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Abstract

The world's energy consumption and greenhouse gas emissions are on the rise due to increasing
energy usage in buildings. To address this problem, it is important to design energy-efficient
buildings with advanced control systems. One key aspect of these systems is having reliable
thermal dynamic models can provide necessary information for the control systems. Thermal
resistor-capacitor (RC) models are one of the commonly used methods for thermal dynamic
modeling in control systems. RC models represent the thermal behavior of building components
using parameters related to fundamental physical principles. The R's and C's in the model are
equivalent thermal resistors and capacitors that represent the effective resistance to heat flow and
thermal energy storage capacity of the nodes, respectively. These model parameters are used to
relate system inputs (e.g., heating and cooling supply) and temperature states. RC model
parameters and inputs (e.g., actual solar heat gain) are difficult to be directly measured but can be
estimated with historical data. Accordingly, this thesis aims to develop a practical and dependable
method for estimating RC model parameters and input simultaneously with and without partially
missing states. By estimating model parameters and creating a trustable thermal dynamic model
the developed method will be used to obtain required heating, ventilation, and air conditioning

(HVAC) outputs for temperature control purposes.

To estimate unknown parameters and inputs, the method uses unscented Kalman filter (UKF) in
combination with nonlinear least square (NLS) estimation method. To evaluate the effectiveness
of this method, two case studies are conducted. The first case study involves made-up data, while
the second case study uses real-world data from a single detached house. The performance of the
method is assessed by comparing estimated parameter and input values to true values in the made-

up case, as well as the accuracy of the updated thermal dynamic model (created based on the last
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estimated model parameters) in predicting temperature responses in the real-word case. Both
estimation and prediction studies indicate that the developed method can accurately estimate the

unknown model inputs and parameters.

The method can also be used to estimate the required heating and cooling supply for controlling
the temperatures of multiple zones. To evaluate the effectiveness of this approach, two case studies
are conducted: one with made-up data and one with real-world data from a single detached house.
The performance of the method is assessed by simulating the thermal model with applying the
estimated heating and cooling supply to the model and generate the system response for the zone
temperature that requires control and verify whether the controlled zone's temperature meets the
expected temperature or not. The results of the two case studies indicate that the method can

accurately estimate the heating and cooling supply.

Overall, the primary objective of this thesis is to develop a practical and dependable method for
estimating RC model parameters and inputs simultaneously, even when some states are partially
missing. Furthermore, the developed method will be used to obtain the required HVAC outputs
for temperature control purposes. Achieving these goals will not only advance the relevant field

but also provide feasible solutions for real-world applications.
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Preface

This thesis includes original research conducted by Vahid Zamani and is divided into four
Chapters, with Chapters 1 and 4 serving as the introduction and conclusion, and Chapters 2 and 3

presenting the research in the form of journal papers.

Chapter 2 provides an overview of the research focused on developing a method for parameter-
input estimation of thermal dynamic systems. The chapter covers the introduction, methodology,
model validation, results, and discussion. It concludes with a summary of the main points and will
be submitted for publication as “Parameter-Input Estimation of RC Thermal Models of
Buildings using Unscented Kalman Filter and Nonlinear Least Square Method.” Vahid
Zamani, Shaghayegh Abtahi, Yuxiang Chen, Yong Li., Vahid Zamani was responsible for
conceptualization, developing methodology, analysis implementation, and writing the original
draft. Shaghayegh Abtahi was in charge of assisting in writing the draft. Both Drs. Yuxiang Chen

and Yong Li were in charge of supervision, conceptualization, and manuscript revisions.

Chapter 3 employs the developed method for estimating the necessary heating and cooling supply
for controlling zone temperatures at desired levels. The chapter covers the introduction,
methodology, model validation, results, and discussion. It concludes by highlighting the key points
and will be submitted for publication as “Heating and Cooling Supply Estimation to Control
Building Temperature Using RC Thermal Models, Unscented Kalman Filter and Nonlinear
Least Square Method.” Vahid Zamani, Shaghayegh Abtahi, Yong Li, Yuxiang Chen., Vahid
Zamani was responsible for conceptualization, developing methodology, analysis implementation,
and writing the original draft. Shaghayegh Abtahi was in charge of assisting in writing the draft.
Both Drs. Yuxiang Chen and Yong Li were in charge of supervision, conceptualization, and

manuscript revisions.
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1 Introduction

The global building sector consumes the most energy, surpassing a third of all final
energy and 50% of global electricity usage [1]. Without efforts to enhance energy efficiency,
it is projected that energy consumption in the building sector will grow by 50% by 2050 [2].
In response to this growing energy demand, there is a recognition of the importance of energy
efficiency in buildings. Thus, actions are being taken to promote and implement energy-
efficient measures. These actions include enhancing building codes and standards [3],
encouraging the use of energy-efficient technologies [4], and investing in the research and

development of new technologies.

Among these practices, building energy management with control systems has
demonstrated its critical importance in mitigating the negative impact of the rising trend in
building energy consumption [5-7]. Control systems require thermal dynamic models, making
it crucial to use a reliable model to achieve energy efficiency in buildings [8]. Thermal
dynamic modeling involves creating a mathematical representation of a building or system,
which helps in predicting buildings’ thermal behavior (e.g., temperature response) and
building system behavior (e.g., heating, and cooling supply). There are three types of

modeling strategies: white box, black box, and gray box modeling [9-12].

White box (physics-based) modeling like using Energy Plus [13] involves describing
building dynamics based on construction information, and utilize parameters derived from
technical specifications like geometry, material properties, and equipment specifications [14].
Despite its ability to simulate building dynamics well, collecting these necessary information
can be time-consuming, and the model may lack the flexibility to accommodate changes or

variations over time [15]. On the other hand, Black box modeling involves pure mathematical
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machine-learning techniques, such as Artificial Neural Networks to develop a model from
collected data without explicitly taking physical aspects into account. Although this modeling
approach requires a significant amount of data to build an accurate model, it may outperform
white box modeling in terms of accuracy [16, 17]. Gray box modeling such as thermal
resistor-capacitor network (RC) is a hybrid of white box and black box modeling. It combines
the physical principles of white box modeling with the data-driven approach of black box
modeling. Gray box modeling can be a good choice for systems where the physical principles
are only partially understood or where the data is limited. The gray box modeling approach is

widely used as a standard modeling strategy for thermal dynamic modeling [18-20].

RC models are based on a set of equivalent model parameters, resistors (R's) and
capacitors (C's), to relate system inputs (e.g., heating and cooling supply) and temperature
states. The R's and C's in the model are equivalent thermal resistors and capacitors that
represent the effective resistance to heat flow and thermal energy storage capacity of the
nodes, respectively [21].The model parameters can be influenced by both internal and external
factors. Internal factors such as people, furniture, and electric consumption, as well as external
factors like adjacent obstructions, infiltration, and weather-related influences, can all impact
the model. Therefore, RC model parameters are not meant to be directly measured or simply
calculated based on building construction details. Rather than directly measuring the model
inputs or estimating the model parameters by calibrating the model based on physical details,
the optimal model inputs or parameters can be estimated using purposely measured data

(usually temperature states). [21, 22].

Parameter estimation can be conducted via offline estimation (i.e., batch), assuming the

parameters are constant within the period of a set of collected measurements and using the



measurements to estimate the parameter. This approach can result in significant inaccuracies
in predictions due to ongoing data evolution and uncertainties arising from building
conditions, weather changes, temperature, and occupant actions [23, 24]. To address this
issue, an online manner (e.g., adaptive) estimation approach can be used to continuously
update the model whenever new real-time measurements are available [25]. The Unscented
Kalman filter (UKF) based estimation method has been shown to be effective and reliable for
applying online estimation to thermal dynamic modeling with RC models for parameter
estimation which can handles nonlinear systems and provide accurate estimation [21, 25].
UKF can update its estimates recursively as new measurements arrive. This method enables
the model to be updated in real-time based on the most current measurements, resulting in
more precise predictions making it efficient in updating parameters in real-time applications.
However, the computational complexity of UKF increases with the number of states and

measurements, making it less efficient for large systems when used alone [26].

In certain real-life scenarios, estimating RC model parameters can be challenging due to
the temporary missing of historical data including heating and cooling supply (i.e., RC model
inputs) and the zone’s temperature (i.e., RC model state). Such missing data can result from
sensor malfunctions or unavailability due to limitations in practices (e.g., too difficult to
obtain accurate data) and resources (e.g., too expensive to install many sensors). To overcome
this issue, the primary goal of this thesis is to develop a practical and dependable method for
jointly estimate model parameters and unknown inputs, with and without partially missing
states. Furthermore, after estimating RC model parameters and creating reliable thermal
dynamic model, the developed method will be used to obtain the required heating and cooling

supplies for building’s temperature control purposes. Obtaining the accurate heating and



cooling supply for building temperature control purposes is essential for a number of reasons.
First, it can optimize energy consumption, leading to cost savings and a smaller carbon
footprint [27, 28]. Second, it can aid in keeping buildings at a comfortable temperature, which
is essential for health and productivity [29, 30]. Thirdly, it can aid energy providers in
anticipating future demand and ensuring a steady supply [31-33]. The accomplishment of
these objectives will not only advance the relevant field but also provide solutions applicable

to real-world applications.

1.1 Objective and Scope

The primary objective of this thesis is to develop a dependable and feasible approach for
simultaneously estimating RC thermal model parameters and input, even in cases where some
states are partially missing. The development of a suitable model structure (i.e., number of
temperature nodes, inputs, R, C, and their connections) is beyond the scope of this study and,
therefore, will not be discussed in this thesis. After obtaining a suitable model structure, the
RC model parameters, inputs, and possibly unavailable states are estimated using a UKF-
based parameter-input estimation method integrated with NLS. Specifically, the UKF is
mainly used for parameter and state estimation, while the NLS is used to estimate unknown

inputs.

Accordingly, once the parameters have been estimated and a trustworthy thermal
dynamic model is created, then attention is redirected toward employing the developed
method by utilizing the created thermal model to determine the necessary heating and cooling
supply for controlling zone temperatures to desired levels. This is one of the key applications
of the developed method in situations where the temperature needs to be controlled by

obtaining the necessary heating and cooling supply. Controlling the temperature in thermal
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zones can be challenging when multiple interconnected zones with different temperatures are

involved, especially when estimating the heating and cooling supply needed for the future.

This makes the developed method particularly useful in real-world applications. These

objectives will be achieved by addressing the following:

Partl:

IL.

I1I.

IV.

Part 2:

II.

Introduce an RC thermal dynamic modeling and explain how it can be used to
simulate thermal behavior of buildings.

Develop an estimation method and demonstrate how it can be integrated to
estimate the previously developed RC model for parameters, and inputs
estimation.

Apply the developed method to a simple case study using made-up data to
evaluate its performance.

Evaluating of the developed method's capability in real-world scenarios by

applying the method to a real single-family detached house.

Employing the developed method with known RC model (developed previously)
parameters which are estimated based on part 1 for obtaining necessary heating
and cooling supply for temperature control purposes.

Apply the developed method to case studies using made-up and real-world data
in different scenarios, to evaluate its capability in estimating heating and cooling

supply for controlling zone temperatures.



To summarize, the thesis's focus is on developing an approach that can estimate RC
model parameters (e.g., thermal resistance), and model input (e.g., heating and cooling
supply) with or without some missing temperature states. Furthermore, the thesis also
highlights employing the developed method with known (i.e., estimated) model parameters
to estimate necessary heating and cooling supply to control zone temperatures. The capability
of the developed method is evaluated using case studies with made-up and real-world data. It
is worth noting that the key difference between the two parts of the thesis is that in the first
part, the RC model parameters were estimated in the presence of unknown model input and
unmeasured temperature states (if any). In contrast, in the second part, there is not any model
parameter estimation, and the estimated parameters are used in the defined RC thermal model
for heating and cooling supply estimation. Additionally, in the second part, temperature
measurements were considered as the desired temperature level, while in the first part, they

came from recorded data.

It is worth noting that the efficacy of the method in determining the necessary heating
and cooling supply depends on the accuracy of the created thermal dynamic model. If the
estimated model parameters for the presented RC model can accurately represent the thermal
behavior of the real system, then the developed method can provide an accurate estimation of
the necessary heating and cooling supply. However, the accuracy of the results depends on
the structure of an RC thermal model. Creating an appropriate model structure, which includes
determining the number of temperature nodes, inputs, as well as the relationships between R,
C, and their connections falls outside the scope of this study and will not be addressed in this

thesis.

