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Abstract: In modern astronautics, the need for efficient signal processing and reliable data transmission is
paramount for the success of space missions. This paper explores the advanced application of wavelet transform
for signal optimization, focusing on denoising, data compression, and anomaly detection. By leveraging wavelet-
based methods, the study addresses the challenges posed by non-stationary signals encountered in space
environments. Detailed case studies demonstrate the effectiveness of wavelet transform in satellite communication
systems and spacecraft health monitoring, revealing its advantages over traditional Fourier-based methods. This
research contributes to the development of robust frameworks for implementing wavelet techniques, supporting
autonomous space operations and improving the reliability of data management in future space missions.
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1. Introduction Effective data processing methods contribute to
improving bandwidth efficiency, reducing the
volume of data that needs to be transmitted, and
enhancing the quality of information received [6].
This is especially crucial in environments where
communication resources are limited, such as deep-
space missions, making the optimization of signals
and data analysis a top priority in astronautics [7].

Signal processing and data analysis are fundamental
in the field of astronautics, where they are used to
ensure the success of space missions and the safety
of spacecraft. The accurate processing of signals and
data is crucial for communication between ground
stations and satellites, monitoring the health of
spacecraft, and analyzing scientific data collected

from space. Space missions generate vast amounts of Traditional signal processing techniques like Fourier
data, ranging from telemetry information about the transform have been the mainstay in the analysis of
spacecraft's status to observational data from time-invariant signals. However, many signals
scientific instruments. Proper analysis of this data is encountered in astronautics are non-stationary,
essential to interpret the status of the mission, make meaning their frequency content changes over time.
real-time adjustments, and predict potential issues Fourier transform, which decomposes signals into
[1-3]. their frequency components, is effective only for

stationary signals since it does not provide
information about when certain frequencies occur.
This limitation has driven the search for more
advanced methods capable of handling the
complexities of space signals [8-13].

For instance, in satellite communications, signal
processing is vital to decode the information sent
from space to Earth, where the signals are often weak
and corrupted by noise [1]. Additionally, in deep-
space missions, vast distances result in time delays

and signal attenuation, requiring advanced methods Wavelet transform has emerged as a powerful tool
to ensure data integrity and reliability [3]. Data for time-frequency analysis, providing a solution to
analysis also plays a key role in interpreting readings this challenge. Unlike Fourier transform, wavelet
from instruments on space probes and rovers, transform can analyze signals at different
making discoveries possible and allowing scientists resolutions, enabling the detection of both high-
to make accurate predictions based on data trends [4- frequency details and low-frequency trends [14-15].
5]. This dual capability allows it to effectively handle
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non-stationary signals that are typical in space astronautics, facilitating more robust data

environments, such as signals from rotating
machinery in spacecraft, atmospheric disturbances,
or transient events [16].

Wavelet transform works by decomposing a signal
into small waves, or "wavelets," that are localized in
time and frequency. This allows researchers to zoom
in on specific events in the data while preserving the
overall signal structure. It has been successfully
applied in various fields, such as image
compression, numerical EM methods, seismic data
analysis, and biomedical engineering, and its
adoption in astronautics has shown significant
promise [17-19]. The ability to analyze signals in
this way makes wavelet transform particularly
suitable for applications like noise reduction, signal
compression, and anomaly detection in telemetry
data [20].

The primary objective of this research is to explore
the application of wavelet transform techniques in
optimizing signal processing and data analysis for
space missions. By leveraging the unique time-
frequency analysis capabilities of wavelet
transform, this study aims to address several key
challenges in astronautics:

1- Enhancing Signal Clarity: To improve
the accuracy of signals received from spacecraft and
satellites, thereby ensuring more reliable
communication and data integrity [21].

2- Data Compression: To develop methods
for reducing the size of data collected in space
without compromising the quality of information,
which is crucial for efficient data transmission in
bandwidth-limited environments [22].

3- Anomaly Detection: To apply wavelet-
based techniques for identifying irregularities and
potential faults in telemetry data, contributing to
proactive spacecraft health monitoring and
maintenance [23].

The significance of this research lies in its potential
to improve the efficiency and reliability of space
operations. Wavelet transform offers a versatile
approach that can be adapted to various aspects of
space exploration, from real-time data analysis to
long-term data archiving [24-25]. By providing a
framework for implementing these techniques, this
study aims to contribute to the broader field of
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management and analysis in future space missions.

The remainder of this paper is structured as follows:
Section 2 delves into the theoretical background of
wavelet transform, including a comparison with
traditional Fourier methods. Section 3 discusses
specific applications of wavelet transform in signal
processing within the context of astronautics, such
as signal denoising, data compression, and anomaly
detection. Section 4 presents case studies
highlighting real-world applications of wavelet
transform in satellite communication and spacecraft
health monitoring. Section 5 offers a discussion on
the advantages and challenges of using wavelet
transform, as well as its future potential in
astronautics. Finally, Section 6 concludes the paper,
summarizing the key findings and providing
recommendations for future research directions.

2. Theoretical Background
2.1 Overview of Wavelet Transform

The wavelet transform is a mathematical technique
used to analyze signals in both time and frequency
domains simultaneously, making it particularly
useful for analyzing non-stationary signals—those
whose frequency content varies over time. Unlike
traditional methods such as Fourier transform,
which only provide a global perspective of
frequency components, wavelet transform offers a
detailed, localized analysis, enabling the
examination of transient signals or localized
anomalies in a signal.

2.1.1 Explanation of Wavelet Transform and Its
Key Principles

Wavelet transform involves the decomposition of a
signal into a set of basis functions called "wavelets."
These wavelets are generated through translations
(shifts in time) and dilations (scaling) of a prototype
wavelet, known as the "mother wavelet." The
wavelet  transform  can  be  represented
mathematically as:

w(s,1) = [~ x(Op* (t;) dt, (1)
where:

- W (s, 1) represents the wavelet
coefficients, which describe the correlation between
the signal x(t) and the wavelet at a specific scale s
and time position 7.
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- Y (t) is the mother wavelet.

- v (5

conjugate of the scaled and shifted wavelet.

t_—r) is the complex

- s is the scale parameter that
controls the stretching or compression of the
wavelet.

- 7 is the translation parameter
that controls the shifting of the wavelet along the
time axis.

This integral allows the wavelet transform to
decompose the signal into components that capture
both time and frequency information. The result is a
set of coefficients that can be visualized in a time-
frequency plane, providing insight into how
different frequency components evolve over time.

2.1.2 Differences Between Wavelet Transform and
Traditional Methods Like Fourier Transform

The primary difference between wavelet transform
and Fourier transform lies in their approach to
analyzing signals. The Fourier transform
decomposes a signal into a sum of sine and cosine
functions, providing information about the global

frequency content of the signal but not where in time
those frequencies occur. The Fourier transform of a
signal x(t) is defined as:

X(P) = [ x(®e 2t dt, @
where:

- X(f)represents the frequency
spectrum of the signal x(t).

- f is the frequency.

The Fourier transform is well-suited for stationary
signals, where the frequency content does not
change over time. However, it struggles with non-
stationary signals, which are common in
astronautics, such as signals from spacecraft systems
or dynamic environmental conditions in space.

In contrast, the wavelet transform uses localized
wavelets that vary in scale, providing a multi-
resolution analysis of the signal. This allows it to
detect short-duration events, such as anomalies or
transient spikes in telemetry data, which may be
overlooked by the Fourier transform. A visual
comparison of how wavelet and Fourier transforms
handle signal analysis is provided in Table 1.

