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SUMMARY

The built environment requires energffexible 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 theriadle 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 tbe grid capacity by applying
demandside 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 isdevelop smart control strategieshat use
the operational flexibility of norresidential buildings to minimize energy costs, reduce emissions and avoid
spikes in power network load, without compromising comfort levels. To realize this ambitidevelopment of
the following key componentss targeted within the B4B WP2: (Abpensource HVAC and electric services
models, (B) energy demand prediction models and (C) flexibility management contrethrods. Most results
related to key components (A) and (B) have been reported in Deliverable-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, addscribes the developed
flexibility management control methodskey component (Q)and the development/testing of supportinchigh-
frequency energy balance predictiomodels within key component (B).

The report is structured as followsEach model and control approach developed is presented in a different
chapter contributed by different consortium members. The chaptestart 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 realworld 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
highfrequency energy balance of different building configurations. Results of this activity are presented in
Chapter 2, 3 and 4 by partners at Derns, DWA, and TNO, respectively. The main goal of Task 2.3 was the
development of a reatime optimal control strategy that makes use of the operational flexibility and varying
external circumstances (energy prices, energy types and related CO2 emissiaugply restrictions). The
developed strategies are presented in Chapter 5, 6 and 7 by partners at TU Delft, Avans, addefus,
respectively. The methods are based on a movihgrizon dynamic optimization that uses a higfiequency
energy balance predicn model, andthat allows realtime energy balancing. Our methods for building energy
flexibility are robust to scoped inaccuracies in the highequency energy balance model, and demand and
supply predictions.

This report presents the results and lessons learned from designing and implementing Higdguency 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 demandside management and makng use of local energy storage options
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1 Introduction

1.1 Background andCbjectives

The built environment requires energffexible buildings in order to prevent energy peak load and to maximize
the use of(decentralized) renewable energy sources. The challenge is to arrivemart control stratedes that
respond to the increasingvariations in both the energy demand as well as the variab&mergysupply. This
enables grid integration in existing energy networks with limitedpacity, as well as making maximum use of
decentralized sustainable generation.

The mainambition of the B4B project isto developsmart control stratedes that use the operational flexibility
of nonvesidential 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 realie this ambition, development ofthe following key components will béargeted within the B4B project
1 Open-source HVAC anelectrical servicesmodels

1 As afoundation for our research, opessource modelswere createdfor heating, ventilation, and air
conditioning (HVAC) systems and electrical servicesthin nonresidential buildings. These models
serve as the building blockdor the development of the energy prediction models

1 Energyprediction models

9 Building upon the HVAC and electrical services models, advanced energy prediction modelse
constructed These predictive models are essential for forecasting energy consumption patterns,
enabling proactive and efficient energy management.

1 Hexibility managementcontrol methods

1 To harness the inherent flexibility withimonresidential buildings, innovative control methodsvere
developed These methods facilitate the dynamic allocation of energy resources, ensuring optimal
energy utilization and minimizing wastagd.he most promising control methods will be tested in living
labs, first in a digital environment and later on in real buildings.

This reportdescribes the developedlexibility 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
highfrequency 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, respectivEhe main goal of Task 2.3 was the
development of a reatime optimal control strategy that makes use of the operational flexibility and varying
external circumstances (energy prices, energy types and related CO2 emissiagngply restrictions). The
developed strategies are presented in Chapter 5, 6 and 7 by partners at TU Delft, Avans, anilé€xus,
respectively. The methods arebased on a movinghorizon dynamic optimization that uses highfrequency
energy balanceprediction mode| and allows realime energy balancing.Our methods for building energy
flexibility are robust to scoped inaccuracies in the highequency energy balance model, and demand and
supply predictions.

1.2 Approach

A structured and collaborative approach has beetefined 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 modelsand methodshave been developed in the B4B project and it has also allowed partners to
exchange feedback about the different modeland methods gaining a common insight on the pros and cons
of each approach. The developed modelsnd methods have been tested using real data from living labs
representative simulation modés, and use cases in order tanvestigate the added value otheir results and

to demonstratetheir applicabilityfor 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 collaboratit@tween
consortium partners have been established. This repaerves as a combined deliverable for activities within
Task 2.3, andcovers the results of key componentd) and the development/testing of suppeting models
within key component (B)
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1.3 Structure of the report

In Chapter 2 partners at Deerns set out to developafast,datdr i ven model <capable of p
heating and cooling demandevenhours in advance for use in model predictive control (MPC). Various MPC
strategies are considered, leading to the selection of a grey box approdtispecifically, a multivariate linear
regression model. Although often regarded as a black box, this modelcbnstructed 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 3by DWAdescribes how to calibrate a heating/cooling energy demand model using a black box
model |l ing approach (with O6perfect knowloBedtgdecon@dt, t he
utilizing the existing control strategies of the current Building ManagemeSystemin the DWA office building
use-case. In particular, the case studies ofClimate Ceilings and Air Handling Unitsere investigated The

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

Chapter 4describes the activities and results of TNO focused on developing a hybrid energy balance model
(instead of a blackbox) in order to get better predictions and achieve higher robustness. The anin
predicting the cooling and heating needs of a building using physical models and on estimating user behaviour,
such as presence, thermostat setpoint etc, using datdriven models.Using these predictions, lie selected
objective is to ensure that the maximum electricity demand is not exceededN@develop a high frequency
energy balance model for the TNO Stieltjiesweg building in Defhis modelconsists of a heat flow network
that is automatically derived from the Building Information Model (BIMyhich describes the geometric
configuration and construction properties of the building (consisting of all spaces, walls, windows, doors, roofs,
etc.), andfrom the description of the building heating, cooling and ventilation equipment and its controllers.
HVAC system component models are also included irethigh 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 intécac

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 5presents a novel energylexible model predictive control design framework proposed by TU Delft for
exploiting the energy flexibility of buildings. Firstly, contimliented models for building thermal dynamics in
MPC design are discussed and numericaligsted. Then, based on the contrabriented models, a novel twe
step demandside management framework is proposed for exploiting the energy flexibility of buildings.
Considering both continuous and ooff types of energy flexibility, contradriented 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 optimizatiohased formulations with computationally efficient solutions
are proposed for both continuous and owff 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 responseequests. 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 hi{jidelity Modelia-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 MRgased control to increase energy flexibility, reduce overall electricity
costs, improve building selgufficiency, and redce 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 stonage
combination with EVs, integrating a Vehicte-Building (V2B) setup withthe flexible energy management
strategies, and comparing distributed and centralized MPC approaches.

Chapter 7 presents the results of the work by @lexus related to SME building useases, where they
developed models for HVAC (that enable to decrease L£L@ith 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, Cstina 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 energgfficiencyand carbon emission reduction several international
policies have been adopted both globally and nationally in the Netherlandl&yoto Protocol, Paris Agreement,
European Green Deal, Dutch Klimaatakkoord, etc. Among the sectors that contribute signifibatd energy
consumption and C® emissions globally, the building sector is one of the laggest. 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 basedon reakime and forecasted conditions. Among the most promising energfficient strategies

is Model Predictive Control (MPC), an advanced approach that allows t@ak 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, datadriven multivariate linear regression model based on the thermal energy balance
and with the use of actual data (grey bomodelling) as part of Model Predictive Control (MPC). Traditional
models: white box and black models, have limitations in terms of complexity and data requirements (Rasooli
& ltard, 2020). This research aims to address these limitations by developing a nebdhat 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 hoursn advance using actual data. This involves developing a model that can be validated
with realworld 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 higklyergyefficient building equipped with advanced
heating and cooling systems, which enable the use of raahe data. The following research question and sub
questions are asked:

How accurately can weredict 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 datiiven 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 sthity 6 s academi ¢ and societal rel ev.
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 collactiom selected

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

of data, the use of the Pearsoftorrelation coefficient to explore variable relationships, and the development

of various model coffigurations. 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 D@G24).

2.2 Literature review

Model Predictive Control (MPC) is amdvanced energy optimization technique that has gained increasing
attention in the field of building automation and smart energy management. Unlike traditional rblased
control systems, which react to temperature changes only after they occur, MPC isaaptive control strategy
that anticipates heating and cooling needs and adjusts system parameters dynamically to ensure optimal
performance. It relies on reatime 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
analysesfuture temperature trends, occupancy patterns, and external weather conditions to ensure that the
buil dingds heating and cooling systems operate at ¢t

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.

Sever al studi es, including Drgola et al. (2020) , h a
to 30%, making it one of the most effective strategies for lowering energy use in buildings. LoweF CO
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 duringff-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 predictivedelling techniques that

can enhance heating and cooling demand forecasts is crucial for advancing eneefficient building
technologies.

Whitebox models, also known as physidsased 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 firsprinciples physics, requiring detailed knowledge of building materials, HVAC
system specifications, and occupanbehaviour. By translating known physics into mathematical equations,
white-box models capture phenomena such as heat transfer and energy conservation wiidph interpretability
(Ghiaus, 2014). The advantage of this approach lies in its transparefficyariables and results can be explained

in physical termgienabling accurate engineering simulations and system design evaluations when sufficient
dataare availabk ( Drgofl a et al ., 2020) . However, extensive d
parameters, and high computational costs often limit the practicality of whilmx models for reatime control,

and they can be difficult to scale to other budings if many parameters are unknown or unrepresentative of
actual conditions. Examples of whitbox 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, timestep-based simulations of building energy flows. Both rely on pise, physics
based equations for calculating heating, cooling, lighting, and ventilation demands, but their accuracy
ultimately depends on the avdability and precision of the input data.

Blackbox models, also referred to as machine learnidgased or datadriven models, leverage statistical
techniques and historical data rather than explicit physical equations to predict heating and cooling demand
(Rasooli & Itard, 2020). By treating a blding as a system with largely unknown parameters, these models
ingest sensor datafi often gathered through smart meterdi and map key inputs to energy consumption
outputs. An important advantage of blackox models is their minimal reliance on detailed biding
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 fioapplications that demand interpretability, such asnforcing constraints

on internal physical model states vianodel predictive control (MPC) (Klanatsky et al., 2023). Common
examples include Gradient Boosting, which incrementally refines predictionsdoyrecting 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 realorld settings.

Greybox models combine known physical principles with retiine sensor data, providing a balanced approach
that addresses key drawbacks of purely whiter blackbox methods (Kroll, 2000). By incorporating simplified
building physics and datalriven techriques, 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, resistanezapacitance (RC) methods and miivariate linear regression can be
classified as greybox if physical knowledgdi such as thermal resistances or energy balance principlés
guides the selection of parameters, while unknown factors are empirically calibrated using actresdl-time

www.brainsforbuildings.org 8/99


http://www.brainsforbuildings.org/

measurements (Bacher & Madsen, 2011). This flexibility enables more accurate and efficient riale

predictive control, as greypox models capture essential heat flow dynamics without demanding exhaustive
building specifications. Nonetheless, their relidlity 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 I|Iimited or incomplete (Drgola et al

The advantage of the implementation of a grey box model in MPC over the other model approaches is that the
equation used in these modelgxan be easily adapted to other similar buildings, this results in that only a few
modelsneedtobe used to represent a majority o,fthesemmagelsbui | di
can be easily adapted tothe needs @nMPC sol ver (Drgofla et al ., 2020) :

1. Continuity: ensures thatthe equations do not have abrupt changes
2. Linearity:ensures thatequations are simple and fast to solve

3. Differentiability: ensures that the equations can be differentiated, which is required foalculating
gradients and performing optimization in MPC.

The specific greypox model selected for this study is a multivariate linear regression modeh RC models can

be effective for describing physical t hermala proce
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, wherdast and reliable optimization of control actions is crucial for achieving energy
efficiency and c¢omf or tThepdeadd egrgsdibn manlélsgrone(JuradolLopez, 2P17)2 0 ) .
are described below.

Model 1: dynamic model excluding the indoor surface temperature

The first model of (Jurado Lépez, 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 modelpovided in ().

00Qad@O]=0Ct e 6OEYE 60 AP &b EYQE Q& 40) €8T 0 QLN+
8 'QYE HSOTW) +6 WO Q¢ 6 YCPTOa1 P IR é+8R0 §| ¢ BBOT 3) ) -+
8@ i & qYPF W QL 0 AY)E G o 1)

Model 2: static model including the indoor surface temperatures

In the second model of (Jurado Lépez, 2017), the indoor surface temperature is included along with the
independent variable outdoor temperature, resulting in an impressive R2 value range of 96% to 98y
excluding the indoor surface temperatures it was possible to exclude the other variablé§Q¢ Q&Y€ ®FOTY
w0 QD ¢ RDI'QE 6 'QThis @ald be done because the influences of these variables on the heating or
cooling demand are captured by the thermal mass of the bding. The general equation of the second model
is:

0QOd B =0E & | GGEFYE 60 A &6 TYQE Q¢ ¢ 1 { 49)QOOQI o @)

2.3 Model methodology

The research of Jurado Lépez (2017) is, to the best of our knowledge, the atlydythat has been conducted
usinga 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 Isaa damping effect on the heat transfers within the building.
By including the indoor surface temperature as one of the data inputs of a lareegression model, theaumber

of variables could be reduced. Jurado Lopez (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. Me&ver, there was no actual data available, a physidadsed 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 @&mand for 7 hours. This prediction time is set by the
Brains4Buildings project, considering theprediction 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. Equati@)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 bused independent variables are weather conditions aneheasured 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 characteristis 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 detling method, these building and system
characteristics do not need to be exactly known.

