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Abstract: Large data processing system has become a hot spot research issue in the field of large data. First
of all, we study the data analysis platform architecture and the function. The data analysis platform
contains data source layer, data absorption layer, a data storage layer, data platform layer, security and
monitoring layer, equipment layer and application layer. Platform multiple data preprocessing and
algorithm modules. Platform architecture provides a foundation for the large data analysis. From a
functional perspective, the platform features a comprehensive, combination of the various steps of the
operation can be freely operated. The coupling degree between the modules is low, which is convenient for
maintenance and development. From the user’s point of view, the adjustment of parameters, the

establishment of the process, monitoring, and data mining process are all visual, workflow and scheduling
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stream technology are compromised. In performance, the performance of the BDAP algorithm is better

than that of Hive and MLIib. Finally, an example illustrates the application scenarios of this data mining

platform. After we analyze the circuit fault and meteorological data, we can predict and classify the fault.

Also we can use video mining to get useful information classified.
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Fig.8 Comparison of performance between ETL and Hive
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Tab.3 Comparison of running time between

logistic regression and MLIib

Logistic
200M 2G 5G 10G
Regression
TE 10 000 1 000 000 3 000 000 5 100 000
BDAP Hf[E](s) 2 002 6 579 22 191 40 653
MLIib Bf[E] (s) 2 109 7 783 22 032 39 271
x4 LHEEA

Tab.4 Comparison of running time between

linear regression and MLIib

Linear

Regression 200M 2G 5G 10G
174K 10 000 1 000 000 3 000 000 5 100 000
BDAP W} [E] (s) 1 977 7010 24 009 42 591
MLIib B[] (s) 2 098 7 204 23 264 39 657

xS NAMNERRME
Tab.5 Comparison of running time

between Naive Bayes and MLIib

CAFNE
10M 100M 1G 5G
e
T8 290 000 606 887 14 450 000 68 250 000
BDAP
) 42 97 209
YRR ()
MLIib V|
) 30 59 99 310
SR A (s)
BDAP il
o 54 81 160 652
B 18] (s)
MLIib il
o 75 256 1053
B[] ()
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Fig.10 The speedup of Spark BIRCH under different

number of cores and different number of data rows
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Fig.11 Grid data preprocessing process
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