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A Presentat |

Scan4Rece GA: 665091

Scan4Reco approach for:
U 3D Reconstruction of an artwork
U Spatio-temporal simulation of ageing
O Ageing simulation for appearance
0 Ageing simulation for geometry

U Conservation Oriented Decision Support System (DSS)
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%Sm;ﬁ 3D Reconstruction

Scan4Rece GA: 665091 S -t
| etup

Rotary stage

A Coordinate systems registration of rotary table and depth
sensor
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&S0z 3DReconstruction

ScandRece GA: 665091 P re p roceSS| ng
Estimated gradient. Thresholding.
Original Brighter areas Black areas.of Resulted
depth map indicate bigger gradient ~ depth map will be depth map
discarded
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355 3D Reconstructior
cawCece .
Texture Reconstruction(/3)

A 15t step: Camera View Selection

i select the camera view whwhere "Qis more clearly visible

x A = -the surface normal of face "Q
argmaxa ‘ITrCJ_ i
Cj fi A » - the principal axis of camera view ®

meshed model

4 camera ?/iews ;

|
textured model
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3D Reconstructior
Texture Reconstruction2/3)

A 2nd step: Color Adjustment

I texture patches have color discontinuities

NNN
~
~

I adjust texture patches’ colors to achieve a smooth color transition at seams

adjusted color is as similar as possible
N

minimize differences belween same texture patch

Ve

(02

arg min Z (Care s + Qure sy — (Carigns + au,,,,_,.g,,_t))2

=N ~N

2
+ E au, CLuJ

ulies on w; ,ujare
a seam in the same
patch
= E (Cu B (y —
u with UV-VIS
information
adjusted color is as similar as possible to the corresponding UV-VIS info
Ao ,o - the vertex color to the left and right patches

Ad ,0 - the correction to the left and right patches

A 1 -the corresponding UVVIS sample
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e 3D Reconstructior

Texture Reconstructior(3/3)
Without With
UVVIS information UVVIS information

A more lively
colors revealing
finer details of
the faces,

the letters, etc.

Metric Without With
Error UVVIS | UVVIS
Mean 19.06 2.40

Std 12.37 3.75
Median 16.00 1.00
95th 43.00 9.00
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. 3D Reconstructior
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%Sg@@o ___Textured3Dmodels
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Ageing simulation in appearanc
Problem formulation

A Simulating for corruption prevention:

X Solving the problem:
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I Simulation of material appearance over time
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Identify susceptible spots on artworks for corruption
prevention

Forwards and backwards simulation:
A how much reversiblea destruction is

Recording appearance of material samples
Artificial ageing in ovens (3 time instances)
TRI colour (RGB) images of the aging process
Material Aging Model(purpose of this presentation)
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- PreviousWork
ScandRece GA: 665091 Vanilla GAN Architecture

A Generative Adversarial Networks (GAN) has 2 sub-networks:

I Generator Network Its goal is to fool the Discriminator into
recognizing the generated image as real

I Discriminator Network Its goal is to learn to discriminate
between real and generated images (Fake images)

A As the accuracy of both networks

improves, the quality of the generated
images increases.

Training set V Discriminator

VIR
Random { i @E{Fake

=

Generator Fake image

10/12/2018 Workshop @ AUTH, Thessaloniki, Greece, 25t September 2018



Scan4Rece GA: 665091

Proposedmethod 1/4

GAN framework

A Conditionalimageto-imagetranslation task, i.e. given: input
image, conditional variables A generate the degraded image

A Both the generator and the discriminator are Convolutional
Neural Networks (CNN)A Appropriate for image generation
or recognition tasks, Low number of parameters

Inputimage

c

Conditional Variables
[target time/degradation type)

Random noise
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=P Real / Fake

Ground truth image
given Conditional
Variables

- - i
LY ~~ " Generated image

given Conditional
Variables

CNN Generator

Workshop @ AUTH, Thessaloniki, Greece, 25t September 2018

4 c‘I
Estimation of
Conditional Variables

(target time/degradation type)

CNN Discriminator



€Stz Proposedmethod 2/4
Scan4Rece GA: 665091 ArC h |te Ctu re Of G e n e rator

A Input: image that must be degraded, conditional variables and
noise, Output: degraded image

A Generated imagesum of final layer and input image
A model only (un)degradations, higher quality results

A Deep Learning20 layers including
convolutions, batch

normalizations, and i s s
activations (leaky [
relu) ta n h) ) 230 pirels Batc|12N>irm B:t:%lfnrm Bncg:orm

Input image l
ConviD Cunlvll} Cunl\rZD
; NN
Conditional Variables LeakyRelU LeakyReLU LeakyRelU

(target time/degradation type)

Generated RGB

image (3
R channels)
Random noise
Height x Width x Channels
Kernelwidthx Kernel height
CNN Generator (Stride=1)
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Proposedmethod 3/4
Architecture of Discriminator

