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Abstract 

Achieving energy efficiency in building sector is 

plausible through overly non-convex energy optimization 

schemes such as demand side management (DSM) at 

district scale, which itself relies on the district’s thermal 

model. The main challenge is deriving accurate surrogate 

data-driven models for districts, which can compete with 

detailed time-intensive physics based models. In this 

study, common data-driven models namely ARX, ANN 

and SVM are deployed for modeling various districts 

under different aggregation criteria. This study is 

conducted based on the artificial districts that are 

developed for IBPSA Project 1. Furthermore, the data-

driven models are compared based on two Key 

Performance Indicators (KPI) namely coefficient of 

determination (R2) and run-time. Finally, it is shown that 

an SVM model performs the best. Moreover, aggregating 

based on archetype yields more promising results in terms 

of accuracy. 

Key Innovations 

 The impact of different aggregation criteria on the 

modelling KPIs is evaluated 

 The impact of district size on the modelling KPIs is 

investigated 

 The time needed for developing and training the 

models is studied 

 The suitability of the common data-driven models are 

compared based on two KPIs 

Practical Implications 

This paper is of interest for researchers and practitioners 

at the supply side of an energy distribution network,  who 

are in pursuit of suitable models for optimization 

applications such as load management, demand response, 

demand side management and other branches of 

flexibility on district level. This study provides some 

insight into the model selection for districts with different 

aggregation level with regards to the need of each 

project/work. 

Introduction 

The building sector is responsible for a discernible quota 

of final energy consumption and CO2 emission (Fathi et 

al., 2021; Jafarinejad, Shafii, et al., 2019), which soars to 

almost 40% of final energy use in the European Union 

(EU) (Commission, 2018). Owing to overwhelming areas 

of improvements within the building sector, the EU has 

taken concrete actions such as developing frameworks for 

buildings energy performance assessment, promoting 

nearly zero-energy buildings (nZEB), and moving toward 

zero-energy districts (ZED) (Directive, 2010). To achieve 

the goals set for the building section, the EU has made 

assessments on the district and city scale by developing 

innovative techniques to improve district energy 

planning, develop optimal controllers for network 

operation, and demand side management. Over the course 

of recent years the main focus of the EU has been on urban 

and district level in order to make such assessments and 

facilitate the energy management within its building 

stocks (Reinhart & Davila, 2016). The primary reason for 

investigating a whole district for optimization 

applications and energy assessments is that considering 

buildings individually is not a reliable method for 

anticipating the behavior of the whole district as many 

interactions within the building stock might be 

overlooked. For this reason, developing models and tools 

to study the energy optimization and improving energy 

efficacy on buildings within a district has been one of the 

paramount challenges of the EU environmental policy 

(Kazas et al., 2017). Moreover, having a district model as 

an emulator for testing optimization schemes is crucial 

since creating an entire building or district in laboratories 

does not appear to be an easy task  (Jain et al., 2014). The 

developed models should provide the user with 

instrumental insights on the temporal energy consumption 

characteristics of individual buildings or neighborhoods 

at various levels of aggregation (Sousa et al., 2012). 

Unlike most of the individual level buildings that 

aggregated data is not used for looking at local aspects,  

aggregation level seems to be quite important since on 

district level. Aggregation is regularly applied on the data 

coming from a district to analyze the whole district’s 

thermal behavior.  

Modelling approaches of a district could be divided into 

two categories, top-down and bottom-up approaches 

(Swan & Ugursal, 2009). On the one hand, top-down 

modeling approach mostly performs on aggregated 

historic data, which nowadays is easier to collect than ever 

before (Sepasgozar et al., 2020). These models are mainly 

used for ascertaining the energy requirements on city or 

national scale given the long-term changes within the 

residential building stock. The main advantages of top-

down models are their simplicity and reliance on 

abundant historic data; however, they are not studied in 

this paper as they are not suitable for meticulous, detailed 
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and real-time optimization applications since they do not 

possess adequate  accuracy and complicacy for such tasks. 

