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ABSTRACT
Development of climate-based indices for assessing the hygrothermal performance of

wood-frame walls under historical and future climates

Chetan Aggarwal, Ph.D.

Concordia University, 2023

It is generally understood that the average temperature of the earth is increasing, resulting in an
increased number of extreme events. To assess the impact of climate change on the durability of
the building envelope, a commonly used method is to use hygrothermal modeling tools to perform
simulations. The hygrothermal response varies depending on the location, material properties, type
of wall assemblies, etc., and hence proper inputs are required. In general, indicator based on
simulation results indicates the moisture risk. However, to obtain this indicator and considering
different situations, a large number of simulations are required. This research thus focused on
developing a climate-based index that can give a range of expected performance of the wall

without performing the simulations.

Firstly, different existing climate-based indices were computed and correlated with the
performance indicator to quantify the risk. The purpose is to see if any existing climate-based
indices can lead to accurate risk assessment and the analysis showed that none of these indices
lead to reliable risk assessment. Thus, a machine learning algorithm, Partial Least Squares (PLS)
regression was used to develop a new climate-based index. Three cities from different climate
zones across Canada and two wall claddings were considered for model development. For each
city and future projected climate, the index was calculated, and correlated with the performance
indicator to quantify the risk.—PLS modeling technique proves to be an effective way in predicting
the hygrothermal response and to improve computational efficiency. A PLS model was developed
for a brick cladding wall and the model was applied to other wall types and a larger climate range
(15 runs of data with each run having 31 years of historical and future climate data). The results
showed that the moisture risk increases in the future periods for all three cities and wall claddings

and a similar performance was noted for different climate runs. The predicted results from the



meta-model can be used as a screening measure to limit the number of simulations to cases where

the predicted hygrothermal performance is above a certain threshold set by the user.



Acknowledgement
I would like to thank my supervisors Dr. Hua Ge and Dr. Maurice Defo for their constant support
and guidance throughout my PhD journey. My sincere gratitude to them for sharing their expertise
and knowledge and without whom the completion of my thesis would have been virtually
impossible. Besides my supervisors, I would like to thank the members of my thesis committee

for their insightful comments and encouragement.

My sincere thanks to Dr. Michael Lacasse who provided me an opportunity to join the NRC
Construction research center as an intern and gave me access to the research facilities. Without his
precious support, it would not be possible to conduct this research. I am extremely grateful to the
entire team of NRC Construction research center and CZEBS Concordia University who have
helped me in various aspects for completing the thesis on time. I thank my fellow lab mate Sahar
Sahyoun, Naman Bansal, Dr. Lin Wang, and Dr. Abhishek Gaur for the encouraging discussions

and for all the fun we have had during the PhD journey.

My appreciation also goes out to my father, Mr. Rakesh Aggarwal, my mother, Mrs. Pinki
Aggarwal, my sister, Ms. Heena Aggarwal and my wife, Mrs. Shikha Garg for their encouragement

and support all through my studies and for everything they have done for me.

Special thanks to Max Junginger for his support and motivation.

Vi



Table of contents

List of Figures.......cccceeeeerecsccnnneccens xi
List of Tables .......ccceveeeueenecnnee Xvi
Preface  ....ovevenvrnncnnnennnen. . Xxii
Chapter 1 INtrodUCTION .....uciveeiieeesiiiisinieeisenssennsenssecssseesssssssesssassssessssssssssssassssesssasssssssssssssassnse 1
L1, BACKEIOUNG ..ottt ettt ettt et e esbeesebeensaeeaseenseennnas 1
1.2, ODBJECtIVES QNA SCOPE ...eevieruiietieeiiieiiieeieeteeeteeteeeteeteesteebeessaeeseessseesseessseensaessseenseensns 3
1.3 Outline of the thesiS.......cooiiiiiiiiiiieeece et 4
Chapter 2 Literature FEVIEW ...cueiiccceeecisercssnncsssnecsssnecssssesssssesssssesssssessssssssssssssssssssssessssssssssssssssss 5
2.1. Overview of hygrothermal models..........ccccoeieriiiiiniiiiiiine e 5
2,11, MOISTUIE TrANSTET ..c..eeeiiiieiieeiee et et 5
2.1.2.  Heat and moisture balance €qUatioNS...........ccueeevuiieeiiieeniiieeeiie e e eeveeeeereeeeereeens 6
2.1.3.  Hygrothermal simulation tOO01S .........cccoeiiiiiiiiiiiiee e 7

2.2.  Review of the response-based indices for moisture performance assessment................. 8
22,1, MOUd GrOWER.....iiiiiiiiie et et 9
2.2.2. Moisture Content in the critical wall 1ayer ...........ccccceeviiieniiiiniiicee e, 15
2230 RHT INAEX 1eeiniiiiiiiiieieeeeet ettt et sttt st 16

2.3.  Review of Moisture reference year (MRY) selection methods...........cceeevveeviernnnnnne. 16
2.3.1. Review of the effect of climate uncertainties on hygrothermal performance................ 20

2.4. Review of the existing regression methods and Partial Least Squares (PLS) regression

22
B T 1 11111 - ) oy 24
Chapter 3 MethodoloZy .......coueeienneinseeniinnsnnnsenssnensensssenssessssscssnssssesssessssessssssssssssesssssssasssssssss 27
T B O 1 1<) (167 510 ) PR UOUSRPRPSRTR 28
3.2, CHMALE daTA....cueiiiiiiiieieeiee ettt sttt et ettt sbe et eae e 29
3.3, Description of Wall SYStEIMS .....cc.eeeiiiiiiiiiieiieeieeice ettt 30



3.4, HAM SIMUIAtiONS SELHNG ....veeeviieeiiieeiiieeiieeeiieeeieeeeteeesreeesreeesreeeseseeessseeesseesseeeennes 31

3.4.1.  Overview of the simulation tool .........c.cooiiiiiiiiiiii e 31
3,42, Material PrOPEITICS ...uveeevrieeiiieeiieeeteeeeiee et e eseteeeeaeeetaeesssaeessseeessseeessseesssseesnsseenns 31
3.43.  Boundary CONAItIONS .....c..eeeeuiiieirieeiiieeiieeesieeesteeesteeetaeeseaeesaeeessseeessseesssseesnsseenns 34
3.4.4.  Initial CONAILIONS ...eoviiiiriieiiiieet ettt st sbe e 34
3.4.5.  Moisture source and 10CAtION .......cc.eevviriiriiiiieeieeeee e 34
3.4.6.  Critical location in wall assembly at risk of moisture i1SSUes..........cccceevveecvrennnnne. 34
3.4.7. Moisture performance aSSESSMENE ...........ccuveerveerreerireerieeeireeneeesseeseeeseessneesseesssennne 35
3.4.8.  Numerical SIMUIAtION ........oiiiiiiiiiiieieeeeeee e 35
3.5.  Assumptions for hygrothermal simulations ............ccccceeveeriiieriieniieiieeieeeecee e 38
3.6. Wall orientation selection for hygrothermal simulations............ccceeveeveriinienienicnnenne. 39
3.6.1.  Results with different rain SCENATIOS ........cc.eevvierieriiieiieeieeee e 41
3.6.2.  Results comparing default orientation with different WDR methods .................... 44
Chapter 4 Evaluating the reliability of existing climate-based indices .47
4.1.  MC and mould indeX profiles...........ccccevieririiniiniiiinieeeeee e 50
4.2. Comparison between climate-based indices and response-based indices...................... 53
4.2.1.  Correlation method (Coefficient of determination) ...........ccoeceevieriienieenicenieeiene 53
4.2.2.  Ranking MethOdS ........c.coeiiiiiiiiiiiieceeeeeee e e e e 56
4.3, DISCUSSION ON Lsev cvveetieriiiiiiiiiiieiie ettt sttt 62
4.4, CONCIUSIONS ....euiiiiiiiiteeteet ettt ettt b e st sbe e et e bt e st e e saeeeabeesbeesaneens 64
Chapter 5 Developing the new index based on PLS modeling ...........ccocueeevueennueecssneecsnnnene 66
5.1, PLS scores and 10adings........cceeeriieeiiiieiiieeiieeeiee et svee s e e e e e 67
5.2.  Selection of most significant variables ............ccccceeriiieriiiiniiieeee e 68
5.3.  Selection of training dataset...........cceevrieiieeeiiiieeiee e eree e e e raeeeeaees 70
5301 CHEIBS cuveiteeiteteet ettt ettt h ettt st nb et sae s 70

viii



5.3.2.  CLIMALE SCEMATIO .. e eeeeeeeeeee e e e e e et e e e e e e e e e e e aeeeeeeereeearaaaeeeeeeennnnans 71

5.3.3. Wall OTI@NTATION ..ovutiiiiiiiiiieiiie ettt st et sbe e st 71
5.3.4.  NUMDET Of YRAIS....cciuiiiiiiiiiiiieeiieectee et este e e rtteeeeeestaeesraeesaeeessseeessseeessseesnsseeens 72
5.4. Climate variables selection for model development .............cceevvieeiiiieiiiieeniiieeieeeen, 73
5.5, Model Validation...........ooiiiiiriiiiiiieiesieeieeesee ettt st 77
5.6.  PLS regression CqUATION........ccueeruieriteriieeieeeteeeteesteeseteeteesireenseesssesseessseenseesssesnseensseenne 78
5.7.  Results from the PLS model.........ccccooiiiiiiiiiniiiiieeee e 79
5.7.1. Direct correlation analySiS.........ccueecuierierieeiiieeieeriiesieesieesveesreesreeseeseeeseesseeenseessaeenne 79
5.7.2. RANKING QNALYSIS ...veeoviieiiiiiieeiieiieeie ettt ettt ettt e et sa e et e stbeebeesaaeenseessneensaennseenne 83
5.7.2.1. Number of MatChing YEarS.........cccuierieiiieiiieeiierie ettt et ebeesreeaeeeeee e 84
5.7.2.2. Salonvaara method (Salonvaara et al., 2010)........cccceeviieiiiiniiiiieieeeee e 85
5.7.3. Risk categorization analySis ..........ccceeiiiiieiiiiiieiiieie et 86
5.8, DISCUSSION «..iuiiieiiieiie ettt ettt ettt et et e bt e et e bt e e et e e sbeesabeesaeeenbeesseeenbeesaeeenne 88
5.9, CONCIUSIONS ..ottt ettt et et e bt e st e e bt e st e e sseesabe e seeenbeesseeenseesaneenne 89

Chapter 6 Application of PLS model: Different claddings, climate uncertainties and global

WATTIINE SCEMATIOS verereurrersrnrcsssrrcsssrssssansossasssssasssssasssssasssssassssssssssssssssssssssssssssssssssssssssssssssssssssassss 91
6.1. Validation of PLS model on stucco cladding..........cccocveeviiieniiiiniiiiieeiee e 91
6.1.1. Application of the brick model to stucco cladding ...........ccceevevveeriiiiniiieiniieeeeeiee e 91
6.1.2. Modified brick PLS model for stucco and its validation ..........cc.ccceveenieniiinicniiennenne 93
6.2.  Results and diSCUSSION.....ccc.eiiiiiiiiiiiiiiieiteee ettt 95
6.2.1. Comparison of modified brick model and stucco-trained model..............c.ccccuvreennnennnne. 95
6.2.2. Climate uncertainty and mould growth risks under future climates ..........c..cccceeeueeneenee. 97

6.2.2.1. Vancouver brick veneer cladding ............cccoevuieiiiniiiiiiiiiieieeieee e 97
6.2.2.2. Vancouver Stucco Cladding............cocueeriiiiiieiiiiiierie et 102
6.2.3. St. John’s and OttAWA........ccueiiiiriiriiiieeitee ettt sttt 103



6.2.4. Cumulative distribution of mould index and MRY selection .........ccoevueemeeeeeeeeeeenennn. 106

0.3, CONCIUSION....ccctiieeiiieeiie e et ettt e ettt e et eeeteeeeteeesaeeesabeeesssee e sseeessseeensseesssseeensseennsseenns 107
6.4. Performance analysis considering different global warming scenarios....................... 109
6.4.1. Correlation between different performance-based indices ..........cccveeevveerveennneen. 112
6.4.2.  PLS model development with three response variables ...........c.cccceverevrienieennens 114

6.5. Model based on yearly SIMUIations.........cc.ceeevieiieriiieniieeiieie et 118
Chapter 7 Conclusions and future WOrkK........c.eiceeicivnicssncsssnncssssncssssncsssssssssssssssssssssssssssess 122
T L. CONEIIDULION ..ttt ettt et et et s e bt et eebeebeeneeseeenaeenseas 122
7.2, CONCIUSION. ...utiieiiiieieeite ettt ettt ettt ettt et e bt e e et esae e be e st e ebeenaeensesatenaeensens 123
7.2.1.  Conclusions regarding existing climate-based indices ..........ccccevvvverirerreerneennens 123
7.2.2.  Conclusions regarding new climate-based indiCes ...........ccccceerueriiienieeiieeniennienns 124

7.3 FULUIC WOTK .ottt et e et e e e e e aveeesaveeesaseeenseeenseeennseean 127
References........cceeveeecrcneecsnnneene .130




List of Figures
Figure 2.1: (a) Classification of regions based on temperature and RH for mould growth (b)

Quantitative measure of mould index for a given temperature and RH (Hukka and Viitanen, 1999)

Figure 3.1: Proposed methodology to assess the wall performance using climate-based indices 28
Figure 3.2: Location of cities selected for analysis.........cccveeriieeiiieeiiiecieecee e 29

Figure 3.3: Cross section of brick veneer cladding (left) and stucco cladding wood-stud wall

ASSCITIDLY ...ttt ettt ettt et et e et e e ae e e bt e taeenbe e tee e bt ensteenseenneeenbeensaeenseens 30
Figure 3.4: The variation of Moisture Content (MC) with relative humidity for brick and stucco
....................................................................................................................................................... 33
Figure 3.5: The variation of liquid diffusivity with relative humidity for brick and stucco......... 33
Figure 3.6: The variation of vapor permeability with relative humidity for brick and stucco ..... 33

Figure 3.7: Integral moisture content in OSB layer for different mesh discretization for brick
cladding wall CONfIUIATION .......eoiiiiiiiiiiiiie et ettt 37
Figure 3.8: Maximum moisture content of OSB layer for three cities with no WDR and no water
SOUTCE ..ttt ettt et e e ett e bt et s et et e st e e bt e b e e atesb e eas e eas e e bt et e e abesaeeaseebs e bt enteeusesaeesbeens e beennesanesueennens 42
Figure 3.9: Maximum Moisture content of OSB layer for three cities with WDR but no water
0] 1 (o TP 43

Figure 3.10: Maximum Moisture content of OSB layer for three cities with WDR and Water source

Figure 3.11: Wind-driven rain distribution for the wettest year for 3 cities using 4 methods...... 44
Figure 3.12: Maximum mould index with default orientations from different methods and
simulations for (a) brick veneer wall and (b) stucco cladding wall............ccccoeveiiiiiiiiniiennienne, 45
Figure 4.1: Flow chart describing the methodology followed to assess the reliability of existing
ClimMate-based INAICES ....cc.ueruiiiiiiiiee ettt 48
Figure 4.2: MC profile of OSB sheathing for brick cladding facing north orientation for 3 cities
under 2 climate periods (Ott: Ottawa, Van: Vancouver, Cal: Calgary, H: Historical, F: Future, Br:
BIick, Nz INOTTR) .ot e e e et e e s te e e s sbeeesaseeenseesnnseeans 50
Figure 4.3: Mould index profile of OSB sheathing for brick cladding facing north orientation for
3 cities under 2 climate periods (Ott: Ottawa, Van: Vancouver, Cal: Calgary, H: Historical, F:
Future, Br: Brick, N: NOTth) .....oooiiiiiie ettt 51

xi



Figure 4.4: MC and Mol profiles of OSB sheathing for brick cladding facing default orientation
(i.e. the prevailing WDR) fOr VANCOUVET .....c..veieiiiiieiiieciiieciieeeee ettt 52
Figure 4.5: Number of matches between the response-based indices and climate-based indices for
brick cladding wall facing the north orientation ..............cocceeriieriienieiiieeiece e 57
Figure 4.6: Correlation between the maximum Mol when arranged in descending order based on
different climate-based indices and simulation results for brick cladding wall facing north in
Calgary under historical period. n: number of matching years, R?: Coefficient of determination,
RMSE (all): RMSE considering 31 years, RMSE (3): RMSE considering only the top 3 years. 58
Figure 4 7: Lsev (climate-based index) and RHT70(0) (response-based index) for stucco clad wall
facing the north in three cities assuming no rain leakage over the historical 31-year period....... 62
Figure 4.8: Scatter plot of Isev with RHT calculated with limiting conditions of temperature and
relative humidity as (a) 0°C and 70% (b) 5°C and 80% respectively (combined result for 3 cities
and 2 climate periods with 31 years each i.e., 62 points for each City) .......c.cocervieniieiienienienne 63
Figure 5.1: Process flow chart for Climate-Based Index development using PLS regression ..... 69
Figure 5.2: Climate characteristics of three cities (Ott: Ottawa, Van: Vancouver, Stj: St. John’s, H:
HiStOriCal, F: FULUIE)..cc.viiiiiiiicie ettt ettt st staeensaesaseenseenenas 71
Figure 5.3: (a) Normalized WDR and (b) Normalized maximum mould index for all 16 and
selected 6 Orientations fOr OTAWA. ......ccuiiiiiiiiieiieeie ettt et e e seee e 72
Figure 5.4: (a) Percent of y-variance explained and (b) RMSE of maximum mould index
considering all 9 variables and considering only average variables for Ottawa (Avg: Average, Var:
AV E:1 o) (<) OO USRS P SRS 74

Figure 5.5: Weighted regression coefficients for Ottawa with different input parameters (Sq:

Figure 5.8: Scatter plot results considering only linear average variables (AvgVar) and important
variables (ImpVar) for the historical climate of Ottawa and St. John's...........ccccevvviiiiiniieennnen. 77
Figure 5.9: Predicted vs. actual mould index and percentage variation between the predicted and

actual mould index under Ottawa-Historical and Ottawa-Future climate as the test set.............. 80

xii



Figure 5.10: Predicted vs. actual mould index and percentage variation between the predicted and
actual mould index under Vancouver-Historical and Vancouver-Future climate as the test set.. 81
Figure 5.11: Predicted vs. actual mould index and percentage variation between the predicted and
actual mould index under St. John’s-Historical and St. John’s-Future climate as the test set...... 82
Figure 5.12: Risk category analysis with the number of years in each category for Ottawa-
Historical and Ottawa-Future climate as the test Set...........ccoooiiiiiiiiiiiiiieee e, 86
Figure 5.13: Risk category analysis with the number of years in each category for Vancouver-
Historical and Vancouver-Future climate as the test Set..........cvoveriivirieniiiiniecceeceee 87
Figure 5.14: Risk category analysis with the number of years in each category for St. John’s-
Historical and St. John’s-Future climate as the test Set ..........cccooviiiiiiiiiiiineee e, 87

Figure 5.15: Score plot of the training set used for three cities for developing the PLS regression

Figure 6.1: Scatter plot of simulation vs predicted mould index for stucco cladding. Predicted
results are based on the PLS model developed using brick veneer cladding. (Van: Vancouver, His:
Historical, FUt: FULTUIE).....ccouiiiiiii ettt et ae e et e e e e eaneeeeaneeens 92
Figure 6.2: Scatter plot between mould index from simulations for stucco wall and the predicted
mould index using brick PLS model...........ccooiiiiiiiiiiiiiiiee e 94
Figure 6.3: Comparison of predicted results using modified brick PLS model and stucco PLS
model with simulation results for Vancouver's historical and future period..........ccccevevvernnnne 95
Figure 6.4: Simulated vs predicted mould index for Vancouver historical climate with brick veneer
cladding wall assembly using 45 random years. (a) Variation of trend in the mould index, each
year is represented with maximum mould index in that year, (b) Scatter plot of simulated and
predicted MOULA INAEX......ccouiiiiiiiiciie e et sb e e s e e e e e sabeeennseeenaeas 98
Figure 6.5: (a) Predicted mould index for a brick veneer cladding wall for 31 years of the median
run (Run 04) for Vancouver's historical climate. The dark black line represents the average of 31
years in a given orientation, (b) the average value of 31 years of mould index in a run for a given
orientation for all 15 runs of Vancouver historical climate ............ccccocevieiiniininiiniininicee. 99
Figure 6.6: (a) Predicted mould index for a brick veneer cladding wall for 31 years of the median
run (Run 04) for Vancouver's future climate. The dark black line represents the average of 31 years
in a given orientation, (b) the average value of 31 years of mould index in a run for a given

OTTEINEALION et eee ettt e e e e e e et e e e e e e e e e e e e e eeeeeeeaeeae e eaeeeeeseaannnaaeeeeeereannnnaaaaeeeeereennnnnaaaeeeeeneans 99



Figure 6.7: (a) Predicted mould index rosette for brick veneer cladding wall for 15 runs with the
historical and future period of Vancouver. The dark line represents the average of 15 runs and the
shaded region represents each of 15 runs. The red line depicts the threshold limit of the mould
index, and it is set at 3. (b) Box plot distribution of mould index for 15 runs along different wall
orientations for brick veneer cladding wall .............ccccoieiiiiiiiiiiie e 100
Figure 6.8: Predicted mould index for brick veneer cladding wall facing default orientations for all
the runs and two climate periods fOor VAnCOUVET .........ccceeevuiiriiiiiienieeiiesie e 102
Figure 6.9: (a) Predicted mould index rosette for stucco cladding wall for 15 runs with the historical
and future period of Vancouver. The dark line represents the average of 15 runs and the shaded
region represents each of 15 runs. The red line depicts the threshold limit of the mould index. (b)
Box plot distribution of mould index for 15 runs along different wall orientations for stucco
Cladding Wall........coouiiiiieiice ettt sttt e e e aaeenbeenneas 103
Figure 6.10: (a) Predicted mould index rosette and (b) Box plot distribution of mould index for 15
runs along different wall orientations for brick cladding wall with the historical and future period
of St. John’s. (¢) Predicted mould index rosette and (d) Box plot distribution of mould index for
15 runs along different wall orientations for stucco cladding wall with the historical and future
PEIIOA OF St. JONNTS 1.ttt ettt ettt e s e e beesaneeseen 104
Figure 6.11: (a) Predicted mould index rosette and (b) Box plot distribution of mould index for 15
runs along different wall orientations for brick cladding wall with the historical and future period
of Ottawa. (c) Predicted mould index rosette and (d) Box plot distribution of mould index for 15
runs along different wall orientations for stucco cladding wall with the historical and future period
OF OLEAWA. ...ttt ettt et ettt e st e e bt e s st e et e e sseeeabeesateenbeesneeenbeenneeenseennnas 105
Figure 6.12: Cumulative distribution of mould index considering 15 runs and 16 wall orientations
for three cities with brick cladding wall considering historical and future climate periods....... 106
Figure 6.13: Box plot distribution across different global warming scenarios for climate parameters
used for PLS model development...........c.ooouiiiiiiiiiiiiiiiieiece e 110
Figure 6.14: Variation of (a) maximum mould index, average mould index and, (b) dMI among 15
runs in historical and each global warming period...........ccceevvveeiiieeiiieeiieeee e 112
Figure 6.15: Predicted vs. actual value of three performance indicators considering all the runs

among different global Warming SCENATIOS ........cc.eeviieriieriiieiieeie ettt 116

Xiv



Figure 6.16: Comparison of actual and predicted average mould index for the 15 runs in all GW

scenarios using (a) run wise PLS model (b) yearly PLS model ..........ccccoeeviiiiiiiiiiieieeee 119

XV



List of Tables

Table 2.1: Parameters for equation (2-15) (Source: ASHRAE 160, 2010) .......cccveevveeecieeennenne 13
Table 2.2: Mould sensitivity classes and example materials (Source: ASHRAE 160, 2010) ...... 14
Table 3.1: Characteristics of the selected CItIES ........cocueriiriiiirieriiieeeeee e 28
Table 3.2: Material properties of the various layers of the wall assembly ..........c.cccccvevveiiennnnnn. 32
Table 3.3: Description of meshing for different layers for brick cladding ..........c.cccccveveviennnnns 36
Table 3.4: Description of meshing for stucco cladding...........cccceeviiiiiieniieiieniicieceeee e 38

Table 3.5: Maximum moisture content (MC) values in the OSB layer for brick cladding with no
WDR and no water source for the Wettest YEar ..........cooouiiiiiiiiiiiiiiiee e 41
Table 3.6: Maximum Moisture content (MC) values in the OSB layer for brick cladding with WDR
but no water Source for the WetteSt YEAT ......c..ccvuierieriieiieeie ettt ebe e 42
Table 3.7: Maximum Moisture content (MC) values in the OSB layer for brick cladding with WDR
and water Source for the WEetteSt VAT ........ccuiiiiiiiiiieie e 43
Table 3.8: Default orientation for 3 cities with 4 methods ..........ccceeiiiiiiiiiiiiie 45
Table 4.1: Coefficient of determination (R?) among different response-based indices for all the
simulated cases for brick cladding facing north orientation ..............cceeevevvievieniiienienieeseeeee, 54
Table 4.2: R? between maximum Mol and climate-based indices for brick veneer cladding facing
north & default, and stucco facing default orientation for 3 cities for the two periods (Highest is
marked in bold fOr €aCh CASE) .....cccuviiiiiiiiieec e e 55
Table 4.3: Normalized value (Average max. mould index for the top three years based on index,
NV in %) and Ratio of NV (NV divided by the actual average max. mould index from simulations
in %) for various climate-based indices for brick cladding facing the north and default orientation
(the highest values are marked in bold for each case and number of matching years in bracket) 61
Table 5.1: R? and RMSE for calibration and validation for the three PLS models....................... 78
Table 5.2: Statistical result of the prediction model for three cities under two climate periods as
the test set. (RMSE (n): RMSE considering “n” years, MAE (n): MAE considering “n” year) .. 83
Table 5.3: Number of matching years for three cities under two climate periods as the test set.
(Matches (n): number of matches considering “n” YEars) ......ccceecveereueeerireeeniieeerireeenreesseeeesnveeens 84
Table 5.4: Ranking analysis results using the Salonvaara approach for three cities under two

climate periods as the test set. (Salonvaara (n): Average normalized mould index considering “n”

XVi



Table 6.1: Number of matching years and results with the Salonvaara approach for Vancouver

€C .9

under two climate periods as the test set. (Matches (n): number of matches considering “n” years,
Salonvaara (n): averaged normalized function considering “n” years) .........ccceeeeeevueerveenreennnenne. 93
Table 6.2: RMSE with two models for three cities under two climate periods as the test set. (RMSE
(n): RMSE cOonSidering “N” YEATS) .....cueeerueeerieeeiieeeitieeeitieessseeesseeesseeesseeesssesssssessssseesssseessseenns 96
Table 6.3: MRY (93 percentile) selected for three cities under two climate periods based on the
PLS MOACL....ntiiieieeeeee ettt ettt st be et et b et sttt et 107
Table 6.4: R? among different response-based indices considering 15 runs for all global warming
SCETIATIOS 1.t eutteeuteenteeeuteeteeeuteeesteeaseesaeeeateesseeeaseesateaabeeesseeaseeeaseenseeanseenseeeabeanseeenbeenseesnseeseeenseenneas 113
Table 6.5: Number of matching runs with different response-based indices considering 15 runs for
all global Warming SCENATIOS .......ccueeruieeiieriierieeitieeteeteesteeteessteebeessseeseessseesseesssesnseesssessseessns 114
Table 6.6: Comparison of various statistical parameters for three PLS models with different
performance indicators as reSPONSE Variable ..........cccceciiiiiiiieiiieeieecee e 117
Table 6.7: Number of matching runs, Kendall W, and spearman rho for three models (Matches (n):
number of matches considering “N” TUNS) ......cvierieeiiierieeieerie ettt ere e eseeeeae e 118
Table 6.8: RMSE and MAE using the two PLS models considering all the runs in all global
WAITIINE SCEMATIOS .uveuvtittenterutenteeteetteetteteeutesteeteestesseestesatesbeesteessesseentesstenseenseeseenseensesssenseensens 119
Table 6.9: Ranking analysis using the run wise and yearly PLS model considering all runs in each

el (0 o B T a R e T e 1<) o o Lo RSP 120

XVii



Nomenclature

Symbol

Parameter

Conductive heat flux to porous material
Specific heat capacity of dry material
Cloud index

Vapor pressure of air

Saturated vapor pressure of air

Rain deposition factor

Rain exposure factor

Sky radiation factor

Ground radiation factor

Empirical constant

Convective vapor transfer coefficient
Latent heat of vaporization

Lowest value of index

Highest value of index

Convective vapor flux

Diffusive vapor flux

Moisture flux

Direct radiation flux normal to the surface
Direct radiation flux on a horizontal surface

Diffuse radiation flux normal to the surface

Diffuse radiation flux on a horizontal surface

Global radiation flux on a horizontal surface
Number of hours

Net short-wave radiation

Net longwave radiation

Geographic latitude

Enthalpy of water vapor

XViii

Unit
W/m?
J/kg'K

Pa
Pa

kg.s/(m*m)

s.m’!

J/kg

kg/m-s
kg/m-s
kg/m-s
W/m?
W/m?
W/m?
W/m?

W/m?

W/m?
W/m?

J/kg



k; Liquid water conductivity
De Capillary pressure
P, Partial vapor pressure
p Vapor pressure
Qm Moisture source
Qcond Conductive heat flux
Rad Solar radiation
Rain Wind-driven rain
Talbedo ground reflection coefficient
Ry Horizontal rainfall amount
RH i Critical relative humidity
RH; Limiting relative humidity
Sq External coating factor
T Temperature
T, Limiting temperature
Vio Hourly average wind speed at 10 m
v Air velocity
w Moisture content
Weat Humidity ratio at saturation
w; Liquid water content
wy, Water vapor content
Greek symbols
Aywall Wall orientation
Aywind Wind direction
By Water vapor exchange coefficient
Elw,grd Long wave emission coefficient of ground
0 Angle between wind direction and fagade normal
05 min Minimum indoor surface temperature

Enthalpy of liquid water

XiX

Jkg
kg/m.s.Pa
Pa

Pa

%
%

Kor°C
°C

m/s
m/s

kg/m?

kg/m?
kg/m?

radian
radian

s/m

°C



ST N

T =

Abbreviations

ACH
CFSR
CBI
CI
CNN
Cz
DI
ECCC
GCM
HAM
HDD
Lsev
MAE
MC
MI
MRY
OSB
MLR
MLP
Mol
PLS

Inside temperature
Outside temperature

Thermal conductivity

Slope between saturation vapor pressure and air temperature

Stefan Boltzmann constant
degree of saturation
Bulk density of material

Psychometric constant

°C
°C
W/m.K

W/m?2.K*

kg/m?
Pa.K'!

