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APrognostics is the ability to assess
and predict into the future health

PrOg NOSIS condition of the engine or one of

Its components for a fixed time
H ealth horizon or predict the time to

fallure

MOﬂitOring AAnomaly Detection

AForecast Time to Failure
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INTRODUCTION TO
MACHINE LEARNING

Category : Supervised, Classic,
Unsupervised

Algorithm :SVR, ANN, One Class
SVM,etc

Agenda

02

METHODOLOGY

CRISP-DM
Business Understanding
Data Understanding
Data Preparation
Modelling
Evaluation
Deployment

03

MACHINE LEARNING
USE CASE

Anomaly Detection
Forecast RUL
Tuning Model
Server Performance
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LGQa || adzmasSia 2F !'L @K
methods to enable machines to improve with
experience

; It enables a computer to act and take data
2 K1 OO é driven decisions to carry out a certain task

Machine _ S

: 5 These programs or algorithms are designed in
Learnlng : such a way that they can learn and improve over
time when exposed to new data

Machine Learning is all about data



Types of Machine
Learning

Supervised Learning

Unsupervised
Learning

Reinforcement
Learning




Supervised Learning

A In Supervised learning, an Al system is presented with data which is
labeled, which means that each data tagged with the correct label

A Thegoalis to approximate the mapping function so well that when
you have new input data (x) thgou can predicthe output
variables (Y) for that data

Classification:
Assign a label. Is this a picture of a
- —
Regression:
Predict a continuous numerical value.
How much will that house sell for?




Supervised Learning@_lassification




Supervised Learnindregression




How Supervised Machine Learning Works
STEP | STEP 2

Provide the machine learning algorithm categorized or Feed the machine new, unlabeled information to see if it tags

“labeled” input and output data from to learn new data appropriately. If not, continue refining the algorithm

O

MACHINE

“NOT CATS”

TYPES OF PROBLEMS TO WHICH IT'S SUITED




Feature Vectors Labels Machine Learning
Algorithm

458316,86.513,24.312,64.983,65.8 150

58317,135.493,2.204,101.966,46.5 623 +
458318,-999.0,91.803,113.007,120. 74

\

. Predictive Model Expected
New item Feature Vector Label

* el 458316,86.513,24.312,64.983,65.8 o . — 133

Supervised Learning



Unsupervised Learning

A In unsupervised learning, an Al system IS presented wtabeled
uncategorlzed datd YR GKS aéaisSyQa I|f 32N

without prior training

Discover the inherent groupings in
Clustering the data, ie. grouping customers by
T purchasing behavior

Unsupervise
Learning

. J

( )

- Discover rules that describe large
Associlation portions of your data, ie. people
that buy X also tend to buy Y
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458316,86.513,24.312,64.983,65.8

+ 58317,135.493,2.204,101.966,46.5 _...

458318,-999.0,91.803,113.007 1 20.

Unsupervised Learning
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Logistic — FP Growth
Linear Polynomial Regression Mean Shift Euclat
Regression Regression

H K—j Naive Bayes Clustering
Association Rule —
A Learning —__Apnorl
Regression @— Classification Fuzzy C-Means
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Supervised Unsupervised

Learning Learning | Reduction

——— achine
lﬂ?;:::; L Stacking e ar n i n g

ST
- - -.. u
Reinforcement Ensemble .
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(Genetic Aigorithm ] [_AsC__ PR .
Neural Networks Boosting

and Deep

Learning ) LightGBM
AdaBoost
CatBoost

Perceptrons

Convolutional Neural
Networks (CNN)

DCNN Recurrent Neural Generative
Networks (RNN) Adverse;aekll&;elworks Autoencoders




Machine
Learning

Applications
(examples)

Predictiont Machine learning can also be
used in the prediction systems. Considering the
loan example, to compute the probability of a
fault, the system will need to classify the
avallable data in groups.

