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Al Tradizionale vs Al Generativa

- Al Tradizionale: Classificare, predire o riconoscere

dati.
- Al Generativa: Creare contenuti nuovi e originali.

@ 1. Obiettivo:
- Al Tradizionale: Identificare un gatto in

un'immagine.
- Al Generativa: Disegnare un gatto completamente

2. Esempi:

- Al Tradizionale: Etichette, numeri, decisioni.

- Al Generativa: Testo, immagini, video, suoni.

2  3.O0utput:

- Al Tradizionale: Modelli discriminativi.
- Al Generativa: GANs, Transformers, Modelli Diffusivi.

4. Modelli utilizzati:
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INNOVAZIONE ED INGEGNERIA:

Un connubio imprescindibile

Creativity
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Il significato di innovazione nell’ingegneria

SE NON SAl DOVE ANDARE, OGNI STRADA SARA
SBAGLIATA

(H. Kissinger)
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Al Tradizionale vs Al Generativa

GENERATIVE PREDICTIVE
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Cos'e 'Intelligenza Artificiale?

L'Al e un insieme di tecnologie che permettono alle
macchine di svolgere compiti che richiedono intelligenza
umana, come riconoscere immagini, prendere decisioni o
tradurre testi.

Due categorie principali:

Al "tradizionale" (o discriminativa): Si concentra
sull'analisi e interpretazione dei dati.

Al generativa: Si concentra sulla creazione di nuovi
contenuti.
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Generative Al

Bect .Qoat‘e To Your D
Text, image, video, voice,
code as outputs
Uses different data sets
for training
Neural networks, language

models, transformers,
GANSs, diffusion models

Content creation,
reasearch and survey,
summarization,
code generation etc.

s 3y
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Al Tradizionale vs Al Generativa

Caratteristica Al Tradizionale Al Generativa

Obiettivo Classificare, predire o Creare contenuti nuovi e
riconoscere dati originali
Esempi Identificare un gatto in Disegnare un gatto
un'immagine completamente nuovo
Dati in output Etichette, numeri, decisioni Testo, immagini, video,
suoni
Modelli usati Modelli discriminativi GANSs, Transformers,

Modelli Diffusivi

s 3y
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Artificial Intelligence suddivisione

artificial
intelligence
Extract
information
from data! machine learning
Nowadays is
crucial

data science deep learning

big data
data |
analytics

Al : simulation of Intelligent
human-like behaviour

Machine Learning is a type of
Artificial Intelligence that provides
computers with the ability to learn
without being explicitly
programmed.

Learn from examples

Pattern Recognition

Politecnico
fiye di Torino
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Inputs Learning Outputs
/> Predictions
Data +—» Human —»{ Computer
» Information
(a) Without machine learning
Inputs Learning Outputs
Data s Predictions
V Computer
Human |~ Information
(b) With machine learning
“ '?1 kY
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Supervised, Unsupervised and Reinforcement Learning

%S 1 Classification \
. oe® ".\\ ": '.. I * Naive Bayesian * k-Nearest Neighbors :
LRI N °%°°, * Decisiontree * Neural Networks .
. \ ® SVM ®  sesses J
Supen"sed % 0 % 8% % % % % % % % % % B 3N N1
Learning ot 1 Regression \
e . I
o 2 ] | * Logistic Regression * Ridge Regression
3 | * Stepwise Regression  + Linear Regression |
1 * Polynomial Regression ¢ ...... J
. i ~ Reinforcement learning
Reinforcement State  Reward Action ° Q-learning *  Actor-Critic :
Machine Learning \ /| *+ Policy Gradients * DDPG |
; i * DeepQ-learning ¢ ......
leaming )]y @3N e meea e i, i /
I’ Clustering \
|+ WAVE-CLUSTER + K-means :
|+ Self Organized Maps °* DBSCAN |
i * Gaussian Mixture o ismeiis ’

D e ——
BB S-E- BN -S 2 X 22X EEEE N

[’ Density Estimation
Unsupervised ] < VAQ\\ | * Kernel Density + Auto-Encoders

l

\

Learning * Generalized De-noising ,
* Deep Boltzmann Machine

R e ——

Dimensionality Reduction
* Local Linear Embedding + Partial Least
* Stacked Auto-Encoders o+ ......
* Principe Component Analysis

— e o e o o e e e e e e o e e e o
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Machine Learning - Basics
Problem Types

Classification Rggressioq )
{supervised — predictive) (supervised — predictive)
Wiki u.:':' _
time
Clustering Anomaly Detection
(unsupervised — descriptive) (unsupervised— descriptive)
R < ,31 R
Y, any Politecni -
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Supervised Learning

Learning phase and Predictive model

Labels

Training Data

| —
y

Machine Learning

Algorithm

New Data —  Predictive Model —» Prediction

- o /+ m Classification

o0/t 4 Problem

O o +

o © // ol d . .

ARy with discrete class
= labels

m Regression
Problem

where the outcome is

a continuous value

< %1 R
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Reinforcement Learning

Reward
State
 /  / Action
Agent
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Unsupervised Learning Example of
Clustering

Before K-Means After K-Means
A

&
e & T .
24}’ &
L > ¢ T @

& & ¥ s ¥

&
&
>

I
Giuseppe Carlo Marano {g.j folteenico CNI — 27 Ottobre 2024 18

1Y
St



Non-classical algorithms (Soft Computing)
they deal with socially, phisically and/or biologically inspired paradigms

In this field, the most popular soft computing techniques are Artificial Neural

Networks and Evolutionary Algorithms (EA)

Artificial Neural Networks (ANN) aim at reproducing some of the most important brain operations for
virtue of two stages, the network training (or learning) phase and the validation phase.

Synthetically, during a succession of generations, Evolutionary Algorithms (EA) based methods generate
new points in the admissible search space by applying operators on the current solution set and
“statistically” move towards more optimal places in virtue of a given strife of survival.

- %! R
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Soft computing

Conventional Computing

Hard Computing Soft Computing

(Conventional)

Requires precisely stated analytical model  Tolerant of imprecision, uncertainty and

and a lot of computation time. approximation.

Based on binary logic, numerical analysis Based on fuzzy logic, neural networks and
and crisp software. probabilistic reasoning.

Requires programs to be written. Can evolve its own programs.
Deterministic. Incorporates stochasticity.

Strictly sequential. Allows parallel computations.

d 2?! )
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Artiticial Intelligence and Engineering

ARTIFICIALMINTELLIGENCE

**"”

l *
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Machine learning
Pattern recognition

Artificial
Intelligence

Deep Leamning
Architectures

Current Applications

Structural health monitoring
g Damage identification

Earthquake Engineering
Structural identification

Modeling and predicting
concrete materials

Vision-based structural
health monitoring

Structural analysis

Emerging Applications
# Data-driven SHM

| 10T Structural
hecalth monitoring

Computational
mechanics

Computational
mechanics

lo’l" Smart cities

‘ Vision-based SHM

s 3y
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Sb‘f)aem\)'ggah_%sgrﬂnggWedictive model

o) o / LW =
Labels o & S Classification
Training Data sl 8 OO/," +++1 Problem
o©° / + + . .
I B et with discrete class
o+
¥ % labels

Machine Learning

Algorithm

m Regression
Problem

New Data —  Predictive Model —» Prediction where the outcome is
a continuous value
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Reinforcement Learning

Reward
State
 /  / Action
Agent
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Onsupervised Learning Example of
Clustering

Before K-Means After K-Means
A
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What is Deep Learning?