In other words, top down models look at the bigger 

picture, not details and are thus commonly used for policy 

making and trend capturing for a nation’s future energy 

needs. On the other hand, bottom-up modeling approach 

incorporate many more details, in a way that at first 

individual buildings are modeled in detail and then they 

would be scaled up to form a district. In other words, in a 

bottom-up point of view, everything starts from a 

disaggregated level and then by means of aggregation 

methods, the values are aggregated to represent the whole 

district. A major drawback of bottom-up modeling 

approach is the need for extensive and rich datasets to 

train and develop the models.. In general, bottom up 

models are quite instrumental for real-time optimization 

applications in the context of building stock (Kavgic et 

al., 2020). Bottom-up modeling approach is versatile and 

could be availed on different modeling scales starting 

with individual building level, street level and so forth to 

national scale, for being incorporated in various 

optimization and energy management tasks such as load 

prediction, demand side management, climate change, 

CO2 mitigation and so on (Swan & Ugursal, 2009). 

Models that are developed through bottom up approach 

could be categorized as white-box (physics based) 

models, black-box (data-driven) models, and gray-box 

(hybrid) models, in which the level of aggregation 

determines the level of detail of the model. The energy 

networks that might be investigated could be divided into 

two main networks, electrical and thermal. Electrical 

networks are undergoing some solemn challenges since 

intermittent renewable resources are integrating into the 

grid nowadays. Without a precise energy management 

and optimization supplier will most probably fail in 

integrating renewables to the fullest extent. Although all 

the aforementioned modeling techniques are extensively 

practiced at individual building scale either for 

simulation/prediction or optimization purposes, their use 

at district scale should also be addressed and assessed in 

term of suitability (Protopapadaki et al., 2015; 

Protopapadaki & Saelens, 2017). 

White-box models are detailed engineering and physics 

based models that mimic the actual thermal behavior of 

the building stock using physical equations. These models 

are able to account for the physical phenomena 

undergoing within the building stock (Foucquier et al., 

2013). The heavily detailed white-box models are quite 

time intensive and thus not suitable for real-time 

optimization applications. Gray-box or hybrid models 

form when physical models and statistical models are 

combined together, therefore they inherit the advantages 

and disadvantages of both physics based and data-driven 

models to some extent (Tardioli et al., 2015). Gray-box 

models treat a large scale district as an electrical circuit. 

Gray-box models deploy reduced order resistance-

capacitance (RC) models to represent the districts thermal 

behavior (Kim et al., 2014). Black-box or data-driven 

models are in fact statistical and machine learning based 

models. Black box models do not establish any physical 

relation between the inputs and outputs and are exclusive 

of heat transfer and thermodynamic equations. Data-

driven models are founded on large number of measured 

data points (Foucquier et al., 2013). 

In an era that smart homes are taking advantage of 

building management systems (BMS) and smart metering 

systems, data-driven (black-box) models are likely to 

show a good performance. It is proven in various studies 

that data-driven models can maintain high prediction 

accuracy while decreasing the time for the models to be 

developed and run (Jain et al., 2014; Paudel et al., 2014). 

Besides, developing white-box (physics based) models of 

an entire district tend to be quite time intensive (Tardioli 

et al., 2015). With that in mind, the main focus of this 

research will be on black-box or data-driven models of the 

thermal behavior of building stocks.  

The most frequent data-driven modeling techniques for 

prediction of buildings thermal behavior are simple 

regression models (SRM), multiple regression models 

(MLR), artificial neural networks (ANN) and support 

vector machines (SVM) (Swan & Ugursal, 2009). 

Looking into previously conducted review papers reveals 

that ANN and SVM modeling techniques are not yet 

thoroughly utilized for large scale and district level 

thermal behavior characterization (Tardioli et al., 2015). 

For this reason, in this paper one of the most common 

linear regression techniques, namely autoregressive with 

exogenous input (ARX) along with the two 

aforementioned techniques of ANN and SVM are to be 

investigated. Furthermore, the effect of aggregating the 

data on the thermal models’ accuracy and time intensity 

will be addressed as well. In contrast to previous studies, 

this study also takes into account the influence of the 

district size on the developed models in terms of accuracy 

and the real-time response. It is worthwhile to mention 

that the data for all the aforementioned modeling 

techniques are developed based on residential districts 

data generated by the Dymola simulation environment 

using openIDEAS library (Jorissen et al., 2018)  

In this study first the thermal behavior of several artificial 

districts, which are developed in Dymola modeling 

environment using openIDEAS library is identified using 

three data-driven modeling techniques of ARX, ANN and 

SVM. Afterwards, one of the districts is aggregated based 

on several aggregation criteria. Finally, To see how well 

and fast they predict the Dymola generated results, their 

suitability for the aforementioned applications is assessed 

based on several Key Performance Indicators (KPIs), 

namely the coefficient of determination (R2), and run-

time, which ascertains the accuracy and real-time 

response of the developed data-driven model for 

optimization applications, respectively. 