Air change per hour

Climate Forecast System Reanalysis
Climate based index

Climatic Index

Convolutional neural network
Climate Zone

Drying index

Environment and Climate Change Canada
General Circulation Models

Heat, air and moisture

Heating Degree Days

Severity index

Mean absolute error

Moisture content

Moisture index

Moisture reference year

Oriented strand board

Multiple linear regression
Multilayer perceptron

Mould Index

Partial Least Squares

XX



R2
RBI
RCP
RH
RNN
RMSE
RMSECV
SVR
TZO
WDR
WI

Coefficient of determination

Response based index

Representative Concentration Pathway
Relative humidity

Recurrent neural networks

Root mean square error

Root mean square error of cross-validation
Support Vector Regression

Time Zone

Wind-driven rain

Wetting index

XXi



Preface

This is a manuscript-based thesis, a collection of two published journal papers, one submitted
paper (under review) and one paper under preparation. The three papers compose Chapter 4 ~
Chapter 6, with Chapter 6 also including some content from the paper under preparation.

For easy reading, the four manuscripts are modified from the original ones. The numbering of
equations, tables, and figures includes the numbers of the chapters, and the references of different

chapters are combined at the end of the thesis.

XXii



Chapter 1 Introduction
1.1. Background

The global climate is constantly changing, and the effects of climate change are being observed
across the world. For instance, it has been observed that the global mean temperature has increased
by 0.85°C over the last 130 years, and for arctic latitudes, it has been even worse with temperature
rise as high as three times the global mean temperature rise (IPCC, 2021). For Canada, there is an
increase of 20-25% in precipitation and approximately a 2-3°C rise in temperature (Environment
and natural resources, 2020). Given this alarming situation, Canada has committed to reducing its
greenhouse gas emissions by 30% (in comparison to the level in 2005) before 2030 (Environment
and Climate Change Canada, 2016), and to achieve carbon neutrality by 2050 (Government of
Canada, 2020). According to the Canada greenhouse emissions data report, there is an 8.5%
decline in national greenhouse emissions per capita from 2005 to 2019 (Environmental and
Indicators Canada, 2022). With higher projected rainfall and more extreme wind-driven rain
events in the future, the building will be subjected to more intense climate loads, and will
potentially lead to an increased risk of premature degradation of building elements (Lacasse et al.,

2020).

Nik et al., (2012) analyzed the impact of climate change on the hygrothermal performance and
mould growth risk in attic space for buildings located in Sweden. They found that with more severe
climate conditions, mould growth risk would increase in the future. Another study by (Nik et al.,
2015) found that a higher quantity of moisture would be present in the walls for the future climate.
Hao et al., (2020) reviewed the impact of climate change on retrofitted historical buildings across
Europe. They reported that for historic buildings, with more extreme rain events in the future, the
risk of water runoff along masonries would increase and consequently increase the relative

humidity in the construction and risk for mould growth and decay of wooden beams.

Hygrothermal simulations are commonly used for moisture performance evaluation of the wall
assembly (Straube et al., 2003; Glass et al., 2013). The climate variables that affect the response
of the wall include temperature, relative humidity, solar radiation, cloud cover, wind speed and
direction, and rainfall intensity and frequency. Given the number of climatic variables, the number
of years, and the climate change scenarios required to take into account the uncertainty in the

projected future climate, the cost of computation can be considerably high. One approach that
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could help in reducing the computational efforts is to select the representative year(s) referred to
as Moisture Reference Year (MRY) from a long-term (e.g., at least > 10 years) series of climate
data (Zhou et al., 2016). The selection of representative climate data is necessary to provide an

accurate assessment (Delgado et al., 2012).

The purpose of selecting MRY is to reduce computing time and effort. However, how reliable and
consistent the existing MRY selection methods are, or in other words, for example, will the worst
moisture reference year result in the worst moisture risk, is the question that needs to be answered.
Aggarwal et al., (2020) evaluated three indices in terms of their capability in selecting the worst
year based on the number of hours when the mould index is greater than 3 from a series of weather
data. For this purpose, they performed the simulations for a wood-framed wall with brick veneer
cladding for three cities in Canada under historical and future climates. It was observed that none
of the methods identified the worst year with 100% accuracy. Sahyoun et al., (2020) performed
the hygrothermal analysis of wood-frame wall assembly in Canada to determine the effect of
selected MRY on durability assessment. They compared MRY selected using two climate-based
indices with MRY selected based on long-term simulation results. It was found that different MRY
selection methods resulted in a different selection of MRY and the MRY selected based on long-
term simulation results had a higher mould index. Vandemeulebroucke et al., (2020) investigated
the potential of various methods to rank the climate years and climate ensembles. They found that
different rankings were obtained with different methods and the correlation between the climate-
based indices and the actual performance remained poor. Vandemeulebroucke et al., (2022)
evaluated 21 existing moisture reference year (MRY) selection methods and developed a decision
framework to select appropriate climate data for hygrothermal simulations. They compared the
results with long-term simulations and simulations using MRYs for solid masonry walls in
Brussels. They recommend using perform long-term simulations for the best results. As second-
best case, they suggested to select the MRY with respect to a long-term simulation for a reference
case and finally they proposed the use of a climate-based MRY to obtain a first estimate of the
results. From these studies, it was observed that existing climate-based indices do not show
reliability and consistency in ranking the severity of weather years when compared to the actual
hygrothermal responses and moisture risks obtained from simulation results. In other words, the
most severe weather year indicated by the climate-based indices does not necessarily represent the

actual worst hygrothermal performance of wall assemblies. Climate-based indices taking into
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account more climatic parameters perform better and their performance is influenced by the type
of wall constructions, type of moisture loads, and climatic characteristics of the locations (Zhou
et al., 2016). Therefore, to assess the moisture risks of building envelope assemblies under
projected future climates, given the uncertainty in the future climate projection, a more reliable
climate-based index is needed to better correlate response-based indices with climate-based
indices for typical Canadian climates. Thus there is a need to develop a climate-based index

specific to Canadian climates and wall constructions.

1.2. Objectives and scope

The objective of this thesis is to develop a climate-based index and a framework for the reliable
assessment of moisture risks in wood frame walls under projected future climates taking into
account the uncertainty associated with the future climates. To achieve the proposed objective, the
methodology employed involves (1) Reviewing current approaches to the selection of MRY's and
reviewing the response-based indices for moisture performance assessment; (2) Evaluating the
reliability of existing climate-based indices in assessing moisture risks using direct correlation
with the response-based indices and a ranking analysis; (3) Developing new climate-based index
if none of the existing indices prove to be reliable; and (4) Applying the new climate-based index

to assess moisture risks under projected future climates for representative Canadian cities.

The research is of great importance as it fills the existing knowledge gaps pertaining to analyzing
the hygrothermal performance of wood frame wall assemblies under the impact of climate change.
The study will help in developing a deep insight into the problem and aid to identify the possible
solutions to mitigate the impact of extreme climate change events on buildings. Based on the
proposed climate-based index, one will be able to establish an impact assessment of the wall
performance when subjected to the expected climate change without needing to perform a
tremendous number of simulations. It will further help in mapping the moisture risk of buildings
in Canada and identify hazardous situations. Moreover, the results from the hygrothermal response
will foster the process of monitoring infrastructure performance and adaptation actions. Finally,
the proposed index will help in the ranking of years based on their moisture severity and thereby
assist in the selection of MRY. Having an MRY will further help in reducing computational time

and effort.



1.3. Outline of the thesis

Chapter 2 reports a comprehensive literature review, which includes an overview of hygrothermal
models, a review of the response-based indices for moisture performance assessment, moisture
reference year (MRY) selection methods and existing regression methods, and Partial Least
Squares (PLS) regression for developing a machine learning prediction model. Based on the
comprehensive literature review, this chapter identifies the detailed knowledge gaps and illustrates
the research questions.

Chapter 3 reports the hygrothermal simulations methodology. It includes a description of the wall
assembly used, various simulation parameters such as wall orientation, moisture sources, critical
location for moisture performance assessment, simulation solver setting, etc.

Chapter 4 evaluates the reliability of existing climate-based indices in assessing the moisture
performance of the wall assemblies. The evaluation is based on different correlation methods and
ranking analysis methods. This chapter also illustrates the results using existing climate-based
indices and compares them with the simulation results.

Chapter 5 presents the development of a new climate-based index for moisture performance
assessment using the Partial Least Squares (PLS) regression model. This chapter details the
parameters used for model development along with the selection of different training and test
datasets. It further depicts the prediction results based on the newly developed index and compares
them with the simulation results to assess the reliability of the model.

Chapter 6 reports the application of the PLS model on different wall claddings, considering climate
uncertainties and different global warming scenarios. The chapter illustrates the results showing
the applicability of the model in different scenarios.

Chapter 7 summarizes the contributions and conclusions of this thesis. This chapter provides a

summary related to each chapter and discusses future work.



Chapter 2 Literature review

2.1. Overview of hygrothermal models

The hygrothermal models are based on the heat, air, and moisture (HAM) transfer through the
porous building materials. These tools are widely used to simulate the hygrothermal response of
wall assemblies. The hygrothermal simulations can help in analyzing the temperature and moisture
content across different wall components and further assist in evaluating its hygrothermal
performance. There is a significant variation among different hygrothermal models depending on
their mathematical complexity. Straube and Burnett, (2001) showed that the complexity of the
model depends on the extent to which the model considers different parameters such as weather
parameters, material properties, moisture transfer, and type of flow (transient or steady state). A
comprehensive review of different HAM models can be found in the literature (Hens, 1996). HAM
models can be classified as steady or transient-state and one or two-dimensional. This thesis
focuses on the one-dimensional transient HAM model. The governing equations for the moisture
transport processes and heat transfer implemented in the model are discussed in detail in the next

section.

2.1.1. Moisture transfer

Moisture transfer occurs through porous materials, and it can be categorized into three regions
namely, the hygroscopic region, capillary region, and over-capillary region. In the hygroscopic
region, moisture transfer takes place by vapor diffusion. The increase in relative humidity results
in the vapor molecules bonded to the surface of porous material which in turn increases the
moisture content. With increasing moisture content and the inability of surface tension to hold the
moisture molecules, the moisture moves into the pores and moisture transfer takes place. In the
capillary region, a proportion of the pores are filled with liquid water and the transfer of moisture
occurs due to vapor diffusion and liquid conduction. In the over-capillary region, the relative
humidity reaches 100% as all the pores are filled with water, and the moisture transfer mainly

because of liquid conduction.

Vapor Transport
Vapor transport in porous material can be categorized into vapor diffusion and vapor convection.

Water vapor diffuses through a porous material from places with higher partial vapor pressure to



places with lower partial vapor pressure. Vapor transport occurs due to the gradient of partial vapor

pressure according to the equation (2-1) (ASHRAE Fundamentals Handbook, 2017):
Jva =—6.Vp S

where J,4 is diffusive vapor flow (kg/m-s),  is the water vapor permeability (kg/m-s-pa) and p is

vapor pressure (Pa).

Vapor convection occurs due to air movement, which can be led by buoyancy force, wind-induced
pressure, and mechanical force. The vapor convection is only taken into account when the airflow,
such as infiltration or exfiltration, is considered in the HAM model (Li, 2008). The vapor

convection takes place according to the equation (2-2):

Joce =v.p (2-2)

where v is the air velocity (m/s) and p is vapor pressure (Pa)

Liquid transport

The transport of liquid through the porous material can be described by either the moisture
diffusivity method or the liquid conductivity method depending on the parameter used as the
driving potential for liquid transport. The moisture diffusivity method uses moisture content while
the liquid conductivity method uses capillary pressure as the driving potential. Equations (2-3)
and (2-4) describe the moisture diffusivity and liquid conductivity methods respectively

(ASHRAE Fundamentals Handbook, 2017).

Ji = ki.Vp, (2-3)

where, k; is liquid water conductivity (kg/m-s-pa) and p,. is capillary pressure (Pa).

J, = —D,,.Vw (2-4)
where, D,, is moisture diffusivity (m?/s) and w is moisture content (kg/m?).

2.1.2. Heat and moisture balance equations

Moisture Balance Equation

The principle of conservation of mass states that mass is conserved for a system. The rate of
moisture change in time at a given control volume should be equal to the sum of all the incoming

and outgoing fluxes together with the source production rate. Combining the vapor transfer and
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liquid transfer, the moisture balance equation can be written as follows: (ASHRAE Fundamentals

Handbook, 2017)

ow _ (2-5)
E - V(]v +]l) + Qm

Where, Q,, is the moisture source (kg/m?).

Heat Balance Equation (ASHRAE Fundamentals Handbook, 2017)
The heat transfer through the building envelope takes place via conductive and convective heat

transfer. Heat conduction can be described using Fourier’s law of conduction (equation (2-6)):
Gcona = —AVT (2-6)
Where, A is thermal conductivity (W/m-K) and T is the temperature (K)

On the other hand, convective heat comprises latent heat and sensible heat. The convective heat is
carried by the moisture that passes through the building envelope and it is described by the

following equation:

Qeonv = Jv-hy + J1- ly (2-7)

Where, h,, is the enthalpy of water vapor (J/kg) and h; is the enthalpy of liquid water (J/kg).

The building component can hold a certain amount of heat depending on the temperature and

moisture content and it can be written as follows:

H = pcT + h,.w, + hj.w; (2-8)

Where, p is the bulk density (kg/m?), c is the specific heat capacity of dry material (J/kg-K), w, is
water vapor content (kg/m?®) and w is liquid water content (kg/m?).

Finally, the heat balance equation can be written as follows based on the law of energy
conservation:

g—l; = —V(4cona + dconv) 2-9)
2.1.3. Hygrothermal simulation tools

Based on the hygrothermal models and governing equations of heat and moisture transfer, various
hygrothermal simulation tools are developed (Rode, 1990; Kunzel, 1995; Hens, 1996; Burch,

1997; Kalagasidis, 2004; Salonvaara, 2004; Janssen et al., 2007). The application of these



simulation tools along with a comparison among different tools can be found in the literature

(Kunzel, 1998; Beaulieu et al., 2001; Delgado, 2013).

Hygrothermal simulation tools usually require four inputs: material properties, climate data,
boundary conditions, and geometry. The material properties include properties such as thermal
conductivity, vapor permeability, density, specific heat capacity, sorption isotherm, suction
pressure, liquid diffusivity, specific moisture capacity, etc. These properties govern the
characteristics of the material and dictate how one material component interacts with the other.
Climate data describe the conditions to which the wall is being exposed. It includes different
climate parameters such as temperature, relative humidity, wind speed, rain, solar radiation, etc.
The boundary conditions illustrate conditions at the boundaries, model selections, parameters, and
assigned climate conditions. The indoor conditions include the temperature and relative humidity
on the interior side of the building. Finally, the geometry of the wall assembly signifies how
different wall components are arranged and it defines the space where the hygrothermal simulation

takes place.

Hygrothermal simulations are widely used as an alternative to traditional lab testing because of
their ability to maintain reasonable accuracy along with reduced time and cost. They help
researchers to identify the building envelope system based on the desired performance matrix such
as durability, affordability, etc. Various studies (Maref et al., 2002; Kalamees and Vinha, 2003)
reported the comparison among various hygrothermal models and with the experimental data.
Despite some differences in the results among different models, they were found to be in good
agreement with each other. Mundt-Petersen, (2013) performed the hygrothermal simulations for
five wood-frame houses using WUFI and compared them with the experimental results. The
simulated relative humidity and temperature of the walls were compared with the measurement

results, and the simulation results generally showed a good agreement with the measurements.

2.2. Review of the response-based indices for moisture performance

assessment
Moisture-related problems are common in buildings. The moisture once penetrated into the
exterior surface of the wall and if it does not get enough opportunity to dry, it will start
accumulating and will lead to moisture risk and affect the performance of buildings. The

hygrothermal response of an exterior wall is a function of several parameters including the wall
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configuration, the materials selection, and the outdoor climate (Koci et al., 2017). However, to
assess the hygrothermal response of the wall, performance indicators or damage functions, which
are defined as response-based indices are required. These indices will give a quantitative measure
for assessing the level of risks. The choice of the index depends on the wall type and the damage
that a specific wall type is more prone to. In this section, the most commonly used response-based

indices are discussed.

2.2.1. Mould Growth

The word mould is a common term referring to fungi that can grow on building materials in homes
or other buildings. Damp conditions and mould growth in homes increase the risk of respiratory
allergy symptoms and exacerbate asthma in mould-sensitive individuals (Health Canada, 2011).
More than 1000 species of mould are found in the United States with more than 100,000
recognized species worldwide (Occupational Safety and Health Administration (OSHA, 2011)).
Mould can grow with an acceptable level of moisture, temperature, and air (Chen and Garcia,
2004). Mould can also cause material stain or discoloration, and over time can cause wood decay

and structural damage and sometimes can be detected by a musty odor (Wahab et al., 2014).

The mould growth in the building structure is mainly affected by the level of humidity and the
surface temperature (Viitanen and Ritschkoff, 1991; Hukka and Viitanen, 1999; Viitanen and
Ojanen, 2007). Due to a large number of mould species, there are different criteria for the critical
level of temperature and relative humidity above which mould starts to grow. In general, it has
been seen that mould growth rapidly in regions with higher relative humidity (above 80%) and
higher temperature (above 0°C). The critical level of humidity and temperature could vary
according to mould species and as concluded by Nielsen (2012) that Cladosporium and
Penicillium can develop on wood surfaces even at a temperature as low as -5 °C. Moreover, the
critical humidity level is also dependent on temperature and exposure time (Viitanen and
Ritschkoff, 1991; Viitanen and Ojanen, 2007). Moreover, the extent of mould growth that is going
to occur depends largely on the material properties of the surface. It has been found that the mould
growth on other building materials may not be equal to that on wooden materials (Ritschkoff et
al., 2000). The following section will detail the available mathematical models to quantify mould

growth.

Mould Growth models:



Understanding the adverse impact that mould can impose on the health of occupants, it has become
a subject of utmost importance to quantify mould growth so that preventive measures can be taken.
There are many mould models available in the literature to evaluate mould growth on wood-based
materials as a function of humidity, temperature, and exposure time. International Energy Agency
(IEA) proposed a surface relative humidity (RH) threshold dependent on the elapsed time (IEA,
1991). Different thresholds have been set for RH depending on the exposure time i.e. 80%, 89%,
or 100% for 1 month, 1 week, and 1 day, respectively. For temperature, a ratio including the
surface temperature, indoor and outdoor temperature has been computed and a value of 0.7 is
proposed (experimental results), related to an acceptable mould risk of 5% (Vereecken et al.,
(2012)).

_Osmin=0e _ - (2-10)

6; — 6,

Where, 05 in (°C) is the minimum indoor surface temperature and 6; and 8, are the inside and

outside temperatures (°C) respectively.

Mould growth models are classified into two categories depending on the growth stage of the
mould. In the first category, the study is made when mould is in the beginning phase and just starts
to develop and in the second category, the process of mould development is studied along with its
declination when the conditions become unfavorable for mould growth. This has been a part of
various studies (Vereecken and Roels, 2012; Gradeci et al., 2017) where they analyzed the two
categories of mould growth. A numerical mould growth model, the VIT model was developed
based on laboratory testing with Northern wood species (Viitanen and Ritschkoff 1991; Viitanen
1997; Hukka and Viitanen, 1999; Viitanen et al., 2000). However, the model has been applied in
mould growth risk analysis for pine and spruce sapwood only and could not account well for the
impact of seasonal variation of weather on mould. To overcome these deficiencies in the model,
the mould growth model was modified to incorporate seasonal cycles and building materials, in
addition to timber (Viitanen et al., 2011; Ojanen et al., 2010; Vereecken and Roels, 2012). As
suggested in the model (Viitanen et al., 2011), the mould index can vary between zero and six,
where an index of 0 means no mould growth and 6 means the surface is fully covered with mould.
Moreover, as mould index is based on visual inspection, so the index has been classified as follows

(Viitanen et al., 2011):
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e 0 -no growth

e 1 -some growth detected only with microscopy

e 2 -moderate growth detected with microscopy

e 3 -visually detected coverage of less than 10%

e 4 -visually detected coverage of more than 10%

e 5 -visually detected coverage of more than 50%

e 6 - visually detected coverage 100%
As shown in Figure 2.1, below 0°C and above 50°C, the conditions for mould growth are
unfavorable and hence mould can grow only between these two extremes of temperature. For
temperatures below 20°C, critical humidity is calculated using equation (2-11) (Hukka and

Viitanen, 1999):

RH,,; = —0.00267T3 + 0.160T? — 3.13T + 100 (2-11)
100
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Figure 2.1: (a) Classification of regions based on temperature and RH for mould growth (b)
Quantitative measure of mould index for a given temperature and RH (Hukka and Viitanen,

1999)

To incorporate different types of materials, they were divided into four sensitivity classes based
on their properties and they are shown in Table 2.2 along with examples of the type of material in

each class. The humidity threshold for medium and resistant materials is set at 85% for mould to
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start growing (Ojanen et al., 2010). Finally, four decline classes were also formed illustrating the

fall in mould value during the unfavorable conditions.

Based on ASHRAE 160 (ASHRAE, 2010), the initial value of the mould index (M) shall be zero

(M =0 at time t = 0). The mould index is accumulated for each hour using the following equation:

M, = M;_; + AM (2-12)
where
M, = mould index for the current hour
M;_; = mould index for the previous hour
AM = change in mould index, calculated for each hour using equation (2-12)

If the surface temperature (Ts) is greater than 0°C at the current hour, the critical surface relative
humidity for mould initiation (RH..;;) (in %) is calculated using equation (2-13) or (2-14),

according to the material sensitivity class.

Very sensitive class or sensitive class:

RH... — {—0.00267TS3 + 0.160T2 — 3.13T, + 100 when T, < 20°C (2-13)
erit = 80 when T, > 20°C

Medium resistant class or resistant class:

—0.00267T2 + 0.160T2 — 3.13T, + 100 when T, < 7°C

L= 2-14
RHerit { 85 when T, > 7°C @-14)

If the relative humidity at the material surface (RHy) (in %) is greater than RH,;; at the current

hour, then an increase in the mould index is calculated using equation (2-15).

AM = kiky (2-15)
168exp(—0.68InT, — 13.9InRH, + 0.14W + 66.02)

where

k; = mould growth intensity factor selected from Table 2.1 according to material sensitivity class
and current value of M

k, = mould index attenuation factor calculated using equation (2-16)

W = parameter selected from Table 2.1 according to material sensitivity class
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Table 2.1: Parameters for equation (2-15) (Source: ASHRAE 160, 2010)

Sensitivity class K \%4 A B C
If(M<1) If(M>1)
Very sensitive 1 2 0 1 7 2
Sensitive 0.578 0.386 1 03 6 1
Medium resistant 0.072 0.097 1 0 5 1.5
Resistant 0.033 0.014 1 0 3 1
The mould index attenuation factor (k,) is calculated using equation (2-16):
k, = max{1 — exp[2.3(M — M, 4,)], 0} (2-16)

where M,,,, is the maximum mould index corresponding to the surface temperature and relative
humidity at the current hour, calculated using equation (2-17):

RHcrit - RHS) _ (RHcrit - RHS)2 (2_17)

Mpox =A+B ( L —
max RH_..;y — 100 RH..; — 100

where the coefficients 4, B, and C are selected from Table 2.1 according to material sensitivity
class.

If Ts < 0°C or RHy < RH_,j; at the current hour, then a decline in the mould index is calculated
using equation (2-18):

—0.00133k; when tge < 6
AM =] O0when6 <ty < 24 (2-18)
—0.000667ks when toq > 24

where

ks = mould index decline coefficient specific to the material surface

tgect = number of hours from the moment when conditions for mould growth changed from
favorable (Tg > 0°C and RHg > RH_,;+) to unfavorable (Tg < 0°C or RHg < RH-¢).

For the mould index decline coefficient, in the absence of specific test data for the material surface,
the recommended value of k5 is 0.1. Further details about the model for mould calculation can be

found in ASHRAE 160 (2010).
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Table 2.2: Mould sensitivity classes and example materials (Source: ASHRAE 160, 2010)

Mould sensitivity class
Example of materials

(RH threshold)
Very sensitive (80%) Untreated wood; includes lots of nutrients for biological growth
Sensitive (80%) Planed wood, paper-coated products, and wood-based boards
Medium resistant (85%) Cement or plastic-based materials, mineral fibers
Resistant (85%) Glass and metal products, materials with efficient protective

compound treatments

Viitanen et al., (2011) presents the mould growth modelling on different materials and considering
the effect of unfavourable conditions for mould growth e.g., seasonal, long period dry or cold
periods. They used pine sapwood as the reference material and the experimental results were used
to improve the existing numerical model for mould growth. It was found that for resistant
materials, the threshold value for mould growth could be set to 85 % RH. Lahdesmaiki et al., (2011)
examined mould growth on different materials and at the interfaces of two materials within
assemblies using field tests. They found that at higher humidity levels i.e., 97-98% RH, mould
growth was seen irrespective of the choice of material. For lower humidity levels (89-90% RH)
and high temperature levels (20-22°C), with the exception of pine sapwood, the mould index
remained low (0-1). Further, the authors examined the effect of unfavourable conditions on mould
growth. They found that for most of the materials, a dry period resulted in the lowering of mould
index value. However, the decrease in mould index during the dry period was found to be more

intense with the model than the experimental results.

Adan (1994) introduced Time of Wetness (TOW) to indicate the availability of water under high
relative humidity periods. He suggested that TOW below 0.5 would reduce the growth of mould
to a large extent. Clarke et al., (1999) and Rowan et al., (1999) in their model divided the mould
fungi in the buildings into 6 different categories based on the relative humidity and temperature.
Experimental data was later curve-fitted using a third-order polynomial function. It was suggested
that when the relative humidity and temperature from the experimental data lie above this
polynomial curve, it will lead to mould growth. There are a few other models developed to predict
mould growth on the surface of wood, metal, or any other material. Bio-hygrothermal model (IBP)

developed by (Sedlbauer, 2001; Sedlbauer, 2002) considers the intermediate drying out of the
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spores and provides the critical humidity level within a spore for the wood material. Mould
Germination Graph Method (Moon and Augenbroe, 2005) calculates the exposure time for a
different group of materials based on the surface relative humidity and temperature. Exposure time
is used as a criterion to determine the mould growth risk i.e. if the total exposure time is greater
or equal to the required exposure time, mould will grow. Other models include the Max-days
model (Geving, 1997), Gobakken et al. model (Gobakken et al., 2010), and Johansson et al. model
(Johansson, 2010). These models involve fitting the data into a regression model to define the

level of mould growth based on exposure time, temperature, and relative humidity.

The mould index suggested by (Viitanen et al., 2010) is most commonly used for a quantitative
assessment of mould growth risk. However, for evaluating the performance of the building
envelope when exposed to different moisture loads, it is imperative to have a quantitative measure
that could differentiate different simulation results. ASHRAE suggested a mould index of 3 as a
threshold limit (TenWolde, 2008). To compare the hygrothermal performance, different statistical
outputs are made on the hourly time series of mould index. The widely used method (i.e.
performance indicator) is to evaluate the maximum or average mould index that might have
happened during the course of the simulation (Hansen et al., 2018; Wang and Ge, 2018; Abdul
Hamid and Wallentén, 2017; Salonvaara et al., 2010). Another method to compare the wall
performance is to compute the number of hours when the mould index is above a threshold limit
(Aggarwal et al., 2020). These are a few methods that are used in the literature to identify the level

of performance and to make a comparison between different simulation results.

2.2.2. Moisture Content in the critical wall layer

Moisture content is the total amount of moisture (liquid, vapor, and ice) accumulated in the
material under consideration. It is widely used to evaluate the moisture performance of the
building envelope. The critical layer e.g. OSB panel in wood frame walls is evaluated for its
moisture content level. During the course of the simulation, usually, the highest moisture content
level is noted and is used as a performance indicator for the wall. The higher the moisture content
in the structure at any given year, the greater the likelihood of high moisture loads and/or poor
drying capability (ASHRAE RP-1325). The maximum moisture content as the performance
indicator has been widely used to evaluate the wall response (Glass, 2013; De Mets et al., 2017;

Wang and Ge, 2018; Salonvaara et al., 2010).
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2.2.3. RHT Index

Hygrothermal simulations can provide the temperature and relative humidity at any layer of the
wall that is under consideration. However, the performance of the wall is impacted by the
combination of temperature and relative humidity. To incorporate the combined -effect,
(Mukhopadhyaya et al., 2003¢) proposed an index called the RHT index. The index calculates the

integral of temperature and humidity difference from a threshold level.

RHT = Z(T — T,)(RH — RH,) (2-19)

Here, T and RH represent the temperature and relative humidity. T; and RH; are the limiting
values of temperature and RH above which the wall poses a risk. The limiting values further
depend on the degradation mechanism. For metal corrosion, the limiting values for temperature
and relative humidity are 0°C and 80% respectively (Garverick, 1994). For the decay of wood
material to occur, temperature and relative humidity should be above 0°C and 95 % respectively
(Viitanen et al., 2011). RHT index has been a part of many studies to analyze wall performance

(Zhou et al., 2017; Kesik et al., 2006; Kumaran et al., 2002; Salonvaara et al., 2010).

2.3. Review of Moisture reference year (MRY) selection methods

One of the parameters that influence the moisture performance of the building envelope is the
outdoor climate. However, having a large number of climate parameters and estimating the effects
of these parameters over the entire service life would result in a large simulation effort. One of the
approaches to reduce the simulation time and cost is to select a year or combination of years called
Moisture Reference Year(s) (MRYs). The selection of representative climate data is necessary to
provide an accurate assessment (Delgado et al., 2012) and they are assumed to represent the entire
set of long-term climate data. An MRY is usually selected from existing long-term climate data to

represent a climate that allows a correct evaluation of the moisture stress on the building envelope

(Zhou et al., 2016).

