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Abstract 
Urban planning and development strategies are un- 
dergoing a transformation from conventional design  
to more innovative approaches in order to combat 
climate change. As such, city planners often develop 
strategic sustainable energy plans to minimize over- 
all energy consumption and CO2 emissions. Planning 
at such scales could be  informed  by  spatial  analy- 
sis of the building stock using Geographic Informa- 
tion Systems (GIS) based mapping. A data-driven 
methodology could aid identification of building en- 
ergy performance using existing available building 
data. However, existing studies in literature focus on 
either a single building or a limited number of build- 
ings for energy performance prediction, thus, ignor- 
ing multiple scales. This paper develops a methodol- 
ogy for GIS-based residential building energy perfor- 
mance prediction at multi-scale using a data-driven 
approach. The machine-learning algorithm predicts 
building energy ratings from local to national scale  
using a bottom-up approach. The multi-scale map- 
ping process integrates the predictive modeling re- 
sults with GIS. This study demonstrates the method- 
ology for the Irish residential building stock to eval- 
uate the energy rating at multiple scales. Modeling 
results indicate priority geographical areas that have 
the greatest potential for energy savings. 

Key Innovations 
• Generalized methodology to predict building en- 

ergy performance at multiple scales 
• Data-driven approaches for GIS-based building 

energy modeling. 
• Formulated GIS maps identify areas with energy 

savings potential. 
 
Practical Implications 
The proposed research helps the urban planners, local 
authorities, and energy policymakers to predict the 
multi-scale residential building energy performance. 
Furthermore, identify the priority geographical areas 
that have the greatest potential for building energy 
savings by targeting community-based campaigns to 

increase retrofitting activity. 

Introduction 
The global energy consumption from the building 
sector accounts for more than 40% of the  total  
energy consumption in developed countries (EU- 
Energy, 2018; EESI, 2018).  Climate change is one   
of the main factors contributing to the increase in 
energy usage, and has a direct influence on the de- 
mand for heating and cooling in buildings (Zheng and 
Weng, 2019). This growth of annual energy consump- 
tion, especially in urban areas, will eventually lead to 
a substantial increase in carbon emissions (Güneralp 
et al., 2017). Therefore, the building sector is receiv- 
ing increased attention with the aim of reducing over- 
all energy consumption and emissions. Stakeholders 
(urban planners and policymakers) are looking at in- 
novative sustainability strategies to transform exist- 
ing buildings into more sustainable forms. As such, 
city planners often develop strategic sustainable en- 
ergy plans to minimize overall energy consumption 
and CO2 emissions. Planning at such scales can be in- 
formed by spatial analysis of the building stock using 
Geographic Information Systems (GIS) based map- 
ping (Ali et al., 2020). 
GIS modeling techniques help to visually analyze, 
manipulate, and manage a large amount of data em- 
bedded in a geographical context (Zheng and Weng, 
2019). GIS modeling often requires a large amount 
of building stock data for analysis, for instance build- 
ings’ characteristics and their actual energy perfor- 
mance. A significant challenge for stakeholders is to 
collect the building data with limited resources. The 
European Union (EU) has mandated the Energy Per- 
formance of Buildings Directive (EPBD) to ensure 
that the member states develop a building database 
comprising of building energy performance in the 
form of Energy Performance Certificates (EPCs) (EU, 
2018). However, building stock databases normally 
represent 30 - 50% of the entire building stock (Pa- 
sichnyi et al., 2019). Furthermore, available data are 
insufficient for urban stakeholders to formulate sus- 
tainable energy conservation measures. 
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Various data-driven approaches have been imple- 
mented over the past few years in the domain of 
building energy demand prediction (Hong et al., 2020; 
Zhao et al., 2020). These approaches use historical 
data to formulate data-driven models based on sta- 
tistical and machine learning (ML) algorithms (Wang 
et al., 2020; Sun et al., 2020). Machine learning al- 
gorithms are broadly divisible into supervised and 
unsupervised learning techniques (Amasyali and El- 
Gohary, 2018; Abbasabadi and Ashayeri, 2019). Su- 
pervised learning algorithms can be further divided 
into regression and classification algorithms. Regres- 
sion algorithms are optimal when the output variable 
is a real value, for instance, energy consumption (Deb 
et al., 2017). Classification algorithms suit applica- 
tions where the output variable is a label, for instance, 
energy rating and building type (Benavente-Peces  
and Ibadah, 2020). Commonly used supervised learn- 
ing algorithms include the nearest neighbor, naive 
Bayes, rule induction, deep learning, Support Vector 
Machines (SVM) and neural networks (Abbasabadi 
and Ashayeri, 2019). Unsupervised learning tech- 
niques are suitable in the absence of any correspond- 
ing output variable for the inputs (Ali et al., 2018). 
Commonly implemented unsupervised learning algo- 
rithms include k-means clustering and association 
rules (Sun et al., 2020). 
The majority of data-driven studies in literature fo- 
cuses on either a single building or a limited num-   
ber of buildings for prediction of energy consump- 
tion Ali et al. (2020). A small number of studies im- 
plement machine learning models for building energy 
prediction at a large scale where the focus is on GIS- 
based energy modeling (Kontokosta and Tull, 2017; 
Abbasabadi and Azari, 2019). For instance, Ma et al. 
devised an approach to estimate the energy use inten- 
sity of 3640 multi-family residential buildings in New 
York City by integrating GIS and big-data technology 
(Ma and Cheng, 2016). A methodology to formulate a 
data-driven predictive model to map city-scale energy 
use in buildings was proposed by (Kontokosta and 
Tull, 2017). However, existing urban scale research 
uses synthetic data to generate and train the data- 

