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PROJECT

OBJECTIVE &
DESCRIPTION

OBJECTIVE

Align with DOE’s Fossil
Energy Objective to create
iInnovative solutions that
integrate physics-based
models with data-driven
analytics and machine
learning techniques to
improve coal-fueled power
plant operations

(DE-FOA-0001989 Topic 3A)

DESCRIPTION

New technology is developed to
integrate an existing heat-balance
modeling product with an existing

advanced pattern recognition,
machine learning and artificial

intelligence product to create a

hybrid online monitoring solution

 Completed solution is
demonstrated at a utility-owned
coal fired plant

 New Technology Elements are
taken from TRL2to TRL 7



HYBRID ANALYTICS SOLUTION
INTEGRATION OF TWO PROVEN TECHNOLOGIES

Expert Microsystems

SureSense® Virtual SME ® Software

MapEx Performance Monitoring

MapEx Software

 SureSense® Software

e Leading-edge Advanced Pattern Recognition

(APR) software

e Automated Al diagnostics

e Online remaining time to act estimates
 Broad Power Generation User Base

e Coal, nuclear, CCGT, hydro & renewables
e Chemical & Refining User Base

* Downstream oil and gas plants
 Established in 1996

MapEx Software

* Heat balance analysis

« Data reconciliation

* Equipment performance analysis
Led by Dr. Rodney Gay

» Original developer of GE GateCycle

* (acquired by GE in 1999)

» Author: “Power Plant Performance Monitoring”
Installed at more than 25 sites globally
Established in 2011



Heat Balance (HB) Models
Heat e Calculates “virtual” sensor information
Balance  APR models “calibrate” HB models

Advanced Pattern Recognition (APR)
Models
» Uses both measured and calc HB
data
Performance Reliability » Compares Current State to
Anomaly Anomaly Normal State

HYBRID
ANALYTICS
SOLUTION

Comprehensive Anomaly Detection

« Early and accurate anomaly detection

IMPROVING
PERFORMANCE
& RELIABILITY

Diagnostics

* Both model-based & rule-based

* Use symptoms from both HB and APR
» Considers upstream/downstream info

Prognostics

 Calculates remaining time to act

» Automatically updates with new
information
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IMPROVING ENABLING

EARLIER
POWER INTERVENTION
PLANT TO PREVENT
OPERATIONS PROBLEMS

Improve Equipment Reliability Improve Plant Flexibility

» Early detection of pending equipment issues  Expand operating envelope to
» Higher equipment availability accommodate renewables

* Insights into issue causes « Safe and compliant transients
* Insights into remaining time to act

Problem Time to Act
Detected Determined
Improve Process Performance

« Early detection of 7 SERVICE
performance issues INTERRUPTION
 Enhance/maintain optimal
performance *Cause *Problem
Identified Corrected




TYPICAL UTILITY M&D CONFIGURATION

SEPARATE PERFORMANCE AND RELIABILITY TEAMS / PRODUCTS

Performance Reliabilit _ .
Y First Principles Advanced Pattern

Methods Recognition (APR)

®

Diagnostics Prognostics

Heat
Balance

Performance Reliability
Anomaly Anomaly

 Thermal « Generally o 1st principles  Generally NO

analysis & heat focused on can provide prognostics

balance models reliability insight on cause available

» Generally e Good at e Simple « Single
focused on detecting small IF/THEN rules parameter
performance changes * Rarely used trending

 Anomaly « Uses mostly even if available (vibration)

detection limited measured

by model fidelity values




Thermal Performance Models
(e.g., OEM, PEPSE, EtaPRO)
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PERFORMANCE & RELIABILITY MODEL TYPES

\ &

PRIOR STATE OF THE ART

Based on first principle
analysis and/or vendor
curves

Inputs: Operating point,
component performance
curves and/or 1st principle
models

Outputs: Expected values
and performance based on
design
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Heat Balance Models
(e.g., MapEx)

Inputs: Measured values &
laws of conservation of mass
& energy

Outputs: Actual performance
based on current
measurements and conditions
Calculates values not directly
measured (“virtual" sensors)

Advanced Pattern Recognition
Models (e.g., SureSense)

Data-driven models based on
machine learning and
historical data

Inputs: Current measured
and/or calculated values
Outputs: Normal or expected
value for each input value and
residual difference

Detects anomalies in current
vs. normal state for each input
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HYBRID HB/APR MODELS

COMBINE ADVANTAGES & REMOVE LIMITATIONS

HEAT BALANCE MODEL

Advantages

 Based on physics of process

« Calculates values not directly measured

* Best to explain cause

o Considers upstream or downstream impacts
* Includes infrequent operating conditions

