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Machine learning is (often) taught with irrelevant datasets
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https://community.jmp.com/t5/Discovery-Summit-Europe-2023/Scaling-up-the-Use-of-Machine-Learning-in-Chemical-Process/ta-p/572644

Introduction

Machine Learning is not new for Chemical Engineers

H

Traditional methods 1og(¥)‘ P

log(Re )

data —
Computer output

model —

Model

data data Machine Learning (Learning)
Grouping Control
datada’[gata ’ (Unsupervised) (Reinforcement)
Computer mmalCYE o
data gt ® Dt 2
d ata d ata f . Controller Plant
data by pr=====n___

13 »
2500 2600 2700 2800 2900 3000 3100 3200
Density

Source:
Industrial data science — a review of machine learning applications for chemical and process industries React. Chem.
Eng., 2022, 7, 1471-1509 3



https://pubs.rsc.org/en/content/articlehtml/2022/re/d1re00541c

Self-service access to process data (Aspentech IP.21 and Osisoft Pl)
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https://community.jmp.com/t5/JMP-Add-Ins/MES-data-retrieval-add-in-Aspentech-IP-21-and-Osisoft-PI-Aveva/ta-p/540841
https://github.com/equinor/tagreader-python
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Automated ML for process engineering

Predictor Explainer JIMP+Python add-in
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Open-source add-in
with relevant datasets
(continuous and batch

processes)


https://community.jmp.com/t5/JMP-Add-Ins/Predictor-Explainer-AutoML-and-Explainable-AI-in-JMP-Python/ta-p/544064

Python package with applications to industrial batch data

PyPhiBatch — Multivariate Analysis of Batch Processes

With simple alignment /phase
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Years of industrial research made open-source

P pgthon " Phi toolbox for multivariate analysis by Sal Garcia

https://github.com/salvadorgarciamunoz/pyphi Process Analytics Course
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Batch data analysis (dryer)
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https://arxiv.org/abs/2209.09660

Batch data analysis
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Batch data analysis
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An automated analysis can be used to identifying leading correlations that | _ source:

Industrial Data Science for Batch

. . . . . ol bata Seience
can explain or predict variability seen in final solvent concentration. anufacturing Processes
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Batch monitoring



Monitoring batch processes
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Model inputs for batch processes can be generated by summarizing the information into statistics. Here, the
tank level at the end of the deagglomerate phase (a) and the maximum temperature reached during the , _ Source:
. . . . oq . . Industrial Data Science for Batch
drying process (b) can be used to capture information in specific phases (c) and summarize it per batch (d). Manufacturing Processes
These single values are then used for either correlation analysis or statistical process control monitoring. arXiv:2209.09660
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Functional PCA
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Contrary to summary statistics, Functional PCA can capture and decompose the whole
trajectories seen in batch processes. Batch curves can be decomposed using the
average trajectory and a combination of characteristic and independent trajectories
(called shape functions). Similar to PCA, these are ordered by the amount variability
they are capturing.

Source:

Industrial Data Science for Batch
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arXiv:2209.09660
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Anomaly detection for batch processes

PhaselD
a } Il Deagglomerate
I Heat C)
Cooldewn | o AR,
80 | NP
| IR )

40

300 | Y, )
4 / '\}:f»' -'/'\\ \\ &
% //// e\
Dryer Temp PV [degC] 3 / y ///ﬁ\i\\\‘\\\

20 -

)
=
=]

E 0 Deagglomerate Heat Cooldown
100 - f)

2
=]

Tank level [%] 60

0 10 20 30 40 50 60 10

BatchiD 20

Total phase duration [h:min] 0,‘

[ ALl B ) Cooldown
b) PhaselD PhaselD 0:00 1:00 200 3:00 10 1.5 20 25 30 35
Deagglomerate Heat Cooldown o Deagglomerate Batch time [h:min] Aligned phase index
®  Max 2:36 Max: 1:21 Max: 1:11 | ® Heat
Q3:1:08 Q3:0:33 Q3: 0:41 Cooldown
Median: 0:52 Median; 0:28 Median: 0:36 . . . _—
. a4z a2t ato33 The duration of a batch drying process shows variability (a, b)
3 * N N7 N: 70 due to various reasons (e.g., humidity of feeding material). This
2 5 makes it difficult to monitor, since the different batch runs show
3 Ty . different temperature and volume trajectories (c, e). Aligning
5 1:00 - e & . ip - . .
5 e i batches helps identifying common profiles regardless of their
.y iz duration (d, f). Source:
sesessetse® Industrial Data Science for Batch
o Manufacturing Processes

0:00 arXiv:2209.09660



https://arxiv.org/abs/2209.09660

Benjamin Katz
Philippe Neyraval

% SOWAY |
':?55"-.'i“-.:..':-;i-‘:.-‘;;;;-.'-;.'-'::-:‘.-;.'-il-".f'-i:’g v 3 S
Mattia Vallerio Carlos Perez-Galvan Antonio Francisco J.

Del Rio Chanona Navarro-Brull

Sargent Centre

for Process Systems |mperia| C0||ege
Engineering London

14



	Slide 1: Batch Manufacturing Datasets –  Open-source Data for Academia and Industry
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10: Batch monitoring
	Slide 11
	Slide 12
	Slide 13
	Slide 14

