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Figure 1 Comparison of high and low fidelity model fitting curves.
(a) Lift coefficient; (b) drag coefficient; (c) pitch moment coefficient.
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Figure 2 (Color online) Adaptive sequential fusion modelling algorithm framework based on reinforcement learning.
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Figure 3 (Color online) Schematic diagram of one-dimensional
Forrester function Co-RBF modelling.
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Figure 5 (Color online) Schematic diagram illustrating potential exploration of extrema points in two-dimensional Branin functions. (a) Local

extrema points; (b) clustering of extrema points.
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Figure 6 Adaptive sequential modeling flowchart based on reinforcement learning.
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Figure 7 (Color online) Predicted aerodynamic coefficient surfaces
and adaptive sequential sample distribution views. (a) Lift coefficient;
(b) drag coefficient; (c) pitch moment coefficient.
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Figure 8 (Color online) Training process of intelligent agents and model accuracy variation curve. (a) Learning curve during training process;

(b) model accuracy curve.
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Table 1 Prediction accuracy of aerodynamic coefficients under
different modelling approaches

SEHAB KSR RLASC-RBF  HF-RBF LF-RBF
R 0.9989 0.9964 0.5624
C NRMSE 0.59% 0.96% 16.45%
RMAE 0.056 0.158 1.489
R 0.9984 0.9932 0.7649
Cp NRMSE 0.48% 0.64% 13.87%
RMAE 0.0658 0.1648 1.4895
R 0.9987 0.9969 0.7451
Cy NRMSE 0.96% 1.21% 13.21%
RMAE 0.0844 0.1058 1.7864
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Table 2 Statistical comparison of melting experiment results

2

TR R NRMSE R
RL-CoRBF 0.0929 0.8770
RL-HFRBF 0.1492 0.7036
ASC-CoRBF 0.1401 0.7417
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Figure 9 (Color online) Static and dynamic pressure climb profile.
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Table 3 Constraints on relevant variables

B et e S BIELH
=R (m) 17224 22479 [17224, 22479]
MY (m/s) 1180 1780 [1180, 1780]
RZEAT iy (°) 0 0 [-5, 5]
JEtEm (1) 280 N/A [180, 280]
K ffia (°) N/A N/A [-2, 8]
BB Eq (°fs) N/A N/A [-0.01, 0.01]
R Mgy (AU N/A N/A [0, 1]
BlIE7 (kPa) 95 95 95
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Table 4 Optimal climb trajectories for different data-driven models
fuel consumption and climb time
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Figure 10 (Color online) Optimal climb trajectory state variables for different data-driven models over time. (a) Altitude versus time; (b) velocity
versus time; (¢) mass versus time; (d) trajectory inclination versus time; (e) acceleration versus time.
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Table 5 Optimal climb trajectories for different data-driven models fuel consumption and climb time

BTV HEELFERT (s) RIEFERT (s) SLFEI (s) NRMSE R* (%)

ASC-RBF 0.5179 2.7125 35.1769 0.0125 0.9896

RLASC-RBF 0.4267 2.9031 33.3024 0.0090 0.9990
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A sequential fusion modelling approach for hypersonic vehicles based
on reinforcement learning

LIU YanBin, WANG Xilie, YANG Ben & CHEN BoYi

College of Astronautics, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China

During the integrated design phase of hypersonic vehicles, performance analysis necessitates substantial high-fidelity model data to
enhance design capabilities. However, acquiring such data proves prohibitively costly. A critical technical challenge lies in reducing
the volume of high-fidelity data while maintaining reasonable accuracy metrics, thereby supporting iterative design of the vehicle’s
guidance and control systems. To address this, this paper proposes a reinforcement learning-based sequential fusion modelling
approach for hypersonic vehicles, aiming to resolve the conflict between model accuracy and modeling costs during the iterative
design process. Firstly, a Co-RBF multi-fidelity surrogate model architecture is established by employing a biased RBF kernel to
design a roughness penalty criterion. Subsequently, an active exploration strategy based on response surface extrema points is
proposed to sample the high-fidelity model data space of the hypersonic vehicle. Furthermore, based on reinforcement learning
strategies, we design an adaptive sequential iterative method for model data, which achieves efficient fusion of multi-source model
data for hypersonic vehicles while reducing computational costs. Finally, we demonstrate the effectiveness of the proposed
methodology through multiple numerical and simulation examples.

hypersonic vehicles, hybrid modelling, sequential sampling, reinforcement learning
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