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SUMMARY 
 

The built environment requires energy-flexible buildings to reduce energy peak loads and to maximize the use 

of (decentralized) renewable energy sources. The challenge is to arrive at smart control strategies that respond 

to the increasing variations in both the energy demand as well as the variable energy supply. This enables grid 

integration in existing energy networks with limited capacity and maximizes the use of decentralized 

sustainable generation. Buildings can play a key role in the optimization of the grid capacity by applying 

demand-side management control. To adjust the grid energy demand profile of a building without 

compromising the user requirements, the building should acquire some energy flexibility capacity. 

The main ambition of the Brains for Buildings Work Package 2 is to develop smart control strategies that use 

the operational flexibility of non-residential buildings to minimize energy costs, reduce emissions and avoid 

spikes in power network load, without compromising comfort levels. To realize this ambition, development of 

the following key components is targeted within the B4B WP2: (A) open-source HVAC and electric services 

models, (B) energy demand prediction models and (C) flexibility management control methods. Most results 

related to key components (A) and (B) have been reported in Deliverable 2.1-2.2-2.3 summarizing activities 

performed in Task 2.1 and 2.2. 

This report serves as a combined deliverable for activities within Task 2.3, and describes the developed 

flexibility management control methods (key component (C)) and the development/testing of supporting high-

frequency energy balance prediction models within key component (B). 

The report is structured as follows. Each model and control approach developed is presented in a different 

chapter contributed by different consortium members. The chapters start with the goal of the prediction model, 

and/or flexibility control approach, followed by their description and the results obtained when applied to a 

simulated or real-world case study. 

Task 2.3 entailed building a model (using input from Task 2.1 and Task 2.2) that allows the simulation of the 

high-frequency energy balance of different building configurations. Results of this activity are presented in 

Chapter 2, 3 and 4 by partners at Deerns, DWA, and TNO, respectively. The main goal of Task 2.3 was the 

development of a real-time optimal control strategy that makes use of the operational flexibility and varying 

external circumstances (energy prices, energy types and related CO2 emissions, supply restrictions). The 

developed strategies are presented in Chapter 5, 6 and 7 by partners at TU Delft, Avans, and O-Nexus, 

respectively. The methods are based on a moving-horizon dynamic optimization that uses a high-frequency 

energy balance prediction model, and that allows real-time energy balancing. Our methods for building energy 

flexibility are robust to scoped inaccuracies in the high-frequency energy balance model, and demand and 

supply predictions. 

This report presents the results and lessons learned from designing and implementing high-frequency energy 

balance models to predict energy use and energy production of buildings or of variables directly related to 

them. Control approaches that use these prediction models are then proposed to provide energy flexibility by 

applying demand-side management and making use of local energy storage options. 
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1 Introduction 

1.1 Background and Objectives 

The built environment requires energy-flexible buildings in order to prevent energy peak load and to maximize 

the use of (decentralized) renewable energy sources. The challenge is to arrive at smart control strategies that 

respond to the increasing variations in both the energy demand as well as the variable energy supply. This 

enables grid integration in existing energy networks with limited capacity, as well as making maximum use of 

decentralized sustainable generation. 

The main ambition of the B4B project is to develop smart control strategies that use the operational flexibility 

of non-residential buildings to minimize energy costs, reduce emissions and avoid spikes in network load, 

without compromising comfort levels. Furthermore, the goal is to show that flexibility of energy 

production/demand of smart buildings can reduce operational constraints in the current network. 

To realize this ambition, development of the following key components will be targeted within the B4B project: 

¶ Open-source HVAC and electrical services models 

¶ As a foundation for our research, open-source models were created for heating, ventilation, and air 

conditioning (HVAC) systems and electrical services within non-residential buildings. These models 

serve as the building blocks for the development of the energy prediction models. 

¶ Energy prediction models 

¶ Building upon the HVAC and electrical services models, advanced energy prediction models were 

constructed. These predictive models are essential for forecasting energy consumption patterns, 

enabling proactive and efficient energy management. 

¶ Flexibility management control methods 

¶ To harness the inherent flexibility within non-residential buildings, innovative control methods were 

developed. These methods facilitate the dynamic allocation of energy resources, ensuring optimal 

energy utilization and minimizing wastage. The most promising control methods will be tested in living 

labs, first in a digital environment and later on in real buildings. 

This report describes the developed flexibility management control methods and the energy prediction models 

that they rely on, as a result of activities in Task 2.3. 

This task entailed building a model (using input from Task 2.1 and Task 2.2) that allows the simulation of the 

high-frequency energy balance of different building configurations. Results of this activity are presented in 

Chapter 2, 3 and 4 by partners at Deerns, DWA, and TNO, respectively. The main goal of Task 2.3 was the 

development of a real-time optimal control strategy that makes use of the operational flexibility and varying 

external circumstances (energy prices, energy types and related CO2 emissions, supply restrictions). The 

developed strategies are presented in Chapter 5, 6 and 7 by partners at TU Delft, Avans, and O-Nexus, 

respectively. The methods are based on a moving-horizon dynamic optimization that uses a high-frequency 

energy balance prediction model, and allows real-time energy balancing. Our methods for building energy 

flexibility are robust to scoped inaccuracies in the high-frequency energy balance model, and demand and 

supply predictions. 

1.2 Approach 

A structured and collaborative approach has been defined to achieve the objectives of the B4B project. Before 

starting, the consortium partners discussed and decided about the task distribution. This ensured that a wide 

variety of models and methods have been developed in the B4B project and it has also allowed partners to 

exchange feedback about the different models and methods, gaining a common insight on the pros and cons 

of each approach. The developed models and methods have been tested using real data from living labs, 

representative simulation models, and use cases in order to investigate the added value of their results and 

to demonstrate their applicability for the control of building energy flexibility. 

The work on the development of the three key components (A), (B) and (C) has been carried out simultaneously. 

As the learning outcomes of each key component can have a positive impact on the development of the other 

key components, regular outcome sharing meetings have been organized and collaborations between 

consortium partners have been established. This report serves as a combined deliverable for activities within 

Task 2.3, and covers the results of key component (C) and the development/testing of supporting models 

within key component (B). 
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1.3 Structure of the report 

In Chapter 2, partners at Deerns set out to develop a fast, data-driven model capable of predicting a buildingõs 

heating and cooling demand seven hours in advance for use in model predictive control (MPC). Various MPC 

strategies are considered, leading to the selection of a grey box approach ñ specifically, a multivariate linear 

regression model. Although often regarded as a black box, this model is constructed by carefully choosing 

independent variables based on the thermal energy balance. Its primary benefits are its modest data 

requirements and the ability to provide physically interpretable results. 

Chapter 3 by DWA describes how to calibrate a heating/cooling energy demand model using a black box 

modelling approach (with ôperfect knowledge of the futureõ) that can be used in a control-oriented context, 

utilizing the existing control strategies of the current Building Management System in the DWA office building 

use-case. In particular, the case studies of Climate Ceilings and Air Handling Units were investigated. The 

heating model was found to be most sensitive to training set diversity. 

Chapter 4 describes the activities and results of TNO focused on developing a hybrid energy balance model 

(instead of a black-box) in order to get better predictions and achieve higher robustness. The aim is in 

predicting the cooling and heating needs of a building using physical models and on estimating user behaviour, 

such as presence, thermostat setpoint etc, using data-driven models. Using these predictions, the selected 

objective is to ensure that the maximum electricity demand is not exceeded. TNO develop a high frequency 

energy balance model for the TNO Stieltjesweg building in Delft. This model consists of a heat flow network 

that is automatically derived from the Building Information Model (BIM), which describes the geometric 

configuration and construction properties of the building (consisting of all spaces, walls, windows, doors, roofs, 

etc.), and from the description of the building heating, cooling and ventilation equipment and its controllers. 

HVAC system component models are also included in the high frequency energy balance model, and are 

simulated together with the building to calculate the heating and cooling demand. In addition, a generic 

occupant module is also coupled with the building model which is responsible for reproducing the interaction 

of the occupants with the building. Thanks to the automatic generation of the heat flow network, the model 

can be easily adapted to different building types, such as apartment buildings, row houses and office buildings. 

Chapter 5 presents a novel energy-flexible model predictive control design framework proposed by TU Delft for 

exploiting the energy flexibility of buildings. Firstly, control-oriented models for building thermal dynamics in 

MPC design are discussed and numerically tested. Then, based on the control-oriented models, a novel two-

step demand-side management framework is proposed for exploiting the energy flexibility of buildings. 

Considering both continuous and on-off types of energy flexibility, control-oriented definitions for describing 

the range of flexibility are proposed, which can be readily incorporated in MPC design. For assessing the 

flexibility potential of buildings, robust optimization-based formulations with computationally efficient solutions 

are proposed for both continuous and on-off types of flexibility, respectively. By applying the proposed 

schemes, the energy flexibility potential of buildings can be quantitatively assessed and can be shown to be 

exploitable via the format of demand response requests. The proposed design can ensure that the energy 

flexibility of buildings can be safely exploited without violating system constraints even in the presence of 

uncertain environmental conditions. Numerical experiments based on high-fidelity Modelica-based building 

simulators are performed to demonstrate the effectiveness of the proposed schemes. 

In Chapter 6, Avans & Kropman aims to develop smart control models to increase energy flexibility within 

buildings. Their approaches rely on MPC-based control to increase energy flexibility, reduce overall electricity 

costs, improve building self-sufficiency, and reduce peaks of power consumption, within the limits of the case 

study data provided. Their studies also include an investigation of using a separate battery energy storage in 

combination with EVs, integrating a Vehicle-to-Building (V2B) setup with the flexible energy management 

strategies, and comparing distributed and centralized MPC approaches. 

Chapter 7 presents the results of the work by O-Nexus related to SME building use-cases, where they 

developed models for HVAC (that enable to decrease CO2 with 30%), energy prediction models, and 

corresponding energy flexibility steering models. This entailed determining physical characteristics of the 

buffer and the way that the heat from a heat pump or electrical immersion heater is transmitted to the PCM 

buffer. An ML algorithm was also developed that uses historical energy data and energy market data to make 

a reliable forecast and give efficient commands to the heat source. 

Finally, Chapter 8 presents overall conclusions drawn from the contributions of each consortium partner 

contributing to Task 2.3. 
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2 Modelling and predicting heating and cooling energy 

demand of a building with a simple fast data driven 

model 

Authors: Karthik Mallikarjun Gunderi, Cristina Jurado Lopez (Deerns) 

2.1 Introduction 

The challenge of climate change and energy sustainability has become one of the most critical issues of the 

21st century. In response to the need for energy efficiency and carbon emission reduction several international 

policies have been adopted both globally and nationally in the Netherlands ð Kyoto Protocol, Paris Agreement, 

European Green Deal, Dutch Klimaatakkoord, etc. Among the sectors that contribute significantly to energy 

consumption and COϜ emissions globally, the building sector is one of the largest. These climate policies 

highlight the urgency of energy transition in the building sector. A key technological approach to achieving 

these goals is the implementation of smart energy management systems, which optimize heating and cooling 

demand based on real-time and forecasted conditions. Among the most promising energy-efficient strategies 

is Model Predictive Control (MPC), an advanced approach that allows real-time optimization of energy use in 

buildings. 

This study focuses on modelling and predicting the heating and cooling demand of buildings as part of MPC, 

using a simple, fast, data-driven multivariate linear regression model based on the thermal energy balance 

and with the use of actual data (grey box modelling) as part of Model Predictive Control (MPC). Traditional 

models: white box and black models, have limitations in terms of complexity and data requirements (Rasooli 

& Itard, 2020). This research aims to address these limitations by developing a model that leverages 

measurable data inputs like indoor surface temperature and outdoor temperature. The primary objective of 

this study is to determine whether it is possible to model and predict the heating and cooling demand of a 

building for seven hours in advance using actual data. This involves developing a model that can be validated 

with real-world data and refined to improve accuracy by adding and removing variables. The case study for this 

research is the Haagse Hogeschool building in Delft, a highly energy-efficient building equipped with advanced 

heating and cooling systems, which enable the use of real-time data. The following research question and sub 

questions are asked: 

 

How accurately can we predict for 7 hours in advance the heating and cooling demand of a building during 

opening hours with actual data as input for a simple, fast and data-driven model? 

1. What are the data inputs of the multivariate linear regression model and which statistical validation 

and search processes are used to build the model? 

2. How is the required data collected for each variable, and is this data set complete? 

3. What is the best combination of independent variables in the model to achieve the highest accuracy 

in modelling the heating and cooling demand? 

This chapter is organized into several sections that collectively address the main research question. The 

Literature Review section examines model predictive control and existing methodologies for predicting heating 

and cooling demand, underscoring the studyõs academic and societal relevance. The Model Methodology 

section outlines the theoretical framework and data inputs based on the thermal energy balance, while the 

Case Study section describes the Haagse Hogeschool in Delft and details the data collection from selected 

rooms. The Results section, divided into Data Preparation, Data Analysis, and Model, presents the processing 

of data, the use of the Pearson-correlation coefficient to explore variable relationships, and the development 

of various model configurations. These findings are critically evaluated in the Discussion, with final insights 

provided in the Conclusion. Detailed description is available in the Master thesis report of van Dorp (2024). 

2.2 Literature review 

Model Predictive Control (MPC) is an advanced energy optimization technique that has gained increasing 

attention in the field of building automation and smart energy management. Unlike traditional rule-based 

control systems, which react to temperature changes only after they occur, MPC is a proactive control strategy 

that anticipates heating and cooling needs and adjusts system parameters dynamically to ensure optimal 

performance. It relies on real-time data from building sensors and predictive models to make optimized control 
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decisions for HVAC operations. Instead of waiting for a temperature deviation to occur, MPC continuously 

analyses future temperature trends, occupancy patterns, and external weather conditions to ensure that the 

buildingõs heating and cooling systems operate at their most efficient levels. 

 

The MPC workflow can be broken down into three main steps: 

1. Data Collection: The system gathers information from sensors measuring indoor temperature, outdoor 

temperature, humidity levels, solar radiation, and occupancy. 

2. Prediction & Optimization: The controller runs predictive models to estimate the future thermal load 

and energy demand of the building. 

3. Dynamic Adjustments: The HVAC system is optimized in real time to ensure minimal energy waste 

while maintaining occupant comfort. 

Several studies, including Drgoſa et al. (2020), have shown that MPC can reduce energy consumption by up 

to 30%, making it one of the most effective strategies for lowering energy use in buildings. Lower COϜ 
emissions: by improving efficiency, MPC contributes directly to decarbonization efforts in the building sector. 

Energy savings translate into lower electricity and heating bills. Additionally, MPC enables load shifting, which 

allows buildings to consume energy during off-peak hours when electricity is cheaper. Enhanced Comfort: The 

predictive nature of MPC ensures that temperature fluctuations are minimized, improving the comfort of 

building occupants. Given the clear advantages of MPC, research into predictive modelling techniques that 

can enhance heating and cooling demand forecasts is crucial for advancing energy-efficient building 

technologies. 

White-box models, also known as physics-based models, rely on fundamental physical equations to represent 

heat transfer dynamics, building insulation properties, and thermal mass effects (Boodi et al., 2018). These 

models are grounded in first-principles physics, requiring detailed knowledge of building materials, HVAC 

system specifications, and occupant behaviour. By translating known physics into mathematical equations, 

white-box models capture phenomena such as heat transfer and energy conservation with high interpretability 

(Ghiaus, 2014). The advantage of this approach lies in its transparencyñvariables and results can be explained 

in physical termsñenabling accurate engineering simulations and system design evaluations when sufficient 

data are available (Drgoſa et al., 2020). However, extensive data requirements, potential inaccuracies in input 

parameters, and high computational costs often limit the practicality of white-box models for real-time control, 

and they can be difficult to scale to other buildings if many parameters are unknown or unrepresentative of 

actual conditions. Examples of white-box modelling tools include the Low Energy Architecture (LEA) model, 

which calculates hourly energy needs for various building services based on an RC network, and Energy+, 

which performs detailed, time-step-based simulations of building energy flows. Both rely on precise, physics-

based equations for calculating heating, cooling, lighting, and ventilation demands, but their accuracy 

ultimately depends on the availability and precision of the input data. 

Black-box models, also referred to as machine learning-based or data-driven models, leverage statistical 

techniques and historical data rather than explicit physical equations to predict heating and cooling demand 

(Rasooli & Itard, 2020). By treating a building as a system with largely unknown parameters, these models 

ingest sensor data ñ often gathered through smart meters ñ and map key inputs to energy consumption 

outputs. An important advantage of black-box models is their minimal reliance on detailed building 

parameters, which expedites model development and makes them more readily adaptable to various building 

contexts. However, they can require large datasets for training, lack transparency in how predictions are 

derived, and are often less suitable for applications that demand interpretability, such as enforcing constraints 

on internal physical model states via model predictive control (MPC) (Klanatsky et al., 2023). Common 

examples include Gradient Boosting, which incrementally refines predictions by correcting errors in a sequence 

of decision trees, Random Forest, which builds multiple independent decision trees based on random data 

subsets to enhance robustness, and Artificial Neural Networks, which capture complex nonlinear relationships 

via interconnected layers of nodes. While these approaches can achieve high predictive accuracy, their 

reliance on large amounts of data and their limited interpretability can pose challenges for optimizing and 

managing energy use in real-world settings. 

Grey-box models combine known physical principles with real-time sensor data, providing a balanced approach 

that addresses key drawbacks of purely white- or black-box methods (Kroll, 2000). By incorporating simplified 

building physics and data-driven techniques, these models allow for a moderate level of interpretability while 

reducing the substantial data requirements or parameter uncertainties often associated with traditional white-

box approaches. For instance, resistance-capacitance (RC) methods and multivariate linear regression can be 

classified as grey-box if physical knowledge ñ such as thermal resistances or energy balance principles ñ 

guides the selection of parameters, while unknown factors are empirically calibrated using actual real-time 
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measurements (Bacher & Madsen, 2011). This flexibility enables more accurate and efficient real-time 

predictive control, as grey-box models capture essential heat flow dynamics without demanding exhaustive 

building specifications. Nonetheless, their reliability hinges on accurately identifying which components must 

be grounded in physics and which can be inferred statistically, a process that can still be challenging when 

building data is limited or incomplete (Drgoſa et al., 2020). 

The advantage of the implementation of a grey box model in MPC over the other model approaches is that the 

equation used in these models can be easily adapted to other similar buildings, this results in that only a few 

models need to be used to represent a majority of the building (Drgoſa et al., 2020). Besides, these models 

can be easily adapted to the needs of an MPC solver (Drgoſa et al., 2020): 

1. Continuity: ensures that the equations do not have abrupt changes, 

2. Linearity: ensures that equations are simple and fast to solve, 

3. Differentiability: ensures that the equations can be differentiated, which is required for calculating 

gradients and performing optimization in MPC. 

The specific grey-box model selected for this study is a multivariate linear regression model. An RC models can 

be effective for describing physical thermal processes in buildings (Drgoſa et al., 2020). However a 

multivariate linear regression (MLR) model offers significant advantages in terms of simplicity, computational 

efficiency, flexibility and robustness ((Korolija et al. , 2013). These features are essential to be suitable for use 

in MPC applications, where fast and reliable optimization of control actions is crucial for achieving energy 

efficiency and comfort goals (Drgoſa et al., 2020). The selected regression models from (Jurado López, 2017) 

are described below. 

 

Model 1: dynamic model excluding the indoor surface temperature 

The first model of (Jurado López, 2017) was built with the independent variables of measurable temperatures 

and variables. However, in this model the indoor surface temperatures are excluded, because these 

temperatures are often not measured. The general equation of this model is provided in (1). 

 

ὗὨὩάὥὲὨ (ὸ) [ὡ] = ὧέὲίὸὥὲὸ + ὅὥ (ὝέόὸὨέέὶ (ὸ)) + ὅὦ (ὝὭὲὨέέὶὥὭὶ (ὸ)) + ὅὧ (ὠύὭὲὨ (ὸ)) + 

 ὅὩ (Ὕέόὸ ὃὌὟ (ὸ)) + ὅὪ,Ὥὲὸ,1ὥ (ὗὭὲὸὩὶὲὥὰ,1ὥ(ὸ Ĭ 1)) + ὅὪ,ίέὰὥὶ3ὥ (ὗίέὰὥὶ,3ὥ (ὸ Ĭ 3)) + 

 ὅὫ (ὗίέὰὥὶ (ὸ)) + ὅὬ(ὗὭὲὸὩὶὲὥὰ (ὸ)) (1) 

 

Model 2: static model including the indoor surface temperatures 

In the second model of (Jurado López, 2017), the indoor surface temperature is included along with the 

independent variable outdoor temperature, resulting in an impressive R2 value range of 96% to 99%. By 

excluding the indoor surface temperatures it was possible to exclude the other variables; ὝὭὲὨέέὶ, Ὕέόὸ ὃὌὟ, 
ὠύὭὲὨ, ὗίέὰὥὶ & ὗὭὲὸὩὶὲὥὰ. This could be done because the influences of these variables on the heating or 

cooling demand are captured by the thermal mass of the building. The general equation of the second model 

is: 

 

ὗὨὩάὥὲὨ (ὸ)[ὡ] = ὧέὲίὸὥὲὸ + ὅὥ (ὝέόὸὨέέὶ (ὸ)) + ὅὪ (ὝὭὲὨέέὶίόὶὪὥὧὩίὸ (ὸ)) (2) 

 

2.3 Model methodology 

The research of Jurado López (2017) is, to the best of our knowledge, the only study that has been conducted 

using a multivariate linear regression model with the indoor surface temperature as a data input. Heat is stored 

within the thermal mass and released when the indoor temperature is lower than the temperature of the 

thermal mass. The indoor surface temperature has a damping effect on the heat transfers within the building. 

By including the indoor surface temperature as one of the data inputs of a linear regression model, the number 

of variables could be reduced. Jurado López (2017) has developed a multivariate linear model with only inputs 

from the outdoor temperature and the indoor temperature. The heating demand is predicted during the 

opening hours of three TU Delft buildings. However, there was no actual data available, a physical-based model 

was used to simulate the data inputs. The research gap is that this model needs to be validated with actual 

data, and further improved to predict the heating demand for 7 hours. This prediction time is set by the 

Brains4Buildings project, considering the prediction horizon of the other parts of MPC, for example the 

electricity market and the power plants. 
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The key objective of building a mathematical model with the linear regression model is to combine variables, 

to define a correlation to predict the heating or cooling demand of a building. Equation (3) shows the analytical 

form of a multivariate linear regression model to model the heating or cooling demand. The dependent variable 

(in this case the heating or cooling demand) is predicted with the use of independent variables and 

coefficients. Examples of used independent variables are weather conditions and measured temperatures. 

These independent variables can be measured, which makes this model relatively simple to use. In the case 

there are multiple independent variables, a multivariate regression model is developed. The building and 

system characteristics are captured in the coefficients, which are obtained from training the model with 

historical data. The building and system characteristics are not always known, for example, in a white box 

modelling method, however, with this type of model, a grey box modelling method, these building and system 

characteristics do not need to be exactly known. 

 

ὗὭ = ὅέ + В #Ê Ͻ 8ÉȟÊ (3) 

 

Å ὗ: the dependent variable, the (hourly) heating or cooling demand. 

Å ὅ0: the constant, expected value of the dependent variable when all the independent variables are set to 

zero. This constant is in most case positive (when the dependent variable is positive), however, it can be 

negative when the model is inaccurate, which results in a compensating constant. 

Å ὅὭ: the coefficient corresponding to the impact of the independent variable on the dependent variable. 

Å ὢὭ: the independent variable, with m parameters. 

 

Per time step the heating or cooling demand is calculated with this formula, where the independent variables 

are changing per time step, which results in a different heating or cooling demand per time step. The 

dependent and independent variables are known, and with this data, the model is trained to determine the 

best-fitted coefficients (that corresponds to the relation between the dependent and independent variables) 

and the constant. 

With this approach, the most significant parameters are chosen to determine the heating or cooling demand 

with the highest accuracy possible. This accuracy is determined by the pre-selection of the parameters, to be 

candidate to use in the model. The selection of parameters will be based on the thermal energy balance. With 

these parameters, all different possible linear equations are tested based on the stepwiselm function in 

MATLAB. The accuracy and the selection of the parameters are established with a search procedure and 

statistical criteria described further in this section. With this MATLAB function it is possible to use ôlinearõ or 

ôinteractionsõ in the stepwiselm code. The first option includes only the independent variables as a single data 

input, for example, the outdoor temperature (╣▫◊◄▀▫▫►). The second option, gives the possibility to use a 

combination of two independent variables, which are correlated to the heating or cooling demand, for example 

the outdoor temperature (╣▫◊◄▀▫▫►) and the indoor temperature (╣░▪▀▫▫►╪░►). There are two options of 

combing these two independent variables, it could be multiplied by each other or divided by each other, the 

function determines which option has the most influence on the heating or cooling demand. 

