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Abstract—Building energy accounts large amount of the total
energy consumption, and smart building energy control leads
to high energy efﬁciency and signiﬁcant energy savings. A
compact and accurate building thermal model is important for
designing the efﬁcient energy control system. In this paper, we
propose an accurate thermal behavior modeling technique for
general and complicated buildings. This new modeling technique
builds compact thermal model by system identiﬁcation using
temperature and power data obtained from EnergyPlus software,
which can provide realistic temperature, weather and power
data for buildings. In order to make the best use of data from
EnergyPlus and avoid the overﬁtting problem associated with
the system identiﬁcatoin method, a cross-validation technique is
employed to generate multiple thermal models to ﬁnd the optimal
model order. The ﬁnal model is then generated by performing a
regular system identiﬁcation using the previously selected order.
Experimental results from a case study of a 5-zone building have
shown that the proposed method is able to ﬁnd the optimal model
order, and the building models built by the proposed method can
achieve 1-3% average errors and less than 10-18% maximum
errors for the estimation of zone temperatures for about a one
year period.

I. I NTRODUCTION
It is estimated that building section accounts for about 40%
energy consumption in United States. The building section is
also responsible for 70% of electricity use. About 50% of
the energy consumed in buildings are directly related to space
heating, cooling and ventilation [1]. As a result, it is important
to control the heating, ventilation and air conditioning (HVAC)
system in a more energy-efﬁcient way.
Smart buildings today have sophisticated and distributed
control systems as part of a Building Automation System
(BAS). The task of a BAS is to maintain building climate
within a speciﬁed range, control the lighting based on the
occupancy schedule, and monitor the system performance and
failures. To achieve these tasks, a BAS needs complicated and
advanced control techniques such as model predictive control
(MPC) method to minimize energy consumption of the HVAC
system and satisfy the temperature and input constraints [12].
However, the MPC based control could have high computational requirements depending on the number of control variables, the time horizon for the optimization, the discretization
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for the control decisions and model complexity. One critical
issue in effective MPC control is to have compact state space
thermal model of large buildings.
Building performance simulation has been well studied in
the past [11]. Simulation programs such as EnergyPlus [3]
from U.S. Department of Energy, and TRNSYS [2], which are
both based on the ﬁrst principle of dynamic heat transfer and
air ﬂow have been developed. However, for practical buildings,
those simulators have very high computational cost due to their
detailed modeling of the underlying physics and interactions
among the components of buildings, which makes them less
suitable for MPC based thermal control for smart buildings.
To mitigate this problem, compact thermal modeling methods for buildings have been proposed recently [4], [6], [9]. Existing approaches include the reduced order modeling method
using the classic truncated balanced realization method [9],
aggregation-based reduction approach, which performs localized reduction (aggregation) so that some network properties
can be preserved [4], and the ad-hoc model reduction method,
which extracts the basic linear dynamics of thermal behaviors
of a building from the EnergyPlus program [6]. All those
existing compact modeling approaches can be viewed as the
white-box models, which start with accurate and detailed models from the ﬁrst principle and then perform approximation to
obtain compact models via model order reduction, aggregation
or ad-hoc dynamics extraction. But those methods suffer from
several problems. First, those methods need to know the
detailed structures or equations of the thermal systems to start
with, which need steep learning curves to learn and extract.
For commerical building simulation tools, this will become
impossible. Second, they may suffer signiﬁcant accuracy loss
during the reduction process as many assumptions were made
such as linear system models [6], ignorance of cooling and
exhaust loads [4].
In this work, we look at the more powerful top-down blackbox based behavioral modeling technique to address this issue.
The idea is to build mathematical behavioral models from the
input and output traces of the dynamic thermal systems via
robust numerical approaches. Existing works consist of the
matrix pencil method [7], [10] and the subspace identiﬁcation
method [5], [13]. The major advantage of such pure behavioral
modeling methods are their ﬂexibility and simplicity as no
physical restrictions and assumptions are made or required
for the models. They are also very accurate as the training
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is based on accurate data from physical measurement or
detailed numerical simulation. The new approach is based
on the recently proposed subspace identiﬁcation method to
obtain the control-friendly state space models for building
thermal behaviors [8]. The training data is obtained from
the EnergyPlus software package [3], which is a suite of
algorithms that calculate the energy required to operate a
building and its resulting thermal behavior based on numerous
considerations ranging from the speciﬁcs of the structure,
ambient temperature, heating, ventilation, and air-conditioning
(HVAC) inputs, power consumption of CPUs, lighting, number
of occupants in a zone, resulting temperature traces of zones,
and other factors that we are interested in. We also study the
relationship between model order and model prediction accuracy, and use cross-validation technique to ﬁnd the optimal
order to avoid both the overﬁtting and underﬁtting problems.
Experimental results from a case study of a 5-zone building
show that the building models built by the proposed method
can achieve 1-3% average RMS errors and 10-18% maximum
errors for the estimation of zone temperatures for about a one
year period.