Tablel. A Visual Comparison of Wavelet Transform and Fourier Transform for Signal Analysis

Feature Fourier Transform

Wavelet Transform

Type of Analysis Global frequency analysis

Localized time-frequency analysis

Handling of Non- Poor (assumes
Stationary Signals stationarity)

Resolution Fixed resolution across all
frequencies

Excellent (captures time-varying frequency content)

Varies with scale (better time resolution at high frequencies
and better frequency resolution at low frequencies)

Suitability for Limited (transient details
Transient Signals may be lost)

Applications in  General spectral analysis,
Astronautics noise filtering

Ideal for capturing transient and localized events

Signal denoising, anomaly detection, data compression

2.1.3 Types of Wavelets and Their Specific
Applications

There are various types of wavelets, each with

a. Haar Wavelet:

- Mathematical Definition: The
Haar wavelet is one of the simplest wavelets,

unique characteristics that make them suitable for defined as:
different types of signal analysis. The choice of 1 if 0<t<1/2
wavelet affects the transform's ability to analyze P(t) =1-1if 1 /_2 <t< 1’ 3)

specific features within a signal. Some of the
commonly used wavelets in astronautics include:

0 Otherwise
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- Characteristics: It is a
discontinuous wavelet that resembles a step
function, making it suitable for analyzing signals
with sharp transitions.

- Applications: Haar wavelets
are often used in image compression and edge
detection, as well as in data compression for
telemetry signals from spacecraft, where rapid
changes need to be identified and processed
efficiently.

b. Daubechies Wavelets:

- Mathematical Definition:
Daubechies wavelets (DbN) are defined by a set of
scaling functions and wavelet functions, where N
represents the number of vanishing moments
(degree of smoothness). A commonly used version
is Db4:

Yppa(t) = T (2t — k), (4)

where h, are the filter coefficients, and ¢ is the
scaling function.

- Characteristics:  Daubechies
wavelets are continuous and offer a balance between
time and frequency localization, making them well-
suited for analyzing both smooth and irregular data.

- Applications: Due to their
compact support and smooth nature, Daubechies
wavelets are used for denoising signals in satellite
communication systems, enhancing the quality of
received data while minimizing noise.

C. Morlet Wavelet:

- Mathematical Definition: The
Morlet wavelet is a complex wavelet defined as:

W(t) = 1 Yagiwote ™, (5)
where w, is the central frequency.

- Characteristics: The Morlet
wavelet provides a smooth, oscillatory wavelet with
good frequency localization, making it ideal for
analyzing signals with sinusoidal components.

- Applications: It is commonly
used in analyzing oscillatory signals such as
vibrations in spacecraft structures or Doppler shifts
in communication signals, where both frequency
content and its evolution over time are important.

d. Coiflet Wavelets:

- Mathematical Definition:
Coiflets are defined to have vanishing moments for
both the wavelet function and its scaling function,
which allows for the analysis of polynomial trends
in signals.

- Characteristics: Coiflets offer
better symmetry compared to Daubechies wavelets,
making them effective for tasks where signal
reconstruction accuracy is critical.

- Applications: These are used
in high-precision applications like analyzing
pressure waves or other smooth signals in spacecraft
environments, where accurate reconstruction is
crucial for detecting subtle anomalies.

Table 2 summarizes the features of different wavelet
types and their applications in astronautics.

Table2: Features of different wavelet types and their applications in astronautics.

Wavelet Characteristics Applications

Type

Haar Discontinuous, step-function-like Data compression, edge detection in telemetry
signals

Daubechies Smooth, compact support Signal denoising in satellite communication
systems

Morlet Complex, good frequency localization  Analysis of oscillatory signals and Doppler
shifts

Coiflet Symmetric, high  accuracy in Analysis of smooth signals and pressure

reconstruction
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The choice of wavelet depends on the specific nature
of the signal and the requirements of the analysis.
For example, Haar wavelets are preferred when
detecting sharp changes or transitions, while Morlet
wavelets are better suited for analyzing signals with
continuous oscillations.

2.2 Limitations of Traditional Fourier Analysis in
Astronautics

2.2.1 Discussion of Fourier Transform Limitations
in Handling Non-Stationary Signals

The Fourier transform has long been a cornerstone
of signal processing, used to decompose a signal into
its constituent frequencies. Its fundamental principle
is based on the transformation of a time-domain
signal x(t) into a frequency-domain representation
X(f), as expressed in equation (2).

This approach provides a global view of the
frequency content of a signal, identifying which
frequencies are present, but it does not indicate when
these frequencies occur. As a result, the Fourier
transform assumes that the analyzed signal is
stationary meaning that its frequency content does
not change over time. However, many signals
encountered in astronautics are inherently non-
stationary, with frequency components that evolve
as the signal progresses. Examples include signals
from rotating machinery on spacecraft, variations in
telemetry data due to changing environmental
conditions, and dynamic communication signals
affected by Doppler shifts as satellites move relative
to ground stations.

For instance, in analyzing telemetry data from
spacecraft systems, significant changes in system
behavior may occur over time due to varying
environmental factors, such as changes in solar
radiation or atmospheric drag in low Earth orbit. The
Fourier transform would struggle to accurately
represent these changes, as it provides only a static
view of the signal's frequency content. This can lead
to misinterpretations or the overlooking of critical
transient events, which might be indicative of
emerging faults or anomalies.

Another limitation arises in the analysis of short-
duration events. When applying the Fourier
transform, information about short-lived spikes or
transient disturbances in signals gets smeared across
the entire frequency spectrum, making it difficult to
localize these events in time. This makes it less
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effective for real-time monitoring applications, such
as detecting sudden anomalies in spacecraft sensor
data or communication signals that require
immediate attention.

The Short-Time Fourier Transform (STFT) attempts
to address this limitation by dividing a signal into
smaller time segments and applying the Fourier
transform to each segment. However, the resolution
of STFT is limited by the fixed size of the window
used, leading to a trade-off between time and
frequency resolution. A smaller window size
improves time resolution but reduces frequency
resolution, and vice versa. This trade-off limits its
effectiveness for analyzing signals that require high
resolution in both time and frequency domains.

2.2.2 Benefits of Using Wavelet Transform for
Analyzing Complex Space Signals

Wavelet transform addresses many of the
shortcomings of the Fourier transform, making it a
more versatile tool for analyzing the complex and
often non-stationary signals encountered in
astronautics. Unlike the Fourier transform, wavelet
transform uses a variable-sized window approach to
capture both low- and high-frequency information,
providing a more adaptive analysis. The wavelet
transform is already defined at equation (1):

This formula allows wavelet transform to adjust its
window size dynamically: it uses narrow windows
for analyzing high-frequency components (which
require good time resolution) and wider windows for
low-frequency components (which benefit from
better frequency resolution). This adaptability
makes wavelet transform particularly effective for
analyzing non-stationary signals that exhibit
localized changes in frequency content over time .

2.2.3 Key Benefits of Wavelet Transform in Space
Signal Analysis:

a. Time-Frequency Localization:

Unlike the Fourier transform, which provides a
single global perspective of frequency, wavelet
transform allows for localized analysis, making it
possible to zoom in on specific events in a signal.
This capability is crucial for analyzing short-
duration disturbances, such as transient spikes in
telemetry data or rapid changes in communication
signals due to environmental factors. It enables the
detection and characterization of anomalies, helping
engineers identify issues in spacecraft systems that
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might otherwise go unnoticed with Fourier-based
methods.

b. Multi-Resolution Analysis:

The wavelet transform’s ability to perform multi-
resolution analysis (MRA) means it can
simultaneously provide detailed information about
both high-frequency and low-frequency components
of a signal. This is particularly useful in the analysis
of complex signals from space environments, where
different frequency components carry information
about various physical phenomena. For example,
high-frequency components might indicate sudden
changes in spacecraft vibration, while low-
frequency components can reveal long-term trends
in temperature or pressure data.