086 é&B # B8IE (3)

A 0: the dependentvariable, the (hourly) heating or cooling demand

A o: the constant, expected value of the dependent viable 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.

A 6 "@he coefficient corresponding to the impact of the independent variable on the dependent variable
A & *he independent variable, withm parameters

Pertime 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, ahwith this data, the model is trained to determine the
bestfitted coefficients ¢hat 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-pedection of the parameters, to be
candidate to use in the model. The seld¢ion of parameters will be based on the thermal energy balance. With

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

MATLAB. The accuracy and the selection of the parameters are established with arde procedure and
statistical criteria described further in this sect
6interactionsd in the stepwiselm code. The first opt
input, for example, the outdoor temperature{k o 0 <M Thewsecond 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 khe indoor temperature  « M. o) pTHererare 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 Equatio®).

0QQa OIS &+ 61 (YE 6 0 AE¥QE Q& FHODQA 4 EYIQE Q¢ FHOD(YE DFOY

"YQE QE FAOH@QU QEVE 6 0 AEEQE QL P A @il € DB O QE 6 Q¥ & D&

67 (Yl 61 "D QL F 1 OQI ()]

In Table2.1 an overview is given of the physical significance of the coefficients. The coefficients are calculated

by the multivariate linear regression model, therefore the associateariables in Table2.1 do not need to be
included in the model.
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Table2.1. Overview of the physical significance of model coefficients.

Coefficient ‘Physical significance

61 61 ~Y®Q

62 62 ~"Y'Qa éaE Do € £ i

63 63 ~0 v Q& QI

04 04~ (¢ N Qs Q8 BI OXOQKS Ql

65 65~ Q' QOO DE N QO E BERI A BRA DE Q
66 66 ~ Q000 dE o QM@ G M 4 BRG G
67 67~ BQEQEET T 01 QODOQ

The variables that could be included in the model to follow the thermal energy balance, based on Equggn
are:

"Y¢ 6 0 ‘Qdutdaor temperature

“Y'Q¢ Q¢ £indodiQiir temperature

“Y'Qa Eflodrtemperature

"Y¢ ®F0™Nemperature of ventilation air entering the room
@ UL Qewiad speed

0 i € aslar heat gains

0 Q¢ O Qinterdabheat gains

"Yi 61 "CGhd@d®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 researchthe choice is made to excludg = 0=« sas an independent variable, to avoid
double counting as this variable is used to calculate the heating and cooling supply of the ventilation.

= =4 4 -4 -4 -8 - A

#* »* #*

Time t1 Time t2 Time t3 Time t4

Static modelling of time t4:
using the data of time t4

| J

Dynamic modelling of fime 14:
using the data of time t1 to t4

Figure2.1 Static and Dynamic energy model

To build a multivariate linear regression modelith 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.
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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 h&ng 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 variabtén this case, either the heating or cooling demand

- based on different independent vaables. 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 majasrecepts:

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, threean of the residuals must be (almost) zero
for each value of X, the variance is approximately constant for alk values, and the distribution
conforms to a normal distribution.

2.l ndividual significant l evel orhe sigriifieancey af rvariable| e s o
coefficients is assessed using palues and tstatistics to test hypotheses and determine the
significance of independent variables to determine which variables need to be included in the linear
regression model (Chatzithomasteal., 2015).

a. The pvalue measures the probability that the observed data would occur under the null
hypothesis, indicating the statistical significance of the results. Avalue below 0.05 is
indicative of statistical significance and allows for the rejection of the fithypothesis. The
parameters with a pvalue of less than 0.05 will be included in the model while parameters
with a pvalue greater than 0.1 will be removed. These thresholds are based on the stepwise
regression function.

b. The tstatistics provides information on the significance of a variable's contribution to the
model. A higher tatistic value indicates a greater contribution to the fit of the curve.

c. With each introduction of an independent variable in the model, thev@alues and the t
statistics will be calculated. The variables with ayalue between the range will be included
in the model and their priority will be determined based on thehstatistics.

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 penfmance. 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 aM 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 adbto the model but
will decrease when less significant or nosignificant 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 mgignificant 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 Lopez (2017), the time delag)(of the internal heat gains and the solar heat
gains are determined with the use of a graph of the normadid independent variables and the dependent
variable: heating or cooling demand. This is used in dynamic models as showEiror! Reference source not
found.. In this project the delay was determined by the cros®rrelation function in MATLAB. This function
calculates based on the Pearsoworrelation coefficient at which time delay the correlation between the
independent variable and the dependent variables 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 tthie independent variable
values of before the opening hours are also included. For the static models the data set for only the opening
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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 posdiblese 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 td n. It was not possibleto use the values between these two poist 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 irdepth analysis of heating and cooling demand variations under real operational
conditions.

The building under study is a muHlunctional 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, entilation rates, internal heat gains, and exposure to external weather
conditions. The facility is designed with higberformance insulation materials, doublglazed windows, and
mechanical ventilation with heat recovery, making it a relatively enesgfficient structure that aligns with
modern sustainable building design standards.

The description of building characteristics, HVAC system and operating characteristics can be fouGtapter
4 of the master thesis of Sanne van Dorfvan 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 roomsexe chosen based on the following scientific criteria:

9 Differentiation in occupancy level® One room was selected with a stable and predictable occupancy
pattern, while the other exhibited highly variable occupancy throughout the day.

9 Differences in internal heat gain® The thermal demand in each room type was influenced by heat
emissions from occupants, lighting, and electronic devices, creating distinctive energy profiles.

9 Varying solar exposuré® 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.

Errorl Reference source not foundand Figure show the selected rooms. FurtherfFigure 2.1 shows the

additional temperature sensors mounted on the surfaces whilEigure 2.2 shows the positions of these
sensors in both the selected rooms. In additionfable 2.2 summarizes the characteristics of the selected
rooms and the experiment period.
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Figure2.2 Map of the test zone with theselected rooms
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Figure2.3 Selected rooms a) Office. b) Classroom

Figure2.1 Temperature sensor to measure the wall temperature
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Figure2.2 Position ofsensors to measure the surface temperatures in both the office room and the classroom.
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Table2.2. Characteristics of the selected rooms

Room 1.071 Room 1.074

Type Office room teacher Classroom
Adjacent to Outside fagcade Courtyard
Orientation SouthEast North East
Room capacity (no. of people) 6 46
Measurement period 08/03/20_24 -22/03/2024 22/03/20_24 -11/04/2024
(11 working days) (15 working days)
:(;Jl:rrl:)er of data points (opening 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. Tigit 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

0 "Q¢ O ' EEncDE AVOE @D O/ N & QG 6D R "QEE W0 i G i 60 Oé OGi Q (5)
with

A &1 Q¢ man®er of people

A 0 & ¢ Oheat gain per person [W] (office = 117, classroom = 117)

A 0 &R R a Qo beatQéirtapplications [W] (office = 80, classroom = 40)

A & ©'QQat@al éa of all the ceilings [m2] (office = 50.82, classroom = 78.11)

A 0 & @heat gain artificial light [W/m2] (office = 14, classroom = 14)

A 01 adi o dhedtigdin 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 Ilghtnlng is not switched

on (as they are occupancy regulated) and ¢hsmartboard is not used. The values af ® ¢ Do) ) & QRO OO Q¢ &
and0 i a Oi o @k tidsed on the values in (Itard, 2011)0 O/ A & "QAite TEatgain of applications, in

this case, laptops. The value ikigher 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 previsastion).

The total heating and cooling is calculated with Equatidf). When QR'Q & & is kgative (< 0 W), there is a
cooling supply, when Q' Q & Qis jisitive (> 0 W), there is a heating supply.

QQ0 & HE Q& ZODEEAQQE Gi O QA Q& G VE 0 QAW) o QE ¢ (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 Trable2.22. The placed sensors are shown iRigure2.2.
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 setamalysedand the measurements that
were in line with the air temperatures are selected to use in the model, as showriTiable3. 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.

Table2.3. Overview of the used indoor surface temperature measurements, where X indicates the not useghsurements,
n indicates the used measurements and N/A indicates that this measurement does not exist

Indoor surface temperature Office Classroom

Window n X
Floor X X
Ceiling n n
System walls( 2/3) n n
Concrete pillar X n
Glass wall n N/A
Inside of the outer wall n n

Data Analysis

Heating and cooling demand

First, the calculated heating and cooling demand in the above subsection is arsglg. The heat and cold
delivered by the three systems are shown ifable4. 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 gairse 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 andcold 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.

Table2.4. Total heating and cooling demand, delivered by the floor, panel and ventilation system for both rooms

Office (3/8/2024 & 3/22/2024) Classroom (3/22/2024 & 4/11/2024) ’
Heat Share Cold Share Heat Share Cold Share
[kwh] [%0] [kwh] [%] [kwh] [%] [kwh] [%]
Floor 54.7 0.9 125 57.3 6.2 91.2 34.6 52.6
Panels - - 3.7 17.2 0.4 6.3 15.3 23.3
Ventilation - - 55 25.4 0.2 2.4 12.5 19
Total 54.7 100 21.7 100 6.8 100 62.4 100

In Figure2.3 and Figure2.4 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 openirgurs is included. In the office the heating
demand is much higher than the cooling demand, this can also be seen in Fig@&&. 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 classoom there is more cooling demand than heating demand, which is also shown in Figure
2.7. The peaks of cooling demand occur duigropening hours on Monday until Wednesday. On Thursday there
is a peak of heating. Alspin the office there is almost a constant supply of cold, which is supplied by the
ventilation system.
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Daily heating demand (25-31 March 2024) classroom Daily cooling demand (25-31 March 2024) classroom
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Figure2.3 Heatmap of heating and cooling demand for thelassroom, NaN= 0 W
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Figure2.4 Heatmap of heating and cooling demand for the office room, NaN= 0.W

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 cdafient 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 temperatsi@ 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 Figure2.6 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 pdsie 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 demantheaf classroom.

www.brainsforbuildings.org 17/99



http://www.brainsforbuildings.org/

Correlation matrix cooling demand office

Cooling Demand

Ts Window b 0.71 0.75

Ts System wall 1 0.89 0.98 0.76 0.93

Ts Inside of the outer wall

Ts Ceiling b 0.79 0.85

Ts Glass wall 0.77 0.91

Ts System wall 2

Indoor air Temperature

Outdoor temperature

Wind Speed

Solar light Intensity West

Solar light Intensity East

Solar light Intensity South

Internal Heat Gains

Figure2.5: correlation matrix of the cooling demand in the office

Correlation matrix cooling demand classroom

1
Cooling Demand ! -0.01 0.21 0.26 0.05 0.16 -
Ts Inside of the outer wall -0.05 0.97 0.95 0.97 0.91 0.35 0.16 0.02 0.13 0.25 0.8
7o Systam wal 001 om |om | 002 oo | on [l 00| 055 |
Ts System wall 2 0.96 0.97 0.95 0.43 0.02 0.16 0.04 0.16 0.21
0.4
Ts Concrete pillar 0.93 ).9: 0.43 -0.03 0.11 -0.01 0.06 017
Ts System wall 3 040 | 004 | 021 | 005 | 020 | 029 0.2
Ts Ceiling 0.40 0.02 0.1 0.04 0.14 0.1 0
Indoor air temperature 0.38 -0.00 0.09
-0.2
Outdoor temperature 0.04 0.42
Wind Speed 0.22 04
Solar light Intensity West 0.6
Solar light Intensity East
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Figure2.6: correlation matrix of thecooling demand in the classroom

Multivariate linear regression model

In the study of Jurado Lépez (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 rad 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 fromasol
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.
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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 Equafi®yfor heating and Equation(8)

for cooling. InTable2.5 the corresponding values, Ftatistics, and Rvalues for the coefficients in Equatiol(7)

and 8 are shown. The independent variables with a\Rlue > 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 otbr indoor surface temperatures the most with the weather conditions
due to the lower Revalue 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 indeplmt variables, an accuracy of
17.76% is achieved. InFigure2.7 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 the cooling model, where an accuracy of
34.70% is achieved. InTable 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 dap@ints (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 hating model is achieved.

With this model and the corresponding independent variables, a prediction of the heating and cooling demand
is made Figure2.8. 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 0#416.13%. Until11 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 €0.98%.
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Table2.5. Coefficient values of the independent variables, with the correspondingstatistics and Rvalue of theheating 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
Cco 14917 10.74 4.4e-25 -6175.00 9.26 2.3e-19
C1 Toutdoor(t) -54.53 -3.44 6.2e4 17.84 2.92 3.6e-3
C2 Ts,window(t) 58.55 3.71 2.2e4 21.98 3.57 3.83e4
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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Table2.6. 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%)
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Figure2.7 Actual and modelled heating and cooling demand by model A for tlodfice from 8 until 20 March 2024.
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Figure2.8 Actual and predicted heating and cooling demand by model A for the office on 21 March 2024 8 ABIPM.

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 Equati®), however, the coefficient
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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 temperata 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 Equation$9) and (10), it is concluded that this does not significant infience on the
heating and cooling demand. The heating demand isodelled 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 smalle
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 vaiteghin 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 29 .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 FiM
contrast to the office, there is almost no heating demand and a high (fluctuating) cooling demdfigure2.10.

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 caus this heating demand. An R2 value 0B.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.