As the multivariate linear regression model is categorized as a grey box model, the independent variables are 

selected on this thermal energy balance. The thermal energy balance is rewritten to a multivariate linear 

regression equation, shown in Equation (4).  

 

ὗὨὩάὥὲὨ [ὡ] = ὅέ + ὅ1 (ὝέόὸὨέέὶ Ĭ ὝὭὲὨέέὶὥὭὶ) + ὅ2 (ὝὪὰέέὶ Ĭ ὝὭὲὨέέὶὥὭὶ) + ὅ3 (Ὕέόὸ ὃὌὟ Ĭ 

ὝὭὲὨέέὶὥὭὶ) + ὅ4 (ὠύὭὲὨ ā (ὝέόὸὨέέὶ Ĭ ὝὭὲὨέέὶὥὭὶ)) + ὅ5 (ὗίέὰὥὶ) + ὅ6 (ὗὭὲὸὩὶὲὥὰ) + 

ὅ7 (ὝίόὶὪὥὧὩ Ĭ ὝὭὲὨέέὶὥὭὶ) (4) 

 

In Table 2.1 an overview is given of the physical significance of the coefficients. The coefficients are calculated 

by the multivariate linear regression model, therefore the associated variables in Table 2.1 do not need to be 

included in the model. 
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Table 2.1. Overview of the physical significance of model coefficients. 

Coefficient Physical significance 

ὅ1 ὅ1 ~ × ὟὭ ā ὃὭ 

ὅ2 ὅ2 ~ ὟὪὰέέὶ ā ὃὪὰέέὶ 

ὅ3 ὅ3 ~ ὓὺὩὲὸ ā ὅὴ ὥὭὶ 

ὅ4 ὅ4 ~ (άέὴὩὲὭὲὫί + άὧὶὥὧὯί) ā ὅὴ ὥὭὶ 

ὅ5 ὅ5 ~ ὩὪὪὩὧὸ έὪ ίέὰὥὶ ὶὥὨὥὸὭέὲ έὲ ὸὬὩὶάὥὰ ὨὩάὥὲὨ 

ὅ6 ὅ6 ~ ὩὪὪὩὧὸ έὪ ὭὲὸὩὶὲὥὰ ὬὩὥὸ ὫὥὭὲί έὲ ὸὬὩὶάὥὰ ὨὩάὥὲὨ 

ὅ7 ὅ7 ~ ‌Ὥ ā ὃὭὲὨέέὶίόὶὪὥὧὩ 

 

The variables that could be included in the model to follow the thermal energy balance, based on Equation (2) 

are: 

¶ ὝέόὸὨέέὶ: outdoor temperature 

¶ ὝὭὲὨέέὶὥὭὶ: indoor air temperature 

¶ ὝὪὰέέὶ: floor temperature 

¶ Ὕέόὸ ὃὌὟ: temperature of ventilation air entering the room 

¶ ὠύὭὲὨ: wind speed 

¶ ὗίέὰὥὶ: solar heat gains 

¶ ὗὭὲὸὩὶὲὥὰ: internal heat gains 

¶ ὝίόὶὪὥὧὩ: indoor surface temperature 

The multivariate linear regression model will calculate the coefficients of each variable and will determine if a 

variable needs to be included based on the statistical validation and search procedures as described further 

in this section. In this research, the choice is made to exclude ╣▫◊◄ ═╗╤ as an independent variable, to avoid 

double counting as this variable is used to calculate the heating and cooling supply of the ventilation. 

 

 

 

To build a multivariate linear regression model with dependent variables and independent variables, a 

statistical validation and search procedure is used, to select the significant variables. 

The data for the opening hours is split up into two parts: 

1. Training data set: the first part (80% of the data set) including the heating or cooling demand is used 

to train the model. 

Figure 2.1 Static and Dynamic energy model. 
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2. Test data set: The other 20% of the data set is used with the developed model to predict the heating 

or cooling demand. The accuracy of the prediction is determined by the comparison between the 

heating or cooling demand of the dataset and the predicted heating or cooling demand. 

The model is created using the MATLAB statistical toolbox's stepwise regression function. This function helps 

to develop a regression model for the dependent variable - in this case, either the heating or cooling demand 

- based on different independent variables. By testing various independent variables, the function determines 

the most effective combination of variables to accurately predict and model the thermal power. The statistical 

validation and search procedure consists of the following three major concepts: 

1. Residuals of the data set: Residuals refer to the discrepancy between the predicted or modelled 

dataset and the actual observed data. The ultimate objective of utilizing a model is to ensure that the 

predictions are as accurate as possible. Therefore, the mean of the residuals must be (almost) zero 

for each value of X, the variance is approximately constant for all X values, and the distribution 

conforms to a normal distribution. 

2. Individual significant level of the variablesõ coefficients estimated: The significance of variable 

coefficients is assessed using p-values and t-statistics to test hypotheses and determine the 

significance of independent variables to determine which variables need to be included in the linear 

regression model (Chatzithomas et al., 2015). 

a. The p-value measures the probability that the observed data would occur under the null 

hypothesis, indicating the statistical significance of the results. A p-value below 0.05 is 

indicative of statistical significance and allows for the rejection of the null hypothesis. The 

parameters with a p-value of less than 0.05 will be included in the model while parameters 

with a p-value greater than 0.1 will be removed. These thresholds are based on the stepwise 

regression function. 

b. The t-statistics provides information on the significance of a variable's contribution to the 

model. A higher t-statistic value indicates a greater contribution to the fit of the curve. 

c. With each introduction of an independent variable in the model, the p-values and the t-

statistics will be calculated. The variables with a p-value between the range will be included 

in the model and their priority will be determined based on their t-statistics. 

3. Significance of the model: Once the independent variables have been chosen, it is crucial to evaluate 

the model's significance. There is a risk of overfitting the model if too many independent variables are 

selected, which can lead to poor predictive performance. The model may become too sensitive to 

minor changes in the training dataset, resulting in overreacting to these changes. To avoid this, the 

metrics used include: the coefficient of determination (R2), the adjusted coefficient of determination 

(R2 adjusted), and the root mean square error (RMSE). 

a. The coefficient of determination (R2) is a statistical measure that determines the accuracy of 

a model to predict the dependent variable. The goal is to achieve the highest R2 possible, but 

this could result in overfitting (Everitt & Skrondal, 2020). To avoid this, the adjusted R2 and 

RMSE are used. 

b. The adjusted coefficient of determination (R2 adjusted) is a measure of how well the data 

points fit on a curve or line, which takes into account the number of terms used in the model. 

The R2 adjusted value will increase when significant parameters are added to the model but 

will decrease when less significant or non-significant parameters are added (Everitt & 

Skrondal, 2020). Also the R2 adjusted value is normally positive, but can be in the case of a 

very inaccurate model negative, what can be caused by insignificant variables, what results in 

adding noise instead of information. 

c. The Root Mean Square Error (RMSE) indicates the standard deviation of the actual data points 

from the regression line. A lower RMSE indicates a relatively good prediction of the dependent 

value (Everitt & Skrondal, 2020). 

Within the research of Jurado López (2017), the time delay (ὲ) of the internal heat gains and the solar heat 

gains are determined with the use of a graph of the normalized independent variables and the dependent 

variable: heating or cooling demand. This is used in dynamic models as shown in Error! Reference source not 

found.. In this project the delay was determined by the cross-correlation function in MATLAB. This function 

calculates based on the Pearson-correlation coefficient at which time delay the correlation between the 

independent variable and the dependent variables is the strongest. Thereby the maximum possible time delay 

is set on 1 day (144 timesteps with timesteps of 10 minutes). In contrast to the scope of this research: the 

opening hours, the time delay is calculated with the data set of all the hours. With this the independent variable 

values of before the opening hours are also included. For the static models the data set for only the opening 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      13/ 99 

hours is used. In the case of the dynamic model the dataset of all the hours is used, whereby the condition is 

set that only the heating or cooling demand is included during opening hours, whereby it is possible to use the 

values of the delayed independent variables from before the opening hours. The independent variables with 

a delay are included twice, first with the current value, so at moment t, second with the delayed value, at 

moment t ð n. It was not possible to use the values between these two points, because the modelling time 

exceeded the practical use. 

2.4 Case study 

The selected case study building for this research is Haagse Hogeschool (The Hague University of Applied 

Sciences) located in Delft, Netherlands. This building serves as a highly relevant testbed for predictive 

modelling due to its diverse room functions, variable occupancy patterns, and modern HVAC infrastructure, 

which allows for an in-depth analysis of heating and cooling demand variations under real operational 

conditions. 

The building under study is a multi-functional academic facility comprising classrooms, lecture halls, faculty 

offices, study areas, and research laboratories, each of which exhibits unique thermal characteristics due to 

differences in occupancy density, ventilation rates, internal heat gains, and exposure to external weather 

conditions. The facility is designed with high-performance insulation materials, double-glazed windows, and 

mechanical ventilation with heat recovery, making it a relatively energy-efficient structure that aligns with 

modern sustainable building design standards. 

The description of building characteristics, HVAC system and operating characteristics can be found in Chapter 

4 of the master thesis of Sanne van Dorp (van Dorp, 2024). 

To ensure that the developed predictive model was evaluated under different operational conditions, two 

distinct types of rooms within the Haagse Hogeschool building were selected as test environments for data 

collection and model validation. These rooms were chosen based on the following scientific criteria: 

¶ Differentiation in occupancy levels ð One room was selected with a stable and predictable occupancy 

pattern, while the other exhibited highly variable occupancy throughout the day. 

¶ Differences in internal heat gains ð The thermal demand in each room type was influenced by heat 

emissions from occupants, lighting, and electronic devices, creating distinctive energy profiles. 

¶ Varying solar exposure ð The rooms differed in window orientation and exposure to solar radiation, 

allowing the study to incorporate the effect of solar heat gains on energy demand. 

Error! Reference source not found. and Figure  show the selected rooms. Further, Figure 2.1 shows the 

additional temperature sensors mounted on the surfaces while Figure 2.2 shows the positions of these 

sensors in both the selected rooms. In addition, Table 2.2 summarizes the characteristics of the selected 

rooms and the experiment period. 

 

Figure 2.2 Map of the test zone with the selected rooms. 
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Figure 2.3 Selected rooms.             a) Office.           b) Classroom. 

Figure 2.1 Temperature sensor to measure the wall temperature. 

Figure 2.2 Position of sensors to measure the surface temperatures in both the office room and the classroom. 
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Table 2.2. Characteristics of the selected rooms. 

 Room 1.071 Room 1.074 

Type Office room teacher Classroom 

Adjacent to Outside façade Courtyard 

Orientation South-East North East 

Room capacity (no. of people) 6 46 

Measurement period 
08/03/2024 -22/03/2024 

(11 working days) 

22/03/2024 -11/04/2024 

(15 working days) 

Number of data points (opening 

hours) 
851 1173 

Area (m2) 50.82 78.11 

Volume (m3) 152.46  234.33  

 

2.5 Results 

 

Data preparation 

 

Weather data: Sensors are placed outside the building to measure weather parameters. The relevant 

parameters are wind speed, light intensity at different orientations and outdoor temperature. The light intensity 

is measured in lux, however with a factor it is possible to calculate the horizontal global solar radiation in W/m2 

(Michael et al., 2020), the influence of the sun will remain the same, and because of this, the choice is made 

to use the measured light intensity. In contrast to the data per 10 minutes from the parameters inside the 

building, the weather parameters are measured per 8 minutes. Therefore, the weather data is interpolated in 

MATLAB to convert the time step from 8 to 10 minutes. 

 

Internal Heat gains are calculated using the below equation 

ὗὭὲὸὩὶὲὥὰ = ὲὴὩέὴὰὩ ā (ὗὦέὨώ + ὗὥὴὴὰὭὧὥὸὭέὲί) + ὃὧὩὭὰὭὲὫί ā ὗὰὭὫὬὸ + ὗίάὥὶὸὦέὥὶὨ (5) 

with:  

Å ὲὴὩέὴὰὩ : number of people 

Å ὗὦέὨώ : heat gain per person [W] (office = 117, classroom = 117) 

Å ὗὥὴὴὰὭὧὥὸὭέὲί : heat gain applications [W] (office = 80, classroom = 40) 

Å ὃὧὩὭὰὭὲὫί: total area of all the ceilings [m2] (office = 50.82, classroom = 78.11) 

Å ὗὰὭὫὬὸ : heat gain artificial light [W/m2] (office = 14, classroom = 14) 

Å ὗίάὥὶὸὦέὥὶὨ : heat gain smartboard [W] (office = 0, classroom = 175) 

 

Equation (5) is used in a code in MATLAB to calculate the internal heat gains. In the code, it is added that there 

can be only an internal heat gain when there are people in the room, otherwise, the lightning is not switched 

on (as they are occupancy regulated) and the smartboard is not used. The values of ὗὦέὨώ, ὗὥὴὴὰὭὧὥὸὭέὲί 

and ὗίάὥὶὸὦέὥὶὨ are based on the values in (Itard, 2011). ὗὥὴὴὰὭὧὥὸὭέὲί is the heat gain of applications, in 

this case, laptops. The value is higher for the office as there are desktops used. 

Heating and cooling demand: The Haagse Hogeschool building in Delft is heated or cooled with floor heating 

and cooling, additional panels on the ceiling, and mechanical ventilation (as described in previous section). 

The total heating and cooling is calculated with Equation (6). When QὨὩάὥὲὨ is negative (< 0 W), there is a 

cooling supply, when QὨὩάὥὲὨ is positive (> 0 W), there is a heating supply. 

 

QὨὩάὥὲὨ = QὨὩάὥὲὨ,Ὢὰέέὶ + QὨὩάὥὲὨ,ὴὥὲὩὰ + QὨὩάὥὲὨ,ὺὩὲὸὭὰὥὸὭέὲ [W] (6) 
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Indoor surface temperatures: In the two rooms the indoor surface temperature is measured for around two 

weeks, the exact measurement periods are shown in Table 2.22. The placed sensors are shown in Figure 2.2. 

Unfortunately, not all the data points were possible to use, because the measured temperatures were very 

high or low and/or the sensors had fallen off the wall. The data set is analysed and the measurements that 

were in line with the air temperatures are selected to use in the model, as shown in Table 3. Unfortunately, no 

indoor surface temperature is measured on the floor (with a relatively high thermal mass), because the sensors 

were replaced or extreme temperatures were measured, however, in the classroom the surface temperature 

of the concrete pillar, with a high thermal mass, is measured. 

 

Table 2.3. Overview of the used indoor surface temperature measurements, where X indicates the not used measurements,    

ṉ indicates the used measurements and N/A indicates that this measurement does not exist. 

Indoor surface temperature Office Classroom 

Window ṉ X 

Floor  X X 

Ceiling ṉ ṉ 

System walls( 2/3) ṉ ṉ 

Concrete pillar X ṉ 

Glass wall ṉ N/A 

Inside of the outer wall ṉ ṉ 

 

Data Analysis 

Heating and cooling demand 

First, the calculated heating and cooling demand in the above subsection is analysed. The heat and cold 

delivered by the three systems are shown in Table 4. In the office, there is a much higher heating demand than 

cooling demand, which is reversed for the classroom. This could be explained by the lower temperature set 

point of the classroom of 21 °C, and 21.5 °C for the office. Also, the internal heat gains are expected to be 

higher for the classroom than for the office, because of the fact the maximum number of people is higher in 

the classroom, with less space per person. 

The heat and cold in the office are mostly supplied by the floor system, followed by the ventilation and the 

panel of the office. In the classroom, the biggest supplier of heat and cold is also the floor system, followed by 

the panels and the ventilation. 

 

Table 2.4. Total heating and cooling demand, delivered by the floor, panel and ventilation system for both rooms. 

 Office (3/8/2024 ð 3/22/2024)  Classroom (3/22/2024 ð 4/11/2024)  

 
Heat 

[kWh] 

Share 

[%] 

Cold 

[kWh] 

Share 

[%] 

Heat 

[kWh] 

Share 

[%] 

Cold 

[kWh] 

Share 

[%] 

Floor 54.7 0.9 12.5 57.3 6.2 91.2 34.6 52.6 

Panels - - 3.7 17.2 0.4 6.3 15.3 23.3 

Ventilation - - 5.5 25.4 0.2 2.4 12.5 19 

Total 54.7 100 21.7 100 6.8 100 62.4 100 

 

In Figure 2.3 and Figure 2.4 the heating or cooling demand is shown per hour of the day for one week for each 

room, which gives insight into the distribution of the heating or cooling demand over the day. In contrast to the 

other analysis, the thermal demand during closing and opening hours is included. In the office the heating 

demand is much higher than the cooling demand, this can also be seen in Figure 2.7. There is almost a 

constant supply of cold, which is from the ventilation, there is a peak during the Midday of Thursday. Heating 

starts during the early hours of the day, but remarkable is the heating demand on Monday and Wednesday 

evening. In the classroom there is more cooling demand than heating demand, which is also shown in Figure 

2.7. The peaks of cooling demand occur during opening hours on Monday until Wednesday. On Thursday there 

is a peak of heating. Also, in the office there is almost a constant supply of cold, which is supplied by the 

ventilation system. 
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Correlation analysis 

In Figure 2.5 the correlation matrix is shown for the cooling demand of the office. Except the return 

temperature of the floor and panel, all the independent variables have a positive correlation with the heating. 

The range of the absolute value of the correlation coefficient is between 0.08 (internal heat gains and solar 

light intensity east) and 0.53 (indoor air temperature and surface temperature of system wall 1). In contrast 

to the heating demand, there are more variables with a strong relation (surface temperatures of system wall 

1 and glass wall and the indoor air temperature). The correlations between the independent variables and the 

cooling demand are stronger than the heating demand in the office, and a high accuracy is expected. 

In Figure 2.6 the correlation matrix is shown for the cooling heating of the classroom, with a maximum of 0.50 

and a minimum of 0.01. The strongest correlation is between the surface temperature system wall 3 and the 

cooling demand. Most of the correlations have a positive correlation, except the wind speed and the surface 

temperature of system wall 1. There are 5 moderate and strong correlations, which give the expectation that 

the accuracy of the cooling model will be higher than the accuracy of the heating demand of the classroom. 

Figure 2.3 Heatmap of heating and cooling demand for the classroom, NaN= 0 W. 

Figure 2.4 Heatmap of heating and cooling demand for the office room, NaN= 0 W. 
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Multivariate linear regression model 

In the study of Jurado López (2017) two models are developed to model the heating demand during opening 

hours, whereby simulated data is used. The first model (Model A) is a static model that includes only as 

independent variables the outdoor temperature and the indoor surface temperatures. In most cases, the 

indoor surface temperature is not known, a second model (Model B) was developed with independent 

variables: the outdoor temperature, the indoor air temperature, internal heat gains, heat gains from solar 

radiation, and wind speed. This model is dynamic, the internal heat gains and the heat gains from solar 

radiation are included from time steps before. 

Figure 2.6: correlation matrix of the cooling demand in the classroom. 

Figure 2.5: correlation matrix of the cooling demand in the office. 
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As mentioned in the Methodology section, the data for the opening hours is split into training and testing 

sections with 80% used for training(modelling) and 20% used for testing (prediction). 

 

Model A: Static model with outdoor and indoor surface temperatures. This model is trained with the following 

independent variables; outdoor temperature and indoor surface temperatures. 

 

Office 

The Equations from the model derived in MATLAB for the office are Equation (7) for heating and Equation (8) 

for cooling. In Table 2.5 the corresponding values, T-statistics, and P-values for the coefficients in Equation (7) 

and 8 are shown. The independent variables with a P-value > 0.05 are excluded. For both thermal modes, the 

outdoor temperature and the surface temperature of the window are included. The surface temperature of the 

window corresponds in contrast to the other indoor surface temperatures the most with the weather conditions 

due to the lower Rc-value than the walls in the room and the direct contact with the outdoor. For the heating, 

the surface temperature of system wall 1 is also included. With these independent variables, an accuracy of 

17.76% is achieved. In Figure 2.7 an underestimation of the heating demand is shown, where the pattern of 

the modelled thermal demand is smooth in comparison to the more fluctuating pattern of the actual thermal 

demand. Besides the overlapping included independent variables with the heating demand, the surface 

temperatures of the glass wall and system wall 2 are included in the cooling model, where an accuracy of 

34.70% is achieved. In Table 2.6, the RMSE for both rooms is shown, with a percentage of the maximum 

heating or cooling demand. The RMSE for the heating model is higher than the cooling demand. This is 

explained by the fact that there are more cooling data points (649) than heating data points (116) which 

makes the cooling model more trained. Together with the stronger correlations with the independent variables 

for the cooling model as concluded from the correlation matrixes, a higher accuracy of the cooling model in 

comparison to the heating model is achieved. 

With this model and the corresponding independent variables, a prediction of the heating and cooling demand 

is made Figure 2.8. In the case of the office, this is Thursday 21 March 2024 from 8 AM until 3 PM. During 

this period there is almost no cooling demand. The model is not able to model and predict a low or zero cooling 

demand, which results in an R2 value of -416.13%. Until 11 AM there is a heating demand. The predicted 

heating demand is underestimated during the heating demand period. After the actual heating demand, the 

model predicts a heating demand, with a high peak at 1 PM. This peak is due to a surface temperature 

decrease of 1.59 °C at 1:10 PM of the window, in comparison to the timesteps before. The model overacts to 

this temperature decrease, which results in an R2 value of -10.98%. 

 

ὗὨὩάὥὲὨ,ὬὩὥὸ,έὪὪὭὧὩ (ὸ) = ὅ0 + ὅ1 (ὝέόὸὨέέὶ(ὸ)) + ὅ2 (Ὕί,ύὭὲὨέύ(ὸ)) + ὅ3 (Ὕί,ίώίὸὩάύὥὰὰ1(ὸ)) (7) 

 

ὗὨὩάὥὲὨ,ὧέὰὨ,έὪὪὭὧὩ (ὸ) = ὅ0 + ὅ1 (Ὕί,έόὸὨέέὶ(ὸ)) + ὅ2 (Ὕί,ύὭὲὨέύ(ὸ)) + ὅ6 (Ὕί,Ὣὰὥίίύὥὰὰ(ὸ)) + 

ὅ7 (Ὕί,ίώίὸὩάύὥὰὰ2(ὸ)) (8) 

 

Table 2.5. Coefficient values of the independent variables, with the corresponding T-statistics and P-value of the heating and 

cooling Equation (7) and (8) derived from model A for the office. 

  Heating Cooling 

Coefficient Independent variable Value T-statistics P-value Value T-statistics P-value 

C0  14917  10.74 4.4e-25 -6175.00  -9.26 2.3e-19 

C1 Toutdoor(t) -54.53 -3.44 6.2e-4 17.84 2.92 3.6e-3 

C2 Ts,window(t) 58.55 3.71 2.2e-4 21.98 3.57 3.83e-4 

C3 Ts,systemwall1(t) -700.55  -9.54 2.1e-20    

C4 Ts,insideoftheouterwall(t)       

C5 Ts,ceiling(t)       

C6 Ts,glasswall(t)    427.27  10.43 8.1e-24 

C7 Ts,systemwall2 (t)    -164.44  -5.87 6.6e-9 
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Table 2.6. R2, R2 adjusted, and RMSE (with a percentage of the maximum heating or cooling demand in the corresponding 

period) of the modelling and prediction of the heating and cooling demand in the office with model A. 

 Heating Cooling 

 Modelling Prediction Modelling Prediction 

R2 17.76% -ve 34.7% -ve 

R2 adjusted 17.40% -ve 34.3% -ve 

RMSE [W] 847(18.6%) 1693(46%) 321(12.6%) 43.9(58%) 

 

 

 

 

Class room 

Remarkable for the model for the classroom is that the outdoor temperature is not included in the heating 

demand. This independent variable is included in the cooling demand Equation (9), however, the coefficient 

Figure 2.7 Actual and modelled heating and cooling demand by model A for the office from 8 until 20 March 2024. 