9 Part of the machine learning field of learning representations of
00 data. Exceptional effective at learning patterns.

a hierarchy of multiple layers that mimic the neural networks of our
brain.

I Utilizes learning algorithms that derive meaning out of data by using

Inspired by Nature,
Brain and Neuroscience

Denrite

E If you provide the system tons of information, it begins to yelin shest Outputs
understand itand respond in useful ways. Myelinated axan _
Phenomenological model
(schematization) of a neuron
v %1 y
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Deep Learning Timeline

Computational CNN GAN
efforts forced to

abandon neural

1950 2006
networks!! 273 Computing 1974 1985 1986 Deep
te Machinery 1960 Backpropaga Boltzmann Restricted 1997 Boltzmann
1940 and ADALINE tion 1980 Machine  Boltzmann 1990  LSTMs Machines 2014
Dark Era Intelligence Widrow & Werbos (and  Neocogitron Hinton & Machine LeNet Hochreiter & Salakhutdinov  GANSs
Until 1940 Alan Turing Hoff more) Fukushima Sejnowski Smolensky Lecun Schmidhuber & Hinton Goodfellow
l l Neural
T T ; Transformers
1943 1958 1969 1980 1982 1986 1986 1997 2006 2012 2017
Neural Nets Perceptron  XOR problem Self Hopfield Multilayer RNNs Bidirectional Deep Belief Dropout Capsule
McCulloch & Rosenblatt Minsky & Organizing Network Perceptron Jordan RNN Networks- Hinton  Networks
Pitt Papert Map John Hopfield Rumelhart, Schuster & pretraining Sabour, Frosst,
Kohonen Hinton & Paliwal Hinton Hinton
Williams
MLP  RNN
Made by Favio Vdzquez
e ?) ~“
i ¥ Polit -
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Artificial Neural Network (ANN)
McCullock-Pitts (MCP) Neuron (1943)

A N N—Iistorically, Neuroscience and Biology wanted to explain how the human brain works

Cell body —
v [ Synaptic tcrminalsj JJ* .
— @ L(/ )//Z. Output signals
Rt 4 —
— — Y ax\g PRTE. Y (/4 Chemical or
(\ //.\I} elin sheat V4 - — electrical
. ‘ > 4 I
Input signals N FQ:\J S ‘({\k & transmission
Coming from ) i / \;\_}. Ly to other
other neurons — m==p o i\ W) NN neurons
A / [/ \ s (\ [V
AN Axon AN 5 L4
L~ N .\__l\"f C /X
—Dendrite — /;',7/ N L ( ‘v N>
— r‘.:--7-_*{;&7_1/’/ . AN o\
Another neuron lj‘”/“‘ ﬁ(;\ | \
_r /ﬁ\/ ,Il ! \ \
One-way signal transmission mechanism 2 \
C AR
< '?1 7y
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r12Lror)

Dendrite

Axon benmingd

Outputs

Myelin sheat

Myelinated axon

Neurons are trained to filter and detect specific features or patterns
(e.g. edge, nose) by receiving weighted input, transforming it with
the activation function and passing it to the outgoing connections.

(¢)

An artificial neuron contains a
nonlinear activation function and has
several incoming and outgoing
weighted connections.
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feed-forward network mapping

ir '?;1 \’.‘ . .
Giuseppe Carlo Marano %ﬁf%“ Politecnico CNI - 27 Ottobre 2024

g
D

At



Activation function Equation Example 1D Graph

Unit step 0, z<0, Perceptron
(Heaviside) Pz) =405, z=0, variant
1, z>0,
Sign (Signum) -1, z<0, Perceptron
P)=20 z=0, variant
/ 1. z>0,
Linear Adaline, linear
h2) =z regression
Piece-wise linear 1, z . Support vector

7 < % machine
1
2

RSN R

Logistic (sigmoid) Logistic
) = 1+1 - regression,
¢ Multi-layer NN
Hyperbolic tangent e —et Multi-layer
$(2) = ez + g2 Neural
Networks
Rectifier, ReLU / Multi-layer
' (Rectified Linear d(z) = max(0, 2) Neural
is needed to learn Unit) Networks
|£: complex (non-I!near) representations Rectifier, softplus Multi-layer
of data, otherwise the NN would be #(2) = In(1 + ¢7) Neural
just alinear function. oo oot 2018 Networks
. gy
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Artificial Neural Network
McCullock-Pitts (MCP) Neuron (1943)

m Simplified as a logic gate with binary output [0,1] (or [-1,1])

m Accumulated input signal reach a threshold value the output signal is
transmitted through the axon

m Few years later F. Rosenblatt formalize the Perceptron rule (ANN with
one neuron only)

Synaptic . Activation
weights » Sum =» function »Output

Input mp

< '?1 2y
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Examples of ANN architectures
combining a number of perceptrons

Multi-layer FNN Deep Network

Shallow Network More than one
hidden layer

Single-layer FNN

Input layer Output layer Input layer H|dden Output layer
of source of artificial of source of artificial
nodes neurons nodes layer neurons
o .‘g" .:ﬂ :‘.:,
Giuseppe Carlo Marano {Bsecy folieerico CNI - 27 Ottobre 2024
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Model complexity: overfitting and

underfitting

1
;'; ' .‘,‘ ,.‘ Underfitting
1

(a) Low bias & I (b) High bias &

low variance I low variance

, (d) High bias &

high variance
—

I
I
I
I Overfitting
I
I
I

Va1

Giuseppe Carlo Marano {g.} feitseric CNI - 27 Ottobre 2024
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Underfitting and Overfitting

Regression:

0

1 0 .

predictor too inflexible: predictor too flexible:
cannot capture pattern fits noise in the data

Classification:

X,

Copvnight © 2014 Victor Lavrenko

I
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Model com P | exity: Blas-variance tradeoff

Underfitting Overfitting
A

Optimal
complexity

Error

(bias)

Trainining emwor

Model complexity

I
Giuseppe Carlo Marano {go} fitsrico CNI — 27 Ottobre 2024



Model complexity: overfitting solutions

(Decrease model complexity

(] Bayesian model selection instead of M training subsct d
validation subset| | |
estimation testing set B
fold
. . . . entire data set
Ridge regression and regularization te i T] T
constraints parameters 2 - SRR
3 |
N-folds Cross validation procedure ~ test  B=

training set

ir '?;1 \’.‘
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Convolutional Neural Networks (CNN)

MO ComTana

Categorical judgments, _140:450

The first hierarchy of neurons that

receives information in the visual

cortex is sensitive to specific edges
while brainregions further down
the visual pipeline are sensitive to
more complex structures such as

decision making Simple visual form
w edges, comers
Tooss0fnfors * .J‘/“ .
md S
va 50-70 ms
! visual
s
descriptions,
faces, objects
=~ To spinal cord
-——ro;ge”vom;s.cne ~— . —-160-220ms fa ces.
CAT DOG
IS THIS A >
a2 DOG? v e e OUTPUT
CAT2DOG RGO

ACTIVATED
NEVRONS

10 mm
7 ——
000000 (00000
023880 83830 " ”
0 2 \
283808 (T(s)pieceece»(T()—> ~ C A
000000 500000 e
8 -« 00
883835 1833338]

Adeep neural network consists of a hierarchy of layers, whereby each
layer transformsthe input data into more abstract representations (e.g.

edge -> nose ->face). The output layer combines those features to make
predictions.