Image Recognition Machine learning can be
used for face detection in an image as well.
There is a separate category for each person in
a database of several people

Medical Diagnoses ML is trained to
recognize cancerous tissues

Financial Industry and Trading companies
use ML in fraud investigations and credit
checks



Failure
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Regression labeling for Predictive Maintenance. Each recorded instant (5Y, 4Y, 3Y etc.) describes the Remaining

MaChine Learning A Industrial Predictive Maintenance

A Downtime prevention

Appl|Cat|OnS A Remaining Useful Life of Asset estimation



Machine Learning

Applications

Home / Energy How Oil Giants ExxonMobil, Royal Dutch Shell, Sinopec, Total and Gazprom Are...
FOLLOW US

ExxonMobil, Royal Dutch
Shell, Sinopec, Total and SUBSCRIBE TO
Gazprom Are Using Al AL S L

Get the latest artificial intelligence news
By KC Cheung insights, technologies & solutions

Last Modified Date - May 22, 2020

SSSSS 00000000




FOrbeS Billionaires

Machine Learning
Applications

Precision Drilling

A Helps control drilling equipment's

A human drill operator cametter
understand the operating
environment which leads to "faster
results andess wear, tear and
damageto machinery."

Innovation Leadership Money Business Small Business

Precision Drilling

Shell is involved in the entire oil and gas supply chain — from mining
raw hydrocarbons from the earth to refining them into fuel and
various other products, to retailing them to businesses and
individuals. Al is being rolled out or trialed at each step of this
process. Recent developments include the adoption of reinforcement
learning — a form of “semi-supervised” machine learning, to control

its drilling equipment.

While machine learning can work with either labeled data
(supervised learning) or unlabelled data (unsupervised learning),
reinforcement learning takes a middle-ground approach by
incorporating a reward system, dependent on the outcome of the AI's

"choices."

As Jeavons says, “The key thing is you're giving the [AI] agent the
autonomy to make the decision. But you're providing input into the
model, so you're providing reward or penalty functions on the basis
of what’s happening in the model, and how the model responds to the

set of conditions that you give it.”

Algorithms designed to guide the drills as they move through a
subsurface are trained on historical data from Shell’s drilling records,
as well as information gathered from simulated exploration. It covers
mechanical information from the drill bit, such as temperature and

pressures, as well as data on the subsurface from seismic surveys.

The result is that a Shell geosteerer — the human operator of the
drilling machine — is able to understand the environment more
accurately they are operating in, leading to faster results and less

wear, tear and damage to machinery.

Lifestyle



https://www.forbes.com/sites/bernardmarr/2019/01/18/the-incredible-ways-shell-uses-artificial-intelligence-to-help-transform-the-oil-and-gas-giant/
https://www.forbes.com/sites/bernardmarr/2019/01/18/the-incredible-ways-shell-uses-artificial-intelligence-to-help-transform-the-oil-and-gas-giant/
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PCMag Asia | Artificial Intelligence |

Machine Learning How Al Is Helping in the Fight
Applications Against COVID-19

BY BEN DICKSON APRIL 8, 2020, 9:44 P.M.

PRy

Artificial intellig gies such as learning, natural-language processing,
computer vision, and deep learning can help track and identify the novel coronavirus.

e

f ¥ in ?

On Dec. 31, BlueDot, a Toronto-based FEATURED ON PCMA

company that uses artificial intelligence to

: 5 3 - . 5 Ways Custc

track the spread of infectious diseases, ) ;ﬁ Will Change |

¢ — In the not too dis

alerted its customers about a cluster of TG Hots

unusual pneumonia cases in Wuhan, China. Baikers live

Nine days later, the World Health Organization YolD Ads To Mine

- > ” : Cryptocurren

confirmed the discovery of a novel coronavirus, later named COVID-19, in The ads largely z

Wednesday and
Wuhan. the computing

2 - : : This Android

Today, COVID-19 is a pandemic that has spread to 180 countries, claimed more O Steal Your Wi
than 83,000 lives, and triggered a near-global lockdown. And for the moment, Messages

Thg Skygqf!ge S|

the best solution to contain the spread of the virus is to improve personal s offensive s

rom a developet

hygiene and exercise social distancing. o En Facebook to:
. L . . ) ) I Messenger