0 Q04 GO Gi | FEE G4 (Yii Oi 0 QAO)FEH(YIHE & O QUIMA QX & G

B6CYi @i 6 QAO)XFBR(YIDQQEHNE 9)
0QQ& GREQhA &i { Fa0& G1(YE 6 0 G £82 (YIQE | "QWE 60D QIO+ & &

84 (Yii i 6 QAO)FGHCYIOE GE 1 QoG ABLWIODI 6 QBO)FBH(YIHQQDNE "Q10)

Table2.7. Coefficient values of the independent variables, with the correspondingstatistics and Pvalue of the heating and
cooling Equation(9) and (10) derived from model A for the classroom

Coefficient | Independent variable Value T-statistics | P-value Value T-statistics | P-value
Cco 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 5.8e4
C3 Ts,systemwall1(t)
C4 Ts,insideoftheouterwall(f -215.7 -3.53 4.3e4 -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 3e5 1547.3 18.26 2.4e4
C7 Ts,systemwall2 (t) 129.7 3.39 7.1e4 -1385.3 -18.26 2.7e4

Table2.8. 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

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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Actual and modelled heating and cooling demand model A classroom

5000 \ 1 T T 1 1 T T 1 ‘ I
— Actual Heating Demand
2 . ——Modelled Heating Demand
4000 R* (Heating): 0.0398 ——Actual Cooling Demand  H
——Modelled Cooling Demand
3000 R? (Cooling): 0.5799 a
2000 — |
E 1000 — —
-
@ i
E 0 Au o Al ,h‘f_‘;.—f‘i_ pAgr I N
s ' y T W\ LN
-1000 -
-2000 — —
-3000 - —
40001 \ | | | | | | | | | |
|3 3 |3 3 |3 |3 3 |3 3 B B B
v ¥ Ve v {V { 4 { {V Vv {V {\
A - S G - A G R A A
& & & % & & & & & & & &
S A N .t L
¥ b o P o o 3 & $ d d §
Date

Figure 29 Actual and modelled heating and cooling demand by modelfér the classroom from 22 March until 8 April 2024
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Figure2.10 Actual and predicted heating and cooling demand by model A for the classroom on 9 April 2024 8 ABIPM.

The two developed models of Jurado Lépez (2017) are in the case of actual data, not able to model and predict
the heating and cooling demand. Thereforghe following improvements will be tested anénalysed The
overview of the models is presented ifiable.

1 Using the total thermal demandModel 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 coolitaga
points than heating data points. Making one model for the total thermal demand per room could solve
these model problems.

1 Use of temperature differences (Model D)n the study of Jurado Lépez (2017), the choice is made to
use the different temperatures separately instead of the temperature differences.

9 Using all the independent variables based on the thermal energy balance (ModelTHere 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
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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 FEfom 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 issing 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)s 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 correlationbetween independent variables.

Table2.9. 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 Energy model| R2 modelling R2 prediction

Heating 17.8% ve
Office
) e Cooling 34.7% ve
A Static Yi 601 "Qan™E 6 0 A ¢ -
Heating 3.4% ve
Clasgoom -
Cooling 58.0% 26.7%
"YE 6 0 U@, EYIQE Q¢ {0, & of Heating 24.7% ve
wQE Qi PRQQ ice . p
5 Svnamic [ ¢ CeSTXDE 0 Q&) QO G Cooling 43.5% -ve
y 0 Q¢ 0 QB).E O Heating 1% ve
i ¢ acdmnE o QYA Vo o Classoom _ .
008 o QoTER G Cooling 44.9% -ve
i . Office Combined 31.5% ve
C1 Static Yi 601 "Qdan'YE 6 0 A £ -
Classroom Combined 50.9% 24.4%
“Yé 6 0 '@, EYIQe Q¢ €0,
Qe Qi HRQQ Office Combined 36.9% ve
c2 Static | £ aclmDE © Qi 20
L Q¢ 0 ND,e Da
i & aos@ime 6 QAT 8o «Classroom Combined 33.9% ve
0 Q¢ 6 QoTEEP &
YE 6 0 QEEQE Q@)L Q )
AYH 6 0 AE £ i Heating 25.4% ve
YQE QROEG i € dqabi Office
L Q¢ 0 D), {YKBe QE £ i Cooling 43.9% ve
. Yi 61 OPWE 0 QE €1
D Dynamic ly-0: 0@k #), @0 08 © _
(YE 6 O AE¥EQE QYOE §), Heating 4.4% ve
01 & qobi Clasgoom
£),0 Q¢ 0 QoIEREYQE Q¢ Cooling 62.8% 34.7%
[ Yi 01 "@OhEQ
Dynamic Office Heating 40.3 -ve
E Static Heating 4.4% ve
- Classroom -
Dynamic Cooling 64.1% 35.3%
Yi 61 @OEHO 1 @ ®)Q : o _
YQ: QO &) Heating 29.9% ve
Yi 61 ONIiE qYni Office
F1 Dynamic Vi 61 @b Cooling 39.4% ve
0i & qobE)
Yi 01 "@WHEQE 0 NO),E O . 0 0
Yi 61 Qb @) Classroom Cooling 48.3% 36.6%
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Model | Static/dynamic

F2

Dynamic

Independent Variables

"YE€ 0 0 'qd), EYIQE Q€ 9, O
"Yi 61 "Qub (5)'Q'Yé 0 0 de&
T ¢)

Room Energy model| R2 modelling

Yio01 @O qYni

0 Q& 0 QO),EYdE Q¢ €9, d
Yioo1 Q@)D i ¢ qobi
£),0 Q¢ o QoTEEha

YQE Qé ol £);NE O O '@F
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Office
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R2 prediction
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Yi 61 "@HOIQE @I
YQE Q¢ 40, WD 0 'Ud), £

Classroom

Heating

22.5%

Cooling

77.4%

35.6%

Yi 61 Q@ OYD i £ qobi
£),"YE 6 0 qEl &)

2.6 Discussion

The first two developed models (A and B) followed the approach of Jurado Lopez (2017). Model A is a static
model which uses only the indoor surface temperatures and the outdotmmperature. 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 moddieve the indoor surface
temperatures were replaced by current and delayed (calculated by crassrelation) 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 witha positive R2 value. To overcome the problem @fited 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 differenogas used instead of single data inputs. To
determine if this increased the accuracy, @omparison is made with model E, where all the independent
variables based on the thermal energy balance, were used. Higher R2 values (4.3%%08%) were achieved

by model E than model D. Lastly model F is developed to reduce the independent varialiteeyercome the
problem of overfitting and complexity. Independent variables were selected based on the Peaisomelation
matrixes, where in model F1 the directly moderate or strong correlated independent variables were selected
and in model F2 the indepndent 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 theatieg 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.

9 Data Incompleteness and Quality: The research relied on actual test data from Jurado Lépez (2017)
using simulated data, but critical measurements were missing. Solar radiation data was unavailable,
so solar light intensity from south, east, and west dirdons was used instead of a true nortffiacing
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 fléothe
buil di ngds | arigrevdedutrdiable dataldue to aessor failures, further complicating
thermal process analysis.

1 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 systeii which prioritizes air quality and may supply
heating or cooling regardless of demand introduced discrepancies. Temperature set points, which
could influence demand, were also neglected due to lack of stored data.
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1 While the dynamic model showed high accuracy (7@86.1%) in modellingdemand, multicollinearity
among independent variables led to unreliable coefficient estimates, including unexpected negative
val ues. Overfitting and endogeneity further redu
about cause and effectdidnohol d true in practice. Moreover, th
heating and cooling patterns made accurate prediction challenging.

2.7 Conclusiors

This study set out to develop afast,datd r i ven model capabl e of predicting
demand 7 hours in advance for use in model predictive control (MPC). Various MPC strategies were
considered, leading to the selection of a greyox approachii 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 degquirements and the

ability to provide physically interpretable results.

The methodology involvednalysingthe 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 variablegere 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 bemodelled, 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 (Wig623), 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 systemSubsequently, as a followp of the black box modelling of the P§blar 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 ofthe 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 changeover coil is used, which is connected either to the central heating circuit or the central cooling
circuit. Therefore, as a cdenefit, both heating and cooling demand are evaluated for the air handling unit.

| et

e | :.
: tl
1]

Source: DWA

Figure3.1 Heat pump, buffervessels, hydronic circuits and Air Handling unit

3.2 Chosen approach and research questions

For the use case, a black box modelling strategy was adopted. Whitx 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 faldghaviourto some extent.

An example of white boxnodelling 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 strategf the HVAC system (see
challenges in Case study climate ceilings). The dataset comprises a mztme 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 blackhox modellingfor predicting heating (and cooling) demand.
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The following research questions are addressed:

Using black boxmodellingstrategies, 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 contmaénted 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 lelyesimultaneous 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 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 multisensor (Figure3.2) 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 6standbyd mode to 6comfortd mode. |
to the O6night 3mByyedDOseetoFiger &i gher setpoints |
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 Figdi®. 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 schedul e, every room is ventilated u

moded) . I f people are present, the CO2 concentr e
exceeded, extra ventilation is supplied to the room. Thigll lead to higher heating demand.

Room Supply Heating /Cooling Air Distribution Piping (Water)
(for Ventilation)

Sensor

Figure3.2 Room supply system with muksensor, air distribution andwater 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 centrol
oriented model such that the setpoints for heating (and in the future also cooling) can be used as the control

parameter instead of control valve® r o6 power i nputdé. Subsequently, conyv
to perform the 6basic control actionsd based on (op
building can be equipped wit h -bénefid dfehis approaehdis tbat they e c o
prediction models can act with a relatively | ow ti me
‘night mode’ ‘night mode’
> M

‘setpoints
modified
by user’

‘setpoints
modified

20 by user’

15 —— Measured temperature
= Setpoint heating
= Setpoint cooling

= Setpoint modification by the user
10

0$ Ve
00:00 12:00 00:00 12:00 00:00 12:00 00:00
Feb 1, 2021 Feb 2, 2021 Feb 3, 2021 Feb 4, 2021

Fgure 3.3 Setpoints for heating and cooling (axes) are influenced byvorking hours, occupancy and modification of
setpoints by occupants (6setpointverstellingd)

Apart from weather data of the nearby KNMI station, the dataset as given in TaBlé was available for a
selection of (optional) features for the prediction model.

Table3.1. Dataset description

Parameter Remark

Time
Granularity

1 sensor

(e}

Outdoor temperature

(e}

Outdoor light level Related to control of the solar shading

57 individual room sensors

(o]}

Indoor temperature

57 individual room sensors

(o]}

Thermostat temperature for heating (setpoint)

Thermostat temperature for cooling (setpoint) 57 individual room sensors

57 individual room sensors

(e}

Binary occupancy (people present yes/no)

57 individual room sensors / 2 air handling
units

(e}

Air flowsventilation supply

o

Air Temperature ventilation supply Values of the 2 air handling units

Wlw| Wl WwWlw|lw|w|w|w
(e}

Setpoints temperature of the water circuit of the climate ceiling o} Heating as well as cooling
Electricity consumption of lighting and office equipment 600 Relevant as internal heat load
1 energy meter for the 3d and 4th floor

Heating and cooling demand radiant heating/cooling panels

(climate ceilings) 30 (including supply and return temperatures

and water flowrates)
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3.4 Prediction model ClimateCeilings: 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 etla(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 cordri@nted
model. One of these is, amongst others, the research of Mtibaa et al. (2020),evl a sequenceto-sequence
LSTM structure for multstep predictions of indoor temperatures in a mulione 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 (Hoogendq@@25).

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 exagnous factors such as weather and occupancy.

The modelling setup is given in Figur@.4: a prediction model with the following optional features which were
taken into consideration:

disturbances (d)
0 weather (outdoor temperature KNMI, solar irradiation KNMI)
0 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 Tall&l 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 {step approach was applied:
one prediction model for the required heating power (P) at timestep k, and one prediction model for the indoor
temperature (Tn) at timestep k+1, using the predicted power at timestep k.

However, the indoor temperature varies within a | i mi
Therefore, it was decided after some preliminary exercises to predict the incremental change of the indoor
temperature (first time derivative)For t he same 61l i mited range | earninga

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. Additally, 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 Fig8ré is applied in a recursive approach

to obtain values within a horizonof2 hours. OPerfect knowledge of the f
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, weatherentainty 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 (January2022 until January 31st 2023). The error
metrics are based on a test set (July 2028 December 2023) and graphs of the predictions are related to-1
15 December 2023.

The prediction results are judged further using the smlled SHAP values: which features contribute most
significantly to the prediction undberg & Lee (2017)) . To assesowriteneg e@do mturad li t
prediction models a step response test was applied for the control variable (setpoint indoor temperature).
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3.6 Results and performance metrics

LSTM model

LSTM model — 3 Predicted AT, (k+1)

di st ur b:ancreneistgl change indoormempeocature; WP aheatirey pdwer

Figure3.5 shows the predictions for heating power at time step k. FiguBe6 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 dea of the 24hour ahead prediction performance, for the maximum peak demand day of the test set,
the results are given in Figure8.7 and 3.8. The power predictions show an earlistart and a faster decrease

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

evening.
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Figure 3.5 Prediction of the heating power P at timestep k, together with the measured values {5 December 2023).

Unit power: kW.

Dec 3 Dec 5 Dec 7
2023

f\/ﬁ\\\ f \J/ \//\f\/ oo

Predicted T_in

Dec 11 Dec 13 Dec 15

Figure3.6 Onestep ahead prediction of indootemperature together with the measured values (115 December 2023).

Unit temperature: °C.
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18:00

Figure3.7 24-hour ahead prediction of the power for Decembert2023. Unit power: KW.

Figure3.8 24-hour ahead prediction of the indootemperature for December 4 2023. Predicted and measured values
together with setpoint values. Unit temperature: °C.

For more generic conclusions, the entire test set (July 20Z8December 2023) was evaluated using a sliding
prediction window of 24h.

