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Challenge: moisture in structures

Laaksolahden jadhallin purkuaikataulu taysin auki -
Matinkyla matalaksi jouluun mennessa

URHEILU Kaupungin omistama Laaksolahden areena on ollut kdyttokiellossa ja tyhjan
panttina jo lahes viisi vuotta.

Luetuimmat

NEW ORLEANS METRO EDUCATION NEWS

Did a moldy building kill 4 New Orleans college

professors?

HEALTH

The Looming Consequences of
Breathing Mold

Flooding means health issues that unfold for years.

Updated Nov 15, 2016; Posted Jul 22, 2015
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Problematics: air humidity effects

Risks:

e Surface mold

* Mold or water damage inside of structures

* Strength properties decline (timber cracking, creep; rust...)
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Other applications

Statistical analyses of structural data using deformation sensors

Damage (2008 $ billions)
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Source: NHUD Report 2010

Climate change may cause:

Sea level rise and storm surges
Extreme rain events
Heat waves

Heat island effect

Water scarcity

Illustrations: World bank group, resilient city program

Though climate change is a global issue it implies that different
areas are subject to different type of hazards

Rising of wind velocities and quantities of storm events is
acknowledged as one of the globally detected factors.

It is reported 360M urban dwellers are positioned in regions
sensitive to sea-level rise or storm surges

Post-processing buildings’ and elements’ deformation data

* Can serve as an in-situ design values’ verification process

* Massive statictical input for technology development

* Help toinsure the resilience of existing (historical structures) against
changing weather conditions

Post-processing buildings’ and elements’ deformation data

* Can serve as an in-situ design values’ verification process

* Massive statictical input for technology development

* Help to insure the resilience of existing (historical structures) against
changing weather conditions


https://www.sciencedirect.com/science/article/pii/S0167610502004087

NABC

Approach:

Stage 1. Digitalize building’s risk assessments and provide
user guide in digital form (app / automation connection) to
mitigate unintentional misuse possibility

Stage 2. Provide predictive analyses of structural
performance and incentivize additional sensor points for
structural measurements

Counterparts:

Ruukki® Sensor Network: Roof Sensor, actual roof deformation
under snow load, savings on snow removal works.

Tra group: building permits for non-standard massive timber
townhouses based on sensor data

VTT: LTDA Digital end-user toolset for Moisture assessment in
Wooden buildings, artificial dataset for weather-induced changes in
glulam structural properties




m* Project with complex moisture safety features:

* The customer is offered extra safety level

* Digitized parametrical assessment instead of single-parameter paper-based

Case ice rinks
o  Moisture loads from people + other aktivities
o  During summer, massive moisture load from the ventilation (winter time, drying impact)
o Air ventilation / dehumidification effects need to be taken into account

e Also SPA, swimming pools, renovation projects...

The ultimate goal

* theoretical and software framework for lifecycle risk assessment of building

Termperature defines the maximum amount of water vapor in the air part under complex moisture loading conditions.
Tilan tilavuus on 50m? ja tilassa on 1l (1000g) vetta * Modularity: the ability to adapt for the use in simpler projects.
oo S limaan mahtuu viela T . . . .
P ueane g *31 J 600g vetts vesindyryns * Interoperability: interface ML and parametric design projects
L 2605[_ 1000g [_ I i pcoin : . .
vesindyryna tai sumuna vesinoyryna * Transparency: convenient documentation and the use of e.g. “explainable

Al” and similar methods in loT-related applications.
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Intelligent asset management: service levels

\
Advanced
Detailed asset inventory
Digitalized data collection
Predictive modelling
J
- )
Optimized
Detailed asset inventory
Systematic risk surveys
Optimized budget allocations D
\

Basic
Low detalization of an asset inventory
Paper based inspections

"Fix as it fails” management

)

Illustration based on: RMIT University, Intelligent Asset Management of Buildings

2019-06-02

STRUCTURAL KINESTHESIA:

. Building ”is aware”, how its structures react to
changing environment impact
. It optimizes its functional accordingly

. It is able to communicate its knowledge to
reduce the owner’s risks


https://www.eiseverywhere.com/file_uploads/31e136dbda5911a7ee91931cf89a25f9_SujeevaSetungeIntelligentAssetManagement-LG-final.pdf

Story: cold bridge safeguarding
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Story: behind the scene

Comfort & performance data analytics and visualization

Room comfort settings (selected by user)

= 1
RH in structure (sensor read)

#2200

Weather report date

Mold condition in reference point
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Aihejako 4.6.2019

Rakennesimulointi

Rakennesimulointi tarkoittaa esimerkiksi lammon, kosteuden, ja mekaanisten ilmididen mallinnusta, jonka tuloksena
saadaan massan tai energian jakaumat rakenteessa. Analyysin tuloksia kaytetaan mm. rakennesuunnittelijan
paatoksenteon tukena vaativissa tapauksissa.