1.2 Thesis Organization



The thesis is structured into four chapters, with the research presented in Chapters 2 and
3 in a journal paper format. Chapter 4 concludes the thesis with a summary of key points and

proposals for future work and limitations.

The remaining chapters of the thesis are arranged as follows:

Chapter 2 - Develop a method for estimating RC model parameters and input
simultaneously with and without partially missing states. The method is evaluated using two

case studies, one with made-up data and another with real-world data.

Chapter 3 - Employ the developed method to estimate necessary heating and cooling
supply to control temperature. The method is evaluated with case studies with made-up and

real-world data with different case studies.

Chapter 4 Conclusion - Summarizes key findings from chapters 2 and 3. Following that,

potential future work and limitations are discussed.

2 Parameter-Input Estimation of RC Thermal Models of Buildings using Unscented

Kalman Filter and Nonlinear Least Square Method

2.1 Introduction



Buildings currently consume approximately 40% of global energy and contribute to 31% of
world CO2 emissions [34]; therefore, reducing buildings’ energy consumption is critical to
meeting global sustainability targets [5, 35]. Among the efforts to reduce buildings’ energy
consumption, building energy management with control systems that can optimize building
energy consumption are being developed and deployed [6, 7]. These systems are proven to
have the potential to save energy by up to 28% [36]. Control systems require reliable thermal
dynamic models in order to estimate buildings’ thermal parameters (e.g., effective thermal

resistance) and behavior (e.g., temperature response) [6].

Different modeling strategies, including "white box", "black box", and “gray box”
modeling, have been developed in the literature to predict the thermal behavior of buildings
and their systems [9-12]. White-box (physics-based) modeling , such as using Energy Plus
[15], requires detailed construction information (e.g., dimensions) and can simulate building
physics in detail [ 14]. Due to the unknowns of building conditions (e.g., material degradation,
user behavior, and operation strategies), using this modeling strategy on existing buildings
can be problematic [15]. On the other hand, black-box modeling uses pure mathematical
machine-learning techniques, such as using Artificial Neural Network [16], to create non-
interpretable (hidden) relationships between input and output data without necessitating
physics [37]. Black-box modeling requires a large amount of high-quality data [17]. "Gray
box” modeling strategy, such as thermal resistor-capacitor (RC) models, is based on a physics-
base model structure and uses mathematical optimization techniques to estimate the
equivalent physical parameters of the model. The strategy incorporates the benefits of both

white-box to eliminate outliers and that of black-box strategies to reduce the necessity of



detailed information. The gray-box modeling approach has been widely used for thermal

dynamic modeling [ 18-20].

RC models are based on a set of equivalent model parameters, resistors (R's) and
capacitors (C's), to relate system inputs (e.g., heating and cooling supply) and temperature
states. [21]. The model parameters can be influenced by both internal and external factors.
Internal factors include people, furniture, and electric consumption, while external factors
encompass adjacent obstructions, air infiltration, and weather-related influences. Thus, RC
model parameters are not meant to be directly measured or calculated simply based on the
construction details of buildings. The unknown parameters and inputs can be estimated

through calibration with measured data (usually temperature states). [21, 22, 25].

RC model parameter estimation is typically an inverse optimization problem, which can
be solved by various algorithms (e.g., genetic algorithms [38], least squares regression system
identification [39], stochastic filtering [23], linear Kalman filter [40], extended Kalman filter
[23], and unscented Kalman filter (UKF) [25]). Using extended Kalman filter and UKF with
low-sampling-rate historical data, Baldi et al. [41] estimated the unknown states and
parameters of a simple RC model. Later on, Li et al. [25] demonstrated the capability of UKF
to jointly estimate the unknown states and model parameters in complex RC models

representing real-life buildings.

Parameters can be obtained via offline estimation (i.e., batch) assuming the parameters
are constant within the period of a set of collected measurements and using the measurements
to estimate the parameter. This approach may result in inaccurate estimations and,
consequently inaccurate predictions due to time-variant building physical conditions and

occupant behaviors [42] [23, 24]. To address this issue, parameter estimation can be
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conducted in an online manner (e.g., adaptive), in which the model parameters are updated
continuously with new measurements in a computationally efficient manner [25] [43-45].
There are various online parameter estimation methods in the literature, including recursive
least square [46], recursive prediction error minimization [47], linear Kalman filter, extended
Kalman filter , and UKF. Numerous studies in the literature have employed the Kalman filter
methods to demonstrate how RC models and the Kalman filter can work well together for
online parameter estimations [25, 48]. In particular, Radecki et al. [48] demonstrated that
temperature predictions are accurate when UKEF is used to estimate the parameters of a multi-
zone thermal RC model. Later on, a framework was proposed by Maasoumy et al. [49] for an
online building model that simultaneously estimates the states and unknown parameters and
continuously tunes the model parameters. In another study, extended Kalman filter was
applied to an RC model of a passive house [23] to create an online thermal model that can

accurately predict indoor temperature states.

In terms of paper organization, Section 2.2, presents a method for online parameter-
input estimation of building RC models. The method uses UKF integrated with nonlinear least
squares (NLS). Section 2.3, demonstrates and evaluates the newly developed method in two
examples: one simple made-up RC model (made-up parameters and inputs, and states
simulated using the model) and one complex RC model with real-life data (unknown
parameters, and measured inputs and states). Through these two examples, the capability of
the developed method is evaluated for estimating unknown model parameters and inputs in
different scenarios with different numbers of available temperature states. A conclusion

section is present after Section 2.4.

2.2 Problem Statement and Methodology
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In practice, some inputs of a building thermal system can be unavailable, immeasurable,
or difficult to measure for various reasons, as mentioned earlier in the Introduction Therefore,
there is a need to estimate both unknown RC model parameters and inputs. One approach to
doing so is to use available system temperature state measurements. Furthermore, it is not
often that all the system states are measured and/or can be easily measured, and thus some of
them may also be unknown. Accordingly, this study develops a feasible method that can be
used to estimate model parameters and unknown inputs with possibly missing states, as
illustrated in Figure 2.1. The missing states can also be simultaneously estimated by the
proposed method. The development of a suitable model structure (i.e., number of temperature
nodes, inputs, R, C, and their connections) is beyond the scope of this study and, therefore,
will not be discussed in this paper. After obtaining a suitable model structure, the RC model
parameters, inputs, and possibly unavailable states are estimated using a UKF-based
parameter-input estimation method integrated with NLS [50-52]. Specifically, the UKF is
mainly used for parameter and state estimation, while the NLS is used to estimate unknown
inputs. This section presents the two essential components of the developed method: (1)
thermal dynamic modeling using RC models and (2) a parameter-input estimation method

developed based on the integration of the UKF and NLS.
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Figure 2.1 General procedure of the proposed parameter-input estimation method

2.2.1 Thermal dynamic modeling using RC models

In using an RC model to model the thermal dynamics of a building thermal zone, the
temperature nodes within the zone can be represented by model nodes. Then the model nodes
are connected to model parameters (i.e., R’s and C’s) and inputs (e.g., solar heat gain or
mechanical heating/cooling supply). The model nodes are connected to each other through
the R’s. The parameters, inputs, and model nodes together create a thermal RC network.

Running the RC model with inputs (i.e., simulation) will provide temperatures at the model

12



nodes (i.e., states). The thermal dynamics at each node can be presented by ordinary

differential equations (ODEs). The typical equation for a node, say j, is shown in Eq. (2.1)

R P
dt G la Rnj £ J 2.1)

where, T; represents the temperature of the j th node, C; is the thermal capacity associated

with the j™ node, T}, shows the temperature of the h* node adjacent to the j*! node, Ry, ;
denotes the thermal resistance between the j™ and h™ nodes, and Q ; 1s the heat input to the

j™ node, if any. A RC mode can be described by a system of continuous-time linear state

ODEs, which can be represented in a matrix form as a shown in Eq. (2.2):

$(t) = A°s(t) + Bu(t) 2.2)
where s represents a vector containing the nodal temperatures (i.e., temperature state T;)
of all nodes considered, u denotes for system inputs vector, § is the first-order time derivative
of the state vector s, and A€ and B¢ are the state and input matrices, respectively, defined by

the model parameters. Note that the superscript ¢ denotes a continuous-time model. Examples

of Egs. (2.1) and (2.2) can be found in Appendices A and B.
2.2.2 Parameter-input estimation method

This section describes the method for estimating unknown model parameters, inputs, and
unmeasured states, if any, using the UKF integrated with NLS. The model parameters are
grouped to form a vector of parameters, denoted by #. The model parameters are assumed to
be time-invariant in this study, but for estimation purposes, it is modeled as a random process
[21, 25]. In order to adjust the method for dealing with cases in which information regarding

one or more states is also unavailable/unmeasured in addition to the model parameters, the
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state-parameter vector x at time ¢ is defined by augmenting state vector s(¢) (which includes
all states of the thermal system) with the model parameter vector 8(t), at time 7, as shown in

Eq. (2.3) [53]:

(2.3)
x(t) = [s(¢) 6(1)]

After considering additive process noise, which represents the estimation error, Eq. (

2.3) can be transformed to a state-transition equation in state-space format shown in Eq. (2.4):
x(t) = [5(t) 6(0)]

x(0) = ¢ (X, un (), um () + we(t)
(2.4)

llkn(t)
1lun(t)

£ (2@ w0, wn(©)) = 4% + B |

where f€ represents the continuous-time nonlinear state function, and u*® and u*" are

the known and unknown input vectors, respectively. In addition, w® represents the process
noise, which is assumed to be Gaussian white noise with zero mean and covariance matrix G,

and A* and B are state and input matrices adjusted to the state-parameter vector as shown

in Eq. (2.5):

Cc

Anxn Onxn
cX — s*its sA g
A _[0

NgXng 01’19 XNg

2.5)

lnxxnx

where ng, ng, n,, and n, represent respectively the number of the states, model

parameters, model inputs (including known and unknown), and state-parameter vector
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components. Eq. (2.4) can be discretized by using the matrix exponential method [53], and

become to Eq. (2.6):

Xg+1 = f(xk,ulﬁn,u%n) + Wy
2.6)

kn
u
where, f (x, uf™, ul®) = A%x; + B quml
k

in which x, ; is the state-parameter parameter vector at time step (k + 1), uk™ and ul™

are the known and unknown input vectors at time step k. A%* and B%* in this equation are
respectively derived from A* and B¢ to produce the discrete-time state and input matrices.
A = AXAt and BI* = AtAYB*, with At being the time duration of a time step.
Corresponding measurements of the system states can be linked to predictions from

the thermal dynamic model through the measurement equation shown in Eq.(2.7):

— kn un
Yierr = P(Xpear, Wik, W) + Vi
(2.7)
kn un —
h(xk+1: Uk+1, uk+1) = Xnk+1
in which y is the measurement vector, h is the nonlinear measurement function whose
output is the predicted state vector corresponding to available measurements, v is the

measurement noise modeled by Gaussian white noise with zero mean and covariance matrix

Z, Xy k+1 corresponds to the available measurements in the state-parameter vector with m

representing the index of the measured states, and subscript k denotes the k™ step in the

discrete-time (k = 0,1, ..., N — 1, where N is the total number of data samples). [51]

Using discretely monitored system states (i.e., node temperatures) to estimate
unknown thermal dynamic model parameters and inputs necessitates an estimation method

dealing with the nonlinear discrete-time state-space model. In this regard, the UKF method is
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selected for parameter and state estimation, because it has been proven to be robust and
effective for highly nonlinear problems [26, 52]. Furthermore, to efficiently estimate the
unknown model inputs, the NLS algorithm is integrated into UKF. The combination of UKF
and NLS allows to estimate unknown model inputs and parameters, together with unmeasured

states [50-52].