Methodology 

Conventional and prevalent high order white-box models 

that simulate and forecast the district energy demand are 

difficult to be deployed for optimization purposes since 

they are time intensive. In many cases, using surrogate 

simplified models is proved to be an interesting 

alternative. Nowadays with the development of building 
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energy management tools and having a huge load of data 

associated with buildings in a neighborhood at hand, 

deriving surrogate models for districts is facilitated. These 

data-driven ersatz models, however a bit less accurate 

than the conventional white-box models, are precise 

enough to represent a building stock, while taking a much 

shorter time to simulate the district demand at each run, 

and carry out the optimization task in real-time. The two 

main criteria that evaluate the appropriateness of a black-

box model for district level optimization applications are 

the forecast accuracy and the response time 

(computational load) of the model. In this study, the 

competence of the most frequent black-box models 

including ANN, SVM and ARX models is investigated 

based on R-squared and run-time. The reason for 

choosing R-squared is the dimensionlessness and the 

trade-off that it offers in terms of bias-variance error. The 

higher the R-squared, the more optimal the bias-variance 

trade-off. The training dataset is 4380 hourly data points 

(half a year) of simulation data in a year, and the test 

dataset is 4380 hourly data points (half a year) of 

simulation data. The data points are randomly divided into 

train and test sets. It should be noted that the input data 

for all the districts are boundary condition (ambient 

temperature, solar irradiation), occupancy profile (heat 

gains, temperature set-point), indoor conditions (indoor 

temperature at the present time step and previous time 

steps as lagged data), and finally the delayed consumption 

values as exogenous inputs to the model. The number of 

input lags is the same for ANN and SVM, but it differs 

from those of ARX. ANN and SVM models’ optimal time 

lags are as follows: 4 time steps of lag for the indoor air 

temperature and 6 time steps of lag for the energy 

consumption, which are obtained via trial and error. 

Required lags for the ARX have been chosen based on 

order sweeping. For the order sweeping, the ranges for the 

energy consumption has been set to 20 to 30, for the 

indoor air temperature has been set to 5 to 15 and for the 

boundary conditions have been set to 1 to 5. The order 

sweeping method used for finding the optimal time lags 

for the ARX models is trial and error based as well. The 

structure of methodology will be followed by a 

comprehensive description of the case study and then the 

modelling techniques that are investigated in this study 

ARX, ANN and SVM.   

Case study  

For this study, four districts are modeled in Dymola 

software environment using Modelica language through 

the openIDEAS library (Jorissen et al., 2018). IDEAS is 

the very beating heart of the openIDEAS framework, 

which executes the multi-zone thermal building 

simulations through considering the building envelop, 

heating ventilation and air condition system, and 

electrical simulations. The whole modelling takes place 

through simultaneously solving a set of physical 

equations such as discretized ordinary and partial 

differential equation, and algebraic equations (Jorissen et 

al., 2018) Districts are developed within the framework of 

the IBPSA Project 1, Work Package 3.1, common 

exercise 2. The investigated districts encompass a wide 

range of occupancy profiles and construction types 

(archetype). Representative buildings within a district are 

called archetypes. The archetypes have somewhat 

identical construction properties to what they represent 

and are determined after an accurate identification and 

classification (Ballarini et al., 2014; Korolija et al., 2013). 

Three different archetypes are considered in this study 

namely 1980s, 2000s and 2010s. The archetypes differ 

from one another in terms of insulation level and air 

tightness. The newer the dwelling, the more insulated and 

air tight it is. All the dwellings within each of the districts 

are two zone (two story) dwellings, which is depicted in 

Figure 1. Occupancy profiles are generated based on 

stochastic residential occupant behavior (StRoBe) 

(Baetens & Saelens, 2016). The reason for choosing the 

following district compositions is to assess the impact of 

different archetypes, different occupancy profiles and the 

district’s size on the modelling KPIs. In other words, this 

study tries to figure out what will happen to modelling 

KPIs as the archetypes and occupancy profiles become 

more diverse and larger. The modeled districts are as 

follows: 

