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Abstract

Low-altitude micro downbursts pose a severe threat to aviation safety, yet conventional con-
trol approaches and standard deep reinforcement learning (DRL) often fail due to explicit
modeling difficulties and sparse reward constraints. To address these challenges, this study
proposes an explainable, data-driven framework integrating active-reward proximal policy
optimization (AR-PPO). A bilevel optimization architecture driven by meta-gradients is
developed to dynamically discover optimal reward functions without human intervention.
Furthermore, a policy distillation pipeline utilizing wavelet-multivariate singular spectrum
analysis (W-MSSA) and classification and regression trees (CART) is proposed to translate
high-frequency continuous neural outputs into discrete, pilot-readable rules. Simulation
results on a B737-800 model demonstrate that AR-PPO effectively overcomes the “stall trap”
by autonomously learning to trade altitude for airspeed, outperforming static-reward base-
lines and empirical human pilots in extreme, zero-shot windshear encounters (22.0 m/s
downdraft). Ultimately, the proposed framework successfully distills black-box Al strate-
gies into verifiable, physics-informed standard operating procedures (SOPs), providing
a highly transparent and robust solution for autonomous windshear escape and future
competency-based flight training.

Keywords: deep reinforcement learning; explainable reinforcement learning; micro
downburst; policy distillation; autonomous flight control

1. Introduction

With the rapid expansion of global civil aviation, ensuring flight safety in complex
environments has become a key challenge. The transition from traditional automation
to intelligent flight control is widely seen as an essential path to address this issue [1].
While modern autopilot systems are highly reliable under nominal conditions, their perfor-
mance often drops significantly when facing unforeseen disturbances or extreme weather.
Therefore, developing adaptive control algorithms that can make autonomous decisions in
dynamic environments has become a major focus of aerospace research.

While recent advances in Doppler weather radar, low-level windshear alert systems,
and onboard predictive windshear detection technologies have significantly reduced the
likelihood of unexpected encounters, sudden low-altitude micro downbursts can still occur
with minimal warning. Although microburst-related incidents have become relatively
rare due to these improved detection capabilities and enhanced competency-based pilot
training, they remain a severe and highly asymmetric threat when encountered during the
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critical final approach phase, owing to their potential to cause a rapid and massive loss of
aerodynamic energy. To address this, adaptive flight envelope protection methods have
been developed to employ command filtering and haptic feedback to improve situational
awareness while keeping the aircraft within its physical limits [2]. However, even ad-
vanced robust optimization frameworks are limited by wind field estimation errors during
autonomous flight [3]. Conventional control approaches typically depend on an explicit
model of the wind field, which is difficult to identify in real-time. In highly unpredictable
conditions, the delay between disturbance detection and controller response often exceeds
the narrow safety margins required for low-altitude recovery.

The emergence of deep reinforcement learning (DRL) offers a model-free alternative
that can potentially mitigate these modeling difficulties. Research has demonstrated the
effectiveness of DRL in handling multimodal data for crosswind takeoffs and coordinating
complex maneuvers for dynamic soaring without explicit trajectory planning [4-6]. Despite
these successes, the application of DRL to windshear escape reveals significant stability
issues. In various UAV applications, DRL-based strategies exhibit substantial tracking
errors under severe turbulence [7]. To solve this, hybrid architectures, such as combining
TD3 agents with conventional PID loops or using self-attention mechanisms, have been
proposed to manage the high-bandwidth dynamics of altitude and attitude channels [8,9].
Unfortunately, the applications of the RL algorithm mentioned above, which rely on
manually designed reward functions, often lead to low sample efficiency and potential
mission failure in complex real-world tasks.

To overcome the sparse reward issues, inverse reinforcement learning (IRL) and
imitation learning (IL) have been developed. The advantage of IRL lies in its ability to infer
deep reward function motivations from expert behavior, while IL achieves rapid cloning of
complex policies by directly mapping states to actions. However, IRL suffers from reward
ambiguity and high computational cost, while IL is prone to policy collapse due to error
accumulation when encountering rare states that deviate from the expert demonstration
distribution [10-12]. Recently, researchers have increasingly adopted intrinsic motivation
and active exploration frameworks. This represents a paradigm shift from handcrafted
rules toward autonomously discovered learning laws [10]. Foundational mechanisms, such
as curiosity-driven exploration, leverage self-supervised prediction errors to encourage
agents to investigate environmental features that influence their dynamics [11]. More robust
methods, including random network distillation, achieve state-of-the-art performance in
environments where extrinsic rewards are absent or extremely rare [12]. In continuous
control domains, these directed exploratory behaviors aim to maximize value function
coverage [13]. Recent breakthroughs even enable the meta-learning of RL rules or the end-
to-end discovery of reward functions for embodied agents [14,15], often utilizing bilevel
optimization and meta-gradients to autonomously discover generalized optimal rewards
without human intervention [16-18]. Furthermore, specialized algorithms like active
exploration deep reinforcement learning (AEDRL) utilize Gaussian processes to model
dynamic uncertainty, optimizing action selection to minimize epistemic uncertainty [19,20].
By maximizing skill diversity or leveraging mutual information to enhance controllability,
agents can develop robust skills that generalize to unseen, high-risk scenarios [21,22]. While
frameworks like ActSafe ensure that such exploration occurs within a pessimistic safe set,
guaranteeing safety during training while pursuing near-optimal recovery policies [23].

Despite these advancements in optimal policies, the unexplainability of DRL remains a
significant bottleneck for airworthiness certification. To establish operational trust, explain-
able reinforcement learning (XRL) must transition from basic visualization to providing
mechanistic evidence of decision-making. Recent findings suggest that model-free agents
can internally develop planning structures that predict long-term consequences, similar
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to emergent planning in humans [24]. To decode these internal representations, model-
level approaches like shapley value-based interpretable policy via explanation verification
(SILVER) utilize feature attribution and RL-guided labeling to generate behaviorally con-
sistent datasets for surrogate models [25]. However, these methods predominantly focus
on extracting the cognitive intent or feature importance within the network. Furthermore,
distilling DRL policies into differentiable decision trees or hierarchical skilltrees enables the
reduction of complex action spaces into interpretable discrete skills for long-horizon con-
trol [26,27]. These methodologies are increasingly applied to high-dimensional problems,
such as compressor design optimization [28]. For multi-agent systems, temporally-aware
frameworks allow for the visualization of causal effects and decision histories [29,30]. The
most rigorous approach, Programmatically Interpretable RL (PIRL), represents policies us-
ing domain-specific languages amenable to symbolic verification [31]. Such programmatic
policies often yield smoother trajectories and superior transferability, while the discovery
of governing equations ensures that the learned logic remains physically grounded [32].

In summary, while significant progress has been made in autonomous flight con-
trol and active exploration, integrating safety-constrained active exploration with data-
reconstruction-based feature extraction remains an open challenge, particularly in extreme
windshear environments like micro downbursts. Moreover, current XRL methods primar-
ily focus on interpreting the internal rationale of neural networks (i.e., explaining why
decisions are made). This poses a major limitation in aerospace engineering, where strict
airworthiness certification demands a precise understanding of how control commands
are physically executed and coordinated. To address these issues, this study proposes a
data-driven, explainable reinforcement learning framework. The main contributions of this
paper are summarized as follows:

Proposal of an autonomous reward discovery framework via bilevel optimization.
A novel active-reward proximal policy optimization (AR-PPO) framework driven by meta-
gradients is proposed to tackle the inherent sparse reward and temporal credit assignment
problems in low-altitude windshear encounters. Instead of relying on handcrafted, static
reward shaping, the proposed framework employs a bilevel optimization architecture
to autonomously map sparse episodic outcomes, such as survival or crash, into dense,
state-action-level evaluations, effectively resolving the severe gradient interference between
multiple safety constraints.