UKEF is a Kalman-based technique, employing a prediction-correction two-step strategy
based on unscented transformation (UT) [54]. In the prediction step, UT estimates the mean
and covariance matrix of the nonlinear state function by evaluating the function using a set of
deterministically selected points, known as sigma points (SPs). The unscented transformation
requires a selection of 2n, + 1 SPs, where n,, is the dimension of the state-parameter vector

[55]. Accordingly, SPs are calculated using Eq.(2.8):

( k\k“( lfl =

T
@ _ fk|k+[(y /A?ifk)l fi=1 ., ny (2.8)
Xifke = i

where X and P** are the mean and covariance of the state-parameter vector, respectively,
i denotes the i row of the corresponding matrix, and k is the ™ time step. The value in front
of the vertical bar “|” indicates the time step of the prior estimate (prediction step) while the

value after the

GGl”

indicates the time step of the posterior estimate (correction step).

Furthermore, y = /n, + 2 and 1 = a?(n, + k) — n,, in which « is a constant parameter
related to the distribution of the SPs around the mean and k is a secondary scaling parameter.

In this paper, o and « are assigned with 0.01 and 0, respectively [54].
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By using the initially determined SPs (i.e., Xx) in, a new set of SPs (i.€., Xx+1)x) can be

obtained by applying the yy x to the nonlinear state function:

By using the initially determined SPs (i.e., X k) in, a new set of SPs (i.€., Xx41)x) can

be obtained by applying the x|« to the nonlinear state function:

Xz(cil e = f (Xl(ci|)k ,uln, u%n) (2.9)

With these propagated sigma points, prior estimates of the mean vector and the
covariance matrix of the nonlinear state function at time step (k+1) can be obtained. However,
in cases with unknown inputs in the nonlinear state function, model input estimation becomes
a prerequisite for computing a new set of SPs (i.e., Xx+1|x) based on Eq. (2.10). Therefore, it
is essential to first estimate the unknown input. Using UKF alone to simultaneously estimate
states, parameters, and inputs can be computationally demanding [26]. In this study, NLS is
integrated into UKF to estimate the unknown model inputs. This integration reduces the
number of SPs needed if UKF is used alone, thereby resulting in a more efficient estimation
process. This integration not only adds efficiency to the estimation process but also improve
the performance of the model [50, 52]. NLS algorithm numerically solves the resulting least-
squares problem using gradient-based methods, such as the Levenberg Marquardt method,
also known as the damped least-squares method [56]. The Levenberg-Marquardt method
interpolates between the Gauss-Newton algorithm and the gradient descent method, which
results in increasing the robustness of the approach in locating the global minimum in

optimization problems [57].
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In order to estimate the unknown model inputs, the developed method works as an
optimization tool to minimize the estimation error (i.e., A,y;) which is defined as the
difference between the predicted mean of the measurement vector (i.e., ¥i41x), Or in other

words, the output of a measurement function h (i.e., SPs )(gl)’k +1) and measurements (Yx+1),

as shown in Eq. (2.10):

Dis1= Yir1 = Xookan 2.10)
Therefore, by adjusting the unknown inputs for minimizing estimation error

(i.e., Ar4q1), which is the difference between the output of a measurement function and

measurements, the estimated model input (i.e., u}ﬁ(li)) is calculated. Accordingly, the final

values of the estimated inputs equal:

(2.11)

2ny _un(i)
M

un
u =
k+1 2n,+1

SPs are defined to represent a nonlinear function. Weighting coefficients will be
applied to them so they can be used to calculate the mean and covariance of the nonlinear

function as shown in Egs. (2.13) and (2.14). These weighting coefficients can be classified

as Wn(li)and Wc(i), where m and ¢ correspond to the mean and covariance, respectively.

These coefficients can be determined with Eq. (2.12)

1 2.12)

18



y)
o) _ 2
wy = ——— 1—
A nx+l+( a‘+p)

w® = W ®

where f is a factor used to emphasize the relative weight of each SPs. In this paper, £

equals to 2 [54].

Once the unknown model input is estimated and SPs weighting coefficients are
calculated, the prior estimates for the mean vector % and the covariance matrix P** at time

step (k + 1) can be determined using Egs. (2.13) and (2.14).

= < ® O (2.13)
Xi+1lk = Z Wi Xikaik
i=0
2Ny
R . . ) (2.14)
zﬁuk = z Wc(l) [X;(cliuk - xk+1|k][X](3_1|k - xk+1|k]T + Gy,
i=0

Then, the predicted mean and covariance matrices of the measurement vector at time step k
+1 can be determined as follows:

R 5 N
Virre = Zilo WTr(ll)yl(cliﬂk (2.15)
D , (2.16)

P%iuk = Z VVc(l) [?1(3-1“( - yk+1|k] [?,gink-?“uk]T +Zpq

i=0
At time step (k + 1), the correction step is performed by integrating the measured
response Yi4+1 With the posterior mean vector and covariance matrix of vector Xj,q, as

illustrated in Egs. (2.17) to (2.20):

Xir1jk+1 = Xisjke T Kir1 Viesr — Vierr)i)
2.17)
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DXX — DXx DYy T
k+1lk+1 — Pk+1|k — Ky 41 Pk+1|kKk+1 (2.18)

where:

— pXy DYy -1
Kys1 = Pk+1|k(Pk+1|k)

(2.19)
PO = Saw O, — Rl Doy Vesail” (2.20)
in which T’iiu « 18 the cross-covariance matrix between the measurement vector and the
state-parameter vector, and K ; is the Kalman gain.
To summarize, Figure 2.2 presents a flowchart for the developed method that can be

used for parameter and inputs estimation in cases with unknown model inputs and unmeasured

states.
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Figure 2.2 Parameter-input estimation method based on UKF integrated with NLS
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2.3 Application Examples

Two case studies are presented in this section to illustrate and evaluate the developed
method: (1) one simple made-up RC model consisting of two thermal resistors and two
thermal capacitances (i.e., 2R2C), for which simulated responses are considered as
measurements, and (2) one real-world single-family house with noticeably more complexity
(10R6C) and real-world recorded data. The capability of the method is evaluated by
comparing the estimated parameters, inputs, and states to the corresponding values in both

study cases.
2.3.1 A simple case study

The made-up RC model, labelled as 2R2C, is shown in Figure 2.3. This model consists
of four model parameters, two thermal resistors (i.e., R> and R3 in OC/kW) and two thermal

kWh /

capacitors (i.e., C2 and C3 in oc ), as well as three model inputs: outdoor temperature 7}

in °C, thermal load Qi in kW, and space heating and cooling supply 0> in kW.

1

Ty

5 3

Figure 2.3 2R2C model

The ordinary differential equations of this RC model and three hourly made-up
(referred to as “true”) model inputs are shown in Appendix A, and the made-up (true) model
parameters are shown in Eq. (2.21). To generate responses (i.e., states), the discrete-time

linear state equations of the model are derived based on the true model parameters and then
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run with made-up inputs. The simulated responses (i.e., temperature states) are considered the
true states, and then they are contaminated by adding white Gaussian noise to generate
measured states. The noise has a mean of zero and a standard deviation of 0.16 °C, which is
based on the expected accuracy of 0.5 °C of the thermocouples used in real practice [58].
Hourly data [59] (true inputs, and states) are generated for one month (i.e., 720 hours). The
first 540 hours of data are used for estimation and evaluation purposes, while the final 180
hours of data are employed to evaluate the prediction accuracy of the calibrated model, which

uses the model parameters estimated at the end of the 540 hours estimation period.

o o T
Otrue = [RZ true( C/ kW) R3 true( C/ kW) C2 true (kWh/ OC) C3 true (kWh/ °C)]
(2.21)

Oirue =31 285 206 1.04]" € R¥?

Considering the contaminated responses as measurements, one parameter-input
estimation scenario (2R2C-1) and two state-parameter-input estimation scenarios (2R2C-2
and 2R2C-3) are investigated, as summarized in Table 2.1. All model parameters and space
heating and cooling supply (Q2) are unknown in all scenarios. In Scenarios 2 and 3, one of the
states (7> or 73) is unknown in addition to the unknown model parameters and input and needs

to be estimated.

Table 2.1 Different scenarios defined for the 2R2C model

Scenario Available states Unavailable states Unknown
input

2R2C-1 T,,T; None Q;

2R2C-2 T, T3 Q,
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2R2C-3 T, T, Q,

The state vector of this RC model is defined by s = [T, T3]T € R?*1, model
parameters vectoris @ = [R, R; C, C3]T € R**!, and the model inputs vector is u =
[ukn  yun]T € R3*! which u*® = [T; Q4]” and u*™ = [Q,] .The initial mean estimation

of the state-parameter vector, X, is presented in Eq. (2.22) :

R . T
X o0 = [50|0 90|0] e R
So0 = [21 30]" (2.22)

0o = [4.45 2635 264 1.2]"

Since the states and parameters of the RC model are assumed to be uncorrelated, the
initial covariance matrix f”éfo is diagonal. The diagonal terms of the initial covariance matrix
are determined by (ﬁgl’g)states = [1.0 X (§0|0)]2 for the states (s). In addition, the diagonal
terms of the initial covariance matrix for the model parameters (@) are defined using
(ﬁgl’g)parameters = [0.05 % (§0|0)]2. The measurement noise covariance matrix is diagonal,
time-invariant, and equal to Z = (0.3°C)2. Similarly, the process noise covariance matrix is

diagonal, time-invariant, and equal to G = [1 X 1075 x Zoj0]?-

The values for initial
covariance matrices and process noise covariance matrix are calculated based on references

[26, 53].

Figure 2.4 presents the time histories of model parameter estimation for Scenario
2R2C-1, where all the states are measured. In these figures, the dashed black line shows true

model parameter values, the red line shows the mean estimate. The shaded grey area shows
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the mean +/- two standard deviations obtained from the covariance matrix ﬁff‘k. As shown in

Figure 2.4 (a), the thermal resistance parameters R and R3 are estimated accurately and
converged near their true values. Similar estimation results for the thermal capacitances C>
and C3 are shown in Figure 2.4 (b). The estimated model parameters' standard deviation is
higher at the beginning of the estimation history, indicating a higher level of uncertainty in
these values initially. While the estimated model parameters may be sufficiently accurate,
they may not reach their true values. This difference is due to the presence of nonlinearity in
the system and measurement noise. Nonlinearity can introduce complexities in the input-
output relationship, leading to potential numerical errors in the estimation results [60, 61]. It
should be emphasized that the model parameter estimation results for Scenarios 2R2C-2 and
2R2C-3 are also converged but are not shown here for brevity. The final estimated model

parameters for these scenarios can be found in Appendix A.
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Figure 2.4 Time histories of model parameter estimations for Scenario 2R2C-1: (a) thermal
resistance, and (b) thermal capacitances

Figure 2.5 presents the estimation history of the unknown model input @, compared

to its true value in Scenario 2R2C-1. To better illustrate the estimation results, the 540 hours

of time histories are divided into three 180-hour segments, of which the first segment is shown

in Figure 2.5 and the rest are shown in Appendix A. These results reaffirm that the developed

method can accurately estimate the unknown model input. Furthermore, to provide a

quantitative comparison, Mean Absolute Percentage Error (MAPE), a measure of precision

for constructing fitted time series values when trend estimation is involved [62], is used in

this study, as defined by Eq.(2.23):
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n |True; — Calculated;

i=1 True; 0
n ) X 100(%) (2.23)

MAPE = (

where True represents the true value, Calculated is the predicted or estimated value, and n
shows the number of data points. MAPE of model input estimation in Scenario 2R2C-1 is

1.1%, indicating that the developed method can accurately estimate the model input.

\
Estimated — = ‘True\

|

| | | | | | |
O - - -
20 40 60 80 100 120 140 160 180

Time(hours)

Q,(kw)

Figure 2.5 Comparison between true and estimated model input for Scenario 2R2C-1

Using the developed method, parameters, input, and states are estimated at each
timestep of the estimation period. Figure 2.6 compares the estimated and the true profiles of
the two states of the 2R2C model (i.e., 72 and 73) in the Scenario 2R2C-1. The MAPE of the
estimated state and the true one for both temperatures are 0.4% and 0.82% for 7> and T3,
respectively, which indicates excellent agreement between the estimated results and the
corresponding true states. The accuracy of the estimated 73 is not as high as that for 73. This
is due to the unknown input, (2, in the estimation period being linked to 73, as shown in
Figure 2.3. Figure 2.4 to Figure 2.6 also show that the developed method is able to estimate
the parameters, inputs, and states relatively accurate within the first few time steps. This

observation indicates the suitability of the method for on-line estimations.
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Figure 2.6 Comparison between true and estimated temperature responses for Scenario
2R2C-1

The MAPE value for the estimated model input and states for all scenarios is shown in

Table 2.2. The MAPE for the estimated model input in Scenarios 2R2C-2 and 2R2C-3 is

slightly higher than that of Scenario 2R2C-1. Additionally, the MAPE of the estimated states

for Scenarios 2R2C-2 and 2R2C-3 is also higher but less than 2.5%. These observations

reaffirm that more known measurements can result in a more accurate estimation.

