NOVEMBER 16™, 2022

ENEL Remote Predictive Diagnostic Center
and cutting-edge technologies in Al with AVEVA

Presented by: Fiale Mauro and Claudio Macchia




ENEL Remote Predictive Diagnostic Center
and cutting-edge technologies in Al with AVEVA

AVEVA world conference, San Francisco e N
November 14-17t 2022 AV — VA l

Green Power



* INTERNAL

60

Growth of the ENEL RPD center together with the AVEVA tools

@ Main catches 2021
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EGP&TG
Enel Green Power & Thermal Generation

HGTG
Hydro, Geo, Thermal Generation

HGTG OMI
Operation Monitoring Improvement

HGTG MMS
Maintenance Monitoring Scheduling
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RPD Center MISSION

To ensure the full deployment of the diagnostic processes, involving Engineering and Construction, Innovation and

Global Technology Lines;

To develop analytics aiming at supporting the diagnostic process and the performance optimization of the fleet,
exploiting features of the Thermal Monitoring and Diagnostic Rooms established at Global and Country level while
ensuring their coordination, leveraging also on digital transformation outcomes.
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Remote Predictive Diagnostic Center CO,

* RPD Teams
RPD Center Technical Support Community
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Predictive Analytics and Al CO,

* AVEVA Team Av E VA
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Remote Predictive Diagnostic Center @
Mapping

Remote Predictive Diagnostic monitoring and 1st level diagnostic analysis aims to catch in advance potential failures in
power plants, fostering the increase of availability and the reduction of maintenance cost

& IBERIA
Plants: 10
Capacity: 7,4

)

’Qiﬁ" P~
&

‘ ) PERU
Plants: 3
Capacity: 1,2 GW

€ CHILE

Plants: 3
Capacity: 2,3 GW

£\

- ARGENTINA

O Plants: 2
Capacity: 1,9 GW

28 Plants 61 Units 21,3 GW 5 Countries 1285 Assets 5035 Analytics =

=70000 OSI Pl Tags 9 People in the Team =500 involved People in RPD Process
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Remote Predictive Diagnostic Center

RPD Process and Main Figures

Main KPIs

30
AVEVA" Predictive Analvtics [*] 14
o PRISM l
P
Q1 Q2' @3 Q4' Q1 Q2' Q3 @4’ Q10Q2 Q3 Q4 Q1 Q2' Q3' @4' Q1 Q2'
18 18 '18 18 '19 19 '19 19 '20 '20 ‘20 '20 '21 21 21 21 '22 22 2019 2020

% Real Cases with respect to the total anomalies

6

2021

Mean Time to Action (Days)

1

jun - 2022

461

Total

® 46,95 M€

Total

# Catches * Benefits *

PRISM 402 40,3 M€

AVEVA" Predictive Analvtics

e

14 1,8 M€

Total Avoided Unavailability
1,48%

(*) 2018 — 2022 ytd

Process and Main Roles
(OP n. 320 Remote Predictive Diagnostic)

Ticketing Workflow

[ Power plant
I RPD Center

Datalssue /DH < Technical Support
= RPD CENTER .
Advanced Analytics Deleted Digital Hub
FEEDBACKS & Anomaly Detection >
ECONOMIC
EVALUATION Model Tunin Powerplant >  Action PP
Actual Impact of Lost OPERATOR RPD g P
Margin and Cost 1° Level Diagnostic Analysis PP 4 D
Severity Class Selection 5
e [ ] [ J
XJIRA
POWERPLANT / TS T;‘;s‘;‘;gg:iszg Feedback to 1° and 2° level v
2nd Level Di ti . < b
Anj;,':is, o oded Open > 1t Level = > 2 level < Work Done PP
Maintenance Works. (RPD__4 RPD__4 t PP 4
OWN METHODOLOGY L
Developed by an Agile Room leveraging H H
. COMMUNICATION on external (EPRI, GADS NERC) and Momtormg
Avoided Impact of Lost Margin internal database (TGx Global Data P04 v
Cost Description and Diagnosis Mgmt DB, SAP PRP TGx ltaly, Pricing R Closed

Curves of Purchasing Contracts Enel GP)
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6% ENEL RPD mapping, process and organization

@ Main catches 2021
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Remote Predictive Diagnostic @

Framework development

Remote Predictive Diagnostic monitoring and 1st level diagnostic analysis aims to catch in advance potential
failures in thermal power plants, fostering the increase of availability and the reduction of maintenance cost