Zero-shot adaptation and robust recovery in unseen extreme wind fields. Driven by
the meta-gradient mechanism, the agent could successfully break the heuristic stall trap,
actively learning to prioritize kinetic energy (airspeed preservation) over potential energy
(altitude maintenance) during vortex core penetration. This provides a globally optimal
recovery trajectory in extreme downdrafts. By leveraging the active exploration mechanism
to thoroughly explore state-space uncertainties, the trained RL control law achieves rapid
zero-shot adaptation to unencountered Micro downbursts with higher intensities and
varying core radii without the need for retraining.

Explainable policy distillation for human-readable SOPs. This study mitigates the
black-box limitations of DRL by shifting the interpretability focus from internal network
intent to physical execution. Using wavelet analysis combined with multivariate singular
spectrum analysis (W-MSSA), the high-frequency control outputs are precisely denoised
and decoupled. By integrating phase plane mapping with classification and regression
tree (CART) policy distillation, the learned extreme recovery strategies are translated into
human-readable “IF-THEN” standard operating procedures (SOPs). This could provide a
verifiable, physics-based reference for future competency-based training and assessment
(CBTA) and evidence-based training (EBT).
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This paper is organized as follows. In Section 2, the methodology integrating an
active exploration reinforcement learning framework is described, including flight dynamic
model with micro downburst model, reward function design, multivariable decoupling
and signal reconstruction via W-MSSA and rule extraction and SOPs generation, which
are employed in Section 3. The proposed framework is demonstrated with simulation
experiments evaluating zero-shot adaptation in unseen micro downburst and extracting
human-readable SOPs. The discussion and conclusions are presented in Section 4 and
Section 5, respectively.

2. Materials and Methods

2.1. Dynamic Environment of RL
2.1.1. Aircraft Equations of Motion

As shown in Figure 1, the overall framework is divided into two primary stages: the
training procedure and the explainable policy distillation procedure. During the training
phase, the agent continuously interacts with a simulated environment that integrates a
flight dynamic model and a windshear model, optimizing its control policy based on state
and reward feedback. Once the agent is fully trained, its generated action sequences are fed
into the distillation pipeline. Here, W-MSSA is first applied for multivariable decoupling
and signal reconstruction to filter out algorithmic noise. Subsequently, sequential pattern
mining is employed alongside comparisons with empirical pilot action sequences. This
final step serves to identify human operational issues, provide quantitative flight guidance,
and fundamentally refine emergency response procedures.

Training procedure

' | 4
@
% Agent
N 2 R.S AR-PPO MR-PPO

Windshear model algorithm algorithm

Flight dynamic model

Environment

The Trained
agent

Explainable policy distillation procedure

Multivariable decoupling and Signal reconstruction [ Action seq set {4}

" v CART A. Find operation issues of pilots;
= ] Action ] Comparison B. Provide guidance via quantitative analysis;

Pilot ! C. Refine emergency response procedures.

Figure 1. Overall framework of this study.

The flight of an aircraft is not only influenced by gravity, but also by aerodynamics,
engine thrust, and external disturbances. Due to these forces and moments, the aircraft
undergoes translational motion along the three axes and rotational motion around the three
axes in body frame, as shown in Figure 2.

The motion of an aircraft could be described as 12 state equations, including the
center of mass motion equations, kinematic equations, moment equations, and navigation
equations [33]. The equations of aircraft center of mass motion under body frame are:

Vi=2 Wy —gsing — [q(Vz + Wep) — r(V, + Wyp)]

m
Vy = X _ Wyp + gsin¢ cos 6 — [r(Vy + Wyp) — p(Vz + W;p)] 1)

m

V. =% — W, +gcosdpcost — [p(Vy + Wyg) — q(Vix + Wyp)]
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where Vy, V;, and V; are the triaxial components of true airspeed V = | /VZ + Vy2 + VZin

body frame, and Vy, V; and V; are the derivative of Vy, V;, and V; over time. X, Y and Z
are the force on the three-axis of body frame, and m is the mass of aircraft. ¢ and 6 are the
roll angle and pitch angle, and g is the gravitational acceleration. p, 4 and r are the angular
velocities in body frame. W, 3, W, g and W, are the triaxial components of the wind speed
in body frame, and the coordinate conversion from inertial frame to body frame is:

WyB cosipcost) —sinypcosd +cosyPsinfsing sinyPsing + cospsinfcosP | | Wy
Wyp| = |sinipcost cosipcos¢ +sinysinfsing —singcosy +sinysinbcos¢d| | Wy, 2
W.p —sind cos 0 sin ¢ cos 0 cos ¢ W,

where ¢ is the yaw angle, and Wy, W, and W, are the wind speed in inertial frame. The
kinematic equations are:

¢ =p+tanb(gsing + rcos¢)

9=qcos¢—rsin¢ 3)
Y = (gsing + rcos¢)/ cosf

Figure 2. Six degrees of freedom motion of an aircraft.
The rotational motion equations in body frame are:

Ip = Le(L — Iy + L)pq — [I(I; — I) + I%Z]qr + LMy + L, M,
Iyg = (I; = Le)pr — IXZ(pZ - 72) + My 4)
T = [(Iy — I) I + I,%Z]pq — Lz(Iy — Iy + L) qr + Li: My + Iy M,

whereI' = I I, — I %Z, and I is the moment of inertia of x-axis in body frame, and I, is the
moment of inertia of y-axis in body frame, and I, is the moment of inertia of z-axis in body
frame. I, is the inertia product of x-axis and z-axis. p, 4§ and # are the derivative of p, g
and r over time. My is the roll moment, and M, is the pitch moment, and M is the yaw
moment. The navigation equations with disturbance wind influence are:

Xg = Vycosfcosp 4V (— cos ¢ sin g + sin ¢ sin 6 cos )
+ Vi (sin¢sin ¢ + cos ¢ sin 6 cos i) + Wy

YE = Vxcosfsini + V;(cos ¢ cos P + sin ¢ sinfsin¢p) (5)
+ Vz(—sin¢ cosp 4 cos ¢ sin O sinp) + W,

zp = Vysin® — Vysin¢cos — V; cosp cos 0 + W;

where X, yr and Zg are the ground speed in inertial frame. And the angle of attack « and
sideslip angle 3 are calculated as:
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a = arctan(V;/Vy )
B = arcsin(V;,/ V')

2.1.2. Micro Downburst Model

For the follow-up simulation, this study built a micro downburst, a type of windshear,
based on vortex rings [34]. Figure 3 shows the principle of modeling the windshear field
using vortex rings.

1 Central axis

Op(xp,¥0,2) Primary
o

8 / ¢ >y t_vortexring
o, AN AN

M (X3, ¥arsZar)

/Central
axis

5 01 {x,v)}“.v 9_:,")

Mirror
vortex ring

Figure 3. Windshear modelling by using vortex rings.