Table 2.2 MAPE of estimated input and states for scenarios for 2R2C-2 and 2R2C-3

MAPE 2R2C-1 2R2C-2 (T, available) | 2R2C-3 (T; available)
0> 1.1% 2.12% 1.36%
T 0.4% 1.83% 2.16%

28



15 0.82% 2.32% 1.26%

Using the parameters obtained at the end of the 540-hour estimation period, the RC
models are used to simulate the states in the prediction period (with known inputs). The
predicted temperature responses are generated at each time step, hourly from hours 541 to
720. Figure 2.7 compares the predicted temperature responses for Scenario 2R2C-1. It can be
observed that both temperature responses 7> and 73 are predicted with good accuracy, with
the MAPE values being 0.92% and 2.55%, respectively. Again, the accuracy of the predicted
response for 73 is not as high as that for 73, due to the unknown input, >, in the estimation
period linked to 73, as shown in Figure 2.3. This comparison indicates that the inaccuracy in
the parameter estimation will not result in a significant error in states prediction; therefore,
the developed method is sufficient for the analysis of building thermal dynamics when all

states are measured.
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Figure 2.7 Comparison between true and predicted temperature responses for scenario
2R2C-1

Furthermore, the MAPE values calculated for both states in Scenarios 2R2C-2 and
2R2C-3 are found to be less than 5 %, as shown in Table 2.3. These values indicate that the
prediction results are acceptable, even when certain state measurements are unavailable. The
impact of the quantity of unavailable state measurements will be further investigated in the

following real-world case study.

Table 2.3 MAPE of predicted states for scenarios 2R2C-2 and 2R2C-3

MAPE 2R2C-1 2R2C-2 2R2C-3

p) 0.92% 3.91% 4.41%

30



15 2.55% 4.92% 3.05%

2.3.2 A Case study with real-world data

In this section, the developed method is tested on a real-world low-energy wooden-frame
house in Eastman, Quebec, Canada, shown in Figure 2.8 [38]. The study uses 720 hours of
measured data. The first 540 hours of data, organized on an hourly basis, are designated as
the estimation dataset, and the remainder as the prediction dataset. Various scenarios are
defined based on the availability of different state measurements. Accordingly, the
effectiveness of the developed method is evaluated by 1) comparing the estimated values of
states and input with their measured (true) values in the estimation dataset, and 2) by
comparing the predicted responses obtained using the final estimated model parameters with

the measured responses in the prediction dataset.
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Figure 2.8 A Single-detached house as a case study [38]
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Figure 2.9 RC model Structure for the single detached house

The RC model structure of the detached single-family house shown in Figure 2.9 was
developed by Wang et al. [38]. In this RC model, the basement, second floor, and main floor

are labeled as b, u, and m, respectively. This RC model is called 10R6C, as it consists of 10
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thermal resistances and 6 thermal capacitances, 7., and 7» in °C represents the zone
temperature of the second floor, main floor, and basement, respectively. Tum, Tmm, and Ty, are
the internal thermal mass temperature responses, which were not measured. The ODEs of this

RC model are shown in Appendix B.

The hourly model inputs for this RC thermal model are shown in Appendix B. The
model inputs include 1) global irradiation Qs in kW per unit area on the south facade, which
is used to obtain approximate effective solar heat gains weighted by solar gain factors (« ),
and 2) heating supply from the geothermal heat pump Qs, in kW, which is, considered as the
unknown model input. This heating supply is distributed across three levels using the
distribution factor ap,. 3) T is the ground temperature, which is approximately 13 °C
constant. 4) Ty is the outdoor temperature in °C. 5) Qesec is the gross electricity demand in kW,
which is used to calculate internal heat gains weighted according to internal gain factors («

¢). 6) Oves in kW is the thermal energy charged to the slab located in the basement.

The state vector of this RC model can be defined by s=
[T T Toror T Ty » Tom )T € R®*L, model inputs vector u = [ykn yun]T € R6*1,
known input vector u*" = [T, Ty, Qs, Qelecs Quves]T , and unknown input vector u*" = [th].

The state-parameter vector can also be expressed as Eq. (2.24), , where s is the previously

described state vector and @ is the unknown model parameters:
x=[s 0]" € R3? (2.24)
BZ[RT cT ET pl a,fp]T € R24x1 (2.25)
where R=[R; R, R; Ry Rs Ry R, Rg Ry Ryl € R, in"C/ 0.
andC=1[Cyi Cum Cni Cum Cpi Cpm]T € RO, inkWh/oC.Additionally,the solar
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gain factors are @y = [Asu  Asm  %sp]T € R3*1, in m?, and the internal gain factors are
a, = [Aem Qep]” € R?*1,. The heating power distribution factor for the second floor,
main floor, and basement are @p, = [Tnpu  %npm  Anpp]” € R3*, respectively, which
should satisfy:
z i = 1 (2.26)
i=u,m,b

To evaluate the performance of the developed method, this study considered various
scenarios with different available measured temperature responses, as shown in Table 2.4.
Scenario 10R6C-1 has all three-room temperature state measurements (T, Tp,,, Tp ). Interior

thermal mass temperature states (Ty,,, Trmm, Tpm) are not available in all scenarios.

Table 2.4 Different scenarios for the 10R6C model

Scenarios Available states Unavailable states Unknown Input
10R6C-1 Ty Tos T None Qnp
10R6C-2 Ty, T Ty Qnp
10R6C-3 Ty, Ty Tin Qnp
10R6C-4 T Ty Ty Qnp
10R6C-5 Ty T Tp Qnp
10R6C-6 T T Tp Qnp
10R6C-7 Ty Tw T Qnp

In the estimation phase, the initial mean estimates for the state-parameter vector can

be expressed as follows:

N . 4T
Xojlo = [30|0 00|0] (2.27)
where,
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§0|0 =[22 213 21.1 225 21.2 20.5][unit:°C]
R . _ ~ R R T
0010 = [Rao C€|o “sTO|o “eTO|0 “ip 0|0]
TZ0|0 =[1.36 1.69 20.7 2.4 498 3525 12.75 249 29.59 16.13]

[unit: OC/kW]
Copp=1[1.42 267 260 2567 3.74 9.06] [unit:kWh/oC] (2.28)
@500 =[1.83 2.93 1.51]" [unit:m?]
@00 = [0.50 0.14]" [unit: ——]
Gnpojo = [0.25 0.38 0.35]" [unit:— —]

As explained in the case study of a simple RC model, the diagonal terms for the states

(s) of the initial covariance matrix are selected as (IA”(;TO) states = [1.0 X (3‘0|0)]2,
(ﬁ)(ﬁ(o)parameters = [0.05 x (§0|0)]29 R=(03°C)> and G=[1x 1075 x i0|0]2=

respectively.

The results of the estimation of model parameters, including thermal resistances (R),
thermal capacitances (C), solar gain factors (@), internal gain factors (&, ), and heating power
distribution factors (@p,,), for Scenario 10R6C-1, are presented in Appendix B. These results
show convergence in some of the thermal resistances and capacitances. No clear convergence
trend is observed for the solar gain factors, internal gain factors, and heating power
distribution factors. But in general, the variations in the values are small. The variations over
the estimated time are due to the constant changes of building conditions, such as closed-open

windows or blinds, on-off ventilation systems, and moving furniture.

The performance of the developed method in estimating the model input is
demonstrated in Figure 2.10, which compares the estimated model input Qs to its true value
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in Scenario 10R6C-1. To illustrate the estimation results more clearly, the 540 hours of time
histories are divided into three 180-hour segments, of which the first segment is shown in
Figure 2.10 and the remaining are shown in Appendix B. The MAPE of estimated input is
about 10%. Notably, there are specific time periods where O, experiences both
overestimations and underestimations. A significant contributor to these fluctuations in input
estimation can be the global irradiation on the south facade of the house. Elevated levels of
irradiation, particularly during the early morning and late afternoon when the sun is not
positioned directly in front of the house, tend to result in overestimation. Consequently, these
overestimations may introduce errors in the model's parameter estimation during these

specific time periods.
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Figure 2.10 Comparison between true and estimated model input for Scenario 10R6C-1

Figure 2.11 compares the estimated and true temperature response histories for
Scenario 10R6C-1. The MAPE of the estimated states (7%, T, and T5) and the corresponding
measured (true) values is less than 2% for the three available measurements. indicating a
strong agreement between the estimated and the true states. The maximum difference is
approximately 1°C. These comparisons demonstrate that the developed method can be

effectively applied to real-time temperature prediction for real-world practices.
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Figure 2.11 Comparison between true and estimated temperature responses for
Scenariol0R6C-1

Table 2. displays estimation results for the unknown input for all scenarios. Since the
maximum MAPE difference between Scenario 1I0R6C-1 and the other scenarios is only about
4%, it can be concluded that the developed method can estimate the unknown model input
with acceptable accuracy even when there are limited available measurements. Additionally,
Table 2. displays the MAPEs of state estimation of temperature responses and their true values
for the seven scenarios. The difference between Scenario 10R6C-1 with three available
measurements and scenarios with only one measurement is approximately 2%, which proves
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that when sparse measurements (one or two measurements) are available and included in the
estimation process, the state estimation can still be accurate. This observation evaluates the
robustness and excellent agreement of both measured and unmeasured responses.
Additionally, this verifies that the developed method is suitable for application in buildings
where only a limited number of temperature responses can be measured. It is worth noting
that the estimation profiles of Scenario 10R6C-3 selected as an example of a scenario with a
limited number of temperature responses are shown in Appendix B — Real-world case study
information and results for parameter-input estimations, other scenarios are not shown for

brevity.

Table 2.5 MAPE of the estimated model input and states for all scenarios of 10R6C

Scenarios
MAPE of 10R6C-1 | 10R6C-2 | 10R6C-3 | 10R6C-4 | 10R6C-5 | 10R6C-6 | 10R6C-7
Estimation
Qnp 10.38% | 12.13% | 11.74% | 12.36% | 14.32% | 13.42% | 14.03%
T. 0.82% 1.54% 1.62% 2.12% 3.26% 2.75% 2.95%
Tm 1.13% 1.32% 1.73% 1.45% 3.54% 2.68% 2.74%
Ts 1.58% 1.91% 1.23% 2.01% 3.38% 2.94% 2.65%

To show the performance of the calibrated RC model for temperature state prediction,

Figure 2.12 compares the measured temperature responses from the prediction dataset to those
predicted responses using the parameters obtained at the end of the 540-hour estimation
period, the RC models are used to simulate the states in the prediction period. Predicted

temperature responses are computed at each hourly time step within the time span from hour
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541 to 720. The MAPE in the predicted state and measured temperature responses is around
2.5% for each available measurement, indicating that the measured and predicted
temperatures are in excellent agreement. This also indicates that the error in estimating the
input is acceptable because it doesn’t cause a significant error in the parameter estimation and
state prediction. Table 2. presents the MAPEs of the measured temperatures and predicted
states based on the final estimated model parameters derived from the estimation dataset for
all scenarios. All MAPE values are less than 5.2%. The accurate predictions of future states
reflected by Figure 2.12 and Table 2. indicate that the model parameters were effectively

estimated even with a limited number of missing state measurements.
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Figure 2.12 Comparison between true and predicted temperature responses for Scenario
10R6C-1
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Table 2.6 MAPE of the predicted responses for the I0R6C model in different scenarios

Scenarios
MAPE of 10R6C-1 | 10R6C-2 | 10R6C-3 | 10R6C-4 | 10R6C-5 | 10R6C-6 | 10R6C-7
Prediction
T 2.74% 4.14% 4.11% 4.46% 4.69% 4.87% 4.79%
Tm 2.18% 3.92% 4.21% 4.12% 4.76% 4.36% 5.2%
T» 2.53% 4.18% 3.82% 4.25% 5.12% 5.03% 4.55%

RC model parameters plays crucial roles, as they can be used to interpret a building's
thermal properties [38] and be used in RC thermal models to predict future states. Table 2.
summarizes the estimated model parameters at the final time step for all seven scenarios. It
can be seen that even with certain missing state measurements, the final estimated parameter

values for each scenario are relatively consistent.