Limitations

 Difficult to setup & configure

e Long run times

 May not converge for given time step
* Limited anomaly detection

« Considers only current data

APR (DATA-DRIVEN) MODEL

Advantages

Easy to setup & configure

More accurate predictions

Highly sensitive anomaly detection

Detects Abnormal states

Considers historical relationships between data

Limitations

Normal state defined by training dataset
(operating envelope)

No inherent basis to explain cause

No consideration of upstream or downstream
Impacts



Condenser Back Pressure
Residual (Predicted — Actual)

HYBRID MODELS DETECT PROBLEMS SOONER
MODEL RESIDUALS ARE MINIMIZED FOR NORMAL BEHAVIOR

X

0.2500

“Abnormal”

behavior behavior

00000

0000000

ﬂﬂﬂﬂﬂﬂ

000000000

20140701 209
CALCULATED _PARARMETERE. TP Backpr e Residual: 200 to 500 MW

000000000

1
CALCULATED _PARAMETERS.ESEE_PERF.Cande

Comparison of Residuals for:

* Heat balance model only

e APR (Data-driven) model only
e Hybrid model (HB+APR)

“Normal” :
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Vacuum

“Normal”
Variance

ANG _R: 200to 400 bW

Heat balance models have
modeling error/noise that
makes it difficult to clearly
detect an anomaly through
the “normal” noise or
variance.

Data-based APR models have
lower “normal” residuals &
therefore can detect
anomalies easier & earlier.

Hybrid models (APR+Heat
Balance) have the lowest
residuals and most accurate
anomaly detection



RESIDUAL DISTRIBUTION COMPARISON
HYBRID MODEL HAS BEST RESIDUAL DISTRIBUTION

Distribution of Residuals

Normal Operation

TPM

APR

HYBRID

Mean -0.012

0.009

0.000

Standard Deviation 0.027

0.024

0.007

BTPM

H APR

m HYBRID
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HYBRID MODEL

* Less Bias (lower mean)
 Lower Standard Deviation

B

ENEFITS
Tighter Thresholds

 More Sensitivity
 Earlier Detection
e Fewer False Alarms



CURRENT STATUS OF PROJECT
FOUR TECHNICAL TASKS (MONTH 10 OF 24)

Develop & Integrate . : :
Develop & Integrate ¥ brig Anal ?ics Verify Hybrid- Demonstrate Hybrid
Physics-based Models y y Analytics Solution Analytics Solution
Framework
Q
J
o-H =
* MapEx HB modeling « First generation « Agile development and « Coal-fired boiler and
engine rewritten as MapEx HB modeling test sprints ongoing steam system heat
SureSense plug-in engine integrated « Framework elements balance model in
* MapEx user interface « lterative analytics deployed at customer progress for utility site
plugin for SureSense in framework completed sites for user feedback demonstration testing

progress



COAL-FIRED PLANT HEAT BALANCE MODEL
INPUT — OUTPUT MAPPING EDITOR

+ SureSense Diagnostic Monitoring Studio - EscalantePlant

Connect real-time

File View Project Run Tools Repoit Help /
Components ‘ [ Design Jl Derived Tag Editor J . p I ant d at a to th e

* Observed Tags | ﬁ Derived Tag Editor a@m .

MapEx model plugin
AIR:CpDrygas SureSense 6_1\workingDir\Documents\SureSense 6.1\MapEx Escalante Plant Model.xmif e
AlR:CpWetgas
AlR:Hgas . [ . [ d I d - h
AlR:Hrefgas HeatBalance Var Filter  flow rate Tag Filter M O e a Justs to u Se t e
AIR:LSE S S S - . .
ARPges Variae Descrption T e I available input tags
AIRRHOgas MyPlant:BoilerCycle:AIRW... [Gac Flow rate at port gac | TOTAL AIR FLOW A
AIR:RHgas MyPlant:BoilerCycle:AIRHT... Gas Flow rate at port air NO MAPPING B\
ART MyPlant:BoilerCycle:AIRHT... Gas Flow rate at port gas NO MAPPING

g MyPlant:BoilerCycle:AIRHT... Gas Flow rate at port leak NO MAPPING
AlR:Trefgas | MyPlant:BoilerCycle:BOILE... Gas Flow rate at poit qas NO MAPPING
AIR:Wgas MyPlant:BoilerCycle:BOILE... Fuel Mass Flow Rate NO MAPPING H t B I t t
A'[R;Kfuglggs MyPEant:BoilerCycIe:BUILE‘.. Fuell Mass Flow Rate NO MAPPING ea a an C e O u p u S
bt My PlantBolerCyaBOLE . Fosio b Flowhoe  NOMAPPNG | :

