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A Study on Machine Learning Model for Predicting
Uncollected Parameters in Indoor Environment Evaluation

Jin-Hyoung Jeong*, Jae—-Hyun Jo**, Seung—-Hun Kim**, So-Hyeon Bang*, Sang-Sik Lee***
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Abstract This study is about a machine learning model for predicting insufficient parameters
through other parameters when one of the collected parameters is insufficient. A regression
model was created to predict time, temperature, humidity, CO2, and light quantity data
through the machine learning regression analysis function in Matlab. In addition, the three
models with the lowest RMSE values for each parameter were selected and verified. For
verification, the predicted values were obtained by applying the test data to the prediction
model derived from each parameter, and the correlation coefficient and error average between
the measured values and the obtained predicted values were obtained and then compared.

Key Words : Indoor environment, Machine learning, Prediction of variables, ICT, IoT
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Fig. 1. Data measurement device of the Ministry of
Root Environment
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Table 1. Specifications for indoor environment data

collection device

sortation specification
Supplier [Reis
Time -40 ~ 124 (Accuracy : = 0.4C)
Temperature 0 ~ 100 (Accuracy : = 3%)
Humidity -3,000ppm (Accuracy : + 3%)
CO2 concentration | 400~600 Lux (Accuracy : + 0.5C)
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Table 2. Setting variables for indoor environment data
regression model.

Predictors Input variable
Temperature, Humidity,
Time CO2 concentration, The amount of lig
ht
Time, Humidity,
Temperature | CO2 concentration, The amount of lig
ht
Time, Temperature,
Humidity CO2 concentration, The amount of lig
ht
Co2 )
concentratio 'Tl.me, Temperature, '
\ Humidity, The amount of light
The amount Time, Temperature,
of light Humidity, CO2 concentration
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Designation of input and
output parameters for
each predictor model

Data Collection —)

v

Regression model RMSE
value comparison of each
predictor variable and
model selection

Deduction of regression
model through Matlab —)
regression analysis

v

Validation by comparing
the correlation coefficient
and error mean between
the predicted value of the
selected regression model
and the actual value

Deriving predicted
values of predictors
through each selected
regression model
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Fig. 2. Block diagram of the process of deriving a
regression model for each predictor variable
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Fig. 3. Time prediction model and RMSE value
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Fig. 8. Correlation coefficient of time prediction model
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Fig. 10. Correlation coefficient of temperature prediction model
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