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Knowledgaliscoveryirom industriallogs

APACMEL Project
(http://pacmel.geist.rg

Alndustry4.0: everythingis
measured

ALowlevelmeasurementgo higher
level states

AExpertdefinedstatesvs.
automaticallydiscoveredstates
A Datacomeswith no labels

A Expertmaybe too generaj or too
specific

A Thereisa lot ofmeasurements

A3 510

Interpretation of measurements
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ALowlevelmeasurementgo higher
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Theoreticaktatesare givenby theexpert
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State

set movingLeft

set movingRight

set cuttingLeftBegining
set cuttingLeftMiddle

set cuttingLeftEnd

set cuttingRightBeginning
set cuttingRightMiddle

set cuttingRightEnd

set stoppagelnOModeBeginn...

set stoppagelnOModeMiddle

set stoppagelnOModeEnd
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How toconfrontexpertand automatidabelling
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Expertlabelsvs. Clusterintabels

Expert clustering Automated clustering Confusion matrix
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AWe calculatedentropy of each
clusterdistribution with respect
to expertlabels

AWe scaledrows of distribution
matrix to dealwith different
sizedexpertclusters

AWe dividednormalizedmatrix
with entropy values

AThesplit confidencewas
calculatedby averagingeachrow
of suchmatrix
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Splittingexpertcluster

AWe calculatedentropy of each
clusterdistribution with respect
to expertlabels

AWe scaledrows of distribution
matrix to dealwith different
sizedexpertclusters

AWe dividednormalizedmatrix
with entropy values

AThesplit confidencewas
calculatedby averagingeachrow
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AWe calculatedentropy of each
clusterdistribution with respect
to expertlabels

AWe scaledrows of distribution
matrix to dealwith different
sizedexpertclusters

AWe dividedthe scaledmatrix
with entropy values

AThesplit confidencewas
calculatedby averagingeachrow
of suchmatrix




Mergingexpertcluster
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Mergingexpertcluster

AWe calculated2 normalized
distribution matrix

AWe calculatedcosinesimilarity
betweenrowsto denoteexpert
clustersthat were similarly
splitted with automated
method
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How touse XAl INKnAQC

ASplit: What makes the two new
clusters different from each
other to convince expert they are
different entities?

AMerge: What makes the two
~expert clusters different from
each other to convince expert
that they are the same entity
(difference is irrelevant)




Fromclusteringto classification

wlransformations
wFeatureextraction

wDecidingon numberof clusters
cNolimits on the clusteringalgorithm

wTlransfornclusteringinto classification
wUseclusterlabelsas targetclass
wUsefeaturesunderstandabldoy theuser

wApplyXAlmethodsto obtainreasonwhy two clustersare different

Explanatior




Explanation®f splits

SPLIT EXPERT CLUSTER
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Explanation®f merges

Expert clustering Automated clustering
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gini = 0.346
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Explainablelusters

Feature 2, F2

(b) Make blobs 3d dataset - KDTree query
describing method.

Feature 2, F2

| ' | ' ' 0 0
-15 -10 -05 00 s 10 15 20 25
Feature 1, F1

(¢) Make blobs 3d dataset - Isolation For-
est describing method.

Feature 2, F2

0 1
Feature 1. F1

Feature 2, F2

vm wdzt S

-2 o 2 4

Feature 1, F1

(a) Make moons dataset clusters visualiza- (b) Make moons dataset - K-medoids de- (c) Make moons dataset - Corners describ- F1> 0 68 and:2 5 H CD Cb q) N n ¢) n y
tion. scribing method. ing method.

