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Abstract

The number of disposed washing machines nowadays increases at an alarming rate
due to their repair complexity. Therefore, the need for efficient and automated
fault analysis and predictive maintenance systems becomes crucial. For now, only
a handful of projects are trying to resolve this matter but most of them are either
using complex or expensive systems. Those setups are not efficient for neither the
collection of large datasets nor the deployment.

This is where this master thesis provides a physical tool to facilitate such a process.
Using accessible and low-cost hardware, this work aims at furnishing a tool to allow
further projects to implement machine learning for failure analysis and predictive
maintenance. The device developed is based on a microcontroller and an additional
microcomputer acting as a server to store the data captured by two inertial measure-
ment units. Each unit samples acceleration and gyroscopic data below 250Hz from
the top and the side of the outer shell of a washing machine. The steps in building
and developing the device are presented to allow replication and improvement.

The collected and stored data from the device, allowed a first manual detection
of multiple failures and anomalies on a washing machine only using few processing
steps such as the Fast Fourier Transform. Further guidelines on an improved version
and a complete deployment of such a device via the citizen science framework are
also presented.
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Chapter 1

Introduction and motivation

From the Global E-waste Monitor (GEM) 2020 report [1], the world has generated
more than 56.3 million metric tons (Mt) of E-waste until 2020. This is an increase
of 9.2 Mt compared to the same report done in 2014. The fast growth of innovation
and accessibility in the electronics domain combined with the consumer society has
led to this absurd number. In this poll, 13.1 Mt are from large appliances such as
fridges, washers, and dryers. A report [2] performed by the Joint Research Centre
(JRC) of the European Union (EU) showed that almost 70% of washing machines
are thrown away due to a defect in Germany. This report also highlighted that
grouping many studies around the world, 50% of thrown washing machines are used
for less than 10 years and only 20% of them are used for less than 5 years.

One way of limiting the amount of E-waste is by centering the design around the
concepts of robustness, upgradability, and repairability. Unfortunately, this mindset
is not completely in line with the current society. Therefore, only a few projects are
put in place in order to work on fully capable and robust devices. This is the case
of the washing machine L’Increvable[3] which is designed to last for decades, to be
robust and easy to repair.

Another way of reducing that tendency is by repairing those appliances. Tradition-
ally, diagnoses and repairs are performed from the beginning to the end by humans.
A larger amount of time is spent on diagnosing the root of the failure to perform the
proper repair rather than on the repair itself. In most cases, this diagnosis time is
the big wall between throwing away and repairing. Even if the source of the failure is
located, irreversible failure may already have occurred, leading to a broken machine
and a loss of time.

Hence, there are many factors, not always logical that make consumers choose to
replace a broken product rather than repair it [4].

On the side of repair centers, it is easier to target smaller appliances as they are mov-
able and easier to repair. For larger appliances like fridges, dishwashers, and washing
machines repairs are mostly done by manufacturers or third-party sellers. Neverthe-
less, all repair centers follow the same traditional system of manually searching the
failures and their reasons. The luckiest centers may have access to the service man-
ual and the error codes but those are only as good as the constructor designed them.

1
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Chapter: Introduction and motivation

Constant monitoring for failure analysis has been in place for some time in large
industries as shown in [5]. This is due to the high loss led by downtime and repair
of complex systems. Nowadays, many medium-sized manufacturing companies are
joining the flow.

With the rise of the Internet of Things(IoT), many appliance manufacturers stuff
more electronic devices into their products. Some of them even allow better mon-
itoring for fault diagnosis. However, the capability and control left to the user are
always limited and the tools are proprietary. In the end, the main advances are in
terms of the accuracy of error codes appearing when a problem occurs. Unfortu-
nately, they only appear when it is too late. These error codes are mostly based
on basic sensor measurements in the machine due to the trade-off between cost and
information. It is more financially, and in terms of complexity, interesting for man-
ufacturers to reduce the number of sensors.

This is where this master thesis aims to contribute to the concept of repairing and
spotting failures in washing machines by applying failure detection and predictive
maintenance.
With the help of IoT, the possibility to monitor, assess and make decisions based on
proper information is more accessible than it ever was. Many open-source systems
such as the ESP32 [6] or the Raspberry PI Zero 2W [7] allow great monitoring
performance for low consumption and very low price. Moreover, with the expanse of
big data and cloud computing, better and more complex models can be implemented
to accurately locate and even predict a failure.
The point has been proven in the industry [8][5] but never introduced to the citizen
sector. Of course, such concepts are not relevant for small and elementary devices
such as coffee machines or blenders but on larger, more complex, and longer used
tools the interest is present. The point of entry in the citizen sector is via the citizen
science framework.

This master thesis will serve as a first entry point to develop such a module capable
of measuring and storing vibration data of washing machines to apply failure analy-
sis and predictive maintenance in a non-invasive way. To seek such results, Chapter
2 will introduce the literature on washing machines, fault analysis, and predictive
maintenance concerning rotating machines. As the main leading thread, the vibra-
tion will be at the center of all these topics but some order signals will be introduced.

Right after, Chapter 3 will briefly introduce some fundamentals in terms of fault
analysis of rotating machines via vibration analysis.

Chapter 4 will bring the entire scope of the project as well as the scope of this
master thesis. An introduction to specifications of the targeted device with a first
functioning diagram will also be presented.

2



Chapter: Introduction and motivation

The next portion, Chapter 5, is going to walk through the construction of the de-
veloped device, from iteration to iteration, giving the major challenges and the
shortcomings until achieving a satisfactory result. A few steps will be further de-
veloped to show the reader what was or was not tried and why some choices were
made. This section is intended to be a chronological view of the development to
guide anyone willing to reproduce the device, improve it, or implement a similar
setup with the best tracks to continue further and wiser.

Chapter 6 will describe the actual tests and measurements performed on a washing
machine to study some different use cases. This chapter is meant to show the poten-
tial of such a device in an exploratory manner. A small fault analysis of the washing
machines is performed to prove the point but by no mean a complete processing
method of fault detection since it is an entire subject in itself.

Afterward, Chapter 7 will provide a relative retrospective insight concerning the
work done to extract some guidelines for further development and testing.

Finally, Chapter 8 will display the perspective of this project with the results in
mind and expose what lies next from the different roads available to the potential
in use cases.

3



Chapter 2

State of the Art

In this section, a brief literature review of what has already been achieved in various
domains similar or relative to this work is presented. This review is guided by finding
how washing machines’ faults can and are detected and what are the limits of those
detection systems.

2.1 Fault analysis on rotatory machines

The concept of fault analysis was developed in the 60s [9] via the Fault tree analysis
used in complex systems such as in the aerospace and aeronautical sector. This
method was developed to quickly find any error on large systems. The industrial
sector then followed the trend to reduce downtime in production lines. However,
with the advancement and accessibility of electronics capable to sense data, the do-
mestic sector is a non-negligible market for fault analysis.

The first step for fault analysis is monitoring. This is done by placing sensors in the
target system. Once enough data is gathered, it is necessary to process the data to
extract some tangible metrics. These metrics are then compared to some predefined
threshold values allowing us to measure the state of the system.

In the case of washing machines, there have been some setups to collect data to de-
tect faults. Recurrent inputs are often used as monitoring signals in the literature.
The most common inputs for this kind of system are current, water usage, sound
level, and vibration signals.

As an example, a German team [10] measured the sound level to detect faults
using a smartphone microphone. Using some processing and machine learning, they
developed two types of algorithms, one in the temporal domain and the other in
the frequency domain they managed to show significant variation between healthy
and faulty machines as shown in Figure 2.1. The main problem according to the
source, is the complex calculation leading to a long processing time which is not
suitable for real-time analysis. Even so, what makes this setup quite interesting
is the ease of reproduction due to the straightforwardness of the microphone and
the non-invasivity of the system. Those characteristics are big constraints that add
more value to the results obtained. Yet, the microphone needs to be as close as
possible to the rotatory part to output such results.

4
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Figure 2.1: Measurement of the sound between a healthy and faulty washing machine
using a smartphone microphone from [10]

Using a more complex setup, [11] used accelerometers and acoustic transducers to
compare the effect of loading the machine. The results allowed to differentiate an
empty running machine from a loaded one using individually both sensors as dis-
played in Fig 2.2. These results presented in this article show the abundance of
information present in frequencies bellow 250Hz.

Figure 2.2: Spectral density from acceleration measurements on the left and acoustic
measurements on the right with and without loading from [11]

Another example of a non-invasive technique was developed in [12] using a laser
Doppler technique and a likelihood classifier. From their experience, the range of
interest of the vibration with structural frequency response goes from 0Hz to 200Hz.
Using various measurements and processing methods, they found out that peaks at
odd harmonics classified by likelihood methods yield the best classification results.
The team behind the article managed to classify four types of machine defects which
are defects in the electric motor clamping screws, the release of the shock absorber,
use of different types of springs, and distortion of the pulley from one another with
more than 90% of accuracy. The main drawback of this example is the need for
high-end gear which is not fit where a washing machine is normally placed. To
obtain such performances, the machines had to follow a strict rotating pattern and
speed which are non-standard for less than 20 seconds.

Continuing on the vibration signals, [13] managed to classify three types of machines
(healthy, with a problem on the clamping screw at the motor, and with counter-
weight distorted) with an 87% of success rate with a single point laser vibrometer
at a sampling frequency of 2kHz in different points of the machine. After the mea-

5
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surements, the feature is extracted by a Wavelet transform1. As for the previous
setup, the system needed is quite bulky. Contrarily to the previous case, this paper
analyzes data for more than 20 seconds but at specific moments of normal washing
machine cycles.

With another objective in mind, [15] and [16] managed to determine the position
and weight of a load in the drum of washing machines within a good range using
two different approaches. The first one uses two laser displacement sensors and two
accelerometers (3 axes each) on the outer part of the drum and four load cells, one
on each foot. With some processing and a trained neural network, they managed
to compute the position of a mass below 2kg within a 300g deviation and within
an axial accuracy of 5cm at 150 RPM. The second article only focuses on finding
the angular position (compared to a rotating reference axis) and the weight using
as few sensors as possible. The sensors used are a piezoelectric sensor to measure
the vibration and a hall sensor with a magnet to get the reference rotating angle.
From measurements at 200 and 250rpm, they got an almost linear evolution of the
peak values from the sensor placed to measure the horizontal displacement with the
increase of the mass.

For another field of study, yet providing good vision, [17] placed a 9-axis Inertial
Measurement Unit (IMU) containing an accelerometer, a gyroscope, and a magne-
tometer in a washing machine to measure the acceleration felt by textile. This study
gives a lot of insights into the accelerations and movements inside the system as well
as the different phases of the cycles of washing machines.
From all the information provided earlier, the choice of focusing the measure of
vibration via an accelerometer is pertinent to detecting faults. The main problem
of most of these examples is that the setups are resembling too much of something
done in laboratories and are not feasible at large scales. They do not explore the
possibility of wireless interfacing. In this direction, [18] managed to develop a laun-
dry monitoring system using a low-cost accelerometer. They sure do not make any
fault analysis but manage to accurately capture the different stages of the washing
machine cycle as shown in Fig 2.3 using relatively accessible technology.
Due to the complexity of the system, purely physical-based models are often not
enough for failure detection hence the use of machine learning is needed.

