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	● Test Specification and Planning
	● Test Execution
	● Test Results Analysis

1  Introduction

In the European Space Agency (ESA), product testing for 
missions or facilities designed for multi-mission validation 
can be simplified into three phases:
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Abstract
Manual testing of the mechanical parts of a satellite, such as reaction wheels, is often cost-inefficient, with multiple 
approaches for automating this process having been investigated. AI-driven testing tools can be employed towards this 
direction, reducing time and effort, although human intervention must be still kept in the loop, to ensure test robustness 
and coverage completability. This paper employs machine learning models, with the aim to automate the test generation 
process for a reaction wheel, in the context of a passive rundown test scenario. Towards this direction, a relevant simulator 
is utilized, specifying different models for different wheel types. A Support Vector Machine with RBF Kernel is trained 
guided by an efficient Active Learning technique, in order to generate adequate passive rundown test cases for three 
reaction wheel profiles (a heavy, a medium and a light wheel). The model is supported by an automated test evaluation 
script that 1 Final revised PDF analyses simulation speed outputs, labeling each test case as “adequate” or “not adequate”. 
The proposed approach is evaluated against a big dataset of labeled test cases for all wheel types. The experimental 
evaluation illustrated a high precision (1.0, 0.85 and 0.70 for the three reaction wheel profiles respectively) achieved 
by the SVM-RBF approach, in contrast to other competing methods (generative or classification). Lastly, as a practical 
experiment, four generated test cases are ran in a lab reaction wheel, estimating its friction parameters, in order to assess 
its health status. Calculating the observed friction values based on the time to stop parameter, the reaction wheel is finally 
characterized as healthy.
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Recent advancements in technology have made it possible 
to automate certain parts of the product testing lifecycle, 
particularly the Test Specification [3, 11, 18, 22] and Test 
Results Analysis [24] phases. Automated testing is presum-
ably more efficient than manual testing, especially for the 
Test Execution phase which usually involves many repeti-
tive manual tasks that can be greatly reduced or even elimi-
nated through automation. Automation tools for testing 
have also become more advanced and can now automate 
even highly advanced tests through real-user simulation 
technology. This has led to an increase in efficiency in terms 
of time, resources, and costs across various domains.

Reaction wheels (RWs) are an essential part of a satellite, 
used to control its movement and attitude, without the use 
of thrusters that reduce the mass fraction needed for fuel. 
They are commonly used actuators to rotate a satellite in 
space. The RW is basically an electric motor rotating a disc 
of certain mass in a clock or counterclockwise direction, 
creating torque that is transferred to the satellite. However, 
various faults and irregularities may appear in a RW, such 
as a breaking of ball bearings or a cable, which can cause 
unpredictable high friction and temperature and as a result 
problems in its movement. Extensive real-time testing of 
a RW can be time-consuming and may not be efficient, as 
firstly tests that are adequate for a specific RW profile must 
be identified (in terms of commanded torque and result-
ing velocity), and then various scenarios and combinations 
must be tested, to ensure that no irregularity appears during 
spinning to both directions.

A usual test scenario examines the reaction wheel 
behaviour for a passive run-down test like the following: 
The wheel is commanded to accelerate until a certain 
speed, and is then left to decelerate only based on the 
produced friction until it stops. Then, it 2 is similarly 
accelerated in the opposite direction and again passively 
decelerated. The parameters of interest in this test scenario 
are the time to stop, as well as the various values of friction 
(Viscous or ‘Coulomb’ friction) observed, based on the 
speed curve. Automating the aforementioned process is 
essential for reducing time and resource consumption, 
while also ensuring comprehensive coverage of corner 
cases. Nevertheless, the procedure may yield an enormous 
number of potential passive run-down test cases for a 
reaction wheel with specific characteristics, most of which 
are unsuitable — either because the wheel reaches its 
maximum operational speed or the run-down sequence 
fails to reach completion. Thus, an efficient automating 
approach needs to be capable to generate/select adequate 
test cases in an intelligent way.

The problem that we are focusing on in the context of this 
paper, relates to the use of machine learning (ML) models 
for efficiently automating the generation of adequate and 

meaningful cases of the passive run-down test for different 
RW types, and also to the Automated Test Evaluation (as 
depicted in Fig. 1), in order to characterize the health of a 
RW. The contributions of this paper are summarized in the 
following points:

	● Two machine learning approaches, a Generative model 
and various Supervised Classification techniques, for 
Automated Test Generation in a specific reaction wheel 
test scenario are investigated and evaluated in terms of 
efficiency.

	● Both approaches are also validated in terms of precision, 
utilizing an online simulation environment for three dif-
ferent reaction wheel types.

	● A final real-world experiment is provided, including test 
cases generation and the evaluation of a real reaction 
wheel’s health status.

The rest of this document is organised as follows: Sect. 2 
presents various related research works on automated test-
ing using artificial intelligence techniques. Section 3 pres-
ents the State-of-the-Art test process for a reaction wheel 
and basic notions, while Sect. 4 formulates the automated 
test generation problem that we focus on, and specifies the 
challenges that must be addressed. Section 5 discusses the 
potential research solutions, as well as the Active Learning 
method that we decided to follow. Lastly, Sect. 6 presents 
the experiments performed and the results of the method 
employed, and Sect. 7 concludes the current work and dis-
cusses potential future work.

2  Related work

There are many risks associated with space missions, 
including the harsh conditions of the space environment, 
budget limitations, human factors and technical risks. It was 
discovered that many failures occur during the first year of 
the operation of a satellite, some of them originate from the 
attitude control system, in which the reaction wheel (RW) 
is a major component [25]. Next, we review data driven 
machine learning models that have been used in detecting 
and mitigation errors.

