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Abstract

Lossless compression of telemetry data in satellites is essential due to the stringent limita-
tions of bandwidth and onboard storage. Traditional methods based on information theory
and entropy coding, such as Huffman and Arithmetic coding, exploit statistical redundancy
but still present opportunities for improvement when applied to data with low redundancy,
large alphabets, and near-uniform symbol distributions. This study proposes On+, a novel
lossless compression algorithm for satellite telemetry data. Using real telemetry data cap-
tured by the Aldebaran-1 CubeSat satellite, a dataset consisting of 600 binary files was
created. The performance of the proposed algorithm was evaluated in comparison with
classical methods (Huffman and Arithmetic coding) and several commercial compressors
(.rar, .zip, .7z, .xz, and .gz). The On+ algorithm achieved an average compression rate of
29.19%, with a standard deviation of 1.26 and a median of 29.09%, outperforming the tradi-
tional Huffman coding and Arithmetic coding methods in terms of compression efficiency.
Furthermore, it exhibited superior performance compared with all commercial solutions
evaluated, many of which resulted in file expansion (negative compression rates). These
results demonstrate the effectiveness and viability of the On+ algorithm for optimizing
telemetry data compression in satellites.

Keywords: compression algorithm; lossless compression; entropy coding; cubesat satellites;
telemetry data

1. Introduction
The process of reducing the size of data transmitted from a device, such as a satellite,

to a ground station is known as telemetry stream compression. For data storage or transmis-
sion, compressing telemetry streams is crucial, especially in situations where energy [1,2]
and bandwidth are limited [3]. Through compression, reduced data volume leads to lower
transmission costs, as both transmission time and bandwidth usage are often expensive [4].

According to [5], monitoring the health of a satellite is fundamental to ensuring its
proper operation. This process involves the continuous collection of data on its status
and performance, encompassing parameters such as battery charge levels, solar panel
efficiency, the temperature of critical components, as well as the performance of propulsion
and communication systems, including their efficiency and integrity [6]. Additionally,
navigation and attitude control data, such as the satellite’s position and orientation, are also
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monitored. In this context, the transmission of telemetry data by satellites, as discussed
by [7–10], plays a crucial role, as it enables maintenance, efficient operation, and the success
of space missions [6,11,12].

Telemetry data is essential for the daily operation of a satellite, as they support mission
operations [5] by enabling the monitoring and control of the satellite, as well as orbit
adjustments, orientation changes, and payload management [7,8]. Consequently, telemetry
monitoring is crucial to ensure that the satellite operates within safe parameters [4,13],
preventing potential failures such as overheating or even loss of control [14].

In various scenarios, lossless compression may not provide substantial benefits, as
evidenced by certain existing methods. In some cases, the process may even lead to
an increase in file size due to the incorporation of control information or the additional
overhead associated with the compression process [15]. This overhead can arise from
multiple factors, including the execution of auxiliary processing steps, the inclusion of
control data, and, in some instances, the need to satisfy temporary storage requirements.
Consequently, the time and computational resources required to perform these operations
are considered integral components of the overall compression overhead [16]. Control
information typically includes headers, metadata, and other auxiliary data necessary to
accurately reconstruct the original data structure.

This study aims to create a lossless compression algorithm specifically designed for
satellite telemetry data, with the purpose of achieving higher compression rates compared
with those offered by currently available methods. To achieve this goal, the work proposes
a structured approach following three key stages. Firstly, it seeks to conduct a thorough
study and detailed analysis of lossless compression algorithms, exploring their character-
istics, limitations, and optimization potential. Subsequently, the analysis focuses on the
development of a specific algorithm designed for the lossless compression of telemetry data
from the Aldebaran-1 satellite, with particular attention to the unique characteristics and
technical requirements inherent to this type of data. Finally, the study plans to perform a se-
ries of tests and validations to compare the proposed algorithm’s performance with existing
methods in the literature, assessing its effectiveness and superiority in real-world scenarios.

2. Theoretical Framework and Analysis of Related Work
Several studies have investigated lossless data compression methods for satellite

telemetry data. These studies focus on techniques that optimize the compression process,
including self-learning [11], prediction based on neural networks and entropy coding [12],
algorithms based on decision trees [14] and the use of artificial intelligence resources [3].

The work presented in [11] conducted a study on satellite telemetry data classification
based on machine learning. Four basic classes of telemetry data were suggested and studied
using time series features and information entropy analysis.