Figure 2.8 Actual and predicted heating and cooling demand by model A for the office on 21 March 2024 8 AM - 3 PM. 
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of the outdoor temperature has the lowest value in comparison to the coefficient values of the other 

independent variables. This corresponds with the very weak correlation shown in the correlation matrix 

between the heating demand and the outdoor temperature in the classroom. Another remarkable exclusion of 

an independent variable is the indoor surface temperature of system wall 1, on this wall a smart board is 

placed, however, from Equations (9) and (10), it is concluded that this does not significant influence on the 

heating and cooling demand. The heating demand is modelled by model A with a very low accuracy of 3.98%, 

where an accuracy of 58% is achieved for the cooling demand. This was expected due to the relatively small 

amount of heating data points: 225 over 842 cooling data points. Thereby there is in sum a much smaller 

amount of heat supplied than supplied cold. This means the model is less trained to model heat demand. 

Thereby there are no moderate or strong correlations with the independent variables in the heating correlation 

matrix. The RMSE of the heating demand is proportionally lower than for the cooling demand, however, there 

are only two peaks of heating demand in comparison to more and longer periods of cooling demand, shown in 

Figure 2.9 .The model is not able to reach the peaks of the heating demand, also the cooling demand is 

underestimated, but follows the pattern of the actual cooling demand. 

With model A, a prediction of the heating and cooling demand is made for 9 April from 8 AM until 3 PM. In 

contrast to the office, there is almost no heating demand and a high (fluctuating) cooling demand Figure 2.10. 

The model can predict a heating demand of 0 W, however, the model is not able to predict a heating demand 

at 10:30 AM. A higher heating demand at 11:50 AM is predicted. There are no big changes in the included 

indoor surface temperatures, that could cause this heating demand. An R2 value of -8.83% is achieved. A 

higher R2 value of 26.95% is reached by the prediction of the cooling demand. Model A is not able to reach 

the peaks of cooling demand but follows slightly the same pattern. 

 

ὗὨὩάὥὲὨ,ὬὩὥὸ,ὧὰὥίίὶέέά = ὅ0 + ὅ4 (Ὕί,ίώίὸὩάύὥὰὰ2(ὸ)) + ὅ5 (Ὕί,ὧέὲὧὶὩὸὩὴὭὰὰὥὶ(ὸ)) + 

ὅ6(Ὕί,ίώίὸὩάύὥὰὰ3(ὸ)) + ὅ7 (Ὕί,ὧὩὭὰὭὲὫ(ὸ)) (9) 

 

ὗὨὩάὥὲὨ,ὧέὰὨ,ὧὰὥίίὶέέά = ὅ0 + ὅ1(ὝέόὸὨέέὶ(ὸ)) + ὅ2 (Ὕί.ὭὲίὭὨὩέὪὸὬὩέόὸὩὶύὥὰὰ(ὸ)) +  

ὅ4 (Ὕί,ίώίὸὩάύὥὰὰ2(ὸ)) + ὅ5 (Ὕί,ὧέὧὲὶὩὸὩὴὭὰὰὥὶ(ὸ)) + ὅ6 (Ὕί,ίώίὸὩάύὥὰὰ3(ὸ)) + ὅ7 (Ὕί,ὧὩὭὰὭὲὫ(ὸ)) (10) 

 

Table 2.7. Coefficient values of the independent variables, with the corresponding T-statistics and P-value of the heating and 

cooling Equation (9) and (10) derived from model A for the classroom. 

  Heating Cooling 

Coefficient Independent variable Value T-statistics P-value Value T-statistics P-value 

C0  113 0.46 0.645 -669.94  -1.46 0.14 

C1 Toutdoor(t)    22.73 3.3 9.8e4 

C2 Ts,window(t)    354.44  3.45 5.8e-4 

C3 Ts,systemwall1(t)       

C4 Ts,insideoftheouterwall(t) -215.7 -3.53 4.3e-4 -1022.1  -8.5 4.6e-17 

C5 Ts,ceiling(t) -91.7 -2.44 0.01 544.41  6.51 1.2e-10 

C6 Ts,glasswall(t) 173.3 4.19 3e-5 1547.3  18.26 2.4e-4 

C7 Ts,systemwall2 (t) 129.7 3.39 7.1e-4 -1385.3  -18.26 2.7e-4 

 

Table 2.8. R2, R2 adjusted, and RMSE (with a percentage of the maximum heating or cooling demand in the corresponding 

period) of the modelling and prediction of the heating and cooling demand in the classroom with model A. 

 Heating Cooling 

 Modelling Prediction Modelling Prediction 

R2 3.98% -ve 58.00% 26.95% 

R2 adjusted 3.59% 30% 57.7 11.91% 

RMSE [W] 225(4.83%) 38.94(15.8%) 407(10.6%) 755.6(24.2%) 
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The two developed models of Jurado López (2017) are in the case of actual data, not able to model and predict 

the heating and cooling demand. Therefore, the following improvements will be tested and analysed. The 

overview of the models is presented in Table . 

¶ Using the total thermal demand (Model C): For both rooms, models A and B are better at modelling 

the cooling demand than the heating demand. The cooling demand has stronger correlations with the 

independent variables than the heating demand, thereby for both rooms there are more cooling data 

points than heating data points. Making one model for the total thermal demand per room could solve 

these model problems. 

¶ Use of temperature differences (Model D): In the study of Jurado López (2017), the choice is made to 

use the different temperatures separately instead of the temperature differences. 

¶ Using all the independent variables based on the thermal energy balance (Model E): There is a need 

for more (or other) independent variables as the heating and cooling demand is not accurately 

modelled and predicted by models A and B. A higher accuracy would be tried to achieve by including 

Figure 2.9 Actual and modelled heating and cooling demand by model A for the classroom from 22 March until 8 April 2024. 

Figure 2.10 Actual and predicted heating and cooling demand by model A for the classroom on 9 April 2024 8 AM - 3 PM. 
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all the independent variables based on the thermal energy balance. This makes it also possible to 

compare the results of using temperature differences instead of the single independent variables as 

input based on the thermal energy balance. 

¶ Selecting independent variables based on correlation matrix (Model F1): From models A and B, the 

inclusion and exclusion of the independent variables correspond to the calculated Pearson correlation 

coefficients shown in the correlation matrix. Thereby the heating and cooling demand is 

underestimated, which can be caused by missing independent variables. By selecting the independent 

variables based on their Pearson correlation coefficients, a high accuracy is expected. 

¶ Allowing interaction between independent variables (Model F2): As shown in the correlation matrixes, 

there are several strong correlations between independent variables and the heating or cooling 

demand. In the stepwiselm function of MATLAB there is the possibility to allow the inclusion of 

including the correlation between independent variables. 

 

Table 2.9. Overview of the used models for heating and cooling for each model, with the used independent variables and the 

R2 values. 

Model Static/dynamic Independent Variables Room Energy model R2 modelling R2 prediction 

A Static Ὕί,ίόὶὪὥὧὩί (ὸ), ὝέόὸὨέέὶ (ὸ) 

Office 
Heating 17.8% -ve 

Cooling 34.7% -ve 

Classroom 
Heating 3.4% -ve 

Cooling 58.0% 26.7% 

B Dynamic 

ὝέόὸὨέέὶ (ὸ), ὝὭὲὨέέὶὥὭὶ (ὸ), 
ὡὭὲὨίὴὩὩὨ(ὸ),  

ίέὰὥὶ ὰὭὫὬὸ ὭὲὸὩὲίὭὸώ(ὸ), 

ὗὭὲὸὩὶὲὥὰ (ὸ),  

ίέὰὥὶ ὰὭὫὬὸ ὭὲὸὩὲίὭὸώ (ὸ Ĭ ὲ), 
ὗὭὲὸὩὶὲὥὰ (ὸ Ĭ ὲ) 

Office 
Heating 24.7% -ve 

Cooling 43.5% -ve 

Classroom 

Heating 1% -ve 

Cooling 44.9% -ve 

C1 Static Ὕί,ίόὶὪὥὧὩί (ὸ), ὝέόὸὨέέὶ (ὸ) 
Office Combined 31.5% -ve 

Classroom Combined 50.9% 24.4% 

C2 Static 

ὝέόὸὨέέὶ (ὸ), ὝὭὲὨέέὶὥὭὶ (ὸ), 

ὡὭὲὨίὴὩὩὨ(ὸ),  

ίέὰὥὶ ὰὭὫὬὸ ὭὲὸὩὲίὭὸώ(ὸ), 

ὗὭὲὸὩὶὲὥὰ (ὸ),  
ίέὰὥὶ ὰὭὫὬὸ ὭὲὸὩὲίὭὸώ (ὸ Ĭ ὲ), 

ὗὭὲὸὩὶὲὥὰ (ὸ Ĭ ὲ) 

Office Combined 36.9% -ve 

Classroom Combined 33.9% -ve 

D Dynamic 

ὝέόὸὨέέὶ Ĭ ὝὭὲὨέέὶ (ὸ), ὠύὭὲὨ 

ā (ὝέόὸὨέέὶ Ĭ 

ὝὭὲὨέέὶ )(ὸ), ὗίέὰὥὶ (ὸ), 

ὗὭὲὸὩὶὲὥὰ (ὸ), (ὝὭὲὨέέὶ Ĭ 

ὝίόὶὪὥὧὩ(ὸ), ὝέόὸὨέέὶ Ĭ 

ὝὭὲὨέέὶ (ὸ Ĭ ὲ), (ὠύὭὲὨ ā 

(ὝέόὸὨέέὶ Ĭ ὝὭὲὨέέὶ )(ὸ Ĭ ὲ), 
ὗίέὰὥὶ (ὸ Ĭ 

ὲ), ὗὭὲὸὩὶὲὥὰ (ὸ Ĭ ὲ), (ὝὭὲὨέέὶ 

Ĭ ὝίόὶὪὥὧὩ(ὸ Ĭ ὲ) 

Office 

Heating 25.4% -ve 

Cooling 43.9% -ve 

Classroom 

Heating 4.4% -ve 

Cooling 62.8% 34.7% 

E 

Dynamic  Office  Heating 40.3 -ve 

Static  
Classroom 

Heating 4.4% -ve 

Dynamic  Cooling 64.1% 35.3% 

F1 Dynamic 

ὝίόὶὪὥὧὩ(ὸ), ὝίόὶὪὥὧὩ (ὸ Ĭ ὲ), 
ὝὭὲὨέέὶ (ὸ Ĭ ὲ) 

Office 

Heating 29.9% -ve 

ὝίόὶὪὥὧὩ(ὸ), ὗίέὰὥὶ (ὸ), 
ὝίόὶὪὥὧὩ(ὸ Ĭ ὲ),  

ὗίέὰὥὶ (ὸ Ĭ ὲ) 

Cooling 39.4% -ve 

ὝίόὶὪὥὧὩ (ὸ), ὗὭὲὸὩὶὲὥὰ (ὸ), 

ὝίόὶὪὥὧὩ (ὸ Ĭ ὲ) 
Classroom Cooling 48.3% 36.6% 
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Model Static/dynamic Independent Variables Room Energy model R2 modelling R2 prediction 

F2 

Dynamic 

ὗίέὰὥὶ (ὸ), ὝίόὶὪὥὧὩ (ὸ), 
ὝέόὸὨέέὶ (ὸ), ὝὭὲὨέέὶὥὭὶ (ὸ),  

 ὝίόὶὪὥὧὩ (ὸ Ĭ ὲ), ὝέόὸὨέέὶ (ὸ 

Ĭ ὲ) 

Office 

Heating 69.7% -ve 

ὝίόὶὪὥὧὩ(ὸ), ὗίέὰὥὶ (ὸ), 
ὗὭὲὸὩὶὲὥὰ (ὸ), ὝὭὲὨέέὶὥὭὶ (ὸ),  

 ὝίόὶὪὥὧὩ (ὸ Ĭ ὲ), ὗίέὰὥὶ (ὸ Ĭ 
ὲ), ὗὭὲὸὩὶὲὥὰ (ὸ Ĭ ὲ),  

ὝὭὲὨέέὶὥὭὶ (ὸ Ĭ ὲ), ὝέόὸὨέέὶ(ὸ 

Ĭ ὲ) 

Cooling 78.57% -ve 

Static 
ὝίόὶὪὥὧὩ(ὸ), ὗίέὰὥὶ(ὸ), 

ὝὭὲὨέέὶὥὭὶ (ὸ), ὝέόὸὨέέὶ (ὸ) 

Classroom 

Heating 22.5% -ve 

Dynamic 

ὝίόὶὪὥὧὩ (ὸ), ὗίέὰὥὶ(ὸ), 

ὝὭὲὨέέὶὥὭὶ (ὸ), ὝέόὸὨέέὶ (ὸ),  
ὝίόὶὪὥὧὩ (ὸ Ĭ ὲ), ὗίέὰὥὶ (ὸ Ĭ 

ὲ), ὝέόὸὨέέὶ (ὸ Ĭ ὲ) 

Cooling 77.4% 35.6% 

 

2.6 Discussion 

 

The first two developed models (A and B) followed the approach of Jurado López (2017). Model A is a static 

model which uses only the indoor surface temperatures and the outdoor temperature. R2 values between 

3.98% and 58% were reached for modelling the heating and cooling demand. Only for the prediction of the 

cooling demand a positive R2 was achieved. Model B is a dynamic model where the indoor surface 

temperatures were replaced by current and delayed (calculated by cross-correlation) internal heat gains and 

solar light intensities, an R2 value of 0.93% - 44.53%. This model is not able to predict the heating or cooling 

demand with a positive R2 value. To overcome the problem of limited heating demand data points, model C is 

developed to model the thermal demand with the Approach of Model A, resulting in model C1 and with the 

Approach of Model B, resulting in Model C2. The R2 value of these models is between the R2 values of the 

heating and cooling demand in models A and B, not resulting in a better modelling and predicting result. After 

that, model D is developed, where the temperature difference was used instead of single data inputs. To 

determine if this increased the accuracy, a comparison is made with model E, where all the independent 

variables based on the thermal energy balance, were used. Higher R2 values (4.39% - 64.08%) were achieved 

by model E than model D. Lastly model F is developed to reduce the independent variables, to overcome the 

problem of overfitting and complexity. Independent variables were selected based on the Pearson-correlation 

matrixes, where in model F1 the directly moderate or strong correlated independent variables were selected 

and in model F2 the independent variables were selected that had a moderate or strong correlation with the 

heating or cooling demand with another independent variable. The highest R2 values of the model are 

achieved by model F2, however, this was only the case for modelling the heating and cooling demand, the 

model is not able to predict the heating or cooling demand, due to overfitting. 

This study examined whether a multivariate linear regression model can predict heating and cooling demand, 

but several limitations were identified. 

¶ Data Incompleteness and Quality: The research relied on actual test data from Jurado López (2017) 

using simulated data, but critical measurements were missing. Solar radiation data was unavailable, 

so solar light intensity from south, east, and west directions was used instead of a true north-facing 

measurement. Additionally, the flow within the floor system was not directly measured, and valve 

positions were used instead, potentially oversimplifying real valve behavior. Occupancy data, 

important for internal heat gains, was also incomplete and had to be estimated based on room type 

rather than actual counts. Finally, indoor surface temperature sensors, particularly on the floor ñ the 

buildingõs largest thermal mass ñ provided unreliable data due to sensor failures, further complicating 

thermal process analysis. 

¶ Model Structure and Limitations: The model excluded the AHU input temperature to avoid double 

counting, opting to use indoor air temperature instead since it regulates heating and cooling demand. 

However, the multifunctionality of the ventilation system ñ which prioritizes air quality and may supply 

heating or cooling regardless of demand ñ introduced discrepancies. Temperature set points, which 

could influence demand, were also neglected due to lack of stored data. 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      25/ 99 

¶ While the dynamic model showed high accuracy (76.5ð86.1%) in  modelling demand, multicollinearity 

among independent variables led to unreliable coefficient estimates, including unexpected negative 

values. Overfitting and endogeneity further reduced predictive accuracy, as the modelõs assumptions 

about cause and effect did not hold true in practice. Moreover, the inherent variability in the buildingõs 

heating and cooling patterns made accurate prediction challenging. 

2.7 Conclusions 

 

This study set out to develop a fast, data-driven model capable of predicting a buildingõs heating and cooling 

demand 7 hours in advance for use in model predictive control (MPC). Various MPC strategies were 

considered, leading to the selection of a grey box approach ñ specifically, a multivariate linear regression 

model. Although often regarded as a black box, this model was constructed by carefully choosing independent 

variables based on the thermal energy balance. Its primary benefits are its modest data requirements and the 

ability to provide physically interpretable results. 

The methodology involved analysing the thermal energy balance to select measurable variables, resulting in 

the use of indoor surface temperature, indoor air temperature, outdoor temperature, internal heat gains, solar 

light intensity, and wind speed as predictors. Data for these variables were collected from a case study at 

Haagse Hogeschool in Delft, focusing on two rooms chosen based on their orientation, occupancy rates, and 

thermal mass characteristics. 

While the model successfully captures the heating and cooling demand, its predictive capabilities are hindered 

by challenges such as multicollinearity among independent variables, overfitting, and endogeneity. 

Consequently, although the demand can be modelled, the multivariate linear regression model falls short of 

accurately predicting future heating and cooling demand. By considering the limitations addressed in the 

Discussion section, this work can be improved in the future. 
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3 Black box energy prediction models heating and cooling 

Authors: Kees Wisse, Ella Hoogendoorn, Jip Steiger (DWA) 

3.1 Introduction 

This section presents the energy prediction models for heating and cooling demand as developed for the use 

case of the DWA Gouda office. As explained in earlier Brains4Buildings work (Wisse, 2023), models are 

required to optimize the demand and supply to the grid in the context of net congestion. It was concluded that 

the heat pumps are the main contributors to the peak electricity demand of the building, together with the EV 

charging system. Subsequently, as a follow-up of the black box modelling of the PV solar system, it was decided 

to investigate the demand profile of the heat pump first, specifically the demand profiles of the underlying 

systems (Figure 3.1). In the use case, two heat pumps deliver energy to the central heating circuit and 

optionally to the central cooling circuit. The aquifer system is the main energy supplier for the central cooling 

circuit. 

The following two HVAC systems are connected to the heat pumps via the central heating circuit: 

 The air handling units 

 The room supply system (climate ceilings) 

Please note that the electricity demand profiles of the two heat pumps are also influenced by the efficiency of 

the heat pump, the effect of thermal buffer tanks and the corresponding control strategy of the entire power 

plant. The resulting efficiency of the entire power plant is not included in the current work and needs to be 

addressed in further research. 

For the climate ceiling, the prediction model comprises the heating demand. For the air handling unit, a so-

called change-over coil is used, which is connected either to the central heating circuit or the central cooling 

circuit. Therefore, as a co-benefit, both heating and cooling demand are evaluated for the air handling unit. 

 

 

 

3.2 Chosen approach and research questions 

For the use case, a black box modelling strategy was adopted. White-box modelling often requires extensive 

detailed information about the underlying HVAC systems and control strategies, which presents a bottleneck 

for its application. This challenge is further compounded by the presence of faulty behaviour to some extent. 

An example of white box modelling of HVAC systems and its required input can be found in Borsboom et al. 

(2023). Moreover, a significant influence of the occupancy patterns can be expected as the measured 

occupancy of the rooms in this specific building is input for the control strategy of the HVAC system (see 

challenges in Case study climate ceilings). The dataset comprises a multi-zone office building with two air 

handling units and 57 individually controlled radiant heating/cooling panels. Given our dataset and specific 

installations for Heating, Ventilation and Air Conditioning (HVAC), the interaction between occupants together 

with a control strategy, the high spatial granularity of the HVAC system is challenging for white box models as 

well as grey box models. 

Therefore, we explore the potential of black-box modelling for predicting heating (and cooling) demand. 

 

Figure 3.1 Heat pump, buffer vessels, hydronic circuits and Air Handling unit. 
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The following research questions are addressed:  

 Using black box modelling strategies, can we meet the requirements for a calibrated model according 

to common benchmark values for error metrics? 

 How to develop and assess a black box model that can be used in a control-oriented context, utilizing 

the existing control strategies of the current Building Management System (casus Climate Ceilings)? 

3.3 Case study Climate Ceilings: background and challenges 

The following background information is useful to keep in mind to understand the optional features which are 

used for the prediction model for the heating demand: 

 The group of the climate ceiling gets its water supply temperature via a secondary control loop of the 

central heating circuit. This water supply temperature is related to the outdoor temperature. 

 Per room one or two room supply systems are present. Each supply system has a control valve, which 

decides to deliver heating or cooling. This depends on the actual measured indoor temperature and 

the setpoints for heating and cooling. On the building level, simultaneous heating and cooling can 

occur. This is inherent to the concept by design and should not be assessed as being faulty behaviour. 

 Apart from the status of the actual indoor temperatures and the setpoints of the different rooms, the 

group of climate ceilings can be given free for operation for a limited time frame. This can be 24 hours 

or only during the daytime during working days. In that latter case, all the room temperatures can be 

below the setpoint, but no heat is sent to the climate ceilings because the group of climate ceilings is 

not released for operation. 

 As far as known from engineering knowledge and monitoring, there is no clear faulty behaviour in the 

group of climate ceilings. 

The interaction between occupants together with a control strategy and the high spatial granularity of the HVAC 

system are the main expected challenges in this case study. The following insights are given as further 

background information: 

1. Using the multi-sensor (Figure 3.2) it is measured whether people are present in the room yes/no. 

2. Based on the measurement of the presence of people the setpoints for both heating and cooling are 

switched from ôstandbyõ mode to ôcomfortõ mode. During the night and weekend, setpoints are pushed 

to the ônight modeõ (see Figure 3.3). Due to the higher setpoints for heating in ôcomfort modeõ, the 

presence of people will lead to a higher heating demand. 

3. People can modify the setpoints for heating and cooling via a thermostat app (see Figure 3.3). If many 

people adjust the setpoints this can affect the demand for heating on the building level. 

4. People can open windows in their rooms and modify the actual status of the automated solar shading.  

5. Based on a schedule, every room is ventilated using a basic level during working hours (ôstandby 
modeõ). If people are present, the CO2 concentration increases. If a certain threshold of the CO2 is 

exceeded, extra ventilation is supplied to the room. This will lead to higher heating demand. 

 

 

Figure 3.2 Room supply system with multi-sensor, air distribution and water pipes heating and cooling circuit. 
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In this case study, an existing building management system is utilized. The project aims to develop a control-

oriented model such that the setpoints for heating (and in the future also cooling) can be used as the control 

parameter instead of control valves or ôpower inputõ. Subsequently, conventional PI controllers are supposed 

to perform the ôbasic control actionsõ based on (optimized) setpoint strategies. In this way, also part of the 

building can be equipped with ômodel predictive controlõ. Another co-benefit of this approach is that the 

prediction models can act with a relatively low time granularity (for example ôhourlyõ). 

 

 

Apart from weather data of the nearby KNMI station, the dataset as given in Table 3.1 was available for a 

selection of (optional) features for the prediction model. 

 

Table 3.1. Dataset description. 

Parameter 
Time 

Granularity 
Remark 

Outdoor temperature  3õ 1 sensor 

Outdoor light level 3õ Related to control of the solar shading 

Indoor temperature  3õ 57 individual room sensors 

Thermostat temperature for heating (setpoint)  3õ 57 individual room sensors 

Thermostat temperature for cooling (setpoint) 3õ 57 individual room sensors 

Binary occupancy (people present yes/no) 3õ 57 individual room sensors 

Air flows ventilation supply 3õ 
57 individual room sensors / 2 air handling 

units 

Air Temperature ventilation supply 3õ Values of the 2 air handling units 

Setpoints temperature of the water circuit of the climate ceilings 3õ Heating as well as cooling 

Electricity consumption of lighting and office equipment  60õ Relevant as internal heat load 

Heating and cooling demand radiant heating/cooling panels 

(climate ceilings) 
3õ 

1 energy meter for the 3d and 4th floor 

(including supply and return temperatures 

and water flowrates) 

 

 

 

 

 
 

 

Figure 3.3 Setpoints for heating and cooling (y-axes) are influenced by working hours, occupancy and modification of 

setpoints by occupants (ôsetpointverstellingõ). 
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3.4 Prediction model Climate Ceilings: setup and results 

As a promising candidate from the literature, an LSTM approach was selected as being able to capture complex 

nonlinear dynamics in time series. Several research papers exist regarding the use of LSTMs in the prediction 

of indoor temperature (e.g. Fang et al. (2021), Xu et al. (2019)) and thermal load (e.g. Rahman and Smith 

(2018), Lee et al. (2019), Wang et al. (2020)). However, only a few aimed at developing a control-oriented 

model. One of these is, amongst others, the research of Mtibaa et al. (2020), where a sequence-to-sequence 

LSTM structure for multi-step predictions of indoor temperatures in a multi-zone building was proposed. 

In this report, intermediate results are presented for an LSTM approach applied to the described case study. 

Full details and results will be provided in the corresponding Master thesis (Hoogendoorn, 2025). 