In the meantime, politicians, scientists, and researchers are teaming up to find : In a Tuesday blo:

X . . X , . Messenger Heac
systematic ways to fight the virus and care for patients. And they're getting admitted that

some much-needed help from artificial intelligence. Managing th
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AVionitor Actual Running
Hour to next
inspection/Engine
Exchange schedule

AEarly Warning System
AAnomaly detection

Arorecast RUL
(Remaining Useful Life)

ADeploy at
production
environment with
live data

AEvaluate Result
of ML A
Accuracy & Error

ABenchmark with
others model

AEvaluate
Predictors

AEvaluate Data
AReplace model

Cross Industry Standard Process for Data Mining

Adentify & Data collection

ADetermine Predictive &
Predictor parameters

ATools :
ACause Effect, P&ID/PFD
Aalarm List
Alogix
Mdistorical data

AData Validation / clean-up
A Null, error, overshoot

ANoise reduction
ACorrelation analysis of

Predictor Parameters

ADevelop Model : Linear
Regression, SVM, ARIMA,
ANN, etc

APerform data training & test




System Architecture

Historian DB

OZ—Z2x10$>Mmr

Forecast
Failure/

Forecast

Inspection y CMMS (SAP

RIS ) : PM,Oracle
Y

eAM,Maximg, etc)
\J

Data entry



—— : Data Preparation Choose Model Training Evaluation
Understanding

ADesign
A Cause Effect (Alarm, Cooldown & Fast Stop)
ADatasheet
AP&ID / PFD
AManual
AAlarm Set Point

ALogix
AHistorical Data

AHMI
AHistorian



DEIES : Data Preparation Choose Model Training Evaluation
Understanding

Fuel/gas Water/steam
Fuel system injection

Air intake

Combustion Power turbine

Compressor systom HP Turbine (LP turbine)

Boundary Definition
Accessory drive Gas Turbhine

Starting Fire and gas Lubrication Control and

system protection system monitoring Miscellaneous

Coolant

Remote
instrumentation

Industries du pétrole, de la pétrochimie et du gaz naturel — Collecte
et échange de données de fiabilité et de maintenance des équipements




Data

Ui sz aling Data Preparation Choose Model Training Evaluation

Fuel system |Water/Steam |Fire and gas | Accessory Miscel
Equip- injectiont protection drive laneous

ment unit . — ; - — — -
- = — = Heater Fugl eontral | Fumpis) Contral unit Gearbox Diffuser |Encho-
Subunit  |Starting Airintake |Combustion |Compressor |Power Control and ) ) ) ) SUFe
system system turbine HP monitoring Reservoir(s) Piping Fiping Fipes Bearing Exhaust |7~
i Hood
turbine Fump(s} YValves YValves Se collector
Maintaina- | Starting motor |Air cooling | Combustor Rotor Rotor Maotor Ceals Filter(s) CanEOrs Casing Purge air
ble items Flange
joints
Temperature o i Tank(s)/ Stor- o
. - . . . . . Y o Ventila-
Filter(s) Intake duct VGV system Radial bearing | Actuating devices control Filter(s)/ age thon fan
L - e
Valve(s] Inlet vanes Anti-surge Thrust bearing | Monitering Valves aEparators Emission Wi
Pump(s) valve Seals Valves Piping Wires monktor-
Aux. bleading ing

Startcontral  |Anti-icing Frel nozzlas Stator Stator CERSnrE Filtar e . Wires

Piping Filtars Seals Cooling system | Casing Wires

ter-wash
system

v N . ) Fuel prop-
e Valves Internal power 0il cooler i
system supply o erties meas- Silencer

Start energy

[e.g. battery,

air] Anti-icing
valve

Fiping )
PillE . il urement
Seals
) _ Sensors
Lasing . i}
Wires o e

. Waste
Thrust bearing heat

Radial bearing

Seals ~
recovery
Piping unit

Equipment Sub DivisionGas Turbine




nlet-gas
conditioning

(scrubber,

cooler, ate,

Data
Understanding

Inlet valve

Driver
(chesel, al.
maotor, ele.)

