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A B S T R A C T

Smart control of energy supply for cooling in buildings can significantly improve energy effi
ciency. However, existing modelling methods are often complex and rely mainly on artificial 
neural networks (ANN) and other machine learning techniques, posing various difficulties for 
integrating them in forecast control of cooling. Moreover, accurate cooling energy models are 
generally more demanding to develop than heating models. To address this research gap, this 
study proposes a novel, simple and physically based method for creating building cooling energy 
models that also take into account the characteristics of the existing cooling system. The approach 
uses measured cooling energy consumption and meteorological data-outdoor air temperature, 
wind speed and solar irradiance - to derive an equivalent outdoor temperature that represents the 
real thermal behaviour of the building during cooling operation. Proper selection of operating 
and weather data is essential to minimise the influence of unrelated factors. The method is 
demonstrated on an office building in Poland and a university building in Cyprus. For both case 
studies, the developed cooling energy models were validated, achieving for outdoor temperatures 
above 26 ◦C mean absolute percentage error (MAPE) values of 13.15% for the office building and 
17.87% for the university building. To further assess robustness, Multilayer Perceptron (MLP) 
ANN models were trained using the same hourly inputs-outdoor temperature, wind speed and 
solar radiation. The ANN models did not significantly improve prediction accuracy, yielding 
higher MAPE values of 19.6–24.7% for the office building and 29.4–34.9% for the university 
building. The results highlight that buildings must be considered individually and show that the 
proposed method can provide a practical, transparent and accurate tool for estimating cooling 
energy performance. Future work will address occupant influence and integration into predictive 
control of air-conditioning systems.
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1. Introduction

In 2023, the global energy demand in buildings surpassed 120 EJ, representing 28% of total final energy consumption, while from 
2010 to 2023, the energy demand in buildings grew at a mean annual rate of 0.9% [1]. The United States, the European Union, and 
China were responsible for nearly half of global energy consumption in buildings.

Since 2010, the global building floor area has increased by over 31%, exceeding 250 billion square meters, with nearly 80% of this 
space accounted for by residential buildings [2]. This growth has contributed to an energy demand increase, with the building sector 
experiencing an annual increase of over 1%. Electricity consumption in buildings increased from 30% in 2010 to 35% in 2022 [3], 
largely driven by the growing demand for space cooling.

The rapid growth in global air conditioning demand is placing an unprecedented strain on electricity grids worldwide. In the hottest 
regions of the world cooling can account for over 70% of peak electricity demand [4] [5]. Improving the energy efficiency of air 
conditioning technologies and implementing demand response strategies are critical for reducing electricity consumption, mitigating 
greenhouse gas (GHG) emissions, and ensuring the stability of power systems during periods of high power demand [4].

Climate change is driving an increase in global temperatures, leading to a growing demand for cooling not only in traditionally hot 
regions, but also in the areas that have not previously experienced high temperatures and cooling loads. Furthermore, improving living 
standards and higher demand for indoor thermal comfort are further fuelling the demand for the use of air conditioning in buildings 
[6]. According to the United Nations Representative Concentration Pathways (RCP) scenarios, global temperatures are projected to 
rise substantially, especially under RCP8.5. This increase in temperature will directly lead to a higher number of cooling degree days 
and thus elevate the energy demand for air conditioning. Moreover, income growth remains the dominant driver of air conditioner 
adoption, with temperature influencing operational usage intensity [7].

In particular, space cooling remains the fastest-growing energy demand in the building sector [8]. Projections indicate that, under 
the Stated Policies Scenario (STEPS), the global demand for space cooling in buildings will grow at a mean annual rate of 3.7% until 
2035, with over 90% of this increase occurring in emerging markets and developing economies [9]. This is attributed to economic 
growth, rising incomes, and a warming climate, which in turn intensifies cooling needs and increases system workload. As the demand 
for cooling is rising, it increases the overall electrical energy consumption and also contributes to higher peak electricity loads, placing 
additional pressure on the power grids.

Nomenclature:

Abbreviations:
AC – Air Conditioning
ANN – Artificial Neural Network
CEHT – Cumulative Effect of High Temperature
CNN – Convolutional Neural Network
CV – Coefficient of Variation
CVRMSE – Coefficient of Variation of the Root Mean Square Error
DNN – Deep Neural Network
HVAC – Heating, Ventilation, Air Conditioning
LSTM – Long Short-Term Memory
MAE – Mean Absolute Error
MAPE – Mean Absolute Percentage Error
MLR – Multiple Linear Regression
MPC – Model Predictive Control
PET – Physiological Equivalent Temperature
RMSE – Root Mean Square Error
SOS – Sum-of-squares error function
TRN – Transformer neural network
VRF – Variable Refrigerant Flow
WAPE – Weighted Absolute Percentage Error

Symbols
EC – hourly cooling energy consumption [kWh]
Insol – solar irradiance [W/m2]
R2 – Coefficient of Determination
Tinsol

rev – outdoor temperature correction due to solar irradiance [◦C]
Toutdoor, Tout – outdoor temperature [◦C]
Toutdoor

eq, Teq – equivalent outdoor temperature [◦C]
Twind

rev – outdoor temperature correction due to wind speed [◦C]
Vmean – mean wind speed [m/s]
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Heat waves further accelerate this trend, significantly boosting air conditioning use and sales.
More frequent and intense heat waves could increase electricity demand for cooling by as much as 20% above current projections, 

with the majority of this increase concentrated in developing
regions [9].
To lower the rapid increase in electricity demand for cooling and the growing strain on power grids, the emphasis has been placed 

on improving the efficiency of air conditioning systems. On the other hand, traditional cooling strategies, which rely on reactive or 
rule-based controls, often fail to optimize energy consumption effectively. To address this challenge, predictive methods are being 
developed, leveraging advanced modelling techniques and real-time data to enhance system efficiency.

Several studies have adopted classical machine learning techniques such as decision trees, artificial neural networks, ensemble 
methods, linear regression, and boosting algorithms for cooling energy prediction. These approaches represent the foundation of data- 
driven modelling in building energy research, offering interpretable yet efficient alternatives to physics-based models. However, their 
performance strongly depends on data availability, feature selection, and the level of model generalization.

Numerous studies have explored energy consumption forecasting for cooling, utilizing machine learning, artificial intelligence, and 
neural networks to improve predictive accuracy (see Table 1). These advanced computational approaches have demonstrated sig
nificant potential in optimising cooling system performance.

The reviewed studies show that the most frequently applied approaches fall into two broad categories: regression-based simplified 
physical models and data-driven machine learning techniques. Regression methods-particularly multivariable linear regression (MLR) 
and its extensions-are widely used because of their transparency, low data requirements, and ease of calibration.

These models often rely on meteorological drivers. Nonlinear regression (MNR) further improves accuracy by capturing dynamic 
and nonlinear interactions, while interval estimation methods add robustness by quantifying predictive uncertainty.

In contrast, data-driven approaches-such as artificial neural networks (ANN), support vector regression (SVR), gradient boosting 
(XGBoost), and recurrent neural networks (LSTM, GRU)-consistently achieve strong predictive accuracy, particularly for short-term 
horizons. Their strength lies in capturing complex patterns directly from operational data. However, they typically require large, 
high-quality datasets and suffer from limited interpretability. Hybrid and decomposition-based models attempt to bridge this gap by 
combining physical interpretability with advanced data-driven learning.

Against this backdrop, the equivalent outdoor temperature (Teq) method proposed in this paper distinguishes itself by remaining in 
the category of simplified physical models, but explicitly enhancing the external driver through corrections for solar irradiance and 
wind speed adjusted to specific buildings and their air conditioning system. Unlike conventional degree-day or temperature-only 
regressions, this approach embeds key atmospheric factors into a single explanatory variable, improving a realistic physical repre
sentation without the need to use complex machine learning processes. As a result, the Teq-based model provides a practical middle 
ground: interpretable, computationally efficient, and less data-intensive, while still addressing a known weakness of traditional 
regression approaches-the omission of critical meteorological corrections. Table 2 presents a comparison of different methods applied 
for forecasting cooling energy demand, highlighting their underlying approach, prediction accuracy, and associated error metrics.

The development of real energy models for existing buildings remains an unresolved issue, with no fully developed methodology 
available to date. These models are needed to estimate the separate and actual impact of each external environmental parameter - such 
as wind speed, solar radiation and outdoor temperature - on the building's energy demand for space cooling. The impact of external 
factors is not clearly emphasised in the current processes used to develop these types of energy performance models for buildings, 
which limits the ability to create forecasting models enabling their subsequent integration into predictive control strategies for cooling 
systems.

In addition, the process of creating energy models for cooling demand prediction is more complex in comparison to energy models 
for heating. That is why, developing such approaches could provide a more accessible and practical alternative, particularly for 

Table 1 
Overview of published approaches to building energy modelling for cooling purposes and associated data sources.

