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>e auTn TN JINAWWATIKN €pyacia, yiveTal ouykpIion HeBOdwWV PNXavIKNG HAdnong yia NpodeIKTIKA
ouvTtnpnon. EidikdTepa, yiverar npoBAswn yia Tnv evanopévouca w@ENUN {wn 1 Remaining
Useful Life (RUL) evog €dpdvou, oTov a&ova MIaG aveRoyevvATPIag, HE TIG €EAC peBodouc,
ahyopiBpoug classification, povréla degradation kal GUVEXNG avavéwarn, PE XPron Tou QIiATpou
Kalman. e npwTn ¢Aaon, avaAueral n Bswpia, OXETIKA PE TOUC WNXAviopoUC aoToxiag Twv
€dpdvwy, TNV PNXavikn Paenon kai Tnv npodeIKTIKN ouvTAPNON. ZUYKEKPILEVA OTN BewpnTIKN
avaluon TNG WNXavikng pdaenong kai Tng npodeIKTIKNG OuvTipnong, Yiveralr AOyoc yia Tnv
ene€epyaocia Oedopévwv kal To Feature Engineering kaBwg Kal yid TOUC GUVNBEOTEPOUC
aAyopIBOUC NOU XPNOIKOMNOIoUVTAl . XTN CUVEXEID, YIVETAI avapopd 0TO XPOVO EVANOUEVOUCAG
WPENIKNG {wnc kal eEnyouvTal BewpnTIKa ol Npoavapepbeioeg uEBodol nou Ba xpnaiponoindouv
yla TOV UNoAoyIopd TNG. Z€ auTO TO ONEIO yivovTal ol NPAKTIKOI UNoAoYIoHOI Kal apxikd yiveral
N KataAAnAn ene€epyaocia Twv OeBOUEVWV WOTE va NPOKUWEl £vag predictor Mou NEPIYPAPE! TNV
KaTaoTaon Tou £0pAvou O onoio¢ Ba avTIoToIXEl 0TO XPOVO evanopevouoac WPEAING (wnc. H
npwTn MEBODOC nou Xpnoluonoilsital €ival ol dUo aAyopiBuol classification, o Support Vector
Machines (SVM) kai o K-Nearest Neighbors (KNN) ol onoiol xwpilouv TIG TIHEG TOu predictor o€
classes avahoya pe TNV kaTAoTaon Tou dpavou. Meta xpnoiponoloUvTal duo Degradation models
TO €KOETIKO, Nou Onw¢ e&nyeital oTn Bewpia €ival To owoTO, aAAG kal yiveral dOKIUN &vOg
YPAUMIKOU HovTéAou. H TeheuTaia pEBOdOC eival n ouvexng avaveéwan He To QiATpo Kalman, To
onoio napd Tnv anAoTnTa Tou dokIPaleTal yia TV NPORAEYn Tou Xpdvou evanopevouoac (wnc.
TENOC, 0 OUYYPAPEC avalUel Ta CUPNEPACKATA TOU yia TNV anodoTIKOTNTA TNG KABe pebodou
Kabwg kar oulnTasl 10€eC yia TNV €mNAEOV €MEKTAON Kal Tn BeATioon Twv WeBOdwvV nou
Xpnoigonoinenkav.
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Abstract

In this diploma thesis, different techniques of Predictive Maintenance based on Machine Learning
are compared. In particular, the Remaining Useful Life of a ball bearing of the shaft of a Wind
Turbine was predicted with different methods: Classification algorithms, degradation models and
real time updates using a Kalman Filter. In the first half, the theory of ball bearing failure
mechanisms, predictive maintenance and machine learning is analyzed. At the second half,
different methods are implemented for the prediction of the remaining useful life. Last, the writer
comes to a conclusion about the efficiency of each method.

