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Abstract 

A key issue in energy flexibility assessment is the lack of 

a scalable and end-user tailored approach to assess the 

flexibility of residential buildings. In this study, this 

problem is addressed by developing daily updated data-

driven models of the zone temperature and the heating 

system power consumption based on dynamic feature 

selection and a sliding window method. The regression 

techniques used are random forests, neural networks, and 

support vector machines. The proposed methodology 

utilises synthetic data obtained from a calibrated white-

box model of a residential building for two indicative 

occupancy profiles. This research is likely to be of benefit 

to electricity system stakeholders to conduct short-term 

predictions of various target variables associated with 

building operation, and ultimately, to facilitate the 

evaluation of the flexibility potential of residential 

buildings in an end-user tailored manner. Results show 

that random forests combined with a sequential forward 

feature selection method exhibit the optimal performance 

both for the zone temperature and the heating load 

prediction models.  

Key Innovations 

● The top N most dominant lag terms are selected 

for each internal variable based on the 

autocorrelation function of the variables of 

interest to reduce computational complexity and 

capture intricate dynamics associated with 

residential occupancy.  

● Day-ahead zone temperature and heating load 

predictions are carried out on a daily basis based 

on dynamic feature selection and a sliding 

window method to ensure model scalability.  

Practical Implications 

The energy flexibility assessment of residential buildings 

is hindered by the lack of a practicable approach to 

assessing this flexibility in a scalable and end-user 

tailored manner. Data-driven models can be attuned to 

incoming smart meter data and adapt to dynamic 

environments (demand response applications) without 

manual intervention or prior knowledge about the system 

dynamics such as required in physics-based models. In 

this study, this problem is addressed by developing data-

driven models updated on a daily basis that use a dynamic 

input variable selection method; the latter is based on the 

autocorrelation function of variables of interest and 

supervised feature selection techniques. Periodically 

updated data-driven models can be of interest to different 

energy system stakeholders by allowing them to 

accurately evaluate the flexibility potential of residential 

buildings. 

Introduction 

The energy sector transition towards a low-carbon 

resilience-oriented energy system is accompanied by 

numerous challenges associated with the increasing 

penetration of intermittent renewable energy sources 

(RES) as well as the anticipated increase in the end-use 

sector electrification. Traditionally, electricity system 

operators have focused on the supply side flexibility to 

manage potential mismatches in supply and demand that 

could jeopardise the power system reliability (Koolen et 

al., 2017). The emergence of new technologies (e.g., 

smart meters, sensors, the Internet of Things, etc.) is likely 

to enable increased demand-side flexibility (IRENA, 

2019). Demand-side flexibility can be defined as the 

capacity to change electricity usage by end-use customers 

from their normal consumption patterns in response to 

market signals or to acceptance of consumer bids to sell 

demand shifting at a price in organised electricity markets 

or for internal portfolio optimisation (CEER, 2014). 

Building energy consumption accounts for approximately 

36% of total society energy consumption (GABC, 2019). 

The increasing use of heat pumps, onsite electricity 

generation, energy storage, and electric vehicles (EVs) is 

likely to make buildings a key energy flexibility source 

for the electricity grid (Li and Pye, 2018). Annex 67 

defines building energy flexibility as the ability to manage 

its demand and generation according to local climate 

conditions, user needs, and grid requirements. Energy 

flexibility of buildings will thus allow for demand-side 

management (DSM) based on the requirements of the 

surrounding grids and the availability of RES to minimize  

CO2 emissions (Jensen et al., 2017). 

The structural thermal mass of buildings is a readily 

available energy storage medium, and it can be easily 

activated and utilised as a source of flexibility by 

responding to an external signal. The accurate assessment 

of its flexibility potential is hindered not only by the 

insufficiency of adequate indicators (due to the different 

interpretations, and requirements characterising an energy 

flexible building) (Bampoulas et al., 2021) but also, by the 
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lack of practicable approaches to assessing the energy 

flexibility of residential buildings on a one-by-one basis 

(Kazmi et al., 2019).  Residential energy consumption, in 

particular, is influenced by factors that are difficult to 

determine, unknown, or variable, e.g., occupancy 

schedules, building material thermal properties, occupant 

behaviour and energy systems namely HVAC, EVs, etc.. 