A Input: initial image and degraded image (either ground truth or
generated), Output: conditional variables, probability that the
degraded image is real

A Estimation of conditional variables Directly encoded by the loss
function A Faster train, Better results

A Deep Learningl4 layers : g

including batch
normalizations,
activations, convolutions,sfits

and fully connected Ground truth

10/12/2018

280x23(n32
dxd conv
230 pixels ——  140x11564
Inputimage Ixdcony T0x58x128
I3 conv
. A —— -
x B gl
‘o Wog -8 Batehh
l IE:t:hNorm
230 pixels concat Convp
i l ’ Conv2D
image LeakyRqLL l
LI T LeakyRell

g e Aot At
230 pixels
Generated image

CNN Discriminator
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LeakyRelU

Sizeof(c)+1

I,___J.___

we=gp Real | Fake

Estimation of

Conditional Variables

(target time/degradation type]

Height x Width x Channels
Kernelwidth x Kernel height
(Stride=2)
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Scan4Rece GA: 665091 O ptl m I Z atl O n

A GeneratorLoss

Pixel loss Adversarial loss

Lg .Elcz[HG I C, Z —1 ” ]"" ]E;CZ[HCO?’LCM(C 1) D( (1 C;Z)J)Hz]

—————————— y-- -————————:\———X{—————&'

Generator Target image Conditional varigble  |nput image

Noise & Y plp Discriminator
A DiscriminatorLoss
Adversarial loss — Adversarial loss —
true image generated image

A Optlmlzatlon algorithm: For each mini-batch, compute the losses
U and U and perform one gradient update (for both networks)
using Stochastic Gradient Descent (SGD).
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CS cnitzeco Experimental results 1/2

Scan4Rece GA: 665091

A Application of the degradation model on bronze material

A The trained model takes as a conditional variable only the
degradation time

A Image content is preserved (e.g. black spots, border colour on the
right of the panel), and degraded over time, by getting
rougher/larger

A Degradation procedure also adds additional content, e.g.
additional black spots

tb < 4 < 4 < 5 <t < ot <t
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CS i Experimental result2/2

Scan4Rece GA: 665091
A Three images representing

bronze materials |
A Material degradation looks
A Degradation depends on

content of the input

- I I l

t, < t < t, <t < t < t <
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Ageing simulation in geometr

Problem formulation

A

Modelling surface degradation:
I Simulation of changes in surface geometry over time

X Solving the problem:
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A Artificial aging of reference bronze samples in an ageing
chamber

Bronze Bronze Bronze
coupon at t, coupon at t; coupon at t,

‘A High resolution 3D scans in each step (m-prof)
{A Material AgeingModel
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¢S...o0 Proposed method 1/4
Scan4Rece GA: 665091 Sulrface parameterizatiOn

A Point clouds from different ageing steps are registered using ICP

Aligned point clouds for t,, Minor surface anomalies help ICP
t, and t, converge

A Point clouds are parameterized in
overlapping 3D occupancy grids, with a
rolling cube (32x32x32)

A Grids in different ageing steps are registered %
A Intermediate grids are interpolated Note hon
the dent is -

A Finer guantization along z-axis to capture captured in
anomalies the 3D grid
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Proposed method 2/4
Architecture of 3DCNN

A Input: Occupancy grid to be degraded, target time
A Output: Degraded occupancy grid

A Synthesized point cloudverlapping grids are merged to
generate the final point cloud

Deep Learning20
layers including
convolutions, batch
normalizations, and
activations (leaky
relu, tanh)

10/12/2018

.I [
(]
’#..'.- -
/
/ [ ]
»
323264464 3232464x128 32:32164x256 32x32x64x1 Ground truth 3D
N 5X5%5 conv Aydxd conv 3x3x3 conv 3x3x3 conv occubaney erid for
' —t— : o pancy g o
|‘ target degradation time
— L2 loss
oLe
e,. ;
2X 2x 2x s
BatchNorm BatchNorm BatchNorm :
Input 3D Concat ConvaD . .
occupancy grid along ConvaD ’ Conv3D ConvaD _} l .'#l.'____
l Tanh / ..
channel ;e
LeakyRelU LeakyRelU LeakyRelU "
Generated 3D
t ) )
occupancy grid for
Target degradation target degradation time
time
Height x Width x Depth x Channels
Kernel width x Kernel height x Kernel Depth
CNN ageing model (Stride=1)
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= Proposed method 3/4
Scan4Rece GA: 665091 O ptl m IZ atl O n
A 3D-CNNLosS

L=E|G(I a_%)j}'[ﬁ:m
— = - Z \
Geneé Target Ground-truth
Occupancy time Occupancy
Grid Grid