'fg Politecnico

\ PR Y di Torino
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Convolutional Neural Networks (CNN)

The initial convolution part acts as an
automatic feature extractor!

Feature maps are calculated by
sliding learnable filters on the input
images. Information are collected in
tensors and a subsampling only
retains the most useful information.

The classification/regression task is
actually performed by the fully
connected final layers

Prafceroy I
B

=

Feature Engineering

Approach

=l ‘;‘,

Giuseppe Carlo Marano 'ﬂ’w' Politecnico

u di Torino
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Convolutional Neural Networks (CNN)

The initial convolution part acts as an
automatic feature extractor!

Feature maps are calculated by
sliding learnable filters on the input
images. Information are collected in
tensors and a subsampling only
retains the most useful information.

The classification/regression task is
actually performed by the fully
connected final layers

S0

VA 1 N
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Convolutional Neural Networks (CNN)

More parameter to train - More data are needed!!

Therefore Data augmentation procedure can be adopted as regularization technique to increase db.

Horizontal Flips C :
. . . olor Jitter
Random mix/combinations of :

- translation
- rotation
- stretching
Simple: randomize
. contrast and brightness
- shearing,
. R Load image
- lens distortions, ... and label
Compute
loss

]

Transform image

Giuseppe Carlo Marano menﬁl-W Politecnico CNI - 27 Ottobre 2024 43
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Transfer Learning

More parameter to train - Mere data-areneeded! - It is possible to use TRANSFER LEARNING APPROACH!

2014

1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
[Fc-1000 | & [ rcc |
[ Fc-400s | \ e [Fcaoss | |[<— :
) ) Reinitialize - Train these
With transfer learning, a L eoaoss — this and train e
. . MaxPool MaxPool MaxPool \
pretrained model is Conv-512 Conv-512 Conv-512 With bigger
adopted and only some Com-£12 a— Conv-312 dataset, train
Iayer are updated tO MaxPool MaxPool MaxPool more Iayers
Cony-512 Cony-512 Cony-512
become suitable for the Cony-612 Cony-512 Cony-512
problem at hand. MaxPool MaxPool Freeze these MaxPool >
Cony-256 Cony-256 Cony-256 Freeze these
Conv-256 Cony-256 Conv-256
This approach is called MaxPool Maxtcol MaxPool .
. . Cony-128 Cony-128 Cony-128 Lower learning rate
fine tuning. Conv-128 Conv-128 Conv-128 when finetuning;
MaxPool MaxPool MaxPool 1/10 of Original LR
Cony-64 Cony-64 Conv-64 H H
Conv-64 Conv-64 ) —— j E’Olgr?tod Startlng
[_image ] [ image [ image |
VGG16
?’ ‘:.
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Convolutional Neural Networks (CNN)

Developed for Computer-Vision tasks, CNN have been extensively adopted in SHM because of
their automatic feature extraction (with convolutional layers and pooling layers)

CNN requires a minimum preprocessing of data

2D Network input
(stack FFT of signals)

- N =8 — — I il
7 : g S g
Raw time series LU n

signals from :
Sensor 1

] | "
g . i) [ il ‘ [wal Sensor 1
I ‘ _ ikl 1 ‘ T | ‘ h =\ >3 Sensor 2
| o ! | \ 2
Signal processing |- e " = ‘ ! 4 ! > Sensor p
Sensor 2 to frequency HH ~
domain (FFT) " = =+
Sensor p j
3

Fully Connected

Convolution Subsampling Convolution Subsampling Convolution Subsampling
Giuseppe Carlo Marano M , Politecrico CNI — 27 Ottobre 2024
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Deep Learning Recent Studies in SHM

Capsule Neural Network is an evolution of CNN to solve
drawbacks of CNN and also taking into account relative
position of extracted features in an image.

A CapsNet was trained to find frequecy

Transmissibility function

. . . A
peak shifts with damage progressively Damaged case
introduced in the structural elements ,/‘/U”damaged case
Input Convolution Convolution Primary Capsules Secondary Capsules MLP Output %
- =
]Ti g : T :
>
Frequency
e CNI — 27 Ottobre 2024 46
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Recurrent Neural Networks (RNN)

They are usually simple network which are called recursively.

We can process a sequence of vectors X by

_ : Some more complex
applying a recurrence formula at every time step: y

models have been
proposed during years,

h . h especially to be suitable for
A - fW ( t—1p :Et) dealing with very long

: y e
newstate  / old state input vector at Sequence or time series

: such as LSTM (Long Short
some time step Term Memory) or GRU

(Gated Recurrent Unit)

some function
with parameters W X

Notice: the same function and the same set
of parameters are used at every time step.

I
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Optimization: Model ca
updaUng

Foremost Model parametrization:
Defines Parameter 0 to be updated

* Not all are directly observable
* Deterministic Approaches

* Probabilistic Approaches
i.e. Bayesian Updating

* Observation may contains errors:

Predlctlon errors

y = gBX —I—W

Covarlates Z\1\/Ieasmrement errors
flodel parameters

Deterministic predictions from a hard-coded model
Observations

Tbration and

- 2;) ~\‘
Giuseppe Carlo Marano %W Politecnico

u
hasN \.51.
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Constrained Optimization Problems

Objective Function

Q’ Design Vector

X tools

Paradigm

e Classical

e Non-
classical

< '?1 Y
Giuseppe Carlo Marano e‘ﬁ,g;wm” Relitecrico
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Isaac Newton (1642-1727) (The development of differential calculus methods
of optimization)

Joseph-Louis Lagrange (1736-1813) (Calculus of variations, minimization of
functionals, method of optimization for constrained problems)

Augustin-Louis Cauchy (1789-1857) (Solution by direct substitution, steepest
descent method for unconstrained optimization)

Leonhard Euler (1707-1783) (Calculus of variations, minimization of
functionals)

Gottfried Leibnitz (1646-1716)Differential calculus methods of optimization)

Harold William Kuhn (1925-2014) Necessary and sufficient conditions for the
optimal solution of programming problems, game theory

I
Giuseppe Carlo Marano (g} Feltecrico CNI — 27 Ottobre 2024



tation
=Evolutionary computation simulates Darwinian Evolution’s
Theory on a computer. The result of such a simulation is a
series of optimization algorithms, usually based on a simple
set of rules. Optimization iteratively improves the quality of
solutions until an optimal, or at least feasible, solution is

found.