 1st district (simple district): consists of 16 single 

family dwelling with the same occupancy profile in 1 

archetype 

 2nd district: consists of 16 single family dwelling with 

16 different occupancy profile in 1 archetype 

 3rd district: consists of 32 single family dwelling with 

16 different occupancy profile in 2 different 

archetypes 

 4th district: consists of 48 single family dwelling with 

16 different occupancy profile in 3 different 

archetypes 

 

Figure 1: 16 dwellings with two thermal zones (stories)  

As it would be elaborated later on in this paper, the 

investigation will take place in two phases; with 

disaggregated data, and with aggregated data. The 

disaggregated modeling approach is performed on all the 

developed districts. Table 1 enlists the number of inputs 

to each of the modeling techniques for each of the 

districts. 

Table 1: number of input variables to each of the 

districts for each of the modeling techniques 
 

1st 

District 

2nd 

District 

3rd 

District 

4th 

District 

ARX 49 374 537 696 

ANN 23 234 400 566 

SVM 23 234 400 566 
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The 4th district composition which is in disaggregated 

phase could be seen in Figure 2. 

 

Figure 2: Structure of the 4th district in the 

disaggregated phase including 48 dwellings in 96 

thermal zones (566 input variables) 

Autoregressive with exogenous input (ARX) 

Auto-Regressive models with exogenous inputs are vastly 

used for modeling and identifying the thermal behavior of 

buildings (Madsen et al., 2016). These models are in fact 

discrete time transfer function models, which utilize 

linear difference equations to map the relation between  

inputs and outputs.  The general structure of ARX models 

for modeling a multi input single output (MISO) system 

is as equation (1). 

 

𝐴(𝑧)𝑦(𝑧)  =  𝐵1 (𝑧)𝑢1 (𝑧) +. . . 𝐵𝑛𝑢 (𝑧)𝑢𝑛𝑢 (𝑧)  +
 𝐶(𝑧)𝑒(𝑧)   (1) 

 

Where, nu is the number of input signals, A(), B() and C() 

are polynomials representing the parameters of the ARX 

model. These parameters would be obtained using the 

training data points. Those who are interested in diving 

into the ARX identification method may use the reading 

materials written by Ljung (Bauwens, 2015; Madsen et 

al., 2015). 

Artificial neural network (ANN) 

Artificial Neural networks (ANN) are introduced as the 

brain-inspired computing systems, which can be imitated 

by using the right interconnections, functions, and the 

structure corresponding to human biological neurons. 

However, the performance of each artificial neuron or 

even the whole system is highly restricted as compared to 

the real biological one. These networks consist of nets of 

input layer and output and often one or several hidden 

layers of connections that proceed or transform inputs by 

manipulating weighted flows to what the output layer will 

use. The algorithms that handle the adjustment of the 

mentioned weights are referred to as ‘learning process’ 

with respect to biological mechanisms. Hence, these 

systems can learn to perform various types of tasks 

without being programmed for any task-specified 

intentions such as signal process, image recognition, 

process control, trend prediction, and system 

identifications (Pham & Liu, 1995).  

One of the more advanced variants of neural networks is 

nonlinear autoregressive with exogenous inputs (NARX) 

neural network. Ascribed to having feedback from the 

output(s), this structure of neural network is a proven 

candidate to capture the most nonlinear and complex 

mappings between the inputs and outputs in high order 

systems (Jafarinejad, Erfani, et al., 2019). Figure 3 

illustrates the architecture of a NARX neural network. In 

neural networks, regardless of its architecture, input 

neurons are in fact buffers that dispense the input signals 

xi to hidden layer neurons. Each neuron j in the hidden 

layer firstly multiplies the weight wji in the input signal 

value xi, and then sums all the products of the 

multiplication of all the inputs that are connected to the 

hidden layer neuron. Thereafter, it adds up the bias bi to 

the previous yielded values, and finally computes the 

output nj through the function g (Erfani et al., 2018). The 

general formulation of a neural network is given in 

Equation (2). 

                            𝑛𝑗 = 𝑔(∑ 𝑤𝑗𝑖𝑥𝑖 + 𝑏𝑗) (2) 

 

Figure 3: NARX neural network architecture 

(Jafarinejad, Erfani, et al., 2019) 

 

Support vector machine (SVM) 

Support vector machine is a branch of machine learning 

which is widely used in numerous applications for both 

classification and regression. This method is based on 

Vapnik revolutionary statistical learning theory (Vapnik, 

2013), and further advanced by many researchers in field. 

