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Abstract:

The Indian Space Research Organization (ISRO) has been a pioneer
in space exploration since its establishment in 1969. Over the
decades, it has developed numerous satellite missions that have
significantly contributed to various fields, including communication,
earth observation, and navigation. Historically, predicting the
expected lifetime of satellites has relied on extensive empirical data
and expert assessments. ISRO has continuously innovated,
transitioning from traditional methods to more sophisticated
approaches, integrating advances in technology and science. The
objective of this research is to leverage machine learning techniques
to model and predict the expected lifetime of satellites in ISRO's
space missions. By utilizing historical data and advanced analytics,
the goal is to enhance the accuracy of lifetime predictions, thereby
improving mission planning, resource allocation, and operational
efficiency. Before the advent of machine learning, traditional
methods for predicting satellite lifetime typically involved empirical
models based on historical performance data, physical failure models
relying on component testing, and expert evaluations through
qualitative assessments. These methods often lacked the ability to
efficiently analyze large datasets and were limited in their predictive
capabilities. The traditional methods for estimating satellite lifetime
at ISRO are often time-consuming, reliant on expert knowledge, and
limited by the availability of historical data, leading to inaccuracies
in lifetime predictions and inefficient resource management during
missions. The proposed system involves collecting extensive datasets
from past ISRO satellite missions, including operational data,
environmental factors, and component performance metrics. This
data will be pre-processed and analyzed to identify patterns and
correlations. A series of predictive models will be developed to
estimate satellite lifetimes, incorporating various features such as
launch conditions, operational anomalies, and degradation trends.
The system will also include visualization tools to present insights
and predictions in a user-friendly manner for mission planners.

Keywords: Empirical Data, Expert Assessments, Historical
Performance Data, Physical Failure Models, Component Testing,
Qualitative Assessments, Predictive Analytics, Data Pre-processing,
Pattern Recognition, Correlation Analysis, Space Missions, Satellite
Operations,  Launch Conditions, Operational ~ Anomalies,
Degradation Trends, Environmental  Factors, Component
Performance Metrics.

1.INTRODUCTION

The Indian Space Research Organization (ISRO) has established
itself as a major player in global space exploration. Since its

founding in 1969, ISRO has launched numerous satellite missions
that have revolutionized fields such as communications, earth
observation, meteorology, navigation, and scientific research. Some
of ISRO's most significant missions include the Mars Orbiter
Mission (Mangalyaan), Chandrayaan lunar missions, and the launch
of the Polar Satellite Launch Vehicle (PSLV). With over 300
satellites launched and partnerships with multiple countries, ISRO
has built a reputation for cost-effective and efficient space
exploration. Predicting the lifespan of satellites has traditionally
relied on expert judgment and empirical data. However, as satellite
technology advances, the need for more precise predictions is
growing. Machine learning offers an opportunity to enhance these
predictions by analyzing large datasets to model and predict satellite
lifetimes with greater accuracy. Applications of such a model include
mission planning, risk management, and optimization of satellite
resources to ensure maximum operational efficiency.

2. LITERATURE SURVEY

Williams and Bell [1] analyzed the Chang’e 5 mission, discussing its
objectives, lunar sampling techniques, and technological innovations.
They examined the spacecraft’s performance and mission outcomes
in the context of China’s lunar exploration program.

Dunbar [2] presented an overview of NASA’s Artemis program,
focusing on its objectives, planned lunar missions, and technological
advancements. The study highlighted Artemis’ role in future lunar
exploration and its significance in human spaceflight.

Dobrijevic [3] provided a comprehensive guide to NASA’s DART
mission, explaining its purpose, execution, and impact on planetary
defense strategies. The study discussed how the mission tested
kinetic impact technology for asteroid deflection.

Williams and Bell [4] described Chandrayaan 3, outlining its
scientific objectives, technological advancements, and expected
contributions to lunar exploration. The mission aimed to improve
India’s lunar research capabilities.

Williams and Bell [5] examined the Luna 25 mission, detailing its
goals, spacecraft design, and expected contributions to Russia’s lunar
exploration efforts. The study explored its significance in the
country’s space ambitions.

Ebeling [6] introduced fundamental concepts of reliability and
maintainability engineering, discussing various analytical techniques
for assessing system performance and longevity. The book
emphasized the importance of reliability in engineering design.
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Huangpeng et al. [7] proposed a methodology for determining the
optimal sample size for launch vehicle reliability analysis. They
utilized Sequential Probability Ratio Test (SPOT) and Bayesian
recursive estimation to improve the accuracy of reliability
predictions. Their study aimed to enhance launch vehicle assessment
through statistical modeling.

