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Abstract 
Data-driven approaches are useful to substitute 
computationally expensive tools used for energy 
prediction. These approaches allow developing quick 
energy prediction models, essential to promote energy 
analysis at the early stages. However, developing a well- 
generalising model is challenging due to varying building 
shape. This article develops such a model using a deep 
learning approach. A convolutional neural network 
(CNN) with modified architecture is used to capture the 
shape and technical specifications. The model predicts 
energy use intensity with a mean-absolute-percentage- 
error of 1.51% and root-mean-square-error of 1.06 
kWh/m2a. Integrated with building information modelling 
(BIM), the model predicts probabilistic energy 
performance for 5000 samples in 65 seconds to support 
informed decision-making under uncertain scenario. 
Key Innovations 
• Building shape (image) information is used to 

develop a quick energy prediction model. 
• CNN captures shape information from an image. 
• The architecture of CNN is adapted to capture other 

relevant information along with shape. 
Practical Implications 
The developed model, integrated with BIM, makes more 
precise energy predictions based on the building shape at 
the early design stage. The developed model is suitable 
for performing probabilistic building performance 
simulation (BPS) under an uncertain scenario. 

 
Introduction 
An early stage of design is characterised by uncertain 
design parameters. Hence, activities related to energy- 
efficient building design such as energy prediction, 
sensitivity analysis, design space exploration and 
optimisation requires building performance simulation 
(BPS) of several combinations of design parameters 
(Clarke & Hensen, 2015; Lee et al., 2016; Singh & Geyer, 
2020). However, state-of-the-art dynamic simulation 
tools used for BPS during the design stage are 
computationally expensive, rendering them inept for the 
early stages (Geyer & Schlüter, 2014). 
Researchers have developed metamodelling approaches 
to overcome this computational expensiveness (Roman et 
al.,  2020).  In  this  endeavour,  machine  learning  (ML) 

 
approaches help to develop a surrogate model for quick 
energy predictions. Moreover, the deep learning (DL) 
approach is more suitable than other ML algorithms to 
capture complex interactions of the building energy 
model (BEM) and predict energy performance with 
considerable reliability (Singaravel et al., 2018). 
However, there are a few limitations to the developed 
approaches, so far, to create a DL-based energy prediction 
model. One of these limitations is to develop a well- 
generalising model for multiple building shapes. The 
generalisation refers to the ability of a surrogate model to 
predict energy performance for the examples which were 
not used for training the model. Other limitations include 
the parametrical representation of the design artefact 
limiting its use to a specific case, transferability to new 
design cases, and integration with building information 
modelling (BIM) tool (Geyer & Singaravel, 2018). 
Early design stages deal with developing a building mass 
model, which means the building shape and dimensions 
evolves as per the requirements (Picco et al., 2014). 
Hence, BPS requires a well-generalising DL model which 
predicts the energy performance of different building 
shapes and dimensions. 
Most of the model development for energy prediction is 
limited to a fixed building shape and dimensions or 
rectangular building shape of flexible dimensions (Singh 
et al., 2019). A few researchers have developed surrogate 
models for a flexible building shape and dimensions by 
representing the shape parametrically. Catalina et al. 
developed a regression model for different building 
shapes using shape factor as a parameter to represent the 
shape (Catalina et al., 2008). Cheng and Cao developed 
an ML model using relative compactness to capture the 
shape information (Cheng & Cao, 2014). A parametric 
representation of the building geometry to capture shape 
information in surrogate models is used. Another 
approach to developing surrogate models for the early 
stage uses the decomposition of the BEM. A DL model 
structure is developed following an engineering-based 
decomposition of BEM (Geyer & Singaravel, 2018; Singh 
et al., 2019). However, the model generalisation for the 
building shapes outside the training data remains a critical 
challenge that is insufficiently addressed. The 
decomposition approach of the design extends 
generalisation beyond the pure parametric approach. 
However, there are still shape-related effects that are not 
covered well, such as self-shading. Hence, this article uses 
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image analysis to capture the building shape information. 
An approach of the convolutional neural network (CNN) 
to capture the information from an image is helpful in this 
regard (Browne & Ghidary, 2003). CNN algorithm is 
suitable to analyse images by assigning importance to 
various parts of the image (Ciresan et al., 2011; 
Krizhevsky et al., 2017). However, using CNN to capture 
building shape information to predict its energy 
performance has not been explored well. The research 
used CNN to capture shape information from images to 
optimise the carbon footprint (Płoszaj-Mazurek et al., 
2020). Researchers have adapted the model architecture 
to capture both shape and technical specification 
information. The developed model uses the building 
shape information from a two-dimensional image, making 
it independent of the parametric representation of the 
building geometry. 
Research objectives 
This article focuses on developing a surrogate model for 
quick energy prediction at the early stages. Hence, it 
investigates an approach to develop a DL model which 
generalises well for various combinations of building 
shapes and technical specifications. As building shape is 
considered to influence energy performance, the shape 
needs to be well represented in the DL model architecture. 
Previous approaches to using a parametric representation 
of building shape cause a loss of information, limiting the 
generalisation of a model for new design cases. This 
article investigates a CNN model architecture to capture 
the shape information from an image to develop a well- 
generalising model for different building shapes. A 
parametric deep learning model is also developed, which 
uses a parametric representation of building geometry by 
area-to-volume ratio. The ability to generalise for the DL 
model and CNN are compared to assess the importance of 
capturing shape information from the image. 
Further, this article proposes integrating the developed 
model with a BIM tool to make probabilistic energy 
prediction to address the inherent uncertainty (Singh & 
Geyer, 2019). The holistic approach is expected to 
provide BPS results for various energy-efficient building 
design tasks within a few seconds. 