RWs are a critical component of the attitude 
determination and control of a satellite. Various methods 
have been developed for fault detection, isolation and 
identification (FDII). Fault detection aims to recognize the 
existence of a fault as soon 3 as possible. In fault isolation 
we aim to detect the subcomponent that caused the fault. 
Fault identification aims to detect the cause of the fault 
[15], [16]. The reaction wheel faults aboard a satellite 
can originate from mechanical, electrical, or temperature 
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causes. Various techniques have been developed for FDII 
that include machine learning, optimization and signal 
processing. For instance, in [2] the authors proposed 
a method based on neural networks to forecast fault 
probabilities. A crucial parameter is the estimated attitude 
error for estimating the FDII. In [23] multiple machine 
learning methods have been used for fault isolation, in 
particular Decision Trees, Random forests, k-nearest 
neighbors and Neural Networks. The particular problem 
studied is errors originating from actuator faults. The faults 
are modeled as variations of the motor torque, under 16 
fault scenarios. A slightly different approach is followed 
in [6], with the aim of real-time adaptability and fault 
tolerance in spacecraft attitude control during RW failures. 
A reinforcement learning method is employed, that is well 
suited for a dynamic environment with sparse rewards. This 
resulted in lower attitude errors, better angular velocity 
control, and better stability in some fault scenarios. In 
another piece of work the aim was to predict two types 

of failure. Friction problems, originating from mechanical 
problems; and encoder errors originating from (electrical 
or software errors) [26]. The failure detection methods 
relied on supervised, and unsupervised machine learning. 
Also, recurrent neural networks and in particular LSTMs 
were applied. The remaining useful life of a reaction wheel 
has been approached as time series prediction task, with 
LSTM neural networks as predictors [14]. The authors 
created synthetic data for training their model.

Generally speaking, the issue of interpretability and the 
lack of a big amount of training data is an important con-
cern in machine learning based fault diagnosis in mechani-
cal systems. Thus in [8] the authors proposed a wavelet 
based contrastive neural network to address both of the 
aforementioned issues. The device they focused on was the 
so called planetary gearbox, which consists of peripheral 
gears (planets), rotating around a central gear (the sun) and 
aimed at transferring torque. The method based on wave-
lets can capture low frequency features and high frequency 

Fig. 1  State-of-the-art testing process
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Deep Learning methods have also been used to detect 
anomalies in reaction wheels. In particular, a 1D-convolu-
tion network has been used for extracting useful features 
from signals received by reaction wheels. This stage is 
followed by an LSTM network for the actual detection of 
anomalies [1].

Generative methods, such as the Wasserstein Generative 
Adversarial Networks (WGANs) have been used to 
enhance a small data set for a machine learning setting. 
Subsequently, an LSTM recurrent neural network can be 
trained in order to perform diagnostic tests on reaction 
wheels [12].

This work focuses on technical risks, and in particular 
on the “health” of the reaction wheel RW, before being 
deployed. The particular scenario we address in this paper, 
is the testing of a RW just after the manufacturing phase. 
In particular, we wish to test the conformity of the reaction 
wheel to the specifications of a passive rundown test. Natu-
rally, we focus on functional tests.

Active Learning is a form of semi-supervised learning, 
widely used in computer vision, medical data analysis and 
various other real-world applications. Basically, it aims to 
reduce the amount of labeled data needed to train a classifier 
[7]. This can be proven useful in cases of test generation, 
where the cost of executing all possible tests is high, and 
an optimal subset of tests must be selected. This scenario 
approaches the test generation problem not as a generative 
task, but rather as a semi-supervised classification, where 
all possible test cases can be labeled, based on a small initial 
training set.

Works in [4] and [5] present an active learning methodol-
ogy for training a probabilistic RBF network that is based 
on the expectation–maximization algorithm, using labeled 
and unlabeled samples concurrently. A similar approach is 
also employed in this work, where an active learning tech-
nique is used to train a Support Vector Machine 5 classi-
fier, using a radial basis function kernel, in order to identify 
adequate test cases from the full 3-dimensional space of all 
possible samples.

The approach that we followed had the following 
characteristics: First, the data set involved the amount of 
torque applied and the torque duration. Thus, there were 
no time-series data. Consequently the signal processing 
methods we reviewed, like the ones based on wavelets for 
feature extraction, or even methods like recurrent neural 
networks were not applicable. The problem of labeled 
data scarcity that has been also repeatedly reported in the 
literature, is addressed via a lightweight active learning 
approach. The proposed active learning approach is easy 
to maintain, it is fast to train, and efficiently performs 
inferencing.

features. Then this information is used to enhance a limited 
data set, and is subsequently fed into a Convolution Neural 
Network. This is followed by a contrastive layer to enhance 
the distinction between samples referring to the normal and 
to the faulty behaviour. In another approach about discover-
ing faults in rotating machines, the authors also noted that 
there are very few training samples, especially about fail-
ures. Second, a fault discovery system should not function 
only under fixed conditions, but it should adapt across tasks. 
Thus, they proposed a meta-learning approach, coupled 
with the Theil index to handle the differences among tasks. 
Finally, a gradient calibration strategy aims to make learn-
ing more stable [20].

