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Abstract— In this paper, recent intelligent methods to mod-
eling and control of smart buildings in the sense of continu-
ous control theory, such as refrigeration, ventilation and air
conditioning systems are reviewed. The models are subdivided
into physics-based models, data-driven models, and gray-box
models, with more emphasis given to data-driven models. A
complete study of the control methods is made. These are
divided into conventional control methods, intelligent control
methods, and mixed control methods.

I. INTRODUCTION

In worldwide, a large amount of energy is used to control
the indoor temperature in commercial buildings. This is due
to the complexity of generating controllers for heating, cool-
ing, and air conditioning (HVAC) systems. HVAC systems
usually have traditional controllers, such as an ON/OFF
controller or a PID controller.

In this paper, a study is made of the different methods to
model energy expenditure in HVAC systems, and also, the
types of control for these systems. The control methods are
briefly described, and there is a review of the works in which
they are applied. The final section provides a conclusion on
what has been researched in the literature regarding modeling
and control of HVAC systems.

HVAC systems are of great importance in smart building,
since they help improve living conditions in areas with a
climate that is difficult to bear. This type of device has a large
energy consumption, and methods are currently being sought
to reduce it. One option to reduce the energy consumption of
a building is to use smart controllers; To use these controllers,
in some cases, it is necessary to have a model of the
thermodynamics of the complete system, that is, a model of
the HVAC system which will be contained within a building.
There are various methods to model HVAC systems [1], we
divide them into three groups shown in Table I.

Physics-based models are created using the laws of ther-
modynamics, and taking into account the physical charac-
teristics of the system, this seeking the greatest amount of
accuracy when modeling.

Resistance-capacitance models are those in which an
equivalence is created between thermodynamic properties
and electrical properties, converting thermal systems into
electrical systems; In articles such as [2], [3], and [4] RC
is used as the main method to model the thermodynamic
characteristics of the building. In [4] an example is shown, in
which a system made up of a wall, the external environment,
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and the internal environment is converted, and in which
one passes from thermodynamic properties to an electrical
circuit.

Within the same article, a representation is generated in
the state space, which has the following simple form

Ṫ (t) = AT (t) +Bu(t)
y(t) = CT (t) +Du(t)

where T is the state vector, u is the control variable, A is the
state matrix, B is the control matrix, C is the output matrix,
and D is the feedforward matrix. The most developed form
of the above equation is the following[
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II. COMPUTATIONAL INTELLIGENCE BASED MODELS

The methods with which both functions can be carried
out were grouped as Smart models, these being regression
functions and classification functions.

A. Fuzzy models

In [5] fuzzy logic is defined as a tool, whose function
is to embed human knowledge into algorithms; This can
simplify control and deal with uncertainties. Fuzzy logic is
an extension of conventional logic; This logic contemplates
different levels of truth in the answers. Conventional logic
operates on absolute values. In [5] fuzzy logic is used to
represent the thermal comfort of the occupants and thus,
taking this into account, carry out corrections with respect to
the reference point at which the HVAC system will maintain
the temperature of a specific zone.

Using fuzzy logic, fuzzy models are obtained. The follow-
ing model is called the Takagi and Sugeno fuzzy model.

ŷi,r(xi) = ψT
i,rθr

ŷi = fTS(xi) =
∑m

r=1υ2i,ryi,r(xi)

Modeling type Description of the division

Physical models
The laws of thermodynamics

are taken into account
equations with energy expenditure.

Data-driven models
Energy expenditure

in a building is predicted
data from sensors, users, or stored databases.

Gray box models Physics-based models
via data-based methods.

TABLE I
THREE TYPES OF MODELING TECHNIQUES
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where xi is the vector of inputs of the fuzzy model; υ2i,r
is the degree of activation; ŷi,r is the estimate of the output
vector of the local model for each rule r and sample i; ψT

i,r is
the regression vector; θr is the regression vector parametera
and m is the number of rules of the fuzzy model. In [6] an
extension of this model, called the diffuse interval model,
is used to predict future disturbances, and thus generate
limits for the temperature predictions in rooms with HVAC
systems. In [7] the fuzzy model of Takagi and Sugeno is
used as the basis for generating a composite model of the
energy need for HVAC systems in real time for the city of
Basra. The main contribution of fuzzy logic to this model is
the forecast of the outside temperature.