Tekodata, “artificial data”

Koneoppiminen ja datakasittely
Simulointidatan ja loT-mittausdatan kasittelyn ja koneoppimisen menetelmat mahdollistavat esimerkiksi
simulointituloksista saatavan datan tehokkaampaa kayttoa laadunvarmistuksen tyokaluna kohteen elinkaaren aikana.

Sensoridata

loT eli esineiden internet
tarkoittaa jarjestelmia, jotka perustuvat teknisten laitteiden suorittamaan automaattiseen tiedonsiirtoon seka
kyseisten laitteiden etaseurantaan ja -ohjaukseen internet-verkon kautta



Tool structure roadmap
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Building physics

Heat and moisture in structures

mold models postprocessing
TUT/Fraunhofer

Boundary conditions
and material values:
Python, IDA ICE

FEM simulations:
Quality assurance Comsol/WUFI

Moisture control ,
Parametric datasets: |

Comsol app builder '

Design and detailing
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|npUt data numbers in

|
!
Deterministic model: o
e the material properties are well known, i.e. deterministic. none of them is random white
* the applied loads are also deterministic (at least 10%) box T
model numbers
distributions in out

Stochastic model:
* random properties:

o

"black box
model”
distributions ¢ especially loads, e.g. air humidity, wind & driving rain, solar gains, excess moisture...
out
numbers in
Hybrid model:
* some parameter(s) of the deterministic model are randomly defined, according to . ~—
the experimental observations A

* needs to be treated similarly to the stochastic model

/.I_ district)l:Jttions

distributions in

2019-06-02 14



Boundary conditions: advanced

Computational fluid dynamics simulations

HVAC Design—Temperature Distribution
TEMPERATURE DISTRIBUTION

Safe and comfortable environment
regardless of the location within

the indoor environment. LTS % ?‘ET ’t S 1% o fﬁ 3& ’m
bR RSN

Accessing structural risk points

’ byt T o |
X % X % DIGITIZED ASSESSMENTS | / / fk l% x j \-
F
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Input data

=8l Case: 1 Ohjatiu tuuletus
=l Component
----- i Assembly/Monitor Positions

----- + Surface Transfer Coeff

=-f# Control
----- + Calculation Period/Profiles

----- + Indoor (Right Side)

Temperature, air moisture, and mold condition comparison

----- + Orientation e geometry variability poorly accessed
..... + Initial Conditions e orientation, shadowing, wind and rain obstacles

« surface changes (snow, aging...)

—— Temperature, Vantaa 2007
Temperature, Pudasjarvi2016

T [degC]

—— Moisture content, Vantaa2007
Moisture content, Pudasjarvi2016

Air moisture v, [g/m~™3]

o M & @ @

Deterministic modelling:
« standard material properties

. + Numerics * Internal ventilation rates
=<4 Climate _ o
..... + Outdoor (Left Side) « climate variability

 internal moisture/heat loads approximations

“In deterministic hygrothermal calculations, critical climatic loads and material
parameters ensure that the design solution is within the margins of safety. The IEA
EBC Annex 24 (Sanders, 1996) has recommended applying a|10% critical|level.

(...)

Cornick and Kumaran (2008) compared empirical indoor climate models

(ASHRAE 160P, 2009; EN ISO 13788, 2012; Jones, 1993) against data collected from
25 houses (Rousseau et al., 2007) and found that, relative to the data measured, all of
the models|generally overestimated RH levels|”

Vinha, J. et.al. Indoor hygrothermal loads for the deterministic and stochastic
design of the building envelope for dwellings in cold climates



Input data

=] Case: 1 Ohjattu tuuletus

=l Component

----- i Assembly/Monitor Positions
----- + Orientation

----- + Surface Transfer Coeff

----- + Initial Conditions

=-f4 Control

----- + Calculation Period/Profiles
----- + MNumerics

=<4 Climate

----- + Outdoor (Left Side)

----- +" Indoor (Right Side)

Stochastic model treated as deterministic (and strategies):

—_—

standard material properties
geometry variability poorly accessed analytically accessible
: : : : : using sensor data
orientation, shadowing, wind and rain obstacles

surface changes (snow, aging...)

