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A CBRalgorithm supporting time series data
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Abgtract : This paper focuses on the retrieval algorithms of a special kind of CBR system in which cases are
composed of time series data. We introduced the classcal algorithm used for processng smilarity queries
on time series data. This algorithm is based on the fact that DFT preserves the Euclidean distance in the
time or frequency domain, and only thefirst few elementsof thefrequency sequence are sgnificant , so the
retrieval process can only use these sgnificant elementsto compute smilarity degree. However , this algo-
rithm has several disadvantages limiting its usage in CBR retrieval , 0 a new algorithmis presented for u-
sing batch method to compute the similarity degree. It is based on the observation that the original problem
can be trangformed to a convolution problem , and the circular convol ution can be computed more efficiently
usng FFT. Theoretical analysis and experiment result prove that this agorithm is efficient and robust.
The algorithm presented in this paper furnishes the CBR with the ability to process cases consist of time
series data.
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