C. Improved Signal Denoising:

In space missions, signals are often corrupted by
noise due to cosmic radiation, thermal effects, or
interference from other communication sources.
Wavelet transform offers an effective method for
denoising by selectively removing noise
components at different scales while preserving
important signal details. This leads to enhanced
signal clarity, making it possible to retrieve more

accurate data from weak signals transmitted over
long distances.

d. Efficient Data Compression:

Wavelet-based compression techniques are essential
for managing the large volumes of data generated in
space missions. By decomposing data into different
wavelet coefficients and discarding those that
contribute least to the signal’s overall structure,
wavelet transform allows for significant data size
reduction with minimal loss of information. This is
particularly beneficial for transmitting high-
resolution satellite imagery and scientific data back
to Earth, where bandwidth is often limited.

The benefits of wavelet transform over traditional
Fourier methods have been demonstrated in various
space applications, such as the analysis of satellite
communication  signals,  spacecraft  health
monitoring, and the detection of gravitational
waves. These advantages make wavelet transform
an indispensable tool for modern space missions,
providing the flexibility and precision required to
handle the complexity of space signals.

Table 3 compares the capabilities of Fourier
transform, STFT, and wavelet transform in handling
non-stationary signals in astronautics.

Table 3. Comparison of Fourier Transform, STFT, and Wavelet Transform in Handling Non-Stationary
Signals in Astronautics.

Feature Fourier Short-Time Fourier Wavelet Transform
Transform Transform (STFT)
Time-Frequency No Limited (fixed window Yes (variable window
Localization size) size)
Adaptability to  Non- Poor Moderate Excellent
Stationary Signals
Resolution Flexibility Fixed Trade-off between time Multi-resolution
and frequency
Suitability for Transient Low Moderate High
Analysis
Application in Space Signal Basic spectral  Improved transient  Advanced anomaly
Analysis analysis detection detection,  denoising,

compression
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By overcoming the limitations of Fourier-based
methods, wavelet transform has become an
invaluable tool in the field of astronautics, enabling
more accurate analysis of complex, time-varying
signals. It provides a deeper understanding of the
dynamic processes at play in space, leading to more
reliable data interpretation and decision-making.
3. Applications of Wavelet Transform in
Astronautics

3.1 Signal Denoising

Signal denoising is a critical application of wavelet
transform in the field of astronautics, where the
quality of received signals can significantly impact
the success of space missions. This process involves
removing unwanted noise from signals while
preserving the essential information they carry. In
the harsh and dynamic environment of space,
various factors contribute to noise, including cosmic
radiation, solar flares, thermal noise from spacecraft
components, and interference from other
electromagnetic sources. The ability to effectively
isolate noise from useful signals is crucial for

maintaining  clear communication  between
spaceborne instruments and ground control.
3.1.1 Importance of Denoising in Space

Communications

Space communications rely on the transmission and
reception of signals between spacecraft, satellites,
and ground stations. These signals carry telemetry
data, which includes critical information about the
health and status of the spacecraft, as well as
scientific data collected by onboard instruments.
However, the vast distances involved in space
communication can weaken signals, making them
more susceptible to noise. For instance, signals
transmitted from a spacecraft near Mars may have to
travel over 200 million kilometers to reach Earth,
encountering various sources of noise along the
way. Without effective denoising techniques, the
received signals may become distorted, leading to
errors in interpreting the data, which could result in
missed information or incorrect assessments of a
spacecraft's condition.

In deep-space missions, where delays in
communication are significant, having a reliable
method for denoising ensures that critical data can
be processed and understood accurately upon
arrival. For example, noise could obscure sudden
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changes in telemetry data that might indicate an
emerging system malfunction, such as a drop in
temperature in a spacecraft module or abnormal
pressure readings. By denoising such data, engineers
can more accurately detect these changes, allowing
for timely interventions to prevent mission failure.

3.1.2 How Wavelet Transform Can lIsolate Noise
from Telemetry and Communication Signals

Wavelet transform has proven to be a powerful tool
for denoising because of its ability to analyze signals
at multiple scales. The process of wavelet-based
denoising typically involves three main steps:
decomposition, thresholding, and reconstruction.
These steps are designed to isolate noise from the
true signal content effectively.

a. Decomposition:

The signal is decomposed into wavelet coefficients
using wavelet transform. This process breaks down
the original noisy signal into components
corresponding to different frequency bands. High-
frequency components generally represent noise,
while low-frequency components carry the core
information of the signal.

b. Thresholding:

A threshold is applied to the wavelet coefficients to
filter out the noise. Two common thresholding
techniques are soft and hard thresholding:

- Hard Thresholding:  Sets
coefficients below a certain threshold to zero,
effectively eliminating noise.

- Soft Thresholding: Reduces
the amplitude of coefficients that fall below a certain
threshold, offering a smoother transition and often
better results.

The threshold value is chosen to balance between
removing noise and preserving important signal
details. This step is crucial as it determines the
effectiveness of the denoising process. The
threshold is typically set based on statistical
properties of the noise or using algorithms such as
Donoho’s universal threshold method.

C. Reconstruction:

After thresholding, the remaining coefficients are
used to reconstruct the signal, now with significantly
reduced noise. The inverse wavelet transform is
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applied, combining the denoised components back
into a clean version of the original signal.

Mathematically, if the original signal is x(t)x(t)x(t)
and the noise is represented by n(t)n(t)n(t), the noisy
signal can be expressed as:

y(t) = x(t) + n(t), (6)

By applying the wavelet transform W, we
decompose this into wavelet coefficients:

w(y®) =w(x®)+w(n®), (@)

Thresholding W (n(t)) reduces the noise

component, resulting in a cleaner signal x(t) after
inverse wavelet transform:

£(t) = w(W(y(t)) — Threshold), (8)

This approach ensures that the noise is isolated
without  distorting the signal's  meaningful
information, making it highly effective for
processing telemetry and communication signals in
astronautics.

3.1.3 Examples of Denoising in Space Missions

Wavelet-based denoising techniques have been
successfully implemented in various space missions,
demonstrating their utility in improving data quality
and reliability:

a. Case Study: Hubble Space Telescope
(HST):

The HST encounters background noise due to
cosmic radiation when capturing deep space images.
Wavelet transform has been used to filter out high-
frequency noise from the captured images,
improving their clarity and allowing astronomers to
detect faint celestial objects. This has enabled more
detailed analysis of distant galaxies and star
formations.

b. Example: Mars Rover Communication:

Communication between Mars rovers, such as
Perseverance, and Earth involves transmitting data
over long distances, leading to significant signal
degradation. Using wavelet-based  denoising
techniques, engineers can extract meaningful data
from the noisy signals received, ensuring that
telemetry data about the rover’s status and scientific
measurements reach  Earth  with  minimal
information loss.
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c. Application
(DSN):

in Deep-Space Network

The DSN, which supports communication with
interplanetary  spacecraft, uses wavelet-based
methods to enhance signal reception from probes
like Voyager 1, which is currently over 23 billion
kilometers away from Earth. At such distances, the
signal strength is extremely weak, and wavelet
denoising helps in recovering weak signals from the
noise floor, improving the quality of data that is
essential for monitoring the probe's status.

d. Satellite Image Denoising:

High-resolution satellite images are often corrupted
by noise due to atmospheric interference or
hardware limitations. Wavelet transform has been
employed in various Earth observation satellites to
denoise images before they are transmitted back to
Earth, enhancing the quality of data used for weather
prediction, environmental monitoring, and land use
analysis.

