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Abstract— Smart buildings have a great potential in the
energy regulation market. One of the levers that are used
for the flexibility provision of buildings are the thermal com-
fort systems. This paper deals with a thermodynamic model
identification for a comfort-regulated zone of a smart home
with an installed air conditioner. The intended end-use of the
model is model predictive control of comfort with electricity
demand response over a collection of objects with such similar
configuration. Typical commercial setups of closed-access air
conditioners found in residential objects are considered, where
there is no possibility of any data communication from the air
conditioner and where the sensory equipment is quite limited
due to an intended large-scale deployment. This drives the
specific input-output model form where the air conditioner
electricity consumption is the selected model input. The per-
formance of different mathematical models for temperature
prediction in the smart home in the heating season is analyzed
and the results with quantitative measures are provided. The
complete analysis is based on measurement data collected on a
smart home experimental setup.

I. INTRODUCTION

Using buildings for consumption flexibility provision is an
area of active research [1]–[4]. Its challenge is the uncertainty
of power consumption due to stochastic human and outdoor
conditions influences, which can be remedied by data-based
predictions [5]–[7]. This paves the way for predictive control
strategies that exploit the controllable part of the system and
building storages for demand response provision [4], [8], [9].

The cost margin achieved by the smart buildings in thermal
systems is mostly determined by the comfort cost and
the flexibility provision awards. If the comfort bounds are
relaxed, then the thermal storages, including the building
mass, can be effectively used to provide ancillary services
while preserving the comfort requests [4].

The model identification procedure presented herein will
be utilized for the smart homes integration in the tertiary reg-
ulation and associated manual frequency restoration reserves
(mFRR). It comprises the balancing capacity and energy
day-ahead auctions and the intra-day active energy balanc-
ing [10], [11]. The concept uses the cumulative consumption
of a smart homes ensemble for the mFRR service provision,
governed by an aggregator entity.

The considered smart home has an installed commercial
air conditioner (A/C), hardware and software that enables
the thermodynamic model identification and zone comfort
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control. The A/C considered in this work is of a closed-
access type, i.e. its internal data is not accessible to the
custom controller. Most of the A/C units installed nowadays
do not provide any internal data to the outside world,
whereas the units that have wireless connection commonly
communicate the data to the established cloud platforms that
is difficult for a third-party software to utilize for real-time
control.

For the analytic computation of the flexibility potential of
the considered thermal systems in the market conditions, it is
elementary to estimate a thermodynamic model for each of
the participating smart homes. The employed model accuracy
is of major importance for the estimation of the round-trip
efficiency in flexibility provision [12].

The control-oriented zone models proposed in the lit-
erature are mostly based on physical principles and the
RC circuit analogy [13]–[17]. The general approach is to
separately consider the thermodynamic model and the en-
ergy conversion model of the heating, ventilation and air
conditioning (HVAC) units, but the problem with respective
approach is the necessity to explicitly model the thermal
energy provision by the A/C. It is hardly achievable in
the considered configuration with the internal operation
measurements of the A/C unavailable for the identification
procedure. Authors in [18] identify a regression-based model
of A/C by considering its internal components operation.
Similary, physics-based modeling of A/C operation can be
found in [19]. In this paper we opt for a higher A/C model
abstraction by considering the energy-based approach, as
explained in the following.

For the system at hand, the thermal energy provision
by the A/C unit is observable implicitly by employing
the information about the electrical energy consumption,
weather conditions and the thermodynamic model of the
zone, however, the significant non-measurable disturbances
and irregular A/C operation impede the model identification.
Since the electrical energy consumption is easily measured
the opted approach is to introduce a joint model of the A/C
and the zone thermodynamics with the energy consumption
as model input. The assumption is that the electrical energy
is controllable by a certain selection of the available A/C
commands. The respective model will be identified in a
future work.

The widespread applicability of the envisioned demand
response concept with the minimum sensor configuration
further motivates the data-driven approach for the model
identification purpose, since the A/C technical data and
models are usually not publicly available for a broad range



of the installed A/C units. Nonetheless, the basic physical
interdependencies are integrated in the proposed model and
the regularization method is used in identification to better
condition the bias vs variance of the identified model.
The obtained model performance results are quantified. The
model is aimed for both the day-ahead and the intra-day
system operation scheduling.