Many different ranking methods are available in the literature and are used in MRY selection. The
n-factor method suggested by Hagentoft and Harderup, (1996) compares the absolute humidity at
the external wall surface with the absolute humidity of the outside air in order to compute the
drying potential of the wall surface. They suggested that drying out potential is higher for a higher

value of m-factor. Kalamees and Vinha, (2004) used a method similar to the n-factor method for
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selecting the MRY in terms of evaluating the risk of water vapor condensation. Carsten Rode
(1993) proposed a construction-dependent method, which compares the integral moisture content
values for different wall constructions and orientations. He suggested that the higher the value of
moisture content for a particular year, the more severe the year is in terms of the moisture
performance of the wall. Cornick et al., (2003) used an index called the Moisture Index (MI) to
categorize the years in terms of severity. MI method uses the wetting and drying function to
compute MI and then further categorizes the year as dry, average, and wet. From a dataset of years,
the years having MI value in the range of more than one standard deviation (+/-) from the mean
MI value are considered dry and wet years, while those years having a value within (+/-) one
standard deviation are referred to as average years. The year having the highest, lowest, and mean
MI is defined as the wettest, driest, and average year, respectively. The wetting index (WI) is
represented by the mean annual total horizontal rainfall or the annual wind-driven rain load. In the
Dryness Index (DI), the drying function is given by the annual sum of hourly Aw in [kgwater/Kgair],
the difference between the humidity ratio at saturation and the humidity ratio present in the
ambient air. For humidity ratio at saturation, saturation vapor pressure, pvs, was calculated as

follows (Cornick et al., (2003)):

Aw = wgq (1 — ) (2-20)
k
DI = Z Aw (2-21)
h=1

Where,

Aw: the difference between the humidity ratio at saturation and the humidity ratio of ambient air

(kgwater/kgair),

W, - humidity ratio at saturation,

u: degree of saturation,

k: number of hours in the particular year.

DI and WI are further normalized to have similar units using the following equation:

Inormalized = (I - Imin)/(lmax - Imin) (2-22)
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Where, [ is the index of interest, and I,,,;,, and I,,,,, are the lowest and highest values of the index

in the dataset respectively.

Finally, MI is computed using equation (2-23)

MI = J (1= DB2grn)? + WIZ0m (2-23)

A method suggested by (ASHRAE 160, (2010)) combines the climate load and durability to
choose the “severe” weather years and provides a more representative ranking of the climate data.
This approach, called the Severity Index (Isev), uses an equation to predict the RHT value as a
damage function. Salonvaara et al., (2010) suggested the Isey equation (equation (2-24) as a reliable
method of selecting representative years. A regression equation generated for computing the RHT
value considers different climate parameters. The yearly average value of each climate parameter
is used in the correlation and the years are arranged in the descending order of the RHT values.
However, Iy was calculated only for the orientation receiving the least solar radiation i.e. North.
The year with the third highest (top 10% year among 30 years) RHT value is selected as MRY for

the hygrothermal simulations.

Iso, = 108307 — 241 Rad - 1391 Cloud - 312326 RH + 183308 Rain
+152P, + 27.3T - T + 261079 RH - RH - 0.00972 P, (2-24)
. P,
Where, Rad is the solar radiation (W/m?) incident on the wall; Cloud is the cloud index (0-8);
RH is the relative humidity; Rain is the wind-driven rain (kg/m?2.h) on the wall; P, is partial vapor

pressure (Pa), and T is the ambient temperature (°C).

Salonvaara et al., (2010) further compared their method with three other existing methods
(ANK/ORNL Karagiozis, (2002), n-Factor, and Moisture Index MI) and concluded that their
method performs better in selecting severe years than other methods. Another index called, the
Climatic Index suggested by Zhou et al., (2016) comprises wetting and drying components. The
wetting component includes annual wind-driven rain (WDR). WDR load for different wall
orientations is calculated according to ASHRAE 160 (ASHRAE 160, (2016)). The WDR is

calculated using the following equation:
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WDR = Ry, % Fg * Fp % 0.2 % Vyq * 05 0 (2-25)

Where, R;, is the horizontal rainfall amount (kg.m™2.h"); Fz is the rain exposure factor; F}, is the
rain deposition factor; V;, is the wind speed at 10 m above ground (m/s); 6 is the angle between
the wind direction and the normal to the facade. Hourly data was obtained for WDR, and the

annual sum was taken as the wetting index (WI).

n
Wi = Z WDR (2-26)
i=1

The drying component is based on the potential evaporation calculated using the Penman equation

shown below:

A K+L-A Y
E = +
A+y I A+y

hm(eq — €) (2-27)

A K+L-A
Where, —
A+y

represents the radiation term and ﬁhm (eq — e) represents the turbulence

term. The radiation term comprises energy balance at the surface and the turbulence term

incorporates the effect of the atmospheric conditions.

E is the drying index (DI), K is the net short-wave radiation (Wm™), L is the net longwave radiation
(Wm™2), A is the conductive heat flux to the porous material (Wm™), I is the latent heat of
vaporization (Jkg!), y is the psychometric constant (PaK™'), 4 is the slope of the relationship
between saturation vapor pressure and air temperature, e, is the saturated vapor pressure of the
air, e is the partial vapor pressure in the air (Pa) and h,, is the convective vapor transfer coefficient

(sm™).

The CI is calculated as the ratio of the Wetting Index (WI) and Drying Index (DI) (equation (2-
28)), where WI is annual WDR, and DI is the potential evaporation calculated using equation (2-
27).

_wi
DI

Unlike the MI method, this index takes into consideration the effect of many climate parameters

CI (2-28)

such as net short-wave and long-wave radiation, temperature, humidity, wind speed, wind
direction, and orientation of the facade. Zhou et al., (2016) made a comparison with the MI method

in terms of accuracy in selecting the MRY and suggested that the year selected using CI gives
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better results than the MI method. Another study by (Aggarwal et al., 2020) tested CI, MI, and Isev
in terms of their capability in selecting the worst year from a series of weather data. They tested
brick cladding walls for three cities in Canada under historical and future projected climates. It
was observed that none of the methods provides the worst year with 100% accuracy, however, for
most of the cases, Isev method performs better than the other two methods in terms of the worst

year selection.

2.3.1. Review of the effect of climate uncertainties on hygrothermal

performance

A major challenge at present is to compile trustworthy technical information as a means of
quantifying the environmental effects on the long-term performance of buildings. Considering the
impact of climate change, it is evident that future climate will significantly affect the existing
infrastructure. This further leads to quantifying these impacts to have sustainable building
performance over the long term (Lacasse, 2019). Existing buildings are constructed considering
the climate from the past, however, in the context of climate change, these buildings need to be
renovated to make them capable of sustaining under the future climate. All these factors lead to
the conclusion that it is of utmost importance to consider climate change when evaluating the

hygrothermal performance of buildings.

Having understood the importance of climate change and its potential impacts on building
envelope performance, a reliable projected future climate is required. General Circulation Models
or GCMs are used as numerical climate models to generate future data. GCMs representing the
physical processes in the atmosphere, ocean, cryosphere, and land surface, is the most advanced
tools currently available for simulating the response of the global climate system to increasing
greenhouse gas concentrations (IPCC, 2014). However, GCM data is simulated at a very coarse
tempo-spatial resolution and hence this data needs to be downscaled to a regional scale to be used

for modeling purposes (Gaur et al., 2019).

There are several climate scenarios to be taken into consideration when performing the simulations
for generating future climate data. These scenarios include a different set of boundary and initial
conditions, emission scenarios, etc. The emission scenarios further depend on the assumptions like
human activities, plant coverage, etc. Different weather files will be generated assuming different

emission scenarios using the same climate model (Nik and Kalagasidis, 2010). This further leads

20



to high uncertainty in the simulated future climate data. Moreover, as the simulation results are

strongly dependent on the climate and hence these results are also prone to large uncertainties.

Many studies have been made to investigate the impact of uncertainties in the climate data for
building simulations (Nik and Moussavi, 2012; Tian and De Wilde, 2011; Gaterell and McEvoy,
2005; Nik et al., 2015). The effect of three uncertainty factors used for climate projections by
comparing the moisture content in wood-stud walls was investigated. They studied the
uncertainties originating from global climate models (GCM), emissions scenarios, and spatial
resolutions. Higher moisture content level was found in the walls when simulated for future
climate. Moreover, the climate uncertainties caused up to 13% variations in the average moisture
content. The authors concluded that with different spatial resolutions, a large variation was
observed in the rain and wind data. However, GCM affected the water content of the wall the
most. Another study by (Nik et al., 2012) investigated the hygrothermal performance of ventilated
attics concerning possible climate change in the Swedish climate. They simulated the conventional
attic along with three other attics by modifying the baseline in terms of high insulation and
ventilation rate. To analyze the impact of climate data, the authors analyzed the three emission
scenarios for the climate model. Mould growth is used as the performance indicator for the
hygrothermal simulations. They found that the moisture problems increase in the future climate.
Zhou et al., (2020) studied the freeze-thaw risk in masonry in two cities located in Switzerland for
two future scenarios obtained using two emission scenarios from ten different GCM-RCM chains.
For both cities, they found that the results show a much higher variation for different climate
model chains as compared to when considering different emission scenarios. They further
recommended using the climate projections from an ensemble of different climate models under
the different emission scenarios to cover the entire range of uncertainty linked with the projected
climate. Nik and Kalagasidis, (2010) studied the hygro-thermal response of a cold attic for a
building situated in Lund, Sweden. They simulated the building under different climate scenarios
which were derived assuming different CO; emission scenarios. They observed that the trend of
variation in the simulation results 1.e. attic temperature and relative humidity is different from the
one observed in the climate data and a direct correlation was not found. They further concluded
that it is not possible to deduce the performance of the attic in the future by assuming only one
climate scenario. Vandemeulebroucke et al., (2020) investigated the effect of different initial

conditions in generating future climate data. The authors simulated the Canadian initial-condition
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ensemble CanRCM4 LE using the HAM modeling tool DELPHIN. An effort was made to select
the “reduced” ensemble comprising fewer ensemble members to represent the entire data set
without losing much of the information. The study was made using two types of wall systems: (i)
brick-clad wood-stud wall assembly and (ii) historical solid masonry wall before and after
retrofitting. They found that for a few scenarios the “reduced” ensemble was able to represent the
entire ensemble, but it was recommended to use the complete ensemble to minimize the loss of
information. Javed et al., (2022) evaluated the existing climate zones in Australia using the
Moisture Index. They proposed that the current climate mapping is not suitable and is too coarse
to reliably provide robust indications for moisture management. They further proposed a new

characterization of Australian climates for hygrothermal performance assessment.

From the various studies conducted on analyzing the impact of climate uncertainties on
hygrothermal performance, it was observed that relying on a single dataset of future climate might
lead to unreliable results. The way future climate is modeled makes it prone to large uncertainties
and hence there is a need to consider all the possible variations of climate models for performing
the simulations. A few studies lead to the conclusion that GCM variation is more dominating than
different emission scenarios, but further investigation is required to reduce the number of

simulations.

2.4. Review of the existing regression methods and Partial Least Squares

(PLS) regression
To have a reliable performance analysis, it is imperative to deal with the model complexity and
it is not a viable option to trade off between the computation time and complexity of the model
as this might not result in reliable results. To solve this issue, metamodels are commonly used
as a substitute for time-consuming simulations (Simpson et al., 2001; Wang et al., 2007). A
metamodel is a simplified mathematical equation that is statistically determined using the
original model data and is used to represent the simulation model. With these models, a single
output is often predicted based on single-valued inputs. Van Gelder et al., (2014), compared 5
methods i.e., polynomial regression, multivariate adaptive regression splines, kriging, radial
basis function networks, and neural networks in terms of their capacity to predict the response
for a building energy simulation. Outputs i.e., cumulative heating demand and the number of

hours with a temperature greater than 25°C for a semi-detached dwelling were predicted using
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5 methods. Marincioni et al., (2018) constructed a metamodel for moisture risk assessment of
interior wall insulation. The moisture risk was evaluated based on the maximum relative
humidity and mould index. The authors highlighted the applicability of the developed model;

with predicted results being similar to the results obtained from the simulations.

Instead of predicting a single response, several studies focused on using different machine
learning algorithms to predict the response time series. The predicted time series is further post-
processed to quantify the moisture risk. Dong et al., (2016) used Support Vector Regression
(SVR) to develop a model to predict the hourly and daily energy consumption in residential
buildings. The authors suggested that their model is better than existing models in predicting
energy consumption. Tijskens et al., (2019) considered three types of neural networks i.e., the
multilayer perceptron (MLP), recurrent neural networks (RNN), and the convolutional neural
network (CNN) to predict the hygrothermal time series. They found that CNN is faster and
most accurate among the three types of neural networks and can be applied as a metamodel in
the prediction of non-linear hygrothermal time series. Freire et al., (2017) used SVR for the
prediction of mould index, vapor flux, and sensible and latent heat fluxes on the roof surface
of a building located in Curitiba, Brazil. Climate data was split into two equal sets i.e., training
and test and the model results showed a significant R? (more than 97%) for all the investigated
output parameters. Bansal et al., (2021) explored the potential of SVR to forecast the long-term
hygrothermal response of light wood frames and massive timber walls. From a long-term 31-
year series of data, the first 5 years were used as training and model development with the
prediction made on the remaining 26 years. Temperature and relative humidity profiles were
predicted, and the authors found that with a proper selection of training sets, the model can be
effectively used to forecast performance. Tijskens et al., (2021) developed a metamodel using
convolutional neural network to predict the hygrothermal response of masonry walls. They found
that the model can give the response in 4 min which is over 500 times faster compared to the
original hygrothermal model. Xie et al., (2022) used multilayer neural network (MLNN) to predict
the distribution of mean radiant temperature around buildings. They used first five years of training
data and predict the performance for the distribution of mean radiant temperature for the following
year. They found that the prediction results are extremely accurate with a Mean Absolute

Percentage Error of 0.23%.
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Partial Least Squares (PLS) regression was developed in the 1960’s by Herman O.A. Wold, and it
was originally used in econometrics. To date, PLS regression is being used in different disciplines
for prediction analysis. For instance, PLS algorithms are effectively used for predicting soil
salinity (Zhang and Huang, 2019, Fan et al., 2015, Qu et al., 2008). PLS regression is also applied
to develop soil quality index models, to determine organic matter content in soil (Morona et al.,
2017). Rumpel et al., (2001) used PLS regression to obtain soil properties using data from the
infrared spectroscopy technique. The PLS modeling technique is also used in the field of energy-
dispersive X-ray fluorescence (Melquiades et al., 2014) and mid-infrared photoacoustic
spectroscopy (Geoderma, 2008). The advantage of PLS over other methods is the way it uses the
information from the input variables and develops many factors based on the internal relationships
between each variable, and then provides a quantitative measure of the explained variance. Unlike
simple regression methods, PLS takes into consideration the multi-collinearity among input

variables and results in factors that represents the input variables.

2.5. Summary

Given the effect of climate change on buildings and the high uncertainty in the simulated climate
data, one way is to simulate all possible scenarios and then perform the statistical analysis.
However, in this case, the simulation efforts required will be tremendous and will require high
computational cost and time. The other way to avoid detailed hygrothermal simulations is to use
a climate-based index. The index solely based on climate data could predict the anticipated range
of wall performance or select the representative year, and hence help in reducing the simulation
load. Having a climate-based index to select the representative years has been a part of the study
by many researchers, which were reviewed in this thesis. However, most of them have their
associated limitations and a single method cannot be taken as a universal method to select the
representative years. The following sections discuss the identified knowledge gaps in the literature

and the scope of this thesis:
Knowledge gaps identified:

e Existing methods to select a moisture reference year (MRY) are developed based on the
US or European climate data. Very few studies are made which considers Canadian climate
for the method development.

e Existing climate-based indices are supposed to work for all climates, wall types, etc. but
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the moisture response can significantly differ when exposed to different climates and for
different construction types. To incorporate this, a general index does not work and a
specific index for a given climate is required.

Existing climate-based index e.g., the Severity Index developed by Salonvaara et al.,
(2010) work only for north-facing walls. The index was developed using data for north-
facing walls only but could be adapted to all orientations. An index that does not depend
on the wall orientation is required to cover a wider range of data and not limit the analysis
to only one wall orientation.

All the existing MRY selection methods assumed the wall to be perfect i.e. wall without
any defect to allow water entry through the exterior cladding. It is imperative to assume a
more practical scenario by assuming rain leakage and air leakage.

To cover the uncertainties in the future climate, a large simulations are required and a
metamodel is required to select the moisture reference year and predict the response in
future climate. Limited studies have been conducted to develop a meta-model using data
from Canadian cities.

A very few studies have been conducted to evaluate the effect of climate change on
moisture performance in Canadian context. A thorough investigation considering typical
wall claddings, future climate uncertainties and different global warming scenarios is

required.

Research questions:

To address the identified knowledge gaps, this thesis tries to answer the following questions:

1)

2)

3)

4)

What is the level of moisture risk under projected future climate, and will the walls
designed according to historical climatic data be able to sustain it?

Can existing climate-based indices be used for a reliable assessment of moisture risk under
future climates considering uncertainties in the projected climate data and different global
warming scenarios?

If existing methods could not reliably assess the performance, how to develop a new
climate-based index and select the most influential climate variables to be used for the new
index?

Can the newly developed index be used for different wall claddings and climate scenarios?
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Chapter 3 Methodology

The study aims to evaluate the reliability of existing climate-based indices and develop the new
index for moisture performance assessment. The objective is to develop an index using one
representative wall cladding, one moisture loading condition to cover other types of walls, and
moisture loading scenarios. Further, the model should be able to cover the uncertainties in the
projected future climate data. Finally, to have an estimation of the maximum mould growth risk
that the wall can be subjected to considering the climate uncertainty and future climate so as to
develop an appropriate retrofit plan. The study includes 15 runs, with each run having 31 years of
historical and future climate. The goal is to develop a predictive model that can estimate the worst-
case scenario for mould growth on different types of cladding under a broad range of climatic
conditions. To achieve this, the model would need to incorporate data on various cladding

materials and climatic factors that could impact moisture levels in wall assemblies.

Hygrothermal simulations were undertaken to investigate the hygrothermal performance of wood-
frame wall assemblies. Two (2) wall assemblies typical of Canadian residential building practice
were selected for this study. The two walls differ only in their cladding type i.e. brick-veneer and
stucco; a description of the common elements of the wall assembly is given in section 3.3. The
buildings were supposed to be located in a suburban setting corresponding to terrain category III
as defined by the ISO standard. Hygrothermal simulations were performed using the DELPHIN
HAM simulation tool (version 5.9.5). Only a one-dimensional horizontal configuration of the wall
was simulated. The amount of rainwater impinging on building fagades was determined using the
ASHRAE method under historical climate (1986-2016) and projected future climate when global
temperature increases by 3.5°C (2062-2092). Comparisons were made using relative humidity
(RH) and temperature (T) of the outer surface of the OSB sheathing which accounts for the risk
of mould development on the OSB sheathing. It was assumed that the wall was perfectly air tight.
In the following sections, details and considerations are provided of the various parameters needed
for simulations and the evaluation of the risk of premature degradation of the respective wall

assemblies.

Figure 3.1 shows a brief description of the methodology followed in the present work. Certain
cities, walls, and climate data were chosen for this work and details for the cities and climate data

are presented in the subsequent sections. Simulations were carried out and the output from

27



simulations i.e., response-based indices (RBIs) were correlated with climate-based indices (CBIs).

There are several methods that are used as CBIs, but the reliability of these indices to match the

hygrothermal response remains questionable (discussed in section Chapter 4). In this study, these

indices along with newly developed indices are analyzed in terms of their ability to assess the wall

performance.
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Figure 3.1: Proposed methodology to assess the wall performance using climate-based indices

3.1. City Selection

Four Canadian cities belonging to different climate zones (Figure 3.2) were selected for this study;
this included: Calgary (AB), Ottawa (ON), St. John’s (NL), and Vancouver (BC). Their location
and respective climate characteristics are provided in Table 3.1. The moisture index (MI) and
Heating Degree-Days (HDD) are 0.37 and 5000, 0.84 and 4500, 1.41 and 4800 and 1.93 and 3100,
for Calgary, Ottawa, St. John’s, and Vancouver, respectively (National Building Code, 2015).
Among the four cities, Vancouver is the wettest city with a moisture index (MI) of 1.93 and

Calgary is the driest city with an MI of 0.37. Other cities lie between these two values.

Table 3.1: Characteristics of the selected cities

Annual Rainfall
City Latitude Longitude HDD! MI2 TZ0® Cz* (camm)
mm
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Calgary 51.05 -114.07 5000 0.37 -7 7A 325

Ottawa 45.25 -75.42 4500 0.84 -5 6 750
St. John’s 47.55° -52.71° 4800 1.41 -4 6 1200
Vancouver 49.28 -123.12 3100 1.93 -8 5 1850

I: Heating-Degree Days; % Moisture Index; 3: Time Zone; and *: Climate Zone

:\—— - P

Vancouvgﬁ,"BC ,

/
Y Calgary, AB
3 .f

! i
R LY

Figure 3.2: Location of cities selected for analysis

3.2. Climate data

The historical climate data was sourced from the hourly and daily climate databases of

Environment and Climate Change Canada (ECCC). Missing values were filled in using bias-

corrected Climate Forecast System Reanalysis (CFSR: Saha et al. 2010). To perform bias

correction, multiplicative or additive (depending on the climate variable being corrected)

correction factors were calculated for each month and hour by comparing the CFSR data with the

observational data, and thereafter the correction factors were applied to correct CFSR data. This

data was then used to fill in missing values in the observational database. The direct and diffuse

radiation values were derived from global radiation values using the method of Orgill and

Hollands (1977). Weather data for the cities was taken from the National Research Council of

Canada (NRC). A continuous 31-year long time series of hourly climate data was available for the
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historical time period from 1986-2016 and similar data for future time-period when global
warming of 3.5°C is expected to be reached at the end of the 21st century (Gaur et al., 2019).
According to Environment and Climate Change Canada (2018), an increase of 3.5°C will be

reached between 2062 and 2092 under Representative Concentration Pathway (RCP) 8.5.

3.3. Description of wall systems

The procedure involves hygrothermal simulations of a 3.5-storey building located in a suburban
setting. A lightweight wood frame wall assembly with either brick veneer or stucco cladding and
incorporating an air space behind the cladding (Figure 3.3) was simulated with the assumption

that there was no air leakage.

Ext. : ] ' Int. Ext. . : Int.

From exterior to interior From exterior to interior
e 90 mm brick (red matt clay brick clad.) * 19 mm stucco cladding on metal lath
e 25 mm air gap e 10 mm air gap
e 30 minute asphalt impreganated building paper e 30 minute asphalt impreganated building paper
e 11 mm OSB sheathing e 11 mm OSB sheathing
e 140 mm fibreglass insulation e 140 mm fibreglass insulation
e Polyethylene vapor barrier (6mil.) e Polyethylene vapor barrier (6mil.)
e 12.7 mm interior finish (gypsum-+primer-+latex) .

12.7 mm interior finish (gypsum+primer-+latex)

Figure 3.3: Cross section of brick veneer cladding (left) and stucco cladding wood-stud wall

assembly

The walls differ only in their cladding type which included: brick veneer (90 mm) and stucco (19

mm). The general configuration inboard of the cladding consisted of:

e Sheathing membrane (30 Minute paper, 0.22 mm)
e Exterior grade wood-based sheathing panel (OSB, 11 mm)

¢ Insulation within vertical stud cavities (fiberglass insulation, 140 mm)
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e Vapor barrier: polyethylene sheet (0.15 mm)

e Interior grade gypsum panel with latex primer and 1 coat of latex paint (12.7 mm)

A drainage cavity of 25 mm and 10 mm was added to the wall assembly having brick veneer and

stucco cladding respectively.

3.4. HAM simulations setting

3.4.1. Overview of the simulation tool

In this study, simulations were performed using DELPHIN 5, v5.9.4. The DELPHIN 5 (Coupled
Heat, Air, Moisture and Pollutant Simulation in Building Envelope Systems) was developed
during 2004-2006 with funding support from research grants from the U.S. Environmental
Protection Agency, U.S. Department of Energy, Syracuse Center of Excellence in Energy and
Environmental Systems, EQS-STAR Center/New York State Office of Science, Technology and
Academic Research, and Syracuse University. It is maintained by the Institute for Building
Climatology, Faculty of Architecture, and the Technical University of Dresden, Germany1. It is
intended for the coupled heat, moisture, and matter (salts, pollutants) transport in porous building
materials. It can solve one and two-dimensional problems and has been successfully validated
with HAMSTAD Benchmarks 1 through 5 (Sontag et al., 2013). (Sontag, Nicolai, & Vogelsang,
2013). The model uses either the full sorption isotherm or the water retention function. Material
properties are defined as a function of volumetric moisture content and temperature. Climate data
is entered as individual files for each climate variable. An important feature of DELPHIN is its
ability to handle wind-driven rain deposition and solar radiation as part of its boundary conditions,
as well as air leakage, and moisture and heat sources. Cavity walls can also be considered and in
the case of a ventilated cavity, the contribution of airflow to heat and moisture transfer in the

structure can be done by using either an air exchange rate or an air flow rate.

3.4.2. Material properties

The following material properties were defined for each component of the wall assemblies:

e Density

e Specific heat

" DELPHIN documentation, http://www.bauklimatik-dresden.de/downloads.php
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e Sorption isotherm
e Thermal conductivity
e Water vapor permeability

e Liquid water diffusivity

The material properties were obtained from the NRC hygrothermal material property database

(Kumaran. 2006). The material properties of various layers and claddings are shown in Table 3.2.

Table 3.2: Material properties of the various layers of the wall assembly

Specific heat Thermal .
Thickness Dry density Porosity
Material capacity conductivity
(mm) (kg/m?) (m¥/m?)
J/kg.K) (W/m.K)
Brick 90 1900 800 0.5 0.21
Stucco 19 1960 840 0.40 0.23
OSB 11 600 1880 0.09 0.96
Fiberglass insulation 140 11.5 840 0.04 0.99
Vapor barrier 0.15 1256 840 0.15 0.001
Sheathing membrane 0.22 909 1256 0.15 0.97

A comparison of the moisture storage capacity, moisture diffusivity, and vapor permeability of
the cladding materials used in the wall assemblies is provided, in Figure 3.4, Figure 3.5, and Figure
3.6, respectively. At the lower level of RH, brick has a lower moisture storage capacity than stucco.
However, at higher RH levels (RH>95%), brick and stucco have similar storage capacities. For
the liquid diffusivity, at a lower level of RH (RH<95%), brick has low liquid diffusivity but above
95% RH, the liquid diffusivity increases sharply. Vapor permeability (expressed in ng/m.s.Pa) for
the brick remained almost constant while for stucco cladding, it increases steadily with the

increasing relative humidity.
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Figure 3.4: The variation of Moisture Content (MC) with relative humidity for brick and stucco
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Figure 3.5: The variation of liquid diffusivity with relative humidity for brick and stucco
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Figure 3.6: The variation of vapor permeability with relative humidity for brick and stucco
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3.4.3. Boundary conditions

3.4.3.1.Indoor boundary conditions

Indoor temperature and relative humidity were assumed constant and set to 21°C and 50%,
respectively assuming that the residential building was equipped with air conditioning and
dehumidification. Following the EN ISO 6946 standard, the indoor surface heat exchange
coefficient was set to 8 W/m?K (convective heat transfer coefficient: 2.5 W/m?K and radiative

heat transfer coefficient: 5.5 W/m?K).

3.4.3.2.0Outdoor boundary conditions
Following the EN ISO 6946 standard, The convective heat transfer coefficient, hce, on the exterior

surface was calculated using equation (2).
hee =4+ 4v (3-1

The outdoor vapor diffusion coefficient was calculated using the convective heat transfer
coefficient and Lewis number (Incropera et al., 2015). The reflectance of the surrounding ground

(albedo) was set as 0.1 and the solar absorptance of the wall surface was set to 0.6.

3.4.4. Initial conditions

The wall was conditioned by repeating a seven-year simulation using the weather data of the
average year (the year with the average MI among the 31 years). The values of temperature and
RH for each layer in the wall configuration at the end of the simulation were used as initial

conditions.

3.4.5. Moisture source and location

The moisture source used in the simulations was determined assuming water entry beyond the
cladding in the wall systems. The water entry was calculated as a function of the wind-driven rain
from the climate data. Based on ASHRAE 160, 1% of the wind-driven rain was applied to the

exterior side of the sheathing membrane.

3.4.6. Critical location in wall assembly at risk of moisture issues
The OSB sheathing panel plays a structural function in the wall assembly. If water passes through
the first defense layer and reaches the sheathing membrane, it can diffuse toward the OSB sheathing

and create conditions for mould growth, and ultimately wood decay which can lead to premature
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deterioration of the component and wall system. The outer layer of the OSB sheathing was therefore

selected as the critical location to assess the moisture performance.

3.4.7. Moisture performance assessment

For analyzing the moisture performance of the wall assembly, the mould index was computed at the
exterior of the OSB layer, 0.1mm thick element size using the VTT model proposed by Viitanen et
al. (2010). The model suggested that the mould index can vary between zero and six, where an index
of 0 means no mould growth and 6 means the surface is fully covered with mould. Details of the
model can be found in Viitanen et al. (2010). For this study, the calculations were made assuming
the “sensitive class” for material and surface and a decline factor of 0.1 when the conditions become
unfavorable for mould growth. The maximum mould index (among the hourly values) was used as
ameasure to compare the performance of different years. It should be noted here that the VT T model
used in this study is based on several assumptions and the results can vary from real-world results.
Caution is advised while analyzing the absolute values of the results, however, the results can be

effectively used for a relative comparison among different scenarios.

3.4.8. Numerical simulation

Spatial discretization: For efficient performance of numerical simulation, it is imperative to have
a fine mesh to have a solution as close as possible to analytical solutions. However, having a fine
mesh could result in many elements and hence increase the computational time. In this study,
different meshes were investigated comprising equidistant and variable mesh discretization. To
analyze the response of the different meshing, the moisture content of the OSB layer was
calculated and compared for simulations with different meshing. Four meshing were tested, and

the details of each of them are shown below:

Equidistant mesh of Imm minimum size: For brick cladding, an equidistant mesh of 1mm was
assumed. There were 279 elements with a thickness of 1 mm each with an exception for the
sheathing membrane and vapor barrier. For all the next meshes and cladding surfaces, similar
mesh dimensions were kept for the sheathing membrane and vapor barrier, i.e. 3 equal mesh

elements of thickness 0.0733 mm and 0.05 mm respectively. There were 285 elements in total.

Similar to the brick cladding, for stucco cladding, a 1 mm equidistant mesh was created. There
were 183 elements with a thickness of 1mm each with an exception for the sheathing membrane

and vapor barrier. There were 189 elements in total.
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Equidistant mesh of 0.5mm minimum size: For brick cladding, an equidistant mesh of 0.5 mm is
assumed. There were 558 elements with a thickness of 0.5mm each with an exception for the
sheathing membrane and vapor barrier. For the sheathing membrane and vapor barrier, 3 equal
mesh elements of thickness 0.0733mm and 0.05mm respectively are used. There were 564

elements in total.

Similar data for stucco cladding involves, 373 elements in total with 367 elements of 0.5 mm mesh
each and the remaining 6 for sheathing membrane and vapor barrier as per dimensions mentioned

earlier.