These examples illustrate the effectiveness of
wavelet transform in improving the quality of data
in space missions. By isolating noise while retaining
critical information, wavelet-based denoising
ensures that data used for analysis and decision-
making is as accurate as possible, thereby
supporting the success of complex space operations.

3.2 Data Compression

3.2.1 Challenges of Data Transmission in Space
Due to Limited Bandwidth

One of the primary challenges in space
communications is the constraint on bandwidth,
which limits the volume of data that can be
transmitted between space missions and ground
stations. This issue is especially significant in deep-
space missions, where the communication link must
bridge vast distances—sometimes billions of
kilometers. As the distance between the spacecraft
and Earth increases, the signal strength diminishes,
leading to lower data rates and increased
susceptibility to interference. For example, the
communication rate from the VVoyager 1 spacecraft,
which is over 23 billion kilometers away, has
dropped to just a few bits per second.

Bandwidth limitations are further compounded by
the need to conserve power on board the spacecraft,
as energy resources are finite and must be managed
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carefully. Transmitting data over long distances
consumes significant power, which means that
reducing the volume of transmitted data can directly
translate into energy savings, extending the
operational lifespan of the spacecraft. Moreover, the
electromagnetic spectrum used for communication
is crowded, making it difficult to allocate sufficient
bandwidth for high-volume data transmission. As a
result, effective data compression methods are
critical for making the most of the available
bandwidth, ensuring that essential information can
be transmitted within the constraints.

3.2.2 Role of Wavelet-Based Compression in
Reducing Data Size While Retaining Critical
Information

Wavelet-based compression techniques offer an
effective solution for reducing data size while
preserving essential information. Unlike
conventional compression methods, wavelet
compression is particularly well-suited for handling
the multi-scale nature of data generated in space
missions, such as satellite imagery, scientific
measurements, and telemetry data. The key
advantage of wavelet-based compression lies in its
ability to represent data with a sparse set of
coefficients, capturing both low-frequency trends
and high-frequency details in a compact form.

The process of wavelet-based compression involves
the following steps:

a. Decomposition:

The signal or image is decomposed into wavelet
coefficients using wavelet transform, breaking down
the original data into various frequency components.
High-frequency coefficients capture fine details,
while low-frequency coefficients represent the
general structure of the data.

b. Quantization:

The wavelet coefficients are then quantized, which
involves reducing the precision of the coefficients.
This step helps to eliminate less significant
coefficients, which mainly represent noise or
redundant information. The quantization step is
crucial for reducing data size, as it determines which
details can be discarded without significantly
affecting the overall quality of the reconstructed
data.
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c. Encoding:

The quantized coefficients are encoded using
compression algorithms like run-length encoding or
Huffman coding, which further reduce the data size
by exploiting redundancies in the wavelet
coefficients.

d. Reconstruction:

To retrieve the original data, the compressed
coefficients are decoded and then reconstructed
using the inverse wavelet transform. This results in
a version of the original signal or image that closely
approximates the uncompressed data, but with a
much smaller size.

Mathematically, if x(t) represents the original
signal and W is the wavelet transform, then the
decomposition into wavelet coefficients W (x(t))
followed by quantization can be expressed as:

2(6) = Wt (Quant (w(x(t)))), ©)
where:

- x(t) is the reconstructed
signal.

- Quant represents the

guantization process.

- W—l
transform.

is the inverse wavelet

This approach ensures that the essential features of
x(t) are retained even after compression, while the
overall data size is significantly reduced.

Wavelet-based compression methods achieve high
compression ratios without compromising data
integrity, making them ideal for applications where
both data quality and transmission efficiency are
critical. For instance, it is possible to achieve
compression ratios of 10:1 or higher for certain
types of satellite imagery, greatly reducing the time
and power required for data transmission.

3.2.3 Applications in Satellite Imagery and Deep-
Space Data Transmission

Wavelet-based compression techniques have been
successfully implemented in various space missions,
demonstrating their effectiveness in managing the
large volumes of data generated during space
exploration:
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a. Satellite Imagery:

High-resolution satellite images are a vital source of

information for Earth observation, weather
forecasting, and environmental  monitoring.
However, the large size of these images poses a
challenge for transmission, especially when multiple
images must be sent over a limited bandwidth.
Wavelet-based image compression techniques, such
as the JPEG2000 standard, have been widely
adopted for this purpose. JPEG2000 uses a discrete
wavelet transform (DWT) to compress images,
retaining key features while reducing file size. For
example, Earth observation satellites like Landsat
and Sentinel use wavelet compression to transmit
high-resolution images back to Earth with minimal
loss of detail.

b. Deep-Space Probes:

Deep-space missions, such as those involving
probes like New Horizons and Mars rovers, generate
vast amounts of scientific data, including spectral
measurements, panoramic images, and telemetry
readings. Due to the long distances involved,
transmitting this data requires significant power and
time. Wavelet compression techniques enable these
missions to send compressed data packets that retain
essential information about planetary features,
atmospheric conditions, or other scientific findings.
For instance, the Mars Reconnaissance Orbiter
(MRO) uses wavelet-based methods to compress
data before sending it back to Earth, ensuring that
valuable scientific data is transmitted efficiently
despite bandwidth limitations.

C. Gravitational Wave Data Compression:

The detection of gravitational waves by
observatories like LIGO involves analyzing data
from highly sensitive sensors that detect minute

disturbances in space-time. This data is often
corrupted by noise, making it challenging to extract
meaningful information. Wavelet-based
compression techniques help in reducing the data
size while preserving critical signals, allowing
scientists to focus on identifying gravitational wave
events amidst background noise. This application is
crucial for transmitting compressed data to research
centers worldwide, enabling faster analysis and
sharing of results.

d. Spacecraft Telemetry Compression:

Spacecraft telemetry data includes information
about the status of various subsystems, such as
power levels, thermal conditions, and instrument
readings. This data is essential for monitoring the
health of spacecraft during long-duration missions.
Wavelet-based compression allows telemetry data to
be transmitted with reduced size, minimizing the
bandwidth required while ensuring that critical
status updates are not lost. This approach has been
used in missions like the James Webb Space
Telescope (JWST), where maintaining the integrity
of telemetry data is critical for ensuring the safety of
the spacecraft and its instruments.

Table 4 presents a detailed comparison between
wavelet-based  compression  techniques  and
traditional compression methods, highlighting their
performance in space applications. It outlines key
aspects such as compression efficiency, data
integrity, computational complexity, and suitability
for handling the non-stationary data often
encountered in space missions. The comparison
illustrates how wavelet-based approaches offer
higher compression ratios and better adaptability to
varying data characteristics, making them ideal for
optimizing data transmission in  resource-
constrained environments like space.