First random
population ! '
Evolved |
population
Evolved
population

Giuseppe Carlo Marano fa s politecnico CNI — 27 Ottobre 2024 51
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Metaheuristic

algorithms

Metaheuristic algorithms

Evoluuonary
algonthms

‘ Genetic Algorithm (GA)

Differential Evolution (DE)

Physics-based
algorithms

Swarm-based
algorithms

Bio-inspired
algorithms

Nature-inspired
algorithms

Simulated Annealing (SA) ‘

Ant Coleny Optimization
(ACO)

Gravitational Search
Algorithm (GSA)

Particle Swarm Optimization
(PSQO)

Avrtificial Immune System
(AIS)

Bacterial Foraging
Optimization (BFQO)

Cuckoo Search (CS) ‘

Firefly Algorithm (FA)

Genetic Programming (GP)

Harmony Search (HS)

Artificial Bee Colony (ABC)

Dendritic Cell Algorithm
(DCA)

Bat Algorithm (BA)

Evolutionary Strategy (ES) ‘

Memetic Algorithm (MA) ‘

Fish Swarm Algorithm (FSA) ‘

‘ Krill Herd Algorithm (KHA)

Invasive Weed Optimization
Algorithm {IWQ)

s Al
Giuseppe Carlo Marano *’M* Pojitecnico CNI — 27 Ottobre 2024



Genetic Algorithms (GA)

GA’s are based on
- Darwin’s theory of

~ Charles Darwin | Re
The riinof pece < v

_/
¥ \d = -
q m Evolutionary
| . Selection ompetition computing evolved
w v

"
" '! f«é‘s in the 1960’s.
- »B

evolution

s ‘Xﬂ k)
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%
o

[Exploration

e Search in regions with high
uncertainty

{Exploitation

|

e Search in regions with high estimated
value

Giuseppe Carlo Marano

St b olitecnico CNI — 27 Ottobre 2024
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Auto-Associative NN (AANN)

*Directly trained on operational conditions (undamaged situation)

*Try to reproduce the same input signal (unsupervised learning)

°!3ass through a "bottleneck" layer to learn most import: Ilg{fgrt SE
signal —>0) O —
*Once trained, if output signal is similar to input, loss fur — () Encoding  Decoding () —>
. . . ayer layer
otherwise a possible abnormal condition occurred >0 Fi—
*Autoencoder > O Q O —>
@) @
— (O O ) —>
@) Q)
— QO O () —>
@) @
— O—
O O
—> Q Botltleneck O —
s O ayer O s
— O—

ir '?;1 \’.‘
Giuseppe Carlo Marano %ﬁf%“ Politecnico CNI - 27 Ottobre 2024
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Ad hoc interpretable ANN
implementations

Output-only SHM applications with ad hoc ANN implementations
To extract engineering paramters of interest (modal paramters)

Time scries signals
X:{x;{ j=l..m

Data pre-processing

It Method _
i

,,,,,,,,,,,,,,,,,,,,,,

Modal analysis neural network

‘
= ‘/,7 ,\\‘ (/ﬁ\‘ //— ~ \,:: Objective function
\ oo [ xas I

( x ) L=L+L,+L+L,

) U %5 ] | xa M
[ R i Noo /N 1
wo M " Linear uncorrelation: i
! = = o - |
I A /h \‘ 7N e\ L,=4 cov(H)-1|, H
| Iy
\

Data post-processing

X H Q : - \\\h./} [\, z/ \\ ,..rl// ‘,\\hi-/u:: Minimize Gaussianity: o '
. ¥ o < 2 . ‘ - 1 . Mode ! > wo = 4‘%(1{}‘ w2 W (wo =
m m m I h |
5 \\// \\// \\% L L q Q@ Qor qQn :: Nonlinear uncorrelation: :I
a0 i 1
22 ) ) ) : = o L=d]ev(Q)-1] i
(I ) L e |
A N i!
qy Ay 7\ 3 = i i
m AAA\ / u\ AAA& m X sk Modal coordinates !
NS NN Ml L Qe @ewo '
L I AGA A B .
R It L0 \_J Rl | =
DecLoE'):Iaalnou Q @ 5
Raw signals Pre-processed Input & Nonlinear Reconstructed Modal Frequencies  Damping
signals Gaussianity  decorrelation signals coordinates Ratios
minimization

Giuseppe Carlo Marano g

)N
“:‘E“ A

»
W 1sse
2o

¥ Politecnico
»» di Torino
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Low Dimensional

GAN — generative NN

Building discriminative competence
Reallmages = = = 3 & — — — i e e e e |

a
S
Discriminative = Binary
Network — » Classification
D 2
. o
© - '
a Generative e
£ Network
& G
P Generated !
Fake Images :

Building synthetic image competence

I
Giuseppe Carlo Marano (g} Feltecrico CNI — 27 Ottobre 2024



Optimization: Parametric Model updating

OPTIMIZATION ALGORITHMS FOR MODEL UPDATING

: INITIAL STIFFNESS of each "\ TARGET DEFORMED SHAPE
@ MONITORED STRUCTURE s s s 4 TR AN
- A A A
Ao g o o3 Sensors
.......... ! LT
TS S o S OPTIMIZATION STIFFNESS
I s Q ALGORITHM OPTIMIZER

@ DAMAGES OCCURRANCE —> STIFFNESS VARIATION ————

DAMAGES :
STIFFNESS VARIATION

" STIFFNESS MATRIX ACCOUNTING FOR
THE DAMAGED AREAS

UPDATED STIFFNESS —_— - {1

MATRIX : Lo Lo § ool T AN &S :
5 A_.———A————---‘ -+ <. s L&, .'.
:  identification of DAMAGES LOCATION, 0 ® % o & 1w o
N 4

- Ay

Giuseppe Carlo Marano ”m“‘w"’m:ﬁ Politecnico CNI - 27 Ottobre 2024
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Constraints Handling in Evolutive Intelligence

Methods have been classified by different authors into certain
categories:

Penalty functions-based methods

Methods based on repair algorithms
— Methods based on the separation between OF and
-~~~ constraints 000000000000
Hybrid methods




Levels of structural optimization

* Detailed design stage

Design variables

Cost Function (OF)

Constraints

60



Complexity Time

INPUT
PARAMETERS

Geometry
Location
Budget
Requirements
Etc.

S5 Efficiency

Safety

== Calculation

= Creativity

Conceptual Design

Modelling & analysis

Detailing

Structural
analysis

Models \

Node analysis\

5

Technical
drawin_gs

50

30
20
10
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Evaluation
and Solutions

INPUT ArtistEng Multiobjective
PARAMETERS Tool Optimization

Geometry

Location

Budget

Requirements

Pros/Cons
Etc.

Evaluation

XV

Conceptual Design Detailing

\’ Modelling & analysis
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Initial Conceptual design - bridge

R S
2 P
- i
Jp— :&“‘ { - o
A

o - . et
= . S
//,//—\ )

o

number and
position of piers
span of deck

|

Design vector extremely

variable
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Initial Conceptual design - bridge

Different cost
models

’ " 7 oy B .;"(».‘

Sl N - .
BT 4 b

'z N

5 (87 47 5 N

i ) K
typology & |
1 : V_.,.» <X - BE j“w N
= s

Volume
Transport/assembly/
" construction / maintenance
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Why an open source FEM (OpenSees) for a “multistage”

structural optimization

SNQpenSees

scalable

.

