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MawmHHoOe o6yuyeHune: HaBblKU U pa3aesbl

Artificial Intelligence
Machine Maths &

Learning Statistics

_ Machine Learning
Data Science

Data

: Neural Networks
Analysis

Traditional
Software

Deep Neural Networks/

Big Data Deep Learning
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Data Science vs Machine Learning

Data Science

Field that determines the
processes, systems, and
tools needed to transform
datainto insights to be
applied to various
industries.

Skills needed:
e Statistics
Data visualizatiom
Coding skills (Python/R)
Machine learning
SQL/NoSQL
Data wrangling

dWS$s

\-;'7

Machine learning is part
of data science. Its
algorithms train on data
delivered by data science
to "learn."

Skills needed:
* Math, statistics, and
probability
« Comfortable working
with data
* Programming skills

Machine
Learning

Field of artificial
intelligence (Al) that gives
machines the human-like
capability to learn and
adapt through statistical
models and algorithms.

Skills needed:

e Programming skills
(Python, SQL, Java)

e Statistics and
probability

e Prototyping

e Data modeling

* MawwuHHoe obyueHne — HayKa O pa3paboTKe arOPUTMOB U CTaTUCTUYECKUX MOAENEN, KOTOPbIE

KOMMbOTEPHbIE CUCTEMbBI UCMNOJIb3YHOT A/14 BbINO/IHEHUA 3a44a4, NOJ/1araACb Ha LWabNOHbI B AaHHDbIX.
" BbifBAsA WabioHbI B AaHHbIX, CUCTEMbI MOTYT NMPOrHO3NPOBATb pPe3y/ibTaTbl HA OCHOBE 3a4adHHOIO Ha60pa BXOA4HbIX
AaHHbIX. Hanpumep, O6y‘-IVITb meagnumnHCcroe npuaoxeHne AnarHoCtTnupoBaTb NO PEHTTEHOBCKNM M306pa)KEHVIHN\, COXpaHAA

MUNNNOHbI OTCKAaHUPOBAHHDbIX M3O6pa)-KEHMl71 N cooTBeTCTByrOWME ANArHO3bl.



MHCTpYyMeHTbl paboTbl C AaHHbIMMU
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'\_I Power Bl 15 Grafana ffptableau
l\/lloosoft GOOgle - Google
Dynamlcs 365 Analytlcs P, Data StUd|O

@ @, python’ Google

Big Query
amazon Ml \icrosoft R
REDSHIFT Wl Azure MysaLs teradata.
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Top Ten Data Science Tools and Technologies in 2022

Data Science bi ' @ @
Tools and : :
\ Technologies & Excel @ Matplotlib
6 Tableau 0
TensorFlow Matlab
https://www.bacancytechnology.com/blog/data-science- https://medium.com/javarevisited/10-essential-tools-

for-business data-scientists-should-learn-in-2022-acbae6558643



https://www.bacancytechnology.com/blog/data-science-for-business
https://medium.com/javarevisited/10-essential-tools-data-scientists-should-learn-in-2022-acbae6558643

NMpoeKkT MallMHHOIro obyueHus

Business
Understanding -

\\_\__//J Data

Collection

Maodel

Deployment

Data Science

Lifecycle bata

Preparation

Exploratory
Data Analysis

Modeling

Cross Industry Process for Data Mining,
CRISP-DM

IBM Knowledge Center, CRISP-DM Help Overview

IlocTanoBKa 3agaun
COop 1aHHBIX

IToroToBKa JaHHBIX (OTCYTCTBYIOIIHE
3HAYEeHHUs], OIITMOKHN, AaHOMAJIMH,
co3aaHue/ynajieHue arpudyToB)

Teie mudel on sama hea kui teie andmed

IIpexBapuTeabHbINH aHAIU3 (H3yUeHHE
pacrnpeaejaeHHid U cBsI3eil)

KoHcTpyupoBanue mojiesiu (BbIOOP ajropurma,
HACTPOIiKa mapaMeTpoB)

BaauaupoBanue Mojaesin (TeCTOBbIE TaHHBIE,
METPHKH)

I/IMHJ'IeMeHTI/IpOBaHI/Ie MOI€JIN, HCIITPABJICHHUC


https://www.ibm.com/support/knowledgecenter/SS3RA7_sub/modeler_crispdm_ddita/clementine/crisp_help/crisp_overview.html?utm_email=Email&utm_source=Nurture&utm_content=000026UJ&utm_term=10006555&utm_campaign=PLACEHOLDER&utm_id=SkillsNetwork-Courses-IBMDeveloperSkillsNetwork-DS0103EN-SkillsNetwork-20083987