Table 2.7 Final estimated parameters in different scenarios for the 10R6C model

Scenarios Max error
Parameters | 10R6C- | 10R6C- | I0R6C- | 10R6C- | 10R6C- | 10R6C- | 10R6C- | compared
1 2 3 4 5 6 7 to
10R6C-1
%
R, 1.32 1.27 1.30 1.38 1.39 1.38 1.36 5%
R, 1.59 1.57 1.76 1.63 1.72 1.65 1.68 11%
R, 19.06 | 18.52 | 17.72 | 14.48 | 14.74 | 12.87 | 18.13 32%
R, 2.78 2.71 2.67 2.79 2.53 2.66 2.42 13%
R 5.26 5.06 5.44 5.51 4.98 5.02 5.06 5%
R, 26.35 | 18.96 | 30.41 | 29.07 | 30.31 | 27.51 | 31.51 28%
R, 1249 | 12.69 | 12.34 | 12.49 | 12.76 | 12.77 12.9 3%
Rg 2.42 2.48 2.39 2.42 2.48 2.49 2.47 3%
Ry 20.62 | 23.18 | 20.55 | 20.73 | 26.92 | 25.62 | 26.31 31%
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Rio 13.72 | 1437 | 13.44 | 13.70 | 1520 | 14.78 | 14.81 11%
Cyui 139 | 140 | 139 | 1.35 1.35 136 | 1.42 3%
Cum 237 | 246 | 221 | 247 | 244 | 257 | 267 13%
Cpni 216 | 195 | 252 | 235 | 246 | 221 | 2.60 20%
[ 25.96 | 2532 | 25.99 | 24.87 | 26.56 | 25.86 | 26.47 4%
Chi 3.74 | 366 | 3.67 | 3.83 | 371 | 3.66 | 3.52 6%
Com 9.62 | 936 | 9.92 | 9.68 | 9.1 | 9.03 | 9.08 6%
' 197 | 178 | 2.06 | 2.01 180 | 1.80 | 1.75 11%
A 3.05 | 283 | 3.05 | 326 | 281 | 2.83 | 2.69 12%
A 122 | 1.43 1.13 114 | 146 | 146 | 138 20%
Qo 037 | 039 | 043 0.4 045 | 042 | 045 22%
Ao, 013 | 0.13 | 0.14 | 0.14 | 0.14 | 0.14 | 0.13 8%
Appb 035 | 032 | 034 | 035 | 034 | 033 | 0.36 9%
Appm 040 | 040 | 037 | 039 | 038 | 040 | 036 10%
Anpu 023 | 025 | 026 | 024 | 026 | 025 | 0.5 13%

2.4 Conclusion

Previous research focused on developing methods for model parameter estimation with
all model inputs available. This study developed an effective method for estimating RC model
parameters and inputs with possible unmeasured temperature states. In this regard, the thermal
resistor-capacitor network (RC) is used for thermal dynamic modeling and the unscented
Kalman filter (UKF) is integrated with the nonlinear least squares (NLS) method to estimate
unknown model parameters and inputs. In order to show the applicability of the developed
method, two case studies were conducted: one with made-up data and the other with real-
world data. Scenarios with different numbers of available temperature measurements are
created to evaluate the capability and performance of the developed method in different

circumstances.

The estimated model input and states are compared with their true values. The estimated
model inputs in all scenarios of the case study with made-up data have a MAPE (Mean

Absolute Percentage Error) less than 2.5%, while less than 14.5% in the scenarios of the case
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study with real-world data. Furthermore, comparing model predictions with the true
measurements in all scenarios of both case studies shows a maximum MAPE of
approximately 5%. These low MAPE values prove that the developed method can effectively

estimate unknown model parameters, input, and possible missing states.
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3 Heating and Cooling Supply Estimation to Control Temperature Using RC

Thermal Model, Unscented Kalman Filter, and Nonlinear Least Square Method

3.1 Introduction

Buildings are responsible for consuming approximately 40% of the world's energy [34].
Hence, it is essential to decrease the energy usage of buildings in order to align with
worldwide sustainability objectives [35]. Efforts to decrease buildings' energy consumption
involve development and deployment of building energy management systems equipped with
control systems that can effectively optimize the energy usage in buildings[6]. Studies suggest
that the utilization of these control systems can lead to a notable reduction of up to 30% in
building energy consumption [36, 63]. Control systems necessitate thermal dynamic models
and estimation methods to estimate heating and cooling supply required for temperature

control purposes.

Control systems are widely considered a promising algorithm for achieving energy
efficiency in smart buildings [64]. These control systems rely on dynamic and simplified
building energy models that describe the thermal behavior of buildings [65]. Various
modeling strategies, such as “white box,” “black box,” and “gray box” modeling, have been

developed in the literature. [10, 11].

White-box modeling, also known as physics-based modeling, involves describing
building dynamics based on construction information and utilizes parameters derived from
comprehensive technical documentation, such as geometry, material properties, and
equipment specifications [14, 66]. Although white-box modeling can provide accurate

simulations of building dynamics, the model's inflexibility may limit its ability to account for
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changes and variations over time. As a result, applying white-box models in control systems
can be challenging [67, 68]. Conversely, black-box modeling employs pure mathematical
machine-learning techniques, such as Artificial Neural Networks, to establish relationships
between input and output data without relying on explicit physics-based knowledge [37, 69].
This modeling approach can offer higher precision than white-box modeling but demands a
substantial amount of data to build an accurate model [67, 70]. However, employing black-
box modeling in control systems can be difficult due to its data-intensive nature, potential

lack of interpretability [71].

Gray box modeling, such as thermal resistor-capacitor network (RC), is rooted in a
physics-based structure and utilizes mathematical optimization techniques to estimate the
model's equivalent physical parameters [18]. This approach combines the advantages of both
white-box modeling to eliminate outliers and black-box modeling to reduce the need for
detailed information [18]. By striking a well-balanced compromise between interpretability
and accuracy, gray box models prove highly suitable for integration into control systems [42].
[42]. RC models are based on a set of equivalent model parameters, resistors (R's) and
capacitors (C's), to relate system inputs (e.g., heating and cooling supply) and temperature
states. The gray-box modeling approach has been widely used for thermal dynamic modeling.
[18, 24, 42]. To develop a reliable control system besides having a reliable thermal dynamic
model, a dependable estimation technique is required that can be integrated with RC models
to accurately estimate behavior of building systems, particularly for estimating heating and

cooling supply (i.e., RC model input).

The successful implementation of control systems relies on the precise controlling of

future building’s temperature states with estimation of building systems behavior (i.e., heating

44



and cooling supply). This is because these estimations directly impact the building's
performance and energy efficiency [42]. For instance, in heating, ventilation, and air
conditioning systems, inaccurate estimation of supply can cause excessive heating or cooling
supply, resulting in increased energy consumption, and operating costs. Such inaccuracies in
estimation of building systems behavior (i.e., heating and cooling supply) can significantly
affect overall building performance [72]. Therefore, reliable estimation methods should be
integrated as part of control systems in addition to thermal models. One such method is
Unscented Kalman filter (UKF) which is widely used in estimation problems [21, 25]. As a
result, this paper aims to develop an approach for buildings control applications that utilizes
the UKF-based estimation technique in combination with RC models to estimate the heating

and cooling supply, for controlling the temperature of thermal zones.

In terms of paper organization, Section 3.2, presents a method for combining thermal
dynamic models with an estimation method for control systems. This involves a description
of the RC models used for thermal dynamic modeling, as well as the UKF integrated by the
Nonlinear Least-Square (NLS) as an estimation method. Section 3.3, two application
examples will be provided to demonstrate the use of the developed method: The first example
will use a made-up simple RC model (made-up parameters and inputs, and states simulated
using the model), while the second example will use a complex RC model with real-life data.
These examples will test the capability of the developed method in estimating heating and

cooling supply for temperature control purposes.

3.2 Problem Statement and Methodology

Controlling temperature in thermal zones can present significant challenges, particularly

when estimating and planning the heating and cooling supply. This challenge becomes even
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more pronounced when dealing with multiple interconnected zones, each with varying
temperatures, as it requires estimating the temperature of uncontrolled zones within the
network. To ensure a precise estimation of the required supply for a specific zone, it is crucial
to consider the temperatures of other interconnected zones. To achieve this, a method as
shown in Figure 3.1 can be developed that can estimate the necessary mechanical supply (i.e.,
RC model input), based on the expected temperature set points. The developed method utilizes
a defined RC thermal dynamic model to represent a thermal system, such as one or multiple
thermal zones. To estimate the required mechanical supply of a thermal system represented
by an RC thermal model, several additional variables need to be considered. These include
the uncontrolled zone temperature which is measured for the current step and estimated for
the rest, as well as the temperature set point, which needs to be defined based on the desired
temperature level. Additionally, other boundary conditions, such as outdoor temperature and
solar irradiation, must be considered. These boundary conditions are measured for the current
time and predicted for the rest of the controlling dataset. Accordingly, the method involves
the use of RC models and UKF and NLS estimation methods to estimate the necessary

mechanical supply for controlling the temperature of different zones.

In this section, thermal dynamic modeling employing RC models will be discussed,
followed by the estimation method based on the integration of the UKF and NLS. The UKF
is used to estimate the temperatures of the uncontrolled zones, while the NLS is employed to
estimate the required heating and cooling supply. It is worth noting that this method operates
recursively, allowing it to update itself with new measurements and estimate the heating and
cooling supply based on recent data. This adaptive capability enables the tool to adjust to new

information, such as outdoor temperature or solar irradiance, and calculate the necessary

46



adjustments to maintain the desired temperature in the designated zones. As such, this tool

can continuously monitor and update its estimates to ensure optimal performance and energy

efficiency.
RC thermal network with known model
parameters
Current step = k
Outdoor temperature Solar radiation Uncontrolled temperature states
measured/predicted at step k measured/predicted at step k measured/estimated at step k

[ Internal heat gains ] [ Ground temperature J [ Desired temperature setpoints at J

measured/predicted at step k measured/predicted at step k step k+1
I |
:
[ RC-UKF-NLS ]
- N

Mechanical supply power in kW and duration in
minutes at k

|

Uncontrolled temperature states at k+1

if k > last

controlling
step

End

Figure 3.1 General Procedure of mechanical supply estimation to control temperature

3.2.1 Thermal dynamic modeling using RC Models
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In modeling the thermal dynamics of a building, the RC model is utilized to represent
temperature nodes within the building's thermal zones. Each temperature node is connected
to model parameters (represented by R's and C's) and inputs (such as solar heat gain or
mechanical heating/cooling supply). These interconnected model nodes form an RC thermal
model, where the connections between nodes are represented by R's. The parameters, inputs,
and model nodes together create a thermal RC model. Running the RC model with inputs (i.e.,
simulation) will provide temperatures at the model nodes (i.e., states). The thermal dynamics
at each node can be presented by ordinary differential equations (ODEs). The typical equation
for a node, say j™, is shown in Eq. (3.1):

ar; 1 Tp—T; (3.1)
] h ]

-7 = _( + Q)

dt G Eh Ry 2 J

J

where Q; denotes the jt" heat input into the j* node (e.g., heating and cooling supply);
T; shows the temperature of the jt" node; Ty, represents the temperature of the h*"node
adjacent to the j**node; C; 1s the thermal capacity attached to the j th node; and the thermal
resistance between the j* and ht" node is denoted by Ry, ;. The continuous time linear state

equation shown in Eq. (3.2) can be used to calculate the thermal dynamics of a building in

matrix form based on these ODEs:

$(t) = A°s(t) + B¢u(t) (3.2)
where A€ and B¢ are the state and input matrices respectively and are defined by the model
parameters vector (0), s denotes the nodal temperatures or states, § is the time derivative of
the state vector s, and model inputs are represented by u including both known and the ones

that need to be estimated, and ¢ stands for a model with a continuous time model.
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3.2.2 Model input (e.g., heating and cooling supply) estimation method

This section describes the method for estimating unknown model inputs, and
uncontrolled temperature states, using the UKF integrated with NLS. Eq. (3.2) can be written
as a continues nonlinear state equation in the presence of additive process noise shown in Eq.

