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Abstract An accurate thermal model for building enables
the heating system (HS) to work efficiently as well as save
energy. Thermal modelling often requires physical parame-
ters of the building, which are difficult to be accurately de-
termined. The aim of this work is to develop an optimal
thermal model for better understanding of thermal dynamics
with the goal of using this to estimate temperature variation
in a few hours ahead within building. Based on the characte-
ristics of thermal motion, a conventional physics-based (PB)
model for building temperature estimation is introduced first.
Afterwards, in order to refine the model and improve the ac-
tual performance, we propose an innovative semi-blind (SB)
model based on data-driven approaches. Additionally, the
methodologies including self-adaptive algorithms (SAAs)
and grey prediction technique (GPT) have been applied in
dealing with the integrated parameters estimation (IPE) pro-
cess to ensure the practicability of the implemented model.
The proposed model schema is validated by testing in a labo-
ratory. The results indicate that the proposed approach achieves
much higher accuracy in estimating temperature variation
than the conventional PB model, with only limited knowl-
edge of the building characteristics. The root mean square
deviation (RMSD) of SB model and PB model are 0.18 and
0.43, respectively. According to the results, it can be conclu-
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ded that the proposed SB model is able to appropriately
estimate the internal temperature values and great improve-
ment has been achieved comparing with the original thermal
model.

Keywords Thermal modelling · Physics-based (PB)
model · Semi-blind (SB) model · Parameter estimation

Introduction

Energy shortage is becoming one of the most significant
worldwide open issues in the past decades [1]. The most
effective and least controversial way to resolve this problem
is to rationally allocate energy resources and thus to reduce
waste of resources [2]. In particular, among the total energy
usage in domestic buildings, the heating system (HS), which
is one of the most common used devices, plays a significant
role not only in keeping house maintaining warm but also
in energy consumption. According to statistics, it accounts
for over 40% of the total energy consumption which is an
impressive proportion during winter time in a UK family
(“[online] available: http://www.britishgas.co.uk/”) [3]. For
this reason, it is necessary to make people aware of their
house energy consumption in advance; thus, actions can be
taken to reduce utility bill. Figure 1 depicts the operational
principle of a conventional HS. The programmer embedded
in boiler can set the start-end time for the hot water and heat-
ing in the house over a day. The thermostat is able to monitor
the real-time local temperature and turns the heating off au-
tomatically once the pre-set target temperature is achieved.

However, without loss of generality, we take a typical
UK domestic heating system as an example of investiga-
tion. Until now, the often operation is only to set the timer
according to the habits of the residents without taking the
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Fig. 1 A conventional house heating control system. The boiler
supplies hot water for daily use and heating

surrounding environment conditions into account—it does
not matter whether the external temperature is high or low.
Nonetheless, if outside is chilly cold, the room will be still
cold at the required time. On the contrary, the room temper-
ature will be ready well before the desired time if outside
is warm enough. Therefore, these invariable settings of HS
will result in considerable energy waste and negative using
experiences. In order to deal with this issue, one effective
approach is to build a thermal model of the building, that
can be used to reflect the thermal dynamics property of the
building [4, 5]. Thereupon, the regularity of the temperature
variation of the building can be obtained, and the operating
time of HS can be scheduled properly and reasonably. This
should ensure the right temperature for the right periods of
time and reduce the waste of energy in a way.

Much researches have been conducted on thermal model
of building in recent years, and there are many popular
house thermal models being presented in literatures. In [6],
in order to describe the thermal dynamics of building, the
authors proposed an evolutionary approach to parameter
identification for thermal models. In this way, the parame-
ter estimation is formulated as several optimisation tasks. In
[7], the authors introduced a 1R1C lumped parameter cir-
cuit which presents a building thermal model using thermal
electric analogy on the basis of the similarities between the
RC circuit and the house thermal dynamics. Nonetheless,
the related parameters are difficult to be determined due
to the measurement. In addition, a proposed least-absolute
shrinkage and selection operator (LASSO)-based model for
a heating, ventilation and air-conditioning (HVAC) system
can be found in [8]. The proposed approach leads to a lin-
ear thermal model as against the non-linear building models
and makes it easier to design model-based controller. Fur-
thermore, in [3], an autoregressive model with exogenous

inputs (ARX model) was used to identify the house thermal
model, and it can be used to predict the energy consumption
of HVAC system at home.

Additionally, self-adaptive algorithms have wide appli-
cations in many research fields and some popular self-
adaptive algorithms can be found in literatures. In [9], the
authors proposed a self-adaptive extreme learning machine
(SELM) algorithm to find the proper and universal num-
ber of hidden nodes in single hidden layer feedforward
networks (SLFNs). Moreover, a self-adaptive window that
is autonomously adjusted through a statistical hypothe-
sis test was presented for handling complex concept drift
in [10]. Furthermore, an adaptive dynamic programming-
based algorithm is introduced in [11], to manage load
demand and minimise the entire energy cost using renew-
able energy in smart grid. The previous work is significant
and can be used for reference in establishing an optimal
thermal model in our work.