B. Neural networks model

In [8] artificial neural networks are described as a tool,
which is used to learn the relationship between inputs and
outputs, this to predict the performance of the system.
The multilayer perceptron is a specific case of feedforward
artificial neural networks; in this, the node inputs come
only from links from the previous layer to the current
one. The following model represents the correlation that
exists between inputs x(k) and outputs y(k) in a multilayer
perceptron

y(k) = fTr2(w2yo(k) + c2)
yo(k) = fTr1(w1x(k) + c1)

(1)

where yo(k) is the output vector of the hidden layer; w2

represents the weight matrix that connects the hidden layer
to the output layer; w1 represents the weight matrix that
connects the output layer with the hidden layer; c1 and c2
are the limits; fTr1 and fTr2 represent the transfer functions
of the hidden layer and the output layer, respectively. You
can select as a transfer function a step function, or a sign
function, and if you are looking for functions that are
differentiable at all times, you can use logistic functions
or hyperbolic tangents. In [9] a predictive model of energy
expenditure in buildings is generated, using artificial neural
networks. In [8] the model of (1)is used to model the annual
energy consumption of an HVAC system; this equation is
also used to model the percentage of dissatisfied people with
respect to thermal comfort.

In [10], Elman neural networks are used to predict the
energy consumption of buildings. In the same article, genetic
algorithms are used to optimize the selection of the weights
of the neural network. In [11] three intelligent algorithms
are used to estimate the parameters of a thermodynamic
model that predicts temperatures in HVAC systems. One
of these three methods is genetic algorithms and, as in the
previous article, it is only used as an optimization method
for a prediction algorithm.

C. Genetic algorithms based model

In [12] genetic algorithms are described as a subset of
approximation techniques, in computer science, to estimate
a proper solution for optimization problems. In genetic al-
gorithms, the process begins by taking a random population,

Fig. 1. Basic representation of the parts of a genetic algorithm.

which continues for generations; In each generation the total
population is judged, it is chosen randomly from among
the most competent elements, and these together with the
modified elements form a new generation, thus restarting the
cycle. This method is based on Darwin’s theory of gradual
evolution. In [13] it is explained that each generation, in
the genetic algorithm, is made up of strings, also called
artificial creatures. These strings are made up of information
elements, in the simplest case they would be ones and zeros,
representing the existence or lack of some signal. A set of
strings, of the same phenomenon to be represented, is called
a population and its size is the number of strings that exist
in them. The figure 1 shows the basic elements of a genetic
algorithm for population µ and string size ν; the information
elements qi,j can have values 1 o 0.

A simple genetic algorithm is composed of the following
operators

• Reproduction
• Recombination
• Mutation
Strings with more fitness will be more likely to reproduce,

in [13] they represent this with a roulette, in which it is
divided between the strings taking into account their per-
centage of total fitness. These reproduced items are randomly
grouped and matched. These random pairs undergo recom-
bination. In this recombination, first an integer is randomly
selected, which we will call χ, which is between the number
1 and the number n− 1, where n is the length of the string.
Recombination is carried out by exchanging, in the string
pair, the elements to the right of χ + 1. In Figure 2 the
recombination is exemplified, where the strings Qr1 and Qr2

are generated, when exchanging elements of the pair Q1 and
Q2.

D. Gray box models

In gray box models, a combination of physics-based
models and data-based models is carried out. In these models,
analytical models based on physics are used as a basis, and
the parameters of these models are estimated using intelligent
data-based methods.

In [14] a thermal gray box model is used to investigate
the demand response potential of residential air conditioning
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Fig. 2. Recombination of the string pair Q1 and Q2.

systems on smart grids. In [15] Bayesian neural networks
are used to obtain the parameters of a RC model of a house.
The objective of this work is to show that a gray model of
the thermodynamics of a house can be obtained, as long as
you have enough information. In [16] the aim is to generate
a temperature and humidity controller in massive historical
buildings.

Another work where genetic algorithms and RC models
are used is in [17]. This article seeks to generate an RC
model for the analysis of the thermal dynamics of buildings,
this by simplifying the structure of the model.

The simplification of the model is carried out as follows
1) First, a complex model training is performed using ge-

netic algorithms. This training is necessary to obtain a
first approximation of the parameters. Next, a nonlinear
least squares method, called the Levenberg-Marquardt
algorithm, is used to fine-tune the approximation of the
parameters. From the tuning, the estimated parameters,
the estimated standard error, and an estimated objective
function are obtained. The latter must not exceed a
certain value, to maintain its good structure.

2) In the second step, the parameters whose standard
error exceeds a defined threshold in each round are
removed. Any element of the model that depends on
these parameters is eliminated. Few parameters are
removed per round.

3) Steps two and three are repeated until there are no
unidentifiable parameters, or the objective function
exceeds the aforementioned value.

So far the mentioned methods generate their own algo-
rithm to estimate the system parameters, this gives the user
more control over the estimation method, but generates an
extra workload. One option is to use existing tools, as is the
case in [18].