(3.3):

$(t) = f°¢ (s(t),e, ukn () ,u""(t)) + we(t)

(3.3)
ukn(t)
uun(t)

Where £ (s(2), 6, uk™(t) , u (1)) = A°s(t) + B° [
where f¢ represents the continuous time nonlinear state function, s,8, uk" and umn

are model states, parameters, and known and unknown (i.e., need to be estimated) model
inputs vectors respectively. Moreover, w¢ expresses process noise and assumed Gaussian

white noise with zero mean and covariance matrix G. Then, Eq. (3.3) can be transformed to

discrete time (e.g., using the matrix exponential method [53]) as below:

Sier =[50, W ui™) + wy

ul’:n (3.4)

f(sk, 0, uf™ uf™) = Ax;, + B? i

where s, (i.e., nodal temperatures) are the states at the time step (k + 1); A% and B¢
are derived from A° and B¢ to produce the discrete-time state and input matrices, respectively.
which 4% = e4¢At and B4 = At. A%. B®, e stands for the matrix exponential and At is the

time step.
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In the estimation method, measurements of thermal dynamic model responses (i.e.,
defined set points or controlled zone’s temperature) can be linked to the model prediction

through the measurement equation, shown in Eq. (3.5):

Yier1 = h(Siesr, O, Wit ui) + viesy
(3.5)
h(5k+1» 0, wit,, uil,) = Smk+1
in which h¢ is continues time nonlinear response function, y is the measured or controlled
temperature and v°¢ is the measurement noise, modeled by Gaussian white noise with zero
mean and covariance matrix Z, S, ;41 corresponds to those temperature nodes that are
controlled in the state vector where subscript m represents the index of controlled temperature
in the state vector, and subscript k denotes the kth step in the discrete time (k = 0,1, ..., N —
1, where N is the total number of data samples). It is worth noting that those temperature
states that do not need to be controlled are not included in the s, ;1 vector. To estimate the
heating and cooling supply in order to control the system states (i.e., zone’s temperatures), an
estimation method requires that be compatible with a discrete nonlinear model. In this study,
the UKF integrated with NLS methods is utilized to address this problem. This approach has

been chosen because it has been demonstrated to be robust in a variety of nonlinear estimation

problems [26, 50-52].

UKF is a Kalman-based technique that combines a measurement-based correction
strategy with a prediction strategy based on unscented transformation (UT). In the prediction
step, UKF utilizes UT to estimate the mean and covariance matrix of a nonlinear function by

evaluating a nonlinear function of a set of deterministically selected points, known as sigma
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points (SPs). The UT requires the selection of 2ng + 1 SPs (where ng is the dimension of the

state vector). Accordingly, SPs are calculated utilizing Eq. (3.6):

( §k|k lfl =0

T
@ _ ) Skt [(V /Alglsk) l ifi=1,....,ng (3.6)
Sk = 3 i

where the state vector's mean and covariance are denoted by § and PS%, respectively.
i represents the i row of the matrix inside the parentheses, k represents the time step which
the value in front of the vertical bar “|”” indicates the time step of the prior estimate (prediction
step) while the value after the “|” indicates the time step of the posterior estimate (correction
step). Furthermore, y = m , A= a*(ns + k) —n, , a is a constant relating to the
spread of the sigma points around the mean, and k is a secondary scaling parameter. In this

paper, o and x are assigned with 0.01 and 0, respectively [54].

By using the initially determined SPs (i.e.,Syx) in the k™" step to evaluate in the

prediction step, a new set of SPs (S 1x) can be developed with a nonlinear state function:

Sl(c?-1|k =f (Sl(ci|)k' 0, ug", u}én) 3.7)
With these propagated sigma points, prior estimates of the mean vector and the
covariance matrix of the nonlinear state function at time step (k+1) can be obtained. However,
as the state function includes model inputs that need to be estimated, estimation of these inputs
becomes a prerequisite for calculating a new set of SPs (i.e., Siqjx). Consequently, it is
necessary to initially estimate the model inputs. In this study, UKF is integrated with NLS to

estimate the model inputs based on defined temperature set points. The integration of UKF
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and NLS is utilized to improve the accuracy and efficiency of estimating unknown inputs of
the model. This combination is particularly useful in situations where the model input is
unavailable or uncertain. Additionally, while UKF is a powerful tool for state and model input
estimation, it can be computationally demanding when used alone, leading to long
computation times [26]. The incorporation of NLS optimization techniques can reduce
computational costs and improve the efficiency of the estimation process by reducing the
number of SPs needed if UKF is used alone. The reduced computational burden allows for
faster processing times, making it a valuable tool in real-time applications [50, 51]. Overall,
the integration of UKF and NLS provides an effective approach for improving the accuracy
and computational efficiency of input and state estimation in various scenarios. NLS
algorithm numerically solves the resulting least-squares problem by using gradient-based
methods, such as the Levenberg-Marquardt method. The Levenberg-Marquardt method is a
well-known optimization algorithm, also known as the damped least-squares method [56],
which interpolates between the Gauss-Newton algorithm and the gradient descent method.
This improves the robustness of the approach and increases the chances of locating the global

minimum in optimization problems [57].

In order to estimate heating and cooling supplies (i.e., model inputs), NLS works as
an optimization tool to minimize the estimation error. In particular, the estimation error (i.e.,

A1) is defined as the difference between the output of a measurement function h (i.e. SPs

Sgril)’k +1) and defined temperature setpoints (Y1), as shown in Eq. (3.8):

Dis1= Viss — SPin (3.8)
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Therefore, adjusting the unknown inputs for minimizing estimation error (i.e., Ag41),
which is the difference between the output of a measurement function and measurements, the
estimated model input (i.e., ul,ﬁ(li)) is calculated. Accordingly, the final value of the estimated
input equals:

ZZnS un(i)
Si=0 "k+1

2ng + 1 3.9)

un —
U1 =

SPs are intended to represent a nonlinear function, which necessitates weighting
coefficients to calculate the mean and covariance of the nonlinear function as shown in Egs.
(3.9) and (3.10). They categorized as W,,(li) and Wc(i), where m and ¢ correspond, respectively,

to the mean and covariance. These coefficients can be determined with Eq. (3.10):

A
O)
W = ———
m ng + 1
WO =—2 ta-aztp
i (3.10)
w = w® = fi=1,..2n,

c o+
where [ is a factor used to emphasize the relative weight of each SPs. In this paper, £ equals

to 2 [54].

Once the model inputs are estimated and SPs weighting coefficients are determined,
the prior estimates for the mean vector § and covariance matrix PSSat the time (k + 1), can

be calculated as follows:
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2ng

® c@®
Sk+1jk = Z Wi Skiajk (3.7)
2ns ' _ ' (3.9)
PP = Z w [Sl(cl3-1|k_ §k+1|k][5;((lll|k - Sperape]” + G

i=0

Then predicted mean and covariance matrices of the measurement vector at time step
k +1 can be calculated as shown in Egs. (3.9) and (3.10), in which covariance matrix of the

measurement noise vector is Zj ;4.

2ng

(l)A(l)
= Z e (3.9)

2ns ' (3.10)
P = Z w® ?i‘ll,k ?k+1|k][?;(;11|k'?k+1|k]T +Zyiq

As shown in Egs. (3.11) to (3.14) the correction step is carried out at time step (k +
1) by integrating defined set points (i.e., Y41 ) with the posterior mean vector and covariance

matrix of §;41:

Sirjk+1 = Skv1ik + Kior Vw1 — Vier1j) (3.11)
Ais+1|k+1 = ﬁi5+1|k — Ky ﬁlscs-l-1|kK£+1 (3.12)
where:
(3.13)
Kyrr = P2 (P ™
ns (3.14)
DSY PSSy D rc® a ) PN
PP = Z We[Skir = Steruik] D Prraid”
i=0
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. . =g . . .
K., is the Kalman gain, and ijj-1|k is the cross-covariance matrix between the

measurement vector and the state vector.

In summary, Figure 3.2 shows a flowchart for the developed method that can be used
for model input (i.e., heating and cooling supply) and uncontrolled zone’s temperatures

estimation that can be employed for controlling zone's temperature.
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Figure 3.2 Model input estimation method based on UKF integrated with NLS
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3.3 Application Examples

Two case studies are presented in this section to illustrate and evaluate the developed
method. The first case study uses a simple made-up RC model with two thermal resistances
and two thermal capacitances (known as a 2R2C model). The second case study involves a
real-world single-family house, which is notably more complex (10R6C). The capability of
the developed method in estimating heating and cooling supply (i.e., model inputs) is
evaluated by applying the estimated supply and simulating defined RC models to generate the

zone temperature and determining whether it is controlled at the desired level or not.
3.3.1 A case study with an artificial RC model

Figure 3.3 shows the made-up RC model, labelled as 2R2C. This model comprises four

parameters, including two thermal resistances (i.e., R,, R; in OC/kW) and two thermal

capacitances (i.e., C, and C3 in kWh/oC ). Additionally, it has four model inputs: outdoor

temperature T; in °C, thermal load @, in kW and heating and cooling supply to nodes 2 and
3 are Q, and Q3 in kW respectively. In this study, outdoor temperature T; in °C and thermal
load Q;are considered made-up, but in real cases, the outdoor temperature can be determined
based on forecasted weather data, while thermal load can be estimated using solar irradiance
forecast data and an assumed operating schedule, including occupancy, lighting, and

equipment schedules [17, 73].
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Figure 3.3 2R2C Model

The ordinary differential equations for the made-up RC model, as well as the two
assumed known 10-minute made-up model inputs (Q1 and T1), are provided in Appendix .
The case study with made-up data considers three scenarios. In the first scenario, Q> is
assumed to be zero, and the aim is to estimate the heating and cooling supply (Q3), which is
required to maintain the temperature of the zone T5 at 26 °C for 6 hours, starting from hour 2
to hour 8. This six-hour period is called the "controlling dataset," and the two hours before it
(hours 0 to 2) represents prior control conditions, which taken every 10 minutes (i.e., time
step). In the second scenario (2R2C-Ct2), the objective and assumptions are the same as the
first scenario, but with a restriction on the amount of heating and cooling supply (Q3), This
means that the equipment providing heating cannot exceed a specific amount. In the last
scenario (2R2C-Ct3), both nodes 75 and 7> are controlled at 26°C and 3°C, respectively. In
this scenario, in contrast with the first two scenarios, heating and cooling supply, Q> relating

to node 7> is not zero and is estimated alongside Os. These scenarios are summarized in Table

3.1
Table 3.1 2R2C scenarios
Scenario Controlled State Estimated model input
2R2C-Ct1 T; at 26 °C Q3
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2R2C-Ct2 T3 at 26 °C Q3 with limitation

2R2C-Ct3 T; at26 °Cand T, at 3 °C Q, and Q3 without limitation

Estimated model parameters and initial states of the RC model are presented in Eq. (3.15).

These values are gotten from the previous chapter.

0 = [RZ(OC/kw) R3(Oc/kw) C; (kWh/oC) Cs (kWh/oC)]T € R*¥1

0=1[3.02 2781 211 1.11]"
(3.15)
§o|o=[T2 Ts]"

So0 = [-0.5 31]"

The initial covariance matrix A(ffo is assumed to be diagonal, which it’s diagonal terms
of the are determined by the expression A(ffo =[1.0 X (§0|0)]2. Additionally, it is assumed
that the measurement noise covariance matrix is diagonal, time-invariant, and equal to Z =
(0.3°C)?, and the process noise covariance matrix is also diagonal, time-invariant, and equal
to G =[1Xx 1075 x §0|0]2. The values of the initial covariance matrix and the process noise

covariance matrix are derived from [26, 53].