(a) side view

(b) top view

II. R EVIEW OF E NERGY P LUS FOR ENERGY SIMULATION

Fig. 1: The 5-zone ofﬁce building.

OF BUILDING

In this section, we review the EnergyPlus software program,
which provides accurate input and output traces from buildings
for the new thermal modeling algorithm.
The EnergyPlus software package [3] is a suite of algorithms that calculate the energy required to operate a building
and its resulting thermal behavior based on numerous considerations ranging from the speciﬁcs of the structure, to heat
sources and sinks within the building, and weather. EnergyPlus
consists of an integrated solution manager which manages
the calculation of the heat balance of various surfaces in the
building, the heat balance of the air, and the heat balance
on the mechanical systems. The solution to each of these
three elements are calculated separately and communicated
to each other using the manager at each time step. Due to its
modularity, it is easy to establish links to other programming
links.
An input data ﬁle (IDF) and weather ﬁle are needed for the
EnergyPlus simulation. The IDF includes all the information
of the building such as size, structure, position and the HVAC
subsystem etc. The IDF editor in EnergyPlus can be used to
change parameters of the building, the schedule of the HVAC
subsystem and also the output information. The selected output
information will be generated in the spreadsheet ﬁle after
running the simulation.
Fig. 1 shows the side view and the top view of an ofﬁce
building with 5 zones and HVAC modeled in the EnergyPlus. The heat sources for this building can be HVAC,
light, occupants, electric equipment, air ﬁltration, etc. The
zone temperature is also affected by the weather (ambient
temperature). The zone temperature is controlled by the HVAC
system with coil and fan as shown in Fig. 2. The air of a zone
is cooled or heated in the coil and goes back to the zone. The
coil itself is a heat exchanger. Besides the air loop, the coil has
a water loop coming from the boiler or chiller to control the
temperature of the air. Fig. 3 shows the simulated temperature
changes over 500 hours in the 5 zones from this building from
EnergyPlus.

Fig. 2: A HVAC in a zone with coil and fan system

III. R EVIEW OF SUBSPACE METHODS FOR SYSTEM
IDENTIFICATION

Given input u(t) and output y(t), subspace identiﬁcation
method identiﬁes the state matrices A, B, C, and D of (1).
x(t + 1)
y(t)

=
=

Ax(t) + Bu(t),
Cx(t) + Du(t),

(1)

where A ∈ Rl×l is a stable matrix, l is the number of states.
B ∈ Rl×k , C ∈ Rq×l , and D ∈ Rq×k .
The subspace identiﬁcation basically tries to ﬁrst identify
the system states (Kalman states), then the state matrices will
be obtained by the least square based optimization method [8].
There are several implementations such as the Ho-Kalman’
method, the MOSEP method and the N4SID (Numerical
algorithms for Subspace System Identiﬁcation) method [13].
In this paper, we apply the widely used N4SID method for
this system identiﬁcation problem.
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Fig. 3: The temperature changes of 5 zones in over 500 hours
A. Method ﬂow of N4SID
Deﬁning the input Hankel matrix of an l-order system as
⎤
⎡
u(a)
u(a + 1) · · · u(a + N − 1)
u(a + N ) ⎥
⎢ u(a + 1) u(a + 2) · · ·
⎥
Ua|b := ⎢
..
..
..
..
⎦ (2)
⎣
.
.
.
.
u(b)
u(b + 1) · · · u(b + N − 1)
∈ R(b−a+1)p×N ,
and the output Hankel matrix Ya|b is deﬁned accordingly. The
state sequence is deﬁned according to a given number a and
the arbitrary number N as
X(a) := [x(a), x(a + 1), . . . , x(a + N − 1)] ∈ R

l×N

. (3)

Based on the previous deﬁnition, the past input, output Hankel
matrices and state sequence is deﬁned as
Up := U0|k−1 , Yp := Y0|k−1 , Xp := X(0),

(4)

Additionally, the extended observability matrix Ok is deﬁned as follows
⎡
⎢
Ok := ⎢
⎣

(5)

The past data matrix and future data matrix now is deﬁned as


Up
Uf
, Wf :=
.
(6)
Wp :=
Yp
Yf
The number k and N , which determine the row and column
size of the input and output Hankel matrices, are determined
by the user according to the number of input samples available
along the time axis. Also, k > l should be satisﬁed given that
l is the order of the system.

