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Abstract: RC-network based data-driven models can provide useful information in analyzing and evaluating the actual
thermal dynamics of building systems. This paper developed two RC-network models (a simple model and a multi-zone model)
to identify important thermal characteristics of a low energy house. The models are trained/validated with on-site monitored
data. Both of them can capture thermal dynamics of the low energy house with satisfactory accuracies. The simplified model
gives overall thermal properties of the house while the multi-zone model reveals details concerning different zones. They are
used to identify the thermal resistance of the building envelope, thermal capacities of internal air and internal mass, and the
effective solar heat gains. Identifiability and interrelation of the estimated model parameters are also investigated. The models
can be used to evaluate and operate the constructed building and the evaluations can inform future designs.
Keywords: data-driven models, RC-network models, building thermal characteristics, thermal dynamics

INTRODUCTION
Building sector in Canada accounts for 30% of the
secondary energy consumption from 1990 to 2014 (Natural
Resources Canada, 2017). In 2014, over 60% of building
energy use comes from space heating/cooling. To improve
future building designs and to increase energy efficiency,
existing building thermal systems should be well assessed.
This in subsequent requires proper modeling of building
thermal dynamics (a proper model reveals thermal
performances of a building and can be used for modelbased controlling). One of the modeling methods that has
received growing attention is RC-network based datadriven method (RC method).
The RC method models building thermal dynamics using a
network of thermal resistors and capacitors. Thermal
resistances, capacitances and other necessary parameters in
the network are identified from measured system
excitations and responses. Usually, a few parameters are
sufficient to characterize a thermal system. For example,
five parameters can describe the thermal dynamics of a
school with acceptable accuracy in terms of a second order
network (Penman, 1990). The RC-network is a simplified
equivalent representation of the actual system.
Previous studies of the simplified RC-network models
focus on model training, model selection and identifiability
of model parameters. Model training gives estimation of
parameters by minimizing or maximizing of an objective
function, e.g., maximizing the likelihood function (Madsen
& Holst, 1995). Since searching for estimates is a nonlinear
optimization process, many advanced algorithms are used
such as genetic algorithm (Wang & Xu, 2006) and direct
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search algorithm (Braun & Chaturvedi, 2002) to get more
reliable estimates. Model selection, on the other hand,
determines the model that fits the observations with least
possible complexity. Many findings suggest that one or two
capacitors are usually enough to describe one thermal
component (Saberi Derakhtenjani, Candanedo, Chen,
Dehkordi, & Athienitis, 2015; Bacher & Madsen, 2011;
Liao & Dexter, 2004; Prívara, Váňa, Žáčeková, & Cigler,
2012; Sourbron, Verhelst, & Helsen, 2013; Ma et al.,
2012). For example, one capacitor can represent the
thermal mass of the building envelope. Moreover, to obtain
robust parameter estimation (i.e., identifiable parameters),
the measured excitations/responses must be dynamically
and continuously informative (Deconinck & Roels, 2017).
It was further stated that identifiability of parameters seems
possible only through forced response experiments where
there is sufficient difference among system excitations and
responses (Lin, Middelkoop, & Barooah, 2012).
Apart from model training, selection and identifiability,
there is a need to investigate the possibility of obtaining
robust RC network models for identification of important
thermal characteristics of a building. To achieve this goal,
this paper will develop two RC-network models to identify
both overall and zonal thermal properties of a low energy
house from on-site measurements. The first model is a
simplified model deduced from a relatively larger model
using a proposed simplification procedure. This model
predicts average indoor air temperature. The second model
is a multi-zone model which predicts temperatures of six
zones to characterize uneven distribution of heating power
outputs and solar gains. The identifiability and physical
meanings of model parameters are then investigated.
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The paper is organized as follows. A brief description of
the low energy house and the on-site measurements will be
given in “THE TEST HOUSE AND MEASUREMENT”
section followed by the development of two RC-network
models in “MODEL DEVELOPMENT” section. The
models are physically interpreted and compared in
“RESULT ANALYSIS AND DISCUSSION” section.
Finally, the major findings in the result analysis and sources
of errors are concluded in “CONCLUSION” section.