In the ground coordinate system Oy, the origin is set to a point on the airport runway,
and the approach direction is along the axis x. The primary vortex ring has a mirror vortex
ring symmetrical relative to the ground, whose coordinate origins are Op(xp, yp,zp) and
O1(xp,yp, —zp), respectively. The center of the vortex ring is Op. The radius of the vortex
ring is R, and the radius of the vortex core is r. r is the distance from point M to the nearest
point of the primary vortex ring, and r; is the distance from point M to the farthest point
of the primary vortex ring. '; is the distance from point M to the nearest point of the
mirror vortex ring, and r’; is the distance from point M to the farthest point of the mirror
vortex ring.

The streamline equation of M can be expressed as:

I 0788K%(ri+r2)  0.788K%(r'y +1)

=—5- 7
Y=o [0.25 +0.75V1—k2 025+ 0.75v/1— k’z] 7

where T is the strength of the vortex ring, and k = % LK = "2="1| The induced
2171 ra+r'y
velocities of a pair of vortex rings at any point M in space are:
Xy — Xp, 0P
W, = (240 7
* ( VMZ )aZM
ym —yp, oY
W, = (=—/—=—)— 8
Yy ( er )aZM ( )
1., ay
W, =(——)=——
£ ( m ) aT’M
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where 7 is the distance between point M and the center axis of the two vortex rings.

If M is at the central axis of the vortex ring, rp1 = 0. Therefore, it cannot be solved
using the third equation in Formula (8). Derive the induced velocity at the central axis of
the vortex ring by introducing the potential function of the vortex ring:

r
Wo(z) = o5 —————577 ©)
2R 2\2/3
1+ (x)7)

—_

where z is the distance between M and Op. When z = 0, there is W,(0) = %, so that
I' = 2RW,(0). That is to say, the strength of the vortex ring is determined by the vertical

induced velocity at the center of the vortex ring and the radius of the vortex ring.

2.2. RL Algorithm with Active Exploration Reward Function
2.2.1. Design of the Active Reward Function

To ensure full-envelope control capability, a comprehensive state-action space is de-
fined. The state space is defined as S; = [V,5,6,1, (])]T e R, representing airspeed,
altitude, pitch angle, yaw angle, and roll angle, respectively. This allows the agent to
perceive both longitudinal and lateral-directional flight dynamics. The action space is
defined as A; = [Jth,ée,ér,éﬂ]T € R4, comprising the throttle lever, elevator deflection,
rudder deflection, and aileron deflection.

To address the inherent sparse reward issues in low-altitude windshear encounters,
the active reward function with proximal policy optimization (AR-PPO) framework is
proposed. The training procedure is formulated as a nested optimization problem, which
dynamically transforms sparse environmental feedback into dense, instructive reward
signals by decoupling the learning process into two interconnected stages, that is, a lower-
level policy optimization and an upper-level reward parameter update.

The lower-level task aims to derive the optimal flight policy 7y by maximizing the
expected return of a parameterized, dense active reward function R, (S, A). The cumulative
objective function for a trajectory 7 is defined as:

T
Y 'Ry (St Ar)
t=0

]lower(er 77) = ETwng (10)

where 1 denotes the learnable parameters of the reward function, designed to provide
high-frequency, step-by-step guidance. During this phase, the policy network parameters 6
are updated via the standard PPO clipping mechanism, ensuring stable convergence under
the local guidance of R;;.
Concurrently, the upper-level optimization focuses on adjusting the reward parameters
11. The objective is to ensure that the resultant policy 77p+(,) maximizes a global meta-
objective [yeta:
Nt = argmﬂax Jmeta(Tg+(y)) (11)

In contrast to the parameterized dense reward used in the lower level, [;et, represents
the sparse, delayed environmental feedback reflecting the ultimate flight safety criteria,
such as overall survival rate and minimum altitude threshold.

To bridge the sparse meta-objective and the dense local rewards, the parameters 7 are
iteratively updated via meta-gradients. Since the optimal policy parameters 6* inherently
depend on 7, the gradient of the meta-objective with respect to 7 is derived using the
chain rule:

Vﬂ]meta(’?) = VG]meta(G) : VWG(T]) (12)
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By approximating this meta-gradient through the training trajectories, the AR-PPO
framework autonomously discovers how to map sparse survival outcomes into dense
aerodynamic guidance. Specifically, through the meta-gradient mechanism, the overarching
discrete objective of survival is mathematically distilled into continuous, state-action-level
evaluations, meaning the agent deduces the underlying physical laws, such as the absolute
necessity of preserving kinetic energy, directly from the ultimate success or failure of its
exploratory flights. Consequently, this empowers the agent to autonomously navigate
critical physical trade-offs, such as prioritizing airspeed over altitude during vortex core
penetration, without relying on handcrafted reward shaping.

2.2.2. Design of the Manual Reward Function

To evaluate the efficacy of the proposed active reward mechanism, a manual, static
reward function is designed for the proximal policy optimization (PPO). This function is
formulated based on classical flight control objectives during a windshear encounter, which
primarily involve minimizing the deviation between the current flight states and the target
go-around states.

()
manual
multi-channel tracking errors and boundary penalties:

At each time step t, the manual reward R is defined as a weighted sum of the

RErit)mual = Ralive — </\Ve$) + /\hé‘](j) + )\96((;) + /\4,6((;) + /\1/;6[(;)) — Pviolation (13)
where R;;,, represents a constant positive reward given at each time step when the aircraft
remains in the air and avoids stalling, encouraging the agent to prolong the flight duration.
During a go-around, kinetic energy and potential energy must be strictly protected. The er-
ror terms are defined using the Huber loss or absolute error to prevent exploding gradients
when deviations are massive:

eg) = max(0, hgype — h(’f))2 (14)

Airspeed is penalized only when it drops below the safe approach speed (V,.y = 70 m/s),
and altitude is penalized only when it drops below the critical decision height (/). The
attitude channels must be regulated to the standard go-around posture; that means pitch
6 ~ 15°, roll ¢ ~ 0° and yaw ¢ =~ 0°. The tracking errors are defined as:

B _ o) (15)

A massive sparse penalty is triggered if the aircraft crashes into the ground or exceeds
the critical stall angle of attack. This immediately terminates the episode.

1000, if h®) <0oral) > 15°
Pviolation = . (16)
0, otherwise

2.3. Multivariable Decoupling and Signal Reconstruction via W-MSSA
2.3.1. Denoising of Control Signals via Discrete Wavelet Transform

The control commands generated by the reinforcement learning agent, inherently
contain high-frequency oscillations. These oscillations stem from the stochastic nature of
the active exploration process and can cause physical damage to aircraft actuators, such
as servo motors and hydraulic systems. To extract the deterministic control intent while
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removing exploratory noise, the discrete wavelet transform (DWT) is employed based on
multi-resolution analysis (MRA).