Thus, in order for electricity aggregators to evaluate a 

portfolio of buildings, not only within the end-user pre-

qualification process but also in real-time operations, it is 

necessary to develop a scalable and customer-tailored 

methodology to evaluate building flexibility potential. 

The evolution of information and communication 

technology along with the availability of building data by 

smart meters (including data associated with the HVAC 

system, thermal comfort, occupancy, and weather) is 

likely to foster automated energy management systems in 

the residential sector (Shareef et al., 2018).  

Although data-driven models are likely to achieve high 

accuracy, they are also accompanied by a series of 

potential limitations. First, their parameters are not 

immediately interpretable because of their non-

transparent structure (Deb et al., 2017). Second, they 

require extensive datasets including HVAC power 

consumption, indoor and outdoor temperatures, and 

setpoints to train the model (Li and Wen, 2014). Third, 

data-driven prediction models are likely to exhibit poor 

generalisation performance under variable operation 

strategies, weather conditions, or occupant behaviour. 

However, the problem related to the effect of 

unmeasurable most recent historical data can be solved by 

suitable updating strategies (Sun et al., 2020). This feature 

may not only enable customer-tailored model 

development but also ensure scalability. The development 

of customer-tailored and scalable building consumption 

models is likely to foster automation in DR applications 

and facilitate consumer participation in DSM services 

(Krishnadas, 2018). 

Numerous research efforts have developed data-driven 

models for baseline building energy consumption 

prediction (Wang et al., 2019; Gao et al., 2019; Somua et 

al., 2020), without further investigating the suitability and 

performance of these models under DR operations. 

Moreover, despite the ongoing interest towards the energy 

flexibility optimisation of passive thermal energy storage 

systems, few studies develop self-learning data-driven 

models suitable for DR operations, especially in 

residential buildings. This is not only due to the associated 

sensor-based data scarcity but also to the relatively higher 

occupant behaviour variability compared to the 

commercial sector (Amasyali and Gohary, 2018).  

Arabzadeh et al. (2018) use a non-linear autoregressive 

model with exogenous inputs to forecast day-ahead 

building load for a residential building based on the 

previous N values of the historical load, but where thermal 

comfort was not considered. In (Yoon et al., 2020),  an 

ANN-based data-driven model is developed to predict the 

HVAC system power consumption and zone temperature 

of a commercial building based on the previous N time-

delayed versions of these variables and the building 

thermal environment. Niu et al. (2020) develop a four 

step-ahead linear autoregressive model with exogenous 

inputs to predict the cooling load by considering weather 

data, occupancy schedules, and thermostatic setpoints as 

input variables. Kim et al. (2020) develop a hybrid model 

for day-ahead load predictions by proposing a composite 

feature based on load historical features and the hour of 

the day. Nevertheless, all these studies have focused on 

the development of optimal control schemes without 

further investigating occupant thermal comfort issues or 

without discussing the data-driven model predictive 

performance under a dynamic environment such as found 

in DR applications. 

The scope of the current paper is to develop suitable data-

driven prediction models of the zone temperature as well 

as the heating system power demand, as they are the most 

important response variables associated with harnessing 

building DR potential. Other variables of interest include 

building energy consumption as well as power and energy 

shifting capability. To this end, a two-stage feature 

selection (FS) methodology is proposed, based on 

dynamic training for a given forecast horizon. These 

models lay the foundation for the assessment of the 

passive thermal energy storage flexibility potential of a 

residential building. In the first stage, the most relevant 

historical data are selected based on recent occupancy 

patterns, while in the second stage, a feature selection 

technique is applied (i.e., filter, wrapper method, or 

embedded method) by using the selected historical data 

from the previous stage and the rest of the candidate 

variables. The proposed methodology is tested for a 

random forest (RF) regressor, a multilayer perceptron 

(MLP) artificial neural network, and a support vector 

regression (SVR) for day-ahead predictions, as well as 

two indicative occupancy profiles. The machine learning 

(ML) models developed are updated daily based on a 

sliding window method in order for the predictions to 

adapt to changing conditions (building thermal 

characteristics, weather, and occupancy changes). This is 

important since residential load profiles can exhibit high 

variation compared to commercial loads (Waseem et al., 

2019). Dynamic feature selection and model development 

can be of interest to different energy system stakeholders 

(mainly electricity aggregators and end-users) in order to 

accurately evaluate building flexibility potential. This is 

because the available building flexibility potential prior to 

a DR event is not only affected by DR signals but also 

behavioural aspects that are usually random in residential 

buildings (Waseem et al., 2019). 