Convenient metrics to evaluate the performance for indoor temperature predictions are (Fang et2821, 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 Band24.7, 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 witht0% 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 o&m

set of conditions to the actual m Buiz and Banderad04 ). &Duef o r
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 mukitep 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°CKang et al. (2021) for 24h ahead), up to 0,17C (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 Table3.2 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

www.brainsforbuildings.org 31/99

(0]
t

C
I


http://www.brainsforbuildings.org/

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 NRMSE. 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 Figl#€). Other authors propose toling of the
RMSE by the difference between the maximum and minimum value of the datasehékraborty and Elzarka
2017). On a range of 76 kW, the rangeormalized RMSE would be 0.03. But apart from this remark related
to the prediction at timestep k, for multstep predictions, the performance is quite poor. Even the R2 values
drop quite fast, suggesting a tostrong accunulation of errors.

Table3.2. Performance metrics on test set (July 2028 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-salled Shapley values (Lundberg & Le2017).

Figure 3.9 provides the results, for more details, the reader is referred to Hoogendoorn (2025). For the
temperature prediction (via the prediction of i), the ¥ Fitself plays a minor role, while power predictions

play a secondary rol e. The solar irradiexploai nenrds 6t h
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 anayses, 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 stepesponse 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 temprature. 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. Figuté
provides the results using the features given in FiguB9. A typical outome 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 occhis T

is subject to further consideration.
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Figure3.9 Feature importance of the power prediction (left) and the indoor temperature prediction model (right). Method
Shapley values for the onetep ahead predictions. IHL = Internal heat load. T_sp = Setpoint indoor temperature. T_in:
indoor temperature. Sun Gibal 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.

£t

Figure3.10 Step response test for the indoor temperature (scaled valuedHL: internal heat load.

3.7

As a wrapup of the results given above it is concluded that:

Using twestage 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 withlodel Predictive Control

strategies.

Discussion andconclusionsmodelling heating demand ClimateCeilings

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 conoolented 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

powermodellingt h e

reqguirements

of a O6calibrated model

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

t he
to the model.

perfor mance

further.

| t 0t of adtlirsg onorevspatidl dgramudairity e

In this report, a threefold 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 accumulatiand 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
occupancyrelated input. As described in the background information, the temperature setpoints are
already related to the occupancy of rooms. Adding the agmncy 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 hypg@arameter tuning of the models. This can lead

to improvement in accuracy.
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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 forprediction of the difference between the water supply and return temperature of the
6change overd coil for heating and ceaalil eg@T Gd&D)w.
syndr Gmilard et &l, 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 @&T nrRackagel Dalivechblde he f

1.08 (Wisse & Steiger2025).

The layout and available sensors are given in FiguBel1l. Based on the features for the control valve position
and @a&T mo Chetdara et Al.r(2028) and earlier DWA experience with machine learning models for air
handling units and engineeringnsights, the raw dataset, as given in Tabl&.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 ratae different (see also Fig.
3.10). Please note that these flow rates may vary due to the demaddven 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 application€itkara et al, 2022, Wissg 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 softward-or 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.
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Figure3.11 Layout and sensors case study Air Handling Unit
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Table3.3. Dataset description Air Handling Unit
Included in
energy consumption
model

Time
Granularity

Parameter

Based on the
temperature as
measured in the air
Outdoor temperature 30 supply circuit X
(air temperature
before heat recovery

wheel)
Return air temperature of the building 30 - X
Temperature air supply to the building 360 - X
Setpoint Temperature air supply to the building 30 - X
Control signal heat recovery wheel 30 - -
Air temperature air supply circuit after heat recovery whee 360 - X
Air flowrate air supply to the building 30 - X
Air flowratereturn flow of the building 30 - X
Water supply temperature heating / cooling coll 360 - -
Water return temperature heating / cooling coll 360 - -
Flowrate water circuit heating / cooling coll 30 - -

Computed from

Energy consumption heating / cooling coil 30 water temperatures X
and water flowrate

3.9 Results prediction model Air Handling Unit

In this report the results are given for a Operfec
mentioned faulty behaviour. Pl ease note that this t
and notf rae & f daautl it soeentiiely cleaswhéther there are no further faults present.

From this, it follows whether the model can r3dach tt

provides the training and test sets.

Table3.4. Test and training sets.

Training set Test set REMENS

Start date ‘ End date ‘ Start date ‘ End date ‘

Number

(yymm-dd) (yymm-dd) (yymm-dd) (yymm-dd)

606 resolution,
Training set without known faults
la 20220101 2022-11-15 20220101 2022-11-15 Random split 80%

2023-03-22 2023-11-14 2023-03-22 2023-11-14 | Test set without known faults
2024-01-10 2024-11-29 2024-01-10 2024-11-29 | Random split 20%

1b 53% train / 47% test

600 resolution
Training set without known faults
Test set with without known faults

20220101 2022-11-15 2023-07-27 2023-11-14
2023-03-22 2023-07-26 2024-01-10 2024-11-29

To test the robustness of the approach, two strategies were used for different estimators:

A random split of the training and test samples (datasets la and 1b in Tal#ed) using different
training-to-testing ratios. Note that the gaps between the selected time windows correspond to faulty
behavior (see also Figur8.12).

Splitting the dataset by date into two subsequent datasets: one for training and one for testing (dataset
2 in Table3.4). The length of the selected training set is almost equal to 1b.
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To avoid zerdnflation 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 araded
approach. Input featureswerescald usi ng the 6robust scaler 6, which i

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 temperaturehe difference with the setpoint value was used.

The following estimators were tested, like in the previous PV solar prediction (Wj2623) 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 héiag, and Gradient Boosting for cooling. Hypparameter
optimization had a minor effect on the results, Tabl&.5 presents results without it. Furthermore, it appeared

that hourly averaged values gave the best performance. Most likely this is doeotcurring fluctuations in the
original 306 data, which were averaged out for hourl\

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%, andRRies
should not be lower than 0.75(Ruiz and Bandera (2017)). All models for cooling fit the requirements of a

6calibrated model d, while for heating, onl yndate,e r an:i
the N_RMSE exceeds the benchmark value of 30%. A possibleexplanati i s t hat for the <co
without known faultsd i s avai B.a2h Raatedto meating; veith theispigy an d
ondate (dataset 2), the training set possi blotthameeds ¢

correctly on unseen data (see Figure8.13 and 3.14). Weak predictions on peaks lead to the poor
performance of the N_RMSE. From Figugel4, 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.

Table3.5. Performance metrics on test sets without known faults: R2, normalized Root Mean Square Error and normalized

Mean Absolute Error, nor malized Mean Bias Error. Based on th
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 | 57 0.26 0.17 0.0005
Heating
ANN dataset 2 0.82 0.35 0.23 0.02
Heating
Extra trees dataset 1a | , o5 0.23 013 0.008
Cooling
Extra trees dataset 1b | oo 0.25 0.14 0.005
Cooling
Gradient Boosting
dataset 2 0.95 0.23 0.13 0.047
Cooling
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Figure3.12 Comparison of the actual and predicted values of the Extra Tree®del, dataset 1b (Time resolution: hourly).-Y
axes: Predicted and measured power in kW (>0: heating; <0 cooling).
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Figure3.13 Comparison of the actual and predicted values of the ANN model, dataset 2 (Time resolution: hourkaxes:
Predicted and measured power in kW (>0: heating; <0 cooling).
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Figure3.14 Comparison of the actual and predicted values of the ANN model, Training: Dataset 2; Test results January 2024
(Time resolution: hourly). ¥xes: Predicted and measured power in kW (>Beating; <0 cooling).
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For energy prediction models with &dan unknown futur
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 mdd&igure 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 mostthe power prediction.

In a controloriented 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 predidion 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 $goints.

Relative Feature Importance based on SHAP values Relative Feature Importance based on SHAP values

Setpaint air supply - Outd. Temp Setpaint air supply - Outd. Temp

Temp after H. Recovery - Outd. Temp Retum - Qutd. Temp

Return - Outd. Temp Temp after H. Recovery - Outd. Temp

atures

Real Supply Temp - Setpoint Real Supply Temp - Setpoint

Rel. Air Flow Rel. Air Flow

0 10 20 30 40 50 60 0 10 20 30 40 50 60
Relative Feature Contribution (%) Relative Feature Contribution (%)

Figure3.15 Feature importance of following the ANN model (dataset 2) (left), Extra Trees model (dataset 1b) (right).
Method: Shapley values.

3.10 Discussion andconclusionsmodelling Air Handling Units

As awrap-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
6perfect knowledge of the futured). The heating
diversity. This can be explained by sensitivity to thefiefency 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 remvery wheel.

Given the amount of training data for accurate results, is worthwhile to investigate the use of so
called transfer learning {raining 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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4 High frequency energy balance model of the TNO office
building of Delft

Authors:Wouter Borsbhoom, Behrouz Eslami MossallafiiNO)

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 energproducing 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 abrsmotice. 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 dstrict level to avoid network congestions. Buildidgvel 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 modetzan 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 alseand 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 cainsis

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
districtdevel control using Artificial Neural Networks and agent technology or Mod#&ledictive 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 schedulirg and control studies using physical models simulated in specific tools, such as TRNSYS or
EnergyPlus 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 latterivg 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 dad&ven 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 spaceswalls, 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 modahd 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 buildinbaifiks 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 temperaire 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 enviroent, 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 isgoeled.Using a receding
prediction horizon, we quantified the available flexibility of the cooling system und#fferent operational

strategies. An exampleis described in this report wherefree cooling is utilizedto create flexibility byallowing

fresh-air ventilationto also run during the nightwhile the coolingis only active during the working hourand

on the weekdays Compared to the basecase where both ventilation and cooling are only activduring the

office hours, this scenario can give an estimaion of the maximum flexibilityand peak shavingthat the

ventilation system can offerwithoutusing 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 ttiegh 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 Eigure 4.24.2) consists of multiple zones (two zones per floor along the length axis of the
building to discriminate between the soutkeast facing part and the northwvest facing part. Floor 4 is not in
use and is not modelled, but serves as a boundary condition fibmor 3.

The dimensions, window sizes and material properties of walls and floors are taken from the available
technical data and the OEnergiepotentieel scandé of

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:

9 Other zones (constituting a network model of the total building)

9 Exterior conditions (outside temperature, wind, solar radiation, shading by other buildings, humidity)
1 Theair handling unit (central unit + induction units), se&igure 4.3
1 The basement cooling system (for all floors), séégure 4.44.4
9 The roof top cooling system (for the induction units of the labs only), Seigure 4.5
1 The occupants (presence, internal heat loads)
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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
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Figure 4.5 Roof top cooling machine for the labs

4.5 STW prediction model

In the MPC context thesimulation model of the STW buildingt moment in time may be used directly as a
prediction model of the power demand over a prediction horizon (of typically aydd@he prediction model
divides the building intosix thermal zones (for floor 0,1 and 2and each floor divided into a south facing halve
and a north facing halvé.

The modelpredictions are made with the followingnput time series over the time horizoft, t+ ¥ t .,t +. P} #t
where tis the current time instant¥t i s t he s i mant Ris thenumberiohsamples irdopthe
future (the prediction horizon.

The inputs of the model are:

1 Time series over the prediction horizon ofxéernal weather conditions (absolute time, external
temperature, global horizontal solar radiation, wind speed, wind direction, relative humidity, outside
air pressure), typically derived from KNMheteo datasets

1 Controk (time series over the prediction horizo) :
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Temperature setpoint floo [°C]
Temperature setpoint floor 1[°C]
Temperature setpoint floor 2[°C]
IU switch floor 0 [0 (off), 1 (on)] induction units are switched on or off
IU switch floor 1 [0 (off), 1 (on)]
IU switch floor 2 [0 (off), 1 (on)]
LBK STW ctrlSupplyFai®-100%] percentage of the maximum LBK air supply flow
LBK STW ctrlExhaustFan {000%] percentage of the maximum LBK air exhaust flow
LBK STW switch [0 (off), 1 (on)] if 0 the LBK ventilation, cooling, heating are off
LBK STW officeValve [0 (off), 1 (on)] if 1 flow goes both to offices and the labs,

if O flow only goes to the labs
LBK STW setpoint] setpoint temperature of the LBK supply flow
LBK STW switch heat/cool [0 (off), 1 (on)] if ofentilation is on,

the supply flow is not heated or cooled

O O 0O OO0 OO0 OoOo oo oo o

The BMS (building management system) uses the control inputs (typically the output of the MPC) to realize
the temperature setpoints supplied. So thd.BK and induction unit controls are implicit parts of the STW
simulation model.

Using the prediction model the zone temperatures (armbnsumed electrical power) may be computed over
the prediction horizon for the time series of inputs and controls.

The outputs of the prediction model are theone temperatures (a state vector of six temperatureand the

per time step the cooling power demand of the LBEKW], the cooling power demand of the induction units
[kW], the electric power demand of the chiller [kW] and the generatetectric PV power [KW].

The STW model may be directly used as the prediction model in an MPC scheme.

This approach is intractable because the physidsased model is nodinear and therefore requires a no#inear
dynamic optimization to compute the optimalcooling) 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 nonlinear STW model may then be used to anaky the performance of MPC control over a typical
summer period by applying it to the simulation model. After tuning the MPC controller it realysequentlybe
applied to the real building.

To enable this approach the STW simulation model has been published as a matabcutable, able to be
called by the TUD MPC software.

4.5 Flexibility potential of the STW building

To get insight intathe use of the STW building model to compufiéexibility potential of the STW building two
control scenarios are simulated.

