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Abstract— Satellite attitude control under uncertainties and
actuator degradation poses significant challenges to fixed-gain
model-based controllers. Although MPC offers constraint han-
dling and stability properties, its performance strongly depends
on offline tuning of the cost function. This paper proposes
a hierarchical RL–MPC framework in which a TD3 agent
supervises the controller by adaptively modulating the MPC
weighting matrices within bounded ranges, while the nominal
MPC structure remains unchanged. The RL layer operates
at a slower timescale and exploits long-term performance
feedback to enhance control adaptability without compromising
safety. Simulation results on a nonlinear satellite attitude model
show that the proposed approach improves stabilization and
fault-tolerant performance compared to conventional fixed-
weight MPC, particularly under attitude sensor accuracy loss.
The results demonstrate that hierarchical RL supervision can
effectively enhance MPC performance while maintaining real-
time feasibility and control reliability.

I. INTRODUCTION

Satellite attitude control is a critical subsystem for ensur-
ing mission success in space applications, including Earth
observation, communication, and scientific exploration [1].
Accurate attitude regulation directly impacts payload point-
ing precision, power management, and overall mission life-
time. However, the space environment is inherently harsh
and uncertain, exposing spacecraft to disturbances, model
uncertainties, actuator limitations, and gradual performance
degradation of onboard components [2]. These challenges
motivate the development of control strategies that are not
only high-performing but also adaptive and robust over long-
term operation [3], [4].

Model Predictive Control (MPC) has emerged as an attrac-
tive solution for satellite attitude control due to its ability
to explicitly handle multivariable dynamics, actuator con-
straints, and performance trade-offs through an optimization-
based formulation [5], [6]. MPC has been successfully ap-
plied to rigid-body attitude regulation using quaternion repre-
sentations, enabling constraint-aware control while avoiding
singularities associated with Euler angles [7]. Nevertheless,
the effectiveness of MPC critically depends on the selection
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of weighting matrices in the cost function, which balance
tracking accuracy against control effort. These parameters
are typically tuned offline and remain fixed during operation,
limiting performance under varying operating conditions,
large-angle maneuvers, or changes in system dynamics.

To address such limitations, adaptive and fault-tolerant
control approaches have been widely investigated. Fault-
tolerant attitude control schemes aim to preserve stability
and acceptable performance in the presence of actuator or
sensor degradations [3], [8], [9], [10], [11]. While these
methods enhance robustness, they often rely on explicit fault
models or conservative design margins, which may lead to
suboptimal performance in nominal conditions. Moreover,
retuning MPC parameters online in a principled and stable
manner remains a challenging problem.

Recent advances in Reinforcement Learning (RL) have
opened new perspectives for adaptive spacecraft control.
RL-based attitude control methods have demonstrated the
capability to learn control policies directly from interaction
data, achieving competitive performance in both simulation
and experimental settings [12], [13]. However, end-to-end
RL approaches raise concerns regarding safety, interpretabil-
ity, and sample efficiency, particularly for safety-critical
aerospace systems. Direct torque generation by an RL agent
may violate physical constraints or lead to unstable transient
behaviors during learning.

To overcome these challenges, hierarchical control archi-
tectures that combine RL with classical control techniques
have gained increasing attention [14], [15]. In such frame-
works, RL is employed as a high-level supervisor, while a
well-understood control law ensures low-level stability and
constraint satisfaction. This paradigm preserves the reliability
and interpretability of model-based control while leveraging
the adaptability of learning-based methods.

In this paper, a hierarchical RL–MPC framework for
satellite attitude regulation is proposed. The MPC controller
operates as the primary control loop, generating torque
commands based on a quaternion-based attitude error formu-
lation. A Twin Delayed Deep Deterministic Policy Gradient
(TD3) agent [16] acts as a supervisory layer, providing
incremental and bounded adjustments to the MPC weighting
matrices in real time. This design allows the controller to
adapt its performance trade-offs according to the current
operating regime, without granting the RL agent direct
authority over actuator commands. The proposed scheme
ensures safety by delayed RL actions, maintains geometric
consistency in quaternion space, and mitigates the limitations
associated with fixed-parameter MPC.



