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COMPUTATIONAL INTELLIGENCE 

MODEL FOR THE HEAT DYNAMICS OF 

BUILDINGS 
 

Abstract: This paper presents the application of the 

computational intelligence approach for modeling the 

heat dynamics of buildings. A database was generated 

using simulation in EnergyPlus software. The control 

inputs are the power of electric low temperature 

radiant system for the west, east and north zones. The 

outputs are mean air temperature for the west, east and 

north zones. The disturbances are the internal heat 

gains for the west, east and north zones, transmitted 

solar radiation on the west side, face temperature on 

west side (inside) and outdoor environment 

temperature. The neural network predicted values are 
in accordance with the values obtained by the 

simulation. 
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1. INTRODUCTION  
 

Model-based predictive control is 

known to be a very modern powerful 
control strategy and has been in focus of 

researchers in the area of buildings energy 

management [1, 2]. The predictive 

controllers are based on the mathematical 

model of the object. The building’s 

physics can be modeled by using a set of 

non-linear equations. There are two 

standard methods for building 

mathematical models based on physical 

principles (white box modeling) and 

measured data (black box modeling). The 
combination of these two methods is called 

grey box identification. 

Prívara et al. [3] describes a new 

iterative two stage method for building 

modeling. In the first stage, the minimum 

set of disturbance inputs is found; then the 

minimum set of system states maximizing 

the model quality is selected. The 

procedure for using MATLAB System 

Identification toolbox is presented and 

discussed by Jiménez et al. [4] for 

estimating the thermal characteristics of a 

wall component. Bacher and Madsen [5] 

suggested a new procedure for 

identification of models for the heat 

dynamics of a building based on the 
measurements of the heat consumption, 

indoor temperature, ambient air 

temperature, and other climate variables. 

The grey box method is applied by 

Andersen et al. [6], for modeling the heat 

dynamics of the indoor air temperature in a 

residential building when various heat 

inputs, such as solar radiation and heat 

from radiators, are varied.  

Prívara et al. [7] provided and 

analyzed the methods of the identification 
for nonlinear buildings predictive control. 

In the last decade, neural networks 

and Takagi–Sugeno fuzzy systems have 

been applied as nonlinear system 

identifiers [8–12]. 

The present paper suggests a 

procedure for identification of 

computational intelligence model for the 
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heat dynamics of a building. A model of 

the investigated building was constructed 

in the simulation software EnergyPlus. 

 

 

2. FEEDFORWARD NEURAL 

NETWORKS MODEL 

 

In this paper two layer neural network 

with sigmoid neurons in the hidden layer 

and linear neuron in the output layer is 

used for the heat dynamics of a building. 

The inputs 
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where R  is the number of inputs, z  is the 

number of hidden neurons, 
 . 1i j

  is the 

first layer weight between the input j  and 

the i-th hidden neuron, 
 1, 2i

  is the second 

layer weight between the i-th hidden 

neuron and output neuron, 
 1i

b  is a biased 

weight for the i-th hidden neuron and 
 1 2

b  

is a biased weight for the output neuron. 

The Levenberg–Marquardt algorithm 

([13]) is used to train the FNN. 

 

 

3. BUILDING SIMULATION 

The analyzed building consists of 

three zones, Fig.1. 

 

 
Figure 1 - Analyzed building 
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Basic file description: 1 story 

building divided into 3 interior conditioned 

zones. Roof with no plenum. No ground 

contact with floor. Floor Area: 130.1 2m  . 

There is a single window in the west zone 

south wall. An electric low temperature 

radiant system is used for heating the floor 

of each zone, with power ratings of 12 kW, 

8 kW and 8 kW for the north, west and 

east zones respectively. The ambient air 

temperature profile was of Chicago, IL, 

USA. The disturbances due to internal heat 

gain and solar heat gain were different for 

every zone and time-varying. 
The main weather parameters are 

presented in Table 1. 

 

Table 1 - Main weather parameters 

Parameters Units Values 

Minimum Dry Bulb 

Temperature 
0C -17.30 

Wind Speed  m/s 4.90 

Wind Direction 
o 270 

Solar Heat Gain 

Coefficient 
 0.764 

 

In this case study, we used the 

EnergyPlus model as the ground truth for 

the building, i.e., it was considered as the 

“real” building. The program EnergyPlus 

6.0 is used, which allows the simulation of 

thermal behavior of buildings during the 

analyzed period. This program is a very 

useful tool to investigate the behavior of 
the net-zero energy and green buildings. 

This software allows using schedule input 

of the parameters that affect on the thermal 

behavior of buildings, such as lighting, 

electrical equipment, the presence of 

people in the house, etc. This software also 

takes into account external influences to 

buildings such as solar radiation, shading, 

infiltration, wind direction, etc.  

 

 

4. SIMULATION RESULTS 
 

Because there are 3 zones in the 

building, model has 3 control inputs and 3 

outputs. The control inputs are the power 

of electric low temperature radiant system 

for the west, east and north zones. The 

outputs are mean air temperature for the 

west, east and north zones, Fig. 2. 

 

 
Figure 2 - Neural network model for the heat dynamics buildings 

 

The disturbances are the internal heat 

gains for the west, east and north zones, 

transmitted solar radiation on the west 

side, face temperature on west side (inside) 

and outdoor environment  temperature. 

In this study, the multi-layer 
perceptron (MLP) neural network (NN) is 

used to predict the energy consumption. 

The MATLAB Neural Network Toolbox is 

applied for the implementation of the 

neural network. 

The data (2880) were divided into 

training, validation and test subsets. In the 

training process of the MLP, 432 samples 

were used. The NN model was tested using 
432 selected data. 

Comparisons of the values obtained 

by the EnergyPlus and NN-modelled in 
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training, validation, test and 

training+validation+test set are shown in 

Fig. 3. The mean air temperature for the 

west zone obtained by the EnergyPlus and 

NN-modelled is shown in Fig. 4. 

 

 
Figure 3 - Comparisons of the values obtained by the EnergyPlus and ANN-modelled in 

training, validation, test and training+validation+test set 

 

 
Figure 4 - The mean air temperature for the west zone obtained by the EnergyPlus and 

NN-modelled
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5. CONCLUSION 

 
The aim of this paper is to develop 

and analyze computational intelligence 

model for the heat dynamics of buildings. 

The results obtained from simulation in 

EnergyPlus software were used for 

training and testing the multi-layer 

perceptron neural network. Training 

algorithm of the network is chosen as 

Levenberg–Marquardt backpropagation. A 

two-layer neural network, with a log-

sigmoid transfer function at the hidden 

layer and a linear transfer function at the 

output layer, was used. It is evident that 

MLP methods can be used to predict new 

values from the present generated data.  

In this paper the application of neural 

networks for air temperature prediction 

inside buildings was discussed. Future 

work will address the model predictive 
control aspect. 
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