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reaches the appropriate temperature required by the human body is much lower
than the maximum power [1]. This results in energy consumption of air condition-
ing systems, especially central air conditioning systems. In the case of high energy
consumption, not only does it require more electricity bills, but it also fails to achieve
the optimal suitable temperature for human needs. Especially, the service life of air
conditioning systems is prone to decrease during long-term overload operation. In
the context of the era of intelligent buildings, automatic control and adjustment of
central air conditioning to achieve energy-saving goals is a very important issue [9].
The air conditioning control system was initially switch controlled, and later grad-
ually replaced by PID control and adaptive control [5]. PID control and adaptive
control have also preliminarily achieved the intelligent control properties of the air
conditioning system. With the increasing complexity of air conditioning systems,
the nonlinear characteristics of their control process are becoming more and more
apparent [7]. PID control, as a linear control method, is no longer sufficient for
controlling air conditioning systems. Fuzzy control describes the fuzziness between
different systems by selecting membership functions, mimicking human control ex-
perience to control the system [11]. Fuzzy control is essentially a nonlinear controller
that can be applied to various nonlinear control objects and does not require an
accurate mathematical model of the controlled object. Fuzzy control has strong
anti-interference ability and has minimal impact on external dynamic disturbances,
making it a modern controller with autonomous reasoning and decision-making ca-
pabilities. Rogers proposed a fuzzy PID control method for central air conditioning
water systems based on a model, and demonstrated through simulation experiments
that the method has good anti-interference ability [10]. Liu proposed a fuzzy self-
tuning PID control system to address the nonlinearity, large lag, and strong coupling
characteristics of central air conditioning systems, and introduced the principle and
model of temperature control systems for central air conditioning systems. Good
control performance was obtained through simulation [8]. In order to better con-
trol air conditioning equipment, building automation control systems have been
designed [6]. The building automation control system establishes a unified interface
protocol, reducing the integration difficulty between various systems and achieving
multi system coordination and linkage. Combining traditional control with building
automation control is an effective approach in the design of intelligent buildings.

In summary, scholars have conducted certain research on energy-saving control
in intelligent buildings, and different control methods have been applied. In recent
years, the rise of deep learning has greatly improved its nonlinear approximation
ability and learning performance, and has also gained better adaptability for solving
complex control problems. Therefore, this article focuses on the energy-saving of
air conditioning in intelligent buildings, constructs a deep learning method based
on B-RNN network, and verifies it through experiments.

2. Design of energy-saving methods for intelligent building air
conditioning

Through the overall configuration of hardware systems and the rational design of
intelligent methods, intelligent buildings can achieve automatic control of controlled
variables, thereby achieving the goal of energy conservation. For large buildings,
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air conditioning systems have become the main equipment for energy consumption,
accounting for over 50% of all energy consumption. Therefore, we take air condi-
tioning energy-saving control as the core research objective of intelligent building
energy-saving control.

2.1. Design of Energy saving Framework Based on Particle Swarm Opti-
mization Model. In this article, the energy-saving control scheme for the intelli-
gent building air conditioning system we constructed is shown in Figure 1.

Figure 1. Framework of Energy saving Control Method for Intel-
ligent Buildings Based on PSO Model

In Figure 1, each particle corresponds to an air conditioning terminal in a room.
The position of the particles corresponds to the current air conditioning energy
consumption, and the velocity of the particles corresponds to the adjustment speed
of the air conditioning energy consumption. These pieces of information will be fed
into the fitness function for calculation and optimization, thereby completing the
update of particle position and velocity. It should be pointed out that if this method
is used, it forms a conventional particle swarm optimization method. However, the
requirements for smart buildings cannot be solely focused on energy-saving control.
In the control process of intelligent buildings, it is necessary to fully consider the
changes in environmental information and the different temperature requirements
of users in each room, and combine these factors with the overall goal of energy-
saving control to provide the best control plan. Considering the complexity of these
factors, a B-RNN deep learning network is introduced within the overall framework
of particle swarm control to participate in the calculation and optimization of the
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fitness function. It is this change that has led to the formation of a new energy-
saving control method.

2.2. Embedding B-RNN in Energy saving Methods. CNN and RNN net-
works are typical forms of deep learning. RNN, with its cyclic convolution learning
method, has better memory performance and parameter sharing performance. In
this article, RNN is used as the basic structure of deep learning to handle the fitness
function and fitness optimization process of particle swarm optimization algorithm.
Meanwhile, considering that the process of deep learning involves not only vari-
ables such as particle position and velocity, but also environmental information,
user requirements, energy-saving goals, etc., a BERT module has been added to the
structure of RNN. The BERT module can perform better filtering and processing
on different data types, enabling them to be unified into subsequent deep processing
processes. In addition, a multi head attention mechanism has been added between
the RNN hidden layer and output layer, which is also necessary for comprehensively
processing various factors and better achieving fitness optimization. Based on this,
the deep learning framework adopted is shown in Figure 2.

