore, as MPPO allows multiple policy updates per
iteration, successive states may stem from different policy distributions, introducing bias into the
objective function. To mitigate this bias and ensure algorithmic unbiasedness, an importance
sampling ratio is incorporated into the advantage estimation. The objective function for the Critic
network is accordingly defined as:

2
Lcritic (a)):(rt T (H)Vco (St+1)_Va) (St)) (10)

In the MPPO algorithm, the objective function of the Actor network is given by:

LMPPO (9) — LMAXCL]P (9) _ ﬁKL(ﬂ'gO]d ,72_‘9) (1 1 )

where £ is the KL penalty coefficient, which serves to keep the KL divergence within a specified

range. The purpose of introducing this KL penalty term is to ensure that the distributions of the old
and new policies remain sufficiently close, thereby enabling stable policy improvement across
multiple updates. The pseudocode of the MPPO algorithm is presented in Table 1.

Table 1 MPPO Algorithm Process
MPPO algorithm

1.Initialization:Experience replay buffer M , Actor parameters
6, Critic parameters @ ; set hyperparameters: batch size B,
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learning rate .

2. Repeat:
1) Reset the environment and initialize the state §.

2) Repeat fort=1to T:

a. Select an action at a, according to the output
distribution of the policy network ;

b. Store the transition (s,a,r,s")in the replay buffer M ;

c. Update the policy network ( Actor ) B times via gradient
ascent and the value network ( Critic ) B times via gradient
descent.

3) Clear the experience replay buffer M .

2.5 MPPO-Based Aerodynamic-Stealth Optimization Method

Building upon the philosophy of integrated aerodynamic-stealth design, this work advances
traditional surrogate optimization by synergizing core aerodynamic-stealth techniques with the deep
reinforcement learning MPPO algorithm. To manage the high complexity of full-aircraft shape
optimization, a cohesive design methodology is established through the integration of a Kriging
surrogate model. The complete workflow of this proposed framework is depicted in Figure 2.

Initial Geometry
Parametrization ‘

J

Latin Hypercube Sampling \

J

Sample Point Evaluation

J

7 Sample Database ‘ “ ‘/ Stealth Mesh Generation ‘
J RCS Calculation

Construct Kriging Model ‘
J . Aerodynamic Mesh Generation
Aerodynamic Performance Evaluation

.

MPPO Algorithm Search

J \ ‘ Constraint Evaluation
El infill Criterion \ \ o\ )
AN /

| Sample Poiit Evaluation }—
NO |
_ Requirement Met =
7 J Yes /

New Geometry

Figure 2 Aerodynamic Stealth Optimization Method Based on Deep Reinforcement Learning
MPPO Algorithm.

3. Aerodynamic-Stealth Optimization Example

3.1 Function Test Case

This section selects the 10-dimensional Rosenbrock function to test the performance of the MPPO
algorithm within the surrogate optimization framework, with a comparative analysis against the PSO
algorithm. The optimal solution of this function is located within a narrow, smooth, parabolic-shaped
valley. The optimization objective, defined by Equation (12), is considered fully achieved upon

5
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convergence. During the optimization process, the values of the Rosenbrock function are predicted
by a Kriging model. The corresponding results are presented in Figure 3 below.

f(X)=nZ_l(100(x,-2—x,-+1)2+(x,-—1)2) (12)
i=1

450 -

400 = PSO
= MPPO
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Figure 3 Convergence process of the Rosenbrock function values for two algorithms

Table 2 Number of extra points when fully converged

Algorithm Obj Adding sample
PSO 0.8192 958
MPPO 0.9797 396

The results indicate that for the Rosenbrock function, which features a unimodal and smooth design
space, the MPPO algorithm converges after adding approximately 400 sample points. In contrast,
the PSO algorithm requires nearly 960 sample points to reach convergence. This demonstrates the
superior search speed of the MPPO algorithm.

3.2 Aerodynamic-Stealth Airfoil Optimization

To validate the optimization performance of the MPPO-based method for aerodynamic-stealth airfoil
design, this section employs the NACA 65,3-014 airfoil as the test case. The design condition is set
at Ma=0.65,C, =0.25,Re =6€7 . The constraints require that the relative thickness be no less than

that of the original airfoil and the pitching moment coefficient be greater than 0.03. The optimization
objectives are to reduce drag and, simultaneously, lower the average forward-sector RCS (within +
30° ) at an incident frequency of 9 GHz. The radar cross section is computed using the Method of
Moments (MoM). The optimization process utilizes the developed MPPO-based surrogate
optimization framework. Airfoil deformation is parameterized via the Class-Shape Transformation
(CST) method, with an initial sample of 200 points generated by Latin Hypercube Sampling (LHS).
A comparison with the traditional Particle Swarm Optimization (PSO) algorithm is conducted to verify
the effectiveness of the proposed method.