In this paper, we propose two thermal models referred to
as physics-based (PB) model and semi-blind (SB) model,
for temperature estimation within building in hours ahead.
Additionally, SB model is developed based on PB model.
Compared with the previous researches, the contribution of
this work can be summarised as in following aspects. (i)
In this paper, the cognitive computing methods are used
in a new field that to establish a house thermal model
and by using this to estimate the temperature variations
within the building. (ii) In contrast to traditional cognitive
computing methods which require a large amount of data
for training, the proposed SB model is able to simulate
the thermal dynamics and accurately estimate the temper-
ature only based on first several days’ data. (iii) Since the
thermal dynamics within a building is affected by various
physical parameters and some of them are difficult to be
precisely determined in practice, we propose a highly inte-
grated parameter identification method in conjunction with
self-adaptive algorithms (SAAs) and grey prediction tech-
nique (GPT) for parameter estimation. Hence, the model
can be continuously renewed along with experiencing time
increasing. (iv) The experimental results indicate that great
improvement has been achieved. The proposed SB model
can appropriately estimate the temperature values with
lower RMSD of 0.18, which is better than 0.42 achieved by
the conventional PB model.

The work in this paper is significant and worthy of
researching since very few work in literatures use data-
driven approaches in solving a problem like establishing a
thermal model within building. Additionally, an optimum
thermal model is the basis of better scheduling HS, and it
can be used to reduce the energy waste and improve users
experiences simultaneously, which connect us all.

The rest of paper is organised as follows: Section
“Overview of the Building Thermal Model” presents a brief
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overview of the adopted thermal models. In “Physics-Based
(PB) Estimation Model”, a conventional PB model will be
introduced first. Afterwards, in order to improve the estima-
tion performance, the SB model and the relevant parameter
estimation methods are discussed in “Semi-blind (SB) Esti-
mation Model”. Moveover, in “Experimental Study”, a
number of simulations are carried out to evaluate the fea-
sibilities of the proposed models. The simulation results
are compared with measured temperature data. The results
demonstrate that the proposed SB model has great accuracy
in evaluation of thermal dynamics features within build-
ings and can complete the task of temperature estimating.
Finally, we conclude the paper concisely in “Conclusion”.

Overview of the Building Thermal Model

When developing strategies to minimise energy consump-
tion from HS within buildings, it is crucial to understand the
dynamics of energy generation and loss [12–14]. However,
the energy generation and loss have intimate connections
with a number of most important factors, such as power
rate of heat source, building characteristics and surrounding
environment conditions [15, 16]. Therefore, the proposed
thermal model in this study is aimed to investigate the
inner relationships between energy generation and loss,
and the thermal response in temperature variation accord-
ing to the provided information. The developed model
will have adjustable parameters corresponding to different
contributions to the heat budget and so by accurately under-
standing the form of the thermal dynamics in the building.
In addition, an individual compartment or a number of
neighbouring compartments with similar climate conditions
are regarded as the smallest unit of the building in this
study.

To investigate the impacts of the exterior factors, it is cru-
cial to understand the most significant causes of heat gen-
eration and loss during thermal transferring process within
a building. The block diagram in Fig. 2 gives an overview
of an independent thermal model. The established thermal
model receives information from exterior in order to esti-
mate the internal temperature variations and compares with
the actual temperature within a building. Based on Fig. 2,
to develop such a model to be more closely aligned with
the realistic, the information in following aspects should be
considered:

– Building characteristics: spacial structures, volumes,
areas, construction materials etc.;

– Internal/external environment information: tempera-
ture, wind speed, humidity, solar radiation, etc.;

– Heat source properties: heater type, power rate, effi-
ciency and heat generated by other stuffs.

Fig. 2 The overview of an independent thermal model

In this independent thermal balance system, the heat
sources consist of building’s HS which is regarded as the
main heat producer, and other factors that are from lighting,
human activities etc. However, compared with the heat pro-
vided by the HS, the other effects may have limited impacts
on internal temperature variation. Thus, they are treated as
the disruptive factors and are restricted artificially in the
testing experiments to ensure the accuracy of the thermal
model evaluation. The HS is taken as the core heat source in
this study.

In contrast to the heat generation, the heat loss happens
in every second. For the heat loss, it can be sorted into
two main forms in general: ventilation and conduction. On
the one hand, the ventilation represents the air exchange
through cracks and gaps between joints. However, the finest
airtightness of the building is assumed in this study so
that the heat loss which is caused by ventilation can be
neglected. On the other hand, the conductive heat loss can
be thought in terms of heating flowing from a hot region
to a cold region through walls, windows and other conduc-
tive components. Since the heat conduction happens at all
times when there are temperature differences between inte-
rior and exterior, it makes a significant contribution in heat
loss within domestic buildings.