Labeled data scarcity and adaption to different types of 
faults to perform diagnosis in rotating machinery has also 
been addressed in [27]. The argument of the authors is that 
while existing methods of knowledge transfer from the 
source domain to the target domain like the unsupervised 
domain adaptation (UDA) do exist, they fail to adapt to 
changes in the target domain. The authors proposed a frame-
work entitled Dynamic Collaborative Adversial Domain 
Adaptation Network (DCADAN). First, a multi-objective 
dynamic collaborative generator endows the system with 
dynamic 4 characteristics for adjusting its own architecture, 
enhancing the capture capability of key domain adapta-
tion features. Second, a dynamic collaborative adversarial 
network adapts its training strategy as learning progresses. 
By refining the decision boundaries between fault classes 
in a way that is tailored to the diagnostic task, it steadily 
improves its ability to transfer knowledge from the source 
domain to the target domain. Third, a multi-source domain 
dynamic collaborative loss is developed to match the force of 
multiple source domains, forming an efficient collaborative 
diagnostic pattern with dynamic adjustment across multi-
source domains. Two case studies indicate that DCADAN 
outperforms UDA.

In the space industry, and in particular in the test 
design of RWs, covering every conceivable failure by 
designing “failure scenarios” is difficult or too expensive, 
as it relies heavily on human involvement. Thus data driven 
approaches that predict failures, have to adapt to using only 
“healthy” RW data. In that vein, a one class classifier has 
being applied to the problem of the detection of friction 
anomalies [17]. Reaction wheel’s bearing anomalies have 
also been handled as a one sided machine learning problem 
[13]. A bearing is a component of a mechanical system 
that reduces friction between moving parts. The authors 
employed regression to learn the healthy behaviour. Then, 
this was tested on some artificially introduced failures. 
Lastly, an empirical rule was employed for detecting 
divergence from the normal behaviour.
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4  Problem specification

Reaction wheels are commanded by an onboard computer 
to spin in a certain direction, by providing a certain amount 
of rotation force for a defined duration. To run a passive 
run-down test, a wheel stabilization period is first expected 
before commanding the wheel, to ensure the wheel is 
motionless. Then the wheel is accelerated clockwise (CW) 
by commanding an amount of torque T for a specific dura-
tion tT. Then the wheel is left to spin-down on its friction to 
standstill by commanding zero torque in the onboard com-
puter. The time t1 that it takes for the wheel to go from the 
maximum nominal speed down to zero speed is measured. 
Then the same procedure is executed but the RW is acceler-
ated (in opposite direction) counterclockwise (CCW) to a 
speed above the nominal speed. After that the wheel is again 
left to spin-down on its friction to standstill by commanding 
zero torque. The time t2 from the minimum negative nomi-
nal speed (in CCW) to zero is measured. The input torque 
command time series for a passive run-down test is depicted 
in Fig. 2a, while the expected speed profile of this test sce-
nario can be seen in Fig. 2b.

The automation of the aforementioned process requires 
an intelligent system that learns to generate test cases that 
are adequate for each RW type, based on the wheel char-
acteristics defined in the manufacturer’s specification 
document. For example, a heavy reaction wheel with high 
inertia, should be provided with more torque amount T for 
longer durations, in order to reach a decent speed value. As 
a first step towards addressing this challenge with machine 
learning, an initial set of existing test cases (defining spe-
cific torque values T, for specific durations tT and specific 
intervals ti) that are labeled as “adequate” or “not adequate” 
for a specific RW type must exist. These test cases include 
both the input commands (torque amounts and periods 
applied) and the output speed profiles of the RW, in order 
to label each test based on the speed curve. Furthermore, 
since the passive rundown test scenario always must have 

3  State-of-the-art testing process

To understand the problem at hand, the standard test 
procedure for a reaction wheel hardware (Product Under 
Test) testing [9] must be first introduced (Fig. 1).

Product software model (PSM)  The Product Software 
Model is a physical model simulating the dynamics of a 
reaction wheel with mass and inertia. A transfer function 
relates the commanded torque set-point with the actual 
delivered torque. Friction is one of the losses in this 
function. The friction is modeled with a linear 6 curve. 
A standard way to model friction is to use a Viscous 
friction component (speed dependent), a Coulomb friction 
component (constant, flips on speed sign) and Static 
Friction or Stiction (below threshold speed). The PSM 
can be accelerated/decelerated to a certain rotation speed, 
simulating a real RW of a certain type.

Automated test generation (ATG)  The Test Process 
begins with the Automated Test Generation component 
that connects with the Product Software Model (PSM) 
and Product Under Test (PUT) environments (originally 
through dedicated interfaces) and initiates test scenarios for 
a reaction wheel type. The ATG component is composed 
of a machine learning model that learns to generate 
appropriate test cases and a wrapper software that focuses 
on communication with other modules and APIs. The 
ATG sends each test case for a specific test scenario to the 
PSM and PUT in the context of input torque commands 
for certain timeframes. After the execution of a test case, 
the ATG expects some output results through a feedback 
loop originating from the Automated Test Evaluation 
component. Those results will be used to re-train and align 
the machine learning model, in order to generate more 
adequate test cases in the future.

Automated test evaluation (ATE)  The Automated Test 
Evaluation component is comprised of a software that 
receives test outputs at the end of a test execution, either 
from the PSM or from the PUT, in terms of RW physical 
measurements, such as time series of torque applied or 
speed. These time series of measurements are analysed by 
the ATE script with the aim to:

	● assess if the executed test case was sensible and 
adequate, evaluating the ATG model’s performance at 
this point, and

	● estimate structural RW parameters and assess its 
behavior, to characterize its health status.