For a raw action signal x(t), the DWT decomposes the sequence into a combination
of a low-frequency approximation and high-frequency details. Using a scaling function
¢(t) and a mother wavelet i(t), the signal x(t) at a maximum decomposition level | is
expressed as:

J
x(t) =Y cppre(t) + Y. ) dippi(t) (17)
keZ j=1keZ
where c; . represents the approximation coefficients at level ], which capture the smooth,
macro-level control intent (e.g., steady thrust increase or constant pitch maintenance). d; i
represents the detail coefficients at level j, which represent the localized high-frequency
fluctuations caused by exploration noise. ¢;x(f) and ¢;x(t) represent the orthogonal basis
functions generated by translating and scaling the father and mother wavelets.
To achieve precise denoising, a soft-thresholding operator is applied to the detail
coefficients d; x. An adaptive threshold A; is calculated for each level to separate noise from
useful control features. The modified coefficients d;  are obtained by:

djx = sgn(djj) max(|d;| — A;,0) (18)

By applying the inverse discrete wavelet transform (IDWT) using the original c; ; and
the processed cf]-,k, we reconstruct the denoised control sequence %(t). For the practical
implementation in this study, the Daubechies 4 (db4) mother wavelet was selected due to its
excellent orthogonality and compact support, which effectively preserves the transient aero-
dynamic intent. The maximum decomposition level | was set to 3. The adaptive threshold
Aj was determined using the rigorous Universal Thresholding method, A; = ¢ v2In(N),
where 0; is the median absolute deviation of the detail coefficients, ensuring a mathemati-
cally robust separation of exploratory noise from deterministic control laws. This procedure
effectively mitigates exploratory chattering while preserving the high-fidelity transient
responses required for windshear escape. The resulting high-SNR (signal-to-noise ratio)
signals serve as the input for the subsequent multivariable decoupling.

2.3.2. Multivariable Singular Spectrum Analysis

Subsequently, multivariate singular spectrum analysis (MSSA) is utilized to resolve
the spatiotemporal coupling between the state and action variables. The classical MSSA
algorithm comprises four rigorous mathematical steps: embedding, singular value decom-
position (SVD), grouping, and diagonal averaging.

Construct a multi-channel trajectory matrix by stacking the lagged trajectory matrices
of all M = 9 variables (5 states and 4 actions). To ensure consistency in the multivariable
singular spectrum analysis, the action sequence is standardized to a 40-s total duration,
expanded to exactly N = 400 data points to maintain a high-fidelity 10 Hz sampling rate.
To adequately capture the aerodynamic modalities across these 400 data points without
over-smoothing the critical response features, the MSSA window length L is empirically set
to 40, representing a 4-s temporal moving window. Letting K = N — L + 1, the augmented
trajectory matrix X € RML*K is formulated as:

T
X = [Xy, X;, Xg, Xy, X9, X5, X5, %5, X ] (19)

To capture the cross-channel correlations (e.g., the aerodynamic coupling between the

aileron and elevator during lateral-longitudinal leveling), we compute the block-Toeplitz

c RMLxML

cross-covariance matrix C = XXT . By performing eigendecomposition on C,
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we obtain the eigenvalues A; > Ay > --- > Ay > 0 and their corresponding eigenvectors
U;. The i-th principal component V; is computed as V; = X7 U;//A;. The matrix X is then
decomposed into a sum of elementary rank-one bi-orthogonal matrices:

d

d .
X =Y VAUV =Y x0 (20)
i=1

i=1

where d is the rank of X.

The reinforcement learning outputs contain both the primary control intent and high-
frequency exploratory perturbations. Partition the index set {1,2,...,d} into P disjoint
subsets Iy, I, ..., I,. By selecting the subset I,,,,;, corresponding to the largest eigenvalues
(which represent the dominant energy of the deterministic physical operations), we isolate
the core flight control modalities from the aerodynamic noise. The approximated matrix X
is thus given by X= y x0.

i€Lain

The final step transforms the approximated matrix X back into a set of 1D multi-
variable time series. For the m-th variable block in )A(, denoted as Y(") € RL*K with elements
Vi j, the reconstructed one-dimensional sequence Xy, (n) at time index n (1 < n < N) is

obtained by averaging the elements along the anti-diagonals:

1y
7 i1 Yip—iv forl<n<L*
T (1) = % ZiLzl y;k,n—i-t,-l for L* <n < K* (21)
1 N—K*+1 * *
N=niT Licn ko1 Yin-iz1 forK*<nm <N

where L* = min(L, K) and K* = max(L,K), and y;‘,j = y;j if L < K; otherwise, yl’f,j = Yji-

Through this rigorous W-MSSA procedure, the entangled high-dimensional DRL
actions are successfully decoupled and reconstructed into pure, physically executable
pilot commands.

2.4. Rule Extraction and Standard Operating Procedure Generation

Although the decoupled control signals have been filtered of high-frequency ex-
ploratory noise, they fundamentally remain continuous numerical sequences. To extract
discrete rules with practical engineering value, the classification and regression tree (CART)
algorithm is introduced for policy extraction [35]. This algorithm utilizes the instantaneous
flight state vector S; as input features and the discretized synergistic control modes as

output labels.
The CART algorithm recursively partitions the state space by minimizing the
Gini Impurity:
K
Gini(D)=1-Y_ p; (22)
k=1

where D represents the flight state dataset at the current split node, K is the total number
of discrete physical control modes, and py, is the proportion of samples belonging to the
k-th mode within the dataset. To ensure the conciseness and human expert readability of
the extracted rules, pre-pruning techniques are employed to strictly restrict the maximum
depth of the decision tree, thereby effectively preventing the model from overfitting to local
high-frequency state features.

By traversing and parsing the fully trained shallow decision tree, the decision paths
from the root node to the respective leaf nodes can be directly converted into structured
“IF-THEN" boolean logic rules. For instance: “IF the altitude descent rate exceeds the safety
threshold AND the roll angle is excessive, THEN command maximum throttle response J;;,
AND apply opposite aileron J, to maintain pitch and lateral balance.” These data-driven,
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systematically generated physical rules mitigate the black-box limitations faced by deep
reinforcement learning in the aviation control domain.

The overall training and distillation process of the proposed approach is summarized
in Algorithm 1.

Algorithm 1 Explainable Reinforcement Learning Framework for Autonomous Windshear
Escape

Require: Micro downburst simulation environment E, maximum iterations M
Ensure: Executable “IF-THEN” Standard Operating Procedures (SOPs)
Phase 1: AR-PPO Training (Actor-Critic Architecture)
1: Initialize Actor-Critic network parameters  and active reward parameters
2: foriterationi =1,2,...,M do
// Lower-Level Optimization: Policy Update

3: Collect transition data (S¢, At, S¢41) using the Actor network in environment E
4: Compute dense active reward Ry, (S;, A;) using current parameters 7
5. Update Actor-Critic parameters 6 by maximizing lower-level objective via PPO
clipping
// Upper-Level Optimization: Addressing the Sparse Reward Problem
6: Evaluate the updated policy to collect sparse episodic outcomes (e.g., sur-
vival/crash)
Calculate the meta-gradient based on ultimate flight safety criteria
Update reward parameters 7 via meta-gradients to autonomously discover optimal
rewards
9: end for

10: Obtain the trained optimal policy 7y« and generate raw action sequence set { A}

Phase 2: Multivariable Decoupling and Signal Reconstruction (W-MSSA)
11: for each raw action sequence x(t) € {A} do
12: Apply Discrete Wavelet Transform (DWT) to filter high-frequency exploratory noise

13: Construct augmented trajectory matrix X for states and denoised actions

14: Compute cross-covariance matrix and perform Singular Value Decomposition (SVD)

15:  Extract principal components representing the deterministic dynamic energy

16: Reconstruct the decoupled, purely aerodynamic control sequence {A} via diagonal
averaging

17: end for

Phase 3: Rule Extraction and SOP Generation
18: Construct the expert dataset D using flight states S and the reconstructed actions {A}
19: Apply Sequential Pattern Mining to dataset D to discover temporal synergistic control
modes
20: Translate the mined sequential patterns into discrete, pilot-readable decision paths
21: return Human-readable “IF-THEN" Standard Operating Procedures (SOPs)

3. Results
3.1. Simulation Setup and Parameter Settings

The simulation experiments are conducted on a high-fidelity six-degree-of-freedom
(6-DOF) nonlinear flight dynamics model of B737-800. To simplify the experiment while
ensuring the validity of the proposed framework, this study focuses solely on scenarios
where the aircraft traverses the wind field from the right side under varying wind intensities.
This setup is sufficient because the control performance is identical whether crossing
from the left or right, and flying directly through the middle is a relatively simpler task.
During the training phase, the maximum downdraft velocity of the micro downburst
core is configured to 15.0 m/s. To test the zero-shot adaptation and robustness of the
learned policy, an unencountered, extreme micro downburst with a 22.0 m/s downdraft

https:/ /doi.org/10.3390/aerospace13080721


https://doi.org/10.3390/aerospace13080721

Aerospace 2026, 13, 721

12 of 26

is introduced during the testing phase. The detailed physical constraints, control action
bounds, and algorithm hyperparameters are summarized in Table 1.

