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Abstract 

Currently, no general guidelines exist to determine 

damage-free timber frame wall compositions, as this 

requires a comprehensive study, taking into account the 

variability in boundary conditions. Such a probabilistic 

assessment is typically carried out through a Monte-Carlo 

approach, which easily becomes computationally 

inhibitive. This paper thus makes use of a convolutional 

neural network as metamodel to replace the hygrothermal 

model, previously demonstrated to be accurate when 

predicting the hygrothermal response of massive masonry 

walls. It is shown that the network can accurately predict 

the hygrothermal response, and that it can be employed 

with confidence to estimate the moisture damage risks.  

Key Innovations 

• Devlopment of an accurate convolutional neural 

network as metamodel for hygrothermal predictions 

for timber frame walls. 

• The convolutional neural network is 600 times faster 

than the original hygrothermal model. 

Practical Implications 

By replacing the original hygrothermal model with the 

developed convolutional neural network, one can perform 

comprehensive probabilistic assessments, required to 

formulate general guidelines on the most optimal timber 

frame wall composition, in an efficient manner. 

Introduction 

In recent years, timber frame constructions have become 

more popular across Europe, due to its suitability for low-

energy buildings. However, timber frame constructions 

are more susceptible to moisture damage, compared to 

traditional masonry constructions. According to Straube 

and Finch (2009), vapour transfer through the wall by 

diffusion and/or advection is one of the most common 

moisture sources leading to deterioration of timber frame 

constructions. A correct design of the timber frame 

composition can avoid such undesirable moisture 

transport and prevent high relative humidity and 

interstitial condensation. In Europe, timber frame walls 

typically consist of a wind barrier at the cold exterior side 

and a vapour barrier/retarder at the warm interior side. In 

cold climates, the wind barrier must have a lower vapour 

resistance than the vapour barrier. This ensures that 

vapour that entered the construction at the inside can dry 

out towards the outside and thus moisture accumulation 

in the construction is avoided. A lot of different wind and 

vapour barrier materials are on the market, each with 

different characteristics. Yet, there are no general 

guidelines available as to which combinations of wind 

and vapour barriers are safe in a specific context. The 

Belgium Building Research Institute proposed a rule of 

thumb, which advises that the ratio between the vapour 

resistances of vapour and wind barrier should be at least 

6 but preferably 15 in case of timber frame walls with a 

brick veneer (WTCB 2013). In Finland, a ratio of 5 is 

recommended for timber frame walls with timber 

cladding (Vinha and Käkelä 1999). For other European 

countries or climates, no such rules have been proposed 

to the authors’ knowledge. Furthermore, these rules do 

not take into account the moisture buffering capacity of 

the structure nor specific climatic aspects, and hence do 

not guarantee a damage-free solution in all conditions.  

To come to general guidelines, valid for different climates 

and a wide variety of timber frame wall compositions, a 

comprehensive study is required, taking into account the 

variability in boundary conditions. This requires a 

probabilistic assessment, which is typically carried out via 

a Monte-Carlo approach (Janssen 2013). The influencing 

input parameters are ascribed a probability distribution 

and are sampled several times. Subsequently, a 

deterministic simulation is executed for each sampled 

parameter combination. Unfortunately, this approach is 

too computationally expensive, due to the high amount of 

required simulations. Therefore, this study proposes the 

use of a metamodel, which mimics the original 

hygrothermal model but is significantly faster. Such a 

metamodel is able to perform a large amount of 

simulations in a short time, and thus allows evaluating the 

hygrothermal performance of many different timber 

frame wall constructions.  