(a) input torque commanded in the
onboard computer

(b) output reac on wheel speed
observed

Fig. 2  Input torque commands and output speed profile examples for 
a passive rundown test
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Test Evaluation process. The output of a passive run-down 
test is a time series of RW speed, which is usually simi-
lar to the curve of Fig. 4d. This output time series must be 
analysed to estimate physical variables of the RW, such as 
the dynamic and static friction observed during deceleration 
using known constant parameters like the RW inertia. By 
comparing the estimated friction values to the ones defined 
in the RW specifications, one can characterize the health 
of the wheel, based on how much they differ. Performing 
passive run-down tests multiple times (with possibly differ-
ent parameters) can increase the accuracy of the aforemen-
tioned characterization, as some corner cases could provide 
irregularities that do not appear in most tests.

5  Methodology

5.1  Using a generative model for test generation

5.1.1  Overview

The first approach that we examined towards the automated 
generation of adequate tests involved generative models. 
Generative models learn based on an existing set of data 
examples and can generate artificial data that resemble the 

the standard input/output profiles of Figs. 2a and 2b, a test 
case could be represented by only 3 input variables: (a) the 
amount of torque T applied, (b) the duration tT of positive/
negative torque, and (c) the time interval ti to passively 
decelerate the RW. Given a set of existing labeled test cases 
for a RW, an appropriate machine learning model used for 
Automated Test Generation must be trained in order to learn 
generating new valid (compliant to certain constraints) 
test cases for the RW. The purpose of this training is two-
fold: Firstly, to avoid creating inadequate test cases that do 
not adhere to certain constrains (as for example the gtc1 
depicted in Fig. 3), and second, to increase testing coverage 
(i.e. reveal potential faults of the wheel).

The constrains that are taken into account for test validity 
are simple rules that should be followed during a meaning-
ful passive run-down test:

	● the wheel must speed up to a certain value (more than 
70% of the maximum speed

	● the wheel must not reach maximum speed
	● the wheel must stop before accelerating to the opposite 

(CCW) direction

The next step of the training process is then to characterize 
a RW from adequate test results, based on an Automated 

Fig. 3  Fully Automated Test Generation training cycle example using 
a PSM: Based on an initial training set of adequate test cases the ATG 
model produces 3 generated test cases (gtc1, gtc2, gtc3), which are 
executed in the PSM. Based on its outputs, each generated test case is 

assigned a label that is forwarded to the ATG via a feedback loop to 
adapt the generation process. In this example, the gtc1 is labeled as not 
adequate due to the low maximum speed reached

 

1 3

1093  Page 6 of 19



An analytical comparison of machine learning- based techniques for test case generation across diverse…

min
G

max
D

Loss = Ex [log (D (x))] + Ez [log (1 − D (G (z)))]� (1)

where G is a differentiable function represented by a mul-
tilayer perceptron, D(x) is a second multilayer perceptron 
function, representing the probability that x came from the 
real data rather than generator. In the context of a min–max 
game, the Discriminator neural network is trained to maxi-
mize the probability of assigning the correct label to both 
real training examples and samples from Generator, and the 
Generator to minimize log(1 − D(G(z))), by producing real-
istic artificial test cases that look adequate. Therefore, the 
Discriminator is ascending its stochastic gradient to opti-
mize its loss function: 

Discriminator Loss :=

∇θd

1
m

m∑
i=1

[
logD

(
x(i)

)
+ log

(
1 − D

(
G

(
z(i)

)))]� (2)

while the Generator is descending its stochastic gradient to 
optimize its loss function:

GeneratorLoss := ∇θg

1
m

m∑
i=1

log
(

1 − D
(

G
(

z(i)
)))

� (3)

where m represents the number of a mini-batch of artificial/
real samples.

original ones. Generative Adversarial Networks (GANs) 
[10] is the most prominent approach that is based on deep 
learning and focuses on generative modeling. A GAN con-
sists of two neural networks, namely the Generator and the 
Discriminator, which are trained simultaneously in a com-
petitive fashion, trying to generate and distinguish new data 
samples from existing real samples, respectively. GANs are 
widely used as a Stateof-the-Art approach for generating 
images that look superficially authentic to human observers 
but are also extended to other domains such as biomedical, 
audio or testing data generation [11, 19, 21].

5.1.2  Tabular generative adversarial network

In the current problem settings, generating new test cases 
is equivalent to generating new meaningful values for three 
input parameters (input torque T, torque duration tT and time 
interval ti). Given that the training data are of a tabular form, 
the most appropriate GAN variation employed is a tabular 
Generative Adversarial Network (tGAN)[28]. Figure 5 
illustrates how a tGAN can learn to generate adequate test 
cases for a reaction wheel.

Given random input (noise variable z) and initial ade-
quate test cases x, the generator tries to minimize while, in 
parallel, the discriminator tries to maximize the standard 
tGAN loss function [10]:

(a) An inadequate test case: the RW
reached a low peak speed.

(c) An inadequate test case: the RW
did not stop before spinning CCW.

(b) An inadequate test case: the RW
reached the maximum speed.

(d) An adequate test case, with a high
peak speed and a sufficient interval.

Fig. 4  Example speed outputs of 
passive rundown test cases
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decision of splitting nodes (test cases) in a DT is based on 
the Information Gain of each potential split, which computes 
the difference between the entropy before splitting and the 
average entropy after the split of the training data, based on 
given attribute values:

Igain = E (n) − E (s, n)� (4)

where E is the Entropy function, and s a candidate split at 
node n.

Random forest  Random Forest (RF) uses ensemble 
learning, employing using multiple DTs, using the same 
hyperparameters, such as the minimum number of samples 
in every leaf, for each Decision Tree.

Multi-layer perceptron  Multilayer Perceptron (MLP) 
classifiers are feedforward neural networks, consisting of 
multiple layers of interconnected nodes (neurons) with non-
linear activation functions that are able to learn complex, 
non-linear relationships in data.