Figure 2. Basic framework of B-RNN method

From the B-RNN method framework shown in Figure 2, it can be seen that
multiple types of data are used as input, first processed by the BERT module
for simplification and classification, and then sent to the input layer of the RNN
network. Here, the BERT module can further streamline the input dataset, thereby
improving the efficiency of RNN learning. After iterative training and processing in
the hidden layer of the RNN network, they are then incorporated into the Attention
module for redundancy removal, obtaining accurate correspondence relationships
before reaching the output layer of the RNN network and ultimately obtaining
optimized fitness results. This result will also be applied to the particle swarm model
to achieve energy-saving control of intelligent building air conditioning systems. The
multi head attention mechanism module plays a role between the hidden layer and
output layer of RNN, which can make the deep learning process more focused on key
points and remove invalid or redundant information. The final output obtained by
the B-RNN network is the fitness required by the particle swarm algorithm. After
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deep learning processing by B-RNN network, the fitness function is more accurate
than the general particle swarm algorithm, and plays a better control role in the
overall optimization of particle swarm.

2.3. Structural Design of RNN. Based on the B-RNN method framework pre-
sented in Figure 2, it can be seen that RNN plays a multi-layered role in the fitness
optimization process. So, in order to achieve detailed design at the algorithm level,
it is necessary to design the structure of the RNN network.

Assume xm represent the status data of energy-saving control of the air condition-
ing systems in intelligent building, with the serial number m. Assume ym represent
the optimized state data of the air conditioning system in intelligent building, with
the serial number m. Assume Hmn represent the neurons involved in the iterative
training process of the RNN network, with number (m,n). The relationship between
the input hidden layer neurons in the RNN network structure can be characterized
by Equation (2.1) and Equation (2.2):

(2.1) Hm = f (wxxm + whHm−1)

(2.2) ym = g (wyHm)

In the above two Equations, f() represents the nonlinear activation function in
energy-saving control of air conditioning systems in intelligent building, g() repre-
sents the activation function of energy-saving control of air conditioning systems in
intelligent building, wx represents the weight of various input variables in energy-
saving control of air conditioning systems in intelligent building, wh represents the
implicit weight in energy-saving control of air conditioning systems in intelligent
building, and wy represents the weight of various output variables in energy-saving
control of air conditioning systems in intelligent building.

2.4. Attention mechanism embedding. From the structural design of B-RNN
shown in Figure 2, it can be seen that an Attention module, also known as the
Attention Mechanism module, is configured between the hidden layer and the output
layer of the RNN network. The reason for adding this module is that the energy-
saving control data of intelligent building air conditioning systems is too large, and
there is a large amount of invalid information in it. The Attention module can more
accurately locate the iterative process on the problem to be studied, effectively
removing the influence of invalid information and improving the accuracy of the
final detection results. Based on this consideration, the Attention module was
introduced.

The data in energy-saving control of intelligent building air conditioning systems
forms a vector T, which is then divided into three sub vectors VT, KT, and QT.
The decomposition process is shown in Equation (2.3):

(2.3)

 QT = TwQ

KT = TwK

VT = TwV

In the above Equation, T represents the eigenvectors in energy-saving control
of air conditioning systems in intelligent building, QT represents the query ma-
trix in energy-saving control of air conditioning systems in intelligent building, KT
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represents the key matrix in energy-saving control of air conditioning systems in
intelligent building, wQ represents the value matrix in energy-saving control of air
conditioning systems in intelligent building, represents the query weights in energy-
saving control of intelligent building air conditioning systems, wK represents the key
weights in energy-saving control of air conditioning systems in intelligent building,
and wV represents the value weights in energy-saving control of air conditioning
systems in intelligent building.

After splitting the state data into three sub vectors, further calculate the values
headi of each sub vector by Equation (2.4).

(2.4)

head i = Attention (QT ,KT , VT )

= Same

(
QTKT√

DK

)
VT

In the above Equation, Attention() represents the attention mechanism function
in energy-saving control of air conditioning systems in intelligent building, Same()
represents the normalization function in energy-saving control of air conditioning
systems in intelligent building, and DK is the dimension of the matrix KT .

In order to obtain more accurate results, it is necessary to perform multiple
repeated calculations on headi, hence it is called multi head attention mechanism.

After obtaining final determinations of multiple headi, they are merged to obtain
a semantic expression model for energy-saving control of air conditioning systems
in intelligent building, as shown in Equation (2.5):

(2.5) Multihead Y (QT ,KT , VT ) = Fusion ( head 1, head 2, · · · , head i)w0

In the above Equation, Multihead Y represents the feature semantic vector in
energy-saving control of air conditioning systems in intelligent building. Fusion()
represents the fusion function in energy-saving control of air conditioning systems in
intelligent building, and w0 represents the linear transformation matrix in energy-
saving control of air conditioning systems in intelligent building.

