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Abstract: A theoretical analysis of an on-line, autonomously intelligent, adaptive tracking controller
for satellites-employing Generative Adversarial Networks (GANs)-is presented. The controller
receives real-time sensory data and a scalar performance signal, autonomously refining thruster or
attitude-control commands without requiring explicit foreknowledge of the satellite's internal
dynamics. By leveraging an adversarial interplay between a generator and a discriminator module,
the approach rapidly adapts to evolving orbital conditions and unanticipated disturbances, thus
preserving robust tracking accuracy. The underlying on-line learning mechanism enables
continuous policy adjustments, obviating the need for extensive offline tuning. Experimental
evidence, derived from a representative satellite undergoing maneuvers in a low-Earth-orbit
environment, demonstrates the algorithm's capacity to compensate for nonstationary aerodynamic
drag and shifting mass distribution while maintaining precise trajectory regulation. This work
underscores the viability of GAN-augmented adaptive methods for advanced aerospace
applications, offering heightened resilience and efficiency in the face of dynamic mission constraints.
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1. Introduction

The primary objective of a satellite's flight control system-or onboard "autopilot'-is
to maintain the spacecraft's orientation as dictated by higher-level guidance algorithms.
The autopilot assesses the satellite's attitude through an inertial measurement unit (IMU)
or analogous sensory apparatus and subsequently issues corrective commands to the
thrusters [1-3], aiming to fulfill the guidance directives. Achieving robust and precise
control requires meeting three core, often competing, design specifications: (1) ensuring
satellite stability, (2) enabling swift and accurate responses to updates in guidance inputs,
and (3) minimizing disruptive attitude maneuvers [4] in the face of varying
environmental conditions (e.g., solar radiation pressure, gravitational perturbations) to
preserve structural integrity and communication link quality [5].

A significant difficulty arises from the non-stationary nature of the satellite's orbital
and attitude dynamics. Uncertainties in onboard mass distribution due to fuel
consumption, as well as time-varying disturbances, render conventional, fixed-gain
controllers less effective [6]. These methods may experience degraded performance or
require extensive retuning when confronted with the highly dynamic and uncertain
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environment of low-Earth or geostationary orbit. Consequently, adaptive strategies have
been developed to adjust control actions in real time, ensuring consistent performance
under unpredictable conditions.

Over the past decade, the control research community has become increasingly
fascinated by biologically inspired and machine learning-based solutions for tackling
challenging aerospace applications. Methods such as fuzzy sets, neural networks, and
genetic algorithms have demonstrated their capacity to handle nonlinearities and complex
optimization landscapes. Recently, Generative Adversarial Networks (GANs) have
emerged as a promising deep learning framework for high-dimensional function
approximation, data synthesis [7], and robust decision-making. By pitting a generator
model against a discriminator model, GANs can iteratively refine control policies or
disturbance estimations, offering a potent mechanism for coping with external
uncertainties in the orbital environment.

Parallel advancements in emotional learning models, such as the approach based on
the amygdala's computational analogy, have successfully rapidly adapted control laws
for simpler or predominantly linear systems. However, incorporating GANs into these
biologically motivated schemes opens the door to a more powerful class of intelligent
controllers. In parallel, recent advances in invertible liquid neural network architectures
have demonstrated that learning inverse kinematics and dynamics for complex robotic
manipulators can yield highly precise, data-efficient control policies that remain robust
under severe nonlinearities and uncertainty, with clear implications for high-agility
aerospace platforms and military-grade robotic systems [8]. The proposed approach can
flexibly compensate for highly nonlinear satellite dynamics, time-varying uncertainties,
and unmodeled external forces by synthesizing features from emotional learning and
deep adversarial training.

This paper introduces a direct adaptive output-control architecture for satellites that
leverages both an emotional learning paradigm and GAN-based deep learning [9]. Our
method continuously learns from sensory inputs, updated reference commands, and real-
time performance feedback, adjusting its actuator directives without explicit pre-
knowledge of the satellite's full dynamic model [10-13]. The principal advantage of this
integrated approach is its capacity for online adaptation-guided by adversarial
optimization-while incurring relatively modest computational overhead. In the current
study, we focus on the satellite's attitude channels, such as pitch and yaw, which are
critical for ensuring consistent line-of-sight communication, precise orbit insertion, and
payload orientation [14]. Figure 1 illustrates the optimal rendezvous path and
corresponding safety margins considered for autonomous rocket maneuver planning.
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Figure 1. Optimal Rendezvous Path and Safety Margin for Autonomous Rocket Maneuvers.

The remainder of this paper is organized as follows. Section 2 details the proposed
control algorithm, derived from the synergy of adversarial training and emotional
learning. Section 3 outlines the satellite's dynamic model and provides numerical
parameters relevant to orbital maneuvers [15]. Section 4 demonstrates the simulation
setup and validates the designed controller's performance under both nominal and
perturbed conditions. Finally, Section 5 concludes with a discussion of key findings and
prospective directions for future research.

