
PREDICTION OF BUILDING ENERGY USE IN AN URBAN CASE STUDY USING 

DATA DRIVEN APPROACHES 

 

Giovanni Tardioli
1,2

, Ruth Kerrigan
2
, Michael.R. Oates

2
, James O`Donnell

1
, Donal Finn

1
 

1: School of Mechanical & Materials Engineering, University College of Dublin, Dublin, 

Ireland 

2: Integrated Environmental Solutions (IES) R&D, Glasgow, UK 

 

 
 

ABSTRACT 

Data driven models are widely used to perform 

prediction of energy consumption at building level 

and are of increasing importance as a 

complementary tool to traditional energy simulation 

approaches. A limited number of studies have tried 

to address the challenge of providing energy related 

information for large numbers of buildings within an 

urban area using data-driven models as a first and 

rapid step before an accurate simulation approach. 

This paper investigates the potential for data mining 

and machine learning approaches to provide 

estimations of the annual energy consumption at 

individual building level in a large urban context. 

The study is conducted for different building 

categories: residential, commercial and mixed-use 

buildings, using data from the city of Geneva, 

Switzerland. The research methodology, replicable 

for similar city datasets, was developed using 

available online data from two different databases of 

approximately 88,000 buildings. A comparative 

analysis was undertaken in order to target the best 

predictive model for a given building class 

according to the Mean Absolute Percentage Error 

(MAPE). K-means clustering was employed in order 

to test prediction enhancement of the selected 

models. The final MAPE results are in the range of 

20-30% for all building categories.  

INTRODUCTION 

1.1 Background and context     

In many cities, the urban buildings stock has limited 

data available and as a result, the ability to provide 

accurate information regarding energy consumption 

of a wide variety of building types is challenging. 

Such information is of increasing interest to decision 

makers, simulation professionals, individual owners 

and public communities for the energy mapping and 

energy usage associated with urban areas. Privacy 

issues and other commercial sensitivities inhibit 

building data availability in urban contexts; for this 

reason, it is important to quantify and optimise the 

possible level of insight achievable with the limited 

data that is available. This data is a fundamental 

resource for developing large and small scale energy 

sensitivity studies, thereby facilitating energy 

consumption profiling among building groups and 

different urban districts within a city (de Sousa, 

2012). Data driven approaches are of increasing 

interest both for single building management 

operations and large scale analysis. The amount of 

data collected at urban levels, makes data mining 

techniques efficient to provide estimations of 

building energy consumption and is a 

complementary resource to the engineering “white 

box” approaches (Ballarini, 2011).  Data driven 

models are useful where monitored data can be 

exploited to provide preliminary analysis for the 

identification of areas that need improvement 

through investment of resources. Traditional 

building simulation approaches can then also be 

applied to elicit more detailed information. Both 

approaches have merit and contribute to the overall 

goal of providing better insight to the energy 

requirements of building stock and understanding 

the potential for energy optimisation in these areas.  

1.2 Literature review 

The majority of studies regarding building energy 

consumption prediction have focussed on analysis at 

an individual building level and have typically 

followed three main approaches: physics based 

approaches (white box models), data driven 

approaches (black box models) and hybrid 

approaches (grey box models) (Swan, 2009). At 

building level, there are several examples in the 

literature of black box predictive models that reach a 

high level of accuracy when suitable data are 

provided as inputs (Paudel, 2014; Jain, 2014). In this 

context, black-box models are widely used for 

prediction and forecasting of energy use mostly for 

commercial buildings and a limited number of 

studies are developed on the residential and mixed-

use building stock (Edwards, 2012).  The most 

popular black-box approaches for prediction and 

forecasting at building level are supervised 

techniques such as: simple linear regression model 

(SRM), general and multiple linear regression (G-

MLR), decision trees (DT), artificial neural 

networks (ANN) and support vector machine 

(SVM) (Swan, 2009). The final accuracy of data-

driven models depends on the availability of large 

training sets of data both for predictors and targets 

of the prediction (Zhou, 2013). Building 
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Management Systems (BMS) data and smart 

metering systems are important sources of 

information for black box models, but usually, this 

level of granularity is not available for large parts of 

the building stock within a city. At large scale, 

district or city level, data-driven models are 

employed for benchmarking purposes (Hong, 2013), 

energy mapping (Howard, 2012), forecasting and 

predictions for groups of buildings (Wijaya, 2014); 