Road map New Global frame agreement AVEVA
Core Implementatlon Plan AVEVA Advanced Predictive
( OSlsoft PRiISM GFA  Predix GFA  PRiSM 1t wave Predix PRiSM 2" wave PRiSM 3" wave New PRiSM GFA TRANSIENT-PAO FAULT-PRESCRIPTIVE-RULE Roll- PRiSM 4" wave
| Signature Signature Roll-out Roll-out Roll-out Roll-out Signature Roll-out out Roll-out
Main Actors involved from the beginning Main tools currently being used

Innovation
Continuous diagnostic tools scouting, managing pilots’ deployment, evaluating ﬁ Machine PR E DIX
benefits and main outcomes, with the aim to select the best ones. © LT VA Prediotive Anaiut @

S ————— " Predictive Analvtics
Remote Predictive Diagnostic Center ‘ _‘.:,
Support tools selection, use the tools and contribute to validation and benefits ‘g’ , Repl|
evaluation, in order to foster the rolling out activities and to get the highest value RPD Ef’ TIBC2 eplay
once the solution is implemented. | —
Technical Support and Powerplants Cente % :
Support in the identification of most critical equipments and problems, and = “‘ =PRIl §sas
interpretation of specific technical issues in the framework of 2" level diagnostic y ‘ - -
analysis.

AV 5t @
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Digital Hub
Data collection in a proper way from the plant to the Cloud level in order to
ensure availability, quality and reliability.
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Advanced Predictive maintenance - Aveva @

Collaboration Agreement focus

Collaboration Agreement key steps %@ J

January 2021:
- Temporal extension of 2020 Collaboration
Agreement to complete RULE module.

September 2021:

- New CA finalization with extended Scope of
Work

- Predictive Asset Optimization and Prism test
on GEO definition

December 2021:

- Verification of fault diagnostic an prescriptive

templates with ENEL Technical Support

community

- Global Retrofit of Fault Diagnostics and
Prescriptive to more than 20 thermal plants and
more than 2000 models

2022 joined develop. milestones:

- Validation of PAO on selected use cases
- Kickoff of Prism Test on GEO

- RULE module presentation a test results

Implementation path

Transient analysis
- Diagnostic of incipient faults in transitory operation
PAO
Techno economic maintenance activities
optimization
- Air filter change and compressor washing use cases
(o
Prism test on GEO
- Focus on gas extractor
- Compressor surge event analysis and operation JE

_ condition optimization

- Pattern matching to diagnose and isolate equipmen
issues and failure mechisms and generate actionable
outcomes

[Fault diagnostic and Prescriptive }
P

Time to failure - RULE

- Analysis of the anomaly evolution and time to failure

estimation in order to optimize O&M decisions (joined
\_development)

@




Transient Monitoring

Development methodology
NEW ENERGY CONTEX: TYPICAL WEEKLY TRENDS OF CCGT IN ITALY AND SPAIN

400 -
300
200 -
100 -

GROSS POWER [MW]

* INTERNAL

EO

* Maximum Load Increase

* Dual Fuel
* Efficiency Increase

* Primary and Secondary
Voltage Regulation

* Running as Synchronous
compensator

Ns

Available

Frequenc
Capacity 3 o

Regulation

A1

Reactive Power &
Voltage Regulation

Flexibility & Tertiary
Regulation

* Primary Frequency
Regulation (PFR)

* Secondary Frequency
Regulation (SFR)

* Minimum Load Decrease
* Fast Start
* Ramp Rate Increase

GROSS POWER [MW]

2020

400 - Rapid-Load Changes. .. : .
300 oo » . i Quermght
200 oo BT LV L T | "
1) R S SO U ST Y ISR ¥ § SO P ‘ ..................  E—— ]
. ‘
& & S & &

Training Data Comparison

Cispaed Time (inuten)

s @

Training Data Comparison

Vibration vs. Speed
Data set (24) 4 Dataset(28) a DataSet(29) 4 Data set (32)

Trial (12)

4 Dataset(2s) a DataSet(27) + Data Set (31)

4 Data set (33)

It’s crucial to support PP also during transient phases
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Transient Monitoring EO

