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ABSTRACT KEYWORD
Purpose: In this study, among the methods of applying machine learning when predicting the load of a building, tHEAEY

the cooling load of a building was predicted using a neural network model. To investigate the appropriateness of the ?i% %‘lj'?*?%}

learning algorithm of the multi-layer neural network model, the main purpose is to compare the predictive ilg%e*f_‘_ﬂlé

performance according to the change in the learning algorithm. Method: Among the learning algorithms applicable
to multilayer neural networks, a total of 16 algorithms were used to predict the cooling load and compare the = Multi-Layer Neural Network
prediction results. The input variables of the input layer of the neural network model are outdoor dry bulb COOI}“S Load
temperature, outdoor humidity, and Seasonally Data. The training period is 70% and the test period was 30%. The izj;ﬁzzr;ﬁz{:itms
number of layers in the hidden layer is 3, the number of neurons is 20, and Epochs is 100. CvRMSE and MBE are
used as performance index of the prediction model. The maximum, minimum, average, and standard deviation of
the 20 prediction results are calculated, and the prediction performance according to the change in the learning
algorithm was compared. Result: As a result of analyzing the predictive performance for each learning algorithm,
the predictive performance according to the learning algorithm was different. Considering the results and deviations R,ecei"Ed, J,ul' 4 2922

L. .. . . Final revision received Jul. 19, 2022
of the two indicators of predictive performance comprehensively, the model using the Levenberg-Marquardt (LM) cepted Jul. 25, 2022
learning algorithm is judged to have the best predictive performance.
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Fig. 1. Modelling of middle office building

Table 1. Simulation condition of reference building (Middle office
building)
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= Year, Month, Day
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One-step-before
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Cooling Load

Fig. 2. Structure of multi-layer neural network

Table 2. Values of structural parameters and learning parameters

Component Features Division Condition
Building Type Middle-Scale Office Number of hidden layers 3
Total Building Area 4982 [m'] Number of neurons 20
Weather Data and TRY Seoul Epochs 100
Site Location (latitude: 37.57°N, longitude: 126.97°E) Training Data Size 70%

HVAC Operation

Schedule 7:00~18:00

Lighting 10.76 [W/m’]
People 18.58 [m'/person]

Plug and Process 10.76 [W/m’]
Wall, Roof 0.157 [W/nr"K]
Window 1.29 [W/m’-K] SHGC 0.581
SetPoint Cooling 26 [°C]

4/1~10/31

Internal Gain

Envelope

Cooling Period

HVAC Sizing Auto Calculated
Output Timestep 1 Hour
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(International Performance Measurement and Verification Protocol)

Table 3. Multi-Layer neural network learning algorithms

Type Features

LM Levenberg-Marquardt

BR Bayesian regularization backpropagation
BFG BFGS quasi-Newton backpropagation
RP Resilient backpropagation

SCG Scaled conjugate gradient backpropagation
CGB Conjugate gradient backpropagation

with Powell-Beale restarts
Conjugate gradient backpropagation

F

G with Fletcher-Reeves updates
cGP Conjugate gradient backpropagation

with Polak-Ribiere updates
OSS One-step secant backpropagation
GDX Gradient descent with momentum

and adaptive learning rate backpropagation

GDM Gradient descent with momentum backpropagation
GD Gradient descent backpropagation

Table 4. Acceptable calibration tolerance

Acceptable Value*
Calibration
Index ASHRAE
T FEMP MVP
Jpe guideline 14 IP
MBE monthly +5% +5% +20%
Monthly
CvRMSE monthly 15% 15% -
MBE hourly +10% +10% +5%
Hourly
CvRMSE hourly 30% 30% 20%

* Lower values indicate better calibration.
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Fig. 3. Model accuracy of multi-layer neural network models according
to training algorithm(CvRMSE) - Training period
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Fig. 5. Model accuracy of multi-layer neural network models according
to training algorithm (MBE) - Training period
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Fig. 6. Model accuracy of multi-layer neural network models according

to training algorithm (MBE) - Testing period
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Table 5. CvRMSE of load prediction result
o Min. Max. Ave SD
oL Training Testing Training Testing Training Testing Training Testing
LM 10.99 10.48 12.02 10.94 11.64 10.74 0.30 0.12
BR 10.46 10.21 12.17 11.21 11.16 10.60 0.65 0.31
BFG 12.30 10.97 12.79 12.08 12.56 11.43 0.17 0.37
RP 12.24 10.91 13.23 12.94 12.71 11.68 0.31 0.67
SCG 12.09 10.78 16.10 14.99 12.61 11.49 0.85 0.89
CGB 12.29 10.80 14.41 14.33 12.63 11.49 0.47 0.74
CGF 12.31 10.92 12.84 11.95 12.56 11.34 0.16 0.28
CGP 12.25 10.82 13.09 12.48 12.57 11.43 0.22 0.40
0SS 12.35 10.88 13.41 12.83 12.60 11.53 0.26 0.44
GDX 13.22 11.43 28.74 27.09 21.41 19.97 422 4.19
GDM 18.02 16.96 32.52 33.64 26.74 25.75 3.80 3.90
GD 18.61 18.34 34.25 32.90 27.92 26.82 3.98 3.71
Table 6. MBE of load prediction result
T Min. Max. Ave. SD
s Training Testing Training Testing Training Testing Training Testing
LM 3.13 2.77 4.75 5.00 4.16 4.15 0.51 0.68
BR 3.15 291 5.46 6.05 4.53 4.59 0.63 0.87
BFG 1.97 1.92 3.76 3.84 3.09 3.01 0.55 0.67
RP 2.72 2.35 4.82 4.81 3.51 3.25 0.58 0.72
SCG 2.02 1.81 8.38 8.09 3.51 3.37 1.39 1.39
CGB 1.98 1.77 7.03 7.66 3.39 3.20 1.13 1.32
CGF 2.33 2.04 4.00 3.78 3.12 2.82 0.60 0.55
CGP 2.37 2.29 4.56 4.53 3.23 3.13 0.72 0.75
OSS 2.12 1.94 5.85 5.94 3.39 3.27 1.03 1.09
GDX 4.46 4.39 21.03 19.94 14.16 13.64 4.39 4.11
GDM 10.74 9.67 2391 24.30 19.46 18.51 3.43 3.65
GD 11.74 11.43 25.99 26.71 20.47 20.01 3.66 3.68
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