however very few studies address the issue of 

providing profiling information at hourly or sub 

hourly level of resolution for single buildings, for all 

the building stock. Recently unsupervised 

techniques such as clustering have been employed to 

discover similarity information inside building 

datasets (Panapakidis, 2014), to perform customer 

segmentation based on similar consumption profiles 

(Chicco, 2012) and to discover representative 

buildings of the urban building stock, thereby 

creating a baseline for benchmark comparison 

(Nikolaou, 2012). Although clustering is well 

documented, it is mostly used to perform 

subdivisions on a specific category of buildings and 

there are few studies conducted at urban level 

(Alzate, 2013). Most common clustering algorithms 

include: k-means, model based clustering, 

hierarchical agglomerative clustering and k-

medoids. 

1.3 Paper aim 

The aim of the current paper is to present a 

methodology, capable of being deployed at an urban 

scale, for the provision of energy consumption 

information of single buildings. The methodology is 

based on combining capabilities of data mining and 

data-driven approaches. The present methodology is 

developed and tested using data from the building 

stock of the city of Geneva (CH) to train predictive 

models in order to populate an energy consumption 

related database. The research methodology could 

be applied to other city datasets that presents similar 

types of building data. In a large-scale context, two 

main research objectives emerge: (i) the evaluation 

of the potential data-driven approaches to provide 

estimates of single building energy consumption at 

large scale and (ii) the identification of data driven 

models that perform better on a given typology of 

building. The research methodology is developed to 

address the objectives listed above. 

METHODOLOGY 

2.1 Methodology overview     

The research methodology includes several steps as 

shown in Figure 1. The first step involves the 

selection of a comprehensive data-set of detailed 

information of a variety of buildings from 

residential and commercial sectors. This is done to 

gather and analyse available data in order to define 

their features and characteristics through the 

available online portal and building data repository 

SITG (Systeme d`information du territoire à 

Geneve). The IBM SPSS statistics (Statistical 

Package for the Social Sciences) is used to organize 

the datasets, merge information and identify 

important input variables for the predictive models. 

Next, predictive black box models are tested using 

the software IBM SPSS Modeller to identify 

capacity and potential of prediction and to elect the 

best model according to its accuracy. Then, the 

possibility to enhance the prediction accuracy is 

investigated. In this context, results of application of 

clustering techniques to the building dataset are 

utilised, underlining the advantages of the selected 

classifier, numbers of clusters and optimization of 

clustering validation indexes. The results of this 

operation are a number of optimized predictive 

methods capable of predicting energy estimation for 

buildings characterised by sparse data. 

 

 2.2 Data gathering and database description  

The SITG data repository website provides a wide 

range of different urban data collected in a single 

web portal. Data available from the website was 

deployed as the main source of information of the 

building stock in the current analysis 

  

 

Figure 1: Research methodology schema. 
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Figure 2:  Annual heating and hot water 

requirements: frequency distribution and 

logarithmic frequency distribution (CTM3). 

Figure 3. Building stock analysis. A: Building 

classes, B: Commercial end-use categories 

Data from two different databases named 

respectively “Batiment hors-sol” abbr. 

CAD_BATIMENT_HORSOL (CBH) and “Indice 

de depense de chaleur des batiments-moyennes” 

abbr. “SCANE INDICE MOYENNES” (SIM) were 

the main repositories for the gathering process. 

Appendix 1 summarizes the relevant input data 

collected from the databases, data description, data 

type, data size, and their main statistics. CBH 

contains data of 87,843 different buildings with 

most information relating to the geometry of the 

building and its final end-use, including: footprint 

area, perimeter of the building, height, number of 

storeys, area of the city, period of construction and 

building typology SIM also provides energy 

consumption data (combined heating and hot water 

requirements), estimated CO2 emissions, heated 

surfaces and thermal energy performance indexes 

for an 11,563 buildings. Evaluation of estimated 

building geometry information is performed on the 

available datasets in order to define additional 

parameters, which include: gross volume, total area 

of the façade, total external area and the surface to 

volume ratio. The CONSOM_TOTALE_MOY3 

(CTM3), part of the SIM database, is the 3 years 

averaged total annual energy consumption, sum of 

heating and hot water requirements. This will be 

assumed as both the target and baseline to estimate 

the accuracy of the predictive models.  