Table 4. Comparison of Wavelet-Based Compression and Traditional Compression Methods in Space

Applications.
Compression Compression Data Suitability for Example Applications
Method Ratio Integrity Space
Wavelet-Based (e.g., High (10:1 or Retainscritical Excellent for non- Satellite imagery, deep-
JPEG2000) greater) features stationary data space data transmission
Discrete Cosine  Moderate (5:1to  Moderate, Good for Traditional image
Transform (DCT) 10:1) potential loss  stationary data compression (e.g., JFEG)
Run-Length Low High (lossless) Limited, not Simple telemetry data
Encoding suitable for large compression

~ data
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Huffman Coding Low

The comparison highlights the advantages of
wavelet-based compression in achieving high
compression ratios  without  significantly
compromising the integrity of the data. Its ability to
adapt to the multi-scale nature of space signals
makes it the preferred method for applications
requiring both efficiency and accuracy in data
transmission.

3.3 Anomaly Detection in Telemetry Data

3.3.1 Significance of Detecting Anomalies in
Spacecraft Telemetry Data

Anomaly detection in spacecraft telemetry data is a
critical aspect of maintaining the health and safety
of space missions. Telemetry data encompasses a
wide range of information about the status and
performance of various spacecraft systems, such as
power levels, temperatures, pressure readings, and
equipment status. This data is continuously
monitored to ensure that the spacecraft operates
within safe and expected parameters. Detecting
anomalies—unusual or unexpected changes in these
parameters—allows mission controllers to identify
potential issues before they lead to system failures
or mission jeopardy.

For example, a sudden spike in temperature might
indicate a malfunctioning thermal control system,
while an unexpected drop in battery voltage could
signal an issue with the spacecraft’s power supply.
Identifying such anomalies early is essential because
it enables prompt corrective actions, potentially
averting mission-critical failures. In long-duration
missions, such as those involving Mars rovers or
deep-space probes, timely detection of anomalies is
crucial, as these spacecrafts operate far beyond
human reach, making real-time interventions
impossible.

Anomaly detection also plays a vital role in
optimizing mission performance. By identifying and
addressing inefficiencies or emerging problems in
spacecraft systems, mission operators can make
adjustments that extend the operational lifespan of
the spacecraft. This is especially important for
missions with tight resource constraints, such as
limited fuel or power. Additionally, anomaly
detection in scientific instruments can ensure the

High (lossless)
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Suitable for small
data streams

Error-correcting codes in
communication systems

accuracy and reliability of the data being collected,
preventing erroneous data from impacting scientific
research and discoveries.

3.3.2 Wavelet-Based Methods for
Sudden Changes and Irregularities

Identifying

Wavelet transform has proven to be an effective
method for detecting anomalies in telemetry data
due to its ability to analyze signals at multiple scales
and capture both gradual trends and abrupt changes.
Unlike traditional methods, which may miss short-
duration anomalies, wavelet-based techniques can
detect transient events or sudden shifts in the data
that may signify a malfunction.

The process of wavelet-based anomaly detection
involves several key steps:

a. Signal Decomposition:

The telemetry signal is decomposed into different
scales using wavelet transform. This process breaks
down the original time series data into wavelet
coefficients that represent both high-frequency
components (capturing sudden changes) and low-
frequency components (representing the overall
trend).

b. Thresholding and Outlier Detection:

After decomposition, wavelet coefficients are
analyzed to identify outliers or deviations from
expected patterns. A threshold can be applied to
highlight coefficients that indicate significant
changes in the signal. These thresholds are typically
set based on the statistical properties of the wavelet
coefficients, such as the mean and standard
deviation. Sudden spikes in high-frequency
coefficients often correspond to abrupt changes or
anomalies in the original signal.

C. Reconstruction and Localization:

Once anomalous coefficients are identified, the
inverse wavelet transform is used to reconstruct the
signal, focusing on the time points where the
anomalies occurred. This allows for precise
localization of the anomalies, making it easier to
pinpoint the exact moment when a system began
behaving unexpectedly.
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Mathematically, if x(t) represents the original
telemetry data, the wavelet decomposition yields
coefficients W (x(t)) across different scales.
Anomalies are detected when certain coefficients
exceed a threshold T:

|[W(x(t))| > T = Anomaly detected at time't,
(10)

This approach enables real-time monitoring of
telemetry data, allowing engineers to focus on
critical deviations while filtering out normal
variations. The use of multi-resolution analysis
(MRA) also allows for the identification of both
large-scale and small-scale anomalies, making
wavelet-based methods more sensitive than
traditional approaches like moving average filters or
Fourier analysis.

3.3.3 Case Study Examples

Wavelet-based anomaly detection methods have
been applied in various space missions to monitor
the health of spacecraft systems and identify
potential issues. Here are a few notable examples:

a. Detection of Temperature Fluctuations
on the International Space Station (ISS):

The ISS relies on a complex thermal control system
to maintain safe operating temperatures for its
onboard equipment. A sudden increase in
temperature in certain modules could indicate a
failure in the cooling system. Wavelet transform has
been used to monitor temperature data from the ISS,
allowing engineers to detect transient spikes that
could signal a coolant leak or malfunctioning heat
exchanger. By analyzing the wavelet coefficients of
temperature readings, engineers were able to isolate
and address these issues before they posed a serious
risk to equipment or crew.

b. Mars Rover Battery Voltage
Monitoring:
The power systems of Mars rovers, like

Perseverance and Curiosity, depend on solar panels
and rechargeable batteries. An unexpected drop in
battery voltage could indicate a problem with power
generation or storage. Using wavelet-based anomaly
detection, mission controllers have been able to
monitor the voltage levels in real-time and identify
deviations from normal patterns. When the rover
experiences sudden drops in voltage due to dust
storms blocking sunlight, wavelet methods help
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distinguish between temporary events and potential
long-term issues with the power system. This has
been crucial for maintaining the rover's functionality
during adverse environmental conditions on Mars.

C. Application
Anomaly Detection:

in  Spacecraft Thruster

Thrusters are critical components for maintaining a
spacecraft’s orientation and trajectory. Monitoring
the performance of thrusters involves analyzing
telemetry data on thrust levels, fuel consumption,
and pressure changes. During a mission involving a
geostationary satellite, wavelet-based methods were
employed to analyze pressure data from the
thrusters. Anomalies detected in the high-frequency
wavelet coefficients revealed short-lived pressure
spikes that indicated micro-leaks in the fuel line .
This early detection allowed the satellite operators
to adjust the fuel management strategy, preventing a
more severe issue.

d. Case Study: Fault Detection
Gyroscopes of the Hubble Space Telescope:

in

Gyroscopes are used in the Hubble Space Telescope
(HST) for precise orientation control. Anomalies in
gyroscope readings can affect the telescope's ability
to maintain its target lock on distant celestial objects.
Wavelet transform has been used to monitor the
rotational data from the gyroscopes, enabling the
detection of irregularities such as sudden shifts in
angular velocity that could indicate gyroscope wear
or failure . By identifying these anomalies early,
engineers were able to compensate for faulty
gyroscopes using software corrections, extending
the operational life of the telescope.

Table 5 provides an in-depth comparison between
wavelet-based anomaly detection and traditional
methods, focusing on key factors such as sensitivity,
time localization, and their practical applications in
monitoring spacecraft telemetry. It highlights how
wavelet-based methods outperform traditional
approaches in terms of detecting subtle anomalies
and providing precise time localization of
irregularities in non-stationary signals. Traditional
methods, while effective for general trend analysis,
lack the adaptability and resolution needed for real-
time anomaly detection in dynamic space
environments.  Wavelet-based techniques are
especially suited for early fault detection, making
them critical for maintaining spacecraft health and
preventing mission-critical failures.
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Table 5. Comparison of Wavelet-Based Anomaly Detection and Traditional Methods in Spacecraft Telemetry

Monitoring.