2.1.1 Data driven Failure detection

Many non-analytical methods are available for failure detection. This is the case
in the popular domain of machine learning. Few algorithms are prominent in the
literature as further analyzed in [19] and [20] for first-level fault analysis.

The main challenge in utilizing such methods is the lack of data. To build a ro-
bust algorithm, there must be a significant amount of data on healthy machines
but also faulty ones. In this case, there is a need to recognize and label various
failures, and the minimal amount of samples for each fault needed is drastically

1The wavelet transform is a transform similar to Fast Fourier Transform (FFT) to provide
frequency information but on transient signals. More information about the Wavelet transform is
available in [14].

6
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Figure 2.3: Monitoring of the different washing cycle by [18] using two low cost
accelerometers on the top and the side of top loaded washing machines

increased. Moreover, this data then needs to be separated into training and testing
data as deeply explained in [21]. This is where the methods found in [22], [13] and
[23] are coming up short. The prerequisite to developing a robust machine learning
algorithm is designing a capable method of collecting data at a large scale. Some ex-
amples of deployments are made in [24] and [25] and will be discussed in Section 2.4.

Before proceeding further on the topic of fault analysis, it is necessary to have
a common ground about the working principle of the machine. It is by knowing
the target system and its principle types of failure that fault monitoring can be
developed.

2.2 How, when, and what for washing machines

This section will first expose the basic mechanisms in front-loaded washing machines
and present the different failure modes observed by statistical research. There will
not be any discussion on top-loaded machines since they are not the target of this
work.

2.2.1 How it works

Front-loaded washing machines are driven most of the time by single-phase induc-
tion motors with two poles. This motor is the main source of vibration and power
consumption but is not the only motor present in a washing machine. As guested,
the flow of water entering and leaving the washing machine is controlled via a pump.

7
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Figure 2.4: Basic schematic of the
main unit in front-loaded washing
machines

To rotate the drum in the machine, a belt
is attached to the motor and a wheel fixed
to the drum as shown in Fig 2.4. The
motor is tightened to the drum of the ma-
chines. To absorb most of the vibration,
the entire system is maintained radially by
2 springs from the top and 2 dampers from
the bottom. To maintain the machine sta-
ble, a block of concrete is placed on top
of the drum. This gives higher inertia to
the machine to avoid any lifting from the
ground. Some machines have complemen-
tary springs axially to add rigidity. The last
main moving mechanism in a washing ma-
chine is the locking and unlocking of the front
door.

For each program, there is a series of defined sequences sent to the different compo-
nents of the washing machines. They go from closing the front door, controlling the
water pump, and managing the water heater to controlling the speed of the motor.

Many types of cycles are available in washing machines each with its own configu-
ration. To illustrate the proportion of phases, Figure 2.5 shows roughly the amount
of time the drum is spinning in a washing machine. These values depend on the
machine, therefore only the ratios are to be taken into account. In practice, the
amount of time where the drum is rotating at the selected maximal speed is not at
all the prevalent part (less than 25%).

Figure 2.5: Washing machine speed distribution for different programs, from [17]
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2.2.2 What to look for

From the report by the JRC [2], 50% of disposed washing machines have a lifetime
below 10 years old. A factor positively influencing the lifetime of washing machines
is the price. More expensive machines tend to have a longer lifetime. Among all
the disposed washing machines, 70% are due to some failure. A classification of the
various failures is visible in Figure 2.6.

Figure 2.6: Different failure modes detected of washing machines from a survey by
[26].

This figure is extracted from another report of the same group [26] . The figures
permit highlighting the most common failures. Failures sources that may be visible
via vibration detection systems are the shock absorbers, the bearings, the foreign
object in the drum, the drive belt/pulley, and the drum. Combining those shows
a significant amount of failure to detect. The discussion on the failure statistics
will not be further talked about in this master thesis. For further information, the
reader is recommended to browse the documents [2], [26] and [27] which go deeper
into the subject.
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2.2.3 When to act

A washing machine is a complex system, and therefore its failure rate follows the
Bath-tub curve (see Figure 2.7) with three phases. The first one corresponds to
infantile failure due to low-quality control. The second is the moment when the
system is designed to be most used and contains less risk of failure considering an
appropriate use. The last phase has an increase of failure rate due to wear.

Figure 2.7: Bath-up curve representing the failure rate of systems along their lifetime
from [2]

Since the stage at which washing machines are used, it is incoherent to focus on in-
fant failure because the product is tested and certified before being sold. Therefore
the range of action should be from the random failure period to the wear-out failure.

Among the random failure range, it is coherent to focus on a more general failure
analysis since specific failures do not tend to appear. Given a significant amount
of data and some features to look at, anomaly detection algorithms based on ma-
chine learning are the perfect tool for this part. They do not give the source of the
failure but they are capable to notice early symptoms which is a good starting point.

Another approach to this random failure period would be to focus on the misuse of
the machine. Few parameters are found in this category. First, there is overloading
of the machine, which is considered one main case of early wear and failure on the
bearings, springs, and dampers. Second is the imbalance and over-concentration of
weight in the drum. This happens when objects not supposed to be washed in wash-
ing machines are put in such as non-washable shoes, wallets, keys, coins, or even
phones. Lastly, the not leveled feet of washing machines are often an overlooked
source of high vibration and risk of failure. All these failures can be monitored
and prevented by looking at the right indicators. Some indicators are shown in
the literature on rotating machines [28] but they are relevant for rotating machines
performing steady-state works. Many of these metrics lose meaning when applied
to data with various transient states.

The last period when wear is preeminent is the target moment for failure analysis
and predictive maintenance. This is where most known failures from Figure 2.6
occur.
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2.3 A step further than analyse, prediction

Until now, the discussion centered around fault analysis and detection. This is
mainly used in reactive maintenance where the machine gets repaired only once a
failure appears or is close to rising. There is no notion of scheduling the repair. This
model is not viable in case of the system is complex to repair or where a small failure
may result in huge losses (not only economically). To avoid such losses, preventive
maintenance is traditionally applied. This is when there is regularly scheduled main-
tenance to avoid any failure. To ensure that there is no failure the scheduling must
be performed regularly and therefore the amount of time and money spent is not
optimal at all

Hence the need for predictive maintenance where downtime and maintenance schedul-
ing are minimized while the use time is maximized. This is done by computing the
Remaining Useful Life (RUL).

Figure 2.8: Four technical processes in
a machinery health prognostic program
from [29]

The estimation of RUL on a machine is
done in four parts as shown in Figure
2.8. First, the collection of the raw data
(Section 1) from the element to be mon-
itored is performed. Second is the ex-
traction of a metric serving as a health
indicator (Section 2) which is relevant
for the monitoring. The third is the
setting of a threshold indicating (Sec-
tion 3) a failure point. And fourth,
is the development of some functions
to perform the estimation of the RUL
(Section 4) from the current value of
the health indicator and the threshold
value. In theory, these steps seem easy
but in practice, it is complex to com-
pose these values and functions due to
the lack of data and the complexity of
the system. As certainly noticed, the
first two steps of computing the RUL
are the same as the steps of failure anal-
ysis. This is why failure analysis was
presented before predictive maintenance
since it is an important step before pre-
dicting.

The document [29] gives a complete review of the state of the art in the domain
of predictive maintenance. Some more insights on common cases are also given.
One of them concerns bearing RUL which is, as seen previously, the main source
of failure in washing machines. The document also gives insights into the different
approaches to the topic.
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The previous system is a model-based one, where the actual physics is the center of
the algorithm. As for failure analysis, a more complex algorithm can be used to com-
pute the state of RUL with the indicators using a machine learning-based algorithm.

To ease the task for the machine learning algorithm (meaning to reduce the train-
ing time and the model complexity), it is often necessary to perform some feature
engineering on the data. This is done by preprocessing the data to extract the most
relevant features. It can be performed using a Principal Component Analysis (PCA)
and/or use the physics knowledge and use for example the previously build indica-
tors. This will ensure a high-performance predictive maintenance computation and
results.

For more information, a more complete review of the use of machine learning con-
cepts in predictive maintenance is found in [20] where many important concepts are
explained. A complete and easy to understand course on machine learning can be
found in [21].

As the reader may have realized, the matter previously covered relies on one big
assumption, the ease of data collection. This is the main reason why many fields
are not using predictive maintenance or even failure analysis. However, with the
revolution of big data and IoT this is no more a problem.

2.4 IoT and citizen science - a nice combo

Thanks to the IoT and the accessibility to electrical modules, it is now easier than
ever to measure physical quantities and to use the data to make accurate decisions.
But the system can not simply work using sensors working chaotically, this requires
implementing smart architectures to be able to gather and use the data.

An example of such architecture is done in the Laundry Monitoring system [18].
This system uses one microcontroller fixed to a washing machine and connected to
a Raspberry Pi acting as a router for a whole laundromat to transmit the data for
online visualization. The information is sent via WiFi.

Another similar architecture is used in [24]. That work is part of the SMART-
PDM European project [30] that took place between April 2019 and February 2022.
This project’s goal was to apply predictive maintenance solutions in various areas.
In this use case, they monitored and collected data on electric consumption on
large appliances to reduce the power consumption. The actual architecture of the
SMART-PDM use case on washing machines is shown in Figure 2.9. It uses a smart
power socket pluggable on the wall to gather the data. This data is then sent to a
cloud server to be processed and used. The meaningful data is inputted in a REST
API where a graphical user interface is developed to be given to everyday citizens.
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Figure 2.9: Architecture used in the project SMART-PDM for the use case of home
appliances

With such setups, the amount of data needed to build and refine a machine learn-
ing algorithm for failure analysis and predictive maintenance uses is achievable.
However, resources on the project are nowhere available or usable due to a lack of
complete documentation.
In terms of machine learning for predictive maintenance using low-cost technology,
[23] provides a clear insight into the whole system from collecting to alert notifica-
tion.

All the previous examples show that the technical capability of developing a func-
tioning architecture is present and accessible. However, there is still no environment
allowing the willing deployment. This is why this project is meant to be included
in the citizen science framework. This whole campaign where the citizen is not only
the mean but also the actor in knowledge spreading is a key factor for the proposed
project presented in the Chapter 4.
A great example of such an environment is the Sensor.Community platform [25].
This platform is a technological network at an international level to allow the de-
velopment and deployment of environmental data measurement systems. Via the
citizen science market, the project managed to deploy in 75 countries and has more
than 14.000 active sensors worldwide.

With this last example, the literature needed to understand the project is completed.
It is now time to enter the technical part of the literature susceptible to be used in
this master thesis on fault analysis.
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Chapter 3

Vibration of rotating machines
theory

This chapter will introduce most of the mechanical-related terms and concepts to
give a proper sense of the following of the work. Most of the theory comes from
the following documents: [31], [32], [33], [34] and [35]. All this theory is developed
around rotating machines working at a steady state or studied during one known
transient. Therefore in the case of washing machines, this theory is still useful but
loses some meaning in terms of physical explanation if not carefully handled.