⎤
⎥
⎥ ∈ Rkq×l ,
⎦

(7)

CAk−1
where q is the number of output ports.
In N4SID algorithm, an important property which can be
proved is
PUf (Yf , Wp ) = Ok Xf ,

(8)

where PB (A, C) represents an oblique projection of the row
space of A onto the row space of C along row space of B [8],
[13], [14].
By applying Singular Value Decomposition (SVD) on the
left hand side of (8), there is


and the future input, output Hankel matrices and state sequence
as
Uf := Uk|2k−1 , Yf := Yk|2k−1 , Xf := X(k),

C
CA
..
.

PUf (Yf , Wp ) = [U1 U2 ]

Σ1
0

0
0



V1T
V2T

= U1 Σ1 V1T .

(9)
From (8) and (9), the extended observability matrix Ok and
the future state sequence Xf are readily identiﬁed as
1/2

Ok = U 1 Σ 1 ,

(10)

Xf =

(11)

1/2
Σ1 V1T .

Now the state sequence Xf = X(k) = [x(k), x(k + 1), · · · ,
x(k + N − 1)] is identiﬁed, we can proceed to determine the
system matrices A, B, C, D. Speciﬁcally, deﬁne the following
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(N − 1)-column matrices (compared to the previously deﬁned
N -column matrices) as
:= [x(k + 1), x(k + 2), . . . , x(k + N − 1)],
:= [x(k), x(k + 1), . . . , x(k + N − 2)],
:= [u(k), u(k + 1), . . . , u(k + N − 2)],
:= [y(k), y(k + 1), . . . , y(k + N − 2)].

ϭ Ϯ ϯ ϰ ϱ ϲ ϳ ϴ ϵ ϭϬ ϮŶĚ ǀĂůŝĚĂƚŝŽŶ

(12)
(13)
(14)
(15)

All the four matrices are known or identiﬁed already. Then, the
system matrices are solved as a least square problem directly
from



X̄k+1
X̄k
A B
=
.
(16)
C D
Ȳk|k
Ūk|k
IV. T HE PROPOSED NEW COMPACT MODELING
ALGORITHM FOR BUILDING

In this section, we present the modeling scheme by using the
subspace identiﬁcation method to build the compact thermal
model for the building.
To build the compact thermal models for the building, we
know that a zone temperature is affected by many factors. First
of all, the zone temperatures are controlled by HVAC systems
inside the building, as well as other factors such as lighting and
number of occupants. Besides that, the ambient temperature or
weather, which varies from day to night, and summer to winter,
also has a huge impact on the zone temperatures. In this work,
we treat all the HVAC power inputs, ambient temperature and
other factors such as occupant factor, electrical equipment and
zone inﬁltration (as a heat loss factor), as inputs to the system and individual zone temperatures as their corresponding
outputs.
For subspace identiﬁcation method, one critical issue is in
ﬁnding the best order to avoid the overﬁtting and underﬁtting problems [8]. If we select larger model order than the
actual order needed for the system we are modeling, we may
model many noises instead of the true system dynamics (its
poles/zeros), this is called overﬁtting. On the other hand, if
we use less order than the true orders of the system, we may
run into an underﬁtting problem.
In order to ﬁnd the optimal order to avoid both overﬁtting
and undeﬁtting problems, one straightforward way is through
performing a linear sweep by varying the order number and
record the simulation’s validation phase absolute RMS error.
Then, the order with the smallest error can be chosen as
the desired order to avoid both overﬁtting and underﬁtting
problems. However, performing such an order selection has
two major drawbacks. First, we cannot use all samples to do
the training in the process of ﬁnding the optimal order. That
is because we have to reserve part of the sample for validation
in order to compute the error. Second, for each order, we
only obtain one identiﬁed model, with only one corresponding
error. Such identiﬁed model has uncertainties to be possibly
more accurate or less accurate than “normal” (here “normal”
accuracy indicates the average error from models built from
different data samples, with the same order), by “better” or
“worse” than average set of training samples used. Such two
problems may lead to chosen order which is only suboptimal.
In order to mitigate the mentioned problems, we use crossvalidation technique in the order selection process. As discussed before, in traditional methods, part of the data need
to be used in the validation process in order to get the error