3. Experimental results and analysis of energy-saving control in
intelligent buildings

In the previous research, we proposed an energy-saving control method based on
particle swarm optimization model for the energy-saving control of air conditioning
systems in intelligent buildings. In this energy-saving control method, B-RNN deep
learning network is used for adjusting the fitness function. In the following work,
in order to verify the effectiveness of the proposed method, a simulation model of
a multi air conditioning terminal system in a complex building structure is first
constructed, and the results are shown in Figure 3.

In Figure 3, the intelligent building model includes multiple rooms, and air condi-
tioning terminals have been installed in 6 of them according to user needs. These air
conditioning terminals are controlled by the central air conditioning control system.
In order to achieve energy-saving control of the entire intelligent building, the pro-
posed method is adopted to control the energy-saving of these six air conditioning
terminals.



ENERGY SAVING METHODS FOR INTELLIGENT BUILDINGS 2113

Figure 3. Simulation model of multi air conditioning terminal sys-
tem in complex building structures

Corresponding to the proposed method, each air conditioning terminal is config-
ured with one particle. The state of each air conditioning terminal is expressed by
corresponding particles. The sequence data of particle position and velocity will be
continuously fed into the proposed method. Based on this data, as well as infor-
mation on the environment, users, and energy-saving goals, B-RNN is iteratively
trained to obtain the optimal fitness function for energy-saving control processing
in particle swarm optimization algorithm. While intelligent buildings are achieving
energy-saving control, the energy consumption of each particle representing the air
conditioning terminal is also constantly being optimized.

Next, the air conditioning operation status of each room will be monitored. Con-
sidering the homogeneity of changes in each air conditioner and the limitations of
space, only two sets of air conditioners are presented here as representatives of all
six sets of air conditioners. Among them, the percentage change rate of the oper-
ating power of the air conditioning terminals in room 3 and room 6 relative to the
full load power is shown in Figure 4 and Figure 5, respectively.

In Figure 4, the horizontal axis represents the operating time of the air condi-
tioning terminal, measured in hours, from 9am to 6pm. The vertical axis represents
the proportion of the actual operating power of the air conditioning terminal rel-
ative to the full load power, in%. Based on experience, it is ideal for the power
ratio of air conditioning equipment to be between 80% and 100%. From the curve
changes in Figure 4, it can be seen that the power proportion of air conditioner 3
is mostly above 80%, with only two places below 80% at 11-12 o’clock and 14:00.
This indicates that under the control of the proposed method, the air condition-
ing equipment in room 3 has achieved a relatively ideal energy-saving effect while
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Figure 4. Change rate of the proportion of operating power of air
conditioner 3 relative to full load power

meeting the overall energy-saving requirements of the air conditioning system. The
ideal aspect of the proposed method is that it effectively saves energy while meet-
ing user needs through deep learning networks and their processing. Through this
method of processing, changes in the air conditioning in the room can be tracked
and continuously adjusted and optimized.

In Figure 5, the horizontal axis represents the operating time of the air condition-
ing terminal, measured in hours, from 9am to 6pm. The vertical axis represents the
proportion of the actual operating power of the air conditioning terminal relative
to the full load power, in%. Based on experience, it is ideal for the power ratio of
air conditioning equipment to be between 80% and 100%. From the curve changes
in Figure 5, it can be seen that the power ratio of air conditioner 6 remained above
80% throughout the testing time. This indicates that under the control of the pro-
posed method, the air conditioning equipment in room 6 has achieved a very ideal
energy-saving effect while meeting the overall energy-saving requirements of the air
conditioning system.

4. Conclusions

Intelligent buildings are an important technological revolution in the field of ar-
chitecture, which can utilize information technology, Internet of Things technology,
and artificial intelligence technology to integrate and optimize various subsystems
of complex buildings. Energy saving is one of the important advantages of smart
buildings. A B-RNN fusion particle swarm optimization model energy-saving con-
trol method is proposed to address the issue of high energy consumption in air con-
ditioning systems in smart buildings. Firstly, the framework of the entire method
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Figure 5. Proportion change rate of operating power of air condi-
tioner 6 relative to full load power

was constructed based on the particle swarm model, which corresponded different
particles to various air conditioning terminals. Secondly, using B-RNN deep network
to train the fitness function improves the performance of particle swarm optimiza-
tion. Finally, a scene model consisting of six air conditioners was constructed for
experimental research. The experimental results show that our method can place
each air conditioning terminal in a more full load operating power range, and the
energy-saving effect is significantly better than the PSO method.
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