3.1 Vibration origin

Mechanical vibrations are oscillatory deformations of a system. They are defined
around an equilibrium point and are synonyms for energy transmitted in the system.
The study of mechanical vibration can be done in stationary or dynamic systems.
In this master thesis, we will only consider dynamic (with moving parts) mechanical
vibration since the use case concerns a rotating machine.

Based on the vocabulary of the international standard ISO 2041 [36] and illustrated
by [31] visible in Figure 3.1, fundamental vibrations are classified as deterministic
or random (with a gray area in between). Among the deterministic vibrations, they
are classified by periodicity.
A harmonic vibration is only composed of a sinusoidal wave with one frequency
component. The more general periodic signal can be composed of a superposition
of a multitude of sinusoidal signals with different amplitude and frequency contents.
These signals correspond to a stationary regime. In terms of deterministic non-
periodic signals, transient signals are also present. Lastly, at the same level of the
deterministic signal lies the random signal family. All signals enter this category or
are a combination of signals in these categories. This approach allows characterizing
vibrations.

Another characteristic of vibrations is the source. From this parameter, vibrations
can be classified as either forced vibrations or free vibrations. The free vibrations
correspond to responses from not maintained sources whereas forced vibrations re-
sult from continuous excitation. In the use case of washing machines, most measured
vibrations are forced vibrations.
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Figure 3.1: Classification of vibration performed by [36] and illustrated in [32]

There are three types of units to measure vibrations. First, there is the dis-
placement of the physical movement [m], second the velocity [m/s] and last the
acceleration[m/s2]. These three measures each give their batch of information. De-
pending on the unit, different types of sensors can be used. This master thesis will
only focus on acceleration measurement. Once the measure is performed, the data
need to be processed in order to retrieve some indicators and metrics for interpreting
the data.

3.2 Indicators and interpretation

In this subsection, a brief listing of basic different indicators used in the field of
rotation machine failure analysis is presented from [33], [28] and [37].

3.2.1 Temporal indicator

Peak: The acceleration Peak is used as a threshold value. The higher the peak
the bigger the force and thus the possible deformation. It is simply computed as
the maximal value of the acceleration.

Peak to peak: The Peak to peak value of the acceleration is similar to the previous
metric except that instead of taking from the equilibrium (no acceleration), the
difference between the maximal and minimal value is taken.

Average: This quite obvious indicator is the average value of N measurements
calculated as 1

N
ΣN

i=0yi where is y is the vector containing the accelerations at each
time ti.

RMS: Another indicator is the RMS value. It is calculated as follows

RMS =

√
1

N
ΣN

i=0y
2
i

Where N is the number of measurements. We can describe the RMS as the energy
content of the system. The higher the energy the more the system is capable to
bend or move.
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Figure 3.2: ISO 2372 norm giving the severity of vibrations of rotating machines at
speed between 600 to 12,000 RPM where washing machines are categorised as Class
1

Crest factor: We use the crest factor as the factor measuring the ”spikiness” of
the data. It is defined as the ratio between the Peak acceleration and the RMS
acceleration.

RMS Velocity: A simple yet important metric is the RMS velocity which is
derived as the RMS values of the measured linear acceleration divided by the rotating
speed. This metric is important due to the norm ISO 2372 displaying the acceptance
of the vibration for rotating machines rotating at speeds between 600 to 12000 RPM.
Table 3.2 represents the ISO norm where washing machines fall in class 1. The
reason behind the use of the RMS velocity as the reference unit for the severity
of the vibration is that the velocity is constant in terms of energy no matter the
frequency. Whereas the acceleration favors the higher frequencies in terms of energy
and the displacement of the lower frequencies.

Standard deviation: The Standard deviation is the first statistical metric used
and is calculated as follows:

σ =

√
1

n− 1
ΣN

i=1(yi − µ)2

For the 2 next indicators, it is important to define the i-th central moment as

Mi = E[(y− µ)i]

and corresponds to the higher-order expected value of the deviation of a statistical
distribution from the mean. The first moment is the variance M1 = σ2. By stan-
dardizing these moments some interesting metrics are formed.
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Skewness: The Skewness is defined as the third standardized moment and calcu-
lated as follows:

γ =
M3

σ3

This metric gives a piece of information about the symmetry of the data around
the mean as shown on 3.3. For large data sets, a Skewness between -2 and 2 is
considered within an acceptable range.

Kurtosis: In the next order there is the Kurtosis which is the fourth standardized
moment and is defined as follows:

κ =
M4

σ4

This metric is used to measure the propensity to produce outliers.

Figure 3.3: Effect of the data on the sign
of skewness for a normal distribution

Figure 3.4: Effect of the data on value of
the kurtosis for a normal distribution

All these indicators can be used with some measured data with and without prepos-
sessing. However, with some transformations such as the Fast-Fourier transform,
other more specific metrics are available.

3.2.2 Frequency indicators

FFT In order to pass from the time domain to the frequency domain, the FFT
is the must-to-use tool. For the rest of the work, it will be assumed that the FFT
is known as well as its limitations. More information on the topic can be found in
[14].

Applying the FFT to the vibration (acceleration), data the acceleration spectrum is
the result. From the spectrum, three main metrics can be retrieved: the frequency
component, its amplitude, and the phase. In general, the frequency and the phase
give information on the source and the amplitude on the importance of that source.
Given the amount of data to analyze, there will not be any phase analysis in this
work. For some information, please have a look at [38]. These three metrics have
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physical values as long as the FFT is performed on steady-state signals otherwise
they can be used as comparison values without any physical meaning. It is also
important to remind that to compare the amplitude outputted by the FFT, the
number of samples must be the same.

Before using this tool, it is important to state the scope of usability. The most
relevant in the scope of this work is the folding frequency. It is defined as half of the
sampling frequency. The folding frequency is the maximal frequency in a spectrum
that has a physical meaning, beyond lays the artificial spectrum created by the pro-
cess.

Another closed related metric is the velocity spectrum and it is defined as the accel-
eration spectrum normalized by the frequency. This normalization allows the best
picture of what lies in the lower frequencies.

The problem with the Fourier-based transformation is that it does not give informa-
tion about the moment in time where those frequencies appear. In the same idea,
the temporal plot of the acceleration does not give any information on the frequency
content.

Power spectral density The Power Spectral Density (PSD) is derived from the
Fourier Transform to obtain the energy content of a signal in terms of frequency. It
can be derived as the amplitude of the FFT squared normalized by the frequency.

Spectrogram This indicator allows to display the Fourier transform over time.
This is basically done by applying the Fourier transform to smaller parts of the data.
Therefore there is a trade-off, as the frequency resolution increases the temporal
resolution decreases and vice versa. For further information, the book [14] gives a
great explanation of the concept behind the spectrum analysis.

The Fourier, PSD, and Spectrogram analyses are used in a diversity of domains
aside from failure analysis of rotating machines.

Waterfall plot This graphical tool is more specific to rotatory machines. It is a
Fourier analysis given a variation of speed. For this plot, it is necessary to know the
exact speed of the machine at every given time. This type of tool will not be used
in this master thesis since the actual rotating speed of the washing machine will not
be measured for reasons explained in Chapter 6

3.2.3 Bearing related factors

Given the omnipresence and importance of bearing in rotating machines, wear and
failure are deeply analyzed and documented [39]. Among all the metrics related to
bearings, four bearing defect frequencies are most used to monitor faults in rotating
machines.
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BPFO The Ball Pass Frequency Outer Race is the frequency related to fault when
the ball is on the outer race. It is calculated as follows:

fBPFO =
Nb

2
fr(1−

Db

Dp

cos(β))

BPFI The Ball Pass Frequency Internal Race is the frequency related to fault
when the ball is on the inner race. It is calculated as follow:

fBPFI =
Nb

2
fr(1 +

Db

Dp

cos(β))

BSF The Ball Spin Frequency is called the frequency of rotation of the rolling
ball. It can be used to measure the wear on the balls of the bearing. It is calculated
as follows:

fBSF =
Dp

Db

fr(1−
D2

b

D2
p

cos2(β)).

FTF The Fundamental Train Frequency is the number of times the cage of the
bearing does for one rotation of the shaft. It is calculated as follows:

fFTF =
1

2
fr(1−

Db

Dp

cos(β))

where Nb is the number of rolling elements, Db the diameter of the balls, Dp the
diameter of the pitch, β the contact angle, and fr the rotor rotating frequency. The
interest in having these notations is that for a given bearing (known beforehand), it
is possible to know the source of the failure or near failure with the FFT.

Withing the bearing failures, there are 4 stages of failures as shown in Figure 3.5.
It is only beyond the third stage that the previous frequency appears. If one were
to analyse high frequency contents (which is harder the higher it gets) it is possible
to notice signs of bearing failures.
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Figure 3.5: Frequency content of the 4 stages of failure of bearings from [33]

3.3 Assessment Failure severity

With the metrics and tools to measure the failure, it is meaningful to know how
severe or how far from severity the machine is (close to predictive maintenance).
This part is often dependent on the fault and system in question.

One possible method is to compute a basic threshold on the temporal measured
acceleration, velocity, RMS, or other temporal value. This is the most obvious and
easy way to work

Another method is to compute the FFT of many healthy systems and to create a
frequential envelope. Once a frequency component gets higher than the envelope
the alert of the failure can be triggered. The frequency can even give information
about the source of the failure.

The list goes on. In the end, most conventional methods use a threshold system and
compare it to the data. By measuring the distance (not only Euclidean for statistical
models) the severity can be computed as explained in Section 2.3 and [29].

The best way of monitoring for failure is by analyzing known failures that have a
high probability of happening as well as their symptoms. Such research has already
been introduced in Section 3.2.3.

3.4 Common failures and symptoms

With all this knowledge about metrics and mechanical vibration, let’s review some
well-known and relevant failures of rotatory machines from [33] and [38] applicable
to washing machines using acceleration measurements.
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3.4.1 Misalignment

Misalignment can be parallel and/or angular. They concern systems containing any
coupling, gearboxes, and belt transmissions. The effect is most noticeable on the
bearings since they have to carry more load. This can be seen by a higher second
harmonic component of the running speed. If the second harmonic amplitude is
over 1.5 times higher than the fundamental one, then the misalignment is considered
severe. Between 0.5 to 1.5 times higher than the fundamental, the coupling system
is more likely to be damaged. Below 0.5 the fundamental, it is acceptable but to be
monitored.

3.4.2 Unbalance

This failure is visible with a much higher fundamental of the running speed com-
pared to normal use. There are three types of unbalance in rotating machines[38]:
Static, Dynamic, and Coupled. Unbalance is overall diagnosed by a high-frequency
component at the running speed without any harmonics. The amplitude of that
component increases as the speed does.

3.4.3 Mechanical Looseness

The source of looseness can come from various problems. However, in washing ma-
chines, it is often due to loosened bolts and nuts or slack springs. This characteristic
spectrum is given by many harmonics of the running speed up to the tenth.

