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ABSTRACT 
 Rising summer temperatures in the UK, alongside 
stricter building regulations on thermal efficiency, are 
increasing the importance of residential cooling demand. 
While very few households currently use active cooling, 
adoption is expected to grow, placing additional pressure 
on electricity networks. This paper presents a study 
combining physics-based modelling with machine 
learning to forecast building thermal demand using basic 
dwelling characteristics and weather data. Results show 
that the method achieves high accuracy in predicting the 
thermal demand of previously unseen dwellings—
showcasing the potential extreme gradient boosting may 
have in forecasting cooling demand in a warming world. 
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NOMENCLATURE 
Abbreviations  
 3D 3-dimensional 
 CSV Comma separated value 
 EPW EnergyPlus Weather 
 XGBoost Extreme gradient boosting 

1. INTRODUCTION 
The UK Meteorological Office predicts that the 

country will face an increase in both the frequency and 
intensity of summer heatwaves alongside a warmer 
climate [1]. As a result, cooling demand in dwellings is 
becoming increasingly important. At the same time, UK 
Building Regulations continue to mandate higher levels 
of thermal efficiency [2], which can exacerbate 
overheating risks. Many residents will turn to installing 
active cooling measures such as air conditioning units to 
combat extreme heat in dwellings.  

According to the Energy Follow-Up Survey (2021) [3], 
only 2% of UK homes currently have active cooling 
devices installed, but this proportion is expected to rise 
sharply in the coming decades. National Grid, the largest 
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electrical transmission and distribution operator in the 
UK, estimates that additional cooling could add up to 39 
GW to the system by 2050 on typical weekend days [4].  

Although passive cooling strategies such as night 
purging and the use of shading devices can help reduce 
cooling loads, they are not always sufficient to maintain 
indoor temperature conditions at safe levels [5]. This 
makes it essential to quantify future thermal demand in 
dwellings and to enable active adjustments to grid 
operation and planning.  

While physics-based simulation models can provide 
accurate representations of dwelling thermal demand, 
they are computationally intensive and unsuitable for 
large-scale or real-time applications. This creates a 
critical gap: there is currently no scalable method to 
forecast thermal demand (both cooling and heating) in 
UK dwellings using only basic input parameters.  

Machine learning offers a promising solution to the 
aforementioned problem, with proven effectiveness in 
handling complex, tabular data [6]—yet its application to 
UK residential cooling demand remains limited. This 
paper addresses this gap by combining a physics-based 
approach with machine learning to develop a predictive 
model capable of rapidly forecasting hourly thermal 
demand across a range of UK dwellings and climates.  

The presented work builds on the methodology 
introduced in [2], which enabled generating thermal 
demand profiles for representative UK dwellings over a 
typical year across multiple locations. These thermal 
demand profiles are here used to train a predictive 
model using machine learning. The model employs 
weather forecast data and basic dwelling properties to 
predict thermal demand in any specified UK dwelling.  

The predictive model is based on extreme gradient 
boosting (XGBoost). This is a machine learning algorithm 
particularly effective for large, structured datasets [6]. 
Unlike deep learning methods which use multi-layered 
neural networks, XGBoost is an ensemble-based 
approach. The XGBoost model was trained to predict 
thermal demand from key input parameters: outdoor 
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temperature, wind speed, solar radiation and dwelling 
characteristics (orientation, heat transfer coefficients). 

Once the model has been trained and provided 
weather data files are available, the presented approach 
offers a fast and scalable method to quantify thermal 
demand for most UK dwellings at any time horizon.  

2. MATERIALS AND METHODS 

2.1 Pool of thermal demand profiles 

Following the methodology presented in [2], the 
yearly thermal demand for the most common UK 
dwelling types (i.e. bungalows, detached houses, flats, 
semi-detached houses and terraced houses) across five 
different locations was calculated. Each dwelling was 
simulated across the full set of dwelling codes adopted 
in [2] to represent variations in thermal efficiency levels. 
Four dwelling orientations were considered: north, east, 
south, west. The thermal demand profiles obtained from 
the simulations were used to build a comprehensive pool 
of data. Internal gains were not considered in the 
simulations and an internal set point temperature of 
21°C was used to quantify cooling demand.  