Moaenb MalLMHHOIro obyueHus

Variables
|
[ |
DATAS ET Store Sales |Customers| Refunds
B 1 14 9 3
2 19 13 4
3 22 19 4
Cases
4 24 20 3
5 29 26 8
~ 6 6
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Buabl MaWWMHHOIo obyyeHus

[ MACHINE LEARNING }

LEARNING

LEARNING

SUPERVISED {UHSUPER\!’ISED}

[CI.ASSIFICATIDN} [ REGRESSION } [ CLUSTERING ]
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Buabl MaWWMHHOIo obyyeHus
Top Algorithms For Data Scientists

A Data Principal
L Eiair _ Component

Analysis

Logistic
Regression

— Decision

/ Trees
Support Vector —
Machines p

w— Recurrent Neural
Networks

Linear
Regression

K-Means
Clustering

Artificial Neural

Networks

SUPERVISED | UNSUPERVISED
LEARNING LEARNING

Unsupervised

O Regression O Clustering
* Linear regression * K-means
# Generalized linear regression » Bisecting K-means
* |sotonicregression * Streaming K-means
= Sunvivalregression. * Gaussian miture model.
O Classification U Dimensionality reduction
= Supportvector machine * Principal component analysis
Maive Bayes * Singularvalue decomposiion.

Logistic regression
Decisiontrees
Gradient boostedtrees
Random forest.

b G G GO

Supervised Learning
10 MAaPKHPOBAHHBIM
TAHHbIM

(X, Xy oo, Xy Y)
CO3JaHUEC MOoAC/ I NJIA
MPOrHO3UPOBaHus Y

Unsupervised Learning
10 HEMAPKHMPOBAHHbIM
TAHHBIM

(Xg, Xoy woes Xyr)
BbIsSIBJICHUE IA0JIOHOB U
3aKOHOMEPHOCTEH
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Moapenn MmawmMHHOro obyueHus

o Mopeanb perpeccuu
o0y4yeHHe HA pa3Me4YeHHbIX JTaHHBIX

(Xy, Xy ooy X1, Y), e Y unciioBasi nepeMennasi. lleanb: mosydyenue
Hau0oJIee TOYHOI0 MPOrHO3a MJIH MOJEJIH ¢ MUHMMAJIbLHON OIINOKOMN

RMSE.

Input

A
e Rules
X= [)(1, XE’ ceny }(p] |:> f(X) e Algorithms

e Formulas

Output

> Y(x)

X, numeric or categorical

o Moaeyab KIaccu(PpUKAAA
o0yueHHe Ha pa3MeYeHHbIX JaHHBIX
(Xy Xy ooy X1y Y), 1€ Y KaTeropHasi nepeMeHHasl.

numeric

Eesmark: moaydyenue Moaeau AJ1s1 MpeCKA3aHUs MPABUJIBHOTO

KJacca ¢ HauodoJIbIIeH BEPOSATHOCTHIO.

Input

X = [Xgs Xo0 ooy X ] :> é(x) : Algortms

Formulas

X, numeric or categorical

Output
:> y(X)

categorical

12



AnNropntMmbl MalLMHHOIO o6byueHus

Neural Networks Mach l_ne
Learning

Cornvelutianal Neural
Networks

Cfustering

https://towardsdatascience.com/mars-multivariate-adaptive-regression-splines-how-to-improve-on-linear-regression-

ele/ab3cbeae
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https://towardsdatascience.com/mars-multivariate-adaptive-regression-splines-how-to-improve-on-linear-regression-e1e7a63c5eae

ANroputMbl MalULMHHOIro obyueHus

o Moaeanb (JIMHeIiHOI1) perpeccuu

Y=XB+e=B+BX,+B, X, +..* B X +¢&
Simple linear model Polynomial model

Y.ﬂ\

|
y=botbx+box,?
v
>
X X

Underfitting - Balanced Overfitting

14



Moaenun knaccmpukauumm

o Jlorucruyeckasi perpeccust

s

m( b }ZbDerleer?X?Jr...erX
(1 £ £ PP

—P)

1
P = o o (botbyxy +byxyttbyxy)

y=20 e 4 &

0:negatiivne klass (mees)
1: positiivne klass (naine)

yE{0,1}={



Moaenun knaccmpukauumm

o SVM - Support vector machines — meToa onopHbIX BEKTOPOB

support vectors

16



M

oAenu Knaccmdpukaumm

o SVM - Support vector machines — meToa onopHbIX BEKTOPOB

Lot size (standardized)

3amauya onTUMHA3AIMA

Income (standardized)

maximize M

ﬁﬂ':.ﬂ| e 'JlSF

subject to

Owns a riding
mower?

