International Journal of Research Publication and Reviews, Vol 5, no 11, pp 428-434 November 2024

International Journal of Research Publication and Reviews

o Journal homepage: www.ijrpr.com ISSN 2582-7421

WWW.IJRPR.COM

Study and Analysis of Adaptive Dynamics of Satellites in Various
Planetary Environments

Dr Anbarasi M P 2, Santhosh S ®, Manoj Kumar R °

2 Assistant Professor (Sr. Gr.), Department of Robotics and Automation Engineering, PSG College of Technology, Coimbatore-641004, India
b Student, Department of Robotics and Automation Engineering, PSG College of Technology, Coimbatore-641004, India

ABSTRACT:

This study delves into how spacecraft adjust during journeys to tackle the conditions of different planets, like Earth and Mars while ensuring smooth and effective
operations throughout the mission. By using control systems, like real time trajectory optimization and feedback driven thrust adjustment mechanisms, spacecraft
are able to adjust their path and stay on course stably by themselves. Also, accurate state estimation using Kalman filtering methods is taken into account to
improve navigation as well as stability in gravitational and atmospheric variabilities. Monte Carlo simulations are developed to get better understanding and to
provide statistical analysis of the advantages and effectiveness of the proposed control systems when considering uncertainty. This study delves into how these
flexible methods enable spacecraft to react to the hurdles presented by different planetary settings to guarantee safe landings, stabilization in orbit and navigational
accuracy. The investigation presented within this paper elucidates the critical nature of adaptability within the realm of extraterrestrial exploration, thereby
contributing significantly to the comprehension of robust control methodologies for spacecraft functioning under dynamic and evolving conditions beyond our
planetary domain.
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Introduction

The exploration of space requires spacecraft to operate in highly dynamic and unpredictable environments across various planetary bodies such as Earth,
Mars, and the Moon. Each of these environments differs significantly in terms of gravitational forces, atmospheric conditions, and environmental
disturbances. Historically, space missions have been constrained by predefined trajectories and operational phases with limited flexibility, making
adaptation to unforeseen changes challenging, particularly during transitions between planetary environments [1]. Fixed-gain controllers, traditionally
used for spacecraft control, have struggled to handle the uncertainties of space exploration. This has prompted the development of advanced adaptive
control strategies, capable of dynamically modifying control parameters in real-time to optimize spacecraft performance in response to varying conditions
[6]. Modern adaptive control technologies, including adaptive PID and reinforcement learning-based systems, allow spacecraft to autonomously adjust
their orientation, trajectory, and operational mode, ensuring efficient propulsion and minimal fuel consumption [5]. However, these control systems still
face significant challenges when transitioning between different planetary environments, where rapid changes in climate, gravitational forces, or
atmospheric conditions can occur.This research addresses these gaps by developing and simulating adaptive control systems that improve spacecraft
adaptability and autonomy in interplanetary missions [1]. The study integrates Kalman filtering techniques for real-time state estimation, providing
accurate assessments of key variables like position, velocity, and orientation, which enhance the adaptive control strategies' decision-making capabilities
[3]. Through Monte Carlo simulations, this study evaluates the performance and robustness of these control strategies in diverse planetary environments,
accounting for varying gravitational forces and atmospheric conditions [8]. Key performance metrics, including trajectory accuracy, fuel consumption,
and system stability, are analyzed to assess the system's effectiveness [2].

The objectives of this study are:
1. Todesign adaptive control strategies for spacecraft in planetary environments.
2. Toevaluate the integration of Kalman filtering with adaptive control for state estimation.
3. To conduct Monte Carlo simulations that assess the system's robustness across varying environmental conditions.

4. To analyze key performance metrics, including trajectory accuracy, fuel consumption, and system stability, under dynamic planetary
conditions.