—
\

Easy implementation of
different constraints

Interface with external
programs

Different level of model
complexity
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Generative Al

progettazione strutturale

Archedeciarg desein Al-adoptnd
ryang A Pre- l achtechiral mage
o TR o o Frocess ) ur!_‘i ¥y PE—
= A . ol
Ploiind s L Lot |
— Smn g— -

- YK 0 Shear wail
Scfawe XV, y%. 2. y2
" - , eChrmess
A - _ a D&“
Gtep 4 x1, ¥4, 02 y2
10 min wckh, gt
Perizernaccn inchcalom Para~oters lor
g matenal consumston nodsitg

Al Seneraiod
Al J sTuctindd Image
denign |
— 1.! Y —
sl B R
P o 4 |
2 min —'-’
Shep 3 Fowst-
1 min FEOCARS
Al .
0215)0 : L Tk ‘
l l | l- -
ap‘ ' 4 1 : |
fmin

Shear wel ard Seoam
Wyout Jesgn Sraywing
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Giuseppe Carlo Marano ”’m“mﬁi Politecnico

N s 2
=\ 2o
~\ o e

— 27 Ottobre 2024 66



Generative Al
progettazione strutturale

: (@) Project list Shear wall layout Beam layout Sectional size design of |
: ) design project design project  frame-core tube structures |
: @ wew L AN AR 0TE BUTMN e ‘ :
: L~ [ — | |
fosa] | !
| b |
: =] I
i = j :
|
| [}
| . = = = | :
ettt
! (b) Layout design of shear wall structure Layout design of shear beam structure Design of frame-core tube structures a
|
i F- 3 . ] | |
| t "l i 1 Fy i I
| l | | | [ n B |
| - - — }[.- ' { . [
: L Iﬁ—’:l'[‘la’j]--l L l IJl‘n'ILl I-J < :
: | i | : :
| | ol [
: T il g ¥ 1 | | T |
i hodel ot 4 LRk ] bt ot ] |
| . |
< %1 7y
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(@)

(b) Variable: control point height [-3,3]; 18 per surface

E

2 support locations
T\ SYML. | XeXas  X42:X3p" XqziXas
o Legend bottom surface T
- g i.‘.”:"':":"" 1 — 18 variables \ Xg X3 xu.sz Xy7. %38
| %) PT| | Shear wall 2-coord control points | 36 design
T J;jj ]_U—i ¢ variables \ X X0 | Xq0,%2g] Xig:Xag
o il PIET S 0 2TS0 S b I Architectural = e DB %
Rpimmrrn w8 e Infill wall 18 variables X3l | XXz | XasXas
" e § ey © S P o g L z-coord control points E
SR iEES S [ | — g
- - H_ e RE v R “HeolL Window o X2:%0 | Xa: %28 | X1aXa2
; r: } {-. 4 i = = & door
RG- 4R 1T - X1 Xqg | X7.Xa5 | Xy3.Xay
‘e me T':‘.. L i omdmr i~ =
Structural gates 40m
Architectural

—— design drawing —— —{ Semanticimage —— 486 kg/m?
Performance

(c)

Edge feature vector
[Xients Yiets Xeight: Vrights hengen]

4 '%! ~
Giuseppe Carlo Marano {m .z Politecnico CNI - 27 Ottobre 2024
‘M” di Torino
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Space
frame

Flat

Arch

Special Shape

TyPoTogY

Plane cover

Double-layered grid

Semi-octahedral module
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Stansted Airport




How to integrate the optimization process with LCA analyses?

Parametric geometry created in Python (Grasshopper)

1)Model assembly [ LCA Framework \ ( Direct Applications

Goal and scope ]a[ * Product development and
ﬂﬂ' Improvement

— * Strategic planning

1)Objective function evaluation Life Cycle Inventory

* Public policy making

ﬁU’ * Marketing

1)Optimization cycle (Octopus) 1 Life Cycle Impact @

Assessment

Interpretation

* Other

-

\E

~

1)Best solution found at the last generation

Evaluation

71



Parametric geometry
created in Python

1)Model assembly

Ove ra | | 1)Structural checks

procedure LTSS Tg I TTTTTIIIIIILIIIS
flow -

evaluation

[ [P ———

| RO —

Optimization cycle | e
Methodology | |
H H RN if i
Best solution found at z g i H Pl E é ii B
the last generation el Al ERlCaIE N ar oz

Life €ycle Inventory (LET)

Evaluation/Interpretation -
Lifie Cycle Impact
Assessment (LCIA)

- e o o o o o o E——,
- O O S S e S S .

\ 5 %‘fl

- O S S S S S S S S S D D S S D D D D D S B e e e

LCA integration



Case study : Parametric
geometry and model
assembly

NEANNY AN N
‘V//A‘WA%V/{A‘vJAAK\
§%\ 2 “"i‘v'ﬂ“u‘\‘\'
‘vmmm‘vzl“v'émr

Space frame pre-design Applied Loads (ULS
combination):

> Gravitational and
Horizontal loads

L
<H<—
1 H_15 [m]

L o
Beamlength:1m <A< 10m - —— < Divisions <
Amax min

Beam cross-sections
Steel S355, CHS (EN10219-2) t- d
|

7. W, 7 ANNNZ, o
- oy llt\‘
A "A%‘“xvz' e 74
S~ (7 ARy

m\v;A ‘;‘ <A
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Case study: Results

a5

® Pareto front - Gen.100]

°
35+ X 78.52
Y 32.7368

0“ e o

OF2 [kgCO2-eq./m2]

X 87.06

Y 25.2365

f(x)

Euclidean
Distance

Anchor Point

* Non-donunated
solution

® Domunated
solution

POF

U-point solution S1 S2 S3
OF) 79.3 79.3 80.51 87.06
OF, 27.71 32.74 27.35 25,24
H 3 3 3 3
div, 6 6 6 §
div, 3 3 3 3

Up long.

Up transv.

Low long,.

Low transv.

Diagonals
Columns

CHS 355.6x6.3
CHS 406.4x6
CHS 114.3x2.5
CHS 139.7x4
GL 365x570
GL215x608

CHS 355.6x6.3  CHS 355.6x6.3 CHS 355.6x6.3
CHS 406.4x6 CHS 406.4x6 CHS 406.4x6
CHS 114.3x2.5 CHS 114.3x2.5  CHS 88.9x3
CHS 139.7x4 CHS 139.7x4 CHS 114.3x5
GL 365x418 GL 365x570 GL 365x570
GL215x532 GL315x494 GL215x1368




Results

Case study
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EXOSKELETONS

avoid the interruption of
O steel additive the activities carried out applied from O

structures inside of the building outside

suitable for a holistic
intervention: structural,
energetic, architectonic

inspired by nature:

low construction O
biomimicry

time and cost

f2mfr05m QSmﬁﬁ2mf_ f—5m—+—5m—+* 5m——7/T Af—05m
4m 4m x %:n
4m 4m : :P
4m 4m ' :[1 3

1/14 JANA C. OLIVO G. | Master’s Thesis presentation | 26-10-
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OPTIMIZATION ALGORITHM 24 FEM ANALYSES

Population

Initialization * ] = limit

» unfeasibility

check

.

_ Parent < limit

Selection

!

