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Abstract—Smart buildings are playing a more important role
in everyday lives of people. One important goal of creating
smart buildings is to offer highly comfortable services to the
occupants at the lowest cost. In-building temperature modeling
and measurement is a critical task to facilitate high-quality
service with low cost. In this paper, we give an overview of
state-of-the-art cyber-physical temperature estimation methods
in smart buildings. For temperature modeling, by adopting an
orthogonal matching pursuit algorithm, the modeling cost and
accuracy can be both improved compared with the conventional
least-squares fitting method. For temperature measurement, by
combining temperature modeling with few sensor measurements
using a Bayesian model fusion framework, the spatial tempera-
ture distribution can be accurately estimated.

I. INTRODUCTION

Nowadays, as people’s demands in the comfort level and
energy efficiency increase speedily, advanced technologies
greatly promote the development of smart buildings. Smart
buildings are playing a more important role in everyday
lives of people, and people are living in a more comfortable
and smart environment. Smart buildings can offer numerous
opportunities to improve the energy efficiency and comfort
level through efficient temperature and energy control systems.
Offering highly comfortable services to the occupants at the
lowest energy consumption and environmental impact has be-
come one of most important goals of modern smart buildings.

In order to achieve a high energy efficiency and provide a
high thermal comfort level to the occupants, we first need
to create a temperature and energy model to predict the
in-building temperature and energy consumption. Building
simulation is widely used at the design stage to achieve this
goal [1]. Through building simulation, we can achieve many
advantages for designing energy-efficient smart buildings. For
instance, temperature and energy models can be created, so
that we can identify the most important factors that influence
the building performance most. This step is usually called a
sensitivity and uncertainty analysis [2]. Through the sensitivity
and uncertainty analysis, we can investigate various strategies
to improve the energy efficiency. However, models created
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by building simulation are prior models which are based on
prior knowledge obtained at the design stage. It is difficult to
consider real-time and real-world information (e.g., weather
and environment variations) in building simulation. On the
contrary, sensor-based real-time temperature monitoring is a
practical solution to this problem.

Real-time temperature monitoring and control in smart
buildings usually involves an automatic temperature manage-
ment system. As heating and cooling account for 30% to
50% of the total building energy consumption [3], efficiently
implementing such a smart temperature management system
can significantly reduce the building energy cost, and thus, the
energy efficiency can be improved. Apparently, the efficiency
of such a system heavily relies on monitored or measured in-
building temperature. As a result, accurate temperature mea-
surement or monitoring is a critical task for smart buildings.

In modern smart buildings, smart temperature management
is usually implemented by a so-called cyber-physical system
(CPS) [4]. CPS is a tight integration of computation, com-
munication, and control to form an interaction loop between
the physical world and cyber elements. Typically, the physical
world is sensed by sensors and the sensory data are processed
by the cyber elements. Decisions are made and then sent to
actuators to control the physical world. In recent years, there e-
merges several researches that utilized the CPS technique such
as Internet of Things (IoT) and wireless sensor network (WSN)
to monitor or measure the in-building temperature [5], [6].
There is a shortage with these IoT/WSN-based approaches.
For a large building, a wireless network with a large number
of sensors is required, which suffers from high cost and high
complexity. We also need to carefully design the network
architecture, network protocol, data processing algorithm, etc.
to make the system highly scalable. In addition, sensors can
age and have drifts [7], so a large network with a large number
of sensors also suffers from high maintenance cost.

In this paper, we give an overview of state-of-the-art cyber-
physical temperature modeling and estimation approaches for
smart buildings. First, by adopting a sparse regression method
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named orthogonal matching pursuit (OMP), the modeling
cost and accuracy can be both improved compared with
the conventional least-squares (LS) fitting method [8]. We
will further show that, by adopting a Bayesian model fusion
(BMF) method, the prior temperature model can be combined
with few sensor measurements to accurately predict the in-
building temperature [9]. By combining prior models and
sensor measurements, we can take advantages of both the
simulation-based and IoT/WSN-based approaches, and thus,
low cost and high accuracy are both achieved.

The rest of this paper is organized as follows. In Section II,
we present the background about temperature modeling in
smart buildings. We introduce the sparse regression algorithm
for temperature modeling in Section III. The BMF method for
temperature estimation is explained in Section IV. Finally, we
conclude in Section V.

II. BACKGROUND

In this section, we will review the background about tem-
perature modeling in smart buildings, covering two important
topics: (i) problem formulation, and (ii) uncertainty/sensitivity
analysis.