Research Methodology 
This article develops a quick energy prediction model 
using a deep learning approach. The building 
characteristics affecting energy performance are broadly 
classified as building geometry and technical 
specifications. Hence, the DL model architecture should 
capture both the information to predict energy 
performance accurately. 
Two model architectures have been compared in this 
article. First, a conventional deep neural network (DNN) 
using a parametric representation of building geometry to 
capture the shape information. Second, the convolutional 
neural network (CNN) using an image to capture the 
shape information. By comparing the accuracy of these 
two models, the importance of capturing the shape 
information by an image instead of a parameter in 
developing   a   DL-based   energy   prediction   model is 

assessed. This section describes the DL model structure, 
selection of hyper-parameters, and assessment of the 
generalisation error. The details of the test case and data 
collection is also provided. 
Conventional deep neural network (DNN) 
architecture 
Previously, researchers have developed monolithic 
models using conventional deep neural network (DNN). 
This model architecture has been developed as a base case 
to understand the model generalisation, which can be 
achieved through the existing research. Conventional 
DNN model architecture has an input layer, two to three 
hidden layers, and one output layer, as shown in Figure 1. 
All the design parameters, such as the number of floors, 
u-values, infiltration and others, have been used as input 
to the model. The building shape is represented by a 
parameter – area-to-volume ratio. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. The architecture of the DNN model 
The number of neurons in each layer varies, as mentioned 
in Table 1. A total of 16 combinations of hyper- 
parameters have been tried. The model having the lowest 
validation error has been used to report the generalisation 
errors. 

Table 1. Values of hyperparameters for DNN model 
 

Hyperparameter Values 
Number of layers 2, 3 
Neurons in layer 1 40, 80 
Neurons in layer 2 20, 40 
Neurons in layer 3 5, 10 

Coefficient of regularisation 0.000001, 0.00001 
Activation function Rectified linear unit 

Learning rate 0.001 
The combination of parameters with the least validation 
error is highlighted in bold in the table and reports the 
generalisation errors. 
Convolutional neural network (CNN) architecture 
Oppose to the conventional deep neural network, a 
convolutional neural network (CNN) captures the 
building shape information from an image. The 
representation of building shape by an image allows   the 
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Floor Plan 
(Input Layer) 