® Yes
A No

x2

-0.5

P

j=1

B =1,
Yi (Bo+ Brzin + -+ Bpzip) = M, i=1,2,...,

Kernel trick

Original feature space

Enlarged feature space Non-linear decision boundary

0.5 4

0.0 +
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Moaenun knaccmpukauumm

o JlepeBbsi pelIeHHUii Entr0py - Z_ Pi lc’gz Pi

Decision Tree:
Should | accept a new
job offer?

Y

root node

decision nodes

Gini=1—)_ (p,)

i=1

leaf nodes

©066 G660 66060

Impurity: madal keskmine kérge

Entropy: -1log,1 =0 -1/4log,1/4 -3/4l0g,3/4 -2*%2/4log,2/4= 1 18
= 0.81




Moaenun knaccmpukauumm

o Random Forest

Random V J \

Random Forest Simplified

Instance

Clalss-B

x
Ve

\

Tree-n

Class-B

Majority-Voting

Final-Class

Boosting

<1_'1'a.1'.ni1:1g Sampla ——*ML f;

@eighted Samp@ E- fE

l ML
(Weighted 531::11:1&) —_ fM

Ty

o

_-_-_'_'_'_'—-—l-

f
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Moaenun knaccmpukauumm

o Neural Networks

Multiple hidden layers
Process hierarchical features

Input

NS T \NeSSH N
ek o % 0,4 WS/ =)
S YSRGS
LRI BN
7

s, ‘
N
S— X R —__ X
Y e e
AT RN, AT RN
SR\ @A @SR 5

KOl ’/"‘:‘0 :

N ‘vn' DANTR RN
RN JHOARY
\\l SN @7 N
=, ’,“\\\\T N VAN V/

Nl
N\
N g N

p
P(yi = CkIX = x) = Go(ar + ) Widn(@n + ) winxy))
h j=1
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Moaenun knaccmpukauumm

p
o Neural Networks P = CKIX = %) = Go (@ + ) Wiaen(@n + ) Winxi)))
h j=1

= ¢, - b,

Linear activation Logistic activation
diz\=2z . ‘(z).“:_‘ O SlngId m
/ :
/ = o (hyperbolic tangent +1)/2
0 s
Yahald atieation [Hyperbolic tangent activation P(Calabria|X = x)
_2”‘
: L i 220, o _l-e _
ol [‘L ¥ 2<0. plu)=ranaipu)= iTe-’:T’T P(Coastal — Sardinia|X = x)
1
1 /
i) > P(Umbria|X = x)
4
— s =t . _
-1 P(West — Liguria|X = x)




paimitic
Imitoleic
stearic
oleic
linoleic
linolenic
rachidic
0SENoIc

Moaenun knaccmpukauumm

o Neural Networks

SHNTERE TR =

Calabria
Coast.S
East lLig
Inland.S
North A|
Sicily
South A
Umbria
West Li
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BanvnaunpoBaHue Mmoaenu

o Cross-Validation

C 1k ) 1—1/k )
TG

( 1—1,:’,1;: (1/k )

data_train data_wval

[C] Validation Set
. Training Set

Round 1

Round 2 Round 3 Round 10

vaklidatio
n::mq: 93%

90% 91% 95%

Final Accuracy = Average(Round 1, Round 2, ...)

23



BanvanpoBaHue Mmoaenu

o Mertpuku perpeccuu

Metric Definition

L -
RMSE MSE = - ;(yz — ¥i)

1 & R
MAE o~ Zl lyi — il
1=

. SSE
~ SST

with sum of squares total (SST) and
errors (SSE) defined as:

2 = _
R « SST=) (y:i—¥)
i=1

« SSE= (ys — )’
=1

Interpretation

Root mean square error

Mean average error

Proportion of the variance that
is explained by the model

24



BanvanpoBaHue Mmoaenu

o MeTrpuku KjIaccu(puKannu

Actual Class
A

Predicted Class
ol =Y
Positive Negative
. » False Negative (FN) Sensitivity
Positive True Positive (TP) - " TP
ype 11 Erron TP+ FN)
_ False Positive (FP) , Specificity
Negative e True Negative (TN) TN
vpe I Erron TN + FP)
. Negative Predictive Accuracy
Precision
b Value TP+ TN
et TN (TP +TN + FP + FN)
(TP + FP) L
(TN + FN)