Equidistant mesh of 0. 1mm minimum size: For brick cladding, an equidistant mesh of 0.1 mm is
assumed. There were 2673 elements with a thickness of 0.1mm each. There were 2679 elements

in total (including 6 elements from the sheathing membrane and vapor barrier).
For stucco cladding, there were 1833 elements in total with 1827 elements of 0.1 mm each.
Manual discretization: Brick cladding

Table 3.3: Description of meshing for different layers for brick cladding

Region 1 Region 2 Region 3
No. of Stretch No. of No. of
Layer Thickness Thickness Thickness
elements factor elements elements
Brick
15 mm 19 1.17 60 mm 22 15 mm 19
(90 mm)
Air cavity
5 mm 7 1.7 15 mm 6 5 mm 7
(25 mm)
OSB
2 mm 4 2.3 7 mm 3 2 mm 4
(11 mm)
Insulation
20 mm 25 1.15 100 mm 31 20 mm 25
(140 mm)
Gypsum
2.5 mm 5 1.9 7.7 mm 4 2.5 mm 5
(12.7 mm)

In the final case, mesh thickness was chosen manually. Different wall layers except for the

sheathing membrane and vapor barrier were divided into three regions with the first and last
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regions of equal thickness. A fine and variable mesh was used for the first and large region while
an equidistant mesh was opted for the middle region. For the regions with fine mesh, a minimum
thickness of the element was chosen to be 0.1 mm with an equal stretch factor. Table 3.3 illustrates

the thickness and mesh details of different regions for different layers of the wall configuration.

Figure 3.7 shows one typical example where the moisture content of OSB was outputted from
DELPHIN for brick cladding simulation in Ottawa. Four different meshes were tested to evaluate
the response from the simulation and it was found that the result with manual discretization was
similar to the one obtained with an equidistant fine mesh of 0.1 mm size. A similar observation
was noted with simulations involving different cladding and cities. Manual discretization offers a
similar accuracy as obtained from fine mesh but with a much lesser number of elements (2679 vs
192) and hence a lower computational time. Following this, the suggested manual discretization

was opted for all the simulations in the thesis work.
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Figure 3.7: Integral moisture content in OSB layer for different mesh discretization for brick

cladding wall configuration

Manual discretization: Stucco cladding:
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For stucco cladding, similar to the above-shown table, all dimensions and number of elements
were kept the same except for the fact that instead of brick, now stucco cladding was used with an

air cavity of 10 mm.

For the sheathing membrane and poly vapor barrier layer, similar to the previous meshes, an
equidistant mesh of 3 elements was opted for. Using the manual discretization, the total number
of elements was found to be 192 and 138 for brick and stucco cladding respectively. For stucco

cladding, the following dimensions were used:

Table 3.4: Description of meshing for stucco cladding

Region 1 Region 2 Region 3
No. of Stretch No. of No. of
Layer Thickness Thickness Thickness
elements factor elements elements
Stucco
4 mm 6 1.9 11 mm 4 4 mm 6
(19 mm)
Air cavity
3 mm 4 2.9 4 mm 2 3 mm 4
(10 mm)

Solver Settings

In this study, simulations were performed using state-of-the-art hygrothermal modeling software,
Delphin 5.9. Material properties were defined as a function of volumetric moisture content and
climate data was entered as individual files for each climate variable. An initial time step of 0.01s,
a maximum time step of 30 min, a relative tolerance of 10”7 and an absolute tolerance for moisture

mass balance equation of 10 were selected for all the simulations.

3.5. Assumptions for hygrothermal simulations

The following assumptions are made for the hygrothermal simulations:

e Material properties of various layers of the wall assembly are assumed to be constant
regardless of their thickness throughout the simulation period.
e All the layers are assumed to have perfect contact between them.

e The numerically modeled climate data used for the simulations is assumed to represent the

possible future climate data.
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e The mould index used for performance assessment is calculated based on hygrothermal
simulation results. It is assumed that the relative variation among different scenarios is
similar to the relative variation as if the mould index is calculated based on measurement
results.

e There is no mass or energy transfer through the top and bottom of the geometry.

3.6. Wall orientation selection for hygrothermal simulations

The hygrothermal response of a wall depends on the type of climate to which it has been exposed.
A wall could lead to satisfactory performance in one type of climate but the same might not be
true for another climate. The response of the wall is affected by many climate variables. Amongst
these climate variables, most of these are independent of wall orientation but a few are directly
dependent on the orientation of the wall. Wind-Driven Rain (WDR) for a given location is
determined by the wind speed, wind direction, rainfall intensity, and the quantity of WDR to which
a wall may be subjected is dependent on the wall orientation in relation to the prevailing WDR
direction. Moreover, WDR and solar radiation serve as important orientation-dependent boundary
conditions when performing any hygrothermal simulation. Therefore, the need to have the
appropriate wall orientation when undertaking an analysis of the moisture performance of a wall
becomes a critical task to help ensure a durable building envelope design. Different methods are
available in the literature to select the wall orientation for simulations. An orientation chosen based
on any available method was assumed to lead to the worst performance of the wall i.e., having the
most severe moisture problem that could be defined using damage functions such as moisture

accumulation, mould growth, and wood decay.

Most studies have suggested using the orientation (called default orientation in this work) that
receives the highest amount of WDR or the least solar radiation for the simulations without
considering the climate data, type of cladding, structure of the wall, moisture source, etc. The
objective of the thesis was to verify these assumptions for different wall assemblies under different
climates for different rain scenarios. Further, different methods were investigated to choose the
default orientation. The intent was to identify whether the results using these methods are
consistent with each other and also, can the use of any of these methods results in a wall orientation

that leads to the worst moisture performance when compared to the simulation results.
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Hygrothermal simulations were performed to assess the effects of wall orientation on the moisture
performance of wood-frame wall assemblies. Four cladding types and eleven Canadian cities
(representing the whole of Canada) were selected for analysis (Aggarwal et al. (2021) and
Aggarwal et al. (2022)). The results with the three cities and 2 wall claddings are discussed and
detailed in this thesis. The results obtained for other cities and wall cladding can be found in the

appendix A3.

Three scenarios were simulated: (i) no WDR and no water source, (i1) only WDR, and (iii) both
WDR and water source. The water source considered was 1% of wind-driven rain applied on the
exterior side of the sheathing membrane as per ASHRAE 160. Simulations were performed for
four cardinal orientations (North, East, South, and West) and one default orientation (orientation

with the highest amount of WDR).

The WDR in a specific direction was calculated using four methods (equations (3-2) to (3-5)) i.e.,
ASHRAE (ASHRAE 160 (2016), ISO (ISO (2009), CI (Zhou et al., 2016) and R*v (Aggarwal et
al. 2020)).

WDRASHRAE = FE'FD'FL'Ulo'COSH'Rh (3-2)
Where, Fj: rain exposure factor; Fp: rain deposition factor; F;: empirical constant; U;,: hourly
mean wind velocity at 10 m (m/s); 6: angle between the wind direction and the normal to the

facade; and Rj: total hourly horizontal rainfall intensity (mm).

2 8
WDRISO = §U10Rh/9CRCT0WCOSH (3‘3)

Where, U, (: hourly wind speed at 10 m (m/s); Rj,: total hourly horizontal rainfall intensity (mm),
0: angle between the wind direction and the normal to the facade; C;: topography coefficient;

O: obstruction factor; W: wall factor; and Cy: terrain roughness coefficient.
Wi

Cl =— 3-4
DI (3-4)

Where, W1I: wetting index and DI: drying index.
WDRR*-U == Rh' UlO (3-5)

Where, U : hourly wind speed at 10 m (m/s); Ry,: total hourly horizontal rainfall intensity (mm).

40



3.6.1. Results with different rain scenarios

The results are presented firstly for the cases without WDR and water penetration, secondly for
the case with WDR only, and finally for the case with WDR and water source. It was found that
the results obtained with the different performance indicators were generally in good agreement.
Therefore, only the results obtained using maximum moisture content (amount of moisture in kg)
as a performance indicator are discussed. The results obtained with other performance indicators

can be found in the Appendix.

3.6.1.1.Scenario with no WDR and moisture source

The first analysis is based on the case where there was no WDR or moisture source. Figure 3.8
shows the maximum MC in the OSB layer obtained at different wall orientations for three cities
and two claddings. Table 3.5 shows, for brick cladding, the maximum MC for the default
orientation and the maximum MC for the orientation which has the highest value of maximum
MC among the orientations compared. For all the cities, irrespective of the cladding type, the
highest value of maximum MC was observed when the wall is facing the North orientation. This
is due to the significantly lower amount of solar radiation in the North direction. The results are

consistent with the one found by Lepage et al. (2017).

Table 3.5: Maximum moisture content (MC) values in the OSB layer for brick cladding with no

WDR and no water source for the wettest year

) Default orientation Orientation with Max. MC
iy Orientation Max. MC (kg) Orientation Max. MC (kg)
Ottawa 22.5° (NNE) 0.56 0° (North) 0.57
St. John’s 202.5° (SSW) 0.60 0° (North) 0.64
Vancouver 157.5° (SSE) 0.51 0° (North) 0.51

For Vancouver, it was observed that the maximum MC is relatively lower than in other cities. As
there is no rain the only factor which results in moisture accumulation is vapor diffusion.
Furthermore, for brick cladding, it was seen that the values are similar irrespective of the
orientation in these two cities. This is due to the low vapor permeability of brick cladding for the

outdoor RH range (Figure 3.6). Considering the brick cladding is 90 mm thick brick, the transport
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of vapor via diffusion is further limited. Therefore, irrespective of the orientation, the moisture

accumulated in the OSB for brick cladding is almost the same.
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Figure 3.8: Maximum moisture content of OSB layer for three cities with no WDR and no water

source

3.6.1.2.Cases with WDR but no water source

In this section, the results are discussed where wind-driven rain (WDR) is taken into consideration
while assuming no deficiency in the cladding and correspondingly no water penetration. In
general, it was observed that, unlike the previous case where the north orientation always leads to
the worst performance irrespective of city or cladding, in this case, the results are not as consistent.
Table 3.6 shows the result for maximum moisture content in the OSB layer for brick cladding
walls in three cities. It was observed that for all three cities, the default orientation resulted in the
worst performance.

Table 3.6: Maximum Moisture content (MC) values in the OSB layer for brick cladding with

WDR but no water source for the wettest year

) Default orientation Orientation with Max. MC
iy Orientation Max. MC (kg) Orientation Max. MC (kg)
Ottawa 22.5°(NNE) 0.96 22.5° (Default) 0.96
St. John’s 202.5° (SSW) 1.48 202.5° (Default) 1.48
Vancouver 157.5° (SSE) 1.71 157.5° (Default) 1.71

Figure 3.9 shows, for each city and two claddings, the maximum moisture content obtained in
each orientation. In general, the maximum MC was highest for the stucco cladding. This is because
stucco has the highest liquid diffusivity up to a certain range (approximately 95%) of RH (Figure
3.5) and is later superseded by brick for higher RH levels. However, as the thickness of brick is

approximately five times more than stucco, it takes longer for the moisture to transport through
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brick. This results in the highest maximum MC in the stucco cladding for all the orientations and

cities.
: Ottawa ? St. John's 2 _Vancouver
¥is . B15 : ‘ ®1s5 [ | i
£ s =
g1 s 1 % s 1 I |
5 ' 5 | I |
S05 I I Sos | S 0s l ‘ l I i
0 - 0 ; 0 [ |
Brick Stucco Brick Stucco Brick Stucco
® North ®East = South = West = Default ®m North mEast wSouth mWest m Default

= North mEast = South = West = Default

Figure 3.9: Maximum Moisture content of OSB layer for three cities with WDR but no water

source

3.6.1.3.Cases with WDR and water source

In this scenario, WDR was assumed, and the walls were assumed to have some deficiencies that
allow water to penetrate the structure. The water source was calculated as 1% of WDR and
deposited at the exterior layer of the sheathing membrane. Table 3.7 shows, for the brick cladding,
the max. MC in the OSB layer was obtained with the default orientation and with the orientation

having max. MC in different cities. For all the cities, default orientation led to the worst moisture

performance.

Table 3.7: Maximum Moisture content (MC) values in the OSB layer for brick cladding with

WDR and water source for the wettest year

) Default orientation Orientation with Max. MC
iy Orientation Max. MC (kg) Orientation Max. MC (kg)
Ottawa 22.5° (NNE) 1.35 22.5°(Default) 1.35
St. John’s 202.5° (SSW) 1.86 202.5° (Default) 1.86
Vancouver 157.5° (SSE) 2.39 157.5° (Default) 2.39

A further illustration of all the simulated cases can be found in Figure 3.10. As observed from
Figure 3.10, the worst response occurs in the default orientation. Hence, based on these analyses,

it can be said that choosing the default orientation based on the highest WDR is a good assumption.
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Figure 3.10: Maximum Moisture content of OSB layer for three cities with WDR and Water

source

3.6.2. Results comparing default orientation with different WDR methods

Default orientation selection with 4 methods

In this section, different methods of selecting the default orientations were tested and compared
with each other. Figure 3.11 shows the directional WDR distribution (for the wettest year) at
sixteen orientations (with an interval of 22.5°) for the three cities. It can be seen that WDR
distribution with the “R*v” method showed a greater variation as compared to the other three

methods, for which the variation amongst the different orientations remained small.
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Figure 3.11: Wind-driven rain distribution for the wettest year for 3 cities using 4 methods

Table 3.8 shows the default orientation selected when using any of the 4 orientation selection
methods. It can be seen that amongst the 4 methods, ASHRAE and ISO methods were consistent
in the selection of the default orientation except for Ottawa. However, a closer look at Ottawa
shows that although the orientation chosen was different, the difference in WDR between the two

orientations was small i.e., approximately 2% (Figure 3.11).
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Table 3.8: Default orientation for 3 cities with 4 methods

City ASHRAE 1SO CI R*v
Ottawa 22.5° (NNE) 202.5° (SSW) 22.5° (NNE) 22.5° (NNE)
St. John’s 180° (S) 180° (S) 180° (S) 202.5° (SSW)
Vancouver 157.5° (SSE) 157.5° (SSE) 157.5° (SSE) 157.5° (SSE)

Comparison of default orientation with 4 methods and actual simulation results

In the previous section, a comparison was made between the default orientation selected by
different methods. In this section, the default orientation selected using different methods is
compared with the orientation that leads to the worst performance when hygrothermal simulations
are performed. For this purpose, simulations were performed for 4 cardinal orientations and the
default orientation (selected by each method). For a given method, should the worst performance
occur in any of the suggested default orientations; the method is deemed satisfactory, otherwise,
the orientation that results in the highest value of the performance indicator is marked as the

orientation that leads to the worst performance.

Brick cladding Stucco cladding
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Figure 3.12: Maximum mould index with default orientations from different methods and

simulations for (a) brick veneer wall and (b) stucco cladding wall

Figure 3.12 (a) shows the maximum mould index values obtained with default orientations
suggested by different methods along with the one having the highest value of maximum mould
index based on simulations for a brick cladding wall. It was observed that for all the cities, except
for Ottawa, the worst performance occurs in the default orientation suggested by one of the

investigated methods. For Ottawa, although the worst performance occurred in the north (different
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from default by any method), the value of the maximum mould index in the north and default
orientation was similar. In general, it was observed that the default orientation suggested by the
ASHRAE method results in the worst performance when simulations are performed, meaning that
the orientation selected using the ASHRAE method can be used to analyze the worst-case scenario.
Figure 3.12 (b) shows the same results as were presented for the brick cladding wall, but for the
stucco cladding wall. Similar to the results with the brick cladding, the worst performance
occurred in one of the default orientations except for Ottawa. However, the difference in the
maximum mould index remained small amongst orientations selected using different selection
methods and the simulation results. Further, the ASHRAE method was consistent in terms of

leading to the wall orientation resulting in the worst performance.

To analyze the wall performance, it is essential to select the worst wall orientation to quantify the
maximum risk. Based on the above-mentioned analysis, it was found that the ASHRAE method
results in an orientation that also leads to the worst performance when simulations are performed
and hence it is recommended to select the wall orientation for the hygrothermal analysis. Further,
to assess the moisture risk of walls, it is essential to perform the hygrothermal analysis under the
given climate period. However, many factors can significantly influence the analysis. In other
words, the moisture risk for a given city and a given wall configuration might not be the same for
any other city and wall configuration. To solve this, the thesis focused on selecting a few cities
that are representative of different climate zones across Canada. Further, for the analysis, the two
most commonly used wall configurations i.e., brick veneer cladding and stucco cladding wood
frame walls were investigated in this work. In terms of climate periods, the work was limited only
to historical (1986-2016) and future periods (2062-2092) i.e., when the global temperature is
supposed to increase by 3.5°. Finally, the projected future climate data is prone to uncertainties,
and hence to incorporate this, 15 climate data realizations are available. This study focused on
only one realization which is supposed to have a median value of Moisture Index (MI). Further,
to evaluate the uncertainties in the projected climate data, remaining climate realizations were
tested in the later stages of the work.

In the following chapter, a detailed description is provided to discuss the methods used to evaluate
the reliability of existing climate-based indices along with their corresponding results. The steps
involved in developing the new climate-based index and the corresponding results are discussed

in subsequent chapters.
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Chapter 4 Evaluating the reliability of existing climate-based indices

The content of this chapter is published in the journal paper “Aggarwal, C., Ge, H., Defo, M., &
Lacasse, M. A. (2022). Reliability of Moisture Reference Year (MRY ) selection methods for
hygrothermal performance analysis of wood-frame walls under historical and future climates”.
Building and Environment, 207(PA), 108513. https://doi.org/10.1016/j.buildenv.2021.108513.
The abstract and introduction from the originally published paper is not included in this chapter
and to avoid the repetition, the wall assemblies, climate-based index, model settings, etc. included
in the originally published paper are excluded since these are already provided in Chapter 3

"Methodology".
Methodology

The modeled building was assumed to be a 3.5-storey structure located in a suburban setting. A
lightweight wood frame wall assembly with brick veneer cladding and incorporating an air space
behind the cladding was simulated with an assumption that there was no air leakage. Three cities
representing three different climates across Canada were chosen: Ottawa (ON), Vancouver (BC),
and Calgary (AB). One-dimensional section through the insulation of the wood-frame wall was
simulated. The water infiltration through the cladding as the moisture source was assumed to be
1% of the WDR and applied to the exterior side of the sheathing membrane. Further details can
be found in Chapter 3.

There are several methods to rank the years based on their moisture severity. However, the
reliability of these methods remains questionable; for example, will the worst year as per the
climate-based index result in the worst moisture risk, is the question that needs to be answered.
This section focuses on evaluating the reliability of the existing climate-based indices in assessing

the moisture risk of different years.
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Figure 4.1: Flow chart describing the methodology followed to assess the reliability of existing

climate-based indices

To gauge the potential of climate-based indices commonly used to rank the years, different
approaches were used. Response-based indices (results from simulations) were evaluated, and the
results are compared with the existing climate-based indices. Later, if any of the existing climate-
based indices are deemed to be robust, then a procedure is developed to select MRY. The
framework for evaluating the reliability of existing climate-based indices is illustrated in Figure

4.1.

To quantify the moisture risk, damage criteria and performance indicators are required. These
performance indicators are computed at the critical wall layers and are further used as response-
based indices. Mould Index, Moisture content, and RHT Index were used as response-based
indices. Except for moisture content, the other two indices are not directly outputted from Delphin,
and post-processing is required to obtain them. Accumulated moisture content in the entire OSB
layer was calculated. While, for mould index and RHT index calculation, temperature, and relative
humidity at the exterior layer of OSB (0.1 mm thick) were evaluated. In this present analysis, 5
performance indicators were used which include 3 variants of mould index along with moisture
content and RHT index. Details of these indicators are given below:

1. Mould Index
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The hourly Mol was calculated using hourly temperature and relative humidity outputted from the
simulations. Later, three statistics of Mol i.e., maximum Mol, average Mol, and dMI was used as
response-based indices. The maximum and average values of Mol were selected for each year for
comparison. The higher the value for Mol, the higher the moisture damage risk. dMI is defined as
the summation of the deviation of hourly Mol from a threshold value, as shown in equation (4-1).

A threshold value of 3 was used in this study because above 3, mould growth can be visually seen.
dMI = Z(MOI —3) 4-1)

Only the hours with Mol greater than 3, i.e., positive hourly values, were counted, and Mol less
than 3, i.e., negative values were set to zero. It should be noted here that the simulated mould index
using DELPHIN was used throughout this thesis for performance analysis. The mould from
simulation was earlier validated (Wang et al., 2018) with measurement results and hence in this

study, only simulated mould index was used.

2. RHT Index

The RHT index was calculated using the following equation:

RHT = Z(T —T,)(RH — RH,) (4-2)

Where, T and RH represent the temperature and relative humidity, respectively, on the surface of
OSB. T, and RH;, are the limiting values of temperature and RH, above which there is a risk of
the onset of mould growth. In this work, the values for T, and RH; were chosen as 5°C and 80%,

respectively.

3. Mean value of MC above 16% dry mass (MCie)
MCis 1s calculated as the summation of the deviation of MC (in kg) in OSB from the 16% dry
mass threshold in kg (Equation (4-3)). A 16% MC in OSB corresponds to the equilibrium moisture
content (EMC) at about 80% RH and 21°C temperature (Service, 2005), above which there could
be moisture problems. For an 11-mm thick OSB panel with a 1m? area, having a density of 600
kg/m>, the dry mass is 6.6 kg. A 16% MC in OSB, which is 1.056 kg (16% of 6.6), is subtracted
from the hourly MC in the OSB sheathing and the yearly average is then taken (Equation (4-3)).

49



MC16 — ln=1 MChourly —1.056 (4-3)

n

Where, MChoury 1s the hourly MC (kg) in OSB, and n is the total number of hours in a year (8760).

4.1. MC and mould index profiles

To better understand the results and correlation between response-based and climate-based
indices, the variation of MC (Figure 4.2) and mould index (Figure 4.3) in the OSB layer located

towards the exterior side of the panel were analyzed throughout the year.
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Figure 4.2: MC profile of OSB sheathing for brick cladding facing north orientation for 3 cities
under 2 climate periods (Ott: Ottawa, Van: Vancouver, Cal: Calgary, H: Historical, F: Future,
Br: Brick, N: North)

Figure 4.2 shows the MC (in % of dry mass) in the OSB layer for brick veneer cladding facing
north orientation in the three cities under historical and future periods. It was observed that for

Ottawa and Calgary, the MC remained almost constant in the first four months (winter) and it
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started to increase in spring. Depending on the climate loads corresponding to a given year, the
MC either increased or decreased by the end of the year compared to the initial MC. Moreover, in
terms of the spread of MC from the historical to a future period, a greater spread was observed for
the future period due to more climate variability in future weather data. Vancouver showed a
different trend in comparison to the other two cities. MC in OSB in Vancouver remained
significantly low due to the extremely low amount of WDR impinging on the north-facing wall.
In terms of climate period, there was a more significant decline in the MC, i.e. drying during the

spring and summer time, for the historical period than in the future.
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Figure 4.3: Mould index profile of OSB sheathing for brick cladding facing north orientation for
3 cities under 2 climate periods (Ott: Ottawa, Van: Vancouver, Cal: Calgary, H: Historical, F':
Future, Br: Brick, N: North)

Figure 4.3 shows Mol results for the same wall. Except for Vancouver, Mol increases to a certain

level and then stabilized for the rest of the year. For Ottawa, the range of Mol for historical climate
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(maximum Mol: 1.3-5) was larger than the corresponding values for future climate (maximum
Mol: 2.2-4.9). On the other hand, the opposite trend was observed for Calgary. A similar trend
was observed between MC and Mol meaning that the year having the highest/lowest MC
corresponds to the same level when compared using Mol. For Vancouver, Mol increased in the
beginning, but then fall to zero. The reason behind the initial rise was because of the effect of
initial conditions, which provided favorable conditions for mould growth, but the lack of rain in

the north thereafter could not sustain the mould growth and hence the values fall to zero.
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Figure 4.4: MC and Mol profiles of OSB sheathing for brick cladding facing default orientation
(i.e. the prevailing WDR) for Vancouver

For a better assessment of the moisture risks in Vancouver, simulations were carried out and results
were plotted for brick veneer cladding facing the default orientation (Figure 4.4). The MC and
Mol showed a similar trend in terms of variation throughout the year. It was observed that from
January 1 until the spring, Mol continuously increased because of favorable conditions of
temperature and moisture. During summer, owing to drying conditions, MC decreases
significantly and Mol decreases only slightly before both start to increase during the fall season.
A similar trend was observed irrespective of the climate period. However, it can be noted that the
Mol had a greater spread for the future due to more climate variability. As shown in Figure 4.3

and Figure 4.4, Mol sustained at a particular value for most of the years at the end of simulations,
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and hence the maximum Mol as a performance indicator could be used when comparing the
severity of a particular year with another. The results obtained with default orientation in Ottawa
and Calgary showed a similar trend as in the north i.e., Mol increased after a certain time and then
stabilized along with a slightly higher spread of data in the future. Similar to brick veneer cladding,

results for stucco cladding wall showed a similar pattern.

In summary, it was never apparent that Mol and MC reached a peak over a short period of time
and then declined, with the exception of Vancouver (north-facing wall); i.e., in most cases, it
stabilized. Therefore, both maximum and average Mol can be used as an index to rank the years

based on their severity.
4.2. Comparison between climate-based indices and response-based indices

In this section, results are discussed in two sub-sections. Section 4.2.1 discusses the results related
to the direct correlation between response-based and climate-based indices. The coefficient of
determination (R?) was used to determine the degree of correlation between the two indices.
Section 4.2.2 presents the results related to the ranking of years using the climate-based index and

simulation results.
4.2.1. Correlation method (Coefficient of determination)

A direct correlation between response-based and climate-based indices helps determine the
accuracy of predicting the hygrothermal responses using the climate-based index. The higher the
coefficient of determination, the more accurate the climate-based index is in predicting the
response-based index. The correlation among different response-based indices (Table 4.1) was

analyzed using the coefficient of determination.

The correlation among different indices was high for most of the cases with a few exceptions,
which indicates that hygrothermal response evaluation using these indices was consistent. In
general, the maximum Mol, average Mol, and RHT had a higher coefficient of determination, in
the range of 0.76 to 0.98 than with dMI and MCj¢, which was in the range of 0.64 to 0.98, with
the exception of Calgary historical period where the correlation between RHT and other indicators
was low (0.08 to 0.25). Missing values in the table indicate that the correlation cannot be

established because of zero values. A more in-depth analysis considering all the simulated cases
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showed that the maximum Mol correlated slightly better with other indices and hence was used as

the sole response-based index for further analysis in this work.

Table 4.1: Coefficient of determination (R’) among different response-based indices for all the

simulated cases for brick cladding facing north orientation

Historical Future

City Indicator  ppay,  Avg. Max.  Avg.
dMI  MCis RHT dMI MCis RHT
Mol Mol Mol Mol

Max. Mol 1.00 0.98 0.77 091 0.90 1.00 090  0.82 0.93 0.87

Avg. Mol 1.00  0.76 091 0.93 1.00  0.81 0.84 0.93

Ottawa dMI 1.00  0.95 0.64 1.00  0.88 0.75
MCis 1.00 0.80 1.00 0.85

RHT 1.00 1.00

Max. Mol 1.00 096  0.00 0.77 0.81 1.00 0.92 0.00  0.00 0.75

Avg. Mol 1.00  0.00 0.82 0.78 .00 0.00 0.00 0.78

Vancouver dMI -—- --- --- - --- --- -- ---
MCise 1.00 0.49 0.00 0.00
RHT 1.00 1.00

Max. Mol 1.00 0.87 097 097 0.09 1.00 0.98 0.91 0.96 0.94

Avg. Mol 1.00 0.94 0.86 0.25 1.00 0.89 0.93 0.95

Calgary dMI 1.00 0.97 0.15 1.00 0.97 0.86
MCis 1.00 0.08 1.00 0.90

RHT 1.00 1.00

Table 4.2 shows the coefficient of determination (R?) between the maximum Mol and various
climate-based indices for brick veneer and stucco cladding wall facing north and default
orientation. In general, the correlation between the maximum Mol and climate indices was not
particularly good, especially for the wall facing north in Vancouver. The maximum value for R?
was 0.79 using MI for the stucco wall facing the default orientation in Calgary for the historical

climate.
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Table 4.2: R’ between maximum Mol and climate-based indices for brick veneer cladding facing
north & default, and stucco facing default orientation for 3 cities for the two periods (Highest is

marked in bold for each case)

Historical Future
City Cladding Orientation

CI WDR MI Lsev CI WDR MI Lsev
North 0.47 0.42 0.64 0.57 0.20 0.72 0.25 0.74

Brick
Ottawa Default 0.54 0.51 0.08 0.06 0.62 0.64 0.35 0.28
Stucco Default 0.45 0.39 0.10 0.01 0.63 0.59 0.49 0.27
North 0.00 0.00 0.01 0.00 0.20 0.00 0.01 0.19

Brick
Vancouver Default 0.36 0.31 0.37 0.00 0.48 0.52 0.20 0.01
Stucco Default 0.55 0.47 0.45 0.00 0.69 0.68 0.46 0.00
North 0.60 0.56 0.67 0.30 0.51 0.42 0.60 0.52

Brick
Calgary Default 0.62 0.57 0.74 0.38 0.51 0.42 0.61 0.52
Stucco Default 0.67 0.57 0.79 0.40 0.56 0.47 0.71 0.52

For the north-facing walls, among all the climate-based indices, MI, led to the highest value for
R? for most of the cases, except for Ottawa for the future climate, where Isey resulted in the highest
R?. Apart from MI, CI also showed a good correlation with all response-based indices with the

exception of the north-facing wall in Vancouver.

In terms of cities, the correlation remained poor for Vancouver (for north) irrespective of the
selection of a climate-based index. The reason attributed to this observation is the low amount of
WDR in the north orientation for Vancouver, which led to much lower MC and Mol as shown in
Figure 4 and Figure 5. For Ottawa and Calgary, the correlation remained significantly higher than
that for Vancouver. In terms of climate period, a consistent trend was not found. For Calgary,
except for Ly, correlation decreased for all other indices under future climate. For Ottawa,
correlation is improved for WDR and Isev, but it remained lower for CI and MI. For walls facing
the default orientation, the results showed that the best correlation was usually found with CI and
MI. The R? for Vancouver in the default orientation was significantly improved, in the range of
0.2-0.52 and 0.45-0.69 for brick veneer and stucco cladding respectively, which is comparable to
Ottawa and Calgary except for Lsev.
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The correlation between climate-based indices and hygrothermal response remained weak and no
consistent pattern was observed. In terms of cities, for Ottawa, the correlation remained similar
irrespective of the orientation and cladding type for all the indices except MI. For Vancouver,
results for the north-facing wall remained poor and were significantly improved for the default
orientation, and the stucco wall had a slightly better correlation coefficient than the brick wall in
the default orientation. For Calgary, the results showed the least variation between cladding types
and wall orientations. The default orientation (NNW) being quite close to the north could explain
this trend for Calgary. In terms of climate period, the correlation usually increased in the future

for Ottawa and Vancouver, however, it remained slightly lower in the future for Calgary.
4.2.2. Ranking methods

The analysis presented in section 4.2.1 shows that the correlation between the response-based
index and climate-based indices is generally weak. How well the climate-based index performs in
ranking the years in terms of moisture severity is the question investigated in this section. A
climate-based index would be effective if it could provide a similar ranking of years as obtained
from simulation results. Three different methods of evaluating the ranking of years were

investigated and the details are discussed in the following sections.
4.2.2.1.Number of matching years

The analysis was based on the total number of matching years in the ranking obtained using a
response-based and a climate-based index. A match is considered if the year ranked using a
climate-based index is at the same position as that using a response-based index based on the
decreasing severity. The total number of matches was counted for each response-based and
climate-based index. The higher the number of matches by a climate-based index, the better the

method is in providing the correct ranking of the years.