The five selected locations (Cardiff, Glasgow, 
London, Manchester and Plymouth) were chosen to 
capture the diversity of UK weather zones, based 
primarily on differences in solar radiation intensity, as 
illustrated in Fig. 1. Weather data for each location were 
stored in EnergyPlus Weather (EPW) files, which contain 
the necessary inputs for modelling, including outdoor dry 
bulb temperature, humidity, radiation, cloud cover and 
wind speed. These files were obtained directly from an 
open-access data repository [7]. 

Building simulations were conducted using a physics-
based modelling approach in IES VE—a commercially 
licensed building modelling software. The key inputs 
included: (i) 3-dimensional (3D) dwelling models 
constructed using images and floor plans obtained from 
[9]; (ii) physical properties of building elements such as 
floors, walls, roofs and windows/doors; and (iii) location-
specific yearly weather data. With these inputs, IES VE 
calculated the hourly thermal demand using the heat 
balance equation and related governing equations. 

At the time of writing this paper, the pool of data 
considered ~185,000 yearly thermal demand datasets, 
each containing 8,760 hourly values (i.e. one full year of 
data). Creating this resource required substantial 
computational capabilities due to the size and resolution 
of the simulations. This data is specific to UK dwellings as 
it incorporates construction typologies and thermal 
performance levels defined by UK Building Regulations. 

 
Fig. 1. Photovoltaic power potential in the UK [8]. 

2.2 XGBoost 

The predictive model was developed using the 
XGBoost algorithm. This is a scalable and efficient 
implementation of gradient boosting that builds an 
ensemble of decision trees sequentially. Each tree is 
trained to correct the errors of its predecessors by 
minimising a loss function using gradient descent. 
XGBoost incorporates regularisation to reduce 
overfitting and is particularly well-suited for structured 
tabular data, making it a strong choice for capturing 
complex, non-linear relationships between input 
variables [10].  

The training data consisted of the thermal demand 
profiles described in Section 2.1, with the following 
variables provided on an hourly basis: 

• Outdoor dry bulb temperature 
• Outdoor dew point temperature 
• Global radiation 
• Diffuse radiation 
• Wind speed and direction (vector format) 
• Total sky cover 
• Total heat transfer coefficient 
• Building orientation 
• Building volume 
• Dwelling type 
• Building thermal demand (target variable) 
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As XGBoost is a gradient boosting method, feature 
normalisation was not required. However, cyclical time 
variables (e.g. hour of day, day of year) were normalised 
to better represent their periodic nature. 

To evaluate model performance, the data pool was 
partitioned into training and validation subsets using an 
80/20 split. Rather than a random division, one location 
from the dataset was designated as the validation set to 
ensure independence. To select the most appropriate UK 
location for the model validation, correlations of global 
radiation profiles were compared across sites. Global 
radiation was chosen for this comparison as it provides 
the clearest indication of sunrise and sunset times, with 
differences between locations primarily reflected in 
radiation intensity. Cardiff and Plymouth exhibited the 
highest similarity, with a correlation coefficient of 0.85; 
therefore, thermal demand data for Plymouth was 
selected as the validation dataset. 

Model optimisation was carried out iteratively, 
involving heuristic adjustments to both data preparation 
and model hyperparameters. Parameters tuned included 
learning rate, maximum tree depth and the number of 
trees (i.e. estimators) in the ensemble model. 

For the purposes of this paper, the focus was placed 
on a detached house typology. This allowed for a more 
detailed tuning and validation of the model, while also 
avoiding the inclusion of a large number of similar 
results, thereby improving clarity and interpretability.  

A test case was conducted using an unseen detached 
house located in a different city, Leeds, with a north-east 
orientation not present in the training data. The only 
available dwelling information other than the EPW file 
was the following: 

• Dwelling type 
• Dwelling volume 
• Ground, wall, window and roof U-values and 

surface areas 
• Orientation 

The dwelling in Leeds was also modelled in IES VE 
following the methodology described in [2], in which 
floor plans were used to construct a 3D model assigned 
with unique U-values. Simulated thermal demand 
profiles were then compared with the XGBoost 
predictions to assess the model’s ability to generalise 
beyond the training database. 