Metric
Confusion

matrix

Accuracy

Precision

Recall
Sensitivity

TPR
Specificity
TNR

F1 score

Matthew's
correlation
coefficient

Receiving
operating
curve

AUC

Definition

Matrix of TP, FP, TN, FN
TP

TP + FP
TP

TP + FP

TP
TP + FN

TN
TN + FP

2TP
2TP + FP + FN

TPxTN-FPxFN

(TP+FP)(IP+FN)(IN+FP)(IN1FN)

Plot with TPR wrt FPR for
different cutoff values

Area under the curve that plots

TPR wrt FPR

Interpretation

Granular view of model
performance

How accurate positive
predictions are

How accurate positive
predictions are

Coverage of actual positive
samples

Coverage of actual negative
samples

Harmonic mean of precision
and recall

Hybrid metric between -1
and 1, useful for
unbalanced classes

Identity line is a random
guess classifier.

Value between 0 and 1,
where 0.5 is equivalent of a
classifier that makes
random predictions.



BanvnaunpoBaHue Mmoaenu

o MeTrpuku KjIaccupuKannu

True | True)

TRUE POSITINE RATE

ivity = P(pred=

Sensitivity

ROC CURVE

\O=

S
®
1

O
o~
[

9
¢
1

O
o
[

0O0=

PERFECT CLASSIFIER

] v ] 1
0.0 0.2 oy 0.6 0.8 \.O

FALSE POSITIVE RATE

1 — specifity = P(pred=True | False)
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MawunHHOe obyuyeHMe Ha npeanpusaTumn
Real-Time Data Processing and Analytics

Fault Detection

vl
%

Predictive Maintenance \

AN
— I

~~ Observations

Cloud | Datacenters
Fog | Nodes
Edge | Devices

¢ ’ ‘ ‘ \ Human-Machine

Training Datasets

ML Algorithms

I

¥

Fault Prediction and

Action Selectlon
f"‘ h .

Interaction
o olll
g
G217

/ Security (A

/

Thread Detection
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MeToabl AMAarHOCTUKM HENCNPAaBHOCTEN

Diagnosis
methods

Process
history-based

‘ Signal ‘ Artificial
Processing Intelligence

Machine
Leaming

The different methods in fault diagnosis

Analytic or
physical

_ model-based

28



MeToabl AMAarHOCTUKM HENCNPAaBHOCTEN: NpuMepbl

Rolling Element Bearing Fault Diagnosis

. machines MbP1|

Article

Fault Detecting Accuracy of Mechanical Damages in
D Rolling Bearings

A
v

Karolina Kudelina -*(, Tatjana Baraikova 2, Veroonika Shirokova 2, Toomas Vaimann ! and Anton Rassélkin 100

E Output

shaft

Inner race affected by crack
(Exaggerated)

Ball bearing cross-section (Magnified)

Figure 8. Studied bearings with different damages: (a) healthy bearing, (b) bearing with damaged
inner ring, (¢) damaged outer ring, (d) damaged cage, (e) complex damage, and (f) material fatigue.

29



MeToabl AMAarHOCTUKM HENCNPAaBHOCTEN: NpuMepbl

Rolling Element Bearing Fault Diagnosis

o USB
e o
Signal from 000 o - ; » @%@ LUCIA program
one sensors Amplifier Multimeter Visualization
(o5 N
v Personal computer
Test bench LUCIA to MATLAB
‘ data transfer
Signal from Monitoring
different sensors

| . C=—X0)

LD DIDATICS
environment
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MeTtoabl AMAarHOCTUKN HEUCNPABHOCTEN: NpMMepbl

Rolling Element Bearing Fault Diagnosis

Raw Signal: Inner Race Fault

e — ) fm i

o 2 1 1 il 1 2 1 1 il
0.04 0042 0044 0.046 0048 005 0052 0.054 0056 0.058 0.06 0.04 0.042 0044 0046 0048 0.05 0.052 0.054 0.056 0.058 0.06