Use case Steam turbine transient model

Case Background Model Training data > Jan 2014 - May 2019 (turbine speed and bearings vibration)
- hm—— e mmmm——m e ———==]  »  Modeltraining data => Q1 2014
* May 2019: a circumferential crack was discovered in I Transient Start — 2994 rpm | »  Machine run-downs:
the HP rotor of this steam turbine 5 : : > Transient start at 2994 rpm
= 1, heaisiing.Eeyiod o > Transient end at 20 rpm
e ok % ST ET— I‘ ‘ 'I
InLl--l S —s kT TR g i . |
| eus l ﬂ, O ) a i .
Rgd - o L B
I J HT ¢ \ _ = Transient End — 20rpm : . . .
g % P o e e 37 machine run-downs as training data
': I_} v _,m ; MJ-" “_.h.ﬁ‘:‘:‘_ - | :‘EL' X ' B
5 R =
P A - -
2> 2B i“,,,’,‘ LS l}:_l s
o TR ;_ GENERATORE

Results

Overall Model Residual

ekid

[
e

- i in ! -

L . i %

L 1 IAI . 1 4 % 1 4 | 4 ‘“ 4

1M S bl 0 ST I ) 5 3 : 3
LIRS

"""”bearmgs s “rttbearings e T™ibearings Crrmm “bearings ... “emax shearings o
i - - o

el I Ll i} i 1l HL EAT RS e i A
.T L - 1“_-:' " - '\_ Ell L] a T - P LI L w L] In" . u o 5
) Main deviations over time
: _-u-u--n-n-b Mwﬂnﬂ'lhl« N

As early as July 2014 a change in shaft vibration characteristic is clearly detected. The greatest contribution is Bearing 1, that closest to the crack.

Analysis of one run-down in June 2017 more clearly shows the changes in vibration characteristics
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Fault Detection and Prescriptive @0

Development methodology

—DEWITUW

Advanced Predictive
5 uses-cases identified

Powerplant - unit Asset involved “

Steam Turbine Water entrance
Feed water pump Seal failure

IP Feed Water Pump Bearing Failure
V94 Steam Turbine c.c tile detachment
GT26 Gas Turbine Compressor Failure

Roadmap

Methology for testing

/ /.

A | i - .
nomaly Rule-based e Fault detection

Detection o known
definiton alert
events (n.5)

Anomaly detection VS Fault Diagnostic Detection Increase in the ability to
» Rapidity in deployment » Provide simultaneously Predictive and Prescriptive info detect fa | | ure Signa IS
» Experiencing new tools » Low effort for Root Cause Analysis
@ » Definition of a new process » Low false positives
» Focusing on data,
» Best choice whit varied failures
» Number of false positive » Requires a large number of failure records
» High effort for Root cause analysis » Very high effort for deployment
N » The definition of the “normal” behavior
couldn’t be easy
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Fault Detection and Prescriptive @0

Use case Steam Turbine fault detection and prescriptive

Case Background Results ST Mechanical Model Fault Diagnostic

i v = 1. Shaft balance issue has the highest
* 10April 2008 a significant amount of condensate has § = e e o match (means we have some change
entered the machine through the steam turbine F oso- in the dynamics of the rotor.
intake valves during a startup causing serious - =
damage. No particular indication in subsequent start- 7 swarramancecnanas BRG4FAILURE THRUST BRG ACTVEHOT sra3raLune THRUSTBRG FALURE BRG 1rAILURE

3
=]

ups.

List of defined rules

> Bearing hot (n.1 for each brg)
> Bearing failure (n. 1 for each brg)
> Shaft Balance Change
» Lube oil Cooler
=% Cooling Water Temp High

Overall Model Residual

N
e

]
El

* August 2008: a performance reduction was reported
by the plant

OMR (%)
P
s o
IR R T T T TR

@
e

N
°

* November 2009 plant shutdown for major outage and =y Ty
discovered serious damage. Damage comprised " :
missing 2" / 3rd stage rotating blades (found in the

bottom of the casing), damaged seals and evidence of ST Process Model —
ovality of the casing amongst others. -

s3.2% 36.5% 1. Strong fault match — higher steam
flow, higher exhaust temperature
(lower isentropic efficiency)

° erFicienCY DEGRADATION 2. Weaker match because of increased
steam flow only

List of defined rules

» Control Valve Fault
__ > Efficiency Degradation
» Inlet Strainer Blockage

Fault Diagnostics %

TR T T T T

OR (%)