Table 1. Simulation environment and hyperparameter configurations.

Category Parameter Value

Initial airspeed Vj (m/s) 75.0
Altitude hg (m) 500

Aircraft and environment Micro downburst max downdraft 15.0 (Train)/22.0 (Test)
Wz,max (m/ S)
Throttle dy, [0.1, 1.0]
Elevator 6, (°) [-15.0,15.0]/15.0
Rudder/ Aileron ¢,, 4, (°) [—20.0,20.0]/20.0
Temporal discount factor *y 0.99
Meta-objective terminal penalty ~100
Active reward function parameters Rerasn
Meta-Objective: Terminal Reward 50
RSUCCESS

Rulive 1.0
Ay 0.5
A 0.3
Manual reward function parameters Ao 0.1
Ag 0.1
Ay 0.1

Pviolatian 1000

It is crucial to note that to prevent the RL agent from exploiting unrealistic control
frequencies, the simulation incorporates realistic actuator dynamics. For instance, the
throttle commands are subjected to a first-order lag with a time constant of 2.5 s to simulate
the spool-up delay of commercial turbofan engines. Similarly, the control surfaces are
constrained by both position limits (e.g., §, € [—15°,15°]) and mechanical rate limiters (e.g.,
maximum deflection rate of 15°/5s).

To ensure a fair and rigorous ablation study, the static weights of the manual reward
function for the standard PPO baseline were carefully calibrated through grid search to
provide a strong, non-trivial benchmark.

As shown in Table 1, the longitudinal energy tracking weights Ay and A, are assigned
significantly higher values than the attitude tracking weights Ay, Ay, Ay. Specifically, the
airspeed penalty weight Ay, = 0.5 is deliberately set higher than the altitude penalty weight
Ay = 0.3. This static configuration reflects the fundamental aerodynamic heuristic that,
during a severe micro downburst encounter, maintaining airspeed above the stall margin is
more critical than strictly tracking the altitude reference.

To ensure the reproducibility of the proposed framework, all simulation experiments
and reinforcement learning training were conducted on a high-performance workstation.
The specific hardware configuration includes an Intel Core i9-13900K processor, an NVIDIA
GeForce RTX 4090 GPU (24GB VRAM), and 64GB DDR5 RAM. The software environment
is based on Ubuntu 22.04 LTS, utilizing Python 3.9 and the PyTorch 2.0 deep learning
framework. Furthermore, the initial flight states for the simulation were configured to
represent a standard landing approach prior to the micro downburst encounter.

Regarding hyperparameter sensitivity, the proposed framework demonstrates signifi-
cant robustness compared to traditional baseline algorithms. Specifically, built entirely upon
an Actor—Critic architecture, the active reward discovery mechanism was implemented
explicitly to solve the sparse reward problem inherent in extreme low-altitude windshear
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encounters. By autonomously discovering and dynamically adjusting the reward mapping
via meta-gradients during training, this bilevel architecture intrinsically reduces the agent’s
sensitivity to the initial static reward weight configurations. This eliminates the necessity
for exhaustive, manual hyperparameter tuning of reward functions, ensuring high practical
reproducibility and generalization.

3.2. Experimental Results
3.2.1. Comparison in Nominal Windshear Environment

To validate the superiority of the proposed active reward updating mechanism,
Figure 4 presents the episodic learning curves of the proposed AR-PPO agent and the
baseline MR-PPO agent over 2000 training episodes. Both policies are initialized under
identical micro downburst environments and neural network architectures. The solid lines
represent the mean episodic return, while the shaded regions denote the standard deviation
over multiple random seeds, reflecting the stability of the learning process.

—— AR-PPO

150091 — mr-pPO

1000

500

Return

=500 1

—1000

—1500 A

—2000 A

0 250 500 750 1000 1250 1500 1750 2000
Training episodes

Figure 4. Convergence comparison between AR-PPO and MR-PPO.

As shown in Figure 4, the proposed AR-PPO algorithm (red line) demonstrates a rapid
and stable convergence trajectory. During the early exploration phase, the AR-PPO agent
quickly escapes the severe penalty region, starting near —2000. By adaptively adjusting
the reward weights, the AR-PPO policy could robustly converge to a high-reward global
optimum after roughly 1000 training episodes, with a conspicuously narrow shaded band
indicating minimal policy variance and high training stability.

In contrast, the MR-PPO agent (blue line) exhibits sluggish learning dynamics and
severe policy chattering. The static, manually tuned reward function fails to provide a con-
sistent direction for gradient ascent during complex aerodynamic variations. Consequently,
the MR-PPO agent ultimately plateaus at a profoundly suboptimal level of 500. Further-
more, the wide variance associated with the MR-PPO curve reveals that the static reward
configuration causes the agent to frequently fall into local optima, repeatedly oscillating
between conflicting sub-tasks without finding a globally safe escape trajectory.

Figure 5 illustrates the time-history evolution of the five multidimensional flight states,
airspeed V, altitude h, pitch angle 6, roll angle ¢ and yaw angle ¢, under the nominal micro
downburst encounter with W ;. = 15.0 m/s. The shaded region from 10 s to 25 s denotes
the area of the wind field, characterized by intense downdrafts and crosswinds. The state
trajectories provide a definitive physical explanation for why the MR-PPO fails and the
proposed AR-PPO succeeds.
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Figure 5. Evolution of flight states with different algorithms.

When encountering the severe altitude drop at t = 10 s, the MR-PPO agent adopts
a naive, greedy strategy to minimize the altitude penalty. It aggressively pulls the stick,
causing the pitch angle to overshoot dangerously above 20° around ¢ = 17 s, as shown
in Figure 5c. This severe aerodynamic violation triggers a massive depletion of kinetic
energy, plummeting the airspeed below 56 m/s as shown in Figure 5a. Consequently, the
aircraft loses vital lift, resulting in the deepest and most perilous altitude drop, bottoming
out near 50 m in Figure 5b. This behavior characterizes the classic stall trap, sacrificing
critical airspeed for immediate pitch, which inevitably leads to a worse altitude loss.