The authors showed previously that a convolutional 

neural network for time series is highly adequate as 

metamodel for hygrothermal simulations (Tijskens, 

Janssen, and Roels 2019; Tijskens, Roels, and Janssen 

2019; Tijskens, Janssen, and Roels 2021). Hence, in this 

study the network architecture from (Tijskens, Janssen, 

and Roels 2019) is used and adapted to the current 

application on timber frame walls. The network is trained 

to predict the hygrothermal performance of a number of 

1D timber frame wall constructions, after which it can be 

used to simulate data it was not trained on. In this paper, 

the development of the network, as well as its prediction 

accuracy, training time and prediction time are discussed. 
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Calculation object 

The calculation object in this study is a 1D cross section 

of a timber frame wall (see Figure 1, from left to right) 

with a cladding, a ventilated air cavity, a wind barrier, 

20 cm insulation between timber studs, a vapour barrier, 

a technical cavity of 4.5 cm, filled with mineral wool, and 

a gypsum board to finish the interior surface. Different 

cladding materials, insulation types, wind barriers, and 

vapour barriers are considered, as given in Table 1. All 

possible combinations of these options are considered, 

resulting in 96 different wall types. The used material 

characteristics are shown in Figure 2 and Figure 3. The 

Celit and Duripanel material characteristics were 

measured (Vanpachtenbeke et al. 2017), all other material 

data comes from the Delphin 6.0 material database. 

 

Figure 1: Schematic representation of the timber frame 

wall with brick veneer (top) and sidings (bottom), with 

indication of the positions (x) considered for the 

hygrothermal evaluation. All dimensions are given in 

mm. 

Table 1: The different material options for the timber 

frame wall assembly. 

Layer Material options 

Façade cladding Brick veneer 80 mm + cavity 40 mm 

 Wooden sidings 20 mm + cavity 25 mm 

Wind barrier Celit 3D (Isoproc Solutions) 18mm 

 Duripanel S3(B1) (Siniat) 18 mm 

 OSB 18 mm 

 PE foil 𝑠𝑑 = 1 m 

 PE foil 𝑠𝑑 = 5 m 

 Dupont Tyvek DPT 

Insulation type Cellulose 

 Mineral wool 

Vapour barrier Climajet SD vario 

 OSB 18 mm 

 PE foil 𝑠𝑑 = 1 m 

 PE foil 𝑠𝑑 = 5 m 

 

Figure 2: Material moisture capacity properties. 

 

Figure 3: Material moisture transport properties. 
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All characteristics and boundary conditions that are 

expected to significantly influence the hygrothermal 

performance of the 1D timber frame walls are considered 

probabilistic, as described in Table 2.  

Table 2: Probabilistic input distributions. 

Parameter Value 

Wall type D(96 wall types) 

Exterior climate D(54 European locations) 

Exterior climate start year D(2020; 2047) 

Wall orientation [deg. from 

North] 
U(0; 360) 

Solar absorption [-] U(0.4; 0.8) 

Ext. heat transfer coefficient 

slope 𝑘𝑠 [J/m3K] 
U(1; 8) 

WDR exposure factor [-] U(0; 2) 

Cavity air change rate [m³/h] 
Brick veneer U(2; 20) 

Wooden sidings U(50; 500) 

Brick material D(Brick 1; Brick 2) 

Interior humidity load 

(EN 15026) 
D(load A; load B) 

U(a, b): uniform distribution between a and b 

D(a, b): discrete distribution between a and b 

The interior climate is calculated according to EN 15026 

and variability in building use is included by using two 

different humidity loads A and B. Variability in exterior 

climatic conditions is included by using climate data of 54 

different European locations (ClimateForCulture 2014). 

Only climates belonging to the Köppen-Geiger climate 

classes (Beck et al. 2018) Cfb, Cfc, Dfb and Dfc are used, 

since timber frame walls are most commonly used in these 

climates. Climate data from the period 2020-2050 is used 

and the starting year of the simulations is varied as well. 

Via uniform distributions of the wall orientation, solar 

absorption and exposure to wind-driven rain, variability 

in the wall conditions is considered as well. The wind-

driven rain load is calculated by using the catch ratio as 

described in (Blocken and Carmeliet 2002). The catch 

ratio relates the wind-driven rain (WDR) intensity on a 

facade to the unobstructed horizontal rainfall intensity and 

is a function of the reference wind speed and the 

horizontal rainfall intensity for a given position on the 

building facade and wind direction. In this model, the 

exposure factor covers the variability in wall position and 

potential shelters, trees or surrounding buildings. 