Crossover

S

Mutation of the
Repeated

k___v___J

Fitness
Determination

v

Sort

Mutation

unf OF >
yes feas OF ?

stagnation *""

> limit check 1 Modified

y < imit Unfeas OF

end
no criteria

yes +
Optimized
Configuration N W
i '::..-ln' ::
5/14 JANA C. OLIVO G. | Master’s Thesis presentation| 26-10- W’
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CASE STUDIES

5m x 5m bay
4m storey
height

located in Foggia,

Reinforced Concrete structures

BalYos g acceleration

obtained by replication of the base

module

STRUCTU

#
N 1859 g
S

0

STRUCTU

| Master’s Thesis presentation | 26-10-

0

STRUCTU
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V6o AYAV/
NEESSKXS
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ABERID
A s 2 avaYA
T\ RN =
\ARdX
A\ARSO
g
\I2Z

JANA C. OLIVO G.

0
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RESULTS: FINAL CONFIGURATIONS
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RESULTS: BASE-SHEAR

- Str System System - Str - mmm System - Exosk

120
o 0o o =] o I~ o
0| =g =S =S = 2S £
100 2 S S 2 S
2 g0 = 9 - e = i
Lo
g 70 ©
= 60
@0
o 50 2
S o
30 = o0 - 0 2
20 _
10
0
Case Case Case Case Case Case
Study Study Study Study Study Study
1 2 3 4 5 6
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REGIONE

AEROPORTI DI PUGLIA © ruus

BARI BRINDISI FOGGIA TARANTO




4. 1| PFTE - Architettura

LEGENDA
Hall
Museo — Sale espositive

Uffici — Laboratori

Camera Pulita

Sala conferenze

Sala Medica

Servizi igienici

Area controlli

Spogliatoi — Guardaroba

Deposito

Ristorante

Distribuzione orizzontale e verticale
Locali tecnici

Officina

4‘

A= ||||| PROGER RI:H S Opere per la realizzazione dello

Spazioporto




4.1l PFTE - Infrastrutture di volo

Allo stesso modo si & proceduto a dimensionare lTHANGAR a servizio delle operazioni di volo, in modo che possa accogliere la maggior parte dei velivoli con le tecnologie di volo ad oggi note.

# Configurazione
) ’ fi i Virgin Galactic White Knight TWO
Configurazione Virgin Galactic White Knight TWO Configurazione Dr:am hacor Siora S a?:e
2 aeromobili EASA «C» Skydweller Aero p

Configurse o e won aurc'rlu% cril te Code ICEOATA T
LU0 m.
Configurazione

Configurazione
1 aeromobile EASA «F» Space Ship Two

Configurazione
2 Virgin Galactic White Knight TWO

Space Ship Two

Opere per larealizzazione dello

. ‘ enedeito Camerana
P |||l ProcER RISA s _
Spazioporto
N




4. 1| PFTE - Architettura

A; ||

INGEGNERIA

|| PROGER RI:FI LD Snemersnn Opere per larealizzazione dello
Spazioporto




4.1l PFTE - Architettura

A I|{|| ProGER thFl S e Camerana Opere per la realizzazione dello

INGEGNERIA .
Spazioporto




6. Larealizzazione delle Strutture

HANGAR

L’hangar € costituito da sei portali a struttura reticolare spaziale, posti ad
interasse costante pari a 13.52m, aventi luce interna di 78.72m e altezza
massima pari a 26.25m.

MR

EDIFICIO POLIFUNZIONALE

fabbricato di due piani di altezza, esteso per oltre 120 m nella direzione
longitudinale e circa 35 metri in quella trasversale

PASSERELLA PEDONALE

Guscio strutturale a graticcio (gridshell) a sezione
ellissoidale di lunghezza pari a 60 m

.fum ||||| PROGER thFl Shudia.© CmETEne Opere per la realizzazione dello Spazioporto



6. Larealizzazione delle Strutture

HANGAR — parametric model Y
%,
vb Trimble

User =~ & Tekla

Geometry o
Shape 5 :Allplan

* Sectiontype [Visualcoding | paramatric

Input data: 7% 3D Modei .

«  Material — . "i‘; ¥ >
- External design ?)9. % JAP2000
loads . 5 @ ALITODESKS‘
* Mesh Pre-assigned Design > FEM 3 \‘D“N T
+ Constraints parameters variables model = nsys
Optimization Wvray
-

algorithm Constraints Render | o Twiﬁmotion

@ 3 3ps max

%
{aa}: Eptismic
< Benedetto Camerana H H H
Plade| ||||| PROGER RIJA i Opere per la realizzazione dello Spazioporto



6. Larealizzazione delle Strutture

il
SNELA
‘l;“'\' 7l

by li'

i \3‘.‘\&".\\\ Q5

NN
Q"’\ig\‘.

N

“ I|||| PROGER RI’H gfeur:;geﬁo Camerana

INGEGNERIA

Genome

Finess [=  Mnmze 9|

Threshold

Runtime Limit [] Enable

Max. Duration

Evolutionary Solver
s S
ponuson [0
PR o |
Haiisn
Inbreeding

Annealing Solver

Temperatwe [ 100 %

Codiing [ 0 9500 x

Drift Rate 2|5 %

Opere per larealizzazione dello Spazioporto



6. Larealizzazione delle Strutture

HANGAR
OTTIMIZZAZIONE po

ESEMPIO

Il portale tipo & identificato come il portale numero 1. Il portale risulta essere il piu critico per il passaggio del timone
dell’aeromobile di progetto.

ININNINS

4 .Zl \".!

M'{; Politecnico
I v di Torino

£

Bt
/. < B detto Camerana
AR |||| PROGER ene
IfﬂGle l RI } H Studio

Risultati

180
—_— Struttura ottimizzata
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E =
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SEISMIC RISK REDUCTION STRATEGIES

. . . e . =
Seismic Risk Mitigation g | ?
Retrofitting Systems '/j‘l ' e _v'_y:;f .
Er :7.':.<>:_::-7-‘.:>‘7',‘ AR
o l*% =
Shear walls ’ , “' " iy
and bracings
! 5 |
Een z
. & Concrete
Base Isolation / I y Jacketing PERFORMANCE
Dissipation S !
i © ® E Steel
£ | g
0 \ Jacketing
c _—
= \
n \

i \. FRP
LH.F S ,  Costs

Impact

* |nvasiveness

Ductility * Downtime
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l INVASIVENESS

-~

Concrete jacket |Steel jacket FRP jacket




Define an Optimization Framework aimed at minimizing seismic retrofitting costs of for
existing RC frame structures

Model analysis and
fitness evaluation

-

N A

MATLAB

Genetic Algorithm iGA)
T The strongest or

“fittest” individual is
the one associated with
the lowest retrofitting
costs under a prefixed
safety constraint

’ Position and amount of reinforcement
minimizing the costs

94



Why Genetic algorithms ?