Figure 4.5 shows the number of matching years for brick veneer cladding facing north for three
cities and two climate periods. The number of matching years remained low for Vancouver (1 to
3) in the north because of the low WDR load and Mol. The number of matching years was higher
for Ottawa and Calgary with a maximum matching years of 7 out of a total of 31. For Ottawa, CI
or Isey usually gave the highest number of matches and for Calgary, CI or annual WDR usually led
to the highest number of matches under historical climate. Except for Vancouver, the number of

matching years increases (with the maximum Mol as the response-based index) for future climate
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using CI as the climate-based index. A similar trend was observed with WDR and Isev, with the
exception of future results in Calgary. With other response-based indices, a general trend was not
found but the results were better for future weather for Ottawa while the opposite was true for
Calgary. A similar analysis was made for brick veneer and stucco cladding walls facing the default
orientation. For the default orientation, CI or MI generally led to the maximum number of matches
for all three cities with the highest being 8 matches out of 31 and an average of about 4 matches
for most of the indices. For Vancouver, results were better for the default orientation than the north

with an average of at least 3 matches for each of the indices evaluated.
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Figure 4.5: Number of matches between the response-based indices and climate-based indices

for brick cladding wall facing the north orientation

A further analysis was performed to calculate the total number of times a climate-based index
matches with any of the response-based indices. Isev Was used only for the simulations considering
the north orientation. CI led to the highest number of total matching years considering all the 5
response-based indices followed by MI. By considering only the cases where the wall was facing

north, the total number of matching years remained higher for the CI followed by MI and Isev.
4.2.2.2.Ranking correlation method

In this section, the correlation in the ranking of years based on Mol (response-based index) and
various climate-based indices was further analyzed. The maximum Mol obtained from the actual

simulation results was ranked in descending order and these values were compared with the
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maximum Mol of the year ranked based on climate-based indices. Figure 8 shows the scatter plot
of the maximum Mol based on the ranking of years obtained using simulation results and those
obtained from the ranking using various climate-based indices for brick cladding wall facing the
north in Calgary. For example, the 3™ year based on simulation results is year 1999 which has a
maximum Mol of 4.68 whereas, for ranking based on CI (Figure 4.6(a)), the 3™ year is the year
1994 which has a maximum Mol of 4.49. The data point falling on the 45-degree orange line
means an exact match between the two indices. A higher number of dots on the line means a

greater number of matched years between climate-based indices and simulation results.
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Figure 4.6: Correlation between the maximum Mol when arranged in descending order based
on different climate-based indices and simulation results for brick cladding wall facing north in
Calgary under historical period. n: number of matching years, R’: Coefficient of determination,

RMSE (all): RMSE considering 31 years, RMSE (3): RMSE considering only the top 3 years
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To compare the performance of different climate-based indices, root mean square error (RMSE)

was calculated using equation (4-4).

RMSE = (4-4)

Where, x: predicted values; y: actual values; N: number of observations

Two different approaches were evaluated using this method. Firstly, all 31 years were used to
compute the RMSE (RMSE (all)) and the results indicate the reliability of the climate-based index
in predicting the same ranking as simulations. Secondly, the RMSE was computed using only the
top 3 years (RMSE (3)), for the 10 percentile of 31 years given that the 10 percentile is sometimes
used as the MRY. A lower RMSE(3) means a better performance of the climate-based index in
selecting the MRY corresponding to the 10 percentile. The number of matching years (n), RMSE
(all) for all years, and RMSE (3) for the top three years are given in Figure 4.6. For the cases
shown in Figure 4.6, the least RMSE (all) was observed when using CI and MI as the climate-
based index to rank the years. Three-year ranking performance was better than all-year ranking

for all indices, indicated by a lower RMSE (3) compared to RMSE (all).

In general, for most of the simulated cases, ranking based on CI led to the least RMSE (all)
meaning that CI ranks the year in an order that is closest to the actual ranking based on simulations.
For walls facing the default orientation, irrespective of the cladding type, CI led to the lowest
RMSE for both top-3-year and 31-year ranking. Like Calgary, similar observations were found
for Ottawa. For Vancouver, results for the default orientation showed that irrespective of climate
period or cladding type, CI resulted in the least RMSE (3). In general, the overall analysis led to
the conclusion that although the ranking may not be the same, the year predicted by CI was among

the three worst-performing years.
4.2.2.3.Goodness-of-fit Approach (Salonvaara et al. 2010)

This approach was suggested by (Salonvaara et al., 2010) and was used to compare the goodness-
of-fit in picking the years with the highest value of the performance indicator. The method includes

the following steps:

1. Rank the years in decreasing order using the performance indicator from simulations.

2. Normalize the performance indicator to have a range of 0%—100%.
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3. Take the top three years as selected by a climate-based index and find the corresponding
normalized performance indicator as given by the simulation results.

4. Calculate the average of the normalized performance indicator for the three years.

5. Compare the average normalized performance indicator of the years picked by the climate-
based indices. Find out which method picks three years with the highest performance
indicator values.

The above-mentioned approach was slightly modified by comparing the average value of the
normalized performance indicator (NV) with the corresponding mean value of the three first
normalized performance indicators from the simulation results (actual value) and the ratio in the
percentage of these two values, i.e. NV divided by the “actual value”. The higher the ratio, the
better the performance of the climate-based index in ranking the years. The analysis was made
using all the response-based indices for brick veneer and stucco cladding. The trend was found to
be similar for all response-based indices for both claddings and hence only the results obtained
using the maximum Mol for brick cladding wall are discussed here.Table 4.3 lists the ratio of
normalized maximum Mol for all simulated cases for brick cladding facing the north and default
orientation. The number in the bracket indicates the number of matching years between the actual
simulation results and as predicted by the climate-based index. A match is considered if the year
predicted by the climate-based index also appears in the top 3 worst years from the simulation
results i.e., the order of the ranking within the top three years was not considered. For north-facing
walls, for most of the cases, the highest values of ratio were obtained for MI and Isey. For Calgary,
although CI did not lead to the highest ratio, its performance was comparable to MI and Lsev. A
good agreement was found between the actual simulation results and MI with 2 matching years
and a high average normalized value. The values remained particularly low in Vancouver because
of an extremely low amount of WDR in the north orientation. For Ottawa, Isev resulted in the

highest ratio for both historical and future climates.

For walls facing default orientation, similar results were obtained. MI generally had the highest
average normalized value whereas CI or WDR generally led to the second-highest normalized
average values. Lsv, determined only for north-facing walls, was also evaluated in this analysis.
The overall results were slightly less promising than those for the north-facing wall, but they were
still considerably high. NV for Vancouver in the default orientation increased considerably for all

the indices, especially for CI. In general, like north facing wall, MI still performed the best among
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all indices for most of the cases, however, the improvement in NV (when changing orientation) is
lower than the improvement observed in CI. Isey on the other hand has the least correlation for both

claddings.

Table 4.3: Normalized value (Average max. mould index for the top three years based on index,
NVin %) and Ratio of NV (NV divided by the actual average max. mould index from simulations
in %) for various climate-based indices for brick cladding facing the north and default
orientation (the highest values are marked in bold for each case and number of matching years

in bracket)

Cl WDR MI Isev
City Climate  Orientation  Actual
NV Ratio NV Ratio NV Ratio NV Ratio
North 93.7 68.7 733(1) 687 733(1) 781 834(1) 850 90.8(1)
Historical
Default 95.5 723  758(©) 720 754(0) 89.7 94.0(0) 875 91.7(0)
Ottawa
North 95.5 547 573() 547 573(1) 881 921(2) 881 92.1(2)
Future
Default 98.7 85.6 86.7(1) 813 823(1) 912 924@1) 813 823(1)
North 98.3 409 416(0) 409 41.6(0) 684 69.6(1) 319 325(0)
Historical
Default 97.0 71.6  73.8(1) 694 71.50) 768 791(1) 506 52.1(0)
Vancouver
North 90.4 325 36.0(00) 325 360(0) 317 350(0) 546 60.4(0)
Future
Default 93.8 88.9 94.7(2) 829 883(1) 87.0 927(1) 81.6 86.9(1)
North 98.6 909 922(1) 909 922(1) 944 9572) 909 922(1)
Historical
Default 98.1 92.0 93.7(1) 920 93.7(1) 953 971(2) 92.0 93.7(1)
Calgary
North 97.5 923 94.6(2) 923 946(1) 875 89.7(1) 923 94.6(1)
Future
Default 95.7 909 949((2) 915 956(2) 867 905(1) 915 956(2)

All the investigated ranking methods led to a similar conclusion. CI and MI generally led to a
better correlation i.e., a higher number of matches, lower RMSE, and higher NV. I performed
fairly well for the north-facing walls and to some extent for the default orientation too when using
the goodness-of-fit approach. The choice of method depends on the desired output. If the final
outcome is to observe the actual order of ranking, the number of matching years is a good method.

If the aim is to analyze the severity of the top 10% percentile year (for the purpose of MRY
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selection), goodness-of-fit might be a good option as it provides a good estimate of the years based
on climate-based index and simulations. The ranking correlation method provides information on
the performance of climate-based indices in ranking the severity of years that may lead to potential
moisture damage by quantifying the RMSE in addition to counting the number of matching years,
which provides information that can be obtained from both the “matching year method” and

“Salonvaara method”.

4.3. Discussion on Isey

The Severity Index (Isev) is @ method proposed in ASHRAE 160. The equation was developed
using training dataset from 8 different cities across the USA and the limiting conditions of
temperature and RH were set as 70% and 0°C , respectively. The developed regression model was
tested for one Canadian city (Winnipeg in Manitoba) and one European city (Holzkirchen in
Germany) as well and it showed consistent results according to Salonvaara et al., (2010). However,
the analysis in the previous section showed that the original Isy model didn’t perform well,
especially for Vancouver. One of the reasons could be that in this study 1% moisture source was

assumed while the original Isey model was developed for the stucco-wall without rain leakage.

15000 Ottawa = 8000 Vancouver =2 -20000 Calgary
L v oo V& = al
12000 Y 6000 ki Sl SRR 8000 =
. 9000 sB % J , 6000 8
] i 3 4000 z s,
= 5000 =3 = = 4000 o
id 2000 1
3000 ; s
R?=0.39 ./ R =014 00| - R?=0.05
0 < 0 < 0 ~ :
0 3000 6000 9000 12000 15000 0 2000 4000 6000 8000 O 2000 4000 6000 8000 10000
RHT70 (0) RHT70 (0) RHT70 (0)

(a) (b) (c)

Figure 4 7: Ly (climate-based index) and RHT70(0) (response-based index) for stucco clad wall

facing the north in three cities assuming no rain leakage over the historical 3 1-year period

To verify this assumption, a stucco cladding wall facing the north was simulated for the three cities
assuming no rain leakage under the historical climate. As shown in Figure 4 7, Isev is higher than
RHT70(0) from simulations (except Calgary) with the same wall configuration under the same
moisture loading as originally used in the model. Here, RHT70(0) is the RHT index calculated
based on the temperature and relative humidity in the exterior sheathing over time when values of
0°C and 70% are used as threshold for temperature and relative humidity respectively. These

values are same as those used in the development of Isey. For Ottawa, for most of the years (25 out
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of 31), Lsev overpredicted the RHT70(0) meaning that the model depicted the years as more severe
than they actually are. For Vancouver, the difference was more significant with Isy being about
1.5 to 3.5 times greater than RHT70(0). The abnormally lower value of RHT70(0) obtained from
simulations is because of a very small amount of WDR in the north direction in Vancouver.
Finally, for Calgary, unlike other two cities, Isev mostly (23 out of 31 times) underpredicted the
RHT70(0). This shows that the original Iy is not applicable for the three Canadian cities used in
the study.

A temperature of 5°C and RH of 80% are typically considered as the limiting conditions for mould
growth (Viitanen et al., 1991; Viitanen et al., 2007; Viitanen et al., 2011). Therefore, both
RHT70(0) and RHT80(5) were calculated for the brick veneer cladding wall studied in this paper
for the three cities under both historical and future years. The RHT index calculated based on
simulations are compared with Isev. As shown in Figure 10(a), Isev matches better with the actual
RHT70(0) obtained from simulations for Ottawa and Calgary. For Vancouver, lsy is significantly
higher than RHT70(0) from simulations because of the low WDR in north orientation. Obviously,
with more severe conditions, i.e., 80% RH and 5°C for temperature, discrepancy becomes greater.
This can explain the weak correlation between Isev and RHT index and mould index presented in

section 4.2.1, which has the mould growth limiting conditions as 80% RH at 5°C.

20000 20000
15000 15000
s "y z
0
R 10000 s ™ & 10000
T gl T
= % o
5000 L 5000 T e gL s
ey o+ heet %
" . Yiwl P T e fb
di b e & L a i - N
0 5000 10000 15000 20000 0 5000 10000 15000 20000
Isev Isev
* Ottawa * Vancouver ¢ Calgary ----45degree line « Ottawa * Vancouver o Calgary - 45 degree line
(a) (b)

Figure 4.8: Scatter plot of Isev with RHT calculated with limiting conditions of temperature and
relative humidity as (a) 0°C and 70% (b) 5°C and 80% respectively (combined result for 3 cities

and 2 climate periods with 31 years each i.e., 62 points for each city)
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The original regression model was generated assuming the worst performance in north orientation.
However, for cities such as Vancouver where WDR is minimal in the north orientation, model
failed to predict the performance. Furthermore, the regression model was developed assuming the
wall structure to be completely flawless i.e., no rain penetration through the external cladding.
However, to have a more realistic representation of moisture loads, 1% of rain leakage was
assumed to be present on the exterior side of the sheathing membrane in all the simulations. The
additional rain load used in the simulations could also contribute to the lower correlation between

the performance indicator and Isey.

4.4. Conclusions
A correlation analysis between the performance, i.e. hygrothermal response, and the climate-based
indices, i.e. climatic loads, provides a base to understand the reliability of these indices in assessing

the moisture risks of walls. In this study, two approaches were used to evaluate this correlation.
The main findings are as follows:
e Correlation between response-based and climate-based indices

o The correlation between climate-based indices and hygrothermal response was
generally weak, with R? in the range of 0-0.79. Among all climate-based indices, CI

and MI had a better correlation with response-based indices.

o The correlation remained poor for Vancouver due to the low WDR in north orientation,
with R? in the range of 0-0.2 for a north-facing wall. Significant improvement was
achieved for the prevailing WDR direction with R? ranging from 0.2-0.69 (excluding
Lsev).

o The correlation varied for different cities, wall types and climate periods. For cities
like Ottawa and Calgary, the change in climate-based indices under future climate was

consistent with change in the maximum Mol.
e Ranking Analysis

o Among the three methods used, the choice of response-based index did not change the
ranking greatly and usually the maximum Mol led to the slightly better results (higher
matches, lower RMSE and higher NV) for most of the cases.
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o When using climate-based indices to rank the years, for most of the cases, the accuracy

in ranking all years was low with some improvement in ranking the first 3-year

o The number of matching years remained small for all the climate-based indices with

the highest being 7 out of 31 using MI.

Using the ranking correlation method, CI in general led to a higher number of matching years, a
lower RMSE for both 3-year and all years. The RMSE for 3-year ranking was lower than the
RMSE for all-year ranking for all climate-based indices except for Isev with walls facing the default

orientation.

e Using the goodness-of-fit approach, MI usually led to the highest normalized value (NV)
followed by CI for most of the cases. The moisture severity of the first three worst years
selected by climate-based index was similar to that of the first three worst years selected
based on simulations for cases where the wall orientation is close to the north, except for
Vancouver, although the ranking accuracy (indicated by number of matching years) was

generally not very high.

o Iy is proposed in ASHRAE 160 for evaluating the severity of the years. However, for
different wall configurations under different moisture loads, it failed to predict the correct
ranking. Also, for the three investigated Canadian cities, it didn’t perform well even for

the same wall configuration and moisture load used in its development.

Analysis in this paper showed that the existing climate-based indices do not show reliability and
consistency in ranking the severity of weather years when compared to simulation results.
Climate-based indices taking into account more climatic parameters perform better and their
performance is influenced by the type of wall constructions, moisture loads and climatic
characteristics. Therefore, to assess the moisture risks of building envelope assemblies under
future climates, a more reliable climate-based index is needed to better correlate response-based
indices with climate-based indices for typical Canadian climates. The future work will include the
development of a method to generate climate-based index specific to a cluster of Canadian
climates, wall constructions under different loading conditions, i.e., rain penetration, air leakage,
etc. For each cluster, the climate-based index will be calculated and correlated with the response-

based index to assess the moisture risks for future climate.
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Chapter 5 Developing the new index based on PLS modeling

The content of this chapter is published in the journal paper. “C. Aggarwal, H. Ge, M. Defo, and
M. A. Lacasse, “Hygrothermal performance assessment of wood frame walls under historical and
future climates using partial least squares regression,” Build. Environ., vol. 223, no. May, p.
109501, 2022, doi: 10.1016/j.buildenv.2022.109501.” The abstract and introduction from the
originally published paper is not included in this chapter and to avoid the repetition, the wall
assemblies, boundary conditions, model settings, etc. included in the originally published paper

are excluded since these are already provided in Chapter 3 "Methodology".

The modeled building was assumed to be a 3.5-storey residential building located in a suburban
setting. A lightweight wood-frame wall assembly with brick veneer cladding with air space behind
the cladding was simulated, assuming no air leakage. To cover different climate zones, three cities
i.e., Ottawa, Vancouver, and St. John’s belonging to different climate zones across Canada were
selected. Ottawa is in the eastern region of Canada and represents cold and dry winter conditions.
Vancouver is located in the western coast of Canada and receives high rainfall and has mild winter
weather. St. John’s is located in the eastern coast of Canada and receives high rainfall, along with
windy and cold winter weather. To predict the wall performance, an index based on climate
parameters was developed. For this study, an index was developed based on responses

(construction-dependent) and then correlated with climatic parameters.
Overview

In most engineering problems, there are many variables/parameters (inputs) that are often used to
explain or predict response variables (output). Often, input parameters are correlated with response
variables using multiple linear regression (MLR) to turn the data into useful information and later
make the prediction when new input parameters become available. In other words, in MLR a direct
“least squares” regression is performed between the response and the input matrix. MLR model
equation is usually a straight-line equation correlating the input parameters with the response
variable. The limitation associated with MLR is that this procedure works well when the input
parameters are few in number and the addition of more parameters makes this technique less
efficient. In general, for regression analysis, the problem associated with the addition of more

parameters is called overfitting of the data meaning that with more variables, the model is likely
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to fit the sampled data in a precise manner, but it would not be able to predict the response with
new data with good accuracy. In such cases, although there are many variables in the model, they
are likely to be highly collinear and there may be only a few among those variables that account

for most of the variation in the response variable.

To deal with many input variables and their associated collinearity, Partial Least Squares (PLS)
regression is often used. It has been frequently used for predicting the response with multicollinear
data. This strategy has proved to be efficient with its good prediction ability (Martens et al., 1992;
Wold et al., 1982). It is a dimensionality-reduction method that aims to transform a large set of
variables into a smaller set while maintaining most of the information. It projects the information
contained in a larger set to a smaller set of latent variables called factors. A certain portion of the
total content is explained by each factor with the first factor explaining the greatest amount of
information. Each subsequent factor explains in order, less information than the previous one. It
models both the X (inputs) and Y (output) matrices simultaneously to find the latent variables in

X that will best predict the latent variables in Y.

A PLS model is a mathematical equation relating the input parameters with the response variable
with each input parameter having a certain coefficient. The coefficients are determined based on
a set of input-output combinations. A limited set of these combinations is used, and this data is
referred to as training data for the model. Using this training set, a PLS regression equation is
generated and is further used for a new set of input data to obtain a predicted response variable. In
general, the more representative the training data is, the better the model is in its prediction.
However, this is not always true, and the training data might fit very well but the model fails to

predict well for future test values.

5.1. PLS scores and loadings

PLS scores are the sample coordinates along the model components in the new X-Y space. The
scores describe the data structure in terms of sample patterns and show sample differences or
similarities. PLS scores are further classified into T-scores and U-scores. T-scores are the
transformed coordinated of data points in X-space and are computed in such a way that it consists
mainly that part of X which is most predictive of Y. U-scores on the other hand consists of that
part of the structure of Y which is explained by X along a given factor. PLS loadings express how

each of the X and Y variables is related to the model component summarized by the T-scores. Like
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PLS scores, PLS loadings are of two types. P-loadings; it shows the contribution of each of the X-
variable to a specific model component. Q-loadings on the other hand represent the direct
relationship between the output (Y) and T-scores. The overall goal of PLS regression is to use the
factors to predict the response. To do so, T and U scores are extracted from the sampled factors
and responses respectively. Later, T scores are used to predict U scores, and then the predicted Y-
scores are used to construct predictions for the responses.

5.2. Selection of most significant variables

In any regression model with many input parameters, not all of the parameters are important for
calculating the response variable. Given this, it is important to identify the variables which have
the most significant impact on the output. To select the most influential variables, different
approaches have been proposed in the literature (Centner et al., 1996; Hoskuldsson, 2001;
Andersen et al., 2010; Mehmood et al., 2012; Zerzucha et al., 2012). In this study, the variable
selection was based on the relative importance of regression coefficients in the regression model,
and jack-knifing procedure (Martens et al., 2000; Westad et al., 2000; Anderssen et al., 2006) was
used. During the cross-validation process in the regression model, each variable is kept out in turn
from the model. Later, the uncertainty variance of PLS model coefficients was calculated using

equation (5-1).

M
(B) = ) (B~ Bp)’g (51
m=1
Where,
6%(B): estimated uncertainty variance of B
B: the regression coefficient using all variables
Bum: the regression coefficient using all variables except the variable left out
g: scaling coefficient

Student’s t-test (Ruiz et al., 2013) is performed for each element in B relative to the square root
of its estimated uncertainty variance 6*(B), giving the significance level for each parameter useful

to find in which components the Y-variables are modeled with statistical relevance.
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Further, for developing the PLS regression, the model requires climate data for different cities.
Developing a unique model for each city is not an efficient process and hence various cities are
grouped together in such a way that cities with similar weather characteristics constitute a single
model. Similarly, for the development of an efficient model, the choice of climate variables and

training set plays an important role.
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Figure 5.1: Process flow chart for Climate-Based Index development using PLS regression

Figure 5.1 shows the process flow chart for developing the climate-based index using PLS
regression. The details of each of the parameters used for the training and test set are provided in

the following subsections:

Cities

The climate data was available for 12 cities across different climate zones in Canada. According
to the National Energy Code of Canada for Buildings, there are five climate zones across Canada
based on heating degree days (NECB). Three cities i.e., Ottawa, Vancouver, and St. John’s in three
different regions across Canada were selected to represent climate zones 4 and 6. Ottawa is in the

eastern region of Canada and represents cold and dry winter conditions (zone 6). Vancouver is

located in the western coast of Canada and receives high rainfall and has mild winter weather
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(zone 4). St. John’s is located in the eastern coast of Canada and receives high rainfall, along with

windy and cold winter weather (zone 6).
Climate selection

For all 12 cities, modeled hourly climatic parameters were available for the baseline period
spanning from 1986 to 2016 and 31-year-long future periods, with different levels of global
warming with reference to the baseline period. In this study, the pessimistic scenario with a global
temperature rise of 3.5°C was selected and this scenario is expected to occur between 2062-2092.
Further, the climate datasets were generated incorporating the internal climate variability and the
effect of initial conditions used in the model hence each timeline comprises 15 realizations or runs.
Incorporating all 15 runs for the model development is not a viable option because; (a) the
simulation time will be huge and (b) a large amount of training dataset might lead to overfitting
of the model. To tackle this issue, for the preliminary analysis, the median run based on MI ranking

(as a representative of 15 runs) was chosen for simulations and hence the training dataset.

5.3. Selection of training dataset

For any model to be robust and efficient, it is of utmost importance that the training data used for
its development should be comprehensive. In other words, the model should be able to explain all
the variations in the data that could arise with the future input data. Different factors i.e., climate
scenario, wall orientation, and the number of years were tested for a particular city to select the
training set. For all the training sets, the goal was to be as general as possible meaning that the
training set is such that various test sets become a subset of it. The following approach was used

to select a representative training set:

5.3.1. Cities

Figure 5.2 shows the variability of temperature, RH, wind speed, and annual rainfall of the
historical and projected future climate data for the three cities based on the annual average data
for each year in the median run. In general, all three cities have different climate characteristics.
Vancouver is milder and rainier than Ottawa and St. John’s. St. John’s is the windiest and the most
humid among the three cities. Further, the cities vary significantly in terms of their climate
variation from historical to future period. Compared to average historical climatic conditions, an

increase of approximately 5°C in annual average dry-bulb air temperature was observed for all
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three cities under the future climate. From the historical to the future period, mean RH increases
by approximately 2% for Ottawa but remained similar for Vancouver and St. John’s. Wind speed
decreases slightly for all three cities in the future period. Finally, the annual rainfall increases by
approximately 15% from the historical to the future period for Ottawa and St. John’s but there is
a minimal change (less than 1%) in the rainfall for Vancouver. It should be noted that these

observations are based on the median run, and they are not representative of climate variation in

the full dataset.
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Figure 5.2: Climate characteristics of three cities (Ott: Ottawa, Van: Vancouver, Stj: St. John's,
H: Historical, F: Future)

5.3.2. Climate scenario
As observed in Figure 5.2, there is a significant variation between the historical and future climate
conditions except for RH and wind speed. However, to cover the entire range of data for other

variables, both climate scenarios were included in the training set.

5.3.3. Wall orientation
The impact of wall orientation on moisture performance was part of a few studies (Aggarwal et

al., 2021; Aggarwal et al., 2022) and it was found that wall orientation plays a critical role in the
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outcome. The training set should therefore comprise as many orientations as possible. However,
this would lead to large simulation efforts. Based on the extensive evaluation, a trade-off with 6
wall orientations was chosen for the training set to be representative of all orientations. These 6
orientations include 4 cardinal orientations i.e., North, East, South, and West along with the
orientations receiving the highest and the lowest amount of WDR called “highest” and “lowest”,
respectively. The WDR and maximum mould index were plotted for 16 wall orientations separated
by an interval of 22.5° and the results were compared with 6 wall orientations. Six orientations
could be used as a representative set of 16 orientations if the range of maximum mould index
considering all orientations is covered when using only 6 orientations. It should be noted here that
the variation of orientation is to represent a range of solar radiation and wind-driven rain received

on the facade, while other climate variables are not affected by varying orientations.

Figure 5.3 shows one typical example demonstrating the process of wall orientation selection for
the training dataset. The normalized (ratio with values with the maximum) annual WDR and
maximum mould index for 16 wall orientations were plotted with encircled orange points being
the results for the six selected orientations. It can be seen that the range of WDR and mould index
with 16 orientations was covered by the 6 orientations i.e., 4 cardinal orientations along with SW
as the highest and NW as the orientation with the lowest WDR. Therefore, to limit the number of

simulations, these 6 orientations were chosen for the training dataset.
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Figure 5.3: (a) Normalized WDR and (b) Normalized maximum mould index for all 16 and

selected 6 orientations for Ottawa

5.3.4. Number of years
Another important factor to consider in the training data is the number of years to be incorporated

from each climate scenario and orientation. Based on the trials, it was found that with 31 historical
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years and each year simulated with 6 wall orientations i.e., 186 training sets, close to 70% of
response variation (maximum mould index) was explained with a PLS model using 2 factors and
increasing the data points does not increase the explained variance much. A similar observation
was found with the future dataset. To cover both, historical and future data, 16 years from each
climate period were chosen making a total of 192 (16*6*2) points to obtain the same explained
variance. The 16 years were chosen in such a way that the range of the climate parameter values
in the selected years covers the entire range of all 31 years among the 6 wall orientations for both

climate periods.

5.4. Climate variables selection for model development

For the PLS model, the maximum mould index was used as a response variable. Five weather
parameters were used as the input variables. These weather parameters are temperature, relative
humidity, wind speed, wind-driven rain, and solar radiation normal to the wall surface. Initially,
for all the selected weather parameters, yearly average, yearly maximum, and yearly minimum
values were chosen for model development which gave a total of 15 variables. However, a yearly
minimum for wind-driven rain and solar radiation cannot be included in the model as these values
will always be zero. Similarly, for relative humidity, the yearly maximum is always 100% (or
close to that). Eliminating these variables, the final equation consists of 9 variables with 5 being
the yearly averages of hourly values, i.e. yearly average temperature, RH, wind speed, WDR, and
solar radiation normal to the fagade along with yearly minimum temperature, and yearly maximum

temperature, WDR, and solar radiation normal to the facade.

