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Context (1/2)

aLo0ED

Automation and data exchange in
manufacturing industry

Smart factory

Data analytics approaches in classical
manufacturing factories

Recent development trends vs Industrial
Data Analytics (IDA)




Context (2/2)

Industrial data analytics in Industry 4.0

Industry 4.0 vs Machine Learning

* Industry Internet of Things (lloT)

* Cloud Computing and Edge data computation
e production systems in smart factories

* Interconnected continuous data exchange

e Data lakes

=
a
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=
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* Industrial Big Data Analysis




Motivation

Industrial Data Analytics .

‘Industrial Data Science

e Industrial Data Analytics (IDA)
provides assistance to engineers in
Industrial decision-making.

U Challenges in building ML predictive
models with big manufacturing data

 Efficiently selecting ML algorithms
* These systems provide

recommendations in finding the right
diagnosis or the optimal decision.

 Efficiently configuring related
hyperparameters

. Objectives

e Autonomous industrial smart applications

* Rapid collaboration among industrial actors
and data scientists

* Decision-support systems

B » Explainability of intelligent predictions



Introduction

Industry 4.0 vs Machine learning IDA applications

Predictive analytics Process level

Data-driven decision making Machine level

Interpretation of data patterns Shop floor level

Make value from massive industrial data Supply chain level




058
R

DATA

Introduction

— 853

@

Doma'fl exp

Feedback

Try a configuration

Learning Tools

‘t Features
el engineering
Data Model
cleaning selection

;

Model Hyper-
validation paramefters
— tuning




Meta learning (1/2)

O Learnto/earnusing previous knowledge from related tasks.

O Algorithm Learning (selection)

= Select learning algorithms according to the characteristics of the instance.

O Hyper-parameter Optimization

= Select hyper-parameters for learning algorithms.

O “Algorithms show similar performance for the same configuration for similar problems”




Meta learning (2/2)

Meta-Learner Meta-Data

g

& O
[ Data ] [ Model / Algorithm ] |

[ Data collection ] [ ML algorithm ] .

Characterisation Characterisation
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I- Learning phase

200 real-world manufacturing
classification datasets k-Nearest Neighbor
(KNN)

Calculate Meta-Features I'Q >
Datasets 3 h 3 & \Meta-nataset Meta-Model
.

-
"H‘ ’E—
p————]
1 z

Machine Learning Experiments
various algorithms and configurations

Meta-knowledge base

+ ML pipelines & Meta-Features I):‘(E}}
+ Meta-datasets >

+ Pipelines performances result

Suggestion
8 ML algorithms from scikitlearn: Engine

SVWM, LR, DT, ET, RF, AB, SGDC.

Figure 1: The workflow of the learning phase




II- Recommendation phase

Meta-knowledge base

+ ML pipelines & Meta-Features
+ Meta-datasets

+ Pipelines performances result

Suggestion
Engine

— i — — — — — e e e e

Meta-Features
extraction

New Dataset

Q

Explering related datasets
&
pipeline candidates

|

Ranking piplines list acording
to the performance criteria

}

Optimal pipeline

Figure 2: The workflow of the recommendation phase

Performance criteria
(eg. Acc, F1, Recall)




Offline phase: Training Meta-Model and constructing knowledge base

Datasets

U
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(((

Framework

Calculate Meta-Features

= Q 0 Meta-Dataset Meta-Model
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Figure 3: The workflow of the proposed framework

for the new Dataset

Meta-Features
extraction

Online phase: Ranking pipelines with justification

New Dataset

— S

Exploring related datasets
&
pipeline candidates

|

Ranking piplines list acording

to the performance criteria

|

Optimal pipeline

Performance criteria
(eg. Acc, F1, Recall)




Analysis evaluation

Evaluation Benchmark

(Mazumder et al.,2021 )

(Benkedjouh et al., 2015) 2 61000
(Saravanamurugan et al., 2017) 3 2000
(Costa and Nascimento, 2016) 2 60000

(Baldi et al., 2014) 2 98050
(Tian et al., 2015) 7 1941

Failure risk analysis of pipeline networks

RUL prediction

Chatter prediction

APS system failure prediction

high-energy physics data analyses

Faults detection

Table 1 : List (sample) of Datasets used in the evaluation

e Mazumder, Ram K., Abdullahi M. Salman, and Yue Li. "Failure risk analysis of pipelines using data-driven machine learning algorithms." SF 89 (2021): 102047.
e Benkedjouh, Tarak, et al. "Health assessment and life prediction of cutting tools based on support vector regression." JIM, 26.2 (2015): 213-223.

e Saravanamurugan, S., et al. "Chatter prediction in boring process using machine learning technique." IJMR, 12.4 (2017): 405-422.

e Costa, Camila Ferreira, and Mario A. Nascimento. "lda 2016 industrial challenge: Using machine learning for predicting failures." IDA. Springer, Cham, 2016

e Baldi, Pierre, Peter Sadowski, and Daniel Whiteson. "Searching for exotic particles in high-energy physics with deep learning." NC, 5.1 (2014): 1-9.

e Tian, Yang, Mengyu Fu, and Fang Wu. "Steel plates fault diagnosis on the basis of support vector machines." Neurocomputing 151 (2015): 296-303.



Analysis evaluation

Evaluation strategy

Split Dataset into Training and test sets

Model
learning

Model

Training

>
Dataset
>

validation




Analysis evaluation

Dataset

(Mazumder et al.,2021 )

(Benkedjouh et al., 2015)

(Saravanamurugan et al., 2017)

(Costa and Nascimento, 2016)

(Baldi et al., 2014)

(Tian et al., 2015)

Table 2: Performances of the proposed framework

Evaluation results

Recommended
Paper result

config. result

93.74 85
99.41 98.95
97.06 95
99.10 92.56
85.59 88
99.54 80.74

Pipeline with
default config.

80.24

93.88

86.12

92.34

69.45

76.23




Analysis evaluation

Evaluation results
100
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Figure 4: Comparative results of the effectiveness of AutoML
over default classic ML configuration and domain expert
(industrial researchers) configurations.




Conclusion

This work studied the
effectiveness of AutoML
techniques for the
manufacturing related

problems.

We proposed  the
design of an AutoML
based decision support

systems for Industry 4.0

actors and researchers.

We have implemented the

proposed Framework
using 8 ML algorithms on
200 real-world dataset
from different industry 4.0

levels.

We evaluated the proposed
system on a benchmark of
20 binary and multi-class
classification problems
from different industry 4.0

levels.

Our system achieves
convincing results.

The obtained results are
more accurate than the
results from the datasets

related papers.

The comparative analysis
reveals in the majority of the
cases that the recommended
configurations vyield better

performances,




Perspectives

The next planned steps include:

2. Add support for further data formats

and ML algorithms
1. Further validation of the ~
proposed framework in other real

world applications with a larger and
more diverse problems .

4- Work on the explainability and interoperability
aspect of AutoML systems as being black-boxes.
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