Krevor and Wilhite [8] introduced a framework for estimating the
cost of improving launch vehicle reliability. They analyzed cost
trade-offs associated with enhancing reliability and presented a
model to optimize investment in failure prevention measures. Their
findings contributed to cost-effective launch vehicle development
strategies.

Guarro [9] conducted an in-depth assessment of space launch vehicle
reliability, evaluating various statistical methods for estimating
failure probabilities. His study highlighted the challenges in
predicting launch success and emphasized the importance of
historical data analysis in improving launch outcomes.

Guikema and Paté-Cornell [10] applied Bayesian analysis to assess
launch vehicle success rates, integrating historical data with
probabilistic models. Their research demonstrated how Bayesian
updating can improve predictions of launch reliability and reduce
uncertainty in failure assessments.

Guikema and Paté-Cornell [11] investigated the probability of
infancy-related failures in space launch vehicles, emphasizing the
role of early-life performance in determining overall reliability. They
found that launch vehicles often exhibit higher failure rates in initial
flights before stabilizing in performance.

Castet and Saleh [12] analyzed satellite reliability using statistical
methods, comparing various reliability estimation techniques. Their
study provided insights into the failure rates of different satellite
classes and contributed to the understanding of satellite longevity in
space missions.

Castet and Saleh [13] extended their analysis to satellite subsystems,
examining reliability trends and identifying common failure modes.
They proposed a statistical modeling approach to improve reliability
predictions for complex satellite architectures.

Grile and Bettinger [14] estimated the reliability of satellites
launched between 1991 and 2020 using statistical methods. They
identified trends in satellite failures over time and provided an
analysis of factors affecting satellite longevity in orbit.

Dubos et al. [15] explored the relationship between satellite mass and
reliability, analyzing whether spacecraft size influences failure rates.
Their findings suggested that larger satellites tend to have higher
reliability, potentially due to more robust design and testing
procedures.

Langer and Bouwmeester [16] examined CubeSat reliability,
contrasting statistical failure data with developers' perceptions. They
found discrepancies between actual CubeSat failure rates and
developers’ expectations, highlighting the need for improved design
practices in small satellite manufacturing.

Edwards et al. [17] investigated reliability considerations for
interstellar missions, focusing on maintaining system functionality
over 50+ years. They discussed redundancy strategies, component
degradation models, and the challenges of deep space mission
sustainability.

Castet and Saleh [18] introduced a multi-state failure analysis
approach for satellite subsystems, categorizing failure modes beyond
traditional binary reliability metrics. Their work aimed to refine
reliability assessments by considering partial system failures.
Seradata [19] provided a database for tracking satellite launch
performance and reliability data. The platform enabled researchers to
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analyze space mission trends and access historical launch records for
statistical assessments.

Grush [20] reported on SpaceX’s Falcon Heavy launch, specifically
discussing how Elon Musk’s Tesla overshot its intended orbit. The
study highlighted the complexities of trajectory calculations and
mission planning in commercial spaceflight.