A PLS model was generated using the 9 variables. Using the jack-knifing procedure, it was
observed that only the yearly averages are the ones that explain most of the variation in the
response variable. Figure 5.4 shows the amount of y-variance explained and the corresponding
RMSE for maximum mould index with 9 variables in comparison to using 5 yearly average
variables for one typical case (Ottawa). As noted, the amount of explained variance was almost
constant beyond the 2 factors. Further, a comparison between the models with 9 variables and that
with only 5 yearly average variables showed that the amount of explained variance was similar
(close to 70%) for both models. Similarly, RMSE remained constant beyond 2 factors and the
magnitude was comparable for the model with all 9 variables and the model with only 5 average

variables. Hence, the final model was developed using 5 input parameters i.e., a yearly average of
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temperature, relative humidity, wind speed, wind-driven rain, and solar radiation normal to the
wall surface. Further, all the variables were standardized (zero mean and unit standard deviation)

before inputting them into the model.
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Figure 5.4: (a) Percent of y-variance explained and (b) RMSE of maximum mould index
considering all 9 variables and considering only average variables for Ottawa (Avg: Average,

Var: Variables)

For all the 5 input parameters, linear and square terms were considered for the model development
(Salonvaara et al., 2010) i.e., a total of 10 input variables. Later, based on jack-knifing procedure,
the model selects the variables that best explain the variation in the mould index. Figure 5.5
through Figure 5.7 shows the variables that are the most influential to the response for the three
cities. For all the cities, the variables highlighted in grey are the most influencing variables and
the ones highlighted in blue are the least influencing and hence discarded for the model
development. A 5% significance level was set i.e., the variables for which the uncertainty limits
cross the zero line do not impact the response variable much at the chosen level of significance.
Further, the higher the bar of a particular variable in grey, the greater the significance it holds. In
general, it was found that WDR plays a major role in explaining the response variable for all three
cities. This is understandable given the fact that no air leakage was assumed from the interior,
WDR is the main source of moisture since 1% of WDR was assumed on the exterior layer of the
sheathing membrane, which directly impacts the hygrothermal conditions of sheathing for the
mould growth. Therefore, the moisture source assumed makes WDR the most significant climate

variable influencing the mould growth risk.
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Figure 5.7: Weighted regression coefficients for St. John'’s with different input parameters (Sq:
Square)

The variables selected for each city were further tested and the results were compared with the
scenario wherein only the linear average input parameters were considered as inputs. It was
observed that based on the type of analysis, the variables selected by the model might not explain
the response well. In other words, a further investigation considering important variables and only
linear average variables was conducted and it was found that selecting the variables suggested by

the model does not always lead to the best prediction results.

Figure 5.8 shows a typical example where the results (actual vs predicted mould index) for two
test sets i.e., the historical climate of Ottawa and St. John’s, are illustrated. A comparison was
made between the results obtained when considering only 5 linear average variables “AvgVar”
and when considering the important variables as selected by the model “ImpVar”. As observed in
Figure 5.8, a better correlation was obtained between the actual and predicted results when only
linear average variables were considered for the model development (R* of 0.81 and 0.73
“AvgVar” and “ImpVar”, respectively). On the other hand, for St. John’s better results were
obtained with “ImpVar” with a higher R> when considering the model based on important
variables i.e., 0.89 for “ImpVar” in comparison to 0.78 for “AvgVar”. The comparison between

the “AvgVar” and “ImpVar” models using different ranking methods results in a similar
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conclusion i.e., better results with “Avg Var” and “Imp Var” models for Ottawa and St. John’s,
respectively. Based on these analyses, it was found that for Ottawa and Vancouver, keeping only
the linear average variables results in a better explanation of the response. Hence, further analysis
was made with model development based on the above-mentioned approach.
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Figure 5.8: Scatter plot results considering only linear average variables (AvgVar) and

important variables (ImpVar) for the historical climate of Ottawa and St. John's

5.5. Model Validation

Validating a model based on empirical data means checking how well the model will perform on
new data. Regression models are often used to do predictions for the test sets. The validation of
the model estimates the uncertainty of such unknown predictions. If the uncertainty is reasonably

low, the model can be considered valid.

There are different methods to estimate the model’s stability and predictive ability: test set
validation, cross-validation, and leverage correction. In this study, the cross-validation method

was used. In this method, the same samples are used both for model development and testing. A
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few samples are left out from the calibration data set and the model is calibrated on the remaining
data points. Then the values for the left-out samples are predicted and the prediction residuals are
computed. The process is repeated with another subset of the calibration set, and so on until every
object has been left out once; then all prediction residuals are combined to compute the validation
root mean square error of cross-validation (RMSECYV). Further, it is important to understand the
level of cross-validation that one requires for validation e.g., how many samples or groups of
samples to leave in one validation, etc. In the present study, full cross-validation was used which
involves leaving out only one sample at a time. The cross-validation results demonstrate the

reliability of the model.

Table 5.1: R’ and RMSE for calibration and validation for the three PLS models

City Case R? RMSE
Calibration 0.66 0.49
Ottawa
Validation 0.64 0.50
Calibration 0.92 0.34
Vancouver
Validation 0.92 0.35
Calibration 0.88 0.32
St. John’s
Validation 0.87 0.33

The calibration and validation results for the three models are shown in Table 5.1. It was observed
that the R? and RMSE for the calibration and cross-validation were found to be similar for the

three cities meaning that the model could be reliably used to predict performance on the new data.

5.6. PLS regression equation

Following the above-mentioned approach, the PLS model was developed for three cities and the

corresponding regression equations for each city are shown below (equations (5-2) through (5-4)):
Ottawa:

Mould = —13.77726 — 0.0421 * Tp,g + 13.8374 * RHgyy + 1.7442

5-2
* Speed g + 101.3418 x WDR,,; — 0.0038 * Rad gy (5-2)

Vancouver:
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Mould = —3.6923 + 0.1118 * Ty, + 3.7850 * RHp, + 0.3543

5-3
« Speedgyg + 48.5317 * WDR,y, + 0.0088 * Radgy, (5-3)

St. John’s

Mould = 5.71795 + 0.0619 * T,,,; — 4.7976 * RHyy, + 83.1395 * WDR

5-4
— 586.4042 * WDRZ,, (5-4)

Here, Mould is the maximum mould index (response), Ty, 4 is the yearly average temperature in
°C, RHgyq is the yearly average relative humidity in (-), Speed,  is the yearly average wind
speed inm/s, WDR,,, is the yearly average WDR in mm and Rad 4,4 is the yearly average normal
solar radiation in W/m?. It should be noted here that the units of coefficients are inverse of the
corresponding climate variable so as to have a unitless response i.e., mould index. Further,
although the prediction can be made using the PLS equations which eliminates the need of
simulations, but the index is construction dependent as it is developed using response from

simulations correlated with climate parameters.

5.7. Results from the PLS model

To test the PLS model, the model was used to predict the response on a data set not used in training,
called test set. To investigate the robustness of the model, the test set should comprise data that
covers a large variation and should be a subset of the training set. To incorporate this, different
test sets were identified to cover the variation of climate period 1.e., historical, and future climate
for all three cities. For all the test sets, 31 individual year simulations were performed for wall
orientations which are different from the one used in the training set to build a wall orientation
independent model. Three different approaches were used to analyze the results: 1) Direct
correlation analysis, 2) Ranking analysis and 3) Risk categorization analysis. Details of each

approach along with the analysis of the result are discussed in the following subsections:

5.7.1. Direct correlation analysis

In this analysis, the predicted response variable, i.e. mould index, is compared with the actual
mould growth index. Along with the scatter plot, the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE) were calculated for statistical comparison.

Further, the percentage deviation of the predicted results from the actual results was calculated.
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For Ottawa, as shown in Figure 5.9 (a), there was a good correlation between the predicted mould
index using the model and the actual mould index for the historical dataset. The coefficient of
correlation, R was found to be 0.9, and the corresponding coefficient of determination, R? was
0.81. Except for a few years, most of the years lie close to the 45-degree line (orange line) meaning
that the results were similar for most of the years. In the lower range (0-3) of mould index, the
model overestimated the results and in the upper range (3-5), the model underestimated the results.
A mould index of 3 is generally chosen as the threshold, above which the wall assembly is
considered as having a moisture risk. A model that can effectively categorize the years with mould
index below and above 3 is considered efficient in its prediction. It was noted that, although the
mould indices were underestimated in the upper range, the predicted mould index was still above
3 meaning that the model can identify the years which have moisture risk with mould growth.
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Figure 5.9: Predicted vs. actual mould index and percentage variation between the predicted

and actual mould index under Ottawa-Historical and Ottawa-Future climate as the test set
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A further analysis was made to analyze the deviation that exists between the predicted and the
actual mould index. As shown in Figure 5.9 (b), for the historical dataset, there was a high
discrepancy between the actual and predicted mould index with the highest being close to 60%.
However, this is less of a concern as a mould index below 2 is generally assumed to be a safe limit
and does not possess a significant moisture risk. For mould index between 2 and 4, there was a
small discrepancy between the two results with the highest being 18%. For the mould index
ranging between 4 and 5, the highest noted error was 27%. Under the future climate (Figure 5.9

(d)), among all the mould classes, the highest error remained below 30%.
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Figure 5.10: Predicted vs. actual mould index and percentage variation between the predicted
and actual mould index under Vancouver-Historical and Vancouver-Future climate as the test

set

For Vancouver, R? of 0.90 and 0.88 were noted for historical and future climate, respectively
(Figure 5.10). As noted, most of the points lie close to the 45-degree line meaning that the two

results are similar to each other. Further, the percentage variation between the two results for
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historical climate remained below 20% for all cases except for the mould index range of 2 to 3.
For future climate, the variation remained high for the mould index below 2 but as discussed

earlier, it is less of a concern. For other classes of mould index, the error range remained below

25%.

Figure 5.11 shows the direct correlation results for the city of St. John’s. R? of 0.89 was observed
for both historical and future simulations. The percentage variation between the two results
remained below 20% for historical as well as future climate data. An exception was noted for

mould index below 2 for the historical period.
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Figure 5.11: Predicted vs. actual mould index and percentage variation between the predicted

and actual mould index under St. John'’s-Historical and St. John’s-Future climate as the test set

To further verify the accuracy of the model in predicting the mould index, the RMSE and MAE
were also calculated using all 31 years together, the top 3 years only, and the top 5 years only for
the three cities (shown in Table 5.2). For Ottawa, the RMSE and MAE were lower when all 31

years were used compared to that when only the top 3 or top 5 years were used. For future climate,
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the coefficient of determination was slightly lower, while the deviation between prediction and
actual mould index was smaller as indicated by a lower RMSE and MAE (Table 5.2) compared to
the historical test dataset. For Vancouver, the RMSE and MAE remained lower than in Ottawa
indicating better prediction results than Ottawa. For the historical dataset, RMSE and MAE
remained low for 31 years in comparison with the top 3 and top 5 years, and for the future dataset,
the values were found to be similar irrespective of the number of years used in the calculations.
This further implies that the top 3 and top 5 years were predicted with higher accuracy in future
climate than that in the historical climate dataset for Vancouver. For St. John’s, the RMSE and
MAE were minimum among the investigated cities meaning that the actual and predicted mould
index values for this city are very close to each other. It was further observed that for the historical
dataset when considering only the top 3 and top 5 years, the error was significantly small which
indicates that the model had good prediction results for the top years. For the future dataset, the
error was higher than the historical results, but it was still lower than the corresponding values for

the other two cities.

Table 5.2: Statistical result of the prediction model for three cities under two climate periods as

the test set. (RMSE (n): RMSE considering “n” years, MAE (n): MAE considering “n” year)

Climate RMSE RMSE MAE MAE MAE
City R? RMSE (31)
period 3) &) 31) 3) &)
Historical  0.81 0.50 0.85 0.77 0.39 0.81 0.72
Ottawa
Future 0.66 0.44 0.74 0.59 0.36 0.60 0.45
Historical  0.90 0.34 0.52 0.46 0.27 0.52 0.45
Vancouver
Future 0.88 0.35 0.33 0.33 0.29 0.33 0.31
Historical  0.89 0.31 0.07 0.11 0.24 0.06 0.08
St. John’s
Future 0.89 0.25 0.27 0.21 0.21 0.22 0.15

5.7.2. Ranking analysis

This analysis focuses on the ranking of years based on the predicted and actual results rather than
the actual magnitude of the response variable. The purpose is to see how well the model can rank
the years in terms of their moisture severity. The model would be considered as effective if it lead
to a similar ranking of years as obtained from simulations. Two different methods of evaluating

the ranking of years were investigated and the details are provided in the following sections.
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5.7.2.1.  Number of matching years

The number of matching years between the prediction and actual results was counted and used as
a criterion to evaluate the model’s reliability. A match is considered if the year ranked using
predicted results is at the same position as that using actual results based on the decreasing
severity. The higher the number of matches, the better the model is in ranking the years. The other
way to identify the model’s effectiveness is to investigate its ability to predict the top 3 or top 5
years. Usually, for the construction of MRY, one is interested in the top years, so if the model can
lead to a similar ranking for those top years, it can be considered effective. However, unlike the
approach of ranking all years where a direct match is considered when the years are placed at the
same place this method does not consider the order of years as long as it is ranked within the top
3 ortop 5, it is considered as a match. In other words, if the year “X” is placed at the first position

in the predicted results but placed at the third position in the actual results, it is considered a match.

Table 5.3 shows the number of matching years results for the three cities under two climate
periods. In general, it was observed that the number of matches considering all 31 years remained
low with the highest being 6 matches for Vancouver under the future climate set. Further, when
considering the top 3 or top 5 years without considering the order of years, it was noted that there
was a good number of matching years. For the top 3 years, among the 6 investigated scenarios, 4
scenarios resulted in 2 matching years. Similarly, when considering the top 5 years, two scenarios
resulted in 3 matching years, two scenarios resulted in 4 matching years, and one scenario

(Vancouver future set) resulted in all 5 matching years.

Table 5.3: Number of matching years for three cities under two climate periods as the test set.

(Matches (n): number of matches considering “n’ years)

City Climate period Matches (31) Matches (3) Matches (5)
Historical 5 2 2
Ottawa
Future 1 2
Historical 4 1 3
Vancouver
Future 6 2 5
Historical 1 2 4
St. John’s
Future 2 0 3
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5.7.2.2.  Salonvaara method (Salonvaara et al., 2010)

The approach suggested by Salonvaara et al. (2010) is used to compare the goodness-of-fit in
selecting the years with the highest value of the performance indicator. It calculates the normalized
mould index, which represents the maximum mould index normalized to have a range of 0%-
100%. Further, the average normalized mould index is calculated by taking the arithmetic mean
of the normalized values for a given number of years. The higher the average normalized mould
index, the better the prediction is. The procedure to compare the results using the Salonvaara

method is as follows:

1. Rank the years in decreasing order using the actual maximum mould index results i.e.,
from simulations.

2. Normalize the actual mould index to have a range of 0%—100%.

3. Take the top three and five years as selected by the prediction model (predicted mould
index) and find the corresponding normalized performance indicator as given by the
simulation results (actual).

4. Calculate the average of the normalized performance indicator for the top three and five
years.

5. Compare the average normalized performance indicator of the years picked by the

prediction model with the actual results.

Table 5.4: Ranking analysis results using the Salonvaara approach for three cities under two

climate periods as the test set. (Salonvaara (n): Average normalized mould index considering

“n” years)
City Climate period Salonvaara (3) Salonvaara (5)
Historical 84.5% 78.1%
Ottawa

Future 84.6% 80.2%
Historical 87.1% 84.9%

Vancouver
Future 95.5% 95.3%
Historical 98.2% 96.5%

St. John’s
Future 93.9% 96.2%
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Using the Salonvaara approach, it was observed the results were better for Vancouver and St.
John’s when compared to Ottawa (Table 5.4). In general, for all the investigated scenarios, the
average normalized mould index remained above 80% (with one exception of the Ottawa historical
set with a 5-year average calculation). For Ottawa, the performance with top 3 years was better
than that for top 5 years. For Vancouver, the average normalized mould index remained close to
85% under the historical climate and it is above 95% under future climate. Finally, for St. John’s,
the results were superior among three cities where the values are above 93% for both climate

periods with the highest being 98.2% for the historical set considering three-year average results.

5.7.3. Risk categorization analysis

When assessing moisture risks, from the building practitioner’s point of view, one is interested in
estimating the risk of the wall instead of knowing the actual mould index value. This analysis aims
to compare the risk level based on where a particular year falls when using the predicted and actual
results. 5 categories were created based on the mould index value i.e., 0-2, 2-3, 3-4, 4-5, and above
5. For each category, the number of years that fall in the range was counted for both the predicted
and actual results. Then the number of years that are common between the actual and predicted
results was counted and noted as “common”. For instance, as shown in Figure 5.12 (b), for the
mould range of 3-4, the simulation results (actual) suggested that 15 years has the mould index in
this range, while the PLS model results (predicted) suggested 16 years has mould index in this
range. However, between the two results, 13 years were the same and are marked as “common”.

This implies that the model can categorize well 13 years out of 15 years.
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Figure 5.12: Risk category analysis with the number of years in each category for Ottawa-

Historical and Ottawa-Future climate as the test set
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Figure 5.12 shows the number of years under each category for the predicted and actual results,
and the number of years that are in common between the predicted and actual results. For Ottawa
historical test set, the model can very well predict the years in the same category for mould range
of 2-3 and 3-4, having 9 out of 9 and 9 out of 11 common years, respectively. Under the Ottawa
future dataset, a similar pattern was seen i.e., for mould range of 2-3 and 3-4, the model was able

to predict 10 out of 11 and 13 out of 15 common years, respectively.
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Figure 5.13: Risk category analysis with the number of years in each category for Vancouver-

Historical and Vancouver-Future climate as the test set

20 Stj_His @ Stj_Fut

16 16
5 &
g2 g12
e Y
o o
@ 3
e} e}
£ 8 £ 8
= 3
z z

o M I [ | 0 I = I

Mould (0-2)  Mould (2-3) Mould (3-4) Mould (4-5) Mould (above 5) Mould (0-2)  Mould (2-3) Mould (3-4)  Mould (4-5) Mould (above 5)
M Actual W Predicted ® Common M Actual W Predicted & Common
(a) (b)
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Figure 5.13 and Figure 5.14 show the risk category analysis result for Vancouver and St. John’s
respectively. For Vancouver, most of the years had mould index ranging between 0 and 4. It was
further observed that for Vancouver, the model was able to predict the years in the same risk
category for most of the cases. With St. John’s, the analysis showed that for historical climate;
most of the years had mould index in the range of 2 to 5 and for future climate, the values range
between 3 to 6 for most of the years. Further, the model was able to predict the mould class

precisely for both, historical as well as future climates.

5.8. Discussion

As observed from the results for Ottawa, Vancouver, and St. John’s, it was found that Vancouver
and St. John’s had better prediction results than Ottawa. To investigate further, the score plot for
Ottawa’s model was compared with Vancouver’s and St. John’s models. Any model would lead
to a good prediction if the data used in training are grouped well and can explain most of the Y
variance. To identify the grouping of data and a pattern within the data set, a score plot was plotted.
A score plot is a scatter plot of scores for two specified factors from a PLS regression and helps
identify the patterns in the dataset. The closer the samples are in the scores plot, the more similar
they are. Conversely, samples which are far away from each other are different from each other.
A model is considered reliable if the data is grouped well and can distinguish among the various

points used in the test set (Mehmood et al., 2020).

Figure 5.15 shows the score plot using two factors for the three cities. As noted, clear-cut
segregation of data based on the orientation was observed in Vancouver and St. John’s. One of the
reasons for this is that in Vancouver and St. John’s, the results vary significantly based on the wall
orientation. Also, the orientations with the highest and the lowest WDR were identical among
different years for Vancouver and St. John’s. On the other hand, for Ottawa, the orientation with
the highest and the lowest amount of WDR was different among different years. This further

resulted in lower performance in predicting the output for Ottawa compared to the other two cities.
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Figure 5.15: Score plot of the training set used for three cities for developing the PLS regression

model

5.9. Conclusions

Hygrothermal simulations are commonly used to evaluate the moisture response of the walls, but
they can be time-consuming depending on the complexity of situations and hence sometimes
becomes computationally expensive. Existing climate-based indices have certain limitations
associated with their usage and could not provide a reliable evaluation of the hygrothermal
performance of walls. A regression model based on PLS regression was developed in this study
to provide an estimated wall performance without performing the simulations and thereby reduce
the computation time. The model uses a training set comprising the response variable and the most
influential input parameters. Based on the data input to the model, a regression equation is

developed, and this can be further used for any new dataset that one can encounter in the future.
The main findings are as follows:

e The prediction results on the investigated test sets showed a good accuracy as depicted by
various statistical parameters i.e., R* above 65% and an average RMSE below 0.5 for

Ottawa, and R? above 85% and RMSE below 0.35 for Vancouver and St John’s.
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e Ranking analysis showed that the model can quite accurately rank the years especially if
the primary concern is to identify the top 3 or top 5 worst years for the purpose of Moisture
Reference Year selection.

e The model was able to categorize the years in the same mould risk category as depicted by

simulation results.

Analysis in this paper showed that the use of the PLS modeling technique to predict the
hygrothermal response is an effective way to improve computational efficiency. The model if
trained well can help in predicting the wall response and will reduce the simulation efforts. The
advantage of regression model is that it is easy to use for practitioners, who may not have the
knowledge and experience of DELPHIN or any other hygrothermal simulation programs. It can
also be used by the practitioners for screening purposes to reduce the simulation efforts. For
example, the predicted mould can be computed using the regression equation and later simulations
can be performed only for the cases where the model predicts the mould index above a certain
threshold defined by the users. The present study was limited to only one wall assembly and a few
cities and hence the future work will include incorporating more cities and different wall

assemblies.
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Chapter 6 Application of PLS model: Different claddings, climate

uncertainties and global warming scenarios

The content of this chapter is submitted to the journal and is under the paper is under proof reading.
“Hygrothermal performance assessment of wood-frame walls under future climates using Partial
Least Squares (PLS) regression: Different claddings and climate uncertainties,” Submitted to
Building and Environment, under review. The abstract and introduction from the original paper is
not included in this chapter and to avoid the repetition, the wall assemblies, boundary conditions,
model settings, etc. included in the originally published paper are excluded since these are already

provided in Chapter 3 "Methodology".

6.1. Validation of PLS model on stucco cladding

The PLS model regression equations shown in section 2.1 were developed and validated on brick
veneer cladding wood frame wall assembly. For a model to be robust, it must work well in terms
of its prediction and the ranking ability for other types of walls too. The three PLS models were
tested for making predictions on a stucco cladding wall. The applied approach and results are
discussed in detail for Vancouver and results of applying the same approach to Ottawa and St.

John are also included. .

6.1.1. Application of the brick model to stucco cladding

A test set comprising 31 years of historical and future years from the median run (the run with the
median value of MI among 15 runs) was chosen. The PLS model was trained on 6 different wall
orientations that cover the entire range of wall orientations. To incorporate the effect of wall
orientations in the test set, a random wall orientation was chosen for all the selected years. The

comparison of prediction results with simulation results is shown in Figure 6.1.

Figure 6.1 (a) shows the comparison of simulation results and predicted results (PLS model
results) for the Vancouver historical climate test dataset. A significant value of R? i.e., 0.93 was
noted between the two results. Further, as observed, all data points lie below the one-to-one
(orange) line, meaning that the brick PLS model overestimated the mould index. However, the
model was able to capture the trend of mould index among different years. A similar trend was

noted with Vancouver's future climate (Figure 6.1 (b)).
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Figure 6.1: Scatter plot of simulation vs predicted mould index for stucco cladding. Predicted

results are based on the PLS model developed using brick veneer cladding. (Van: Vancouver,

His: Historical, Fut: Future)

Table 6.1 shows the ranking results when simulations are performed for stucco cladding and the

simulation results were compared with the predicted result using the brick veneer cladding PLS

model. It was found that the PLS model was able to rank well the years i.e., at least 8 matches out

of 31 years. Further, when comparing the top 3 and 5 years, the model was able to rank at least

the top 2 and 4 years, same as the simulation results.

A further analysis was carried out using Salonvaara method and the procedure to compare the

results is as follows:

1. Rank the years in decreasing order using the simulated maximum mould index.

2. Normalize the simulated mould index to have a range of 0%—100%.

3. Take the top three and five years as selected by the prediction model (predicted mould

index) and find the corresponding normalized performance indicator as given by the

simulation results.

4. Calculate the average of the normalized performance indicator for the top three- and five-

years using simulation results.

5. Compare the average normalized performance indicator of the years picked by the

prediction model with the simulation results, a ratio between the two results (expressed in

%) i1s shown in Table 6.1.

As noted from Table 6.1, a significant value of ratio of normalized damage functions (above 90%)

was noted for both climate periods.
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Table 6.1: Number of matching years and results with the Salonvaara approach for Vancouver
under two climate periods as the test set. (Matches (n): number of matches considering “n”’

vears, Salonvaara (n): averaged normalized function considering “n’" years)

Case Matches (31) Matches (3) Matches (5) Salonvaara (3) Salonvaara (5)
Van_His 9 3 4 96.9% 90.3%
Van_Fut 8 2 5 94.3% 90.2%

The above-mentioned analyses suggest that the model can categorize the worst years well but in
terms of the actual magnitude i.e., the mould index value, the PLS model overestimates the results.
One of the reasons for this overestimation is the ACH assigned in the air cavity, stucco cladding
wall has much higher ACH value than the brick cladding wall. This difference in ACH results in
a lower mould index in the stucco cladding wall in simulations. Therefore, the original brick PLS
regression model could be used in the stucco wall for ranking while the modified brick PLS
regression model can bring down the overestimation and used for mould index prediction. This
suggests that the developed brick model can be used as a representative for other wall claddings.

This approach will be tested for other types of cladding and locations in the future work.

6.1.2. Modified brick PLS model for stucco and its validation

Vancouver's historical and future period were used as a test set and the simulation results for stucco
cladding was correlated with the predicted results using the brick PLS model. The detail for
obtaining the modified brick PLS model is as follows:

1. Generating the scatter plot distribution between the stucco simulation results and predicted
brick PLS model results using historical and future period data (Figure 6.2). The
corresponding regression equation representing the fit of two data was noted.

2. Modifying the brick PLS model with the corresponding reduction factor.
Brick PLS model regression equation:

Mould = —3.6923 + 0.1118 * Ty,g + 3.7850 * RHg,, + 0.3543

6-1
* Speedgy,g + 48.5317 * WDRy,,5 + 0.0088 * Rad 4,4 ©-1)

Modification step:
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Mould = 0.82
* (—3.6923 4 0.1118 * Ty, + 3.7850 * RH,,,, + 0.3543 (6-2)
* Speed g,y + 48.5317 * WDRy,,; + 0.0088 x Rad,,,) — 1.17

Note: The multiplication factor and coefficients used for modifying the original brick model are
marked in bold.

Simulated Mould
(V8]
[
[ ]
9

m:"-:".'; Lo y=0.82x-1.17

0 1 2 3 4 5 6
Predicted Mould

Figure 6.2: Scatter plot between mould index from simulations for stucco wall and the predicted

mould index using brick PLS model

Modified brick PLS model regression equation for stucco (historical and future period):

Mould = —4.2050 + 0.0917 * Tpyg + 3.1063 * RHg,g + 0.2907 * Speeda,, ©3)
+39.8299 * WDR g + 0.0072 * Rad gy,

To validate the modified brick PLS model, the prediction results were compared with the model

developed for the stucco cladding wall, the corresponding regression equation with stucco training

data is shown below:

Mould = — 1.4629 + 0.0583 * T,y + 1.8737 * RHy,,3 — 0.0001 (6-4)
* Speedp,g + 52.4045 * WDR 4,5 — 0.0091 * Rad 4,4
For both models i.e., the modified brick PLS model and the stucco-trained model, the

corresponding predicted results from the two models were compared with simulation results,

presented in further sections.
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6.2. Results and discussion

In this section, the various results of this study are discussed. Firstly, a comparison was made
between the modified brick PLS model with the stucco trained PLS model to demonstrate the
reliability of the modified model. Secondly, the PLS models are used to predict the mould index
for different climate runs to cover the uncertainty in the climate data. For this purpose, the brick
PLS model was applied to all 15 runs with each run having 31 years and 16 wall orientations at an
interval of 22.5°. This results in a total of 7440 (15*31*16) points for one climate period. The
same analysis was applied to historical and future climate periods to compare the risk among
different runs and climate periods. Thirdly, the results are discussed for the most conservative
scenarios, where the wall is facing the orientation with the highest amount of WDR, to quantify
the maximum moisture severity. Finally, the cumulative distribution of mould index among all

runs was discussed along with the selection of moisture reference year for simulations.

6.2.1. Comparison of modified brick model and stucco-trained model

Figure 6.3 shows the comparison of the predicted and simulation results for Vancouver's historical
and future climate periods. For the historical period, a similar performance was noted for both the
modelsi.e., R? 0f0.93 vs. 0.95 and RMSE 0of 0.21 vs. 0.18 for the modified PLS and stucco trained
PLS model respectively. Further, a closer investigation showed that with the modified brick
model, more points lie close to the one-to-one line meaning that the mould index from simulation
and predicted results with the modified PLS model were close to each other. For the future period,
the R? was found to be 0.87 and 0.92 and RMSE of 0.35 and 0.29 was noted for the modified brick

and stucco model respectively.
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Figure 6.3: Comparison of predicted results using modified brick PLS model and stucco PLS

model with simulation results for Vancouver's historical and future period
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Further, RMSE was calculated for the two models considering all 31 years, top 3, and top 5 years
(Table 6.2). RMSE considering all the years for the historical period was found to be similar for
the two models, while lower RMSE values were noted for the modified model for the top 3 and
top 5 years. For the future period, there was not much difference in RMSEs between the two

models.

Table 6.2: RMSE with two models for three cities under two climate periods as the test set.
(RMSE (n): RMSE considering “n” years)

Case Model R? RMSE (31) RMSE (3) RMSE (5)

Modified PLS 0.93 0.21 0.17 0.14

Van_His
Stucco PLS 0.95 0.18 0.33 0.27
Modified PLS 0.87 0.35 0.31 0.30

Van_Fut
Stucco_PLS 0.92 0.29 0.28 0.32
Modified PLS 0.57 0.16 0.20 0.26

Ott His
Stucco_PLS 0.53 0.16 0.22 0.27
Modified PLS 0.51 0.25 0.33 0.34

Ott_Fut
Stucco PLS 0.57 0.24 0.36 0.35
Modified PLS 0.84 0.32 0.41 0.38

Stj His
Stucco PLS 0.87 0.30 0.34 0.32
Modified PLS 0.63 0.43 0.87 0.70

Stj_Fut
Stucco_PLS 0.75 0.38 0.63 0.57

Based on the above discussion, it can be said that the modified brick PLS model works effectively
for stucco cladding, and it might be not necessary to develop the model based on stucco cladding.
This implies that the different climate years were ranked in a similar manner in terms of their
moisture severity as the relative moisture severity of different years remains the same irrespective
of cladding material, brick vs. stucco. What remains is the difference in magnitude of mould index
for different years for two claddings and as discussed earlier that as the trend of mould index with
stucco cladding simulations and brick PLS model results is the same so a suitable modification

factor applied to the brick model could result in a good prediction model for stucco.
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Following the above-mentioned approach for Vancouver, the corresponding PLS regression
equations for stucco cladding were developed for Ottawa and St. John’s i.e., equation (6-5) and

equation (6-6), respectively.