Internal ventilation rates

climate variability directly accessible

: : : _ using sensor data
internal moisture/heat loads approximations

directly accessible using
parametric input data



Input data: parametric

/

In Comsol, it is much easier to
redefine geometry parameters

Using Java AppBuilder interface,

can iterate parametrically,

preprocess, and automatically save

high quality artificial data
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Visualisation and data transfer

Is there mold?
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What are our choices?

6 1 = Point 0, ventilation: variable 0...20 h”-1, black bitumen roofing, RH_init 80%, 6 1 = Point 0, ventilation: variable 0...20 h”-1, low-e roofing, RH_init 80%,
~— Point 0, ventilation: 0 h™-1, black bitumen roofing, RH_init 80%, ~— Point 0, ventilation: 0 h"-1, low-e roofing, RH_init 80%,
- Point 0, ventilation: 20 h”™-1, black bitumen roofing, RH_init 80%, - Point 0, ventilation: 20 h”™-1, low-e roofing, RH_init 80%,
51 —— Point 0, ventilation: 5 h*-1, black bitumen roofing, RH_init 80%, 51 —— Point 0, ventilation: 5 h*-1, low-e roofing, RH_init 80%,
~—— Point 0, ventilation: 80 h™-1, black bitumen roofing, RH_init 80%, —— Point 0, ventilation: 80 h™-1, low-e roofing, RH_init 80%,
4 1 4
34 3 A
Refrigerated space roof analyses
24 2
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0 1 0
6 41 —— Point 0, ventilation: variable 0...20 h”-1, black bitumen roofing, RH_init 95%, 6 41 —— Point 0, ventilation: variable 0...20 h”-1, low-e roofing, RH_init 95%,
- Point 0, ventilation: 0 h™-1, black bitumen roofing, RH_init 95%, - Point 0, ventilation: 0 h™-1, low-e roofing, RH_init 95%,
- Point 0, ventilation: 20 h”-1, black bitumen roofing, RH_init 95%, - Point 0, ventilation: 20 h”-1, low-e roofing, RH_init 95%,
51 —— Point 0, ventilation: 5 h*-1, black bitumen roofing, RH_init 95%, 51 —— Point 0, ventilation: 5 h**-1, low-e roofing, RH_init 95%,
- Point 0, ventilation: 80 h”-1, black bitumen roofing, RH_init 95%, - Point 0, ventilation: 80 h"™-1, low-e roofing, RH_init 95%,
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Visualisation and data transfer

Choosing dehumidification capacity
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Machine learning: “stupid Al”

According to a TU Wien & MIT study it only takes 12 neurons to park a car...
We aim to find out in which areas results can be maximized with minimum viable product development.

Building physics:
e Alot of “free” data available from simulations and sensors

e C(Clean data

* SLS case, possibility to provide comparatively safe training environment for engineers and officials

A
which calculation y (
reports are available \Y ®
en masse? O‘; .. ®
" Nare E:gveﬁ»on Value O |
Chranka  20(mm) > [02m . .
h_ranks_po TBOmm] 0.08 m O~ ®
b_ranka 0{mm) 0.07 m O S
t_ranka 1.2{mm) 0.0012 ¢ O \
h_villaSi __30jmm)] 0.03m O O \ .
“hovillaSe  20imm] 0.02 m
ThBosas— 1wl 0012m _ \ >
h_boardSe 9{mm)] 0.009 m - | -
k_jeko H00(mm) 0.6 m X X
h_vapBar 1{mm)] 0.001 m

Pictures based on: Chollet, F. Deep learning with Python


https://www.eurekalert.org/pub_releases/2018-10/vuot-aip102318.php

Machine learning: basic case 1

Prototype of moisture/mold risk prediction for given structure in different climates, based on artificial data from WUFI simulation.
* tested RF; 97...99% score for test climates using SVM

Relative humidity, Vienna Model was trained on a data from simulation based on

= R poiclatl Vs Vantaa2007 climate.