HOUSE DESCRIPTION & MEASUREMENTS
The studied low energy house is ÉcoTerraTM, a two-storey
detached home in Eastman, Quebec, Canada. As shown in
Figure 1, the house is designed with large glazing areas
facing south and significant thermal mass including
concrete floor/half wall in the family room (main floor
south) and concrete slab/walls in the basement. The
geothermal heat pump provides space heating/cooling and
partially heats domestic water through a desuperheater.
The ventilation concrete slab in the basement can also
provide space heating by under-floor air circulation. The
circulated air is heated by the so-called building-integrated
photovoltaic-thermal system (Chen, Athienitis, & Galal,
2010a; Chen, Galal, & Athienitis, 2010b).

geothermal flow temperature change, desuperheater flow
temperature change, and six indoor zone temperatures (𝑇2𝑠
for second floor south, 𝑇2𝑛 for second floor north, 𝑇1𝑠 for
main floor south, 𝑇1𝑛 for main floor north, 𝑇0𝑠 for basement
south, 𝑇0𝑛 for basement north).
The heating power provided by the geothermal heat pump
to indoor rooms is indirectly approximated by
𝑄ℎ𝑝 = 𝑊ℎ𝑝 + 𝑄𝑔𝑒𝑜 − 𝑄𝑑𝑒

(1)

where 𝑄𝑔𝑒𝑜 is the power carried in by the geothermal flow
from the ground and 𝑄𝑑𝑒 is the power carried away by the
desuperheater. 𝑄𝑔𝑒𝑜 and 𝑄𝑑𝑒 are calculated based on the
corresponding mass flow rate and flow temperature change.
The average indoor air temperature is calculated as
𝑇𝑖 =

1
(𝑇 + 𝑇2𝑛 + 𝑇1𝑠 + 𝑇1𝑛 + 𝑇0𝑠 + 𝑇0𝑛 )
6 2𝑠

(2)

Direct or indirect measurements (summarized in Table 1)
are synchronized to hourly sampled data. The data is then
divided into two datasets: one for training and one for
validation (see Table 2). Both training and validation data
have dynamical and continuous variations as well as
significant difference among the inputs and output to agree
with that of forced response experiments. In other words,
the data should contain enough information to identify
thermal properties of the house.
Table 1 Directly and indirectly measured variables
Unit

Direct or indirect
measurement

𝑇𝑜 , 𝑇𝑣𝑐𝑠
𝜙𝑠
𝑄ℎ𝑝

℃
𝑘𝑊 ⁄𝑚2

Direct
Direct

𝑘𝑊

𝑇𝑖
𝑇0𝑛 ~𝑇2𝑠

℃
℃

Indirect
Indirect
Direct

Variables

Table 2: Summary of datasets (time step: one hour)

Figure 1: Energy system of ÉcoTerraTM (EQuilibrium™
Housing, 2007)
Measured variables of the test house include outdoor air
temperature 𝑇𝑜 , global solar radiation on south façade 𝜙𝑠 ,
surface temperature of the ventilation concrete slab 𝑇𝑣𝑐𝑠 ,
electrical power use of the geothermal heat pump 𝑊ℎ𝑝 ,
mass flow rate in the geothermal well and desuperheater,
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Datasets

Duration

Data collected in

Training

58 days

Feb, Mar, 2010

Validation1

10 days

Jan, 2010

Validation2

10 days

July, 2010

MODEL DEVELOPMENT
In this section, two RC-network models are developed to
characterize thermal dynamics of the studied house. The
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first model predicts the average indoor temperature while
the second model predicts temperatures of six different
zones. They are used to evaluate the same thermal system
but serve for different purposes.

