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Introduction Indoor climate modeling Consumption prediction model Summary

Challenges in energy systems

New energy supply mix

� Integration of fluctuating/intermittent renewable energy sources

� Create synergies between power and thermal networks

2 big leverages:
! Buildings thermal performances and operations
! Development of District Heating and Cooling (DHC)

Future green buildings: a key to cost-e�ective sustainable energy systems, Mathiesen & al (2016).
2 / 23



Introduction Indoor climate modeling Consumption prediction model Summary

Challenges in energy systems

New energy supply mix

� Integration of fluctuating/intermittent renewable energy sources
� Create synergies between power and thermal networks

2 big leverages:
! Buildings thermal performances and operations
! Development of District Heating and Cooling (DHC)

Future green buildings: a key to cost-e�ective sustainable energy systems, Mathiesen & al (2016).
2 / 23



Introduction Indoor climate modeling Consumption prediction model Summary

Challenges in energy systems

New energy supply mix

� Integration of 
uctuating/intermittent renewable energy sources
� Create synergies between power and thermal networks

2 big leverages:
! Buildings thermal performances and operations
! Development of District Heating and Cooling (DHC)

Future green buildings: a key to cost-e�ective sustainable energy systems, Mathiesen & al (2016).
2 / 23



Introduction Indoor climate modeling Consumption prediction model Summary

Towards sustainable energy systems

Why are buildings so critical?

Electricity consumption per sector in
Sweden in 2019 (data from IEA)

Energy e�cient buildings/equipments
Smart use of energy End-use of energy in european households

(from Eurostat)

IEA = International Energy Agency, www.iea.org
Eurostat, www.ec.europa.eu
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Towards sustainable energy systems

Why develop thermal networks (DHC)?

Flexibility of thermal networks

! through storage equipment

! through building's inertia

4th Generation District Heating (4GDH): Integrating smart thermal grids into future sustainable energy systems
H. Lund, S. Werner & al, Energy (2014).
Controlling district heating and cooling networks to unlock 
exibility: A review , A. Vandermeulen, B. van der Heijde, L. Helsen,Energy
(2018).
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Thermal networks and the need for modeling and control

District heating and cooling, S. Werner (2013).
Smarter Smart District Heating , Novitsky et al, Proceedings of the IEEE (2020).
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Overview of building modeling

� Limited building information

� The model should be suitable for control
(complexity/accuracy)

� The modeling procedure should be easily
reproducible (scalability)

White-box models

! based on physical knowledge
! softwares: BRCM, TRNSYS, EnergyPlus,
Modelica

Gray-box models

! structure from a priori knowledge
! parameters from data

Black-box models

! no physical knowledge
! learnt from data

Beyond theory: the challenge of implementing model predictive control in buildings, J. C��gler, D. Gyalistras, J. �Siroky, V. Tiet, L. Ferkl,
11th Rehva world congress, Clima(2013).
A review on buildings energy consumption information, L. P�erez-Lombard, J. Ortiz, C. Pout, Energy and buildings (2008).

Modeling techniques used in building HVAC control systems - A review, Z. Afroz, G. M. Sha�ullah, T. Urmee, G. Higgins, Renewable and
Sustainable Energy Reviews(2018).
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Case study

Measured signals in the control system

� Indoor temperature T i in each apartment

� Furnished heat powerP for the whole building

� External temperature Text

Overview of the presentation:

1 Introduction

2 Indoor climate modeling

3 Prediction of the energy consumption
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RC model structure and available data

Ci
dT i

dt
= P �

1
Ri

(T i � Text ) �
X

j 6= i

1
Rij

(T i � T j )

dT i

dt
= � aii (T i � Text ) �

X

j 6= i

aij (T i � T j ) + bi P aij > 0; bi > 0

Data from 2020 Ts = 1hour ( N = 8783) n = 34 apartments

Inputs Outputs
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Parameter estimation and validation

Parameter estimation
Minimize one-step ahead prediction error

over the training period (01/2020)

min
�> 0

kM � � vk2
2

� = [ a11 : : : a1n : : : an1 : : : ann b1 : : : bn]T

Model evaluation

RMSE =

r
J

Nn

J =
nX

i =1

NX

k=1

( ~T i (tk ) � T i (tk )) 2

Is the system su�ciently excited?