Key words: Machine Learning, Predictive Maintenance, Remaining Useful Life, Degradation
Models, Classification, Kalman Filter
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1.Introduction

1.1 Problem Statement

Without a doubt, ball bearings play a crucial role on the function of a machine because they
reduce friction and they absorb the applied loads. Because of these reasons, they are some of
the first parts that are checked when a machine malfunctions. Depending on the application, they
are considered expendable because they fail after a certain number of cycles of use and they are
changed frequently. But, in some cases, ball bearings may be replaced with unfavourable results,
because they might possibly come with big costs and their replacement could stop the whole
production process. For these reasons, in specific applications the failure of a ball bearing has to
be avoided and a distinctive example is that of a wind turbine. A wind turbine can not function
without a ball bearing in its shaft, so it is crucial that failure has to be avoided. Failure can be
avoided, by monitoring the condition of the ball bearing and by implementing predictive
maintenance techniques, to ensure that it functions properly. Moreover, a model that calculates
its remaining useful life (RUL), can be used so that the engineer responsible for the ball bearing,
can be informed with detail about its health condition and most importantly, know when it is
needed to take action. Knowing when action is needed is very important and it increases
productivity, because maintenance or any kind of interference can be scheduled very close to the
predicted time of malfunction. As a result, the ball bearing is utilized for the maximum available
time and also the needs for possible replacements and maintenance are minimized. Thus, time
wasted for maintenance and breakdowns and costs for maintenance are greatly reduced.

1.2 Objectives
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It is now understood, how beneficial it is to implement predictive maintenance in the ball bearing
of a wind turbine and because of that, the objective of this diploma thesis is to implement machine
learning methods for predictive maintenance using real time data and time-frequency analysis.
Specifically, the remaining useful life of a ball bearing will be predicted and estimated with
different methods in order to compare them and highlight their benefits.

1.3 Bearing failure

A sizable share of wind turbine breakdowns is caused by bearing problems. It is not unexpected
that a variety of reasons and circumstances might result in premature failure. But, using
recommended procedures, applying the right lubricant, and employing the correct materials all
significantly increase lifespans.

As it was mentioned before, bearings are necessary for wind turbine functionality, these precise
parts are frequently subjected to a range of unfavorable and even harsh working situations and
environments. Thus, endangering the dependability and productivity of a turbine as well as the
performance and its lifespan. It might be difficult to fully comprehend typical failure mechanisms
in turbine bearings since each premature bearing failure will be distinct owing to the numerous
potential reasons in the context of specific operating circumstances. Notwithstanding the
difficulties, there are ways to decrease the possibility of early bearing failures, lower maintenance
and operating costs, encourage longer bearing service life, and, ultimately, support maintaining
turbines in operation as planned. The dependability of equipment is a constant source of difficulty
for those in charge of running wind farms, and the reliability of bearings throughout a wind turbine
is a crucial component of the equation. Failure can occur, due to various root causes and threaten
bearing performance and reliability at every turn. [1],[2]

Reason of failure

The most important reason that a bearing can fail is the improper condition monitoring. It is
crucial that a bearing is monitored so that the details regarding its condition are known to the
operator. If it is not, a variety of problems can occur and the operators will not be able to act in
order to prevent such problems. Moreover, an important reason of failure is sudden stops of the
wind turbine, because they greatly strain the bearing and can help begin the deterioration early.
Generally, rapid changes in torque are the cause of strain development and that the bearing was
not designed for. In addition, ineffective lubrication causes significant friction between the roller
and the raceway thus creating excessive strain. Last but not least, environmental conditions, such
as moisture, can have detrimental consequences for wind turbine bearings. If bearings are not
effectively protected form moisture and too much is present within a turbine, rust can occur and
lubricants will become ineffective thus causing premature failure. Furthermore, moisture will
corrode the bearing and can damage electrical equipment. [3]


http://www.renewableenergyworld.com/articles/2013/06/protecting-wind-turbines-in-extreme-temperatures.html
http://www.renewableenergyworld.com/articles/2013/06/protecting-wind-turbines-in-extreme-temperatures.html
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Kinds of Failure

In various wind turbine bearing’s positions, white etching cracks can appear, as in figure 1-1.
These cracks are more common in bigger wind turbines of the megawatt and multi-megawatt
classes. These cracks, found at the end of the failure chain, appear white when acid-etched and
form within the microstructure of the steel. Microscopically, this may be seen on the surface.
Based on failure analysis, their genesis is frequently traceable to the rolling contact fatigue of a
bearing and to physical factors that might hasten rolling contact fatigue. High moment loads,
friction, heat, misalignment, and other physical factors may result in higher than expected
stresses, which may result in fatigue, or environmental factors, such as water contamination,
corrosion, and stray electrical currents, which may result in lower than expected material
strengths, which may also result in fatigue. An example of fatigue can be seen in figure 1-2. [3]