Background and Literature Review


http://www.ijrpr.com/

International Journal of Research Publication and Reviews, Vol 5, no 11, pp 428-434 November 2024 429

2.1 Adaptive Control Systems in Spacecraft Navigation

Adaptive control systems adjust control parameters in real-time to optimize spacecraft trajectory and stability, especially in environments
where traditional fixed-gain controllers may fail to perform adequately [6]. Adaptive PID controllers dynamically modify proportional (Kp), integral
(Ki), and derivative (Kd) gains, ensuring optimal performance despite changes in environmental conditions [6]. Reinforcement learning-based control
systems, on the other hand, learn optimal actions by interacting with the environment and adjusting based on feedback, making them suitable for missions
with evolving dynamics [1]. In planetary missions, adaptive control has been shown to enhance spacecraft's ability to respond to changing environmental
factors, such as gravitational pull or atmospheric drag [5]. By adjusting control inputs in response to real-time feedback, adaptive control systems
significantly improve trajectory accuracy and fuel efficiency while maintaining system stability [6].
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Figure 1: Adaptive Control Systems in Spacecraft Navigation

2.2 Kalman Filtering for State Estimation

The Kalman filter is a widely used technique for estimating the state of a dynamic system. In spacecraft navigation, the Kalman filter provides
accurate estimates of key state variables (position, velocity, orientation) despite the presence of sensor noise and environmental disturbances [3]. The
filter operates by predicting the spacecraft’s state and then updating this estimate based on sensor measurements [3]. The Kalman gain balances the
influence of predicted states versus sensor data, leading to highly accurate state estimates. During a spacecraft mission, when transitioning between
different planetary environments, the Kalman filter's parameters (Q and R) are re-tuned to account for new environmental characteristics [4]. For example,
in turbulent environments like Mars, the measurement noise covariance (R) is larger due to increased sensor noise, whereas in more stable environments
like the Moon, R is reduced.

2.3 Monte Carlo Simulations for Performance Evaluation

Monte Carlo simulations are crucial for evaluating the robustness and performance of spacecraft control systems under uncertainty. By running
thousands of simulation trials with varying initial conditions and environmental parameters, Monte Carlo analysis provides a comprehensive
understanding of how control systems respond to diverse scenarios [8]. The encompassing nature of Monte Carlo simulation allows researchers to evaluate
effectiveness of adaptive control designs and to understand their potential failure mechanisms by simulating different scenarios [7]. Monte Carlo
techniques has been employed in assessing the effects of environmental uncertainties imposed by variations in gravitational forces and atmospheric
disturbances on the dynamics of spacecrafts [7]. The power of Monte Carlo simulations is in the fact that they allow obtaining statistical information
about the performance of a system and quantifying risks and uncertainty. For this reason, Monte Carlo simulations were used for verification of control
algorithms and their operation reliability in real conditions.Existing literature highlights the need of adaptive control strategy, reliable state estimation
method and robust performance evaluation index for spacecraft with application on different celestial bodies [8]. The proposed work builds upon the
existing studies to promote better understanding of adaptive dynamics in space mission, and ultimately enhances the reliability and efficiency of space
exploration. The development of Kalman filter and Monte Carlo simulation embedded adaptive control scheme provides a sub-optimal solution towards
addressing the challenges arisen in outer-space navigation and control.So basically in this study, Monte Carlo simulations are used to evaluate the
performance of the adaptive control strategies across different planetary environments, specifically considering gravitational forces and atmospheric
conditions [9].
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Figure 2 : Monte Carlo Simulations for Performance

3. Methodology

This section presents the methodology adopted to design and simulate adaptive control strategies for spacecraft in different planetary environments. It
involves designing of adaptive control strategies, application of Kalman filtering for state estimation, incorporating Monte Carlo simulations for
performance evaluation and providing details on simulation setup.

3.1 Design of Adaptive Control Strategies

A. Adaptive PID Control

The adaptive PID control strategy dynamically adjusts its gains (Kp, Ki, Kd) in response to real-time changes in environmental conditions. In
each planetary environment, the PID controller modifies these gains to optimize spacecraft thrust commands, ensuring trajectory precision and system
stability. The adaptive PID controller was implemented using MATLAB, where the spacecraft's control response was continually optimized throughout
the mission.

B. Reinforcement Learning-Based Control

The reinforcement learning-based control strategy relies on a learning agent that adapts control decisions based on feedback from the
environment. The agent is trained to learn the best control actions that minimize fuel consumption and maintain the spacecraft on its desired trajectory.
This control strategy is particularly useful in highly dynamic environments, where it can learn to adapt in real-time to changing planetary conditions.

C. Trajectory Simulation and Environmental Modeling

The adaptive control strategies were tested in three planetary environments: Earth, Mars, and the Moon. Each environment was
simulated with distinct gravitational forces and atmospheric drag characteristics. Simulation of trajectory of a satellite across different planetary
environments: Earth, Mars, and Moon, along with the use of a PID controller attempts to bring a satellite to a certain position, based on thrusts supplied
at both x and y coordinates, by simulating changes in gravitational forces as well as drag forces.

