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Fig. 1 Architectural diagram of Kafka
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BT BN AN ST — L IR R, Tl i 5 A B
AT XA B A SR HEA T AR | BRSOl T 1
JP (B R AR A 1) LR Y Bk 2 1 AR & 36 R 1 [ P A
TR, 2L T 52 2R R G AN Rl B[R] i A 8B s, B 1k 1
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b A PR SN L BEORAIE 172 7 - SRR e [
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EAFRIFEIIN T  ARA AR B ERE AU e
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R E R 5 R DAL iR TR i

SCIENCE & TECHNOLOGY REVIEW

A1 T 5 e T W R AR AR A PR R 2817 98 A A5 12 B, AT
LK ALR R TS BE 1 R Client 3 , LA MQTT HMSUAE i B0
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Ui (Sink ) Kz 14> v 8] (4 £5041 22 475 ( Channel ) o Source 1
S DA S A B IR 2 0 1 K PR A 5 Channel FAE 2
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Fig. 2 HBase architecture
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Sl i3t HBase T LAAR J5 (8 b X rh kA i AR 25 40 Ak s 2t
Traess Bl an P R AR E AL 55 e 1 AR e RS I
FARRE I /N TCEAF AR S5 AR A 5 S A ) ) L
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Fig. 3 Redis architecture
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3.1 Hadoop MapReduce

Hadoop #& Apache JF & 1] — > 73 i 2L R Ge LAl 4244 ,
2 o AR AE 23 A AR HE F ok v i 580 A7 b Ak P A R
LR . Hadoop H11E Z2 0 R ALAL, Horb (0 3 2 MO R 4
HDFS 4345 2 3C 4 2 42 Fil MapReduce 2 F2A5  , HDFS SZ 3
T EBAR AT RE , X TR EOR AR, R
A LA i TR AE R Z RN LA FRIE A AR A, L mT B
A 9 3 LE BEHLAR s MapReduce W 7E HDFS B4 A7-fifi 2 [ 4243t
T A EE T R A 5 %) A Ak 3 G R ABE Y | 38 3f Map (B
)5 Reduce (BLZ9) 1Y 752X A3 TG Z AL BREAR, SC0 T
EHEHLEFLH K. MapReduce (9 TAERELUNE 4 R o

4Splitl H Map |~\§\hufﬂe
[ T | T~

I ‘ SR
/ — Red Output
\fsetie{ Map 1 Rcauce Joupu
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1Split4 H Map r

B4 MapReduce TIE/RIETRE
Fig. 4 Working diagram of MapReduce
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TSR IRRR ISR, an - (1, A7) . Map IETENZ G &
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20, 19 8] Mapper 19 iz 285 458 o 158 Mapper fir )5, &
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3.2 Apache Spark
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DAG g 1 B4R 2 A4 B 18719 RDD, RDD 22 [1] £33 A

1290



—t

www.kjdb.org

RS 2017,35(20)

B Transformation
A: %%
b :
Stagel group o
o= T
Ej C: D: F: -Output-» E
“ vy | | %
map
1 1
E:
— H—] join ||
|
Stage2 union
Stage3

B 5 Sparkizf{T/EIE
Fig. 5 Spark operations
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PEATIHERE o X3 Stage I 23 587375 JEAE 73 A U5 Pl it K
LETHRL AR o R R TR RO i B Y AR 2
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A E R S B, 7T LU Spark Streaming FEBRUEF AL,

3.3 Storm
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P E I W2 B A 4D (Topology ) B & A AT 4535 Uk K 2% K &
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Open source big data framework in marine information processing
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Abstract With the rapid development of China’s sea observation technologies and data collection methods, we have an ever expanding

amount of observed data with more and more complexity. Therefore, the traditional data storage and processing techniques cannot effectively

manage and analyze the big ocean data. Meanwhile, the regionalization and the distribution of these data become an challenge for a unified

data management, during the data mining process. From the perspective of the big data life cycle, this paper reviews the technical

principles of the existing open source big data framework in areas of data acquisition, storage, processing, intelligent analysis, security

protection and data governance, focusing on their applications for the big ocean data.

Keywords open source; big data framework; marine information processing
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