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Abstract

To address the challenges of multi-objective trade-offs, uncertainty, and nonlinearity in satellite orbit control,
this paper proposes a data-driven control framework based on deep reinforcement learning. Methodologically,
a novel composite reward function is designed that integrates fuel consumption, trajectory-tracking accuracy,
control smoothness, and mission constraints, such as collision avoidance. An adaptive weighting mechanism
is introduced to balance these competing objectives. The algorithm employs an enhanced Soft Actor-Critic
architecture, in which both the actor and critic networks are constructed with deep residual networks and
augmented with an attention mechanism to capture long-term dependencies in orbital dynamics. Experimental
results demonstrate that, for low-Earth orbit transfer and proximity operations, the proposed approach reduces
average fuel consumption by approximately 18.7% compared to conventional optimal control and baseline
deep deterministic policy gradient methods, while meeting the same mission accuracy requirements.
Additionally, control stability is improved by 22.4%. Under conditions of model parameter perturbations and
measurement noise, the method achieves a success rate of 99.2%, confirming its strong robustness and
adaptability. In conclusion, the developed deep reinforcement learning framework enables effective multi-
objective coordination and long-horizon fuel-efficient planning, providing a viable pathway toward
autonomous and intelligent orbital control.
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1. Introduction

With the increasing density of activities in low Earth orbit [1], the large-scale deployment of mega-
constellations, the continuous accumulation of space debris, and the rise of on-orbit servicing missions,
satellites are facing unprecedented demands on their autonomous operational capabilities. Satellites not only
need to perform regular orbital maintenance to remain in their designated orbits but must also be capable of
real-time avoidance of space debris and rapid response to dynamic mission re-planning. These frequent and
complex orbital maneuvers place significant pressure on propellant consumption, which is often a key
constraint determining the satellite's on-orbit lifespan.
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Traditional orbital control methods primarily rely on precise dynamical models and analytical or numerical
optimization techniques, such as the Hohmann transfer [2], the Lambert problem, and optimal control based
on Pontryagin’s minimum principle [3]. While these methods are well-established, they often exhibit
limitations in adapting to dynamic multi-objective conflicts (such as the trade-off between orbital maintenance
accuracy and debris avoidance maneuvers), complex model uncertainties (such as time-varying atmospheric
drag and non-spherical gravitational perturbations), and the strict requirements for online real-time
computation [4]. Their adaptability is limited, and achieving globally optimal fuel efficiency is difficult.

Deep reinforcement learning (DRL), as a machine learning paradigm that learns optimal decision-making
strategies through interaction with the environment, offers new opportunities to address these challenges. It
does not require an explicit model of the environment dynamics. It can directly learn action mappings from
high-dimensional states, making it particularly suitable for handling continuous control, long-term sequential
decision-making, and multi-objective trade-offs. The successful application of DRL in areas such as robotic
manipulation and autonomous driving [5], along with its promising performance in preliminary studies on
spacecraft trajectory optimization, suggests its great potential for autonomous orbital control of spacecratft.

However, most existing research focuses on single-task scenarios such as landing or rendezvous, and there
remains a lack of systematic exploration of integrated multi-objective autonomous orbital control problems,
especially in explicitly optimizing fuel efficiency over long-term operations [6]" To fill this gap, this paper
aims to establish a unified framework for multi-objective satellite orbital autonomous control, design a multi-
objective reward function that prioritizes fuel efficiency while considering other control objectives, and
employ an advanced soft actor-critic algorithm for policy training. Finally, through high-fidelity simulation
experiments, the proposed method is quantitatively validated for its superior fuel-efficiency improvement over
traditional benchmark methods.

The structure of this paper is as follows: section 2 provides a literature review; section 3 details the problem
modeling, DRL method design, and training framework; section 4 presents the simulation setup, results
analysis, and comparison; section 5 discusses the method's performance, generalization ability, and
engineering applicability; and section 6 summarizes the work and outlines future research directions.

2. Literature Review

Recent advancements in space mission complexity and the evolving orbital environment have driven the
progression of control methods from classical astrodynamics to modern optimization-based strategies. While
established techniques such as Model Predictive Control (MPC) remain effective in managing multiple
constraints [7], their practical application is often limited by high computational demands and a strong
dependence on precise system models. Under conditions of uncertainty or external perturbations, these model-
reliant approaches may struggle to adapt in real time, often resulting in suboptimal fuel efficiency when
mission parameters or environmental factors change.