The environment switches midway into the simulation after 50 seconds, which demonstrates how adaptive control is mediated as the satellite transitions
between planetary conditions.

For example :
®  FEarth’s gravitational acceleration: 9.81 m/s?.
®  Mars’ gravitational acceleration: 3.71 m/s2.

®  Moon’s gravitational acceleration: 1.62 m/s. The spacecraft was required to transition between these environments, with the adaptive control
strategies dynamically adjusting to maintain trajectory and stability.
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3.2 Kalman Filter Implementation

State Estimation Model : The Kalman filter is applied to estimate the satellite's state vector, which includes Position (x,y,z), Velocity (vx,vy,vz),
Orientation (e.g., quaternion or Euler angles representing the satellite's attitude). The state-space representation uses a continuous-time dynamic model
of the spacecraft’s motion, taking into account the ,

a) Gravitational forces: These differ based on the planetary body the satellite is orbiting (Earth, Mars, Moon, etc.).

b) Environmental influences: Drag forces (when applicable), solar radiation pressure, and possibly magnetic field interactions, depending on the planetary
environment.

The equations of motion governing the satellite's dynamics are,

Translational motion :

=V y=vy =V,

vy = Fx/m vww=F,/m v, =F,/m

where Fy, Fy, F; are the total forces acting on the satellite (including gravity and other environmental factors) and m is the satellite mass.

Rotational motion : The attitude dynamics can be modeled using quaternions or Euler angles, incorporating control torques and external disturbances.
The state estimation model combines sensor measurements (e.g., accelerometers, gyroscopes, star trackers) and the spacecraft dynamics model to estimate
the state vector.

For The Kalman filter design ,it follows two key steps Prediction and Update.

Prediction Step: In this phase, the filter uses the spacecraft's dynamic model to predict the state at the next time step based on current knowledge. The
prediction equations are derived from the state-space model

Xkt =Fk Xtk + Bl o)

where , X .1 IS the predicted state vector at time k, Fy is the state transition matrix that defines how the state evolves over time based on the equations
of motion, By is the input matrix that represents external control inputs (e.g., thruster firings), ukis the control input (thrust vector).

The process noise covariance matrix Qx accounts for uncertainties in the spacecraft model and environmental forces. This matrix reflects the variability
in unmodeled forces, like gravitational perturbations or inaccuracies in environmental modeling (e.g., drag, solar pressure).

Update Step: When sensor measurements Y are available, the filter performs a correction to refine the predicted state. The measurement model is
Y= HeXjka + Vi)

where Yy is the vector of sensor measurements (e.g., position, velocity, or attitude data from sensors), Hy is the measurement matrix, mapping the
predicted state to the sensor data, v is the measurement noise, representing uncertainties in sensor accuracy.

The Kalman gain Ky determines how much weight is given to the measurements versus the predicted state,
Kk = Piri—r HS (HkPee HK+RO™ )

where Py /4 is the error covariance matrix (uncertainty in the predicted state), Ry is the measurement noise covariance matrix, representing sensor
inaccuracies.

The predicted state is then updated as
Tk = X k-1 + KieVke— HeXi k1) o)
where yx — Hy Xk k-1 is the measurement residual or innovation.
The updated error covariance matrix becomes,
Pk = (=K H) Pi/ ki)
This step ensures that the filter adjusts its estimates based on the accuracy of the measurements and the predicted state.

This two-step process enables the Kalman filter to accurately estimate the spacecraft's position, velocity, and orientation in dynamic planetary
environments where environmental factors and sensor measurements introduce uncertainty.

As the spacecraft transitions between environments (e.g., from Earth to Mars), the Kalman filter's parameters, specifically Q (process noise covariance)
and R (measurement noise covariance), are re-tuned to reflect the new environment’s characteristics. For instance, in Mars’ turbulent atmosphere, where
sensor readings are noisier, the value of R was increased. In contrast, on the Moon, where environmental disturbances are minimal, R was decreased to
reflect the reduced noise.
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3.3 Monte Carlo Simulations

Monte Carlo Simulation Setup

Monte Carlo simulations were conducted to evaluate the robustness and adaptability of the designed control strategies. The simulation involved 1,000
iterations with varying initial conditions and environmental parameters. The initial conditions included changes in the spacecraft’s position, velocity, and
orientation, while environmental parameters consisted of gravitational forces and atmospheric density.