A. Problem Formulation

Given a building, its in-building temperature at different
locations depends on many factors, including indoor factors
such as the heating/cooling power and outdoor factors such
as the weather and atmospheric temperature. We use a vector
X = [zg, 21,72, ,2K]T (zo = 1) to denote all these inde-
pendent factors that may affect the in-building temperature,
where K is the number of independent factors. Let N be
the number of locations in the building. The temperature of
location n (n = 1,2,---,N), t{™, can be expressed as a
function of all these independent factors, i.e.,

t™) =t (2,21, k). (1)

Please note that X includes both global factors for all
locations and local factors for each location. In practice, the
following linear model is widely used to approximate the
temperature of each location [10]-[13]:

K K
) — Z a,(c"):rk = a(()") + Z a,i")wk, (2)

k=0 k=1
where {a,gn); k=0,1,---,K} are the model coefficients of

the nth location. For convenience, Eq. (2) can be converted
into a matrix form for all locations:

T = AX, 3)

where A € RV*(K+1) 5 a matrix containing all the model
coefficients, i.e., A, = oz,(C"), and T = [t ¢(2) ... (V)T
is the temperature vector. The model coefficients A can be
approximately solved by linear regression methods [14] such
as LS fitting [15] based on simulation data, which will be
introduced in the below.

B. Uncertainty/sensitivity Analysis

In the design stage, we cannot exactly know many important
factors (e.g., temperature/weather, properties of materials, etc.)
that affect the in-building temperature of a building. In this
case, all the independent factors must be modeled as a set of
random variables, instead of deterministic values. Therefore,
the in-building temperature cannot be deterministically solved
in the design stage, posing the need of uncertainty/sensitivity
analysis. The purpose of uncertainty/sensitivity analysis is to
determine the temperature variation of each location and the
most important factors contributing to it.

Under the the linear model assumption of Eq. (2), the
sensitivity of each factor xzx (kK = 0,1,---,K) for each
locationn (n = 1,2, --- , N) is just the model coefficient a,(cn).
Consequently, to perform uncertainty/sensitivity analysis, we
need to solve the model coefficient matrix A. We assume that
the prior distribution of each factor x; (K = 1,2,--- | K)
is known in the design stage, which is denoted as pdf(xy),
where pdf () means the probability density function. The prior
distribution of each factor can be any distribution, e.g., normal
distributions, uniform distributions, triangular distributions,
etc. Typically, an uncertainty/sensitivity analysis flow includes
the following three major steps [16].

1) According to the defined prior distributions of all the
independent factors, generate a number of (say, S,
S > K +1) samples X (1), X(3), -+, X(g) by design of
experiments [17] such as Latin hypercube sampling [18].

2) Perform S independent building simulations for these .S
samples. Collect the temperature data of each location
of the .S samples from the simulation results.

3) Solve the model coefficients for each location by LS
fitting [15] based on the following over-determined
linear system:

Y[a™ ol (my7 _ [y(m) ()

n)hT
’al 7...)OéK (1)’(2)’... t( )]

7(S)

)

“4)
where Y = [X(1)7X(2),'~ ,X(S)}T e RS*X(E+D g
the regressor matrix containing all the sampling values,
which is generated in step (1), and t(z) is the simulated
temperature of the nth location for the sample X,
which is collected in step (2).

III. TEMPERATURE MODELING BY SPARSE REGRESSION

In the conventional LS fitting method, the number of sam-
ples (i.e., S) must be larger than the number of independent
factors (i.e., K 4 1) to form an over-determined linear system.
As a result, if K is large, a large number of samples must be
generated and simulated in order to train a high-dimensional
regression model. This requirement leads to a prohibitively
high computational cost due to a large number of building
simulations.

In most practical applications, there are only a small number
of important factors that can significantly affect the in-building
temperature. In other words, for each location, most compo-
nents of oz(()"),agn)7 e ,a%) are close to zero. As a result,
we can adopt sparse regression methods to solve the model
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coefficients from a small set of simulation samples. In this
paper, we introduce an Ly-norm regularization method named
OMP [8], [19]-[21], one of the well-known sparse regression
methods, to find the sparse solution of the model coefficients.

