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Technology deployed: SmartBox (Co-Digitize)

AK 601 Process data collection from OPC UA gateway
» Real-time process values
* Cycle aggregated values
« Alarms

» Integration with Ingeteam Edge Node for new sensor data (vibrations)
« Lab analysis data collection from shared Dropbox folder
» Automated Excel file download and digestion

» Data pre-process for increased resolution (required by Co-Analyse)

» Possibility to automatically write Cognitive suggestions back to OPC UA
gateway (not currently used)

Demo expectations

« Seamless collection, refining and provisioning of lab analysis data
« Suggested test: upload new version of lab analysis Excel file to Dropbox
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Technology deployed: Datalake (Co-Digitize)

* Raw data (1 second resolution) provisioning over secure REST API

« Real time data streams for online predictions on AVUBDI / Digital 4 ) )
. B COGNIPLANT
Twins Data Virtualisation
» Historical data batches for in-depth analysis on AVUBDI / Digital Platform
Twins

* Unbounded, long-term cloud storage

- Data aggregations by minute & hour
«  MAX, MIN, AVG, SUM, COUNT

S E

» Process visualization and monitoring thanks to specialized dashboards

« Email notifications for specific machine alarms

Demo expectations

* Subscription to email-based alarm notifications for different roles / users
» Suggested test: simulate distinct alarm conditions on AK601
« Expected result: email notification received by operator or manager in timely fashion
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Developed and Deployed applications
Data preparing and preprocessing:

1. FORNA Data_Conversion

2. FORNA_Data_Preprocessing

Machine learning models:
3. FORNA _Model_Training
4. FORNA _Model_Prediction

Optimization:
5. FORNA_Reactive Schedule

General features:

- Low computation complexity

- Dockerized services

- Architecture based on parallel flows
- Each application runs in specific time
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3_FORNA_Model_Training
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Developed and Deployed applications Inference-Module Q

Y A Use trained model and new data to forecast,
Pattern Abstractions and Virtual Layer Models: outlier detect, classify, ...
1. FORNA_Model_Trainings_Module e trair[ed Hodel _ f
2. FORNA_Model_Inference_Module query ¢ query, |nfe$nce, store
General features:
- Dockerized services 400 MLl 400

ow € InfluxDB
- Global model Cas Cas
- Learns latent representations of the process
- Customizable architecture and objective T
load, train & update model query trainings batch
Trainings-Module Q
AL

Method 1: Pre-Train Model [no objective]
Method 2: Fine-Tune Model [spezialized objective]

Method 3: Pre-Train + Fine-Tune Model

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931
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Pattern Abstractions and Virtual Layer Models - Training: 3 LU LR B L Q
A

Method 1: Pre-Train Model [no objective

Key features and benefits: Method 2 Fine-Tune Model [spezi

« Trains a global model to forecast the next N timesteps of a customizable e
target (implemented for Channel Temperature with N=60) given M
timesteps of context length (implemented with M=15).

* Possible to retrain from scratch or update existing model w.r.t. new
data

» Uses (optionally lagged) pressure sensor, sawdust and limestone weight e
values

» Persists learned representations in InfluxDB

* Enables a higher-level understanding of the process and enables
complex historic similarity searches, i.e., given a window of data
points, which historical windows behave similarly?

» Higher context length possible when GPUs are available 0

s B & < @ 2023-04-27 22:21:06 to 2023-04-2810:00:41 v > @ & ~ B

2D Embedding Space

embedding_2

-6 -4 -2 0 2 4 6 8 10 12 14 16 18 20
embedding_1
Series 1

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931
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Pattern Abstractions and Virtual Layer Models - Inference:

Key features and benefits:

* Infers knowledge about new data based on the training data and
objective (Forecast)

« Inference conducted on a global model

» Outputs a forecast of length N given a trained model and unseen data

« Generates and saves embeddings from unseen data to InfluxDB

« Enables online inference of the (current) behavior of the system and
thus can query similar complex historic behaviors given the learned
embeddings in InfluxDB.

