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Control of Coupled Tank Level using Evolutionary Neural Network
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Abstract-This paper describes a control technique
of coupled tank level using Evolutionary Neural
Network. In general, the control of tank level
without a dangerous overflow and with a high
accuracy is difficult because of higher order
time delay and nonlinearity. Nonetheless,
proposed Evolution Neural Network controller
in this paper was successfully implemented and
simulation results of the superiority over a
conventional PID one was investigated
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Fig 1. Coupled Tank System
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Fig 5. Reference vs. Water Level of Tank 2
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Fig. 6 Acquired Evolving Neural Network
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