Ottawa
Mould = —6.86645 — 0.01823 * Typ,g + 5991594 * RHg,,5 + 0.755239 (6-5)
* Speedgp,g + 43.881 * WDRyp,g — 0.00165 * Rad gy
St. John’s
Mould = 3.2493 + 0.0524 * Ty,,; — 4.0630 * RHgp,g + 70.4108 * WDR .4
(6-6)

— 496.6257 * WDRZ,,

The same methodology as Vancouver was used for comparing the models for Ottawa and St.
John’s and it was found that the prediction results with the modified brick model and stucco-

trained models were similar for both cities (Table 6.2).

6.2.2. Climate uncertainty and mould growth risks under future climates

The PLS model was based on the MI ranking to select the historical and future climate datasets.
The median run with an average MI was used for model development and validation. The median
run was assumed to represent the whole 15 runs of data. In this study, to assess the reliability of
the model and to validate it on different climate runs, 3 random years were selected from each run
for the historical period making a total of 45 years. Further, the effect of wall orientation was also
incorporated meaning that among the selected 45 years, 16 different wall orientations were
randomly allocated. Simulations were performed using the brick veneer cladding wall assembly
and the results of the mould index were compared with the predicted results using the brick PLS
model. The analysis was made for the three cities and two claddings. It was found that the results
showed a similar trend for three cities and two claddings and hence the detailed analysis was

reported only for Vancouver with brick veneer cladding wall.

6.2.2.1.Vancouver brick veneer cladding

Figure 6.4 shows the comparison of the mould index from simulations and predicted mould index
for a brick veneer cladding wall using 45 random years selected from the Vancouver historical
dataset of 15 runs. As shown in Figure 6.4 (a), the model was able to capture the trend of mould

index values among different years. Further, the two results were well correlated with an R? of
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0.91. This indicates that the model although trained only on the median run can be effectively used

to make predictions on any random run, year, and wall orientation.
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Figure 6.4: Simulated vs predicted mould index for Vancouver historical climate with brick
veneer cladding wall assembly using 45 random years. (a) Variation of trend in the mould index,
each year is represented with maximum mould index in that year, (b) Scatter plot of simulated

and predicted mould index

Mould prediction covering all runs

All the historical and future years of Vancouver were considered and the yearly average for the
input variable was computed to predict the mould index using the brick PLS model. Figure 6.5 (a)
shows the mould index rosette for the median run of Vancouver (Run 04) for the historical climate.
The shaded line represents the 31 years in the run and the average of 31 years in a particular
orientation is represented by the black solid line. It was noted that there is a variation in the mould
indices among different years. However, a general trend was noticed that the mould index is
significantly higher for the ESE to SSW (clockwise) orientations in comparison to the northern
side (from West to East, clockwise), which corresponds to the low WDR in the northerly directions

in Vancouver.

A similar process was repeated with all the runs and for visual clarity and comparison among
different runs, the average value per run (based on the average of all years in a direction) was
plotted. Figure 6.5 (b) shows the mould index rosette for each run. It was observed that except for
run 07 which is the run with the least amount of WDR in all directions, the mould index does not
vary much among the 15 runs. Excluding run 07, the maximum noted variation among the runs

was approximately 5%. Further, a mould index below 3 is usually considered a safe limit for design
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purposes following ASHRAE 160. It was noted that for all the runs, the mould index was above 3
from east to WSW orientations. This further implies that the moisture risk heavily depends on the

wall orientation and the wall orientations except east to WSW were at no risk for all the runs.
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Figure 6.5: (a) Predicted mould index for a brick veneer cladding wall for 31 years of the
median run (Run 04) for Vancouver's historical climate. The dark black line represents the
average of 31 years in a given orientation, (b) the average value of 31 years of mould index in a

run for a given orientation for all 15 runs of Vancouver historical climate
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Figure 6.6: (a) Predicted mould index for a brick veneer cladding wall for 31 years of the
median run (Run 04) for Vancouver's future climate. The dark black line represents the average
of 31 years in a given orientation, (b) the average value of 31 years of mould index in a run for a

given orientation
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Figure 6.6 shows the results i.e., the variation of mould index among different years in a run and
the variation among different runs for Vancouver's future climate. It was observed that similar to
results with historical climate, the mould index was significantly higher in the southerly directions.
Further, run 07 was still the run with the least value of mould index, however, the variation among
different runs was slightly higher than the historical climate i.e., a variation of approximately 12%

among different runs in comparison to 5% for the historical climate.

Figure 6.7 (a) shows the comparison in the mould index rosette covering all 15 runs for historical
and future periods with a brick veneer cladding wall between the historical and future climates. It
was observed that for historical climate, the range of mould index with 15 runs was narrow and it
is close to the average of 15 runs. However, for future climate, a wider range of mould index was
noticed with different runs, and this demonstrates the higher uncertainty in the projected future
climate. It is seen that the mould growth risk will increase in the future for brick veneer cladding
walls with maximum risk occurring along the SSE orientation. Further, it was observed that the
risk remained lower in the northerly orientations, but the safe zone decreased in the future period.
In other words, apart from a higher mould index in the future, the wall orientation which falls

under the safe category for the historical period (ENE) would not remain safe in the future period.
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Figure 6.7: (a) Predicted mould index rosette for brick veneer cladding wall for 15 runs with the
historical and future period of Vancouver. The dark line represents the average of 15 runs and
the shaded region represents each of 15 runs. The red line depicts the threshold limit of the
mould index, and it is set at 3. (b) Box plot distribution of mould index for 15 runs along

different wall orientations for brick veneer cladding wall
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Figure 6.7 (b) illustrates the box plot distribution of mould index for 15 runs of historical and
future climate periods among the different wall orientations. The mould index remained below 3
from N to ENE and WSW to NNW (both being clockwise). For the remaining wall orientations,
a higher moisture risk is expected with the mould index varying between 3 and 5. Further, for the
future period, a higher variation in the mould index was noted and the risk also remained higher

in the future period for all wall orientations.

Comparison of maximum mould index among 15 runs

From the design point of view, it is important to estimate the maximum risk that a wall can be
subjected to or can experience given the surrounding climate. If the wall can sustain the maximum

moisture load that is supposed to occur, it will sustain other possible scenarios without any risk.

Among all the climate parameters, the WDR affects the wall performance the most, and it varies
significantly along different wall orientations for Vancouver. For conservative results, the
orientation which receives the highest amount of WDR called “default” orientation is identified
and it is supposed to pose the highest moisture load to the wall assembly for a given year of climate
data. For each year in the 15 runs and two climate periods, “default” orientation was identified.
Later, the predicted mould index was computed for all years i.e., 31 years * 15 runs * 2 climate
periods = 930 years. These mould index values illustrate the maximum risk a year can witness and
if the values are below the threshold limit of 3, then the wall will most likely sustain the moisture

loads.

Figure 6.8 shows the predicted mould index for a brick veneer cladding wall assembly subjected
to default orientations for all the years in 15 runs and two climate periods. In general, it was seen
that the mould index remained above the threshold limit for most of the cases. The value of the
mould index varies between 3 and 5 for maximum cases and it can be said that the wall is at risk
for all the years. Further, in terms of the impact of climate change, it was observed that for all the
runs, an increased risk was seen. The lower mould index value observed in run 07 is due to the

significantly lower WDR in historical climate data compared to other runs.
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Figure 6.8: Predicted mould index for brick veneer cladding wall facing default orientations for

all the runs and two climate periods for Vancouver

6.2.2.2.Vancouver stucco cladding

The modified brick model worked effectively in terms of prediction and can be used as an
alternative to the stucco-trained model. Further, as discussed earlier, the brick PLS model worked
well for different climate runs and wall orientations. Hence, further analysis was made for stucco
cladding covering all the runs and wall orientations. The prediction results were made with the

modified regression equation for Vancouver.

Figure 6.9 (a) shows the mould index rosette covering all 15 runs for historical and future periods
with a stucco cladding wall for Vancouver. It was observed that for all the runs and two climate
periods, the mould index was always below 3. Similar to the results with brick veneer cladding,
the mould index was low in the northerly directions, and the risk increased in the southerly
orientations. Contrary to the higher risk in brick veneer cladding walls, it was noted that the stucco

cladding wall remains in the safe zone for all the investigated cases, however, the risk increases
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in the future period when compared to the historical period. Further, the mould index has a wider

range for future periods as compared to historical period for all wall orientations (Figure 6.9 (b)).
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Figure 6.9: (a) Predicted mould index rosette for stucco cladding wall for 15 runs with the
historical and future period of Vancouver. The dark line represents the average of 15 runs and
the shaded region represents each of 15 runs. The red line depicts the threshold limit of the
mould index. (b) Box plot distribution of mould index for 15 runs along different wall

orientations for stucco cladding wall

6.2.3. St. John’s and Ottawa

The analysis and the performance of the model were further tested with St. John’s and Ottawa
with brick veneer and stucco cladding walls. In general, both cities are colder and drier than
Vancouver. The PLS model developed with brick veneer cladding for these two cities was used to

obtain the corresponding regression equation for stucco cladding walls.

Figure 6.10 illustrates the mould index rosette and box plot distribution of mould index for St.
John’s covering 15 runs with historical and future periods for a brick veneer cladding and stucco
cladding wall. For brick veneer cladding, it was noted that the risk remained high for all the wall
orientations i.e., the mould index remained above 3 for most of the cases (Figure 6.10 (a)). Further,
for the walls facing any orientation between east and west (southern semicircle), the risk was
significantly high with an average mould index ranging between 4 and 5. Figure 6.10 (b) illustrates
the distribution of mould index across different wall orientations for two climate periods. It was
found that the mould risk increases by an average of 10% from the historical to future climate

period. Further, a wider spread of mould index values was noted for the future period. For the
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stucco cladding wall (Figure 6.10 (c)), it was noted that for both climate periods, the mould index
remained below the threshold limit of 3. Moreover, similar to the trend noticed with brick cladding
wall, the risk increases in the future period by an approximate average of 10% and a higher range

of mould index values for each wall orientation (Figure 6.10 (d)).
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Figure 6.10: (a) Predicted mould index rosette and (b) Box plot distribution of mould index for
15 runs along different wall orientations for brick cladding wall with the historical and future
period of St. John's. (c) Predicted mould index rosette and (d) Box plot distribution of mould
index for 15 runs along different wall orientations for stucco cladding wall with the historical

and future period of St. John'’s

Figure 6.11 shows the mould index rosette and orientation-wise distribution of mould index with

15 runs of historical and future periods for a brick veneer cladding and stucco cladding wall for
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Ottawa. Unlike Vancouver and St. John’s, there was not much variation in the mould index across
various orientations. The value remained close to threshold limit of 3 and mostly varies between
2.5 and 3.5. Further, the risk increases in the future, however, the increase is not significant (Figure
6.11 (a) and Figure 6.11 (b)). The average mould index in the future period varies between 3 and
3.5 with a similar risk profile across all the orientations. For stucco cladding wall (Figure 6.11 (¢)
and Figure 6.11 (d)), the wall is safe as the mould index remained well below the threshold limit

of 3 for both historical and future periods with slight increase in the risk for the future period.
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Figure 6.11: (a) Predicted mould index rosette and (b) Box plot distribution of mould index for
15 runs along different wall orientations for brick cladding wall with the historical and future
period of Ottawa. (c) Predicted mould index rosette and (d) Box plot distribution of mould index
for 15 runs along different wall orientations for stucco cladding wall with the historical and

future period of Ottawa
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6.2.4. Cumulative distribution of mould index and MRY selection

Figure 6.9 through Figure 6.11 show the distribution of mould index among different wall
orientations considering 15 runs. To quantify the impact of climate change on mould growth risk,
the probability distribution of mould index between the two climate periods is compared. Figure
6.12 shows the cumulative distribution of mould index for three cities with brick cladding wall
assembly considering 15 runs and 16 wall orientations for historical and future periods. As noted,
the mould index increased under future climates for all three cities. However, the range of the
mould index was different across cities. A wider range of mould index was observed in Vancouver
as the mould index varies significantly across different wall orientations with a low amount of
mould risk in the northern orientation owing to low WDR in northern orientations. The range was
smaller for St. John’s and the smallest for Ottawa. For Ottawa, the mould index is uniform across
various wall orientations and hence a narrower range of values is noted. Furthermore, as noted
from Figure 6.12, the probability of mould growth index above 3 has increased from 30% in the
historical period to 40% under future climate for Vancouver, from 80% to 95% for St. John’s, and

from 40% to about 60% for Ottawa, respectively.
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Figure 6.12: Cumulative distribution of mould index considering 15 runs and 16 wall
orientations for three cities with brick cladding wall considering historical and future climate

periods
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One of the applications of the PLS model is to rank the years based on their moisture severity and
select the MRY. ASHRAE 160 suggested taking the 93-percentile year as the MRY'. This approach
is applied to select the MRY for the three cities investigated in the study. Among all the wall
orientations, the one with the highest average mould index for the whole run was used to select
the MRY. In other words, a total of 465 years were identified i.e., 31 years * 15 runs for the worst
mould index orientation based on brick cladding wall, and 93 percentile year was selected for each

of the three cities (Table 6.3).

Table 6.3: MRY (93 percentile) selected for three cities under two climate periods based on the

PLS model
Climate period City Run Year
Historical 3 2014
Vancouver
Future 1 2089
Historical 4 2014
St. John’s
Future 9 2086
Historical 8 1996
Ottawa
Future 4 2077

6.3. Conclusion

The objective of this study is to assess mould growth risks under projected future climates. To
account for the climatic uncertainties, various wall designs, and geographical locations, a large
number of simulations would be required. To tackle this challenge, a PLS regression model was
developed previously and validated for brick veneer walls. This paper expands the previous study
to include stucco cladding wall and climate datasets of 15 runs for both historical and future

periods.
The main findings are as follows:

e Model performance
o The PLS model developed with a brick cladding wall can be effectively used for a
stucco cladding wall by modifying the regression equation with a suitable factor.
The modified model works as effectively as the model trained on stucco cladding.

Therefore, the PLS model developed for brick veneer wall can be used for the
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assessment of moisture severity, i.e. ranking of a specific location to represent other
types of cladding.

The PLS model developed for the median run can be used to cover all 15 runs and
an R? as high as 0.91 was obtained for Vancouver.

The model developed can be used to predict the mould growth index directly and
also to assess the moisture severity of years for the ranking and MRY selection.
This can further help practitioners screen the years and perform simulations for the

years with risks.

e Effect of climate change on mould growth risks

o

The model can be effectively used to assess the impact of climate change on mould
growth risks without running simulations for all scenarios.

A mould growth rosette is used to identify the worst orientation and it was found
to be consistent with the WDR rosette.

The mould growth risk increase in the future period for all three cities, two
claddings, and 15 climate runs.

Considering the climate uncertainties, it was noted that the risk varies across
different climate runs but in general, a similar trend was noticed. For Vancouver
and St. John’s the risk is considerably higher in southerly directions while for
Ottawa, the risk is uniform across different wall orientations.

For the brick cladding wall, the mould index remained above the safe limit for
southerly orientations for Vancouver and St. John’s and it remained close to the
safe limit for Ottawa for all orientations. For the stucco cladding wall, the mould
index always remained below the threshold limit and the wall remained safe for all

climate runs and periods.

The analysis shows that the PLS models can be effectively used to get an estimated wall response

in terms of mould growth for wood-frame constructions under both historical and future climates.

PLS models were developed for 3 Canadian cities. The model developed for brick wall cladding

can be used for stucco wall as well. However, for other wall claddings e.g., vinyl, fibreboard etc.

which has material properties different from brick, a new model might be required. These models

can help building practitioners understand the risk involved with a certain type of wall, city, and

climate data. The analysis can be used as a first screening to quantify the moisture severity of
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various years and if needed, simulations can be performed for only critical years for which detailed
analysis might be required to reduce computational efforts. The approach developed can be
applied to other cities to generate city or region-specific models. A moisture risk map can be

generated for Canada, which will be reported in future work.

6.4. Performance analysis considering different global warming scenarios

In the previous sections, results were discussed for the PLS models developed for three Canadian
cities and two different wall claddings for yearly simulations. The yearly mould index was
predicted using the PLS model and the years were ranked in terms of their moisture severity. The
yearly mould index gives a sense of moisture severity of a year in comparison to other years.
However, during the service life of buildings, they are exposed to different climates across
different years. Hence, it is essential to evaluate the moisture performance of the building over

long-term climate data.

This section illustrates the use of the PLS model to predict the wall performance over long-term
climate data. To guide building practitioners and to have a decision support tool, a stochastic
modeling framework is required to be developed to deal with the uncertainties in the input
parameters including material properties, field conditions, and most importantly the climate data.
In the previous analyses, the historical and pessimistic global warming scenario (GW3.5) for the
future was considered for the analysis. However, for the long-term climate study, all the global
warming scenarios were considered to fully capture the variation in the climate data, which allows
the practitioners to quantitatively assess the moisture-degradation risks for different global

warming scenarios.

As one of the most important stochastic variables for stochastic simulation, the uncertainties of
climate data have a significant impact on the hygrothermal performance of the wall. As stated
above, these uncertainties are related to different global warming scenarios. The objective of this
analysis was to develop a climate ranking system concerning the mould growth risk of the wood-
frame wall assemblies, by considering uncertainties associated with different global warming
scenarios. This ranking system allows the practitioners and researchers to assess the mould growth
risks of the wall assembly under different climate conditions, i.e. different global warming

scenarios without running simulations. In addition, this ranking system assists the researchers to
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pick up the representative climate data set to perform stochastic simulation by considering other

uncertainties, i.e. the uncertainties of material properties and boundary conditions.
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Figure 6.13: Box plot distribution across different global warming scenarios for climate

For temporally distributed uncertainty associated with the climate data, this work considered

historical weather data and all the global warming scenarios from GW0.5 to GW3.5. Figure 6.13
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shows the box plot distribution of various climate parameters across different levels of global
warming. As expected, a continuous increase was noticed in the temperature across increasing
global warming. The relative humidity showed a slight increase from F3 to F7 and remained
practically similar from historical to F2 period. Regarding the wind speed, a continuous decrease
was noticed across increasing level of global warming with F7 having a mean wind speed of
approximately 3.87 m/s which is 0.1 less than the corresponding level in historical period (3.97
m/s). Amount of WDR was found to follow an increasing trend across different global warming
scenarios, while normal solar radiation did not show much variation. The range of values was

between 53 W/m? and 55.5 W/m? for normal solar radiation across all the levels of global warming.

For this analysis, a wood frame wall assembly with only one cladding i.e., brick veneer cladding
was used to demonstrate the methodology. The temporal uncertainty in the climate data was
considered in such a way that the selected data reflects the climate conditions of different global
warming scenarios. Three global warming scenarios (Historical, F4, and F7), with each global
warming scenario including 15 climate realizations (runs, each run includes 31-year consecutive
climate data), were chosen for training a PLS model, which was successfully applied for ranking
run wise moisture severity concerning mould growth risk. The 31 years simulations were
performed for all 15 runs in the 3 scenarios. The analysis was performed for Ottawa using the
method stated above to assess the correlation between climate parameters and the wall response.
Three different types of performance-based indices i.e., maximum mould index, average mould
index, and dMI (number of hours with mould index greater than 3) were used as the response
variable. For the selection of a climate set to represent the temporal uncertainties, historical and 2
global warming scenarios 1.e., GW2.0 and GW3.5 was considered for the training dataset. The

other global warming scenarios were used to validate the model.

The run-wise simulations were performed for the historical period and all global warming
scenarios i.e., a total of 120 simulations (15 runs * 8 periods) for Ottawa. The brick cladding wall
facing the default orientation (the orientation which receives the highest amount of WDR) was

used for the simulations.

To quantify the moisture risk, mould index was calculated at the exterior layer of OSB (0.1 mm
thick) for all 31 years’ simulations. The output of mould index (Mol) file is the hourly values of

mould index for the 31 years and hence to quantify the moisture severity of a run, three different
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variants of mould index i.e., maximum Mol, average Mol, and dMI were used as response-based
indices. The maximum and average values of Mol were selected for each run for comparison. The
higher the value for Mol, the higher the moisture damage risk. dMI is defined as the summation
of the deviation of hourly Mol from a threshold value, as shown in equation (6-7). A threshold

value of 3 was used in this study.
dMI = z(MoI -3) (6-7)

Only the hours with Mol greater than 3, i.e., positive hourly values, were counted, and Mol less

than 3, i.e., negative values were set to zero.

Figure 6.14 shows the variation of three indices among different runs and global warming
scenarios. It was noted that the mould risk increases with the increase in the level of global
warming. Further, all three indices resulted in a similar trend i.e., higher risk in future scenarios.
The variation in the maximum mould index was found to be the least and the range contracts as
the level of global warming increases. However, a significant range was observed for average

mould index and dMI.
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Figure 6.14: Variation of (a) maximum mould index, average mould index and, (b) dMI among

15 runs in historical and each global warming period

6.4.1. Correlation between different performance-based indices
To quantify the correlation among different response-based indices, the following approaches

were used:
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6.4.1.1.Direct correlation method

For direct correlation, the three response-based indices were calculated for all global warming
scenarios and 15 runs. They are further correlated among each other to identify the correlation
among themselves, and the results are shown in Table 6.4. It was seen that the R? remained high
for most of the cases and the highest correlation was obtained between the average mould index
and dMI. It was noted that an average R? of 0.57, 0.62, and 0.90 was observed with maximum.
Mol vs average. Mol, maximum. Mol vs dMI, and average. Mol vs dMI respectively. It further
illustrates that the maximum Mol is the least correlated response-based index and the average Mol

or dMI can be used as an effective response-based index for moisture performance assessment.

Table 6.4: R’ among different response-based indices considering 15 runs for all global

warming scenarios

Global warming scenario Max. Mol vs Avg. Mol Max. Mol vs dMI Avg. Mol vs dMI
Historical 0.84 0.68 0.82
GWO0.5 0.80 0.79 0.89
GWI.0 0.37 0.40 0.85
GWL.5 0.23 0.45 0.91
GW2.0 0.65 0.68 0.93
GW2.5 0.44 0.64 0.88
GW3.0 0.76 0.81 0.94
GW3.5 0.49 0.54 0.94
Average 0.57 0.62 0.90

6.4.1.2.Ranking Analysis

To further confirm the correlation among different response-based indices, a ranking analysis was
performed considering all the runs in all global warming scenarios. The total number of direct
matches (among 15 runs) for each global warming scenario was calculated. Further, the number

of matches when considering the top 3 and top 5 runs (order not considered) was also noted.

Table 6.5 shows the number of matching runs among three investigated variants of mould index.
It was found that the number of matching runs was highest when comparing the average Mol with
dMI and the least matches were found when maximum Mol was used as the response indicator.
The results are in agreement with the R? results (Table 6.4). Considering the average Mol and

dMI, it was found that on an average there are more than 5 direct matches and above 1 and 3 when

113



considering the top 3 and top 5 runs. This further illustrates that any of the two indicators can be
used for performance assessment and as a response variable for the PLS model development.
Table 6.5: Number of matching runs with different response-based indices considering 15 runs

for all global warming scenarios

Global Max. Mol vs Avg. Mol Max. Mol vs dMI Avg. Mol vs dMI
warming Match  Match Match Match Match Match  Match Match Matches
scenario (15) 3) 5) (15) 3) 5) (15) 3) Q)
Historical 6 2 2 5 2 2 6 1 2
GWO0.5 7 3 4 4 2 3 5 2 3
GW1.0 3 2 2 4 2 3 7 2 3
GWIL.5 3 1 2 2 1 2 8 2 4
GW2.0 4 0 1 5 1 2 6 1 2
GW2.5 1 0 0 2 0 1 3 1 3
GW3.0 5 2 3 4 2 2 7 2 4
GW3.5 3 2 2 5 2 3 4 2 3
Average 4 1.5 2 3.88 1.5 2.25 5.75 1.63 3

Based on the above analyses, it is clear that any of the average mould index or dMI can be used
for PLS model development. To compare the performance of the model, all three response

indicators were used in this preliminary study to set a foundation for further analysis.

6.4.2. PLS model development with three response variables

For the PLS model, similar to previous models, five weather parameters were used as the input
variables. These weather parameters are temperature, relative humidity, wind speed, wind-driven
rain, and solar radiation normal to the wall surface. The average value of the run was used to
represent each variable in the run. Among all the global warming scenarios, three scenarios were
chosen for the training set i.e., the historical period, the GW2.0 or F4, and GW3.5 or F7. The
rationale behind this selection is that the other scenarios lie in between these three scenarios. For
the response variable, all the variants of mould index were used and three separate PLS models
were generated.

The PLS model was developed with three response indicators and the corresponding regression

equations for each indicator are shown below (equations (6-8) through (6-10)):

Maximum Mol:
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Max.Mol = —13.88511 — 0.0108 * T,y + 11.0378 * RHg, + 2.7257

x Speed,y,y + 180.5372 * WDR,,, — 0.0601 = Rad 6-8)
Average Mol:
Avg.Mol = — 29.5898 — 0.0463 * Ty, + 28.3962 * RHyg + 4.1324
¥ Speedqyy + 247.8638 * WDR 4y — 0.1413 * Rad gy, (©9)
dMI:
dMI = —3727741 — 7509.226 * Ty, + 3817636 * RH,,, + 570327.6 * Speed qy,g 6.10)

+ 46203700 * WDRg,,; — 33685.62 * Radgyg

Here, T,y is the run average temperature in °C, RHg,,4 is the run average relative humidity in (-
), Speed 4,4 is the run average wind speed in m/s, WDR,,4 is the run average WDR in mm and

Rad 4,4 is the run average normal solar radiation in W/m?.

To test the reliability of the PLS models the model was used to predict the response on the test set
which is independent of the data used in training the model. The test set comprises 15 runs from
each of the global warming scenarios which were excluded in the training set i.e., GW0.5, GW1.0,
GW1.5, GW2.5, and GW3.0. A total of 75 test sets were identified (5 GW scenarios * 15 runs in
each). The model was trained using 3 GW and 15 runs in each i.e., using a training set with 45
samples. Two types of analysis were performed to analyze the results: 1) Direct correlation
analysis and 2) Ranking analysis. Details of each approach along with the analysis of the result

are discussed in the following subsections:

6.4.2.1.Direct correlation analysis
In this analysis, the predicted response variable is compared with the actual response based on
simulation results. A scatter plot is generated for predicted and actual response and different

statistical parameters were calculated to quantify the model’s prediction performance.

As shown in Figure 6.15, there is a significant variation in the prediction results when compared
to actual simulation results for the there response variables. The predicted maximum mould index

had the lowest R? with simulation results. The correlation was higher for dMI and the highest
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correlation of 0.7 was obtained when using the average mould index as the performance indicator.
The results are in line with the analysis made in section 6.4.1.1 where the maximum mould index
seemed to be the least correlated indicator with the other two indicators. The average mould index
has the best correlation among the three indicators, and it was further noted that among the 75 test
points, for the 40 points, the difference in the predicted and actual mould index was less than 0.1
meaning that these points lie very close to the orange one-to-one line and the model was able to
predict the exact value. The other points also have a deviation between 0.2 and 0.4 with the highest

deviation being 0.51.
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Figure 6.15: Predicted vs. actual value of three performance indicators considering all the runs

among different global warming scenarios

To further evaluate the performance of the three models, various statistical parameters were
calculated, and the results are shown in Table 6.6. As depicted in Table 6.6, a similar error i.e.,
RMSE and MAE were noted for maximum and average Mol when all the runs are considered for

calculations. However, when considering the top 3 or top 5 runs based on simulation results, it
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was found that a slightly lower error was noted when considering the maximum Mol as the
response variable. Moreover, as the aim of the prediction model is to predict the performance and
rank the runs based on their moisture severity level, an additional analysis considering the ranking

was performed and is discussed in the following section.

Table 6.6: Comparison of various statistical parameters for three PLS models with different

performance indicators as response variable

Indicator RMSE (all RMSE@3) RMSE(5) MAE(ll) MAE@)  MAE (5)

Max. Mol 0.24 0.31 0.28 0.19 0.29 0.25
Avg. Mol 0.23 0.36 0.36 0.17 0.33 0.32
dMI 48812.03 97269.90 94215.74 37808.29 95160.66 89487.50

6.4.2.2.Ranking analysis

This analysis focuses on the ranking of runs based on the predicted and actual results instead of
the actual magnitude of different response variables. The purpose is to see how well the model
can rank the runs in terms of their moisture severity. The model would be considered as effective
if it lead to a similar ranking of runs as obtained from simulations. Different methods of evaluating

the ranking of years were investigated and the results are shown in Table 6.7.

The number of matching runs between the prediction and actual results was counted and used as
a criterion to evaluate the reliability of the models. The higher the number of matches, the better
the model is at ranking the runs. Further, the ability of models to identify the top 3 or top 5 runs
was also investigated. A match is considered as long as the run is ranked within the top 3 or top 5
of simulation results without considering the actual order of ranking. As shown in Table 6.7,
considering the direct matching runs by considering all the 75 test set points, it was found that the
highest number of matches (8) were obtained with average Mol as the response variable.
Moreover, considering the top 3 and top 5 runs, average Mol and dMI had similar results and they
can rank well the top 3 and top 5 runs in a better way as compared to maximum Mol. Similarly, a

higher Kendall W and spearman rho was noted for average Mol and Kendall W.
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Table 6.7: Number of matching runs, Kendall W, and spearman rho for three models (Matches

(n): number of matches considering “n” runs)

Indicator Match (all) Match (3) Match (5) Kendall W Spearman rho
Max. Mol 2 0 2 0.59 0.79
Avg. Mol 8 1 3 0.80 0.90
dMI 4 2 3 0.82 0.91

From these analyses, it is evident that the model trained on only 3 GWs can be used to predict the
results of other GW scenarios. Based on the results, it is recommended to use average Mol as a
response variable when analyzing the simulation results and generating the PLS model. Using
average Mol as a response variable resulted in a higher R? as well as it was able to rank the runs

in a manner similar to the actual simulation results.

The study can be very helpful as it can be used as a screening measure to avoid performing many
simulations. The run-wise simulations (31 consecutive years) can take quite a lot of time to
complete e.g., a set of 15 such simulations take up to 36 hours to complete. Using the PLS model,
an estimated mould index can be computed and if the need persists, simulations can be performed

for only some specific cases.