E. Remarks

For the physics based modeling methods, the following
advantages can be mentioned,

• These models usually have great accuracy.
• There are simulators that facilitate the modeling task.
• They do not depend on databases, so they can be

generated as long as the physical characteristics of the
medium to be modeled are known.

and the following disadvantages
• It is necessary to have specialized knowledge in ther-

modynamics to generate them.
• Due to their great complexity, most of these models

have non-linearities.
For data-driven methods, the following advantages are

observed
• No specialized knowledge of thermodynamics is re-

quired to generate the model.
• There are a wide variety of methods for modeling.
• It is relatively easy to adapt these models, so that they

work in buildings other than the building for which they
were generated.

and the following disadvantages
• These methods rely on databases, which are not always

kept by building owners.
• The model parameters do not represent system charac-

teristics and are therefore difficult to interpret.
The main advantage of the gray box models is their great

precision, which is pointed out in most of the reviewed
articles. Another important aspect is the ease of obtaining the
parameters of the model, compared to models based solely on
physics; Furthermore, these parameters are easy to interpret,
as they form part of the base model based on physics.

III. CONTROL OF SMART BUILDING

A. Conventional control

When it comes to HVAC systems, there are simple con-
trollers that fulfill the main objective, which is to control the
temperature to a desired reference. Said controllers would
be the ON/OFF control, and the proportional integral
derivative (PID) control. In the ON/OFF control, the input
of a signal is simply allowed or denied, it is the simplest
control. The PID controller is one of the most widely used
controllers in the industry, and it is already well known.

Conventional control methods are those, as their name
indicates, that follow the conventional methodologies of
control systems; these methods require a model of the dy-
namic system to generate a controller. Different conventional
control methods are applied in HVAC systems, a list of these
is presented in Table II.

Model predictive control (MPC), as its name indicates,
allows to generate predictions of the possible future behavior
of dynamic systems, through the use of controllers in known
models of said system. In [23] the sequence of operation of
the MPC is explained. In [24] three approaches to the MPC
are presented, these are described in the Table II

In [25] the internet of things is used to generate an
architecture that allows applying MPC to smart buildings.
The MPC is generated using, as a model for the HVAC
system, a linear dynamic system. In [26] MPC is used to
control the energy expenditure of a building, but this case
takes into account the humidity and latent heat of the air.
The resistance-capacitance method is used to represent the
temperature dynamics of a zone.

1990



Model predictive control
Approaches Description

Linear invariant
in time

In this, to represent the thermodynamics of the
system, a linear mathematical model invariant in
time is used. The linear model that is commonly
used is that of resistance capacitance, which we
already discussed in the modeling section.

Non linear

Due to the non-linearities, which arise when
carrying out more detailed analyzes of the
phenomenon, the non-linear MPC arises. In this,
as its name implies, a non-linear model is used,
it needs a relatively large parameter space.

Guided by
simulation

For this case, simulators of the physical properties
of buildings are used, such as EnergyPlus and
TRNSYS, which we already discussed in the
modeling section.

TABLE II
DIFFERENT APPROACHES TO MODEL PREDICTIVE CONTROL.

Fig. 3. Scheme of the structure of the fractional linear transformation.

In [35] robust control is used to control air handling units
with variable air volumes. In [36] a comparison is made
between minimum order and full order observers, in the
robust control of air handling units, which in turn is in the
presence of uncertainty.

B. Intelligent control

Smart control is a type of control which can be generated
in a system without the need to know its dynamic model.
This type of control is very useful when working with
buildings, due to how difficult it is to generate a dynamic
model due to the complexity of the energy transfer in them.

1) Genetic algorithm method: In [37] genetic algorithms
are defined as a stochastic method for solving optimization
problems with or without limitations, which are based on
natural selection. The fitness function evaluates the strings
of the genetic algorithm, so the control is carried out on
it. Genetic algorithms are commonly used as methods to
solve optimization problems in fuzzy logic controllers. At
[8] multi-purpose genetic algorithms are used in conjunction
with artificial neural networks to optimize the performance
of two chillers in a commercial building. In [38], genetic
algorithms are used to implement direct response strategies
to the change in electricity rates, for a building found in
Italy. In [39] genetic algorithms are used to control the CO2

level, and reduce energy consumption in HVAC systems.
In [40] genetic algorithms are used to control a variable

Fig. 4. Schematic of a fuzzy controller.

air volume of an HVAC unit, the selected control variables
are the temperature of the supplemented air and the static
pressure of the air duct; Using this strategy, it was possible
to reduce electricity consumption to 5.72%, compared to
normal operating conditions.