PEEERE T e

Both models suggested damage to the machine 5 months before the outage

Damage to the steam path, possible loss of blading on rotating or fixed elements and possible damage to seals
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Predictive Asset Optimization (PAO) EE

Development methodology

1. Link Predictive Analytics and First principle Performance to Isolate and measure Gas Turbine
Filter Fouling and Compressor Degradation

Approach 2. Determine impact on fuel consumption and monetarize via gas cost

and 3. Evaluate remaining economic life by comparing future fuel savings impact with direct / indirect
Benefits costs of maintenance

4. Directly link performance monitoring to monetarized maintenance benefit

5. Optimize gas turbine routine maintenance expenditure

* First Principles to define machine condition

fr\ * Predictive Analytics to measure degradation with hig
resolution

ON  OFF
wwoww
1505 e 5.07
Actual - Predicted LC12.POT_ATT_TG Smoqthed

Power Output

URE SEP + SUMMER

€ * Monetarize incremental operating cost of degradatic

* Real-time view of return on maintenance investmen

Apr

Natural Gas Price

()
b * O&M advice when and where to prioritize action

. AV=VA



Predictive Asset Optimization (PAO)

* Use case PAO

All Filters

changed April
2019

5f Total Filter DP  Excess DP Due to Filter Fouling
PR
£

. mbar

202 SRS R S MR Excess DP due to fouling [N
< 1 mbar

Sep ot Nov Dec Jan 2019 Feb Mar Apr May Jun Jul
Date and i

Filter Remaining Economic Life

2018 " 5

End state before shut-down was
economic life 7-8000 hours

Case 1 : Over Maintenance

Filters previously changed in September 2018, but the entire filter
was changed again in April 2019 at a cost of ~ 40kEUR. At the time
of the second change the excess pressure drop due to fouling was
only between 0.5 and 1.0 mbar. Consequently the remaining
economic life of the filter was still more than 7.500 hours -> the

filter change was premature.

\_ J

INTERNAL

Fouling rate steadily

increasing -> currently >

Total Filter DP Excess DP Due to Filter Fouling 3 mbar excess

Filters Changed

| mbar

Jon 2021 Apr Jul Oct Jan 2022 Apr

CURRENT Excess gas burn ~EUR

st00 - . Gas Price 18.000/ week
= 140~ 18000
ES Iel e
120
oao =R 1000
¢ s ; 100 2000
=] S = s B
g 4000 — %0 0
T o - so00
3000 = .Df a0
W s =
00 - 40 = 4000
1000 a0 G
— 20 :
= = -
— o 2021 Apr

Remaining Economic Life 350 hours
(~2 weeks)

- Case 2 : Maintenance Due ™
The filter was previously changed in December 2019. By Q1 '22 the
filter is in degraded condition in combination with the significant
increase in gas price means that the additional gas burn is about
EUR 18.000 per week and the current economic life of the filter is
only 2 weeks -> filter should be changed as soon as is convenient

\- AV=

VA
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/QSt
Time to fail RULE “tn,
- t
ime to failure leags
* Development methodology f
. When Predictive Analytics detects abnormal behavior track the propagation of the fault to &
Approach forecast the remaining distance and time to reach machine integrity limit. )
and . Determine the risk and urgency associated with equipment degradation with a systematic &“ ,,_/:
. approach to track remaining useful life. / X >
Benefits . Guide decision making on maintenance intervention and thereby reduce occurrence of trips
and significant equipment damage.
———— e — V94 Gas Compressor OK (SHAFT Very high urgency 3,9 M€  —
“ M Turbine blade failure UNBALANCE) shutdown required: “l*“‘ B
. me I W”\ W Trip < 2 days
" e | ‘ Feedwater Bearing failure OK (BEARING High urgency 50 k€ o //'ﬂ ‘ .
i J Pump FAILURE) shutdown: Alarm < 4
- = T
) M‘W ' ID Fan Bearing failure OK (SHAFT Very high urgency: Trip 360 k€ e = - & A /
2 Vibration and fly ash UNBALANCE AND < 12 days e B = 5| i e Eom
deposition BEARING FAILURE)

[ Algorithm development / testing ] — [ Back Testing Use Cases ] _>[ On-line monitoring implementation

. AV=VA
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Time to failure - RULE

* Use case RULE : Gas Fan

Fan taken out of
service 17th Sept ‘20

G . (overall Model Residual)

_ " Legend: )