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931

Inference-Module Q
T Use trained model and new data to forecast

outlier detect, classify

Channel Temperature and Prediction
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== forna_production_data_minute.Channel_Temperature_Actual Last: 934 model_forna_03_predictions.Prediction Last: 928

Time

2023-05-05 09:36:00

2023-05-05 09:40:00
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Data preparing and preprocessing:
1. FORNA_Data_Conversion

Key features and benefits:

* Online or history view of 46 metrics

+ Real time and cycle aggregated data

* Process parameters with 1 minute
granularity

« Calculate min and max values

« Display different time interval, like 1
hour, 3 hours, 6 hours, 12 hours, a day,
a week, a month or any other

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931

Lime temperature during a cycle in a Shaft 1

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00

== CY_LT1S1 == CY_LT251 == CY_LT3S1 == CY_LT4S1 == RT_LT1S1 RT_LT251
RT_LT351 RT_LT4S1 == CY_LT (discharge point) == CY_LTS1
Pressure

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00

RT_CBAP (combustion air) == RT_CHAP (channel)
== CY_CBAP wm CY_CHAP == CY_CLAP

RT_CLAP (lime cooling air)

Mass values

7500

5000

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00
== CY_LCY (lotal quickime discharged in the cycle)

== CY_LSCY (Total limestone charged in the cycle)
CY_LSCYS1 (Limestone for cycle shaft 1) == CY_LSCYS2 (Limestone for cycle shaft 2)

Settings

1000

800
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00
== CY_TCO Combustion time == CY_FCY Total sawdust fed in the cycle

== CY_EAN (*1k) Excess of air

MIN and MAX values (Shaft 1)

RTLTIST 97.5
RTLTIST G 134
RT_LT2S51 513
RT_LT2S51
RT_LT3S1
RT_LT3s1
RT_LT481
RT_LT4S1

CY.LT

617

MIN and MAX values

RT.CBAP | 0
RT.CHAR | 0

rrchsr [ 166
RT_CLAP

RT_CLAP

MIN and MAX values

Cy.cy I 3297
cy_Lcy 3314
cy_Lscy D :4
cy_Lscy N -7
CY_LsCYS1
CY_LSCYS1
CY_LSCYs2 | [
cy.Lscysz S 764

Mean values

cy_Tco CY_FCY CY_EAN

839 842 1.09

Lime temperature during a cycle in a Shaft 2

10

0 Tl

50

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00
== CY_LT1S2 == CY_LT252 == CY_LT352 == CY_LT4S2 RT_LT1S2 RT_LT252
RT_LT352 RT_LTAS2 == CY_LT (discharge point) == CY_LTS2

Waste gas temperatures (Shaft 1and 2 exits)

180
|
140

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00

== RT_TWGS1 == RT_TWGS2 CY_TWGS1 CY_TWGS2
Air flows
20000
15000
P - ,
10000 YA ) a1 (1iotobd BN o et | il At |

00:00 02:00 04:00 06:00 0800 10:00 12:00 14:00 16:00
== RT_QCOM (Combustion) == RT_QCOO (Lime cooling)

Sawdust heating value

4000

2000

Q
00:00 02:00 04:00 O06:00 08:00 10:00 12:00 14:00 16:00

= DUST_LOW_HEATING_POWER

European
Commission

MIN and MAX values (Shaft ...

RT_LTISZ =l 69.9
RT_LT1S? S
RTLT252 |

RTLT2SZ =

RT_LT3S2

RT_LT352

RT_LT4S2 ol

RT_LT4S2 S
CY_LTS2 &

MIN and MAX values

RT_TWGS1 l 139
RT_TWGS1 - 180
RT_TWGS2 | 133

RT_TWGS2 - 187

Another values

40

20

0o —
00:00 06:00 12:00

= RT_CO == RT_.CO2

== RT_DUST == RT_H20
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Data preparing and preprocessing:
2. FORNA Data_Preprocessing

Temperature at the channel with different running Shafts

Temperature histogram

RT_PYR variance

RT_PYR histogram

- U AR Lond - )
Key features and benefits: N
« Detect and fix anomalies in RT values ’
 Aggregate clean RT data by cycle " oo oz 0so0 oso0 oso0 o0 o0 w0 weo 0 o e 20 o me w0
*  Synchronize CY and RT by time e —— .
R Temperature in the Channel (RT_PYR) iS Temperature at the channel with different running Shafts Shaft activity diagram . } RT_PYR histogram
colored regarding the active shaft ‘
» Plot cyclogram of the kiln operation “
« Analysis RT_PYR variations j:z 6°° o
» Detect and reduce RT_PYR transition . N il
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 == RTS=2 == RT.S=1 00:00 06:00 12:00 -100 0 10c

phases during post-stops
« Show time delay for raw and aggregated
by cycle data

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931

== RT_PYR (Shaft1run) == RT_PYR (Shaft 2 run) == Stop production

Cycles

2 THHH A HH AT W
;

0

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00

== Shaft1 == Shaft 2 RT.S == CY_S

= RTS=0

== Spread == Difference

== Difference

Time difference between now and the last measurement [min]