Authors Type of proposed method Type of analysed data

Borowski and Zwolińska, 2020 [10] [11] Machine Learning Measured Data
Feng et al., 2021 [12] Machine Learning Measured Data
Amasyali et al., 2021 [13] Machine Learning EnergyPlus simulations
Feng et al., 2022 [14] Machine Learning Measured Data
Khorrami et al., 2024 [15] Machine Learning ML data mining repository
Zhou et al., 2024 [16] Machine Learning Measured Data
Ascione et al., 2023 [17] MPC, multi-objective genetic algorithm Simulated Data and Measured Data
Yue et al., 2023 [18] Selecting similar days methods Measured Data
Li et al., 2023 [19] TRN Measured Data
Lu et al., 2023 [20] LSTM Measured Data
Zhao et al., 2023 [21] LSTM Measured Data
Chen et al., 2024 [22] CNN Measured Data
Vergés et al., 2024 [23] ANN Measured Data
Huang et al., 2024 [24] LSTM Measured Data
Song et al., 2024 [25] LSTM Measured Data
Park et al., 2025 [26] LSTM Measured Data
Aruta et al., 2025 [27] ANN Simulated Data
Hsu et al., 2025 [28] LSTM Measured Data
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applications where complex data-driven models are not feasible or necessary.
The concept of the Equivalent Outdoor Temperature (Teq) is used to integrate multiple environmental influences-such as air 

temperature, solar radiation, sky radiation, humidity, and wind into a single parameter that more realistically represents the thermal 
impact of outdoor conditions on buildings. This makes it a popular method that is used for studies of cooling demand and thermal 
performance.

Recent research has shown that Teq is particularly valuable when traditional approaches based only on air temperature are 
insufficient. For example, Jay et al. [37] introduced Teq into co-heating and co-cooling test methods, extending their applicability to 
sunnier and warmer climates. By including radiative effects, Teq reduces the problems that are associated with the collinearity between 
solar gains and outdoor temperature, thus enabling more accurate estimates of the Heat Transfer Coefficient (HTC) during the summer 
periods [37]. In building cooling load calculations, approaches such as the Total Equivalent Temperature Difference (TETD) method 
are closely related to the Teq concept. Omar et al. [38] demonstrated that TETD can be applied effectively under hot climate conditions, 
incorporating both external and internal loads (ventilation, solar gains through walls, windows, roofs, etc.) to predict HVAC re
quirements with simplified calculation tools [38]. Cholewa et al. [39] further highlighted the relevance of Teq in the building sector by 
experimentally estimating factors influencing Teq in multifamily buildings, pointing out its usefulness for evaluating energy efficiency 
strategies and envelope performance. Although not identical, studies on Physiological Equivalent Temperature (PET) also revealed the 
importance of “equivalent” metrics that combine multiple climatic parameters into one index [40]. PET is mainly applied to human 
thermal comfort outdoors, while Teq is typically applied to building performance and cooling energy estimation [40].

Overall, the literature indicates that Teq and related methods provide a more comprehensive framework for modelling cooling 
demand, especially in climates where solar radiation and other environmental factors strongly influence the building indoor condi
tions. However, the existing methods on the equivalent outdoor temperature are generally static, not adjusted to specific buildings and 
the characteristics of the installed air conditioning system, while they also require large amounts of input data. In contrast, the novel 
energy model presented in this work introduces an innovative, building-specific approach for deriving a building energy model that is 
tailored to the building and the installed air conditioning system, and significantly reduces the necessary input data requirements, 

Table 2 
Comparison of different methods applied for forecasting cooling energy demand, highlighting their underlying approach, prediction accuracy, and 
associated error metrics.

Study Method (core idea) Model class Horizon/data Reported accuracy

Guo et al. (2015) 
[29],

Improved Multivariable Linear Regression (MLR) 
with Principal Component Analysis (PCA), 
Cumulative Effect of High Temperature (CEHT), 
and dynamic two-step correction

Simplified physical 
(regression)

Daily mean 
cooling load, 
office buildings

Mean absolute relative error 
<8%

Chen et al. 
(2022) [30],

Physics-based Multivariable Linear Regression 
(MLR) with online calibration; drivers include 
temperature, relative humidity (RH), wind speed 
(WS), and solar radiation

Simplified physical 
(grey-box)

Hourly, building- 
level

Best Mean Absolute Percentage Error 
(MAPE) = 2.64%; Coefficient of 
Variation of the Root Mean Square Error 
(CVRMSE) 
≤30% acceptable

Fan & Ding 
(2019) [31],

Multiple Nonlinear Regression (MNR) with 
sensitivity-based variable selection and 
calibration

Nonlinear 
regression

Hourly, large 
public buildings

Improved accuracy compared with MLR 
and Autoregressive with Exogenous 
inputs (ARX); higher robustness to 
dynamic changes

Zhang et al. 
(2017) [32],

Error correction + prediction interval estimation 
with MLR and Support Vector Regression (SVR); 
feature selection via distance correlation

Regression +
uncertainty 
quantification

Hourly, 
EnergyPlus- 
simulated office

Accuracy improved after correction; 
reliable Prediction Interval Coverage 
Probability (PICP)

Lin et al. (2019) 
[33],

Load Component Disaggregation (LCD) via sparse 
coding into conduction, solar, fresh air, and 
internal gains; sub-load forecasting with 
Backpropagation Neural Network (BP-NN) and 
AutoRegressive Integrated Moving Average 
(ARIMA)

Data-driven 
(component-based)

Hourly, civilian 
building (Tianjin)

Higher accuracy than conventional data- 
driven models; interpretable sub-loads

Fan, Xiao & 
Zhao (2017) 
[34],

Deep autoencoder feature extraction + Extreme 
Gradient Boosting (XGBoost)

Data-driven 24-h ahead, 
building-level

CVRMSE ≈ 22.8%; linear baselines 
>30%

Yu et al. (2023) 
[35],

Comparison of XGBoost, Long Short-Term 
Memory (LSTM), Gated Recurrent Unit (GRU) 
recurrent neural networks, and Attention-based 
LSTM (A-LSTM)

Data-driven 1-h and 24-h 
ahead, district 
energy system

1-h ahead: CVRMSE ≈ 14.5% (XGBoost); 
24-h ahead: best A-LSTM CVRMSE ≈
26.6%

Feng et al. 
(2025) [36],

Hybrid surrogate with load disaggregation; 
combines simplified physical structure with 
machine learning (ML)

Hybrid Daily profiles 
including demand 
response

Coefficient of Determination (R2) >
0.98, CVRMSE <0.13; up to R2 > 0.99, 
CVRMSE <0.11; 
~760× faster than EnergyPlus 
simulation

Łokczewska 
et al. (this 
study)

Equivalent Outdoor Temperature (Teq) with 
corrections for wind speed and solar irradiance

Simplified physical 
(Teq model)

Hourly, two public 
buildings

Office Building - MAPE ≈ 13.15 %, 
CVRMSE ≈ 16.59 %, 
University Building - MAPE ≈ 17.87 %, 
CVRMSE ≈ 22.36 %,
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while providing tailored results for the analysed building.
Similarly, there are many available methods and demanding simulation tools for the forecast of energy consumption for cooling but 

there is a noticeable gap in availability of simple, widely applicable methods. Particularly, there is limited research concerning 
simplified methods that rely on the physical dependencies and thermal behaviour of buildings that operate in the cooling mode under 
specific conditions and may be easily integrated in forecast control of cooling. Relevant work has been developed for forecast control of 
heating systems [39,41,42], leading to significant energy savings. However, similar solutions for cooling systems are still limited. 
Accurate short-term cooling demand forecasts are particularly useful for building managers and energy service companies, as they 
enable more efficient operation and form a key input for forecast-based cooling control. By allowing cooling systems to anticipate 
future cooling loads rather than operate reactively, such approaches have the potential to reduce energy use and peak demand. The 
main challenge remains to optimize the energy use by use of widely applicable forecast control of the cooling system while ensuring 
thermal comfort conditions for the occupants. This is not easy to achieve due to the strong and complex dependency of cooling energy 
demand on dynamic weather conditions, solar load, thermal resistance and inertia of the building envelope, and the dynamic per
formance of the cooling systems. This work aims to bridge this gap by proposing a universal method that enables, for each analysed 
building, the consideration of these interdependencies, thereby allowing a realistic representation of the building's thermal behaviour 
during the cooling mode and creating the possibility of its integration in forecast control of the cooling system.

Based on this, this work contributes to the advancement of research in the domain of building energy models for cooling by 
presenting a universally applicable, accurate, and automated approach with minimal complexity for the development of energy models 
based on the concept of an equivalent outdoor temperature (Teq). The proposed approach distinctly accounts for the individual impacts 
of external factors, namely wind speed, solar radiation and outdoor temperature, on the buildings energy characteristic and the cooling 
system performance. In this context, the primary objective of the present work is to systematically investigate the energy charac
teristics of buildings and their cooling systems. The proposed methodology enables the formulation of a generalized, accurate, and 
automated modelling framework that can be implemented in diverse building types.

Section 2 outlines the characteristics of the buildings selected for the analysis. Section 3 provides a detailed, stepwise description of 
the methodological framework. Section 4 presents the results obtained during the validation phase and offers a comprehensive dis
cussion regarding the method's performance and applicability. Section 5 summarizes the main findings of this study, highlights the 
contributions of the proposed methodology, and discusses potential directions for future research.

2. Input data - case studies

The input data used to develop the building energy models for cooling were collected from two public utility buildings (Fig. 1) 
equipped with VRF air conditioning systems (summarized in Table 3).

Building A is located in Łódź (central Poland) that is characterized as a moderate climate zone with cooling degree days (CDD) of 
39.10 and heating degree days of 769.48 in 2024 (source: Eurostat). It is a historic, post-industrial structure that underwent extensive 
modernisation and now serves as an office building. It is situated in the city centre and consists of two parts: the main 5-story building 
and a 4-story annex. It offers a total area of 5000 m2. The building is equipped with seven VRF-type air conditioning systems featuring 
cassette-type indoor units. The interior air conditioned spaces are designated for office, conference, and social functions, including 
shared areas such as a kitchen and dining room. The basic technical parameters of the cooling system for Building A are presented in 
Table 3.

