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Abstract

On-site diagnosis of chiller performance is an essential step for energy saving business. The main purpose

of the on-site diagnosis is to predict the COP of a targ

et chiller. Many models based on thermodynamics

background have been proposed for the purpose. However, they have to be modified from chiller to chiller

and require deep insight into thermodynamics that most

of field engineers are often lacking in. This study

focuses on developing an easy-to-use diagnostic technique that is based on adaptive neuro-fuzzy inference

system (ANFIS). Quality of the training data for ANFIS,

sampled over June through September, is assessed

by checking COP prediction errors. The architecture of the ANFIS, its error bounds, and collection of training

data are described in detail.
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Fig. 2 10 minutes-average data points sampled during
June 1st, 3rd; 5th and 7th of 2000 (b) data points
filtered through the quasi-steady state criteria
from the data points of (a)
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