00:00 02:00

04:00 06:00 08:00 10:00

== Raw data == Aggregated by cycle data

it g AN i o W i |

12:00 14:00 16:00
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Machine learning models:
3. FORNA_Model_Training

Key features and benefits:

* Process cycle aggregated data with linear
regression and gradient boosting models
for prev. 10 days

« Train model to predict RT_PYR for 14
cycles ahead (closed to 3h)

* Automatic retraining once a day

* Use pressure at various zones in the Kiln,
sawdust and limestone weights

» Detect the high inertia patterns by specific
calculations on pressure and mass having
60 and 74 cycles delay

Developed model is better than:
1. Naive modelin 2.7 times
2. Basic LR in 2 times

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931

Developed model: Actual and predicted Temperatures RMSE (degrees C) Square error
LR model
1000 1500
" k') s ' Bty A A o W
A U L ool i3 Sy ity N Wt
200 s, i ° o0 ‘ ‘
800 ‘ ‘ \ } || 1

I

GB model 500 " | ‘ |

700

v. | "J‘ )H'” ;[’.::T.-*!

i f | I
(UL i TV
0 LIU,U UL M .|I~ L ANV Y
037 0320 0323 0326 0329 0401 0404 0407 0410 0413 ° 0317 0322 03/27 04101 04/06 0411
= RTPYR1min = 1h = 37 = Predicted GB = Predicted LR = Mean value — RT_PYRGB.SE = RT_PYRLLR.SE

Temperature and features

1100

1000

03/17 0319 03/1 03/23 03/25 03/27 03/29 03/31 04/02 04/04 04/08 04/08 04/10 04/12 04/14
== RT_PYRm dP_74 == dP_60 == dM_60 == dM_74

Alternative model: Actual and predicted Temperatures LR RMSE Square error
1000 2 7' 8 80000
1 (k) FU b ot A AR ) 100 TR 13
il Al [ e e s o TR TR 4 L
00 AR ST NI KM T h | il ‘ GB RMSE 50000
| [ A | | i W 1
. LI 34.0
400 . L . 40000
. 20000
700 Naive RMSE
. huadllid A ..thmﬂm
0317 03/20 03/23 03/26 03/29 04/01 04/04 04/07 04/10 04/13 3 5 2 0317 03/22 03/27 04/01 04/06  04/11
= RT_PYR 1 mir Th == Predicted CY_GB Predicted CY_LR == Predicted CY_naive ° = RT_PYR.GB_SE RT_PYRLR_SE == RT_PYR_naive_SE
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Machine |earninq models: Actual and predicted Temperatures Predicted Temp. (3h ahead)
4. FORNA _Model_Prediction

LR model GB model
1000

i L
Key features and benefits: WMWWMMW 7
 RT_PYR predictions for 14 cycles ahead 200 o \ wf 9 6 9 5 6

(about 3 hours) by LR and GB models

800

« Update values every 10 minutes Model RMS error (degrees C)
» Support time series and basic statistic 700 LR model GB model
panels 9
o PlOt RT PYR Wlth aggl’egatlon by tlme o 03/26 03/29 04/01 oo LR OMOM& | 04/07 04/10 1 1 ° 4 1 4.
— . == RT_PYRTmMIn == 1h == 3h == Predicted GB == Predicte = Mean value
mean values during 1h and 3h
Temperature in a channel Basic RT_PYR characteristics

« Show moving average RT_PYR

« Use RMSE as an accuracy metric i — .
M MM\Mﬁ MODE (D 964
\ MIN | 250
Temperature predictions are more accurate if 800 MAX CEEEEENNES 1032
the statistics show small deviation around the PERCENTIE .. SN  ©o

mean (median) Value oo Basic CY_PYR characteristics
200 MEAN (D 934

MEDIAN

The operator can use this screen to obtain MODE (N 936
RT_PYR predictions and to estimate its 200 MIN | 522
03/26 03/29 04/01 04/04 04/07 04/10 ve | 991

relevance under real-time operation conditions — RTPYR — Window size - 10 PERCENTILE .. D .