The Monte Carlo simulation tested the spacecraft's performance in Earth, Mars, and Moon environments, analyzing how changes in gravitational force
and atmospheric resistance impacted spacecraft dynamics. The key parameters for each planetary environment were:

e  FEarth: Gravitational force of 9.81 m/s2, moderate atmospheric drag.
e  Mars: Gravitational force of 3.71 m/s?, significant atmospheric turbulence.
®  Moon: Gravitational force of 1.62 m/s?, negligible atmospheric resistance.
Evaluation Criteria
The simulations aimed to evaluate the following key aspects:
®  Trajectory Accuracy: Measured using the root mean square error (RMSE) between the predicted positions and the actual target positions.
e  Fuel Consumption: Calculated from the cumulative thrust commands over the mission.

e  Stability: Analyzed by tracking oscillations in spacecraft position and attitude over time.

4. Results and Analysis
4.1 Kalman Filter Performance

Estimation Accuracy

The Kalman filter provided highly accurate estimates of the spacecraft’s position and velocity, with an average estimation error of less than 1% compared
to actual measured values. This level of accuracy was crucial in maintaining the spacecraft’s control and stability, even as it transitioned between different
planetary environments. The accuracy of state estimation enabled precise adjustments to control inputs, improving overall mission performance. The
robustness of the Kalman filter against sensor noise was evaluated by introducing varying levels of process and measurement noise during the simulations.
Even under significantly increased noise levels, the Kalman filter maintained high estimation performance, with only a slight increase in estimation error
from 0.8% to 1.2%. This demonstrates the filter’s ability to handle noisy sensor readings while still providing accurate state estimates.

Kalman Filter: Position Estimation with Noisy Sensor Data
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Figure 3 : Kalman Filter Performance Estimation
Adaptive Control Performance

Trajectory Accuracy
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The adaptive control strategies showed excellent performance in maintaining trajectory accuracy across all planetary environments. The RMSE between
the predicted and actual spacecraft positions was consistently low, indicating minimal trajectory deviation. This confirms the effectiveness of the adaptive
control strategies in guiding the spacecraft towards its desired destination, despite variations in gravitational forces and atmospheric drag.

Adaptive Control: Trajectory Deviation
in Different Planetary Environments
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Figure 4 : Adaptive Control Performance
Fuel Consumption

Fuel consumption was analyzed over the course of the mission. The adaptive control strategies optimized fuel usage, minimizing the total fuel
consumption required to maintain the spacecraft's trajectory. The results showed that adaptive PID and reinforcement learning-based control systems
were significantly more fuel-efficient than traditional fixed-gain controllers, with fuel savings of up to 20% in certain scenarios.
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Figure 5 : Fuel Consumption
Stability

Stability was maintained across all simulations, with minimal oscillations observed in the spacecraft’s position and attitude. Even during transitions
between planetary environments, where gravitational and atmospheric conditions changed, the adaptive control systems were able to make necessary
adjustments to maintain stability, preventing any significant deviation from the desired path.
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Figure 6 System Stability over time

5. Conclusion

This paper presents a comprehensive study on the design, implementation, and evaluation of adaptive control strategies for spacecraft operating in various
planetary environments. The integration of adaptive control with Kalman filtering for state estimation significantly improved the spacecraft's ability to
maintain trajectory accuracy, minimize fuel consumption, and ensure system stability, even in the face of environmental uncertainties.

Monte Carlo simulations demonstrated the robustness of the adaptive control systems, revealing their effectiveness in different planetary environments,
including Earth, Mars, and the Moon. The key findings from this study are as follows:

e  Adaptive PID and reinforcement learning-based control strategies successfully adapted to changing planetary conditions, ensuring trajectory
accuracy and fuel efficiency.

e  Kalman filtering provided accurate state estimates, enabling real-time adjustments to control inputs.

®  Monte Carlo simulations confirmed the robustness of the control systems across a wide range of initial conditions and environmental
parameters.

These results have significant implications for future space exploration missions, where adaptive control systems will be essential for navigating complex
and dynamic planetary environments. The adaptive control strategies presented in this study provide a foundation for future research aimed at improving
spacecraft navigation, reducing fuel consumption, and enhancing mission reliability in unpredictable planetary conditions.
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