6.5. Model based on yearly simulations

PLS model based on run wise simulations was originally tested and found to be working well in
terms if their prediction ability. An additional study was conducted to determine if a model based
on yearly simulations can be used to make run wise prediction. For Ottawa, historical, F4 and F7
data was used, and the median run (run 10) was chosen. For the years (93 years) among the 3 GW
scenario for run 10, the years which has default orientation in the range of 247.5deg to 292.5deg
was selected. The reason behind this is to be consistent with run wise simulations where the default
orientation was 292.5deg. Eliminating the years with wall orientations different from range
proposed, a total of 55 years were identified and later were used for the PLS model development.
The developed model was later tested using all the runs considering all the global warming
scenarios 1.e., a total of 120 runs. The PLS regression equations based on run wise and yearly

simulations are shown in equation (6-11) and (6-12) respectively.
Based on run wise simulations:
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Avg. Mol = —29.5898 — 0.0463 * Ty, + 28.3962 * RHgyg + 4.1324 * Speed gy,

(6-11)
+ 247.8638 * WDRavg —0.1413 = Solara,,g
Based on yearly simulations:
Avg.Mol = —7.55895 + 0.012 * Tovg + 8.9676 * RHyyg + 0.3283 * Speedavg 6-12)
+ 49.5499 * WDR 4, — 0.0002 * Solary,,
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Figure 6.16: Comparison of actual and predicted average mould index for the 15 runs in all GW
scenarios using (a) run wise PLS model (b) yearly PLS model

As shown in Figure 6.16, an R? of 0.70 and 0.54 was noted for run wise and yearly PLS model
respectively. Furthermore, unlike the run wise model where the points like close to one-to-one line
meaning the results are similar, the yearly model shows the clustering of data above the one-to-
one line. This illustrates that the predicted results underestimate the actual results and are confined
in a small range. Table 6.8 shows the RMSE and MAE when comparing the actual and predicted
average mould index using the two models. A significant error was noted with yearly model which

is in line with the underprediction linked to the yearly model (Figure 6.16 (b)).

Table 6.8: RMSE and MAE using the two PLS models considering all the runs in all global

warming scenarios
PLS Model RMSE MAE
Run wise 0.238 0.179
Yearly 2.151 2.118
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A further analysis was made wherein the two models are used to rank the runs in each global
warming scenarios based on their moisture severity. The aim was to quantify the ability of models
to identify the worst runs in each global warming scenario. A model might not to be able to predict
the absolute value of the mould index but if it can arrange the runs based on their moisture severity,

it can be used to select the representative runs.

Table 6.9: Ranking analysis using the run wise and yearly PLS model considering all runs in

each global warming scenario

GW PLS Direct Matches Matches Kendall W Spearman rho
model  matches (15) top 3 top 5 (15) (15)
Run 7 3 3 0.86 0.72
Historical

Year 4 3 3 0.87 0.74
Run 2 1 4 0.93 0.85

GWO0.5
Year 2 2 3 0.85 0.69
Run 5 3 5 0.93 0.85

GWI1.0
Year 4 2 4 0.86 0.73
Run 3 3 4 0.97 0.94

GWIL.5
Year 3 2 3 0.93 0.86
Run 3 2 3 0.90 0.80

GW2.0
Year 2 3 4 0.91 0.83
Run 3 3 5 0.96 0.89

GW2.5
Year 1 3 5 0.94 0.85
Run 0 1 4 0.89 0.78

GW3.0
Year 1 2 4 0.88 0.83
Run 3 3 4 0.94 0.89

GW3.5
Year 3 2 4 0.85 0.71

Table 6.9 shows the number of matches along with Kendall W and spearman rho for 15 runs in
each global warming scenario using the two PLS models. For all the measure implemented, in
general, it was found that the irrespective of the choice of PLS model, the ranking results were

found to be similar. For instance, when considering the number of matches for top 5 years, it was
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found that the yearly model lead to same or even higher number of matching runs except for
GWO0.5, GW1.0 and GW1.5 scenario where the difference is only 1. Moreover, Kendall W and
spearman rho were also very close to each other for both the models. These results showed that
along with the run wise model, the model trained on year can also be used to predict the run wise

ranking for each global warming level.

Based on the analyses shown above, it can be said that the model trained on yearly simulations
may not be appropriately used to predict the severity level of runs as the results are found to be
underestimated. However, if the purpose is to arrange the runs based on their moisture severity,
the yearly model can be used. It should be noted here that to develop a run wise model, simulations
with 31 consecutive years are required and a set of 15 simulations requires on an average of 36
hours. On the other hand, 15 yearly simulations takes around 20 minutes to be completed. Hence,
a choice is required to be made before performing the analysis. If the goal is to identify the level
of severity of each run, the run wise model should be opted as it will lead to more reliable
prediction and can also assist with the ranking. However, if the aim is to sort the runs and identify

the top runs, a yearly PLS model can be used.
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Chapter 7 Conclusions and future work

7.1. Contribution

This research investigates the level of moisture damage risk in the future in comparison to the
historical or current risk. Considering the time constraints associated with the traditional
hygrothermal simulations, this research presented an approach to predict the hygrothermal
performance of the wall assembly using the Partial least squares regression (PLSR). This research
developed a climate-based index (CBI) and a framework for the reliable assessment of moisture
risks in wood-frame walls under historical and projected future climates using a metamodel that
is developed by incorporating the data representing cities belonging to different climate zones
across Canada, weather years, and climate change scenarios. These models and methods were
validated and demonstrated on different claddings, different cities, different climate runs and
global warming scenarios. The potential of the PLSR to predict the response of the wall assembly

to the future climate was demonstrated. The contribution include:

e [Evaluated the reliability of existing climate-based indices in assessing moisture risk.

e Developed a PLS meta-model which can predict mould growth risks directly; rank the
moisture severity therefore select moisture reference year; categorize mould growth risk.
In contrast to the traditional hygrothermal simulation, where a single one-year 1D
simulation could take anywhere between 10-12 minutes, the model can process the results
within seconds. This can reduce the computation time significantly.

e Developed model assessment methods: direct correlation, ranking correlation and risk
category analysis.

e Identified wall assembly and moisture load that used can be a conservative configuration
for moisture risk analysis.

e The methodology developed can be used for different cities, climates, global warming
scenarios, etc. The model can be used by the practitioner as a first screening to eliminate
the cases which does not impart much risk to the building performance and can only

perform simulations for a limited case.
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7.2. Conclusion

The climate-based indices can be used as indicators to rank the severity of moisture loads of
different weather years and therefore used for the selection of MRY, if calibrated properly. A
correlation analysis between the performance, i.e. hygrothermal response, and the climate-based
indices, i.e. climatic loads, provides a base to understand the reliability of these indices in assessing
the moisture risks of walls. This thesis investigated the existing climate-based indices and
developed new climate-based indices to assess the moisture performance of the wall assemblies.
A methodology was developed to assess the reliability of existing indices and to generate new
climate-based indices. The main conclusion of this work is categorized into two parts: 1)
conclusions regarding existing climate-based indices; 2) conclusions regarding new climate-based

indices.

7.2.1. Conclusions regarding existing climate-based indices

Correlation between response-based and climate-based indices

e The correlation between existing climate-based indices and hygrothermal response was
generally weak, with R? in the range of 0-0.79. Among all climate-based indices, CI and
MI had a better correlation with response-based indices.

e The correlation remained poor for Vancouver due to the low WDR in north orientation,
with R? in the range of 0-0.2 for a north-facing wall. Significant improvement was
achieved for the prevailing WDR direction with R? ranging from 0.2-0.69 (excluding Isev).

e The correlation varied for different cities, wall types and climate periods. For cities like
Ottawa and Calgary, the change in climate-based indices under future climate was

consistent with change in the maximum Mol.

Ranking Analysis

e Among the three methods used, the choice of response-based index did not change the
ranking greatly and usually the maximum Mol led to the slightly better results (higher
matches, lower RMSE and higher NV) for most of the cases.

e When using climate-based indices to rank the years, for most of the cases, the accuracy in
ranking all years was low with some improvement in ranking the first 3-year.

e The number of matching years remained small for all the existing climate-based indices
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with the highest being 7 out of 31 using MI.

e Using the ranking correlation method, CI in general led to a higher number of matching
years, a lower RMSE for both 3-year and all years. The RMSE for 3-year ranking was
lower than the RMSE for all-year ranking for all climate-based indices except for Isev with
walls facing the default orientation.

e Using the goodness-of-fit approach, MI usually led to the highest normalized value (NV)
followed by CI for most of the cases. The moisture severity of the first three worst years
selected by climate-based index was similar to that of the first three worst years selected
based on simulations for cases where the wall orientation is close to the north, except for
Vancouver, although the ranking accuracy (indicated by number of matching years) was
generally not very high.

e I is proposed in ASHRAE 160 for evaluating the severity of the years. However, for
different wall configurations under different moisture loads, it failed to predict the correct
ranking. Also, for the three investigated Canadian cities, it didn’t perform well even for
the same wall configuration and moisture load used in its development.

The analysis showed that the existing climate-based indices do not show reliability and
consistency in ranking the severity of weather years when compared to simulation results.
Climate-based indices taking into account more climatic parameters perform better and their
performance is influenced by the type of wall constructions, moisture loads and climatic
characteristics. Therefore, to assess the moisture risks of building envelope assemblies under
future climates, a more reliable climate-based index is needed to better correlate response-based

indices with climate-based indices for typical Canadian climates.

7.2.2. Conclusions regarding new climate-based indices

A regression model based on PLS regression was developed in this study to provide an estimated
wall performance without performing the simulations and thereby reduce the computation time.
The model uses a training set comprising the response variable and the most influential input
parameters. Based on the data input to the model, a regression equation was developed, and this

was further used for any new dataset that one can encounter in the future.
The main findings are as follows:
e The prediction results on the investigated test sets showed a good accuracy as depicted by
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various statistical parameters i.e., R? above 65% and an average RMSE below 0.5 for
Ottawa, and R? above 85% and RMSE below 0.35 for Vancouver and St John’s.

Ranking analysis showed that the model can accurately rank the years especially if the
primary concern is to identify the top 3 or top 5 worst years for the purpose of Moisture
Reference Year selection.

The model was able to categorize the years in the same mould risk category as depicted by
simulation results.

The PLS model developed with a brick cladding wall can be effectively used for a stucco
cladding wall by modifying the regression equation with a suitable regression factor. The
modified model works as effectively as the model trained on stucco cladding.
Considering the climate uncertainties, it was noted that the risk varies across different
climate runs but in general, a similar trend was noticed. For Vancouver and St. John’s the
risk is considerably higher in southerly directions while for Ottawa, the risk is uniform
across various wall orientations.

For the brick cladding wall, the mould index remained above the safe limit for southerly
orientations for Vancouver and St. John’s and it remained close to the safe limit for Ottawa
for all orientations. For the stucco cladding wall, the mould index always remained below
the threshold limit and the wall remained safe for all climate runs and periods.

In terms of climate change, the risk increase in the future period for all the cities, claddings,

and climate runs.

The results showed that the use of the PLS modeling technique to predict the hygrothermal

response is an effective way to improve computational efficiency. The model if trained well can

help in predicting the wall response and will reduce the simulation efforts. The advantage of

regression model is that it is easy to use for practitioners, who may not have the knowledge and

experience of DELPHIN or any other hygrothermal simulation programs. It can also be used by

the practitioners for screening purposes to reduce the simulation efforts. For example, the

predicted mould can be computed using the regression equation and later simulations can be

performed only for the cases where the model predicts the mould index above a certain threshold

defined by the user. The model can help in covering all the factors i.e., uncertainties in climate

data, climate periods, and types of walls without or with low computational efforts.
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7.2.3. Conclusion regarding the model validation on different claddings, considering
climate uncertainties and different level of global warming

Model performance

e The PLS model developed with a brick cladding wall can be effectively used for a stucco
cladding wall by modifying the regression equation with a suitable factor. The modified
model works as effectively as the model trained on stucco cladding. Therefore, the PLS
model developed for brick veneer wall can be used for the assessment of moisture severity,
i.e. ranking of a specific location to represent other types of cladding.

e The PLS model developed for the median run can be used to cover all 15 runs and an R?
as high as 0.91 was obtained for Vancouver.

e The model developed can be used to predict the mould growth index directly and also to
assess the moisture severity of years for the ranking and MRY selection. This can further

help practitioners screen the years and perform simulations for the years with risks.

Effect of climate change on mould growth risks

e The model can be effectively used to assess the impact of climate change on mould growth
risks without running simulations for all scenarios.

e A mould growth rosette is used to identify the worst orientation and it was found to be
consistent with the WDR rosette.

e The mould growth risk increase in the future period for all three cities, two claddings, and

15 climate runs.

Effect of different global warming scenarios

During its service life, a building is subjected to different climate and moisture loads and hence it
is imperative to estimate the risk which the wall is expose to during this period. For a reliable
assessment of performance, usually 30 consecutive years simulations are performed. To
investigate the reliability of the approach developed for individual year PLS model, a similar
model was generated for consecutive years simulations or run-wise simulations. The run average
of climate parameters were taken as input to the model and different variants of mould index were

taken as response variables. It was found that the among the three models, the model based on
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average mould index as response could predict the wall performance with a certain level of
accuracy and can also help in ranking the run based on their moisture severity. Having the runs
sorted based on their severity can assists in proper selection of weather data and to estimate the

risk assuming a conservative approach.

7.3. Future work

The future work can include the development of a method to generate climate-based index specific
to a Canadian climate, wall constructions under different loading conditions, i.e., rain penetration,
air leakage, etc. For each cluster, the climate-based index can be calculated and correlated with
the response-based index to assess the moisture risks for future climate. Further, for considering
the different global warming scenarios i.e., run-wise simulations, the present analysis was limited
to Ottawa only one wall cladding (brick-veneer). The analysis can be further expanded to other
cities, wall claddings. Moreover, in the current work, the weather data used for different cities are
based on airport location data in the particular city. However, to cover the spatial uncertainties
arising due to the local topography e.g., a city center, mountains, station near water bodies

surrounding the major city etc. could also be included in the model development.
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Appendices
Appendix 1. Boundary conditions in DELPHIN

Outdoor boundary conditions include heat conduction, vapor diffusion, wind-driven rain, short
wave radiation, and longwave radiation. There are multiple ways to assign a particular boundary
condition in DELPHIN according to the type of input parameter. The types of boundary conditions

along with the equations describing them are explained in detail below:

Heat transfer

Heat transfer is one of the most important boundary conditions. DELPHIN allows different
methods to assign this boundary condition namely, surface value, imposed flux, exchange
coefficient, boundary layer, and heat pipe in wall method. Details of each method are provided

below:

In the Surface value method, the value at the surface of the boundary element is kept fixed. It is

further described as follows:

deiff = 1000(Terem — Tours) (A-1)

where, j gl- £F is heat flux in W/m?, T,.,, is the temperature of the boundary element in K and T, £

is given surface temperature in K.

In the Imposed flux method, heat flux through the selected boundary is defined and it can be set

as a climate condition.

-Q _ :Q _
Jaiff = Jimp (A-2)

where, jl-?np is Imposed heat flux in W/m?.

For the Exchange coefficient method, parameters such as temperature and heat exchange

coefficient are defined as climate conditions.

jgiff = h(Teiem — Tambient) (A-3)

Where, h is the heat exchange coefficient in W/m?K and Tpmpiene is the temperature of ambient
air in K.
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a) Heat exchange coefficients depending on the heat flow scenarios

Exchange Convective exchange Radiative exchange

Flow scenario
coefficient (W/m?’K)  coefficient (W/m?K)  coefficient (W/m?K)

Inside, heat flow upwards 10.0 5.0 5.0
Inside, heat flow horizontal 7.6 2.5 5.1
Inside, heat flow vertical 5.8 0.7 5.1
Qutside 25.0 20.0 5.0

The heat exchange coefficient can be set according to the current surroundings. The values are
taken from EN ISO 6946. The heat exchange coefficient includes both convective as well as

radiative parts. Table (a) shows the typical values for varying conditions.

The boundary layer method involves the dependency of the heat exchange coefficient on the speed
of air. In this method, temperature and wind speed are set as climate conditions and heat exchange

coefficient as a parameter.
jc?iff =h (U) (Telem - Tambient) (A'4)
h (v) = hg + kgjope. VP (A-5)

where, hy is base heat exchange coefficient i.e. at zero airspeed, kg;ope 1S the slope in Jm’K, kexp
1s exponent, v is air speed from climatic condition data in m/s and T, pient 1S the temperature of

ambient air in K.

Furthermore, from EN ISO 6946, convective heat exchange can be calculated using the equation

given below.
hee =4+ 4v (A-6)

Finally, the Heat pipe in wall method simulates the behavior of a pipe inside other material through
which a liquid flow. This liquid flow goes in the z-direction. The heat flow between the pipe and
surrounding material goes in the x and y directions. The mean heat flow from the pipe to the

surrounding material is used as the boundary condition. The model is assumed to be in the steady
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state which means equilibrium of heat flow caused by flowing liquid and heat flow from pipe to

the surrounding is assumed. The heat flow can be calculated using the following formula:
Up.L
Qy = —m.c.(T, — T,). (1 - e_W> (A-7)

Where, m is the fluid mass flow in kg/s, c¢ is the Heat capacity of fluid in J/kgK, T, is the supply
temperature in K, T, is the surrounding temperature in K, U,, and L is the heat transfer coefficient

of the pipe wall and pipe length in W/m.K and m respectively.

In this thesis, the boundary layer method was used for defining the heat conduction boundary

condition for all the simulations.
Vapor diffusion

This boundary condition defines the diffusion of the vapor at the boundary. This can be computed
using temperature and relative humidity or by providing the vapor pressure climatic condition. In
DELPHIN. there are two methods to define the vapor diffusion boundary condition i.e., exchange

coefficient and vapor diffusion boundary layer method.

The exchange coefficient method uses the following equations to define the vapor diffusion

boundary condition.
]CTi'll]zf — ﬁv(pglem _ pgmbient) (A—S)

Where, jgz;f is mass flow density of diffusive vapor flux in kg/m?s, f,, is water vapor exchange

coefficient in s/m, p¢'®™ is water vapor pressure at boundary element in Pa and p@™Ptnt is further

defined as the following.

pgmbient = Py sat (Tambient)_ (pambient (A-9)

Where, py, sqr (Tamb‘e"t) is saturation vapor pressure for ambient air temperature in Pa, T ¢mbient

is the ambient air temperature in K and @#™P%"¢ i the relative humidity of ambient air.

There are two ways of defining climatic conditions. The first is setting up the air temperature and

RH and the second involves setting up the vapor pressure. Also, an s; value can be given for
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simulating the external coatings. This is used as additional resistance. The new vapor exchange

coefficient will be calculated using the following relation:

1
Poe =45 R.T (A-10)

B D(D)
The water vapor exchange coefficient mainly depends on the convective process near the surface.
Therefore, there exists an equivalent description to the convective part of the heat exchange
coefficient, and it is known as Lewis’s relation. For constant air pressure and low air velocity, the

Lewis number is approximately 1. Hence the following relation could be written:

1
_ A-11)
B, = h (
Y Rv-T- Pair- Cair ¢

For normal pressure of 1atm and dry air conditions, the following simplified relation can be used:

Kms -
By~ 615107 = h, (A-12)

The second method called Vapor diffusion—-Boundary layer takes into consideration the

dependency of exchange coefficient on airspeed.

Similar to the previous method for vapor diffusion, this method also has two possibilities for
defining the boundary condition. However, wind speed as climate conditions is used in this

method.
]CTi'll]zf — ,B(v) (pglem _ pgmbient (A-13)
p(w) =By + kslope- vkexp (A-14)

Where, B(v) is water vapor exchange coefficient in s/m, 8, is base exchange coefficient at zero

wind speed, kgope 18 the slope in s/m?, ke, is exponent, v is air speed in m/s, pg'™ is water

vapor pressure at boundary element in Pa and pZ™P%"t is defined as follows:
pgmbient = Dy sat (Tambient). gambient (A-IS)

Where, py, sqr (Tamb‘e"t) is saturation vapor pressure for ambient air temperature in Pa, T ¢mbient

(pambient

is the ambient air temperature in K and is the relative humidity of ambient air.
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The model for convective heat exchange coefficient from EN ISO 6946 can be used and following

this, the Lewis relation can be used to calculate the above-mentioned parameter with h., and £3,.

By =244x10"8+2.44x1078.v (A-16)

For the present work, the Vapor diffusion — Boundary layer method was used for imposing the

vapor diffusion boundary layer for all the simulation work.

Wind-driven rain (WDR)

Wind Driven Rain (WDR) is an essential boundary condition for hygrothermal simulations. Two
methods are available in DELPHIN to impose wind-driven rain as a boundary condition namely,
Imposed flux and standard rain model. In the Imposed flux method, the rain flux density normal
to the wall surface is calculated by the user and it is then directly used to make further calculations.
On the other hand, the Standard rain model involves the calculation of rain flux density normal to
the wall surface using rain flux density on a horizontal plane, the wind direction, and the wind

velocity using the wall parameters orientation and inclination.

Knowing the rain flux density normal to the wall surface the liquid water flux over the boundary
can be calculated. The maximum liquid water flux over the boundary is determined by the
multiplication of the liquid water conductivity of the material with a capillary pressure gradient
calculated from the difference of the moisture content in the surface volume element to its
saturation value. If the driving rain flow on the surface exceeds the maximum liquid water flux,
this maximum flux will be used as liquid water flux into the boundary element. The difference in

the driving rain flow can be considered as run-off.

Jeowy = min(jims, js (A-17)

Where, jo%  is the mass of convective liquid water flux in kg/m?s, jirrnn“zg is imposed water flux in
kg/m?s and j,¥. i.e. maximum water flux into the element in kg/m?s is defined as follows:

. pelem A-18
]xgx == (Kl (Wg}lc?m) + K (Wlelem)) 'xlelem ( )
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Where, K;(w) is liquid water conductivity in s, wee}icm is the effective saturation water content in

kg/m3, wEle™ is the current water content in kg/m?, pf¢™ is current capillary pressure in element

elem

in Pa and x 1s the thickness of the element in m.

The liquid water flux into the boundary element is calculated by using one of the two models.

From this, an enthalpy flow can be calculated.

i Moy A-19
]clf)nv = uW(Tw)']cn(;nv ( )

Where, jéi,“;w denotes the internal energy of liquid water flux in J/m?s, u,, (T,,) being the specific

internal energy of liquid water in J/kg with T,,, as defined below:

Tw = Taew (Tair Pai) (A-20)

With T,, being the temperature of imposed flux in K and T4,y (Tyuir, @qi) is the dew point

temperature of ambient air in K.

Further, both rain models, exposure coefficient, minimum rain temperature, and minimum rain
flux should be defined. The exposure coefficient is a factor with which the rain flow density will
be multiplied. It can be used to take sheltering effects or similar into account. The minimum of
this value is 0 and there is no upper limit to this coefficient. The minimum rain temperature is used
for distinguishing rain from snow. Below the minimum rain temperature, the model does not

consider rain. Finally, the minimum rain flux is used to neglect very small rain flux densities.

For the Imposed flux method, the flux must be given by a climate condition i.e. the normal rain,

air temperature, relative humidity, and wall data.

For the standard rain model method, driving rain flow density at a surface with a specified
orientation depending on wind direction and wind speed is calculated. The following equations

are used for the calculation:

My M (A-21)

‘mW _ .
]conv - mln(]nor']max
Where,
(A-22)

my _ ' Cmy
Jrainnor = leTld' kraln']rain,hor
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With, j;ﬁ‘g’n‘n or being the rain flux density normal to the wall surface in kg/m?s, k,,inq is the wind

coefficient and k,4;,, denotes the rain exposure coefficient.

k. ina depends on wall orientation, wind direction, and wind speed and the expression used is only
valid for a vertical wall with a given orientation. For a horizontal surface, the value is set to 1. It
depends on an important parameter i.e. wind angle, . It describes the angle between the wall-

normal and the wind direction.

Bwina = l@wau — @winal (A-23)
Buing = { Bwina > T = Pwina (A-24)
wind Bwina = T = 21 — Byina

Where, a,,4;; and a,,;,4 represent the wall orientation and wind direction respectively in radian.

Finally, for the calculation of k,,;,4 , following formula is used except for the case in which the

wind angle exceeds 90° and if the wind speed is 0 m/s, wherein it is assumed 0.

12
4 .m
Cos(ﬁwind) e S5Vwind- 3600']Ta‘zvn,hor

Kyind = : (A-25)
3600.;7%

rain,hor
1+ 1142. .

wind

For the present study, Imposed flux method was used to compute the WDR boundary condition.
Short wave radiation

Short-wave radiation is mainly solar radiation with a wavelength between 0.2pm (sometimes
0.38um) and 3um. To define this boundary condition, there are two available methods in

DELPHIN:

Imposed flux, in this method, the radiation flux density normal to the wall surface has been entered
manually by the user. Another method i.e. Direct sun radiation model, where the radiation flux

density normal to the wall surface is calculated from the daytime, the direct sun radiation, and
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diffuse sun radiation components and using the wall parameters such as orientation, inclination,

and latitude.

For imposed flux method, the following equations are used for computation:

Q _ Q (A-26)

Jswrad = O(SW']imp
Where, stwrad is short wave radiation flux in W/m?, a,, is absorption coefficient for short-wave

radiation and ji?np is the imposed radiation flux in W/m?.

The absorption coefficient for short-wave radiation mainly depends on the color of the surface
finish. Error! Reference source not found. shows the typical values from the German standard

DIN 18599.

b) Absorption coefficient for different colored materials

Name Absorption coefficient
Light colored paint 0.4
Muted paint 0.6
Dark paint 0.8
Clinker brickwork 0.8
Light-colored exposed brickwork 0.4
Roof: brick color 0.6
Roof: dark surface 0.8
Roof: bare metal 0.2
Roof: bitumen (sanded) 0.6

For the Direct sun radiation model, the following equations are solved to compute the short-wave

radiation:

:Q — :Q :Q A-27
Jswrad = Xsw- (Jdir,n +]diff,n) ( )
Where,

Jairm = Jain fair (@wat Bwaiws lgeor £) (A-28)
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Bwau ﬁwall)
(A-29)

Jaifrn = ](Jliff’h.cos2 (—2 ) + ralbedo.]glob‘h.smz ( >

-Q _ :Q -Q -
Jgiobn = Jairrn 1 Jdirn (A-30)

Where, jc?ir,n denotes the direct radiation flux normal to the surface in W/m?, jgi £ 18 the diffuse
radiation flux normal to the surface in W/m?, j glo p,n 18 the global radiation flux on a horizontal
surface in W/m?, jc?if 7 18 diffuse radiation flux on a horizontal surface in W/m?, jgir , 1s direct

radiation flux on a horizontal surface, fdir(awallr Bwait Lgeos t) is the direct radiation factor, a,, 4
being wall orientation in degree, B,,q;; being wall inclination in degree, lge, being geographic

latitude of location in degree, t being time in seconds and 7,504, being the ground reflection

coefficient.

For this study, the direct sun radiation model was used with direct sun radiation, diffuse sun

radiation, and wall data being the input parameters.
Longwave radiation

Long-wave radiation is infrared radiation with the wavelength between 4um and 40um. There are

three methods available for defining this boundary condition.

Imposed flux, wherein the radiation flux density normal to the wall surface is calculated by the
user. Long wave components, in which the radiation flux density normal to the wall surface is
calculated from the heat emission of the building and the atmospheric counter radiation using the
wall parameter Inclination. And finally, Boltzmann calculation, where the radiation flux is
calculated based on Boltzmann's law. The surface temperature is used for the long wave emission
and the air temperature is used instead of the sky temperature for calculating the atmospheric
counter radiation. Except for imposed flux, the emission coefficient of the surrounding ground is

taken into account.
For imposed flux method, the following equation is solved to get the long wave radiation flux:

:Q _ :Q A-31
Jiwraa = ‘SSW']imp ( 3 )
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Where, jl?/vrad is long-wave radiation flux in W/m?, &, is emission coefficient for long-wave

radiation and ji?np is the imposed radiation flux in W/m?.

For the long wave components method, the radiation flux density normal to the wall surface is
calculated from the heat emission of the building and the atmospheric counter radiation using the

wall parameter Inclination.

For considering the radiation exchange between construction and surrounding ground, the ground
emission radiation flux can be added as a climate condition and a ground emission coefficient as

the parameter.

Hora = Foey (e = 0 Thu) + forae (o = 0 Ty (a-32)

Where, jl?wad is long-wave radiation flux in W/m?, stkyis atmospheric counter radiation in W/m?,

j grd is ground emission radiation flux in W/m?, ¢ being the Stefan Boltzmann constant, Tsurs

being the surface temperature in K and fg, & fyrq are given as follows:

:8 i1 -
fsky = COSZ( wza >-£lw,surf (A-33)
ﬁwall 1
— cinl
fgrd—sm( > ) 1 1 ]
-1 (A-34)

Slw,surf Slw,grd

Where, fg, is sky radiation factor, f;,4 is ground radiation factor, 3,4 is wall inclination,
Ew,sury 18 long wave emission coefficient of surface and &, grqis the long wave emission

coefficient of ground.

Finally, for the Boltzmann calculation model, the long-wave radiation from the construction is
calculated by the Stefan Boltzmann equation with the current surface temperature of the
construction. The long-wave radiation from the sky is calculated using sky temperature and sky
emissivity or a model based on cloud covering. The radiation exchange with the surrounding

ground can be calculated in the same way as the Long Wave Components model.

. A-35
]zgvmd = fsky' g. (Ts4ky - Ts‘ﬁtrf) + fgrd- g. (Tg4rd - T;urf) ( )

i A-36
Tsiy = T\ fru- fec ( )
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Where, jl?/vr aq 18 long-wave radiation flux in W/m?, Ty is sky temperature in K, T4 is the ground

temperature in K and is equal to T%7", T, s is surface temperature in K and is equal to the Tetem
and fry (relative humidity factor) & f.. (cloud covering factor) are defined as below:

fe = 0.82 — 0.25 x 1070.0007500655" (A-37)

fCC = 1 + OZBZ (A-SS)

Where, p2'" is water vapor pressure in the air in Pa and B is cloud cover.

For sky temperature, two different models can be used. The sky temperature is directly given as
climate condition. Alternatively, it is possible to calculate the sky temperature from air

temperature, air relative humidity, and cloud covering.

The Boltzmann calculation method was used for long-wave radiation boundary conditions in this

thesis.
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Appendix 2. WDR Distribution for 11 cities across different orientations

1. North Orientation
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2. East Orientation
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¢) Hourly and cumulative values of WDR for all cities for the East orientation
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South Orientation
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5. Default Orientation
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A3. Results obtained with the Maximum Moisture Content (MC)

1. Cases with no WDR and no water source
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2. Cases with WDR and no water source
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3. Cases with WDR and water source
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Ad4. Results obtained with the Mean Moisture Content (MC)

1. Cases with no WDR and no water source
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2. Cases with WDR and no water source
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b) Mean Moisture content of OSB layer for all selected cities with WDR and no water
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3. Cases with WDR and water source
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AS. Results obtained with the Mould Index (Mol)

1. Results with maximum Mol as performance indicator
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a) Maximum Mould Index at the exterior layer of OSB for all selected cities with WDR and

water source
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2. Results with mean Mol as performance indicator
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b) Mean Mould Index at the exterior layer of OSB for all selected cities with WDR and

water source
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