driven models (Nutkiewicz et al., 2018; Abbasabadi 
and Azari, 2019).   Nutkiewicz et al. (2018) devised   
a framework to integrate engineering (physics-based) 
simulation and machine learning methods in a multi- 
scale urban energy modeling workflow. This use of 
synthetic data is due to the lack of large quantities of 
high-quality data required to train prediction models. 
Therefore, building stock modeling requires a robust 
GIS-based modeling approach that predicts the en- 
ergy performance of the entire building stock data 
using limited resources for complex decision analysis. 
Significant opportunities exist to build upon existing 
research and thereby, develop a generalized method- 
ology for GIS-based multi-scale modeling at an urban 
scale. 
The novelty of this study proposes a GIS-based 
data-driven generalized methodology to predict and 
map the residential building energy performance at 
a multi-scale with limited available resources. This 
work introduces a methodology to facilitate GIS- 
based building energy performance prediction using 
supervised machine learning algorithms. The main 
aim of this paper is to formulate an intelligent ma- 
chine learning model that can be used to predict 
building energy performance with spatial attributes 
by using a bottom-up approach. Therefore, the pro- 
posed methodology integrates data driven, GIS and 
bottom-up approaches. As a multitude of machine 
learning algorithms exist, this research also compares 
these different algorithms in terms of prediction accu- 
racy when applied to predict building energy ratings 
using existing building stock data. Furthermore, the 
research also maps the prediction results at multi- 
scale to identify the priority geographical areas that 
have the greatest potential for energy savings. 
The paper comprise following sections: Section 2 pro- 
vides detailed description of the methodology for GIS- 
based residential building energy performance predic- 
tion. Section 3 discusses the Irish residential build-  
ing stock case study to generate GIS-based maps at 
multi-scale using data driven prediction models. Sec- 
tion 4 presents the conclusions and future work. 