For a typicalmonth 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 actiwmly during office hours

The control time sequences are showim Figure1l
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The simulation results of the zone temperaturesare shown n Figure12:
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Figure 12 Zone temperature responses calculated by the prediction model

The computed electrical power needed to realize the temperature setpoirgsshown in Figure13.
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Figure 13 Top: cooling demanaf the Base and Flex scenasiaVliddel: dfference between the cooling deméedweerthe Base and
Flex scenariosBottom:electric power consumptioior cooling of the scenarios and the cumulative electric energy demand.

As can be seen irFigure13, a flexible scenario that allows for night ventilation, but only cooling during office
hours has a significant energy advantage (13%) over the comm@ase)control scenario of switching the LBK
off. The ability to simulate wittdifferent 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 zoneheat balancebased predictionmodel 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 rlamear MPC. A more tractable approach is to
simplify (linearize) the model and us¢he simplified model in calculating the optimal control sequences
described in section 8.

The full STW model may then be used to develop and tune thPC replacing the real building and
subsequently validate in practice whether such flexibility can actually be realized.
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5 Energyflexible model predictive control: unified contral
oriented modellingand flexibility management

Authors: Yun Li, Neil York&mith, Tamas Keviczky (TUD)

5.1 Goal ofenergyflexible 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 n expl oiting the energy fl exibil
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 indaemperature. 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 designinilPC strategies, a contrebriented model of the building's
thermal dynamics is needed. Besides, a wealefined 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 foodelling the building thermal
dynamics and identify a few models that are suitable for the energxible MPC design. Furthermore, control
oriented definitions of energy flexibility are proposed to facilitate the enerigxible MPC design for exploiting
the enemy flexibility of buildings. Finally, given the controtiented building models and flexibility definitions,
novel energyflexible MPC strategies are proposed, and thdfectiveness of the proposed MPC schemes is
numerically validated on higHidelity building simulators.

5.2 Controloriented modelling forbuilding thermal dynamics
The existing approaches famodellingthe thermal dynamics of buildings can be classified into three categories:

1. Whitebox 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 conside building factors like geometry and materials
properties. While the whildoox model can provide higlaccuracy and physically interpretable prediction
models when related parameters are wetlefined, it requires detailed and accurate inpudlata related to
the construction data of buildings. More importantly, whieox models can be pretty complex and can
incur a high computational burden when incorporated in MPC design. Consequently, the wihibe model
is not suitable for MPC design.

2. Blackbox model The Blackbox 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 typé model is easy to implement and is
scalable for complex and largscale buildings. However, the developed model generally lacks physical
interpretability. and is with limited extrapolation capability beyond the training data. Besides, tngality
of the model might be highly dependent on the quality and quantity of the training data. Representative
approaches for developing blackox models are artificial neural networks, support vector machines and
auto-regressive with exogenous inputs (A8 model RiosMoreno et al., 2007). A weliconstructed black
model, such as the ARX model, is generally computationally efficient when considered in MPC design. As
a result, when there are sufficient higiguality data, and no requirement for developing pisically
interpretable models, the blackbox model of building thermal dynamics is a promising choice for MPC
design.

3. Greybox model Greybox model blends physical principles with dadriven approaches totrade-off
betweenmodellingaccuracy 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 giayx model of building thermal dynamics
is the RGnetwork model (Bacher et al., 2011). This type of model is also computationally friendly for@1P
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 am&@ork-
based model.
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Among the abovemodelling approaches, the blackbox model and the greypox model are generallyavoured

in MPC design, especially the ARX model and the-Rgwork 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 brigfintroduce 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 resistaecand thermal storage, respectively. The voltage in each note
represents the temperature. Figur®.1 depicts a sketch of the R@etwork for a singlezone building. For each
thermal node, its temperature is governed by the following equation

oy o oYL

a9y = v U

Qo o | Y
where( is the set of the neighboring nodes connected with the nodgd is the heat gain of nodd, such as
solar irradiation, thermal gains from HVAC devices, etc. The parametéydd 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.
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Figure5.1 Sketch of RC network fomodelling building thermal dynamics

ARX model The ARX model provides a dathiven approach formodelling 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
. O

a0 «
| |

where o denotes the indoor temperatured o is the exogenous inputgd and @ are 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

W ow 066 0Q @
wherew is the system states containing the temperature of the building system, is the control input, such
as electrical consumption of HVAC systenig, is the boundary conditions of the building system, such as
ambient temperature, solar irradiation, internal occupancy heat gain, etc. The subscipbdicates the 2D E
time instant. 6OHO are system parameters to be identified.

5.3 Controloriented definition of energyflexibility

www.brainsforbuildings.org 47/99



http://www.brainsforbuildings.org/

For designing MPC schemes to exploit the energy flexibility of buildings, a -defined mathematical

description of energy flexibility should be set up. Currently, there are no universally accepted and standardized
metrics for mathematically describing eargy flexibility. The lack of such metrics will hamper effective
interpretation of

communication and

buil dingsd

providers, which is essential for the widespread adoption of the MPC schemesdox pl oi t i ng
energy flexibility. Consequently, we will propose a unified contoolented 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 characterizéneé energy flexibility of buildings, sedensen et al., 2017a & 2017b

and Junker et al., 2018, and references thereinA comprehensive characterization of the energy flexibility in

control algorithm design might lead to a complex and computationally intrable problem since many

sophisticated and scenarierelated 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 flexibilibgpacity, time and cost. The
capacityaspect refers to the magnitude of flexible eneggconsumption adjustment. Théime aspect indicates
the time duration for implementing the flexible energy consumption adjustment. Thest 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 Tables.1. Byanalysingthe various flexibility KPIs in Tablg.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.

Table5.1. KPIs of energyflexibility in existing literature.

KPI
T 5 5 3, Y
Wdischar geV U Qo

@charge 0 0 Qo

(’:”discharge
“shiftingr
&.Dcharge

Explanations ‘

InLe Dreauet al. (2016), -5 £ ¢ 48 b$eg to reflect the capability of enerc
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.

0 Qo 0 Qo6
00 —————————.
. L Qo_ v Qo
0 v L Qo In Péanet al. (2018), the saved energy during DR is defined & , the
o b Qo storage efficiency is defined as- to reflect the energy loss when
- p _ = charging/discharging energy within the building thermal mass.
) ) 0
) 0 0 Qo
. - ) In Reynderset al. (2017), structural heat storage capacity is denoted as
b * v U Qo 0 . The storage efficiency is calculated as
0 0 Qo
w0 O 5 Qo In De Coninclet al. (2016), «and s are used to describe the maximal
) o positive flexibility and maximal negative flexibility, respectively. The
w | A w0 relationship between flexibility and corresponding energy cost is
s | ET O analysed.

5000 9 006

0 0 Qo
- downl exp = ——
S U v Q@
0 0 Q¢
- uFlex—o—
V] v Qo

In Kathirgamanathanet al. (2018), the available electrical energy
flexibility (AEEF) idefined. The storage efficiency for both downward an
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 flexibilitys lacking that is suitable for general MPC design. In the

following, by considering the basic factor determining energy flexibility, we will propose coririEnted
definitions of energy flexibility to facilitate the energexible 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. Fuhermore, 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 onoff 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 relatedtothedt i me aspect 6 mentioned in the project
related to the 0ch2geamphicdlyillastraes hesegarametelis.g ur e
power
PAST & FUTURE
preparation 7)F7
period : flexible
[0.7,] | power reduction
|
|
\ l >
77777 time

i duration [f.7,] I
Figure5.2 Graphical illustration of the key factors of continuous flexibility.

To facilitate the mathematical definition of theenergy flexibility, the following symbols are introduced:
1  0é: referencepowerconsumption at time instanto.

1 0 : flexiblepowerreduction at time instanto.

1 0 : total powerconsumption after applying the flexible energy reduction.

In our design, the length of the prediction horizon for MPC design is denotediasand the length of the
flexibility duration is"Q Then, the reference power consumption during the prediction horizon :ié

VeFE hhé . Similarly, the flexible power reduction sequence during the flexibility period is:
O FER . In order to compute the total power consumption during the prediction horizon:
0 FER , a binary matrixd N ° is defined to specify the time period during which the flexibility is

considered within the MPC prediction horizon, and to project the flexitgewer reduction sequence: onto
the whole prediction horizon. After applying the flexibj@gower reduction, the total power consumption will

become:: =€ 0 o. Figure5.3 gives an example of the referencpowerconsumption<€and the flexible
powerreduction :: .
A 04 —
5004 —— W /\ N w
w /S \ = -50-
r l- b
400 A \ 2 1004
L=, y a
= | \
= 300 A f \ -150 ‘
g \ 0 5 10 15 20
<] / ' 04 =
2 500 4 J L — Mw
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1004 \ £ _100
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. : . . . 150+
0 5 10 15 20 : : o s "
time (h) time (h)

Figure5.3 Graphical illustration of flexible energy consumption.
Based on the abovelefinitions, the following linear constraints are used to describe the range of flexibility:
r o w1 0 o T )
where the first equation specifies the amplitude of the maximal flexibfwerreduction, the second equation
limits the largest ramping rate of the flexiblgpower reduction, [ K are parameters defining the scope of
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flexibility. By applying the above constraints to the whole flexibility profile it leads to the following linear
constraint

1D 2g0s Q ®3)
which defines a closed polyhedral to describe the range of energy flexibility. FiguBe4 depicts a graphical
illustration of the range of flexibility. Based on the range of energy flexibility definedby the admissible
range of the totalpowerconsumption:€can be determined, which is:&§ 1 . Figure5.5 gives an example of

the reference power consumption profile and the scope of flexibl@ower consumption after implementing
flexible powerreduction.

By mathematically describing the scope of the energy flexibility as in E8), which is determined by the
parameters [ i, the MPC design can then quantitatively consider these factors. Besides, since the

proposed definition of flexibility rang@ only involves linear constraints, it is also computationally tractable
to be considered in MPC design.
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Figure5.4 Graphical illustration of the range of energy flexibility.
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Figure5.5 Referenceenergy consumption and the admissible range of flexible energy consumption.

Flexibility Range for OXDFF Type Energy Adjustment

As in the existing works, the definitions in Eq3) only applies to continuous flexible energy consumption
adjustment. In the following, a similar definition of flexibility is proposed for the -off type of energy
adjustment. This is motivated by the fact that in practice some HVAC devices can only ogearatwo 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 scqe of flexibility: magnitude and time. For the eoff 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
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Before mathematically describing the range of the eoiff type of flexibility, we first consider a sequence of
reference energy consumption profile i h FE h within the prediction horizon of MPC, wherie ¥ 6
is binary control signals. All time indices within the prediction horizon are divided into two disjunctive groups:

1 9 (uncertain input index set): the index set of the inputs that are allowed to be flexibly adjusted, i.e.,
with Qv » are allowed to be flexibly adjusted.

1 1 (certain input index set): the index set of the inputs that are fixed to their reference values, i.e.with
‘N i are fixed to their reference valuesé.

Based on the index set® andi , 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. Wénilor 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 toyide demandside
management services. Figur.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 isflexibly adjusted to off status, we call it downward flexibility. On the other way around, we
call it upward flexibility.

— Nominal Input

-=- Flexible Input

On -——
Off _|

| .
U Time

Figure5.6 Reference input signal and flexible input signal for coff type energy consumption adjustment (Li et al., 2024)

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 sét P > , in which the corresponding inputs with ' Qv 0 can be flexibly
adjusted without violating system constraints. Based on the index setz i hn , the control inputsi can be
expressed as

iy n

iehov i 5 n “)
Based on the above definition, it is clear that the scope of flexibility is related to the index aefThe larger the
size ofnis, the more flexible the building system can provide. Consequently, the scope of flexibility will be
defined as the largest size of the index set, denoted as, that can be freely selected among .

In the subsequent sections, how to further incorporate the proposed contaiented definitions of energy
flexibility in MPC design will be discussed in detail.

N

5.4 Energyflexible model predictive control design forbuilding systems

In this section, energyflexible model predictive control schemes will be designed to exploit the energy flexibility
of buildings to provide demaneide management services. Due to its effectiveness in dealing with system
constraints, considering economitactors, 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 MPBased schemes are proposed. Thexisting approaches for taking
advantage of the energy flexibility of buildings can be roughly classified into two categories: poased
program and incentivebased program( Gol mo hamad i et al ., 2 h 2he priced@s& t t or r
program, the electricity price will be adjusted based on time, demand amsdpply conditions by electricity
providers, such as timeof-use pricing, realtime pricing and critical peak pricing. In the incentivleased
program, direct financial incentives are provided to energy consumers to motivate the adjustment of their
energy caisumption 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
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financial rewards. For both pricédased and incentivebased programs, they all belong to a one step demand
side management framework.

As mentioned in the existing publications, this orgtep 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 mamagement 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 achigked
et al., 2023, Li et al., 2024).

In order to fully exploit the energy flexibility, we propose a new tatep 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., lexibility 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 feasiblelemand response request to building management systems for
achieving demand management. Figur®.7 shows a diagram of this twestep demandside management
program. This twestep DSM scheme entails a bidirectional communication protocol. Since the electricity
provider is aware of the flexibility potential of buildings, the generated DR request wikddull advantage of
the energy flexibility and be guaranteed to be achieved.

Power Grid

Figure5.7 Diagram of the twestep demandside management program(Tang & al., 2024).