As well, [12] presented a prediction based on recurrent neural networks to improve
satellite telemetry compression. The proposed method consists of a decorrelation step and
an entropy coding step.

In [14], a satellite fault detection and diagnosis based on data compression and an
improved decision tree is proposed. The method based on data compression and the
improved decision tree algorithm improved the accuracy and efficiency of satellite fault
diagnosis and detection.

Also in 2022, a preliminary study was carried out with the aim of verifying the
effectiveness of one of the most representative AI-based lossless telemetry compression
algorithms on three different NASA datasets [3].

In the context of data compression, the most widely used algorithms are Huffman
Coding [17–19] and Arithmetic Coding [20–22].
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The Huffman technique, developed by David Huffman, assigns prefix codes to the
data to be encoded based on two premises: (I) symbols that occur more frequently should
have shorter codes, while less frequent symbols should have longer codes; and (II) the
two least frequent symbols must have codes of equal length. In the decoding process,
the generated dictionary of symbols and codes is used to recover the original sequence,
since in its prefix code [19,23], each symbol has a unique code, ensuring no ambiguity
during decoding.

Arithmetic coding is a technique in which the encoding and decoding processes are
carried out through continuous mathematical operations over numerical intervals, resulting
in a representation of the entire data sequence as a single real number within an interval.
In certain situations, arithmetic coding can outperform the Huffman technique, especially
when the alphabet is small and the probability distributions are skewed [17,22].

Both Huffman and arithmetic coding require reading the entire dataset in advance to
calculate the probabilities associated with each symbol [24]. When the dataset is small, this
requirement is not a major concern. However, as the data stream increases, two critical
aspects must be considered: (I) the additional time needed to read the data and compute the
probabilities, and (II) the assumption that the calculated probabilities will remain constant
throughout the encoding process.

Still in this context, Huffman coding and Arithmetic coding are methods based on
entropy [22,25,26] and exploit statistical redundancy in the data to achieve high compres-
sion rates. However, the average number of bits per message symbol cannot be less than
the entropy:

H(X) = −
n

∑
i=1

pi log2(pi), (1)

where the data distribution pi is known in advance.
Furthermore, entropy-based coding is independent of the specific characteristics of the

medium [27], since this method starts by initially counting the frequency of each symbol
according to its occurrence in the file [28]. This way, it is independent of the type of
information being compressed. For symbols declared in the original file, these new symbols
are fixed and do not depend on the file contents. The length of these new symbols is
variable and varies with the frequency of inclusion of symbols from the original file [29].
Thus, entropy encoders exploit the estimated statistical properties of their message to get
closer to the theoretical compression limit [26].

In this scenario, compression algorithms can be evaluated by various criteria, including
speed, computational complexity, memory usage, compression ratio, and others [30,31].

Equation (2) provides a measure of the ratio between the original file and the com-
pressed file. In other words, the higher the Compression Factor (CF), the better the encoding
algorithm. The second quality measure presented in Equation (3) indicates the amount of
data processed per unit of time. The Transfer Rate (TR) shows the algorithm’s efficiency in
terms of bandwidth occupancy (throughputs) on communication channels.

CF =
Original file in bits

Compressed file in bits
(2)

TR =
File size in bits

Total Processing Time (sec)
(3)

Equation (4) presents the Compression Rate (CR):

CR = (1− Compressed file in bits
Original file in bits

) ∗ 100 (4)
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Compression Rate indicates the percentage of space reduced after compression. Thus,
the higher the CR value, the more efficient the lossless compression algorithm is at reducing
the data volume.

3. Proposed Compression Algorithm
In this section, we present the methodology used for the development and experimen-

tation of the lossless compression algorithm aimed at satellite data, with a specific focus
on housekeeping data, i.e., data related to the monitoring and control of onboard systems
essential for ensuring the safe and efficient operation of the spacecraft. The objective of the
algorithm is to reduce the volume of hexadecimal data without compromising its integrity.
Furthermore, we detail the formal notation and entropy model of the proposal, present
an illustrative example for better understanding, describe the compression and decom-
pression steps, and provide a preliminary analysis of the computational complexity of the
method. Finally, we discuss the metrics used and the benchmark employed to evaluate the
effectiveness of the lossless compression algorithms.

3.1. On+ Proposed Algorithm

Figure 1 presents the encoding and decoding flow of the technique proposed in this
work, named On+.