3.5 Model setup 

The model should have the ability to predict the heating demand of the climate ceilings together with the 

indoor temperatures as a function of the setpoint temperatures and the ON/OFF status of the climate ceilings 

as control variables, in addition to exogenous factors such as weather and occupancy. 

The modelling setup is given in Figure 3.4: a prediction model with the following optional features which were 

taken into consideration: 

 disturbances (d) 

o weather (outdoor temperature KNMI, solar irradiation KNMI) 

o occupancy, internal heat load 

o air supply flowrate and air supply temperatures  

 control variables u (setpoints of the indoor temperature and ON/OFF status of the climate ceilings). 

To be able to assess the energy flexibility of the building together with the indoor comfort performance, both 

the power for heating and the indoor temperatures are predicted by the model. 

To reduce the computational load, the number of optional features from Table 3.1 was reduced. As a first step, 

the averaged values of the indoor temperatures, setpoints and the mean values of binary occupancy were 

used. Furthermore, hourly values were applied. 

To improve modelling performance, after some preliminary experiments, a two-step approach was applied: 

one prediction model for the required heating power (P) at timestep k, and one prediction model for the indoor 

temperature (Tin) at timestep k+1, using the predicted power at timestep k. 

However, the indoor temperature varies within a limited range, which limits the ôlearning rangeõ of the models. 

Therefore, it was decided after some preliminary exercises to predict the incremental change of the indoor 

temperature (first time derivative). For the same ôlimited range learningõ reason, temperature differences were 

considered for the indoor temperature setpoints. Instead of the setpoint itself, the difference between the 

setpoint and the indoor temperature was used as control variable. Additionally, the ON/OFF status of the 

climate ceiling for providing heating was used. Please note that calendar data were excluded from the features 

(like the hour of the day and day of the week). This is done to achieve a generic model as possible, which also 

captures the behaviour of the building and HVAC dynamics with different operation schedules (like heating 

during the night to avoid peak loads during the day). The model of Figure 3.4 is applied in a recursive approach 

to obtain values within a horizon of 24 hours. ôPerfect knowledge of the futureõ is used for weather conditions 

and other disturbances. This enables the assessment of the performance of the model to capture the building 

dynamics and the dynamics of the HVAC system. In a later stage, weather uncertainty can be added (see for a 

similar approach Wang et al. (2020)), as well as uncertainty of the occupancy. 

The described model is trained on a dataset of a full year (January 1st 2022 until January 31st 2023). The error 

metrics are based on a test set (July 2023 ð December 2023) and graphs of the predictions are related to 1-

15 December 2023. 

The prediction results are judged further using the so-called SHAP values: which features contribute most 

significantly to the prediction (Lundberg & Lee (2017))). To assess the ôcontrol-orientedõ qualities of the 

prediction models a step response test was applied for the control variable (setpoint indoor temperature). 

 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      30/ 99 

 

 

3.6 Results and performance metrics 

Figure 3.5 shows the predictions for heating power at time step k. Figure 3.6 provides the corresponding one-

step ahead predictions of the mean indoor temperature (i.e. the temperature at k+1). The temperatures agree 

well, the power predictions show some deviations for the peak demand and the values during the night. To 

give an idea of the 24-hour ahead prediction performance, for the maximum peak demand day of the test set, 

the results are given in Figures 3.7 and 3.8. The power predictions show an earlier start and a faster decrease 

in power consumption during the afternoon. The largest deviations of the indoor temperature occur during the 

evening. 

 

 

Figure 3.4 Model setup. d: disturbances; u: control variable; ǂTin : incremental change indoor temperature; P: heating power. 

k: time step. 

 

Figure 3.5 Prediction of the heating power P at timestep k, together with the measured values (1- 15 December 2023). 

Unit power: kW. 

 

Figure 3.6 One-step ahead prediction of indoor temperature together with the measured values (1- 15 December 2023). 

Unit temperature: °C. 
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For more generic conclusions, the entire test set (July 2023 ð December 2023) was evaluated using a sliding 

prediction window of 24h. 

Convenient metrics to evaluate the performance for indoor temperature predictions are (Fang et al., 2021, Xu 

et al., 2019, Mtibaa et al., 2020, Gokhale et al., 2022, Di Natale et al., 2022, Drgona et al., 2021): 

 Coefficient of determination (R2) 

 The Root Mean Square Error (RMSE) 

 The Mean Absolute Error (MAE) 

 The Mean Squared Error (MSE) 

Convenient metrics to evaluate the performance for power predictions are (Ruiz and Bandera, 2017, Wang et 

al., 2020): 

 Coefficient of determination (R2) 

 The Root Mean Square Error (RMSE) and the normalized RMSE (n_RMSE) 

 The Mean Bias Error (MBE) and its normalized value (n_MBE) 

Following the criteria of FEMP and ASHRAE, a N_MBE should fit a value within +/-10% for hourly values and 

the N_RMSE should fit a value lower than 30%. R2 values should not be lower than 0.75 (Ruiz and Bandera, 

2017). Please note that these criteria apply to ômodels while comparing the predicted output under a specific 

set of conditions to the actual measured data for the same set of conditionsõ (Ruiz and Bandera, 2017 ). Due 

to accumulation of the errors during the recursive prediction within 24 hours, the indoor temperatures will 

deviate from the measured ones. Therefore, it seems to be most fair to apply these criteria for the power 

prediction at timestep k only. 

Table 3.2 provides the results of the different metrics for several multi-step ahead values within the horizon 

of 24 hours. The performance of the indoor temperature prediction seems to perform quite well related to the 

R2 value. Other researchers find values: 

 for the RMSE up to 0.5°C (Fang et al. (2021) for 24h ahead), up to 0,17°C (Mtibaa et al. (2020), 6 

hours ahead); 

 for the MSE up to 0.47 (Drgona et al. (2021), 4 hours ahead); 

 for the MAE up to 0.9 (Di Natale et al. (2022), LSTM 24 hours ahead), up to 0.55 (Gokhale et al. 

(2022), 24 hours ahead). 

The results of Table 3.2 are more or less in the same range. A limiting note to this comparison is that other 

researchers use different (feature) approaches and buildings in other climate zones, and different HVAC 

 

Figure 3.7 24-hour ahead prediction of the power for December 4th 2023. Unit power: kW. 

 

Figure 3.8 24-hour ahead prediction of the indoor temperature for December 4th 2023. Predicted and measured values 

together with setpoint values. Unit temperature: °C. 
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systems, sometimes including calendar data in their features (which are expected to improve the 

performance), but also use weather prediction data instead of measured weather data (which are expected to 

give less accurate results). 

Related to the power predictions, for prediction at timestep k, the R2 value and the N_MBE fit the requirements 

of a calibrated model, but the N_RMSE does not. Here the low mean value of the power demand for heating 

is a possible explanation for the high N_RMSE. The mean value of the power demand of the entire test set is 

used for normalizing the RMSE. The mean value of the power demand for heating is 3.9 kW with a 

corresponding maximum value of 76 kW (see for example Figure 3.7). Other authors propose to scaling of the 

RMSE by the difference between the maximum and minimum value of the dataset (Chakraborty and Elzarka, 

2017). On a range of 76 kW, the range-normalized RMSE would be 0.03. But apart from this remark related 

to the prediction at timestep k, for multi-step predictions, the performance is quite poor. Even the R2 values 

drop quite fast, suggesting a too-strong accumulation of errors. 

 

Table 3.2. Performance metrics on test set (July 2023 ð December 2023). Mean value of measured power: 3.9 kW. Maximum 

value of measured power: 76 kW. 

Time step k R2 RMSE MSE MAE  R2 N_RMSE N_MBE 

 Indoor temperature  Power 

K - - - - 

 

0.93 0.56 -0.085 

K+1 0.99 0.088 0.022 0.15 0.57 1.43 -0.51 

K+6 0.87 0.39 0.25 0.5 0.39 1.70 -0.47 

K+12 0.74 0.56 0.47 0.69 0.37 1.72 -0.41 

K+23 0.79 0.49 0.39 0.62 0.29 1.83 -0.54 

 

The power predictions show a stronger accumulation of errors than the indoor temperature predictions. This 

can be explained by the feature importance given by the so-called Shapley values (Lundberg & Lee, 2017). 

Figure 3.9 provides the results, for more details, the reader is referred to Hoogendoorn (2025). For the 

temperature prediction (via the prediction of ǂTin), the ǂTin itself plays a minor role, while power predictions 

play a secondary role. The solar irradiation and the outdoor temperature are the ôtop 2 explainersõ for the 

indoor temperature predictions, followed by the power. For the power predictions, the previous values of the 

power dominate the prediction, which easily can lead to the accumulation of errors. Given the results of these 

performed analyses, the feature selection of the power prediction model is subject to further research. 

This feature selection is done also based on the results of a step response test of the control variable (the 

setpoint of the indoor temperature). The step response tests the robustness of the extrapolation of the model 

outside the narrow band of the trained data. 

Apart from the setpoint, the step response test keeps all other variables at a constant value. As a response, 

the indoor temperature is expected to reach the required setpoint without too strong fluctuations of the power 

and/or overshoot of the indoor temperature. Based on this step response test it was already decided to keep 

the binary occupancy signals of the rooms out of the features as they harmed the step response. Figure 3.10 

provides the results using the features given in Figure 3.9. A typical outcome of a step response test is indeed 

the case (temperature reaches after some time the setpoint, without oscillations). This was the case for the 

mean value of the internal heat load. For higher values of the internal heat load, some oscillations occur. This 

is subject to further consideration. 
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3.7 Discussion and conclusions modelling heating demand Climate Ceilings 

As a wrap-up of the results given above it is concluded that: 

 Using two-stage modelling of the power and the indoor temperature the setpoint of the indoor 

temperature can be used as a control parameter. In this way, the existing control strategy of the 

current Building Management System can be utilized together with Model Predictive Control 

strategies. 

 To improve the learning range of the models, temperature differences are used instead of the 

temperatures themselves. 

 Excluding calendar data from the features provides a more generic control-oriented prediction model, 

but most likely provides extra accuracy challenges. 

 The selected LSTM approach seems to work quite well for the prediction of indoor temperatures. For 

power modelling the requirements of a ôcalibrated modelõ are not reached yet. The approach needs to 

be refined to prevent the accumulation of errors. Comparison with a baseline model can help to assess 

the performance further. Itõs also worthwhile to investigate the effect of adding more spatial granularity 

to the model. 

 In this report, a three-fold assessment framework is applied. Apart from the accuracy metrics and 

graphs, the feature importance from SHAP values and step response function tests were utilized. The 

SHAP values provide more insights into error accumulation and the importance of features which are 

unknown in the future (like internal heat load). Furthermore, the step response tests test the 

robustness of the extrapolation of the model outside the narrow band of the trained data. 

 Despite the expected strong impact of the occupancy, it is not recommended to include all available 

occupancy-related input. As described in the background information, the temperature setpoints are 

already related to the occupancy of rooms. Adding the occupancy itself as a feature led to unrealistic 

outcomes of the step response tests and counterintuitive Shapley values. 

Please note that these intermediate results are without hyper-parameter tuning of the models. This can lead 

to improvement in accuracy. 

 

 

Figure 3.9 Feature importance of the power prediction (left) and the indoor temperature prediction model (right). Method: 

Shapley values for the one-step ahead predictions. IHL = Internal heat load. T_sp = Setpoint indoor temperature. T_in: 

indoor temperature. Sun Global beam KNMI: solar irradiation KNMI weather station. AHU returnflow and supply 

temperature: the flowrate of the air handling unit (AHU) together with its air supply temperature. 

 

Figure 3.10 Step response test for the indoor temperature (scaled values). IHL: internal heat load. 
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3.8 Case study Air Handling Unit: description and challenges 

The DWA part of the office is equipped with two air handling units. For the model development as described in 

this report, one of them was selected. 

Two models were developed for this air handling unit: 

 One model for the prediction of the energy consumption for both heating and cooling 

 One model for prediction of the difference between the water supply and return temperature of the 

ôchange overõ coil for heating and cooling (æT). This æT can be used to detect the so-called ôlow-æT 

syndromeõ (Chitkara et al., 2022). 

Both models can serve as fault detection models. In this section, the results of the energy prediction model 

are provided. The results of the æT model and the fault detection are part of the Work Package 1 Deliverable 

1.08 (Wisse & Steiger, 2025). 

The layout and available sensors are given in Figure 3.11. Based on the features for the control valve position 

and æT models from Chitkara et al. (2022) and earlier DWA experience with machine learning models for air 

handling units and engineering insights, the raw dataset, as given in Table 3.2, was selected. For the energy 

consumption model, the indicated additional selection was made, a model based on temperatures and air 

flow rates. The latter is necessary because the air supply and return flow rates are different (see also Fig. 

3.10). Please note that these flow rates may vary due to the demand-driven ventilation (providing a base load 

together with a variable air volume system). 

For the model type, contrary to the model of the climate ceilings, classical machine learning models were 

applied. Apart from their success in earlier applications (Chitkara et al., 2022, Wisse, 2023), it is expected that 

thermal mass does not matter for this case and therefore, utilizing models like LSTM makes less sense. 

Furthermore, simplicity and computational speed are other issues which matter. 

The main challenge in this case study is the occurrence of faults in the dataset. During part of the time, a 

known fault was present in the dataset. The control signal of the heat recovery wheel and the control valve of 

the heating coil fluctuated due to modified control settings in the building management software. For the 

development of the energy prediction model, these periods are left out of the training set. Including them in 

the test set shows the usability of the model as a fault detection model. 

 
  

 

Figure 3.11 Layout and sensors case study Air Handling Unit. 
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Table 3.3. Dataset description Air Handling Unit. 

Parameter 
Time 

Granularity 
Remark 

Included in 

energy consumption 

model 

Outdoor temperature  3õ 

Based on the 

temperature as 

measured in the air 

supply circuit 

(air temperature 

before heat recovery 

wheel) 

X 

Return air temperature of the building 3õ - X 

Temperature air supply to the building 3õ - X 

Setpoint Temperature air supply to the building 3õ - X 

Control signal heat recovery wheel 3õ - - 

Air temperature air supply circuit after heat recovery wheel 3õ - X 

Air flowrate air supply to the building 3õ - X 

Air flowrate return flow of the building 3õ - X 

Water supply temperature heating / cooling coil 3õ - - 

Water return temperature heating / cooling coil 3õ - - 

Flowrate water circuit heating / cooling coil 3õ - - 

Energy consumption heating / cooling coil 3õ 

Computed from 

water temperatures 

and water flowrate 

X 

3.9 Results prediction model Air Handling Unit 

In this report the results are given for a ôperfect knowledge of the futureõ and a training set without the 

mentioned faulty behaviour. Please note that this training set is called a ôtraining set without known faultsõ 

and not a ôfault-free datasetõ, as it is not entirely clear whether there are no further faults present.  

From this, it follows whether the model can reach the required performance of a ôcalibrated modelõ. Table 3.4 

provides the training and test sets. 

Table 3.4. Test and training sets. 

 Training set Test set Remarks 

Number 
Start date 

(y-mm-dd) 

End date 

(y-mm-dd) 

Start date 

(y-mm-dd) 

End date 

(y-mm-dd) 

 

1a 2022-01-01 

2023-03-22 

2024-01-10 

2022-11-15 

2023-11-14 

2024-11-29 

2022-01-01 

2023-03-22 

2024-01-10 

2022-11-15 

2023-11-14 

2024-11-29 

60õ resolution,  

Training set without known faults  

Random split 80% 
Test set without known faults  

Random split 20%  

1b 53% train / 47% test 

2 
2022-01-01 

2023-03-22 

2022-11-15 

2023-07-26 

2023-07-27 

2024-01-10 

2023-11-14 

2024-11-29 

60õ resolution 

Training set without known faults  

Test set with without known faults 

 

To test the robustness of the approach, two strategies were used for different estimators: 

 A random split of the training and test samples (datasets 1a and 1b in Table 3.4) using different 

training-to-testing ratios. Note that the gaps between the selected time windows correspond to faulty 

behavior (see also Figure 3.12). 

 Splitting the dataset by date into two subsequent datasets: one for training and one for testing (dataset 

2 in Table 3.4). The length of the selected training set is almost equal to 1b. 
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To avoid zero-inflation of the dataset, only those hours were taken into account when the air handling was in 

use. This was selected based on a threshold for the air flow rate. Data cleaning was applied using a rule-based 

approach. Input features were scaled using the ôrobust scalerõ, which is less sensitive to outliers. 

Similar to the approach of the climate ceilings, instead of taking the air temperatures themselves as input 

features of the model, the temperature differences were used. Temperatures were related to the outdoor 

temperature. For the air supply temperature, the difference with the setpoint value was used. 

The following estimators were tested, like in the previous PV solar prediction (Wisse, 2023) and the air handling 

unit predictions of Chitkara et al. (2022): 

 Random Forest 

 Extra Trees 

 Gradient Boosting 

 XGBoost 

 Artificial Neural Network (ANN) 

Table 3.5 shows the results of the error metrics. For both heating and cooling, the results of the best-

performing estimators are shown. For random split, the Extra Trees models give the best performance, while 

for the split on date, ANN performs the best for heating, and Gradient Boosting for cooling. Hyper-parameter 

optimization had a minor effect on the results, Table 3.5 presents results without it. Furthermore, it appeared 

that hourly averaged values gave the best performance. Most likely this is due to occurring fluctuations in the 

original 3õ data, which were averaged out for hourly values. 

As mentioned for the case of the climate ceilings, following the criteria of FEMP and ASHRAE, a N_MBE should 

fit a value within +/-10% for hourly values, the N_RMSE should fit a value lower than 30%, and R2 values 

should not be lower than 0.75 (Ruiz and Bandera (2017)). All models for cooling fit the requirements of a 

ôcalibrated modelõ, while for heating, only the random split variant meets the requirements. For split-on-date, 

the N_RMSE exceeds the benchmark value of 30%. A possible explanation is that for the cooling, more ôdata 

without known faultsõ is available for training and testing (see Figure 3.12). Related to heating, with the split-

on-date (dataset 2), the training set possibly needs some more ôhigh peakõ examples to be able to predict them 

correctly on unseen data (see Figures 3.13 and 3.14). Weak predictions on peaks lead to the poor 

performance of the N_RMSE. From Figure 3.14, it can be concluded that the initial peaks during the starting-

up of the air handling units are difficult to predict. Adding an extra feature to account for that effect, however, 

did not improve the results significantly. 

Table 3.5. Performance metrics on test sets without known faults: R2, normalized Root Mean Square Error and normalized 

Mean Absolute Error, normalized Mean Bias Error. Based on the time resolution of 60õ. 

Regressor R2 N_RMSE N_MAE N_MBE 

Extra trees dataset 1a  

Heating 
0.87 0.26 0.17 0.014 

Extra trees dataset 1b 

Heating 
0.87 0.26 0.17 0.0005  

ANN dataset 2 

Heating 
0.82 0.35 0.23 0.02 

Extra trees dataset 1a 
Cooling 

0.95 -0.23 -0.13 0.008 

Extra trees dataset 1b 

Cooling 
0.95 -0.25 -0.14 0.005 

Gradient Boosting  

dataset 2 

Cooling 

0.95 -0.23 -0.13 0.047 
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Figure 3.12 Comparison of the actual and predicted values of the Extra Trees model, dataset 1b (Time resolution: hourly). Y-

axes: Predicted and measured power in kW (>0: heating; <0 cooling). 

 

 

Figure 3.13 Comparison of the actual and predicted values of the ANN model, dataset 2 (Time resolution: hourly). Y-axes: 

Predicted and measured power in kW (>0: heating; <0 cooling). 

 

 

Figure 3.14 Comparison of the actual and predicted values of the ANN model, Training: Dataset 2; Test results January 2024 

(Time resolution: hourly). Y-axes: Predicted and measured power in kW (>0: heating; <0 cooling). 
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For energy prediction models with ôan unknown futureõ, the input features need to be predicted. Feature 

importance can help to prioritize modelling. Using the Shapley values, the feature importance is given for the 

Extra Trees model as well as the ANN model (Figure 3.15). From the results, it can be concluded that, apart 

from the outdoor temperature, the return air temperature from the building (i.e. the averaged indoor air 

temperature) and the temperature after the heat recovery wheel contribute the most to the power prediction. 

In a control-oriented context, the setpoint temperature can be used as the control variable and needs no 

prediction. Predictions of the indoor temperature of the climate ceiling model could be used together with an 

additional prediction model of the temperature after the heat recovery wheel. Please keep in mind that the 

feature importance is also influenced by the limited diversity in training data for the air flow rates and the 

deviation between the air supply temperature and its setpoints. 

 

 

3.10 Discussion and conclusions modelling Air Handling Units 

As a wrap-up of the results given above, it is concluded that: 

 The requirements of a calibrated model can be reached with the black box modelling approach (with 

ôperfect knowledge of the futureõ). The heating model was found to be most sensitive to training set 

diversity. This can be explained by sensitivity to the efficiency of the heat recovery wheel and its impact 

on the heating demand of the air handling unit. 

 For an energy prediction model with an unknown future, prediction models are required for the return 

temperature from the building (i.e. the averaged indoor air temperature), together with an accurate 

prediction model for the temperature after the heat recovery wheel. 

 Given the amount of training data for accurate results, it is worthwhile to investigate the use of so-

called transfer learning (training models on one air handling unit and retraining those models with less 

training data on a new unseen air handling unit). 
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Figure 3.15 Feature importance of following the ANN model (dataset 2) (left), Extra Trees model (dataset 1b) (right). 

Method: Shapley values. 
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4 High frequency energy balance model of the TNO office 

building of Delft 

Authors: Wouter Borsboom, Behrouz Eslami Mossallam (TNO) 

4.1 Background of the high frequency energy balance model 

By 2050, the entire built environment must be energy neutral. A major challenge in the energy transition of 

the built environment is how to integrate energy-producing neighbourhoods into the existing energy 

infrastructure. The exponential increase of heat pumps and electric vehicles will lead to higher peaks in 

electricity demand. The intermittent availability of different renewable energy sources with associated trade 

platforms will require energy systems to switch between energy sources smoothly and at short notice. To 

ensure stability and security of supply, the energy network will need to incorporate a mix of different energy 

sources (electricity, heat, and possibly hydrogen networks) and be capable of smartly balancing energy supply 

and demand at the district level to avoid network congestions. Building-level energy management (in houses, 

offices, hotels, etc.) can play an important role in reducing peak demands by distributing energy demand over 

time and across different energy sources. Building models can play a role in this increasing need for load 

balancing. The challenge is to develop a building model that not only plays a central role in optimizing energy 

efficiency at the individual building level but also - and more importantly - serves as a prime actor in balancing 

energy at the district level. The aim is to avoid the peak load of local renewable energy by consuming it at the 

individual and district levels as much as possible. To balance energy production within the capacity constraints 

of the local energy grid, a reliable prediction or forecast of both decentralized renewable energy production 

and energy use of a building is needed. 

The current state of the art in research in this field follows two directions. The first one focuses on smart 

district-level control using Artificial Neural Networks and agent technology or Model Predictive Control. 

Representation of energy requirements and performance at the individual building level is simplistic and static 

in these models, using simple fixed demand/supply curves. The second research direction focuses on single 

building scheduling and control studies using physical models simulated in specific tools, such as TRNSYS or 

Energy-Plus or RC networks. Over the past few years, the academic focus in this research area has shifted 

from black box models to hybrid models because the latter give better predictions and achieve higher 

robustness. We focus on predicting the cooling and heating needs of the building using physical models and 

on estimating user behaviour, such as presence, thermostat setpoint etc, using data-driven models. The 

selected objective is to ensure that the maximum electricity demand is not exceeded. 

4.2 High frequency energy balance model 

The high frequency energy balance model consists of a heat flow network that is automatically derived from 

the Building Information Model (BIM) that describes the geometric configuration and construction properties 

of the building (consisting of all spaces, walls, windows, doors, roofs, etc.), and the description of the building 

heating, cooling and ventilation equipment and its controllers. HVAC system components models are also 

included in the high frequency energy balance model, and are simulated together with the building to calculate 

the heating and cooling demand. In addition, a generic occupant module is also coupled with the building 

model which is responsible for reproducing the interaction of the occupants with the building. Thanks to the 

automatic generation of the heat flow network, the model can be easily adapted to different building types, 

such as apartment buildings, row houses and office buildings. 