AdaBoost  Adaptive Boosting (AdaB) refers to a particular 
method of training a boosted classifier. It iteratively employs 
weak learner classifiers that produce an output hypothesis 
(label) h for each training vector xi of dimension d, where 
xi ∈ IRd, i = 1,..., n. At each iteration t, a weak learner is 
selected and assigned a coefficient at, with the aim to 
minimize the total training error Et:

Et =
n∑

i=1
E [Ft−1 (xi) + ath (xi)]� (5)

The backpropagation function uses the losses of Eqs. 
(2) and (3), for the learning process of the two competing 
networks, as seen in Fig. 5.

5.2  Generating tests using supervised classification

5.2.1  Overview

Another view of the problem at hand is to approach it as a 
classification problem, i.e. given all possible parameter value 
combinations, decide which cases constitute anadequate test. 
In specific, such an approach consists of a model learning to 
label as “adequate” or “not adequate” all possible test cases (all 
value combinations of input Torque T, torqueDuration tT and 
timeInterval ti parameters in the 3D space), by querying some of 
the test cases evaluation results to a RW simulator. A simplified 
illustration of the adequate test cases (labeled 1) among all cases 
(labeled 0) in 3D space for a specific reaction wheel type can be 
seen in Fig. 6, visualizing the classification problem.

5.2.2  Competing classification algorithms

In order to decide the optimal Classification Model, the 
problem is initially minimized to the 2D space (torque/
duration). Given the rules for labeling a test case presented 
in Sect. 4, it is evident that the classifier will look for space 
areas of high torques applied for short durations, or low 
torques for long durations. Scaling both parameters to the 
same maximum value, the expected decision boundaries of 
a classifier in the 2D space can be seen in Fig. 7.

Decision tree  As an initial choice for binary classification 
of test cases, a Decision Tree (DT) model is employed. The 

Fig. 5  Implementation of a tGAN for generating artificial passive rundown test cases
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subject to the constraints: yi(wTϕ(xi) + b) ≥ 1 − ζi and ζi ≥ 0 for 
i = 1,..., n. In this problem, C is a regularization parameter 
that controls the trade-off between margin maximization 
and the penalty for misclassifications, and ζi are slack 
variables that represent the distance from the correct margin 
boundary.

5.2.3  Support vector machine classifier with radial basis 
function kernel

To identify decision boundaries around oval-shaped areas 
such as the ones of Fig. 7, a Support Vector Machine (SVM) 
classifier using a Radial Basis Function (RBF) Kernel seems 
to be the best option, allowing the SVM to model non-linear 

where Ft−1(xi) is the boosted classifier of the previous train-
ing iteration. In the current problem settings, a DT base esti-
mator has been chosen as the weak learner.

Support Vector Machine  In SVM classification, given a 
set training vectors (3-parameter test cases in our settings) 
xi ∈ IR3, i = 1,..., n, in two classes, and a vector y = {1, − 1}n, 
the goal is to find w ∈ IR3 and b ∈ IR such that the prediction 
given by sign(wT ϕ(x) + b) is correct for most samples. SVM 
solves the following problem:

min
w,b,ζ

1
2

wT w + C

n∑
i=1

ζi� (6)

Fig. 6  The full 3D parameter space with adequate cases highlighted
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when manual labeling is expensive. In this approach, 
the machine learning algorithm iteratively queries an 
oracle (an expert or a system) for sample data labels, 
while attempting to predict the label for all data (data 
classification). After the initial alignment phase, the 
algorithm picks up the most marginal “corner” cases 
between different labels/classes and learns based on their 
true labels.

To resolve the aforementioned binary classification 
problem introduced in Sect. 6, each classifier is initially 
trained by randomly selecting a small set of test cases 
that are executed to get their true labels (“adequate”/“not 
adequate”). Then, an Active Learning technique iteratively 
(Fig. 8) selects some marginal points (i.e. parameter value 
combinations) in the 2D space and re-trains the classifier 
based on their labels, aiming at defining the correct decision 
boundaries.

Using this approach in the 3D space in a similar way, the 
ATG model learns to classify all test cases as “adequate” or 
“not adequate”, consuming the labels of a few cases picked 
by the Active Learning algorithm and ran in the reaction 
wheel that needs to be tested (Fig. 9).

decision boundaries. The RBF is a popular kernel function 
used in SVM, used to handle non-linearly separable data 
by mapping those to higher dimensions. The RBF kernel 
function for two points in space computes their similarity or 
distance and is defined as:

k (xi, xj) = exp
(

−γ∥xi − xj∥2
)

� (7)

where xi, xj are the input vectors, ||xi–xj||2 is the squared 
Euclidean distance between the two vectors and γ is the 
hyperparameter gamma, which must be greater than 0. The 
gamma parameter determines the influence of each training 
sample on the decision boundary.

5.2.4  Active learning

In order to make the Classification Model’s training more 
efficient, i.e. requiring less labeled training samples, an 
Active Learning approach is employed.

Active Learning is an iterative supervised machine 
learning approach used for big sets of unlabeled data 

Fig. 7  Correct decision boundaries in the scaled 2D space, along with potential fluctuation
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of a Matlab Simulink1 simulation of a reaction wheel, 
based on a specification document, defining inherit RW 
parameters such as the inertia, maximum torque, stiction etc. 
Altering the Simulink specification values, three different 
simulations can be produced, corresponding to three types 

1  ​h​t​t​p​​s​:​/​​/​w​w​w​​.​m​​a​t​h​​w​o​r​k​​s​.​c​​o​m​/​​p​r​o​​d​u​c​​t​s​/​s​​i​m​​u​l​i​n​k​.​h​t​m​l

6  Experiments

6.1  Implementation

The implementation of both approaches for the Automated 
Test Generation component (Fig. 1) was based on Python 
3.12. The Product Software Model is consisted.