Typical continuous optimization problem

minimize f (b Obijective function (fitness) = Cost of the intervention as a function of the retrofitting
) * ) configuration represented by the b vector called

) \
Constrains = Conditions to satisfy when minimizing f(b) (e.g. safety checks)

Discrete optimization

The objective function is not continuous since it is composed
of discrete variable or Boolean variables

D 4

The iterative approach perceived by GA is suitable to solve
these problems

BRR
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Generations of individuals

Best: J.13396 Mean: 1249.268

15000 -
Initial Random Population . *  Bestiness

" . @ * hean fitness

(First Generation) = oomop? &,
= g *
LA
-------------------------------------------- g + Ty ‘,\: :*:“‘g + :, s
—> Measure Fitness Fitness Score S 5000F T e
----—---*— ------------------------------------- LY :‘.‘“"Nﬁ
. D L - I’ b - ) 1 1 1 1
P " Randomly pick parents, ] 20 40 BD B0 100 120 140 160 180 200
arent gejection weighted by fitness values Seneration
(roulette wheel) Average Distance Between Individuals
+ 200 -
Parents: : The GA imitates the evolution from generation to
Create 2 children by '0.51 . . .
Reproduction crossing over genes 0.11 generation of a population (i.e. a group of structural
(Crossover oM. SAd parent g designs) under the imposed constraints
2 0.4
Ocassionally, randomly Elitism
mutate one gene CDDY best' genes to

o _+_ _____________________________________ next generation

—— New Generation
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Genetic algorithm — Design vector encoding

Genotype

<

™\

0 = Unretrofitted column

1 - Retrofitted column

Phenotype

Fitness

SNOpenSees

Cost of the
intervention

97



ENCODING

Battens spacing
(natural variables)

Column Reinforcement
(Boolean variables)

0 = unreinforced

1 - reinforced

+—4,00——3,00—+-3,00—~—3,00—~3,00—

N

a)

Sb=150-400 mm
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PROCESSING OF PUSHOVER RESULTS

CAPACITY / DEMAND RATIO ( fﬂ)

g
z Ductility capacity
% Ductility demand
:
1 |
A

SDOF

BILINEAR
EQUIVALENT

~—

p=cost, /|

"Hr{q*.T')

T,

Assessment is
satisfied
(feasible solution)

Assessment is not
satisfied
(unfeasible solution)
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THE OBJECTIVE FUNCTION

SN

Costs of works on plasters Material costs and the manpower
/ and masonry costs to reahze column steel
ja etlng

O
AN /T~

Number of 2000€/column NL'meer of Cost per unit weigth
retrofitted column retrofitted column  the total weight of the (4.5 €/kg)

steel cage
Battens volume
Design Parameters nc and sb are the only

influencing the total cost / \ / O

Angles weight Battens weight
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+——>500 mm——
= P | p—— p —1- L L]

Columns : : . . o
50x50 ] g :
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e
e
9
»
#———500 mm———

08 {7 16 /aoxs0 f5 ST

~—4,00——3,00—+-3,00-+-3,00—+-3,00—~
el
@®
o
3
7

N
Y

—
ﬁ
e

#———500 mm—*

#——6,00

Non-retrofitted column

Retrofitted column
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Considered Sub-Cases
- Shear Critical Columns
- Shear resistant columns

Infills *
position

/

Drift related shear

3

a

Shear Demand

\,

Infill related shear

N
- fr

r '_t‘
G

.

-
WPgesina | [
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Shear Resistant Columns

3200 400
1 IFC1. SR - Optimal solution 260 1 IFC1. SR Eo‘m{ ??1";""5

2800 Bg=392 p =463 L1179 — ?
] Z 320 —3 arsmes g

2400 - € sl ____:?
] & 280 1 e

N
o
f=1
o
L

I

1

Base Shear (kN)
>
f=3
o
L

1200
800 +
- e MDOF capacity curve
400 4 — SDOF capacity curve
= = = Bilinear equivalent curve
0 T T T T T T T T T T 1 0 1 T T T T T T T T Ll T
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Top displacement (mm) Top displacement (mm)
(@) (b)
Shear Critical Columns
3200
B IFC1.SC Optimal solution IFC1.8C 1 Storey Columns.
2800 Hg=2.75 p =391 §=1418
2400
i .
<2000 4 o =
H -
£ 1600
w -
@ 1200
o .
800 +
| e MDOF capacity curve
w— SDOF capacity curve
400 + ——— Bilinear equivalent curves
0 T T T T T T T T T T T 0 T T T T T T T T T T T
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Top displacement (mm) Top displacement (mm)

(a)

(b)

Retrofrtted columns

Bl Retrofitted columns
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PONTI ITALIANI

Piu di 60,000 ponti

Molti costruiti oltre 50 anni fa

Significativi processi di invecchiamento e degrado  pyicevera bridge (2018)

Alcune crisi importanti

Annone bridge (2016) Fossano bridge (2017) Magra bridge (2020)

Vi 2?! )
Giuseppe Carlo Marano {m .z Politecnico CNI — 27 Ottobre 2024
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e ASPI| ‘AutoStrade Per I'ltalia’

Maritior

<1950 s 40%
1950 - 1960
1960 - 1970 o
1970 - 1980 30%
1980 - 1990 N
1990 - 2000 9
Moal2 > 2000
‘ 10%
8%
vabar 5% 4%
O ) Q \\) N O
, P AN .
! N} © 4 N )
2 9 9 < 9 9
Distribuzione dell’eta dei ponti (luci>10 m) gestiti da ASPI
a" %1 y
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* La gestione di queste infrastrutture necessita di nuovi paradigmi operative
per potre essere mantenuta in efficienza e garantire la fruibilita della rete
di trasporto na2|onale

1?3.
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Evoluzione del quadro tecnico — normativo

Crollo Ponte Morandi (2018)

1.Norma !
C.N.R. (Boll. 1.NTC2018 :
Circolare n® Uff. n° e Circolare
6736/61/Al 165/93) Applicativa 1
1
|

:
1

Circolare 1.NTC2008 1 1.Nuove

LL.PP n° I Linee Guida
34233 !
o '?1 Y
Giuseppe Carlo Marano eﬁ#;wm“ Politecnico CNI — 27 Ottobre 2024 107
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Il sistema di gestione dei ponti secondo nuove Linee Guida 2020

Approccio multilivello

E @ ¥

Indicatore Classe di L
. . . Interventi di
Ispezioni visive ===  numerico del ===¥ Attenzione =P

manutenzione
degrado del ponte

[Bassa Medio — alta Alta \

s 3y

Giuseppe Carlo Marano {g.j folteenico CNI — 27 Ottobre 2024
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Indici numerici per la valutazione del degrado

Database BMS

| valori di difettosita relativa di ogni elemento del ponte vengono inseriti all'interno
del database del Bridge Management System.

s 3y

Giuseppe Carlo Marano éw’ Politecnico CNI — 27 Ottobre 2024
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Bridge Management System (BMS)

S O &

Database BMS Modello di Modello dei Modello di
degrado costi decisione

\

Pianificazione ottimizzata degli interventi di manutenzione

ir '?1 \’.‘
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Gestione dei Intelligenza
ponti esistenti Artificiale

l ‘;?‘ ‘:,

Giuseppe Carlo Marano | %M-ﬁ Politecnico CNI - 27 Ottobre 2024 111
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Ispezioni