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931
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Optimization:
5. FORNA Reactive_Schedule

Key features and benefits:

+ Stabilize RT_PYR by smoothing
within 48 hours

* Optimize the RT_PYR for 3h ahead
by sawdust CY_FCY correction

» Calculate difference in sawdust
weight after correction [in tons]

* Energy efficiency evaluation based
on sawdust heating value

This app helps to analyze the impact
of the sawdust feed to the channel
temperature for the next 3 hours

Operator could use corrected setpoint
values for the channel temperature
stabilization, quicklime quality and
kiln energy efficiency increasing

Actual Channel Temperature (mean over last 10hours)

935 946 —11.7

Actual Channel Te... Desired Channel T... RMSE Desired vs A...

Temperature

1000
950
900

850
01/01 01/08 01115 01/22 01/28 02/05 02/12 0219 02/26

== Desired PYR Predicted PYR == Predicted Corrected PYR
Sawdust fed in setpoint
1200 ‘lr‘\-L =

1000 g i l\J&,J

e T N reth
400 P M Hpt\lldq.__.“j.u. v s [

01/01 01/08 0115 01/22 0129 02/05 02112 02/19 02/26
= CY_FCY CY_FCY Corrected

Predicted Temperature (mean over last 10hours)

Predicted Tempera... Desired Channel T... RMSE Desired vs P...

Predicted Corrected Temperature (mean over last 10hours)

Predicted Correcte... Desired Channel T... RMSE Desired vs P...

Temperature RMSE

) . -J Nk ‘ | ) LU T

01/01 01/07 0113 01119 01/25 0131 02/06 02/12 02/18 02/24
Predicted vs Desired Temp

50

== Actual vs Desired Temp

== Predicted vs Desired Corrected Temp
Specific energy indicator [fuel/product weight ratio]

1100000 ¢ . T [r'“
A P N =] 1 M [
1000000 ‘F_r T, Ray 1r—'—| | l

900000
01/01 01/08 0115 01/22 0128 02/05 02112 02/19 02/26
== R = 1k*[Heating Value]*CY_FCY/CY_LCY
R = 1k*[Heating Value]*CY_FCY_corrected/CY_LCY

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931

Mean sawdust weight fed in [kg]

Criginal

lmm 918

Corrected

i 878

Total sawdust fed in [ton]

Original ......... 2732
Corrected ......... 2612

Difference (Ori... 19

DUST LOW HEATING POWER

4200
4150
4100
4050

4000

3950

01/01 01/16 01/31 02/15
== DUST LOW HEATING POWER
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How to use applications?

>}

> 00 Dashboards
(| ]

Create and manage dashboards to visualize your data

y ) ‘(j‘ ) |
s w
v s Browse EI Playlists © Snapshots B3 Library panels

O

oo
oo
Welcome to Grafana [esren torsasnvoars
Email or username g R - o
cogniplant123
[® SCCH

Password

AAL Real Time Quality Monitoring
[3J scCH

FORNACI Data Processing
[ SccH

Forna_Predictions_Luftensteiner
[J sccH

2. Browse dashboards and
select FORNACI Data Processing
(SCCH folder)

1. Login to Grafana visualization tool

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 869931

Training 09/05/2023

88 SCCH /FORNACI Data Processing tvr <3
> FORNA_Data_Conversion (15 paneis)

> FORNA_Data_Preprocessing (9 panels)

> FORNA_Model_Training (5 panels)

> FORNA_Model_Prediction (6 panels)

> FORNA_Reactive_Schedule (10 panets)

3. Open required panel

< (@ 2022-06-16 03:52:32 t0 2022-06-20 00:10:04 ~ > Q

2022-06-16 03:52:32
to
2022-06-20 00:10:04

Local browser time

4. Set the time interval

O
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gf@g Introduction: on-demand optimization for

orr CHANNel temperature

° The temperature |n the Channel : 88 IBER /FORNA v <3 “ - v s B & < @ 2n ;2 12 23:02:34 to 2022-03-01 12:58:32' ~I > Q r@ v fl
is a key indicator of the overall I WW il Jull e | mew‘” i ;
healthiness of the process, N ‘
reflecting directly to the quality.