Figure 1. Proposed encoding and decoding pipeline. (A) Encoding process. (B) Decoding process.

The encoding process (A) of the On+ algorithm starts with the input sequence X, which
is sequentially subjected to three main steps: conversion to a binary sequence, geometric
transformation, and arithmetic coding, resulting in the compacted bitstream Xencoded with
reduced size.

The decoding process (B), in turn, performs the inverse operations. Starting from
the encoded bitstream Xencoded, arithmetic decoding is executed, followed by the inverse
geometric transformation and, finally, the reconstruction of the original binary sequence,
recovering the decoded sequence Xdecoded.

The proposed algorithm leverages the statistical redundancy intrinsic to the data to
enable lossless compression. However, when the data exhibits low statistical redundancy
after reading, associated with a large alphabet and uniformly distributed probabilities
among symbols, the On+ algorithm performs preprocessing aiming to transform the
probability distribution in order to explore its asymmetry and skewness. This scenario,
characterized by lower entropy and greater variability in symbol frequencies, creates a
favorable environment for the application of entropy-based coding methods, such as the
one proposed.
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3.1.1. Notation

We present a formal notation for the description of the On+ algorithm. Let the
vectors be:

• X = {x1, x2, x3, . . . , xn}, a binary vector of size n, where xi ∈ 0, 1, and xn = 1.
• Y = {y1, y2, y3, . . . , ym}, a conversion vector of size m, where yj ∈ N>0.

Let i be the index of the elements in vector X, with i = 1, . . . , n, and let j be the index
of the elements in vector Y, with j = 1, . . . , m. We define k, initially set to 1, as the number
of consecutive zeros between xi = 0 and xi+k = 1.

The following encoding rule defines the conversion from X to Y:

yj =


1, i f xi = 1

k + 1, i f xi = 0 and xi+k = 1

(5)

To illustrate the transformation proposed in this section, Figure 2 presents an example
of applying the geometric transformation to a hypothetical sequence. We consider the
binary vector X = [0, 0, 0, 1, 1, 0, 0, 1, 0, 1, 1], with the goal of transforming it into vector Y.
To do this, we sequentially traverse each element of vector X.

Figure 2. Example of applying geometric transformation to a hypothetical sequence.

The result of the transformation of the binary vector X = [0, 0, 0, 1, 1, 0, 0, 1, 0, 1, 1] is the
vector Y = [4, 1, 3, 2, 1]. Each symbol Y ∈ Σ has an associated probability P(Y), estimated
based on the frequency of occurrence of the symbols in vector Y. This vector is then directly
submitted to the Adaptive Arithmetic coding method [17,28]. Therefore, after processing
all symbols, we obtain a single number n, which represents the entire sequence.

For the decoding process of the conversion rule from Y to X, we have, by definition, the
concatenation rule A

⊕
B = [a1, a2, . . . , an]

⊕
[b1, b2, . . . , bm] = [a1, a2, . . . , an, b1, b2, . . . , bm],

where
⊕

is the concatenation operator and
⊗

is the repetition operator.
Considering the concatenation rule as described in the conversion rule for decoding:

X =


X

⊕
[1], i f yj = 1

X
⊕
(([0]

⊗
(yj − 1))

⊕
[1]) , i f yj > 1

(6)

where, for each element yj in vector Y, a bit 1 is included in vector X when yj = 1.
Otherwise, (yj − 1) zeros are concatenated, followed by a bit 1.
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3.1.2. Entropy Model Estimation

We present a formal model for the description of the On+ algorithm. The steps are
as follows:

(i) Given a Bernoulli sequence X = {x1, x2, x3, . . . , xNX}, a binary vector of length NX

where xNX = 1, with each xi ∈ {0, 1} and p(xi = 1) = p, the entropy HX of this
sequence is given by:

HX = −[(1− p) log2(1− p) + p log2 p] (7)

The average length LX of sequence X, in bits, is given by:

LX = NX · HX (8)

(ii) Transformation of sequence X into Y: Sequence X is transformed into a sequence
Y = {y1, y2, y3, . . . , yNY}, a vector of size NY, where NY < NX and yi ∼ Geom(p)
follows a geometric distribution with the same parameter p as sequence X. The
entropy HY is given by the equation:

HY = −
[
(1− p) log2 (1− p) + p log2 p

p

]
=

HX
p

(9)

The average length LY of sequence Y, in bits, is given by:

LY = NY · HY = NY ·
HX
p

(10)

From the comparative analysis between sequences X and Y, it is first concluded
that the entropy of Y is always greater than or equal to that of X (HY ≥ HX), given that
p ∈ [0, 1]. Secondly, it is verified that the distribution of X differs from the distribution
of Y, which takes the form of a geometric distribution (Geo(p)). This distortion of the
original distribution of X occurs due to the fact that the symbols of Y are formed from
variable-length partitions of the binary sequence of X.