The entire thermal balance system is the foundation
of the thermal model. In next sections, the mathemati-
cal schemas of both PB and SB thermal models will be
explained in details.

Physics-Based (PB) Estimation Model

A mathematical formulation of the problem will take a
general form to display the internal connections between
amounts of energy input and output. Thus, due to the first
law of thermodynamics [17], the mathematical schema of
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the PB thermal model which describes the total energy
exchange within the thermal zone is given by the following:

dQ

dt
= Qin(t) − Qout(T , t), (1)

where the function Qin(t), which is dependent on time only,
encompasses all information related to heat generation, and
the function Qout(T , t), which is dependent on both time
and temperature, denotes all information regarding to heat
loss.

However, it is more convenient to measure the temper-
ature rather than the quantities of heat within a thermal
compartment. Considering the experimental compartment
as a heat reservoir with uniform temperature, hence, on
the basis of the physical relations between temperature and
energy, ΔQ = mair × Cair × ΔT , where mair and Cair are
the total inner mass of the air in kg and the heat capacity
of air in J/kg·◦C, respectively, Eq. 1 can be represented as
follows:

dTin

dt
= 1

mair × Cair
× (Qin(t) − Qout(T , t)), (2)

where Tin denotes the internal temperature. Equation 2 indi-
cates the relationships between factors which affect the
temperature variation within a building in overview. It is
obvious that the rate of the temperature varying is positive
proportion to the differences between the heat generation
and the heat loss, which conforms to the reality. Further-
more, the mass of the air in the thermal zone, mair, can be
determined by the mass formulas. Specifically, for a cubic
compartment without a roof (adopted in the tests), the air
mass mair = Vair × ρ = l × w × h × ρ, where l, w and h

in m represent the dimension values of the building, and ρ

is the density of air in kg/m3.
Assuming that the thermal zone is air conditioned by

a conventional HS with effective equivalent power rate of
Ṗ (t) in kW , the amounts of the input energy in a unit
time Δt can be calculated from the work-energy theorem as
follows:

Qin(t) = Ṗ × Δt × η, (3)

where η is the thermal conversion efficiency of the given
HS.

Equally important, the heat loss happens in every sec-
ond. Regarding the thermal compartment that possesses the
finest air impermeability and the most heat loss that comes
from the heat conduction through the accessible surfaces
in this study, the quantity of the output energy function,
Qout(T , t), which is dependent on time and temperature, can
be expressed as follows:

Qout(T , t) = R × (Tin(t) − Tout(t)), (4)

where variables Tin and Tout express internal temperature
and external temperature, respectively. Additionally, R in

hr·◦C/J is treated as the equivalent thermal resistance of the
building, which is a core parameter that refers to the ability
of impeding temperature rising during the heating process.
Besides, the conductive heat loss can be thought in terms of
heating flowing from a hot region to a cold region through
any surface components, such as walls or glass windows.
Hence, the total equivalent resistance R can be derived as a
combination of each individual resistance in a series that is
given in Eq. 5:

R =
n∑

i=1

Ri, (5)

where n represents the number of considered conductive
components in the model. In addition, according to the ther-
mal conductive formula, Ri = γi × ai/li , where γ in J/hr·
m·◦C is the heat conductive coefficient which is an inherent
attribute of the conductive component and the value is only
dependent on the type of conductive material. Parameters
a in m2 and l in m represent the conductive areas and the
thickness of the corresponded conductive material, respec-
tively. Afterwards, assume that the estimation process is
divided into a set of discrete time periods with a time inter-
val ts . Thus, according to Eqs. 2–4, the (k + 1)th internal
temperature can be modelled as follows:

T
(k+1)
in = ΔTin + T

(k)
in

= ts

mair × Cair
×
(
Q

(k)
in − Q

(k)
out

)
+ T

(k)
in

= λ ×
(
Ṗ × η − R ×

(
T

(k)
in −T

(k)
out

))
× ts + T

(k)
in ,

(6)

where λ = 1
mair×Cair

. Meanwhile, Tin
(k) and Tout

(k) rep-

resent the kth transient internal and external temperature,
respectively.

For a conventional PB model, the related physical param-
eters are often obtained directly by checking the handbook
and the field measurement. Moreover, the values of the rel-
evant parameters which will be used in the model are listed
in Table 1. In accordance with the proposed mathematical
schema and the determined coefficients, the PB model is
capable of simulating the thermal dynamics within a build-
ing and the corresponded internal temperature variation can
be estimated.