In Scenario 2R2C-Ct1, in addition to the Qs, the model state T, is also estimated to show
behavior of 7> when 73 is controlled. Figure 3.4 depicts estimated heating and cooling supply
(O5) and uncontrolled state (72) for the controlling dataset. Accordingly, Figure 3.4. (a)
displays the estimated heating and cooling supply Qs with an initial value of — 5.2 kW

(negative means cooling supply) and then varies between 0 to 1 kW to maintain 73 at 26 °C.
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In addition, Figure 3.4 (b) illustrates the estimated state 7> which varies between 0 °C and 8

°C when T3 is controlled.
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2 3 4 5 6 7 8
Time(hours)
(b)
Figure 3.4 (a) Estimated heating and cooling supply, (b) Estimated state T> when T controlled at
26°C

To validate the estimated heating and cooling supply, the estimated Q3 must be taken
into account and the previously described 2R2C model simulated in order to generate the
system response for 73 and determine whether it is controlled at 26°C or not. Accordingly,
Figure 3.5 depicts the simulation result for 73 in the controlling dataset. The graphs show that
T5 falls sharply from 31°C to 26°C in the first 10 minutes and remains at 26°C for the rest of
the controlling period, which starts from hours 2 to 8, it is worth noting that hours 0 to 2
indicate zone temperature 73 behavior prior controlling. This demonstrates that the presented

method can accurately estimate the required heating and cooling supply to control 73.
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Figure 3.5 T3 in the controlling dataset

For Scenario 2R2C-Ct2 there is a limitation on the maximum value of the model input,
or in other words, equipment with a limited heating and cooling supply capacity. Specifically,
the maximum capacity is set at IkW. Figure 3.6 presents the results of this scenario, showing
the estimated Qs in this scenario. To maintain 73 at 26°C and manage the demand for heating
and cooling supply, it is essential to sustain the estimated supply at its maximum capacity for
an extended period. This is necessary because the required amount of heating and cooling

exceeds the capacity of the equipment providing these services.
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Figure 3.6 Limited heating cooling supply to 1kW

Figure 3.7 compares the simulated 73 response in two instances, one where (3 is not
limited and the other where Qs is constrained to a maximum of 1kW. The first red line
corresponds to the scenario in which Qs is not limited, while the blue line represents the
scenario where Qs is limited to 1kW. It can be observed that when the estimated Qs is limited,
T5 takes longer to reach 26°C due to the insufficient heating and cooling supply. This
highlights the significance of accounting for equipment capacity limitations while estimating
the heating and cooling supply and managing building energy. Although the developed
method can still estimate the optimal heating and cooling supply required to maintain a
constant temperature within the zone, even with limited equipment capacity, it may take more

time to achieve the desired temperature.
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Figure 3.7 comparison of 73 for two Scenarios 2R2C-Ct1 and 2R2C-Ct2

In some situations, it may be necessary to control the temperature of multiple zones
simultaneously. In such cases, it is important to estimate the required heating and cooling
supply for each zone. For this purpose, Scenario 2R2C-Ct3 is defined, which the objective of
this scenario is to control 73 and 7> at 26°C and 3°C respectively, while determining the
corresponding heating and cooling supplies needed to sustain these zones at their expected

temperatures.

The estimated heating and cooling supply (Q2) required to control node 7> at 3°C is
illustrated in Figure 3. (a). The estimated Q> initially amounts to 7.8 kW and varies between
0 and -2 kW (negative, meaning cooling) to maintain 73 at 26°C. Figure 3. (b) depicts sharp
increase in 7> from about 0°C to 3°C within the first 10 minutes, after which it remains
constant for the control period. Additionally, Figure 3. (a) depicts the estimated heating and
cooling supply required to control 73 at 26°C. The initial O3 is -5.5 kW and varies between 0

and 1 kW to maintain 75 at 26°C. Figure 3. (b) displays the simulation results for 73 in the
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control dataset. It is observed that 73 drops quickly from 31°C to 26°C within the first 10

minutes and stays at 26°C for the remainder of the control period.
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Figure 3.8 (a) Estimated heating and cooling supply O», (b) 7> in controlling dataset
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Figure 3.9 (a) Estimated heating and cooling supply O3, (b) T3 in controlling dataset
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3.3.2 Case study with real-world data

In this section, the developed method is tested on a real-world low-energy wooden-frame
house in Eastman, Quebec, Canada, shown in Figure 3.8. The RC thermal model structure for
this house shown Figure 3.9, and was developed by Wang et al. [38]. This RC model is used
for heating and cooling supply estimation for controlling the temperature of different zones
of this house for a period of 6 hours at 10-minute intervals (control dataset). Two scenarios
are defined based on controlling different zones temperatures. Accordingly, the capability of
the developed method is evaluated by applying the estimated supplies and simulating the RC

model to generate the zone temperature and determining whether they are controlled at the

desired level or not.

66



Figure 3.8 A single detached house as a case study [38]

This RC model is called a 10R6C, as it consists of 10 thermal resistances and 6 thermal
capacitances corresponding to 6 temperature nodes, indicated by 7, T, and 7} in °C for the
temperature responses of the second floor, main floor, and basement, respectively. Note that
Tum, Tum, and Ty, are the auxiliary internal temperature responses. The ODEs of this RC model

are shown in Appendix .

The 10-minute model inputs for this RC thermal model in the controlling dataset (6
hours including hours 2 to 8) are shown in Appendix . These inputs include 1) global
irradiation Qs in kW per unit area on the south facade, which is used to obtain approximate
effective solar heat gains and is weighted by solar gain factors (). 2) T, ground temperature,
which is approximately at 13 C° constants as shown by measurements. 3) 7 outdoor
temperature in C°. 4) Qeec gross electricity demand in kW and used to calculate internal heat
gains and are weighted according to internal gain factors (a.). 4) Ony in kW is the heating
supply from the geothermal heat pump, which needs to be estimated in order to control the
main floor temperature. 5) Oy is distributed using the alpha distribution factor (@) across
three levels. It's worth noting that for this case study, the known inputs are based on recorded
data. However, it's possible to predict these inputs as well. For example, the outdoor
temperature can be predicted based on forecast weather data, and the gross electricity can be

predicted based on the operating schedule of lighting and electrical equipment [17, 73].
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Figure 3.9 Single-detached house RC model

The state vector of this RC model can be defined by s=
[T, Tums T T T » Tom]T € R®*L, additionally, the model parameters of this single
detached house can be  described as  thermal  resistances, R =
[Ri R, Ry R, Rs Ry R; Ry Ry Ryl"e R in °C/ . thermal
capacitances, € =[Cyi Cum Cmi Cmm Cpi Com]T € R®*1in kWh/oC ; solar gain
factor, ag = [Asu  Xsm  %sp]T € R3*1, in m2; internal gain factor a, = [Xem Qep]T €
R?*1 unitless and heating power distribution factor for the second, main floor, and basement
respectively as @p, = [*hpu  Xnpm  Anpp]” € R3>*!. To evaluate the performance of the
developed method, this study considered two scenarios. The first scenario involves controlling
the temperature of the main floor (7,,) at 22°C and estimating the required heating and cooling
supply (QOrp) to maintain the desired temperature. In the second scenario, the objective is to

control the temperature of both the main and second floors. In this scenario, Oy 1s eliminated,

and two separate heating sources (O and Q,) are added to the main and second floors,
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respectively, as shown in Figure 3.10. No heating to 7, these two heating sources are

estimated to control the temperatures of both floors. Table 3.2 shows these scenarios.
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Figure 3.10 Thermal model for controlling two zones' temperature
Table 3.2 10R6C scenarios
Scenario Controlled State Estimated model input

10R6C-Ct1 T, at 22 °C Qnp
10R6C-Ct2 Tnat23°Cand T, at 21 °C Qm and Q,,

The estimated model parameters and initial states of the RC model is presented in Eq.

(3.16) and are gotten from the previous chapter.

Sopo = [20.30 2045 2096 212 19.8 18.8]" [unit:°C]

(3.16)
o=[R" CT ET pl afy]

R=[132 159 19.06 2.78 5.26 2635 1249 242 20.62 13.72]

[unit: OC/kW]
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C=[139 237 216 2596 3.74 9.62] [unit:XWh/, ]
Fy, =[1.97 3.05 1.22]"[unit:m?]
pPe =[0.37 0.13]7 [unit: ——]

apy, = [0.35 0.40 0.23]" [unit: ——]

As explained in the case study of a simple RC model, the initial covariance matrix ngo
is diagonal, with diagonal terms selected as T’STO =[1.0 X (§0|0)]2. The measurement noise

covariance matrix is assumed to be diagonal and time-invariant, equal to Z = (0.3°C)2. The
process noise covariance matrix is also assumed to be time-invariant and diagonal entries

having values equal to G = [1 X 1075 X 8] as described in [26, 53].

In Scenario 10R6C-Ctl1, the developed method employed to estimate the heating
cooling supply Oz to maintain the main floor temperature 7m at 22°C. Furthermore, 7y and T4
representing second floor and basement temperature will also be estimated during the
expected controlling dataset. It is important to note that the maximum capacity of the heat

pump installed in this house is 10.55 kW, so the estimated O, cannot exceed this value.

Figure 3.11 (a) shows the estimated Oy, and uncontrolled state (7. and 7v) for the
controlling dataset. The estimated O, starts with an initial value of 5 kW and then mostly
varies between 0 to 4 kW to maintain 7, at 22°C. Figure 3.11 (b) displays the estimated
temperature for the second floor and basemen which are around 21°C and 20.5°C,

respectively, when temperature of the main floor is controlled.
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Figure 3.11 (a) Estimated heating and cooling supply. (b) Second floor and basement
estimated temperature when 7, controlled

To validate the estimated heating and cooling supply, the estimated Oy is taken into
account and the previously described 10R6C model is simulated to check if the temperature
Tm 1s controlled at 22°C or not. Figure 3.12 shows the simulation result for 7 in the
controlling dataset. It can be observed that 7, increases rapidly from around 21°C to 22°C in
the first 10 minutes and remains at 22°C for the remainder of the controlling period which

starts from hours 2 to 8, it is worth noting that hours 0 to 2 indicates zone temperature 7m
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behavior prior controlling. This indicates that the presented method can accurately estimate

the required heating and cooling supply to control the temperature of the main floor 7m.
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Figure 3.12 Tm results for the controlled data set

Scenario 10R6C-Ct2 focuses on controlling the temperature of multiple zones,
specifically the main floor (7w) and second floor (7y), with estimation of corresponding
heating and cooling supplies. To accomplish this, Om and Qu have been added to the
corresponding floor's node (i.e., main and second floors). ODEs relating to this scenario are
shown in Appendix . The goal of this scenario is to maintain the temperature of the main floor

at 23°C and the second floor at 22°C.

Figure 3.13 (a) illustrates the estimated heating and cooling supply Q. which is used

to control the temperature of second floor 7, at 22°C. Initially, the estimated Qu is 3.1 kW,
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but it varies between 0 and 0.5 kW to maintain 7y at the desired temperature. Figure 3.13 (b)
shows generated responses for 7, when estimated Q. is applied. It can be observed that T,
quickly increases from about 20.5 to the expected temperature (22°C) within the first 10

minutes and remains constant throughout the control dataset.
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Figure 3.13 (a) Estimated heating and cooling supply Qu, (b) T\ results in controlling dataset

Figure 3.14. (a) shows the estimated heating and cooling supply represented as Om,
used to control the temperature of the main floor (7) at a constant value of 23°C. The initial
value of estimated Om is 4 kW and it mostly varies between 0 and 3 kW to maintain 71, at the
desired temperature. Figure 3.14 (b) illustrates the generate temperature response of the main
floor in the control dataset when estimated Qn is applied to the RC model. It is observed that
T'm increases rapidly from about 21°C to 23°C in the first 10 minutes and stays at 23°C for the

entire control period.
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Figure 3.14 (a) Estimated heating and cooling supply Om, (b) Tm results in a controlling
dataset

3.4 Conclusion

This study develops a method for estimating heating and cooling supplies (i.e., RC
thermal model inputs) for temperature control purposes. In this regard, the method employs
thermal resistor-capacitor network (RC) for thermal dynamic modeling and the Unscented
Kalman filter (UKF), integrated with the Nonlinear Least Square (NLS) method, to estimate
the heating and cooling supply. To evaluate the capability of the developed method, two
application examples are presented: one using made-up data and the other using real-world
data. Different scenarios, including limiting the maximum amount of the heating and cooling
supply and controlling temperatures in multiple zones, are created to evaluate the capability

and performance of the developed method in different circumstances.