2.3  Data analysis and pre-processing 

Figure 2 shows the distribution, for a sample dataset 

taken from CTM3.The frequency distribution shows 

a positive skewness of the data (Figure 2A). A 

logarithmic transformation of the data provides a 

normal distribution of the dataset (Figure 2B), 

allowing a better appreciation of the wide range of 

variability of the dataset. The heating and hot water 

requirements range from less than ten thousand 

kWh/year to several millions of kWh/year. The first 

step of the gathering process is to combine the 

information contained in the two databases CBH 

and SIM to generate a 3
rd

 database which includes 

merged information. This is used as baseline to 

explore the capabilities of the predictive models. 

The representative building code EGID 

(‘Identificateur fédéral des bâtiments’, see Appendix 

1) will be used as matching variable of the two 

databases. 

2.4  Building stock description 

Figure 3 shows the segmentation of the overall 

sample by class of building, obtained using SPSS. It 

is possible to identify five different classes of 

building in the database: commercial, utility, 

residential, mixed use and other. It can be seen from 

Fig 3A that the majority of the buildings in the 

sample are for residential use ~ 60%, followed by 

mixed use buildings ~35% and commercial 
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buildings ~5%. A predictive model over-fits the 

training data if it contains too many parameters or if 

the training set contains a small number of points. 

When this happens the predictive model is fully 

capable of providing very accurate predictions only 

on few training points. This leads to lower learning 

errors (in the training dataset) but to a loss of 

generalization ability of the model (larger error in 

the unseen test sets). To avoid problems of 

overfitting of the prediction models for the available 

data and non-representativeness of the final result, 

only these three major classes of buildings 

(residential, mixed and commercial) will be 

considered further in the analysis. For the 

commercial subset, the variable “destination” 

(building final use) has been used to further 

investigate the datasets (see Figure 3B). Results 

reveal that the majority of the buildings are offices. 

For this reason and to avoid the problems outlined 

above, connected with datasets of few training 

points, only this final use will be considered for the 

analysis of this class of building.  

2.5 Input parameters selection 

One of the first steps in testing the capabilities of 

black box model on the dataset is to select the input 

parameters of the models. For this purpose, a 

correlation analysis was performed among the 

available variables and the total energy consumption 

using a Spearman correlation to find relationships 

amongst the variables. Table 1 summarizes the 

results of this operation. Input and target variables 

are considered to be strongly correlated when the 

Spearman correlation index is greater than 0.5. The 

Spearman analysis of the parameters shows that all 

of them are strongly or quite strongly correlated 

with the total energy consumption. The predictive 

models are trained in order to be deployed as a tool 

to populate datasets, for these reasons, only 

variables that are available in both the SIM and 

CBH are considered in the analysis. The year of 

construction which is partially available in the 

datasets is not considered as input to the predictive 

model.   

2.6 Models selection 

The software SPSS Modeler was deployed to assess 

the prediction abilities of the models on the dataset 

using the available input parameters and to identify 

the class of algorithms that perform better on a 

given class of building. This high level simulation 

software allows the testing of different families of 

data-driven models on the same data-set, performing 

parameter tuning and automatic selection of the best 

one in accordance with the prediction accuracy. 

Several algorithms of generalized linear regression 

(64 cases), artificial neural networks (128 cases) and 

two different families of decision trees (64 cases) 

are tested together. The procedure is repeated for the 

three categories of buildings: commercial (offices), 

residential buildings and mixed use. After the 

selection of the best algorithm for every class of 

predictive model, families of algorithm are 

compared together to elect the one that performs 

better on a given class. To test the capability of the 

models of generalising on unseen data, a random 

data split procedure was performed. Every subset 

was split randomly in 70% for training and 30% for 

testing. For this analysis, the following indices for 

the accuracy of prediction were evaluated: Mean 

Absolute Percentage Error (MAPE) and Root Mean 

Square Error (RMSE) (see Eqn. 1 and 2). The 

MAPE expresses accuracy of the model as 

percentage of error based on the entire testing 

dataset. The RMSE can be considered as the 

distance, on average, of a data point from the fitted 

line. According to the lowest MAPE and RMSE 

values, the models are selected among all the tested 

possibilities in order to establish the best prediction 

algorithm on the dataset. 