͘͘͘

X̄k+1
X̄k
Ūk|k
Ȳk|k

ϭ Ϯ ϯ ϰ ϱ ϲ ϳ ϴ ϵ ϭϬ ϭƐƚ ǀĂůŝĚĂƚŝŽŶ

ϭ Ϯ ϯ ϰ ϱ ϲ ϳ ϴ ϵ ϭϬ ϭϬƚŚ ǀĂůŝĚĂƚŝŽŶ
dŚĞ ƐŚĂĚŽǁ ƉĂƌƚƐ ƌĞĨĞƌ ƚŽ ƚŚĞ ǀĂůŝĚĂƚŝŽŶ ƐĞƚƐ͕ ŽƚŚĞƌƐ ĂƌĞ ƚƌĂŝŶŝŶŐ ƐĞƚƐ͘

Fig. 4: The algorithm processing chart of 10-fold crossvalidation.

information. Then, such data cannot be used in training, and
is considered to be “wasted”, because their information is not
used to build the model for order selection. Cross-validation
solves such problem by dividing the data samples into k parts.
Then, for each potential model order, it will perform training
and validation process for k rounds. For the i-th round, the
i-th part of the data is taken for validation, and the remaining
data are taken for training. As a result, all data will be used
for k −1 times for training in the total k rounds, and no data is
wasted. After k rounds of training and validation, the average
error is computed using all k errors from k rounds of validation
process for each potential model order. Then, the optimal order
is selected as the order with the smallest average error. Such
average error scheme further relieved the uncertainty problem
in traditional order selection scheme. When we choose k
partitions in the data set and perform k rounds of training
and validation, we call such method as k-fold cross-validation.
Choosing different values of k affects efﬁciency and accuracy
of cross-validation: larger value of k leads to less uncertainty
but slower order selection speed. The most common choice of
k is 10, and one simple illustration of 10-fold cross-validation
is shown in Fig. 4. After the optimal order is selected, all data
(all k parts) are used for the ﬁnal training process and generate
the ﬁnal model with the previously determined optimal order.
V. N UMERICAL RESULTS AND DISCUSSIONS
The proposed method has been implemented in MATLAB
with its System Identiﬁcation Toolbox.
In the sequel, the relative error is calculated by Error =
|s−e|
where s is the estimated result from model and e is the
e
EnergyPlus data. Then relative root mean square (RMS) error
is calculated. And the maximum relative error is determined
by taking the largest value of the relative error vector.
First, for the ofﬁce building with 5 zones shown in Fig. 1,
we treat HVAC data and these extra factors as system inputs
and the 5 individual zone temperatures as outputs, and collected the input-output samples for one year (one sample per
hour for 8760 hours in one year). From all these data, 7760
samples of 5 zones is used for training and validation to select
the proper order for the model, while another set of 1000
samples is reserved as the testing set to evaluate the accuracy
of the ﬁnal model.
Then, we use 10-fold cross-validation method on the 7760
samples to ﬁnd the optimal order. The average error of 10
validation errors (by 10 training and validation rounds) for
each order is recorded, and shown in Fig. 5. The optimal
order selected by cross-validation is 57, as can be also seen
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TABLE I: The validation errors for the 57-order model selected by the cross-validation method and 65-order model selected
by the traditional method.
absolute RMS error
Relative RMS error
Order=57
Absolute maximum error
Relative maximum error
absolute RMS error
Relative RMS error
Order=65
Absolute maximum error
Relative maximum error

Zone 1
0.7788
0.0326
4.9824
0.1794
0.7970
0.0332
5.1348
0.1849

Zone 2
0.7190
0.0322
3.8895
0.1506
0.7418
0.0330
4.0042
0.1430

Zone 3
0.4961
0.0236
2.1354
0.1122
0.5118
0.0245
2.0801
0.1090

Zone 4
0.4925
0.0231
2.2024
0.1023
0.5321
0.0248
2.5728
0.1196

model accuracy & model order
9

model accuracy & model order
9

training set
validating set

8

7
absolutely RMS error

absolutely RMS error

training set
validating set

8

7
6
5
4
3
2

6
5
4
3
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1
0

Zone 5
0.3620
0.0163
1.5029
0.0671
0.3794
0.0170
1.5115
0.0688
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Fig. 5: The RMS error vs. model order using cross-validation
method. The “training set” line means accuracy tested on the
training data set, and the “validating set” line means accuracy
tested using the validation data set.
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Fig. 6: Accuracy test of the 57th-order model. Only results
of the ﬁrst two zones are shown. “original data” means the
temperature data obtained from EnergyPlus, and serves as
samples. “output data” denotes the temperature data calculated
by the 57th-order model.