The heat flow network defines a multizone model of a building, where each zone z_i is represented by a 

temperature node T_zi in the network. In addition, each physical layer of boundary surfaces (i.e. walls, floor, 

ceiling and roofs) constitutes a temperature node in the heat network. For kth layer of the jth boundary surface 

S_(j,k) (k=1 corresponds to the innermost layer, k=n to the outermost one), a temperature node T_(Sj,k) is 

added to the heat flow network. In addition, all boundaries (outdoor environment, ground etc.) are represented 

by a temperature node. Besides the heat transmission processes which are covered by the heat flow network, 

the following heat gains and losses are included in the model: 

Q_(zi,int): internal heat flow for the zone z_i due to occupants and household appliances. 

Q_(zi,vent): ventilation heat flow for the zone z_i. 

Q_(zi,sol): solar heat flow for the zone z_i via the windows. 

Q_(Sj,sol): absorbed solar power by the external boundary surface S_j. 

Q_( zi, heating/cooling): heating or cooling flow delivered to the zone z_i by heating/cooling equipment. 
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4.3 Control strategy 

To prevent exceeding the maximum electricity connection capacity, the building is pre-cooled. Using a receding 

prediction horizon, we quantified the available flexibility of the cooling system under different operational 

strategies. An example is described in this report, where free cooling is utilized to create flexibility by allowing 

fresh-air ventilation to also run during the night, while the cooling is only active during the working hours and 

on the weekdays. Compared to the base case where both ventilation and cooling are only active during the 

office hours, this scenario can give an estimation of the maximum flexibility and peak shaving that the 

ventilation system can offer, without using additional cooling. 

4.4 Case study TNO Stieltjesweg Delft 

The Stieltjesweg Delft is an office building with optical labs in the basement (Figure 4.1). This section gives an 

overview of the building and the components that are relevant to the high frequency energy balance model. 

The component models themselves are described in Deliverable D2.1. 
 

 

Figure 4.1 The TNO Stieltjesweg building. 

 

Figure 4.2 Visualization of the building model of Stieltjesweg. 
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The building model (Figure 4.24.2) consists of multiple zones (two zones per floor along the length axis of the 

building to discriminate between the south-east facing part and the north-west facing part. Floor 4 is not in 

use and is not modelled, but serves as a boundary condition for floor 3. 

The dimensions, window sizes and material properties of walls and floors are taken from the available 

technical data and the òEnergiepotentieel scanó of 2001. 

The building model describes the dynamic energy balance for each of the zones. The floors and roof are 

modelled, the separation walls between offices in a zone are not modelled. Each zone interacts with: 

¶ Other zones (constituting a network model of the total building) 

¶ Exterior conditions (outside temperature, wind, solar radiation, shading by other buildings, humidity) 

¶ The air handling unit (central unit + induction units), see Figure 4.3 

¶ The basement cooling system (for all floors), see Figure 4.44.4 

¶ The roof top cooling system (for the induction units of the labs only), see Figure 4.5 

¶ The occupants (presence, internal heat loads) 

 

 

Figure 4.3 Air handling unit (LBK) of the Stieltjesweg building. 
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Figure 4.4 Cooling machine for the office building, for ground floor, floor 1,2 and 3. Roof top dry cooler. 

 

Figure 4.5 Roof top cooling machine for the labs. 

4.5 STW prediction model 

 

In the MPC context the simulation model of the STW building at moment in time may be used directly as a 

prediction model of the power demand over a prediction horizon (of typically a day. The prediction model 

divides the building into six thermal zones (for floor 0,1 and 2, and each floor divided into a south facing halve 

and a north facing halve). 

The model predictions are made with the following input time series over the time horizon [t, t+ ǂt, ... t+P*ǂt] 

where t is the current time instant, ǂt is the simulation time step and P is the number of samples into the 

future (the prediction horizon). 

The inputs of the model are: 

¶ Time series over the prediction horizon of external weather conditions (absolute time, external 

temperature, global horizontal solar radiation, wind speed, wind direction, relative humidity, outside 

air pressure), typically derived from KNMI meteo datasets  

¶ Controls (time series over the prediction horizon) : 
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o Temperature setpoint floor 0  [oC] 

o Temperature setpoint floor 1  [oC] 

o Temperature setpoint floor 2  [oC] 

o IU switch floor 0   [0 (off), 1 (on)]      induction units are switched on or off 

o IU switch floor 1   [0 (off), 1 (on)] 

o IU switch floor 2   [0 (off), 1 (on)] 

o LBK STW ctrlSupplyFan [0-100%]     percentage of the maximum LBK air supply flow 

o LBK STW ctrlExhaustFan [0-100%]   percentage of the maximum LBK air exhaust flow 

o LBK STW switch [0 (off), 1 (on)]         if 0 the LBK ventilation, cooling, heating are off 

o LBK STW officeValve  [0 (off), 1 (on)]  if 1 flow goes both to offices and the labs,  

o                                                                if 0 flow only goes to the labs 

o LBK STW setpoint [oC]                          setpoint temperature of the LBK supply flow 

o LBK STW switch heat/cool [0 (off), 1 (on)]   if off ventilation is on, 

o                                                               the supply flow is  not heated or cooled     

 

The BMS (building management system) uses the control inputs (typically the output of the MPC)  to realize 

the temperature setpoints supplied. So the LBK and induction unit controls are implicit parts of the STW 

simulation model. 

Using the prediction model the zone temperatures (and consumed electrical power) may be computed over 

the prediction horizon for the time series of inputs and controls. 

The outputs of the prediction model are the zone temperatures (a state vector of six temperatures) and the  

per time step the cooling power demand of the LBK [kW] , the cooling power demand of the induction units 

[kW], the electric power demand of the chiller [kW] and the generated electric PV power [kW]. 

 

The STW model may be directly used as the prediction model in an MPC scheme. 

This approach is intractable because the physics-based model is non-linear and therefore requires a non-linear 

dynamic optimization to compute the optimal (cooling) power as a function of time over the prediction horizon. 

More tractable is to estimate a linear approximation of the STW model to compute the optimum strategy. 

The full non-linear STW model may then be used to analyse the performance of MPC control over a typical 

summer period by applying it to the simulation model.  After tuning the  MPC controller it may subsequently be 

applied to the real building. 

 

To enable this approach the STW simulation model has been published as a matlab-executable, able to be 

called by the TUD MPC software. 

 

4.5 Flexibility potential of the STW building 

 

To get insight into the use of the STW building model to compute flexibility potential of the STW building two 

control scenarios  are simulated. 

 

For a typical month in the summer period  (Delft, 2022, KNMI weather file with hourly data) the simulated 

control scenarios are: 

1. Base scenario,  AHU is active during office hours and off during the night  

2. Flex scenario. AHU is active 24/7 , cooling is active only during office hours  

 

The control time sequences are shown in Figure 11 
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Figure 11 Control input scenarioôs  

The simulation results  of the zone temperatures are shown in Figure 12: 

 
Figure 12  Zone temperature responses calculated by the prediction model 

The computed electrical power needed to realize the temperature setpoints is shown in Figure 13. 
 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      45/ 99 

 
Figure 13 Top: cooling demand of the Base and Flex scenarios. Middel: difference between the cooling demand between the Base and 

Flex scenarios. Bottom: electric power consumption (for cooling) of the scenarios and the cumulative electric energy demand. 

 

As can be seen in Figure 13, a flexible scenario that allows for night ventilation, but only cooling during office 

hours has a significant energy advantage (13%) over the common (base) control scenario of switching the LBK 

off. The ability to simulate with different control strategies may be employed by MPC to find the optimal control 

strategy given the external conditions (weather scenario). 

This may be used computing a suitable flex control (refer to section 8 by TUD) 

 

4.6 Conclusions 

A  six zone heat balance based prediction model of the STW building has been created, including the LBK and 

induction units. 

The model may be directly used as a prediction model in a non-linear MPC. A more tractable approach is to 

simplify (linearize) the model and use the simplified model in calculating the optimal control sequence, as 

described in section 8. 

The full STW model may then be used to develop and tune the MPC, replacing the real building and 

subsequently validate in practice whether such flexibility can actually be realized. 
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5 Energy-flexible model predictive control: unified control-

oriented modelling and flexibility management 

Authors: Yun Li, Neil Yorke-Smith, Tamas Keviczky (TUD) 

5.1 Goal of energy-flexible model predictive control design 

The energy flexibility emanated from building systems provides a promising solution to mitigate the issues 

incurred by the increased electrification of energy systems and the penetration of renewable energy sources 

in the power grid. In our work, we focus on exploiting the energy flexibility emanating from the buildingsõ 

thermal mass, which is the most widely accessible energy flexibility source in building systems (Wang el al., 

2019). Exploiting this type of energy flexibility requires adjusting the indoor temperature. Buildings can store 

and release energy by actively controlling HVAC devices to overheat or undercool indoor climate. In order to 

properly control the HVAC devices for exploiting energy flexibility, advanced control strategies are essential. 

Among intelligent building climate control schemes, model predictive control (MPC) provides a promising 

solution due to its effectiveness in considering system constraints, economic factors, predicted weather 

conditions and power grid status. For designing MPC strategies, a control-oriented model of the building's 

thermal dynamics is needed. Besides, a well-defined mathematical description of the energy flexibility is 

necessary for effectively exploiting energy flexibility. 

The goal of this chapter is to briefly summarize the existing approaches for modelling the building thermal 

dynamics and identify a few models that are suitable for the energy-flexible MPC design. Furthermore, control-

oriented definitions of energy flexibility are proposed to facilitate the energy-flexible MPC design for exploiting 

the energy flexibility of buildings. Finally, given the control-oriented building models and flexibility definitions, 

novel energy-flexible MPC strategies are proposed, and the effectiveness of the proposed MPC schemes is 

numerically validated on high-fidelity building simulators. 

5.2 Control-oriented modelling for building thermal dynamics 

The existing approaches for modelling the thermal dynamics of buildings can be classified into three categories: 

1. White-box model: White--box models are based entirely on physical principles, such as the law of thermal 

dynamics, fluid dynamics, and heat transfer. This type of model describes the building's thermal behavior 

by representing the building structure in detail and considers building factors like geometry and materials 

properties. While the while-box model can provide high-accuracy and physically interpretable prediction 

models when related parameters are well-defined, it requires detailed and accurate input data related to 

the construction data of buildings. More importantly, white-box models can be pretty complex and can 

incur a high computational burden when incorporated in MPC design. Consequently, the white-box model 

is not suitable for MPC design. 

2. Black-box model: The Black-box model only utilizes historical data to capture the thermal dynamics of 

buildings via statistical and machine learning techniques, and does not rely on any explicit knowledge of 

the physical processes of building thermal dynamics. This type of model is easy to implement and is 

scalable for complex and large-scale buildings. However, the developed model generally lacks physical 

interpretability. and is with limited extrapolation capability beyond the training data. Besides, the quality 

of the model might be highly dependent on the quality and quantity of the training data. Representative 

approaches for developing black-box models are artificial neural networks, support vector machines and 

auto-regressive with exogenous inputs (ARX) model (Ríos-Moreno et al., 2007). A well-constructed black 

model, such as the ARX model, is generally computationally efficient when considered in MPC design. As 

a result, when there are sufficient high-quality data, and no requirement for developing physically-

interpretable models, the black-box model of building thermal dynamics is a promising choice for MPC 

design. 

3. Grey-box model: Grey-box model blends physical principles with data-driven approaches to trade-off 

between modelling accuracy and simplicity. The model is built on simplified physical representations and 

estimates parameters using statistical techniques and optimization approaches for fitting historical 

measured data. The presentative approach for developing a grey-box model of building thermal dynamics 

is the RC-network model (Bacher et al., 2011). This type of model is also computationally friendly for MPC 

design. However, it should be noted that suitable predetermined ranges of the associated parameters are 

required, such as the order of the model and the scope of the RC values, for developing an RC-network-

based model. 
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Among the above modelling approaches, the black-box model and the grey-box model are generally favoured 

in MPC design, especially the ARX model and the RC-network model, since these two types of models can 

generally provide sufficient predictive accuracy while maintaining computational tractability when incorporated 

in MPC design. In the following, we briefly introduce these two models. 

 

RC model: The RC model represents building thermal dynamics by a network of thermal nodes, resistors, and 

capacitors. It draws an analogy between heat transfer in buildings and electrical circuits. The resistance (R) 

and capacitance (C) represent thermal resistance and thermal storage, respectively. The voltage in each note 

represents the temperature. Figure 5.1 depicts a sketch of the RC-network for a single-zone building. For each 

thermal node, its temperature is governed by the following equation 

ὨὝ

Ὠὸ

ρ

ὅ

Ὕ Ὕ

Ὑ
ὗ

ᶰ

 

where ὔ is the set of the neighboring nodes connected with the node i, ὗ  is the heat gain of node i, such as 

solar irradiation, thermal gains from HVAC devices, etc. The parameters Ὑȟὅ  are computed by minimizing 

the prediction error based on historical data. Given the RC model, a linear system dynamics can be developed, 

which is computationally favorable in MPC design. 

 

 

 

ARX model: The ARX model provides a data-driven approach for modelling building thermal dynamics. It 

predicts the building temperatures based on its past values and external thermal input, such as weather 

conditions, heating/cooling inputs, etc. An ARX model can be represented as 

◐◄ ╪▓◐◄ ▓ ╫▓◊◄ ▓

□

▓

▪

▓

 

where ώὸ denotes the indoor temperature, όὸis the exogenous input, ὥand ὦare coefficients to be 

identified. This ARX model will also result in linear system dynamics, which is computationally efficient for MPC 

design. 

Without loss of generality, in the upcoming MPC design, we assume that the building thermal dynamics are 

modelled by the following linear systems, which fit both the RC model and the ARX model 

 ὼ ὃὼ ὄό ὈὨ (1) 

where ὼ is the system states containing the temperature of the building system, ό is the control input, such 

as electrical consumption of HVAC systems, Ὠ is the boundary conditions of the building system, such as 

ambient temperature, solar irradiation, internal occupancy heat gain, etc. The subscript ὸ indicates the ὸȤÔÈ 
time instant. ὃȟὄȟὈ  are system parameters to be identified. 

 

5.3 Control-oriented definition of energy flexibility 

Figure 5.1 Sketch of RC network for modelling building thermal dynamics 
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For designing MPC schemes to exploit the energy flexibility of buildings, a well-defined mathematical 

description of energy flexibility should be set up. Currently, there are no universally accepted and standardized 

metrics for mathematically describing energy flexibility. The lack of such metrics will hamper effective 

communication and interpretation of buildingsõ flexibility potential among different stakeholders and service 

providers, which is essential for the widespread adoption of the MPC schemes for exploiting the buildingsõ 

energy flexibility. Consequently, we will propose a unified control-oriented definition of the scope of flexibility. 

Energy flexibility generally refers to the capability to adjust the energy demand with respect to a reference 

scenario during a certain time period. During the past several years, many efforts have been devoted to 

developing suitable KPIs to characterize the energy flexibility of buildings, see Jensen et al., 2017a & 2017b 

and Junker et al., 2018, and references therein. A comprehensive characterization of the energy flexibility in 

control algorithm design might lead to a complex and computationally intractable problem since many 

sophisticated and scenario-related aspects will be involved. Consequently, we aim to figure out key factors to 

determine energy flexibility. Among the existing works, the project IEA EBC Annex 67 (Jensen et al., 2017a & 

2017b) has devoted to develop common technologies and terminologies to quantify energy flexibility. 

Especially, three main factors are identified to characterize energy flexibility: capacity, time and cost. The 

capacity aspect refers to the magnitude of flexible energy consumption adjustment. The time aspect indicates 

the time duration for implementing the flexible energy consumption adjustment. The cost aspect means the 

cost of implementing such flexible energy consumption adjustments. 

In the following, we summarize several representative KPIs considered in existing publications, which are 

shown in Table 5.1. By analysing the various flexibility KPIs in Table 5.1, there are two main factors commonly 

selected for determining the scope of flexibility: capacity and time. For several cases, both downward and 

upward flexibility are considered. 

Table 5.1. KPIs of energy flexibility in existing literature. 

KPI Explanations 

ῳὗdischargeὖ ὖ Ὠὸ 

ῳὗcharge ὖ ὖ Ὠὸ 

–shifting
ῳὗdischarge
ῳὗcharge

 

ὊὊ
᷿ ὖ Ὠὸ᷿ ὖ Ὠὸ

᷿ ὖ Ὠὸ᷿ ὖ Ὠὸ
 

In Le Dréau et al. (2016), –ÓÈÉÆÔÉÎÇ is used to reflect the capability of energy 

storage for building thermal mass;  

 

Flexibility factor (FF) is defined to reflect the ability to shift energy 
consumption from high price period to low price period. 

ὅ ὖ ὖ Ὠὸ 

– ρ
᷿ ὖ ὖ Ὠὸ

᷿ ὖ ὖ Ὠὸ
 

In Péan et al. (2018), the saved energy during DR is defined as ὅ , the 

storage efficiency is defined as –  to reflect the energy loss when 

charging/discharging energy within the building thermal mass. 

ὅ ὖ ὖ Ὠὸ 

– ρ
᷿ ὖ ὖ Ὠὸ

᷿ ὖ ὖ Ὠὸ
 

In Reynders et al. (2017), structural heat storage capacity is denoted as 

ὅ . The storage efficiency is calculated as – . 

ῳὉ ὖ ὖ Ὠὸ 

 ᴻ ÍÁØ ῳὉ 

 Ȣ ÍÉÎῳὉ 

In De Coninck et al. (2016),  ᴻ  and  Ȣ  are used to describe the maximal 

positive flexibility and maximal negative flexibility, respectively. The 
relationship between flexibility and corresponding energy cost is 

analysed. 

ὃὉὉὊ ȿὖ ὖȿὨὸ 

– down-flexρ
᷿ ὖ ὖ Ὠὸ

ȿ᷿ ὖ ὖ Ὠὸȿ
 

– up-flex
ȿ᷿ ὖ ὖ Ὠὸȿ

᷿ ὖ ὖ Ὠὸ
 

In Kathirgamanathan et al. (2018), the available electrical energy 

flexibility (AEEF) is defined. The storage efficiency for both downward and 

upward flexibility are defined to measure the rebound effect over the 
amount of energy shifted. 

While the above definitions are useful to some extent in reflecting the flexibility potential of building systems, 

a simple and unified representation of flexibility is lacking that is suitable for general MPC design. In the 

following, by considering the basic factor determining energy flexibility, we will propose control-oriented 

definitions of energy flexibility to facilitate the energy-flexible MPC design. 
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In our work, we are mainly concerned about solving the grid congestion problem, which is a challenging issue 

in the Dutch electricity market. As a result, downward flexibility, i.e., reducing energy consumption during 

critical periods, is investigated. Furthermore, unlike the existing KPIs of flexibility, which are only suitable for 

continuous flexible energy adjustment, we will consider the definition of the scope of flexibility for both the 

continuous and on-off types of flexibility energy adjustment. 

 

Flexibility Range for Continuous Energy Adjustment 

For continuous energy flexibility, the basic parameters determining the scope of flexibility are: 1) preparation 

period, 2) the duration of the flexibility period, and 3) the amplitude of the flexible power reduction. The first 

two items are related to the òtime aspectó mentioned in the project IEA EBC Annex 67, and the last term is 

related to the òcapacityó aspect. Figure 5.2 graphically illustrates these parameters. 

 

To facilitate the mathematical definition of the energy flexibility, the following symbols are introduced: 

¶ ύȇ: reference power consumption at time instant ὸ. 

¶ ύ: flexible power reduction at time instant ὸ. 

¶ ύ: total power consumption after applying the flexible energy reduction. 

In our design, the length of the prediction horizon for MPC design is denoted as ὔ, and the length of the 

flexibility duration is Ὤ. Then, the reference power consumption during the prediction horizon is ◌ȇ
 ύȇȟỄȟύȇ . Similarly, the flexible power reduction sequence during the flexibility period is ◌
ύȟỄȟύ . In order to compute the total power consumption during the prediction horizon ◌ 
 ύȟỄȟύ , a binary matrix ὓᶰ`  is defined to specify the time period during which the flexibility is 

considered within the MPC prediction horizon, and to project the flexible power reduction sequence ◌ onto 

the whole prediction horizon. After applying the flexible power reduction, the total power consumption will 

become ◌  ◌ȇ  ὓ◌. Figure 5.3 gives an example of the reference power consumption ◌ȇ and the flexible 

power reduction ◌. 

 

Based on the above definitions, the following linear constraints are used to describe the range of flexibility: 

 ‎ ύ πȟ     ‎ ύ ύ ‎ (2) 

where the first equation specifies the amplitude of the maximal flexible power reduction, the second equation 

limits the largest ramping rate of the flexible power reduction, ‎ȟ‎  are parameters defining the scope of 

Figure 5.2 Graphical illustration of the key factors of continuous flexibility. 

Figure 5.3 Graphical illustration of flexible energy consumption. 
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flexibility. By applying the above constraints to the whole flexibility profile ύ, it leads to the following linear 

constraint 

ר  Ḋ ◌ ȿ Ὄ ◌ Ὣ  (3) 

which defines a closed polyhedral ר  to describe the range of energy flexibility. Figure 5.4 depicts a graphical 

illustration of the range of flexibility. Based on the range of energy flexibility defined by ר , the admissible 

range of the total power consumption ◌ȇ can be determined, which is ◌ȇṥר. Figure 5.5 gives an example of 

the reference power consumption profile and the scope of flexible power consumption after implementing 

flexible power reduction. 

By mathematically describing the scope of the energy flexibility as in Eq. (3), which is determined by the 

parameters ‎ȟ‎ , the MPC design can then quantitatively consider these factors. Besides, since the 

proposed definition of flexibility range ר   only involves linear constraints, it is also computationally tractable 

to be considered in MPC design. 

 

 

 

 

 

 

 

Flexibility Range for ON-OFF Type Energy Adjustment 

As in the existing works, the definitions in Eq. (3) only applies to continuous flexible energy consumption 

adjustment. In the following, a similar definition of flexibility is proposed for the on-off type of energy 

adjustment. This is motivated by the fact that in practice some HVAC devices can only operate in two modes: 

on and off. In these cases, the definition proposed for continuous flexible energy adjustment is no longer 

suitable. To provide a consistent definition, we still consider the two main factors used in the continuous case 

for defining the scope of flexibility: magnitude and time. For the on-off type of flexible energy adjustment, the 

magnitude is determined by the nominal rated power of the corresponding HVAC devices. As a result, the range 

of flexibility is mainly reflected by the time factor. 

Figure 5.4 Graphical illustration of the range of energy flexibility. 

Figure 5.5 Reference energy consumption and the admissible range of flexible energy consumption. 
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Before mathematically describing the range of the on-off type of flexibility, we first consider a sequence of 

reference energy consumption profile ὶ ὶȟὶȟỄȟὶ  within the prediction horizon of MPC, where ὶᶰὄ 

is binary control signals. All time indices within the prediction horizon are divided into two disjunctive groups:  

 the index set of the inputs that are allowed to be flexibly adjusted, i.e., ὶ :(uncertain input index set) ל ¶

with Ὧᶰל are allowed to be flexibly adjusted. 

¶  ꜟ(certain input index set): the index set of the inputs that are fixed to their reference values, i.e., ὶ with 

Ὧᶰ  ꜟare fixed to their reference values ὶȇ. 

Based on the index sets ל and ꜟ , the energy consumption profile within the prediction horizon is divided into 

two groups: uncertain inputs and certain inputs. For uncertain inputs, they are allowed to be flexible adjusted, 

and hence will participate in providing energy flexibility. While for certain inputs, their values are fixed at the 

reference values. For example, when using energy flexibility to achieve peak shaving, the energy consumption 

during peak hours will be identified as uncertain inputs, which will be flexibly adjusted to provide demand-side 

management services. Figure 5.6 provides a schematic diagram of the reference input signal and flexible input 

signal after implementing energy consumption adjustment. Similar to the continuous case, if the reference 

input is on, and it is flexibly adjusted to off status, we call it downward flexibility. On the other way around, we 

call it upward flexibility. 

 

 

Due to system constraints, such as indoor comfort constraints, not all uncertain inputs may be allowed to be 

flexibly adjusted without violating system constraints. To properly describe the feasible scope of energy 

flexibility, we introduce a new index set הṖל, in which the corresponding inputs ὶ with Ὧᶰה can be flexibly 

adjusted without violating system constraints. Based on the index sets לȟꜟȟה, the control inputs ὶ can be 

expressed as 

 ὶ
ὶǿȟὯᶰה
ὶȇȟὯᶰꜟ᷾͵ל ה

 (4) 

Based on the above definition, it is clear that the scope of flexibility is related to the index set ה. The larger the 

size of ה is, the more flexible the building system can provide. Consequently, the scope of flexibility will be 

defined as the largest size of the index set ה, denoted as ῲ, that can be freely selected among ל. 