The building is equipped with a mechanical ventilation system, and a VRF air conditioning system that is managed with individual 
controls located in each room. The electrical energy consumption data for the operation of the VRF system in the entire building were 
collected on an hourly basis for two cooling seasons during 2022 (01.05.2022-30.09.2022) and 2023 (01.05.2023-31.08.2023). 
Outdoor weather data were also collected for the same periods for the specific location of the analysed building, namely: Toutdoor - 

Fig. 1. Overview of the analysed buildings: Building A (office) and building B (educational).
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outdoor temperature [◦C], Vmean – mean wind speed [m/s], Insol – total solar irradiance on the horizontal [W/m2] and RH – relative 
humidity [%]. An overview of the collected data is summarized in Table 4.

Building B is an educational facility located in Nicosia, Cyprus. The building is equipped with a central VRF cooling system serving 
a total air-conditioned area of 1101 m2 across three storeys. The cooling capacity is approximately equally distributed among the three 
floors. Each floor is divided into separate functional zones. The system consists of 4-way ceiling-mounted cassette indoor units 
controlled individually in each room and a central VRF inverter system with five outdoor units. The basic technical parameters of the 
cooling system for Building B are presented in Table 3. The ground floor houses a cafeteria, the first floor contains three seminar rooms, 
while the second floor accommodates office spaces and a conference room. Given that the cooling season largely coincides with the 
vacation period of the students resulting in limited use of the common areas, the analysis was restricted for this building to the office 
and conference spaces located on the second floor to ensure data relevance and consistency with occupancy patterns. Only the second 
floor, with an area of approximately 367 m2, is considered in the energy model development process. This approach minimises 
variability due to differing usage profiles across building zones, enhancing the reliability of the study findings. Additionally, a weather 
station located near the campus measures outdoor weather conditions at 30-min intervals including outdoor temperature (Toutdoor in 
[◦C]), humidity (RH in [%]), mean wind speed (Vmean in [m/s]), and total solar irradiance on the horizontal (Insol in [W/m2]). The 
characteristics of the instrumentation used during the monitoring campaign are summarized in Table 4.

The building is located on the campus of Frederick University, in a region characterized by a Mediterranean climate, which is 
defined by hot and dry summers with CDD in 2024 of 1010.96 and HDD of 510.14 in 2024 for Cyprus (source: Eurostat). The com
parison of the Degree Days for the two locations in Poland and Cyprus over the period 2022–2024 is presented in Table 5.

The data collected for this building cover the entire period of 2023 and 2024, but for the analysis in this work, only the data 
corresponding to the period from 01.05.2023 to 31.09.2023 and 01.05.2024 – 30.08.2024 were considered. The energy consumption 
data for the operation of the VRF system on the second floor in this building were collected in 30-min intervals and integrated on an 
hourly basis for the two cooling seasons in 2023 and 2024.

For both buildings analysed in this study, the datasets were collected from their respective VRF type air-conditioning monitoring 
systems. Measurements were recorded from both outdoor and indoor units, capturing operational states and energy consumption.

3. Method

This section presents a new method that estimates the influence of external factors, such as outdoor temperature (Toutdoor), solar 
irradiance (Insol) and wind speed (Vmean) on energy consumption for space cooling (see Fig. 2) that may be then used for the forecast 
control of cooling systems. Utilizing the meteorological conditions facilitates the calculation of an actual energy model of the building 
for cooling purposes that is based on physical dependencies. In the frame of this research, the indoor relative humidity (RH) was also 
measured. However, for the analysed buildings there was no significant influence on the energy consumption for cooling since the 
resulting correlation was 0.1477 for Building A and 0.2624 for Building B. Although the impact of RH was not integrated in this study, 
it is recommended to check its potential influence on energy consumption for cooling of a specific building during future studies that 
may lead to include it since it depends on the characteristics of the specific cooling systems and local weather conditions.

The developed universal calculation algorithm allows for the consideration of the actual operating conditions of the cooling system 
that is related to an equivalent outdoor temperature, which reflects the contribution of both wind speed and solar irradiance by using 

Table 3 
Characteristics of the cooling systems in Building A and Building B.

Building Type Number of 
floors

Number of VRF 
Systems

Cooling Power (Total Cooling 
Capacity) [kW]

Total air conditioned area 
[m2]

Type of indoor units

A Office 5 7 413 kW 3814.3 m2 cassette-type indoor 
units

B Educational 3 1 285 kW 1101 m2 cassette-type indoor 
units

Table 4 
Accuracy of sensors used for measurements of outdoor conditions.

Location Parameter Accuracy

Nicosia, 
Cyprus

Outdoor Temperature 
[◦C]

±0.21 ◦C from 0◦ to 50 ◦C

RH [%] ±2.5% from 10% to 90% RH typical to a maximum of ±3.5% including hysteresis at 25 ◦C; below 10% and above 
90% ± 5% typical

Wind Speed [m/s] ±1.1 m/s or ±5% of reading
Solar irradiance [W/m2] ±10 W/m2 or ±5%

Łódź, 
Poland

Outdoor Temperature 
[◦C]

±0.3 ◦C

RH [%] ±1.0%
Wind Speed [m/s] ±0.5 m/s
Solar irradiance [W/m2] ±20 W/m2
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corrections (Twind
rev , TInsol

rev ) of the outdoor temperature (see equations (1.1)-(1.3)). Finally, this approach enables the calculation of the 
energy demand for space cooling by taking into account the impact of the outdoor weather conditions on the cooling system energy 
demand. 

Toutdoor
eq =Toutdoor − Twind

rev + Tinsol
rev (1.1) 

Twind
rev = av ⋅ Vmean + bv (1.2) 

Table 5 
Comparison of heating degree days (HDD) and cooling degree days (CDD) for Łódź and Cyprus in 2022–2024 [43].

Location HDDa [◦C⋅day] CDDb [◦C⋅day]

2022 2023 2024 2022 2023 2024

City of Łódź 3275 3005 2769 27 18 39
Cyprus 696 530 510 698 780 1011

a HDD (Heating Degree Days): base temperature = 18 ◦C.
b CDD (Cooling Degree Days): base temperature = 21 ◦C.

Fig. 2. The methodology of creating a simple building energy model for cooling in a form of equivalent outdoor temperature.
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Tinsol
rev = ai ⋅ Insol + bi (1.3) 

where:
av – slope coefficient of the function that defines the correction of the outdoor temperature due to wind speed [− ];
bv – y-intercept of the function that defines the correction of the outdoor temperature due to wind speed [− ];
ai – slope coefficient of the function that defines the correction of the outdoor temperature due to solar irradiance [− ];
bi – y-intercept of the function that defines the correction of the outdoor temperature due to solar irradiance [− ].
The effect of wind speed on the reduction of heat transfer is linked through the influence of the convective heat transfer mecha

nisms, since the convective heat transfer coefficient h is strongly dependent on air velocity near the surface (Newton's law of cooling: 
qconv = h ⋅ ΔT). Lower wind speeds reduce the convective heat removal rate, thus increasing the surface temperatures. Similarly, solar 
irradiance directly contributes to the radiative heat gains through absorption, which can be approximated by qrad = αInsol where α is the 
absorptivity and Insol the incident solar flux. These physical principles provide the basis for the applied linear correction forms, which 
represent first-order approximations of the underlying transfer processes. While simplified, they capture the dominant trends and 
ensure practical applicability of the model. The relationships between cooling energy consumption and the considered variables were 
approximated using linear functions to ensure model simplicity and interpretability. Additionally, the linear formulation allows 
straightforward corrections for external factors such as solar irradiance and wind speed, which would be more complex to implement 
in nonlinear models.

The details of the process of estimation of outdoor temperature corrections due to solar irradiance and wind speed are presented in 
sections 3.1-3.2.

3.1. Selection of measured data for cooling energy analysis

In the process of preparing the input data for the follow up analysis, it is essential to appropriately select measurements that reflect 
the typical operational conditions of a given building type. In most cases, air conditioning systems operate only when people are 
present in the conditioned spaces and actively use them. The presence and activity of users directly influence when the system is 
activated, the duration of its operation, and the intensity of its use. This corresponds to the individualized control of the system, 
achieved through room-mounted controllers within the air-conditioned spaces. Such a control strategy is implemented in both 
buildings considered in this analysis. Consequently, it is crucial to exclude the time periods in which the cooling system is not 
functioning or operating at minimal levels (standby mode) in a specific building.

Including data from periods that the building or some zones and spaces are not occupied and the VRF system is not in operation, can 
disrupt the accurate determination of relationships between outdoor weather conditions and cooling energy consumption. For 
example, weekend weather conditions may feature high outdoor temperature and intense solar radiation, yet energy consumption for 
cooling during these periods is minimal since the building will be unoccupied leading to reduced operational demand on the cooling 
system.

To ensure the integrity of the analysis, the data related to energy consumption for cooling purposes in the analysed buildings 
(building A and building B) were carefully filtered to correspond to the occupancy periods (see Table 6). The observations corre
sponding to weekends, holidays, and hours outside the standard working schedule-defined as 7:00-16:00 for the analysed office 
building (building A) and 10:00-20:00 for the analysed university facilities (building B)-were excluded.