Simulation results demonstrate that the proposed hierar-
chical approach improves transient performance and adapt-
ability compared to conventional MPC. The framework also
provides a practical pathway toward learning-assisted, fault-
aware attitude control architectures suitable for future au-
tonomous spacecraft.

II. METHODOLOGY

A. Model Predictive Control for satellite attitude

Model Predictive Control (MPC) is employed to regulate
the satellite attitude by optimizing future control actions over
finite prediction and control horizons. At each discrete time
instant k, the controller relies on a discrete-time prediction
model of the form:

xk+1 = fd(xk,uk) (1)

where xk ∈ Rnx denotes the MPC state vector, typically
composed of attitude and angular velocity tracking errors,
and uk ∈ Rnu represents the control torque input.

The MPC optimization minimizes a quadratic cost func-
tion over a prediction horizon Np:

J =
Np−1

∑
i=0

(
x⊤k+iQxk+i +u⊤

k+iRuk+i

)
(2)

where Q ⩾ 0 and R > 0 are weighting matrices that penalize
state deviation and control effort respectively. Beyond the
control horizon Nc, the control input is held constant, i.e.,

uk+i =

{
uk+i, i = 0, . . . ,Nc −1,
uk+Nc−1, i = Nc, . . . ,Np −1.

(3)

which reduces computational complexity while maintaining
adequate prediction accuracy.

The optimization is subject to actuator constraints:

umin ≤ uk+i ≤ umax

ensuring feasibility and compliance with hardware limita-
tions. In a receding-horizon implementation, only the first
control action is applied at each time step, and the optimiza-
tion problem is solved again at the next sampling instant
[17], [18].

The closed-loop performance of MPC is therefore strongly
influenced by the selection of the weighting matrices Q and
R, which motivates the hierarchical RL–based supervisory
tuning strategy developed in this work.

B. Hierarchical Reinforcement Learning-Guided MPC

To address this limitation, a hierarchical RL–MPC archi-
tecture is proposed, where a reinforcement learning agent
operates at a supervisory level and adapts selected MPC
tuning parameters online, while the MPC remains responsi-
ble for real-time attitude stabilization. In this framework, the
RL agent does not replace the MPC controller nor directly
generate control torques. Instead, it modulates the MPC cost
structure through low-dimensional tuning variables, preserv-
ing interpretability. This separation of roles allows the RL
agent to focus on long-term performance optimization and

fault accommodation, while the MPC ensures reliable short-
term control performance.

The proposed architecture consists of two control layers:
• Inner loop (MPC controller): Executes at a fast sampling

rate Ts, solves a constrained optimization problem, and
generates control torques for satellite attitude regulation.

• Outer loop (TD3 supervisor): Operates at a slower
decision rate TRL = nTs,n > 1, and updates MPC tuning
parameters based on observed closed-loop behavior.

This time-scale separation ensures that the TD3 agent does
not interfere with the inner MPC loop dynamics and avoids
destabilizing rapid parameter fluctuations.

1) Observation space: The TD3 agent receives a compact
observation vector summarizing the closed-loop system be-
havior over the MPC horizon. A representative observation
vector is defined as:

ok =

[
qe
ωe

]
(4)

where qe and ωe denote quaternion and angular velocity
errors, respectively.

2) Action space: The TD3 agent outputs a continuous
action vector:

ak =

[
∆αQ
∆αR

]
, ak ∈ [−1,1]N (5)

which represents incremental adjustments to scaling factors
applied to the MPC weighting matrices. N is the number of
diagonal elements of Q and R.