In spite of that, the PB thermal model is not perfect and
there are still areas for improvement. Specifically, a draw-
back of relying on this type of physical attribute-based ther-
mal model is that it requires a great number of parameters,
describing the properties of the building, to be determined in
advance. Although some of the parameters can be achieved
directly by field measurement, some of these parameters
are difficult to obtain, such as the parameters related to the
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Table 1 Values of the adopted house parameters in PB estimation
model

ID Meaning Value

a1 Wall areas
(
m2
)

52.31

l1 Wall thickness (m) 0.44

γ1 Wall conductive coefficient (W/m ·◦ C) 0.02–0.04

a2 Window areas
(
m2
)

9.53

l2 Window thickness (m) 0.10–0.25

γ2 Window conductive coefficient (W/m ·◦ C) 0.20

P Heater rated power (kW) 1.95–2.05

η Conversion rate 0.10–0.25

ρ Air density
(
kg/m3) 1.19–1.24

C Air heat capacity (J/kg ·◦ C) 1005.4

characteristics of the construction materials since the com-
posite materials are widely adopted in building construction
recently. As a consequence, the proposed PB model with
imprecise parameters may lead to considerable prediction
errors in some cases. Therefore, in order to improve the
performance of the model and reduce the temperature esti-
mation errors, an innovative SB model is proposed in next
section.

Semi-blind (SB) Estimation Model

As presented in “Physics-Based (PB) Estimation Model”,
the core parameter determination becomes an essential opti-
misation problem in model establishing. In this section,
the proposed SB model will focus on parameter optimisa-
tion and improving the temperature estimation performance.
Both self-adaptive algorithms (SAAs) and grey prediction
technique (GPT) are used in integrated parameter estimation
(IPE) process.

Problem Formulation

For a certain building, due to the stable physical charac-
teristics, such as the spacial structure and the construction
materials, the thermal insulation property of the building
should be relatively stable and will seldom change over
time. Hence, the equivalent thermal resistances which are
affected by these permanent physical attributes can be con-
sidered as a unity. Moreover, the quantity of the heat
generation is mostly caused by heating devices. An electri-
cal heater with fixed power rate is used in our tests. Thus,
the heat generation in a unit time can be regarded as stable
as well. However, λ = 1

mair×Cair
in Eq. 6 is independently

and identically distributed. Cair and mair cannot be deter-
mined easily and precisely in practice, since the mass of the

air and the heat capacity vary with the environment. There-
fore, a group of integrated parameters, [φ1, φ2] are proposed
to illustrate the relationships between various factors, where
φ1 = λ × R and φ2 = λ × Ṗ × η. By using the inte-
grated parameters, the SB estimation model can be given as
follows:

T
(k+1)
in =

[
φ2 − φ1 ×

(
T

(k)
in − T

(k)
out

)]
× ts + T

(k)
in . (7)

Hence, the effects of mair and Cair are hidden in φ1 and
φ2, which are explicit and can be obtained using statisti-
cal techniques. The advantages of this assumption are as
follows: (i) The complicated factors affecting the heat gen-
eration and heat loss are not necessary to be investigated
individually. They are considered as a unity and can be
estimated based on data-driven approaches. (ii) The model
becomes more adaptable for various type of buildings, since
the integrated parameter estimation (IPE) is only dependent
on the collected temperature data of the objective building.

Parameter Estimation

The integrated parameter estimation (IPE) is the most sig-
nificant task in establishing a thermal model, as the accuracy
of the parameter estimation directly determines the fore-
casting performance of the model. The IPE of the model
includes two phases: cooling estimation phase (CEP) and
heating estimation phase (HEP). In CEP, the HS is turned
off so that Qin = 0. The rate of the internal temperature
decreasing is only affected by the quantity of lost energy
which is closely related to φ1. Nonetheless, in HEP, the heat
preservation and radiation happen simultaneously. Thus, the
quantity of both energy generation (related to φ2) and loss
(related to φ1) has decisive impacts on the internal temper-
ature variation. Therefore, the thermal-temperature model
represented in Eq. 7 can be explain in two phases as below.

Phase 1: Temperature estimation in CEP

T
(k+1)
in,c = T

(k)
in,c − φ

(t)
1 ×

(
T

(k)
in,c − T

(k)
out,c

)
× ts (8)

Phase 2: Temperature estimation in HEP

T
(k+1)
in,h = T

(k)
in,h+

[
φ

(t)
2 − φ

(t)
1 ×

(
T

(k)
in,h − T

(k)
out,h

)]
× ts

(9)

To obtain the parameters, some approaches such as
exhaustive searching [18] can be used for reference. How-
ever, the exhaustive searching method iterating through
every possible solutions needs much time; it is not appropri-
ate in this case. Therefore, a numerical parameter estimation
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method is adopted in this study. By using the recursion
formulas of temperature estimation in Eqs. 8 and 9, the for-
mulas for the general term of the model can be derived
in Eqs. 10 and 11 (the detailed derivation can be seen in
Appendix A).

