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Systems ldentification
and Machine Learning

— Systems identification

— Modeling
— Process analysis
— Prediction
— Optimization
3
o £
E3
Supervised \ g =
Machine = § validation /
Learning 8': test error
’ : :
e 1
- 1
[}
, training
y1 = filxg, X, ., %q) | error
y, = fo(x, X, %) Models : .
Vo= Taliy, %, X:) model complexity
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Black-Box vs. White-Box Modeling

Black Box Model

White Box Model

450
L d ! " Regrassign -

Criginal value

150 200 250 300 250 400 451

Prdcted value

s 220 225 230 35 240 245 280
onginal value

PAGE | 4

UNIVERSITY
; s OF APPLIED SCIENCES
~MoO) UPPER AUSTRIA




Black-Box vs. White-Box Modeling

Black Box White Box

—0.15366 c5 = — 1.8194 —11.55

= 1.4153 [ : 1.3732 ; 1.353
= — 0.090437 = 5.5435 2 = —0.030191
= 18.821 4.6554 Cci3 = — 5.7891
> random forests ky kf ki oo S
> support vector machines \ voting /
> neural networks i
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Population of
Meodels (Formulas)

White-Box Modeling \ o
e

)

— Genetic Programming (id‘}’ U /
(2
< g
. ¢ © & ®
> evolutionary process & B >< o
& © Craetion of new G ®)
W prlmegl
> implicit feature selection
> optimizes model structure and x1— — 1
? ?
parameters X2—— L

y1(t+1) =y2(t) / (x1+x2)
y2(t) = x1()+3*exp(x2(t-2)) ?

> generates interpretable formulas

y=-co-x1 - (log(ey - x2) +¢2) +c3
> results directly applicable ¢y = 0.500331886126962
e = 2.3702293890766
¢ = 1.28570833399083
3 = 4.91856540837157

> assessment of variable relevance
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White-Box Modeling

Selection of parent models

— Genetic Programming

> evolutionary process

&)
&
& OGO
Craetion of new G ®)

models/formulas
(crossover mutation, ...)

> implicit feature selection
> optimizes model structure and

parameters 0 Gy e s
5 i ¥ kil
. 5.0 Xll_l-ll _\L:ll-ll ‘ Ny(r-2) | fs'.:-_l-
> generates interpretable formulas
> results directly applicable —
T ; ( .-_\.]J 1.5
> assessment of variable relevance "5_;_} _\;I;,_hl \‘ ‘_\,:;r_:' ‘5;{_,.‘ ‘.X.I'“_“.‘
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White-Box Modeling
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HeuristicLab

Open Source Optimization Environment HeuristicLab LIy |
— developed since 2002 e— s

— basis of many research projects and publications

— 2nd place at Microsoft Innovation Award 2009 SEE r
— HeuristicLab 3.3.x since May 2010 under GNU GPL

Motivation and Goals B

— graphical user interface for interactive development, analysis and application > 4 ]
of optimizations methods

& - -
— numerous optimization algorithms and optimization problems = . i i [

— support for extensive experiments and analysis mmmEL F a .
— distribution through parallel execution of algorithms mEm }A i* proes=zay o, e

— extensibility and flexibility (plug-in architecture)

Distributed Computing with HeuristicLab Hive

— framework for distribution and parallel execution of HeuristicLab algorithms
— compute resources at Campus Hagenberg
> 2006 — 2011: research cluster 1 (14 cores)
since 2009: research cluster 2 (112 cores, 448GB RAM)
since 2011: lab computers (100 PCs, on demand in the night)
since 2017: research cluster 3 (448 cores, 4TB RAM)

PAGE] 9 G0\ nveRsiTy
~MoO) UPPER AUSTRIA

-~

x JL-’{,.JL;i—_ili j

AV V4




White-Box Modeling

SupplyTemp - (cu - Power + ¢; - Setpoint(t — 4) +

3 ss85E-000
Power

-1.7363E4000
Satpoint (1-4)

L,0B46E-H001
SupplyTamp

3,94 533E+000

143189E-003

4 BB31EH2

-1,0000E+00D

d(c2 - SupplyTemp)

-C3 —0—64) -5 +Cg

dt
co = 2.5585
c1 = —1.7363
oy = 10.846
Cg = —1.0
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Model Simplification

— Simplification Methods

> mathematical transformation

> remove nodes

n
3

fultiplicaty (Adultiplicstid) Afultiplica f
ion n
k| [ = kel |+
1 1
: Bl
I of 1| 9] 1