Table 1: Spearman correlation between inputs 

and target. 

Spearman Correlation CTM3 
Variable 

Type 
Units 

Building height 0.778 Input m 

Footprint surface area 0.589 Input m2 

Perimeter 0.541 Input m 

Building gross volume 0.795 Input m3 

Number of storeys 0.778 Input - 

Façade surface area 0.81 Input m2 

Total ext. area 0.799 Input m2 

Surface-volume ratio 0.783 Input m-1 

Annual energy consumption 1 Target kWh/y 

 

MAPE =
1

n
∑ |

yi−yî

yi
| ∗ 100n

i=1                              (Eq.1) 

RMSE = √
∑ (yî − yi)

2n
i=1

n
 

(Eq.2) 

𝑦𝑖  Actual value 

𝑦�̂� Predicted value 

𝑛 Number of points in the dataset 

�̅� Mean value 
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Figure 4: Predicted vs actual data of ANN for mixed use buildings 

 

RESULTS 
3.1 Prediction accuracy 

Table 2 shows results of the selection procedure for 

commercial buildings (offices); the models perform 

with a MAPE ranging from 36% and 44%. For the 

residential stock, MAPE is in the range of 21% and 

22% and for the mixed use buildings between 25% 

and 26%. The CHi-squared Automatic Interaction 

Detection (CHAID) algorithm, a class of decision 

trees, seems to perform better both for residential 

and commercial buildings (offices) and for the 

mixed use buildings, while ANN performs better for 

residential building. The RMSE is in the range of 

210520 kWh/year for commercial buildings, 61770 

kWh/year for residential and 91410 kWh/year for 

mixed use buildings. Commercial buildings have the 

highest prediction errors; this is due to the wide 

range of energy consumption and diversity of 

buildings for this category. However for the 

residential class, the results are more accurate 

attesting the possibility to better predict the total 

heating and hot water energy consumption where 

there are lower differences in datasets of similar 

buildings. The results for the mixed use buildings 

show an intermediate level of accuracy. Figure 4 

shows predicted versus actual data using a 

logarithmic scale for the total energy consumption 

for mixed use buildings. The ANN is able to predict 

with a good level of accuracy, the total energy 

consumption for all of the range of the target 

variables without overfitting the data. Extreme 

values are well predicted, even if the ANN performs 

better, where most of the training points are 

concentrated. 

 

3.2  Cluster analysis    

To test an enhancement of the predictive capabilities 

of the model, a k-means clustering algorithm was 

used as pre-operation on the dataset. The motivation 

for this was to understand if optimization of the 

silhouette index could improve the prediction 

capabilities of the models. The silhouette index (Eq. 

3) is defined as follows: 

𝒔(𝒊) =
𝒃(𝒊)−𝒂(𝒊)

𝐦𝐚𝐱{𝒂(𝒊),𝒃(𝒊)}
                                      (Eq.3)  

where i is an element in a given cluster, a(i) is the 

average dissimilarity of i with all other data within 

the same cluster, b(i) is the lowest average 

dissimilarity of i to any other cluster (Rousseeuw, 

1987). The Silhouette index provides information 

regarding how well separated a cluster is from other 

clusters. It ranges between -1 and +1, where +1 

indicates that clusters are perfectly separated and 

elements are allocated in the right cluster, and -1 

indicates that elements are not in the right cluster 

and they are not well separated. Two additional 

inputs were provided to the predictive models after 

this operation: 1) the allocation of every element in 

the different clusters and 2) the distance of the 

elements from the centroid of the cluster. The first 

parameter provides the number of clusters in which 

the building will be allocated and the second 

parameter provides the distance from the centroid of 

that cluster.   

3.3  Selection of the number of clusters     

The selection of the number of clusters k, for a k-

means clustering (and in most of the clustering 

algorithms) is a decision dependent on modeller 

expert knowledge and it can highly affect the final 

results in terms of numbers of elements and their 

Table 2: Prediction capabilities of black box 

models on different classes of buildings. 