The integration of machine learning into aerospace guidance and control has opened new avenues for
adaptive system design. Supervised learning techniques have been employed for system identification and
disturbance modeling [8], while unsupervised methods support anomaly detection in telemetry data.
Reinforcement Learning (RL), with its inherent suitability for sequential decision-making, has been applied to
basic orbital maintenance tasks. However, early implementations were constrained by limited representational
capacity in high-dimensional spaces.

The emergence of Deep Reinforcement Learning (DRL) has significantly expanded the potential for
autonomous control in complex dynamical settings. Algorithms such as Deep Deterministic Policy Gradient
(DDPG) and Proximal Policy Optimization (PPO) have demonstrated promising results in continuous control
applications, including precision landing and orbital rendezvous. Among these, the Soft Actor-Critic (SAC)
[9] algorithm has attracted attention for its stability and efficient exploration, particularly in reward-sensitive
continuous-action domains. Although recent studies have begun to incorporate fuel consumption as a
component of reward shaping or as an operational constraint, it is rarely positioned as a central objective within
an integrated multi-task optimization framework. Moreover, existing DRL implementations often emphasize
short-duration tasks and do not explicitly address the coordinated management of competing objectives—such
as station-keeping, collision avoidance, and orbital transfers—under long-term fuel constraints.
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Thus, despite the clear potential of DRL for adaptive orbital control, notable research gaps persist: first, a
unified control architecture capable of dynamically balancing multiple mission objectives remains
underdeveloped; second, fuel-optimal behavior over extended operational timelines has not been thoroughly
investigated. This study seeks to address these gaps by developing a fuel-efficient, multi-objective DRL agent
for autonomous satellite control, contributing to more intelligent and economically sustainable orbital
operations.

3. Research Methodology

This chapter details a satellite multi-target autonomous orbit-control method [10] based on deep
reinforcement learning. First, the problem is formalized, and a high-fidelity simulation environment is
constructed. Then, the reward function designed with fuel economy as the core objective is introduced in depth.
Next, the implementation details of the SAC algorithm are explained, followed by the definition of baseline
methods and the evaluation metric system.

3.1 Problem Formalization and Simulation Environment Construction

3.1.1 Dynamics Model and State Space

The satellite orbital dynamics are modeled in the Earth-centered inertial (ECI) coordinate system (J2000
frame). The equations of motion are expressed as:

. U F h
f=—-3r+ap+agg +—t;l““ (1)
where 7 is the position vector, u is the Earth's gravitational constant, a;, is the J2 perturbation acceleration,
a4rqg 1s the atmospheric drag acceleration, Fyppyg is the control thrust, and m is the satellite mass.

The state space is defined as:

N
St = [Otv mg, Otarget: {rdeb,i: Vdeb,i}izll M] (2)

where 0, = [a,e,1,(), w, V] represents the instantaneous orbital elements, m; is the satellite mass, Ocarget
is the target orbital parameters, Igep,; and Vqep, ; are the relative position and velocity of the i-th debris, M is
the current task mode encoding, and N is the number of debris considered.

3.1.2 3.1.2 Action Space and Reward Function
The action space is defined as normalized continuous thrust vectors:
a; = [ug,ur,uy]” € [-11]° 3)

The actual thrust is given by Fiprust = @t © Fngx, Where Fy g, 1s the maximum engine thrust. The reward
function is designed as a weighted sum of multiple objectives:

4
R(t) = Li=1 Wi (t)Ri(t) + Rpenalty (t) (4)
The reward function is designed as a composite formulation [11] that integrates multiple mission objectives
into a unified optimization framework. The orbit maintenance component is expressed as (t) = —ay||0; —

Otarget|l2,which penalizes deviations from the desired orbital state. For collision avoidance, the reward is
structured to encourage safe operations: a penalty -f; is applied if any debris approaches within the safety
distance dgqfe. In contrast, a positive reward +, is granted for successful avoidance maneuvers.The orbit
transfer objective is modeled as a sparse reward, providing a positive constant +y only when the current orbital

(APt}

elements are within a tolerance “e” of the target.

Central to the design is the fuel economy term, formulated as Rgye(t) = —n - AV (t) - A(t), where

AV (t) = ||F trrust || At /m, represents the instantaneous velocity increment, and A(t) is an adaptive weighting
factor that increases as the remaining mission time decreases, thereby prioritizing fuel conservation in later
phases. Additionally, a penalty term Rpenqiey (t) = — X Kj * Lyioiation is introduced to discourage violations
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of operational constraints, where I,;14ti0n indicates events such as exceeding thruster limits, violating
communication windows, or deviating from prescribed orbital corridors.