At fultipld
eat cation
=| |, x
0|\, o

> constant optimization
> external optimization

Export

> textual export
> LaTeX, MATLAB
> graphical export Y = &1 T + X3 T4 + T5 - Tg

+ T~ Ty - Lg + %3 - Lg ~ Lo
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Model Evaluation

Regression

Classification

Al samples Training samples g TP Id Target Variable Estimated Values {all) Absolute Ermor (all)y Relative Emor (all}
3165 Row 1 0 -0.051247564 -0.244531205656236 0.193683255656236 | 0.750765931373734
7 Row 2 1 0.727691161 0.566548571537046 0.160742185462554 | 0.283521441135877
21452 P Row3 2 0.623734552 -0.235158714563106 0.3886362774368%4 | 1.65265522121487
o Fow 4 3 0.184165363 0.312577120202585 0.128407757202589 | 0.410803443065828
2 1254 - Row 5 4 -0.425409255 0.607464511486624 1.03287416648662 1.70030259683463
;j" Row & 5 0.13440877 0.135008413403134 0.000599643403133... | 0.00444152618358...
E—’m D— Row 7 6 0.723969158 1.02967884646345 0.305709688463453 | 0.296858095472629
3 Row & 7 -0.175618484 -0.096476538290749 0.079141945709251 | 0.820323232066462
-0.9142 Row 3 3 0.412736644 0.559935700149158 0.147199056149158 | 0.262885642244183
. Row 10 9 0.321465414 0.391061335521024 0.0695959215210236 |0.177966766845663
1934 Row 11 10 0.492008676 0.412907348968929 0.0791013270310709 |0.191571613410599
RRSI:ETE -0.9142 0.1056 1.1254 21452 3.765
Estimated Values
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Visual Model Exploration

Training Quality

Model Size
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MName: Symbalic RegressionSolution
Regression Solution

r @E_H Simplify

W Average relative emor fest): 1138677200243
¥ Average relative emor training): 13.832460505¢
# Mean absolute emor test): 0.015560123%1507¢
W Mean absolute emor fraining): 0.01878165057
# Mean squared emor fest): 0.000864712772715
W Mean squared emor fraining): 0.000618515186
¥ Model Depth: &

@ Model Length: 28

Je Model: Symbolic Regression Model

¥ Nomalized mean squared emor fest): 0.002013
# Nomalized mean squared emor fraining}: 0.001:
W Pearson’s R ftest): 0.95735015543664458

# Pearson's R? fraining); 0.99853453320645126
“% ProblemData: Data imported from poly-10.cav
[t Estimated Values

ﬂ Scatter Plot

Details
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Example: Virtual Sensors for Modeling
Exhaust Gases

— high quality modeling of emissions (NOx and soot) of a diesel engine

— virtual sensors: (mathematical) models that mimic the behavior of physical
sensors

— advantages: low cost and non-intrusive

— identify variable impacts: injected fuel, engine frequency, manifold air pressure,
concentration of O2 in exhaustion etc.

o IE’JE&., ! ‘

NO(t) = f(x1 4.7, X242y, --.)

:
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Sensitivity

-0.2

-0.3

7 [1 798, (1 S)][?.SBE&I’F’*(I - 5)}

Example: Virtual Sensors for Modeling
Exhaust Gases

0.2 - %21 /Sx

0.1 E 0'1 // & c % )

" e o 7 2.696m (t—10)+2.618m(t—7

. 1 350 4(;0 5 OE 0.1240 300 ;nn/4- 500 600 I:J'I\'IOT (r)] — f ) f( )

-0.2

0.2 /
7 . B

-0.3

) b — log(0.029N" (- 10))

Measurem ent Railpressure [bar] —

[0_027}\?*@ N 9)] log(0.031N" (1 - 3))

Figure 2: Poor performance of the same neural network model at other operating points

Railpressure [bar]

i i I I estimated NOx
90 "””””i’””"”’i’”””””i””"""} """""" measured NOx||
Ty

time [s]
Figure 6: Estimated and Measured NOXx (System with EGR)
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Example: Blast Furnace
Modeling

%1 %2 %3 x4 x5 ¥
28.07845| 13.93902| 87.63394| 20.07777| 63.00267| 250.4028
27.95657| 12.75236| 87.05083| 19.95878( 63.008594] 440.0825
25.43135| 23.03532| 88.32881| 21.98374( 74.99575| 252.60044
28.5034( 36.71041( 87.59461| 20.55528| 75.01106| 100.8683
23.03413| 46.5804| 79.38985| 18.67402| 80.31421| 435.7738
20.97957| 41.52231| 73.32074| 21.49193| 79.98517| 288.5032
28.07431| 28.49075| 106.4166| 27.38095| 79.97826|
28.00494| 36.33813| 104.7173| 27.99428| 75.00266
28.0274| 31.84306| 102.277| 28.81878| 78.1752