3.4.4 Bearing and Gearboxes

For bearings and gearboxes, it is important to know beforehand the characteristics
of each bearing and gear in the machine. In the case of bearings faults, they can be
diagnosed using the frequency indicators developed in Section 3.2.3. In the case of
gearboxes, the parameter to know is the number of teeth in order to compute the
Gear Mesh Frequency (GMF) as follows:

GMF = nteethvshaft

where nteeth is the number of teeth of the gear and vshaft is the rotating speed
of the shaft attached to the gear. The gear failure-related spectra produce peaks
at the fundamental and/or the second and third harmonics of the GMD. The third
harmonics can be higher due to the three phases of gear interaction (engaged sliding,
rolling, and disengaged sliding). Higher sidebands may also be present.

3.4.5 Stator problems

Eccentricity They are characterized by a high component at twice the frequency
of the AC input current of the motor not modulated with the rotating speed in the
radial measurement of the acceleration. This is due to stator eccentricity provoking
variation of the air gap between the stator and the rotor. The factor 2 is due to the
number of poles in the motor of the washing machines. In most cases, it is a two
poles induction machine.
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3.4.6 Rotor problems

Eccentricity Rotor eccentricity symptoms are also a high component at two times
the frequency of the AC input current of the motor with pole pass frequency with
sidebands and sidebands around the running speed. This is visible in the radial
measurement of the acceleration.

Loose rotor bar The loose rotor bars up to open bars will induce by high com-
ponents of two times the frequency line and side bands around the Rotor Bar Pass
Frequency (RBPF) and sometimes its second harmonics. In the case of electric arcs
forming between loose rotor bars, the component of the second harmonic will be
then higher than the fundamental.

Broken, cracked rotor bar and shorting ring cracks

These types of failures will induce higher components in the fundamental and har-
monics to the fifth of the rotating speed as well as high sidebands in each component.

3.4.7 Phase Problem

In case of loosened power cable, damaged or even broken connectors, one of the
phases may not supply enough current. This will induce a high component at 2
times the line frequency with specific sidebands spaced of 1/3 of that frequency.

3.4.8 Multiple failures

In theory, each failure has its way to be determined with some degree of certainty
but in practice, failures do not rise individually. This can lead to multiple factors
appearing at the same time, generating coupling in the failure and symptoms mak-
ing the individual analysis troublesome.

More information is available in the guides for machinery maintenance [38][33] and
the books [31] [32].
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Chapter 4

Scope of the project

4.1 Scope Definition

4.1.1 Overall project

Now that the literature has been swept, it is time to define the scope of this working
thesis and the domain to explore. The main issue to address is to reduce the number
of washing machines prematurely wasted because of the inefficient and costly steps
of repairs. This can be done by applying predictive maintenance as shown in the
previous section.

However, due to the lack of data, it is not possible to create such an algorithm
at the moment. One way of proceeding would be to massively collect data with a
known and powerful setup and then characterize the different failures individually.
This could work but would be rather inefficient. Another path is to build a portable
and reproducible module capable of capturing meaningful data. This data then can
be used to train some predictive maintenance models using machine learning tech-
niques. This later idea allows for a good trade-off between measurement capability
and bigger-scale development.
The general research question over the project is defined as follows:

How to build a device capable to support a large-scale predictive maintenance
algorithm on front-loaded washing machines at low cost in a non-invasive way?

The target appliance is the front-loaded washing machine given that they represent
the majority of washing machines in service. Given that this project is done within
the scope of a master thesis, it is impossible to start by designing the device and
end with a working predictive model.
The project can be scattered into different phases. For the entire project to be
completed, 4 phases are needed as shown in more detail in the planning visible in
the Appendix A.

First Phase: Planning and analysis

After the general idea definition, this phase is where all the research is performed
and early design features are characterized. A basic specification sheet and a first
architecture (hardware and software) are to be delivered for a first prototype.
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Second Phase: Failure recognition development

In this second phase, the main components in terms of hardware and basic software
are to be developed to produce a prototype working in a controlled environment. At
this point for simplicity, the system must be developed with only a few features and
the minimal development needed for scaling. The system is meant to be capable of
clearly showing differences in terms of basic indicators or trends between different
states of the machine and forced failures. If the system is capable to provide tends
and variation between the cases, the prototype is considered worthy to open doors
for further development. This phase ends once the necessary processing is developed
on the captured data to output a few metrics and values capable to serve as inputs
of a machine learning model.

Third Phase: Scaling and development

The third phase starts with a retrospective analysis of the weaknesses and strengths
of the system to produce an updated device (not a prototype anymore). This is the
moment to perform the migration of the system from a local environment to a cloud-
based system. Following that step, a first small deployment (below 10 devices) on
working machines can be performed. In parallel, a larger amount of devices must be
deployed in testing centers to gather efficiently accurate data on healthy machines
at first. With this amount of data, a first failure detection system using machine
learning can be developed. With a working failure detection system of fault capable
of assessing some failures, the third phase can be closed.

Fourth Phase: Machine learning RUL

At this point, the algorithm assessing some faults is working on a few devices and
for a few failures. The goal is to reinforce the algorithm by collecting a signifi-
cant amount of data on failures via the test centers. The beginning of an RUL
prediction algorithm can be implemented for actual predictive maintenance perfor-
mances. Within this development, a middle scale (below 200 devices) is expected
to be deployed among citizens. These devices should be capable of first pinpointing
predefined known failures and notifying unknown anomalies.

Beyond that point, the device can be considered developed and distributed as a
finished product. This does not mean that the system must not be updated regularly
in terms of algorithms to incorporate more failures to assess and predict.

The development of the project is presented linearly but many backs and forths must
be done between the phase to obtain a working system. Concerning the development
of the algorithm, the different discussions presented are very generalized. In practice,
many more steps must be performed to obtain the desired result.

This proposed plan is only in terms of basic system development and does not take
into account any economical, human resources,... point of view. It can be seen as
the author’s general guideline for further development.

The research part of the first phase has been already mainly done. Some research
has to be reviewed in retrospect but the heavy lifting is already written. The second
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phase is where this master thesis is at. By the end of this work, the last milestone
of the second phase is to be achieved.

4.1.2 Scope of this work

This master thesis’ goal is to attain the end of the second phase. Given the small
amount of technical information available on faults specific related to washing ma-
chines, at the end of the second phase of the project, this master thesis is going
to be an exploratory work. To end the first phase, as previously exposed a list of
specifications has to be delivered. This is done by partitioning the actions that the
device has to perform.

The entire process that the prototype has to provide can be simplified into 4 steps:
sampling, storing, processing, and decision making.

Sampling

The first step is done via the sensors. The characteristics to take into account are
the type of signal to measure, the range, the sampling rate, the resolution, and the
error. It may also be useful to check for the sensibility to external signals such as
temperature.

There are 2 main constraints on the design given the end goal. On one hand, the
device has to be non-invasive. This is due to warranty reasons. If the device is to
be used on any type of washing machine and by any untrained citizen, the machine
must not be opened to install or operate. By opening the washer, the warranty lifts
off. On the other hand, the device must be below low cost (around 50emaximum
from a rapid survey executed on a dozen of users) in terms of hardware build to
enable large-scale deployment at a low cost. Therefore industrial-grade hardware is
to be put aside.

Because of these constraints, there are two options in terms of signal measurement
given the literature shown in Chapter 2. Either monitor electrical signals or mechan-
ical vibrations. The first one benefits from the ease of installation. The abundance
of the data in the case of washing machines is smaller but scalability toward energy
monitoring and saving are appealing. However, such a device has already been de-
veloped in [24].

This is why this master thesis is focused on measuring vibration signals via an Iner-
tial Measurement Unit (IMU) which provides the acceleration via an accelerometer
and the rotation rate via a gyroscope.
The experiments from [12], [13] and [10], show that the focus on vibrations up to
250Hz is a reasonable trade-off between the amount of data collected from the struc-
tural events and the complexity of the needed sensor. Moreover going up to 250Hz
gives access to the tenth harmonics of the average maximum speed of the machine
(1400RPM). As a consequence, the sampling rate should be at least every 2ms due
to the folding frequency.
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After some primitive tests, the sensing range can be defined within ±4g correspond-
ing to a maximal measured acceleration of 39.24m/s2 It is important to find the
lowest possible upper bound because there is often a trade-off between range and
resolution. As the range gets bigger, the resolution decreases drastically.

As for the time of sampling, it is at first set to the entire washing machine cycle
since there is no way of knowing the optimal moment to sample data. This provides
further challenge since as shown in [17] and [40], the amount of time the machine
is at a steady state, yielding sensible information is not significant. Therefore, tools
relying on the steady state of the system must be carefully used. Furthermore, for
those who calculate the amount of data, if a cycle lasts for 1 hour, there will be
3600*500 sampling. This means that the amount of data to be stored is going to
be non-negligible. The reduction of data to store is left to the update performed in
the third phase of the project.

Storing

The second stage is about storing. This stage is done before the processing stage
in order to do the processing offline with more powerful tools. The storage is per-
formed during the first phases by a Raspberry PI via Comma-Separated Values
(CSV) files which are commonly used for storage of large data sets (order of a tenth
of Megabytes by cycle) but future development Pickle files will be used [41].

Processing

The third stage is processing. This is achieved to derive some metrics and inter-
pretable information from the data to distinguish the failures. The computation
will be performed offline after the data is collected. It will be the last step done
”automatically” in the scope of the thesis.

Decision making

Lastly, there is the decision-making step. The indicators and tools presented in
Chapter 3 and outputted by the previous step are used to characterize the state of
the machine. Once the actual device is within specification, diverse tests on actual
washing machines are going to be performed. The reason behind these tests is to
prove that the data collected by the device contains sensible enough information to
perform later larger-scale data collection for machine learning-based algorithms to
be implemented.
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Figure 4.1: High level functional diagram of the device

4.2 First sketch and and guidelines

From the specifications presented earlier, a functioning graph can be established for
the software part.
The software actions can be divided into two parts as visible in Figure 4.1. On one
hand, the online part consists of real-time and time-dependent actions. This concern
mostly the sensing and storing. On the other hand the offline part, the elements
that can be done after the use of the machine. The interest in doing an offline part
is to not be constrained by the computation capability of the mounted device. The
online part concerns the physical device whereas the offline part could service.

Figure 4.2: Device placement on a wash-
ing machine

The last major question to address be-
fore starting the development is the
placement of the probing. Given
the non-invasive, constrain and the in-
formation provided by [12] and [13],
the top and side of the machines
are ideal external places. Rather
than choosing, the device is going
to have two IMU, one at the top
and another one on the side to as-
sess the best positioning. A schematic
view of the setup is visible in Figure
4.2.

Most the front-loaded washing machines
use bent metal sheets as side panels.
Thanks to this material the mounting of
the main unit containing the side IMU
can be performed using magnets. This
feature allows easy placement and re-
moval of the system.
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Chapter 5

Device development

5.1 Different iterations

In this chapter, the different iterations are presented up to the latest iteration of the
prototype. The development is presented in chronological order to procure the best
guidelines for anyone trying to replicate or improve a similar setup. The development
is divided into three parts related to the three main iterations.

5.1.1 V0 - The Raspberry PI Zero 2W

The first idea was simply to use a microcomputer to execute all the operations, one
thread to sample the data and another to store the data in a CSV file.

Hardware Design

Figure 5.1: Diagram of the electrical architecture from the first iteration centered
around a Raspberry Pi zero 2W.