3) MPC parameter adaptation: The scaling factors are
updated incrementally as:

αQ(k+1) = clip
(
αQ(k)+ηQ∆αQ, [α

min
Q ,αmax

Q ]
)
,

αR(k+1) = clip
(
αR(k)+ηR∆αR, ; [αmin

R ,αmax
R ]

) (6)

and applied to the nominal weighting matrices as

Qk = αQ(k)Q0,
Rk = αR(k)R0

(7)

4) Reward Function Design: Let qe(k) and ωe(k) denote
the quaternion error and angular velocity error at discrete
time step k, respectively. Define the quaternion error magni-
tude as

nq(k) = ∥qe(k)∥. (8)

The instantaneous reward is constructed to encourage mono-
tonic reduction of the attitude error, penalize angular velocity
error, and regularize deviations of the MPC tuning parame-
ters from their nominal values. To explicitly reward progress
rather than absolute performance, the reward incorporates the
difference between consecutive quaternion error norms:

r∆q(k) = nq(k−1)−nq(k) (9)

which yields a positive contribution whenever the attitude
error decreases between successive time steps. Residual
angular velocity error is penalized through a quadratic or
norm-based term:

rω(k) =−λω∥ωe(k)∥ (10)



where λω > 0 is a weighting coefficient. For MPC Tuning
regularization, let αQ(k) and αR(k) denote the vectors of
scaling coefficients applied to the MPC state and control
weighting matrices, respectively. Their magnitudes are de-
fined as:

MαQ(k) = ∥αQ(k)∥,
MαR(k) = ∥αR(k)∥

(11)

To prevent unbounded or biased drift of the MPC tuning
parameters, a regularization penalty is introduced:

rreg(k) =−ρ

[
(MαQ(k)−1)2 +(MαR(k)−1)2

]
(12)

where ρ > 0 is a small regularization coefficient.
The final instantaneous reward is given by:

r(k) =
(
nq(k−1)−nq(k)

)
−λω∥ωe(k)∥

−ρ

[
(MαQ(k)−1)2 +(MαR(k)−1)2

] (13)

This reward structure has several desirable properties:
• Progress-based shaping: By rewarding reductions in

quaternion error rather than its absolute value, the agent
is encouraged to improve convergence speed,

• Dynamic regulation: Angular velocity penalties dis-
courage oscillatory or aggressive maneuvers,

• Stability-preserving supervision: Regularization an-
chors the MPC tuning parameters around their nomi-
nal values, preventing systematic drift toward extreme
weightings,

• Compatibility with hierarchical control: The reward
depends on closed-loop performance rather than directly
on the tuning actions, improving learning robustness.

The proposed hierarchical TD3-MPC method is shown in
Fig.1.
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Fig. 1: Hierarchical TD3-MPC for attitude stabilization.

III. RESULTS

All simulations were conducted on a rigid-body satellite
model with fixed inertia properties, representative of a small-
to-medium class spacecraft. The inertia matrix was assumed
constant and diagonal ([I] = diag([4.0,3.5,5.2])Kg.m2),
while actuator limitations were explicitly enforced through
bounded control torques to reflect realistic reaction wheel
or torque-rod capabilities (T ci ∈ [−0.1,0.1]N.m, f or i ∈

X ,Y,Z)). These constraints were incorporated both in the
inner-loop MPC formulation and during the training of the
supervisory RL agent to ensure feasibility and consistency
between learning and deployment phases.

The TD3 agent was trained in closed loop with the MPC
controller under randomized initial attitude conditions and
fixed reference orientations per episode. The sampling time
of the MPC controller and the supervisory TD3 agent were
selected to reflect a multi-rate architecture, with the TD3
agent operating at a slower decision rate than the inner-loop
controller. The complete set of MPC design parameters and
TD3 hyperparameters employed during training is summa-
rized in Table I, including prediction horizon length, weight-
ing matrices, learning rates, exploration noise characteristics,
and discount factors.

TABLE I: Hyper-parameters setting for MPC & TD3.

Hyper-parameter Value
Prediction horizon 10

Control horizon 5
MPC Q diag([10,10,10,1,1,1])

R diag([0.1,0.1,0.1])
Time step (T sMPC) 0.25

# of Episodes 2000
Replay buffer 2×106

Discount factor 0.999
σ Exploration 0.05

TD3 σ Decay rate 5×10−6

Optimizer Adam
Actor learning rate 3×10−4

Critic learning rate 3×10−3

Time step (T sT D3) 5×T sMPC

The learning performance of the proposed approach is
assessed through the evolution of the cumulative episodic
reward during training. Fig. 2 illustrates the resulting learning
curve, which reflects the progressive improvement of the
closed-loop attitude regulation performance as the TD3 agent
learns to adapt the MPC tuning parameters.
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Fig. 2: Training curve of TD3 agent.