In the subsequent sections, how to further incorporate the proposed control-oriented definitions of energy 

flexibility in MPC design will be discussed in detail. 

5.4 Energy-flexible model predictive control design for building systems 

In this section, energy-flexible model predictive control schemes will be designed to exploit the energy flexibility 

of buildings to provide demand-side management services. Due to its effectiveness in dealing with system 

constraints, considering economic factors, weather forecasts as well as predicted power grid demand requests, 

model predictive control (MPC) has been widely applied in building climate control. For exploiting the energy 

flexibility of buildings, several MPC-based schemes are proposed. The existing approaches for taking 

advantage of the energy flexibility of buildings can be roughly classified into two categories: price-based 

program and incentive-based program (Golmohamadi et al., 2022, DõEttorre el al., 2019). In the price base 

program, the electricity price will be adjusted based on time, demand and supply conditions by electricity 

providers, such as time-of-use pricing, real-time pricing and critical peak pricing. In the incentive-based 

program, direct financial incentives are provided to energy consumers to motivate the adjustment of their 

energy consumption based on grid operator requirements. With both two programs, the energy providers will 

motivate the energy consumers to voluntarily adjust their energy consumption via either price changes or 

Figure 5.6 Reference input signal and flexible input signal for on-off type energy consumption adjustment (Li et al., 2024). 
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financial rewards. For both price-based and incentive-based programs, they all belong to a one step demand-

side management framework. 

As mentioned in the existing publications, this one-step DSM program fails to fully exploit the energy flexibility 

of the building systems since the energy providers lack information on the flexibility potential of buildings. In 

cases that the building management system is not price responsive or the demand response request 

generated by the power grid are two aggressive, the expected adjustment in buildings will not be achieved (Li 

et al., 2023, Li et al., 2024). 

In order to fully exploit the energy flexibility, we propose a new two-step design program for utilizing the energy 

flexibility. The proposed DSM program consists of two steps: flexibility assessment and flexibility exploitation. 

At the first step, i.e., flexibility assessment, the flexibility potential of buildings will be quantitatively assessed. 

Then, this information will be sent to the grid operator. With the flexibility potential of buildings, at the second 

step, the grid operator will send a feasible demand response request to building management systems for 

achieving demand management. Figure 5.7 shows a diagram of this two-step demand-side management 

program. This two-step DSM scheme entails a bidirectional communication protocol. Since the electricity 

provider is aware of the flexibility potential of buildings, the generated DR request will take full advantage of 

the energy flexibility and be guaranteed to be achieved. 

 

 

 

 

The main task for implementing this two-step DSM scheme is flexibility assessment. Namely, how to 

quantitatively evaluate the flexibility potential of building systems. In order to conduct the flexibility assessment, 

a prediction model of building thermal dynamics is needed. Furthermore, a well-defined mathematical 

formulation for quantitatively describing the scope of flexibility is required. In the preceding sections, the 

control-oriented prediction models of building thermal dynamics were discussed, along with a proposed 

mathematical definition of the range of flexibility for both continuously operated and on-off type assets. In the 

following, we will provide systematic approaches for implementing flexibility assessment for building systems. 

5.5 Demand-side management for continuous flexibility 

Flexibility Assessment: the flexibility assessment for continuous flexibility can be described as the following 

optimization problem: 

ÍÉÎ  ὐ ‗ ὐ 

ÓȢÔȢ    ὼ ὃὼ ὄό ὈὨ   ÂÕÉÌÄÉÎÇ ÔÈÅÒÍÁÌ ÄÙÎÁÍÉÃÓ 
         ὼ ὼ ὼ                          ÉÎÄÏÏÒ ÃÏÍÆÏÒÔ ÃÏÎÓÔÒÁÉÎÔ 
         ό ό ό                         ÅÎÅÒÇÙ ÃÏÎÓÕÍÐÔÉÏÎ ÃÏÎÓÔÒÁÉÎÔ 
         Ἷᶅᶰר                                  ÕÎÉÖÅÒÓÁÌ ÃÏÎÓÔÒÁÉÎÔ ÓÁÔÉÓÆÁÃÔÉÏÎ ÆÏÒ ÆÌÅØÉÂÉÌÉÔÙ 
         Ἤᶅᶰ  ꜠                                   ÕÎÉÖÅÒÓÁÌ ÃÏÎÓÔÒÁÉÎÔ ÓÁÔÉÓÆÁÃÔÉÏÎ ÆÏÒ ×ÅÁÔÈÅÒ ÕÎÃÅÒÔÁÉÎÔÉÅÓ 
         ὸ πȟỄȟὔ      

where ὐ is the operational cost, such as electricity cost, ὐ if the benefit of exploiting flexibility, ‗ π is a 

weighting factor. The above optimization problem minimizes the operational cost while maximizing the revenue 

of exploiting flexibility. Besides, for all possible flexible energy consumption patterns, indoor comfort constraint 

and energy consumption constraints should be satisfied. 

Based on the results in the control-oriented model section, the building thermal dynamics modelled via RC 

model or ARX model can be represented as a linear system as shown in Eq. (1). Besides, without loss of 

generality, the indoor comfort constraints and energy consumption constraints can also be expressed as box 

constraints. As for the scope of flexibility ר , it is expressed as a set of linear constraint in Eq. (3). For the 

operational cost function ὐ, it can be expressed as a sum of stage cost functions over the prediction horizon 

ὐ В ὰὼȟό  where ὰὼȟό  is the stage cost function. For the revenue of flexibility ὐ‎ȟ‎ , it is defined 

Figure 5.7 Diagram of the two-step demand-side management program (Tang et al., 2024). 
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as a function of the maximal magnitude and maximal ramping rate of the energy flexibility ‎ȟ‎ , which are 

used to define the scope of flexibility. Consequently, considering the system dynamics, indoor comfort and 

input constraints, the above optimization problem can be explicitly formulated as the following problem 

ÍÉÎ
◊ȟȟ

  ὐ●ȟ◊ ‗ ὐ‎ȟ‎  

 ÓȢÔȢ    Ἵᶰꞈὼȟ◌ȟ▀ (5) 

where the feasible set of energy consumption ◊ is defined as 

 ꞈὼȟ◌ȟ▀ȡ

ừ
Ừ

ứ
◊

● Ὂὼ Ὂ◊ Ὂ◌ Ὂ▀

◌ ◌ȇ ὓ◌ȟ▀ ▀ ▀
●ᶰתȟ◊ᶰל

◌ᶅᶰרȟᶅ▀ᶰ꜠ ữ
Ữ

ử
 (6) 

The above optimization problem contains an infinite number of constraints and is computationally intractable 

to numerical solvers. For solving the above optimization problem to conduct the flexibility assessment, we 

proposed computationally efficient solution. The main idea is to first transform the universal constraint 

satisfaction in Eq. (6) as the worst-case constraint satisfaction, which will lead to a maximization problem for 

each constraint. Then, the maximization problem is replaced by its dual problem, which is a minimization 

problem that contains a finite number of decision variables and constraints. In this way, the resulting 

optimization problem is computationally tractable to numerical solvers. For more details, please refer to our 

paper (Li et al., 2023). 

By solving the optimization problem for flexibility assessment, the admissible range of flexible energy 

adjustment ר  can be computed, which is determined by the variables ‎ȟ‎ . The matrix ὓ defines the 

period of flexibility. Then, this information will be sent to energy providers for generating feasible demand 

response request to exploit the energy flexibility for demand-side management. 

Flexibility Exploitation: With the information of the energy flexibility range and time period defined via 

‎ȟ‎ȟὓ , the energy flexibility is exploited in the format of demand response request that is defined as 

ὙȟὍȟ , where 

¶ Ὑ ὶȟὶȟỄȟὶ : specifies a feasible profile of energy reduction, i.e., Ὑᶰר. 

¶ Ὅȟ ὸȟὸ : specifies the time period to apply the energy reduction profile Ὑ. 

Figure 5.8 gives an illustrative example of a DR request. 

 

 

 
 

Since the demand response request ὙȟὍȟ  is feasible with respect to the energy flexibility potential of the 

building system, it can be guaranteed that the demand response request can be achieved without violating 

indoor comfort constraints. This property is beneficial for the grid operator to schedule its energy 

generation/transmission and coordinate with different flexibility providers. 

5.6 Demand-side management for on-off type flexibility 

For On-Off type flexibility, a new control-oriented definition of the range of flexibility is necessitated since the 

polyhedral set describing the continuous flexible is not applicable anymore. Consequently, the optimization 

problem defined for performing the flexibility assessment in the case of continuous flexibility is also not 

applicable. In the following, we propose a new design framework to conduct demand-side management for the 

On-Off type flexibility. As in the continuous case, we still follow the proposed two-step DSM framework shown 

in Figure 5.7. 

Figure 5.8 Illustrative example for a DR request. 
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Flexibility Assessment: In preceding sections, we proposed to measure the scope of on-off flexibility by ῲ, i.e., 

the size of the index set ה. Similar to the continuous case, the task of flexibility assessment for on-off flexibility 

can be formulated as the following optimization problem: 

ÍÉÎ
◊ȟǁ
   ÍÁØ 

ה
 ὐ●ȟ◊ ‗ ὐ  

 ÓȢÔȢ     ῲᶰꞈὼȟ►ȇ                 (7) 

where the feasible set of ῲ is defined as 

 ꞈὼȟ►ȇȡ

ừ
Ử
Ừ

Ử
ứ

ῲ

◊ɱ ÓÕÃÈ ÔÈÁÔ 
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Ử
Ữ

Ử
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The above optimization problem minimizes the worst-case operational cost ὐ●ȟ◊  while maximizing the 

revenue of utilizing flexibility ὐ, which is measured by ῲ (the scope of flexibility). 

For the above optimization problem, the number of uncertainty scenarios ῲȟ► will increase exponentially with 

the size of the prediction horizon of MPC, which will lead to a computationally demanding or even intractable 

optimization problem. In order to efficiently solve the above optimization problem, a novel solution is proposed 

in our paper (Li et al., 2024). The main idea is to first consider a decision policy for the energy input ◊. Then, 

for the universal constraint satisfaction for all possible uncertainty scenarios ῲȟ►, we alternatively consider 

the worst-case constraint satisfaction, which leads to a maximization problem for each constraint. For the 

maximization problem, it is replaced by its dual problem, a minimization problem, which contains linearly 

increased number of constraints and decision variables with the prediction horizon. Finally, the resulting 

optimization problem can be efficiently solved. It should be pointed out that it is the first work considering the 

on-off type of energy flexibility and proposing a computational efficient solution for solving the corresponding 

optimization problem. For more details about our proposed solutions, please refer to (Li et al., 2024). 

By solving the flexibility assessment problem, the optimal scope of flexibility, determined by לȟῲȟ►ȇ, can be 

computed. Then, this information will be shared with energy providers for flexibility exploitation. 

Flexibility Exploitation: As in the case of continuous flexibility, after receiving the flexibility information of 

buildings, the energy provider will activate the energy flexibility via the format of feasible demand response 

requests. The demand response request is defined as ὙȟὍȟ  

¶ Ὑ ὶǿȟὶǿȟỄȟὶǿ : specifies a sequence of binary control inputs to specify expected energy consumption 

pattern. 

¶ Ὅȟ ὸȟὸ : specifies the time period to implement such energy consumption sequence. 

Since the demand response request generated by the grid operator is feasible for the available flexibility 

potential of buildings, it can be ensured that the requested energy consumption adjustment can be achieved 

by the building system without violating indoor comfort constraints. 

5.7 Case studies 

 

Control-Oriented Modelling via RC-Network and ARX Models 

In previous sections, the RC-network and ARX models are introduced to provide control-oriented models for 

the thermal dynamics of buildings for our proposed energy-flexible MPC design. In the following, the 

effectiveness of these two approaches is demonstrated on high-fidelity building simulators. 

 

RC Model: Firstly, we consider a Modelica-based building simulator adopted from the open-access package 

Energym (Scharnhorst et al., 2021). The considered simulator models a one-zone building with a heat pump 

and radiator. The schematic picture of the model is shown in Figure 5.9. 

This high-fidelity Modelica-based model is used to generate input and output data of building system for 

developing control-oriented models. The input data include solar irradiation, ambient temperature, thermal 

input of the heat pump, and electricity consumption of the heat pump. The output data is indoor temperature. 

Given the input-output data, an RC model is constructed. For identifying the parameters of the RC model, the 

Python package Scipy (Virtanen et al., 2020) is used to minimize the prediction error of indoor temperature. 
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Figure 5.10 shows the prediction results of the RC model in both training and test data sets. It can be seen 

that the RC model can provide satisfactory prediction performance of the building thermal dynamics for 

considered Modelica-based building simulator. 

 

ARX Model: In the following, we numerically demonstrate the prediction performance of ARX model for 

predicting building thermal dynamics. For this case study, we consider a Modelica-based high-fidelity building 

simulator from the open-access package Boptest (Blum et al., 2021). This building simulator consists of air-

to-water heat pump and one thermal-zone building. The detailed information of this simulator can be found on 

the package website. Figure 5.11 depicts the schematic diagram of this building model. 

For implementing the ARX model, the input-output data pairs are generated via this building simulator. The 

input data is heat pump electricity consumption, ambient temperature, and solar irradiation; the output data 

is indoor temperature. The sampling period is 15 minutes. In order to identify the model parameters, the sum 

of the squares of the indoor temperature prediction error is minimized. Figure 5.12 depicts the prediction 

performance of the ARX model. It can be seen that satisfactory prediction performance is obtained via the ARX 

model. 

 

 

 
Figure 5.9 Sketch of the Modelica-based building simulator (Scharnhorst et al., 2021). 
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Figure 5.10 Prediction performance of RC-network model. 

Figure 5.11 Schematic diagram of the building simulator for ARX model (Blum et al., 2021). 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      57/ 99 

 

 

Based on the numerical results shown in this section, it can be concluded that the RC model and ARX model 

can both lead to satisfactory prediction performance of building thermal dynamics for MPC design. In case of 

physically interpretable model is preferred, the RC model can be selected. In favour of a scalable model, 

then the ARX model is suggested. 

 

Energy-Flexible MPC for Demand-Side Management 

In the following, the simulation results of our proposed energy-flexible MPC schemes for exploiting the energy 

flexibility of buildings are presented. The results are presented in two parts. The first part is about the 

continuous flexibility. The second part is the on-off type of flexibility. For both cases of continuous and on-off 

flexibility, the same two-step DSM framework is adopted. At the first step, the flexibility potential of the building 

system is quantitatively assessed. Then, at the second step, feasible DR requests are generated from the 

power grid to exploit the energy flexibility. In our simulation, to fully demonstrate the effectiveness of the 

proposed schemes, a high-fidelity Modelica-based building simulator is used for the case of continuous 

flexibility to simulate the building systems. The control-oriented prediction model is used in MPC design. Figure 

5.13 shows the diagram of our simulation framework. 

 

 

Figure 5.12 Prediction performance of ARX model. 

Figure 5.13 Diagram of simulation framework (Li et al., 2023). 
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Continuous Flexibility 

To extensively test the performance of the proposed flexibility control schemes, we consider 5 different 

scenarios of weather uncertainties, which can be classified as 3 categories: 

1. no uncertainty in ambient weather conditions (scenario 1), 

2. ambient weather conditions have uncertainty but this uncertainty is not dealt with in control scheme 

design (scenario 4 & 5), 

3. ambient weather conditions have uncertainty and this uncertainty is also considered in control scheme 

design (scenario 2 & 3). 

The information of the uncertainty sets for ambient conditions is shown in Table 5.2. 

 

Table 5.2. Uncertainty sets of ambient condition for different scenarios. 

 Uncertainty for 

ambient temperature 

Uncertainty for 

solar irradiation 

Consider uncertainty in 

flexibility assessment 

Scenario 1 0 0 Yes 

Scenario 2 [-2,2] [-50,50]  Yes 

Scenario 3 [-5,5] [-100,100]  Yes 

Scenario 4 [-2,2] [-50,50]  No 

Scenario 5 [-5,5] [-100,100]  No 

 

To fully demonstrate the robustness of the proposed scheme, the objective function of the flexibility 

assessment in Eq. (5) is to maximize the scope of the flexibility. Namely, the operational cost ὐ is neglected, 

and the cost function related to flexibility is defined as ὐ‎ȟ‎ ‎ ‌ẗ‎, where ‌ π as a scaling 

factor, for maximizing the scope of the flexibility. Demand requests are set to fully exploit the available flexibility 

to reduce the energy consumption during peak load hours. In our simulation, solar panels are also considered 

as local renewable energy in buildings. The detailed simulation settings can be found in our work Li et al., 

(2023). 

Simulation results for all scenarios are depicted in Figure 5.14-5.17, where the shaded regions with grey colour 

indicate the time periods when the flexibility of the building is assessed and exploited. Figure 5.14 shows the 

profiles of electricity price, ambient temperature, and PV generation during the simulation period. Figure 5.15 

shows the capacity of flexibility potential of the building computed via the proposed flexibility assessment 

formulation. It can be observed that in all cases, the building can provide a certain amount of energy flexibility. 

With the increase of the weather uncertainties considered in the control scheme design, the amount of 

flexibility is reduced since more energy flexibility is reserved to counteract the environmental uncertainty 

(Scenario 2 & 3). When uncertainties are not considered in control scheme design (Scenario 4 & 5), the 

amount of flexibility tends to be overestimated. Figure 5.16 shows the energy consumption profile from the 

power grid with the proposed scheme and the existing price-based scheme, respectively. It is clear that our 

proposed scheme can lead to more energy reduction during peak hours than the existing price-based scheme. 

Figure 5.17 shows the indoor temperature profiles of different scenarios (red dashed lines indicate the indoor 

temperature constraints). For Scenarios 1, 2 & 3, the indoor temperature is within the admissible range, which 

implies that the proposed approach can ensure indoor comfort constraints regardless of the uncertain ambient 

conditions and the provision of flexibility for demand-side management. 
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Figure 5.14 Profiles of electricity price (top), ambient temperature (middle), and PV generation (bottom) (Li et al., 2023). 

Figure 5.15 Capacity of flexibility computed in flexibility assessment for different scenarios (Li et al. 2023). 
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Figure 5.16 Power consumption from the power grid for different scenarios (Li et al., 2023). 

Figure 5.17 Indoor temperature profiles for different scenarios (Li et al., 2023). 
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On-Off Flexibility 

In the following, the numerical results of the proposed scheme considering the on-off type flexibility are 

presented. In this case study, the building is assumed to be equipped with 3 heat pumps. One major heat 

pump draws energy from the power grid to generate thermal energy for the building. The remaining two heat 

pumps (one is on-off type and on is continuous type) use the local renewable energy generated from a 2KW 

solar panel. The prediction horizon for our proposed MPC design is 48 with a sampling period of 30 min. The 

nominal power consumption ►ȇ is determined by minimizing the day-ahead electricity price. The energy 

consumption option of the building is depicted in Figure 5.18. 

 

 

 

As in the case of continuous flexibility, the operational cost ὐ is neglected in the flexibility assessment task. 

And the flexibility cost is defined as ὐ ῲ, which means computing the maximal flexibility potential of the 

building. The starting time for computing the flexibility assessment problem is at 11:00 am, i.e., the starting 

index of ל is 22. 

For solving the flexibility assessment problem, three schemes are investigated: 

¶ Scheme 1: our proposed approach by considering a feedback control policy. 

¶ Scheme 2: exhaustive search approach by trying out all possible uncertainty scenarios. 

¶ Scheme 3: a variant of our proposed approach by only considering open-loop control action. 

More detailed simulation settings can be found in our work Li et al., 2024. 

To explore the relationship between the flexibility scope ῲand the number of uncertainty inputs ȿלȿ, different 

sizes of ȿלȿ are tested. Figure 5.19 depicts the computation time for solving the flexibility assessment problem 

Eq. (7) and the maximal flexibility scope ῲz with different schemes. It can be seen that the computation time 

with the exhaustive search approach (Scheme 2) increases exponentially with the size of the uncertain input 

set. In contrast, our proposed approach (Scheme 1 & 3) can efficiently solve the flexibility assessment problem 

within reasonable computation time. Besides, it follows from Figure 5.20 that Scheme 1 and Scheme 2 lead 

to the same optimal flexibility scope ῲz, which means that the proposed approach does not sacrifice the 

optimality in this case study. Furthermore, compared with adopting only open-loop control action (Scheme 3), 

the feedback closed-loop control policy can effectively improve the scope of available flexibility. 

To show the robustness of the proposed scheme, the indoor temperature profiles with the three schemes for 

all possible uncertainty scenarios of ῲȟ► withȿלȿ ψ and ῲ υ are plotted in Figure 5.20, where indoor 

temperature constraints are indicated as black dashed lines. For Scheme 1 & 2, the indoor temperature 

constraint is satisfied for all possible flexible energy consumption options. For Scheme 3, since it can only 

provide less flexibility ῲz σ, indoor temperature constraint is violated. 

Figure 5.18 Diagram of energy consumption options (Li et al., 2024). 
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5.8 Conclusions 

In this chapter, a novel energy-flexible model predictive control design framework is proposed for exploiting 

the energy flexibility of buildings. Firstly, control-oriented models for building thermal dynamics in MPC design 

is discussed and numerically tested. Then, based on the control-oriented models, we proposed a novel two-

step demand-side management framework for exploiting the energy flexibility of buildings. Considering both 

continuous and on-off types of energy flexibility, we proposed control-oriented definitions for describing the 

range of flexibility, which can be readily incorporated in MPC design. For assessing the flexibility potential of 

buildings, robust optimization-based formulations with computationally efficient solutions are proposed for 

both continuous and on-off types of flexibility, respectively. 

By applying the proposed schemes, the energy flexibility potential of buildings can be quantitatively assessed, 

and can be exploited via the format of demand response requests. The proposed design can ensure that the 

energy flexibility of buildings can be safely exploited without violating system constraints even in the presence 

of uncertain environmental conditions. Numerical experiments based on high-fidelity Modelica-based building 

simulators are performed to demonstrate the effectiveness of the proposed schemes. 

Based on the proposed schemes, further investigation via real-world experiments will be conducted to 

demonstrate the viability and effectiveness of the proposed schemes in practice.  

Figure 5.19 Computation time for solving flexibility assessment and optimal *Gfor all schemes (Li et al., 2024). 

Figure 5.20 Indoor temperature envelops for all schemes (Li et al., 2024). 
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6 Development of model predictive control methodologies 

for real life case studies 

Authors: Sander van Gameren (Avans), Shalika Walker (Kropman) 

6.1 Introduction 

The work of Avans is within the framework of Task 2.3 òFlexibility management control developmentó, which 

fits in the larger framework of Work Package 2: òThe development of smart control models to increase energy 

flexibility (heat, cold and electricity) within buildingsó. In this task, three separate projects were executed 

together with Avans, students, and the company Kropman, with real world data, and where applicable, within 

a living lab environment to test the developed tools. The three projects are: 

A. The hardware-in-the-loop testing for smart charging controller development (Hsia, 2023): During this 

project, a Master student, Jui Lien Hsia, developed an improved Electric Vehicle (EV) charging 

controller on a bi-directional charging testbed at the Avans Smart Energy and Delivery lab (SEnD lab). 

Her work is a continuation of the work done by Roeland in ôt Veld, where he developed a smart charging 

controller that has the goal to reduce peak loads, time charging with available solar energy, and 

minimize charging costs by considering variable energy prices. The work of Roeland in ôt Veld is also 

done within WP2 of B4B. The bi-directional charging testbed enables Vehicle-to-building (V2B) 

technology, where an EV can deliver/gain electric power to/from a building. This testbed is a so-called 

Hardware-In-Loop (HIL) testbed. The HIL part of the testbed allows the tester to emulate real life 

conditions. This charging controller then utilizes a Model Predictive Controller (MPC) to predict and 

control the energy balance of the car connected to a simulated building load, becoming a Building 

Energy Management System (BEMS). 

B. Optimizing Office Energy Management through Bi-directional EV-Charging (Roijers, 2024): In this 

project, student Boaz Roijers, created an MPC for a BEMS to manage the power flows of an office 

building in Bunnink, The Netherlands. His work consisted out of creating a model of the power balance 

of the building. This includes the solar panels, EVs, building load, and a grid connection. In this project 

the developed model and controller are simulated for the duration of a year in several scenarios. The 

performance of the developed model and controller are evaluated over several metrics, such as: Peak 

power reduction, cost reduction, and self-sufficiency. 

