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FUDIPO Micro-CHP Demonstrator

Decentralised heat and power generation:




The big picture

Micro gas turbines for CHP application:

Heat

Exhaust
Recuperator

Vi

Fuel 4{

Combustor

High speed

Compressor generator Turbine
Net electrical output: 3.2 kWe
Net thermal output: 17 KWth
Net electrical efficiency: 12%
Fuel: NG
Shaft speed: 240 krpm




Barriers

Hindering mass adoption:

m
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Our Solution

Fleet monitoring and Maintenance optimization:
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Learning system architecture

Components and interfaces:

SQL database DCS Plant Sensors

HMI3

Data Assurance

v

Physics -Based Model

Trend
EELVES

Data-Driven
Remaining

Data-Driven

Anomaly
Detection
(Degradation)

Lifetime
Analysis

Physics-Based

Diagnostics

c
e
=]
(]
R
©
=
)
P

-

<

AA AA v A
Decision Support System (DDS)


Presenter
Presentation Notes
Combining benifits of physics based and machine learning techniques
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Common faults and deterioration

Micro gas turbines:

Healthy engine
f10% Degraded engine

S
MTT Micro Gas  Turbine Stator mpressor  Compressor
Turbhire cartridge | Gémdratar) artrdg
fouling erosion creep
Increased clearance abrasion hot corrosion
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Physics-based diagnostics

Challenges and opportunities:

e COTS components>>automobile turbo-
charger industry.

+ High reliability.
+ Low cost.

— High production tolerances.

— Not optimized for micro-gas turbines.
e Engine to Engine variation.

0 Model tuning.

O Healthy
Faulty
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So we build a base line model that we tune for each engine.
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Physics-based diagnostics

Problem space:

Turbine

11

A
7 different
types of faults

5 different
measurements
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Physics-based diagnostics

Scheme:
Sensor J Physics-based ] Deviation in component Location and
> > magnitude of the
. measurements l Model J health parameters faul

Analysis by ault/s

synthesis 5 out of 7 faults
Signature

bas_ed Sensor J Physics-based Measurement

algorithm measurements | Model signatures

Location and
Correlation magnitude of the
fault/s

7 out of 7 faults

Simulated component‘( Physics-based ] Simulated | Faultsignature
faults 'L Model J measurements database

Offline



Physics-based diagnostics

. Results: Single faults:
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51:An_comp.:-1.5% 52 :AFC_comp.:-1.5% S$3:An_turb.:-1.5% S4 AFC_turb.:-1.5% 55:Ae_rec.:-1.5% S6:Leakage:1.5% 57 ;Shaft loss:1.5%

Cases with single fault of 1,5%

®An_comp. ™ AFC_comp. An_turb. AFC_turb. ™ Ae_rec.

Fault location and severity for cases with single faults detected
by AnSyn.

13

Correlation coefficients for cases with single fault.

Cases Correlation E hange rates and signat for cases with single faull
—1%A%eomp.  —1%AFCoomp.  —1%AMnrs,  —1%AFCrrp,  —1%A8ree  1%Lenknge  1%Shaft loss
51 1.000 0.693 0.733 0496 -0.754 0.129 0.780
52 0.694 1.000 0.363 0.505 0515 0.134 0.369
53 0.754 0.863 L0 0247 -0.994 047% 0.997
54 0497 0.506 0.24a 1.000 <0145 -0.733 0.268
55 0754 0314 0.554 n14 1000 0.565 0.592
56 0127 0.135 0.477 0.733 0.566 1.000 0.452
57 0.790 0.869 0.997 0287 -0.992 0457 L0

Fault magnitudes for cases with single fault.

Fault Detected fault magnitude using

magnitude AnSyn ;(gr%%

51 -1.500 -1.500
52 -1.500 -1.500
53 -1.500 -1.500
54 -1.500 -1.500
55 -1.500 -1.500
56 1.500 -

57 1.500 -

Cases
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Data-driven diagnostics

Challenges and opportunities:

e All systems are connected to a on-board
computer.

e Large amount data are logged.

e Not enough faults related data.
e Limited number of system (in total 6). -
e Only one have multiple failures. E= : = —

' e L (T
) ) ) : L'.I..ﬁf‘ﬂiﬁMHERAF"""AE{“EPIHEH—HT{”‘:hlylr“[‘l‘lﬁ’..l‘lﬁ"i’!"“‘""‘.‘g\:b?hﬁ“:‘J‘Wlhﬁﬁ{
e The goal is to predict and quantify o o

degradation of the micro CHP. EEPW%(

e There is no explicit measure of the degradation. | ===
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-~ Data-driven diagnostics

> Results:

The degradation model is based on multivariate
linear regression method.

o Istpower vs time:

S Jﬂm” | l |
 Blue, y, true power % | ,“.i | "W« *WW
* Green g(x)+e(x,t), Corrected power ' ' . — . . . -
« Orange maintenance action < M—W—w’r
« 2nd power vs time g
« Blue g(x), ideally produced power & |
* Orange e(x,t), degradation over time _
« 3rd degradation vs time % E‘“""“f-‘wh_‘ P w-.i._
e Blue f(t), normalised degradation & "'ﬁ—'i-?ﬁ

» Orange e(x,t)/3200, smoother plot




Future steps

e Bayesian network based decision support system development.

e Integration of different machine learning techniques and framework automation.

e Application and test on real units.
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Thanks for your attention!!!

Moksadur Rahman Q’

moksadur.rahman@mdh.se

http://bit.ly/Moksadur
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