Method Sensitivity Time Suitability ~ for Example Applications

Localization Transients

Traditional Moderate  Low Limited Basic fault detection in
Thresholding telemetry streams

Moving Average Filters Low Delayed Poor Smoothing noisy data, general

trend detection
Wavelet-Based High High Excellent Gyroscope fault detection,

Anomaly Detection

temperature monitoring

The comparison shows that wavelet-based methods
excel in detecting both sudden and subtle anomalies,
providing precise time localization of events. This
capability makes them particularly valuable for
monitoring the dynamic and often unpredictable
conditions encountered in space missions.

4, Case Studies

4.1 Wavelet Transform in Satellite Communication
Systems

Satellite communication systems play a crucial role
in modern-day information exchange, providing
services like weather forecasting, global positioning,
and broadcasting. However, the signals transmitted
between satellites and ground stations often suffer
from noise due to atmospheric interference, solar
activity, and other sources of disturbance. The use
of wavelet transform has been shown to be effective
in enhancing signal clarity and reducing error rates,
thus improving the overall quality of satellite
communications.

4.1.1 Detailed Analysis of Using Wavelet
Transform to Improve Signal Clarity in Satellite
Communications

Wavelet transform can decompose noisy satellite
signals into different frequency bands, allowing
noise components to be isolated from the useful
signal. This decomposition is particularly useful
because satellite signals typically contain both low-
frequency components (carrying the core
information) and high-frequency components (often
containing noise).

a. Signal and  Noise

Removal:

Decomposition
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The wavelet transform is used to decompose a noisy
signal into approximation and detail coefficients.
Approximation  coefficients  represent  low-
frequency components, while detail coefficients
capture high-frequency components, including
noise. By applying a threshold to the detail
coefficients and then reconstructing the signal using
the inverse wavelet transform, noise can be
significantly reduced.

b. Denoising Example:

Figure 1 illustrates the denoising of a satellite signal
using the Daubechies wavelet (Db4). The noisy
input signal is decomposed, thresholded, and then
reconstructed, showing a clearer signal output.

c. Signal Reconstruction:

The reconstructed signal retains  important
information while minimizing high-frequency
noise, resulting in improved signal clarity. This
process is visualized in the figure below.

Figure 1. Denoising of Satellite Signal Using
Wavelet Transform (Db4)

i
_MV‘J

Orlglnal Slgnal

M\l‘ WMIN

\1 l|| il

}uﬂ‘

05

||I‘\I|VJM I |n‘ lﬂﬂ

il J|" ‘“‘\'\'l'n‘"\ )

03 04 05 0

Nmsy Slgnal

| ! M M“ \'p p,M% I Wlww i k }W \M \'1 lw w]

03 04 05 OE 0

Denmsed Signal using Db4
1F T r

DT“"‘ ‘\lh‘ l{“ |
A

i \il A
uvﬂ m‘ﬁ"‘lr\‘ ) U"M
|

\“ |V " ”l ./ "H\M [”‘ m{iﬁ' Jlll\ M

\|,U \“ ‘
|

L i L 1
0.2 0.3 04 0.5 D.E 07 DS 09 1



Letters in High Energy Physics
ISSN: 2632-2714

Volume 2024

4.1.2 Benefits in Reducing Error Rates and
Improving Data Quality

Wavelet-based denoising helps in reducing the bit
error rate (BER) in satellite communications by
removing noise that can cause errors during the
demodulation process. By improving the signal-to-
noise ratio (SNR), wavelet denoising enhances the
clarity of the received signal, making it easier for the
receiver to distinguish between different signal
states.

a. Error Rate Reduction:

Figure 2 compares the BER of a noisy satellite signal
before and after applying wavelet denoising. The
application of wavelet transform results in a lower
BER, indicating fewer errors in the transmitted data.

Figure 2. Comparison of Bit Error Rates (BER)
Before and After Wavelet Denoising

BER Comparison Before and After Wavelet Dencising
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b. Improved Data Quality:

The increase in SNR is particularly important in
deep-space communications, where the signal
strength is inherently weak. The use of wavelet
transform allows for more reliable data decoding at
the receiving end, improving the accuracy of
satellite telemetry data.

4.1.3 Comparison with Traditional
Methods

Filtering

Traditional filtering methods, such as low-pass
filters or moving average filters, have been used to
reduce noise in communication signals. However,
these methods often struggle with non-stationary
signals, as they lack the ability to adapt to changes
in signal frequency content over time.
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a. Fixed Frequency Response:

Traditional low-pass filters apply a fixed frequency
response to the entire signal, which may result in the
loss of important signal details that overlap with
noise frequencies. Wavelet transform, by contrast,
provides multi-resolution analysis, allowing it to
adaptively filter out noise at different scales without
sacrificing significant information from the original
signal.

b. Comparison of Denoising Techniques:

Figure 3 shows the comparison of a satellite signal
denoised using a low-pass filter and the same signal
denoised using wavelet transform. It is evident that
wavelet denoising preserves more details of the
signal while effectively reducing noise, as indicated
by a clearer reconstructed signal.

Figure 3. Comparison of Signal Denoising Using
Low-Pass Filter and Wavelet Transform

Comparison of Low-Pass Filter and Wavelet Denoising
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C. Performance Analysis:

The mean squared error (MSE) of the reconstructed
signal is calculated for both the traditional filter and
wavelet-based approach, with wavelet transform
showing a lower MSE, indicating a closer match to
the original signal. This analysis underscores the
superiority of wavelet methods in maintaining data
quality while reducing noise.

4.2 Application in Spacecraft Health Monitoring

Spacecraft health monitoring is a critical aspect of
mission management, involving the continuous
observation of various onboard systems to ensure
optimal performance and safety. Parameters such as
vibrations, temperature, and pressure are monitored
to detect early signs of anomalies or potential system
failures. Wavelet transform is particularly effective
in this context because it enables the analysis of
complex, non-stationary signals generated by the
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spacecraft's operating environment. By capturing
transient changes and localized irregularities in
these signals, wavelet-based methods allow for early

fault detection and predictive maintenance,
ultimately extending the operational life of
spacecraft.

4.2.1 Use of Wavelet Transform for Monitoring
Spacecraft Vibrations, Temperature, and Pressure

a. Monitoring Vibrations:

Spacecraft are subject to various sources of
vibration, including those from onboard mechanical
components like reaction wheels, thrusters, and
structural responses to external forces such as solar
radiation pressure. Excessive or irregular vibrations
can indicate issues like mechanical wear, imbalance,
or failure in rotating parts. Wavelet transform
decomposes vibration signals into different
frequency bands, allowing engineers to detect
changes in specific vibration frequencies over time.
This method helps identify the onset of mechanical
issues, enabling corrective actions before they
escalate into critical failures.

Figure 4 shows the decomposition of a vibration
signal from a reaction wheel using a wavelet
transform. The figure displays the original vibration
signal, its decomposition into various frequency
bands, and the detection of a high-frequency spike
indicative of an emerging imbalance.

Figure 4. Wavelet Decomposition of Vibration
Signal from a Reaction Wheel
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b. Temperature Monitoring:

Spacecraft temperature control is vital for the proper
functioning of electronics and structural integrity.
Sudden changes in temperature can be caused by
issues with  thermal control systems or
environmental factors like eclipse events or solar
flare exposure. Wavelet transform allows for the
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analysis of temperature data over time, enabling the
detection of abrupt changes or long-term drifts that
could indicate problems such as coolant leaks or
insulation degradation.