Formulation of a simple model
To obtain a simple model, we start from a detailed singlezone model in Figure 2 (left) where 𝑇𝑒𝑛 and 𝑇𝑚 are average
temperatures of the building envelope and the internal mass
(mainly the concrete wall and slab). Parameter 𝐶 (𝑘𝑊ℎ/
℃) represents effective thermal capacity of its associated
building component. Parameter 𝐴 (𝑚2 ) is the solar aperture
that evaluates the solar heat gains. Parameter 𝑅 (℃/𝑘𝑊) is
the effective thermal resistance between adjacent nodes.
Furthermore, the heating power 𝑄ℎ𝑝 is considered as a
direct input to the indoor rooms and soil temperature 𝑇𝑠𝑜𝑖𝑙
is assumed to be constant. The internal heat gain is
neglected due to the fact that the internal heat gain is
insignificant compared to 𝑄ℎ𝑝 . Thus, the model is governed
by the following differential equations:
for the building envelope:
̇
𝐶1 𝑇𝑒𝑛

𝑇𝑜 − 𝑇𝑒𝑛 𝑇𝑖 − 𝑇𝑒𝑛
=
+
+ 𝐴1 𝜙𝑠
𝑅1
𝑅2

(3)

for the indoor air:
𝐶2 𝑇̇𝑖 =

𝑇𝑒𝑛 − 𝑇𝑖 𝑇𝑚 − 𝑇𝑖 𝑇𝑜 − 𝑇𝑖
+
+
+
𝑅2
𝑅3
𝑅4
𝑇𝑣𝑐𝑠 − 𝑇𝑖
+ 𝐴2 𝜙𝑠 + 𝑄ℎ𝑝
𝑅5

(4)

for the internal construction:
̇ =
𝐶3 𝑇𝑚

𝑇𝑖 − 𝑇𝑚 𝑇𝑠𝑜𝑖𝑙 − 𝑇𝑚
+
+ 𝐴3 𝜙𝑠
𝑅3
𝑅6

(5)

Figure 2 The detailed single-zone model (left) and the
simplified single-zone model (right)
Model training is accomplished by the Prediction Error
Method provided in the System Identification Toolbox™
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in MATLAB (Ljung, 2017). In this method, the parameters
(i.e., 𝑅s, 𝐶s and 𝐴s) are estimated by minimizing the mean
square error (MSE). Another criteria Fit is used together
with MSE to evaluate training/validation performance of
the models. The criteria Fit is normalized root mean square
error expressed as a percentage. MSE emphasizes larger
errors by taking square of the residuals while Fit equally
evaluates small and larger errors using a square root
operation. Fit tells how closer the data are to the fitted curve
compared to a straight line. They are calculated as:
𝑁

1
2
𝑀𝑆𝐸 = ∑(𝑇𝑖 − 𝑇̂𝑖 )
𝑁

(6)

1

𝐹𝑖𝑡 =

1−
(

̂ 2
√∑𝑁
1 (𝑇𝑖 − 𝑇𝑖 )
̅ 2
√∑𝑁
1 (𝑇𝑖 − 𝑇𝑖 )

∙ 100%

(7)

)

where,
𝑁 is the sample size;
𝑇̂𝑖 is the simulated indoor air temperature;
𝑇̅𝑖 is the mean of 𝑇𝑖 ;
The Prediction Error Estimator is asymptotically normally
distributed which enables us to calculate covariance matrix
of the estimates (Ljung, 1999). Standard errors (SE) of the
parameter estimates are merely the square root of diagonal
elements in the covariance matrix. The estimation results
are given in Table 3. If a SE is large compared to the
parameter estimate, it means this parameter is insignificant,
which implies the parameter is nonidentifiable and may be
removed from the model (Deconinck & Roels, 2017). It can
be seen from Table 3 that the original model is overparameterized with many unidentifiable parameters. To
solve this problem, a simplified model is suggested, and the
simplification procedure is as follows:
• Step 1
First train the detailed single-zone model using global
searching algorithms (e.g., genetic algorithm) to obtain
initial guesses for model parameters. Then train the
model with local searching algorithms (e.g., Levenberg–
Marquardt algorithm) based on the initial guesses. This
step assures that the model has acceptable fitting ability
even if it is overparameterized.
• Step 2
Remove unidentifiable (i.e., insignificant) parameters
starting from the one that has least influence on the model
structure. Only one parameter is removed at each time
and the model is reconstructed. For example, if 𝑅5 is
removed, 𝑇𝑣𝑐𝑠 is also excluded from the model.
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• Step 3
Train the reconstructed model and run step 2 again until
either there are no unidentifiable parameters, or the
training/validation performance is significantly lowered.
The last step gives a model that not only has a simple
structure but also fits well the measured data.