 
 

 
Figure 1: Methodology for GIS-based multi-scale residential building energy performance prediction using a data 
driven approach. 
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Methodology 
The devised methodology facilitates GIS-based build- 
ing energy performance prediction using supervised 
machine learning algorithms. As majority of the data-
driven studies in literature focus on either a sin- gle 
building or a limited number of buildings, the pro- 
posed technique accounts for building performance 
prediction at multiple scales. 
GIS-based prediction of building energy performance 
follows four crucial processes, namely, data collection, 
data driven prediction model development, multi- 
scale GIS mapping and building energy planning and 
analysis (Figure 1). The data collection process iden- 
tifies the required sources of data for data driven mod- 
eling. The model development process involves data 
pre-processing, feature selection, learning model for- 
mulation and model performance analysis to formu- 
late and identify suitable data-driven prediction mod- 
els. The GIS mapping process links the energy perfor- 
mance predictions to specific geographical regions us- 
ing spatial join and aggregation techniques. This pro- 
cess also involves the generation of multi-scale maps 
based on certain scenarios. Building energy planning 
and analysis uses these multi-scale maps to trace the 
energy footprint of different areas, which could fur- 
ther aid the energy planning and policy making pro- 
cess. 
Data Collection 
GIS-based modeling at multiple scales requires a 
combination of several data inputs, namely, build- 
ing stock, census, and GIS data. The modeling 
requires these databases to geographically associate 
and map building energy performance at multiple 
scales. Building stock data include currently avail- 
able building characteristics information. Generally, 
Energy Performance Certificate (EPC) database con- 
tains the crucial information related to the building 
stock. Similarly, census data provide quantitative in- 
formation about buildings at a national scale. GIS 

 
 

Figure 2: Methodology for data driven building energy 
performance prediction to identify the optimal learn- 
ing model. 

data constitute the geographical details such as build- 
ings’ footprint and boundaries of regions (neighbor- 
hood, districts,  counties  and  cities)  in  the  form  of 
a shapefiles, which can spatially describe vector fea- 
tures: points, lines, and polygons. 
Data-Driven Prediction Model Development 
The development of data-driven prediction model to 
evaluate the building energy performance involves 
data pre-processing, feature selection, data splitting, 
learning algorithm implementation and model perfor- 
mance analysis (Figure 2). These processes help in  
the identification of an intelligent machine learning 
algorithm capable of predicting building energy per- 
formance. 
Building data are often obtained through extensive 
surveys and therefore, data may contain incomplete, 
missing or inconsistent information. This necessi- 
tates the processing of raw data to remove noise, 
errors or outliers and  hence  enhance  the  suitabil-  
ity of the data. Data pre-processing eliminates  the 
data inconsistencies before  it  can  act  as  an  input  
to formulate the learning model. Some of the im- 
portant pre-processing techniques are data cleaning, 
data transformation and outlier detection (Ali et al., 
2016). Data cleaning processes eliminates data that 
are incomplete, incorrect, inaccurate, or improperly 
formatted. Data transformation involves the con- 
version of nominal data types to numerical  data  
types. Outlier detection involves  the  identification 
and treatment of data points with exceptionally dif- 
ferent distributions and statistically significant devia- 
tions. This process usually employs outlier detection 
algorithms such as distance-based, density-based and 
Local Outlier Factor (LOF). This work  implements 
the LOF algorithm for outlier treatment of the build- 
ing stock dataset as the algorithm is optimal for large 
datasets (Ali et al., 2019). The LOF algorithm mea- 
sures the density of objects between each other using 
the nearest neighbors distance formula. 
The feature selection process involves filtering of the 
entire variable list to determine and define the opti- 
mal set of features. This process removes irrelevant or 
redundant variables and retains only those variables 
that influence model performance. The feature selec- 
tion process optimizes and reduces the dimensionality 
of model inputs, thereby, significantly reducing com- 
plexity and computational load. Feature selection 
generally involves the use of statistical or engineering 
methods. Statistical feature selection methods deter- 
mine key features by performing various statistical 
tests on the dataset. The engineering feature based 
selection methods identifies features based on pub- 
lished existing literature and expert/survey reports. 
However, at a large scale, feature selection mainly de- 
pends on the availability of data. The values of the 
entire feature set are often not available for each and 
every building in the dataset. Hence, this process em- 
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Figure 3: Process workflow to map the building energy performance at multi-scale using a data-driven approach. 