This paper is organized as follows. In Section II we present
the concept of smart homes ensemble in the flexibility
provision and introduce the constituent smart home unit of
the system. In the following section we provide the joint
thermodynamic and A/C model formulation that is practical
for the constrained optimal controller synthesis. The model
identification problem is given in Section IV. We present the
obtained model prediction results on the experimental data
and associated performance measures in Section V. The final
conclusions are provided in Section VI.

II. SYSTEM CONFIGURATION

The envisioned system is the ensemble of smart homes
acting as prosumers, each of them comprising a zone with the
installed controllable split A/C. Smart homes are aggregated
by an aggregator and/or electricity supplier company and
their cumulative flexible electrical energy consumption is
used in the provision of energy balancing service.

Configuration of the smart home prototype is shown in
Fig. 1 with the depicted command and measurement signals.
Data between the cloud platform and the smart home is com-
municated through a network gateway. Commands for the
A/C units, composed of the ON/OFF signal, the temperature
setpoint Tref and the fan speed selection xf are computed in
the cloud platform, based on the amount of electrical energy
Ee,ac that should be consumed by the A/C in the specific 15-
minute time frame to realize a certain comfort requirement.
Respective electrical energy is the output of the optimization
algorithm that systematically ensures flexibility provision
under the imposed constraints. The technical specification of
the installed A/C unit in the smart home prototype is given
in Table I. We assume that the A/C unit data is unknown for
the model identification procedure.

TABLE I: A/C unit technical specification

Model Panasonic Ionizer CS/CU-C7CKH-7
Declared EER 10.9
Power rating 640 W
Refrigerant R22
Production date 12/2003

Collected measurement data in the smart home for the
purposes of the thermodynamic model identification com-
prises the air temperature at the A/C air inlet Tin and the
A/C unit power consumption Pe,ac.The temperature sensing
module is battery powered and its durability is in the
considered configuration further enhanced by an event-driven
communication. Specifically, the temperature measurements
in the experimental setup are collected on value change with
the amplitude discretization interval set to ∆T = 0.21 ◦C.

Respective discretization will be accounted in the model
identification problem in Section IV.

The air inlet of the A/C is used for the measurement
of the zone temperature since most of the A/C systems
nowadays use measurements from a similar position as a
reference for the zone temperature control. As a result, a
similar comfort experience should be achieved by the smart
home control compared to the ordinary control via the A/C
internal controller. The effect of the selected position is the
higher exposure of the sensor to the A/C operating condition.
It should be tackled by the developed zone model itself.

The meteorological service data is provided for the specific
smart home location. It comprises solar irradiance, relative
air humidity and air temperature measurements. Herein con-
sidered smart home prototype is in the office building in
Zagreb, Croatia. The corresponding area of the modeled zone
is 15.28 m2. The identification procedure presented next
uses solar irradiance measurements data from the skyscraper
building of University of Zagreb Faculty of Electrical En-
gineering and Computing based on the equipment of its
Laboratory for Renewable Energy Systems (LARES), dis-
tanced about 1.1 kilometers from the experimental setup,
since the meteorological service solar measurements were
not contracted by the time when the research was conducted.

III. DATA-DRIVEN ZONE MODEL

The constituent residential units of the presented system
for flexibility provision are privately owned. Directive for
General Data Protection Regulation (GDPR) [20] that applies
in the EU member countries restrains the collection of a
priori on-site information from the customers in practice.
With this regard, the minimum additional information of
the residential unit outside walls orientation is collected.
It enables the integration of solar irradiance data in the
thermodynamic model of the smart home [16].

Fig. 1: Smart home prototype with A/C, IR blaster and
sensors.



The developed thermodynamic model should be simple
enough to facilitate the optimization problem with the multi-
day prediction horizons and the thousands of households in
the ensemble. Thus, we opt for a mathematical model in
the class of linear time-invariant (LTI) systems. The already
proposed lumped thermodynamic models of the building
zones for the controller design are based on the physical
principles resulting in the RC circuit analogy [13]–[17], and
the data-driven approach [17].

The positioning of the sensor close to the functioning A/C
unit makes it highly influenced by the air at the inlet and far
less by the temperature of the surrounding mass with the
higher capacity. In heating, the hot air by natural convection
moves upwards so the air at the inlet is more affected by
the outlet airflow itself and less by the real zone temperature
representation. Thus, the average zone temperature signifi-
cantly differs from such temperature measurements, which
makes the proposed models in [13]–[17] unsuitable for the
considered implementation. Moreover, the thermal intake to
the room in the considered configuration is hardly determined
since the internal A/C controller is not overridden and the
supply air temperature and the air flow is not measurable.
Due to the position of the air temperature sensor and previ-
ously discussed conditions, we follow a more general data-
driven and regression-based system identification approach.