Training and test set determination 

To develop suitable data-driven models for DR 

applications, predictions associated with the building load 

(HVAC system, lighting, etc.) as well as occupant thermal 

comfort should be available (Sun et al., 2020). The 

corresponding prediction horizons (hour-ahead, day-

ahead etc.) depend on the DR market participation and the 

DR scheme adopted (time of use, real-time pricing, etc.) 

The short-term heating load and zone temperature 

prediction black-box models can enable aggregators to 
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obtain heating demand in advance for a specified 

prediction horizon and optimally harness the HVAC 

system flexibility with minimum occupant thermal 

comfort deviations. The test set size is therefore 

determined by the model prediction horizon.  The optimal 

training set size is determined parametrically to avoid 

underfitting and to keep the prediction model updated to 

the most recent occupancy and weather conditions. 

Feature Engineering  

Features can be categorised into two broad categories: 

external variables (namely weather and calendar data) and 

internal variables (historical data from the building load, 

the zone temperature, etc.). Some of the most common 

features used in building load prediction include ambient 

temperature and humidity, solar radiation, calendar data, 

and zone temperature (Kamel et al., 2020), although the 

importance of these features varies depending on the 

building type and the climate (Kapetanakis et al. 2017). 

Variables associated with calendar information (e.g., hour 

of the day, day of the week) and historical data related to 

building load and zone temperature are likely to increase 

the ML model predictive performance due to the periodic 

nature of building occupancy patterns and, thus, energy 

consumption. Moreover, a change associated with 

weather variables will occur with a delay in the building 

internal variables (HVAC load and zone temperature) due 

to the thermal inertia of the building envelope and 

building furnishings. The candidate features include a 

series of weather variables, calendar information, 

historical data from the heating load, and the zone 

temperature. Furthermore, the zone thermostatic setpoint 

is also considered as an input variable since it gives 

insights into occupancy patterns. In addition, it includes 

information related to occupant thermal comfort, and it 

can be suitably modulated to harness the flexibility 

potential of the building passive thermal energy storage. 

Table 1 summarises the candidate input variables 

considered in this study.  

Table 1: Input variable categories 
Feature 

Category 
Candidate Features 

Weather 

variables 

Outdoor temperature, total solar 

irradiance, humidity, wind speed 

Calendar 

information 

Workday type (weekday or weekend), 

day of week (Monday,…, Sunday), 

minute of day 

Historical data 
Heating load, indoor temperature, 

outdoor temperature 

Miscellaneous Zone thermostatic setpoint 

Feature selection algorithm 

Since the building HVAC load is affected by various 

external and internal variables, feature extraction is 

carried out daily, based on the data available from the 

updated training set. Feature assessment by using the 

whole available datasets is unfeasible when considering 

historical data because interior variables cannot be 

practically obtained in advance. It is, therefore, necessary 

to select the optimal feature set based on the updated 

training set for each prediction. 

Stage 1: Historical data selection based on the 

autocorrelation function 

Historical data includes many features that are not only 

redundant but also increase the model computational cost. 

To tackle the problem of increased dimensionality, 

previous studies have selected the N most recent historical 

data for building HVAC load (Arabzadeh et al. 2018; 

Yoon et al. 2020) as the most relevant features for their 

case studies. However, residential building operation is 

characterised not only by daily seasonality but also by 

more intricate seasonal patterns; therefore, such an 

approach could dismiss historical data from previous days 

that are likely to be more relevant than the most recent 

historical data. In this study, for each internal variable, the 

top N most dominant lag terms are selected based on the 

autocorrelation function (ACF) of the variables of interest 

(Fan et al. 2017). Since the training set is updated daily, 

consequently, the variable autocorrelation (and thus the 

most dominant lag terms) undergoes subtle changes over 

time. This stage aims to filter lag terms exhibiting low 

autocorrelation magnitude to reduce the computational 

complexity for the feature selection algorithm; a low run 

time is paramount since FS and model development are 

performed daily.   