Time (s)
0.014 Envolopo Spoctrum lnnor Raeo Fault 0.014 Emnlopo Spocwm lnnor Rm Fault
AR Emelopa Spectrum | : : ‘ — Envelope Spectrum
- BPFI Harmomes \ | BPF| Harmomca
0.012 0.012 | i
FFT 0.1 001} i ! ; '
8 I
%ooos { gooosr I ||.l 1 1 l
Q : il | ! |
E | || X 81.0545 -
S xzmaamr | | | ‘
% | Y 0.00583549 p9.375
‘ 3 0.006 § 0 Y 000547 » 550129 Ps
o
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JiY
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() (d)

Figure 16. Vibration spectra of faulty bearings: (a) damaged outer ring, (b) damaged cage, (c) complex
damage, and (d) material fatigue.
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MeToabl AMAarHOCTUKM HENCNPAaBHOCTEN: NpuMepbl

Rolling Element Bearing Fault Diagnosis Using Deep Learning

= pretrained SqueezeNet convolutional neural network

5 = SqueezeNet has been trained on over a million images
— »dle— 4 . . | Vibration Eign:rl
N
&
Aq E
j! Output {EE'
shaft
_ Inner race affected by crack -4 : . L L . ! . :
s (Exaggerated) 0 001 002 003 004 005 006 007 008 003 01

Time (s)

Ball bearing cross-section (Magnified)

Frequency (Hz)

—

https://se.mathworks.com/help/predmaint/ug/rolling-
element-bearing-fault-diagnosis-using-deep-learning.html

=

=

001 002 003 004 005 0068 007 008 009 04
Time (s)
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https://se.mathworks.com/help/predmaint/ug/rolling-element-bearing-fault-diagnosis-using-deep-learning.html

MeTtoabl AMAarHOCTUKM HEUCNnpaBHOCTEN: NpUMepbI

Rolling Element Bearing Fault Diagnosis Using Deep Learning

Inner Race Fault

= accuracy = 0.9957

= average accuracy ~98%

Mormal

True Class

Cuter Race Fault

Inner Race Fault Mormal Cuter Race Fault
Fredicted Class

https://se.mathworks.com/help/predmaint/ug/rolling-
element-bearing-fault-diagnosis-using-deep-learning.html
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MeToabl AMAarHOCTUKM HENCNPAaBHOCTEN: NpuMepbl

Broken Rotor Fault Detection in AC Induction Motors Using Vibration and Electrical Signals

20 . . Flres = 7.4|237 Hz ‘

05 Analytic Envelope

asynchronous
motor

signal
0.4 envelope | -

-
o

rotating
torque meter

-y
o o

DC machine Fault frequency region of interest

)
o

Power Spectrum (dB)
o & A b .
o o o o

4
o
:

0 100 200 300 400 500 600 700 800

)
<)

0 0.5 1 1.5 2 2.5 3 3.5
Frequency (kHz)

Ia Vib_acpi Vib _acpi enw Ia _env_ps Health Load

{58e01x1 timetable]} 176@81x1 timetable} {7681x%x1 timetable} {25081x2 double} "healthy" "torqueds™

https://se.mathworks.com/help/predmaint/ug/broken-rotor-fault-detection-in-ac-induction-motors-using-vibration-and- -
electrical-signals.html



https://se.mathworks.com/help/predmaint/ug/broken-rotor-fault-detection-in-ac-induction-motors-using-vibration-and-electrical-signals.html

MeToabl AMAarHOCTUKM HENCNPAaBHOCTEN: NpuMepbl

Broken Rotor Fault Detection in AC Induction Motors Using Vibration and Electrical Signals

= Diagnostic Feature Designer App

4\ Diagnostic Feature Designer

e e VSl FEATURE RANKIMNG

(T T

Rank By

B | &

Sart By

Suparvissd  Unsupervised Prognostic =
Ranking * Ranking = Ranking = [:eall:h

Delete Export

~ | [One-way ANOVA o) e

= Classification Learner App

METHODS CONDITION SORT SCORE | EXPORT
¥ Variablzs o Signal Trace: Vib_acpi_snw/Data Feature Ranking: FeasfureTable! »  Frequency-Domain Festures: la_env_ps/Col2

Current Frame Paolicy: Full Signal
Current Independant Vanabla: Time (secongs)

[ Data <

= Ensemble Statistics
~ Full Signal
= Vib_acpi_env_mean
H Datz
= [ Spectia
~ Full Signal
- la_env_ps
M coiz
= \Vib_acpi_env_ps
. SpectrumData
- f{j Features
- FeatureTable1
- la_env_ps_fault