The relationship between the size, in bits, of the transformed sequence Y and the
original sequence X is given by:

R =
LY
LX

=
NY HY
NX HX

=

NY HX
p

NX HX
=

NY
NX
· 1

p
(11)

Due to the fact that each symbol of the sequence Y is formed by a partition of X that
contains only a single 1 bit, the ratio NY

NX
= p and the relation R reduces to

R = p · 1
p
= 1 (12)

It is observed that the process does not change the file size in bits. It is verified that
there is no effective compression during the transformation, even though the entropy of Y
is greater than that of X (HY > HX), but the number of symbols in Y is smaller (NY < NX),
maintaining the ratio R = 1. However, the asymmetric distribution assumed by Y favors
the performance of entropy coders, such as the arithmetic coding algorithm, which can
exploit this characteristic to achieve more efficient compression.
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3.1.3. Encoding

Algorithm 1 presents the encoding process in detail. In this step, the original data is
analyzed and represented in a more compact way. The On+ algorithm plays a crucial role
in replacing repetitive patterns with shorter symbols, thereby reducing redundancy in data
and eliminating unnecessary information or representing it more efficiently.

Algorithm 1: Encoding

Input: X (binary vector)
Output: encoded (decimal vector)
begin

X ← [X 1]
Xgeometric ← [ ] (empty vector)
count0← 0
for i← 1 to size(X) do

if X(i) = 0 then
count0← count0 + 1

else
if count0 > 0 then

append (count0 + 1) to the end of Xgeometric vector

else
append 1 to the end of Xgeometric vector

count0← 0

encoded←− AdaptativeAritmethicEncoding(Xgeometric)

To ensure that the stopping criterion of the encoding process is always satisfied, the
algorithm initially adds a bit equal to 1 at the end of the input binary sequence, as shown in
the initialization line of the vector X ← [X 1]. This additional bit acts as an end-of-sequence
marker, ensuring that the last sequence of zeros is correctly processed and encoded. During
the decoding stage, this bit is removed at the end of the process to exactly restore the
original binary sequence.

3.1.4. Decoding

The lossless decoding process of the file generated by the encoding method is presented
in detail in Algorithm 2. Decoding consists of reconstructing the original data from the
compressed sequence by reversing the operations performed during the encoding stage. In
this phase, the On+ algorithm restores the original binary vector from the encoded file by
applying the inverse operations of those executed in Algorithm 1.

Initially, the algorithm performs adaptive arithmetic decoding to recover the vector
Xgeometric. Next, each element of this vector is used to reconstruct the original binary
sequence by adding (Xgeometric(i)− 1) zeros followed by a bit equal to 1. At the end of the
process, the last bit of the reconstructed sequence is removed. This bit corresponds exactly
to the additional bit inserted during the encoding stage in Algorithm 1, which was used
to ensure the stopping criterion of the encoding process. Therefore, its removal does not
cause any information loss but simply restores the original binary sequence correctly.
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Algorithm 2: Decoding

Input: encoded (decimal vector)
Output: decoded (binary vector)
begin

Xgeometric ←− AdaptativeAritmethicDecoding(encoded)
for i← 1 to size(Xgeometric) do

append (Xgeometric(i)− 1) zeros to the end of decoded
append 1 to the end of decoded

Remove the last bit of decoded

3.2. Performance and Efficiency Evaluation of the On+ Algorithm

The evaluation of the performance and efficiency of the On+ algorithm will be con-
ducted through a structured analysis encompassing computational complexity, the def-
inition of specific metrics, and the execution of comparative benchmarks. Initially, the
complexity analysis will be performed to determine the algorithm’s computational resource
consumption as a function of input size, following the approach proposed by [32]. This
analysis will consider two main dimensions: time complexity, expressed using the asymp-
totic notation O(n), which quantifies the worst-case execution time, and space complexity,
which assesses the additional memory usage required to process the input data [33]. This
step will be crucial for understanding the efficiency of On+ and predicting its behavior
across different scenarios, including worst-case, best-case, and average conditions, enabling
comparison with alternative algorithms, the selection of appropriate improvements, and
ensuring adequate performance at scale.