Stage 2: Feature selection 

In order to assess the importance of all candidate 

variables, a new feature set is created based on the 

selected historical data from the previous step along with 

weather variables and calendar information (as outlined in 

Table 1). In this study, the optimal number of features is 

selected by implementing supervised feature selection 

methods; the latter can be broadly classified into filter, 

wrapper, and embedded methods. Filter methods score 

input variables based on a suitable ranking criterion by 

using a threshold to remove variables below this 

threshold. Wrapper methods are based on a selected 

predictor and use its performance as the FS criterion. This 

means that the predictor is wrapped on a search algorithm 

that determines a subset of variables for which the highest 

predictive performance can be achieved (Chandrashekar 

and Sahin, 2014). In embedded methods, the training 

process includes variable selection without splitting the 

data into training and testing sets. Herein, the filter, 

wrapper, and embedded methods used are the Spearman 

correlation coefficient (SCC) (Gibbons and Chakraborti, 

2003), the sequential forward feature selection (SFFS) 

(Jović et al., 2015), and random forests, respectively. For 

each day-ahead prediction, the training set is determined, 

the optimal feature set is selected (based on the current 

training set as well as the target variable values currently 

available), and an ML model is trained anew. The 

proposed methodology is outlined in Table 2. 

Regression algorithms, performance metrics 

and experimental setup 

The proposed methodology is tested for three regression 

models, namely support vector regression (SVR), a 
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multilayer perceptron (MLP), and random forests. These 

models have demonstrated increased predictive 

performance compared to other regression techniques, 

especially for building load forecasting (Fan et al., 2014; 

Gao et al., 2019). SVR solves nonlinear problems by 

using a kernel function. The selected kernel function is the 

radial basis function because of its high forecasting 

performance especially for solving nonlinear problems 

(Dong et al., 2005). On the other hand, RF exhibit high 

generalisation performance especially when considering 

high dimensional data with non-linear structure (Fan et 

al., 2014). Finally, the MLP is a multilayer feedforward 

artificial neural network that is typically comprised of an 

input layer, an output layer, and a hidden layer which 

includes a series of intermediate layers. Moreover, all 

variables are normalised within the range of [0,1], and 

restored to the original values (de-normalised)  after the 

prediction has been completed. 

The predictive performance of the heating system and the 

indoor temperature prediction models is assessed by 

utilising the coefficient of variation of the root mean 

squared error (CV-RMSE) (equation 1), the RMSE 

(equation 2), the normalised mean bias error (NMBE) 

(equation 3), and the MBE (equation 4). The NMBE and 

the CV-RMSE have been recommended as evaluation 

criteria for building energy prediction models by 

ASHRAE guidelines (ASHRAE, 2014).  

𝐶𝑉 −  𝑅𝑀𝑆𝐸 =
√∑ (𝑌𝑖−�̂�𝑖)2𝑁

𝑖=1 𝑁⁄

∑ 𝑌𝑖/𝑁𝑁
𝑖=1

             (1) 

𝑅𝑀𝑆𝐸 = √∑ (𝑌𝑖 − �̂�𝑖)
2𝑁

𝑖=1 𝑁⁄                   (2) 

𝑁𝑀𝐵𝐸 = ∑ (𝑌𝑖 − �̂�𝑖) 𝑁⁄𝑁
𝑖=1                     (3) 

𝑀𝐵𝐸 =
∑ (𝑌𝑖−�̂�𝑖) 𝑁⁄𝑁

𝑖=1

∑ 𝑌𝑖/𝑁𝑁
𝑖=1

                          (4) 

Where 𝑌𝑖 and �̂�𝑖 stand for the actual and predicted value i, 

respectively, and N represents the test set size. The 

proposed methodology is implemented by using Python 

3.7 on an INTEL® Core™ i7-7500U processor @2.90 

GHz system with 16 GB RAM running Windows 10 

operating system. 