Data Preparation

Power
transmission
(gearbox, etc.)

Lubrication
system

ntarstage
conditioning

(scrubber,
coolar, atc.)

Compressor unit

2nd
stage

Control and
manitoring

Power Remote
instrumentation

Choose Model

After cooler

Shaft seal
syslem

Power Coolant

Training

Ciutlet valve

Miscellaneous
(purge air, ele.)

boundary

Evaluation

Boundary Definition
Gas Compressor



Data

Undleisaning Data Preparation Choose Model Training Evaluation

Equlpment unit Compressors

Power Compressor |[Controland (Lubrication [Shaftseal Miscellane-
transmission monitoring |system system ous

Maintainable Gearbox/ Casing Actuating Oil tank with [0Oil tank with |Base frame

items variable drive Rotor with device r:ra“tmg sys- |heating Piping, pipe

Bearings impellers Control unit Reservoir support and

Belt/sheave |Balance piston|Cables and Pump Pump bellows

Coupling to Interstage junction boxes | Motor Motor Control valves

the driver seals Internal Check valves Gear [solation
power supply Coolers ' valves
Thrust bear- Filters e

Valves

Lubrication ing Sensors @ .. Coolers
Piping .
Seal oil

Coupling to Radial bearing —
the driven unit Filters

Monitoring Check valves

Seals Shaft seals Valves Silencers

Valves

Lube oil

Internal piping |Wiring Dry gas seal Purge air
Mechanical

Valves Piping ceal

Magnet-
ic-bearing

Scrubber control system

Antisurge Seals
system b

Piston Flange joints

Cylinder liner

Packing

Equipment Sub DivisionGas Compressor



\ Data

Understanding

Data Preparation Choose Model | Training Evaluation

1. T1, Air Inlet DP, Air Supply Press

2a. NGP, PCD, Guide Vane, Bleed Valve
2b. Bearing Vibration : 1X3xy,

2c. Bearing Temp : Drain (1,2/3) , GP Th
2d. Vibration : GP Axial

3. T5, EGEEmd& Pos), Pilot ValveCend&

Combustion Compressor‘ Pos) Fuel (PT,F), BAM,

. Power Turbine (NPT)

— —_— . Bearing Temp : Drain (4/5), PT Thrus
Enclosure Seal Gas . Vibration :PT Axial

. Suction (P,T),
. Discharge (P,T,F)

8a. Temp : Header, Cooler 10, Pross 11 p
6.V, I, P, Freq 7. Enclosure © 8b. Pressure : Header 9. Pressure | o= op Vrelss,
8c. Tank Level Y , Valve

. Anti Surge
. Bearing Temp : Thrust & Journal
. Vibration (DE,NDE)




DEIE : Data Preparation Choose Model Training Evaluation
Understanding

A Predictive parameter act as an output parameter to be analyzed

A The predictor parameter provides information on an associated dependent variable
regarding a particular outcome

A Defines predictive parameter based on Cause Effect / Logic
A Fast Stop
A Cooldown
A Exclude states of Transmitter and /O module failure / fault

White Board



DTS : Data Preparation Choose Model Training Evaluation
Understanding

Data Preprocessing

w Remove / delete nomumeric data® Bad , IO
timed-out, under/overrange,etc

w Data Filteringd Wavelet

\4
NZ

w Correlation analysi8 Pearson




Data : Data Preparation Choose Model Training Evaluation
Understanding

Wavelet




Data
Understanding

Data Preparation Choose Model Training Evaluation

Heatmap (Correlations) of Features in the Dataset

X Predictive : Lube OIil Header Temp

x Predictors :
A Lube oil header press B
A Lube oil filterdp
A Lube Oil cooler inlet temp

b
=
=

an_lo_cooler_inlet_temp

an_lo_cooler_outlet temp

an_lube_oil_tank_level [UESEN -0 36 JER4

A Lube Qil cooler outlet temp e e e P PO
A Lube oil tank level

A Lube oil tank press

AT1 temp PR . ..