Additionally, the variation of the wind speed is taken into 

account in the convective heat transfer coefficient, via 

equation Error! Reference source not found. (EN ISO 

06946) where ℎ0 = 4 W/m2K and 𝑘𝑒 = 1.  

ℎ𝑐 = ℎ0 + 𝑘𝑠 ∙ 𝑣𝑤𝑖𝑛𝑑
𝑘𝑒  (1) 

The exterior moisture transfer coefficient is related to the 

exterior heat transfer coefficient through the Lewis 

relation. Previous studies (Vanpachtenbeke et al. 2017; 

Langmans and Roels 2015) showed that the air change 

rate of the cavity is significantly different for walls with a 

brick veneer or with wooden sidings. Based on the 

measurements of (Langmans and Roels 2015), a different 

uniform distribution is considered for both cladding types. 

Finally, two different brick types, with distinct different 

water absorption behaviour (see Figure 2 and Figure 3), 

are included as well for the walls with a brick veneer. The 

remaining parameters are all variables either with small 

variations or of less importance for the current study of a 

1D wall. Therefore, these parameters, shown in Error! 

Not a valid bookmark self-reference., are assumed 

deterministic. The hygrothermal simulation environment 

Delphin 6.0 (2019) is used to calculate the hygrothermal 

response. For reliable evaluation, a simulation period of 

four years and an hourly output frequency are adopted.  

Table 3: Deterministic input parameters. 

Parameter Value 

Exterior surface  

Long wave emissivity 0.9 

Interior surface  

Total heat transfer coefficient h [W/m²K] 8 

Moisture transfer coefficient β [s/m] 3 x 10-8 

Initial conditions  

Initial temperature [°C] 20 

Initial relative humidity [%] 50 

To evaluate whether a specific wall assembly is safe to 

apply in a certain climate, one typically analyses the 

relative humidity and the incidence of interstitial 

condensation at the interfaces between insulation and 

wind or vapour barrier (Langmans 2013; Vanpachtenbeke 

2019). A high relative humidity can entail a mould growth 

risk, which in this study is assessed using the updated 

VTT mould growth model (Ojanen et al. 2010). The 

mould growth sensitivity of the used materials are 

assumed to belong to the class ‘sensitive’. A maximum 

Mould Index of 3 over the simulated period is adopted as 

limit state, as this equals visual mould growth with less 

than 10% coverage (Langmans 2013). To avoid 

interstitial condensation, the relative humidity at the 

interfaces should remain below ±100%. Interstitial 

condensation is assessed using a simplified criterion, 

adopted from (Langmans 2013), where a threshold value 

of 0.1 kg/m² is considered to avoid condensation run-off.  

Convolutional neural network 

The convolutional neural network (CNN) architecture 

used in this study is shown in Figure 6 and is similar to 

the one in (Tijskens, Janssen, and Roels 2019), where the 

authors showed that this network can accurately predict 

the hygrothermal performance of a massive masonry wall. 

The network consists of stacked residual blocks with 

dilated causal convolutions: the causality ensures that the 

network’s output at a certain time step only depends on 

input from previous time steps, and the dilations allow the 

network to access information over a large time span – the 

receptive field – with just a few layers, while preserving 

the input sequence length throughout the network as well 

as maintaining computational efficiency. For each 

additional residual block, the convolutional filter size is 

increased by its original value and the dilation factor is 

increased by multiplying with the filter size of the 

previous layer. This allows the receptive field to grow 

exponentially with network depth, thus obtaining a large 

receptive field without increasing the network depth too 

much. A more detailed explanation of the network 
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architecture can be found in (Tijskens, Janssen, and Roels 

2019). The network used in this study has 12 residual 

blocks and an initial filter size of 4. After 3 residual 

blocks, the filter size and dilatation factor are reset to their 

initial values.

 

 

Figure 4: The architecture of the convolutional neural network used to metamodel the hygrothermal simulations. 