T
(k1)
in,c = −φ

(t)
1 ×

∫ k1×ts

ts

(T̂in,c − T̂out,c)dt + T
(1)
in,c (10)

T
(k2)
in,h =(k2−1)×φ

(t)
2 ×ts−φ

(t)
1

∫ k2×ts

ts

[T̂in,h−T̂out,h]dt+T
(1)
in,h,

(11)

where T
(k1)
in,c represents the kth1 predicted temperature in CEP.

Similarly, T
(k2)
in,h denotes the kth2 predicted temperature in

HEP. In addition, φ
(t)
1,2 represents the corresponded param-

eters at temperature point t . The temperature interval is
assumed as 0.1 ◦C. Moreover, the variations of the internal
and external temperature in CEP and HEP are defined as
[T̂in,c, T̂out,c] and [T̂in,h, T̂out,h], respectively.

According to the literature, the undetermined functions
T̂in,c, T̂out,c, T̂in,h and T̂out,h can be achieved by using the
least square estimation (LSE) technique [19]. The method
of LSE is a standard approach in regression analysis to the
approximate solution of over determined system [20]. It is
one of the fitting algorithms and is widely used in both linear
and non-linear systems [21]. For example, since the col-
lected data is a set of discrete points, assuming that T̂in,c is
a linear polynomial function varying with time as follows:

T̂in,c(t) =
n∑

i=0

αit
i , (12)

where the αi’s are the parameters (also called weights)
parameterizing the space of linear functions mapping from
X to Y and let AT = [α1, α2, ..., αi]. The polynomial func-
tion is not the unique option in this case. Despite that, in
line with the characteristics of polynomial function, it can
be an appropriate choice in this study. Thus, vector A can
be resolved by minimising the objective function as shown
below:

min Es |A = 1

2

n∑

k=1

∥∥∥T (k)
in,c − T̂

(k)
in,c

∥∥∥
2
, (13)

where T
(k)
in,c and T̂

(k)
in,c are the vectors of actual and estimated

temperature values. According to the methodology of LSE,

parameter vector A can be obtained by taking partial deriva-
tive of Es with respect to each element in A (the derivation
for obtaining polynomial functions in general form can be
found in Appendix B). Similarly, all the functions can be
achieved in turn by adopting LSE periodically.

Hence, the integrated parameters φ
(t)
1 and φ

(t)
2 at a specif-

ical temperature t (e.g. t = 21.5 ◦C) can be calculated as
follows:
⎧
⎪⎨

⎪⎩
φ

(t)
1 = T

(1)
in,c−T

(k1)

in,c
Sc

φ
(t)
2 = Sc×(T

(k2)

in,h −T
(1)
in,h)+Sh×(T

(1)
in,c−T

(k1)

in,c )

Sc×(k2−1)·ts ,

(14)

where Sc = ∫ k1×ts
ts

(T̂in,c− T̂out,c)dt and Sh = ∫ k2×ts
ts

(T̂in,h−
T̂out,h)dt . Sc and Sh can be approximately regarded as the
areas of [T̂in,c, T̂out,c] and [T̂in,h, T̂out,h], respectively.

Parameter Analysis

SAAs for Parameter Selection

A number of integrated parameters at temperature t can be
acquired by using multiple sets of data. However, some of
parameter samples are not accurate due to the unexpected
experimental mistakes, and it will cause considerable esti-
mation errors by accounting them into the model. Hence,
self-adaptive algorithms (SAAs) for parameter selection are
proposed to investigate the optimal parameters among all
the samples. The selection strategy refers to the customers’
behaviours and being executed persistently with the using
time increasing.

First, we define a vector to describe the parameter sam-
ples at temperature point t as 	t = [φ(1)

t , φ
(2)
t , ..., φ

(i−1)
t ]

and variable S as the objective optimal parameter. Assum-
ing that φ

(i)
t is the next input sample and variable m is a

threshold which denotes the capacity of samples. Second,
define σ (i) as the standard deviation (SD) of ith sample,
σ

(n)
max as the maximum SD among all samples, and w(i) as

the weighing coefficient (WC) of ith sample. The weighing
coefficient reflects the risk of being an unexpected sample.
The higher value of WC denotes the lower risk and greater
impact in parameter estimation. Further, the initial optimal
parameter S, is given as a mean value of the input vector
with m samples as follows:

S = 1

m

m∑

j=1

φ
(j)
t . (15)

In SAAs, the mean square deviation method [22, 23] and
weighted average method [24, 25] are used. Therefore, the
SAAs can be illustrated as the pseudo-code below.
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Input:

Output:

Here, we use the notation “A := b” to denote an
operation in which we set the value of a variable a

to be equal to the value of b. The proposed parameter
self-adaptive strategy enables the model to renew along
with time and the parameters tend to stabilisation if the
experiencing time is long enough. Additionally, SAAs
are able to reduce the system errors caused by unex-
pected samples, thus improving the accuracy of temperature
estimation.