Guided by the active reward updating, it smoothly establishes and maintains the
13°~15° target pitch angle without overshooting. By carefully trading altitude for airspeed,
it prevents a stall, maintaining the highest minimum airspeed (=60 m/s) inside the vor-
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tex core. This physical foresight allows the proposed agent to execute the safest altitude
recovery. The conventional PID controller (black line), while safer than MR-PPO, exhibits a
typical integral phase lag in establishing the pitch attitude (peaking only after ¢ = 20 s), sig-
nificantly delaying the overall altitude recovery. Furthermore, a direct comparison between
the proposed algorithm and the conventional PID controller in Figures 4 and 5 highlights
the fundamental advantage of the proposed framework. While the PID controller is purely
reactive, suffering from a severe integral phase lag that delays critical energy recovery and
pitch establishment, the proposed agent acts with instantaneous precision.

To trace the root causes of the flight state evolutions and the algorithmic convergence
behaviors, Figure 6 illustrates the continuous multivariable control commands generated
by the three strategies. The subplots detail the throttle J,, elevator J,, aileron 6,, and
rudder ¢, inputs. The analysis of these actuator dynamics provides a definitive physical
explanation for the observed stall trap and lateral instabilities.

1.0 1
0.8 1
5 0.6
0.4 1
—— AR-PPO —— MR-PPO — PID
02 .
(a)Throttle
0 B
—5
~ 10+
)
715 B
720 B
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o B
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<
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Time (s)

Figure 6. Evolution of actions with different algorithms.

The top two states &, and J. completely demystify the altitude loss and airspeed
depletion seen in the MR-PPO. Upon windshear detection at ¢t = 10 s, both the proposed
AR-PPO and MR-PPO agents correctly command immediate maximum take-off / go-around
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(TOGA) thrust (6;, — 1.0). In contrast, the conventional PID controller exhibits a dangerous
integral lag, severely delaying the energy recovery process.

Driven by the static manual reward to aggressively minimize altitude loss, the MR-
PPO agent executes a violent, saturated pull-up maneuver of 5, < —15°. This exact action
causes the pitch overshoot of exceeding 20° observed in Figure 5c¢, triggering the kinetic
energy depletion. Furthermore, the extreme high-frequency chattering in the MR-PPO’s
elevator command directly accounts for the massive variance and instability shown in the
Figure 4 learning curve.

Conversely, the proposed AR-PPO agent executes a smooth, measured elevator de-
flection of approximately —6° to —10°, perfectly balancing the trade-off between pitch
establishment and airspeed preservation, yielding the optimal recovery trajectory.

The bottom two subplots (J, and J,) validate the realism of the simulation environment
and the robustness of the proposed framework. When penetrating the highly asymmetric
vortex core (15s < t < 25s5), the standard PPO and PID controllers exhibit massive
control saturation and severe oscillations, commanding aileron deflections approaching
60°. This aggressive over-control directly induces the hazardous roll and yaw deviations
seen in Figure 5d e.

The control action analysis conclusively proves that the proposed active-reward mech-
anism effectively suppresses the high-frequency policy chattering typical of standard DRL
algorithms. By optimizing the control surface deflections physically, it inherently avoids
the stall trap and lateral divergence, leading to the highly stable algorithmic convergence
presented in Figure 4.

3.2.2. Robustness Analysis

To ensure the multivariable physical dynamics are highly interpretable without com-
promising the raw high-fidelity data, the evaluation provides detailed textual signposts
for the state and action trajectories. In the nominal micro downburst encounter, the mul-
tivariable aircraft states (Figure 5) visually capture the critical airspeed-altitude trade-off
during the vortex core penetration phase (10 s < t < 25 s). By tracing these state trajectories,
readers can clearly observe the AR-PPO agent intentionally relaxing the pitch angle to
preserve kinetic energy (airspeed margin) at the expense of a controlled potential energy
(altitude) drop. Correspondingly, Figure 6 details the specific continuous control actions
executing this behavior, explicitly demonstrating how the learned policy actively avoids the
aggressive, saturation-inducing actuator commands typical of the static-reward baseline.

Furthermore, this robust physical logic is validated across broader operational en-
velopes. As presented in the multivariable state comparison under varying windshear
intensities (Figure 7), it becomes increasingly evident that the agent consistently applies
this energy trade-off strategy across different severity levels. The synchronized analysis of
these three figures provides a transparent visualization of how the agent circumvents the
conventional stall trap, rendering the extreme recovery trajectories physically verifiable
and easily interpretable.

The ultimate validation of the proposed method lies in the severe, unseen windshear
scenario from Figure 7k-o. As established in the nominal analysis in Figures 5 and 6, the
MR-PPO agent is inherently flawed by its static reward, which blindly prioritizes altitude
preservation through aggressive elevator deflection. Under the extreme downdraft of the
severe Micro downburst, this flaw is fatally magnified. The MR-PPO agent wildly pulls the
pitch angle beyond 20°, as shoen in Figure 7m, instantly stalling the aircraft. Consequently,
the airspeed plummets, and the aircraft completely loses aerodynamic lift, resulting in a
catastrophic crash.
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Figure 7. Robustness and generalization comparison under varying windshear intensities.

Conversely, the AR-PPO agent successfully survives this zero-shot extreme test. Re-
lying on its dynamically updated reward weights, it decisively sacrifices some altitude,
dropping to approximately 70 m in Figure 71, to maintain a sub-critical pitch angle seen
in Figure 7m and preserve kinetic energy. By keeping the airspeed above the critical stall
threshold seen in Figure 7k, the AR-PPO agent secures enough lift to execute a breathtak-
ing recovery.

The robustness disparity is equally striking in the lateral-directional channels. As
the intensity of the asymmetric vortex increases from light to severe, the MR-PPO agent
loses lateral control authority. In the severe scenario of Figure 7n,o, the MR-PPO agent
experiences severe lateral divergence, with roll angles exceeding 30° and yaw angles
exceeding 25°, indicating a complete departure from controlled flight before crashing.

The AR-PPO agent, however, demonstrates profound decoupling capabilities. Even
under the extreme 22 m/s asymmetric crosswind, it tightly bounds the roll and yaw
oscillations, keeping peak roll under 18°, safely maintaining the non-zero DC bias required
for the wing-low approach technique.

While Figures 4-7 established the algorithmic superiority and zero-shot robustness
of the AR-PPO agent against mathematical baselines, Figure 8 bridges the simulation-to-
reality gap. It presents a high-fidelity comparative validation between the autonomous
AR-PPO agent and empirical flight data recorder (FDR) data from a human pilot facing an
identical micro downburst encounter.

The most striking difference between the Al and the human pilot is observed in
the pitch angle response seen in Figure 8c. When the windshear warning is triggered
(t = 10 s), the human pilot exhibits an inherent cognitive and physiological reaction delay
of approximately 1 to 1.5 s. Once initiated, the human pilot’s pitch control is characterized
by a stepped, discrete pull-up followed by severe high-frequency oscillations, ranging from
12° to 18°. This phenomenon, known in aviation as pilot-induced oscillation (PIO), occurs
because the human pilot struggles to perfectly synchronize the elevator inputs with the
highly unsteady aerodynamic forces of the vortex core.

The human pilot’s delayed reaction and oscillatory pitch control directly translate into
a deeper and more dangerous altitude loss. As shown in Figure 8b, the human pilot’s tra-
jectory sags to a minimum altitude of approximately 75 m. The AR-PPO agent, utilizing its
predictive active-reward mechanism, optimally trades energy without hesitation, securing
a minimum altitude of approximately 100 m. By reducing an additional 25 m of altitude
clearance compared to the human pilot, the Al agent provides a significantly wider safety
margin against controlled flight into terrain (CFIT).
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Figure 8. Flight simulator validation comparing the multidimensional state trajectories of the pro-
posed AR-PPO agent against empirical human pilot data.