Table 2: Methodology diagram  

Step 

1 

Determine the training set based on the 

previous K days 

Step 

2 

Select the N most dominant lag terms by 

utilising the ACF 

Step 

3 

Update the training set based on: 

● the selected historical data (Step 2),  

● the rest of the candidate features (Table 1),  

● the currently available target variable values 

Step 

4 

FS is based on the updated training set (Step 3) 

and the proposed two-stage FS algorithm 

Step 

5 

Predict the target variable by using a suitable 

predictor 

Step 

6 

At the end of the day, update the dataset with 

the actual target variable values and remove the 

data associated with the oldest day  

Building description and components 

In this section, the white-box model used to generate the 

synthetic database is described. This model was 

developed by using EnergyPlus V.9.1 and calibrated by 

using measured data from the building and an hourly 

resolution according to ASHRAE guidelines (ASHRAE, 

2014). The accuracy of the calibrated building model was 

evaluated by using the Mean Bias Error (MBE) and the 

coefficient of variation of the RMSE (CV-RMSE) as per 

(Mustafaraj et al., 2014); the latter is calculated with 

respect to the annual error specification based on one year 

of collected data (Pallonetto et al., 2016). The analysis is 

based on the heating season (extending from 01 

September to 30 April) and uses a simulation time-step of 

15 minutes. The use of a calibrated white-box model can 

be advantageous not only because of its realistic 

performance but also because the analysis can be 

conducted without considering data quality issues 

associated with sensor-based data from buildings.  

Thermal and geometrical properties  

The virtual testbed is a single-storey detached bungalow 

house located in eastern Ireland and is the most common 

single building category representing approximately 40% 

of the Irish building stock (Pallonetto et al., 2016). Figure 

1 depicts a 3D rendering and a picture of the building. The 

house exhibits increased better insulation specifications in 

its opaque elements compared to contemporary standards. 

The house consists of twelve rooms and an uninhabited 

attic space at roof level. The building walls, roof, 

windows, and floor have U-values of 0.21, 0.21, 1.7, and 

0.21 W/m2·K, respectively.  It also exhibits significant 

passive thermal energy storage capacity because of its 

construction (i.e., two-leaf concrete wall with cavity 

insulation). The total surface area of the exterior walls 

(excluding fenestration) is 187 m2. The slate roof with a 

surface area of 279 m2 does not have insulation, while the 

ceiling is covered with acoustic tiles to ensure both 

acoustic and thermal insulation. On top of the acoustic 

tiles, a 200 mm layer of fibreglass insulation ensures high 

thermal resistance due to its low thermal conductivity 

(0.04 W/m·K). The floor area is 208 m2, and the overall 

window to wall ratio is 15%, with a 22% and 10% ratio 

on the south and north facades, respectively.  

HVAC system  

The building space heating system is a ground source heat 

pump (GSHP) with a rated thermal output of 12 kW. The 

GSHP is coupled with a hot water storage tank of 0.8 m3 

to provide thermal energy storage. The heating system is 

depicted in Figure 2. 

Occupancy profiles  

In this study, two indicative thermostatic setpoint 

schedules are considered based on daily average 

occupancy profiles resulting from the Time Use Survey 

2014-2015 (UK 2015 TUS)  (Buttitta et al., 2019). The 

adopted occupancy profiles use two clusters deriving 

from categorising the household weekday diaries and 

represent 23% and 34% of the survey sample (Buttitta and 

Finn, 2020). Regarding weekdays, the first occupancy 
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profile (OC1) is characterised by a working hour absence 

(from 08:20 hrs to 18:10 hrs)  for weekdays and includes 

all types of occupant activity, i.e., non-active, active, 

absent. Moreover, the second occupancy profile (OC2) 

includes only non-active and active household states. 

Finally, weekend occupant activity is the same for all 

occupancy profiles. The room thermostat setpoints are 

given in Table 2. 

 
Figure 1: 3D rendering and picture of testbed house 

(Pallonetto et al., 2016) 

 

Figure 2: Heat system design and sensor metering 

(Pallonetto et al., 2016)  

Table 2: Thermostatic setpoints for OC1 and OC2 

Weekdays Weekend 

OC1 OC2 OC1 and OC2 

Time 

slots 

Therm. 

Setpoint 
Time 

slots 

Therm. 

Setpoint 
Time 

slots 

Therm. 

Setpoint 

23:10- 

06:40 
16 07:10

-

23:20 

21 

05:40

-

01:10 

21 
06:40-

08:20 
20 

08:20-

18:10 
16 

23:20

-

07:10 

16 
1:10-

05:40 
16 18:10

- 

23:10 

21 

Results  

Τhe performance of each predictor is optimised for a 

specific number of training days, based on a parametric 

analysis. The dataset (15 October-15 April) is split into 

two subsets, the development set (15 October-15 January) 

and the evaluation set (16 January – 15 April). The former  

is used to determine the optimal number of training days 

and to tune model hyperparameters and the latter is used 

to assess the model performance. The RF regressor, the 

SVR, and the MLP exhibit the optimal performance for 

training sets equal to 50, 65, and 60 days, respectively. 

