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DEVELOPMENT OF A NEURAL
NETWORK MODEL FOR AN
AUTOMATED HVAC SYSTEM BASED
ON COLLECTED DATA

The object of research is ventilation and air conditioning systems, which act as the object of data collection for the development of
a neural network model based on them. The main attention is paid to the choice of algorithm, data collection for training a neural
network model based on the MATLAB software package, to simplify the model development process.

The main problem that was considered in the study is the complexity of building mathematical models for ventilation and air con-
ditioning systems. Traditional approaches require significant computing resources and in-depth analysis of physical processes, which
complicates their development and practical use.

The research results show one of the approaches to creating a model of ventilation and air conditioning systems using neural net-
works. The proposed approach provides fast training of the model based on real data, which in further studies will allow adapting the
system to changing operating conditions and increasing its efficiency.

The obtained results are explained by the fact that, unlike classical mathematical models that require precise formulation of all
dependencies and parameters. Neural networks are able to approximate complex nonlinear functions without the need for a complete
understanding of physical processes.

The proposed approach can be used for ventilation and air conditioning systems provided that there is a sufficient amount of data
for training the neural network. Also important is the integration of such a system with controllers and SCADA systems that provide
operational collection of parameters from the environment. The use of neural network models is especially effective in smart buildings,
industrial facilities and energy-saving systems, where it is important to optimize energy consumption and provide comfortable condi-
tions for users. In addition, such models can be implemented in cloud platforms for centralized management of climatic parameters in
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various buildings or production complexes.
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1. Introduction

Modern ventilation and air conditioning systems require accurate
modeling to ensure energy efficiency and comfort [1]. Traditional ap-
proaches are based on physical equations (e. g., heat transfer equations,
CFD modeling [2]). Whereas methods using neural networks offer an
alternative based on collected or experimental data.

Comparing traditional mathematical models [3, 4] and models
based on artificial neural networks (ANNs) in the context of design-
ing ventilation and air conditioning systems allows to identify their
strengths and weaknesses.

Traditional mathematical models are based on physical laws [5]
and equations describing the behavior of the system. They require
a deep understanding of physical processes, significant computational
resources, and accurate determination of system parameters. Building
such models can be difficult and time-consuming, especially for sys-
tems with a high degree of complexity and nonlinearity.

Models based on artificial neural networks [6] offer an alternative
approach. They are able to automatically detect complex dependencies
between input and output parameters of the system, without requiring

detailed knowledge of physical processes. The methods used to build

a neural network model can be used on the basis of experimental (or
collected) data, which simplifies the modeling process [7] and allows to
adapt to changing operating conditions. In particular, studies [8, 9] show
that the use of neural network models for predicting the state of ventila-
tion systems is effective, and show minimal deviations from real data.

Thus, the aim of the research is to develop a neural network model for
an automated ventilation and air conditioning system based on collected
data. The modeling used Function Fitting Neural Network (FFNN) -
MATLAB, which allows to predict the dynamics of the ventilation system.

2. Materials and Methods

2.1. Data collection tools and software implementation tools

This paper considers the process of developing a neural network
model based on collected data from an automated ventilation and air
conditioning system.

The main task of such systems is:

— ensuring the regulatory amount of outside (fresh) air for the prem-

ises in which activities are carried out;

- maintaining the required level of air humidity;

- maintaining the required air temperature.
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To create a model based on the collected data, the MATLAB en-
vironment was chosen - an interactive platform for scientific comput-
ing, modeling and programming. The Neural Network Fitting Tool
was used — a MATLAB tool for creating, training and testing neural
networks designed for function approximation (regression). The Neu-
ral Network Fitting Tool is part of the Deep Learning Toolbox and is
designed to predict numerical values based on input data. The neural
network model was trained using three algorithms to select the best
one, namely:

- Levenberg-Marquardt;

- Bayesian Regularization;

- Scaled conjugate gradient.

Each of the selected algorithms was used to train the neural net-
work in two separate experiments, differing in the number of neurons
in the hidden (10 and 20 neurons) layer. This approach allowed to
assess the impact of the dimension of the hidden layer on the effective-
ness of the model.

In order to ensure the collection of experimental data necessary
for building the model (Fig. 1), the study used a freely programmable
logic controller Carel c.pCO (made in Italy). Based on this controller,
an algorithm for controlling ventilation and air conditioning systems
was implemented.
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Fig. 1. Data acquisition scheme for training

Data acquisition is provided by a SCADA system (Fig. 2) deployed
on the Raspberry Pi platform.