Prediction sequences based on Vienna and Karasjok external
climates (e.g. mock-up of a sensor read)

v

Relative humidity, Karasjok

a8

= RH predicted, Karasjok
— RH real, Karasjok

= RH real, Vienna
%

Relative humidity %

@

55

Prediction deviation is seen as difference between red and
green

Deviation can potentially pile up if there’s no regulating
sensor input




Story: cold bridge safeguarding with ML

J.000000 Velocity Magnitude

000 0062 012 019 025

1. Selecting dataset from CFD
/ energy analyses

f(x)

&5

|
|
|
2). Real-time verification }
|
|
|
|

vl

Room comfort settings

] = . e
IN: user preferences

Thermal

TEMPERATURE

Edge p
critical structural
risk point here

processing:

—

c

sing sensor data

S S -

Out: safe performance range

3. Selecting data set from
heat-moisture
assessment

g(x)

T o




Potential

Towet .
flapoh jat

FOTT LAATTA, LAMMIN
(ROB 100gt + ROL 30)

|||||||

RAKEMTEEN KOSTEUSTERNINEY TARKASTELL

MP2
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Digital passports for structural types:

* ML-model covers climate variability

e critical points assessed during energy
calculation or BIM process using project UDA-
defined climate conditions

e “digital twin”-readiness



Machine learning: basic case 2

Predicting mold risk of arbitrary structural type under given climate condition. Can be used for scanning BIM model for risk spots
preliminary detection w recall score as metrics.

SVM, Random Forest, NN tested w grid search, >70% accuracy on small sample using RF (mold condition as classification).

https://github.com/gellati/moldzilla

Ul for Moldzilla: Demo: https://gellati.github.io/moldzilla/

react python machine-learning

D 16 commits V¥ 2 branches 0 releases 22 1 contributor

Branch: master = Find File Clone or download

gellati corrected documentation emror Latest commit 3d899a7 on Sep 10, 2018

B classifier Added data, data parsing script and classifier script. last year
B frontend corrected documentation error last year
B images added more documentation last year
E] READMEmd remaved link

last year


https://github.com/gellati/moldzilla

Machine learning: choosing metrics

In day-to-day project, what is the possibility of a mistake (human mistake, software mistake...)? For ML models, we can have an
idea how much and in which way our algorithm is going to fail.

Accuracy is a ratio of correct prediction to all answers. But also...

relevant elements
T 1

false negatives true negatives

° o = o o

true positives false positives

selected elements

How many relevant
items are selected?

How many selected
items are relevant?

Precision = ——— Recall = —

File:Precisionrecall.svg

From Wikimedia Commons, the free media repository

*ROC Curves summarize the trade-
off between the true positive rate
and false positive rate for a
predictive model using different
probability thresholds.

*Precision-Recall curves summarize
the trade-off between the true
positive rate and the positive
predictive value for a predictive
model using different probability
thresholds.

higher true positives

lower true positives

lower false negatives.

higher false negatives.

Line Plot of ROC Curve
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0.6 1

0.4 4

0.2 4
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0.0

0.2 0.4 0.6 0.8 1.0

higher false positives
lower true negatives
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Hardware and cloud service cases

Langattomat anturit + pilvipalvelu (case RF SensIT)
* voidaan asentaa elementtiin jo tehtaalla

e valvotaan mm. kuljetuksen ja asennuksen olosuhteet

e  tulokset luettavissa pilvipalvelusta

*  takuuehtojen mukainen toimintajakso 10 vuotta, 15 realistinen tavoite

Langalliset anturit + pilvipalvelu (case Siemens Mindsphere)
* nykyaan lahinna taloteknisen jarjestelmien seuranta (rakenteisiin asennettaessa sahkdasennusten hinta piisaa)

* ilman paattavaista suunnittelua projektivaiheessa, saatavilla oleva data ei-uniforminen (vaikeahko saada relevantit tulokset ML keinoin)

*  tulokset luettavissa pilvipalvelusta,

*  tavoitteena avoin platformi kaikenlaisille Ul kehityksille, taman rajoitteena todellisten rakennusten BIM-mallien ja datan “avoimuus”

RFID-anturit

e passiivinen datasiirto: langaton ja pitkakestoisempi vaihtoehto

* datan keraaminen jaksoittainen, lukupaa on tuottava anturin viereen

2019-06-03
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Preliminary use regime definitions

* Lifetime predictive definitions using e.g. hand input, Al, marker sensor data such as CO2 levels

jadsesonki, vk 0-18 ja 36-52 jddhdytys pois piiltd, vk 18-36
Hallin ilmavolyymi (suuruusluokka) 25000m? Arkkitehtiluonnokset

viikoittain viikko1 viikko2
IV-A: iimanvaihto tapahtumien aikana, 4200 [Is] ITale suunnittelijan
kesdlla jaksottaisen kuivatuksen aikana 0.6 [1/h] arvio Ma:Pe Ma-Pe