The Lyp-norm regularization method converts the solving of
the linear system in Eq. (4) into the following optimization
problem:

[rllz = [[Ya™ — ],

minimize
. (n) ®)
subject to [la'™]]o < A,
where a(™ = [aén),ayl),--- ,a§?>]T, tm =
[t ) t(ENT, and || - [lo and || - || are the Lo-

(1) h@) .
norm and Ly-norm of a vector, respectively. Ly-norm means

the number of nonzeros in a vector, which also means the
sparsity of the vector. By constraining the Ly-norm of (™),
the optimization in Eq. (5) attempts to find a sparse solution
a™ such that the Ly-norm of the residual is minimized.
The parameter A in Eq. (5) explores the tradeoff between the
sparsity of o™ and the modeling accuracy. A large A usually
results in a small residual. However, a small residual does
not necessarily mean a small modeling error, because the
model may be over-fitted for the given samples. In practice,
the optimal A can be determined by the cross-validation
technique [14]. It has been proved that the optimization
problem in Eq. (5) is non-deterministic polynomial-time (NP)
hard [19], so it is difficult to solve. OMP is an efficient
heuristic algorithm to solve it. Since Eq. (5) has exactly the
same form for each location, in what follows, we will ignore
the location index (n), which will not lead to confusion.

A. Orthogonal Matching Pursuit

In this subsection, we will describe the details of OMP,
including a basic theory of factor selection and an iterative
flow to solve the model coefficients.

1) Factor Selection: The purpose of OMP is to identify
a subset of factors which have the largest impact on the
temperature ¢. OMP uses the inner product between the
temperature ¢ and factor z; to measure the importance of
z; 1 = 0,1,---,K). If all the independent factors are
appropriately normalized, the inner product between ¢ and x;
exactly equals the model coefficient o, i.e.,

K
(twi) = o (wi, an) = o (6)
k=0

This is the reason why the inner product can be adopted as a
good criterion to measure the importance of each factor.

In practice, we do not know the analytical form of ¢ so the
inner product in Eq. (6) should be numerically calculated from
a set of samples. Based on the generated random samples, the
inner product is approximated by
1
S

where Y; € R9%! represents the ith column of the matrix Y.

(t, ;) = S Y]t (7

2) Iterative Algorithm: OMP applies an iterative algorithm
to solve the optimization problem in Eq. (5). At each iteration
step, it finds a factor which is most correlated with the
temperature by evaluating the inner product defined by Eq. (7).
The iteration continues until A important factors are found.
Finally, the temperature ¢ is approximated by the selected
factors.

At the beginning of the iteration process, the first important
factor x4 is selected such that | (¢, zs) | is the largest over
the set {| (t,zx)|;k =0,1,--- ,K}. Once x4 is chosen, t is
approximated by xs;:

=~ as1Ts1, ®)

where a; is calculated from the following LS fitting problem:

min(iln}ize [las1Ys1 — t]]2. )

Next, OMP removes the component agjxs; from ¢ and
calculates the residual:

(10)

r=t—asYs.

The second important factor is selected from all the unselected
factors such that it corresponds to the largest inner product
magnitude. Let z45 be the second important factor. Now, ¢ is
approximated by both x4, and x,o:

(1)

where as1 and oo are solved from the following LS fitting
problem:

t~ Qs1Ts1 + Q52T 52,

minimize ||as1Ys1 + @s2Y o — t]o.
Q51,052

12)

The aforementioned iteration process will continue until A
factors are selected. The model coefficients corresponding to

Algorithm 1 The OMP algorithm.

Input: The linear system Yo = t and the Ly-norm constraint
A
Output: The model coefficients & = [ag, a1, , ax
1: Initialize the index set S = (), and the residual r = t.
2: for p=1to X\ do
3. Select the index s such that [Y7r| takes the largest
value over the set {|Y7r|;i ¢ S}. Update the index set
S=8U{s}.
4:  Solve the following LS fitting problem:

.

inimi Y — t||2, 13
minimize | ; a 2 (13)
and then approximate ¢ by the selected factors:
ta Y . (14)
ies
5. Update the residual r =t — > ;Y.
ieS
6: end for
7: For i ¢ S, set a; = 0.

Authorized licensed use limited to: Univ of Calif Riverside. Downloaded on June 24,2026 at 07:51:44 UTC from IEEE Xplore. Restrictions apply.



S
%

o ——LS
Zo¢ M —=OMP
£o.
o0
£
£ 04
=
=]
=
0.2

100 200 400 800 1600 3200 6400
# of training samples

Fig. 1: The modeling error is shown as a function of the
number of training samples.

TABLE I: Comparison on modeling error and cost.

LS OMP

# of samples 5500 300
Modeling error  0.41 °C 041 °C

Simulation time 42.8 h 23 h

Fitting time 11.0 s 02s

Total cost 428 h 23 h

the unselected factors are set to zero. Algorithm 1 summaries
the overall flow of OMP. Once we have solved the model
coefficients for all the locations, the temperature model in
Eq. (3) is created.