The following section outlines the overall modelling 
approach and data handling workflow, including the use 
of Python and Parquet files, which were used to store 
and organise the simulation data efficiently. 

 

2.3 Modelling Approach 

All the modelling work carried out for this paper was 
done using Python. It was selected due to the widely 
available libraries for data handling and machine 
learning. The thermal demand data generated were 
stored locally as comma separated value (CSV) files.  

The workflow consisted of three stages:  
1. Data preparation: this stage involved extracting 

the relevant weather data from the EPW files, 
the thermal demand from each of the CSV files 
and assigning the correct dwelling parameters to 
each row within the input dataframe. The 
prepared data are then stored in a dataframe 
and saved as a Parquet file ready for the model. 

2. Model training and optimisation: XGBoost would 
read and conduct training on each individual 
Parquet file to minimise memory usage. These 
models were run multiple times adjusting the 
input data and the model hyperparameters.  

3. Validation and testing: Model predictions for 
one location (Plymouth) were compared against 
the simulated thermal demand to evaluate 
performance. These results were then compared 
to the simulated results. A test case was also 
carried out using a detached house in Leeds. 

This approach allowed for rapid experimentation 
with multiple model configurations while maintaining 
reproducibility and scalability for larger datasets. 

3. RESULTS AND DISCUSSION 

3.1 Validation results 

The model was trained using the methodology 
described in Section 2.3. A scatter plot of the predicted 
thermal demand versus the simulated thermal demand 
for a detached house in Plymouth is shown Fig. 2. 

 
Fig. 2. Scatter plot of XGBoost-predicted versus 

simulated thermal demand for a detached house in 
Plymouth (validation dataset). 
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As shown in Fig. 2, results from the predictive model 
show an extremely close agreement with the simulated 
data. This is further corroborated with a coefficient of 
determination score of 𝑅! = 0.987. At the extremes, 
representing very high heating or cooling demand, the 
model tends to underpredict the loads. In the case of 
cooling, since demand is represented as a negative value, 
such underprediction appears as predicted values having 
a larger negative amplitude than the ones obtained from 
simulations. This can be appreciated from the error 
distribution shown in Fig. 3.  

 
Fig. 3. Error distribution of XGBoost-predicted versus 

simulated hourly thermal demand for a detached house 
in Plymouth. 

As shown in Fig. 3, the mean bias indicates an 
average overprediction of 48.9 W, which arises because 
the model underpredicts the magnitude of cooling 
demand. This is also visible in Fig. 2, where a greater 
density of deviations from the ideal line occurs for 
cooling cases, leading to simulated values of cooling 
demand being lower than the predictions and thus 
increasing the mean bias.  

To further investigate the systematic behaviour of 
prediction errors, Fig. 4 shows the error between 
predicted and simulated values against the hourly 
thermal demand obtained from simulations. This graph 
highlights that while errors are generally centred around 
zero, the model tends to underpredict for large values of 
cooling demand (large negative values) and heating 
demand (large positive values). The bias becomes more 
pronounced in these regions, which is consistent with 
the deviations observed in the scatter plot (Fig. 2). 

Time series data for a single, randomly selected 
detached house were taken and shown in Fig. 5 to better 
help visualise the model’s predictions. From these 
results, it can be observed the XGBoost model performs 
well. However, it struggles with peak cooling demand, 
which is consistent with the discussion on Figs. 2 to 4.  

 
Fig. 4. Bias plot of XGBoost-predicted versus simulated 

thermal demand for a detached house in Plymouth. 

 
Fig. 5. Hourly time series comparison of predicted and 

simulated thermal demand for a randomly selected 
detached dwelling in Plymouth. 