Figure 1-1 White etching Cracks [3]
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Figure 1-2 Material Fatigue [3]

When two improperly lubricated surfaces glide against one another, material is transferred from
one surface to the other, generating adhesive wear, the results of this are visible in figure 1-3.
In addition, the friction that results can heat the substance to levels that lead to rehardening.
Thus, changing the microstructure of the rollers and raceways in a bearing which accelerates the
deterioration, because of the increased stress, excessive friction, and generated heat that isn't
needed. These elements will wear a bearing down over time until it is no longer usable. [2],[3]

Micropitting, also known as surface distress, is characterized by little cracks that progressively
become larger and obstruct a bearing's smooth operation. This deterioration, is typically brought
on by insufficient lubrication and affects not just the bearings but also the gear teeth. The ensuing
damages result in concentrated stresses and excessive frictional heat, which compromise a
bearing's ability to operate. Once it starts, the cracks propagate fast, resulting in failure, spalling
(the flaking of the bearing material), and loss of bearing function.[1],[2],[3]
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Figure 1-3 Inadequate lubrication [3]

When water or other corrosive substances enter a bearing's inside, corrosion develops like in
figure 1-4. Rust can start to form on a bearing's steel surface when lubrication is not providing

enough protection, harming the bearing. A bearing is highly vulnerable to water, and only a tiny
amount of water is enough to severely reduce service life.[3]

Figure 1-4 Corrosive substance [3]

Failure Prevention

High stresses that cause fatigue can be mitigated by bearings made of premium steel and with
compressive residual stresses. Various protective heat treatments, surface treatments, coatings
and hybrid bearings incorporating incredibly hard and durable ceramic rolling elements, high-
strength stainless steel for corrosion resistance, and other measures can be taken to strengthen
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the material strength of a bearing depending on the circumstances. The rolling components and
inner and outer rings of a bearing may benefit from a specialized black oxidation treatment done
by the bearing manufacturer to increase resistance and guard mainly against adhesive wear, as
well as for several other failure modes. As the dimensions will remain the same as the bearings
that were first placed, bearings with such surface treatments can be used as upgrades and
replacements in existing turbine systems. These situations can be avoided with proper lubricant
management and regular habits. When it comes to lubricating correctly and keeping an eye out
for degrading grease or oil, contaminated water, and particle pollution, maintenance personnel
should take care to avoid over- or under-greasing, using the incorrect lubricant, and/or combining
incompatible lubricants. Need of lubrication may be significantly reduced, by using suitable sealing
design to ensure adequate amounts of lubricant remain. Correct sealing of the places where
bearings are positioned helps prevent corrosion. As preventative measures, implementing a
humidity management system and using components that are properly designed to prevent
condensation inside a system are important.[1],[2],[3]

Predictive maintenance benefits

Early identification of operational issues in wind turbines, is now made possible by Predictive
Maintenance. Measurements of numerous physical operational characteristics, such as vibration,
temperature, displacements, and others, are used to identify abnormalities. By using the data,
bearing and other component issues may be identified before they become more serious and
require corrective action.

2.Predictive Maintenance

2.1 What predictive maintenance is

In order to forecast breakdowns well, in advance of the need for immediate action, predictive
maintenance makes extensive use of process data and sophisticated analytical techniques. More
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process data becomes available with the use of ideas like Industry 4.0 or Smart Factory. As a
result, it is possible to predict the runtime of assets with increasing precision. This maintenance
strategy is typically used when substantial expenditures are incurred as a result of maintenance
or downtime. While maintenance tasks are complicated, it can also make scheduling simpler. With
this kind of industrial maintenance, businesses are able to foresee problems before they happen
and prepare the appropriate maintenance interventions and processes. The development of data
processing, analytics, and artificial intelligence has made it possible for maintenance specialists
to plan predictive maintenance based on foreseeing errors and malfunctions.[5],[6]

Predictive maintenance tracks the state of the equipment while it is in operation. The idea behind
it is to be able to anticipate when machinery is likely to break down, based on a variety of
parameters, and then lower the risk of failure by preventing failure. Correct prediction requires
condition monitoring, which is defined as continuous monitoring of equipment throughout process
conditions to guarantee optimum machine use. The application of artificial intelligence has opened
up new possibilities for predictive maintenance, since data analysis enables not only the prediction
of probable failures but also the formulation of suggestions for modifying operating conditions to
obtain the desired production outcomes. Prescriptive maintenance is the term used to describe
this maintenance approach.[5],[6]