summer time (e.g., opening windows and doors). Also,
heating input in winter is more intensive than in summer.
The model trained by winter data is hardly applicable on
summer scenarios. For following sections, validation 2 is
no longer considered.

Running step 1~3 on the detailed model gives a simplified
model as shown in Figure 2 (right). The results of parameter
estimation are also given in Table 3 where comparatively
small SEs suggest parameters of the simplified model are
unlikely unidentifiable. In addition, training/validation
performance of the simplified model is compared with the
detailed model in terms of Fit and MSE in Table 4. There
is no significant accuracy loss for the simplified model.
Table 3 Results of parameter estimation for the detailed
single-zone model and the simplified model
Estimate (SE)
Parameter
𝑅1 (℃⁄𝑘𝑊 )
𝑅2 (℃⁄𝑘𝑊 )
𝑅3 (℃⁄𝑘𝑊 )
𝑅4 (℃⁄𝑘𝑊 )
𝑅5 (℃⁄𝑘𝑊 )
𝑅6 (℃⁄𝑘𝑊 )
𝐶1 (𝑘𝑊ℎ⁄℃)
𝐶2 (𝑘𝑊ℎ⁄℃)
𝐶3 (𝑘𝑊ℎ⁄℃)
𝐴1 (𝑚2 )
𝐴2 (𝑚2 )
𝐴3 (𝑚2 )

Detailed model

Simplified model

68.2 (138.9)
1.0 (0.5)
51.4 (105.4)
9.1 (1.7)
33.9 (184.2)
35.9 (139.7)
38.9 (40.6)
8.5 (0.3)
7.9 (135.0)
0.00 (2.6)
10.2 (0.5)
0.00 (0.5)

----------1.0 (0.09)
7.4 (0.06)
---------------8.7 (0.20)
50.8 (15.8)
-----10.3 (0.31)
------

Table 4 Training and validation performance of the
original model and the simplified model
Model
Detailed
Simplified

Training

Validation1

Validation2

Fit /MSE

Fit /MSE

Fit /MSE

68.7% /0.13
69.0% /0.12

67.9% /0.09
66.5% /0.12

43.6% /0.22
32.2% /0.32

The fitting ability of the simplified model can also be seen
in Figure 3 where the simulation results are displayed
against the measurement for both training and validations.
The trained simplified model is able to capture primary
thermal dynamics of the house in winter (validation 1) but
not for that in summer (validation 2). This is most probably
due to unmeasured occupants’ behaviors in the house at
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Figure 3 Measured and simulated average indoor air
temperature for training, validation1, and validation2 by
the simplified model

Formulation of a multi-zone model
Due to uneven distribution of heating power and solar
gains, temperature stratification of the house is significant
(temperature difference across the house can be as large as
5℃). The simplified model is not able to account for this
stratification effect. A multi-zone model is suggested (see
Figure 4). The house is divided into six zones: second floor
south (2s), second floor north (2n), main floor south (1s),
main floor north (1n), basement south (0s) and basement
north (0n). Different zones are connected by thermal
resistances. These resistances represent a combined effect
of conduction and convection between adjacent zones. For
each zone, its model is structured in the same way as in the
previously developed simplified model in Figure 2 (right).
Parameters 𝐶𝑖 and 𝐶𝑚 are thermal capacities of the indoor
air and internal mass respectively. Parameter 𝑅𝑖𝑜 denotes
the thermal resistance between indoor air temperature and
outdoor air temperature. The heating power to each zone is
weighted by a distribution parameter 𝛼 and the solar
radiation by a solar gain evaluation parameter 𝐴.
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validation is noticed for zone 2s. This maybe because that
the south bedroom is independently controlled, namely, a
damper is used to limit the forced air supply to prevent the
room from being overheated by the sun. Since the damper
is not static, assuming (𝛼)2𝑠 to be constant introduces
inaccuracy to the model. Despite this assumption, the
model presents a satisfactory ability in characterizing
temperature stratification on the whole house scale.