SVM carries out the regression by first mapping input and 

output space to a higher (infinite) dimensional space, 

which is called feature space. This is done by using a 

feature map or in other words a Kernel function. 

Afterwards, the SVM performs the classification or 

regression in that higher (infinite) dimensional feature 

space in a linear fashion by means of hyperplanes. To be 

more precise, in terms of regression, SVM finds a 

decision boundary at a distance from the original 

hyperplane such that data points closest to the hyperplane 

or the support vectors are within that boundary line (De 

Brabanter et al., 2002). The output of the regression 

model is formulated as Equation (3) in the primal 

representation. 

                             𝑦 = 𝜔𝑇 . 𝜑(𝑥) + 𝑏 (3) 

In which, 𝑥 is the inputs vector, 𝜔𝑇 and 𝑏 are the model 

parameters that would be obtained by solving a convex 

optimization problem in the primal representation. In this 

study, Least Squares Support Vector Machine (LSSVM) 

is used. The only difference that LSSVM has, compared 

to normal SVM, is using a squared loss function instead 

of an ɛ-insensitive loss function. This less elaborate loss 
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function will in turn result in solving a set of linear 

equations for performing the regression. Solving a set of 

equations is much less time consuming and easier than 

solving a quadratic programming problem (QP) that one 

would have faced, had they chosen the normal SVM 

(Suykens & Vandewalle, 1999). 

There are many advantages associated with using SVM. 

The main advantage is that SVM has dual representations 

in optimization. The primal representation is directly 

linked to the size of input space dimensionality, whereas, 

the dual representation is related to the number of training 

data points. This gives SVM an edge in dealing with 

districts, where too many input signals are associated with 

the model, which is prone to take up a considerable 

capacity of  computer memory to develop the model’s 

structure and save the required coefficients of the model. 

The dual representation of SVM tackles this drawback by 

solely depending its structure size on the number of 

training data points. For this reason, the structure of an 

SVM model tends to be much smaller than those of ANN 

and ARX, hence it occupies less memory of the computer. 

Aggregation 

Nowadays availability of data gathered by BMS and 

smart metering systems has streamlined the process of 

developing models for individual buildings (Sepasgozar 

et al., 2020). Nevertheless, there are some challenges for 

using that data for developing a model for an entire 

district, one of which is data protection and privacy 

policies that might force the modeler to only use 

aggregated, or in another term, anonymized data (Tardioli 

et al., 2015). The other issue regarding disaggregated data 

is the fact that it might grow the computational load and 

consequently increase the time needed for developing the 

district model, which could be on the grounds of data 

gathering implications such as the applicability of 

installing sensors and possible noises, data acquisition 

methods and data preprocessing necessities that should 

bring the data to a state that could be utilized by the 

modeler such as turning the input data into zero mean and 

unit variance or data denoising (Caputo et al., 2013). In 

most cases district’s thermal behavior identification and 

characterization is conducted based on aggregated data, 

which is prone to compromise the richness of the data 

(Wojdyga, 2014). 

In order to assess the impact of aggregation on the 

modeling KPIs, the 4th district, which consists of 48 single 

family dwelling with 16 different occupancy profiles in 3 

different archetypes will be put under the spot light. The 

4th district is now modeled in two phases in terms of 

aggregation. In the first phase the characterization and 

identification take place with disaggregated input data 

coming from the district. In the second phase, 

characterization and identification of the district’s thermal 

behavior will be carried out using aggregated input data 

from the district. The aggregations are based on thermal 

zones of each of the dwellings, occupancy profile, 

archetype, and finally considering the whole district as 

one thermal zone.  

Aggregated modeling phase takes place based on 4 

criteria, first of which is considering each dwelling as one 

thermal zone, which implies averaging out all the data 

associated to a single dwelling and considering it as a 

homogenous node defined with one temperature and 

energy consumption value. Figure 4 illustrates the way 

that the 4th district looks like when it is aggregated as such. 

Now, there are 48 dwellings in 48 thermal zones (each 

building as a single thermal zone) with 298 input variables 

to the model. Each color stands for a thermal zone and 

each grid cell stands for a dwelling within the 4th district. 