ANOMALY
DETECTION

Persistent anomaly
warning 13/08 Fan not in service

dex

OE/[:[::J‘U;GZG OE/Uﬂ::fﬂ;ﬂZn nﬂfUTE::fﬂZn UW:J‘U;OZO oe:guefﬂ;nzn 081‘033/‘“2“020 09/‘:‘]5/‘02“020 09/‘:‘]0/‘02“020 09/n1uﬁfu2n020 DB/DZUO./‘UZHDZD PLANT AcTUAL
43 /08 /20 1 1 09 120
s1a ACTIONS
FD output: SHAFT _ \ /
UNBALANCE, . )

BALANCE ISSUE co nfide nce Ievel 71 % NDE BEARING FAILURE DE BEARING FAILURE

/3 @ VIBRTOT ASS SUPPORTO VAG A CUSC BLOCCATO (TN31.353AYT606A_M)

t e 3 mysiﬁ \
Projection start at 10th Sept - B

e B uncertainty band covers actual signal
' behaviour that happened up to 17th Sep

%
w
El

Fault Anomaly

Detect

REMAINING = == = = = ==

Units Left

g ~
P E ¢ 58.57%
, . O::ezats tri 6.33 mm/s (R..
. . rojectea to tri
: Drive-end bearing proj P Urgency Level
. . . limit of 12 mm/s
vibration (actual) EARLIER EXPECTED Time Left
: High High EARLIER EXPECTED LATER
2 24.98% 31.74% 40.84%
, 9.73days 13.59 days 20.18 days
il N e o ~ 6 mm/s remaining
' distance as of 10th Sep
e Projecton ength 20,6 Days (10/02/2020 08:31)
‘ ——
Max: 76.4 Days (11/27/2020 03:02)

RewAnNG
Units Left l
58.57%
6.33mm/s (R..

Training data range

Expected to trip in 13.6 days with
band of — 3.9 days / + 6.6 days

00/06/2020 15:58:17 =g

ena
09/11/2020 23:58:32 =l

snomaysant ————————————————————————————————————————— M eur | eecmw wter
08/13/2020 18:32:16 =] High




GEOTHERMAL PLANT

* WORK IN PROGRES

s 1

INTERNAL

s

L=

gasses at the condenser

restart can take several hours of lost production

. Predictive Analytics Focus on integrally geared compressor which removes non-condensable

. Compressor surge events can cause rapid fluctuations in condenser pressure which, if not
caught by the operator, can cause the plant to trip in a short space of time after which a

. Dirt in gas and instrumentation issues mean that normal anti-surge control is not reliable

. Predictive Analytics is being introduced to give advance warning when entering surge and
allow the operator time to adjust compressor operating point to avoid plant crash

=

Rapid fluctuations in condenser
pressure directly affecting steam
turbine performance and electrical
generation

Mechanical stresses on
compressor, fluctuation in shaft
position causes plant to trip if
unabated

Onset can be difficult for an
operator to forsee

- {3 @ ersPREAD

o0 0% o2
- @ weseREAD

ba ass
= £ @ apsPREAD

Predictive Analytics Monitoring

ST _|_|.'Jl.*_&,__Lll__l.-.L'lJ!.I|i.l_|_..||h_'li.:lrf.. |

B —

L Lnl

e =

*

Early indication that
compressor is entering mild

» Predictive analytics used to
deduce from mechanical and
process behaviour of the
compressor when it is first
entering mild surge behaviour and
before the onset of deeper surge

» Early indication of surge allows
operator to take preventative
action by adjusting anti-surge
valves to move operating point
before deep surge initiates

AV=VA
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™ N—
ENEL RPD mapping, process and organization

Growth of the ENEL RPD center, together with the AVEVA collaboration agreement

@

AV=VA .
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Detected catch with transient PRiSM model A

Ticket 1105 CCGT — GT GE6 — Compressor surge during start-up phase |aveve predictive analytics
_/ : — @) Estimated Impact
&) RPD - Diagnostic analysis = S b bos e m N

70 7002200 15 65 F5 65 |80 20 7005500 15 65 F5 65 |80 Predictive Module [Gas Turbine
"\ /\,V\/. Equipment |Turbo & Compressor