B. Case Study

We use a building example to demonstrate the efficiency
of the OMP algorithm for building temperature modeling. A
building with 90 locations is created. We assume that there is
no temperature variation within a single location. This example
has 1106 independent factors. The probability distributions of
these factors include Gaussian and uniform distributions. Latin
hypercube sampling [18] is used to generate 8000 random
samples where 6000 samples are used for model training and
the other 2000 samples are used for error estimation. The
building is simulated using EnergyPlus [22] on a desktop with
a 4-core Intel i7 CPU and 16GB memory. In what follows,
we will use the average temperature of a specific location as
an example to compare OMP with LS in terms of both the
modeling accuracy and computational cost.

Fig. 1 shows how the modeling error varies with the number
of training samples. For both LS and OMP, the modeling
error decreases as the number of samples increases. However,
given the same number of samples, OMP is able to achieve
substantially higher accuracy than LS, especially if only few
samples are available. Table I further compares the modeling
error and cost between LS and OMP. The overall modeling
cost includes two parts: (i) simulation time and (ii) fitting
time. Table I indicates that the overall modeling cost is dom-
inated by the simulation time. OMP achieves 18.6x speedup
over LS, without surrendering any modeling accuracy. Fig. 2
further plots the histogram of the modeling error. It further
demonstrates that OMP requires much fewer training samples
than LS in order to achieve the same modeling accuracy.
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* I * I
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(a) Modeling error of LS with
5500 training samples

Modeling error (°C)

(b) Modeling error of OMP with
300 training samples

Fig. 2: Histogram of the modeling error is estimated from the
testing samples.

IV. TEMPERATURE MEASUREMENT BY BAYESIAN MODEL
FUSION

In the previous section, based on the prior distribution of X,
we have created a temperature model for each location, i.e.,
Eq. (3). The temperature model can be used for in-building
temperature estimation and uncertainty/sensitivity analysis. In
other words, if we know the value of X, we can predict the
in-building temperature by Eq. (3). However, for a practical
building, the exact value of X cannot be obtained easily, and,
hence, it is difficult to estimate the in-building temperature by
Eq. (3) directly.

To address this challenge, we assume that a small number of
(say, M, M < N) locations are equipped temperature sensors
so that we can obtain accurate temperature measurements
with a small noise in these locations. Let (%) and (.4") be
the index sets for those locations with and without sensors,
respectively. For the locations with sensors, we have the
following temperature model:

APIX =T, (15)

where T(?) is obtained from sensor measurements. If X can
be solved from Eq. (15), the temperature of the locations
without sensors can be simply predicted by a matrix vector
multiplication:

T = AIX. (16)

This method is expected to predict the in-building temperature
under various conditions (i.e., different X), because when
creating the temperature model Eq. (3), we assume that X
follows some distribution instead of a deterministic value. As
a result, the fitted temperature model should be applicable to
any case that is in the scope of the prior distribution of X.

Eq. (15) is under-determined in practice, because M is
typically much smaller than K. Hence, Eq. (15) cannot be
solved by a conventional linear solver. In addition, X is not
sparse so sparse regression cannot be used, either. In what
follows, we will introduce a BMF method [9], [23], [24]
to solve X from Eq. (15) by maximum-a-posteriori (MAP)
estimation. As such, the temperature of the locations without
sensors can be calculated by Eq. (16).

The key idea of BMF is to combine the prior knowledge
obtained from temperature modeling with few sensor mea-
surements. It contains two core steps: 1) statistically defining
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the prior knowledge learned from temperature modeling, and
2) applying MAP estimation to solve X through Bayesian
inference.

A. Prior Knowledge Definition

As assumed in Section II, the prior distribution of each
independent factor z (kK = 1,2,---, K) is known. The joint
distribution of X is simply the product of all the individual
density functions:

K
paf (X) = ] pdf (xx). (17)
k=1
Consider the modeling error in the linear regression model
of Eq. (3):

AX =T +e, (18)

where e = [e(M)e(?) ... e(V))T is the modeling error of all
the locations. In temperature modeling, for location n (n =
1,2,--- , N), the modeling error vector of all the S samples
can be obtained as follows:

EM™ — ya — t("), 19)

where E(™ = [eg?)),egg)),~~ ,eggg]T. Once the model co-
efficients are calculated by sparse regression, we can define
the prior distribution of the modeling error. The components
of E(™ typically show a zero-mean Gaussian distribution.
Hence, we use a zero-mean Gaussian distribution to model
each e(™). The standard deviation of e(™ which is denoted
as o, equals the numerically calculated standard deviation of
E (™). The correlation coefficient between e(*) and e/) which is
denoted as p; ; equals to the numerically calculated correlation

coefficient between E(Y) and E().