However, the parameter estimation in SBmodel is depen-
dent on temperature range of collected data, which means
the relevant parameters φt cannot be obtained, when t �
[Ta, Tb], where [Ta, Tb] is the temperature range of the
data. Next, we will present how to forecast the impon-
derable parameters by using grey prediction techniques
(GPT).

Imponderable Parameter Forecasting

The imponderable parameter which means the parameter
that cannot be calculated by using the data-driven methods,
since the restriction of data range. Nonetheless, it is can be
hypothesised that there are some internal relations between
these imponderable parameters and the obtained integrated
parameters. Thus, the imponderable parameter is able to be
evaluated on the basis of the achieved parameters by using
GPT.

The GPT was first proposed to deal with the data in
grey systems. It is able to analyse the system that includes
insufficient information and unapparent relationship [26,
27]. Hence, to predict some unknown information based
on limited information, GPT is often used. Moreover, it is
accounted for that irregular discrete sequences of numbers
are some display of potential regular sequences. Transform-
ing the forms of the sequences can make the properties
of stochastic and randomness get weaker thereby turning
irregular sequences to regular ones [28, 29]. Since there are
limited parameter samples and the relations between each
sample are undefined in our case, it is quite appropriate to
employ the GPT to forecast the imponderable parameters.

The GPT model is established by using generalised
series. The primitive sequence data is given in X0:

X0 =
{
x

(1)
0 , x

(2)
0 , ..., x

(n)
0

}
,

where x
(k)
0 � 0, k = 1, 2, ..., n, n ⊆ N+.

Afterwards, the first accumulated generating data X1 can
be obtained according to accumulating generation operator
(AGO):

X1 =
{
x

(1)
1 , x

(2)
1 , ..., x

(n)
1

}
,

where x
(k)
1 =

k∑
i=1

x
(i)
0 , k = 1, 2, ..., n, n ⊆ N+.

Define Z1 as the background factors determined by X1,
Z1 can be presented as follows:

Z1 =
{
z
(1)
1 , z

(2)
1 , ..., z

(n)
1

}
,

where z
(k)
1 = 1

2

[
x

(k)
1 + x

(k−1)
1

]
, k = 2, 3, ..., n, n ⊆ N+.

In X0, if any x
(k)
0 < 0 in primitive sequence samples,

all the candidates in the sequence have to be improved until
∀x

(k)
0 � 0.
Furthermore, after first accumulated generating opera-

tion towards X0, the new sequence X1 is provided with the
quasi exponential property and X1 should be satisfied with
the first-order ordinary differential equation which is shown
in Eq. 16:

dX1

dt
+ aX1 = u, (16)
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where a is regarded as a development coefficient that
describes the increasing speed of numbers in x(0) and u is
an endogenous control coefficient in system. Moreover, the
parameters U = [a, u]T can be determined in Eq. 17.

U = (BT B)−1BT Yn, (17)

where Yn is a (n − 1) × 1 matrix and B is a (n − 1) × 2
matrix. Yn and B can be presented as follows:

Yn =

⎡

⎢⎢⎢⎢⎣

x
(2)
0

x
(3)
0
...

x
(n)
0

⎤

⎥⎥⎥⎥⎦
and B =

⎡

⎢⎢⎢⎢⎣

−z
(2)
1 1

−z
(3)
1 1
...

...

−z
(n)
1 1

⎤

⎥⎥⎥⎥⎦
.

Then, resolve the Eq. 16 by using the obtained a and u,
and the prediction formula of X̂1 can be denoted as follows:

x̂
(k+1)
1 =

(
x

(1)
1 − u

a

)
e−ak + u

a
. (18)

In Eq. 18, when k = 1, 2, ..., n− 1, x̂(1)(k + 1) is a fitted
value. When k � n, x̂(1)(k + 1) is a predicted value of X1.
Afterwards, the predicted formula of X̂0 can be achieved
through inverse accumulating generation operator (IAGO)
in Eq. 19.

x̂
(k+1)
0 = x̂

(k+1)
1 − x̂

(k)
1

= (1 − ea)
[
x

(1)
1 − u

a

]
e−ak (19)

Therefore, we are able to forecast the imponderable
parameters by employing GPT model periodically based on
the achieved parameter samples.

By using the SB model and the achieved parameters, the
internal temperature variations are able to be estimated. In
the next section, a number of experiments are carried out to
evaluate the feasibility of the proposed model.