Figure 5 illustrates the detection of a temperature
anomaly using wavelet transform. The wavelet
coefficients highlight a sudden increase in
temperature, suggesting a malfunction in the thermal
control system.

Figure 5: Wavelet-Based Anomaly Detection in
Temperature Data

Temperature Data with Anomaly
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c. Pressure Monitoring:

Pressure levels in spacecraft systems, such as
propulsion tanks or life support systems, are crucial
for maintaining stable operations. Unexpected drops
or spikes in pressure can indicate leaks or blockages,
which may compromise mission safety. Wavelet
transform’s ability to analyze pressure data across
different time scales makes it ideal for detecting
such anomalies, providing a clear signal when
pressures deviate from expected ranges.

Figure 6 displays the use of wavelet transform to
analyze pressure data from a propulsion system.
Anomalies in the high-frequency components reveal
small pressure leaks that might otherwise go
undetected until they become critical.

Figure 6. Detection of Pressure Anomalies Using
Wavelet Transform
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4.2.2 Examples of Early Fault Detection and
Predictive Maintenance

Wavelet-based analysis facilitates early fault
detection and predictive maintenance by enabling
real-time monitoring of subtle changes in spacecraft
telemetry. By identifying deviations from normal
operational patterns, engineers can schedule
maintenance activities before a minor issue evolves
into a significant problem.

a. Predictive Maintenance for Rotating
Components:
For components like reaction wheels and

gyroscopes, which are essential for attitude control,
wavelet analysis can detect early signs of wear, such
as small shifts in vibration frequencies or increases
in amplitude. This allows mission control to plan
maintenance procedures, such as adjusting wheel
speed to balance wear or switching to backup units
if necessary.

b. Early Detection of Coolant Leaks:

In spacecrafts with active cooling systems, such as

those with liquid-cooled electronic modules, a
gradual reduction in cooling efficiency might
indicate a small leak. Wavelet transform can detect
temperature drift at specific time intervals,
providing an early warning. This was applied in the
International Space Station (ISS), where wavelet
analysis helped identify a slow coolant leak,
allowing the crew to repair the system before more
significant heat management issues arose.

C. Structural Integrity Monitoring:

During long-duration space missions, structural
integrity monitoring is vital to ensure the
spacecraft’s ability to withstand stress and micro-
meteoroid impacts. Wavelet-based analysis of
vibration data can detect changes in the spacecraft's
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structural  resonance  frequencies, indicating
potential damage or structural fatigue. By
identifying these changes early, engineers can assess
the need for reinforcement or protective measures,
such as deploying shields or adjusting flight paths to
avoid further stress.

4.2.3 Impact on Extending the Operational Life of
Spacecraft

The ability to detect anomalies early through
wavelet-based monitoring directly contributes to
extending the operational life of spacecraft. By
preventing critical failures, optimizing maintenance
schedules, and ensuring that subsystems operate
within safe parameters, wavelet analysis helps to
maximize the value of space missions.

a. Prolonged Equipment Life:

Through predictive maintenance, wavelet analysis
reduces the wear and tear on critical components,
such as gyroscopes and reaction wheels, thereby
extending their usable lifespan. This is especially
important for space telescopes like the Hubble Space

Telescope, where hardware replacements are
difficult or impossible.
b. Cost Savings:
By reducing the frequency of emergency

interventions and avoiding mission-critical failures,
wavelet-based health monitoring lowers overall
mission costs. This approach allows mission
planners to focus resources on scientific objectives
rather than emergency repairs, optimizing the
mission's return on investment.

c. Enhanced Data Quality and Mission
Safety:

Reliable monitoring of temperature, pressure, and
structural integrity ensures that the spacecraft can
continue to collect high-quality data without
interruption. This contributes to the success of
scientific experiments and observations, making
wavelet-based methods an essential part of mission
planning for exploratory missions, such as those to
Mars or beyond.

Table 6 highlights the differences between wavelet-
based monitoring and traditional techniques such as
Fourier analysis and moving average filters for
spacecraft health monitoring. Wavelet-based
methods offer higher sensitivity to transient events
and better time localization, making them ideal for
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detecting short-duration anomalies like sudden
temperature spikes or pressure drops. In contrast,
Fourier analysis is limited to stationary signals and
lacks the ability to detect localized events, while
moving average filters provide smoother results but

may miss rapid changes in the signal, making them
less suitable for early fault detection. Wavelet-based
techniques are more effective for non-stationary
data typical in spacecraft operations, allowing for
more precise monitoring and proactive maintenance.

Table6. Comparison of Wavelet-Based Monitoring with Traditional Methods in Spacecraft Health Monitoring.

Method Sensitivity  Detection Suitability for Non- Example Applications
Speed Stationary Data
Moving Average Low Slow Poor General trend analysis in
Filters temperature data
Fourier Analysis Moderate  Moderate Limited to stationary Analysis of periodic signals
data
Wavelet High Fast Excellent Vibration monitoring, temperature
Transform drift detection, pressure anomaly
detection
5. Discussion

5.1 Evaluation of the Effectiveness of Wavelet
Transform in Optimizing Astronautic Data

Wavelet transform has demonstrated significant
effectiveness in optimizing data processing for
various astronautic applications, including signal
denoising, data compression, and anomaly
detection. Its ability to provide time-frequency
localization enables it to extract meaningful
information from non-stationary signals, which are
common in the space environment. This
characteristic makes wavelet transform particularly
suitable for handling the complex dynamics of
signals encountered in space missions.

5.1.1 Signal Clarity:

Wavelet-based denoising techniques have shown a
marked improvement in the clarity of
communication signals from satellites and deep-
space probes. By isolating noise from the useful
signal content, wavelet transform helps to enhance
the signal-to-noise ratio (SNR). This improvement
is crucial in long-distance communication where
signals are often weak and susceptible to
interference. Figure 7 illustrates the difference in
SNR before and after applying wavelet-based
denoising to a noisy satellite signal.

Figure 7. Improvement in Signal-to-Noise Ratio
(SNR) Using Wavelet-Based Denoising
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Improﬁvementin Signal-to-Noise Ratio (SNR) Using Wavelet-Based Denoising

Before Denoising AfterDenoising

5.1.2 Data Compression:

Wavelet transform’s role in data compression has
been pivotal for reducing the size of telemetry data
and high-resolution satellite images. This
compression allows for efficient data transmission
back to Earth, preserving essential information
while reducing bandwidth usage. In environments
like deep-space communication, where data
transmission time is critical, wavelet compression
enables faster and more energy-efficient data
transfer, contributing to the overall mission
efficiency.

5.1.3  Anomaly Detection:

The ability of wavelet transform to detect transient
events and irregularities in telemetry data has proven
to be valuable for spacecraft health monitoring. By
analyzing signals at multiple scales, wavelet
methods can identify subtle anomalies that might
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signal system malfunctions before they become
critical. This capability ensures a proactive approach
to maintenance, reducing the risk of unexpected
failures.

5.2 Comparison of Wavelet-Based Approaches
with Other Signal Processing Techniques

While wavelet transform offers numerous
advantages, it is important to compare it with other
commonly used signal processing methods, such as
Fourier transform and traditional filtering
techniques, to highlight its unique contributions.

5.2.1 Fourier
Transform:

Transform vs. Wavelet

Time-Frequency Analysis: The Fourier transform
provides a global frequency representation but lacks
time localization, making it less effective for
analyzing non-stationary signals. In contrast,
wavelet transform provides a time-frequency
decomposition, making it more suitable for dynamic
signals encountered in space missions. Figure 8
compares the time-frequency representations of a
non-stationary signal using both Fourier and wavelet
transforms, demonstrating wavelet's superior ability
to capture transient events.