Average temperature in the next 3 hours: Target temperature 1010°C RT_QCOO: Average between 15 min and 30 min in the future RT_QCOO: Average between 45 min and 60 min in the future
Original Original
ﬂﬂﬂdﬂ!"“llllllllﬂﬂ 14509 N3/ "HHdﬂﬂlﬂﬂﬂllllll" 4458 Nm3/n

. UItimate goal: given area' plant LR wsaenman | HERRRNEERRERREEINE

Sce n ari 0 , to g e n e rate futu re RT_QCOO: Average between 75 min and 90 min in the future RT_QCOO: Average between 105 min and 120 min in the future
H . QOriginal Original

recommendations of setpoints (LTI T Ry {1111 UL R

(SPS) to malntaln the Channel SERRRRRRRRRARRRRS 10517 Nm3/h RERRRRRRRRRRRRRRRY 1534 Nm3/h

te m pe ratu re betWee n 980- 1 0 4 1 o C 1 0 2 2 o C RT_QCOO: Average between 135 min and 150 min in the future RT_QCOO: Average between 150 min and 165 min in the future

1000°C when working with small orinl orcinl

size limestone and between ERAANRHARNORRORRY o ATRORMONORRARORRRR

. . Temp. pred. with original SPs Temp. pred. with recommended SPs T T T T L0 T T P
°C
1020-1030°C when working with
. . Estimation of temperature difference Estimated improvements
large size limestone.

B S14cC _‘-12‘3 °C ' 19.1°C - 1.89%

Desired - Pred. with original SPs Desired - Pred. with recommended SPs Absolute improvement Percentage of improvement



3,@5 Development Description Training | 09/05/2023
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» To address this KPI and develop an optimizer, the models developed in WP3 are used using a
simulation-based search approach.

« Agenetic algorithm has been chosen to optimize this case due to the need for an exhaustive
exploration of the search space and the presence of complex constraints.



%@ 2 Development Description

aenr 2.1 The parts of the optimizer

Training 09/05/2023

Objective function: This is the ML model developed in WP3 in which the average of the temperature in the channel over the
next 180 minutes is predicted.

» Train: 5-TimeSeriesSplit RMSE = 10.49, 5-TimeSeriesSplit R2 = 0.74
» Test: RMSE =12.25, R2=0.81

~ Analysis of channel temperature predictions

Channel temperature by the pyrometer Prediction performance (RMSE) Prediction error histogram
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Setpoints (SP-s) and Boundaries:
The boundaries are defined based
on the original value of the SP and
the allowable change. The allowable
change is established considering
the past variability of that SP.

Constraints:

 An autoencoder is used as a
constraint to rule out
anomalous scenarios.

 The SD of the future windows
to be recommended does not
exceed the P85 of the SD
observed in the historical ones

2. Development Description
2.1. The parts of the optimizer

RT_QCOO: Average between 15 min and 30 min in the future

Original
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Training |

09/05/2023

RT_QCOO: Average between 45 min and 60 min in the future

Original

Recommendation
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RERRRRRRNRRANNRRRNNNNNN v4ssonman
Recommendation
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~ Channel temperature optimization with small-sized limestone

o . . .
ES F I m a't_ ed I _rn p r o V e m e n t S " Channel temperature by the pyrometer: Target temperature 990°C Estimated historical improvement stati... Histogram of estimated historical improvement
Using historical data, on Min )

average, the channel - VY PV NMWWW&WM i - padl
temperature improves 1.56% M WWMWM U N wi'w i | -

=

900°C |

for small limestone and 1.66% | ; \ ean (C)

850 °C - 141 ¢ 0

for Iarge I I mestone . 12/08 12713 12718 12/23  12/28  01/02  01/07 01112 0117 01/22  01/27  02/01 02/06  02/11 0216 021 02/26  03/03 std. (°0) -50°C -0°c 30°C 70°Cc 110°C

== Historical data == Prediction with recommended SPs == Difference between actual error and estimated error after optimization
138-c