 

ploys only those features that cover  the entire span   
of the considered building stock. 
The data splitting process divides a dataset into two, 
a training set to train the model and a test set to   
test the trained model (Ali et al., 2019). This pro- 
cess usually employs a random splitting technique or 
a cross-validation technique. The random splitting 
technique splits the data into train and test subsets 
using a 80/20 ratio split. The cross-validation tech- 
nique divides the data into k number of subsets, which 
follows the implementation of data splitting to each 
of the subsets. Cross validation provides a balance 
between minimal bias and variance of the training 
model. Each iteration uses the kth subset for testing 
while (k-1) subsets are used to train the models. 
Learning algorithms predict the output classifiers of   
a given set of data points. The output classifiers are 
often referred to as labels or categories, for instance, 
energy rating. This research implements eight dif- 
ferent algorithms for energy rating prediction. Pre- 
vious literature suggests that these algorithms de-  
liver excellent performance when used for energy fore- 
casting (Wei et al., 2018; Amasyali and El-Gohary, 
2018). The implemented algorithms include Naive 
Bayes (NB), Generalized Linear Model (GLM), Ran- 
dom Forest(RF), Decision Tree (DT), Deep  Learn- 
ing (DL), Logistic Regression (LR), Gradient Boosted 
Trees (GBT) and Support Vector Machine (SVM). 
This study establishes the effectiveness of learning 
prediction models using adopted performance indices 
such as model development time, Classification Er- 
ror (CE) and ACCuracy (ACC) (Wei et al., 2018). 
Accuracy is the ratio of number of correct predic- 
tions to the total number of input  data  that  evalu- 
ates the performance of prediction algorithm. The 
index represents a percentage of the  correct number 
of predictions in the entire result. Classification er-  
ror describes the percentage of incorrect predictions  
in the complete result. Furthermore, a confusion ma- 
trix is appropriate to visualize algorithm performance 
and to summarize prediction results. These perfor- 
mance indices decide the respective efficacy of indi- 
vidual learning prediction models for GIS mapping. 
Data Driven Multi-Scale GIS Mapping 
GIS analysis maps predicted building energy perfor- 
mance values onto the appropriate geographical ar- 
eas, thereby providing context for the results. Data 

driven multi-scale GIS mapping involves two steps. 
The first step involves building energy performance 
prediction at multi-scale. At such large scales, the 
building quantification data collection determines the 
number of buildings in the area. Quantification data 
can be extracted from national census databases. 
However, the desired information associated with 
these data is often not available for large scale ar- 
eas. Therefore, a building’s data contains the input 
features required to predict a building’s energy per- 
formance. These features act as inputs to the best- 
trained learning models to get final prediction results. 
The input features could be a single set or multiple 
sets selected in a feature selection process. Each set of 
features comprise individually trained learning mod- 
els. The mapping process combines these individual 
models to map the predicted performance values. 
In the second step, the multiple scales GIS mapping 
process maps the predicted building energy perfor- 
mance results using the GIS data for  the  desired  
area. The GIS data is available in a shapefiles for- 
mat, which contains the geographical information of 
the target area. This study implements a bottom-up 
approach for GIS mapping to depict neighborhoods 
and small areas (groups of buildings), which consti- 
tute the lowest map scale. The spatial join or aggre- 
gation technique merges the lower scale to the higher 
scale for multi-scale mapping (Figure 3). 
Building Energy Planning and Analysis 
Building energy planning and analysis involves the 
use of mapping results to identify  the  priority  ar-  
eas for improvement in terms of energy consumption. 
The stakeholders can analyze and determine adequate 
policy decisions based on different areas. The map- 
ping would further help urban planners to integrate  
the socio-economic and demographic data with en- 
ergy consumption patterns. 