Experimental Study

To specifically evaluate the implementation of the proposed
thermal models, a number of experiments and simulations
are carried out by using an illustrative medium size office
building. This is a free reference-building provided by
Department of Electrical and Electronic Engineering, Xi’an
Jiaotong-Liverpool University. In data-collecting phase, we
recorded 2 months of minutely data (from Nov. 15, 2016 to
Jan. 15, 2017) with various environment conditions for the
internal and external temperature of the given building. The
capacity of the data set is over 500 h in total. In experiments,

a brand new electric radiator with a rated power of 2 kW
is used as the heat generation source and several electronic
thermometers with minimum precision of 0.1 ◦C are used
for temperature recording.

At the outset of experiment, the relevant building infor-
mation has to be identified. Afterwards, the numerical
results are presented and the estimation performances of the
proposed PB and SB model are compared with the actual
measured data.

Setup

In this study, we investigate the application of optimisation
methods (e.g. SAAs and GPT) for parameter identification
of a SB building thermal model. In order to evaluate the per-
formance of the proposed approach for a real building, the
values of requisite relevant building parameters have to be
acquired, to ensure that the models operate correctly. Addi-
tionally, the benchmark needs to be set up for performance
comparison as well in this study.

PB Estimation Model Identification

For a PB estimation model, the following building parame-
ters are considered:

– Dimensions: structure, length l, width w and height h;
– Accessible conduction components : types, areas ai ,

thickness li and heat conduction coefficient γi ;
– Inner air characteristics: air heat capacity Cair and air

density ρ;
– HS specification: rated power P and thermal conversion

efficiency η.

It is not difficult to obtain the physical parameters (e.g.
dimensions) of the building by using traditional measure-
ment methods. In addition, the parameters related to the
conduction materials can be achieved by checking build-
ing handbook and references. Table 1 illustrates some core
parameters that have been used in this study.

SB Estimation Model Identification

In contrast to PB model, we do not consider the compli-
cated factors within building in SB model. The SB model is
established by using historical temperature data which can
be showed below.

– Multiple sets of internal temperature data, Tin, in both
CEP and HEP with time in Celsius;

– Corresponding external temperature data, Tout, with
time in Celsius;

Meanwhile, the historical temperature data of Tin and Tout
are recorded by the electronic thermometers with sensitive
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Table 2 Estimated
parameters’ values in SB
estimation model at the
temperature point t = 21 ◦C

Data index 1 2 3 4 5 6 7 8

φ×10−3

1 4.89 4.61 5.44 4.98 4.17 4.77 4.25 4.11

φ×10−2

2 8.72 9.38 8.21 8.69 7.70 7.21 8.19 8.44

Data index 9 10 11 12 13 14 15 16

φ×10−3

1 5.07 5.41 3.99 4.54 4.41 4.87 4.98 4.62

φ×10−2

2 9.74 8.52 8.41 8.54 8.63 9.45 8.12 7.93

Data index 17 18 19 20 21 22 23 24

φ×10−3

1 4.55 4.63 4.75 4.82 4.37 4.62 4.21 5.11

φ×10−2

2 8.74 8.23 8.91 8.04 8.32 8.98 7.65 8.67

sensors. On the basis of data, SB thermal model can be
activated.

Benchmark Setup

The root mean square deviation (RMSD) is taken as the
benchmark for temperature estimation result evaluation in
this study. In statistics, RMSD is a frequently used mea-
sure of the differences between values predicted by a model
or an estimator and the values actually observed. Hence,
it is an appropriate benchmark in this case. The RMSD is
always none-negative and it can be defined by the formula
as follows:

RMSD =
√∑n

i=1

(
ŷi − yi

)2

n
, (20)

where yi is the observed value and ŷi is the predicted value.
The RMSD value closer to zero means a better performance
of the proposed estimator.

Numerical Results

First of all, to evaluate the feasibility of SAAs in SB esti-
mation model, the threshold m is assumed as m = 5 in
the evaluation. In addition, 24 sets of estimated parame-
ters (obtained according to Eq. 14) at a specific temperature
point (e.g. t = 21 ◦C) which are demonstrated in Table 2,
are randomly selected for the simulation.

As a result, Fig. 3 shows the performance of the estimated
parameters after self-adapting based on SAAs. According to
the results, we can see that both φ1 and φ2 tend to be stable
after self-adaptive process. Specifically, in Fig. 3a, the esti-
mated parameter φ1 with SAAs ranges from 4.75× 10−3 to
4.98 × 10−3 and gradually stabilised at 4.90 × 10−3. Sim-
ilarly, in Fig. 3b, the estimated parameter φ2 with SAAs
ranges from 8.54×10−2 to 8.75×10−2 and becomes stable
at 8.59 × 10−2. Furthermore, it is obvious that some unex-
pected parameter values (e.g. φ1 = 5.41× 10−3, index = 10
and φ2 = 9.45×10−2, index = 14) are self-filtered by SAAs,

thus reducing the system errors apparently. The trends of
parameter variation in results verify the analysis in previous
sections and prove that the SB estimation model tends to
be more stable and accurate with SAAs with the using time
increasing.