RESULT ANALYSIS AND DISCUSSION
Figure 4 The six-zone model
The results of parameter estimation for the six-zone model
are shown in Table 5. Identifiable parameters (the ratio of
whose estimate to its SE is larger than two) are shaded.
Presumed or calculated parameters are underlined. Solar
heat gains are not considered for north zones. Thus, any 𝐴
parameter for north zones is presumed to be zero. Also, one
of 𝛼 can be calculated using the other five since the sum of
them should be equal to one (∑ 𝛼 = 1).
Table 5 Results of parameter estimation for the six-zone
model (identifiable parameters are shaded; presumed or
calculated parameters are underlined)
Zone

𝑹𝒊𝒐

𝑪𝒊

(℃⁄𝑘𝑊) (𝑘𝑊ℎ⁄℃)

𝑪𝒎

𝑨

(𝑘𝑊ℎ ⁄℃)

(𝑚2 )

18.5

3.7

0.07

𝜶

2s

20.5

1.6

2n

87.1

1.4

9.4

0

0.13

1s

53.3

2.2

33.6

6.2

0.38

1n

89.5

1.1

1.0

0

0.22

0s

32.3

0.9

1.9

0.5

0.11

0n

66.0

1.1

8.5

0

0.09

Table 6 Training and validation performance of the sixzone model in terms of Fit (Equation (7))
Zone
2s
2n
1s
1n
0s
0n

Fit-training

Fit-validation 1

70.9%
65.1%
66.7%
63.6%
64.5%
66.8%

54.6%
60.5%
65.1%
59.4%
64.2%
66.5%

The training/validation performance for each zone is given
in Table 6. A significant performance drop from training to
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The simplified single-zone model and six-zone model
identified above both reflect some important characteristics
of the house. From the detailed single-zone model to the
simplified model, we can see that: the ventilation concrete
slab surface temperature and the constant soil temperature
have negligible contribution to the average indoor air
temperature. Furthermore, the building envelope has high
thermal resistance but little thermal capacity (only a fast
response path governed by 𝑅4 is left). This is because the
exterior walls are mainly composed of insulation which has
little thermal capacity compared to high-density concrete.
It can be considered that thermal mass of the exterior walls
is integrated into the thermal mass of indoor air (𝐶2 ).
Moreover, radiation absorbed to the internal mass may
have been released as heat to the room air within the
sampling time step (one hour). The parameter 𝐴2 , therefore,
can be interpreted as a product of south window area and
SHGC (solar heat gain coefficient).
Estimates of 𝑅, 𝐶, and 𝐴 by the simplified single-zone
model may or may not resemble the physical reality of what
they are originally defined. For example, thermal resistance
of building envelop is estimated to be 7.4 (℃⁄𝑘𝑊) while
the physically calculated value is 11.2 (℃⁄𝑘𝑊). Natural
and mechanical ventilation may be the reasons that have
caused this lower estimate. The estimated SHGC is 0.31
which is close to the windows’ design specification (SHGC
= 0.39). However, the estimation of indoor air thermal
capacitance (8.7 𝑘𝑊ℎ⁄℃) is way far from its true value
(around 0.26 𝑘𝑊ℎ⁄℃). Here, the original definitions of 𝐶2
and 𝐶3 as thermal capacitances of indoor air and internal
thermal mass should be revised. They can be interpreted as
thermal masses of two types: surface layer thermal mass
and deeper layer thermal mass. The temperature of the
surface layer (𝐶2 ) changes almost at the same pace as
indoor air temperature while the deeper layer (𝐶3 ) has much
less temperature fluctuations. Therefore, the thermal mass
of deeper layer can passively store energy at daytime and
release it at nighttime.
The six-zone model is developed based on the simplified
model. Although certain parameters are unidentifiable
(unshaded in Table 5), the model can still be physically