As shown Fig 5.1, the microcomputer chosen was a Raspberry Pi Zero 2W due to its
high performance for its size running a Linux-based Operating System (OS) called
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Debian. This microcomputer was introduced by the Raspberry foundation in Octo-
ber 2021 [42]. It is almost as performant as the well-known Raspberry PI 3 B+ [43]
for a third of the size.

As for the sensor, the intention was to use a ready off-the-shelf, and accessible com-
ponents for the prototype. The choice went to the MPU9250 due to its high overall
capability, developed libraries, and documentation. It is a 9-axis IMU. The 9 axes
stand for 3 axes of acceleration (X, Y, and Z), 3 axes of rotation rate via a gyro-
scope (Yaw, Pitch, and Roll), and 3 axes of magnetic field sensing (X, Y, and Z).
The magnetic field is a plus and will not be used in this thesis.

The MPU9250 has three main tunable factors: sample rate, full scale, and resolution
[44] developed below.

Sample rate The first factor is the sample rate which is bound to the signal con-
ditioning. For this first application, the highest constant sampling rate is required
leaving almost no signal conditioning. This parameter yields an output data rate
of 4kHz for the acceleration and 1kHz for the gyroscope. In this configuration,
the magnetometer and digital motion processing allow wake-on-motion interrupts.
However, the fast access to the data leaves a rather inconsistent data rate. Therefore
a sample rate is set up to retrieve data at a more constant rate around a theoretical
value of 2ms.

Full scale Second, given the small amplitude and few primitive tests, the smallest
achievable scale was judged more than enough. The lowest scales are ±4g for the
acceleration and 250◦/s for the gyroscope.

Resolution Third and last, the resolution is related to the scale. The resolution
is constant in terms of bits and is defined by the internal ADC of each sensor. The
accelerometer and gyroscope ADCs both operate at 16bit and the magnetometer at
14bit. From the scales and these values, the Least Significant Bit (LSB) is 2−14g for
the acceleration and 7.63m◦/s for the gyroscope. However, due to sensitivity and
noise, these values are in practice higher. The lower bound of the actual precision
can be at a first-order estimated with the RMS noise. For the acceleration, it is 8mg
and 0.1◦/s for the accelerometer.

To compare the vibration from the top and the side of a washing machine as pre-
sented in Section 4.2, two MPU9250s are used. Since they both use the I2C [45]
communication protocol, the second one needs to have its address changed via an
extra pin or via some soldering on the board as explained in the datasheet [44].

Logic level converter Since the used IMU boards work on 5V, there is a need
to convert the 5V I2C data from the IMUs to 3.3V to be readable by the Raspberry
and vice versa. With this information, the constrain on the logic level converter
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must be able to work on frequency to the order of 100kHz and is bidirectional. For
this application, the BSS138 [46] is an appropriate choice.

Power The powering of the device was done via an AC to DC transformer plug
on a power outlet and outputting 12V up to 5A. However, the system needs to run
at 5V hence the buck converter. During a full measuring cycle, the entire device
consumed on average almost 3A with power spikes up to 3.5A at 5V.

Mounting on machine The mounting of the device on the washing machine is
done through magnets for the main part on the side of the machine and with tape
for the top IMU. The magnets allow a strong yet removable design. The use of
magnets is possible due to the metallic sheet on the side of the machine as explained
in Paragraph 4.2. The bending part of that same sheet allows a constant non-moving
placement of the magnets. For the IMU placed on the top, double-sided tape is used.
Both mounting methods have to be rigid in order to avoid any parasitic coupling
influencing the measured acceleration.

Software Design

On the software part, everything was done in Python1. The code was divided into
two parts same as explained in Section 4.2. The sampling part reads the values of
the register of the MPU9250 and stores them in a dataframe. This dataframe is
then used to write to the different files.

I2C data transfer The I2C bus used for communicating with the IMU (MPU9250)
is running at a speed of 100kHz on the Raspberry. This means that for a complete
batch of information from the IMU, meaning 3-degree acceleration, 3-degree rota-
tion rate both at 16-bit resolution means that the minimal total number of bits
to be transmitted is 96 bits. Given the frequency of 400kHz (bits/s) and the I2C
protocol (more detailed information about I2C protocol in [45]), this means that
a complete set can be transmitted every 0.295 ms. Therefore the theoretical full
sampling frequency is at 1kHz which is higher than the threshold defined in Section
4.1.2. This is however only for one IMU.

Data Processing The part concerning the processing and metric extraction was
developed apart as described in Section 4.2. This second part is also developed in
Python using the Pandas [47] module allowing fast and powerful analysis of large
data sets. For the first version, the processing consisted mainly of displaying the
measured values and some statistical information.

5.1.2 Results and shortcoming

Due to the many layers between the user code and the actual signal, the operation of
sampling was taking on average 10ms and storing 10ms for each sample. This per-
formance was achieved when there was no other process like Secure Shell (SSH) or

1not the best idea in retrospect
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even a desktop graphical interface using too many resources. Leading to an overall
sampling rate of 20ms. Compared to the specification in Section 4.1.2, this sampling
rate is over the specified sampling rate by an order of magnitude.

After a lot of optimization (still in python...) the reading speed of one register was
reduced to around 1ms and the conversion of a proper value to store around 5ms
for one IMU. Even with such performances, the sampling specification is far from
achieved.

Few tests were done using a C++ code and a community-developed library [48]
leading to a small improvement but no difference in terms of order of magnitudes
without recoding the entire library. After a lot of tweaking here and there, another
architecture was needed. This change of direction was also the opportunity to think
about the bigger picture and scaling. The idea was to use some network system to
facilitate the data collection on machines.

5.1.3 V1 - Physical separation of the online part and the
offline part

The second main iteration consisted in replacing the device performing the sampling
part of the Raspberry. The replacing component was a microcontroller which is much
faster for the operations of sampling and the preprocessing achieved at a lower level.

Hardware

The new general architecture is presented in Figure 5.2. The path from the first
architecture to the one presented was led by 3 big questions: Which microcontroller
to use? How to store the data externally of the microcontroller? How to send the
data from the microcontroller to the storing system.

Figure 5.2: Diagram of the electrical architecture from the first iteration composed
of the ESP32 microcontroller and the Raspberry Pi 4 microcomputer
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Wireless communication type To start the redesign finding the right micro-
controller was the first step. To simplify the prototype, the choice of wireless com-
munication was paired with the choice of the unit. Therefore this criterion is first
considered. Few options were possible: to use a radio frequency emitter and receiver
like the NRF24L01 (2.4GHz)[49], Bluetooth or WiFi. The first one was rapidly put
aside since closed indoor spaces are not ideal for such system. In the idea of giving
the device to citizens, asking to use an external antenna to the main unit is not
a good fit. This is why any device needing an additional receiver was put aside
such as Bluetooth. Therefore the end choice settled on the well-known, everywhere
implemented WiFi communication system.

Microcontroller Once the choice to use WiFi was made, three main paths were
quickly available. The first was to use a classical Arduino board such as the Arduino
Nano 33 IoT[50] which runs on a 32bit microcontroller running at 48MHz including
256kB SRAM and built-in WiFi. The second was to use an ESP family module like
the latest ESP32-WROOM[6] that will be referred to as ESP32. This revolutionary
32-bit, dual-core microcontroller running at 80MHz has also built-in WiFi and is
FreeRTOS [51] compatible. This device has 520kB of SRAM. The last option is
to use some less known and documented microcontrollers. Due to the capability,
availability and price, the ESP32 was chosen.

Power With this new configuration, the whole setup was capable to run without
problem with the power supplied by the micro-USB connector. Consuming less than
150mA on average with 170mA spikes at 5V. This low power consumption is a major
upgrade compared to the first version.

Software

The communication protocol to use for the whole information traffic is the most
complex choice. Looking at the literature on similar IoT devices such as in [24] and
[18], the use of MQTT [52] communication protocol via WiFi seemed a good idea.
Other protocols were available such as HTTP [53], Websocket [54] or CoAP [55].
However, they are either slower, heavier, or harder to take a grip on as explained in
[56] and [57]. From the tests in [58] and [59] the time to send a packet is below 2.5
milliseconds for publishing and subscribing. The specifications barely fit but these
tests were conducted in the worst-case scenarios in terms of quantity of information
and amount of data sent to the server.
Using the MQTT protocol allows for the scalability of the system. Each ESP32
needs to connect to the WiFi and connect to a broker here via the Mosquitto service
which manages the entire traffic. By connecting, each ESP32 becomes a client to
the system.

Short explanation on the MQTT protocol The MQTT protocol works with
a publish/subscribe system. Each client can choose to subscribe to any message
sent within the system via a specific topic. At the same time, any client can send
any message (up to 256kB) to the system with a specific topic. This method allows
for fast and lightweight communication from machine to machine without needing
to change the entire system architecture while scaling. To allow such architecture
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Figure 5.3: Software architecture of the second generation

a managing system called a broker needs to be installed. The broker used is called
Mosquitto2 [60]. This program will ensure that all the systems communicate prop-
erly via WiFi using the MQTT protocol.

For the current case, the message containing the information of the IMUs is split.
One topic is used to send the information from the IMU0 (the one on the side) and
another from the IMU1 (the one on the top) each with its own time stamp. Other
topics are available to send the rest of the information as shown in Figure 5.3.

Results and shortcomings

Now that the system is entirely defined, let’s sum up the new system.

An ESP32 is connected to the local WiFi to communicate with a server via MQTT.
The user has to send to the ESP32 the command to start and stop the sampling as
well as some information about the setup via the interface running on the server.
The server would at the right moment collect the data send from the ESP32 via
WiFi and store it in a file.

In practice, the local available WiFi network was configured to block the MQTT
type communication (the only WiFi available where the machines were installed)
an alternative way to use the Raspberry used the local server to emit its own WiFi.
This was easily done using the plug and play platform RaspAP which is an easy
wireless router setup for Debian based OS .

With this new setup, the values received were coming within at an average rate below
2.5ms. But another problem came, as shown in Figure 5.4, huge latency peaks of
the order of seconds appeared in the system. This was mostly due to a too high
load in the MQTT communication creating clogging the moment the WiFi showed
any latency. These delays attaining up to 4s are unacceptable at such frequency for
the application. To reduce this latency, many changes were tested. All using some
kind of buffer.

2yes with double ’t’
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Figure 5.4: Time in milliseconds be-
tween each message for the 100000 mes-
sages of a cycle for the first version

Figure 5.5: Time in milliseconds be-
tween each message for the 100000 mes-
sages of a cycle for the Second version

Hardware Buffer In terms of hardware buffering, the idea was to use extra stor-
age. The easiest option given the moment was to use an external SD card. They are
characterized by their size and speed. For the following test, a 16GB class 10 micro
SD card was used. The 10th class is the fastest conventional SD card speed available
capable of writing at 10MB\s according to [61], 10MB\s is more than enough given
that each information block is smaller than a 120 char array so 120 bytes. This
makes a writing time by block of 12µs.