= H 0.68<F1XX M PTFRH I WwdRec n N ndcn
o) 114 <F1XXK M PTFRH [ WdRe n N ndpn
) w g oo L

n F1>0.68 andc2)X H ® b d M nonn

I S S IR TR S B B T S p F1>-1.14 andF2)X M dc n M nocy
(d) Make moons dataset - Middle points (e) Make moons dataset - Maximum dis- (f) Make moons dataset - Alpha shape
describing method. tance describing method. describing method. C F]-)K' M®mn H n ®H p

M. Kuk, S. Bobek and G. J. Nalegaplainablelusteringwith multidimensionabounding T F]-)K n o CF?M ¥ FVCR(*) (b H naono

boxes" 2021 IEEE 8th Intemational Conference on Data Science and Advanced Analytics
(DSAA)2021, pp. 110, doi: 10.1109/DSAA53316.2021.9564220.
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Ecommerce an@oalmine

Die-Cast & Toy Vehicles > Toy Vehicles & Accessories > Scaled Models > Vehicles -
Figures & Playsets > Science Fiction & Fantasy -

Puppets & Puppet Theatres > Hand Puppets -

Characters & Brands > Disney > Toys A

Dolls & Accessories > Dolls' House Dolls & Accessories > Dolls' House Accessories -
Games > Card Games -

Hobbies > Trading Cards & Accessories > Packs & Sets

Characters & Brands > Star Wars > Toys -

Fancy Dress > Accessories > Temporary Tattoos -

Sports Toys & Outdoor > Kites & Flight Toys

Jigsaws & Puzzles > Jigsaws

Games > Educational Games

Hobbies > Remote Controlled Devices > Parts & Accessories -

Arts & Crafts > Children's Craft Kits > Bead Art & Jewellery-Making -
Dolls & Accessories > Soft Dolls -

Hobbies > Model Trains & Railway Sets > Rail Vehicles > Trains

Games > Dice & Dice Games -

Figures & Playsets > Knights & Castles -

Figures & Playsets > Accessories -

Hobbies > Model Building Kits > Tanks -

Characters & Brands > Hasbro 4

Hobbies > Remote Controlled Devices > Helicopters & Quadcopters
Die-Cast & Toy Vehicles > Toy Trains & Accessories > Toy Trains & Sets -
Arts & Crafts > Art Sand -

Jigsaws & Puzzles > Brain Teasers
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Product tocategory

Chuggingtorisan action-packedcontemporaryanimatedtrain seriesfor pre-schoolerghat followsthe excitingadventuref threeyoung
trainees Wilson, Brewster and Koko.dachenergetic vibrantepisode the traineesride the railsthroughthe world of Chuggingtonexploring
manylocationsand taking on excitingchallengeghat testtheir courage speedand determination With thehelpsupportand guidanceof the
more experiencedChuggerstheylearn positivevalues includingrespectand loyalty, andnewskillssuchasteamworkand patience
empoweringthemto be thebesttraineesthey canbe. BoxContainsl xChuggingtort NJ Ay €
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Justification for Arts & Crafts = Art Sand
[('sand', -0.14062779721924024), ('kinetic', -0.04427780308500065), ('squeezable', -0.023407082689875347), ('shape', -0.011500639821694475), ('fun', ©.0103043890148735:

Prediction probabilities

Arts & crafts >... [ .36
Characters & B...

rts & Crafts >JurtrSamds & Brands

Justification for Characters & Brands = Disney = Toys
[('disney', ©.027092040859663918), ('soft', -0.008068585098757642),

Prediction probabilities

Arts & Crafts >...
Characters & B... _]0.9?

rts & Crafts >urtrSamds & Brands

soft

0.01

easily

disney
0.03

character
n.01
characters
0.00

kids

0.00

0,001

Disne;

.. Text with highlighted words

have hours of fun with this magic Bl playset creating brilliant B8llll shapes or create your own sculptures the magic il
is the squeezable B#llll where you can feel the fun pack it pull it shape it and love it motion B8l is so incredible you can
put it down it kinetic meaning it sticks to itself and not to you it easy to shape and mould and flows through your fingers
like slow moving liquid but leaves them completely dry kinetic i stimulates children creative skills allowing them to
create anything they can imagine it never dries out and is gluten free this soft and stretchy B8l easily cleans up while
delivering non stop fun it squeezable B8l you can put down for ages years and over

('character', 0.006040355286770795), ('characters', ©0.004645787316197593), ('kids', ©.0043490668605!