Machine
Learning

visive

Linee Guida
2020

,l’ '?1 kY
Giuseppe Carlo Marano %M." Politecnico
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MONITORAGGIO STRUTTURALE (SHM) MODEL-BASED (FEM)

DATA-BASED

s 3y

Giuseppe Carlo Marano {g.j folteenico CNI — 27 Ottobre 2024 113
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Motivations:

*prevent loss of life

*more reliable and safe systems
*mitigate risks

sassessment and diagnosis purposes

to know the system’s “health” v N

Decisions

*no more with run-to-failure approach bamage Safety
but time-based maintenance Il Life )

*reduce management, repair or Monitori ‘ | | Actions
reconstruction costs \ - 1 CYCIe \
Monitoring task : Performance Maintenance
*Dynamic identification (operational, non ,’\/
linearities)

*Material issues (aging, corrosion, cracks, fatigue) Life extension
*Ductility, limit states (ultimate, service)

*Resilience

*Robustness

*Noise, modeling errors, uncertainties,...

s 3y
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"Past" of Structural Health
Monitoring

e Detect cracks in raiTrJoad wheels since 1800s

e Systematic and deeper studies starting from 1970s

e Multidisciplinary approach (Aerospace, Mechanical, Civil Eng.)

e Motivations:
e prevent loss of life

e more reliable and safe systems

* mitigate risks

e assessment and diagnosis purposes to know the system’s “health”
* no more with run-to-failure approach but time-based maintenance
e reduce management, repair or reconstruction costs

ir '?1 \’.‘
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What is structural damage?

DAMAGE . “an intentional or unintentional changes to the material and/or geometric
properties of these systems, including changes to the boundary conditions and system

connectivity, which adversely affect the current or future performance of these systems.”
[Farrar C.R., Worden K. “Structural Health Monitoring: A Machine Learning Perspective” (2012)]

o ] Initial Imperfections (defects at micro-scale)
m Material imperfections

Occurring over time (degradation, aging)

Damage mitigation strategy related to the material science (e.g. manufacturing
process, surface finish new self-healing materials)

= Macroscopic damage ‘ Engineering Assessment of Safety Levels

ir '?;1 \’.‘
Giuseppe Carlo Marano *M‘ Politecnico CNI - 27 Ottobre 2024

\\ #
pSWO

116



How to study the Structural
Damage

Miles Glacier Bridge (Alaska)

What to

ugderstgn_d | -~ -
m Causes and origins (environment, exceptional events) N o

vdk‘u:‘f" ;"‘ oy
m How to prevent or mitigate it ‘ i

m Effects and consequences produced
m Itis present now? How fast it grows?

m How all the factors interact together? (Challenging)

< %1 R
Giuseppe Carlo Marano eﬁﬁ%‘ Politecnico CNI - 27 Ottobre 2024 117
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Structural Health Monitoring (SHM)

m SHM is a Damage Detection Strategy and monitoring over time m

Observations of the structure over time (periodically spaced measurements) o lonmen;

Statistica)
Modelg
Identification of the damage-sensitive feature Sianal congitoping
Safety Assessment Data acquisition
[ \ Sensors apg aCtuators
model-based approach data-driven approach
(parametric) (non-parametric)

ir '?1 \’.‘
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Structural Health Monitoring outline

Signal Processing Non Parametric ID Parametric ID State Estimation Damage Detection/SHM
i FDD method Autoregressive Models i N
From Time to . [ - Hjl — —
Frequency Domain o ) A+ > a-x{t—i]=wlt]+> - wit—1] [ B - |
solate a peal pary pary e R

. j.
A\ Deliverables
SISO Model & @..¢,. @,

Singular Values

2= ey,

Frequency (Hz) Subspace ID
%= Ax+Bu Deliverables
ET _ Deliverables
Time Domain Frequency Domain . y= CxtDu |dent|fy pOSSib|e
it — S(w) Deliverables : i
- Deliverables Estimate full response X damage in the
@, ¢, D, MIMO Model & @,,&,,®, from few measurements y || system
ir "1 \’.‘ . .
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Irgegresé;

data.

o
rIF\}tﬁati clﬁ

SRR

ap

f\T(ysma Sy

4 N
analytical or numerical
model
| I lls "
"f;l ll‘h,‘l‘_‘(‘{ ,“:’\‘\'.-%W‘\ WA ' “’r" E:‘M‘ :‘:‘/ I.’,","-"i‘, | II fiont e
excitation 7 i dynamic response
-
Model
L Forward Problem (analytical/numerical model exists a priori) 5
Time domain
x[t] = Ax[t-1]+Bul[t]
ambient vibration . M = Cxlef+Dulr] J
excitation response Elenafian - —
. oz o » | Frequency Domain
and/or ; identification g o
; L’"Mf,:‘r."m,'",w)».» H(™")
known applied forces T
Signal Processing Modal space
L o, D
Inverse Problem (structural model is obtained from experimental data) -

or improving a mathematical
stem using experimental

Giuseppe Carlo Marano z

3y

[ 4% Politecnico
Mo di Torino
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Experimental Modal Analsysi

(EMA)

Experimental Modal Analysis (EMA)
techniques aim at identifying vibration modes
from the dynamic response measured on real
structures.

Approaches:

Single Input — Single Output (SISO)

Single Input — Multiple Output (SIMO)
Multiple Input — Multiple Output (MIMO)

X Impact hammer Optical
FBG1 FBG2 / f‘“ . FBG10 FBGI1 fibre
I /
N * ; 7l ] PR \’
~\ z \ - / /
Accelerometer | Exciting pom[ Pipe
Fixed end f
: D-Dgggggggg - -/\ﬁ
Data acquisition unit Laptop FBG interrogator

What 1s System Identification?

Experiment
'— Plant

¥

h

Data

h 4

Identification Model

White-box 1dentification
— esfimate parameters of a physical model from data
— Example: aircraft flight model

Gray-box identification (e.g. phenomenological models)
— given generic model structure estimate parameters from data
— Example: neural network model of an engine

= © ~ |- . 1~ . . .. . .
= g * Black-box identification (i.e., nonparametric identification)
o O . .
g o — determine mode] structure and estimate parameters fiom data
o . - .
%é‘ = — Example: security pricing models for stock market
]
2 P

vf?) \‘
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SHM Statistical Patter Recognition process

Operational
Evaluation

Data

Acquisition
@ Feature
%%;Q ) Extraction Statistical
= . Modeling for
AR
H o] R Feature
W I 1 Classification

On Q12 - QPin

P2 P22 " Qo Pr

9
. & h
_(Ppl Pp2 e (Ppn_ :
Undamage |
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Futuri sviluppi: integrated solutions

Data Flow : Smart SHM using Multi-sensing and Edge correlare:
Q T Data Traffic
u — § '3 — ‘ e Temperature
EEEREL:; - ]H CSCT | [ [ [ [ 1 ‘ B ‘ -
Girder Bearing Wind
Smart A
Data Fusion pata
approaches l
Edge Cloud Sensor Data Q Sensori d|
for Bridge
4G/5G Router grandezze
Mqlli—Sfensor Locations ' ' Cl n e m a.t| Ch e
e 1 T
—_— i MORE RELIABLE
IDENTIFICATION
SYSTEM
v .?1 \‘:, R .
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