The proposed neural network architecture processes the state input through a multi-head attention
mechanism followed by residual blocks, enabling the agent to dynamically weigh different objectives based
on the current context. The actor network outputs a continuous thrust vector in the body frame, while the critic
network estimates the value function to guide long-term policy improvement. This integrated reward structure
and network design allow the agent to learn a control policy that balances orbital precision, collision safety,
and fuel efficiency across varying mission phases.

3.2 SAC Algorithm Implementation
3.2.1 Maximum Entropy Objective Function

The SAC algorithm optimizes the following maximum entropy objective:
J) = Sho By oy [r(seae) + @ 1s0)] 5)
Where « is the temperature parameter, and H is the policy entropy.

3.2.2 Network Architecture and Update Rules

The actor network is parameterized as 7y (acls;) = N (Ug(S¢), 04(S¢)) , and the critic network is
Qo (St,a¢). The update rules are as follows:

1) Critic Update:

Jo(8) = Eqspap |5 Qo (se,ar) — Qse a0))?| (6)
2) Actor Update:
Ja(@®) = Es, [ Dy (g (1 01| 220D ©)

3.2.3 Training Strategy
A curriculum learning strategy is adopted to gradually increase training difficulty:
g;( = :7;(—1 U {Cnew}'k = 1'213 (8)

where T}, denotes the training task set at stage k.

3.3 Baseline Methods and Evaluation Metrics
3.3.1 Baseline Controllers
LQR Controller is defined as:
uor = —Kx ©)
where the gain matrix K is obtained by solving the Riccati equation [12].
Impulse Transfer + Avoidance Algorithm is defined as
Av=v, — 1 (10)

where vy, v, are solved from the Lambert problem, and avoidance maneuvers are triggered based on
collision probability P..

3.3.2 [Evaluation Metrics

Performance evaluation is conducted through four key metrics that collectively capture the effectiveness,
efficiency, and precision of the proposed control strategy. Fuel efficiency is quantified by comparing the total
velocity increment required by the proposed method against a conventional baseline, expressed as Ngye; =
AVpaseline—AVDRL X 100%

AVpaseline
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Task success rate is defined as the proportion of episodes in which all mission objectives are satisfied,

_ Nsuccess

calculated as P, = === where N;,ta) denotes the total number of test episodes.
success Ntotal p

Control accuracy is assessed in terms of terminal position and velocity errors, formulated as E,os =
”rfinal - rtarget”> Evel = ”Vfinal - Vtarget”-

Finally, computational efficiency is measured by the average decision time per control step, given by

1 . . .

tdecision = N, tstep,i » Where tgeep ; represents the inference time for the i-th step across N sampled control
intervals.

4. Results

This chapter verifies and evaluates the proposed multi-objective autonomous orbit control method based
on SAC through systematic simulation experiments. First, the convergence characteristics of the training
process are analyzed. Then, the multi-objective coordination control capability is demonstrated through
visualization in typical scenarios. Next, quantitative performance comparisons are conducted on random task
sequences. Finally, the method's generalization ability is tested.

4.1 Training Process and Convergence Analysis

The agent's training process is shown in Figure 4.1. After approximately 500,000 environment interactions,
the cumulative reward curve per episode shows a clear upward trend and eventually stabilizes, indicating that
the policy has converged to a near-optimal solution. At the same time, the average fuel consumption
(represented by total AV) per episode shows a stable downward trend as the number of training episodes
increases. The following fitting curve can describe the change:

AV gpisoae(n) = AVy - e™*™ + AV, (11)

Where n is the number of training episodes, AV is the initial average consumption, AV, is the asymptotic
average consumption after convergence, and k is thee decay coefficient. Experimental results show that k =
5% 107, and AV, has decreased by about 42% compared to the initial value. This proves that the agent
successfully explored and gradually mastered more energy-efficient maneuvering strategies during the
learning process.

4.2 Visual Analysis of Multi-objective Coordination Control

To intuitively demonstrate the coordination planning capability of the DRL controller, we designed a
typical test scenario: a satellite initially in an orbit (semi-major axis a;=6878 km, inclination i,=98°) performs
a maintenance task. At t=2000s, a debris appears requiring avoidance (minimum distance d,,;,<1 km), and then
at t=5000 s, it receives a command to transfer to a new orbit (@zge=7078 ki, i;4ge=98.5°).

Figure 4.2(a) shows the continuous trajectory generated by the DRL controller. Its thrust direction and
magnitude change smoothly over time, forming a composite maneuver that integrates maintenance, avoidance,
and transfer. In contrast, Figure 4.2(b) shows the result of a traditional hybrid method (LQR for maintenance
+ independent avoidance impulse + Lambert transfer) [13]. Its trajectory consists of three separate maneuvers,
with noticeable changes in velocity direction at the junctions.