The connection between the controller and the SCADA sys-
tem is implemented using the industrial data exchange protocol -
Modbus TCP.
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2.2. Overview of the collected data for model training

The data (Table 1) is used in the network training process. From
the first to the sixth of July — the 'SUMMER" mode and from the first to
the sixth of February — the "WINTER" mode. For correct training of the
neural network model, it was decided to collect data from the system
in two modes of its operation, namely - "WINTER/SUMMER' A total
of 24504 data samples were used for training, of which 19603 - the
training sample, 2450 - the validation sample, 2450 — the test sample.

This approach allows to build a stable model using a large amount
of data, while maintaining a certain amount of independent data to
check the generalization ability.

The Neural Network Fitting Tool uses sample data to build a neu-
ral network model, as traditional empirical approaches often fail to
account for the nonlinearity of temperature and humidity processes.
The Neural Network Fitting Tool learns to predict future changes based
on historical data.

Table 1
Sample data for training

Input data for training Control output

Electric heater 2 Stage 3
(0 - OFE 1 - ON)

Electric heater 2 Stage 2
(0 - OFFE, 1 - ON)

Electric heater 2 Stage 1
(0 - OFF, 1 - ON)

Electric heater Stage 1
(0 - OFE 1 - ON)

Air temperature after heat exchanger — sensor 1, °C -

Outside air temperature, °C

Supply air temperature after electric heater, °C

Air temperature after heat exchanger — sensor 3, °C

Air temperature after heat exchanger — sensor 2, °C

Supply air temperature after second electric heater, °C -

Supply air temperature after humidifier, °C -

Absolute air humidity, g/kg -
HVAC/System status -
Supply air humidity setpoint, g/kg -

Supply air temperature setpoint, °C -

As part of the study, two experiments were conducted using the
Levenberg-Marquardt algorithm, the difference between which was
the number of neurons in the hidden layer. The structure of the neu-
ral network is presented in Fig. 3. The network architecture includes
eleven input parameters that are fed to one hidden layer. Each neuron
receives input values that are multiplied by weight coeflicients W, the
weights are updated according to formula (1), and a bias b is added:

0, =0, ~(" -]+ e, (1)
where ] — the Jacobi matrix of the derivative errors; is the error vector;
A - the regularization parameter.

The activation function tansig (2) (hyperbolic
tangent) is used:

L

F(n)=tanh(n)= 1+i*“ = )

In the process of using the second learning
algorithm, namely Bayesian Regularization, two
experiments were conducted that involved varying
the number of neurons in the hidden layer, similar

ot olloss
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to the approach used in the first algorithm. The
Bayesian Regularization algorithm is based on the

228°C Bayesian approach aimed at increasing the gen-
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Fig. 2. Mnemonic diagram of the ventilation and air conditioning system

eralization ability of the neural network. This is
achieved by adding a regularization coefficient (3)

;22
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to the standard error function, which allows improving the stability and
accuracy of network training.

E=E,+XE, =Y (y,-3) +x2ij=ED +MAE,, (3)

where Ep - the prediction error; E,, - the regularization coeffi-
cient (sum of squares of weights); A — the regularization coefficient
that balances the accuracy and complexity of the model.

Hidden Layer

Qutput Layer

10 4

Fig. 3. Neural network structure

In the process of using the third learning algorithm, Scaled Con-
jugate Gradient, two separate experiments were conducted. The al-
gorithm uses the conjugate gradient method to calculate updates (4)
of the weight coefficients.

To ensure comparability of the results with previous experiments,
the number of neurons was adjusted accordingly:

Wi =W T 0P (4)

where wy — the vector of weight coeflicients at the iteration k; oy — the
step size; py — the descent direction.

3. Results and Discussion

3.1. Using the Levenberg-Marquardt algorithm

Based on two (Fig. 4, 5) experiments with different numbers of
neurons in the second (hidden) layer, the following results of training
the neural network model were obtained. The stability of the obtained
mean square error (MSE) values for different samples indicates the
effectiveness of the model. The MSE results obtained on the train-
ing, validation and test samples are almost the same, which indicates
the ability of the model to generalize data properties and avoid over-
training. At the same time, an increased MSE level on the test sample
may indicate certain limitations of the model in predicting new data.

Results

& Samples MSE R
a Training: 19603 1.27906e-1 6.89797e-1
@ Validation: 2450 1.26901e-1 6.92495e-1
W Testing: 2450 1.31651e-1 6.78872e-1

Fig. 4. Results of network training — 10 neurons
(Levenberg-Marquardt algorithm)

Below are the results of training a neural network (Fig. 5) with
twenty neurons in the hidden layer.