The main task for implementing this twstep DSM scheme is flexibility assessment. Namely, how to
guantitatively evaluate the flexibility potential of building systems. In order to conduct the flexibility assessment,
a prediction model of building thermaldynamics is needed. Furthermore, a wellefined 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, atpnvith a proposed
mathematical definition of the range of flexibility for both continuously operated and-off type assets. In the
following, we will provide systematic approaches for implementing flexibility assessment for building systems.

55 Demandside management forcontinuous flexibility

Flexibility Assessmentthe flexibility assessment for continuous flexibility can be described as the following
optimization problem:

i ET0 0
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o e R

where is the operational cost, such as electricity cosg, if the benefit of exploiting flexibility, Tis 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 enstraints should be satisfied.

Based on the results in the contrebriented model section, the building thermal dynamicsodelled via RC
model or ARX model can be represented as a linear system as shown in 9. 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 , it is expressed as a set of linear constraint in E¢3). For the
operational cost function0 , it can be expressed as a sum of stage cost functions over the prediction horizon
0 B awh whered®@h is the stage cost function. For the revenue of flexibility [ i, itis defined
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as a function of the maximal magnitude and maximal ramping rate of the energy flexibilityi , 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

g ETO o0 0T H
0808  wh:M 5)
where the feasible set of energy consumptioh is defined as
e On "O0 Oz oM

e Yoo & pof W W ;
C ohMqg O e D o (6)
U tony f BN tr
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 solubn. The main idea is to first transform the universal constraint
satisfaction in Eq.(6) as the worstcase 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 variablesra 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
adjustment1 can be computed, which is determined by the variables i . The matrix0 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 demarsile management.

Flexibility Exploitation:With the information of the energy flexibility range and time period defined via
I B h , the energy flexibility is exploited in the format of demand response request that is defined as
‘YWQ, , where

1 Y 1hFREHR :specifies afeasible profile of energy reduction, i.eY,N 1 .

T G 0 b : specifies the time period to apply the energy reduction profié

Figure5.8 gives an illustrative example of a DR request.

r 3

A 4

Figure5.8 lllustrative example for DR request.

Since the demand response requestYAQ, 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 tachedule its energy
generation/transmission and coordinate with different flexibility providers.

5.6 Demandside management foron-off type flexibility

For OnOff type flexibility, a new contraebriented 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 performingthe flexibility assessment in the case of continuous flexibility is also not
applicable. In the following, we propose a new design framework to conduct demaide management for the
OnOff type flexibility. As in the continuous case, we still follow theoposed twestep DSM framework shown

in Figure5.7.
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Flexibility Assessmenttn preceding sections, we proposed to measure the scope of-off flexibility by, i.e.,
the size of the index sen. Similar to the continuous case, the task of flexibility assessment for-off flexibility
can be formulated as the following optimization problem:

i ETT A® o0 _0
o n =
08 @8 whe (7)
where the feasible set ofpis defined as
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The above optimization problem minimizes the worstse operational cost) ef while maximizing the
revenue of utilizing flexibilityd , which is measured byp (the scope of flexibility).

For the above optimization problem, the number of uncertainty scenariagh» 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 inputThen,

for the universal constraint satisfaction for all possible uncertainty scenariogh», we alternatively consider
the worstcase 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 numbe 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 @mputational 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 byrohse, 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 a¥RQ,

T 'Y 1&fidEhg : specifies a sequence of binary control inputs to specify expected energy consumption
pattern.

1 '@ oh :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.

57 Casestudies

ControlOrientedModelling via RGNetwork and ARX Models

In previous sections, the R@etwork and ARX models are introduced to provide contmlented models for
the thermal dynamics of buildings for our proposed enerdjgxible MPC design. In the following, the
effectiveness of these two approaches is demonstted on highfidelity building simulators.

RCModel: Firstly, we consider a Modelichased building simulator adopted from the opeaccess package
Energym(Scharnhorst et al., 2021) The considered simulator models a oreone building with a heat pump
and radiator. The schematic picture of the model is shown in Figuse.

This highfidelity Modelicabased model is used to generate input and output data of building system for
developing controloriented 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 inputoutput data, an RC model is constructed. Fadentifying the parameters of the RC model, the
Python packageScipy(Virtanen et al., 2020) is used to minimize the prediction error of indoor temperature.
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Figure5.10 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 Modelicabased building simulator.

ARX Modelin the following, we numerically demonstrate the prediction performance of ARX model for
predicting building thermal dynamics. For this case study, we consider a Modeliesed highfidelity building
simulator from the openaccess packageBoptest (Blum et al., 2021). This building simulator consists of air
to-water heat pump and one thermatone building. The detailed information of this simulator can be found on
the package website. Figur&.11 depicts the schematic diagram of this building mode

For implementing the ARX model, the inpoutput 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 pesd is 15 minutes. In order to identify the model parameters, the sum
of the squares of the indoor temperature prediction error is minimized. Figusel2 depicts the prediction
performance of the ARX model. It can be seen that satisfactory prediction penfance is obtained via the ARX
model.
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Figure5.9 Sketch of the Modelicabased building simulator (Scharnhorst et al., 2021).
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Figure5.10 Predictionperformance of RGnetwork model.
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Figure5.11 Schematic diagram of the building simulator for ARX model (Blum et al., 2021).
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Figure5.12 Prediction performance of ARXhodel.

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 prefeed, the RC model can be selected. In fauoof a scalable model,

then the ARX model is suggested.

EnergyFlexible MPC for Deman&ide Management

In the following, the simulation results of our proposed enerdigxible 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 pais the onoff type of flexibility. For both cases of continuous and anff
flexibility, the same twestep DSM framework is adopted. At the first step, the flexibility potential of the building
system is quantitatively assessed. Then, at the second stefgasible 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 higHiidelity Modelicabased building simulator is used for the case of continws
flexibility to simulate the building systems. The controtiented prediction model is used in MPC design. Figure
5.13 shows the diagram of our simulation framework.
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Figure5.13 Diagramof 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 uncertaintgnd this uncertainty is also considered in control scheme
design (scenario 2 & 3).

The information of the uncertainty sets for ambient conditions is shown in TalBle.

Table5.2. Uncertainty sets of ambient condition for different scenarios.

Uncertainty for Uncertainty for Consider uncertainty in

ambient temperature solar irradiation 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 castis neglected,
and the cost function related to flexibility is defined ag | K r | tr , where| Tas 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 renavable energy in buildings. The detailed simulation settings can be found in our work Li et al.,
(2023).

Simulation results for all scenarios are depicted iRigure5.14-5.17, where the shaded regions with gregolour
indicate the time periods when the flexibility of the building is assessed and exploited. Figbrg4 shows the
profiles of electricity price, ambient temperature, and PV generation during the simulation peribidjure 515
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 ogrovide 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 undetia
(Scenario 2 & 3). When uncertainties are not considered in control scheme design (Scenario 4 & 5), the
amount of flexibility tends to be overestimated. Figurg.16 shows the energy consumption profile from the
power grid with the proposed scheme anché existing pricebased scheme, respectively. It is clear that our
proposed scheme can lead to more energy reduction during peak hours than the existing pbiased scheme.
Figure5.17 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 enge indoor comfort constraints regardless of the uncertain ambient
conditions and the provision of flexibility for demandide management.
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Figure5.14 Profiles of electricity price (top), ambient temperature (middle), and PV generation (bottom) (Li et al., 2023)
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Figure5.15 Capacity of flexibility computed in flexibility assessment for different scenarios (Li et al. 2023).
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Figure5.17 Indoor temperature profiles for different scenarios (Li et al., 2023).
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OnOff Flexibility

In the following, the numerical results of the proposed scheme considering the-oifi type flexibility are
presented. In this casestudy, 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 oroff type and on is continuous type) use the local rewable energy generated from a 2KW
solar panel. The prediction horizon for our proposed MPC design is 48 with a sampling period ofd® The
nominal power consumptionis determined by minimizing the daghead electricity price. The energy
consumption option of the building is depicted in Figurg 18.

= === power from grid

= === power from RES

Figure5.18 Diagram of energy consumption optiosi(Li et al., 2024).

As in the case of continuous flexibility, the operational co8tis neglected in the flexibility assessment task.
And the flexibility cost is defined a® @, which means computing the maximal flexibility potential of the
building. The starting time for computing the flexibiligssessment problem is at 11:00am, i.e., the starting
index of2 is 22.

For solving the flexibility assessment problem, three schemes are investigated:

1  Scheme 1: our proposed approach by considering a feedback control policy.

1  Scheme 2: exhaustive search approach by trying out all possible uncertainty scenarios.
1  Scheme 3: a variant of our proposed approach by only considering ogeop control action.
More detailed simulation setting can be found in our work Li et al., 2024.

To explore the relationship between the flexibility scopand the number of uncertainty inputsp s different
sizes of® sare tested. Figures.19 depicts the computation time for solving the flexibility assessment problem
Eqg.(7) and the maximal flexibility scop&y 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 thexibility assessment problem
within reasonable computation time. Besides, it follows from Figuse20 that Scheme 1 and Scheme 2 lead

to the same optimal flexibility scopey’, which means that the proposed approach does not sacrifice the
optimality in this case study. Furthermore, compared with adopting only ogeonp control action (Scheme 3),
the feedback closedoop control policy can effectively improve the scope of avdila flexibility.

To show the robustness of the proposed scheme, the indoor temperature profiles with the three schemes for
all possible uncertainty scenarios ofch» with9 s Yande v are plotted in Figure5.20, 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 @ o , indoor temperature constraint isviolated.
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Figure5.19 Computation time for solving flexibility assessment and optima®b for all schemes (Li et al., 2024).
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Figure5.20 Indoor temperature envelops for all schemes (Li et al., 2024).

5.8 Conclusions

In this chapter, a novel energflexible model predictive control design framework is proposed for exploiting
the energy flexibility of buildings. Firstly, controliented models for building thermal dynamics in MPC design

is discussed and numerically teed. Then, based on the contrebriented models, we proposed a novel two
step demandside management framework for exploiting the energy flexibility of buildings. Considering both
continuous and onoff types of energy flexibility, we proposed controtiented definitions for describing the
range of flexibility, which can be readily incorporated in MPC design. For assessing the flexibility potential of
buildings, robust optimizatiofbased formulations with computationally efficient solutions are proposed for
both continuous and oroff 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 buildinggan be safely exploited without violating system constraints even in the presence
of uncertain environmental conditions. Numerical experiments basexuh high-fidelity Modelicabased building
simulators are performed to demonstrate the effectiveness of the proposadhemes.

Based on the proposed schemes, further investigation via reabrld experiments will be conducted to
demonstrate the viability and effectiveness of the proposesthemes in practice.
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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@Ga s k 2. 3 OFl exi bility management
fits in the larger framework ofork Package2:0 The devel opment of smart contrc
flexibility (heat, c o | d. Inatmsdtaskettree cdpardtecprojeots)werav éxécatédn b u i

together with Avans, studentsand the company Kropman, with real world data, and where applicable, within
a living lab environment to test the developed tools. Thieree projects are:

A. The hardwarein-the-loop testing for smart charging controller developmerfHsia, 2023). During this
project, a Master student, Jui Lien Hsia, developed an improved Electric Vehicle (EV) charging
controller on a bidirectional charging testbed at the Avans Smart Energy and Delivery lab (SEnD lab).
Her work is a continuation oftheworkdoney Roel and in 6t Veld, where h
controller that has the goal to reduce peak loads, time charging with available solar energy, and
minimizecha gi ng costs by considering variable energy
done within WP2 of B4B. The Hlirectional charging testbed enables Vehicl®-building (V2B)
technology, where an EV can deliver/gain electric power to/from a buildi This testbed is a sealled
Hardwareln-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 balace of the car connected to a simulated building load, becoming a Building
Energy Management System (BEMS).

B. Optimizing Office Energy Management through-directional EVCharging (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 panel&Vs, 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 metrisach as Peak
power reduction, cost reduction, and selufficiency.

C. Building Energy Management System based on Distributed Model Predictive Con(@hli, 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, grigonnection, solar panels, building load,

and 9 charging stations for EVODs. Then, t he mod
performance is evaluatedaccording to the following metrics: Total cost reduction and load factor.
Thesethree separate works can be tied together inthe frameworkda s k 2. 3 OoOFl exi bil ity m
devel opment 0, by investigating technol ogies that I r

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, buildingnd EMoad, 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 aris for balancing the power flows in a BEMS for a SME with a small number
of EMcharging points (Mukherjee et al., 2014), (Khan, A. R. et al., 2016). The uncertainty of arrizat
departure times of EVs and the size of the charging power required for thesE¥mpared 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, allthree works are discussed in a summarized manner. Highlighting their respective results and
putting it into perspective within the framework oTask 2.3. In the next sections, first the developed models
and cost functions are explainedThenthe 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 witfB4B.
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6.2 Developed approach

For an MPC to work we need to develdpree separate concepts: An objective function that dictates the
behaviour of the MPC (also called a cost function), a model that shows thehaviour of the overall system
under consideration, and a set of constraints associated with the model that limits the systé&mhaviourin 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 hardwarin-thedoop testing for smart charging controller development

For each MPC developed, a cost function is defined.
function as a baseline objective function for the MPC:

60Q B, _ M&¢dD 0 _ B. B, ———— 0 tRQ (1)

In (1), the first sum term minimizes the power drawn from the grid ( , whereas the second sum term
ensures that the EVs that are charged, are charged at a higharrrent (0 ), increasing overall system

efficiency (Apostolaklosifidou et al., 2017). The variabléQis the discrete timestep. 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 throughdiiectional EVVCharging
I n Boazds wor k, tluhctonfsdefinedwi ng objective

500 6B . ° 2 0B —— @)

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 peaghaving, to ensure that higher power drawn from the grid is
penalized. The valueand P are weighting values for the cost and peak respectively. Lastly thet | 6and

the n 'Q & "Qare 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

Lastl vy, i n tvoabjgcjive iurteonsare dekelopedone for the centralized MPC (CMPC) amhe

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:
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Objective function (3) consists out diour distinct parts:

A. A cost minimization part, it starts with tuning parameteér (for fine tuning the performance) and
normalization factorpj 0 . This part ensures that the objective function tries to minimize the cost of
the power used from the grid. It is similar the firstpatd8oaz ds obj ective functic
tariff and use tariff are the same.