Fig. 8: Accuracy test of the 65th-order model. Only results
of the ﬁrst two zones are shown. “original data” means the
temperature data obtained from EnergyPlus, and serves as
samples. “output data” denotes the temperature data calculated
by the 65th-order model.

421

5A-1
30 to 70, with a slightly larger maximun error at 70, showing
that there is no need to choose a higher order.

ƚĞƐƚŝŶŐĞƌƌŽƌǀĞƌƐƵƐŵŽĚĞůĞƌƌŽƌ
ĂďƐŽůƵƚĞZD^ĞƌƌŽƌ

ĂďƐŽůƵƚĞŵĂǆŝŵƵŵĞƌƌŽƌ

ϲ͘Ϭϭϴϴ

ϯ͘ϯϳϰϰ

ϯ͘Ϭϳϲϱ

ϯ͘ϭϲϮϳ

ϯ͘ϬϲϴϬ

ϯ͘Ϭϴϳϭ

ϯ͘ϭϯϮϲ

ϭ͘ϳϬϱϱ
Ϭ͘ϲϳϬϳ
ŽƌĚĞƌсϭϬ

ŽƌĚĞƌсϮϬ

Ϭ͘ϲϮϲϵ
ŽƌĚĞƌсϯϬ

Ϭ͘ϲϭϱϬ
ŽƌĚĞƌсϰϬ

Ϭ͘ϲϭϬϰ
ŽƌĚĞƌсϱϬ

Ϭ͘ϲϬϮϲ
ŽƌĚĞƌсϲϬ

Ϭ͘ϱϴϱϲ
ŽƌĚĞƌсϳϬ

Fig. 9: The testing error vs. model order. The errors are
generated using the reserved 1000 testing data set.

in the ﬁgure. Then, we use all the 7760 samples for subspace
identiﬁcation training process, and generate the ﬁnal model
with the order of 57. In order to test the accuracy of the ﬁnal
model, we use the reserved 1000 samples from the testing set
to evaluate the error of the ﬁnal model. Fig. 6 shows part of the
testing results of the ﬁnal model. Due to the page limitation,
only results of two zones are shown, and the other three zones
have similar results.
In order to make comparison, we take a traditional experiment, that is, treating the last 776 samples from the 7760
samples as validation set, and taking the other samples as
training set. Then we record the errors of models with different
orders, and get the curve as shown in Fig. 7. Please note
that this time, each error is generated by one model only,
comparing with the average error by multiple models in the
cross-validation case. This time, model with order of 65 has
the minimum validation error, and 65 is chosen as the ﬁnal
order. Then, we train the ﬁnal 65-order model using all data
as training data. The accuracy test of the ﬁnal model is also
performed on the reserved 1000 testing samples. Fig. 8 shows
the testing result of the 65-order ﬁnal model, which dose not
show signiﬁcant difference comparing with the previous 57order model case, meaning both of them are accurate enough
as the thermal behavior model of the building.
In order to study the results numerically, we computed the
RMS errors and maximun errors of different zones for both
57-order case found by cross-validation and 65-order case by
traditional method. The results are given in Table I. Through
the table, a conclusion can be drawn that cross-validation
yields more accurate results, even with a lower order model,
which means the order selected by cross-validation is better
than that selected by traditional method.
Finally, in order to study the testing results of models with
different orders, we computed the testing errors of 7 models,
with orders ranging from 10 to 70. All the 7 models are trained
by using all 7760 samples, and tested on the 1000 testing data.
Fig. 9 presents histogram of the testing RMS and maximun
errors of different orders. The testing error has a fast decrease
from order 10 to order 20, revealing underﬁtting for low order
models. The error becomes steady starting from the order of

VI. C ONCLUSION
In this article, we have proposed a new compact building thermal modeling method for control-oriented building
performance analysis, which is critical for energy-efﬁcient
smart building control. The approach is based on the recently
proposed subspace identiﬁcation method to obtain the state
space models for building thermal behaviors. The input power
traces and output zone temperatures were obtained from the
EnergyPlus program, which can accept various transient inputs
such as ambient temperature, heating, ventilation, and airconditioning (HVAC) inputs, power consumption of CPUs,
lighting and number of occupants in a zone and resulting
temperature traces of zones. We also studied the relationship
between model order and model prediction accuracy, and used
cross-validation technique to avoid both the overﬁtting and
underﬁtting problems. Experimental results from a case study
of a 5-zone building have shown that the proposed method is
able to ﬁnd the optimal model order, and the building models
built by the proposed method can achieve 1-3% average errors
and less than 10-18% maximum errors for the estimation of
zone temperatures for about a one year period.
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