A. Attitude stabilization

The first set of simulations evaluates the ability of the pro-
posed hierarchical TD3–MPC scheme to stabilize satellite at-



titude from both small and large initial orientation errors. The
baseline comparison is performed against the conventional
MPC controller operating with fixed weighting matrices.
For these experiments, the satellite model is initialized with
two different attitude deviations: a small initial error, where
the quaternion is close to the reference, and a large initial
error, corresponding to a significant rotational displacement
from the desired orientation. All other simulation parameters,
including satellite inertia, actuator torque limits, and MPC
prediction and control horizons, are kept identical for fair
comparison.

Fig. 3 illustrates the evolution of the quaternion error
norm for both initial conditions. Each subplot contrasts
the performance of the two control strategies. In the case
of small initial errors, both controllers rapidly reduce the
orientation error; however, the TD3–MPC achieves slightly
faster convergence. For large initial errors, the advantage of
the hierarchical RL–MPC is more pronounced: the adaptive
adjustment of the MPC weighting matrices by the TD3 agent
leads to obvious error reduction, whereas the fixed MPC
exhibits larger transient peaks. These results confirm that the
RL supervisory layer enhances the stabilization performance,
particularly under challenging initial conditions, while pre-
serving the safety and feasibility ensured by the underlying
MPC.

B. Fault-tolerant performance

To assess the fault-tolerant behavior of the proposed
hierarchical TD3–MPC scheme, a star sensor fault was
introduced at t = 25s, resulting in a sudden degradation of
attitude measurement quality which may be induced by a
Big bright object (BBO) entering the sensor’s field of view.
When a BBO enters the star sensor field of view, the resulting
disturbance can be modeled as a degradation of measurement
quality, characterized by increased noise levels, potential bias
in attitude estimation, and occasional outliers or temporary
loss of valid measurements.. This disturbance challenges the
controller’s ability to preserve stability and regulate control
effort in the presence of partial loss of sensing accuracy.

Fig. 4 compares the evolution of the control torque norm
generated by the baseline MPC and the TD3–MPC con-
trollers. Following the fault occurrence, both schemes react
appropriately to the measurement disturbance and succeed in
maintaining closed-loop stability. However, the TD3–MPC
exhibits a slightly lower torque norm during the transient
phase. Although torque peaks are still present in both
cases, the TD3–MPC consistently produces smaller peak
magnitudes, indicating a more moderated control action.
The difference between the two schemes reflects a tangible
benefit of adaptive weighting in reducing excessive actuator
effort under faulty sensing conditions.

The adaptation mechanism of the RL supervisory layer
is further illustrated in Fig. 5, which depicts the evolution
of the nine scaling factors applied to the MPC weighting
matrices. These include six coefficients associated with the
state weighting matrix Q and three associated with the input
weighting matrix R. After the fault is introduced, the TD3
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Fig. 3: Attitude stabilization results.

agent adjusts these coefficients to rebalance the trade-off
between state regulation and control effort. While the adap-
tations remain bounded and gradual, they demonstrate the
agent’s capability to fine-tune the MPC cost function online
in response to degraded measurements, thereby enhancing
robustness without inducing aggressive control behavior.

TABLE II: Performance comparison between the proposed
approach and conventional MPC.

Criterion TD3-MPC MPC
Settling time (s) 23.6 24
Overshoot (%) 11.7 12.3

RMSE (large initial qerr) 0.472 0.503
RMSE (small initial qerr) 0.179 0.195

IV. DISCUSSION

The results in Section III show that both MPC and
TD3–MPC successfully stabilize the satellite attitude under
nominal conditions and in the presence of a star sensor
fault. In the stabilization scenarios, the TD3–MPC achieves
a slightly faster and smoother reduction of the quaternion
error norm (see Fig. 3b), while consistently generating a
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Fig. 4: Tc norm under the induced fault scenario.
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Fig. 5: Q and R adaptation by TD3 agent.

lower control torque norm, as illustrated in Fig. 4a. This
improvement is observed even before fault occurrence, high-
lighting the ability of the RL supervisory layer to enhance
control efficiency during nominal operation. Furthermore,
an overall performance comparison is detailed in Table II,
showing that the proposed scheme provides better time-
domain performance metrics.