30
ISBN 978-2-921145-88-6

interpreted. For example, (𝑅𝑖𝑜 )1𝑛 is nearly twice larger
than (𝑅𝑖𝑜 )1𝑠 which may have been caused by the garage
next the north wall that is not taken into consideration.
Also, estimates of 𝐴 and 𝛼 indicate that the main floor has
received a relatively large portion of the solar gains and
heating power. This agrees with the fact that the main floor
has larger glazing area and heating area. Little heating
power is provided to the south bedroom due to its sufficient
solar heat gains. Additionally, effective thermal capacity of
the house concentrates on the main floor south (zone 1s)
due to the concrete floor/half wall and associated with its
large solar and heating excitations. Basement north (zone
0n) has a much larger thermal capacity than basement south
(zone 0s). This may be explained by the heavy mechanical
equipment placed in the basement north.
In short, the simplified model gives an overall description
of the house’s thermal properties while the six-zone model
reveals more details about north/south and different floors.
The two models serve for different analyzing purposes. But
their parameters are closely related. Using ∗ to denote
parameters of the simplified model and Σ to denote a sum
of the parameters of the six-zone model, we have:
for the indoor-outdoor thermal resistance (mainly thermal
resistance of the building envelope):
−1

(∑

1
)
𝑅𝑖𝑜

= 7.3 ≈ 𝑅4∗ = 7.4

(8)

(notice that (𝑅𝑖𝑜 )2𝑠,…,0𝑛 are in parallel)
for thermal capacity of the indoor air (may also include part
of the furniture):
∑ 𝐶𝑖 = 8.3 ≈ 𝐶2∗ = 8.7

(9)

for solar gains through south windows:
∑ 𝐴 = 10.4 ≈ 𝐴∗2 = 10.3

(10)

for thermal capacity of the internal mass:
∑ 𝐶𝑚 = 72.9 > 𝐶3∗ = 50.8

(11)

The relations in (8) ~ (10) indicate that, thermal properties
of the whole house (the indoor-outdoor thermal resistance,
the thermal capacity of indoor air and the solar gains
through south windows) given by the simplified singlezone model can be retrieved from the six-zone model. This
phenomenon is also noticed in the simplification of the
detailed single-zone model:
(

1
1 −1
+ ) = 7.9 ≈ 𝑅4∗ = 7.4
𝑅1 + 𝑅2 𝑅4
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(12)

𝐶1 + 𝐶3 = 46.8 ≈ 𝐶3∗ = 50.8

(13)

𝐶2 = 8.5 ≈ 𝐶2∗ = 8.7

(14)

𝐴2 = 10.2 ≈ 𝐴∗2 = 10.3

(15)

It can be seen that unidentifiable model parameters (e.g.,
estimates for the detailed model in Table 3) do not signify
unidentifiable overall thermal resistance, thermal capacity
or solar heat gain coefficient. Besides, estimation of the
overall 𝑅, 𝐶, and 𝐴 appears to have more robustness
compared to estimation of a single parameter. However,
this is not always the case. For example, estimate of the
internal thermal mass of the house by the six-zone model,
as shown in (11), does not align with that by the simplified
zone. One possible explanation for this “nonmatching” is
that estimates of thermal capacities of the internal mass for
adjacent zones are correlated. The adjacent zones may
share a certain amount of internal mass so that the total
thermal capacity is overestimated. However, proof of this
explanation demands more studies in both physical and
statistical domains.
The six-zone model is proposed to address the temperature
stratification at the whole house level. However, a model
of less than six zones may also be able to result in accurate
predictions. For example, the basement south and north
temperatures are very close to each other (less than 1℃ at
most of the time). They can be treated as one zone. The
ground floor south temperature is nearly the same as
ground floor north temperature at night but 1 or 2 ℃ higher
at daytime due to solar radiation. A constant temperature
difference may be assumed between these two zones when
there is sunlight. Thus, the ground floor is also simplified
as one zone. Therefore, the minimum number of zones
depends on the temperature patterns of a house and the
requirements for prediction accuracy.