Pooled Layer    
Convolved Layer 

No. of Floors, Height, u-value (walls, windows, 
ground floor, roof), g-value, infiltration, window-wall- 

ratio (WWR) in each direction, operating hours, light 
and equipment heat gain, occupancy, heating / cooling 

set points, heating / cooling COP, boiler efficiency 

CNN model to capture sufficient information about the 
shape and its effect on energy performance. However, 
other design parameters such as height, infiltration, u- 
values, infiltration, and others affect energy performance. 
Hence, this article has adapted the CNN model 
architecture to use both shape information from an image 
and technical specifications, represented, parametrically. 
The adapted CNN model architecture is described in 
Figure 2. This article assumes building of the same floor 
plan  at  each  level.  Hence,  the  floorplan  defines    the 

building shape. A grey-scale image of size 50×50×1 
represents the shape. Dimensions 50×50 describe the 
number of pixels in a two-dimensional cartesian plane. 
Dimension 1 represents the number of channels. A grey- 
scale image has only one channel. The image input is 
processed through multiple convolutional layers, one 
average pooling layer, and finally flattened to make it a 
one-dimensional vector. The technical specifications 
represented parametrically are merged with the flattened 
output of the CNN. The merged model has a few fully 
connected layers to make the final energy predictions. 

Convolutional Layer 

50 × 50 × 1 

Average Pooling Fully Connected Neural Network 
 

  

 
 
 
 
 

Energy 
Use 
Intensity 

 
 
 
 
 
 
 
 

Figure 2. C-D-NN model architecture 
The values of hyperparameters are mentioned in Table 2. 
A total of 16 combinations of hyperparameters have been 
tried to find a suitable model. The combination of 
parameters with the least validation error is highlighted in 
bold in the table and used to report the errors. 

Table 2. Hyperparameters for C-D-NN model 
 
 
 
 
 
 
 
 
 
 
 
 
 

Testcase 
The proposed approach of developing the DL model is 
tested on a medium-size office building in Munich. The 
ranges of the design parameters are as mentioned in Table 
3.  The  values  of  these  parameters  have  been selected 

based on German standards and previous research works 
(Energy Saving Ordinance (EnEV) 2014, 2014; Singh et 
al., 2020). The building shape is random, generated by 
arranging squares of a specific size on the grid. A few of 
the random shapes are shown in Figure 3. 
Estimation of model generalisation 
The ability of a model to generalises is estimated by the 
prediction accuracy on unseen examples; hence, 
additional 5000 random test examples are generated, 
which were never used for training. The generalisation 
error is calculated on two performance measures, the first- 
order measure - mean-absolute-percentage error (MAPE) 
and second-order measure - root-mean-square-error 
(RMSE). These two measures are chosen to account for 
errors over the entire range of predictions. Moreover, this 
article uses histogram and scatter to visualise the 
magnitude of errors in individual test examples. 
An EnergyPlus model has been developed and validated 
against the actual energy consumption (Singh, 2020; 
Singh et al., 2020). The relevant design parameters have 
been adjusted further to generate training and test data. 

Fl
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Hyperparameter Values 

Number of convolution layers 2, 3 

Kernel size 3×3, 5×5 

Stride 4×4 

Pooling size 10×10 

Neurons in layer 1 40 

Neurons in layer 2 20, 40 

Neurons in layer 3 5, 10 

Coefficient of regularisation 0.000001, 0.00001 

Activation function Rectified linear unit 

Learning rate 0.001 
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Figure 3. Building shapes of training and test examples 

 
Table 3. Ranges of the design parameters 

 

Parameters Unit Min Max 
Floor Area m2 800 1600 

Floor Height m 3.0 4.0 
No. of Floors - 3 5 
Orientation ° 0 45 

u-value (Wall)  
 

W/m2K 

0.15 0.35 
u-value (Ground Floor) 0.15 0.35 

u-value (Roof) 0.15 0.35 
u-value (Window) 0.6 1.0 

u-value (Internal Floor) 0.2 0.5 
g-value - 0.4 0.8 

Heat Capacity (Slab) kJ/m3K 0.8 1.2 
WWRN/E/W/S - 0.2 0.8 
Internal Mass kJ/m2 60 150 
Permeability m3/h·m2 4.5 7.5 