December 31th — RPD: At the end of December, RPD identified a " /’(’”/ 2 7

temperature and pressure anomaly in a gas turbine installed in the o -~ }?ﬁ o | ] T H

power plant, during a start-up phase. ° f{ = Py : // =a - 5,

This detection was possible thanks to specific models developed for =11 PN/ =T 71! g

tranSIents monltorlng Wlth the Prlsm tOOI (used for the Thermal fleet 30#1;20%@:36' Q,U;mmutas 30/12/2020 204401 WSJU:JZUZ-W 13 54‘JUU %U;%nums 13/01/2021 14:03:00 S M

since 2018) and in accordance to a failure already happened on the 5 TG SEX TV EDUAN CORRECTED B AVERAGE | | 5o To1 X TEMPMEDAN COmRECTED Sy ATERAGE S

same turbine model in a similar power plant on June 2020. O TG SCOMPRESSOR DISCH PRESS TRANSHTTER [96CD-14] O~ COMPRESSOR DISCH PRESS TRANSHITTER [96CD-14] S L

. [] CCW-TGW-->P’OS\’TION FEEDBACK IGV (HIGH VALUE SELECTED) [96TV-1] [ ] CCW-TG1-->P’OS\’TION FEEDBACK IGV (HIGH VALUE SELECTED) [96TV-1] LLI

At that time, a phenomenon of compressor surge had deeply + CCITO! LFURL STROKE REFEREIGE  CCITo1 FUEL STROKE REFEREHCE

damaged the turbine blades and the restoration required 78 days of  COMTOT->GENE. WATTS [RGG-1 & COTTST>GENE WATTS (36661 Lt

plant unavailability (about 0,9 M€ in terms of avoided cost for - bef h j ducti L R L IZ- H ; HH

. . = uration Estimate
margin) and about 3.1 M € of repair cost. uring a star.t up g ore the action, a pressure reduction can
be noticed (pink curve) due to compressor surge. Global Unit Code BRRC-GT11-CC-2x1

Net Maximum Capacity 68, 7MW
Equivalent Duration 75,6 Hrs Eq
Total Economical Estimation 3.980,00 K€

— \;‘;“:;223“522? 3_?%%%%5;/
/ % PP - Action \ = ) C i =l  Compressor pressure imated EUOF Impact 7.51%
January 27t — PPs Early detection allows alerting in time Powerplant : FoieiEl auelles ermee e
and O&M Gas teams. The anomaly has been promptly checked by
the PP colleagues, which had shutdown the machine as a
precautionary measure.
Subsequently the manufacturer (General Electric) has been engaged
and it suggested modifying the setup of the machine, in particular of
Static Frequency Converter. The improvement were immediate and
setting changes were extended to all similar gas turbines in the

Qanish and Italian fleet. /
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Questions? Please remember to...
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State your name and company.
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This presentation may include predictions, estimates, intentions, beliefs and other statements that
are or may be construed as being forward-looking. While these forward-looking statements
represent our current judgment on what the future holds, they are subject to risks and uncertainties
that could result in actual outcomes differing materially from those projected in these statements.
No statement contained herein constitutes a commitment by AVEVA to perform any particular action
or to deliver any particular product or product features. Readers are cautioned not to place undue
reliance on these forward-looking statements, whlch reflect our opinions only as of the date of this

L presentatlon

Th'e Company shall not be obliged to disclose any revision to these forward- looking statements to
reflect events or circumstances occurring after the date on which they are made or+to reflect the
occurrence of future events.

© 2022 AVEVA Group plc and its subsidiaries. All rights reserved.
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@ linkedin.com/company/aveva
o @avevagroup

ABOUT AVEVA

AVEVA is a global leader in industrial software, sparking ingenuity to drive responsible use of the world*s
resources. The company’s secure industrial cloud platform and applications enable businesses to harness
the power of their information and improve collaboration with.customers, suppliers and partners.

Over 20,000 enterprises in over 100 countries«rely on AVEVA to help them deliver life’s essentials: safe and
reliable energy, food, medicines, infrastructure and more. By connecting people with trusted information
and Al-enriched insights, AVEVA enables teams to engineer efficiently and optimize operations, driving
growth and sustainability.

Named as one of the world’s most innovative companies, AVEVA supports customers with open solutions
* and the expertise of more than 6,400 employees, 5,000 partners and 5,700 certified developers. With
opérations around the globe, we are headquartered in Cambridge, UK and listed on the London Stock
Exchange’s FTSE 100. A 1 ’

Learn more at

© 2022 AVEVA Group plc and its subsidiaries. All rights reserved.
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http://www.aveva.com/
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