CONCLUSION
This paper has developed two kinds of data-driven RCnetwork models for a low-energy house. The first model
(i.e., the simplified model) is obtained from a relatively
large model (the detailed single-zone model) using a threestep simplification procedure. The uncertainties of the
model are significantly reduced due to the simplification
though the accuracy loss is not obvious. This model
predicts average indoor air temperature and gives overall
thermal properties of the house. The second model (i.e., the
six-zone model), developed based on the first model
structure, predicts temperatures of different zones and gives
detailed thermal properties of the house.
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For simulation accuracy, both models show an average Fit
value around 65% (for validation). This value suggests that
although the models have captured the primary thermal
dynamics of the house, some important factors may have
been neglected or misestimated, and thereby cause errors.
These factors could be:

NOMENCLATURE
𝑇

Temperature (℃)

𝜙

Power intensity (𝑘 𝑊 ⁄𝑚2 )

𝑊

Electrical power (𝑘𝑊)

• Effect of the garage next to the north wall and the garage
heater installed by the owners;
• Solar radiation on other building faces besides the south
façade and time-varying SHGC;
• Occupant behaviors and internal heat gains;
• Indirect measurements (e.g., the heating power provided
by the geothermal heat pump) also introduces errors;
• Parameters of 𝛼 for the heating power distribution are not
measured.

𝑄

Heating power (𝑘𝑊)

𝑅

Effective thermal resistance (℃/𝑘𝑊)

𝐶

Effective thermal capacity (𝑘𝑊ℎ/℃)

𝐴

Solar aperture (𝑚2 )

𝛼

Heating power distribution factor

𝑜

Outdoor air

For the physical meaning interpretability, the simplified
model has no unidentifiable parameters thanks to the threestep simplification for removing unnecessary components.
The six-zone model, however, is partially interpretable. It
has some unidentifiable parameters for the large structure
and unmodeled zonal interactions. But the six-zone model
is effective in assessing the overall and some zonal thermal
properties of the house. The major findings regarding the
two models are:

𝑠

Associated with solar radiation

𝑔𝑒𝑜

Associated with flow in geothermal well

𝑑𝑒

Associated with flow in desuperheater

2𝑠, 1𝑠, 0𝑠,
2𝑛, 1𝑛, 0𝑛

Zone labels (0: basement; 1: main floor; 2:
second floor; 𝑠: south, 𝑛: north)

𝑖

Indoor air

ℎ𝑝

Associated with geothermal heat pump

𝑣𝑐𝑠

Ventilation concrete slab surface

𝑒𝑛

Associated with building envelop

𝑚

Associated with internal construction

𝑠𝑜𝑖𝑙

Deep soil

𝑖𝑜

From indoor air to outdoor air

∗

Associated to the simplified model

• The simplified model is always preferred in analyzing
thermal dynamics and thermal properties of the house
when the house as a whole is of concern;
• The three-step simplification procedure is effective in
reducing uncertainty of parameter estimates and deriving
a physically meaningful model;
• When it is necessary to simulate temperature difference
across the house or obtain details of the house’s thermal
properties, the six-zone model may be used but the
measurement cost will be increased (e.g., more sensors
must be installed);
• When the simulation accuracy of a model is satisfactory,
it tends to give a robust estimation of the overall thermal
resistance, thermal capacity or solar heat gain coefficient
even there are unidentifiable parameters.
Important characteristics of the house can be obtained
through thermal dynamic modeling by RC-network based
data-driven models. Analysis of these characteristics will
provide guidelines for future designs and the developed
models can be used to operate the constructed buildings.
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