C, , RCS
Cy _initial RCS,isia1

st. C; =025 (13)
C, >0.03

thick, _>thick

max = max_initial

Min

The convergence histories of the two methods are shown in Figure 4. The red curve, representing
the MPPO algorithm's objective (Obj), converges faster than the green curve of the PSO algorithm.

6
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A comparison of the designed airfoils is presented in Table 3 ("Comparison of Airfoil Optimization
Results"). Compared to the baseline NACA 65,3-014 airfoil (denoted as Ori_foil), the MPPO-
designed airfoil (MPPQO _foil) achieves a drag reduction of 5 counts. Its pitching moment coefficient
is trimmed to a neutral level, and its forward-sector RCS is reduced by approximately 91%. The PSO-
designed airfoil (PSO_foil) achieves a drag reduction of 4 counts and an RCS reduction of about
86%. As evident from Figure 4 and Table 3, the MPPO algorithm not only converges faster but also
yields superior optimization results compared to PSO. Figure 5 illustrates that the optimized airfoils,
MPPO _foil and PSO_foil, exhibit the following geometric characteristics relative to the NACA 65,3-
014, while satisfying the thickness constraint: a reduced leading-edge radius and increased positive
camber, giving a "beak-like" shape; a slight aft shift of the maximum thickness location; and an
increased trailing-edge radius with enhanced negative camber. As shown in Figure 6, for the
MPPO _foil, the upper-surface low-pressure region moves forward, the leading-edge suction peak is
significantly reduced, and pressure recovery occurs more rapidly. Concurrently, to meet the pitch-up
moment constraint despite its reduced leading-edge radius, the positive pressure coefficient on the
lower surface near the leading edge increases. Figure 7 presents a comparison of the forward-sector
RCS characteristics. Compared to the initial Ori_foil, the peak RCS values across all angles are
substantially lower for both MPPO_foil and PSO _foil, with MPPO _foil achieving a greater reduction
magnitude.

C PSO
17F MPPO

! L R |
60 80 100
infill

(a)

26 26

L PsO L MPPO
24— A adding_sample 24+ A adding_sample
- O Initial_sample - O Initial_sample
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Figure 4 Convergence process of two algorithms
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Table 3 Comparison of Airfoil Optimization Results

C Ca Cnm RCS (m?)
Ori_foil 0.25 0.0069 -0.0066 0.0344
MPPO_foil 0.25 0.0064 0.0309 0.0029
PSO_foll 0.25 0.0065 0.0307 0.0049
0.1 :‘ Ori_foil
;?’(F)’Bff:)il ,‘,’;‘5'_‘}2"
vos ; o5k MPPO_foil
g of 5 o
o
B §0.5;
»0.05? E L
i 1L
01+
7|“‘|“‘|“‘|“‘|“‘| S IR ERN T NN RS SR
0 0.2 0.4 06 0.8 1 0 0.2 0.4 0.6 0.8 1
xlc X
Figure 5 Comparison of Airfoil Before and After Figure 6 Comparison of Airfoil Pressure
Optimization Coefficient Distribution

0.08

Ori_foil
PSO_foil
MPPO_foil

angle
Figure 7 Comparison of Forward RCS Characteristics of Airfoils at 9 GHz

3.3 Flying Wing Configuration Optimization

Based on the proposed aerodynamic-stealth surrogate optimization design method, this section
conducts an aerodynamic-stealth optimization design for an X-47B-like configuration. A comparison
with the traditional Particle Swarm Optimization (PSO) algorithm is performed to validate the
effectiveness of the proposed method for different types of aircraft. The design condition is set at
Ma=0.8,C, =0.25,Re = 6.8¢6 . To ensure flight control efficiency, the X-47B must maintain a pitch-up
moment while reducing drag. Concurrently, it is required to reduce the average forward-sector Radar
Cross Section (RCS) within =60° at an incident frequency of 9 GHz. Consequently, the design
objectives are to minimize the wing drag coefficient and the average RCS in the yaw direction. The
design constraints are that the maximum thickness at three specified sections of the X-47B must not
decrease, and the pitching moment coefficient must not be lower than its initial value. As the