A Engine PCD an_eng_brg 2 3 drn_temp [N

A Engine Bearing 1 Drain temp inenbry 8.5 cm e [

A Engine Bearing 2/3 Drain temp
A Engine Bearing 4/5 Drain temp

Features



Data

Understanding Data Preparation Choose Model Training Evaluation

Correlation Value Predictors with Target (Lube Oil Header Temperature)

an_lube_oil_header_temp

an_lube _oil_header_press

Selectpredictor@Correlation
> 60%

an_lube_oil_filter_dp
an_lo_cooler_inlet_temp
an_lo_cooler_outlet_temp

an_lube_oil_tank_level

Features

an_lube_oil_tank_press

an_tl temperature

an_engine_pcd

an_eng_brg 1 dm_temp

an_eng_brg_2 3 drn_temp

an_eng_brg_4 5 drn_temp

ot

| Predictors




Data . :
Understanding PIEEENE DR Choose Model Training Evaluation

a : o®

Supervised :
Support

Vector
- Define Data
Re g reSS | O n A glfrr:;iton for Trainin%

(SVR)

Evaluate Model +
Forecast

o ®
Define Parameter :
Predictive +
Predictor

Define Model
Parameter




Gathering Data

Data Preparation Choose Model

2019-2E-01 B80:08:08 -enddates

startdate="

. 5 drn tem

a4

tl temperature’, 'an eng br

Reading data fr

To ol

Total samples:

Training samples:

Testing samples:

Features dimension:

Target

Creating model ....

Fitting 5 folds
[Parallel{n_jobs

:D: “dobe

rallel{n

dimension:

Define Predictive &
Predictor

55 Define Duration for
231, 53 Training & Test
131,

Define Model
.éécr of 1323 candidates, totalling 6615 fits Parameter

of EE1S £

he

¥ecution me

D5t parameters

'-I:I (=3
b

are = ‘gamma
&

]: Using backend SequentialBackend with 1 ;:;
@ Evaluate Model

Validating a mod

Execution time:

Bl ssenass

@ s

Prediction score
APE (test 8.2
WRE test 8.1
fSE test 0.8
"2 test 8.7

1. MAPE = Mean Absolute Percentage Error
2. R square = Coefficient of determination
3. Model Valid
A MAPE <<<

Save the model

dart8

.

mlspcispc-ml:e

model lubeoilheadsr temp.pkl

python/phm/analysiss |J A R Squarﬁ 1

Documents
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MACHINE LEARNINGISE CASE



Machine Learning Forecast Data Flow

History Future 1. MAPE (Mean
Absolute
Percentage Error)

2. MAPE = Forecast
N1 MAPE1l = FN1 Actual

H2 H1 HO 3

Now F1 = F(HO,H1,H2) . Forecast Valid =

MAPE <<<
F2= F1 + F(HO,H1)

N2 MAPE2 = FN2 + MAPEL1

Forecast 2 Days ahead using 2 Days historical data



What Machine Leaning Do ?

A Perform Anomaly Detection
Data analysis to identify anomaly due process upset & anomaly
Instrument reading

A Perform Forecast / Prediction

Data analysis to predict RUL (Remaining Useful Life)
V  Predict reaches the shutdown limit
V  Predict running hour reaches maintenance / engine exchange schedule

A Provides Early Warning System
t NP OARSE aCdzidzNB ! fFNXYé G2 y20AFeé& hLISNF (2N
prepare mitigation plans



Use CaseModel

No Description Predictor
1 |Forecast: Lube Oil Header Temperature
a. Supervised : SVR (Support Vector Regression) Multi variable
b. Classic : Prophet Single variable
2 |Forecast : Engine Vibration Displacement 3x
a. Classic : Prophet Single variable
3 |Anomaly detection : Engine Bearing Drain Temperature

a. Un-Supervised : On-Class SVM (Support Vector Machine)

Single variable

b. Supervised : SVR (Support Vector Regression)