The proposed model structure will be used for both
heating and cooling seasons, whereas the model orders and
parameters will adapt depending on the seasonal conditions.
Its structure is general enough to encompass the structure
of the different lumped models available in the literature.
The general formulation of the zone thermodynamic model
with the A/C is proposed based on the well-known physical
interdependencies, analysis of the experimental data and the
input-output model linearity assumptions. It is given by the
following model

A(q−1)Tin(k) = h0 +Bu(q
−1)Ee,ac(k) +Bd(q

−1)d(k)
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)
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)
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Bd(q
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−1

+ [bd,2,1 . . . bd,2,4] q
−2 + . . .+ [bd,nd,1 . . . bd,nd,4] q

−nd ,
(1)

where d(k) ∈ R4 is the vector of the weather condition vari-
ables sampled at the discrete-time instant k and composed of
the outdoor air temperature Tout and relative humidity φout,
the direct and diffuse irradiance on the exterior building wall
of the zone Idir and Idif , respectively. The delay operator
is denoted with q−1, whereas for any discrete-time signal
s applies q−1s(k + 1) = s(k). The Kronecker product is
denoted with ⊗, orders of the model polynomials are ny , nu

and nd. Mdu ∈ R4nd×nu is the block matrix with blocks
of size 4 × 1 that introduces multiplication between the
delayed weather condition variables and the A/C electric

energy consumption Ee,ac(k). The generalized model error is
denoted with v(k) and its definition depends on the specific
regression model type [21]. Thus, v(k) = ε(k) in case of
ARX model, for ARMAX applies v(k) = C(q−1)ε(k), for
ARARMAX applies D(q−1)v(k) = C(q−1)ε(k) and in case
of BJ model v(k) = A(q−1)ε(k), where ε(k) is the overall
model error and

C(q−1) = 1 + c1q
−1 + c2q

−2 + . . .+ cnε
q−nε , (2)

D(q−1) = 1 + d1q
−1 + d2q

−2 + . . .+ dnvq
−nv . (3)

The vector of model parameters is in the sequel denoted
with θ ∈ Rnp . The number of parameters for e.g. ARX model
is given by np = 1+ny+nu+4nd(1+nu). Other considered
regression-based models, ARMAX, ARARMAX, and Box-
Jenkins (BJ) [21], will include the disturbance model param-
eters in θ as well. The reduction of redundant parameters will
be achieved by employing the L1 regularization, according
to the discussion in Section IV.

In [22] is shown that the air source heat pumps perfor-
mance is highly influenced by the relative humidity φout in
the heating season and the outdoor temperature in general.
Similar effects are expected to occur with the A/C units.
The thermal power between the zone and the ambient air is
correlated with the weather condition parameters d and the
zone air temperature. Generally, the model (1) can include
the higher powers of disturbance variables which also comply
with the input-output linearity assumptions. These terms are
not considered in the paper to keep the model complexity
below a certain threshold. The sampling time of the model
is synchronized with the mFRR service sampling time, i.e.
Td = 15 minutes. The model (1) can be resampled and used
with any other discrete-time interval which is within the same
order of magnitude.

IV. THERMODYNAMIC MODEL IDENTIFICATION

The offline model identification was performed with the
ARX, ARMAX, ARARMAX and BJ models [21]. The BJ
model estimation is generally used to minimize the open
loop simulation error with the correlated generalized model
prediction error [21]. Compared to the one-step prediction
error minimization that is based on the ARX, ARMAX and
ARARMAX predictors, the BJ model identification provides
more accurate predictions for the longer prediction horizons,
which is even more pronounced in the settings where the
non-measurable model disturbance is high enough. The price
of performing the ARMAX, ARARMAX and BJ model
identification is a non-convex and thus computationally more
demanding identification problem compared to the ARX
model identification.