It is worth-noting here that closed-loop stability is pre-
served by the underlying MPC, which enforces standard

constraints and admits a Lyapunov-based interpretation en-
suring recursive feasibility and stability under bounded dis-
turbances. The RL layer only performs bounded adaptation
of Q and R, keeping them positive definite and within a pre-
defined compact set; thus, it preserves the MPC cost structure
and does not violate stability conditions. Consequently, the
scheme can be interpreted as a constrained gain-scheduling
of MPC, for which stability arguments are well established
in the literature.

Under faulty sensing conditions, both controllers preserve
closed-loop stability; however, the TD3–MPC exhibits mod-
erately reduced torque peaks following the fault, as shown
in Fig. 4b. Although the performance difference remains
limited, the results indicate that the adaptive tuning provided
by the TD3 agent improves both attitude regulation and
control effort without inducing aggressive behavior. The
performance gains introduced by the TD3–MPC scheme
are incremental but consistent across all scenarios. This
is primarily due to the hierarchical design, in which the
RL agent performs bounded scaling of the MPC weighting
matrices rather than directly modifying the control law.
Such constrained adaptation results in fine adjustments that
preserve MPC stability properties while improving efficiency
and robustness.

Compared to fixed MPC, the TD3–MPC framework intro-
duces a limited additional computational load associated with
RL inference. Since the MPC optimization problem remains
unchanged and only a small set of scaling coefficients is up-
dated, the online complexity increase is marginal. Moreover,
enforcing bounded tuning ranges for the Q and R matrices
ensures positive definiteness of the cost function and prevents
unsafe or numerically ill-conditioned control actions. Further,
the RL supervisory layer operates at a slower time scale
than the MPC controller (Ts,T D3 > Ts,MPC), which explains
the short adaptation delay observed after fault occurrence in
Fig. 5. While this delay slightly postpones tuning updates, it
contributes to system robustness by avoiding abrupt param-
eter changes. The results suggest that this trade-off between
responsiveness and safety is acceptable for spacecraft attitude
control.

V. CONCLUSIONS

This paper proposed a hierarchical TD3–MPC framework
for satellite attitude control, where a reinforcement learn-
ing agent supervises a model predictive controller through
bounded online tuning of its cost function. This structure
retains the stability and constraint-handling advantages of
MPC while enabling adaptive behavior. Simulation results
showed that TD3–MPC achieves slightly improved attitude
stabilization compared to fixed MPC, with reduced quater-
nion error norms and consistently lower control torque norms
under nominal conditions. In the presence of star sensor mea-
surement faults, both controllers remained stable; however,
the proposed approach exhibited moderated torque peaks and
adaptive tuning, indicating enhanced fault-tolerant capability.

The bounded and multi-rate supervision of the RL agent
ensures safe parameter adaptation with limited computational



burden. Although performance gains are incremental, they
are consistent and obtained without modifying the underlying
MPC formulation. While the present study focuses on vali-
dating the proposed control architecture under nominal con-
ditions, incorporating disturbance torques, actuator dynamics
(e.g., reaction wheel behavior), and orbit-dependent effects
is a natural extension. This will be explicitly addressed
as part of future work to enhance the practical relevance
of the framework. An additional direction for future work
involves advanced reward shaping strategies and enriched
state representations for the TD3 agent, including augmented
feature engineering and the integration of transformer-based
architectures to better capture temporal dependencies and
improve adaptation under complex and long-horizon attitude
dynamics.

DATA AVAILABILITY

The datasets, simulation models, and experimental scripts
used in this study are openly available on the author’s GitHub
repository at: https://github.com/hichamhenna/
Hybrid_RL_MPC_for_attitude_control
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