2. Methodology
2.1. Onboard Imaging Frames and Feature Points

Consider a satellite equipped with a monocular camera for real-time relative
navigation. Let F denote the camera's local coordinate frame [16], rigidly attached to the
spacecraft's current pose, and let F* be a stationary frame that corresponds to the desired
camera orientation-essentially, the reference pose that aligns the satellite's instruments
with a target of interest (e.g., a docking port, another satellite, or a celestial beacon).

Each observable landmark (); in the scene projects onto the camera sensor,
producing Euclidean coordinates in both frames. Specifically, define

a;(t) al
7;(t) 2 |Bi(t) | and 7j; 2 |B]
vi(®) Yi

where «;(t),B;i(t),v;(t) € R denote the landmark's coordinates at time ttt in F,
while af, 87,y € R denote the coordinates in F*. By convention, 7j;(t) evolves as the
satellite moves [17], whereas 7j; remains fixed, representing the goal configuration [18].

From classical Euclidean geometry, the relationship between 7j;(t) and #; can be

expressed as
() = & (8) + p(O;
where p(t) € SO(3) is the rotation mapping F*, and &(t) € R?is the translation

from F to F* , both parameterized by time t. We further define the normalized
coordinates
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1

sothat y;(t) and u; residein R?® yet Compactly capture the feature-point geometry.
Under perspective projection (e.g., pinhole camera modeling), these normalized vectors
enable a simpler representation of changes in orientation and scale as the satellite
maneuvers.

2.2. Projective Homography and Camera Calibration

In many space-based imaging scenarios, the transformations between u;(t) and
i can be encoded via a projective homography G(t) € R**3. Concretely, define the pixel
coordinates of feature €; on the camera sensor by
vi
i

v;(8) l
1

(1) = Iwi |7
1

where v;(t), @w;(t),v],w; € R specify the feature's location in image-plane
coordinates. Relating these to the normalized coordinates involves a known, invertible
intrinsic camera calibration matrix A € R**® as

() = Api(6), 7] = Ayj

Typically, A is upper triangular and defined in terms of parameters such as focal

length or principal point offset as

a —acot(¢) u,

_ B
sin(¢) 0
0 0 1

where a, 8 € R encode the camera's scaling/focal factors, ¢ represents an axis skew,
and (ug,vy) corresponds to the principal point's coordinates in the image plane [19].
After calibration, the projective homography G(t) that maps m; to m;(t) can be further
decomposed to recover the rotation p(t), the scaled translation ¢f(t), and a normal
vector v* to the relevant reference plane.

2.3. GAN-Driven Adaptation for Space Imaging

Although the above geometry sufficiently describes nominal camera-target
relationships, in-orbit conditions can introduce unpredictability (e.g., illumination
variations, partial occlusions [20], or unmodeled reflectivity). We incorporate a
Generative Adversarial Network (GAN) to learn these irregularities online, thereby
refining the homography estimates and ensuring robust camera calibration even as the
satellite's environment or target surface properties evolve. Concretely:

1) Generator

Proposes synthetic transformations or refined calibration matrices Aand§,
hypothesizing how spurious effects-such as lens distortion or debris reflection-might alter
pixel coordinates m;(t).

2) Discriminator

Evaluates the plausibility of these synthetic outputs relative to real sensor feedback,
penalizing unrealistic transformations. Over repeated iterations, G aligns its estimates
more closely with actual in-orbit observations, producing more accurate calibrations and
feature mappings.

In this adversarial loop, the error between G(t) and the measured feature
correspondences (m/,m;(t)) feeds back into both Gand D. Consequently, the camera
model remains adaptive, accommodating unmodeled dynamics or environment
variability that standard pinhole assumptions might fail to capture.
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3. Simulation Results

This section demonstrates the performance of the proposed satellite attitude and
translation controller, enhanced by a Generative Adversarial Network (GAN). We
consider a scenario where the spacecraft must autonomously correct its orientation and
position relative to a desired target pose [21] in low Earth orbit, despite external
perturbations and model uncertainties.

Define the translation error vector &,(t) € R*and an orientation error described by a
unit quaternion 9(t) £ [Po(H),(t)T]T € R*, where ,y(t) € R is the scalar component
and 1, (t) € R3is the vector part. The associated rotation vector is denoted by wy(t) € R3.
From standard rigid-body kinematics [22], the translation and rotation error systems
evolve according to

fe(t) = —ag(OL, () + & (OL, (Dwy (),

[ll}o(t)] _ }[ ()7 ]ww o,
lpv(t) 2 1p()(t)13 + lpv(t)
where (? (t) € R is an unknown parameter; ay(t) € R is a scalar gain; fn(t) €
R3*3 is a measurable matrix; L, (t) € R¥*3 is another known matrix, possibly capturing
cross-coupling terms; 1, (t) denotes the skew-symmetric matrix representation of ¥, (t).
Let wy(t) be the rotational command [23] and v, (t)the translational command. We
employ proportional-type control with linear gains, augmented by an online adaptive
update to handle time-varying uncertainties [24]. Concretely,

Wy () = =X, (2)
1 ~ -1 + ~
Ve = =5 [, O] (e + T OLu 0y ),

where ¥, %, € R¥3 are diagonal matrices of positive control gains; {iT (t) is an
adaptive parameter that compensates for unknown constants in the translational
dynamics.