) Text with highlighted words

product description whether at home on the road or in the air your favourite diSfiey character can provide great companyand
comfort these soft colourful cushions can be easily transformed into @iSfey character soft toy by simply opening and closing
the velcro loved by children of all ages these classic characters will keep kids entertained for hours and when sleepy
just rest your head on the cushion and dream away all our character cushions are washable please read washing label
for further instructions box contains x



How toexplair? Whichexplanationwe shouldtrust?

SM_Shearertocation. 2019-06-03, cluster 4

Juster: 1 (mode: mulM, train)

RCD_BearingTemperaty

) x2 <= -5.065
gini = 0.469

[ 600 wdoo @000 w00 005 Sam ples — 101
' B - " " value = [38, 63]
=21 class = 3
T ANCHOR True False

SM_ShearerSpeed <= 2.00 AND

gini = 0.346
samples = 45
value = [35, 10]
class =0

Prediction probabilities NOT 4 4 NOT 10 10

«+ [ 0 O O CUIDLAT, RHD_RightHaulageDrive{tractori Temperature{gearboz) = 0.00 AND
N LHD,_Engin.. 00« RED_tvea.
1 [000 erageThreep... |23.00 < LHD_Engin...
2o ] 00 < LD Labme LCD. AverageThree-p. 43.00 < LA_LeftArmTemperature <= 52.00 AND
Ot 0.00 loos oo !
“ 2200« RHD._Engin.. 2200« RHD._Engin.. LHD_LeftHaulageDrive(tractorjTemperature(gearbax) = 65.00 AND

NOT 9
22.00 < RHD_Engin...
o

23.00 < LHD_Engin..
LCD_AverageThree-p.

LP_AverageThree-ph..

66.00 < RCD_Avera,

Feature Value

RA_RightArmTemperature == 54.00 AND LP_AverageThree-phaseCurrent

<= 4.00 AND
57.00 = RCD BearingTemperature <= 64.00
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Feature impertances using MDI
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Stablilityof explanationgor similarinstances
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LSTAT

RM

DIS

AGE

CRIM

NOX

PTRATIO
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B

Sum of 4 other features

+3.87

0.0

0.5

1.0

15 2.0 25
mean(|SHAP value|)

3.0

3.5

4.0

Perturb

dataaccordingly

Loss of accuracy

Loss of accuracy

0.4 1

0.3 1

0.2 1

0l 1

00 1

20 40 60 80 100
Percentile of perturbation range

=

020 1

015 1

010 1

005 1

0.00 1

o 20 40 B0 80 160
Percentile of perturbation range



Confidence of explanation
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Anomalydetectionin hot andcoldrollingprocess

Hot-rolling process

s After casting a steel
di mensions of Oaf@m@ax oxIi ma's

1 .nb X

s Further processing 1 s a-e.d pk:
the shape and di mensions requl
the clients.
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walking beam
furnace

laminar cooling

roughing mill finishing mill section
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Cold-rolling process

5 Opti onal production step after hot
s Used to reduce the thickness of steel strip without preheating by

30 to 80 %.
s Use-case production line consists of four stands, which reduce

Emulsion supply . ! .
5 - 14

Entry coil \ /

Tension roll \ Recoiler
Work roll
Uncoiler

. s 0 ‘ .
Backup roll 55

Exit coil



Anomalydetectionin hot-rollingprocess
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Anomalydetectionin cold-rolling process

’ ; Dn l‘l .
Fr=2R / r'ﬂ = %)OXP(/IHMO Counterfactuals!
JO (o] o

+ 2R’ / T’(l — %)(‘Xl)(/l(H,‘ —H))do
Jon i i

X x'

Process

£, (%), f (X) ...

T
:

Output tensor

Input tensor

Metric AE PIAE
Test Validation Test Validation

L

Accuracy  36.0% 31.2% 82.1% 79.9%

Physics
m(x) L
o & = d(x-m(x),x"-m(x)) Precision 36.1%  302% | 72.6%  61.1%
Recall 97.9%  100.0% | 82.0%  88.9%

e, <E e >E Fl 52.7%  464% | 77.0%  72.4%

Low wear High wear 5 7

J. Jakubowski, P. Stanisz, S. Bobek and G. J. Nalepa, "Roll Wear Prediction in Strip Cold Rolling with Physics-Informed Autoencoder and Counterfactual
Explanations," 2022 IEEE 9th International Conference on Data Science and Advanced Analytics (DSAA), Shenzhen, China, 2022, pp. 1-10, doi:

10.1109/DSAA54385.2022.10032357.