Fig. 9  Implementation of the SVM 
classifier with RBF kernel, guided 
by an Active Learning technique, 
for identifying adequate test cases

 

Fig. 8  SVM with RBF kernel iteratively learning decision boundaries in the scaled torque/duration 2D space
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model training: (a) the initial test cases that must be run 
to obtain labeled data, and (b) the training time required 
for a model. Both models are tested, using a “small” RW 
simulation as the PSM.

To produce the full 3D space of possible test cases, 2,744 
samples have been considered in total for the “small” RW 
simulation4 Note that the same number of total samples has 
been considered for all RW types. The Classification Models 
must apply on the full 3D space of 2, 744 sample test cases 
(Fig. 6), illustrating all possible parameter value combinations. 
The training process aims at using the labels of a few of these 
cases in the first step (selected with random sampling) and 
some marginal cases in the second step, to be able to predict 
all sample labels. After initial experimentation with different 
thresholds, it was decided that an initial number of 60 random 
cases, and 120 marginal cases in the second step can accurately 
train the best model (SVM) for the “small” profile.

On the other hand, the Generative Model was provided 
with an initial set of 500 randomly sampled test cases for 
training. As can be seen in Fig. 10, the loss of Generator 
required more than 5000 epochs to converge with the 
loss of Discriminator, and even then, less than 80% of the 
generated test cases were adequate.

The results illustrated in Fig. 10 imply that the Genera-
tive Adversarial Networks are probably inefficient for the 
current problem, due to the large number of initial test cases 
required to reach a high performance score. The likely 

4  ​h​t​t​p​​:​/​/​​g​i​t​h​​u​b​​.​c​o​​m​/​f​o​​t​a​i​​s​/​m​​a​l​t​​-​p​/​​b​l​o​b​​/​m​​a​i​n​​/​d​a​t​​a​s​e​​t​s​/​​s​m​a​​l​l​-​​a​l​l​-​​t​e​​s​t​-​g​r​
o​u​n​d​t​r​u​t​h​.​c​s​v

of reaction wheels: a “small”, a “medium”, and a “heavy” 
wheel. The RW simulators are made available through a 
dedicated Gitlab environment, provided by ESA.

The tGAN model described in Sect. 5.1 is implemented 
using the PyTorch library2 The Generator component 
is consisted of a multilayer sequential model, with the 
output layer activated by ‘linear’ function of dimension = 3 
(same dimension as the test case data).The Discriminator 
component is also consisted of a multilayer sequential 
model, with the output layer activated by ‘sigmoid’ 
function, discriminating if the input samples are real or 
artificial. Both neural networks use Adam optimization 
and Binary Cross Entropy (BCE) loss functions. Lastly, 
the Classification Models of Sect. 5.2 are implemented 
using the Scikit-learn library3

6.2  Experimental settings for efficiency 
investigation

Initially, the efficiency of both approaches of Sects. 5.1 and 
5.2 has to be investigated to ensure both can be considered 
as an option for ATG. Efficiency is the most important 
factor, since the main focus of the automation process 
is to minimize as much as possible the time needed to 
test a RW, while optimizing the testing effectiveness. To 
this end, two main bottlenecks are identified for an ATG 

2  https://pytorch.org/
3  ​h​t​t​p​​s​:​/​​/​s​c​i​​k​i​​t​-​l​​e​a​r​n​​.​o​r​​g​/​s​​t​a​b​l​e​/

Fig. 10  The Generator & Discriminator networks loss values, and the percentage of adequate test cases generated, while training the tGAN for up 
to 5000 epochs
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To decide the optimal values of the aforementioned 
hyperparameters, a Grid Search Cross-Validation (Grid-
SearchCV) procedure is applied. GridSearchCV involves 
exhaustively searching through a pre-defined range of 
hyperparameter values to find the best combination. In 
our settings, classification Precision is the most impor-
tant metric, as the ATG model is required to generate only 
adequate tests. Figures 11 and 12 present the results of an 
exhaustive GridSearchCV for the model parameters of the 
“small” RW profile, in the form of a heatmap and a dia-
gram that illustrate the precision values per γ and C value 
combinations. The best hyperparameter values in this case 
seem to be C = 100.0 and γ = 1.0.

The same process was followed for all Classification 
Models’ basic hyperparameters and for the three RW 
profiles using only the training samples. The latter 
ensures that the hyperparameter tuning process is fair, as 
tuning on the performance of all samples.

(including the testing set) would yield biased testing 
results. In summary, the values selected for the basic hyper-
parameters of all Classification Models and for every profile 
can be seen in Table 1.

Lastly, the Generative Model does not classify existing 
test cases, but rather produces new samples within the avail-
able 3D space that are labeled either as “adequate” or “not 
adequate”. To this end, generated test cases with similar 

reason for the ineffectiveness of GANs lies in the dispro-
portionately low number of adequate cases relative to the 
overall pool of potential test cases within the current testing 
scenario.

In contrast, the Classification Models can be efficiently 
trained guided by the Active Learning approach with 
120 + 60 = 180 labeled test cases and provide adequate test 
cases with high precision, as will be discussed in the fol-
lowing paragraphs. Nevertheless, generative models may 
prove suitable for application in alternative testing sce-
narios, where a higher percentage of potential test cases is 
adequate.