A Optimization algorithm: For each mini-batch, compute the loss 0

and perform one gradient update using the Stochastic Gradient
Descent (SGD) method.
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Proposed method 4/4
Scan4Rece GA: 665091 Exam i n i ng Conve rgenCE

A Trainingprocessconvergenceverified by

N\

1. Monitoring training error:

1 1 ] s s 7
1 4 J 6

Epoch

2. Comparingthe distribution of normal ve‘ctors (NDF)against
groundtruth:

————— S ey
_ L ——— e ——
T B T AT A4 W e 8 A LRI

A NDFs are similar
A« -axis deviation
| not perfectly

0 : captured

2 2

Normal vectors ‘ ¢
guantized using
spherical coordinates

NDF for ground NDF for
truth generated cloud
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Experimental results (1/2)

Scan4Rece GA: 665091

A Application of the degradation model on bronze sample

A Trained model has as input the initial point cloud and the targeted
time

A Dents smooth out, simulating the accumulation of surface deposits
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¢S...co0 Experimental results (2/2)
Scan4Rece GA: 665091 Aggregated VieW
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Scan4Rece GA: 665091 ArCh Ite CtU re

DSS Functional Perspective

l EY

Main blocks of Ty o @

& measurements Diagnosis Rendering
Scan4Reco DSS: ) on & user inspection | |
s &

A Acquisition & User J: oy W @ [ O +

i n S pe Ct i O n Mechanical Arm Capturing Measurements

Viewer
A Annotation ~ =
A Data Management B

A Diagnosis & Simulation

-
Degradations| J

H J‘* <
Measurements Degradations Ontologies Ageing Models

Suggestions
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Scan4Rece GA: 665091

Conservation Oriented DS.

Diagnosis

Cultural
Heritage
Object

Metadata ‘

object’s history, content,
characteristics, etc

Global

Scanning @

holistic scanning by depth
sensor or
photogrammetry camera

Local
Scanning %

local measurements
acquired by
profilometer/UVVIS, etc

G

Reconstruction

3D coarse and high
reconstructions

Ageing
Simulation

®

object’s state (geometry
and appearance) at
different time instants

Annotation : —

L pL UL N

pathologies automatic
detected or manually
annotated

NN NN N
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<. - Conservation Oriented DS

(4
Diagnosis/Annotation & Detection

Inspecting and annotating
ultrasound scans

Frontal Degr.Aves 1 - (154,180) to (229,220)

Inspecting and annotation
FTIR spectrum

o 0.
[+]
=
[
=
7]
=
=
20
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8, Do Conservation Oriented DS
smreeonoson . Diagnosis/Annotation & Detection
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eSS, Conservation Oriented DS
Text Synthesis / Architecture

POS tagger <— raw DT description —

module with POS &
meanings of words

v v v
adjective before noun before 15t “of” 15t noun after 1% “and” detector
noun before 1 “of” “of” after 15t “of”

! ! | !

POS converter* POS converter* noun singular/plural auxiliary ve‘rb form
form detector selection
to adverb to verb —» tense converter
Example: l
. PARTIAL LOSS OF PAINTING = | to past participle
| PAINTING IS PARTIALLY LOST
*developed in this work
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L Conservation Oriented DS
Scan4Rece GA: 665091 TeXt Synth eSI S

® ®w O QO & B

—Degradation

—Resul

"Because of cohesion of preparation and painting surface at the paint 1and partial loss of preparation at the point 2, you should consalidate using acrylic
emulsion (Primal), Copolymer of methyl acrylate and ethyl methacrylate (Paraloid), Animal Glue or wax. Because of preparation cracks at the point 1, if
structural integrity is affected, consolidation is required, otherw ks are maintained. In addition, at the point 2, because of humidity spots, measure
and observe.'

Point 1 - Preparation/Cohesion of preparation and painting surface

Point 2 -Wooden Carrier/Humidity spots
Point 2- Preparation/Partial loss of preparation

Start Text Synhesis

—Data Manager

—3D Viewer —Acquisition Data

0.8 Material Type

B Painting

b & Local Scans

1 nfrared Scans

UVAVIS Scans

1 1. UVVISSingle Measurement

7 2. UVVISSingle Measurement.
3

o
o
|

UWVISSingle M
4. UVVIS Single Measurement
FTIR Scans
RTIScans
1 RTIScan

urement

i
S
|

Reflectence

=)
()
1

8B 3D Reconstructions
Coarse Reconstructions
B @ Annotations
0 Paint 1 - Preparation/Cohesion of preparation and paintingsurf
Paint 1-Preparation/Cracks
Point 2 -Wooden Carrier/Humidity spots
Point 2 - Preparation/Partial loss of preparation

T T T T T T T
200 400 600 800 1,000 1,200 1,400

€ startMation Planning Wavenumber

Text Synthesis. Done:
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