The identification problem for the case of BJ model is
given by

θ̂ = argmin
θ

1

N

N∑
i=1

Γ2
dz

(
Tin(k + i)− T̂in(k + i|k)

)
+ λ ∥θ∥1 ,

s.t. (1), (4)



where T̂in(k + i|k) is the air temperature estimate at the
discrete time-instant k + i based on the known temperature
measurements up to the discrete-time instant k, θ̂ is the
estimated model parameters vector and Γdz is the deadband
function that accounts for the amplitude discretization effects
of the zone temperature measurements. The width of the
employed deadband is the amplitude discretization interval
∆T . The identification problem includes the L1 regulariza-
tion parameter λ [23], whereas the properly selected λ > 0
improves the bias vs variance trade-off of the estimated
model.

Due to the non-convexity of the cost function (4) the
optimization has to be performed for a dispersed set of initial
conditions. Interior-point algorithm [24], [25] was used for
solving (4), i.e. fmincon method in MATLAB [26]. A
priori assumption of the model is the maximum model order
ny = nu = nd = 5, whereas further model reductions are
possible with the L1 regularization. The stability constraints
had to be imposed in the ARMAX and ARARMAX model
identification to ensure the stability of the open loop re-
sponse. It is achieved by setting the roots of the polynomials
A(q−1) and D(q−1) within the unit circle in the complex
plane [27]. The stability of the BJ model is already ensured
by minimizing the MSE of the open loop simulation, whereas
the obtained optimal parameters of the ARX predictor did not
activate the model stability constraints.

V. RESULTS

The particularities of the thermodynamic model identifi-
cation process and the obtained results are discussed in this
section. It is important to note that the herein considered
identification of the smart home thermodynamic model is
performed offline so there are no strict constraints on the
execution time.

A. Experimental Data

The model identification is based on the data collected in
the heating season from November 11, 2021 to December 28,
2021 through the OBLO Living Cloud [28] system for smart
home data integration, apart from the irradiance data which
is obtained from the nearby located LARES solar irradiance
sensors. The experiment was performed by changing the A/C
commands in multiples of Td sampling interval. Since the
command changes had to be performed manually, the average
rate of change is relatively low in the considered time frame.

The considered room with the A/C unit is used as a
repository on company premises. It is expected that the room
doors are sporadically open whereas in the major part of
the experiment they were kept closed. To the best of our
knowledge the window was closed during the entire data
collection experiment.

The available data is split in identification, validation and
test set, whereas the employed split ratio is approximately
4 : 1 : 1 respectively. Figure 2 depicts the experimental data
for a selected two-days period, consisting of the temperature
measurements Tin, A/C temperature reference Tref and se-
lected fan speed xf , A/C energy consumption increments in

15-min. intervals Ee,ac and weather condition measurements
d.
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Fig. 2: Smart home experimental data for the selected two
days in December 2021: (a) zone temperature measurements
and A/C commands, (b) A/C electrical energy consumption,
(c) meteorological service data.

B. Model Identification Results

In order to improve the generalization property of the
model, the model identification was run for different values
of the regularization parameter λ. The model root mean
squared error (RMSE) on the identification and validation
set with respect to the value of the parameter λ is depicted
in Fig. 3. In the presented analysis is the BJ model initialized
with the temperature measurements.

According to the results provided in Fig. 3, the appropriate
value of the regularization parameter λ ensures the best
performance measure on the validation set. With the increase
of the regularization parameter the model performance on
the identification set deteriorates. The same effect can be
observed with the validation set for the high enough value
of λ. The regularization parameter λ ≈ 5 · 10−4 value was
selected for all models, based on the obtained performance
results. The selected λ provides a good trade-off between



Fig. 3: Models performance on identification and validation
sets for different values of the regularization parameter λ.

the identification set and the validation set performance. The
regularization removed approximately one third of the ARX
model parameters whereas the model parameters reduction
for the other regression models is up to 4%.

Further analysis of the regression models performance on
the test set are provided in the following. The more detailed
analysis of the prediction accuracy for the specific horizon
lengths can be observed on boxchart in Fig. 4. The edges
of the boxes denote the upper 0.75 quartile and lower 0.25
quartile, whereas the line inside the box is the median value.
The black lines extending from the boxes contain all the
values outside the interquartile range that are within the 1.5
interquartile range from the top or bottom of the box. Circles
outside the reach of the black lines denote the outliers. The
selected prediction horizon lengths are relevant in the MFRR
service provision.