Estimated historical improvements Histogram of estimated historical improvement

Min. (%)
| 412% 2000
100 °C
%
| F‘ ﬁ Max. (%) 1500
50°C ) ‘q | | 12.2%
h f | | W Iw '-m m m 1000
I\ |\ I
W MWW g e il f I Mean ()
| 1435 50
-50°C al I
12/08 1213 1218 12/23  12/28  01/02 01/07 0112 01417 01/22  01/27 0201 0206 02711 02116 02/21 02/26 03/03 std. (%) 5% 2% 1% 1% 3% 5% 7% 9% 11% 139
== Difference between actual error and estimated error after optimization I 1.39% == Difference between actual error and estimated error after optimization
~ Channel temperature optimization with large-sized limestone
Channel temperature by the pyrometer: Target temperature 1010°C Estimated historical improvement stati... Histogram of estimated historical improvement
o
1050°°C M , " W B Min. (°C) 2000
NI e A Al g P | 36.17C
A e e \ oo S it PSR SA
1000C h WA e 1) ‘\1 i J A A I Ji)v A 1500
”' 1 L' Hr Wﬁl,ﬂ o Max. (°C)
v | /
: | ; |
900°°C L ‘F \ Mean (°C) 500
850°C - 153-¢c ol | |
12/08 12713 12718 12/23  12/28 01/02 01/07 0112 01/177 01/22 01/27 02/01 02/06 0211 0216 02/21 02/26 03/03 40°C 0°C 40°C 80°C 120°C
== Historical data == Prediction with recommended SPs std. (°C) == Difference between actual eror and estimated error after optimization
13.4-c
Estimated historical improvements Min. (%) Histogram of estimated historical improvement
in.
150°C | -3.58%

e l Max. (%) “
| & -
v s Mo MR IAA e - I

12/08 12113 12718 12/23  12/28  01/02  01/07 01712 01/17  01/22  01/27  02/01 02/06  02/11 02/16  02/21 02/26  03/03 Std. (%) -4% -2% 0% 2% 4% 6% 8% 10% 12%
I 1.33% == Difference between actual error and estimated error after optimization

== Difference between actual error and estimated error after optimization



%M 4. Validation phase Training | 09/05/2023

COGNIPLANT

« Predictive model performance testing: verify the accuracy of the predictive model and its ability
to generalize to different situations. It is necessary to perform tests comparing model predictions
with actual temperature values for different production conditions.

» Predictive model sensitivity testing: test how the model behaves to changes in input
parameters (PVs and SPs), to verify if the model is robust and can handle different operating
conditions.

* Optimizer performance tests: verify how the optimizer behaves under different conditions and
how much the performance improves compared to other methods currently in use.

« Verification of compliance with targets: It is important to verify whether the optimizer is meeting
the set targets, i.e. whether the temperature is being maintained in the desired ranges. Tests can
also be performed to verify how the optimizer behaves when unforeseen or unexpected conditions
occur.



Deep-learning methodology for prediction
of set points reducing kiln stops
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» Technologies developed for FORNA, but not expected to provide any benefits for production

Vanilla LSTM —based one minute ahead prediction of time-to kiln stops \Q$

MAE = 179.1247 &
RMSE 233.1107
Actual KPI Values and Forecasts by LSTM &
Actual Value
—— Forecast
= 0 95% Confidence Interval
000 -

1500 -
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Time-start-to-stop

v
=4
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« Multi-scale cumulative statistical features as health index indicators (cumulative statistical moments)

* Onset detection of process degradation
» Time-to-stop prediction
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~Original Process Variables
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* Multi-scale cumulative statistical features as health index indicators (cumulative statistical moments)

* Onset detection of process degradation
« Time-to-stop prediction

88 MR.NEC / MRNEC_FORNA % o3 i+ & < (D 2022-08-04 09:00:00 to 2022-08-07 03:00:00 ~ > Q & ~ O

~ Kiln Time-To-Stop-Start Prediction
> Original Process Variables (17 panels)

~ Moving Cumulative Statistical Features
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> Moving Cumulative Averages Statistical Features (12 panels)

> Multi-Scale Statistical Features (SCALE = 14) (4 panels)

> Multi-Scale Statistical Features (SCALE =28) (8 paneis)

> Multi-Scale Statistical Features (SCALE =56) (3 panels)
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« Expectation demo phase (July — September 2023)

» Which statistical features across process parameters relevant as process health indicators in
terms of monotonicity , trend-ability, prognogsticity

 Validity of statistical features in supporting operator

« Detecting onsets of process faulty modes
« Controlling process health and therewith down-time
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Multi-scale deep learning models for prediction of (schedules of setpoints) improving process health / reducing down-time

Learning Curves
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Minimal training loss = 0.1044at epoch 9
Minimal validation loss = 0.0499at epoch 9
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« Expectation demo phase (July — September 2023)

What are relevant time-scales for prediction of time-to-stop due to particular type of faulty modes (clog
formation)?

What are relevant time-scales for prediction of rescheduling processes in order to reduce down-time or
improve process health?
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