2hlvrk (ulkoilma 100%) 0.1

IV-B: iimanvaihto normaalikaytdn aikana 1440 [I/s]

P 01
(3600 [lis] niista ulkoilmaa 40%) 0.21 [1/h]

0.1

IV-C: tehostettu iimanvaihto kesalla, 1[1/h]
tapahtuma-aikana 01

IV-D: ilmanvaihto kesalla, ei kaytdssa (max 1 | 0[1/h] 01
hlg, ei muita kosteuslahteita) 03

Lampdtila 1.5m korkeudella jaakauden ac

aikana 03

Lampétila kattopinnan vieressa 10-12C 0.3

Lampétila 1.5m korkeudella kun viilennys ulkolampétila 0.3
pois paalta +1C 03

Lampdétila kattopinnan vieressa ulkolampatila
+3C 0.1

Kuivatuksen kaynnistymisen yldraja RH 60% 01

Taulukko 2. Sisailmaston maanttelyn lahtotiedot. Taulukko 4. Kosteuspsan (numeroina) ja IV-luvun (varikoodina) valinta sisailmaston maarittelyssa.

Kosteuslisa kesan tapahtumien aikana, kuormitus 500hla 1.7 [gim?] . )
Kosteuslisa talven tapahtumien aikana, kuormitus 300hl& 09[gm}] 40 EXCGSS .mOISture vaIues are pf:OVIded
Kosteuslisa talven harjoitusten aikana, kuormitus 30hl 0.3 [g/m?] accordlng to planned use regime

Kosteuslisa kun halli ei ole kaytdssa (talvella max. 10hl5, kesalld 0.1 [g/m?]
max. 1 hla)

2019-06-03



Lifecycle services: loT roadmap

Design stage

Analyses
Datasets
Sweco Smart Drawings

Sweco BIMVision

2019-06-03

m
Construction stage
Cloud quality control
Dry chain control
Automated site mgt

VR

Sensor cloud service
is an

“l B

o )
%)
H
X
'0
:
”
A | 1
2 Oy [ =

_HE BN
[o——y T | ye—
C BN BN

Lifecycle stage Demolition upcycle stage
Automated building Quality assessment for
inventory data parts’ recyclability

Data for test-based design Recommissioning quality
values to part producers control

Digitized user interface Knowledge gathering
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L J
Ote Kiertotalous ja siirrettdvdt rakennukset — esityksesta SWECO ﬁ

matti.juusela@sweco.fi

RAKENTAMINEN

TARPEEN MUKAAN KESKEN
JOUSTAVA KAAVOITUSPROSESSIN RAKENNUS

KIINTEISTOMASSA =

TUOTEOSAVARASTO

PIENEMPI RISKI PAREMPI

PURKUJATFEENOSI
EN JAANNOSARVO

KIINTEISTON
VAJAAKAYTOSTA

VAHAISEMPI
RAAKA-AINEIDEN TUOTTEIDEN
TARVE PIDEMPI
2019-06-03 ELINKAARI

VEROHELPOTUKSET,
PAASTOKAUPPA ?2?



Part 4:
TRUST

Let’s work together and fight the global problems!

katja.rodionova@sweco.fi

04-06-2019 Finnish Association of Civil Engineers RIL

“While we can’t get inside a Neanderthal mind to understand
how they thought, we have indirect evidence of the limits
to their cognition compared with their Sapiens rivals.
Archaeologists excavating 30,000-year-old Sapiens sites in
the European heartland occasionally find seashells from the
Mediterranean and Atlantic coasts. In all likelihood, these
shells got to the continental interior through long-distance
crade berween different Sapiens bands. Neanderthal sites lack
any evidence of such trade, Each group manufactured its own

rools from local materials ...

“The fact is that no animal other than Sapiens engages in
trade, and all the Sapiens trade networks about which we have
detailed evidence were based on fictions. Trade cannot exist

without trust, and it is very difficult to trust strangers. The

global trade network of today is based on our trust in such

fiction entities as the dollar, the Federal Reserve Bank and

the rotemic trademarks of corporations. When two strangers

in a tribal SOClCty want to trade, they wxll o&cn establish

from Y.N.Harari, Sapiens

SWECO %
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