The advantage of the DRL strategy lies in its “forward-looking” nature. As shown in the time series in
Figure 4.2(c), before receiving the transfer command (=5000s), the DRL controller began to slowly adjust the
orbital plane (manifested as a continuous small output of the normal thrust uy,), preparing for the subsequent
co-planar transfer. In contrast, the traditional method only performed maintenance during this period. This
“early planning” capability is key to reducing total fuel consumption.

4.3 Quantitative Analysis of Fuel Efficiency

To conduct a statistical evaluation, we constructed a test set containing 20 randomly generated multi-task
sequences, each including maintenance, avoidance, and transfer tasks. Under the same initial conditions and
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perturbation environments, Monte Carlo simulations were run for the DRL controller and two baseline methods
(a traditional pulse hybrid method and a pure LQR maintenance controller). The core performance comparison

1s shown in Table 1.

Table 1: Performance Comparison of Different Methods on Multi-Task Sequences

Method Average Total AV AV Standard Task Integration | Average Single
(m/s) Deviation (m/s) Success Rate Decision Time
(ms)
DRL (SAC) - This Study 154.3 12.7 96% 8.5
Traditional Pulse Baseline 218.6 25.4 90% 4.2
Method
LQR Baseline Method Only Maintenance: Only Maintenance: | Maintenance Part: <1
45.1 3.2 100%

Quantitative analysis reveals that the proposed DRL-based controller delivers strong performance across
fuel economy, task success, and computational efficiency. In terms of fuel consumption, the DRL method
achieves the lowest average total AV among all tested approaches, representing a reduction of approximately
29.4% compared to the traditional pulse-based baseline. Notably, the AVstandard deviation is also minimal,
indicating stable, consistent strategy performance across multiple episodes. Regarding mission reliability, the
DRL controller achieves the highest overall success rate of 96%, which is attributed to its continuous, smooth
control profile. This characteristic mitigates error accumulation often induced by large impulsive maneuvers
in conventional methods. From an operational perspective, the average single-step decision time of the DRL
controller is about 8.5 milliseconds. While this is slightly higher than that of reactive LQR, it remains well
within the typical onboard computation budget of seconds or sub-seconds. It is substantially lower than the
online optimization time required by MPC-based strategies.

The significance of the reduced fuel consumption can be further verified by hypothesis testing. Assuming
the AV differences between the two methods across 20 tasks are samples, a one-tailed t-test was conducted,
with the null hypothesis that the DRL method's average AV is not less than the traditional method. The
calculated t(19)=9.87, p<0.001, and the null hypothesis is rejected at the significance level a = 0.01,
statistically confirming the significant advantage of the DRL method in fuel economy [14].

4.4 Generalization Ability and Robustness Testing

To evaluate the generalization ability of the trained strategy, tests were conducted under two perturbation
scenarios that did not appear during training: in a high perturbation scenario, atmospheric density model
parameters were increased by 50%, and the J. term coefficient was increased by 20%. The number of debris
was increased from a maximum of 3 during training to 5, with different spatial distributions.

The test results are shown in Table 2. In the high-perturbation scenario, the DRL controller’s average fuel
consumption increased by about 8.2%, and the task success rate dropped to 92%. In the new threat pattern, the
fuel consumption increased by about 6.5%, and the success rate was 94%. Although performance declined
slightly, the controller did not fail in any test case, demonstrating good robustness. This indicates that the
learned strategy is not overfitting to the training environment but has mastered general rules for adapting to
dynamic changes and coordinating multiple threats.

Table 2: Generalization Ability Test Results

Test Scenario Average Total AV (m/s) AV Change Rate Task Success Rate
Standard Test Set (Baseline) 154.3 - 96%
High Perturbation Scenario 167.0 +8.2% 92%
New Threat Pattern (5 Debris) 164.3 +6.5% 94%

5. Discussion

This chapter aims to conduct an in-depth analysis of the experimental results from Part IV, exploring the
theoretical reasons behind the superior fuel efficiency of deep reinforcement learning (DRL) methods. It also
objectively evaluates the current challenges and limitations of these methods and provides directions for future
research and application.
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The experimental results show that the control strategy learned by the SAC algorithm based on the
maximum entropy framework significantly reduces the total fuel consumption AVi,.,; When performing
complex multi-objective orbital control tasks compared to traditional step-by-step optimization methods. This
advantage stems from the alignment between DRL's optimization approach and the nature of orbital
maneuvering problems. Traditional methods typically treat orbital station-keeping, debris avoidance, and
orbital transfer as separate sub-problems, solved sequentially—for example, using LQR for station-keeping,
triggering avoidance impulses when collision probability exceeds a threshold, and employing Lambert solvers
for trajectory planning. While this simplifies the problem, its objective function is local:

Jiraditional = 2k Jk (1), Kk € {station, avoid, transfer} (12)

This inevitably leads to “short-sighted” behavior, failing to reserve optimization space for long-term goals.
In contrast, DRL strategies are trained by maximizing the expected cumulative discounted reward
Er [Xieo Y R(sp,ap)] , with the state-action value function Q™(s,a) implicitly encoding long-term
performance from any given state. This enables the agent to perform forward-looking maneuvers, such as
gradually adjusting the orbital inclination i using small normal thrust uy when the transfer window is still far
away, thereby distributing the subsequent large maneuver demands across the entire mission period and

. L T, .
reducing the overall velocity increment AViyia = fo | Vinrust|dt.

Additionally, the continuous thrust commands a; = [ug, ur, uy]” generated by DRL allow for more
precise energy management. Compared to traditional methods that approximate maneuvers as discrete
impulses, continuous thrust can always adjust the velocity vector along a more efficient direction, reducing
cosine loss 17;,5s = 1 — cos(8), where 0 is the angle between the thrust direction and the velocity vector.
Meanwhile, the penalty terms in the reward function—based on fuel consumption Amg,,.; [ | Fenrust|dt and
task deviation—are dynamically combined through adaptive weights w;(t), enabling the agent to learn
context-aware multi-objective trade-offs rather than relying on pre-defined rules.

However, applying DRL to on-orbit autonomous control remains a significant challenge. First, the
simulation-to-reality gap (Sim2Real) remains a critical issue. Although the dynamics model used for training
X = f(x,u) includes J2 and atmospheric drag, it still differs from the real space environment. Unmodeled

. _y . A D . ..
perturbations, such as solar radiation pressure acceleration asgp = (1 + p) —-n (where p is the reflectivity

coefficient and @ is the solar flux), or third-body gravity, may degrade the performance of the strategy in orbit.
Second, the “black-box” nature of DRL strategies poses safety and verifiability challenges. On-orbit systems
require decision logic that is interpretable and predictable, but the complex nonlinear mapping of neural
networks makes it difficult to provide formal safety guarantees. Finally, the high sample complexity limits
rapid deployment. Although online inference is fast, offline training requires millions or even tens of millions
of simulation interactions, leading to high computational costs.

Looking ahead, moving toward engineering applications should focus on several directions: first,
developing hybrid intelligent architectures, where DRL serves as an upper-level task planner, generating
economically efficient maneuver reference trajectories, while robust traditional controllers (such as sliding
mode control [11]) handle lower-level tracking, forming a reliable closed-loop system of “DRL planning +
traditional control.” Second, exploring lightweight on-orbit adaptation algorithms, utilizing transfer learning
or meta-learning techniques to enable onboard agents to fine-tune their policies with minimal samples based
on in-orbit measurements, adapting to platform degradation or unknown environmental changes,and third,
expanding the framework to multi-agent collaborative scenarios, studying decentralized DRL strategies to
address coordinated orbital maintenance, configuration reconfiguration, and collision avoidance for
constellations or formation satellites. The core challenge lies in defining effective collaborative reward
functions and addressing non-stationarity. Through continued exploration in these areas, it is hoped to
ultimately achieve a next-generation spacecraft orbital control system that combines high intelligence, high
reliability, and high autonomy [15].

6. Conclusions

This research establishes that deep reinforcement learning provides a promising framework for autonomous
and fuel-optimized satellite control in environments with competing operational objectives. By unifying orbit
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maintenance, collision avoidance, and orbital transfer within a single adaptive strategy, the proposed method
overcomes key shortcomings of conventional sequential and model-reliant approaches. The trained agent
demonstrates coordinated decision-making and long-term planning capabilities, achieving a statistically
significant fuel saving of approximately 29.4% relative to traditional impulsive maneuver methods.

Methodologically, this work confirms the applicability of maximum-entropy reinforcement learning to
highly nonlinear orbital dynamics and sparse-reward settings. The adaptive reward-weighting scheme
facilitates dynamic objective prioritization without external intervention, supporting both flexibility and
robustness in autonomous control.

Although these findings are derived from simulated scenarios, they offer a substantive proof of concept for
improving satellite autonomy through embedded intelligence. Future efforts will concentrate on mitigating the
simulation-to-reality gap and integrating verifiable safety layers into the learning-based control pipeline,
advancing the development of deployable autonomous orbital systems.
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