Conversely, the AR-PPO agent acts with instantaneous precision. Benefiting from
the smooth, continuous control policy (as previously verified in Figure 6), the agent es-
tablishes the target 15° go-around pitch angle earlier, faster, and with near-zero overshoot
or oscillation.

Under extreme windshear, a human pilot faces an overwhelming cognitive load: they
must simultaneously push the throttle, pull the stick, and fight the asymmetric crosswind
using ailerons and rudders. This split attention inevitably degrades lateral-directional
precision. As evident in Figure 8d,e, the human pilot suffers from larger transient deviations
in both roll (exceeding 20°) and yaw, exceeding 12.5°. The AR-PPO agent, inherently
capable of processing high-dimensional multi-axis inputs simultaneously, executes perfectly
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decoupled control. It smoothly rejects the lateral gusts, bounding the peak roll and yaw
deviations significantly tighter than the human pilot.

Connecting these empirical findings with the robustness matrix, it is evident that
human pilots, much like static reward functions, are susceptible to delays, over-control,
and task-saturation during extreme weather anomalies. The proposed AR-PPO framework
transcends these limitations. By actively exploring and adapting to the dynamic environ-
ment, it achieves a level of anticipatory, decoupled, and optimally bounded flight control
that surpasses standard empirical human performance.

To uncover the mechanical root causes behind the state trajectory discrepancies ob-
served in Figure 8, Figure 9 details the continuous multivariable control commands, throttle,
elevator, aileron, and rudder, executed by both the AR-PPO agent and the empirical human
pilot during the identical simulator test. This microscopic view perfectly illustrates the
physiological boundaries of human manual flight compared to the optimal precision of the
proposed Al framework.
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Figure 9. Actuator-level comparison between the proposed AR-PPO agent and the empirical hu-
man pilot.

The human pilot’s inputs exhibit a distinct staircase or zero-order hold characteristic.
This reflects the human cognitive loop of perceiving instruments, processing information,
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making a decision, and applying manual force to the yoke/rudder pedals. This biological
processing inherently results in discrete, stepped control actions. Furthermore, Figure 9a
explicitly captures the human reaction latency, while the AR-PPO agent commands full
TOGA thrust instantly at the 10-s mark, the human pilot’s throttle input is delayed by a full
second. This critical 1-s delay is the primary catalyst for the deeper altitude loss observed
in the human pilot’s trajectory in Figure 8b.

Figure 9b reveals the physical origin of the human pilot’s PIO seen previously in
Figure 8c. Following the initial delay, the panicked human pilot over-compensates by
pulling the elevator past —10° in discrete, aggressive steps. In contrast, the AR-PPO
agent executes a smooth, continuous elevator curve that peaks gently around —8°. More
importantly, demonstrating its predictive active-reward mechanism, the AR-PPO agent
smoothly relaxes the elevator, moving towards —6°, directly inside the vortex core (15-20 s)
to trade altitude for airspeed, completely avoiding the human pilot’s over-control.

Figure 9¢,d demonstrate control behavior under severe asymmetric crosswinds. The
human pilot’s stepped inputs in the aileron and rudder highlight the immense cognitive
load required to manually coordinate lateral leveling while simultaneously fighting a lon-
gitudinal Micro downburst. The human inputs overshoot significantly, aileron exceeding
40°. The AR-PPO agent, unburdened by human cognitive bandwidth limits, processes
the high-dimensional state space instantaneously. It commands perfectly smooth, per-
fectly decoupled lateral corrections, keeping the aileron tightly bounded below 40° while
maintaining the required DC bias for the crab/wing-low approach.

Through a rigorous progression of algorithmic ablation, nominal kinematic tracking,
zero-shot severe weather stress-testing and empirical flight simulator validation, this
study conclusively demonstrates the superiority of the proposed AR-PPO framework. By
replacing static penalty mechanics with an active-exploration reward strategy, the proposed
Al agent effectively transcends both the mathematical limitations of conventional DRL
baselines and the physiological limitations of human pilots, offering a robust, life-saving
autonomous control solution for extreme low-altitude windshear encounters.

3.3. Design for Physical SOP Extraction

To overcome the inherent black-box nature of DRL and meet the stringent explainabil-
ity and safety requirements for airworthiness certification, a post-training policy distillation
pipeline is designed. The experimental objective is to translate the high-frequency, contin-
uous neural network outputs into human-readable, rule-based SOPs. The experiment is
structured into three sequential phases.

First, an ensemble of successful recovery trajectories is generated by the well-trained
AR-PPO agent under varying Micro downburst intensities. Then, DRL policies intrinsi-
cally exhibit high-frequency stochastic chattering which are mechanically detrimental to
actuators and physiologically impossible for human pilots to execute. Next, the Wavelet
transform provides multi-resolution noise filtering, while MSSA extracts the principal
deterministic dynamic components, isolating the pure aerodynamic control laws from
algorithmic noise.

With the W-MSSA-reconstructed actions serving as the expert target, a CART algorithm
is employed for policy distillation. To ensure the extracted rules are actionable, the CART
model’s inputs are strictly limited to observable flight deck instruments, such as airspeed
and altitude. The tree depth is mathematically constrained to prevent overfitting, thereby
extracting a generalized, hierarchical set of “If-Then” physical SOP rules.

To visually validate the efficacy of the proposed physical SOP extraction pipeline,
Figure 10 illustrates the transformation from raw neural network commands to human-
executable discrete rules within a unified coordinate system. This multilayered visualiza-
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tion explicitly demonstrates how the Al's complex maneuvering intent is distilled into an
actionable flight manual.
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Figure 10. Signal reconstruction and policy distillation fidelity.

The underlying gray line represents the raw AR-PPO elevator command. It is heavily
corrupted by high-frequency algorithmic chattering, a common artifact of neural network
exploration that renders direct implementation unfeasible.

The W-MSSA algorithm acts as a robust filter against this noise, successfully extracting
the continuous, deterministic expert trajectory (thick light blue line). This reconstructed
signal clearly reveals the true aerodynamic intent of the AR-PPO agent: rather than pan-
icking and pulling the stick, the agent executes a decisive, smooth pitch-down maneuver
(pushing the elevator to approximately —14° between 15 and 20 s) to trade altitude for
critical airspeed inside the severe vortex core.

Finally, the CART policy distillation captures the “zero-order hold” cognitive charac-
teristic of human manual flight. Human pilots cannot execute continuous gradients; they
operate in discrete, stepped maneuvers. The resulting distilled policy perfectly replicates
this human physiological trait. More importantly, the red line maintains a tight, high-fidelity
adherence to the W-MSSA expert target without overfitting to the local algorithmic noise.

This high congruence proves that the extracted explicit “If-Then” rules successfully
retain the optimal aerodynamic recovery logic. By bridging the critical gap between DRL
optimality and human execution, this framework provides a highly transparent, certifiable,
and pilot-trainable solution for extreme low-altitude windshear encounters.

As illustrated in Figure 11, the intricate Al control strategies are successfully decoded
into pilot-readable Standard Operating Procedures (SOPs).

Figure 11 presents the hierarchical decision tree extracted via the CART policy distilla-
tion, which seamlessly translates abstract reinforcement learning intelligence into actionable
aerodynamic guidance. The logical flow of the extracted SOP can be analyzed from the
root to the terminal leaves.