In predictive maintenance, the engineers in charge of maintaining industrial machinery employ a
technique to forecast precisely when a piece of machinery will break down and then carry out
repair to keep the production machines operating as efficiently as possible. This makes sure that
a piece of equipment in need of repair is turned off just before it breaks, allowing the equipment
to function for the duration of the maintenance period for the maximum feasible time. This
maintenance strategy's key benefit is the cost savings, by lowering unexpected downtime and
raising production rates. The current status of equipment components is presented in real-time
statistical data, minimizing production hiccups. The time spent doing maintenance activities is
also optimized, in addition to the usage of replacement components. Since it needs the
procurement of extremely precise equipment as well as suitable software that can support the
data generated during equipment operation, predictive maintenance is regarded as the most
difficult maintenance technique. [5],[6]

Predictive maintenance also aims to extend the life span of equipment, as is the case with
preventive maintenance. The condition of machinery is monitored, using both overall and
component level analysis. This enables replacement parts to be ordered when required and
maintenance teams to continuously optimize machinery, thus increasing its longevity. Finally, a
significant benefit of predictive maintenance is the provision of an auditable documentation trail.
Because predictive maintenance involves the collection of vast amounts of data, it provides a
robust paper trail that can support warranty claims and compliance with Good Manufacturing
Practice (GMP) or ISO standards. This documentation trail provides greater transparency,
accountability and reliability for companies seeking to demonstrate the quality and reliability of
their products and services.[7]
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2.2 Comparison to other maintenance approaches

THE EVOLUTION OF MAINTENANCE STRATEGIES
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Figure 2-1 The evolution of maintenance strategies [5]

The adoption of predictive maintenance over traditional preventive maintenance is proving to be
highly advantageous for businesses across many sectors. The benefits that come with predictive
maintenance are significant and numerous. One of the primary benefits is a reduction in
maintenance costs. Predictive maintenance enables the allocation of resources and labor only
when needed, by analyzing when a machine or device actually requires attention. This is in stark
contrast to preventive maintenance, which relies on a set schedule that may not reflect the actual
status of the equipment. Another advantage is the reduction in the frequency of major equipment
failures. Predictive maintenance quickly identifies issues with equipment, enabling maintenance
crews to address the problem before it escalates and causes productivity losses. As such, major
equipment failures are greatly reduced, or avoided altogether, compared to traditional
maintenance techniques. [7]



S v
g;- ,’ /-‘; L VITORIA-GASTEIZKD
E z
[= =

INGEMIARITZA
ESKOLA
E Ria

A Universidad  Euskal Herriko
del Pais Vasco  Unibertsitatea

2.3 PM applications in industry
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Figure 2-2 Comparison of maintenance approaches [5]

The global predictive maintenance market is projected to reach a value of $6.3 billion in the next
years, as indicated in a report conducted by “Market Research Future”. This growth can be
attributed to the increasing adoption of predictive maintenance techniques in various industries.
It is already being utilized or planned to be implemented by 83% of manufacturing companies
within the next two years. A report titled "Digital Industrial Revolution with Predictive
Maintenance" revealed that 91% of manufacturers implementing predictive maintenance
experience a significant reduction in repair time and unplanned downtime. Additionally, 93% of
these manufacturers reported improvements in aging industrial infrastructure. According to
another report, the adoption of predictive maintenance in factories can yield several benefits,
including a 12% reduction in costs, a 9% improvement in uptime, a 14% decrease in safety,
health, environment, and quality risks, and a 20% extension in the lifespan of aging assets. Also,
the report provides examples of how companies like EasyJet, Transport for London (TfL), and
Nestle have leveraged predictive maintenance to enhance the efficiency of their technicians,
improve the customer experience, and minimize unplanned downtime. These real-world examples
highlight the tangible benefits that can be achieved through the implementation of predictive
maintenance strategies.[9]
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Predictive maintenance has been proven to be highly cost-effective, according to research
conducted by the US Department of Energy. By implementing predictive maintenance software,
companies can achieve significant financial gains and enjoy a remarkable return on investment
(ROI). The benefits include a substantial reduction of maintenance costs by 25% to 30%o, a drastic
decrease in breakdowns by 70% to 75%, and a notable decline in downtime by 35% to 45%. In
contrast, reactive maintenance is a traditional maintenance strategy where equipment or parts
are repaired or replaced only after they have broken down or failed. Surprisingly, many companies
still rely on reactive maintenance and organize their maintenance schedules accordingly. This
means they wait for failures or breakdowns to occur before taking action to restore the
equipment's functionality. However, this approach can be highly costly. Compared to proactive
measures such as predictive maintenance, reactive maintenance can result in expenses that are
four to five times higher. Immediate costs incurred with reactive maintenance include lost
productivity due to unexpected failures, lack of inventory backup for quick repairs, and inefficient
communication among maintenance teams. These consequences can be avoided by adopting
predictive maintenance strategies, which enable early detection of potential issues and allow for
proactive measures to be taken before failures occur.[10]