These periods were determined following a detailed review of both the measurement data and the operational characteristics of the 
buildings. During the excluded periods, the use of interior spaces is significantly reduced, and the air conditioning systems have 
minimal operation with very low cooling energy consumption, if any. To ensure the reliability of the analysis, only data reflecting 
cooling energy consumption above the minimum power required for air conditioning system standby operation mode were included. 
The baselines were established by averaging the measured hourly electrical energy use by the VRF systems during the standby periods 
resulting to a value of 0.3 kWh for Building A and 0.4 kWh for Building B. The standby energy was estimated using the mean night time 
electricity consumption, during which periods the air conditioning system was known to be inactive and the measured energy use 
corresponded solely to the essential power needed to keep the system on standby (for Building A, the value was calculated as the mean 

Table 6 
Main data selection assumptions for the two analysed buildings.

Parameters Assumptions for the Office Building (Building A) Assumptions for the University Building (Building B)

Analysed Time Period for Training Two cooling seasons 
01.05.2022-31.09.2022 
01.05.2023-30.08.2023

Two cooling seasons 
01.05.2023-31.09.2023 
01.05.2024-30.08.2024

Analysed Days of the Week Monday to Friday Monday to Friday
Analysed 

Working Hours
7:00 a.m. – 4:00 p.m. 10:00 a.m. – 8:00 p.m.

Minimum 
Hourly Cooling Energy Consumption 
Required for System Standby

0.3 kWh 0.4 kWh

Public Holidays Weekends and public holidays were excluded from 
the data base used in the analysis

Weekends and public holidays were excluded from 
the data base used in the analysis

Validation period 1 month – September 2023 1 month – September 2024
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for all seven VRF systems in the building). Energy consumption values in each building below the corresponding baseline were 
considered non-representative of actual system operation and thus excluded from the dataset. Including very low energy consumption 
values could introduce distortions in the derived performance characteristics, particularly in relation to the outdoor weather condi
tions. For example, on a day with high outdoor temperatures, the system might have been inactive due to maintenance or user 
intervention, resulting in an unrealistic very low cooling energy consumption. Such cases may obscure the true relationship between 
cooling demand and external climatic factors. During periods with reduced cooling loads, energy consumption is often influenced by 
variables unrelated to the prevailing outdoor weather conditions and is connected directly with the standby mode.

Thus, excluding the non-occupancy periods from the analysis, it becomes possible to model and visualise the relationships between 
energy consumption for cooling and weather variables with greater accuracy (see Figs. 3 and 4).

On the basis of the data presented in Figs. 3 and 4 it is evident that it is crucial to properly screen the available data for achieving 
accurate model fitting. In the case of building A, which is an office building, the initial model, before the selection of relevant data, 
exhibited a correlation coefficient (R2) of 0.4086. However, after the appropriate selection and incorporation of data (described 
before) that accurately reflects the building's cooling system operation, the R2 value significantly improved to 0.6573. Similarly, for 
building B, an educational facility, the baseline model, which was developed without data selection, yielded a correlation coefficient of 
0.5408. After implementing a careful selection of data relevant to the building's cooling performance, the R2 value increased to 0.6852.

For Building A, a polynomial function was also tested, yielding coefficients of determination of 0.5409 for the full dataset and 
0.7332 for the screened data. However, in order to maintain methodological simplicity and clarity, a linear function was chosen as the 
representative model.

The assumptions for other buildings should generally be defined in accordance with the building's typology and its operational 
characteristics. It is not possible to clearly differentiate residential and non-residential buildings, as both their operation and the 
performance of their air-conditioning systems may vary on a case-by-case basis. However, when selecting the appropriate assumptions, 
the guidelines presented in Table 7 can be used as a reference.

In many cases, air conditioning systems are switched on only during specific hours of the day and on certain days of the week. For 
example, for office-type buildings typically the cooling system is operating during typical working days and working hours, which is 
what was observed in the case of analysed buildings. The identification and selection of these operational periods must therefore be 
tailored to the building type. By carefully selecting the data corresponding to actual cooling operation times, the resulting energy 
model more accurately reflects the real performance of the air conditioning system, leading to significantly improved model fitting and 
predictive capability.

3.2. Calculation of outdoor temperature corrections considering external parameters

Solar radiation is a crucial influencing parameter affecting the intensity of solar heat gains of a building and consequently has a 
major impact on cooling energy consumption. The extent of solar heat gains is determined mainly by the building's architecture like 
window to wall ratio, orientation, shading devices, neighbouring obstacles, among others. As a result, there are varying levels of solar 
heat gains for different buildings under identical horizontal solar irradiance conditions.

Additionally, high wind speeds increase convective heat transfer and heat dissipation through the exposed walls, windows or other 
external surfaces. This is particularly important in the case of buildings with a large external surface or limited thermal insulation. It 
also contributes to a rise in negative pressure within natural or mechanical ventilation systems, potentially enhancing outdoor air 

Fig. 3. Hourly cooling energy consumption (EC) in Building A depending on the outdoor temperature Tout. (a) comparison before (with all measured 
data) and (b) comparison after (with screened data for occupancy periods), considering data selection assumptions.
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infiltration and increasing the overall air exchange rate. As a result high wind speed can reduce the energy demand for space cooling in 
tight buildings with mechanical ventilation. However, it should be noted that an increased wind speed does not always reduce cooling 
loads, as higher infiltration under hot outdoor conditions can lead to a greater cooling load. The impact of wind direction is also 
important, with northern winds typically associated with lower outdoor temperatures, while southern winds usually result to higher 
outdoor temperatures that increase cooling demand. However, the analysis in this paper considers buildings with mechanical 
ventilation only.

Considering these factors is essential for building an energy model for cooling, as they significantly influence heat gains and losses 
in a building, and affect the overall energy consumption. The corrections for both these factors are determined using a similar 
approach, with the primary differences arising from the assumptions made for the values across different ranges. To describe the 
methodology, only the detailed calculation of the correction due to solar irradiance will be presented; for wind speed correction, only 
the differences that need to be considered during the calculations will be indicated.

While developing the equation to adjust outdoor temperature based on solar irradiance it is necessary to define the data range for 
which the impact of other influencing factors (such as high wind speed) is minimised. Therefore, only the data points where wind speed 
was less than 1.5 m/s were used for the correction calculations. The 1.5 m/s threshold was selected based on the specific dataset 
available for this building and location. Wind speed thresholds should be determined individually, depending on the measured data for 
each building and site, as local wind conditions vary significantly. The selected value should represent relatively low wind speeds that 
are typical for the given location. In general, a threshold of around 1.5 ± 1 m/s can be considered a safe and representative value for 
categorising low wind speed ranges in similar analyses. For the wind speed correction calculations, the dataset included only values 
where solar irradiance was below 150 W/m2. This generally corresponds to early morning, late afternoon, or periods with high outdoor 

Fig. 4. Hourly cooling energy consumption (EC) in Building B depending on the outdoor temperature Tout (a) comparison before (left with all 
measured data) and (b) comparison after (with screened data for occupancy periods) considering data selection assumptions.

Table 7 
General assumptions and guidelines for data filtering in energy consumption databases for air-conditioning, supporting model development for 
buildings.

Parameters Proposed Assumptions

Analysed Time Period for Training Minimum 3 month (summer period).
Analysed Days of the Week Depending on building typology: 

− Residential, hotels (buildings with continuous occupancy) – all week.
− Non-residential buildings (e.g. Offices, Public Offices, Malls, Schools, Restaurants, Conference 

Centers) – working days.
Analysed Working Hours Depending on working/using hours 

− Residential buildings, the periods of highest occupancy typically occur in the afternoon and evening 
hours during weekdays, as well as throughout the weekends from morning until evening.

− Non-residential buildings follow their operating hours, with offices and schools used mainly 7 a.m.–5 
PM, restaurants and malls from 8 a.m. to 9 PM, and hotels for 24 h a day.

Minimum Hourly Cooling Energy Consumption 
Required for System Standby 

Mean value for night hours and hours when the AC is not working.

Public Holidays Weekends and public holidays should be excluded from the data base used in the analysis – only for non- 
residential buildings that are not operating during holidays.

Validation period Minimum 1 month.
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temperature and large cloud cover – periods when buildings may have limited occupancy and cooling demand. Furthermore, this 
approach was intended to minimise the impact of solar gains and better isolate the effect of wind speed on equivalent outdoor tem
perature. If the dataset does not contain a sufficient number of data points below 150 W/m2 for the analysis, it is also acceptable to use 
data with a mean solar irradiance below 200 W/m2 or even up to 250 W/m2 to ensure adequate sample size, while still limiting the 
variability introduced by solar radiation. This allows for extracting an appropriate dataset for which the impact of high wind speeds or 
high solar irradiance is minimised, enabling a more accurate estimation of the correction. The use of histograms can be helpful in the 
process of building a dataset for correction calculations.

The obtained dataset was then divided into several subsets based on the intensity of the external factors. If there are data points that 
disrupt the logical sequence of the dataset, they can be considered erroneous measurements and rejected during the model devel
opment process. For example, measurements that deviate significantly from the majority of data points can simply be considered gross 
errors and excluded from the analyses. The selection of the ranges depends on the available data and should be determined individually 
after analysing the solar irradiance levels and wind speeds at the building's location and assessing how the building responds to this 
external factor. It is best to analyse the available data to identify the minimum and maximum values and then divide the range into at 
least three approximately equal intervals of solar irradiance and wind speeds.

Fig. 5 illustrates the dependence of energy consumption for cooling on outdoor temperature for different solar irradiance ranges in 
dataset where wind speed was below 1.5 m/s for Building A.