The communication of the ESP32 to the SD card can be done by 2 means, via SPI
or MMC.
At first, the writing speed was barely enough for the application (even with the
40MHz SPI mode) and as the SD card was filled, the writing speed dropped way
below the necessary speed.
The first system yielded writing speed up to 10ms and the latter up to 4ms per
message when the SD card contained few MB.
Given the amount of work to rewrite and optimize the writing on the SD cards
or to add some RAM modules, some other software alternatives were investigated
beforehand.

Software buffering Among those, a queue system between the two cores on the
ESP32 allowed a buffer of a few seconds before complete clogging of the WiFi MQTT
traffic. This method coupled with some other software tricks ended up in the final
version of the device which is explained in the next section.

5.1.4 V2 - The final prototype

With a completely new software algorithm, it was time to also update the hardware
to a more reliable system. This is why a Printed Circuit Board (PCB) was designed
and then manufactured. The final device and the placement are shown in the figures
in Appendix D.

Hardware

In the end, a 2 sided PCB for development purposes was designed allowing more
flexibility. The PCB visible in Appendix C was over-designed in case of further
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changes by giving the possibility to plug more sensors than the 2 IMU currently
used. This is why 4 I2C entries in each 5V and 3.3V as well as their relative
power sources were added. After a quick lookup on other possible sensors, ADC
connections were added to the board. Thus 4 more ADC entries were added in both
5V and 3.3V. These ADC are directly connected to the internal ADC of the ESP32
so they required no additional hardware. For the 5V to 3.3V communication (ADC
and I2C) level converter, the BSS138 was used as explained in the paragraph 5.1.1.
The complete Bill Of Materials is visible in Appendix B.

Final code architecture

Figure 5.6: Final software architecture using only one topic for both IMUs

The final software architecture is displayed in Figure 5.6. From higher to lower
level there is the Python code that controls the continuously running server. This
server is used as the control room via the broker explained in Section 5.1.3. This
is managed by the Mosquitto service running on the MQTT communication proto-
col as developed in 5.1.3. The Mosquitto service is running in the background on
the Raspberry PI/ In parallel, a subscriber program running on the Raspberry will
receive any message published with a certain predefined topic. In this case, every
message is sent by the ESP32. To ease the code every topic has the layout dev/elem
where dev corresponds to the source device that publishes the message and elem is
the precise topic of the message. Therefore the subscriber program on the Raspberry
Pi listens to every message with the topic starting by esp32 X corresponding to the
message sent by the ESP assigned to the X value.

Once a user wants to record a washing cycle, the program cycle.py containing the
main program is launched. This program is responsible to set up everything needed
to monitor the cycle.

First, some basic information(cycle type, rotating speed, ...) about the cycle needs
to be inputted by the user, then this information and the actual date are passed
to a logging code which sets up the file where all the information is stored. The
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main program is charged to tell the ESP32 when to start and stop the sampling
depending on the cycle duration via the rpi MQTT topic.
Once the cycle program asks the ESP32 to start to sample by publishing a message
of sampling to the topic rpi, the ESP32 samples the data and publishes the data to
the topic esp32 0/imu which is received by the Raspberry subscriber.

On the side of the ESP32, there are a few more tricks. The ESP32 is subscribed to
every message published by the Raspberry. Once the sampling is requested, it will
not simply read the data, preprocess, and send them. The ESP32 stores the data
in a Queue containing 455 items of 200 bytes long each which serves as a buffer to
avoid the MQTT server to clog. The limit on the size of the published item is set by
the MQTT protocol at 256 bytes. The Queue is bounded by the amount of volatile
memory of the ESP32. Within each item, 2 samples from each IMU containing the
3-axis acceleration and 3 axes gyroscopic rate are stored. The reason for having
an item containing 4 samples is because the MQTT protocol handles better larger
messages (up to a limit) at a slower rate rather than smaller messages at a higher
rate as shown in the measured delay of the samples in the figure 5.4 for the previous
version and 5.5 for the current version. Since the noise on the acceleration is at
the order of mg, the number of digits under the unit transmitted to the server by
acceleration value is 3.

Given a worst-case scenario where each item of the Queue is sent every 2ms con-
taining 2 samples of each IMU, the Queue allows for at least 0.9s buffer in case of
clogging. The sampling and storing of the Queue are done on one Core of the ESP32
and the extraction from the Queue and the publishing on another.
Using this tricks the average time between samples for each IMU is below 2ms while
never exceeding 2.15ms as visible in Figure 5.5.

Due to the non-negligible amount of code developed during this work, all the code
developed in this work is only available upon request.

With this last performance, all the specifications listed in Section 4.2 are achieved.
The device is therefore ready to be used and tested on washing machines to perform
some measurements.

36



Chapter 6

Results

6.0 Disclaimer

In this chapter, the device previously developed is used to capture data on various
use cases. The studied cases are variations of loading, speed, and leveling of the
machines. The reason for the variety of the cases is to observe a noticeable difference
in the measured data. This part is done with as little processing as possible since
the processing of the data is a topic on its own. All the data and the processing
related is available upon request.
Due to the amount of data, the main topic of discussion is based on the norm of the
total acceleration measured by the horizontal IMU. Some further analysis on the
acceleration captured by the vertical IMU is at the end as a comparison. There will
not be any discussion whereas the use of the data related to the gyroscope.

6.1 Use case machine

6.1.1 General setup

To perform the tests, a machine was provided by the group Fnac Darty. The model
used for the experiment is an AEG prosense 6000 series.
All the cases are studied using the same type of program called Pompen/Centrifugeren
on the machine performing the shortest cycle. Depending on the speed, the overall
cycle does not follow the same trend.
The variability of the cases is performed via four factors: the rotating speed, the
balance of the machine, the type and placement of the load.

First, the studied speeds are 400, 600, 800, 1000, 1200 and 1400 Rotations Per
Minute (RPM). The experiments on the fastest rotation speed are not always per-
formed due to the high energy content at high speed (Energy ∝ ω2). Those speeds
are selected according to the choice of the program. This program is gives three
characteristics speed variations. Those are a slow and a fast acceleration toward the
maximum inputted speed and a long steady state at that speed.

Second, the balance of the machine is manipulated via the leveling of the feet as a
binary parameter (balanced/unbalanced). This is studied since it is often a source of
acoustic noise in washing machines and is fairly easy to test. The leveled (and also
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Experiment\Speed[RPM] 400 600 800 1000 1200 1400

Empty - balanced X X X X X X

Empty - unbalanced X X X X X X

Centered 1kg - balanced X X X X X X

Centered 1kg - unbalanced X X X X X X

Centered 2kg - balanced X X X X X X

Wet towels - balanced X X X X X X

Shoes - balanced X X X X

Loose towels 1.5kg - balanced X X

Joined towels 1.5kg - balanced X X

Table 6.1: List of all the experiment performed

called balanced in this work) machine is always leveled via a level indicator using the
Phyphox [62] phone app within 0.3◦ from a completely flat position. The unleveled
(or unbalanced) machine is capable of doing a frontal and lateral movement of 2◦.

Lastly, the weight and compactness of the load are studied by inserting different
types of loads in the drum of the machine. There are 6 use cases: empty, 1kg cen-
tered weight, 2kg centered weight, wet towels, loosen towels, joined towels, and shoes.

Not all the combinations were performed due to the lack of interesting data, time,
and security of the setup. All the experiments performed are visible in the table
6.1.1.

Centered load experiments

To maintain a constant load almost centered a setup was designed as shown in
Figure 6.1. First, the 3 drum paddles were removed to give access to the holes in
the drum where steel wires are attached as mounting points. From each mounting
point, a hook is attached to the main load placed at the center of the drum.

The centered load is composed of 4 parts as shown in Figure 6.1: a PVC pipe, 6
acrylic pieces, 2 plastic covers and a plastic separator. The PVC pipe serves as a
container to increase the mass of the load and the plastic covers to avoid the interior
of the pipe to escape while maintaining the acrylic pieces. Those pieces are there
as a mounting point on the load to attach a band linked to the hook. To impede
the acrylics piece to snap together a plastic separator is placed in between. While
placing the setup, the centering was achieved within 2.5mm.

38

https://phyphox.org/


Chapter: Results Use case machine

Figure 6.1: Schematic view of the setup for the centered weights

Without any additional weight inside the pipe the whole load system weights around
1kg. An additional mass of 1kg inside the pipe can be added. Using this setup a
centered mass of 1kg and 2kg is simulated. The actual setup is visible on Figures
6.2 and 6.3.

Figure 6.2: Front view of the centered weight
setup in the washing machine

Figure 6.3: Lateral view of the
centered weight setup in the wash-
ing machine
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Dry towels experiments

Figure 6.4: Attachment of
the 2 joint towels in the
joint towels experiments

For these use cases, two beach towels are used, each
weighing around 750g. Two cases are tested, the first
is when the towels are put in the washing machine nor-
mally meaning completely unconstrained. In the sec-
ond, each towel is folded as much as possible and they
are attached together as shown in figure 6.4. These 2
towels are not attached to the drum and are capable of
moving around in the drum. To maintain consistency
in the experiences, the joint towels are always placed
and maintained with their center axis parallel to the
center axis of the drum during the cycles. The experi-
ment with the towels is only performed for rotation up
to 600RPM since the joint towels already display no-
ticeable effects on the machines. Moreover, the testing
environment is not secure enough to perform danger-
ous tests.

Shoes experiment

Lastly, to simulate a completely realistic and yet noticeable case, two running shoes
are placed in the machine. The two shoes weigh approximately 800g together and
are inserted without the laces as instructed in the washing machine manual. They
are placed without fixation in the machine leaving any kind of movement possible.

6.1.2 First look at the measurement

As an entry to the analysis, a global preview of the raw measurement is mandatory
to have a first look at the scope of the measurements.

Temporal analysis

The Figure 6.5 displays the raw measurement of the norm of the total acceleration
at 1000RPM on an empty and leveled machine captured by the horizontal IMU.
This is why the mean value of the measurement is near 9.81m/s2. Before any case
analysis, few elements can be extracted for this figure.

First, the moment when the start button is pressed and the front door gets locked
is noticeable in the acceleration plot shown by the LOCK zoom. This signature
response is characteristic and varies little across all the tests.

Next, 3 small-amplitude batches of vibration can be observed in Figure 6.5. Each
of these batches corresponds to one push sequence of the water pump to drain the
remaining water in the drum. The water pump runs many times during the cycle
but is often not noticeable due to the vibration of the rotating drum. Given such
responses, the device can be expected to highlight pump failures if this is developed
further.
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Figure 6.5: Norm of acceleration from a full cycle of a washing machine with no load
at 1000 RPM from the horizontal IMU with more details on 3 specific responses

The next three characteristics of higher vibration blocks are visible. The first block
corresponds to a first rotation at around 400RPM independently of the input speed
with almost no noticeable transient (except in high speed and heavyweight). The
second block starts with a slow acceleration towards the input speed, maintains a
relatively short steady-state and ends with a slow deceleration. The last block is
composed of a fast acceleration to the max speed followed by a long steady-state
and finishes by a rapid deceleration. The transient acceleration amplitudes of the
last block vary considerably among the different cases. During the steady-state of
the last block, the spectral analysis is performed.

A similar trend is visible from the vertically attached IMU.