B. The peak shaving part denoted with the tuning parameterand again with a normalization factor
pj O . 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 parametér and ensures that the contracted maximum power
© ) is not exceeded. This term causes a penalty for valuesiof that exceed the contract
maximum, thus causing the controller to steer away from that limit.

D. The last part, starting with tuning parametér, 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 finall 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 decerdfized can be compared visually to centralized MPC, which

is providedin FHgure 6.1.
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Figure6.1 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-salled coordinator is used to reach the
optimization objective. This architecture is shown Fgure 6.2

EV charge station
MPC

P

consensus

-

A

ev_charge

storage system

MPC

Battery energy

P

ba_charge

an

_charge

Coordinator

If not converge

If converge

End iteration

Get optimization results
Go next time step

P

consensus

)

ev_charge

P

Figure6.2 The DMPC architecture depicting ADMM. From (Christofides et al., 2013).

The situation depicted inFigure 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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60 00 -3-B., ¥ FQ ¢ 0 0 ¢ (4)

In this equation, @enotes 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 0, to fine tune performance. Thé variable is defined as:

0 ko] (5)
where 0 "Q also has the role of connecting the subsystems to each other:

0 P 0 0 M phe (6)

In (6),"Q ph;fof8 denote the index of the subsystems, witf2 p being the EV charging station an@ ¢
denotes the battery.

Of (4), only the update of the Lagrange multiplier needs to be defined:

_Qp _7Q "00 FQ 0 0 7)
In summary, the augmented Lagrangian approach enables the system to handle constraint violations in a
controlled manner, while the Lagrange multiplier and penalty parameteiiteratively 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 connect§ask 2.3 of Brains4Building where
the aim is to increase energy flexibility.

The developed models

Each of thethree 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 needso be modelled. In althree 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 objectiv
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 bdéaviour 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 eneatgnce
of each work are shown in the equations below.

1 Energy balance model of Jui:
0 Q 0 M B, 00 0 71 (8)

1 Energy balance model of Boaz:
0 Q 0 Q B, O Q - D Q 0 Q 9)

1 Energy balance model of Hongjun:
0 Q 0 MO0 Qo0 0 B, 00 07 (10)

In equations (8), (9), and (10), variabl&is the discrete time variable of the system and is the power
drawn from, or delivered back to, the grid. Also, each of them has Qandd TQ, 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 byd0 "Q. 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), Qisudendtadiashs ; gswd 0 r g 4 & ig 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 ob  ; Q is found to be confusing since, it behaves exactly like Q. Therefore

0 § rp Qisrewritten asd  "Q in this report.

Battery models

The work of Jui and Hongjun also incl
0 "Q variable, since the EV is emulated with a real battery system.

1 Battery model Jui:

0 HQ
o o Y 0

(o) Q0 d0 p o Y Q o Y
o 0 | Y 0

1 Battery model Hongjyn:
0O @ O 0 0 pIY QQ 0 0

ude model s for

0

(11)

(12)

In both functions indexQs the index of the EV being charged at a charging point alalis the discrete timestep.

For both equations goes thab " andd "Q can be positive and negative in sign (charging and
mod e | of
an emulation of an EV. The moment the EV arrives, it arrives at a preset battery energiestapresented by

0O "Q shown in the first line of equation (11). The same goes for departure, as shown in the last line of

di scharging) . The reason that the bat

equation (11), emulates the EV leaving at a set battery energy staté®f Q
Hongjunds battery model is representa

constraintdés subsection.

EVicharging models
Lastly, the charging behaviour of the

1 EVcharging Jui:

0 Qo5 0 0O
0 Q 0 Qo 3
1 E\charging Boaz: B B
0 W O o (DT D wWQ 0 wWQ IY
0 QO M p - D Q0 "f1Q JY
1 EMcharging Hongjun: B
0 MO p O MmO - D AQ JY

tery

tion

EVOs

MNO «
N0 m

of

a

S

(13)
(14)

(15)
(16)

(17)

build
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 théf statement of (12). This is further elaborated upon in the following

mo d e |

In the equations aboveéQagain denotes the discrete timestep and"Qepresents the index of the EV. Next, there
are differences of note between equations (13) till (17). Equations (13), (14), and (15) do not have@ p
or Q p 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 @ p or Q p 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 importantifferences 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
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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.

Jui s and Hongjundés work incorporate also battery c
stored. Hongjun also limits a minimum energy state for the battery, since draining batteries of energy
completely can be harmful to the system. Theser e equat i on (Hia 2023)andequation @)s wo r

i n Hongj (Cm&24)wo r k

Al so, for Jui s work goes that she penalizes strong
time step. This is done to smoothen the EV charging profile (equat(@m6) in (Hsia, 2023)) . I n Hongjuno
(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’his smoothing actions 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 by0 and shown in equations (@Roije&9204hd | 3 HOENgij mnBe
(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 nobaosider a limit to the power drawn from the grid.

Also, only Boaz considers a set of constraints pushing the solver to increasesita solar power utilization. The
reason for this has to do with that it was an important focus of the work to increase salffficiency of the SME.
The selfsufficiency constaints are formulas (3.19) to (3.25) in(Roijers, 2024)

Finally, since the work of HongjufChi, 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 variabled _ is used for this purpose:

0 0 0 Qp (18)
When, between iterations of calculation the optimal solution, the difference betweén Q and
0 "Q p isless than or equal tq, , 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: Hardwarén-the-oop testing for smart charging controller development

This work is a continuation of the work done by st
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 gented in thisreportt n Jui 6 s wor k the cont
integrated, and improved to the Hardwarn-Loop testbed at the Avan8Smart 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 systemand EV charging points. A schematic layout of the building and its data collection is
shown inFigure 6.3.

On the roof, a total of 65 solar panels ar@resent, 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 k\fghase) 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 thedEdrging data. The data available

to her only is data from three days, those days being: #B-2022, 22-06-2022, and 12-12-2022. The data

that she uses of those three daysisresmp |l ed si nce the data doesnd6t share
separate data sets. For example, different time data between building load and EV data. A snippet of pre
processed EXtharging data is shown in Figuré.4.
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PV: historical data & forecasts Weather: hi I data & f
Features Generated power [w] Features Temperature [°c)
Generated energy [kwh] Global horizontal radiance  [W(h)/m?]
Time intervals 15, 60 [min) Wind s [m/s]
Wind direction |deg]
Time intervals 15, 60 [min)

_ Control | box
sii [ (D —
o :':: * Chiller d.:.q;“ Historical EV EV charging load forecasts
.-,:,4 charging data e Yar‘“‘:m'arual ,’Qfgrapradrhargi-\g power ::.';‘\l
= — Humidifier ~ ]
:E’ f d L _:O:_ Lighting L’. Repoits f@ ﬁ FJLJ”](_)”
E -; 2 PV ‘ Historical
] E ﬁ- @7 g building data |
é ey BESS : . .u“d-i" o h"“:“ emand J
=] H —
‘.'E E L i i J westher data |
Figure6.3 Overview of the building systems and the data collection.
Charger X ] ]
D E_requested T_arrival T_departure |_arrival I_departure E_arrival
0 6.624 2022-12-22 2022-12-22 16717149000000 16717185000000 o0
' 13:15 14:15 00000 00000
1 36 2022-12-22 2022-12-22 16716906000000 16717212000000 O
06:30 15:00 00000 00000

Figure6.4 Example of preprocessed EV data.

Boaz Roijers: Optimizing office energy management throughdiiectional EV charging &
HongjunChi: Building energy management system based on distributed model predictive control

Both Boazds and Hongjundés work consider a set of off
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 tbfee 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 conection 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 locateduiiding B.

In total 424 PV panels with a watt peak of 270 are installed. The panels are installed thve roofs of buildings

A, B, and C. However, the generated electricity is not restricted to a building aad be shared among each.

The plot also facilitates EV chamgg. Allfour buildings utilize the samenine dual charging stations on the EV

parking lot. The charging stations are connected to afhase systemthatiss our ced by the pl ot
to the grid. Each charger pole has two charging points of the IEC 621%gpe 2 that can provide charging

power of up to 14kW (AC 3x20A) but is limited to 11kW for EW&h an onboard transformer that is limited to

11 kW. However, EVs with a larger onboard transformean utilize the full 14kW.The geographical situation

of the four offices is depicted inFgure 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 15mi nut e i nterval s. As opposed to Jui &
resampled to run the algorithms, since athe data is sampled with the same time basis. Figur&6 and 6.7

show snippets of the building power consumption data and EV charging session data respectively.
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"

Figure6.5 Offices A, B, C, and D on the BAM office plot.

Building load [kWh] PV load [kWh] EV load [kWh]

Timestamp
2022-01-0100:00:00 82 0.0 0.0
2022-01-0100:15:00 77 0.0 0.0
2022-01-0100:30:00 8.2 0.0 0.0
2022-01-01 00:45:00 79 0.0 0.0
2022-01-01 01:00:00 79 0.0 0.0

Figure6.6 A snippet of the building power consumption data.

ipt date i i ing price ex. BTW Start date Enddate Energy d i ion Charger ID
0 2022-01-03 15:51:00 284390 1907 2022-01-03 07:56:00 2022-01-03 15:50:00 63.90 28439 1709142
1 2022-01-03 17:41:00 33807 339  2022-01-03 08:17:00 2022-01-03 17:40:00 n3 33807 1709018
2 2022-01-03 17:26:00 32583 1065 2022-01-03 08:21:00 2022-01-03 17:24:00 3551 32583 1709250
3 2022-01-03 12:14:00 13182 463 2022-01-0308:32:00 2022-01-03 12:12:00 15.44 13182 1709117
4 2022-01-03 12:16:00 9399 207 2022-01-03 09:39:00 2022-01-03 12:16:00 6.90 9390 1709031

Figure6.7 A snippet of the EV charging sessions data.

6.4 Results

In this section theresults of each separate work are shown and briefly discussed.

Jui Lien Hsia: Hardwarén-the-oop testing for smart charging controller development

Jui works onthree different cost functions for the MPC she develops for the Hibntroller on the testbed at
Avans SEnBab. She runs her simulation on the testbed over several cars for several dayshree 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 ssifstainability from the solar power
delivered directly to the car instead of delivering back to the grid.

Examples of her results are shown iRigures 6.8 and 6.9.

Charging Load (June)

Power (kWh)

Uncontrolled ——Controlled (OF2) PV

Figure6.8 The charging behaviour of a single EV over a single day, with solar power production, with controlled and
uncontrolled cases.
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Power from the Grid (June)
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Figure6.9 The load profile of the building over a single day, with solar power production, with controlled and uncontrolled
cases.

Jui &8s wo r threediffenest ioljeetivesfunctions for the MPC and an extra case where the solar power
generation is upscaled. Her results are summasd in Table 6.1.

Table6.1.Summary of the results of Juids work for different scensce

; PPR PPR Energy cosi  SS SC
Scenarios Control strategy (KW) (%) (euros/day) (%) (%)

Uncontrolled - 126,025 11,953 100,00

December Controlled (OFO0) 4,528 11,122 119,955 12,274 100,00
Controlled (OF1) 4,528 11,122 119,810 12,274 100,00

Controlled (OF2) 8,822 21,668 120,090 12,274 100,00

June Uncontrolled - - 39,237 38,845 | 94,462
Controlled (OF2) 12,266 42,177 31,423 40,481 94,796

June with upscaled PV Uncontrolled - - 19,759 61,169 | 80,950
Controlled (OF2) 15,424 50,254 12,899 73,532 93,666

Uncontrolled - - 54,775 25,028 | 100,00

March Controlled (OFO0) 6,173 15,105 52,791 25,086 100,00
Controlled (OF1) 5,976 14,623 52,949 25,086 100,00

Controlled (OF2) 6,173 15,105 52,784 25,086 100,00

. Uncontrolled - - 36,550 51,037 97,106

March with upscaled PV Controlled (OF1) 8,944 25,563 34,646 | 52,664 | 99,971

Upscaling the PV has the most effect on the total energy cost, as can be seefable 6.1. This result is
expected, nonetheless not trivial since the emphasis of thigoject was on integrating an MPGtrategy with
the HILtestbed at the Avans. Obtaining these results shows that it is possible, bringing Vehict8uilding
technologies a step closer.

Boaz Roijers: Optimizing office energy management throughdiiectional 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 is model, like PV¥scale factor and the maximum charger power of the EV
chargers. The scenarios are described per parameterTable 6.2.

A difference betweemthdBotharzwd svorks,dsithiat 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 fouimdSection 4.3 of(Roijers, 2024)

From the scenarios Boaz generates the results as shown in Tabl8 and 6.4. Table6.3 shows the baseline
scenario which can then be compared to the results of the scenarios as shown in Tahk.

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 Bpscaling. This shows that the building bound
power generation is small compared to the building power consumption. This is also visible inAkierage Self
Consumptioncolumn 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 r

shows the largest improvement in terms of cost.

