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A Neural Network Based Control

for A Glycol & Water Chiller Plant
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For almost a decade, neural networks have shown great potentials in solving non-
linear control problems. This paper shows how a neural network can control a chiller
plant consisting of two glycol & water chillers. Such a chiller plant has nonlinear dynamic
characteristics as a result of outdoor air conditions, equipments within the plant such as
pumps, modulate valves. The objective of this research is to minimize- energy cost
while maintaining high performance of plant. In our initial study, médel of neural network
so called “Backpropagation algorithm ” used to study plant behaviour operation was

trained. The experimental result indicates that conditions are well recorded by the neural

network although the applied input has a certain level of disturbance.
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3 Parts of a
Typical Nerve Cell
Dendrites: Carry signals in.
Cell body: Contains nucleus

Axon: Carries signals away

Synapse:

Point at which a nervous impulse
passes from one neuron to
another
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( Result of Training a neural network emulator )
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Model | Input Layer Hidden Layer | Output Layer
(No.of Node ) | L1 L2 L3 | ( No. of Node )

1 8 4 5 4 6

2 8 8 7 6 6

3 8 16 6
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o o 4 7
wanamasseslasiaie (Root Mean Square Error (RMSE) 14 3

wuy il
suuufi 1 RMSE = 0.035030
jUuuufi 2 RMSE = 0.031509
suuufl 3 RMSE = 0.030099
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Model 1:
4 Nodes

Input 8 Node, Output 6 node , Hidden Layer: 4,5

Root Mean Square error = 0.035030
=

Model 2:
,6 Nodes
Root Mean Square error = 0.031509

Input 8 Node , Output 6 node ,Hidden Layer : 8,7




Model 3: Input 8 Node, Output 6 node, Hidden Layer : 16

Nodes

Root Mean Square error = 0.030099

6. aswanisaandigenszuylsean

(Conclusion of Training a neural network emulator)
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