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Cloud Server Aging Prediction Method Based on RUL and SVs-GFF

MENG Hai-Ning"?> TONG Xin-Yu' XIE Guo' ZHANG Bei-Bei' HEI Xin-Hong'

Abstract Aiming at the problem that software aging in cloud servers will cause system performance degradation
and reliability descending, a software aging prediction method based on support vectors (SVs) and Gaussian func-
tion fitting (SVs-GFF) with the use of the concept of remaining useful life (RUL) is proposed. Firstly, the statistic-
al characteristic indexes of aging data on a cloud server are extracted, and then support vector regression (SVR) is
used to sparse the data of statistical characteristic indexes into support vector sequences. Then, the Gaussian func-
tion fitting (GFF) model based on density clustering is established to fit the aging curves of support vector se-
quence data under different kernel functions, and the Fréchet distance optimization algorithm is used to select the
optimal aging curve. Finally, based on the optimal aging curve, the remaining useful life before the system reaches
the aging threshold is evaluated to predict when software aging occurs. The experiment results on four aging data
sets of an OpenStack cloud server show that, the proposed cloud server aging prediction method based on remain-
ing useful life and SVs-GFF has higher accuracy and faster convergence speed compared with traditional prediction
methods.
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Fig.1 Software aging phenomenon in a cloud server
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Block diagram of cloud server aging prediction method based on SVs-GFF
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