Case Study 
The main objective of this paper is to develop a GIS-
based building energy performance calculation 
methodology for an entire building stock. The 
methodology integrates the data driven  approach  
with bottom-up modeling to predict the building en- 
ergy performance at multiple scales. The national 
stock of Ireland decomposes into counties, cities, dis- 
tricts and small areas in order to analyze building 
energy performance across different regions. 
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Figure 4: Learning algorithms’ accuracy comparison 
of the different building EPC rating classification to 
predict building energy performance 

 
This research proposes a GIS-based framework for 
multi-scale mapping of residential building energy 
performance that would act as  a  visualization  aid  
for energy policymakers. The proposed methodology 
uses the Irish residential building stock to map the 
energy performance of buildings. The Irish Energy 
Performance Certificate (EPC) dataset contains the 
building related information for residential buildings 
in Ireland. The EPC rating relates to the overall en- 
ergy building performance measured in terms of en- 
ergy consumption and carbon dioxide emissions. The 
rating scale comprises energy labels (A1 to G) which 
represent the energy usage intensities in increasing or- 
der of magnitude. The energy rating calculation uses 
the official Dwelling Energy Assessment Procedure 
(DEAP) software. Publicly available EPC dataset 
contains more than 695,000 Irish residential build- 
ings’ data. Since there are more than 1,983,715 resi- 
dential buildings in Ireland this means there is EPC 
data is available for only  39% of residential build-  
ing stock (SEAI, 2018). This study employs machine 
learning algorithms to predict the energy rating of the 
remaining 61% of the stock by using limited variables. 
This study uses the small areas concept for GIS map- 
ping. Each small area represents groups of build- 
ings and a collection of small areas constitute one 
district. The mapping process associates the pre- 
dicted building energy rating to the small areas. For 
the demonstrated case study, small area mapping in- 
volves the Dublin city local authority scale and uses 
the Irish Small Area Population Statistics (SAPS) 
datasets (CSO, 2016) published in 2016. Based on 
information available from Ireland’s Central  Statis- 

Figure 5: Confusion matrix of the Naive Bayes pre- 
dictive model for building energy rating prediction. 

 
tics Office, Ireland comprises 34 counties or cities, 
139 districts, and 18,641 small areas with more than 
two million residential buildings. The small area con- 
cept allows the mapping of building energy rating at   
a granular level to support large scale analysis. GIS 
data extracts the required data from  the Irish Cen-  
tral Statistics Office (CSO) dataset administered by 
Ordnance Survey Ireland (OSI). The dataset consti- 
tutes the Irish geographical details such as buildings’ 
footprint and regional boundaries (neighborhood, dis- 
tricts, counties and cities) in the form of a shapefile 
(CSO, 2016). 
After data collection, the next step is building energy 
performance prediction model development. This 
processes involves data pre-processing, feature selec- 
tion and learning model implementation. Often gath- 
ered using surveys and questionnaires, the EPC data 
need to be pre-processed for formulation of learning 
models. The data pre-processing steps filter and re- 
move the inconsistent, irrelevant and incomplete vari- 
able values in the EPC dataset. This procedure ei- 
ther removes or substitutes the missing/zero values 
with their averages. This process further employs the 
LOF outlier detection (using Euclidean distance) al- 
gorithm to remove outliers from the data. The energy 
rating is the label or output variable used as an out- 
put classifier. Following the feature selection process, 
a data transformation technique deduces several com- 
binations of rating classifiers (for instance, AB, CD 
and EFG) from the existing rating labels (A1,A2,..., 
E, F, G). The classifiers generate clusters of nearby 
energy ratings. For instance, the classifier labeled 
’EFG’ comprises the individual rating labels E, F and 
G. Reducing the number of classifiers helps in achiev- 
ing a better prediction accuracy. 
The EPC data comprises a number of input vari- 
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Figure 6: GIS mapping of Dublin City small area shows the most repeated number of building energy rating 
prediction results. 

 