8
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objectives involve drag reduction at a fixed lift and reduction of the average forward =60° RCS,
these two targets are combined into a single objective function via linear normalization with an equal
weighting of 1:1. The mathematical model of the optimization problem is formulated as follows:

Min obj= Cp +_RCS
CD_initial RCSinitial
s.t.: CL =0.25 (14)
‘CM_initial Z|CM|

tthk1,2,3max 2 chCk],Zd max_initial

Figure 8 FFD Control Box and Mesh

The optimization results of the two algorithms are denoted as Obj_MPPO and Obj_PSO, respectively.
Figure 9 shows that both methods have essentially converged after 90 sample infill points. A
comparison of the optimization results is presented in Table 4, Figure 10 and Figure 11, confirming
that all optimized designs satisfy the thickness constraints. Under these satisfied constraints, both
algorithms achieve significant improvements in aerodynamic performance at the design lift-drag
condition compared to the BaseModel. The drag coefficients for Obj_MPPO and Obj_PSO are
reduced from the baseline value of 0.019665 to 0.014488 and 0.014982, corresponding to reductions
of 51.7 counts and 46.8 counts, respectively. In terms of stealth characteristics, the average forward
+60° RCS for Obj_MPPO and Obj_PSO decreases from the original 3.7951 m* to 0.5404 m> and
0.7565 m*, respectively, representing substantial reductions. Furthermore, the converged result of
the MPPO algorithm is notably superior to that of PSO. Specifically, MPPO achieves a 4.9-count
lower drag coefficient and a 0.2161 m* lower average forward +60° RCS compared to PSO. These
results demonstrate that the MPPO algorithm possesses a significantly enhanced global optimization
capability over the traditional PSO algorithm.



25

MPPO-BASED AERODYNAMIC-STEALTH INTEGRATED DESIGN

2 L
i PSO
18+ MPPO
16 :—
g4 :—
1.2 :—
1k
0'87(|>‘ ‘2|o‘ ‘4|0‘ ‘slo‘ ‘8IO‘ ‘1(|)0
infill
(a)
2.8
: A ::ts!itng_sample 2.6 ; S;:'i'ng_sample
j (o] Initial_sample va ; | pl
I 2.2 ;
-
I Ss =
I 1.6 ;
j 14 ;
I 1.2 f—
; 1 f_ :
B hw-ow
PSO MPP
(c) (d)
Figure 9 The convergence process of two algorithms
Table 4 Comparison of Optimized Wing Layout Results
C Cq Cm RCS (m?) Object
X478 0.25 0.019665 -0.026167 3.7951 /
Obj_MPPO 0.25 0.014488 -0.025369 0.5404 0.8791
Obj_PSO 0.25 0.014982 -0.024593 0.7565 0.9612

v
| _ [ [ T _Im
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X

Obj_PPO
Cl=0.25
Cd=149.8count

Obj MPPO
Cl=0.25
Cd=1449count

Figure 10 Comparison of 3D pressure cloud maps before and after optimization
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Figure 11 Comparison of yaw-direction RCS before and after 9GHz optimization

4. Conclusion

This paper combines the sample-based modified Proximal Policy Optimization (MPPO) algorithm
with surrogate-based optimization to formulate an aerodynamic and stealth optimization method
based on the MPPO algorithm, offering a new direction for the development of aircraft shape design
methods. The proposed method is applied to the integrated aerodynamic and stealth design of a
flying-wing configuration, improving the overall aerodynamic and stealth performance of this flying-
wing configuration. The specific conclusions are as follows:

1) This study investigates the integration of the sample-based modified Proximal Policy Optimization
algorithm with aerodynamic/stealth surrogate-based optimization. In accordance with the
optimization requirements for aircraft aerodynamics and stealth, the state space, action space, and
reward function of the MPPO algorithm model under the aerodynamic/stealth optimization
environment are established. An MPPO optimization model and an integrated aerodynamic/stealth
optimization design method that meet the optimization design requirements are successfully
constructed.

2) Aerodynamic and stealth optimization design is performed on the NACA 65,3-014 airfoil and an
X-47B-like configuration. The MPPO algorithm achieves superior results in both aerodynamic and
stealth characteristics. The outcomes demonstrate that, compared with the conventional particle
swarm optimization (PSO) algorithm, the deep reinforcement learning MPPO algorithm exhibits
higher optimization efficiency and search capability, along with better global optimization
performance. This validates the effectiveness of the MPPO-based aerodynamic/stealth surrogate-
based optimization framework.
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