3. PROPOSED METHODOLOGY
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Fig 1: Proposed Block Diagram
Step 1: Satellite Lifetime Dataset: The first step involves obtaining
the satellite lifetime dataset, which contains various features related
to satellite characteristics and their expected lifetime in space
missions. This dataset is crucial for training and testing machine
learning models aimed at predicting satellite lifespan. It is typically a
CSV file that includes features such as satellite name, launch details,
orbit type, dry mass, power capacity, and expected lifetime in years.
Step 2: Data Preprocessing: The next step is to preprocess the data
for use in machine learning models. This includes handling missing
data by filling in the missing values for certain features like "Dry
Mass (kg.)" and "Power (watts)" using the mean of the respective
columns. Date columns such as "Date of Launch" are converted into
datetime format, and additional columns like "Day", "Month", and
"Year" are extracted from the launch date. The dataset is then
rescaled using StandardScaler to ensure all features are on a similar
scale, and categorical features are encoded using LabelEncoder. The
data is split into training and test sets for model evaluation.
Step 3: Exploratory Data Analysis (EDA) Plots: In this step,
various exploratory data analysis (EDA) plots are generated to better
understand the dataset. Histograms of the features and the target
variable "Expected Lifetime (yrs.)" are created to visualize
distributions. A correlation heatmap is also generated to identify
potential relationships between features, which may help in model
selection and refinement.
Step 4: Existing Ridge Regressor Algorithm: The Ridge Regressor
algorithm is applied to the preprocessed data as one of the traditional
machine learning models for regression. The Ridge model is trained
using the training data and evaluated using the test data. The
performance of the model is then assessed through regression metrics
such as Mean Absolute Error (MAE), Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), and R-squared (R?). If a pre-
trained model exists, it is loaded from disk to predict the satellite
lifetime on new data.
Step 5: Existing Linear Regressor Algorithm: Similar to Ridge
Regressor, the Linear Regression model is applied to the data to test
its performance. The Linear Regressor is trained on the same training
data, and predictions are made for the test set. The model’s
performance is then evaluated using the same set of regression
metrics. As with Ridge Regressor, if a pre-trained model exists, it is
loaded to predict on new test data.
Step 6: Proposed LSTM Regressor Algorithm: A more advanced
approach is implemented using Long Short-Term Memory (LSTM)
networks, which are a type of recurrent neural network (RNN) well-
suited for sequential data. In this step, the data is reshaped to be
compatible with the LSTM architecture. The LSTM model is either
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trained from scratch or loaded if pre-trained. This model is then used
to predict the expected satellite lifetime, and performance is
evaluated using the same regression metrics as the traditional
models.
Step 7: Performance Comparison Graph: A comparison graph is
generated to visualize the performance of all three models—Ridge
Regressor, Linear Regressor, and LSTM Regressor. The graph
displays the performance metrics such as MAE, MSE, RMSE, and R?
score for each model, allowing for an easy comparison of their
accuracy and reliability in predicting satellite lifetimes. This helps in
identifying which algorithm performs best.
Step 8: Prediction of Output from Test Images with LSTM
Regressor Algorithm
Finally, the trained LSTM model is used to make predictions on new
test data. The test data is preprocessed in the same way as the
training data, ensuring consistency. Once the data is prepared, the
LSTM model predicts the expected satellite lifetime, and the results
are displayed. A plot is generated to visualize the predicted lifetimes
across different test samples. This step concludes the research, where
the model's ability to predict real-world satellite lifetimes is
demonstrated.

4. EXPERIMENTAL ANALYSIS
This figure 2, illustrates the graphical user interface (GUI) that
enables the user to upload the satellite lifetime dataset. It displays
how the dataset is loaded into the system for further analysis and
processing. The interface provides an organized structure for
selecting the dataset and triggers the initiation of the subsequent
analysis steps. This visual emphasizes the simplicity and user-
friendliness of the interface for users to interact with the satellite
data, making it easier to proceed with preprocessing and model
building tasks.

Fig. 2: Upload of Satellite Lifetime Dataset and Analysis
in the GUI Interface
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Fig. 3: EDA Plots of the Project

In this figure 3, the exploratory data analysis (EDA) plots are
showcased, highlighting the relationship between the various features
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in the satellite dataset. These plots include visualizations such as
histograms, scatter plots, and box plots that give an initial overview
of the dataset's distribution, correlations, and potential outliers. The
goal of EDA is to understand the characteristics of the dataset and to
identify patterns or anomalies that could influence the model-
building process, helping guide data preprocessing decisions.
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Fig. 4: Data Preprocessing in the GUI

This figure 4, presents the data preprocessing phase within the GUI
interface. It visualizes the steps where the raw dataset is cleaned,
missing values are handled, categorical data is encoded, and the
dataset is transformed into a format suitable for machine learning
models. It also highlights how feature scaling, such as normalization
or standardization, is applied to prepare the data for better model
performance. The preprocessing steps are displayed interactively
within the interface, ensuring that users can track and manage each
stage of data transformation.

Performance Metrics of Ridge Regressor

The performance metrics for the Ridge Regressor model are

displayed in the following ways:

e Mean Absolute Error (MAE): 1.259. This indicates the
average magnitude of error in the model’s predictions,
suggesting that on average, the model’s predictions are off by
approximately 1.26 years

e  Mean Squared Error (MSE): 2.356. This metric represents the
squared average difference between the predicted and actual
values, reflecting the model’s prediction accuracy

e Root Mean Squared Error (RMSE): 1.535. RMSE is the
square root of MSE, offering an error metric in the same unit as
the target variable, which is satellite lifetime in years

e R-squared (R?: 0.847. This indicates that 84.7% of the
variance in satellite lifetime is explained by the model,
suggesting a good fit to the data.

