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My Research

 Automatic model form development and
adaptation

— Machine learning techniques for understanding
complex systems

 Wind Energy Applications
— Wind Turbine Dynamics
— Vortex Induced Vibration
— Bald Eagle Behavior



Wind Turbine Dynamics

Model Development
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NREL CART 3
Closed-Loop Data
Collection

Source: nrel.gov/wind

Control Design Complesity



Wind Turbine Dynamics

Training / Validation VAF (%)

ELGP Multiple Regression 20t"-order ARX ELGP NARX-NN
Q 98.7 / 98.7 91.9 / 91.9 71.0 / 71.0 100.0 / 99.9 99.9 / 99.8
w 98.6 / 98.6 92.0 / 91.9 69.0 / 69.0 100.0 / 99.9 99.9 / 99.8
Mpa 74.2 / T4.4 31.5 / 32.2 25.6 / 25.6 98.7 / 94.9 98.6 / 94.9
Mgss 72.7 [/ 72.2 19.6 / 20.4 0.0 / 0.0 97.6 / 89.9 97.3 / 90.6
P 99.9 / 99.9 99.7 / 99.7 99.6 / 99.6 -/ - -/ -
. N2y . Vk—lTGk—l
Q = n1(Qg_1 —sin(—) sin(ng )
t Q1
Mpag = nl(MFAk_l —I—TZQSiH(Tg)(iFA—SE’FAk_l)/V)
Mss = N (Mggk_l + N2 Sin(n?ﬂb) (jiFA — ji‘FAk—l))

La Cava, William, Kourosh Danai, Lee Spector, Paul Fleming, Alan D. Wright, and Matthew Lackner
(2015). “Automatic identication of wind turbine models using evolutionary multi-objective
optimization". Renewable Energy.



Vortex Induced Vibration

Model adaptation
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La Cava, William G. and Kourosh Danai (2015b). “Gradient-based adaptation of continuous
dynamic model structures". International Journal of Systems Science 47 (1), pp. 249-263.

doi:10.1080/00207721.2015.1069905.



Bald Eagle Behavior

e Agent-based Modeling
e Discrete behaviors -> classes

e Multi-class classification
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M2GP and M3GP

A Multi-dimensional Genetic Programming Approach
for Multi-class Classification Problems

Vijay Ingalalli', Sara Silva' 2, Mauro Castelli?, and Leonardo Vanneschi?

' INESC-ID, IST, University of Lisbon, 1000-029 Lisbg
2 LabMAg, FCUL, University of Lisbon, 1749-016 Lisby

? CISUC, Universidade de Coimbra, 3030-290 Coimbri M3GP - Multiclass Classification with GP
* ISEGI, Universidade Nova de Lisboa, 1070-312 Lisbd

Luis Muioz', Sara Silva®*?_ and Leonardo Trujillo’
Abstract. Classification problems are of profound interest for (

ing community as well as to an array of application fields. Hoy ! Tree-Lab, Instituto Tecnolégico de Tijuana, B.C.. México
classification problems can be very complex. in particular whi % BiolSI - Biosystems & Integrative Sciences Institute,

classes is high. Although very successful in so many applicatia Faculty of Sciences, University of Lisbon, Portugal

regarded as a good method to perform multi-class classification % NOVA IMS. Universidade Nova de Lisboa. 1070-312 Lisboa. Portugal

present a novel algorithm for tree based GP. that incorporates 4 SUC, Department of Informatics Engineering, University of Coimbra, Portugal
rcprcscﬁlallon of the SCT'I.I[IOI‘I e h'gh'_:f du.ncnsmns. Th sara@fc.ul.pt, {lmunoz, leonardo.trujillo}@tectijuana.edu.mx
foundations on addressing multi-class classification problems
may lead to further research in this direction. We test the ne
large set of benchmark problems from several different source Abstract. Data classification is one of the most ubiquitous machine learning
competitiveness against the most successful state-of-the-art claf tasks in science and engineering. However, Genetic Programming is still not
a popular classification methodology, partially due to its poor performance in
multiclass problems. The recently proposed M2GP - Multidimensional Multi-
1 class Genetic Programming algorithm achieved promising results in this area, by
evolving mappings of the p-dimensional data into a d-dimensional space, and ap-
) p rog re SS plying a minimum Mahalanobis distance classifier. Despite good performance,
M2GP employs a greedy strategy to set the number of dimensions d for the trans-
formed data, and fixes it at the start of the search, an approach that is prone
to locally optimal solutions. This work presents the M3GP algorithm, that stands
for M2GP with multidimensional populations. M3GP extends M2GP by allowing




Why use GP?