3.2 Detached house in Leeds 

As stated in Section 2.2, a detached house in Leeds 
was also modelled in IES VE. This dwelling was assigned 
randomised U-values not previously shown to the 
XGBoost model and given a north-east orientation,  
whereas the model had only been trained on north, east, 
south and west orientations. The weather file and the 
dwelling data were fed to the XGBoost model and the 
results compared to the simulated data. A scatter plot 
and the time series data are shown in Fig. 6. 

Similar to the house in Plymouth (see Fig. 2), the 
scatter plot for the detached house in Leeds (Fig. 6a) 
shows that the model underpredicts peak heating and 
cooling demand. This is corroborated in Fig. 6b where the 
peak cooling demand is consistently underpredicted. 
However, the model in general consistently predicts 
thermal demand with an extremely high degree of 
accuracy. This is shown with the calculated score 𝑅! =
0.983. 
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(a) 

 
(b) 

Fig. 6. Comparison of model predictions versus 
simulated results for a detached house in Leeds:     

(a) scatter plot; (b) one-month time series. 

For the house in Leeds, the XGBoost prediction 
model simulated a full year of thermal demand in just 1.3 
seconds. In addition, this only required basic dwelling 
and weather information. In sharp contrast, physics-
based modelling (not considering setup and calibration) 
typically requires almost a minute to run per dwelling, 
and depending on complexity and user experience, can 
take up to half a day to prepare and execute. 

3.3 On the contributions and limitations of the work 

The presented modelling approach to forecast 
building cooling demand considerably reduces 
computational time compared to traditional physics-
based modelling, enabling fast, scalable predictions 
suitable for electricity network planning, demand 
management and long-term scenario analysis. Such a 
tool may be of value to a range of stakeholders, including 
electricity network operators and system planners, 
policy makers and regulators, and building developers 
and engineers.  

By using only basic dwelling characteristics alongside 
readily available weather data, the forecasting model 
achieves high predictive accuracy and generalises 
effectively to unseen dwellings with different locations 
and unique properties. To the best of the authors’ 
knowledge, such a tool to predict the thermal demand of 

residential dwellings is not available in the open 
literature. At the same time, the pool of thermal demand 
profiles constitutes a well-founded resource enabling a 
myriad of case studies.  

However, a few limitations of the work should be 
noted, which may constitute the basis for future 
research. The model was trained on simulated data 
under fixed assumptions, including no internal heat gains 
due to occupancy or appliance utilisation, and a constant 
indoor temperature set point. These assumptions may 
reduce accuracy for dwellings with variable occupancy or 
advanced heating, ventilation and air conditioning 
systems.  

Additionally, the pool of thermal demand profiles 
used in the paper does not include all possible dwelling 
types and extreme climatic conditions such as heatwaves 
have not been considered. Expanding the range of 
dwelling types and modelling approaches to further 
improve prediction accuracy, particularly under extreme 
temperatures, would further enhance the predictive 
model. 

4. CONCLUSIONS 
This paper investigated the combination of a 

computationally intensive physics-based modelling 
approach with a machine learning-based algorithm to 
enable faster predictions of building thermal demand. 
This requires only basic dwelling and weather data.  

The work provided accurate predictions when 
compared against the results for the same dwellings that 
the model was trained on but with a different location. A 
score 𝑅! = 0.987  was achieved for a house in 
Plymouth, providing high confidence on the prediction. 
A similar high accuracy was achieved for a new dwelling 
with a different location (Leeds), orientation (north-east) 
and unique U-values. In this case, a score 𝑅! = 0.983 
was obtained.  

Results show that once the XGBoost model has been 
trained, it is possible to provide a fast and effective 
prediction of the hourly thermal demand for any typical 
UK dwelling. For instance, the yearly thermal demand for 
the house in Leeds was obtained in 1.3 seconds, whereas 
physics-based approaches may take up to a minute to 
run (excluding modelling time). This represents a major 
reduction in computational time, making the approach 
valuable for network operators forecasting and 
managing peak thermal demand across multiple areas. 
This can also support long-term scenario analysis to 
identify areas of the electricity grid most at risk from 
rising cooling demand. 
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