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A hybrid prediction algorithm based on resource demand in the cloud computing
FENG Danging, WU Zhibo
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin, 150001, China)

[ Abstract] In cloud computing, it is easy to be in over—provisioning or under—provisioning during the resource allocation process.
In order to avoid the inefficient state, such as over—provisioning or under—provisioning, we propose a hybrid predictive technique
mainly according to the double Exponential smoothing approach. Firstly, the proposed hybrid approach takes the double ES as the
basic predictive technique by considering the varying workload along with the time. Meanwhile, on the premise of improving the
accuracy,, we present the min error method to determine the weight factor, such as the alpha in the ES. Secondly, we use the WMA
method as the reactive predictive technique so as to reduce the state in the sudden load. Finally, the experiments prove that the
proposed hybrid predictive technique would achieve the better accuracy. And it would reduce the time and space complexity at the
same time.
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Fig. 1 framework of resource management in the cloud computing
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Fig. 2 A hybrid predictive technique
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