For each predictor, hyperparameters are tuned after 

determining the optimal training set size. 

Predictor and the feature selection algorithm 

The predictive performance of each regressor considered      

(multilayer perceptron, support vector machine, random 

forests) is evaluated for the various feature selection 

algorithms (Spearman correlation coefficient, sequential 

feature selection, random forests) presented and the two 

target variables considered - zone temperature and heating 

system power consumption. Regarding RF, the embedded 

method (EM) considers the features as described in Table 

2/Step 3. It is noted that each FS algorithm is followed by 

suitable historical data selection by using the ACF.  

As regards the zone temperature predictions, Table 3 

summarises the RMSE and the MBE for each predictor on 

the test sets for the evaluation period. Table 4 outlines the 

average run time (RT) for each predictor as well as the 

percent difference between the no FS case and the two-

stage FS algorithms.  

Table 3 shows that the RF regressor outperforms the SVR 

and the MLP, for each selected feature selection algorithm 

demonstrating a consistent performance regardless of the 

FS algorithm used. The SFFS method exhibits the highest 

RMSE and MBE reduction compared to the no FS case. 

The SVR exhibits the poorest performance for all FS 

methods considered. Overall, the optimal performance is 

achieved when features are selected by utilising the SFFS 

method and the model is based on RF. Furthermore, the 

SFFS method exhibits the highest increase in run times 

(from 73.1% to 756%, depending on the predictor) 

compared to the no FS case. On the other hand, the lowest 

run times are achieved when features are selected by using 

the SCC (from -88.1% to 96.5% depending on the 

predictor) compared to the no FS case.  

Table 3: Comparison between different FS methods for 

each predictor by RMSE (oC) and MBE (oC), target 

variable: zone temperature 

 RF SVR MLP 

 RMSE MBE RMSE MBE RMSE MBE 

No 

FS 
0.32 0.03 0.87 0.14 0.58 0.112 

SCC 0.33 0.03 0.46 0.7 0.38 0.087 

SFFS 0.30 -0.01 0.4 0.05 0.35 0.07 

EM 0.36 0.04 - - - - 

Considering the heating system power consumption, 

Table 5 summarises the CV-RMSE and the NMBE for 

each predictor on the test sets for the evaluation period. 

Table 4 outlines the average run time (RT) for each 

predictor as well as the percent difference between the no 

FS case and the two-stage FS algorithms.  

The RF regressor exhibits better performance (both in 

terms of CV-RMSE and NMBE) compared to the SVR 

and the MLP, for each feature selection algorithm 

considered. The SFFS method outperforms the rest of the 

feature selection algorithms considering both CV-RMSE 

and MBE. In contrast to the zone temperature predictions, 
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the MLP power consumption prediction model exhibits 

the poorest performance for all FS methods considered. 

Overall, the optimal performance is achieved when 

features are selected by utilising the SFFS method and the 

model is based on RF. Regarding computational 

efficiency, the highest runtimes are exhibited by the SFFS 

method whereas, the lowest run times are achieved when 

features are selected by using the SCC.  

Table 4: Comparison between different feature selection 

methods for each predictor by run time (RT) (sec), target 

variable: zone temperature 

 RF SVR MLP 

 RT 
Dif. 

(%) 
RT  

Dif. 

(%) 
RT 

Dif. 

(%) 

No FS 52.1 - 150 - 54 - 

SCC 1.85 -96.5 2.58 -98.3 6.42 -88.1 

SFFS 90.2 +73.1 666 +344 462 +756 

EM 2.12 -95.9 - - - - 

Table 5: Comparison between different FS methods for 

each predictor by CV-RMSE (%) and NMBE (%), target 

variable: heating system power consumption 

 RF SVR MLP 

 RMSE MBE RMSE MBE RMSE MBE 

No 

FS 
24.7 2.3 39.8 3.7 42.1 7.5 

SCC 24.8 2.5 29.3 1.9 30.6 5.1 

SFFS 23.3 1.2 26.1 1.5 27.8 4.3 

EM 27.1 2.3 - - - - 

Table 6: Comparison between different feature selection 

methods for each predictor by run time (RT) (sec), target 

variable: heating system power consumption 

 RF SVR MLP 

 RT 
Dif. 