The obtained RMSE and mean absolute error (MAE)
performances of the regression models are summarized in
Table II. MAE is regularly used in the performance analysis
in smart buildings due to the high impact of non-modeled
thermal disturbances [16], [29]. Moreover, the authors in [29]
propose the modified loss function with the linear slope for
the larger model errors in order to alleviate the model over-
fitting due to the thermal disturbance influence. According
to the obtained results, the BJ model performance is the
best for the prediction horizons greater than several hours,
whereas the ARARMAX is the most accurate in the short-
term predictions. ARX and ARMAX models show balanced
performance for the entire spectrum of the prediction horizon
lengths. Compared to the ARX model, the ARMAX model
shows worse performance in the one-step ahead prediction.
In other words, the identified ARMAX model parameters
were over-fitted to the thermal disturbance effects.

There is a great number of outliers present in all regression
models which is primarily a consequence of the unpre-
dictable thermal disturbance, mostly induced by the human
behavior, e.g. opening a window or a door. The most of the
BJ prediction errors lie within ±1.5 ◦C even with longer

TABLE II: ARX and BJ model performance on different
prediction horizons.

15 min 1 hr 3 hrs 9 hrs 24 hrs 36 hrs

ARX
RMSE 0.208 0.281 0.428 0.602 0.714 0.775

MAE 0.097 0.137 0.251 0.420 0.555 0.594

ARMAX
RMSE 0.236 0.344 0.514 0.685 0.735 0.832

MAE 0.115 0.198 0.351 0.524 0.581 0.634

ARARMAX
RMSE 0.109 0.207 0.395 0.743 1.33 1.72

MAE 0.0308 0.0639 0.15 0.326 0.688 0.994

BJ
RMSE 0.406 0.449 0.45 0.501 0.624 0.716

MAE 0.212 0.256 0.274 0.338 0.428 0.477

prediction horizons, which stems from the minimization
criteria of cumulative open loop simulation mean squared
error. This is of major importance for the declaration of the
nominal consumption profile and the feasible flexibility of
the aggregated smart homes in the day-ahead auction and
balancing market. Finally, the open loop simulation results
of the identified regression models on the test data for the
selected prediction horizon lengths are depicted in Fig. 6.
The employed excitation signal of the model, i.e. the electric
energy consumption Ee,ac in the test data is depicted in
Fig. 5.

Fig. 4: Box plots of regression models performance for
specific prediction horizon lengths.

Fig. 5: Time response of the electric energy consumption
Ee,ac test data.



(a) 1-hour prediction part 1/2 (b) 1-hour prediction part 2/2

(c) 9-hour prediction part 1/2 (d) 9-hour prediction part 2/2

(e) 24-hour prediction part 1/2 (f) 24-hour prediction part 2/2

(g) 36-hour prediction part 1/2 (h) 36-hour prediction part 2/2

Fig. 6: ARX, ARMAX, ARARMAX and BJ models open loop simulation performance on the test data for the selected
prediction horizon lengths, divided in two equal parts for better readability.

VI. CONCLUSIONS

This paper presents the results of a zone thermodynamic
model identification based on a typical smart-home set-
up with an air-conditioner (A/C) unit for thermal comfort
control. The A/C unit is planned to be used for electrical
grid ancillary service provision. Its mathematical model is

an integral part of the developed input-output thermodynamic
model. The model is linear with respect to the model inputs
which will facilitate the computation of the optimal control
policy of the smart home ensemble. The model identification
was performed in the heating season whereas the model
parameters should generally adapt to the change in the



operating conditions and the season which means that the
model parameters should be repeatedly estimated.

The employed temperature measurements are discrete-
valued which makes the validation of the system response in
the near to stationary conditions difficult, or even impossible,
to reconstruct. Thus, further evaluation should be done with
discrete-time sampling of the temperature measurements on
a larger dataset in order to get more accurate estimate of
the real model performance with the 15-minute sampling
interval.

The presented results show that different regression mod-
els can be used for the air temperature prediction given the
weather predictions and the electric energy consumption of
the A/C unit, whereas the BJ model performs the best in
the longer prediction horizons and the ARARMAX model
is the most accurate in the shorter prediction horizons. One
can use the ensemble of different models to further increase
the model prediction accuracy.

In future work the recursive model parameters identifica-
tion with the disturbance estimation will be developed. Fur-
thermore, the algorithm for computing the A/C commands
based on the energy consumption reference value will be
developed. The sensitivity of the aggregated smart homes
power consumption uncertainty to the weather prediction
errors as well as electric energy prediction errors will be
considered. The developed mathematical models will be used
in the model predictive control design for the smart home
ensemble.
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