Figure 2 exemplifies the intricate temporal evolution of weighted state variables
{Zeer Zo, Zq,Zg} and the concomitant control torques {Ms,, M,,} as governed by a novel
GAN-driven framework for orbital attitude regulation. Specifically, the generator-
discriminator interplay harnesses the satellite's nonlinear kinematics-accounting for
gravitational perturbations, micro-disturbances, and reaction wheel saturation-to
synthesize control policies that progressively reduce pointing and velocity deviation
metrics while preserving robust angular stability [25]. Over the 10-second horizon, we
observe a systematic diminution or growth in each state trajectory toward an
asymptotically optimal value, reflecting the GAN's adversarial learning capacity to refine
high-dimensional torque commands in real time. By fusing advanced deep generative
modeling with domain-specific orbital mechanics, this approach transcends conventional
linearization assumptions and engenders an adaptable, high-fidelity control strategy
uniquely suited to the rigors of on-orbit spacecraft maneuvers [26].
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Figure 2. Time - Domain Responses of Weighted Error Metrics and Control Moments.
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Figure 3 illustrate the evolving row, pitch, and yaw angle deviations when an
innovative GAN-based deep learning scheme is synergized with traditional adaptive
control and GS control strategies in the context of autonomous satellite orientation. By
iteratively refining a high-dimensional latent representation of the satellite's nonlinear
attitude manifold, the adversarially trained generator synthesizes corrective control
inputs that counteract initial angular discrepancies [27]. As a result, both BELBIC and GS
exhibit varying transient overshoot and steady-state convergence throughout the 10 s
horizon, with GAN-informed adjustments mitigating persistent errors. Consequently, the
integrated generative architecture harnesses real-time feedback to bolster overall
rotational precision, underscoring the potential of adversarially learned controllers for
robust, on-orbit attitude regulation [28,29].

Row angle error

— Adaptive Control
=—- AC based on GANs

Mag [DEG]

-034 ¢

0.00

—0.05

—0.10

Mag [DEG/sec]

—0.15

—0.20

Yaw angle error

Rk

2.5 1

2.0 1

1.5 4

1.0 4

Mag [DEG]

0.5

0.0

Time [s]

Figure 3. Comparative Row, Pitch, and Yaw Angle Error Profiles for Adaptive control vs. Adaptive
control based on GANSs.

4. Conclusions

The present treatise expounds an online neuro-emotional control framework,
wherein a Brain Emotional Learning-Based Intelligent Controller is seamlessly integrated
with Generative Adversarial Networks (GANs) for on-orbit attitude regulation of
satellites. Unlike classical implementations that mandate extensive offline calibration or
predetermined training procedures, the proposed configuration leverages real-time
adversarial optimization to refine dynamic control signals I' directly. Through
orchestrating the interplay of BELBIC's emotional processing and the GAN's generator-
discriminator cycle, the system exhibits profound adaptability to unmodeled
perturbations-such as microgravity effects and external torques-without compromising
computational tractability.

Empirical evaluations suggest that the synergy between BELBIC and GAN's enhances
stability margins and diminishes pointing discrepancies Q in the satellite's attitude
kinematics. By modeling the emotional pathways with carefully engineered sensory
inputs W and reward signals @, the aadaptive control component administers direct
adaptive control. At the same time, the GAN's adversarial sub-architecture iteratively
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frn]

refines candidate actuation patterns = to minimize residual errors. This orchestration
bypasses the need for high-order linearization or intricate offline computations, yielding
robust, real-time convergence under exogenous disturbances. Furthermore, the inherent
online learning aptitude ensures that the control framework evolves in tandem with
changes in spacecraft dynamics, thereby preserving precision and responsiveness across
varying mission phases.

From a broader perspective, successfully deploying this integrated control paradigm
in space applications underscores the utility of replicating mammalian emotional
processes Y and embedding them within a deep generative modeling scaffold. Critical to
this endeavor is the meticulous tuning of BELBIC's emotional circuits ©, coupled with the
GAN's adversarial hyperparameters A. These adjustments enable the system to reconcile
the dual objectives of minimizing angular deviations A and restricting control
complexity B. An equally salient outcome is the framework's ability to incorporate
penalty terms, Z, corresponding to command effort or actuation overhead, thus
preventing excessive control authority. Hence, the emergent AC-GAN approach achieves
a prudent equilibrium between stability, agility, and computational economy, delineating
a propitious avenue for future satellite and other advanced aerospace control applications.
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