(%) 
RT  

Dif. 

(%) 
RT 

Dif. 

(%) 

No 

FS 
53.2 - 142 - 59 - 

SCC 1.98 -96.3 2.32 -98.4 7.1 -88 

SFF

S 
88.7 +0.67 659 +364 487 +725 

EM 2.02 -96.2 - - - - 

Performance assessment under dynamic environment 

To exemplify the performance of the proposed 

methodology, a case study including both occupancy 

profiles considered is presented. The scope of this 

analysis is not only to assess the performance of the ML 

models for various occupancy patterns but also to 

evaluate the model capability to adapt to a dynamic      

environment.  

Figure 4a illustrates the actual zone temperature and the 

predicted zone temperature for all regressors considered 

as well as the thermostat setpoint for a period of 10 days 

(Day 1/Wednesday/OC1- Day 10/Friday/OC2), i.e. 30 

January - 8 February. It should be noted that the setpoint 

varies between 20-21oC during occupant activity periods, 

whereas during periods of occupant absence or inactivity 

a setback of 16oC is applied. Figure 4b depicts the 

corresponding RMSE values for each day as presented in 

Figure 4a. Figure 4c depicts the actual heating system 

power consumption and the predicted values for all 

regressors considered for the same period. Figure 4d 

depicts the corresponding CV-RMSE values for each day 

as presented in Figure 4c. For both target variables 

considered, the SFFS method is adopted since it achieves 

the optimal performance. For Days 1 to 5, the first 

occupancy profile (OC1) is utilised, whereas the 

occupancy profile changes on Day 6 when the second 

occupancy profile (OC2) is adopted. This case study 

emulates a change in behavioural patterns (e.g., work-at-

home schemes).  

Considering the zone temperature, the RF regressor 

exhibits consistently better performance compared to the 

SVR and the MLP during the simulation period. 

Specifically, during the first two days of the second 

occupancy profile (Days 6 and 7), the SVR and MLP 

models exhibit poor performance; this is because the 

prediction models are influenced by the trends of the first 

occupancy profile. Nevertheless, both models exhibit a 

significantly improved performance after Day 8.  

Regarding the heating system power consumption, all 

considered prediction models achieve low accuracy 

during the first two days of OC2 since they follow the 

power consumption patterns from the previous occupancy 

profile (OC1). However, their performance improves 

after Day 8. From the above mentioned, the prediction 

models used can adapt adequately to the new occupancy 

profile after a period of two days.   

Conclusion 

In this study, a machine learning-based methodology is 

presented to evaluate the flexibility of building passive 

thermal energy storage by utilising synthetic data 

obtained from a calibrated white-box model of a 

residential building. The data-driven models developed 

for the day-ahead zone temperature and the heating 

system power consumption use features that are updated 

daily based on a sliding window method. The input 

variable selection is comprised of two stages, namely 

historical data selection based on the autocorrelation 

function and the use of a supervised feature selection 

algorithm (Pearson correlation coefficient, sequential 

feature selection, and random forests). The proposed 

methodology is tested for a random forest regressor, a 

multilayer perceptron neural network, and a support 

vector regressor by using two indicative occupancy 

profiles. Simulation results show that the proposed feature 

selection framework significantly increases the predictive 

performance of each machine learning model considered. 

Specifically, the optimal predictive performance is 

achieved when random forests are combined with a 

sequential forward feature selection method for both 

target variables considered. Further, the model exhibits 

increased accuracy during periods of high thermostatic 

setpoints, especially for random forests. 
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     Figure  4: Zone temperature: (a)  thermostat setpoint, actual value and  predicted value (RF, MLP, SVR), (b) 

RMSE: RF, MLP, and SVR, heating system: (c) actual value and  predicted value (RF, MLP, SVR), (d) CV-RMSE: RF, 

MLP, and SVR for a 10-day period (Wednesday 30 January – Friday 8 February)

 

This methodology can be replicated by using 

experimental data from any building and can be extended 

by estimating building power shifting capability 

considering occupant thermal comfort. The proposed 

framework is likely to enable customer tailored building 

flexibility assessment which is of interest to various 

energy system stakeholders such as electricity 

aggregators and end-users.  
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