! The measurements are collected on the controlled system with a constant
setpoint

� M is full column rank and the problem is largely over-parametrized

� Sample Covariance MatrixK for the training period

rank(K ) = 36 cond(K ) = 1 :8965� 105
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Results

dT i

dt
= � aii (T i � Text ) �

X

j 6= i

aij (T i � T j )+ bi P

+ ci (1 � 
 )

aij > 0; bi > 0

; ci > 0

min
�> 0

kM � � vk2
2

+ � k� k1

� Unrealistic coe�cients

� Unmeasured disturbances

) solar in
uence
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Resulting models and discussion

� Reasonable prior knowledge/amount of measured signals is su�cient
� No experiment is needed
� Control-friendly model

) How to obtain a more precise model for simulation or controller testing?

Best case - apartment n� 25 Worst case - apartment n� 32
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How to improve the building model?

dT i

dt
= � aii (T i � Text ) �

X

j 6= i

aij (T i � T j ) + bi P + di

di = ci (1 � 
 )

+ f (TOD ; DOW ) TOD = Time Of Day
DOW = Day Of Week

� Same time-scale for building dynamics and unmeasured disturbances
) Model unmeasured disturbancesd

� Including cloud coverage
 allows to account for seasonal variations/solar

uxes

) Can we account for other unmeasured disturbances~d through machine
learning? [1]

[1] Machine Learning Enhanced Grey-Box Modeling for Building Thermal Modeling, M.J. Ellis, American Control Conference, 2021.
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Proposed approach for disturbance modeling

1 Obtain a state-space model through constrained least-squares

Tk+1 = AT k + Buk + B
 (1 � 
 k ); u = [ P Text ]
T

2 Estimate unmeasured disturbances~d

~dk = Tk+1 � (AT k + Buk + B
 (1 � 
 k ))

3 Model the unmeasured disturbances~d = f (TOD ; DOW )

Why is it \physics-informed"?

Use of an RC model based on
simple energy balance

Choice of TOD and DOW as
inputs

Comparison with [1]

[1] is based on simulations

[1] uses deterministic disturbances

[1] also uses DOY as an input

[1] Machine Learning Enhanced Grey-Box Modeling for Building Thermal Modeling, M.J. Ellis, American Control Conference, 2021.
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Learning a disturbance pattern

To minimize kf (TOD ; DOW ) � ~dk2
2, the disturbance modelf should satisfy:

f (TOD ; DOW ) = mean
�

~dTOD ;DOW

�

Estimated disturbance. Disturbance weekly pattern (mean).

R2
i = 1 �

P
k ( ~di (k) � fi (TOD k ; DOW k )) 2

P
k ( ~di (k) � mean(~di )) 2

Score =
1

n

nX

i =1

R2
i = � 0:3085

2 possibilities:
) Poor estimation of the disturbances?
) A weekly pattern is not enough?

[1] Machine Learning Enhanced Grey-Box Modeling for Building Thermal Modeling, M.J. Ellis, American Control Conference, 2021.
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Simultaneous state-space and disturbance estimation

2nd approach: Estimate the state-space parameters and the weekly pattern
simultaneously
! Enforces a weekly disturbance pattern

! Extended least-square problem

min
� ext > 0

kMext � ext � vk2
2

+ � k ~dk1

� ext = [ � ~d] � = [ a11 : : : a1n : : : an1 : : : ann b1 : : : bn c1 : : : cn]T

! Regularization of the disturbance pattern~d (� = 100)
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Indoor climate modeling: Discussion and outlooks

3 Obtention of a RC-model enhanced by considering cloud coverage

Mean temperature

! Try cross-validation and combine seasonal models

! Try this approach on high �delity physics-based model

! Suitable for control design (predictive, adaptive)

+ explore positivity for robust control
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Indoor climate modeling: Discussion and outlooks

â Obtain a more precise model for simulation
7 Both proposed approaches identify the residual/disturbance as a weekly pattern

Mean temperature

! Use other inputs and other model types
~d = f (TOD ; DOW ; ws; wd )

! Application for analysis of systems with neural networks

Machine Learning Enhanced Grey-Box Modeling for Building Thermal Modeling, M.J. Ellis, American Control Conference, 2021.