Results

& Samples MSE R
a Training: 18603 1.2560%e-1 5.96917e-1
e Validation: 2450 1.28433e-1 6.88387e-1
W Testing: 2450 1.2633%e-1 6.91503e-1

Fig. 5. Results of network training — 20 neurons
(Levenberg-Marquardt algorithm)

After comparing the results, it is possible to say that for this algo-
rithm and with the available collected data, increasing the number of
neurons in the hidden layer mainly has a beneficial effect only on the
mean square error. The values of the error correlation coefficient do
not change significantly.

Analyzing the values of Fig. 4, 5, it is possible to conclude that
a neural network trained on a data sample can return output values
very close to the expected result using the algorithm. Increasing the
number of neurons in the hidden layer does not make significant, posi-
tive changes, but increases the time for network training.

3.2. Using the Bayesian regularization algorithm

To analyze the efficiency of the considered neural network model
training algorithm, a comparison of the results (Fig. 6, 7) was carried
out for different numbers of neurons in the hidden layer.

Results

& samples MSE R
° Training: 19603 1.27595e-1 6.90665¢e-1
@ Validation: 2450 0.00000e-0 0.00000e-0
G Testing: 2450 1.28876e-1 6.87375e-1

Fig. 6. Results of network training — 10 neurons
(Bayesian regularization algorithm)

Results

& Samples MSE R
° Training: 19603 1.24006e-1 7.01202e-1
e Validation: 2450 0.00000e-0 0.00000e-0
a Testing: 2450 1.25583e-1 6.97397e-1

Fig. 7. Results of network training — 10 neurons
(Bayesian regularization algorithm)

Analysis of the obtained data allows to conclude that increasing the
number of neurons from 10 to 20 in the hidden layer leads to a slight
improvement in the model’s performance, but at the same time its com-
putational complexity and potential risk of overtraining increase.

3.3. Using the gradient descent algorithm

To assess the effectiveness of the gradient descent algorithm in train-
ing a neural network model, an analysis of the results (Fig. 8, 9) obtained
with different numbers of neurons in the hidden layer was conducted.

Results
& Samples MSE R
w Training: 19603 1.3623%e-1 6.64680e-1
e Validation: 2450 1.40824e-1 6.50607e-1
G Testing: 2450 1.36880e-1 6.61486e-1
Fig. 8. Results of network training — 10 neurons
(gradient descent algorithm)
Results
& Samples MSE R
° Training: 19603 1.37376e-1 £.60937e-1
a Validation: 2450 1.38564e-1 6.58088e-1
u Testing: 2430 1.34848e-1 £.69032e-1

Fig. 9. Results of network training — 20 neurons
(gradient descent algorithm)
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Analyzing the obtained results, it is possible to conclude that the
increase in neurons (Fig. 8) did not have a significant positive impact
on the accuracy of training the neural network relative to the neural
network with a smaller number of neurons (Fig. 9). The root means
square error obtained during training significantly exceeds the indica-
tors achieved using the two previous algorithms. This indicates a less
efficient training of the model when using this algorithm.

3.4. Comparison of the efliciency of the neural network under
different training algorithms and architectures

The obtained results indicate that increasing the number of neu-
rons in the hidden layer does not lead to a noticeable improvement in
the accuracy of the models (Tables 2, 3). The speed of model learning
remains an important factor (Table 4), since further studies plan to
increase the sample size.

Table 2
Obtained values of the mean square error
i || o ||
Levenberg-Marquarde 10 0.1279 0.1269 0.1316
Levenberg-Marquardt 20 0.1256 0.1284 0.1263
Bayesian regularization 10 0.1276 0.0000 0.1289
Bayesian regularization 20 0.1240 0.0000 0.1258
Gradient descent 10 0.1362 0.1408 0.1316
Gradient descent 20 0.1374 0.1386 0.1348
Table 3
Obtained values of the correlation coefficient
Algorithm N;:ﬁ;;ff Training R \t]ia;)l:ldlai Testing R
Levenberg-Marquardt 10 0.6898 0.6925 | 0.6789
Levenberg-Marquardt 20 0.6970 0.6884 | 0.6915
Bayesian regularization 10 0.6907 0.0000 0.6874
Bayesian regularization 20 0.7101 0.0000 0.6973
Gradient descent 10 0.6649 0.6509 0.6148
Gradient descent 20 0.6691 0.6588 0.6905
Table 4
Learning time during experiments
Algorithm Ny | eguniion | destne
Time (10 neurons) 6s 25 2s
Time (20 neurons) 49s 146's 5s

3.5. Choosing a training algorithm

Having considered the results of the three neural network training
algorithms and compared them, it is possible to conclude that for the
data sample used for training, it does not matter which of the algo-
rithms will be used. The results of training the neural network model
using all methods show almost identical values of the correlation coef-
ficient and the mean square error.