C. Building Energy Management System based on Distributed Model Predictive Control (Chi, 2024): 

Student Hongjun Chi, developed a comparison study between the performance of a centralized MPC 

(CMPC) and a distributed MPC (DMPC). In this study, a model is created of a Small Medium Enterprise 

(SME) building that has a heat pump, 200 kWh battery, grid connection, solar panels, building load, 

and 9 charging stations for EVõs. Then, the model is simulated for either control strategy and the 

performance is evaluated according to the following metrics: Total cost reduction and load factor. 

These three separate works can be tied together in the framework of Task 2.3 òFlexibility management control 

developmentó, by investigating technologies that Integrate BEMS and EV smart charging. This creates a 

synergistic energy management ecosystem, where the impact of charging EVs on building grid load is reduced 

by balancing building power usage with expected solar power production. 

This topic of balancing own solar power production, building- and EV-load, has been studied extensively since 

the adoption of EVs in our society. For example (Raoufat et al., 2018), (Mouli, et al., 2016), and (Khan, S. et 

al., 2018). However, problems arise for balancing the power flows in a BEMS for a SME with a small number 

of EV-charging points (Mukherjee et al., 2014), (Khan, A. R. et al., 2016). The uncertainty of arrival and 

departure times of EVs and the size of the charging power required for the EVs compared to the standard grid 

load of the SME building, creates challenges for the BEMS to find an optimal solution for minimizing costs and 

utilizing solar power production (Diaz et al., 2018) (Bracco et al., 2015). 

In this report, all three works are discussed in a summarized manner. Highlighting their respective results and 

putting it into perspective within the framework of Task 2.3. In the next sections, first the developed models 

and cost functions are explained. Then the case studies are discussed together with a short description of the 

data used. It is followed by an analysis of the results per work and compared to each other. Lastly, an 

overarching conclusion drawn where the works are put into perspective within B4B. 
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6.2 Developed approach 

For an MPC to work we need to develop three separate concepts: An objective function that dictates the 

behaviour of the MPC (also called a cost function), a model that shows the behaviour of the overall system 

under consideration, and a set of constraints associated with the model that limits the system behaviour in a 

desirable manner. In this section, for all three works, the cost function, model, and constraints will be briefly 

discussed. On a side note: All the shown functions and equations are written in the same style, to avoid 

confusion. This style could deviate from the style shown in the individual works. 

 

The objective functions 

Objective function 1: The hardware-in-the-loop testing for smart charging controller development 

For each MPC developed, a cost function is defined. From Jui Lien Hsiaõs work, she considers the following 

function as a baseline objective function for the MPC: 

ὕὊὯ В ‗ Ὧ ὲϽὖ Ὧ ὲᶰ ‗ В Вᶰ Ͻὖ Ὧ ὲȟὭᶰ  (1) 

In (1), the first sum term minimizes the power drawn from the grid (ὖ , whereas the second sum term 

ensures that the EVs that are charged, are charged at a higher current (ὖ ), increasing overall system 

efficiency (Apostolaki-Iosifidou et al., 2017). The variable Ὧ is the discrete time-step. The other terms are 

weights to fine tune the objective function to increase performance. The objective of the MPC is then to 

minimize equation (1). She also considers two other objectives functions for performance comparison. 

 

Objective function 2: Optimizing Office Energy Management through Bi-directional EV-Charging 

In Boazõs work, the following objective function is defined: 

ὕὊὯ ὅВ
Ͻ Ͻ

ᶰ ὖВ   (2) 

The first sum term is to reduce the cost, to minimize over the power import and power export with different 

tariffs for each. The second term is for peak-shaving, to ensure that higher power drawn from the grid is 

penalized. The values C and P are weighting values for the cost and peak respectively. Lastly the ὧέίὸ and 

the ὴὩὥὯ are normalization parameters, to normalize each term for the maximum costs and the maximum 

power drawn from the grid respectively. 

 

Objective function 3: Building Energy Management System based on Distributed Model Predictive Control 

Lastly, in Hongjunõs work, two objective functions are developed: one for the centralized MPC (CMPC) and one 

for the distributed MPC (DMPC). The latter objective function is an augmentation of the centralized version to 

make it suitable for the distributed version. 

The objective function, or cost function, for the centralized version is: 

ὕὊ Ὧ ‌
ρ

ὔ
ὖ Ὧ ὲϽὅ Ὧ ὲ

ᶰ

 ‍
ρ

ὔ
ὖ Ὧ ὲ

ᶰ

Ễ 

‎ В ÍÁØπȟὖ Ὧ ὲ  ὖᶰ ‏  В ὖ Ὧ ὲᶰ ὖ Ὧ ὲ ρ  (3) 

Objective function (3) consists out of four distinct parts: 

A. A cost minimization part, it starts with tuning parameter ‌ (for fine tuning the performance) and 

normalization factor ρὔϳ . This part ensures that the objective function tries to minimize the cost of 

the power used from the grid. It is similar the first part of Boazõs objective function (2), except return 

tariff and use tariff are the same. 

B. The peak shaving part denoted with the tuning parameter ‍ and again with a normalization factor 

ρὔϳ . This part ensures that peaks in power usage are suppressed. This part of (3) is similar to the 

second part of (2). 

C. The third part of (3), starts with tuning parameter ‎ and ensures that the contracted maximum power 

(ὖ ) is not exceeded. This term causes a penalty for values of ὖ  that exceed the contract 

maximum, thus causing the controller to steer away from that limit. 

D. The last part, starting with tuning parameter ‏, is a term for power fluency. This term ensures that 

there are no abrupt changes in the power drawn from the grid, which can be harmful to machinery. 
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For the distributed version of the controller, the Alternating Direction Method of Multipliers (ADMM) (Aicardi et 

al., 2024) is used. The ADMM algorithm breaks a convex optimization task into smaller pieces so each piece 

will be easier to handle and finally leads to solving the complete problem (Cai et al., 2018). 

The ADMM algorithm is a distributed control architecture. Distributed means that there is communication 

between the subsystem controllers, whereas decentralized means there is no communication between the 

subsystem controllers. Both distributed and decentralized can be compared visually to centralized MPC, which 

is provided in Figure 6.1. 

 

 

Figure 6.1 Example of a controlled system interconnection with centralized control (left), distributed control (middle) and 

decentralized control (right). From (Steentjes, 2022). 

 

ADMM is a version of a distributed control architecture where a so-called coordinator is used to reach the 

optimization objective. This architecture is shown in Figure 6.2. 

 

Figure 6.2 The DMPC architecture depicting ADMM. From (Christofides et al., 2013). 

 

The situation depicted in Figure 6.2, shows a balancing problem between the EV charging station and the 

battery energy storage system. This is relevant to our case since the aim is to optimally balance the needs of 

the EV charging with the power available in the battery over time. 

With the difference between centralized, decentralized, and distributed clarified, the distributed version of (3) 

is shown (Aicardi et al., 2024):  
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ὕὊ ὕὊ Ͻ В ὖ ȟὯ ὲ ὖ Ὧ ὲᶰ  (4) 

In this equation, Ὥ denotes the index of the subsystem, ‗ is a Lagrange multiplier that is updated iteratively to 

enforce the consensus constraints between the subsystems, ” is a penalty parameter and is used, together 

with ὔ , to fine tune performance. The ὖ  variable is defined as: 

ὖ Ὧ  (5) 

where ὖ Ὧ also has the role of connecting the subsystems to each other: 

ὖ ȟὯ  ὖ Ὧ πȟύὬὩὶὩ Ὥ ρȟς (6) 

In (6), Ὥ ρȟςȟσȟȣ denote the index of the subsystems, with Ὥ ρ being the EV charging station and Ὦ ς 
denotes the battery. 

Of (4), only the update of the Lagrange multiplier needs to be defined: 

‗Ὧ ρ ‗Ὧ ”Ͻὖ ȟὯ ὖ Ὧ  (7) 

In summary, the augmented Lagrangian approach enables the system to handle constraint violations in a 

controlled manner, while the Lagrange multiplier and penalty parameter ” iteratively drive the system toward 

consensus. This method is robust in distributed systems where subsystems must collaboratively optimize their 

variables while maintaining consistency across the system. This connects to Task 2.3 of Brains4Building where 

the aim is to increase energy flexibility. 

 

The developed models 

Each of the three works developed for Brains4Buildings have similarities between them. Each of the works 

considers optimizing the energy usage of a SME through some form of MPC. To do this, the power consumption 

and generation of the building needs to be modelled. In all three cases there are solar panels and EVs present. 

However, in not every case there is a building bound battery energy system present, or heat pump. A battery 

energy storage system and heat pump are only present in the work of Hongjun (the distributed objective 

function). 

Mainly, each work consists out of an energy balance function, followed by multiple constraints specific to the 

case. In this subsection, we describe the core parts that are similar of each work and is followed by case 

specific constraints that limit the behaviour into the desired behaviour. 

 

The energy balance model of the buildings 

Each work considers the energy balance of the building as the basic part of the model. From the energy balance 

of each work are shown in the equations below. 

 

¶ Energy balance model of Jui: 

ὖ Ὧ ὖ Ὧ В ὖ Ὧᶰ ὖ Ὧ (8) 

 

¶ Energy balance model of Boaz: 

ὖ Ὧ ὖ Ὧ В ὖ Ὧ –ᶰ Ͻὖ Ὧ ὖ Ὧ (9) 

 

¶ Energy balance model of Hongjun: 

ὖ Ὧ ὖ Ὧ ὖ Ὧ ὖ Ὧ В ὖ Ὧᶰ ὖ Ὧ (10) 

 

In equations (8), (9), and (10), variable Ὧ is the discrete time variable of the system and ὖ  is the power 

drawn from, or delivered back to, the grid. Also, each of them has ὖ Ὧ and ὖ Ὧ, representing the 

power consumed by the building and power generated by the solar panels respectively. Next, in every equation 

there is a summation term for the EVs present in the system with their respective charge and discharge powers 

represented by ὖ Ὧ. However, in equation (9) in the summation, it shows distinct values for the EVs that 

charge or discharge. The impact of this, compared to the other two equations, is shown in the results of this 

chapter. 

Note that in (8), in Juiõs own report, ὖ Ὧ is denoted as ὖ ȟ ȟȟὯ. ὖ ȟ ȟȟὯ is defined as the power 

requested from the grid to charge the EV in combination with the solar power and the charging needs of the 
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EV. The notation of ὖ ȟ ȟȟὯ is found to be confusing since, it behaves exactly like ὖ Ὧ. Therefore 

ὖ ȟ ȟȟὯ is rewritten as ὖ Ὧ in this report. 

 

Battery models 

The work of Jui and Hongjun also include models for a battery. Within Juiõs work the battery is hidden in the 

ὖ Ὧ variable, since the EV is emulated with a real battery system. 

 

¶ Battery model Jui: 

Ὁ ὭȟὯ  

Ὁ Ὥ

Ὁ Ὥ ὖ ὭȟὯ ρϽ

Ὁ Ὥ

ὭὪ ὸ Ὕ Ὥ

                               ὭὪ Ὕ Ὥ ὸ Ὕ Ὥ

    ὭὪ ὸ Ὕ Ὥ
 (11) 

 

¶ Battery model Hongjun: 

Ὁ Ὧ Ὁ Ὧ ὖ Ὧ ρϽὝ                            ὭὪ Ὁ Ὁ Ὁ  (12) 

 

In both functions index Ὥ is the index of the EV being charged at a charging point and Ὧ is the discrete timestep. 

For both equations goes that ὖ Ὧ and ὖ Ὧ can be positive and negative in sign (charging and 

discharging). The reason that the battery model of Hongjun is simpler than that of Jui, is that Juiõs battery is 

an emulation of an EV. The moment the EV arrives, it arrives at a preset battery energy state, represented by 

Ὁ Ὥ, shown in the first line of equation (11). The same goes for departure, as shown in the last line of 

equation (11), emulates the EV leaving at a set battery energy state of Ὁ Ὥ. 

Hongjunõs battery model is representation of a building bound battery that is located inside the SME. Therefore, 

there is no preset state of charge. The maximum/minimum amount of energy inside the battery is limited by 

the battery capacity as shown in the if statement of (12). This is further elaborated upon in the following 

constraintõs subsection. 

 

EV-charging models 

Lastly, the charging behaviour of the EVõs is modelled: 

 

¶ EV-charging Jui: 

ὖ ὯϽ– Ὅ ὯϽ’  (13) 

ὖ Ὧ Ὅ ὯϽ’ Ͻ–  (14) 

 

¶ EV-charging Boaz: 

Ὁ ὭȟὯ Ὁ ὭȟὯ – Ͻὖ ὭȟὯ ὖ ὭȟὯϽὝ              ὭὪ Ὧ π (15) 

Ὁ ὭȟὯ Ὁ ὭȟὯ ρ – Ͻὖ ὭȟὯ ὖ ὭȟὯϽὝ       ὭὪ Ὧ π (16) 

 

¶ EV-charging Hongjun: 

Ὁ ὭȟὯ ρ Ὁ ὭȟὯ – Ͻὖ ὭȟὯϽὝ (17) 

 

In the equations above Ὧ again denotes the discrete time-step and Ὥ represents the index of the EV. Next, there 

are differences of note between equations (13) till (17). Equations (13), (14), and (15) do not have a Ὧ ρ 

or Ὧ ρ indexation in them. For equations (13) and (14) this has to do with that the update of the total 

charged energy happens in (11). For (15), the absence of Ὧ ρ or Ὧ ρ has to do with that this is the first 

time instance the car is being charged. 

 

The constraints for the models 

Each work is rich in constraints and exhaustive in nature. Therefore, in this report the important constraints 

are summarized and important differences between each work are highlighted. 

For each separate work goes that the amount of energy the EVs can charge is limited by how much energy 

they need in the time the EV spends at the charging station, as well as how much power the charging station 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      68/ 99 

can deliver at a given time instance. The time the EV arrives and departs, next to how much energy it needs to 

charge in that time, can be derived from the data associated with each case study. 

Juiõs and Hongjunõs work incorporate also battery constraints that limit the amount of energy that can be 

stored. Hongjun also limits a minimum energy state for the battery, since draining batteries of energy 

completely can be harmful to the system. These are equation (3.3) in Juiõs work (Hsia, 2023) and equation (5) 

in Hongjunõs work (Chi, 2024). 

Also, for Juiõs work goes that she penalizes strong differences in between charging current to the EV at each 

time step. This is done to smoothen the EV charging profile (equation (3.6) in (Hsia, 2023)). In Hongjunõs work 

(Chi, 2024) a similar smoothing action can be seen, but it is incorporated in the last part of cost function (3) 

of this report. Hongjun penalizes large differences between grid power drawn between time steps. This 

smooths the profile of the power drawn from the grid. This smoothing action is done by the last part in function 

(3) of this report. 

Only Boaz considers a hard constraint on the contracted maximum power drawn from the grid of the SME, 

denoted by ὖ  and shown in equations (3.4) and (3.5) in Boazõs report (Roijers, 2024). In Hongjunõs work 

(Chi, 2024), exceeding the contracted maximum is penalized in the cost function, again shown in equation (3) 

of this report. However, adding a penalty does not make it impossible for the solver to come up with values 

that exceed the contracted maximum. Jui does not consider a limit to the power drawn from the grid. 

Also, only Boaz considers a set of constraints pushing the solver to increase on-site solar power utilization. The 

reason for this has to do with that it was an important focus of the work to increase self-sufficiency of the SME. 

The self-sufficiency constraints are formulas (3.19) to (3.25) in (Roijers, 2024). 

Finally, since the work of Hongjun (Chi, 2024) evaluates performance differences between a CMPC and a 

DMPC, a constraint is needed that expresses if the convergence of the DMPC solution is satisfactory. In 

equation (4), the variable ὖ  is used for this purpose: 

ὖ Ὧ ὖ Ὧ ρ „ (18) 

When, between iterations of calculation the optimal solution, the difference between ὖ Ὧ  and 

ὖ Ὧ ρ is less than or equal to „, consensus is achieved, and the iterations stop. 

 

6.3 Case studies 

In this section an introduction is given to the case study of each work. Also, the data available for each case is 

briefly discussed. 

 

Jui Lien Hsia: Hardware-in-the-loop testing for smart charging controller development 

This work is a continuation of the work done by student Roeland in ôt Veld at the Kropman Breda Office. 

Roeland proposed an algebraic model and MPC for the optimization of the SME energy usage. The model and 

MPC done by Roeland are similar to the works presented in this report. In Juiõs work the controller is adapted, 

integrated, and improved to the Hardware-In-Loop testbed at the Avansõ Smart Energy and Delivery Lab. In 

addition, testing and analysis is done of the achieved results. 

The Kropman Breda office is built in 1993 and has a total floor area of approximately 1500 square meters. 

Maximum occupancy is 35 people and the building is equipped with a BEMS, solar panels, a building bound 

battery energy system and EV charging points. A schematic layout of the building and its data collection is 

shown in Figure 6.3. 

On the roof, a total of 65 solar panels are present, with a combined maximum capacity of 16.9 kW. Next to 

this, four type 2 EV charging points are available, that have a maximum capacity of 7.4 kW (1-phase) or 22 kW 

(3-phase) of charging power per charging point depending on the vehicle type. 

For this case study building consumption data was available as well as the EV-charging data. The data available 

to her only is data from three days, those days being: 21-03-2022, 22-06-2022, and 12-12-2022. The data 

that she uses of those three days is resampled since the data doesnõt share the same time basis over all the 

separate data sets. For example, different time data between building load and EV data. A snippet of pre-

processed EV-charging data is shown in Figure 6.4. 
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Figure 6.3 Overview of the building systems and the data collection. 

 

 
Figure 6.4 Example of pre-processed EV data. 

 

Boaz Roijers: Optimizing office energy management through bi-directional EV charging & 

Hongjun Chi: Building energy management system based on distributed model predictive control 

Both Boazõs and Hongjunõs work consider a set of offices constructed in 1885 in Bunnink near Utrecht. On the 

building plot, four separate office buildings are located that are occupied by different divisions of BAM, a 

company within the field of construction and infrastructure. Each building consists of three stories and the 

floor area for building A, B, C, and D is 3035 m2, 3707 m2, 1884 m2, and 1284 m2 respectively, bringing the 

total up to approximately 9900m2 (Figure 6.5). All buildings share their connection to the grid which is 

contracted at 345kW. Each building is heated by an individual gas boiler. Heat is distributed by radiators and 

air-handling units. The buildings utilize a shared compression chiller for cooling which is located in building B. 

In total 424 PV panels with a watt peak of 270 are installed. The panels are installed on the roofs of buildings 

A, B, and C. However, the generated electricity is not restricted to a building and can be shared among each. 

The plot also facilitates EV charging. All four buildings utilize the same nine dual charging stations on the EV 

parking lot. The charging stations are connected to a 3-phase system that is sourced by the plotõs connection 

to the grid. Each charger pole has two charging points of the IEC 62196 Type 2 that can provide charging 

power of up to 14kW (AC 3x20A) but is limited to 11kW for EVs with an onboard transformer that is limited to 

11 kW. However, EVs with a larger onboard transformer can utilize the full 14kW. The geographical situation 

of the four offices is depicted in Figure 6.5. 

Again, building power consumption data and EV charging data are available in this case study. Roughly 1 year 

and 9 months of data taken at 15-minute intervals. As opposed to Juiõs case, the data does not need to be 

resampled to run the algorithms, since all the data is sampled with the same time basis. Figures 6.6 and 6.7 

show snippets of the building power consumption data and EV charging session data respectively. 
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Figure 6.5 Offices A, B, C, and D on the BAM office plot. 

 
Figure 6.6 A snippet of the building power consumption data. 

 

 

Figure 6.7 A snippet of the EV charging sessions data. 

6.4 Results 

In this section the results of each separate work are shown and briefly discussed. 

 

Jui Lien Hsia: Hardware-in-the-loop testing for smart charging controller development 

Jui works on three different cost functions for the MPC she develops for the HIL-controller on the testbed at 

Avans SEnD-lab. She runs her simulation on the testbed over several cars for several days in three different 

seasons. 

The second cost function she develops clearly shows that the developed MPC leads to improved power peak 

reduction, reduced overall energy consumption, and improved self-sustainability from the solar power 

delivered directly to the car instead of delivering it back to the grid. 

Examples of her results are shown in Figures 6.8 and 6.9. 

 

Figure 6.8 The charging behaviour of a single EV over a single day, with solar power production, with controlled and 

uncontrolled cases. 
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Figure 6.9 The load profile of the building over a single day, with solar power production, with controlled and uncontrolled 

cases. 

 

Juiõs work considers three different objective functions for the MPC and an extra case where the solar power 

generation is upscaled. Her results are summarized in Table 6.1. 

 

Table 6.1. Summary of the results of Juiõs work for different scenarios and cost functions. 

Scenarios Control strategy 
PPR 

(kW) 

PPR 

(%) 

Energy cost 

(euros/day) 

SS 

(%) 

SC 

(%) 

December 

Uncontrolled 

Controlled (OF0) 

Controlled (OF1) 

Controlled (OF2) 

- 

4,528 

4,528 

8,822 

- 

11,122  

11,122  

21,668  

126,025  

119,955  

119,810  

120,090  

11,953  

12,274  

12,274  

12,274  

100,00  

100,00  

100,00  

100,00  

June 
Uncontrolled 

Controlled (OF2) 

- 

12,266  

- 

42,177  

39,237  

31,423  

38,845  

40,481  

94,462  

94,796  

June with upscaled PV 
Uncontrolled 

Controlled (OF2) 

- 

15,424  

- 

50,254  

19,759  

12,899  

61,169  

73,532  

80,950  

93,666  

March 

Uncontrolled 

Controlled (OF0) 

Controlled (OF1) 

Controlled (OF2) 

- 

6,173 

5,976 

6,173 

- 

15,105  

14,623  

15,105  

54,775  

52,791  

52,949  

52,784  

25,028  

25,086  

25,086  

25,086  

100,00  

100,00  

100,00  

100,00  

March with upscaled PV 
Uncontrolled 

Controlled (OF1) 

- 

8,944 

- 

25,563  

36,550  

34,646  

51,037  

52,664  

97,106  

99,971  

 

Upscaling the PV has the most effect on the total energy cost, as can be seen in Table 6.1. This result is 

expected, nonetheless not trivial since the emphasis of this project was on integrating an MPC-strategy with 

the HIL-testbed at the Avans. Obtaining these results shows that it is possible, bringing Vehicle-to-Building 

technologies a step closer. 

 

Boaz Roijers: Optimizing office energy management through bi-directional EV charging 

Boaz studies 11 different scenarios next to the uncontrolled scenario. The variations of the scenario come 

from varying the peak penalty and cost penalty parameters in his cost function shown in equation (2), next to 

altering a set of other parameters in his model, like PV-scale factor and the maximum charger power of the EV 

chargers. The scenarios are described per parameter in Table 6.2. 

A difference from Boazõs work between the other two works, is that Boaz trains two models for predicting the 

building load. This forecasting model allows him to extend the simulation beyond the data time range of the 

data he was given. The details of this forecasting model can be found in Section 4.3 of (Roijers, 2024). 

From the scenarios Boaz generates the results as shown in Table 6.3 and 6.4. Table 6.3 shows the baseline 

scenario which can then be compared to the results of the scenarios as shown in Table 6.4. 

From the results it becomes apparent that there is a balance between cost reduction and power peak 

reduction: If cost reduction is prioritized it leads to an increased power peak in the afternoon, and vice versa. 

Overall, the reduction in savings increases strongly with PV-upscaling. This shows that the building bound 

power generation is small compared to the building power consumption. This is also visible in the Average Self 

Consumption column of Table 5.4, indicating that in each scenario all generated solar power is consumed. 

Increasing solar power generation and/or adding a battery energy storage system to the building, can decrease 
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power consumption from the grid even more. This result is similar to one of Juiõs results where upscaled PV 

shows the largest improvement in terms of cost. 

 

Table 6.2. The scenarios and how it affects the different cost function and model parameters. 

Scenarios 
Peak penalty 

[-] 

Cost penalty 

[-] 

PV-scale factor 

[-] 

Max. PV utilisation 

[-] 

Charger rate 

[kW] 

Forecasted building load 

[-] 

Uncontrolled - - - - - - 

A 0.8 0.2 1 Off 11 No 

B 0.5 0.5 1 Off 11 No 

C 0.2 0.8 1 Off 11 No 

D 0.8 0.2 3 Off 11 No 

E 0.2 0.8 3 On 11 No 

F 0.8 0.2 3 On 11 No 

G 0.2 0.8 3 On 11 No 

H 0.8 0.2 1 Off 50 No 

I 0.2 0.8 1 Off 50 No 

J 0.8 0.2 1 Off 11 Yes 

K 0.2 0.8 1 Off 11 Yes 

 

Table 6.3. Baseline scenario results. 