Lots of classifier systems already exist (SVMs,
MLPs, Decision trees, Random Forests)

GP isn’t traditionally good at multi-class
classification problems

Less assumptions
Intelligibility
Generalizability
Feature selection






Insight

Use GP to generate features

— original attributes -> distinct distributions

Mahalanobis distance

Dy = /(X = Mp)CM (X — My)T

— each transformed attribute vector to each class’
attribute distribution in new space

Assign class with lowest D,
Classifier: Equations, M, C



Challenges

 The results were good, but not great

— Tied or worse than Random Forests & other
methods

 Not making use of more recent advances to
other parts of GP

e Complex tree representation



Lots of methods

Scheme Name Description

tournament selection tourn size 2 standard tournaments.

pareto survival ps multi-objective age-fitness pareto survival via SPEAZ2

lexicase selection lex parents are selected using lexicase selection, where the cases are each data sample

class-based pareto survival ps5  multiple fitnesses are assigned, one for each class label. age is also used and pareto survival is
conducted via SPEAZ

lexicase selection with lexc parents are selected using lexicase selection, where the cases are the aggregate error on each class
classes label

| also tried three different settings for the genetic operators:

Genetic Operators Name Description
uniform uniform alternation & point mutation
st subtree crossover and mutation, specialized according to m3gp

stp subtree crossover and mutation plus pruning of the best individual each generation



Test Problems

e UCI Repository data sets
mmmnmm

Classes 2
Attributes 13 6 6 90 19 13 40 8
Cases 270 6798 322 360 2310 990 5000 1484



Best-of-Run Validation Fitness

Lots of Results

Validation Fitness

When we look at validation fitness. M3GP is often not the best:
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Median Training Ranking

2]

(W]

Overall Results

Q 2
¢ §¥ & g

& @}’J @!'D & qg
\
|
our system

Typical ML

fa} aQ

] (€] &
o 4]
L §‘" @@

l\_'_’\_'_’

old system




Overall Results

Median Test Ranking
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Bald Eagle

e 11,537 attributes

e 4 behaviors
— Flight
— Perched
— Cruise
— Nest

)
date id
923203 Crooked
/233013 Crocked
9/23/3013 Crooked
9/13/2013 Crocked
9/23/2013 Crocked
9/23/2013 Crocked
9/23/2013 Crocked
5/23/2013 Crocked
9/23/2013 Crocked
9/23/2013 Crocked
9/25/2013 Crocked
9/23/2013 Crocked
223/ Crooked
9232013 Crooked
923203 Crooked
9333013 Crooked
9333011 Crocked
S/13/2013 Crooked
9/23/2013 Crocked
9/23/2013 Crocked
9/23/2013 Crocked
9/23/2013 Crocked
/232013 Crooked
3/23/2013 Crocked
/2372013 Crooked
3/25/2013 Crocked
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male.
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
male
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datetime

923/ 2003 B:39

9332003 &:33
9/23/3013 10:37
/1372013 1.
9/23/2013 124
9/23/2013 12:;
8/23/2013 1.
9/23/2013 12:55
8/23/2013 1
f25/20131
2320131

9/23/2013 1843
9233013 14!
9/23/3013 1
SI3/2013 1525
9/23/2013 1
9/23/2013 1
a/23/2013 15:17
/2372011 16:34
0/23/2013 16:48
925/2013 174
923720131
923/201317:35
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-6R.4523
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long_utm lat_utm

543330
543500
543970
HA0H
54495
543335
543565
541184
540255
540291
540798

o

sunrise
/232003 5:22
9/23/2003 5:32
9f23/2003 5:23
9/23/2003 5:22
9/23/2003 5:22
9/23/2013 5:22
9/23/2003 5:22
9/23/2013 5:22
9/23/2003 5:22
9/23/ 2008 8:22
9/23/2008 8:22
9/23/ 2008 3122
923203 5:22

af23fami e
/2332003 5:22
9f23/2003 5:22
9/23/2043 5:22
9/23/2003 5:22
9/23/2013 5:22
9/23/2013 5:22
9/23/2013 5:22
9/23/2013 5:22
9/23/2008 5:22
9f23/ 2013 3122
9/23/2008 5122
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fz3fa013
fz3fa3
9f23fam3
923/3013
9/23/3013
9232013
9/23/2013
9/23/2013
2/23/2013
3/23/2013
2/23/2013
9282013
232013
af23/2013




Number of Samples

Results

Median classifier accuracy: 98.87%
Best classifier accuracy : 99.82%

Flight Nest
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Features
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speed: separates [flight, cruise] from [nest, perched]
agl: separates [flight] from [cruise]
nest dist: separates [nest] from [perched]
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nest anglr

agl
hydro dist
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Distinct Variables

Number of features
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Future Work

Try simpler classification schemes for Bald
Eagle data

New data
— More specific behaviors
— Classify new data automatically

Interpretation of results
Test scalability of GP method



Thank you!
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