.J ourna | Of KlAE B S Vol.14, No.6, December pp. 699-706

a OPEN ACCESS

Journal of KIAEBS 2020 December, 14(6): 699-706
https://doi.org/10.22696/jkiaebs.20200059

pISSN : 1976-6483
eISSN : 2586-0666

Received: October 28, 2020
Revised: November 20, 2020
Accepted: November 23, 2020

(© 2020 Korean Institute of Architectural
Sustainable Environment and Building Systems.

This is an Open Access article

o dlstrlbut@d under the terms of

the Creative Commons Attrib-

ution Non-Commercial License (http://creative-

commons.org/licenses/by-nc/4.0/) which permits

unrestricted non-commercial use, distribution, and

reproduction in any medium, provided the original
work is properly cited.

RESEARCH ARTICLE @

CrossMark
clickfor updates

AU ojtt=lEke S OISS flet 71AlekE 22 AS

Verification of Machine Learning Algorithm for
CO,, Prediction in Building

Kim, Hyo-Jun' - Cho, Young-Hum? - Ryu, Seong-Ryong™*

'Ph.D. student, Department of Architectural Engineering, Graduate School of Yeungnam University,
Gyeongsan, Korea

2Associate Professor, School of Architecture, Yeungnam University, Gyeongsan, Korea

3Associate Professor, Department of Architectural Engineering, Kumoh National Institute of Technology,
Gumi, Korea

*Corresponding author: Ryu, Seong-Ryong, Tel: +82-54-478-7592, E-mail: archiryu@kumoh.ac.kr

ABSTRACT

The objective of this study is to develop prediction model of indoor carbon dioxide (CO,)
concentration using machine learning algorithm. Indoor CO, concentration is one of the
indicators of indoor ventilation standard, and indoor air quality and ventilation performance can
be checked through CO, concentration. The machine learning model is a method of analyzing
the relationship between measured input/output data and does not require a high level of
theoretical knowledge about the output value to be predicted, making it easy to develop a
prediction model. In this study, a CO, prediction model was developed using an artificial neural
network, a support vector machine, a random forest, and a K-nearest neighbor algorithm based
on the existing HVAC system operation data. When comparing the performance of the
developed CO, prediction model, the ANN model showed high performance. As a result of
analyzing the time series data using the developed model, the measured indoor CO,
concentration and the CO, concentration of the prediction model were similar, but on average, a
relative error of less than about 5% occurred.
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Figure 2. Schematic of test-bed

Table 1. Summary of test system

Category Specification
Air Flow (CMH) 12,000
Supply fan Static Pressure (mmAq) 92
Power (k 5.5
AHU . (W)
Air Flow (CMH) 9,600
Return fan Static Pressure (mmAq) 35
Power (kW) 3.7
Rated air flow rate (CMH) 1,360
VAV Terminal unit ) ] ( ]
Capacity of reheating coil (kcal) 4,000
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Table 2. Summary of Measured data and equipment

Measurement point ~ Measuring equipment ~ Accuracy  Full scale  Measurement data range

Fan speed VFD 0.1 Hz 60 Hz 15~40 Hz
OA damper position Damper actuator 1% 100% 10~90%
V(‘iw terminal unit b o actuator 1% 100% 6-100%
amper position
CO; concentration CO; sensor Ippm 5000 ppm 414~1873 ppm
Occupancy - - - 1~5 person
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Table 3. Summary of Measured data and equipment

Machine learning model MBE (%) CvRMSE (%) R?
ANN 32 5.4 0.97
SVM 3.9 6.0 0.96
RF 4.7 6.9 0.95
KNN -5.1 8.1 0.93
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Figure 3. Comparison of measured and predicted CO, concentration
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