To quantify the performance of On+, the compression ratio (CR) was adopted as one of
the main metrics, calculated according to Equation (4). This ratio expresses the percentage
reduction in file size: positive values indicate successful compression, while negative values
denote expansion (increase in size) relative to the original file. This metric was chosen
due to its relevance in the context of telemetry data, where computational efficiency and
resource savings are priorities.

Finally, to validate the efficiency of On+ compared with established methods, a bench-
mark will be conducted using widely recognized compression techniques in the litera-
ture, such as Huffman coding and Arithmetic coding. The On+ algorithm, presented in
Section 3.1, will undergo tests that evaluate both the compression ratio and execution time,
enabling a robust comparative analysis.

4. Results
In this section, we evaluate the performance of the On+ algorithm in comparison with

other lossless compression methods. Initially, we present the satellite telemetry datasets
used in the experiments and describe the experimental platform, highlighting its main
characteristics and advantages. Next, we conduct benchmark tests using a predefined set
of parameters, comparing the proposed method with classical compression techniques,
such as Huffman and Arithmetic Coding, as well as widely used commercial compressors,
including .rar, .zip, .7z, .xz, and .gz.

We also perform an analysis of the entropy of the files in the repository, as well as the
entropy associated with the success probability (p). Finally, we analyze the time and space
complexity of the On+ encoding and decoding algorithms, together with the Arithmetic
and Huffman compression methods, including a comparative table that summarizes the
main results obtained.
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4.1. Repository and Experimental Platform

For the experiments, real telemetry data from the Aldebaran-1 satellite, a 1U CubeSat,
were used. This CubeSat was developed by the Laboratory of Electronics and Space
Embedded Systems (LABESEE/UFMA) in partnership with SpaceLab/UFSC, with the
main objective of assisting in the rescue of fishermen in emergency situations along the
Brazilian coast, by receiving alert signals transmitted by vessels facing adverse ocean
conditions [34].

The repository contains 600 binary files (.bin) captured from the real environment
of the Aldebaran-1 satellite. These files have sizes ranging from 0.164 kB (minimum) to
0.166 kB (maximum). After data extraction, the files were subjected to lossless compres-
sion techniques, including the traditional Huffman and Arithmetic methods, as well as
commercial compressors in .rar, .zip, .7z, .xz, and .gz formats.

Figure 3 presents the engineering model of the Aldebaran-1 satellite and the output
of its telemetry transceiver processor. The satellite transceivers are based on LoRa (Long
Range) radios [35], used for signal downlink and uplink operations.

To prevent transmission distortions, LoRa modulation includes native error detec-
tion/correction at the physical layer. It uses Forward Error Correction (FEC) to enhance
signal resilience against interference, which is crucial for Long Range communications with
low Earth orbit satellites. LoRa adds redundant bits to each packet, enabling bit error detec-
tion and correction without retransmission; this is configurable for noisy environments. To
counter burst interference, LoRa employs interleaving to spread errors across codewords,
improving the effectiveness of its Hamming code correction. Additionally, LoRa uses a
cyclic redundancy code to ensure data integrity in the message payload.

Figure 3. Telemetry transmission is performed using the UART interface.

The Aldebaran-1 project was designed to operate as a data receiver from collection
platforms, ensuring efficient integration of the acquired information. The engineering
model used in the experiments was developed to collect and transmit telemetry data
through its UART interface. The transmitted data is captured by a UART-to-USB Serial
converter and displayed on a personal computer for analysis. The received data is then
processed by acquisition software and subsequently used in compression tests.

4.2. Benchmark Experimental

To evaluate the performance of the On+ algorithm, a benchmark was conducted using
telemetry data from the Aldebaran-1 satellite, comparing it with the Huffman method
and arithmetic coding. The objective was to analyze the compression efficiency using
the following metrics: average compression rate (%), and sample standard deviation (%).
Additionally, the maximum and minimum compression rates (%) were obtained.

Table 1 presents the results of the lossless compression evaluation for the classical
Huffman and Arithmetic methods, as well as the commercial compressors .rar, .zip, .7z, .xz,
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and .gz. It is observed that the .rar, .zip, and .7z methods resulted in file size expansion
(negative rates). The On+ algorithm achieved an average compression rate of 29.19%, with
a standard deviation of 1.26 and a median of 29.09%.