Explaining domestic energy consumption{the comparative contribution of building factors, socio-demographics, behaviours and attitudes,
Huebner, Gesche, et al.,Applied energy (2015).
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1 Introduction

2 Indoor climate modeling

3 Prediction of the energy consumption
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Explaining and predicting power consumption

The power consumption of a building/house depends on:

� the need forspace heating/cooling ;

! which is correlated to theoutdoor temperature Text and occupation;

� the use of domestic hot water (for thermal networks);

� other factors related tohuman activities .

Input = Text Output = P

19 / 23
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Proposed approach

Proposed approach:

P= P + � P

= f (Text ) + ?

Inputs: Measurements ofP and Text

Step 1: Identify a model P = f (Text ) where P is
the 24h moving average ofP
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� 2nd order + input delays

� \Cold" model ( R2 = 0 :13)
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Proposed approach

Proposed approach:

P= P + � P
= f (Text ) +

g(TOD ; DOW )

TOD = Time Of Day
DOW = Day Of Week

Inputs: Measurements ofP and Text

Step 1: Identify a model P = f (Text ) where P is
the 24h moving average ofP

Step 2: Estimate the disturbance � P = P � P

Step 3: Identify a model � P = g(TOD ; DOW )

~� P � P � f (Text )

There is a weekly pattern, which
justi�es � P = g(TOD ; DOW )

but it changes over time.

The LMS algorithm with delayed coe�cient adaptation , Long, Ling, and Proakis, IEEE Transactions on Acoustics, Speech, and Signal
Processing, 1989.
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~� P � P � f (Text )

There is a weekly pattern, which
justi�es � P = g(TOD ; DOW )

but it changes over time.

Adaptation of a linear model over time
(DLMS)

1 Prediction/�ltering : ^ yk = � T
k� 1uk

2 Evaluation of error as soon as
possible : " k� d = yk� d � ŷk� d

3 Adaptation :
� k = � k� 1 + �" k� d uk� d

The LMS algorithm with delayed coe�cient adaptation , Long, Ling, and Proakis, IEEE Transactions on Acoustics, Speech, and Signal
Processing, 1989. 21 / 23
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Discussion and outlooks

MSE(x̂; x) =
kx̂ � xk2

2

N

! How to schedule seasonal models in a
smoother way?

! Try other model types for the disturbance � P

! Try this approach on IEEE datasets
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Summary

2 types of model are proposed:
a grey-box indoor climate model
a black box consumption prediction model

In both cases, learning is to be used for disturbance modeling based on
prior information/models.

Fair heat distribution under de�cits in district heating networks , F. Agner, P. Kergus, R. Pates, A. Rantzer (2021).

23 / 23



Introduction Indoor climate modeling Consumption prediction model Summary

Summary

2 types of model are proposed:
a grey-box indoor climate model
a black box consumption prediction model

In both cases, learning is to be used for disturbance modeling based on
prior information/models.

Fair heat distribution under de�cits in district heating networks , F. Agner, P. Kergus, R. Pates, A. Rantzer (2021).

23 / 23



Introduction Indoor climate modeling Consumption prediction model Summary

Summary

2 types of model are proposed:
a grey-box indoor climate model
a black box consumption prediction model

In both cases, learning is to be used for disturbance modeling based on
prior information/models.

Fair heat distribution under de�cits in district heating networks, F. Agner, P. Kergus, R. Pates, A. Rantzer (2021).

23 / 23


	Introduction
	Challenges in energy systems
	Towards sustainable energy systems
	Thermal networks and the need for modeling and control
	Overview of building modeling
	Case study