 

For timber frame walls, the materials’ moisture transport 

and storage characteristics play an important role in the 

hygrothermal performance. Therefore, the network 

architecture from (Tijskens, Janssen, and Roels 2019) is 

adapted to take into account the material moisture 

properties: besides the time series and scalar inputs from 

Table 2Error! Reference source not found., an 

additional network input is added that contains the 

materials’ moisture retention curve and relative-humidity-

dependent vapour resistance, as these have the largest 

influence on the hygrothermal response. 

The network is trained on a dataset containing all 96 wall 

types (see Table 1). This training dataset is obtained by 

sampling the input parameters distributions given in Table 

2 and running each sample using the original 

hygrothermal model (Delphin 6.0). Subsequently, the 

network is trained to predict the hygrothermal time series 

as requested by the damage prediction models 

(temperature, relative humidity and condensation rate) at 

the positions indicated by Figure 1, based on the input 

parameters from Table 2. Before presenting the input and 

output data to the neural network, all data are standardised 

(zero mean, unit variance). This ensures that all features 

are on the same scale, which allows weighting them 

equally in their representation. Standardising the output 

data ensures that errors are penalised equally for all 

targets. To measure how accurately the trained network is 

able to predict for previously unseen data, the 

generalisation error is estimated using 𝐾-fold cross-

validation. Figure 5 gives an overview of the workflow of 

this approach, which involves splitting the dataset in 𝐾 

non-overlapping subsets (folds) and performing 𝐾 rounds 

of training, validating and testing. In each round, two of 

the subsets are used as validation and testing set 

respectively, with the remaining 𝐾 − 2 subsets acting as 

training set. Only the training and validation set are used 

to train the network: the training set is used to update the 

networks weights, while the validation set is used to 

evaluate when training should be halted (early stopping). 

A maximum of 200 epochs is set, with early stopping if 

the RMSE on the validation set decreases less than 0.001 

over 25 epochs.  The testing set is used to evaluate the 

network’s performance on unseen data. The network’s 

performance is evaluated on the test set using the root 

mean square error (RMSE) and the mean absolute error 

(MAE) as performance indicators, which are quantified as 

follows: 
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𝑅𝑀𝑆𝐸 =  √
1

𝑁
∑(𝑦 − �̂�)2     𝑀𝐴𝐸 =

1

𝑁
∑|𝑦 − �̂�| (2) 

where 𝑦 is the true output, �̂� is the predicted output and 𝑁 

is the total number of data points. These indicators are 

calculated on the standardised data (zero mean, unit 

variance), as this ensures that errors are penalised equally 

for all targets. Finally, the generalisation error can be 

estimated by averaging the performance indicators 

(RMSE and MAE) of all 𝐾 test folds. 

 

 

Figure 5: Schematic overview of the workflow of K-fold cross-validation. 

 

In this study, a five-fold cross-validation is applied. The 

used dataset contains 5760 samples, hence, this results in 

training sets of 3456 samples and validation and testing 

sets of each 1152 samples. Besides the RMSE and MAE, 

the network’s training time and prediction time are 

evaluated as well. 

Results and discussion 

In Table 4, the performance indicators and training time 

are given for each cross-validation iteration. The mean of 

the performance indicators gives an indication of the 

generalisation error, i.e. how well the network can predict 

data is was not trained on. The small standard deviation 

indicates that the prediction accuracy of the network does 

not depend on the training data (fold), i.e. the network is 

able to generalise well to unseen data.  

