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Cluster-Based Hidden Markov Model in Time Series Multi-Step Prediction
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Abstract:
to approach the multi-step prediction problem in time series. As multi-step time series prediction problem is not fully addressed from

The study of time series prediction is pervasive in various fields. We propose a cluster-based hidden Markov model

a system angle, we utilize the hidden state of hidden Markov model to represent the inner state of a time series production system.
We also promote a cluster algorithm combining the temporal and similarity criteria to address the distance calculating issue in time
series clustering. This non-trivial criterion proves effective in multi-step time series prediction. Through a non-parameter approximate
method we estimate the inner hidden state distributes from every single state. And we also prove the correctness of an iteratively re-

finement of the cluster-based hidden Markov model (HMM ) . Experimental results on authentic data indicate the effectiveness and

accuracy of this approach.
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1:For i =1:length(L)

2: min_dis=0;

3: Forj=1:length(L)

4 Ifj! =1

5: dis=E(i,j); %3 (3)
6: If dis < min _ dis

7 best(i) = j;

8 best _dis(7) = dis; min _ dis = dis;
9: end

10: end

11: end

12: If best_dis(i) <e
13: best _info(i) = H(i,best(i)) %3\(4)

14: else

15: best(i) =0; best_info(i) =99;
16:  end

17:end

18:For i = lzlength(best)

19: b = find(best _ info==min(best _ info) )
20: € =merge(b,best(b));

21:End
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