Building 

typology 

Predictive 

algorithm 

MAPE 

(%) 

RMSE  

[kWh / 

year] 

Commercial 

GLR 44.26 229477 

DTR 38.68 225368 

ANN 43.84 213212 

CHAID 36.15 202111 

Residential 

GLR 21.51 62463 

DTR 21.51 63330 

ANN 21.31 61074 

CHAID 22.55 66488 

Mixed-use 

GLR 26.38 90655 

DTR 26.31 90760 

ANN 26.16 91325 

CHAID 25.77 96983 
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Figure 6: Prediction enhancement after pre-clustering of the data. 

 
Figure 5: Selection of the number of the clusters. 

allocations (Jain, 1999). In order to minimize any 

error related to the modeller decision, an analysis 

was conducted to select the best number of clusters 

that maximize the predictive capabilities of the 

models. The number of clusters k was varied 

between 2 and 60 and the selection of the models, as 

explained in Section 2.6, was repeated for every 

class of building. Figure 5 shows the behaviour of 

the silhouette index, the MAPE and the 

smallest/biggest cluster ratio (S/B) as a function of 

the number of clusters k. The silhouette index 

starting from a value of 0.5, reaches an asymptotic 

value of 0.42 for k circa 60. The MAPE decreases 

gradually increasing k. The S/B ratio decreases from 

values of 0.4 for k < 5 to almost zero for values of k 

> 10. Similar behaviours were recorded for the other 

predictive models and for all the class of buildings. 

3.4  Cluster analysis results     

At first it seems that increasing the number of 

clusters k is always beneficial for the predictive 

capabilities of the models, but an accurate analysis 

of the predictive versus actual data shows that 

increasing k creates over-fitting problems. The 

models are totally accurate for some points but in 

this way they lose all the generalization 

characteristics. To avoid this problem, the S/B ratio 

should be greater than values near to zero. This 

assumption indicates that in every cluster there is 

more than one single point. For this reason, a good 

choice of k, for the example in Figure 5, is in the 

range between 5 and 9. Seven clusters have been 

selected for this analysis. Following the selection of 

k as explained above, the model selection procedure, 

as explained in Section 2.6, was repeated along with 

pre-clustering on the datasets. Figure 6 summarizes 

the results of this operation. The MAPE values for 

different classes of building and predictive models 

were compared for simulations without clustering 

and with pre-clustering. The results show that the 

pre-clustering phase always enhances the prediction 

capabilities for mixed use building and residential 

and with a maximum improvement between 5-10% 

for commercial buildings. The commercial dataset is 

the one characterised by the highest value of 

standard deviation indicating a high variability of 

the total energy consumption in the dataset. For this 

reason, information connected with the position of 

the element in the clusters and the distance from the 

centroids seem to be important inputs for the 

predictions models. Table 3 shows the selected final 

results of the predictive models. All the MAPEs are 

in the range between 20% and 30%. 

CONCLUSIONS 

A methodology for the prediction of the sum of 

annual hot water and heating requirements for a 

large proportion of the building stock of Geneva 

(CH) has been presented, based on data-driven 

approaches.  The methodology could be replicated 

for other cities that are characterized by similar 

types of building data. Complete and larger datasets 

including additional building features such as period 
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of construction, the type of construction, percentage 

of glazing, heating and cooling systems, number of 

occupants etc., would allow to achieve better 

accuracy of the predicted information. Different 

families of prediction algorithms were tested and a 

selection of the best predictive model, according to 

some performance indexes, were employed for three 

main categories of buildings in the city, i.e. 

commercial (offices), residential and mixed use. 

Results show that artificial neural networks (ANN) 

perform better on the residential stock data and 

decision trees (CHAID) perform better on mixed use 

and commercial building data (cf. Table 2). An 

analysis for improving the prediction results using 

pre-clustering operation was performed; results 

show that this approach is highly effective in 

datasets characterized by high standard deviation 

and when information regarding similarities among 

buildings is provided as input to the predictive 

model. The MAPE scores for the final results are in 

the range of 20%-30% for all the typologies of 

buildings. The final models could be employed to 

populate a larger database (circa 88000 buildings) 

expanding the energy map of the city. This result 

could be taken into account as first step to provide 

preliminary information in a time efficient manner 

for the identification of areas and buildings that 

need improvement through investment of resources 

and a more accurate energy description through 

traditional simulation approaches. 
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DATABASE NAME: BATIMENTS HORS-SOL 