At the end of the cycle, the unlocking of the door is visible by 2 signals similar to the
locking system. These signals are due to the movement of the switch used to lock
and unlock the door. Since these locking and unlocking events are unique in time
and response, it can be viable to perform some sleep system for the device. This
sleep system could use the sharp locking response to wake up the device to start
the sampling and use the characteristic response of the unlocking system to stop.
This sleeping system could reduce the power consumption by a factor of magnitude
according to [6].

With the temporal approach presented, a spectral analysis of the same measurements
is then presented.
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Chapter: Results Use case machine

Figure 6.6: Spectrum of the acceleration norm from a full cycle of a washing machine
with no load at 1000 RPM from the horizontal IMU

Spectral analysis

From the measurement at 1000 RPM previously presented, an FFT transform can
be applied in the steady-state region leading to Figure 6.6. This spectral represen-
tation gives more interpretable information on the system concerning the source of
vibrations.

This FFT is performed from a set of the data presented in the longest steady-state
part of Fig 6.5. Since the data rate is not completely consistent as shown in Figure
5.5, resampling and interpolation are performed on the temporal data to achieve a
2ms constant data rate. This allows the spectral response up to 250Hz shown in Fig
6.6.

First, the highest peak is at around 18.56 Hz (the first peak on the left). This peak
corresponds to the rotation speed of the drum which is in this case 18.56 Hz meaning
around 1114 RPM. This is also confirmed in [40] where the speed profiles are not
maintained at the exact inputted speed.

The second highest peak is at 100Hz and is accompanied by some sidebands. This
100Hz peak is visible in every spectral plot on this machine but the sidebands are not
always present. From the common failures explained in Section 3.4, this is mostly
due to some stator eccentricity since the 100Hz is 2 times the AC input current
frequency and there is no sign of modulation with the speed.

Given that the machine is a repaired one, other few non-standard peaks are visible.
It is however possible to characterize some of them, especially at lower frequencies.
For example, those at 37.1, 55.65, 74.2, 81.5 and 92.75 Hz correspond to harmonics
of the rotating speed and will be further explained in the section 6.2 and are signs of
slackening springs (which was later confirmed). Those are visible in different cases
of 1000 RPM cycles. Other peaks are visible such as 81.5 and 118.55 Hz. Those 2
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Figure 6.7: Spectral responses below 1400RPM of the norm of the acceleration of the
case of the centered load on the left and the shoes to the right from the horizontal
IMU for various rotating speeds

due to their values and their modulation with the rotating speed of the machine are
suspected to be caused by the axial oscillation of the drum or the movement of the
heating element of the incoming water that was not correctly tightened after some
inspection.

The observation of one case allows a first analysis and some guesswork but to unfold
the capabilities of the device, it is necessary to perform a cross-analysis of the
different cases.

6.2 Cross analysis

In this section, the different cases presented in Figure 6.1.1 are compared. First in
terms of spectral analysis since it is the most visual way to analyze and later few
temporal figures similar to Figure 6.5 are shown to give some feelings about the
data.

6.2.1 Cross spectral analysis of the speed

For this section, the influence of the speed is developed for two cases. The centered
load of 1kg and the shoes are presented in Fig 6.7.
These two figures are shown because they illustrate well the visualization of the
rotating speed of the washing machine for different cycles. The horizontal scale was
converted in RPM and relabeled to highlight the close relation to the rotating speed
of the washing machine. The frequency of vibrations is not exactly the same as the
rotating speed displayed on the machine. However, from [40] and the consistency of
these frequencies across the multitude of tests, those frequencies are related (if not
equal) to the rotating speed of the machine. This relationship is even enhanced by
the apparition of harmonics of this peak in Figure 6.6. Knowing this, it could be
considered that this device is capable of capturing the rotating speed of the machine
and detect any linked failure.

From this analysis, we can conclude that the device is capable of measuring the run-
ning speed of the washing as long as there is enough speed or load. This conclusion
is to be further displayed as the superposition of the different use cases is done.
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Figure 6.8: Spectral response of the various cases studied at 400RPM for the side
IMU

6.2.2 Cross spectral analysis between use cases

To compare the different use cases, a similar time span is chosen between the exper-
iments for the same speed. This time span is within the steady-state period of the
cycle as presented in Section 6.1.2. All the time spans contain the same number of
samples. This allows comparing the frequency content as well as the amplitude of
the spectral peaks.
The result for 400RPM and 600RPM are visible on Figures 6.8 and 6.9 where the
different cases where sorted toward the worst case scenario. A close look on the
X-axis again shows conversion of the frequency in terms of multiple of the rotating
speed f. This is done intentionally since it displays strongly all the visible harmonics
across the spectrum and the use cases.

Not all the harmonics present have the same distribution within the same rotating
speed and between the rotating speeds. At 400RPM, many harmonics are dominated
by the worst-case scenario, the joined towels followed by the shoe case and the case
of the loose towel. The lack of presence of the other cases at 400RPM is due to the
low speed and low effect of the loading.
Regarding the distribution of the spectrum at 600RPM, the increased speed rotating
permits a different response depending on the other factors. For example, the pre-
viously dominant case of the 2 joined towels is not anymore the higher amplitude in
several harmonics. Some other modes start to appear. It can be pointed up that the
first harmonic (2f) is now way more important in the worst-case scenario whereas in
the second harmonic (3f) there is no resonance at that frequency for that scenario.
There is even the rising of peaks from the previously flat cases of the centered load.

The 100Hz peak due to the stator eccentricity is visible on every curve as explained
in Section 6.1.2 and is only surpassed by another peak only for the case of 1.5kg
joint towels are placed which is an extreme case.
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Figure 6.9: Spectral response of the various cases studied at 600RPM for the side
IMU

From these spectral results of the side IMU at low speed, the effect of leveling the
washing machine is almost negligible. For the loosen towel case a component at
twice the rotating speed appears and this component becomes prominent for the
2kg centered load and the joint towel cases. These off-centered mass cases share a
sub 100Hz spectral response. This kind of pattern could be used to detect wrong
placed mass if developed further.
Lastly, the presence of many harmonics at low speeds across the cases reinforces the
observation of slackened springs.

6.2.3 Variation of the temporal signal between the cases

Rather than displaying all the data collected, few temporal graphs are presented to
show the noticeable variation of the data for the different use cases.
A relative pertinent variation is visible on the the acceleration for the machine
containing the shoes and rotating at 1000RPM shown visible in Figure 6.10.

Figure 6.10: Shoes case Figure 6.11: Wet towel case

Figure 6.12: Temporal acceleration measurement of a full cycle of a washing machine
at 1000RPM by the side IMU for two cases

There are 4 main trends that deviate from the nominal case visible in Figure 6.5.
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First, between the water pumping and the first steady-state, peaks are visible
whereas previously only noise was visible. Those peaks in the acceleration are due
to the movement of the shoes in the machine. Second, the maximal as visible on
the vertical axes, the acceleration is overall higher in magnitude than on an empty
machine. The asymmetry of the vibration around the rest value is also to keep on
the table. Third, the acceleration and deceleration parts are the phases where the
acceleration attains the higher peaks and where the envelope is the more irregular.
Lastly, the long steady-state at 1000RPM present in Figure 6.5 is not as visible
via the vibrations in the new figure. Instead an almost constant increase of the
acceleration is visible.
The second, third and a bit of the fourth points are visible on the data from the wet
towels case at 1000RPM displayed in Figure 6.11. But the intermittent oscillation
due to the movement of the towels within the drum is at first glance not noticeable
due to the low density of the towels compared to shoes. Once the towels are joined
together, those same oscillations are visible.

6.2.4 Comparison of the data coming from the horizontal
and vertical IMU

Until now only the data from the side IMU is considered. However, the top IMU
also has its own collection of information to reveal.

Few differences can be spotted with a fast look at the superposed curves in Figure
6.13. From the batch of measurements performed, at lower rotating speeds the IMU1
on the top of the machine displays higher variation for a given speed than the IMU0
on the side. But this tendency switches as the rotating speed goes beyond 1000RPM.
Once the machine is leveled, this effect is drastically reduced. Therefore, to study
fault on the washing machine at a lower rotating speed, the top IMU could be ca-
pable to give more data whereas, at higher speeds, the side IMU would be better.
This extrapolation is done from the measured data of different cases on one machine.

In addition, during the accelerations and deceleration, the top IMU is more sensitive
to variations. This effect is visible in Figure 6.13.
But this sensibility brings some drawbacks. For example, the locking, unlocking and
pump signature vary a lot with the content of the load as well as within a cycle.
With a closer look at the comparison Figure 6.13, it is noticeable that the mean
values are not exactly superposed. This is due to the lack of calibration on both
IMUs. Without it, there is some offset and scaling but this does not change the
trends.

6.2.5 Metric analysis between speed

As presented in Section 3.2, few metrics can be computed to perform a manual
analysis of the failures. These metrics were applied on the whole measured cycle
similar to Figure 6.5 for each case. However, to keep the a coherent comparison,
the metrics were computed by speed as shown in the Appendix E and were always
normalized to observe trends rather than values.
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Figure 6.13: Comparison of the acceleration measured by both IMU at 1400RPM
for an empty and leveled washing machine. IMU0 is on the side and IMU1 on top
of the washing machine

However no additional trend can be extrapolated we some confidence due to the lack
of processing of the data (cropping and noise filtering). Since the cycle contains a
considerable number of different transients, these metrics are not as significant as
the presented in the literature. To obtain better metrics to compare, a first crop-
ping on the locking and unlocking signal shown on Figure 6.5 should be performed
to consider the true Peak and Peak to Peak value. The RMS value, Kurtosis and
Skewness have little meaning in this type of machine as they work on a multitude
of transient signals at each cycle. The metrics tables are available for the different
experiments in the Appendix E. Other useful metrics could be developed on the
envelope of the signal. The definition of those metrics and the processing of the
data to implement in a machine learning algorithm are the next mandatory steps
for this project.

With this last short-term perspective on the processing and metrics, this master
thesis results are now closed.
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Chapter 7

Discussions

Even if the developed device shows promising results, there are still some elements
to be highlighted to perform a complete assessment of the capability of the device.

7.1 Comments on the device development

First, in terms of speed transmission. The system samples and stores the data at a
rate below 2ms on average for each IMU. However, the transmission and storing of
the data between a local server and the cloud have quite some differences. The first
and main problem is the number of layers. In this laboratory setup, the information
only had a few layers to pass whereas in a realistic environment, the information
should travel from the ESP32 to a cloud server passing many more layers. To com-
pletely lever this uncertainty, adding more storage capacity to act as a buffer by
adding RAM to the microcontroller is a solution to invest further. This would en-
sure that even if the information is lost during transmission, the data can still be
sent by the device until there is an acknowledgment of the reception of the data by
the non-local server. But this requires a significant amount of fast writing memory
and may increase the cost. Another path consists of regressing to the first iteration
and completely rewriting the driving software of the IMU in C++ on the Raspberry
PI Zero 2W.

Another point where improvement is achievable is in the storing of the gyroscopic
values. In the latest microcontroller software, 3 bytes are allocated to digits under
the decimal point of each rotation rate where the noise is up to the unit. This means
that for each sampling point of each IMU, 9 bytes are wasted.

