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ABSTRACT KEYW ORD
Purpose: This study aimed at developing an artificial neural network (ANN) model to predict the optimal start ~ 2AZMUZY

moment of the setback temperature during the normal occupied period of a building. Method: For achieving this Ojﬁiﬂ ?j -

objective, three major steps were conducted: the development of an initial ANN model, optimization of the initial élil I:<I>_|H %lg =

model, and performance tests of the optimized model. The development and performance testing of the ANN model

were conducted through numerical simulation methods using transient systems simulation (TRNSYS) and matrix  Artificial Neural Network
laboratory (MATLAB) software. Result: The results analysis in the development and test processes revealed that the ~ Predictive Controls

indoor temperature, outdoor temperature, and temperature difference from the setback temperature presented strong l;:;;:;i i:;:;ren; ture

relationship with the optimal start moment of the setback temperature; thus, these variables were used as input

neurons in the ANN model. The optimal values for the number of hidden layers, number of hidden neurons, learning ACCEPTANCE INFO

rate, and moment were found to be 4, 9, 0.6, and 0.9, respectively, and these values were applied to the optimized ~ Received April 26, 2016

ANN model. The optimized model proved its prediction accuracy with the very storing statistical correlation il:jelprggsl\lz:yrigegg? 6May 12,2016
between the predicted values from the ANN model and the simulated values in the TRNSYS model. Thus, the ’

optimized model showed its potential to be applied in the control algorithm.
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Fig. 3. Module for Data Acquisition

Table 1. Features of the Test Module

Components Features

TMY2 for Seoul, South Kroea (latitude: 37.56°N,
Weather data Jongitude: 126.98°E)

Cold in  winter: 1.7°C air temperature and 59.1%
Climate relative humidity from November to February in

conditions during | average
the cooling Hot and humid in summer: 23.5°C air temperature
season and 72.7% relative humidity from June to

September in average

Dimensions 42 m wide * 3.6 m deep * 3.05 m high
Envel Exterior walls: 3.72
Snveiope Roof: 6.80
insulation Floor: 3.70
[m2K/W] Windows: 0.71 with 6-mm gray glass+16-mm argon
gast6-mm gray glass
South: 0.20
Window-to-wall | North: 0.10
ratio East: 0.00
West: 0.00
Occupants: 2 seated light-work persons

Internal gain Lighting: 5 W/m2
Equipment: 2 computers with printers
1.5 ACH

Radiative heating: 12,000-kJ/hr heat supply

Infiltration rate
Heating system
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Figure 4. Incorporated Method for data collection

Table 2. Values for the optimization of the ANN components

Components to be Parametric values to be tested
optimized

Num. hidden layers 1,2, 3, 4,5

Num. hidden neurons 1,2,3 4,5 6,7,8 9,10

Learning rate 0.1, 0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0

Moment 0.1, 0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0
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Fig. 5. Correlational results (R2) for determining the optimal
number of hidden layer
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and the simulated values
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Nomenclature

TIMEsgr: predicted time required to reduce the current
indoor temperature to the setback temperature,
minutes

TEMPy: indoor air temperature, ° C

ATEMPy: change from the indoor air temperature of the

preceding control cycle, ° C
TEMPour: outdoor air temperature, ° C
ATEMPour: outdoor air temperature change from one hour
ago, ° C

TEMPpp: temperature  difference  from  the setback
temperature, © C

NHL: number of hidden neurons

NHN: number of hidden neurons

NIN: number of input neurons

NON: number of output neurons

ND: number of training datasets

LR: Learning Rate

MO: Moment