 

Figure 4: the 1st aggregation with 48 dwellings in 48 

thermal zones (each building as a single thermal zone) 

(298 input variables) 

The 2nd aggregation is done such that dwellings with the 

same occupancy profile are considered as one thermal 

zone. Since the 4th district has 16 different occupancy 

profiles, there will be 16 thermal zones associated with 

the district. Therefore, in the 2nd aggregation the district 

consists of 48 dwellings in 16 thermal zones with 138 

input variables to the model. Figure 5 depicts the district 

as in the 2nd aggregation scenario. 

 

Figure 5: the 2nd aggregation of the district, which 

consists of 48 dwellings in 16 thermal zones (138 input 

variables) 

The 3rd aggregation is done based on archetype or 

construction type. As Figure 6 shows, by aggregating the 

4th district based on the archetypes within the district, 

there will be 48 dwellings in 3 thermal zones with 31 input 

variables. 

 

Figure 6: the 3rd aggregation of the district with 48 

dwellings in 3 thermal zones and 31 input variables 

For the final aggregation scenario, the 4th district is 

considered to be a single thermal zone, with all the input 
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variables averaged out except for the boundary 

conditions. Figure 7 depicts the district in this scenario, 

which consists of 48 dwellings in one thermal zone with 

21 input variables to the model. 

 

Figure 7: the 4th aggregation with 48 dwellings in 1 

thermal zone (21 input variables) 

Results and discussion  

Identification and modelling for the disaggregated phase 

has been carried out through the three data-driven 

modelling techniques of ARX, ANN and SVM. The 

inputs to the models have already been discussed, and the 

output of the model is the entire districts’ energy use. 

Models are assessed based on two KPIs, namely 

coefficient of determination or R-squared (R2), and run-

time which manifests the time spent on developing and 

training the models. The run-time is directly influenced 

by the experience and knowledge of the modeller, 

however, since the modelling has only been carried out by 

one modeller it is safe to report it as a valid KPI. The 

number of trial and error combinations for the optimal 

time lags of inputs for ANN and SVM is only 64, which 

is quite smaller than thousands and thousands for ARX. 

The order of optimal lags for ANN and SVM is obtained 

for the simple district, and utilized for larger districts. 

However, since the R-squared hasn not diminished any 

greater than 0.001 threshold for the rest of the districts, 

the trial and error is skipped and the optimal order of lags 

is assumed to be the same as the simple district. On the 

contrary, the order of optimal time lags for the ARX 

model couldn’t be taken the as the simple district since the 

R-squared would have been deteriorated considerably 

(more than 0.001). Therefore, the trial and error process 

is repeated for each of the districts while using the ARX 

model. Since the trial and error process for ANN and 

SVM model is merely done once and to a limited number 

of iteration as compared to ARX which is done for all the 

districts and  with thousands of iterations, the trial and 

error time for ANN and SVM is excluded from the run-

time KPI. Table 2 shows the R-squared KPI for each of 

the models and districts. Table 3 enlists the run-time KPI 

for different modelling techniques and districts. 

Table 2: R-squared [-] of various modelling techniques 

for different developed districts 

  1st 

District 

2nd 

District 

3rd 

District 

4th 

District 

ARX 0.952 0.951 0.9545 0.9619 

ANN 0.9937 0.9982 0.9977 0.9974 

SVM 0.9929 0.9982 0.9986 0.999 

Table 3: run-time [s] of different modelling techniques 

for different developed districts is seconds (s)  

  1st 

District 

2nd 

District 

3rd 

District 

4th 

District 

ARX 4.49 229.6 263.3 331.6 

ANN 587 3144 9420 17940 

SVM 1.113 2.38 1.338 1.171 

The results show when the district’s size grows (number 

of input signals to the model increases), the identification 

tends to be smoother and the accuracy increases, which is 

in alignment with other research studies in the field of 

system identification. ARX model accuracy seems to be 

inferior as compared with ANN and SVM, which is on the 

grounds of its linear nature. ARX models with an R-

squared ranging from 0.951 to 0.962, have an accuracy 

ranging from 83% to 85%, whereas ANN and SVM 

models in most cases have an accuracy higher than 99%. 