The relationship between cooling energy consumption and outdoor temperature was determined using a simple linear regression 
and defining the coefficient of determination (R2). Subsequently, using the determined linear regression equations, the cooling energy 
consumption was calculated for outdoor temperatures in the range of +24 ◦C to +40 ◦C (Table 8). Furthermore, for each building, a set 
of results is selected that logically represents the dependencies: as the outdoor temperature increases, the cooling energy consumption 
also increases; additionally, as solar irradiance increases, the cooling energy consumption also increases (for wind speed correction - 
also an appropriate dataset should be selected, reflecting that with increasing wind speed, cooling energy consumption decreases). In 
addition, analysis revealed that a logical trend where higher solar irradiance corresponds to higher energy consumption for cooling 
became evident when the outdoor air temperature exceeded 26 ◦C (see Table 8), as indicated by increased cooling energy demand 
above this threshold, which is also commonly adopted in thermal comfort and cooling load standards. Observed (Fig. 5) energy 
consumption above the standby level at temperatures below 26 ◦C results from partial operation of the system in selected spaces, rather 
than full-load operation throughout the building. This partial-load behaviour is strongly influenced by occupant activity, which is not 
explicitly accounted for in the current study. For the purpose of isolating the influence of external factors, the periods when the user's 
impact is minimised were selected, ensuring logical dependencies between cooling energy consumption and external conditions. 
Although energy consumption above standby is observed below 26 ◦C, the system is not operating at full capacity in most spaces. In 
future work, it is planned to address this aspect by introducing user behavior profiles to better account for internal influences on 
cooling energy demand. The red colored fonts and shaded area identify the logical scope of data taken for further analysis in case of 
solar irradiance and building A.

Following the selection of appropriate values for further analysis, the initial correction value (ksol_i) of the outdoor temperature due 
to solar irradiance was determined (Table 9) by use of equations 2.1-2.3. This correction accounts for the temperature increase, 
ensuring that the regression equation with a lower equivalent solar irradiance yields the same cooling power as the higher solar 

Fig. 5. Dependence of hourly cooling energy consumption on outdoor temperature for different solar irradiance ranges in dataset where wind speed 
was below 1.5 m/s for Building A.
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irradiance condition. For wind speed calculations (see equation (2.4)) the obtained correction (kwind) reflects the necessary decrease in 
outdoor temperature, as input to the regression model corresponding to a lower wind speed, to yield an equivalent cooling power as 
that observed under a higher wind speed conditions).

The derived equations for initial corrections (ksol_i): 

aeq1 ⋅
(
Tout + ksol i

)
+ beq1 = aeq2 ⋅ Tout + beq2 (2.1) 

ksol i(eq2)=
aeq2 ⋅ Tout + beq2 − beq1

aeq1
− Tout (2.2) 

ksol i(eq3)=
aeq3 ⋅ Tout + beq3 − beq2

aeq2
− Tout (2.3) 

aeq1 ⋅ (Tout − kwind)+ beq1 = aeq2 ⋅ Tout + beq2 (2.4) 

where:
a- slope coefficient of the function defining the correction of the outdoor temperature due to solar irradiance (or wind speed), [− ];
b- y-intercept of the function defining the correction of the outdoor temperature due to solar irradiance (or wind speed), [− ];
eq1 - symbol of the function defining the correction of the outdoor temperature due to solar irradiance for the second selected 

Table 8 
Summary of energy consumption for air conditioning in kWh calculated using the developed linear regression equations for specific solar irradiance 
ranges and a given outdoor temperature for Building A.

Solar irradiance [W/m2]

0-250 250-500 >500

Tout [◦C] (eq1) y = 1.3361x - 15.511 (eq2) y = 1.6823x - 24.516 (eq3) y = 2.0232x - 32.864
24 16.555 15.859 15.693
25 17.892 17.542 17.716
26 19.228 19.224 19.739
27 20.564 20.906 21.762
28 21.900 22.588 23.786
29 23.236 24.271 25.809
30 24.572 25.953 27.832
31 25.908 27.635 29.855
32 27.244 29.318 31.878
33 28.580 31.000 33.902
34 29.916 32.682 35.925
35 31.253 34.365 37.948
36 32.589 36.047 39.971
37 33.925 37.729 41.994
38 35.261 39.411 44.018
39 36.597 41.094 46.041
40 37.933 42.776 48.064

Table 9 
The initial correction (ksol_i) of outdoor temperature due to solar irradiance for Building A.

Solar irradiance

0-250 W/m2 250-500 W/m2 >500 W/m2

Mean value: 141.3 W/m2 Mean value: 358.81 W/m2 Mean value: 676.20W/m2

Tout [◦C] (eq1) y = 1.3361x - 15.511 (eq2) y = 1.6823x - 24.516 (eq3) y = 2.0232x – 32.864
27 ​ 0.256 0.509
28 ​ 0.515 0.712
29 ​ 0.774 0.914
30 ​ 1.034 1.117
31 ​ 1.293 1.320
32 ​ 1.552 1.522
33 ​ 1.811 1.725
34 ​ 2.070 1.927
35 ​ 2.329 2.130
36 ​ 2.588 2.333
37 ​ 2.847 2.535
38 ​ 3.107 2.738
39 ​ 3.366 2.941
40 ​ 3.625 3.143
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range, i.e., in this case 0–250 W/m2, [− ];
eq2 - symbol of the function defining the correction of the outdoor temperature due to solar irradiance for the second selected 

range, i.e., in this case 250-500 W/m2, [− ];
eq3 - symbol of the function defining the correction of the outdoor temperature due to solar irradiance for the third selected range, i. 

e., in this case >500 W/m2, [− ];
Calculation example of initial correction due to solar irradiance (ksol_i) for Building A: 

ksol i(eq2)=
1.6823 ⋅ Tout − 24.516 + 15.511

1.3361
− Tout 

ksol i(eq3)=
2.0232 ⋅ Tout − 32.864 + 24.516

1.6823
− Tout 

The first column for the range of 0-250 W/m2 is empty, because it is the reference point for the initial adjustment for the range of 
250 – 500 W/m2 (the first column for the initial range of the wind speed correction calculations should also remain empty and be used 
as a reference).

The next step consisted of determining the final correction values (ksol_f) used to adjust the outdoor temperature based on solar 
irradiance. Additionally, the mean solar irradiance value was calculated for each defined range namely 0–250 W/m2 (with a mean 
solar irradiance of 141.3 W/m2), 250–500 W/m2 (with a mean solar irradiance of 358.81 W/m2) and >500 W/m2 (with a mean solar 
irradiance of 676.20 W/m2). For each temperature, the correction is calculated for the specified mean value of solar irradiance in each 
range (see equation (3.1)-(3.3) and Table 10). A similar interpolation and calculations, as well as the calculation of the mean wind 
speed for each range, should be performed for the wind speed correction calculations.

Calculation formulas for determining the final correction due to solar irradiance (ksol_f). 

ksol f (eq1)=
ksol i(eq2)

2
[◦C] (3.1) 

ksol f (eq2)= ksol i(eq2) [◦C] (3.2) 

ksol f (eq3)= ksol i(eq2) + ksol i(eq3) [◦C] (3.3) 

Calculation example for Building A – correction due to solar irradiance: 

ksol f (eq1) (27◦C)=
0.256

2
=0.128 [◦C]

ksol f (eq2) (27◦C)= 0.256 [◦C]

ksol f (eq3) (27◦C)=0.256+0.509=0.765 [◦C]

Due to the limited dataset, the first solar irradiance range (0–250 W/m2) was used as a reference interval for the initial correction 
calculations. Accordingly, an interpolation was performed for the final correction value in the first column (ksol_f (eq1)) by assuming 
half of the value (ksol_f (eq2)) corresponding to the second range (250–500 W/m2). The final mean value of solar irradiance (250.05 W/ 
m2) for the first column (ksol_f (eq1)) was also determined as the average of the mean values 141.3 W/m2 and 358.81 W/m2 that were 
obtained for the 0–250 W/m2 and 250–500 W/m2 ranges in the process to calculate the initial correction (Table 9), respectively.

Finally, the mean final correction values for outdoor temperature, accounting for solar irradiance, was determined, as indicated in 

Table 10 
The final correction value (ksol_f) of the outdoor temperature due to solar irradiance for Building A.

Mean value of solar irradiance

Tout [◦C] 250.05 W/m2 358.81 W/m2 676.20 W/m2

27 0.128 0.256 0.765
28 0.258 0.515 1.227
29 0.387 0.774 1.689
30 0.517 1.034 2.151
31 0.646 1.293 2.612
32 0.776 1.552 3.074
33 0.905 1.811 3.536
34 1.035 2.070 3.998
35 1.165 2.329 4.459
36 1.294 2.588 4.921
37 1.424 2.847 5.383
38 1.553 3.107 5.845
39 1.683 3.366 6.306
40 1.812 3.625 6.768
Mean value 0.970 1.940 3.767
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the last row of Table 10.
Using the derived final correction of the outdoor temperature due to solar irradiance (ksol_f), the mean values for each solar irra

diance level were calculated, and a scatter plot was created based on these results. For the wind speed correction, the derived final 
outdoor temperature correction due to wind speed should be calculated in the same way, and the mean value should be determined for 
each wind speed level. Then, a chart should be created based on the obtained results. The regression equations represent the outdoor 
temperature correction values due to solar irradiance (Fig. 6) and wind speed

(Fig. 7) for analysed Building A and Building B.
Equation 4.A is the correction for the outdoor temperature due to solar irradiance for building A and it has the following form: 

TA
insol

rev
=0.0064 ⋅ Insol − 0.5071,◦ C (4.A) 

Equation 4.B is the correction of the outdoor temperature due to solar irradiance for building B and it was derived using the same 
method as for Building A and is presented in the following form: 

TB
insol

rev
=0.0028 ⋅ Insol − 1.0389,◦ C (4.B) 

The correction of the outdoor temperature due to the mean wind speed (Vmean) for building A (equation 5.A) and Building B 
(equation 5.B) in the form of the equivalent outdoor temperature (TA

V
rev). 

