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Item Parameter
Electrode diameter 350 mm
Electrode length 1500 mm
Furnace body diameter 2.5m
Drive motor rated power 7.5 kW
Drive motor rated voltage 380V
Drive motor rated speed 960 r+min™'
Melting voltage 100-200 V
Melting time 10 h
Design production capacity 18t
Minimum yield 15t
Maximum energy consumption per tonne 2650 kW +h
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R2 LA RIRCR AL

IAE MSE
Item -

A-phase B-phase C-phase A-phase B-phase C-phase
Manual control 2.12 % 10° 2.08 x10° 2.19 x 10° 2.28 x 10° 231 % 10° 2.01 x 10°
Compensation signal drive PID control 1.35 % 10° 1.61 x 10° 1.32 x 10° 1.37 x 10° 1.74 x 10° 1.26 x 10°
Decrease 36.3% 22.5% 39.7% 39.9% 24.7% 37.3%

IAE: integral absolute error; MSE: mean square error.
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