B. Maximum-A-Posteriori Estimation

The goal of MAP is to solve X from Eq. (15) by maxi-
mizing the posterior distribution pdf (X\T(@)). Based on the
Bayes’ theorem, pdf (X|T(*)) is proportional to the product
of the prior distribution pdf(X) and the likelihood function
pdf (T#)]X):

pdf (XIT®) o< pdf (T®)]X) pdf(X),

where the prior distribution pdf (X) is given in Eq. (17). Based
on Eq. (18) and the prior distribution of the modeling error
defined in Section I'V-A, the likelihood function pdf (T(@) |X)
can be expressed as a multivariate Gaussian distribution which
is related to the prior distribution of the modeling error:

pdf (T(@’)|X) — v

(vam) "/

exp {; (Ax - T(@))T2*1 (Ax - T(@))] ,

(20)

2n

where X is the covariance matrix of the modeling error for
the locations with sensors, i.e., X; ; = Pp;,pjTpiOp;, Where pi
and pj are the ith and jth elements in the index set (%).

The posterior distribution can be calculated by combining
Eq. (17), Eq. (20) and Eq. (21):

K
11 pdf(xk)] :
k=1

exp { (Ax . T(@”)Tzrl (Ax _ T(@’))] .

pdf <X|T(O")) x

(22)
1
2
X can be solved from Eq. (22) by MAP estimation such that
pdf (X|T(@/)) is maximized. As it is not necessarily to assume
that each component of X is Gaussian, it may be impossible
to derive an analytical solution to maximize the posterior

distribution. Instead, the MAP estimation can be numerically
solved.

C. Sensor Placement

The accuracy of the BMF algorithm strongly depends on the
measured temperature values T(¥?), which in turn depends on
the locations of the M temperature sensors. Consequently, a
good sensor placement is required for the BMF framework.
A simple idea is to evenly distribute the M sensors over
the N locations so that the measured temperature values are
representative. To achieve this goal, we introduce a modified
Latin hypercube sampling (M-LHS) method [25] to generate
well-controlled locations of temperature sensors. The method
is quite simple. If there are rooms in the building model, we
first evenly distribute the M sensors over these rooms, and
then for each room, we evenly distribute the sensors over all
the locations in this room. If there is no rooms in the building
model, we only need to evenly distribute the M sensors over
all the N locations.

D. Case Study

We use a building example with 144 locations to demon-
strate the efficiency of the BMF method. This building has 264
independent factors where 94 and 170 factors follow Gaussian
and uniform distributions, respectively. We use 1000 samples
for training the temperature model and 50 samples for error
estimation. For the 50 testing samples, the simulated results
from EnergyPlus are treated as the ‘“actual” temperature.
We assume that sensor measurements have noise and the
noise is modeled by a zero-mean Gaussian distribution with
standard deviation of 0.3 degree. In other words, the measured
temperature of a location equals the simulated temperature
plus a randomly generated Gaussian noise.

Fig. 3 shows how the estimation error for locations without
sensors varies with the number of sensors. The estimation
error of BMF decreases as the number of sensors increases,
and saturates at about 0.12 degree when there are a sufficient
number of sensors. Given the same number of sensors, M-
LHS is able to achieve higher accuracy than that of random
placement, especially when only few sensors are available.
For instance, when using 12 sensors, the estimation error of
M-LHS is 0.1 degree smaller than that of random placement.
To achieve the same accuracy of M-LHS using 12 sensors,
random placement requires 23 or 24 sensors. In practice, the
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Fig. 3: The estimation error for locations without sensors is
shown as a function of the number of sensors.
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Fig. 4: The estimated temperature profiles are compared a-

mong “actual” temperature, random placement, and M-LHS.

16 sensors are used in this example.

BMF method with M-LHS placement can obtain a reasonable
estimation accuracy by only using 10 to 20 sensors.

Fig. 4 compares the temperature profiles obtained by ran-
dom placement and M-LHS with the “actual” temperature
profile for one example. It provides an intuitive view of
the temperature distribution which further shows that M-LHS
obtains more accurate estimation than random placement.

V. CONCLUSION

Temperature modeling and estimation in smart buildings
is an important task for offering comfortable services to the
occupants and reducing energy consumption of buildings.
In this paper, we have given an overview of state-of-the-
art cyber-physical temperature estimation methods, from the
modeling aspect to the measurement aspect. Specifically, we
have introduced two algorithms, OMP and BMF, for tem-
perature modeling and estimation, respectively. Through the
two advanced methods, we are able to achieve high-accuracy
and low-cost temperature modeling and measurement in smart
buildings.
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