TA
V

rev
=1.1884 ⋅ Vmean − 1.8148 (5.A) 

TB
V

rev
=1.0502 ⋅ Vmean − 1.259 ◦C (5.B) 

The calculated corrections of outdoor temperature in response to solar irradiance and wind speed for Building A and Building B 
differ from one another. This supports the initial hypothesis that such corrections need to be established separately for each building, as 
each building may respond differently to external environmental factors. i.e. solar irradiance, due to the unique architectural and 

Fig. 6. Equation for correction of the outdoor temperature due to solar irradiance Tinsol
REV for Building A and B.
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system characteristics.
It is acknowledged that the proposed methodology does not explicitly incorporate parameters such as building orientation, 

window-to-wall ratio, or shading effects when applying the wind speed and solar corrections. However, these influences are indirectly 
accounted for as part of the resultant effect captured during the process of the correction calculations. Although the developed model 
includes corrections for outdoor temperature based on physical principles, these corrections are not derived from direct measurements 
of each building's thermodynamic response under varying environmental conditions. Nevertheless, the combined impact of these 
factors is inherently embedded in the final energy model. This approach eliminates the need for detailed knowledge of every archi
tectural and design parameter, while still ensuring that the method realistically reflects building-specific thermal responses and 
significantly speeds up the process of creation of such an energy model.

By collecting hourly data on basic weather parameters, such as outdoor temperature, solar irradiance, and wind speed, it is possible 
to calculate the equivalent outdoor temperature using the equations provided. This allows for the estimation of the power supplied for 
air conditioning in specific buildings.

Building A – individual equation for equivalent outdoor temperature: 

Toutdoor
eq =Toutdoor − (1.1884 ⋅ Vmean − 1.8148) + (0.0064 ⋅ Insol − 0.5071), [◦C] (6.A) 

Building B – individual equation for equivalent outdoor temperature: 

Toutdoor
eq =Toutdoor − (1.0502 ⋅ Vmean − 1.259) + (0.0028 ⋅ Insol +1.0389), [◦C] (6.B) 

In order to evaluate the prediction accuracy, one cooling energy model was developed and validated for each building. M1 is an 
energy model that characterises the relationship between cooling energy consumption and the equivalent outdoor temperature for 
building A (M1_A) and building B (M1_B).

The entire calculation process for determining the building's energy model for cooling in the form of the equivalent outdoor 
temperature should be carried out individually for each building. The following steps outline the procedure for calculating corrections 
due to external environmental factors, ensuring accurate and consistent results: 

1) A dataset should be constructed for each building by applying boundary conditions to limit the influence of other environmental 
factors. When calculating corrections, solar irradiance data should be used only for periods with low wind speeds (suggested: below 
2.5 m/s), while wind-related data should be considered only for periods with low solar irradiance (suggested: below 250 W/m2). In 

Fig. 7. Equation for correction of the outdoor temperature due to wind speed Tv
REV for Building A and B.
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this study, the boundaries were set at 150 W/m2 for solar irradiance and 1.5 m/s for wind speed. Additionally Table 7 is rec
ommended to guide further dataset construction by filtering.

2) The dataset should be divided into at least three ranges for each factor, using the lowest and highest values to define approximately 
equal intervals. For each range, a plot of cooling energy consumption versus outdoor temperature should be created, and a linear 
regression, including the equation and coefficient of determination, should be fitted.

3) Regression plots should be used to calculate cooling energy consumption for each outdoor temperature and range. Results should 
be summarized in a table, and ranges with logical energy trends should be selected: energy consumption increases with solar 
irradiance and decreases with wind speed.

4) The initial correction value should be calculated for each outdoor temperature within the selected range using the derived for
mulas. The first column, representing the first range, should be left empty as a reference.

5) The mean value of the parameter within each range should be calculated. Then the final corrections should be calculated for each 
outdoor temperature and after mean values of final corrections for each range should be calculated. Due to the limited amount and 
scope of the data, interpolation of one of the final correction ranges is possible in order to obtain at least three points on the plot 
showing the relationship between the mean value of the external factor and the mean final correction in each range. A plot of mean 
final correction values versus the mean external parameter values in each range should be created, and a linear regression should be 
fitted to derive the general correction formula for the given factor for an individual building.

These energy models enable a thorough analysis of energy consumption patterns, taking into account the influence of the external 
climate related parameters. The application of corrective adjustments and their comparison is presented in section 4.

4. Results

Equivalent outdoor temperatures have been determined for buildings A and B, taking into account corrections for wind speed and 
solar irradiance (see section 3). These adjustments allow for more accurate prediction of the actual indoor thermal conditions 
experienced in the buildings, as both wind speed and solar exposure influence the energy consumption for space cooling.

For Building A, Model 1_A (Fig. 8) that utilises the equivalent outdoor temperature, obtained an R2 value of 0.6728, representing a 
solid fit. Due to the polynomial nature of the real data distribution, a third-degree polynomial model was selected for Building A. 
However, the underlying assumption in model selection is to choose the simplest possible model. Therefore, the model should be 
selected individually based on the specific characteristics of each building to achieve the best possible model fit.

In the case of Building B, a linear regression model was selected. Model 1_B (Fig. 8), which relies on the dependence of cooling 
energy consumption on the equivalent outdoor temperature, yielded an R2 value of 0.6583, pointing to a moderately strong 
correlation.

The observed differences in cooling energy demand patterns between Poland and Cyprus can be explained by several factors. First, 
climate plays a key role. In Poland, which has a temperate climate, cooling is mainly limited to periods with very high outdoor 
temperatures that are rare and sporadic. At low and moderate outdoor temperatures, cooling energy consumption is minimal or zero, 
and only after exceeding a certain threshold (e.g., 25–27 ◦C) does it increase rapidly, resulting in an exponential or polynomial 
relationship. In contrast, in Cyprus, where the climate is hot, cooling demand occurs practically throughout the year and increases 
more linearly, as an increase of temperature causes a proportional increase in cooling load. Buildings in Cyprus practically operate 

Fig. 8. Hourly cooling energy consumption (EC) depending on the equivalent outdoor temperature (Teq – M1_A) for Building A and (Teq – M1_B) for 
Building B.
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continuously in cooling mode, without the threshold effect typical of temperate climates. Second, building type and geometry also 
influence this pattern. Buildings in Poland are often better thermally insulated (designed primarily for heating) to reduce heat losses at 
low outdoor temperature, while during high outdoor temperature, cumulative heat gains from solar radiation and ambient temper
atures sharply increase cooling demand. In Cyprus, thermal insulation limits heat gains, resulting in a linear increase in cooling de
mand as temperature rises. Finally, cooling system operation further explains this difference. In Poland, air conditioning is often 
switched on only during peak periods, whereas in Cyprus, cooling systems usually operate continuously, producing continuous, linear 
behaviour.

Future studies could focus on developing a correction factor related to building thermal inertia or resistance-capacitance (RC) 
characteristics to improve the accuracy of the method. Incorporating thermal inertia would allow the equivalent temperature to better 
reflect the dynamic response of the building to outdoor conditions, particularly during periods of rapid outdoor temperature change or 
solar gain fluctuations. This would enable the model to account for the time lag between outdoor temperature variations and indoor 
cooling demand, potentially resulting in higher R2 values and improved prediction accuracy. Therefore, integrating building-specific 
thermal mass and heat storage effects into the equivalent temperature calculations is recommended as a promising direction for further 
research.

4.1. Validation

The validation of the derived models was performed using measured data for one month for each building, namely September 2023 
for Building A and September 2024 for Building B. This data was not used for the development of the corresponding models. The results 
for building A are illustrated in Fig. 9 and for building B in Fig. 10.

For the validation period, the errors were calculated based on the cooling energy demand predicted by the developed models, 
compared to the actual energy consumption for cooling. The calculated errors are presented in Table 11. To ensure more reliable 
results only data where the outdoor temperature (Tout) was greater than 26 ◦C were selected for validation. The selection of data with 
Tout>26 ◦C was intentional, as this outdoor temperature range is more relevant for the use of cooling. Temperatures above 26 ◦C 
typically indicate conditions where cooling systems are actively used to maintain comfortable indoor environments. By focusing on 

Fig. 9. Comparison of real data from the validation period (September 2023) with the hourly cooling energy consumption (EC) models for cooling 
for the equivalent outdoor temperature (Teq – M1_A) for Building A.
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these conditions, the analysis ensures that the data represents realistic and reliable scenarios for the operation of the cooling systems in 
the two buildings, as it captures the periods when cooling demand is significant.

The results presented in Table 11 indicate that the model accuracy improves significantly when the validation exercise is limited to 
the periods with outdoor temperatures that exceed 26 ◦C. When the full dataset was used (values in parenthesis in Table 11), the mean 
absolute percentage error (MAPE) and the coefficient of variation of the root mean square error (CVRMSE) were noticeably higher for 
both buildings. Specifically, for Building A. This can be attributed to the fact that Building A is located in a cooler climate zone, where a 
greater proportion of the recorded temperatures fell below the 26 ◦C. As a result, the inclusion of low-temperature periods - during 
which the cooling system was either inactive or at minimal operating conditions - introduces variability that reduces the accuracy of 
the model fit. These periods do not reliably reflect the building's cooling dynamics and thus distort the model performance evaluation.