ables to calculate the energy rating of a building. 
The devised model in this study predicts building en- 
ergy performance at a small area/neighborhood scale 
mainly due to privacy issues. The feature selection 
process depends upon the availability of data for the 
entire building stock. Therefore, the trained learning 
model uses the input features that are easily available 
at the small area/neighborhood scale for the entire 
stock, for instance, the prediction features for this 
particular case study include the year of construc- 
tion, dwelling type, and heating fuel. After the fea- 
ture selection procedure, the data are split into two 
parts to create training and testing data using the 
cross-validation algorithm. The data splitting pro- 
cess splits the EPC data into ten subsets of equal 
size. 
The training process uses eight different algorithms to 
train the EPC data. In this paper, the deep learning 
model is based on a multi-layer feed-forward artificial 
neural network. Learning algorithm performance in- 
dices determine the optimal learning model for GIS 
mapping. Furthermore, the training process also con- 
siders different classification of energy ratings. The 
results show that the Naive Bayes algorithm performs 
significantly better in term of accuracy and time. Due 
to limited input features, the learning algorithm does 
not perform well with the detailed classification of en- 
ergy ratings such as A1,A2,...G. Therefore, we further 
aggregate the lower energy rating band to test the 
improvement in accuracy. The results indicate that 
classification A, B, CD, EFG represents a significant 
improvement in accuracy (Figure 4). The classifica- 
tion is acceptable for stakeholders because the goal is 
often to identify the building energy rating with sig- 
nificantly poor performance. The highest accuracy 

values achieved with different features, namely, year 
of construction, building type and fuel type are 72%, 
67% and 69% respectively (Figure 4). Similarly, the 
lowest classification error values achieved with differ- 
ent features, namely, year of construction, building 
type and fuel type are 28%, 33% and 31% respec- 
tively. Furthermore, a confusion matrix summarises 
the total number of correct and incorrect A, B, CD 
and EFG rating predictions using the highest accu- 
racy Naive Bayes model (Figure 5). 
The next step implements data-driven multi-scale 
GIS mapping of energy rating prediction results. This 
process maps the predictions (calculated using dif- 
ferent input features) onto small areas inside the 
Dublin city local authority. Extracted from the cen- 
sus database of Dublin city local authority, these fea- 
tures act as inputs to the Naive Bayes trained learn- 
ing model. The final mapping results further improve 
with spatial aggregation which maps the most re- 
peated energy rating in a small area between different 
modeling results (Figure 6). Furthermore, the spatial 
join approach aggregates the small area to county or 
city-scale for multi-scale mapping. 
The case study further analyses the opportunities for 
building energy planning through the identification of 
areas offering significant energy savings. For instance, 
the multi-scale GIS map could be used to evaluate the 
percentage of EFG rated buildings at different scales. 
The map represents that Dublin City contains the 
highest proportion of EFG rated buildings. The re- 
sults can be further extended to identify specific dis- 
tricts with a higher proportion of EFG rated build- 
ings. This will eventually help the stakeholders to 
identify the priority areas requiring energy retrofits. 
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Figure 7: GIS mapping of percentage of EFG rating buildings at multiple scale. 

 

The multi-scale mapping results also help in planning 
further integration of socio-economic, demographic, 
and correlated data by using multi-criteria decision 
analysis (Figure 7). 

Conclusion 
This study proposes a GIS-based data-driven gener- 
alized methodology to predict and map the residen- 
tial building energy performance at multi-scale. GIS- 
based energy performance maps can provide a firm 
foundation to stakeholders when formulating policy 
measures aimed at reducing energy consumption and 
CO2 emissions. Often, large-scale energy perfor- 
mance calculations require numerous resources both 
in terms of data input and computational load. The 
devised small area approach provides a granular level 
for detailed analysis, which can be further aggregated 
to produce the rating profiles at city or national scale. 
The proposed methodology implements machine 
learning algorithms that provide a two-fold benefit; 
firstly, the technique reduces the required amount of 
inputs and secondly, renders an enhanced efficiency 
to the entire process in terms of computational load. 
Furthermore, building stock databases normally rep- 
resent 30 - 50% of the entire building stock. There- 
fore, this approach will allow the stakeholders (lo- 
cal authorities, energy policymakers, and urban plan- 
ners) to predict the energy performance for the rest of 
the building stock, thereby, reducing the uncertainty 
in the overall decision making process. Alongside, the 
planning and deployment of urban scale retrofit mea- 
sures will be better informed and effective in reducing 
the overall consumption. 
This paper uses a limited number of input features 
due to the unavailability of detailed GIS and cen- 

sus survey data. Hence, the obtained results could 
further be improved by using more detailed building 
type quantification data. The future work might also 
include more features for detailed analysis. 
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