6.3  Experiments configuration and hyperparameter 
tuning

Before training the Radial Basis Function (RBF) kernel 
model, the best values of hyperparameters γ and C have 
to be decided. As mentioned, parameter γ actually dictates 
the shape of the decision boundary. The RBF kernel 
function can be sensitive to the γ value, as low values may 
underfit the data, while with high values the model may 
overfit the data. On the other hand, parameter C controls 
the trade-off between achieving a low training error and a 
low testing error, with a high value of C prioritizing a low 
training error.

Fig. 11  GridSearch heatmap, 
showing Precision values on differ-
ent value combinations for SVM 
RBF parameters C and gamma
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has been applied on the same data as in the aforementioned 
GridSearchCV process, with different number of epochs, 
calculating the precision and recall metrics.

Since GAN-generated sample distributions entail a 
degree of randomness, the process was iteratively run 
(for 5 iterations) and the average values of both metrics 
are calculated. Figure 13 illustrates precision and recall 
average values for 500, 1000, 5000, 8000 and 10,000 
epochs. As can be observed, precision significantly 
increases for number of epochs up to 5,000. However, 
the decrease of recall in this model indicates possible 
overfitting (although there is an unexpected increase at 
10,000 epochs). The overfitting is evident at 8,000 epochs, 
when less than 20 distinct test cases can be generated, 
and even if the tGAN is asked to generate thousands of 
samples, most of these are duplicated cases. Thus, we 
keep 5,000 epochs for the remaining experiments for all 
profiles (“small”, “medium” and “heavy”).

6.4  Experimental results

To validate the models’ accuracy, we have run all test 
cases included in the testing set (2,564) for the three 
reaction wheel types in the respective simulators, in order 

values (duplicated samples) are considered as one distinct 
generated sample. Thus, for a fair calculation of precision, 
we aim at generating big data sets of artificial test cases, 
and measuring adequate samples (True Positives) within all 
distinct generated cases.

In order to decide after how many epochs the tGAN 
model has been properly trained, initial experimentation 

Table 1  Hyperparameter values selected for all classification models
Reaction Wheel profile

model hyperparameter small medium heavy
SVM γ 10.0 1.0

C 100.0 100.0 100.0
DT min samples split 2 8 2

max_depth 3 3 20
criterion gini gini entropy

RF max_depth 20 3 30
n_estimators 30 5 5
min_samples_split 2 10 2

MLP hidden_layer_sizes (20,) (10, 30, 10) (20,)
solver lbfgs lbfgs lbfgs
activation relu tanh relu
alpha 0.05 0.05 0.0001
learning rate adaptive adaptive constant

AdaB learning rate 0.1 0.01 0.01
n estimators 150 100 500

Fig. 12  GridSearch diagram, illustrating Precision vs gamma parameter values
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executed in a reaction wheel, which would spend valuable 
runtime or could even pose a risk for a damage. Given 
that the fine-tuning process of hyperparameters (Sect. 6.3) 
aimed at maximizing Precision, results confirm that a vast 
majority of the generated test cases for each RW type will 
be adequate. The Recall metric is less important, however, 
the value of 0.66 for the “medium” profile case indicates 

to obtain a labeled groundtruth. For the Classification 
Models, each model profile has been queried for the 
same test cases, in order to provide a relevant adequacy 
prediction. The accuracy of those models is measured 
in terms of Precision, Recall and F1-score. The tGAN 
model is trained on the same 180 initial cases (from 
which only the adequate samples with label = 1 are 
utilized) for each RW type, and is then asked to generate 
a big set of test cases, based on which the same metrics 
are measured.

As can be observed in Tables 2, 3 and 4, the SVM-
RBF model achieves high Precision values and low 
Recall, especially in the “small” profile case. Precision is 
the most important parameter, as the trained ATG model 
would be ideally required to generate only adequate test 
cases, to make sure no inadequate test case would be 

Fig. 13  The values of Precision and Recall obtained after different number of epochs

 

Table 2  Evaluation results for the small RW profile
Profile Precision Recall F1-score
tGAN 0.59 0.20 0.30
DT 0.39 0.18 0.25
RF 0.30 0.19 0.24
MLP 0.07 0.19 0.11
AdaB 0.17 0.21 0.19
SVM-RBF 1.00 0.03 0.05

Table 3  Evaluation results for the medium RW profile
Profile Precision Recall F1-score
tGAN 0.71 0.25 0.37
DT 0.90 1.00 0.95
RF 0.92 1.00 0.96
MLP 0.82 0.88 0.85
AdaB 0.94 0.95 0.94
SVM-RBF 0.85 0.66 0.74

Table 4  Evaluation results for the heavy RW profile
Profile Precision Recall F1-score
tGAN 0.50 0.30 0.38
DT 0.46 0.42 0.44
RF 0.56 0.12 0.20
MLP 0.50 0.12 0.19
AdaB 0.46 0.03 0.05
SVM-RBF 0.70 0.29 0.41
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The loss torque in this function expresses the actual friction 
of the reaction wheel. During the passive run-down phase 
Tm = 0, thus the total output torque equals the friction. A 
standard way to model friction is to use a linear approxima-
tion consisting of Viscous friction component (speed depen-
dent), Coulomb friction component (constant, flips on speed 
sign) and Static Friction or Stiction (below a speed thresh-
old). This can be expressed as:

F = sign (v) ∗ (Gain ∗ |v| + Offset)� (10)

where F is the friction (in Nm), Gain is the Viscous friction 
(in Nm) and Offset is the Coulomb friction (in Nm).