PeakAmpl -
+ Datalls ]
Derved From: Imperted
Independent Variable:  1Time (HzZ}
Frame Policy: Full Signal
Datasat: Ensamibial (30 Mambers)

Features Sorted by Importance

[ Cne-way ANCVA

One-way ANOVA |

= Tree model accuracy = 94%

Feature

Vib_acpi_env_res_isfeat/03 1630376 ~
Vib_acpi_env_tsfeatiQ3 162.1384
Vib_acpi_eny_res_lsfeatQrR 152.8189
Vib_acpi_env_tsfeallIOR 145 8555
Vib_acpi_snw_tsproc_tsfeat10R 141.2140
la_env_ps_fauli’FeakAmp3 136.8777
la_env_ps_fauliPeakAmpd 136.8777
Vib_acpi_eny_sigstatsMaan 1223471
Vib_acpi_eny_res_sigstalsMean 122 3471
Vib_acpi_snv_tsproc_tsfeatMinimum 1147290
Vib_acpi_gnv_tsproc_tsfeatiQd 1146925
Vib_acpi_eny_tsfaatiMedian 114.3309
Vib_scpi_sny_res_lsfaal/Madian 111.2085
Vib_acpi_snv_ps_spec/BandPower 103.9842
Vib_acpi_snv_tsproc_tsfeatiQn B3.4685
Vib_acpi_env_tsfeat'Q1 690394
Vib_acpi_eny_res_lsfeaiQl §6.7263
la_env_pe_faultEandFower3 62 8795

1 la_sny_n= fAaulfRandPowerd f2 795 T

4\ Classification Learner for Predictive Maintenance - untitled”™

9f 3 open B & % B ] Sommay || [ =
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Sortby: | Modal Numbar *|[1)(1] =/ Summary | Scatter Piot = | Validation Confusion Maliix =
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w
L
?’ broken_bar_3 1 1
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https://se.mathworks.com/help/predmaint/ug/broken-rotor-fault-detection-in-ac-induction-motors-using-vibration-and-

electrical-signals.html
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Loss Distribution

Bearing Failure Anomaly Detection (Python Keras and :
TensorFlow) .

Bearing Sensor Test Data

—— Bearing 1 8
—— Bearing 2

04 —— Bearing3
—— Bearing 4 s
0.3 4
02 2
o
0.1 _m‘ 03 04 05
=S O A SO0 W
0.0
02-1512 02-16 00 02-16 12 02-17 00 02-17 12 02-18 00 02-18 12 02-19 00 10'
Bearing1 Bearing2 Bearing3 Bearing4
2004-02-12 10:52:39 0.060236 0.074227 0.083926 0.044443

2004-02-12 11:02:39  0.061455 0.073844 0.084457 0.045081

2004-02-12 11:12:39  0.061361 0.075609 0.082837 0.045118 w
2004-02-1211:22:39 0.061865 0.073279 0.084879 0.044172
2004-02-1211:32:39 0.061944 0.074583 0.082626 0.044859 i

0.1,\0

e

2

"P,,o't'd e

2 N
o o®

# #" #* -
* LSTM network - RNN koTopblit 06pabaTbiBaeT BXOAHblEe AaHHble, Nepebupas BpeMeHHble Larn 1 06HOBNAA COCTOAHNE
ceTn. CoaepXXuT nHpopmMaumto 3a BCe npeabiaywme BpeMeHHble warn. MoXXHO Ucrnonb3oBaTbh A1 NPOrHOo3MpoBaHus

nocne,u,yrou.l,wx 3Ha4YeHumn BpeMeHHOFO pﬂ,u,a I/ICI'IOJ'Ib3yFI npep,bl,u,yu.q,me BpeMeHHbIe warm B Kad4ectBe BXOA4HbIX OAHHDbIX.
https://qithub.com/BLarzalere/LSTM-Autoencoder-for-Anomaly-Detection
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Metoodika

Programmeerimiskeel

CFB katla digeaegne lekke tuvastamine masinadppe abil

Valmet DNA

AspenTech

infoplus.21 DNA - th
. : I
R —— LTI Excel Macro Valmet I." python Andmekaevandamine

Arengukeskkond

OR

IEC 61131-3 KKS:“H?L*CF*AV“
operatiivpaeviku
ja opinfo andmed

Analiiiis ja jareldus

EDASI SAMM LOGIT
OTSUSTUSMETS

il Tugivektor-masinaid (TVM)