Table6.2. The scenarios and how it affects the different cost function and model parameters.

Peak penalty Cost penalty P\fscale factor Max. PV utilisation Charger rate Forecasted building loac
B [kw]

Scenarios

[

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

Table6.3. Baseline scenario results.

Average

. . afternoon
Scenarios active energy cost peak peak

[a/yr [Qly [a/lyr [kw] kW] [%] [%]
Uncontrolled | 192.526, - | 26.032,- | 221.558,- 197 174 12.6 99.7

Total cost Total peak = Total cost Average morning

Average SS Average SC

Table6.4. Baseline scenario results.
Active energy Peak cost | Total savings Average PPR Average PPR Average SS Average SC

Scenarios savings savings m/a m/a
[%] [%]

A 0.6 14.9 0.1 39.1/13.3 19.2/16.7 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 12.8 311 48.7/30.4 21.8/14.1 37.7 96.7
F 315 25.6 31.3 40.0/14.0 22.0/8.8 36.5 97.2
G 331 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
| 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 th@nsite power usage. This is further explained Bection 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 thin@edtion
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

I n Ho nwprk a@GM®PE to a DMPC is compared over a select set of dates. This size of the data the algorithm

i s run over i s si mi

This allows for comparison, to an extentf the three works.

ar in

S i

zZ e

to

Jui

0s.

Li

k e

Boaz,

Hongjun createdthree different scenarios each run over 7 days, from 383-2022 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

summarizedTable 6.5.

Table6.5. Baseline scenario results.
Cost penalty

Scenarios [

Peak penalty
[

A 0.5 0.5
B 0.8 0.2
C 0.2 0.8

Hongjun usestwo metrics to analyzehis results with. The load factor and the total cost reduction. The load

factor is defined by the following formula:

dé DO é+—— pnmb

(19)

The load factor is a metric for understanding how much treeserage 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 AB 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 iMable 6.6.

Table6.6. Results of each scenario of Hongjun compared to the uncontrolled.

. ikl cost Load factor
Scenarios MPC type @ reduction B
[%]
Uncontrolled - 0 0.3
A CMPC 0.7 0.39
A DMPC 0.4 0.38
B CMPC 3.2 0.34
B DMPC 25 0.32
C CMPC 0.3 0.39
C DMPC 0.4 0.39

As is visible fromTable 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 loadfactor, 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-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 08-2022. We then run a CMPC simulation

www.brainsforbuildings.org

73/99


http://www.brainsforbuildings.org/

over 14-03-2022 for two different scenarios:onewhere the cost penalty/peak penalty is: 0.7/0.3, andnother
where the cost penalty/peak penalty is: 0.3/0.7. The results are shown Fgure 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 dakigure 6.10, whereas

it barely charges inFAigure 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 carspalbown inFgure 6.10.

Centralised scenario
400 7

Building load EV load === Uncontrolled Grid power —— Grid power Price (smaothed)
Heat pump load PV generation Battery state

0.6
300

0.4
200+

Power [kW]
Price [€/kWh]

100+

0.0

-100

03-14 00:00 03-14 03:00 03-14 06:00 03-14 08:00 03-14 12:00 03-14'15:00 03-1418:00 03-14 21:00 03-15 00:00
Date

Figure6.10 A CMPC executed over ¥3-2022 with parameters cost penalty:0.7 and peak penalty: 0.3.

Centralised scenario
400

Building load EV load === Uncontrolled Grid power = Grid power Price (smoothed)
Heat pump load PV generation Battery state

0.7

0.6

300+

r0.5

0.4

0.3

Pawer [kW]
Price [€/kWh]

1004 r0.2

1ol

0.0

[=0.1

03-14 00:00 03-14 03:00 03-14 06:00 03-14 09:00 03-14 12:00 03-14 15:00 03-14 18:00 03-14 21:00 03-15 00:00
Date

Figure6.11 A CMPC executed over ¥33-2022 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 fopow
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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 @MPC) 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 sy'em. They compare the performance results of CMPC and DMPC on, for
example simulation time. These results are shown ifable 6.7.

Table6.7. Simulation time in function of number of generators per each economic dispatch method
and for one time step withO  p oFrom (Velasquez et al., 2019).

#ofgenerators‘ 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

FromTable 6.7 it becomes apparent that DDMPC computation time remaisamilar 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 id vice versa.

6.5 Conclusiors and discussion

In this section of the report Avans & Kropman summed die 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 oftalilee works combined. For
the specific conclusionsand discussion of each work, the reader is referred to the specific report of the work.

In all the works we focussed on MRRased control to increase the energy flexibility, reduce overall electricity
costs, improve building selbufficiency, 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 problemwith 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
J ui 0 s(Hsw,202R)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 iretiNetherlandsand allowing companies

to do more within the contracted power limits that they have.

A missingcomponentin 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 day®r example, it could be sunny on
Sunday when no one is working, so the building battery charges. On Monday yna&ople come to work and

www.brainsforbuildings.org 75/99



http://www.brainsforbuildings.org/

some of those have EVs. Those EVs can then be charge
in this, since it is able to, given that the predictioand control horizon are long enough, ensure that the battery
is charged before Monday, and the power then utilized.

Another thing to point out is that althree works didnot r each over 10% cost reduct
work (Chi, 2024) the highest cost reduction was achieved in scenario 2, with a total reduction of 3.2% in the
CMPCGc as e. Even so, it is i mpor t(CGhipna024)Ywas ophorinrover acet bf 7t h at
days, Jthreed® pvaocrak e single days. Only Boazds wor k was
included into the case study. Probably, higher cost reductions can aehieved with a battery in combination

with an MPC.

But the biggest highlight ishidden in the work on Ju{Hsia, 2023). In that work it is shown that the Vehicks-

Building (V2B) setup can be integrated with the flexible energy management strategies developeWamk

Package 2 of B4B. The V2B setup has been developedWork Package 1 of B4B and can be used to show

that the devel oped models can truly function in prac
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 thiwad factor. This can be done in combination with the HIL
setup to verify its practical performance.

Another direction is to scaleip 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 Fortin{ONexus)

7.1 Introduction

In this chapter ONexus 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 infaitme readerabout the wider context.

The general conceptual idea is to produce heat (Wie.g. Heat Pump or immersion heater) at convenient times,
store the thermal energy in the Phase Change Materi@dPCM) buffer and use the heat when needed. The
thermal buffer enables us to separate time of production and distribution of heat.

The CQ 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 needeat. example: solar
production in the weekend is stored in the thermal buffer and released Monday morning when the office is
used (Figure 7.1).

Figure7.14 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 deployedaav i ous oO6friendly pilot users?d.

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&missions by30%)
B. Develop energyprediction models
C. Develop energy flexibility steering models

The research that contribute 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-Nexusinvestigated which data model is best to use for this specific type of (SME) buildings given practical
available datasets and the @\exus technology.
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WP2.2 Energy Forecast

ONexus developed a model for forecasting the thermal energy demand, based on limited datadatshe
combined Deliverable 2.12.2-2.3 of the project.

WP2.3Calibration using Machine Learning (Al)

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 Fact¢see WP2.3)Further,the principle from the B4B project
plan is understood: inordertthave ef ficient steering of energy one
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 wordn the Energy Data Model.

7.3 Energydata 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. Thereforenergy behaviar of the people in the building

is not that relevant: as long as the system makes sure that there is sufficient heat in the buffesmfort settings
can be maintained.

There is no real need to predict in detail the behavio of people (i.e. how manypeople 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 bestoment to produce the heat using either (the cheapest
and greenest) grid power or own solgroduction.

Reference studies

In the field of optimizing water heating systems, various studies have proposed advanced control strategies
that differ from the ONexus/B4B algorithm, primarily in their reliance on multiple sensors and more complex
implementations.

Kazmi et al. (2018) introduced a deep reinforcement learnidgased optimal control strategy for hot water
systems. Their methodology requires detailed sensor data to model the system dynamics and occupant
behaviouraccurately. 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 selisumption of
photovoltaic (PV) energy within smart building emonments. 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 awocoder
network to process data from multiple temperature sensors. Their system demonstrated significant energy
savings but relied on extensive sensor input® inform the learning process. This dependence on multiple
sensors adds to the system's complexity and cost.

ONexus/B4B algorithm design principles

In contrast, the GNexus/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 costeffective and straightfaward implementation. This approach reduces installation complexity,
making it more accessible for widespread adoption.

These studies highlight the tradeffs between system complexity, sensor dependency, and optimization
effectiveness. While sensarich approaches can offer precise control and significant energy savings, they often
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come with increased costs and complexity. TheNExus/B4B algorithm offers an alternative by focusing on
simplicity and costeffectiveness, 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 & Filteridgintegrating LSTM models or Bayesian
learning with Kalman filtering orexponential 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 es@nd increasing the
accuracy of charge predictions.

2. Adaptive & Probabilistic Charging Strate@yRather 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 redime 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 {oesband
model and Machine Learning heatlemand model.

Analytical space heating Energy model

We modelled the site with a thermodynamics equation. The model include@lemperature set point; Building
metadata (height, shape, irradiation factor etc.)Meather data (Outside and Inside Temperature, cloudiness,
irradiance), Heating consumption (as a benchmark)
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Figure7.15 Analytical space heating Energy Model

Conclusiors on the performance of theAnalytical Energy modetdan be drawn based on the results shown in
Figure 7.2 The model fell short ora few aspects:

Difficult to model from the limited data we have, sit 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 causeaisd that gives unreliable results.

Machine Learning space heating Energy model

We tried different models (white box, black boxé), w
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 @lexus this turned out to be a very workable model so we decided to go ahead with
this principle.
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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

daily_mae=0.94 hourly_mae=0.18
with daily_avg=8.73
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Figure7.17 ValidationML data model

Figure 7.4shows, on an aggregated level, that the predicted and actual heat demand on a daily basesquite
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 th@lowing sections of this chapter whee we
describe the algorithm in more detail.

7.4 Energy flexibility steering model

Basic principle of the algorithm
The ONexus algorithm operates in 3 phase@~igure 7.5)
Phase 1: The buffer/battery charges fully to establish a baseline and record the user's usage patterns.

Phase 2: The algorithmanalyses 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.

www.brainsforbuildings.org 80/99



http://www.brainsforbuildings.org/

BRAINS 4
BUILDINGS

Stap1
- State, Stap 3

Epex laadblokken
N P
Calibratie 3 0-12 = 12-24 ictie state ibratie
Per Blok. Frequentie
Stap 2 ‘

¥

RF Factor
berekenen

|

Predictie

g+
s calibratie

frequentie

Is Vol definieren

Figure7.18 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 buffevery 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 SSRelays

Energymarket 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 halflays (D)

The week isdivided into 14 halfdays of 12 hours(Figure7.6) The practical reason for that is to distinguish a
day-block with PWoroduction and a nightblock that must rely on (dynamic tariff) grigower.

week1 unit ma ma di di wo wo do do vr vr za za z0 z0
ochtend| middag |ochtend| middg |ochtend| middg |ochtend| middg [ochtend| middg [ochtend| middg |ochtend| middg
Dagdeel D 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Figure7.19 Time Blocks
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Forecast_Usage for any day of the week (F)

We assume that the heatlemand use has a fairly regular daily pattern. We can predict this pattern by

analysinghistorical 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 theathaythat is

immediately the first Forecast for week as depicted in Figure 7.7

week 1

unit

ma
ochtend

ma
middag

di
ochtend

di
middg

wo
ochtend

wo
middg

do
ochtend

do
middg

vr
ochtend

vr
middg

za
ochtend

Za
middg

z0
ochtend

0
middg

Dagdeel

1

2

3

5

7

9

10

11

12

13

14

Forecast use

KWh

actual use (wl)

kKWh

3

1

1

1

1

Calibratie

1/0

1

1

1

1

1

Figure7.20 Forecast

Improve Forecaswith 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 wesekdepicted in Figure 7.8

If Rf=1 then theprediction 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.

) unit ma ma di di wo wo do do vr vr za za 70 zo
ochtend| middag [ochtend| middg |ochtend| middg |ochtend| middg |ochtend| middg |ochtend| middg [ochtend| middg
Dagdeel D 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Forecast (actual wil) KWh 3 1 3 1 1 3 2 1 4 1 1 3 1 4
actual use kWh 3 1 2 1 2 4 2 4 3 1 3 2 2 3
Rf(wk 2) % - - - - - -
Calibratie 1/0 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Figure7.21 Reliability Factor

DynamicCalibration Interval (Ki)

By constantly adjusting the interval in which calibration is carried out, the Rf is
improved This process is illustrated in Figure 7.9, and explained below.

The system starts with a standard Calibratiointerval Ki=1 in which each part of the day is charged
continuously and to 100%n the 1st and 2nd week.

In week 3, the Calibratiorinterval 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$Nplus, 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 Calibratigerval
dynamic. When a certain lower value is reached during Calibration, the time betwaga Calibration moments

is shortened.

always and automatically
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Figure7.22 Calibration Interval

The Kinterval will now bethree 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 (wrongrEoast) 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 peod 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 ovezaction. The Gactor is adjusted according to
a predetermined "table" thatsets boundary conditions for the @actor.

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 agaiin the event of risks.

In depth working of the algorithm

I n cases where the Rf is extremely high or | ow due 1
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% cadty, it stops consuming energy, which indicates thatig full.

Phase 1 means 100% power on 24/7, enabling the heating device (Heatimp 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 santiy 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 ohé 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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