Table 1. Statistical summary of compression performance (%).

Statistic On+ Huffman Arithmetic RAR ZIP 7Z XZ GZ

Mean 29.19 18.23 8.11 −6.28 −64.32 −69.72 20.77 26.30
Standard Deviation 1.26 3.83 0.32 1.90 2.40 2.98 1.76 1.76
Median 29.09 17.45 7.93 −6.10 −64.63 −70.73 20.00 25.60

Figure 4 is a boxplot comparing the compression rate of the evaluated traditional
lossless methods. It is observed that the minimum value of the On+ method exceeds
the non-outlier maximum of the Huffman and Arithmetic methods, i.e., even the worst
case of On+ is superior to the best typical case of the competitors. Additionally, On+
presents a shorter box (smaller interquartile range) and a higher mean (and median),
indicating greater consistency and better average compression performance. On the other
hand, Huffman exhibits upper outliers that reach exceptionally high compression rates,
occasionally surpassing On+. These events, however, are rare and constitute exceptions to
the general rule, not compromising the superiority of On+ in typical scenarios.

Figure 4. Performance graph of the Huffman, Arithmetic, and On+ algorithm methods, using data
from the Aldebaran-1 satellite.
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Figure 5 presents a boxplot with the compression rate results of the On+, .xz, and
.gz methods, which were the only ones to show effective compression. Although the .xz
and .gz methods achieved superior results in some specific files, these results were not
statistically representative.

Figure 5. Performance graph of the On+ method and commercial compressors that did not expand.

4.3. Analysis of Entropy and File Compression

We analyzed the results obtained by the On+ algorithm, exploring its relationships
with various factors, such as the maximum and minimum compression rates, the average
compression rate, and the entropy calculation. Additionally, we present the behavior of the
On+ algorithm for different values of p (probability of occurrence of bit 1).

Table 2 presents the compression rates that quantify the effectiveness of the algorithms
in reducing data size, using 10 randomly selected files as an example. The results reveal
significant variations between extreme cases, with values ranging from a minimum of
27.44% to a maximum of 41.46% (including outliers).

Figure 6 presents the results of the On+ algorithm’s behavior for different values of p
(the probability of occurrence of bit 1). Binary entropy quantifies the degree of uncertainty
in the binary vector X, while the probability p directly influences the efficiency of the
On+ algorithm.
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Table 2. Comparison of size, compression ratio, and entropy of original and compressed files using
the On+ algorithm, based on 10 randomly selected files.

Description Original Size (kB) On+ (kB) On+ Cr. (%) Original Entropy Entropy On+

File 1 0.164 0.096 41.46 0.875 1.000

File 2 0.164 0.098 40.24 0.876 1.000

File 3 0.164 0.098 40.24 0.875 0.999

File 4 0.164 0.098 40.24 0.876 0.999

File 5 0.164 0.098 40.24 0.877 1.000

File 6 0.165 0.114 30.91 0.887 0.998

File 7 0.164 0.118 28.05 0.891 1.000

File 8 0.164 0.119 27.44 0.900 1.000

File 9 0.164 0.119 27.44 0.894 0.997

File 10 0.164 0.119 27.44 0.892 0.999
Legend: kB, kBytes; On+ Cr., On+ Compression ratio.

It is observed that, in the limiting condition where LY
LX

= 1, compression is ineffective
or nonexistent, meaning that the average length of the compressed sequence (LY) is not
shorter than the average length of the original sequence (LX).

Figure 6. Relationship between entropy, the ratio Ly/LX , and the success probability (p).

4.4. Time and Space Complexity Analysis

We evaluate the time and space complexities of the proposed encoding and decoding
algorithms, comparing them with traditional Adaptive Arithmetic and Huffman com-
pression methods, highlighting their efficiencies and limitations. This analysis allows for
a detailed understanding of the required computational resources, contributing to the
assessment of the algorithm’s efficiency in practical satellite telemetry applications.
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Table 3 presents a comparative summary of the complexity analysis of the lossless
compression algorithms investigated for satellite telemetry data.

Table 3. Comparative Summary of Complexity Analysis for On+, Arithmetic, and Huffman
Compression Algorithms.

Algorithm Encoding Time Encoding Space Decoding Time Decoding Space

On+ encoding n n - -

On+ decoding - - n n

Arithmetic n n n n

Huffman n logn n n n

Legend: For simplicity, we are using n instead of O(n) to represent time and space complexity.