Klassifitseerimise mudeli
valik

Vladislav Zaitsev
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CFB katla digeaegne lekke tuvastamine masinadppe abil

Vladislav Zaitsev

Valem:

HI1LEKE =-0.091570342
+ HILAESOCF201. awv *

+ HILAFLOCF201.av *

+ HOLC)3OCR201 av *

+ HZLAFLOCF201.av *

+ HOLBCS5CF201 awv *
+ HOLBGO1CF201 *

+ HILCQLOCF201.av *
+ HILBBI1OCFE0] av *

+ HILAESOCFZ01.av *

+ HOMEA_ CE203X0Q13 av *
+ HOLC+ HIGCF201.av *
+ HOLCEZOCF201.av *

+ HILABBOCF201 . av *

+ HOLCA4AOCFS01.av *

+ HOLACODCFO01XO 12 av *
+ HZLBA1OCFS01.av *

+ HILBA1OCF201. av *

+ HZLABBOCFS01. av *

+ HZLBB10CF201.av *

+ HZLAESBOCF201 . av *

+ HZLAESOCFZ01.av *

Logit mudel

-2.594089826 +
-1.01012589 +
0267352318 +
-3.026367989 +
0487359665 +
-0.017021171 +
-1.95875418 +
0632698247 +
1.052166265 +
000096767 +
-0.117488671 +
0495062174 +
-0.03446414 +
0.06180533 +
0125157848 +
0.028837113 +
-0.285148399 +
-0.522211265 +
0237361717 +
-1.152452154 +
2582788892

Logit

Tegelik

1 0

Mudel

1059 230

tulemus

286 1153

ROC Curve

0.811

AUROC: 0.878

0t
1-Specificity (FPR)
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Application of Machine Learning Methods to Industrial Equipment Fault Detection

Task:

» Develop a methodology for detecting faults and
technology for its implementation on the example of the
enterprise Enefit Power AS.

» The oil plant Enefit 280 turbine was chosen as the object
of the research.

The samples contain the sensor measurements as:

» turbine speed
» control signal to control valve 1  » feedback signal from valve 2
» control signal to control valve 2  » feedback signal from valve 3
» control signal to control valve 4 » output signal of the turbine controller
» feedback signal from valve 1 » electrical load of the turbine

» turbine power regulator mismatch

Dmitri Poljakov » turbine speed regulator mismatch
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Application of Machine Learning Methods to Industrial Equipment Fault Detection

Datasets creation

The samples were collected for the period:

» from 26/11/2015 + week, 12 variables and 10003 lines
» from 08/01/2016 + week, 12 variables and 10080 lines
» from 06/07/2017 + week, 12 variables and 10080 lines
» from 19/07/2017 + week, 12 variables and 8641 lines

» from 23/12/2017 + week, 12 variables and 10080 lines
» from 20/01/2019 + week, 12 variables and 10080 lines

Not OK OK Not OK
O 9 $
True A False A TrueB
Work 1 . .
R .
Stop epairs

Training Dataset
Problem OK

¢ ¢

True B2 False B

Repairs

Repairs

Wear-out equipment state
True (1) Class
Mechanical probleem,
True (1) Class
Healthy equipment state,
False (0) Class

OK

¢

False C

Dmitri Poljakov

Time
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Application of Machine Learning Methods to Industrial Equipment Fault Detection

Dmitri Poljakov

»  Logistic regression model results

maitrix

a b =-- classified as
10079 1| a= False

1 8640 | b=True

Test dataset
20/01/2019 + on week

100.00%

0.00%

1
1
1

a b =-- classified as
10080 0| a=False

0 0] b=True

Test dataset
06/07/2017 + one week

88.71%

11.28%

1
0.83
0.94

a b =-- classified as
0 0| a = False

1138 8942| b = True
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Method for detecting anomalies on equipment

Predicted value =~ -=--- Actual signal

MW

» The main goal is to create such a ML model that will predict the good
condition of the equipment. Moreover, any deviation of the predicted value
from the normal will be perceived as a malfunction.

» All models predict the turbine load value Y (GX01BV001l) based on the
mechanical measurements (bearings temperature, rotor and generator
vibration, lubrication oil temperature, cooling air temperature, etc.).