Fig. 3 Parameter self-adaptive performances evaluation based on SAAs
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Fig. 4 The estimating results comparison under different external
temperature conditions in HEP
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Fig. 5 The estimating results comparison under different external
temperature conditions in CEP
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Additionally, the internal temperature estimation results
by using PB model and SB model under various external
temperature conditions in HEP and CEP are presented in
Figs. 4 and 5, respectively. The external conditions are ran-
domly selected from the database and the mean external
temperature ranges from 5.9 to 11.4 ◦C in this study. Based
on the obtained results, it is apparent that the estimating
curves by SB estimation model are well fitted to the mea-
sured ones in both HEP and CEP. On the other hand, the
PB estimation model performs well in HEP, but there are
considerable errors occurring in CEP. These errors may be
caused by using the inaccurate physical parameters in the
model.

Moreover, the estimating performance of SB model is
better than PB model according to the numerical results
in overview. The RMSD of SB model and PB model are
0.18 and 0.43, respectively. Since SB model is developed
on the basis of PB model, in accordance with the obtained
results, it can be summarised that great improvement has
been achieved comparing with the original one.

Conclusion

The aim of this work is to develop an optimal thermal
model for better understanding of thermal dynamics with
the goal of using this to estimate temperature variation in
a few hours ahead within building. Based on the achieved
results, we can conclude that the proposed PB and SB
models are able to appropriately estimate the internal tem-
perature values and the performance of SB model is better
than that in PB model. The RMSD of SB model and PB
model are 0.18 and 0.43, respectively, which means great
improvement has been achieved in this work. Nonetheless,
we only considered an individual compartment or neighbor-
ing compartments with similar environment conditions as
research object in this work. Hence, one improvement can
be accounting more complicated building structures into the
research that may lead to more challenges in next stage. The
proposed models have wide potential applications, such as
better controlling of HVAC system and reducing energy cost
with high quality of using experience.
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Appendix A: The Derivation of T
(k)
in,c and T

(k)
in,h

T
(k)
in,c = −φ

(t)
1 ×

(
T

(k−1)
in,c − T

(k−1)
out,c

)
× ts + T

(k−1)
in,c

= −φ
(t)
1 ×

[(
T

(k−1)
in,c +T

(k−2)
in,c

)
−
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T

(k−1)
out,c + T

(k−2)
out,c

)]

×ts + T
(k−2)
in,c
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= −φ
(t)
1 ×

[
k−1∑

n=1

(
T

(n)
in,c − T

(n)
out,c

)
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]
+ T

(1)
in,c

= −φ
(t)
1 ×

∫ k×ts
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(T̂in,c − T̂out,c)dt + T
(1)
in,c (21)
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2 ts − φ
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Appendix B: The Derivative of Solving Polynomial
Functions in General Term

∂Es

∂αl

=
n∑

k=1

[
T

(k)
in,c−(α0 + α1t

(k)+... + αit
(k)i)

]
× (−t (k)l)

= −
n∑

k=1

[
T

(k)
in,ct

(k)l−(α0t
(k)l+α1t

(k)l+1...+αit
(k)l+i )

]

(23)
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where l = 0, 1, ..., i, i ∈ N+. Let ∂Es

∂αl
= 0, then we have

the following:

n∑

k=1

T
(k)
in,ct

(k)l =
n∑

k=1

(α0t
(k)l +α1t

(k)l+1+...+αit
(k)l+i ) (24)

Afterwards, transform Eq. 24 into matrix form:

n∑

k=1

⎛

⎜⎜⎝

⎡

⎢⎢⎣

t (k)0 · · · t (k)i

...
. . .

...

t (k)i · · · t (k)2i

⎤

⎥⎥⎦AT

⎞

⎟⎟⎠ =
n∑

k=1

⎡

⎢⎢⎢⎣

T
(k)
ic t (k)0

...

T
(k)
ic t (k)i

⎤

⎥⎥⎥⎦ (25)

As a result, the parameter vector A can be obtained by
multiplying the inverse matrix on both sides of Eq. 25. Thus,
the vector A is proposed as follows:

AT =

⎡

⎢⎢⎢⎢⎢⎢⎢⎣

n∑
k=1

t (k)0 · · ·
n∑

k=1
t (k)i

...
. . .

...

n∑
k=1

t (k)i · · ·
n∑

k=1
t (k)2i

⎤

⎥⎥⎥⎥⎥⎥⎥⎦

−1⎡

⎢⎢⎢⎢⎢⎢⎢⎣

n∑
k=1

T
(k)
ic t0(k)

...

n∑
k=1

T
(k)
ic t i(k)

⎤

⎥⎥⎥⎥⎥⎥⎥⎦

(26)

*all required variables [T (k)
in,c, t

(k), n] in Eq. 26 can be
found in database.
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