Figure 8. Time-Frequency Representation of Non-
Stationary Signal Using Fourier vs. Wavelet
Transform
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Time-Frequency Representation Using STFT (Fourier Transform)

]
S

Frequency (Hz)
]

o

Time (s)
Time-Frequency Representation Using CWT (Wavelet Transform)

Frequency (Hz)
z B8 8 &
S 8 8

=
S

Time (s)

5.2.2  Traditional
Denoising:

Filters vs. Wavelet-Based

Traditional filters, such as low-pass and high-pass
filters, often struggle with signals that contain both
high-frequency noise and important details in the
same frequency range. Wavelet transform’s multi-
resolution analysis allows it to separate noise from
signal details more effectively. As shown in Figure
9, wavelet-based denoising is superior to traditional
low-pass filtering in retaining signal details while
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effectively removing high-frequency noise. The
low-pass filter, while useful for reducing noise,
often  eliminates important  high-frequency
components of the signal along with the noise,
leading to a loss of critical information. In contrast,
the wavelet transform uses multi-resolution analysis
to separate noise from signal details more precisely.
This allows wavelet-based denoising to maintain
both low- and high-frequency components of the
original signal, preserving its structure and
improving clarity. This is particularly important in
applications where fine details of the signal are
essential, such as in satellite communications or
spacecraft monitoring.

Figure 9. Comparison of Traditional Low-Pass
Filtering and Wavelet-Based Denoising

Comparison of Low-Pass Filtering and Wavelet-Based Denoising
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5.2.3  Computational Efficiency:

One area where traditional methods like Fourier
transform still hold an advantage is computational
simplicity. Fourier transform is computationally
faster for certain types of stationary signal
processing. However, the ability of wavelet
transform to adapt to non-stationary data often
justifies the additional computational cost,
especially when the quality of analysis is critical, as
is the case in many space missions.

5.3 Potential Challenges in Implementing Wavelet
Transform in Real-Time Space Applications

Despite its advantages, there are several challenges
associated with implementing wavelet transform in
real-time space applications:

5.3.1 Computational Complexity:

Wavelet transform requires more computational
resources compared to simpler methods like Fourier
transform. Real-time processing of high-volume
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data, such as continuous telemetry streams from integration could enable more autonomous

multiple spacecraft systems, demands significant
onboard processing power. This can be a challenge
for missions with limited computing resources, such
as smaller satellites and deep-space probes.

5.3.2  Memory Constraints:

Performing wavelet transform, especially multi-
level decomposition, can consume considerable
memory, which is a limited resource on most
spacecraft. Balancing the memory requirements for
wavelet-based methods with other critical mission
functions is a challenge that must be addressed
during mission planning.

5.3.3  Algorithm Optimization:
Adapting wavelet algorithms for real-time
processing requires careful optimization to

minimize delays and ensure that data analysis keeps
pace with data acquisition. This involves selecting
the appropriate wavelet type, scale, and thresholding
methods to achieve a balance between
computational speed and analysis accuracy.

5.3.4  Calibration and Sensitivity:

Wavelet-based methods require calibration to set
appropriate thresholds for noise removal or anomaly
detection. If not properly calibrated, there is a risk of
either missing critical anomalies or over-filtering,
leading to a loss of important signal details. This
calibration can be complex due to the variability of
signals in space environments.

in
Data

5.4 Prospects of Wavelet Transform
Astronautics, Including Autonomous
Analysis Systems

Wavelet transform is poised to play an increasingly
important role in the future of space missions,
particularly as space agencies and private companies
pursue more autonomous and data-driven missions.
Here are some potential future applications and
advancements:

5.4.1 Integration with Artificial Intelligence
(Al) for Autonomous Anomaly Detection:

The combination of wavelet transform with Al and
machine learning algorithms can enhance anomaly
detection capabilities. For example, wavelet-
decomposed features can serve as input to machine
learning models that automatically identify and
classify anomalies in telemetry data. This
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spacecraft, capable of detecting and responding to
system issues without direct intervention from
Earth-based operators.

5.4.2 Real-Time Onboard Data Analysis:

As onboard computing power continues to increase
with advancements in space-grade processors, the
feasibility of implementing wavelet-based data
analysis directly on spacecraft will improve. This
will allow for real-time decision-making based on
denoised and analyzed data, reducing the need for
raw data transmission back to Earth and enabling
faster responses to dynamic space conditions.

5.4.3 Enhanced Data Compression for Long-
Duration Missions:

As space agencies plan for missions to Mars,
asteroids, and beyond, wavelet-based data
compression will be essential for managing the vast
amounts of scientific data collected over extended
periods. Future developments in adaptive wavelet
compression techniques could further optimize the
transmission of high-resolution data, such as 3D
terrain  models or complex atmospheric
measurements, from distant worlds.

5.4.4  Wavelet-Based Signal Processing for
Space-Based Communication Networks:

As the concept of a lunar gateway and other space-
based communication relays becomes a reality,
wavelet transform can contribute to improving the
robustness and efficiency of inter-satellite
communication networks. By minimizing noise and
enhancing signal quality, wavelet methods can help
ensure reliable data exchange in these complex,
multi-hop communication systems.

5.4.5 Advanced
Techniques:

Wavelet-Based  Imaging

Future telescopes and space observatories could
benefit from wavelet-based methods for enhancing
image resolution and extracting fine details from
cosmic phenomena. This would support the study of
distant exoplanets, galaxies, and potentially even the
detection of biosignatures on other worlds.

Figure 10 illustrates the wide-ranging prospects of
wavelet transform in space missions, demonstrating
its critical role in various applications. For signal
denoising, wavelet transform effectively reduces
noise  in  spacecraft  signals,  improving
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communication clarity and data quality. In data
compression, wavelet-based techniques enable
efficient storage and transmission of large datasets,
such as high-resolution satellite images and long-
duration telemetry logs. Its ability to detect
anomalies by capturing transient changes makes it
indispensable for identifying faults or irregularities
in spacecraft systems. Wavelet transform also
supports autonomous systems, enabling real-time
data analysis onboard spacecraft, allowing them to
make decisions without relying on ground control.
Additionally, in the face of bandwidth constraints
during space missions, wavelet-based methods
optimize data transmission by preserving essential
information while minimizing unnecessary data.
These capabilities make wavelet transform a
powerful tool for advancing space exploration and
mission efficiency.

Figure 10. Prospects of Wavelet Transform in
Space Missions
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6. Conclusion

This research demonstrates the effectiveness of
wavelet transform in optimizing signal processing
for space  missions, offering significant
improvements in signal clarity, data compression,
and anomaly detection. Wavelet transform's ability
to analyze non-stationary signals makes it ideal for
the dynamic nature of space data, leading to
enhanced communication reliability and proactive
spacecraft monitoring.

The implications for future missions are substantial,
as wavelet-based methods can support more
autonomous operations, optimize resource usage,
and maintain high data integrity. These capabilities
are especially relevant for deep-space missions,
where real-time data processing and efficient
transmission are critical.
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Further research should focus on optimizing wavelet
algorithms for onboard processing, integrating
wavelet analysis with machine learning for
improved anomaly detection, and conducting field
tests on upcoming space missions. By advancing
these areas, wavelet transform can continue to play
a key role in the evolving field of astronautics,
ensuring more efficient and successful space
exploration.
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