Operating Hours h 8 12 
Occupant Load m2/Person 15 20 

Light Heat Load  
W/m2 

4 10 
Equipment Heat Load 4 10 

Heating COP  
- 

2 5 
Cooling COP 2 5 

Boiler Efficiency 0.85 0.95 

 
Results 
The comparison of two DL models, i.e., DNN and CNN 
models, is presented in this section. CNN model is more 
complex than the DNN model; hence, CNN requires more 
time to train and make predictions. However, the CNN 
model will have better generalisation than the DNN 
model, as CNN is expected to capture the design 
information appropriately. First, this section makes a 
detailed comparison of models based on    generalisation 

errors. Later, it compares these two models on training 
and prediction time. 
Model generalisation 
The model generalisation is estimated based on the 
prediction accuracies of DNN and CNN models for 5000 
randomly generated unseen test examples. This article 
uses two numerical performance measures RMSE and 
MAPE, to estimate overall model generalisation. 
Histograms and scatter plots visualise the prediction 
errors in individual test examples. 
We have found that the DNN model has an RMSE of 1.27 
kWh/m2a and MAPE of 1.82%. The Scatter plot in Figure 
4 suggests that the DNN model predictions are close to 
the simulation values. However, a few examples are away 
from the black-dashed line indicating both under- 
prediction and over-prediction using this model. The 
histogram in Figure 5 also suggests around only 3200 out 
of 5000 examples within the error range of ±2%. The 
remaining examples have a higher error than this value. 
The RMSE and MAPE for the CNN model are 1.06 
kWh/m2a and 1.51%, respectively. The value of both 
measures is around 17% less for the CNN model than the 
DNN model. The decrease in the generalisation errors is 
well corroborated by the scatter plot in Figure 6 and the 
histogram in Figure 7. The comparison of scatter plots 
shows that the predictions from the CNN model are more 
accurate than the DNN model. Most of the examples are 
close to the black-dashed line in the scatter plot. It 
suggests that the DL model is making the same prediction 
as the simulation values. 
Similarly, the histogram suggests more examples with 
less than ±2% error for the CNN model than the DNN 
model. Around 3700 out of 5000 examples has an error of 
less than ±2% error. Most of the examples have an error 
of less than ±6%. 
Training and prediction time 
The DL models are trained using the deep learning library 
from TensorFlow. The training and prediction times are 
reported based on a machine having sixteen CPUs with a 
clock speed of 2.4 GHz. It has a dedicated GPU, 
“NVIDIA Quadro M2000”. The library is optimised to 
utilise full computing power. The time for training the 
DNN model is 691 seconds, including hyperparameter 
tuning, while this time is 7895 seconds for the CNN 
model. Hence, the training time is 11 times more for the 
CNN model compared to the DNN model. 
The researchers have developed a plugin for the BIM tool 
Revit. This plugin uses the developed deep learning 
models to predict probabilistic energy performance. This 
plugin is implemented through C# and Tensorflow library 
in python. It takes around 35 seconds to predict energy 
prediction for 5000 examples using the DNN model and 
62 seconds using the CNN model. The prediction time 
includes preparing the data from the BIM tool and 
integrating the energy prediction results into the BIM tool. 
The prediction time is 77% more for the CNN model 
compared to the DNN model. 
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Figure 4. Accuracy of DNN model using scatter plot 
 

 

    
 

Figure 5. Error histogram for DNN model 

Conclusions 
This article has proposed developing a quick energy 
prediction model using deep learning for the early stages. 
An adapted model architecture of a convolution neural 
network is used to capture information about the shape by 
image analysis. This information, in combination with 
design parameters, serves for predicting energy 
performance. This model architecture is compared with 
the conventional deep neural network architecture to 
assess the importance of capturing the shape information 
from an image. While a convolutional neural network 
captures the shape information from an image, a 
conventional deep neural network captures this 
information from a parameter. This conventional data- 
driven model is treated as a base model which predicts 
energy performance. The training and prediction times are 
more for the proposed model than the base model. 

Figure 6. Accuracy of C-DNN model using scatter plot 
 

 

    
 

Figure 7. Error histogram for CNN model 
However, the proposed model has a 17% lower 
generalisation error than the base model. 
In summary, the visual representation and the shape 
analysis by the convolutional network are better able to 
exploit geometrical information about the building shape 
geometry. E.g. the visual shape representation includes 
information on self-shading that is not included in 
parametric representations. Finally, it integrates well into 
early design phases dealing with architectural sketches of 
buildings. 
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