The ANN model performs somewhat better when the 

number of input variables is smaller, or in other words, 

when the district is smaller. However, there is a slight 

discrepancy in the trend. ANN performance is diminished 

when dealing with the 1st  district, which has only one 

occupancy profile for all the dwellings.  When the district 

size (number of input variables) start to rise SVM turns 

out to be more dextrous in terms of capturing the districts 

thermal behaviour’s dynamics. For both the ARX and 

ANN models, the run-time increases as the size of the 

district increases. However, this increase in run-time is 

more conspicuous for the ANN model, which is due to the 

exponential growth in the number of the neurons’ weight 

vector that should be trained and optimized. As it has been 

mentioned earlier, SVM in the dual representation does 

not correspond to the input space dimensionality but 

rather to the number of training data points. As evident 

from Table 3, since the number of training data points for 

all the four districts is constant, the run-time of the model 

is also almost constant. For assessing the impact of data 

aggregation, only the 4th district, which is also the largest 

district, is studied. Since the ARX model did not show a 

good performance with disaggregated datasets, it is not 

employed for modelling the aggregated data anymore. 

Table 4 and 5 show the R-squared and run-time KPIs of 

the ANN and SVM modelling techniques for different 

levels and criteria of aggregation.  

Table 4: R-squared of ANN and SVM techniques for 

different levels of aggregation  

  1st Agg. 2nd Agg. 3rd Agg. 4th Agg. 

ANN 0.998 0.9978 0.999 0.9977 

SVM 0.9981 0.9972 0.9986 0.9981 

 

Table 5: run-time of ANN and SVM techniques for 

different levels of aggregation  

  1st Agg. 2nd Agg. 3rd Agg. 4th Agg. 

ANN 7200 2737 335.6 301.9 

SVM 1.065 1.037 1.045 1.06 
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As evident from Table 4, the ANN and SVM models have 

somewhat the same accuracy in terms of capturing the 

districts thermal dynamics. For the second aggregation 

criterion, which was based on the occupancy profile of the 

district, it is obvious that it has failed to increase the 

accuracy and the models are undergoing accuracy 

deterioration. Contrary to aggregating based on 

occupancy profile, aggregating based on archetype 

demonstrates a boost in accuracy for both the ANN and 

SVM models. Aggregating the whole district as a single 

thermal zone is not a good idea as well since the 

coefficient of determination seem to be declining as 

compared to the 1st and 3rd criteria of aggregation. 

Therefore, aggregating the data based on the archetypes 

within a district sounds to be more promising in terms of 

accuracy. Table 5 shows that the more the data is 

aggregated, the less it takes the ANN model to be 

developed and trained for the district. Just as previously 

mentioned, since the SVM model is independent of the 

districts size, the run-time is the same for all the 

aggregation criteria. Further to this, the run-time of SVM 

model in aggregate phase is almost the same as 

disaggregated SVM models for the various districts.  

Finally, it should be noted that the aforementioned KPIs 

might not manifest the performance of the developed 

models in the intended optimization application on district 

level. 

Conclusion 

This paper compares the suitability of the widely used 

data-driven models, namely ARX, ANN and SVM for 

identifying and characterizing the thermal behaviour of 

districts and building stocks. Aside from that, the impact 

of the district’s size and the aggregation criterion based 

on which the data is aggregated have been investigated. 

Four districts with different number of dwellings and 

sixteen different occupancy profiles in three archetypes 

are developed. The modelling techniques are assessed 

based on two key performance indicators namely 

coefficient of determination and run-time. The general 

outcomes show that ANN and SVM have the best 

performance and are somewhat similar in terms of 

accuracy. However, SVM outperforms ANN in terms of 

the time needed for the models to be developed and 

trained. Some more detailed conclusions are listed below: 

1. ARX modelling techniques seem to be harder to 

acquire accurate results  

2. As the number of buildings within a district increases, 

the training time of the ANN model increases 

exponentially, and SVM prevails both in terms of 

accuracy and run time 

3. ANN and ARX models run-time is a function of the 

district size, whereas the SVM run-time is only 

dependent on the number of training data points 

4. SVM modelling technique has almost the same run-

time regardless of both the district’s size and 

aggregation level 

As a future work these models could be incorporated in 

the optimization application of interest. In this way one 

can judge upon its suitability and performance. Moreover, 

by doing so, the relation between different KPIs and the 

optimization application performance would be brought 

into light. 
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