The analysis of the time complexity of the encoding process, presented in Algorithm 1,
considered variable initialization, conditional instructions, the main iteration loop, and the
adaptive arithmetic coding step. Initially, the algorithm traverses the input binary vector X
only once to count consecutive zero sequences and build the vector Xgeometric. Since each
element of the vector is processed exactly once and the operations performed within the
loop have constant cost, the preprocessing step has linear complexity.

After constructing the vector Xgeometric, the symbols are encoded by the AdaptiveArith-
metic function, which also processes the data sequentially. Thus, the total time complexity
of the encoding algorithm grows linearly with respect to the size of the input vector n,
resulting in an asymptotic complexity of O(n).

The analysis of the space complexity of Algorithm 1 was performed considering local
variables, the auxiliary vector Xgeometric, and the output vector encoded. The largest memory
consumption is associated with storing these vectors, whose sizes are proportional to the
input size. Since no additional data structures with superlinear growth are used, the total
space complexity of the encoding algorithm is O(n).

The analysis of the time complexity of the decoding process, described in Algorithm 2,
considered variable initialization, reading the encoded vector, executing the AdaptiveArith-
metic(encoded) function, and the main loop responsible for reconstructing the original binary
sequence. Initially, the arithmetic decoding function generates the vector Xgeometric, which
contains the lengths of the encoded sequences. Then, the algorithm traverses each element
of this vector to reconstruct the binary vector decoded.

During each iteration of the main loop, the algorithm adds (Xgeometric(i)− 1) zeros
to the decoded vector and subsequently appends a bit equal to 1. Although the number of
zeros inserted varies with each iteration, the total number of bits added to the reconstructed
vector is proportional to the final size of the original binary sequence. After the process
ends, the last bit is removed to correctly restore the original data.

Thus, both the AdaptiveArithmetic function and the bit insertion operations into the
decoded vector perform operations proportional to the total number of processed elements.
Consequently, the total time complexity of the decoding algorithm is also linear, given by
O(n), where n represents the size of the processed sequence.

The analysis of the space complexity of Algorithm 2 considered local variables, the
intermediate vector Xgeometric generated by the AdaptiveArithmetic(encoded) function, and
the decoded vector, responsible for reconstructing the original binary sequence. Memory
consumption is dominated by the storage of these vectors, while operations such as reading
the encoded vector, calculating the sequence size, and removing the last bit do not require
significant additional memory.
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During the reconstruction process, the decoded vector is dynamically expanded through
the insertion of zeros and bits equal to 1, according to the values stored in Xgeometric. Since
the final size of the reconstructed vector grows proportionally to the size of the processed
input, the total memory consumption also exhibits linear growth. Therefore, the total space
complexity of the decoding algorithm is O(n).

Arithmetic compression [21] has a linear time complexity for encoding relative to the
input size, with a complexity of O(n), meaning that the algorithm processes the input
in proportion to its size. The encoding space complexity is also O(n), indicating that the
amount of memory required is proportional to the input size and the compressed code.
Regarding decoding, the time required is also linear, or O(n), reflecting that the decoding is
performed in a time proportional to the size of the compressed input. Similarly, the decod-
ing space complexity is O(n), implying that the memory required to store the compressed
input and the decoded vector is proportional to the size of the compressed input.

Huffman compression [18] has a time complexity of O(n log n) for encoding due to the
need to construct a Huffman tree, which involves a logarithmic cost in building the code.
This process is more complex compared with algorithms with linear time complexity. In
terms of encoding space, the Huffman method has a complexity of O(n), corresponding to
the storage of the code table and the compressed input. For decoding, the time complexity
is linear, or O(n), since the Huffman tree is used to efficiently decompress the data. Finally,
the decoding space complexity is also O(n), required to store the Huffman tree and the
decoded input.

5. Discussion
The choice of a compression algorithm for satellite telemetry data is essential due to

the stringent requirements for processing and storage efficiency, especially in environments
with limited resources and the need for high-speed data communication. Our objective was
to discuss the implications of choosing among the On+ coding algorithm, arithmetic coding,
and Huffman coding, taking into account the specific context of satellite telemetry data.

Table 2 shows that the entropy of the compressed files approaches 1.000, a value close
to the ideal theoretical limit, where each symbol carries approximately 1 bit of information.
This result confirms the efficiency of the On+ algorithm, which eliminates redundancies
and produces a uniform distribution of bits, demonstrating successful and near-ideal
compression.