To check the correctness of the work, a set of input data was se-
lected, which was used for training and the Levenberg-Marquardt al-
gorithm. The check was carried out by feeding the values (Table 5) that
were used for its training to the input of the neural network and the
following results were obtained.

During the training of the neural network model, a script was gen-
erated (Fig. 10), which makes it possible to retrain the neural network
model, change the number of hidden layer neurons and input/output
data for training.

Table 5

Data sample for testing

Parameter name Parameter value

Outside air temperature, °C 25.9
Supply air temperature after electric heater, °C 26.8
Air temperature after heat exchanger — sensor 3, °C 27.8
Air temperature after heat exchanger — sensor 2, °C 28.8
Air temperature after heat exchanger - sensor 1, °C 27.9
Supply air temperature after second electric heater, °C 27.5
Supply air temperature after humidifier, °C 275
Absolute air humidity, g/m> 12.5
HVAC/System status 1 (ON)
Supply air humidity setpoint, g/m? 8
Supply air temperature setpoint, °C 20

x=data';

t=data_1";

trainFen = 'trainlm'; % Levenberg-Marquardt backpropagation.
hiddenLayerSize = 10;

net = fitnet(hiddenl ayerSize tramFcn);

net.input. processFens = {'removeconstantrows', mapminmax'};
net.output. processFens = {'removeconstantrows','mapminmax'};
net.divideFen = 'dividerand';

net divideMode = 'sample';

net divideParam trainRatie = 80/100;

net divideParam valRatio = 10/100;

net divideParam testRatio = 10/100;

net.performFen = 'mse’;

net_plotFens = {'plotperform’ 'plottrainstate’'ploterrhist,
'plotregression’, "plotfit'};

[net.tr] = train(net = t);

y = net(x);

& = geubtract(t.y);

performance = perform(net.t,y)

trainTargets =t _* tr tramnhfask{1};

valTargets =t * trvalMask{1}:

testTargets =t * trtesthask{1};

trainPerformance = perform(net,trainTargets.y)
valPerformance = perform(net,valTargets,y)

testPerformance = perform(net testTargets,y)

view(net)

Fig. 10. Generated script during training

To check the correctness of the work (Table 6), it is necessary to
improve (Fig. 11) the generated script to feed the input values to the
neural network and display the received output data.

Analysis of the data presented in Table 6 confirms that the neu-
ral network model trained using the Levenberg-Marquardt algorithm
provides high accuracy of the output data based on the sample used.

Table 6
Checking the correctness of the output data

Output Output data | Results obtained | Results obtained
utpu (expected) | (10 neurons) (20 neurons)

Electric heater 2 Stage 3 0 0 0

(0 - OFF, 1 - ON)

Electric heater 2 Stage 2 0 0 0

(0 - OFE 1 - ON)

Electric heater 2 Stage 1 0 0 0

(0 - OFF, 1 — ON)

Electric heater Stage 1

(0 - OFF, 1 - ON) 0 0 0

2%
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op = testoptimizapion1';
a = round(net(op(:,1)).1)

Fig. 11. Improving the generated script

In the future, the resulting model can be used as a prediction
function in adaptive or nonlinear control systems Model Predictive
Control (MPC), which allows replacing the classical mathematical
description of the system with a "black box" that can take into account
nonlinear relationships and complex dependencies.

3.6. Discussion of the results

In the process of modeling a neural network for a ventilation and
air conditioning system, the influence of various learning algorithms
and network architectures on the quality of approximation of input
and output parameters was analyzed. Six experiments were conducted
to develop a neural network model using three learning algorithms and
changing the number of hidden layer neurons.

This behavior can be explained by the limited complexity of the
studied process. In such cases, additional neurons do not increase the
quality of the model, since the data simply do not carry more complex-
ity that could be reflected. It is worth noting that data collection and
model training were carried out in conditions of limited time for this
time, due to interruptions in the operation of electrical networks and
Internet communication. To a large extent, the presence of such condi-
tions reduced the possibility of collecting qualitative data in a larger
volume from the existing system due to its unstable operation and
access for data collection in general.

The correlation coefficient obtained on the best model (about
0.69) indicates a moderate level of dependence between input and
output parameters. On the one hand, this confirms the existence
of a relationship between control influences and the results of the
model. On the other hand, the relatively low correlation value in-
dicates the complexity of the processes occurring in the ventilation
and air conditioning system, and the possible presence of nonlineari-
ties and external influences that were not taken into account in the
input data.