2) Fuzzy control: In [41] it is explained that the fuzzy
logic control method consists of the following three ele-
ments:

• Fuzzifier
• Fuzzy rules module
• Defuzzifier
These fuzzy rules reveal the relationship between the

linguistic variables and the fuzzy control outputs. The de-
fuzzifier converts fuzzy control outputs into real control
signals. Figure 4 shows the structure of the fuzzy controller,
where ui is the input of the controller, and uo is the output of
the controller. In [5] a demand response program is applied in
an HVAC system in cooling mode, the control in said system
is carried out with a fuzzy method. The main objective of
the aforementioned study is to generate a controller that
optimally adjusts the HVAC system set point; that is to say,
seek to save energy, improve user comfort and reduce the
energy cost of the HVAC system. In [42] a fuzzy logic
control is used in an HVAC system, using the BCVTB
simulator program as a mediator to achieve a team simulation
between EnergyPlus and TRNSYS.

3) Neural network control: In neural networks the control
is carried out by means of the backpropagation algorithm,
also called the generalized delta rule. This algorithm seeks
to minimize the cost function; This cost function is where
the output of the system is compared to the reference we
want to reach. In [43] a variation of the backpropagation
method is used, which is called the Levenberg-Marquardt
backpropagation method, to forecast the energy expenditure
of the building and thus build predictive control strategies. In
[44] artificial neural networks are used to generate a control
algorithm; This optimizes the air discharge in the air handling
unit of a variable air volume in various buildings.

C. Mixed methods

Mixed control is the combination of smart control and
conventional control. An example of this type of control is
in [45], where adaptive control and artificial neural networks
are used to control a variable air volume, heating, ventilation,
air conditioning and cooling system (V AV − HV AC&R)
in buildings.

In [46] and [47], adaptive control and fuzzy logic are
used to automatically tune a PID controller which controls
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an HVAC unit. In [48] adaptive control and fuzzy logic are
used to generate control for HVAC systems in a smart grid
environment. Said controller makes its own decisions, but
in turn has the ability to adapt to new references supplied
by the user. In [49], adaptive control, fuzzy logic, particle
swarm optimization, and gray models are applied for multi-
agent control of smart buildings.

In [50] a new approach to building design is proposed,
which seeks to optimally reduce cost, and also integrate
predictive control by multiobjective model to the HVAC
system. The main goal of this article is to save money
when thermally designing a building. For the optimal design
of the building, a single-target genetic algorithm is used.
The building’s HVAC system MPC was designed using a
model generated by EnergyPlus, and the control operations
are performed in Matlab.

In [7] two controllers are used in an integrated way, for the
control of HVAC systems for cases where a quick response
is needed. The first controller they use is a Mandani-type
fuzzy PI PD control (FPIPDM), this was chosen for its high
reaction speed. The fuzzy control PI PD is composed of the
sum of the fuzzy controls PI and PD, and these in turn were
obtained by making PI and PD controllers fuzzy.

In [51] a fast convergence genetic algorithm is used to
tune a PID controller applied to an HVAC system. The
aforementioned genetic algorithm is called Big Bang-Big
Crunch (BB − BC), and it is implemented, in conjunction
with the PID, using a field programmable logic gate array
(FPGA), in set with a simulation of the plant using Matlab’s
Simulink.

D. Remarks

In conventional control there are several advantages, such
as PID control, this is the most popular control, and has a
number of applications in HVAC systems. A disadvantage of
PID control is its dependence on a mathematical model of
the system; In addition, when applied to HVAC systems, the
control can generate instabilities when it is used for a long
time.

Nonlinear control has several advantages, such as the
guarantee of closed-loop stability, in the case of Lyaponov
control; Another advantage is the possibility of applying
linear methods, as is the case of control by feedback lin-
earization. Nonlinear control also has several disadvantages,
such as finding a Lyapunov function that meets all the re-
quirements of the method; or the sensitivity to non-mediated
external disturbances, as is the case of feedback linearization.
Using model predictive control can reduce fluctuations when
reaching a set point.

Also with this method it is possible to predict future
disturbances, and in turn generate control actions to deal with
them. A disadvantage of this type of control technique is the
need to identify a system model which is highly accurate.

Adaptive control, in the context of HVAC systems, is
easy to apply, in addition to generating good stability and
responding well to changes in system dynamics; The biggest

disadvantage of this model is the need for an appropriate
model, which requires a specialized design when applied.

The main advantages of robust control are its ability
to cancel unknown interferences, and to deal with the
uncertainty regarding the exact knowledge of the model
parameters; Its main disadvantage is that this technique does
not support drastic changes, such as change in climatic
conditions. The mixed control generates a better accuracy,
being compared with the individual use of the techniques
used together in the mixed control.

IV. CONCLUSIONS

This paper presents state-of-art of modeling the energy
expenditure of HVAC systems in smart buildings, and meth-
ods to control these models. The HVAC system models
were divided into physics-based models, data-driven mod-
els, and gray box models. From this review, a subdivision
was obtained for the data-based models, in which they are
grouped taking into account whether their objective is to
carry out regressions, classifications, or either of the two.
The control techniques were subdivided into conventional
methods, intelligent methods, and mixed methods.
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