F4%5 F1H it ' #l I # 2015 4E 1 H
Vol.41 No. 1 Computer Engineering January 2015

- NIERERISAFEAR - XEHES . 1000-3428 (2015)01-0174-06 STHRARINAD . A HESES ., TP311

— 1 E T MapReduce B %5 Bt 32 18 i Tl 77 7%
R OFERE SRR

(1. P EPBERET MR BRI, T M 510640 2. FRERMERE K% LI 100049,
3. R R B HE ARG BRA ], T 510630)

W B ARSI A s 2 0 S A A 7% (LB A 2 R A T ik 5 E 2 1 F O
S, B 1y — B P B o8 00 T MapReduce 538 5905 10 4F S80I 51 0 5 38 0 000 % il 51 A
MapReduce JFATHHRHERL, JIHe K 553 40 5005 00 8 5% 37 71 K00 Tk 90 I B3 ) P38 1% 0 0% 0 Al D6 5 0 3%
i, 3% FHl MapReduce NS HOE AL TR , D14 50 13k A2 B I B PIRGE, SC HA2 W  3% 07 A EARE
S I R BE RGBT, R T O E , O LA B (0 T R

KBRIA . S PPN AE S AL K SR 4B % 5 1345 5795 s MapReduce 4RI A ; I35

B3I ARN R G EE R, 29I, —Fh LT MapReduce F B A28 3 I Ok [T, TFELHL TR, 2015,
41(1) :174-179.

5| A#& = ; Liang Ke, Tan Jianjun,Li Yingyuan. A Short-term Traffic Flow Forecasting Method Based on MapReduce[J].
Computer Engineering,2015,41(1) :174-179.

A Short-term Traffic Flow Forecasting Method Based on MapReduce

LIANG Ke'”?,TAN Jianjun',LI Yingyuan’
(1. Guangzhou Institute of Geochemistry ,Chinese Academy of Sciences, Guangzhou 510640, China;
2. University of Chinese Academy of Sciences,Beijing 100049, China;
3. CASample Information Technology Co. ,Ltd. ,Guangzhou 510630, China)

[ Abstract] Non-parameter regression method is widely used in short-term traffic flow forecasting, but there is a
contradiction on forecasting accuracy and computational efficiency in that method. This paper proposes an improved short-
term traffic flow forecasting method based on MapReduce and genetic algorithm in the context of massive historical data.
To improve the search speed of K Nearest Neighbor ( KNN) , a parallel computing framework MapReduce is used to
search the KNN. In data preprocessing stage, genetic algorithm is used to optimize the selection of key parameters,and it
accelerates parameter optimization process based on MapReduce to solve the problem of long iterative operation time for
genetic algorithm. Experimental results show that the method has high scalability, and it can increase the searching
efficiency significantly while the forecasting accuracy is guaranteed.
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