The last main shortcoming in terms of device development is the lack of calibration.
For now, the data collected is stored as captured by the IMUs. Although, as visible
in Figure 6.13 comparing the measurements of both sensors, their measured values
suffer from non-idealities of the sensors. This can be reduced drastically, by scaling
and offsetting the data via calibration factors. Performing such preprocessing would
bring the meaning of the data closer to physical reality.
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7.2 Experiments and result comments

As the validation of the device was performed using only one machine, the validity
of such a test is not statistically pertinent. Nevertheless, the exploratory part of
the capability of the device was achieved. In case of further development, similar
experiences must be performed on a variety of other machines. Variability is to be
expected, this is why a data-based algorithm is more viable to perform the fault
analysis and predictive maintenance rather than a physics-based one. Another com-
plementary approach would be to perform measurements on machines out of the
factory to gather nominal data of different cycles. This could be used as a first
step training model or to perform some higher-level comparison with non-nominal
behaviors.

Given the amount of transient in a washing machine cycle, it may be better to use
a Wavelet-based analysis on the signal rather than the FFT on a portion of it since
the Wavelet analysis is more suited to transient signals. In a real-life situation, the
amount of time where the machine is at a steady-state is not the most frequent.
This is why this fault analysis is not as trivial as for industrial rotating machines
used to work on a steady-state regime.

This last reflection is even intensified as the moment of collecting the data and ex-
tracting the tendencies is supposed to be automated. This is why a data-driven
approach using machine learning is bound to be more promising. However, it is not
accurate to think that the data can be simply inputted into the algorithm and re-
sults will magically appear. The inputs need to be filtered, processed and formatted
for such an application. This last part is yet to be performed in the framework of
this project. Some possible early processing could use PCA algorithm capable of
extracting the main features of large samples of data.

Finally, in terms of results, the results shown in the previous chapter were only done
via the norm of the total acceleration captured by the IMUs. Some more precise
information can lay in the individual measurement on each axis of the acceleration,
such as the axial oscillation of the drum on the Y-axis of the IMUs. Moreover, no
data concerning the gyroscope was used. This opens the door for sensor fusion at
various levels. The fusion could be performed from the stage of the raw data to the
fusion of the metrics for each sensor.

7.3 Commentary about the overall concept

In terms of placement, the actual device supports two IMUs, one on the top and
another on the side within the main device as explained in Paragraph 4.2. Even if
the top IMU has proved to display some useful information about the state of the
machine, its placement is not conceivable. After a discussion with an actor in the
washing machine business, the idea of having an external device with two mount-
ing points will not be adhered to by the market. Moreover, the top side IMU is
mounted using double-sided tape which is rather unreliable in the long term since
there is no mounting point. This is why in terms of realization, only the side inertial
measurement can be considered. Alternatively, with the number of bytes freed by
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this action during transmission, a more accurate IMU could be used to capture a
finer range of vibrations at a higher sampling rate.

Talking about the placement of the device, it is important to highlight that this
device will not work on constrained machines. In the case of laundromats, machines
are often stacked one to another and on top of one another. The vibration response
is different due to a lack of possible movement, dissipation, or resonance if there is
any object on top of the machine. This could be useful to detect some non-ideal
cases of small objects placed on top of the machine but could turn into a constraint
if the object is too heavy.
In terms of data storing, the current software captures the data for the whole cycle.
In the case of some deployment, the amount of data to store is going to be way too
big. Therefore some type of condensed feature must be performed to optimize the
ratio between useful features and the amount of data.
Another issue concerning data with such a device is security. The collected infor-
mation could with more development provide an estimation of the number of people
living in a house or even the presence of people in a house. This is why despite
the overall protection provided by the WiFi protocols it is mandatory to avoid any
possible correlation of the data and the user for a third party.

Lastly, using citizen science, there is no ultimate guarantee of the exactitude of the
data. For now, the user needs to input some information such as the maximum
speed of the cycle and the type of cycle. If a user selects the wrong parameter the
information collected is bound to be inaccurate for the model. This also applies if
the user touches the machine or places an object on top of the washing machine.
This further supports the use of centers to collect data and to provide a fully au-
tonomous device
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Chapter 8

Conclusion and Perspectives

To conclude this master thesis, it has been shown how it is possible to develop a
device and the system behind it capable to measure sensitive data to perform a fault
analysis. The device was developed almost within the constraining of low cost and
non-invasiveness while respecting the requirements sets in the scope of the project.
The device is capable to measure 3 degrees of acceleration and 3 degrees of rotations
rate on the side and the top of the washing machine. The technical scalability of
the system is achievable since most of the design choices were done to allow it.

The results of different use cases showed that the device was capable to detect fail-
ures from the motor, the load in the drum, and the springs while being attached
externally to the washing machine and only looking at the norm of the acceleration.
Moreover, some unexpected signals sources were also captured such as the vibration
of the water pump and the movement of the front door switch during the locking
and unlocking of the washing machine.

From these observations and studies on the type of failures of washing machines,
it is estimated that the device, with further development, can be capable to collect
data containing the symptoms of one-third of identified failure modes.

To achieve a device capable to perform by itself fault analysis, a few steps are still
to be performed.
First, more data must be captured on other washing machines to ensure that the
trends measures are not only visible in the tested washing machine.
Second, the development of some processing on the data has yet to be performed
to reduce the amount of data and to extract meaningful metrics needed for an
automated fault analysis model.
Third, an updated version of the device in terms of hardware and software must
be developed following the guidelines presented in the discussion combined with a
migration to a cloud-based system. Once this is done, a first deployment can be
performed with a controlled number of devices to collect a significant amount of
data and benefit the citizen science framework to develop a machine learning-based
fault analysis algorithm.
Following these steps, the device needed to develop a predictive maintenance model
can be considered using machine learning to reduce the number of washing machines
thrown away due to the difficulties of repairing such large appliances.
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Planning of the project
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Figure A.1: Planning of the entire project to perform predictive maintenance on
washing machines

52



Appendix B

BOM of the device

Component Quantity Unitary price Total price [e]

3D printed casing 84g 20e/kg 1.68

Heatsets M2 2 0.08e 0.16

Heatsets M2.5 3 0.08e 0.24

PCB (with BSS138) 1 9.50e 9.5

ESP32 1 8.67e 8.67

Connector Male 4 0.02e 0.08

Connector Female 4 0.02e 0.08

Pin header (1x20) 2 0.25e 0.5

Cable 1.5m 0.48e/m 0.72

MPU9250 module 2 9e 18

Magnets 4 2e 8

USB micro cable 1 6e 6

Screws 5 0.05e 0.25

Total 53.88
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PCB of the device

A A

B B

C C

D D

1

1

2

2

3

3

4

4

5

5

TITLE:
Washing Machine Interface REV: 1.0

Date: 2022-03-23

Sheet: 1/1
Drawn By: Mieszkodgb

Company: UCLouvain

PPTC201LFBN-RC
H1

11
22
33
44
55
66
77
88
99
1010
1111
1212
1313
1414
1515
1616
1717
1818
1919
2020

PPTC201LFBN-RC
H2

1 1
2 2
3 3
4 4
5 5
6 6
7 7
8 8
9 9

10 10
11 11
12 12
13 13
14 14
15 15
16 16
17 17
18 18
19 19
20 20

JST-XH-02P
3.3V_1

1

2

JST-XH-02P
3.3V_2

1

2

JST-XH-02P
3.3V_3

1

2

JST-XH-02P
3.3V_4

1

2

JST-XH-02P
5V_1

1

2

JST-XH-02P
5V_2

1

2

JST-XH-02P
5V_3

1

2

JST-XH-02P
5V_4

1

2

3.3V 5V

SDA_3.3V SDA_5V
10K
R41

10K
R42 10K

R52
10K
R51

SCL_5VSCL_3.3V

5V3.3V

10K
R02

10K
R01

ADC0_5VADC0_3.3V

5V3.3V

10K
R12

10K
R11

ADC1_5VADC1_3.3V

5V3.3V

JST-XH-02P
I2C_3.3V_4

1

2

JST-XH-02P
I2C_3.3V_3

1

2

JST-XH-02P
I2C_3.3V_2

1

2

JST-XH-02P
I2C_3.3V_1

1

2

JST-XH-02P
I2C_5V_1

1

2

JST-XH-02P
I2C_5V_2

1

2

JST-XH-02P
I2C_5V_3

1

2

JST-XH-02P
I2C_5V_4

1

2

5V

3.3VSCL_3.3V

SDA_3.3V

GND

GND

SDA_3.3V

SCL_3.3V

SCL_3.3V

SDA_3.3V

SCL_3.3V

SCL_3.3V

SDA_3.3V

SCL_3.3V

SCL_3.3V

SDA_3.3V

SCL_3.3V

SDA_5V

SCL_5V

SDA_5V

SCL_5V

SDA_5V

SCL_5V

SDA_5V

SCL_5V

ADC0_3.3V
ADC1_3.3V
ADC2_3.3V
ADC3_3.3V

3.3V 5V

ADC3_3.3V ADC3_5V
10K
R31

10K
R32

3.3V 5V

ADC2_3.3V ADC2_5V
10K
R21

10K
R22

3.3V

GND

3.3V

GND

3.3V

GND

3.3V

GND

5V

GND

5V

GND

5V

GND

5V

GND

JST XH 3
ADC0_5V

1
2
3

JST XH 3
ADC1_5V

1
2
3

JST XH 3
ADC2_5V

1
2
3

JST XH 3
ADC3_5V

1
2
3

5V

5V

5V

5V

GND

GND

GND

GND

ADC3_5V

ADC2_5V

ADC1_5V

ADC0_5V

ADC3_3.3V

ADC2_3.3V

ADC1_3.3V

ADC0_3.3V

GND

GND

GND

GND

3.3V

3.3V

3.3V

3.3V

JST XH 3
ADC0_3.3V

1
2
3

JST XH 3
ADC1_3.3V

1
2
3

JST XH 3
ADC2_3.3V

1
2
3

JST XH 3
ADC3_3.3V

1
2
3

BSS138_C193019
Q0

BSS138_C193019
Q1

BSS138_C193019
Q2

BSS138_C193019
Q3

BSS138_C193019
Q4 BSS138_C193019

Q5

LTST-C190TGKT-2A
POWER

5VGND
900Ω
R3

GPIO13

GPIO12
GPIO14

GPIO15

PZ254-1-04-Z-8.5
GPIO

11
22
33
44

GPIO13
GPIO12
GPIO14
GPIO15

PZ254-1-04-Z-8.5
GPIO1

11
22
33
44

GPIO16
GPIO17

GPIO18
GPIO19

GPIO16

GPIO18
GPIO19

GPIO17

Figure C.1: Schematics of the latest version of the device

Figure C.2: PCB of the latest version of the device not to the scale
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Device and placement

Figure D.1: Front view on the device Figure D.2: Back view on the device

Figure D.3: Placement of the device front the front, top and side view
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Appendix E

Normalized metrics from the
measurements

  

   

Figure E.1: Normalized metrics of the different use cases at each rotating speed of
the washing machine
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