TowardOnlineAnomalyDetectionin Steel Manufacturingrocess

The task is to detect anomalies in streaming data from cold !
rolling process. Several issues are addressed in this paper:
- product mix is heavily imbalanced (resampling) R e

- concept drift detection

- online learning algorithms are compared with batch learni !
equivalents

Emulsion supply

1) @ \/|
i
" : o
oo o2 4 e i 1 o ' on | n 4 ‘ os A )
Fig. 2. Normalized data distribution of the most relevant features
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\ 25000 N Resamphed
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o
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Uncoiler Cluster na.
Backup roll

Fig. 3. Connt of original and resampled data with respect to the assigned cluster,
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0.90

We train ML mOdels to predict Selected rOIIing ] — Measured —— Linear Batch = Linear Batch+Drift —— Linear Online Anomaly Region
parameters e.g. rolling forces.
ono IRVAANY m-!!'.‘

The assumption for the outlier detection is that

if the measurement differ significantly from T l AR
model prediction, the anomaly alarm is raised. M‘w e

Different approaches towards learning process ..

were used to determine optimal learning

strategy: "3 % 160 i 240 2% %0
A Batch learning

A Batch learning with concept drift detection
A Online learning

Rolling Force (normalized)

0.014 =—— MLP Batch =—— MLP Batch+Drift —— MLP Online

0.012 1

0.010 4

0.008 4

Anomaly Score

Paper accepted for ICCS 2023 conference.
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UnderstandingurvivaModelsthrough CounterfactuaExplanations

A{ 7\ YLJ{ S é dZNﬁ}\ @I f, AY% Rs\f,i . Survival Curves for test units at t=150
| T I NRa o/ tl &y UISNEBRINGYI
A¢cKSNE SEAalG aSoSiembtkeSN -
al] YSUKZ2ZRa T2NJ adzNJZ)\QI:OG
{ dizZNBA O { i@ZNﬁé,Ku\ OXKNINIE |j £
SELX IYylFUAZ2Yya 02 dZ)/RSNJ 4
LINBRAOUAZY D
A{ dZNDA QI Y2RSf&a NBUGdzN
SauAYlFuSaz gKAOK Yl 1S .
A y u S N‘J_JN‘B u q) ’ * e Numberoflli?ureCycles e =
A22N) Ay O22LISNY GA2Y GAGK | IftYadlR | YADSNERAGE

A{dzo YAOOGSR niaw!5 {I!IL!



UnderstandingurvivaModelsthrough CounterfactuaExplanations

A We propose a method to generali&gely and actionable counterfactual

explanations for survival models.

A Actionability isachieved by making selected features immutable, e.g., age.

A Likelihood isachieved by usingutoencoder to learn théata representation.

Thereconstruction error is then included in the loss function.

A Two distinct approaches are presentedne with transformingurviva
functions into survival scores (regression) and the second with sui

patterns discovery (classification)
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Time
Supervised problem J [ Unsupervised problem ] 0351 @ Stivact ae
Tens12Act L
~ 0307 o stiTorgAct
Detect anomalies with the 0e
use of Autoencoder 0.25 4 ® Rgcl PosAct
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Calculate reconstruction r—ﬁ 0.201 ® TempStlWSBotAct
error = MorgoilAlTankTemp
po  0.15 1
v <
Labeled data according v 0.10 A
calculated threshold
I | 0.05 -
Train classifier model ] 0.00 A
Y
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Paper accepted for publication: The aim of the work was to demonstrate how the analyses of Shap

Feature importance as a tool for root cause analysis in time-series events values near the occurrence of failures can help |dent|fy the SpeCIfIC
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Posthoc prototype generationandexplanatiorof time seriesclassification

1. CalculatesSHARalues 3. UseSHARBegmentsasmaskoverreal TS &
clusterTSsegments
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