Table 4: The cross-validation performance indicators on 

the test set and training time. 

fold RMSE MAE Training time [h] 

1 0.06255 0.03731 6.4 

2 0.06503 0.03951 3.7 

3 0.05820 0.03559 5.3 

4 0.06329 0.03913 4.0 

5 0.05945 0.03816 4.2 

mean 0.06172 0.03794 4.7 

std 0.00280 0.00157 1.1 

Once the network is trained and considered accurate, it 

can be used to predict new data. To predict 1152 samples 

from the test set, the network needed about 20 seconds on 

a machine with a dual NVIDIA RTX 2080 8GB GPU. The 

same simulations using the original hygrothermal model 

took about 3.5 hours on a machine with a dual Intel Xeon 

E5-2665 CPU (16 cores, 32 threads). This means that, for 

the current machine setup, the neural network is over 600 

times faster than the hygrothermal model. Note that, when 

choosing to use a metamodel, both the time required to 

create the training dataset and the time required to train 

the neural network, i.e. the development time, should be 

taken into account. Yet, when one wishes to evaluate a 

large number of wall types and/or a large number of 

samples due to a high amount of variability and 

uncertainty, it is clear that the neural network will be 

much more time efficient than the hygrothermal model. 

Also real-time simulations, for example by online 

evaluation tools, can benefit from using a neural network 

metamodel. 

In Figure 6, the network’s hygrothermal predictions 

(orange) are shown for one test set sample and are 

compared to the true hygrothermal values (blue). The 

performance indicators shown above each panel are 

calculated on the standardised output for each target 

separately, as this indicates the difference in accuracy 

between targets. It is clear that the neural network is able 

to predict all hygrothermal outputs quite accurately, as the 

residuals are overall quite small. Subsequently, these 

hygrothermal predictions can be used to evaluate the 

moisture damage risks. As mentioned in the previous 
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section, the moisture damage risks are evaluated via the 

maximum Mould Index and the maximum condensation 

rate, at the interfaces between insulation and wind barrier 

(WB) or vapour barrier (VB). Figure 7 shows the damage 

risk indicators for all test set samples using the network’s 

output (y-axis), compared to the true values (x-axis), as 

calculated using the outputs of the hygrothermal model. 

This shows that the moisture damage risk predictions, 

based on the network’s hygrothermal predictions, are 

accurate for the vast majority of the test set samples. It 

appears that predictions for the condensation rate at the 

wind barrier are less accurate for higher condensation 

rates (>0.5 kg/m²). However, the limit to avoid moisture 

damage is set to 0.1 kg/m², so it is unlikely that this will 

influence the choice of most optimal wall composition. 

Furthermore, the network appears to underestimate the 

condensation rate at the interface between insulation and 

vapour barrier in the range >0.1 kg/m². Based on an 

analysis of data obtained with the original hygrothermal 

model, it was found that condensation rates above 

0.1 kg/m² at the vapour barrier are a marginal event. In the 

entire dataset (5760 samples) only 15 such cases were 

observed, which corresponds to 0.2% of all samples. As a 

result, this pattern is underrepresented in the training data 

and the network is not able to capture it accurately. 

Nevertheless, as this is a rare event, only occurring 

seldom and usually in combination with high 

condensation rates at the wind barrier as well, this reduced 

accuracy is again unlikely have a significant impact on the 

choice of most optimal wall composition. 

 

 

Figure 6: The network’s hygrothermal predictions (orange) of one test set sample. The true value is shown in blue, the 

prediction errors (residuals) are indicated in grey. 
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Figure 7: A comparison between the moisture damage risk indicators for all test set samples, as calculated by using the 

neural network’s predictions (y-axis) and the true hygrothermal simulation output (x-axis).  

 

Conclusion 

In this paper, a convolutional neural network was 

developed and trained to predict the hygrothermal 

performance of timber frame walls. The network 

architecture from previous studies was adapted to include 

the materials’ moisture retention curve and relative-

humidity-dependent vapour resistance, as these have the 

largest influence on the hygrothermal behaviour. Five-

fold cross-validation was used to estimate the network’s 

generalisation error. The results showed that the trained 

network is able to accurately capture the complex 

hygrothermal response of timber frame walls. 

Additionally, the moisture damage risks, calculated using 

the network’s hygrothermal predictions were found to be 

in good accordance with the moisture damage risks 

calculated using the hygrothermal model’s output. 

Furthermore, it was shown that the developed neural 

network was over 600 times faster than the original 

hygrothermal model.  
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