26.503| 27.67078| 93.81539( 21.29002( 62.99904

23.869| 27.25298| 93.67531| 24.54099| 80.00291

) s s s

f(x)

Model Prognosis

— results as formulas - domain experts can analyze, simplify and refine the models
— integration of prior physical knowledge into modeling process
— powerful data analysis tools: model simplification and variable impact analysis
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Example: Plasma Nitriding Modeling

— Motivation
> hardening of materials (e.g. transmission parts)

> process parameter settings based on expert
knowledge

— Modeling Scenarios

a) prediction of quality values based on process
parameters and material composition

b) propose process parameter settings to reach
the desired material characteristics

: 1T : =
a) o b)
(el @ =
— 1 4 Material composition £ 1 4 Material composition
e \,— Process parameter —_— \ﬁ‘ Desired quality
‘ ‘ I | IJ‘ estimates 3
/ol [C]
G=10] C=10+]

v
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Example: Medical Data Analysis

— Virtual Tumor markers and cancer diagnosis prediction

Training (3)

— o

Standard blood
parameter data

Virtual
tumor
markers

e

CEnRs . a2y

Tumor marker

11 " ——T
| BC, model ensembles -.@ -allvars
095 +— el NOTM 1
09 1—
>
9
o)
3 085 1 3
9 il
@ o
08 +——
L o 0=05
0,75 Y -
o]
0,7 t
0,7 0,75 0,8 0,85 09 0,95 1
samples coverage
Table 3: Modeling results for melanoma diagnosis
Using TMs Not using TMs
Modeling Method Test aceuracies || Test accuracies
u - o -
TT007

NN g
+ kNN, o = Table
NN o = . A
FANN, o = cancer diagnosis

data
Tumor
R R : E:
diagnosis
., - oy models (1)
Tumor
diagnoses
S

s Trm’ning (2.2)

Tumor
diagnosis
models (3)

Tumor
diagnoesis
models (2)

Table 2: Modeling results for breast cancer diagnosis

o= Modeling Method

89.58%

Using TMs Not using TMs

Modeling Method Test accuracies Test accuracies
123 I (=2 I | o

LR, full features set 79.32% 1.06 70.63%

OSGA 4+ LR, o = 0.0 81.78% 0.21 73.13%

OSGA 4+ LR, o = 0.1 81.49% 1.18 72.66%

OSGA + LR, a = 0.2 81.44% 0.37 71.40%

OSGA 4+ kNN, a = 0.0 79.21% 0.78 74.22%

OSGA 4+ kNN, @ = 0.1 78.99% 0.57 75.55%

OSGA 4+ kNN, @ = 0.2 78.33% 1.04 74.50%

OSGA 4+ ANN, a =0.0 81.41% 1.14 75.60%

OSGA 4+ ANN, a =0.1 80.19% 1.68 72.38%

OSGA 4+ ANN, a = 0.2 79.37% 3 70.54%

OSGA + SVM, o« = 0.0 81.23% 1.10 73.90%

OSGA 4+ SVM, a = 0.1 80.46% 1.80 72.19%

OSGA 4+ SVM, a« = 0.2 77.43% 3.55 71.89%

OSGP, ms = 50 79.72% 1.80 75.32%

OSGP, ms = 100 75.50% 4.95 71.63%

OSGP, ms = 150 79.20% 6.60 75.75%
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Example: Medical Data Analysis

— Network Identification
— KUK, Prim. Stekel

4 - =4 o Breast e / v /
7 - — e — y
A ‘. Cancer P /
L N by " /
- ~ . At / /
> 7 S
7 ; 4 /
ko
,/ o
4 /
/ 2
- =
i
P o~
- =
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Integration of Expert Knowledge

Model Analysis

Knowledge Integration

>

5
4
)
}

1

0

oy

2 2% 28 32 36 4

X1

specification of known correlations

model extension through algorithm

unknown
factors

unknown
factors
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Holistic Knowledge Discovery

— Variable interaction networks
> reveals non-linear correlations

— Variable frequencies
> analyzed during the algorithm

run
Variable frequencies
2 .
RNV ~ I
\ AT T K
L =
N
0 20 0 60 80 00
Generation
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