Averaging block

Turbine Power

Time

¥ 1 T
» training dataset - data for 3 weeks Warning  Alarm

ST

==

|
i |
&
B
i |
i
L

» test dataset - data for 4 days

WW oy WWW'M Uy “"“WMWWMW

b
¥
g
— [t
v
éc 1l
2T
Boad
A\Xl',‘
i
o
¢03
R il i
———
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Method for detecting anomalies on equipment

Machine learning models

Basic linear regression
model after the cross. Test dataset from 18/12/2020 to 0.64 20.64%
o ) 21/12/2020
validation function
‘t'&ddltl()ﬂ&]ly, .tra.med Test dataset from 18/12/2020 to 0.57 90.79%
linear regression model. 21/12/2020
Test dataset from 18/12/2020 to o
Model Random Forest 1/12/2020 0.85 86%
Test dataset from 18/12/2020 to o
Neural Network 1/12/2020 1.24 87%
Nonlinear regression Test dataset from 18/12/2020 to 0.72 91%
model 21/12/2020 ' °
Test dataset from 18/12/2020 to o
Model MARS 21/12/2020 0.64 89.65%
Test dataset from 18/12/2020 to o
Model PPR 21/12/2020 0.52 94.7%

Dmitri Poljakov
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Method for detecting anomalies on equipment

Process equipment fault simulation

Several experiments were performed to activate the malfunctions occurrence on
equipment by simulating some attributes in the test data.

» The model predicted values reacted to the bearing temperature change from
76 to 86 degrees by increasing the load from 22.7 MW to 26.7 MW (4.36
MW).

» The model predicted values responded to the vibration level change from 0.3
to 2 mm/s by increasing the load from 23.2 MW to 25.3 MW (2.67 MW).

» The increase in bearing temperature joined with increased vibration levels,
increased the predicted load from 22.8 MW to 29.2 MW (6.85 MW). The
purpose of this experiment was to test the hypothesis of the cumulative effect
of two or more attributes on the model's predicted values.

g-—

b 4
@

82

|

e o o o -]

80
1

1

GX01BT012 Simulation Value

78

GX01BT012_GY01BEOQO1 Predicted Value
22 23 24 25 26 27

|
g%
P

%E
B
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Linear regression model integration into the enterprise management system

»

4

At the oil plant, the industrial automated system Honeywell is used to control the
process.

For integration into the enterprise automation system, an additionally trained linear
regression model was selected

AUXCALC mathematical modules were used for calculations. This module has
restrictions on the number of inputs, so the general formula was divided into

several fragments.
CONST

GX01BZ001 DACA PV

*
(30 AUXILIARY-AUXCALC )
AUXCALCA1

P
GX01BZ002 DACA PV 1 19 313[2‘] 14.414%1

bl
<

0.2424768'| PV 14 41491
PIEL PVSTS NORMAL

GX01BV00S. DACA PV 1 0.1 93537

0.7373472
Pis]

GX01BV00B.DACA PV D-m"ﬁ;;‘-’é

’ 03389534 J

GX01BV007 DACA PV

The formula for the AUXCALCA1 module is as follows:

P[1] + P[2]*(12.170114) + P[3]*(-11.290135) + P[4]*(-3.028353) + P[5]*(-0.745362) +
P[6]*(-10.027987)

Dmitri Poljakov
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Linear regression model integration into the enterprise management system

At the output of the module, was formed absolute deviation between predicted
and actual values. Two comparison modules were organized to generate a
warning (3 MW) and alarm signals (6 MW) for the enterprise operating

personnel.
(170 presrrprmene)

DACA |
oAzl 7o ::-..
FOEEICT GENERATOR ACTIVE FOWER |rimac
Eussse w[5e?

s
FIALMTYRE None [oee*
v 0 BI003T [Frusiv &
PVSTS NORMAL [sor”
BveAR NONE (332 win 50
PVSRCOPT ONLYAUTO [2er
FVEOURCE AUTO
PVEXHUM 4

_________________ Ve L .| |
PVELLO 0 0
PVEXLOM -15
PUH-ALLLTR NaN
PVHAMTR NN
PVLOALMTD N
PLIAMTR NaN
iz
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Linear regression model integration into the enterprise management system

After the calculation, the predicted values of the turbine load were recorded on
the enterprise information server. Comparative graphs of the actual (blue graph)
and predicted (green graph) turbine load.

Distributed Control System

FORMULA Y - Prediction value
Critical
:npu:; Calculation ) Fe
NPULE =1 oNLINE
os | >04 p——
Input n
0.4 <04 —
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