Triggering mechanism (Root Node). The root node serves as the primary anomaly de-
tector. It continuously monitors the aircraft’s energy state, triggering the wind shear
recovery protocol only when a severe energy loss is detected (e.g., deceleration rate
V< —=20m/ s% combined with a low altitude threshold & < 300 m).
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Figure 11. Extracted physical SOP via CART policy distillation.

Critical risk assessment (Node 1). If the aircraft is caught in the severe downdraft
(Root = True), the tree immediately evaluates the imminent stall risk at Node 1. The
decision boundary relies on the critical airspeed margin V' < V,,r + 5 m/s and the current
pitch attitude 6 > 13°.

The vortex core strategy (Leaf 1 and Leaf 2). If an imminent stall risk is identified
(Node 1 = Yes), the tree directs the policy to Leaf 1, which embodies the most critical,
counter-intuitive physical law discovered by the agent: relaxing the pitch to trade altitude
for airspeed. This prevents a catastrophic stall during the vortex core penetration. Con-
versely, if the airspeed remains within a safe margin (Node 1 = No), the policy shifts to Leaf
2, commanding a standard pull-up maneuver to establish a positive climb.

Recovery and nominal flight (Node 2, Leaf 3 and 4). Once the aircraft exits the core
downdraft and registers a positive recovery trend V > +1.0 m/s* and positive climb rate,
the tree navigates to the right branch. Leaf 3 instructs the pilot to maintain the current pitch
and keep the wings level to safely exit the wind shear zone, eventually transitioning back
to the nominal approach configuration (Leaf 4).

Ultimately, Figure 1 demonstrates that the proposed framework does not merely
output a rigid numerical trajectory; rather, it distills a highly interpretable, physics-informed
decision-making paradigm. This guarantees that the Al-generated strategies can be safely
integrated into human-in-the-loop aviation operations.

4. Discussion

The experimental results demonstrate that the proposed AR-PPO framework funda-
mentally resolves the limitations of conventional DRL and manual flight operations in
extreme windshear environments. A pivotal finding of this study is the Al agent’s au-
tonomous discovery of the “altitude-for-airspeed” trade-off during vortex core penetration.
Traditional MR-PPO agents and human pilots often succumb to the “stall trap,” greedily
pulling the elevator to preserve altitude, which rapidly depletes kinetic energy and leads to
catastrophic lift loss.

In contrast, guided by the meta-gradient mechanism, the AR-PPO agent prioritizes air-
speed over altitude, proving that the proposed bilevel optimization architecture empowers
the agent to deduce fundamental aerodynamic laws from sparse survival outcomes rather
than blindly following static reference tracking.

Furthermore, the comparative analysis against empirical human pilot data highlights
the physiological boundaries of manual control. The human cognitive loop introduces
dangerous reaction latencies and pilot-induced oscillations (PIO), particularly when man-
aging coupled longitudinal and lateral-directional dynamics under severe asymmetric
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crosswinds. The AR-PPO agent overcomes this by processing high-dimensional multi-axis
inputs instantaneously, ensuring tightly bounded, perfectly decoupled control.

From a regulatory and airworthiness certification perspective, existing certification
frameworks for microburst avoidance systems strictly require deterministic guarantees
and exhaustive formal verification. This fundamentally clashes with the statistical and
stochastic nature of deep neural networks. A significant philosophical challenge remains:
regulatory agencies, such as EASA and the FAA, demand absolute predictability and
traceability in safety-critical systems. It is important to note that most existing explainable
reinforcement learning (XRL) methods primarily focus on feature attribution to interpret
the internal cognitive intent of the neural networks, providing post-hoc statistical inter-
pretations without guaranteeing strict bounds on physical execution. To overcome this
hurdle, the aviation Al must transition from statistical explainability to programmatic
and deterministic verification. In contrast to standard cognitive XRL methods, this study
utilizes wavelet analysis, multivariate singular spectrum analysis (MSSA), and sequential
pattern mining explicitly as the core tools for explainable reinforcement learning. This
unique policy distillation pipeline focuses on physical execution, reconstructing continuous,
black-box trajectories into transparent, discrete “IF-THEN” physical SOPs. By explicitly
translating uncertifiable neural weights into verifiable operational rules, direct algorithmic
performance comparisons with standard cognitive XRL methods become inapplicable.
More importantly, this pipeline ensures that the advanced recovery paradigms discovered
by the Al are actionable, physically bounded, and aligned with the stringent predictability
requirements necessary for eventual regulatory acceptance and integration into evidence-
based training (EBT) for human pilots. Despite these promising advancements, this study
has certain limitations that must be acknowledged. First, the validation relies entirely on a
simulation-based environment utilizing a 6-DOF B737-800 flight dynamic model, which
cannot fully replicate the hardware-in-the-loop latencies of actual flight operations. Second,
the deterministic vortex-ring model used for the micro downburst inherently lacks the
stochastic turbulence intensity (e.g., Dryden or von Karman models) and atmospheric uncer-
tainties commonly observed in real-world conditions. Therefore, future research will focus
on integrating stochastic atmospheric variations to enhance the fidelity of the windshear
model. Ultimately, we plan to validate these extracted SOPs through human-in-the-loop
flight simulator experiments, utilizing the distilled rules for quantitative pilot training
analysis to further enhance the certification readiness of Al-driven flight control systems.

5. Conclusions

This paper presents a robust, explainable data-driven reinforcement learning framework
for autonomous windshear escape, effectively addressing the unreadability and instability of
conventional DRL in aviation applications. The main conclusions are as follows.

Autonomous reward discovery. The proposed AR-PPO framework utilizes bilevel
optimization and meta-gradients to autonomously map sparse episodic outcomes into
dense aerodynamic guidance, successfully mitigating gradient interference and avoiding
the heuristic “stall trap”.

Robust zero-shot generalization. By actively prioritizing kinetic energy preservation
during severe vortex core penetration, the AR-PPO agent achieves superior recovery per-
formance and precise multivariable decoupling. It significantly outperforms static-reward
algorithms and empirical human pilots, demonstrating exceptional zero-shot adaptability
in unseen extreme micro downbursts (22.0 m/s).

Transparent policy distillation. By employing W-MSSA for noise filtering and signal
reconstruction, alongside CART for decision boundary extraction, the black-box neural
network strategies are successfully distilled into human-readable SOPs. This transparent
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representation ensures that the Al-generated maneuvers are physically executable and
verifiable, establishing a solid foundation for human-in-the-loop operations and airworthi-
ness certification.
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The following abbreviations are used in this manuscript:

AEDRL  Active exploration deep reinforcement learning
AR-PPO  Active-reward proximal policy optimization

CART Classification and regression tree

DRL Deep reinforcement learning

IL Imitation learning

IRL Inverse reinforcement learning

PIRL Programmatically interpretable RL
PPO Proximal policy optimization

RL Reinforcement learning

SILVER  Shapley value-based interpretable policy via explanation verification
XRL Explainable reinforcement learning
DWT Discrete wavelet transform

IDWT Inverse discrete wavelet transform
MRA Multi-resolution analysis

MSSA Multivariate singular spectrum analysis
SNR Signal-to-noise ratio

SVD Singular value decomposition

W-MSSA  Wavelet analysis combined with multivariate singular spectrum analysis
6-DOF Six-degree-of-freedom

CBTA Competency-based training and assessment
CFIT Controlled flight into terrain

EBT Evidence-based training

FDR Flight data recorder

PIO Pilot-induced oscillation

SOP Standard operating procedure

TOGA Take-off / go-around
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