Multi variable




e Header
Temp

LUBE Ol l
SYSTEM

Gas Producer Combustion Power Turbine

n
o o
22

Lube Qil Tank




Predictive : Engine Bearing Drain Temp

Predictor



Predictive : Lube Oil Header Temp

Predictor



Trending Drain Temp #2 & 3

= | l A
— ‘.‘/*~—\_”" —d\ R R e R N R May

Transmitter UrHealthy, SplkeeacthH
limit (125degh A Fast stop (Emergency
. | Shutdown
1 2 3 4




ANOMALY
DETECTION

MODEL : ONE CLASS SVM
(SUPPORT VECTOR MACHINE)

CATEGORY :{HVUPERVISED
Tag : LUBE OIL HEADER & ENG
BRN DRAIN TEMP



Engine Bearing Drain Delta Temp (Anomaly Instrument Reading$upervised
One Class SVM

Normal
* Anomaly

Spike Analysis
- Develop alarm of total Spike occurred
- Alarm of Spikes will be displayed at HMI

~— Normal
* Anomaly




2019-08-17

2019-08-18

8/3/201

2019-08-19

lube_oil_header_temp

Lube Oil Header Temperature Anomaly

Anomaly
identified by
ML

2019-08-20

2019-08-22

Simulated anomaly
(17-20 Aug)

2019-08-23




2019 0:00 90:00 8/15/2019 0:00 f i 2 X 2019 0:00 8/19/2019 0:00 8/20/2019 0:00 8, 2019 0:00 8/22/2019 0:00

Anomaly
identified by
ML

Simulated
anomaly (1720
Agustus

Engine Bearing 23 Drain Temperature Anomaly




MODEL : SVR (SUPPORT
VECTOR REGRESSION)

CATEGORY : SUPERVISED
TAG : ENG BRG DRN TEMP




A Data Duration : 2 weeks @ 1 h
APredictor: 13 external + 1 self

Pearson Correlatio

Heatmap (Correlations) of Features in the Dataset Correlation Value Predictors with Target (Engine Bearing 2&3 Drain Temperature)

-100 10 -
an_delta_engbrg23dm_temp 099 099
an_lube_oil_header_temp 075
an_lube_oil_header_press 0 -
an_lo_cooler_inlet_temp -0.50
an_lo_cooler_outlet temp
06 -
_ - 0.25 @
an lube oil tank level e
-0 0T [=]
¢ bt
a an_lube_oil_tank_press
= - 0.00
] ¥ -
o an_tl_temperature 04
L
an_lube_oil_filter_dp 025
an_engine_pcd 02 -
an_eng_brg_1_drn_temp --0.50
an_eng_brg 4 5 drn_temp
s 00-7 7% .
an_ngp & (JB
an_npt & \,{3» #
--1.00 &
&=
L
s %
,,'5_5@
& 8-
Qg}l\ o gf-\
o & &
& o S .
7 Predictors

Features




(dart8) mlspc@spc-ml:~/Documents/python/bktf/analysis$ python ml_train.py --conf=conf_engbrg23drn_temp.json --startdate="2019-08-01 €0:00:80" --enddate="2019-08-15 ©6:00:00" --output=model_engbrg23drn_temp.pkl

Target prediction/forecasting : ['an_delta_engbrg23drn_temp']
Predictors : ['an_lube_cil_header_ temp', 'an_lube_cil_header_press', 'an_lo_cooler_inlet_temp', 'an_lo_cooler_outlet_temp', 'an_lube oil tank_level', 'an_lube_oil tank_press', 'an_tl_temperature', 'an_lube_cil_f
ilter dp', 'an_engine_pcd', 'an_eng brg 1 drn_temp', 'an_eng brg 4 5 drn_temp', 'an_ngp', 'an_npt']

oT 1ag .48

Reading data from 2815-88-081 ©0:60:60 to 2019-08-15 68:68:68 Define Prgdlctlve &
Predictor

Total samples: 289

Training samples: 231 . .
Testing samples: 58 Defm_e _Duratlon for
Features dimension: (231, 61) Tralnlng & Test

Target dimension: (231,)

. Define Model
Creating model ....... =
Fitting 5 folds for each of 441 candidates, totalling 22@5 fits arameter

[Parallel(n_jobs=1)]: Using backend SeguentialBackend with 1 concurrent workers.

