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{Abstract)

It's important to note that air compressors in the industrial sector are major energy
consumers, accounting for a significant portion of total energy costs in manufacturing
plants, ranging from 12% to 40%. To address this issue, researchers have compared
forecasting models that can predict the power consumption of air compressors. The
forecasting models were designed to incorporate variables such as flow rate, pressure,
temperature, humidity, and dew point, utilizing statistical methods, machine learning,
and deep learning techniques. The model performance was compared using measures
such as RMSE, MAE and SMAPE. Out of the 21 models tested, the Elastic Net, a
statistical method, proved to be the most effective in power comsumption forecasting.
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Table 1. Basic statistics for each variables

Variable Mean Std. (ogiis a) (1_1122' ngff,)
Power 188.24 74.19 1.86" 0.006
Flow 28.10 12.38 110" 0.003
Power Efficiency 0.14 0.02 15.47" 0.001
Average Pressure(1-8) 6.37 0.48 6.04" 0.005
Average Temperature(1-8) 19.54 4.14 93.137 0.048
Average Dew Point(1-3) -40.69 18.88 9.76" 0.003
Average thermo hygrometer Temperature(1-3) 18.60 4.27 91.52" 0.013
Average thermo hygrometer Humidity(1-3) 45.35 10.69 43.99" 0.007

Std. : Standard deviation
Significance codes : ™ for 1% and 5% levels;
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