Those in leadership roles in businesses that rely on complicated machines or devices understand
the necessity of regular upkeep to ensure smooth operation. Failing to perform maintenance can
result in machinery breakdown, which can be costly and lead to downtime. Regular inspections
and adjustments, known as preventive maintenance, are common practice. However, the practice
of predictive maintenance seeks to improve upon these efforts by being more efficient and cost-
effective. When machines unexpectedly break down, it can result in unintended downtime, lower
productivity and unexpected expenses. Predictive maintenance aims to proactively address these
issues, minimizing impact on customers. Ultimately, predictive maintenance optimizes machine
conditions, reducing downtime and positively impacting the business's bottom line.[7],[10]

2.4 Condition Monitoring

Initially, in order to ensure optimal performance and minimize downtime, it is crucial to identify
the conditions that need to be monitored for each machine. This analysis may involve visual
inspections, auditory checks, thermal observations, or a combination of these and other criteria.
The next technological step is to determine the correct sensors and monitoring tools that need to
be installed for each machine.[8]

Vibration analysis is an effective method for predicting potential problems with machinery. By
analyzing small changes in vibration patterns, imbalances or misalignments can be identified,
while high levels of vibration may indicate issues with bearings or other machine components.
Vibration analysis can detect these issues early on, allowing for prompt corrective action to be
taken. Sound and ultrasonic analysis can also provide valuable insights by identifying changes in
normal sound patterns that may indicate wear or other types of deterioration. Ultrasonic analysis
enables the assessment of a system's wellbeing by converting high-frequency noises, such as
those resulting from the escape of steam or air, into sounds that can be heard. Infrared analysis
is another method that can uncover hidden issues. By using thermography to translate
temperature changes into a visible spectrum, even slight deviations from normal operational



i atd st VITORIA-GASTEIZKO

v
& 4 2
3 93 = INGENIARITZA
2 z ESKOLA
o, ~ ESCUELA

A Universidad  Euskal Herriko
del Pais Vasco  Unibertsitatea

temperatures can provide early warning signs of impending problems. Fluid analysis is essential
for the proper maintenance of machinery. Apart from just observing fluid quantities and
temperature, assessing fluids through physical and chemical analysis can offer valuable insights
about the state of mechanical parts. This analysis can detect any deterioration in coolants and
lubricants, and appropriate precautions can be taken in time. Diverse predictive maintenance
technologies are accessible to address the specific requirements of different industries. These
comprise laser alignment, monitoring electrical circuits, identifying fractures, scrutinizing
corrosion, and measuring electrical resistance. [8]



& %,
& ,.’ - e VITORIA-GASTEIZKO
5 won = INBGI:NIAHII‘{A
c " = .E,“?_SOLA L
A Universidad  Euskal Herriko DE
del Pais Vasco  Unibertsitatea DEWVITC GABTEIZ

3.Machine Learning

Machine Learning is a subset of Artificial Intelligence (Al) and as a component of Al, machine
learning enables computers to automatically learn from experience and develop without having
to be programmed for anything. The creation of computer processes that can utilize data and
learn from it independently is the focus of machine learning. In order to detect patterns in the
data and build a knowledge base that can be utilized to make judgments in the future, learning
as a process begins with the observation of data in the form of examples or some other sort of
instruction.[11]