~Lbarallal(n dobs=1)1; Done 2205 out of 2202 | clapsedi 2,35 finishad
The best parameters are {'C': ©.915848931924611134, 'gamma': ©.12589254117941676, 'kernel': 'poly'} Evaluate Model
Execution time: 2.35 seconds

Validating a model .......
Execution time: @ seconds

Prediction score:

MAPE (test): ©.5470
MAE (test): ©.1383
MSE (test): ©.0280
R2  (test): ©.2791

Save the model to: model_engbrg23drn_temp.pkl

Data Duration: 2 week®interval 1 h

Kernel : Polynomial
Predictor: 13 external + 1 self




(dart8) mlspc@spc-ml:~/Documents/python/bktf/analysis$ python ml_train.py --conf=conf_engbrg23drn_temp.json --startdate="2019-08-01 £0:00:00" --enddate="2019-08-15 00:80:08" --output=model_engbrg23drn_temp.pkl
Reading config file ...

Target prediction/forecasting : [ an_delta_engbrg23drn_temp’ ]

Predictors : ['an_lube_oil_header_temp', 'an_lube_oil_header_press', 'an_lo_cooler_inlet_temp', 'an_lo_ccoler_outlet_temp', 'an_lube_oil_tank_level', 'an_lube_oil_tank_press', ‘an_tl_temperature’, 'an_lube_oil_f
ilter_dp', 'an_engine_pcd', 'an_eng_brg_ 1 _drn_temp', ‘an_eng_brg_4 5_drn_temp', ‘an_ngp', ‘an_npt']

oT ldg .90

Reading data from 2019-28-01 ©0:00:0@ to 2019-08-15 £0:00:00

Tota?l.samplesi 289 @ Define Predictive &
Training samples: 231 X
Testing samples: 58 Predictor

Features dimension: (231, 61)

Target dimension: (231,) Define Duration for
Training & Test

Creating model .......
Fitting 5 folds for each of 441 candidates, totalling 2285 fits

[Parallel(n_jobs=1)]: Using backend SequentialBackend with 1 concurrent workers. @ Define Model
3 _ . ad- 1 _2c £i--chod
he best parameters are {'C': ©.8630957344488193, 'gamma': ©.001, 'kernel': 'linear'} Parameter

ecution time: 1.78 seconds
Validating a model ....... Evaluate Model
Execution time: @ seconds

Prediction score:

MAPE (test): ©.5006
MAE (test): ©.1266
MSE (test): ©.0223
R2  (test): 0.4258

Save the model to: model_engbrg23drn_temp.pkl

Data Duration: 2 week®interval 1 h

Kernel : Linear
Predictor: 13 external + 1 self




Anomaly Detection : Engine Bearing Drain Temp

MAPE
Linear| Poly RBF
2 weeks , 13 external + 1 Self 0.5 0.54 0.49
12 Normal + 3 days Anomaly,13 external + 1 Sel| 15.27| 12.02 15.69

Forecast : Lube Oil Header Temp

MAPE
Linear| Poly RBF
2 weeks , 5 external + 1 Self 0.33 0.51
2 weeks , 11 external + 1 Self 0.39 0.5
12 Normal + 3 days Anomaly,11 external + 1 Sel} 19.22| 13.53 20.72

SUMMARY TUNING THEMODE



a MODEL : PROPHET
Q .

FORECAST
TIME TO
FAILURE _ CATEGORY : CLASSIC

m TAG : LUBE OIL HEADER TEMP
& ENG BRG VIBRATION



—  Actual
- Predicted
Actual

ds

2019-07-31 13:00:00 Na!

Lube Oil Header Temperature

yhat yhat_lower yhat_upper

Shutdown limit¢ 165degF

ML perform Forecast when
Process Value reach Alarnii
HH




PART 3

SERVER PERFORMANCE