In the case study with made-up data, the estimated heating and cooling supply sharply

drops the zone's temperature from about 30°C to 26°C in the first 10 minutes and maintains
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that temperature for the remainder of the controlling dataset. Similarly, in the case of real-
world data, the developed method accurately estimates the heating and cooling supply to
control one and two zones. The considered zone temperatures reach the expected temperature
set points of 22°C and 23°C in the first 10 minutes and remain constant throughout the
controlling dataset. These accurate estimation of heating and cooling supply and controlling
zone’s temperature on their expected level prove that the developed method is an effective
technique for estimating heating and cooling supply of RC thermal models and can be used

in control strategies.
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4 Conclusion

4.1 Summary

To summarize, the focus of this thesis is to develop and evaluate a method for
simultaneously estimating thermal resistor and capacitor (RC) model parameters and inputs,
even when some states are partially missing. The method uses RC models for thermal dynamic
modeling and incorporates Unscented Kalman Filter (UKF) and Nonlinear Least Square
(NLS) estimation method. The developed method is evaluated using both made-up and real-
world data from a single-family detached house. Once the parameters have been estimated
and a trustworthy thermal dynamic model is created, then attention is redirected towards
employing the developed method without parameter estimation to determine the necessary
heating and cooling supply for controlling zone temperatures to desired levels. The capability

of this method is also evaluated using case studies with made-up and real-world data as well.

4.2 Contribution

This research introduces a method for estimating RC model parameters and inputs, even
in cases where some states are partially missing. Furthermore, the developed method is
utilized to control zone temperatures by estimating the required heating and cooling supply.

In this context, the major contributions of this thesis include:

Part 1:

I.  Development of RC model parameters and input estimation method: The
developed method is a new approach for estimating RC model parameters and

inputs with and without partially missing states. This method utilizes RC thermal
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II.

Part 2:

II.

model and UKF and NLS estimation method to estimate the unknown parameters
and inputs.

Evaluation of the developed method using different case studies: The capability
of the developed method is demonstrated by applying it to case studies both with
made-up and real-world data in different scenarios. The case studies show that
the developed method performs well in estimating the RC model parameters, and

inputs, even when the temperature states are partially missing.

Employing the developed method without parameter estimation for controlling
zone temperature purposes: The developed method is used for estimating the
necessary heating and cooling supply for controlling zone temperatures to desired
levels.

The developed method's capability in terms of estimating necessary heating and
cooling supply is evaluated through case studies that employ made-up and real-
world data in diverse scenarios. These case studies demonstrate the method's
capability in estimating the required heating and cooling supply to regulate zone

temperatures accurately.
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4.3 Future works and limitations

Several future works can be considered to expand the scope and applicability of the
developed method. Firstly, the developed method can be validated using data from other
complex buildings with varying building types, sizes, and thermal characteristics to assess its
generalizability. Secondly, investigating the potential for integrating the developed method
with existing building automation systems can enable real-time control and optimization of
heating and cooling supply, thus enhancing building energy efficiency, and reducing
operating costs. Additionally, designing user-friendly toolboxes that allow for easy
implementation of the developed method can enhance its accessibility and usability. These
toolboxes can include graphical user interfaces, documentation, and open-source codes to
facilitate the adoption of the developed method by building energy practitioners and

researchers.

While the developed method is deemed reliable, there are still some challenges that need
to be addressed. One of these challenges is the assumption that the RC model accurately
represents the thermal behavior of the building, which may not always hold true. This means
that the accuracy of the estimated parameters and control strategies is reliant on the quality of
the RC model. Additionally, uncertainties in input and state measurements may also impact
the performance of the proposed method, and it is necessary to investigate the extent of this

impact.
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Appendix A — A simple RC model case study information and results for parameter-input

estimations

For the case study with made-up data, i.e., the 2R2C model, the ordinary differential equation

can be shown below:

dT, T,—-T, T;-T,
2_17 12 13772

C =
2 dt R, R, A1)
dT3 T2 - T3 (Az)
at - R, + Q1+ Q;

Accordingly, the state-space equation of the 2R2C model, when Q> is assumed to be

unknown, can be written as:

s(t) = A°s(t) + Bu(t)

0 0
] RZCZ R3C2 112362 [ chz gl
dt T3 l 1 Q; (A.3)
R3CB R3CB 3 3
x(t) = [$() (D]
(A.4)

Xp+1 = f(xk,uﬁn, ulién) + Wy

kn
f(xuf™, uld™) = A%x;, + Bd"[

U
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Figure A.1 2R2C model inputs

Regarding the results for 2R2C-2 and 2R2C-3 scenarios, the last estimated model

parameters are shown in Table A.1

Table A.1 Last estimated model parameters for Scenarios for 2R2C-2 and 2R2C-3

Model True values 2R2C-2 2R2C-3
parameters
R> 4.45 2.85 345
R3 26.35 25.1 25.23
C 2.64 2.3 2.63
Cs 1.2 1.2 1.14
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Appendix B — Real-world case study information and results for parameter-input estimations

The ODEs shown below are derived for the 10R6C model:

dTu TO - Tu Tum - Tu Tum - Tu
Cui dt = R + R + R + ahquhp + ag, Qs
3 1 2
C dTum _ Tu - Tum
wmede R,
daT, To— T, T. —T Ty, — T, T, — T,
Cni d;n = R, = + mmR4 = + Rs = + uRZ = + ahmehp + a5 Qs
+ aeerlec

&9

(B.1)



C ATrmm _ Tn — Tinm + Ty — Tium
o dt R, R,
ATy, To—=Ty Tom—Ts Tmm—Ts Tm—Th
Mg T TRy ng * mn;% + mRS + anppQnp + Asp Qs + Aep Qetec
C dTbm_Tb_Tbm+Tg_Tbm+Q
bm dt R8 R10 vcs

Therefore, the state space form of the 10R6C model can be written as follows:

‘T,1 [T [T
Tum Tum Tg
d| Tm T Qs
E T - AC T + BC Q
mm mm hp
Tp Tp Qelec
- Tpm - - Tom - L Qycs
where
-1/1 1 1 1 1
arwtntm) ma 0 0 0
1 -1
Ri*Con  RivCam 0 0 0 0
1 0 -1 ( 1 1 + 1 1) 1 1 0
A = RZ * Cmi CmL RZ R4 RS R6 R4 * Cmi RS * Cmi
c= 0 0 1 -1 /1 N 1) 1 0
R4 * Cmm Cmm (R4 R7 R7 * Cmm
0 0 1 1 -1 ( 1 1 1 1 ) 1
Rs * Cy; Ry Cp; Chi\Rs  R; Rg Ry Rg * Cy;
0 0 0 0 ! _—1(i+ L)
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_ 1 a Ohpu .
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Figure B. 710R6C model parameters estimation: thermal capacitances for scenario 10R6C-3
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Figure B. 810R6C model parameters estimation: solar and internal gain factors for scenario
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Figure B. 9 Comparison between true and estimated model input for scenario 10R6C-3

106



24 T L T 3 - !
y " Online estimation — — True
23 ; ! A
2
O
< ® .}
5211 M ) |
s V [\ \ ! | '
\ \ v \
20 \ \ \
i\ L \ |\ IR M
! \ Vo \ ,
191 J | \ [ !
| \ | | i | | | |
50 100 150 200 250 300 350 400 450 500
Time(hours)
I [ I | i I
24 . :‘ i " i Online estimation = = True| |
n ] 3 !
231 1 [/ n \
5 ! [ h ;
N 1 L |
. 2IER ,q" b | A i \ \
O [ A A |
LI | | [\ ! ¥ \ ! I '
£ \ \ \ h\ \ W) 1 \
= \ Y A 1 U V) [
20 \ ! \ 5 1 oy
\ LA oyl 1
19 \ " \ ‘
' Y
18
| | | I | | |
50 100 150 200 250 300 350 400 450 500
Time(hours)
23 T T T T T

250 300
Time(hours)

Figure B. 10Comparison between true and estimated temperature responses for scenario
10R6C-3
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Figure B. 11Comparison between true and predicted temperature responses for scenario
10R6C-3

Appendix C — A simple case study information for temperature control

For the case study with made-up data, i.e., the 2R2C model, the ordinary differential

equation can be shown below:

drT. T, — T T, —T. C.1
CZ 2 — 1 2 + 3 2 ( )
dt = R, R
dT; T, —T; (C.2)
qt - Ry +0Q,+0Q;

Accordingly, the state-space equation of the 2R2C model, when Q> needs to be estimated.
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Figure C.1 2R2C model inputs

Appendix D — Real-world case study information for temperature control

The ODEs shown below are derived for the 10R6C model:

dTu TO - Tu Tum - Tu Tum -

u
Cui dt = R, + R, + R, + ahquhp + F5, Qs
C ATym _ Ty — Tum
wmodt R,
dT,, To—Tym Tom—"Tm Tp—Tyn T,—Tn
Cini dt = Rq + R, + Rs + R, + ahmehp + a5 Qs
+ aeerlec
dTmm Tm - Tmm Tb - Tmm
c = +
e dt R, R, (DT)
dTb TO - Tb Tbm - Tb Tmm - Tb Tm - Tb
Coi—— = + + + + +
bi ™y R, Rg R, Rs Xhpb th asp Qs
+ aepQetec
dT, T, — T, T, —T
Cbm bm — b bm + g bm



Therefore, the state space form of the 10R6C model can be written as follows:

dt
where
r—1 ( 1 + 1 + 1 ) 1
Cyi\Ry Ry R3 Ry * Cy;
1 -1
Ry * Cym Ry * Cym
! 0
Ac — RZ * Cmi
0 0
0 0
0 0
B¢
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— T - — T —_
u u
T, T, To
um um Tg
T, T, (D.2)
T |= A, 7|t B.| Qs
mm mm Q
T, T, elec
b b | Qnp |
—Tbm - —Tbm - P
—1 0 0 0
RZ * Cui
0 0 0 0
-1 ( 1 + 1 + 1 + 1) 1 1 0
Cni\Rz Ry Rs Re Ry Cpy Rs * Gy
i ENINES ! )
Re * Com o o) R> * Con
1 Loy
Ry * Cy; Ry * Cy; Chi\Rs R; Rg Ry Rg * Cp;
0 0 _r ‘_1(i L)
Rg * Cym Com \Rg Ry
- 1 0 asu 0 Thpu 7
R3*Cyj Cui Cui
0 0 0 0 0
1 0 Osm %em %hpm
__ | R6*Cmi Cmi Cmi Cmi
0 0 0 0 0
! 0 sb  Zeb  Zhpb
Rg*Cpj Coi  Cbi Coi
1
0 — 0 0 0
- R10*Cbm -
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Figure D. 1. 10R6C Model inputs

The ordinary differential equations for the RC thermal model for controlling two zones’
temperatures is depicted below:
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Cui + + S+ Qu+
“odt R; R, R, Qu + a5, Os
c dTym Ty —Tum
um ™ 7o R,
dT, To— T, Tom — T, T, — T, T, —
m d;n_ 0R6 o mmR4, - bR5 o uRz =+ Qm + Ao Qs + CemQetec
ATwm _ Tm = Tmm | Tp — Tm
C - +
mn gy R, R, (B3)
dfy, To—T, Tym—Tp T, Ty —T,
bt dt - R mR mn;e + mRS + aSbQS + aeerlec
9 8 Vi
C dTpm _ Tp — Tpm Tg Thm
e Rg R1o

(i - Ty ] [ To
Tum Tum Tg
d| Tm Tm Qs (E4)
E T = AC T + BC
mm mm Qelec
Ty Ty Qu
Tbm— —Tbm— L Qm A
which
'—1(1 + 1 + 1) 1 1 0 0 0
Cui\Ry Ry, Rs Ry * Cy; Ry * Cyi
! - 0 0 0 0
Ry * Cym Ry * Cym
1 0 -1 ( 1 + 1 + 1 + 1) 1 1 0
4 = Ry * iy Cmi\R; Ry Rs Rg Ry * Gy Rs * Gy
¢ 0 o 1 -1 (1 + 1) 1 0
R4 * Cmm Cmm R4 R7 R7 * Cmm
0 0 1 1 —1(1 + 1 + 1 + 1) 1
Rs * Cp; Ry * Cp; Cpi\Rs  R; Rg Ry Rg * Cp;
0 0 0 0 ! 1 (1 4 )
Rg * Cpm Com \Rg ~ Ry
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Rip * Cpm
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