: yFlantbollerLycle: « [Fuel3 Mass Flow Rate
AlunARges MyPlant:BoilerCycle:ColdR... Steam-Water Mass Flow Rate NO MAPPING are aval I ab I € as
AlR:mfCHXgas MyPlant:BoilerCycle:DRUM... Steam Outlet Mass Flow Rate NO MAPPING
AIR:mfCO2gas MyPlant:BoilerCycle:ECON... Gas Flow rate at port qas NO MAPPING S S d 1 d
AlR:mfCOgas MyPlant:BoilerCycle:ECON... Water Outlet Mass Flow Rate NO MAPPING u r e e n S e e r I V e tag S
AIR:mfH20gas MyPlant:BoilerCycle:Feedw... Steam-Water Mass Flow Rate NO MAPPING
MR'mezgas MyPEant:BoilerCycle:PRIMS... Gas Flow rate at port gas NO MAPPING | . .

: Plant:BoilerCycle:PRIMS... I F NO MAPPING | bl f d -
AlR:mfN2gas L mnhno..nn;ln.n.):rln.p:u: iteaﬂ()ut .et N.Iass ‘Iow Rat& AIOLBAADDIALE. v Aval a e Or u Se I n ata
AlR:mfQ2gas L | . . .
ARmiS02qes Loy (o) [Lconce | | driven models, diagnostics

Observed Tags & prognostics



EXAMPLE RESULTS FOR A COAL-FIRED PLANT

Boiler Efficiency vs. Fuel Flow
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» CM.BOILERFUEL:Wfuel: ws. CM.BOILER:EFF: Operating

855286 892523
Observed (kg/sec)

92,9761

96,6998

100,4236

Calculated Fuel Moisture Content

0.2027 |

0.1998 |

0.1969 |

Observed (Mass-Fraction)

0.1941 |

0.1912

2019-01-10
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2010-01-31 ' 2019-02-21



FUTURE
GOALS AND
OPPORTUNITIES

The Hybrid Analytics Platform offers an unprecedented opportunity

to implement comprehensive automated online diagnostics and
remaining life prognostics for all types of power generation equipment

Model-Based Al Methods (e.g., Bayesian Belief Networks) can learn
complex data relationships and capture subject matter expertise

Probability-based decision tree

Ideal for complex & multi-symptom failure modes

Uses performance AND reliability symptoms for holistic diagnosis
Uses upstream and downstream symptoms for diagnosis

Can be combined with simple rules when applicable




SIMPLE EXAMPLE

Likely Causes

MODEL-BASED

Upset Stomach

DIAGNOSTIC

| Monitored

| ———=—=— e erersesessesees
MODEL Symptoms
Diagnosis automatically updates High Temp
with new information Cold 50% High Temp +
Flu 35% Stuffy Nose
High Cold 90%
Flu 9%
’ )
NOrmMal [ e e tr re e Er e e ema et n Era s e T s ’ .....
Low —

Time




COMPLEX EXAMPLE

Multiple Causes

Compressor

Compressor Turbine Inlet Temp

. Disch Ti
Fouling Control Error IScharge femp

Measurement Error

Corrected Air Power w Corrected Heat Rate

/ /

M O D E L - B A S E D Corrected Air Flow /M ulti ple Sym ptO ms Compressor Efficiency
D IA G N O ST I C Corrected Exhaust Temp V Expander Efficiency
MODEL

Turbine Inlet Temp

The Diagnostic Model manages the relationships
between multiple symptoms & causes







DEPARTMENT OF ENERGY
ACKNOWLEDGEMENT & DISCLAIMER

This material is based upon work supported by the Department of Energy under Award
Number DE-FE0031753.

This presentation was prepared as an account of work sponsored by an agency of the
United States Government. Neither the United States Government nor any agency thereof,
nor any of their employees, makes any warranty, express or implied, or assumes any legal
liability or responsibility for the accuracy, completeness, or usefulness of any information,
apparatus, product, or process disclosed, or represents that its use would not infringe
privately owned rights. Reference herein to any specific commercial product, process, or
service by trade name, trademark, manufacturer, or otherwise does not necessarily
constitute or imply its endorsement, recommendation, or favoring by the United States
Government or any agency thereof. The views and opinions of authors expressed herein
do not necessarily state or reflect those of the United States Government or any agency
thereof.
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