It is understood that machine learning’s primary goal is to enable computer systems to
automatically learn without human intervention or input while also enabling them to adapt to the
demands of various situations. Computers may learn automatically without special programming
or human interaction thanks to machine learning, which allows them to modify their behavior
accordingly. They are able to learn and develop fundamental behavioral patterns for various
classes, train the data, and provide predictions for them through exploratory data analysis and
the use of computer algorithms. To identify patterns in the data and make the best judgments
moving forward based on the examples, the learning process starts with observations that are
examples or empirical outcomes. Given that each of the aforementioned concepts employ
classification and regression, machine learning and exploratory data analysis are complementary
ideas. Hence, Machine Learning retains the benefits that computers provide while also being tied
to mathematical optimization approaches. As a result, machine learning is the process of building
models or patterns using a dataset and a computer system. Classification and regression are the
most well-known approaches that have been created and employed, depending on the nature of
the problem. [11]

Supervised learning

The ability of a machine learning model to learn the function that translates an input into an
output based on examples of input-output pairs is called Supervised Learning. A model of this
type takes the function from a labeled data set made up of training samples. In supervised
learning, each sample consists of an input item and a target value. The training data are examined
by such an algorithm, which then deduces a function that may be applied to assign fresh samples.
The program should ideally be able to correctly predict the label from unidentified samples.[12]

Unsupervised Learning

Unsupervised learning is a sort of algorithm that looks for patterns in uncategorized data. The
objective is to force the machine to imitate, which is a crucial aspect of learning for humans, in
order to construct an internal perspective of its surroundings, and then use that internal view to
make content. It differs from supervised learning in that the computer organizes the data instead
of a human expert by identifying patterns in the form of probability density functions. [12]
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Partial supervision learning

A large family of machine learning algorithms known as semi-supervised learning makes use of
both labeled and unlabeled data concurrently. This makes it a combination of supervised and
unsupervised learning techniques. Partial supervised learning's central concept is to use data in
different ways depending on whether or not they are labeled. In the case of labeled data, the
method updates the model weights using supervised learning; in the case of unlabeled data, on
the contrary, the approach minimizes the difference in predictions across comparable data. [12]

3.1 Data Analysis and Feature Engineering
3.1.1 Data preprocessing

The inductive links between the variables are significant. This implies that when one variable
changes, it is only natural for another to do so as well. Finding the connections between the data
and the speed at which these connections may be made are two difficulties that arise. The precise
use of the appropriate tools and models for each data set, is essential to the validity of these
linkages. Data preprocessing consists of a set of procedures that help to obtain a better picture
of the data. The most common problem found in data encountered by analysts is the presence
of noise. Noise in data is the existence of incorrect values within a data set resulting from data
mining. Data that has errors and outliers, i.e., unhelpful information, is classified as noisy and
can confuse the mining algorithms, and therefore needs to be addressed at the preprocessing
stage.[5]

3.1.2 Mathematical transformations

The preprocessing of data plays a crucial role in building an effective prediction model. It is
essential to ensure that the data is in a manageable and suitable form for accurate analysis.
Different models may have varying requirements for data processing, ranging from no processing
at all to specific data transformations. One common aspect of data processing is the need for all
the variables to be on the same scale or possess certain characteristics, such as symmetry. This
ensures that the model can effectively interpret and utilize the data. To achieve this, several
widely used methods are employed, including centering, scaling, and skewness removal.[13],[14]

Centering involves subtracting the average value from each data point of a predictor variable.
This process effectively shifts the distribution to have a zero mean. By doing so, the model can
focus on the relative differences between data points rather than absolute values. [13],[14]

Scaling, on the other hand, aims to normalize the variables by dividing each value by the standard
deviation. This results in the predictor variables having a common standard deviation of one.
Scaling is particularly useful when the variables have different scales or units, as it brings them
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to a consistent level for analysis. It ensures that no single variable dominates the model due to
its larger scale.[13],[14]

Skewness removal is employed when the distribution of the data is skewed, meaning it is
asymmetrical. In such cases, transforming the data using mathematical functions can help
achieve a more symmetric distribution. Common transformations include applying the logarithm,
square root, or inverse functions to the data. These transformations can mitigate the impact of
extreme values and promote a more balanced distribution, which is beneficial for prediction
models.[13],[14]

When the values are distributed symmetrically or closely resemble a symmetric distribution, they
exhibit a more desirable behavior in prediction models. Symmetric distributions tend to align with
the assumptions made by many statis