Total number of buildings 87843 
  

Descriptive statistics 
      

Name (French) Type Size Description Range Min Max Mean Std. Dev Variance Valid Units 

EGID Integer 4 Building identification code EGID 
       

- 

DESTINATION String 55 Building final use 
       

- 

NOMEN_CLASSE String 55 Building class 
       

- 

ANNEE_CONSTRUCTION Integer 4 Year of construction 
       

- 

ANNEE_TRANSFORNATION Integer 4 Year of transformation 
       

- 

NIVEAUX_HORSOL Integer 2 Number of levels above the ground 30 1 31 3.21 2.33 5.428 50328 - 

NIVEAUX_SSOL Integer 2 Number of levels below the ground 5 0 5 0.31 0.502 0.252 9999 - 

HAUTEUR Double 8 Height of the building 105 0 105 9.48 7.616 58 80407 m 

SHAPE.LEN Double 8 Perimeter 1674 0 1674 44.51 42.452 1802.191 87831 m 

SURFACE Double 8 Building footprint surface 62996 0 62996 160.8 588.829 346719.5 87831 m2 

DATABASE NAME SCANE INDICE MOYENNES 

Total number of buildings 11563 
          

Name (French) Type Size Description Range Min Max Mean Std. Dev Variance Valid Units 

EGID Integer 4 Building identification code EGID 
       

- 

DESTINATION String 55 Building final use 
       

- 

SRE_MOY3 Integer 8 
Averaged energetic reference surface on 3 

years period 
62373 1 62374 1692.9 1430.367 2045950.499 11563 m2 

INDICE_MOY3 Integer 8 
Averaged building energy consumption 

index on 3 years period per square meter 
1.15136 0.00084 1.1522 0.142817 0.03588088 4.59802252 11563 MWh/m2year 

INDICE_SRE_MOY3 Integer 8 
Averaged building energy consumption 

index on 3 years period  
4.62E+03 0.00084 4.62E+03 2.33E+02 1.82E+02 1.19E+08 11563 MWh/year 

EMISSION_CO2_MOY3 Integer 8 Mean yearly CO2 emission on 3 years 1.05E+06 0 1.05E+06 5.31E+04 4.33E+04 1.88E+09 11563 kg CO2/year 

CONSOM_TOTALE_MOY3 Integer 8 
Gross mean yearly energy consumption 

over 3 years 
4.54E+03 0.00084 4.54E+03 2.29E+02 1.79E+02 1.15E+08 11563 MWh/year 

SHAPE.LEN Double 8 Perimeter 15292 0 15293 295.1 301.581 90950.9 11563 m 

SURFACE Double 8 Footprint surface of the building 716 5 720 70.43 27.007 729.354 11563 m2 

ESTIMATED VALUES 

Name  Type Size Description Range Min Max Mean Std. Dev Variance Valid Units 

GROSS VOLUME Integer 8 Estimated gross volume of the building 2104067 0 2104067 2461.0 14158.7 200468231 80597 m3 

NUMBER OF STOREYS Integer 8 Estimated number of storeys 35 0 35 3.2 2.5 6 80407 - 

FACADEAREA Integer 8 Estimated façade area 43011 0 43011 555.7 989.4 978873 80407 m2 

TOTALEXTAREA Integer 8 Estimated total external area 161780 0.61 161780 890.5 2010.0 4039984 80407 m2 

SURFACEVOLUMERATIO Integer 8 Surface to volume ratio 77 0.08 77 1.2 1.9 4 79407 - 

SCANE INDICE MOYENNES: CLASS DESCRIPTIVES OF  CONSOM_TOTALE_MOY3 

Building class Skewness Range Min Max Mean Std. Dev Variance valid Units 

Commercial 5.808 4529 16 4545 332 382 522359327 329 MWh/m2year 

Residential 5.107 4003 11 4014 202 159 90675827 6973 MWh/m2year 

Mixed-use 2.502 1995 0 1995 266 162 93928958 3939 MWh/m2year 

Appendix 1: Database description and statistics 
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