In contrast, when only periods with outdoor temperatures above 26 ◦C were considered, both error metrics decreased substantially. 
For Building A MAPE of M1_A model decreased to 13.15% and the CVRMSE to 16.59% or Building B M1_B model, CVRMSE dropped to 
22.26% and MAPE to 17.87%, suggesting improved alignment between the model predictions and the observed cooling energy 
consumption.

This pattern suggests that the model more accurately captures the cooling behaviour during periods of consistent system operation, 
typically associated with higher outdoor temperatures. During cooler periods, the system may operate irregularly or remain inactive, 
introducing variability that the model cannot fully capture. As a result, including such periods in the validation process inflates error 
metrics and may misrepresent the model's true performance under cooling load conditions. These findings underscore the importance 

Fig. 10. Comparison of real data from the validation period (September 2024) with the hourly cooling energy consumption (EC) models for cooling 
for the equivalent outdoor temperature (Teq – M1_B) for Building B.

Table 11 
Statistical indexes comparing the predicted with the measured cooling energy consumption in building A and Building B using developed models and 
screened data for Tout above 26 ◦C.a

Model Mean MAPE [%] Mean CVRMSE [%]

Building Building

A B A B

Teq (M1_A; M1_B) 13.15 (127.09) 17.87 (29.13) 16.59 (60.91) 22.36 (33.73)

a The values in the parentheses capture the corresponding results from using the entire database without any screening, and the bolded values 
represent results from using the dataset with Tout above 26 ◦C.
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of context-specific validation strategies in energy modelling. Applying temperature-based filtering enables a more realistic assessment 
of model performance, particularly in applications focused on peak demand or warm-season energy planning. Additionally, the 
intended use of the buildings differs significantly. The operation of the cooling system is much more stable in an office building, where 
the occupancy schedule is more consistent compared to an educational building. These differences are particularly noticeable during 
the summer season, which represents the cooling period for buildings. In the case of educational buildings, the absence of students on 
campus and in university facilities during the summer significantly impacts the operation of the cooling systems. Moreover, this is also 
a vacation period when many university students and staff members are on vacation leave. The larger the analysed cooled area, and the 
more stable the building usage schedule is the more reliable the results, as they better reflect how the building behaves under varying 
conditions.

Figs. 9 and 10 shows a comparison of actual energy consumption data for cooling purposes during the model validation period, i.e., 
September 2023 (Building A) and September 2024 (Building B), alongside forecasted data based on the two baseline models, M1_A and 
M1_B. It is clear that the relationship between energy consumption for cooling and equivalent temperature is similar to the previously 
proposed models, which allows for reliable energy consumption predictions.

A comparison of Figs. 9 and 10 clearly illustrates the climatic differences between the two buildings. In the case of Building A, there 
are significantly fewer instances of outdoor air temperatures exceeding 26 ◦C, since the building is located in a cooler climate zone. 
Despite the limited number of high-temperature data points, the graphical representation also reveals that the deviations from the 
model's predicted function are generally smaller for Building A compared to Building B. This suggests a more consistent model fit for 
Building A, potentially due to more stable or predictable system behaviour for higher temperatures under the prevailing climatic 
conditions.

4.2. ANN analysis and comparison with the proposed method

In order to further evaluate the robustness of the proposed approach, the same dataset was also analysed using artificial neural 
networks (ANN). This allowed for a direct comparison between the physically based equivalent outdoor temperature method and a 
data-driven modeling technique. By applying both approaches to identical input data for the creation of building energy models and for 
the validation of energy models, it was possible to assess not only the predictive accuracy of each method but also their relative 
advantages and limitations in forecasting cooling energy demand.

For both analysed buildings artificial neural networks of the Multilayer Perceptron (MLP) type were employed to model the cooling 
energy consumption of two analysed public utility buildings. The input variables were the hourly outdoor temperature, wind speed, 
and solar radiation intensity values, while the output variable was the cooling energy consumption. For the neural network models, the 
same datasets as in the proposed in this article method was used - with filtering of the input dataset (basing on data filtering as
sumptions from Table 6). For validation purposes, data also from the same one full month of September were used. Networks were 
generated in batch mode with the following configuration: minimum number of hidden neurons = 3, maximum = 10. A total of 20 
candidate networks were trained, of which the five best-performing models were retained for further analysis.

The filtered input dataset for Building A was used to retrain a set of multilayer perceptron (MLP) networks with various hidden 
layer configurations (ranging from 4 to 10 neurons). All networks employed the BFGS training algorithm and the sum-of-squares (SOS) 
error function, with different activation functions tested in hidden and output layers. Table 12 summarizes the results of the ANN 
analyses, presenting the quality of fit and error metrics for the retained networks. The networks achieved high training and validation 
quality, with correlation coefficients ranging between 0.85 and 0.87. It is important to note that the validation quality closely matched 
the training quality, suggesting robust generalization and the absence of significant overfitting. Training errors varied between 10.55 
and 11.87, while validation errors ranged from 13.12 to 14.00, indicating stable predictive accuracy across the retained networks. 
Among the tested architectures, MLP 3-9-1 (ID 2) demonstrated the best balance, with the highest training quality (0.871) and the 
lowest training error (10.55), as well as a relatively low validation error (13.12).

The sensitivity analysis (results presented in Table 13) of the filtered dataset for Building A confirmed that outdoor air temperature 
was the dominant predictor of cooling demand, with a mean sensitivity value of 4.287 ◦C across the networks. Wind speed and solar 
radiation both showed substantially lower sensitivity values (≈1.033 m/s and ≈1.031 W/m2 respectively), indicating that their in
fluence on the model's predictions was comparatively minor. These results are consistent with physical expectations for a temperate 
climate, where cooling loads are primarily driven by variations in outdoor air temperature rather than solar or convective effects.

Table 14 summarizes the results of the ANN analyses, presenting the quality of fit and error metrics for the retained networks. The 
neural networks trained on the filtered dataset for Building B also achieved high training quality values, ranging from 0.864 to 0.876, 
which indicates strong correlation between predicted and actual cooling demand. The validation quality was consistently lower, in the 
range of 0.764–0.779, but remained stable across the networks, indicating robust generalization to out-of-sample data.

The error values confirmed the robustness of the models. Training errors varied between 1.59 and 1.73, while validation errors 
ranged from 2.03 to 2.14. The relatively small difference between training and validation errors indicates that overfitting was limited 
and that the filtering procedure contributed to stabilizing the models’ predictive performance.

Among the tested architectures, MLP 3-8-1 (ID 3) achieved the highest training quality (0.876) and the lowest training error (1.59), 
though at the cost of a slightly higher validation error (2.14). Conversely, MLP 3-7-1 (ID 5) and MLP 3-6-1 (ID 4) offered the lowest 
validation errors (≈2.03–2.05) with balanced quality values, suggesting that these models generalized slightly better to unseen data.

The sensitivity analysis after data filtering conducted for Building B (Table 15) shows that both outdoor air temperature and solar 
radiation mostly influence cooling demand predictions, with a mean sensitivity values of 3.793 ◦C and 1.454 W/m2, respectively. Wind 
speed exhibited the lowest contribution, with a mean value of 1.021 m/s, confirming its marginal role compared with thermal and 
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radiative drivers.
Compared with the previous analysis for Building A, this analysis (for Building B) highlights a more pronounced influence of solar 

radiation. While temperature remains the dominant predictor, the relative increase in sensitivity to irradiance reflects the importance 
of solar gains under Mediterranean climatic conditions.

For both buildings, ANN analyses were also carried out using the raw dataset without filtering according to initial assumptions from 
Table 6. In addition, the results demonstrated that after applying data filtration the quality of network fitting improved, confirming the 
validity and importance of the filtering step.

The application of multilayer perceptron (MLP) neural networks to predict building cooling demand demonstrated that such data- 
driven models are capable of capturing the nonlinear relationships between meteorological inputs and cooling energy use. However, 
the obtained results indicate that their performance did not substantially exceed that of the proposed equivalent outdoor temperature 
(Teq) method. Across both case studies, the networks achieved correlation coefficients in the range of 0.87 for training data. For 
Building A, the coefficient of determination (R2) remained stable, in some cases even exceeding the training values for the validation 
dataset, whereas for Building B they decreased from 0.87 to 0.77. This suggests that the models for Building A generalized well to 
unseen data, while in the case of Building B the drop in R2 indicates reduced robustness and a potential sensitivity to validation 
conditions. The error measures confirmed that the neural networks offered a comparable level of precision to the simplified physical 
model, without delivering a decisive improvement.

This outcome suggests that the advantages of ANN-namely their ability to model complex nonlinear interactions-were limited by 
the restricted set of input variables. At the same time, the Teq approach, while conceptually simpler, incorporates physical corrections 

Table 12 
Summary for ANN created for building A – dataset after data filtering.