Figures 4 and 5 show that the On+ algorithm achieved a median rate of 29.09%,
surpassing the Huffman method (17.45%), Arithmetic coding (7.93%), and the commercial
compressors .xz and .gz. The On+ method presented a maximum compression rate of
31.10% (excluding outliers) and a minimum rate of 27.44%. Even this minimum rate is
higher than the typical maximum rate observed for Huffman methods of 25.48% (excluding
outliers) and arithmetic coding of 9.15%, confirming the ability of On+ to exploit patterns
in highly structured data. The performance gain of the On+ algorithm over arithmetic
and Huffman algorithms can be attributed to the transformation of the input probability
distribution into a geometric distribution. The latter exhibits an asymmetry that can be
effectively exploited by entropy encoders.

Regarding Figure 6, it can be observed that the entropy varies as a function of p.
High values of p produce a geometric distribution with a short tail, while low values of p
produce a distribution with a long tail. In both cases, the resulting geometric distribution
exhibits asymmetry, a characteristic that is advantageous for entropy coders. When p
approaches 0.5, the geometric distribution tends toward a uniform distribution, which is
disadvantageous for entropy coders such as Huffman and arithmetic coding.
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Table 2 shows that the tendency of the entropy of the compressed files to approach
(1.000) suggests that the algorithm is operating efficiently to maximize compression. How-
ever, the success of the compression depends directly on the structure of the original data,
since highly random patterns reduce the effectiveness of the encoding.

Table 3 shows that the On+ algorithm offers an efficient solution, with linear com-
plexity O(n) for both encoding and decoding. This algorithm is particularly advantageous
in telemetry scenarios, where simplicity and speed are crucial. In space environments,
characterized by limited bandwidth and processing resources, the temporal and spatial
efficiency of On+ represents a significant advantage. The linear complexity ensures that
the compression and decompression processes do not overload the satellite’s resources,
consolidating On+ as a practical and effective solution.

6. Conclusions
Satellites collect a wide range of data, such as temperature, pressure, battery level,

and position. Due to limited onboard resources, optimizing communication efficiently is
essential. In this study, we demonstrate the feasibility of applying geometric transformation
compression to satellite telemetry data, highlighting its compression rate performance
compared with traditional (Huffman and Arithmetic) and commercial (rar, zip, 7z, xz, and
gzip) methods.

The comparative analysis revealed that, although each algorithm has its own advan-
tages, the On+ algorithm stood out in terms of compression efficiency under the telemetry
conditions of the Aldebaran-1 satellite, based on LoRa modulation, providing a significant
reduction in data packet size.

The On+ method achieved compression in all 600 files extracted from the Aldebaran-1
satellite, with a maximum compression rate of 31.10% (excluding outliers), a minimum
rate of 27.44%, and a median of 29.09%. The results show that the On+ method is superior
to the Huffman and Arithmetic methods both in terms of average compression rate and
consistency. It was observed that, in the worst cases, On+ achieves a compression rate
higher than the best cases of the alternative methods analyzed, except for outliers. The On+
method exhibited a low standard deviation compared with the others, with the exception
of the Arithmetic method, revealing the good consistency of the proposed method.

As perspectives for future work, we plan to deploy the On+ algorithm onboard the
Aldebaran-1 satellite in future missions, as a compression step preceding the transmission
of telemetry data. We intend to improve the On+ method by investigating the feasibility
of prediction techniques and context modeling, with an emphasis on exploiting similarity
between consecutive packets [4]. We also plan to conduct experiments with larger data
packets and from different satellites to verify their impact on compression performance.
This evaluation will strengthen our experimental analysis and increase the robustness and
generalizability of the results.

The results of this study indicate that the On+ algorithm is a promising solution for
lossless compression of telemetry data, with applications in satellites, spacecraft, and data
collection devices in the Internet of Things (IoT).
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Abbreviations
The following abbreviations are used in this manuscript:

CF Compression Factor: ratio between the size of the original file and the compressed file

CR Compression Rate

Downlink Data download from the satellite to the ground station

IoT Internet of Things

kB kBytes

LoRa Long Range

NASA National Aeronautics and Space Administration

On+ Lossless Compression Algorithm

O(n) Complexity Notation: linear time

TR Transfer Rate: amount of data processed per unit of time

UART Universal Asynchronous Receiver/Transmitter

Uplink Data upload from the ground station to the satellite
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