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Abstract In the era of Industrial Internet, an explosive volume of time series is continuously
generated by various sensors, such as temperature, vibration, pressure, inclination and strain. It is
crucial to analyze these unstructured time series to extract valuable information for state monitoring.,
fault diagnosis and control decision. In specialized fields, abundant data mining and analysis tools
have been provided to seek the potentially available knowledge from time series. For example, R
and Matlab contain a great quantity of algorithms for matrix manipulation. However, these
single-machine environments are no longer effective, or even invalid, especially when the volume
and velocity of time series is extremely big. Although there are already several commercials or
open-source software for distributed computing, most of them only provide a limited number of
parallel algorithms, and these parallel algorithms are platform-dependent. The same algorithm

should be developed repeatedly on different platforms, that is to say, it is difficult to extend one
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parallel algorithm from its original platform to other distributed platforms. This paper studied a
Large-scale Time Series Analysis Framework (LTSAF) as a general-purpose tool to parallelize
third-party algorithms in a quick manner, so that the existing algorithms are able to analyze the
massive time series data efficiently. Based on the insight of divide and conquer, LTSAF proposed
an approximate solution if the exact solution cannot be obtained within a feasible period. The
solution includes three steps, division, data-parallel computation and combination. The analysis task
is firstly divided into a number of subtasks, and each subtask contains a segment of original time
series and necessary redundancy to keep data locality. Division makes the subtasks data independent,
so the synchronization overhead of intermediate results is greatly reduced. The independent
subtasks are small enough, which are then solved by stand-alone algorithms directly. The solutions
of subtasks are finally combined to create an approximate solution to the original problem by removing
the dirty parts. From theoretical aspects, a time-space cost optimization model is established to
determine how to divide the subtasks efficiently, and the optimal length of segmentation is deduced
to make a balance between time and space efficiency. This paper also developed a prototype Spark
system that could transplant the verified algorithms. Experiments showed the approximate solution
made stand-alone algorithms applicable to deal with large-scale time series while obtaining precise
results. The parallel algorithms greatly decrease the processing time of large datasets and the
scaleup of these algorithms are no longer limited by size of input data. In addition, because subtasks
are completely data-independent of one another, the speedup of parallel algorithms increased
approximately linearly with the degree of parallelism, in that case, it is easy to estimate the overall
computation time of massive time series datasets in advance. As a cross-langrage and cross-platform
approach, this prototype system is facile to integrate third-party libraries, so that system users
can avoid repetitive development of the existing algorithms, but focus on data analysis.

Keywords time series; data parallel; approximate solution; divide and conquer; spark
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there are some commercial or open-source software for
distributed computing, most of them only provide a few parallel
algorithms for machine learning. These algorithms are platform-
dependent, that is to say, the same algorithm should be
developed repeatedly for different platforms. Since R and
other third party libraries contain a great quantity of
algorithms for matrix manipulation, it becomes important to
paralyze the analyzing large-scale time series with credible
third-party libraries and distributed platforms.
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In this paper, we give a brief review of parallel computing
time series in the past. and point out that intermediate data
exchanging becomes the key constraint for parallel computing.
For the first time, we propose an approximate solution in the

case that the exact solution can not be obtained. We design a

general framework that can increase the processing size of
large data sets and can transplant the verified algorithms
from other third-party libraries. Based on the insight of
divide and conquer, the framework analyzes independent
segmentations of original time series on a distributed storage
and processing environment, and then concatenates partial
results to generate the final result of acceptable precision.
We model the time-space optimization problem to obtain the
best length of segmentation. We also develop a prototype
Spark system, and validate the accuracy and efficiency with

large-scale time series data set.