Scenarios 

Total cost 

active energy 

[û/yr] 

Total peak 

cost 

[û/yr] 

Total cost 

 

[û/yr] 

Average morning 

peak 

[kW] 

Average 

afternoon 

peak 

[kW] 

Average SS 

 

[%] 

Average SC 

 

[%] 

Uncontrolled 192.526, - 26.032,- 221.558, - 197 174 12.6 99.7 

 

Table 6.4. Baseline scenario results. 

Scenarios 

Active energy 

savings 

[%] 

Peak cost 

savings 

[%] 

Total savings 

 

[û/yr] 

Average PPR  

m/a  

[kW] 

Average PPRP 

m/a  

[%] 

Average SS 

 

[%] 

Average SC 

 

[%] 

A -0.6 14.9 -0.1 39.1/13.3  19.2/6.7  12.6 99.7 

B 0.0 13.8 0.5 33.1/8.0  16.4/3.5  12.6 99.7 

C 0.9 -1.6 0.8 12.4/ -11.8 6.4/ -7.9 12.6 99.7 

D 30.8 25.6 30.6 62.4/47.2  28.1/23.2  37.6 97 

E 31.7 12.8 31.1 48.7/30.4  21.8/14.1  37.7 96.7 

F 31.5 25.6 31.3 40.0/14.0  22.0/8.8  36.5 97.2 

G 33.1 1.9 32 34.4/12.8  14.5/4.1  34.7 96.8 

H -0.8 15.1 -0.3 42.0/15.4  20.6/7.9  12.6 99.7 

I 1.1 -5.8 0.8 11.1/ -13.1 5.8/ -8.7 12.6 99.7 

J -0.6 14.9 -0.1 39.3/11.9  19.4/5.8  12.6 99.7 

K 0.9 -1.9 0.8 11.6/ -13.1 6.1/ -8.8 12.6 99.7 

 

Another result is that increasing the max charging capacity of the EVs did not impact overall results as much, 

as is observed by comparing scenarios A&B to H&I. An explanation for this lies in the fact that the onsite PV 

generation is small compared to the onsite power usage. This is further explained in Section 4.4.3 of (Roijers, 

2024). 
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Boaz also analyses other themes like costs, peak power, and impact of PV size, among other things, in Section 

4.4.1, 4.4.2, and 4.4.3 of (Roijers, 2024), respectively. Since this report focusses on the main results in this 

report, the details of those sections are left to the reader. 

 

Hongjun Chi: Building energy management system based on distributed model predictive control 

In Hongjunõs work a CMPC to a DMPC is compared over a select set of dates. This size of the data the algorithm 

is run over is similar in size to Juiõs. Like Boaz, Hongjunõs cost functions also include peak and cost penalties. 

This allows for comparison, to an extent, of the three works. 

Hongjun created three different scenarios each run over 7 days, from 14-03-2022 till 21 -03-2022. The CMPC 

and the DMPC are used then to control the energy flows in the case study. The specifics of each scenario are 

summarized Table 6.5. 

 

Table 6.5. Baseline scenario results. 

Scenarios 
Cost penalty 

[-] 

Peak penalty 

[-] 

A 0.5 0.5 

B 0.8 0.2 

C 0.2 0.8 

 

Hongjun uses two metrics to analyze his results with. The load factor and the total cost reduction. The load 

factor is defined by the following formula: 

ὰέὥὨ Ὢὥὧὸέὶ
 

 
ρππϷ (19) 

The load factor is a metric for understanding how much the average load and peak load differ: the closer to 

100% the load factor is, the more similar it is to the average load. 

The total cost reduction compares the total cost of the uncontrolled scenario (no CPMC or DMPC) to the 

scenarios A, B or C, that can be controlled by a CMPC or DMPC. Scenario A is a balanced scenario between 

cost and peak penalties, where scenario B is cost penalty preferred, and scenario C is peak penalty preferred. 

The results are shown in Table 6.6. 

 

Table 6.6. Results of each scenario of Hongjun compared to the uncontrolled. 

Scenarios MPC type 

Total cost 

reduction 

[%] 

Load factor 

[-] 

Uncontrolled - 0 0.3 

A CMPC 0.7 0.39 

A DMPC 0.4 0.38 

B CMPC 3.2 0.34 

B DMPC 2.5 0.32 

C CMPC -0.3 0.39 

C DMPC -0.4 0.39 

 

As is visible from Table 6.6, scenario B realizes the strongest reduction in cost reduction, which lies in line with 

the parameter setup of scenario B. Same goes for scenario C in terms of peak reduction and therefore we see 

an increased load factor, implying that the average power consumption lies closer to the peak power 

consumption. 

Surprisingly, the difference between load factor reduction between scenario A and C is non-existent. Even 

worse, the cost reduction performance was reduced from a minor cost reduction to a minor cost increase over 

7 days. 

An explanation can be found by visualizing the system states on days where the solar PV output behaves 

volatile (due to clouds, rain). The date where this happens is 14-03-2022. We then run a CMPC simulation 
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over 14-03-2022 for two different scenarios: one where the cost penalty/peak penalty is: 0.7/0.3, and another 

where the cost penalty/peak penalty is: 0.3/0.7. The results are shown in Figure 6.10 and 6.11. 

From the results it becomes clear that penalizing the cost instead of the peak leads to the controller better 

utilizing the volatility for cost reduction. For example, the battery charges over the day in Figure 6.10, whereas 

it barely charges in Figure 6.11. This is because the power price is relatively low over the day, compared to 

what it will be in the evening. This allows the battery to be used when the power price increases from 15:00 

on. Then the charged battery can be used to charge the EV cars, also shown in Figure 6.10. 

 

 

Figure 6.10 A CMPC executed over 14-03-2022 with parameters cost penalty:0.7 and peak penalty: 0.3. 

 

 

Figure 6.11 A CMPC executed over 14-03-2022 with parameters cost penalty:0.7 and peak penalty: 0.3. 

 

Overall, it was observed that the difference in performance between CMPC and DMPC is small for each 

scenario. In each scenario the performance of the DMPC is slightly worse than the CMPC. A follow-up 
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investigation has been conducted to explain this small difference. In the paper of (Velasquez et al., 2019) an 

explanation was found. In (Velasquez et al., 2019) a different form of DMPC is studied called a Dual 

Decomposition Model predictive controller (DDMPC) in comparison to CMPC. DDMPC shares a similarity with 

the DMPC of Hongjun by its Langrangian multiplier and consensus seeking nature. 

(Velasquez et al., 2019) finds a similar size of difference in performance between CPMC and DDMPC. However, 

a difference between the work of Hongjun and (Velasquez et al., 2019) is that (Velasquez et al., 2019) 

considers a larger set of generators (solar panels, wind turbines, etc.) that create electrical power that are fed 

into some distributed consumptive system. They compare the performance results of CMPC and DMPC on, for 

example simulation time. These results are shown in Table 6.7. 

 

Table 6.7. Simulation time in function of number of generators per each economic dispatch method  

and for one time step with Ὄ ρσ. From (Velasquez et al., 2019). 

# of generators CMPMC DDMPC 

3 0.118 4.400 

10 0.207 4.540 

100 2.684 4.549 

200 7.208 4.630 

300 13.18 6.150 

400 21.69 6.780 

500 31.2 7.280 

750 54.88 7.212 

900 1988 6.854 

1000 6944 7.327 

 

From Table 6.7 it becomes apparent that DDMPC computation time remains similar in scale and size whereas 

the computation of the CMPC increases exponentially. This highlights a strong advantage of distributed 

methods of control compared to centralized methods and shows in what use cases CMPC should be used as 

opposed to DMPC and vice versa. 

6.5 Conclusions and discussion 

In this section of the report Avans & Kropman summed up five years of work within the framework of Task 2.3 

of B4B where we aim to develop smart control models to increase energy flexibility within buildings. In this 

section of the report mainly focusses on overall conclusion and discussion of all three works combined. For 

the specific conclusions and discussion of each work, the reader is referred to the specific report of the work. 

In all the works we focussed on MPC-based control to increase the energy flexibility, reduce overall electricity 

costs, improve building self-sufficiency, and reduce peaks of power consumption, within the limits of the case 

study data provided. 

This sometimes led to trivial results. Take for example the result by either Jui and Boaz where increasing the 

solar power in each case study led to the most improvement in terms of cost reduction and increase in self-

sufficiency. This highlights a problem with some of the case studies that the power consumption of the building, 

and connected hardware like EVs, is significantly larger than its own power production capacity. 

A strong point of all the MPC solutions found in each project, is that all solutions significantly reduce peak 

power consumption. This, no matter the cost function. For example, the simplest of cost functions, shown in 

Juiõs work (Hsia, 2023) in Section 3.3, only penalizes the power drawn from the grid. This cost function alone 

reduces the peak power consumption at least 11% in December to 42% in June. Reducing the peak power 

consumption directly impacts the net congestion issues we have in the Netherlands and allowing companies 

to do more within the contracted power limits that they have. 

A missing component in two of the projects is a separate battery energy storage. The battery is only present in 

the work of Hongjun (Chi, 2024). EVs could be seen as battery storage as well. However, EVs are, in normal 

usage patterns, only in need of power. A building battery energy storage could improve cost reduction since 

they are able to store power that could be needed the next hours or days. For example, it could be sunny on 

Sunday when no one is working, so the building battery charges. On Monday many people come to work and 
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some of those have EVs. Those EVs can then be charged from the buildingõs battery system. An MPC is crucial 

in this, since it is able to, given that the prediction and control horizon are long enough, ensure that the battery 

is charged before Monday, and the power is then utilized. 

Another thing to point out is that all three works did not reach over 10% cost reduction levels. In Hongjunõs 

work (Chi, 2024), the highest cost reduction was achieved in scenario 2, with a total reduction of 3.2% in the 

CMPC-case. Even so, it is important to point out that Hongjunõs work (Chi, 2024) was only run over a set of 7 

days, Juiõs work three separate single days. Only Boazõs work was run over the entire year, but no battery was 

included into the case study. Probably, higher cost reductions can be achieved with a battery in combination 

with an MPC. 

But the biggest highlight is hidden in the work on Jui (Hsia, 2023). In that work it is shown that the Vehicle-to-

Building (V2B) setup can be integrated with the flexible energy management strategies developed in Work 

Package 2 of B4B. The V2B setup has been developed in Work Package 1 of B4B and can be used to show 

that the developed models can truly function in practice. Elevating the delivered work from ôpaper exerciseõ to 

practice. 

Nonetheless, there is plenty of room for improvement for future work directions. The lowest hanging fruit here 

is to run the developed models by Hongjun over the entire length of the dataset and analysing over the various 

parameters the impacts on costs saving and the load factor. This can be done in combination with the HIL-

setup to verify its practical performance. 

Another direction is to scale-up the model of Hongjun, integrating multiple generators and power consumers, 

to verify the performance of his DMPC vs CMPC on computation time and comparing these results to 

(Velasquez et al., 2019). 
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7 Predictive controls in SME buildings 

Authors: Bart Lelij, David Fortini (O-Nexus) 

7.1 Introduction 

In this chapter O-Nexus describes the results of the research performed in Task 2.3. We also refer to Work 

Package WP2.1 to WP2.5 of the B4B Project Plan in order to inform the reader about the wider context. 

The general conceptual idea is to produce heat (with e.g. Heat Pump or immersion heater) at convenient times, 

store the thermal energy in the  Phase Change Material(PCM) buffer and use the heat when needed. The 

thermal buffer enables us to separate time of production and distribution of heat. 

The CO2 saving principle is based on manipulating the Time of Use of electricity: the Heat Pump generates 

heat when there is PV_export, or when the (dynamic) energy prices are low, or when the ambient temperature 

is favourable (daytime). The buffer stores the energy, and releases the heat when needed. For example: solar 

production in the weekend is stored in the thermal buffer and released Monday morning when the office is 

used (Figure 7.1). 

 

 

Figure 7.14 Typical office hours for SME vs energy consumption. 

 

For this research we use a prototype at The Green Village with a bigger thermal buffer (Central Bank ± 65 

kWh_th) and a prototype setup with the smaller versions (FlexTherm ± 7 kWh_th) at the Flamco laboratory in 

Almere. The Flextherm is also deployed at various ôfriendly pilot usersõ. 

7.2 The goals of B4B WP2 

In the B4B project scope for WP2 the following goals are described: 

A. Develop models for HVAC (that enable to decrease CO2 emissions by 30%) 

B. Develop energy prediction models 

C. Develop energy flexibility steering models 

The research that contributes to a system that works according to the goals are described in the overall B4B 

Project plan in the following Work Packages: 

 

WP2.1 Energy Data Model 

O-Nexus investigated which data model is best to use for this specific type of (SME) buildings given practical 

available datasets and the O-Nexus technology. 
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WP2.2 Energy Forecast 

O-Nexus developed a model for forecasting the thermal energy demand, based on limited datasets in the 

combined Deliverable 2.1-2.2-2.3 of the project. 

 

WP2.3 Calibration using Machine Learning (AI)  

O-Nexus developed a steering algorithm. In order to make this efficient we introduced a Reliability factor (Rf), 

a Calibration Interval (Ki) and a Correction Factor (Cf). 

 

WP2.4 Inaccuracy factor 

We renamed the inaccuracy factor to Reliability Factor (see WP2.3). Further, the principle from the B4B project 

plan is understood: in order to have efficient steering of energy one must ôknowõ how reliable the forecast is 

and take that into account when steering and energy commands are given to the system. 

 

WP2.5 Prototype with buffer 

The steering algorithm is tested extensively at the Flextherm prototype and basically at the Central Bank. 

 

The next section summarizes our work on the Energy Data Model. 

7.3 Energy data model 

The heating infrastructure includes a thermal buffer that allows us to produce and distribute heat independent 

from each other at moments that are most efficient. Therefore, energy behaviour of the people in the building 

is not that relevant: as long as the system makes sure that there is sufficient heat in the buffer, comfort settings 

can be maintained. 

There is no real need to predict in detail the behaviour of people (i.e. how many people are when and where 

in the building). We do need to predict the energy demand on a regular interval, check whether the capacity 

and SoC of the buffer suffices, and decide on the best moment to produce the heat using either (the cheapest 

and greenest) grid power or own solar production. 

 

Reference studies 

In the field of optimizing water heating systems, various studies have proposed advanced control strategies 

that differ from the O-Nexus/B4B algorithm, primarily in their reliance on multiple sensors and more complex 

implementations. 

Kazmi et al. (2018) introduced a deep reinforcement learning-based optimal control strategy for hot water 

systems. Their methodology requires detailed sensor data to model the system dynamics and occupant 

behaviour accurately. While effective in reducing energy consumption, his approach requires a dense sensor 

network, increasing both complexity and costs. 

Passenberg et al. (2016) developed an optimal water heater control method using dynamic programming, 

incorporating forecasted consumption and weather data. This approach aims to increase self-consumption of 

photovoltaic (PV) energy within smart building environments. However, it requires access to detailed 

consumption forecasts and weather predictions, adding layers of complexity and potential costs to the system. 

Ruelens et al. (2015) applied reinforcement learning to electric water heaters, utilizing an auto-encoder 

network to process data from multiple temperature sensors. Their system demonstrated significant energy 

savings but relied on extensive sensor inputs to inform the learning process. This dependence on multiple 

sensors adds to the system's complexity and cost. 

 

O-Nexus/B4B algorithm design principles 

In contrast, the O-Nexus/B4B algorithm distinguishes itself by minimizing the need for additional hardware 

and sensor data. It leverages energy input data and user consumption patterns to optimize charging cycles, 

aiming for a cost-effective and straightforward implementation. This approach reduces installation complexity, 

making it more accessible for widespread adoption. 

These studies highlight the trade-offs between system complexity, sensor dependency, and optimization 

effectiveness. While sensor-rich approaches can offer precise control and significant energy savings, they often 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      79/ 99 

come with increased costs and complexity. The O-Nexus/B4B algorithm offers an alternative by focusing on 

simplicity and cost-effectiveness, albeit with potential limitations in precision due to its minimal data input 

approach. 

 

Potential Improvements Without Additional Sensors: 

1. Smarter Energy Estimation with Machine Learning & Filtering ð Integrating LSTM models or Bayesian 

learning with Kalman filtering or exponential smoothing can enhance demand prediction by capturing 

subtle user patterns while improving charge level estimation. Machine Learning refines usage forecasts, 

while filtering techniques smooth out fluctuations in energy input data, reducing errors and increasing the 

accuracy of charge predictions. 

2. Adaptive & Probabilistic Charging Strategy ð Rather than a fixed charge target, the system could implement 

adaptive control mechanisms that adjust charging levels based on confidence intervals derived from past 

usage. This would allow real-time adjustments to buffer size in response to unexpected consumption 

patterns, reducing the risk of overcharging or undercharging. 

 

Data model evaluation 

We investigated various data models and finally focused on the base principles: an Analytical heat-demand 

model and Machine Learning heat-demand model. 

 

Analytical space heating Energy model 

We modelled the site with a thermodynamics equation. The model included: Temperature set point; Building 

metadata (height, shape, irradiation factor etc.), Weather data (Outside and Inside Temperature, cloudiness, 

irradiance), Heating consumption (as a benchmark). 

 

Figure7.15 Analytical space heating Energy Model. 

Conclusions on the performance of the Analytical Energy model can be drawn based on the results shown in 

Figure 7.2. The model fell short on a few aspects: 

 Difficult to model from the limited data we have, so it does not generalize well 

 Often inside temperature is not known or reliable 

 Often the data is very noisy and it is not clear what the root cause is and that gives unreliable results. 

 

Machine Learning space heating Energy model 

We tried different models (white box, black boxé), with different variables (with or without temperature, lagged 

features). The models tend to generalize better being more flexible and simpler to optimize. 

Conclusions on the performance of the Machine Learning Energy model can be drawn based on the results 

shown in Figure 7.3. For O-Nexus this turned out to be a very workable model so we decided to go ahead with 

this principle. 

 

http://www.brainsforbuildings.org/


 

www.brainsforbuildings.org      80/ 99 

 

Figure7.16 ML space heating Energy model. 

 

Validation of the ML data model 

We used a dataset with hundreds of residential buildings where heating demand is registered (from heat 

meters). This forecast was made using only heat consumption data and weather data. Tenant behavior is not 

constant, as they tend to activate the heating probably only when they are present. 

 

 

Figure 7.17 Validation ML data model. 

 

Figure 7.4 shows, on an aggregated level, that the predicted and actual heat demand on a daily basis are quite 

close. In order to maintain the SoC of the thermal buffer to a workable and acceptable level we need to 

enhance the prediction to an hourly basis. This is described in the following sections of this chapter where we 

describe the algorithm in more detail. 

7.4 Energy flexibility steering model 

 

Basic principle of the algorithm 

The O-Nexus algorithm operates in 3 phases (Figure 7.5): 

 Phase 1: The buffer/battery charges fully to establish a baseline and record the user's usage patterns. 

 Phase 2: The algorithm analyses the recorded usage patterns to determine their reliability and 

consistency. 

 Phase 3: The battery dynamically charges up to 75% to minimize energy loss and periodically 

calibrates by charging to 100%. The frequency of full charges is adjusted based on the accuracy of the 

algorithm's predictions compared to the user's actual usage. 
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Figure 7.18 Concept of the ML energy steering algorithm. 

 

 

Explanation of the various factors in the Algorithm: 

 

Sensor input 

 Instantaneous Power (W_e) to the buffer measured every 5 minutes 

 Cumulative Energy (kWh_e) to the buffer every 5 minutes 

 Instantaneous Power (W_e) to the Grid (Netwachter) measured every 5 minutes 

 Cumulative Energy (kWh_e) to the grid (Netwachter) every 5 minutes 

 Load command to the heating system 0% - 10% - 20% - etc - 100% or 1-10V on the SSR-relays 

 

Energy-market input 

 grid-price on the EPEX (API) 

 

Algorithm variables 

 Time blocks 1 to 14 (D) 

 Forecast_Usage (F) and Actual_Usage 

 Reliability Factor (Rf) 

 Kalibration Interval (Ki) 

 Correction Factor (Cf) 

 

 

Time blocks divided into half-days (D) 

 

The week is divided into 14 half-days of 12 hours (Figure7.6). The practical reason for that is to distinguish a 

day-block with PV-production and a night-block that must rely on (dynamic tariff) grid power. 

 

 

Figure 7.19 Time Blocks. 
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Forecast_Usage for any day of the week (F) 

We assume that the heat-demand use has a fairly regular daily pattern. We can predict this pattern by 

analysing historical data. 

We predict the energy demand in a Forecast (F) for each weekday. We assume that users have a more or less 

predictable consumption pattern on a weekly basis. 

We start a new installation with the instruction (scenario) 100% and permanently on. After 1 week we have 

the Actual_Usage for each new FlexTherm system, so the energy demand for each part of the day, and that is 

immediately the first Forecast for week 2 as depicted in Figure 7.7. 

 

 

Figure 7.20 Forecast. 

 

Improve Forecast with Reliability factor (Rf) 

At the end of week 2, we also know the Actual_Usage in week 2 that we can then compare with the 

Forecast_Usage for week 2. The result is a prediction for each day of the week, as depicted in Figure 7.8. 

 If Rf=1 then the prediction over the past period is perfect. 

 If Rf>1 then the Forecast is too high, the actual consumption is lower than the Forecast. 

 If Rf <1 then the Forecast is too low and actual consumption is therefore higher than the Forecast. 

In week 3, we can determine an Rf for the first time by calibrating at some point where we force charge to 

100% and then stop. 

 

 

Figure 7.21 Reliability Factor. 

 

Dynamic Calibration Interval (Ki) 

By constantly adjusting the interval in which calibration is carried out, the Rf is always and automatically 

improved. This process is illustrated in Figure 7.9, and explained below. 

The system starts with a standard Calibration Interval Ki=1 in which each part of the day is charged 

continuously and to 100% in the 1st and 2nd week. 

In week 3, the Calibration Interval will be changed to (for example) Ki=7 so that charging will take place 2 

times a week. 

When charging to 100% unintentionally or unexpectedly, probably due to PV surplus, this is taken as an extra 

Calibration moment. For example, we have an extra iteration step that allows us to detect a Forecast that is 

too high (less is used than expected) more quickly. 

We can detect a Forecast that is too low afterwards and then improve it by making the Calibration Interval 

dynamic. When a certain lower value is reached during Calibration, the time between two Calibration moments 

is shortened. 
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Figure 7.22 Calibration Interval. 

 

The K-interval will now be three half-days and will therefore take place extra on Tuesday 12:00 and on Thursday 

12:00 and Saturday 00:00. The result is that in the shorter period in which measurements are taken, it can 

be determined more accurately in which period the deviation (wrong Forecast) takes place. 

Ultimately, it can come down to going back to a Ki=1 on which continuous power is given every day and 

therefore continuous charging. As soon as the 'algorithm' recognizes a pattern again and the Rf comes back 

within the desired threshold, the iteration period becomes longer. 

 

Correction factor Cf 

In addition to the Rf, there is another correction factor that determines how much the Forecast will be adjusted 

in the next period. This is to prevent unwanted shuttling or over-reaction. The C-factor is adjusted according to 

a predetermined "table" that sets boundary conditions for the C-factor. 

When determining the absolute value of the Cf, a balance must be found between dampening a potential over-

reaction and preventing a comfort problem (i.e.: empty FlexTherm). The starting point here is also that we scale 

up quickly and slowly scale down again in the event of risks. 

 

In depth working of the algorithm 

In cases where the Rf is extremely high or low due to ôabnormalõ usage patterns, the algorithm directly jumps 

back into phase 1 in order to make sure the users can reliably use the device and comfort levels are 

maintained. When the buffer reaches 100% capacity, it stops consuming energy, which indicates that it is full. 

 

Phase 1 means 100% power on 24/7, enabling the heating device (Heat pump or immersion heater) to use 

energy when the user draws hot water: 

In Phase 1 Energy demand ~ Energy consumption (with a slight delay). 

This data creates a user profile with weekly energy consumption. 

 

Phase 2 calculates a Reliability Factor (Rf): 

Rf = 1 - (actual energy - predicted energy) / buffer capacity 

Initially, predicted energy is based on the user's same-day usage from the previous week. A Rf near 1 means 

usage aligns with the previous week. Higher Rf>1 indicates less energy used than usual. Lower Rf< 1 means 

more energy used. Rf defines the risk of the boiler being too empty, compromising user comfort, or being 

overcharged, wasting energy. 

 

Phase 1 and 2 of the algorithm are depicted in Figure 7.10. 
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