Considering the equations provided above, an 
Automated Test Evaluation component can calculate the 
Static (Coulomb) Friction and Dynamic (Viscous) Friction 
using the output wheel speed time series and the inertia. 
Aiming at evaluating the health of a real reaction wheel, 
available by the ESA lab, four test cases were generated. 
To generate those test cases the “small” model profile was 
used, as the available RW specifications are of this type. A 
summary of the results of the generated test cases, along 
with the estimations of the RW friction values, can be 
seen in Table 5.

As can be seen in the results Table, the estimated 
values of the Viscous and Coulomb friction, calculated 
during the passive rundown of the real RW vary within a 
small margin, as could be expected for real hardware. The 
observed friction in reaction wheels can vary from one 
test to another, due to different environmental parameters 
or random unpredictable effects in the level of materials. 
However, in all four test cases, the calculated friction, as 
well as the time to stop, do not seem to seriously diverge 
from the average values (0.000171 Nm, 0.000000891 
Nm.rad/s and 98.5 s respectively), therefore we consider 
these estimations as normal. Moreover, analysing the 
rundown speed curve, the Automated Test Evaluation 
does not identify any suspicious “deltas” of sudden 
irregular speed drops, thus we can characterize the 
reaction wheel’s status as HEALTHY.

that almost two thirds of all possible adequate test cases 
can be selected to run by each model profile. The only 
problematic case is the “small” profile, where, despite the 
absolute precision, the model cannot predict many of the 
adequate test set samples.

The SVM-RBF outperforms competing Classification 
Models in all profiles, with the exception of the tree mod-
els (DT, RF, AdaB) in the “medium” profile case. However, 
those models still have low Precision results in the other 
two cases, indicating that the SVM-RBF is more robust. 
On the other hand, the Generative Model does not reach the 
high Precision of the SVM-RBF for all three profiles. More-
over, letting the model train for more epochs with the aim 
to increase precision causes overfitting, with the Generator 
being able to generate very few distinct test cases as has 
been suggested in Sect. 6.3.

6.5  Automated test evaluation and rw 
characterization

As a final real-world experiment, this Section describes the 
application of the aforementioned Classification Model to 
generate (i.e. randomly select) a small set of test cases, used 
to evaluate and characterize a real reaction wheel.

After the ATG model training process using a PSM, 
adequate test cases can be generated, analysing their 
output results and estimating friction values for a specific 
RW type. In each RW type, the dynamics can be expressed 
as:

dv

dt
= Tout

I
� (8)

where v is the wheel speed (in rad/s), I is the Inertia of the 
wheel (in kgm2) and Tout is the output torque (in Nm). 
The output torque, however, is a combination of the motor 
(input) torque provided and the loss torque:

Tout = Tm + T loss� (9)

Measurement Test-case 1 Test-case 2 Test-case 3 Test-case 4 Average
Phase2 torque(Nm) 0.0011 0.0007 0.0014 0.0018
Phase2 duration (s) 400 800 250 200
Phase3 interval (s) 4000 250 3000 2000
Max speed (rad/s) 1357.38 1262.79 1267.70 1272.47 1290.09
Time to stop (s) 97 90 97 110 98.5
Estimated Static
Friction (Nm) 0.000149 0.000172 0.000188 0.000173 0.000171
Estimated Dynamic
Friction (Nm.rad/s) 0.000000829 0.000000929 0.000000948 0.000000858 0.000000891

Table 5  Reaction wheel evalua-
tion results for 4 generated test 
cases
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experimentation with different parameter values and a 
post-run analysis of results, to identify interesting patterns 
in the output results.
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7  Conclusions and future work

This paper investigated two research approaches, 
a Generative Model and a Classification approach 
(employing various machine learning models) guided by 
an Active Learning technique, to automatically generate 
adequate tests for a reaction wheel test scenario. The 
experiments carried out showed that the Generative Model 
(tGAN) was inefficient. In contrast, the Classification 
Models managed to be properly trained with significantly 
less number of initial test cases. The SVM-RBF model 
outperformed all other models by far in the cases of 
“small” and “heavy” RW types in terms of precision, while 
the tree-based Classification models only outperformed 
the SVM-RBF in the “medium” RW type experiments. 
Therefore, the SVM-RBF model was proven to be the 
most robust approach as expected, due to the nature of the 
test cases data, as explained in Sect. 5.2.3.

To practically apply this testing model to real hardware, 
an initial training phase has to be performed using a 
proper PSM resembling this reaction wheel, including 
atleast 180 test cases, as explained above. As a final 
experiment, a SVM-RBF model training, along with a 
real reaction wheel automated evaluation was presented, 
in order to fully address the State-of-the-Art testing 
challenge presented in Fig. 1. Running this number of 
test cases and training the model using the simulated 
output curves takes a few minutes, so the overall training 
for a specific RW profile will take approximately 7–8 h. 
So the scalability of the approach is limited if various 
types of reaction wheels need to be assessed, but in the 
case of a single satellite, all RWs installed are usually of 
the same type, thus only one profile needs to be trained 
via a PSM simulation.

A potential future work that would be interesting, is the 
Automated Test Generation for different reaction wheel 
test scenarios, beyond the passive rundown test (e.g. a Full 
Torque/Full Speed test or Intermittent Speed Performance 
test). This would evaluate the Automated Test Generation 
approach precision on different experimental settings. 
Another direction is the addition of extra parameters in 
the simulation, as for example environmental variables 
like temperature. Training the Automated Test Generation 
taking into consideration those parameters would provide 
an enrichment of results, enabling the evaluation script to 
assess the effect of such parameters, e.g. how an increased 
temperature could affect the friction, and thus the health 
of the reaction wheel. This scenario requires extensive 
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