ID Network 
name

Quality 
(training)

Quality 
(validation)

Error 
(training)

Error 
(validation)

Training 
algorithm

Error 
function

Activation 
(hidden)

Activation 
(output)

1 MLP 3-10-1 0.863 0.867 11.15 14.00 BFGS 16 SOS Linear Logistic
2 MLP 3-9-1 0.871 0.866 10.55 13.12 BFGS 10000 SOS Tanh Logistic
3 MLP 3-4-1 0.863 0.867 11.15 14.00 BFGS 16 SOS Linear Logistic
4 MLP 3-7-1 0.863 0.867 11.15 14.00 BFGS 16 SOS Linear Logistic
5 MLP 3-9-1 0.855 0.872 11.88 13.28 BFGS 17 SOS Linear Exponential

Table 13 
Sensitivity analysis for Building A – training sample (with data filtering).

Network Temperature [◦C] Wind Speed [m/s] Solar Radiation [W/m2]

1. MLP 3-10-1 4.262 1.025 1.025
2. MLP 3-9-1 4.793 1.071 1.063
3. MLP 3-4-1 4.262 1.025 1.025
4. MLP 3-7-1 4.262 1.025 1.025
5. MLP 3-9-1 3.855 1.019 1.016
Mean value 4.287 1.033 1.031

Table 14 
Summary for ANN created for building B – with data filtering.

ID Network 
name

Quality 
(training)

Quality 
(validation)

Error 
(training)

Error 
(validation)

Training 
algorithm

Error 
function

Activation 
(hidden)

Activation 
(output)

1 MLP 3-8-1 0.871 0.774 1.65 2.08 BFGS 1722 SOS Exponential Tanh
2 MLP 3-4-1 0.864 0.769 1.73 2.06 BFGS 777 SOS Exponential Tanh
3 MLP 3-8-1 0.876 0.764 1.59 2.14 BFGS 10000 SOS Logistic Logistic
4 MLP 3-6-1 0.871 0.775 1.65 2.05 BFGS 10000 SOS Exponential Exponential
5 MLP 3-7-1 0.869 0.779 1.67 2.03 BFGS 10000 SOS Exponential Tanh

Table 15 
Sensitivity analysis for Building B – training sample (with data filtering).

Network Temperature [◦C] Wind Speed [m/s] Solar Radiation [W/m2]

1. MLP 3-8-1 3.776 1.026 1.437
2. MLP 3-4-1 3.544 1.011 1.669
3. MLP 3-8-1 3.945 1.033 1.407
4. MLP 3-6-1 3.827 1.023 1.303
5. MLP 3-7-1 3.871 1.013 1.453
Mean value 3.793 1.021 1.454
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for solar radiation and wind speed, enabling it to capture the dominant effect of meteorological conditions on cooling demand. As a 
result, the neural networks did not demonstrate a clear superiority over the Teq method, reinforcing the value of simplified, physically 
interpretable models in contexts where data availability is limited and model transparency is required.

For each generated neural network, the Mean Absolute Percentage Error (MAPE) and the Coefficient of Variation of the Root Mean 
Square Error (CVRMSE) were calculated using the validation data. The results refer to the entire analysed dataset (bold values), and the 
dataset that corresponds to outdoor temperatures above 26 ◦C (in parentheses). The comparative analysis demonstrates that the Teq- 
based method consistently yields the lowest errors, both in overall performance and in high-temperature ranges, confirming its su
perior predictive accuracy compared to the other approaches. A detailed comparison of the error values is presented in Table 16.

4.3. Limitations

This study has certain limitations that should be acknowledged. First, the analysis was conducted on a selected set of buildings, 
which may restrict the generalization of the results to other building types or operational conditions. In this study, the relationships 
were examined and formulated for two buildings located in two distinct climate zones. Although the proposed method is universal, it 
requires individual customization for each building due to the need for building-specific selection of data filtering ranges during the 
model development phase, as well as the calculation of correction factors to account for local solar irradiance values and wind speed 
conditions. The presented method was developed with the aim of creating a universal approach for building model generation 
applicable to various building types and climatic regions. The two case study buildings analysed in this study were selected as 
representative building types (office and educational) and located in two distinct European locations. However, the method has not yet 
been tested on a broader range of building types or geographic locations. Second, although the proposed universal method enables the 
consideration of the various dependencies of cooling energy demand on dynamic weather conditions, the validation was conducted 
over a limited time period. Third, at this stage, the method does not account for occupant behavior profiles or other internal conditions, 
which could influence the building's overall energy performance. Moreover, due to the lack of available data, indoor temperature 
measurements were not included in the analysis. The authors plan to incorporate predicted indoor temperature profiles in future work 
to enhance the model's accuracy and applicability. Despite these limitations, the findings provide valuable insights into realistic 
representation of building thermal behavior in case of power demand for cooling and influence of external factors (weather condi
tions). Future research is recommended to incorporate occupant behavior profiles and/or other internal conditions into the energy 
model what may improve its accuracy in representing real building energy performance.

5. Conclusions

This study presents a simple and accurate methodology for developing a real energy model of a building and its cooling system that 
accounts for external conditions, though the influence of occupants is not yet included. The model was validated using high-resolution 
monitoring data from two buildings and site-specific meteorological variables, such as outdoor temperature, wind speed, and solar 
irradiance. It is based on an equivalent outdoor temperature (Teq), calculated from hourly data, which adjusts outdoor temperature by 
accounting corrections due to wind speed and solar irradiance to better represent building thermal behaviour in cooling mode.

Accurate analysis of building cooling energy performance requires datasets that reflect typical system operation. That is why, 
periods of low or no usage, such as weekends, holidays, and off-hours, were excluded to prevent distortions. By focusing on active 
operational periods, the study ensures robust correlations between energy consumption and environmental factors, minimizing the 
impact of unrelated variables and enhancing analytical reliability.

A key step in developing the energy model is the careful selection of the appropriate cooling system operational data and the 
corresponding meteorological variables to isolate the effect of specific external factors. In this study, the correction for outdoor 
temperature due to solar irradiance was calculated using data with wind speeds below 1.5 m/s, while the correction for wind speed was 
calculated using data with solar irradiance below 150 W/m2, minimizing the influence of other environmental variables on the cooling 
energy consumption.

In the error calculation process, additional assumptions were introduced to ensure the analysis focused on the conditions under 

Table 16 
Comparative values of MAPE and CVRMSE for validation data obtained by use of different neural network models and proposed Teq method.a

Building Mean MAPE [%]

Teq (M1) 1 MLP 2 MLP 3 MLP 4MLP 5MLP

A 13.15 (127.09) 21.22 (156.19) 20.18 (151.99) 19.61 (155.17) 21.43 (153.66) 24.73 (144.28)
B 17.87 (29.13) 31.57 (43.92) 29.35 (38.36) 34.89 (47.06) 29.57 (39.38) 30.47 (41.76)

Building Mean CVRMSE [%]
Teq (M1) 1 MLP 2 MLP 3 MLP 4 MLP 5 MLP

A 16.59 (60.91) 20.49 (47.00) 19.10 (47.14) 18.94 (46.81) 20.10 (47.34) 21.56 (46.88)
B 22.36 (33.73) 32.25 (45.46) 31.61 (46.58) 27.65 (43.11) 32.49 (46.03) 32.62 (46.00)

a The values in parentheses capture the corresponding results from using the entire database without any screening, and the bolded values represent 
results for the dataset with Tout above 26 ◦C.
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which air conditioning is utilised most extensively, specifically for outdoor temperatures exceeding 26 ◦C. Comparing the two analysed 
prediction methods, Teq and ANN, based on the MAPE results, the Teq method demonstrated better performance, showing lower MAPE 
and higher accuracy than the ANN models. The Teq method achieved the lowest errors for both Building A (13.15%) and Building B 
(17.87%), outperforming all ANN (MLP) models. The MAPE values for ANN methods increased consistently with the number of layers, 
indicating a greater bias. Therefore, the Teq approach proved to be more accurate and stable in terms of mean absolute percentage error 
compared to ANN-based models.

The main conclusions drawn from this study are outlined below: 

− A simple, data-driven cooling energy model based on real building measurements was developed, enabling building-specific short- 
term forecasting without simulations.

− The equivalent outdoor temperature (Teq), including wind speed and solar irradiance corrections, effectively captures external 
influences on cooling energy consumption.

− Careful selection of operational and meteorological data significantly improves model accuracy and reliability.
− The Teq-based method outperformed ANN models for both buildings, achieving lower MAPE values and greater stability.
− The proposed approach supports forecast-based control of cooling systems and can be extended to include additional climate 

parameters and occupant influence.

The proposed method is based on physical data from real buildings rather than simulations, enabling a simple, building-specific 
approach and supporting forecast-based control of cooling systems. Developing predictive models for cooling is more complex than 
for heating. As noted by Cholewa et al. [39] [41] [42], heating models based on equivalent temperature require no data filtering due to 
the stable thermal behaviour of buildings in the heating season. In contrast, cooling demand is highly dynamic and influenced by solar 
radiation, internal gains, occupancy, and ventilation, requiring careful selection of operational data in order to properly capture 
external influences on cooling energy consumption. The method can be further extended to include other climate parameters, such as 
humidity, and latent cooling loads, which may influence the cooling load of a specific cooling system that will improve accuracy.

Future research will extend the method to a larger number of buildings across diverse climate zones and incorporate the in
teractions between occupants and cooling energy consumption. This will enhance the building energy model, currently based on 
external factors, by including internal factors such as occupant behaviour, enabling more accurate short-term forecasting of cooling 
demand without extensive simulations. Additionally, the suitability of the method for different building types can be evaluated by 
comparing its results with predictions from energy simulation models or similar approaches. Finally, future work will include the 
application of the proposed method in forecast control of cooling systems.
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