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Is the science of getting computers to learn and act like 
humans do, and improve their learning over time in 
autonomous fashion, by feeding them data and 
information in the form of observations and real-world 
interactions.
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❑ Is the practice of using algorithms to parse data, 
learn from it, and then make a determination or 
prediction about something

❑ The acquired knowledge allows computers to 
correctly generalize to new settings (Yoshua Bengio, 
Montreal)
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The fundamental Goal is to generalize beyond the 
training samples
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❑ Telemetry and command subsystem provides the 
interface between the satellite and ground station.

❑ Telemetry parameters describe the status, 
configuration and health of the satellite payload and 
subsystems. 

❑ Information needed for the operation of the satellite.
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❑ Analyze telemetry from space missions by applying 
a set of machine learning techniques, specifically 
designed for the processing and analysis of time 
series. 

❑ The identification, analysis, and experimentation of 
different models and algorithms will allow their 
application in future projects of the National Space 
Activities Commission of Argentina (CONAE).
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❑ Research done when working on real applications 
generate progress in the field.

❑ First steps in Machine Learning for telemetry 
applications by CONAE
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❑ Training Set is a dataset of examples used for learning, that is to
generate the model and fit the parameters (e.g., weights, bias, etc).

❑ Validation Set the fitted model is used to predict the responses for the
observations in a second dataset called the validation set. It provides an
unbiased evaluation of a model fit on the training dataset while tuning
the model's hyperparameters (e.g., number of hidden layers,
regularization, etc).

❑ Test Set is a set of examples used only to assess the performance of a
algorithm. Independent from de Training Set, but same probability
distribution
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The model exhibits bias towards the training data and 
does no generalize to new data, and/or variance.
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Algorithms with more features work in higher/multiple 
dimensions, making understanding the data more 
difficult.

14



Not having access to large enough data set has in some 
cases also been a primary problem.
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Classification of Solid State Power 
Amplifier (SSPA)

Confusion matrix of Fine tree for SSPA
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Algorithm Accuracy Prediction
Time 
[Kobs/seg]

Training Time 
[seg]

Fine Tree 99,8% 913,33 1,47

Logistic
Regression

90,6% 535,33 2,51

Linear SVM 90,7% 185,67 73,67

Quadratic SVM 97,2% 512,00 26,69

Fine KNN 96,6 259,20 1,14

Supervised Algorithms Metrics for SAC-D Aquarius 
Telemetry
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Raw data
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Total distance Sum

Square Sum
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Figure X Supervised Algorithms Metrics

K Best Sum of
Distances

Sum of
Squares

Time [Seg] Iteration
average

2 3088,9 781,36 1,198 7,9

3 1809,55 288,19 1,383 9,4

4 1528,36 194,62 1,468 23,2

5 1323 144,31 1,693 28,5

6 1174 111,93 1,662 41,9

7 1077,92 93,39 1,675 39,7

8 1004,18 80,62 1,657 40,1

9 943,71 72,86 1,725 39,7

10 892,88 64,92 1,756 39,3

23



Media

St
an

d
ar

d
 D

ev
ia

ti
o

n

24



10000 Observations 3000 Observations
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Spread = 1 Spread = 10
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Data 
Quantity

Accuracy Time [Seg] Spread

3000

99,23% 13,43 1

99,43% 13,46 5

99,30% 14,3 10

6000

99,10% 62,89 1

99,12% 61,12 5

99,10% 80,71 10

10000

97,34% 375,07 1

96,65% 407,46 5

96,57% 513,17 10
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❑ When the thresholds are well defined, the best algorithm is Decision 
Tree, since the best accuracy is obtained in the shortest training 
time.

❑ For multivariate data with anomalies of different types, the 
algorithm capable of modeling these signals is the quadratic SVM.

❑ In the case of unsupervised algorithms the choice of K depends 
largely on the signal to be measured.

❑ K-means were used for the 2-dimensional case. 

❑ It is important to have real data from other missions or other 
components of the mission analyzed.
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❑ Mathematical models and algorithms designed to analyze time 
series were identified.

❑ Knowledge was obtained for the management of machine learning 
applicable to satellite components to contribute to the CONAE 
missions.

❑ This information works as a starting point for future CONAE space 
projects.

❑ Tables were formulated to compare the different algorithms, as 
each mission has an individual development will depend on the 
project management the choice of the model to use

❑ Univariate and multivariate data were evaluated
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❑ Generate dataset in the test phase.

❑ Analyze the implementation in CONAE Rocket Projects.

❑ In this work only the application of algorithms was 
carried out. We proposed to optimize them taking into 
account energy consumption and hardware limitations.

❑ Development and implementation in an embedded 
system.
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Thank you!
¡Gracias!
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