Ridge Regressor

Predictions
\

8
True Values

Fig. 5: Performance Metrics and Regression Scatter Plot of the
Ridge Regressor Model
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This figure 5, presents the performance metrics along with a
regression scatter plot for the Ridge Regressor model. The plot
visually compares the predicted values against the actual satellite
lifetimes. The closeness of the points to the diagonal line indicates
the accuracy of the predictions. The performance metrics provided
further quantify the model's prediction accuracy, giving a clear
picture of how well the Ridge Regressor performs.

Linear Regrassor

Fig. 6: Performance Metrics and Regression Scatter Plot of the
Linear Regressor Model

Similar to Fig. 5, this figure 6, shows the performance metrics and
regression scatter plot for the Linear Regressor model. The scatter
plot highlights how the model's predicted satellite lifetimes compare
to the actual values. The performance metrics indicate that the Linear
Regressor model outperforms the Ridge Regressor, as seen in the
lower error metrics and higher R? value.

Performance Metrics of Linear Regressor

The performance metrics for the Linear Regressor model are:

e  Mean Absolute Error (MAE): 1.197. The predictions are off
by an average of about 1.2 years, slightly better than the Ridge
Regressor.

e  Mean Squared Error (MSE): 2.174. The squared errors for the
predictions are slightly lower than those of the Ridge Regressor.

e Root Mean Squared Error (RMSE): 1.475. This value is
lower than the Ridge Regressor’s RMSE, indicating that the
Linear Regressor model performs better in terms of prediction
accuracy.

e R-squared (R?): 0.859. With 85.9% of variance explained, the
Linear Regressor has a marginally better fit compared to the
Ridge Regressor.

Performance Metrics of LSTM Model

The performance metrics for the LSTM Regressor model are:

e Mean Absolute Error (MAE): 0.072. This indicates a very low
average error in predictions, meaning the LSTM model predicts
satellite lifetimes with high precision.

e  Mean Squared Error (MSE): 0.008. The small value of MSE
suggests that the model’s predictions are very close to the actual
values.

e Root Mean Squared Error (RMSE): 0.089. The RMSE value
is also very low, supporting the model’s ability to make accurate
predictions.

e R-squared (R?): 0.999. The LSTM model explains 99.9% of
the variance in the satellite lifetime data, which indicates an
excellent fit and extremely accurate predictions.
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LSTM Modal
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Fig. 7: Performance Metrics and Regression Scatter Plot of the
LSTM Regressor Model

This figure 7, shows the performance metrics and regression scatter
plot for the LSTM Regressor model. The regression plot illustrates
how closely the model's predictions align with the actual satellite
lifetimes, showcasing the superior performance of the LSTM model.
Given the very low error metrics and the high R? score, this plot
emphasizes the strong predictive power of the LSTM model.
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Fig. 8(b)
Fig. 8(a), (b): Model Prediction on the Test Data

This figure 8, shows the model’s predictions applied to the test
dataset. It visually represents the predicted satellite lifetimes versus
the actual lifetimes, demonstrating how accurately the model
performs on unseen data. The test data results are essential for
validating the model’s ability to generalize and make accurate
predictions beyond the training set.
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Fig. 9(a), (b): Performance Comparison Graph of All Models

This figure 9, presents a comparative graph of the performance

metrics for all three models: Ridge Regressor, Linear Regressor, and

LSTM Regressor. The graph shows how the models perform relative

to each other in terms of MAE, MSE, RMSE, and R2 It clearly

illustrates that the LSTM model outperforms both Ridge and Linear

Regression models, confirming its superior ability to predict satellite

lifetimes accurately.

5. CONCLUSION

The research on predicting the expected lifetime of satellites using

machine learning models aims to leverage satellite-related data for

more accurate forecasting and analysis. By using a variety of features
such as satellite mass, power, orbit parameters, and launch details,
the research provides valuable insights into satellite longevity. The
use of both traditional machine learning algorithms like Linear

Regression and Ridge Regression, along with more advanced models

such as LSTM Regressors, demonstrates the ability to handle

complex data patterns and temporal dependencies in predicting

satellite lifetimes. The successful application of these models can

significantly improve satellite management and space mission

planning, offering benefits such as more efficient resource allocation,

reduced costs, and optimized satellite usage for various purposes.
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