It is also worth noting that data from a temperate continental cli-
mate were used to obtain the model. Such data determine a very wide
range of temperatures, with cold winters and hot summers. Therefore,
the obtained results can be used with the highest quality in similar
climatic conditions.

The work uses the tools of the MATLAB software package to de-
velop a neural network model designed to control ventilation and air
conditioning systems. The use of MATLAB simplifies the development
of neural network models for ventilation and air conditioning systems
compared to conventional developments that use high-level program-
ming languages and mathematical modeling through the use of tools
such as the Neural Network Fitting Tool.

Despite the obtained results, the use of neural network models in
ventilation and air conditioning systems has the following disadvan-
tages that must be taken into account:

— The need for a large amount of data: High-quality training of

models requires the availability of large data sets covering various

scenarios of system operation. If the data is incomplete or of low
quality, the model may create a distorted picture of the dynamics of
the system.

- Data relevance: Data can quickly become outdated due to chang-

ing operating conditions, equipment modernization, or changing

climatic conditions. This can reduce the effectiveness of the model if
itis not retrained regularly.

— Risk of incorrect operation: If the system operates on the basis of

a model that has not been properly tested or updated, this can lead

to control errors, which will negatively affect the comfort and ef-

ficiency of the equipment.

For further development of the proposed approach, it is necessary to:
- expand the data sample from the real system, increase the sam-
pling time and scaling of the collected data, integrate the neural net-
work model into ModelPredictiveControl;

- develop a mechanism for self-learning the model based on new
operational data;

- investigate the possibilities of integrating the neural network
model into adaptive or nonlinear control systems Model Predictive
Control (MPC).

4. Conclusions

As part of the research, an artificial neural network model for the
ventilation and air conditioning system was developed based on data
collected through the SCADA system and the Carel cpCO controller.
The network was trained in the MATLAB environment using the
Neural Network Fitting Tool. To assess the impact of the architecture
and optimization method, three training algorithms (Levenberg-Mar-
quardt, Bayesian Regularization and Scaled Conjugate Gradient) were
used in two hidden layer configurations (10 and 20 neurons). A sample
of 19,603 values was used for training and 2,450 for validation and
testing, respectively. The analysis showed that changing the number of
neurons in the hidden layer did not lead to a significant improvement
in accuracy. For example, for the Levenberg-Marquardt algorithm,
increasing the number of neurons from 10 to 20 resulted in a slight
decrease in the mean square error on the test set from 0.1316 to 0.1263,
and the correlation coeflicient even decreased from 0.6789 to 0.6915,
which is not a significant improvement in quality.

The lowest mean square error (0.1256) and the highest correla-
tion coefficient (0.6973) were achieved using a model trained using
Bayesian regularization with 10 neurons in the hidden layer. This
indicates the ability of algorithms with built-in regularization to ef-
fectively generalize information, which is especially important in the
context of technical systems.

It was also found that none of the algorithms demonstrated a criti-
cal advantage in accuracy, but Bayesian regularization turned out to be
more stable and less prone to overtraining (no validation error).

The results obtained demonstrate an important feature — when
modeling technical processes using neural networks, algorithms that
have built-in mechanisms for controlling the complexity of the model,
in particular Bayesian regularization, show high efficiency. This al-
lows achieving a balance between accuracy and generalization ability,
which is critically important for applications in ventilation and climate
systems, where the training sample does not cover all possible operat-
ing modes.

The practical significance of the results is manifested in the ability
to use the obtained architecture and training methodology to create
digital models of ventilation and air conditioning systems operating
under conditions of uncertainty, environmental changes, or insufficient
sensory information. This creates a basis for the implementation of
intelligent control systems in industrial facilities, as well as for further
automation of technical diagnostics or optimization of the operation
of microclimate systems.

The results obtained can become the basis for the creation of adap-
tive microclimate control systems capable of operating in conditions
of changes in the external environment and incomplete information.
In practice, this can allow reducing energy consumption, increasing
the stability of temperature regimes in rooms, avoiding emergency
situations (for example, icing of the heat exchanger) and improving
comfort for users.

From a theoretical point of view, the results demonstrate the ef-
fectiveness of using neural network approaches to modeling physical
processes in technical systems, in particular those that are difhicult
to formalize using conventional analytical methods. The proposed
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approach can be used as a template for building models in related in-
dustries, where data are fragmentary and system behavior is complex
or nonlinear.
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