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Abstract

With the improvement of every kind of remote sensing instrument spatial resolution and spectral
resolution, amount of the remote sensing image data for monitoring forest condition will accumu-
late with time and rapid growth. The traditional remote sensing image data storage systems gen-
erally use the SAN (storage area network) architecture. Faced with the increasingly extended re-
mote sensing data amount, stored in SAN architecture has low storage efficiency, poor scalability,
high expansion cost. To solve these problems, the best way is to transform the centralized man-
agement model of remote sensing image data into a distributed management model. On the basis
of Hadoop platform, this paper studies the partitioning strategy of meteorological remote sensing
data with the purpose of distributed computing of meteorological data. The experiment was car-
ried out on the partitioning strategy of HDF data stored on HDFS by line segmentation. The result
of the experiment is to get the conclusion that the storage efficiency is higher after the data parti-
tion.
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3) BAIRI . B AR BN, BRI R IS RS A B R YR RS E T
AU B ORI B R HEAT 70, T Bdie A B IR B AR S5 A SE . BRUNIRSE& fids B3 51, A A
K BT AT LR B S0 ARAN ) 75 2R R R S 15 Ml B U M K 3 S 2 ol R

A3CLL Hadoop ) HDFS 23 A1 X0 RS E AT R EAR I 0 A KA1 66, SR ARG, B
A IR N TG BBEG R R 2 S oy DSk, R BT B S .

2. BT Hadoop IS RIBRBUEFHEESLR
2.1. Hadoop +48

Hadoop 7& Apache Lucene €46 A Dong Cutting Jirfill &, Lucene f&—/MSH 2 I CA R R4 HE .
Hadoop 25 T 15 i % 4% 482 5] % Apache Nutch, Nutch 7< & 152 Lucene 3 H i) —7#43[2]. Hadoop I
ZA$E Hadoop Common, Avro, Hbase, Chukwa, Hive, Pig, MapReduce, HDFS, ZooKeeper 54114,

22. SEYEHHAFHEFIER

HDFS & Hadoop Hifitim &t &AM RS, £ GRS R G IR SE I, 251X
THEMEZE . HDFS HA R 248 10Rs pt, 1T LAERE R A8 B AR 500t T, I FLPR it mn e kB 1 S0
EE . [FR, HDFS 383 3 s 35 skl 23 s A hn et 4« 22 H ). HDFS J& T 48 12 IS4
IGERY, ATDASRECEROMIBR . Ear 4. BIE%5ME. HDFS B0t i — 4142 (3 s i, b
% NameNode. DataNode 1 Secendary NameNode i 5. A< LA HDFS N Aii A7t &, KR EET
i T HDFS L, ~F&EHEZ WA 1 fror.
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Figure 1. HDFS storage structure
[ 1. HDFS i R4 E
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Hr, NameNode 153 % 3 HDFS 17 ) 44 BRAI B SRR GHE 2, 0 B 4 1 A SR % ) 82 2 7 i
53K DataNode T-ZAFMESLPRIVIREIE, THIAHE(E B4 NameNode 9xi: Secendary NameNode
%8l NameNode Jf- 70 HH TAF &, /£ SO0 T AT HiBh K &2 NameNode, 2¢# £ 4X NameNode 4k%: T-1f:

3. SRBEN MR
3.1. SREUESEIRMR

MapReduce & Google /A 7] A i H IS Web [ T3 408 P38 2% i 42 1 10— Fh o A Xk SBAHE 22, Doug
Cutting 73X /M ERE E, ] Java 15 = 523 MapReduce HE4E, FFIZ477E K BB 1 EHL4L % 1) Hadoop
S, Aeie g ERUE DL s AR BT s m 0 AT i b 5. SE5 0 mUB A, FRAR
H T #2& MapReduce $24E fhATH O, RIEEAT 20 A6 200 RS 30 AR A8 LU 5 4 S T AR T

MapReduce % FEAE 2 )40 /& Map F1 Reduce %k, Hiz47 BN Map bR %2 3 4b #E5k 5 HDFS
A BRI A EE 2 R, R AR 2 B 2 b TR - R A . o, B R - 2
Wkl 4r 2 7 — 4 Reduce B HEAT AP . i # Map M1 Reduce 115570 & 45 & 5071 55, M ST K30
e SN (S

TR IR AR S ) BRI B B AR AT S, TEAFIE BB Y, BB S SR A
ARARMIZESTYE, B 2008 B AR FH UK AT IR R ARE BB . KB B AR R 4% B
5y, AT o3 N KR AR B S S R 55 R AR b T A 5% B L Ath 38 B 18 N (A bk ok ) o T
MapReduce (Hadoop 731 AL HE AL FEAE A # 2l 1 HE [ HE 25, I H MapReduce & —Fft S0 £ 4 55 4R A 11 55
gmFERE AL, DRI B 10 R o0 B0 R0 B T 5 A A 2 2 1) MapReduce SRR 7 8GR I B 0 758, AN #
KPR H) 3 T A o0 A X H H AR [3] [4] [5]-
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FUR O R ER NG HDFS A74% 75 30 B 3476k 1) HDFS WP EI AT . % T 75 ZLid i MapReduce SRIEFHH5 2%
RIAGBEN S, 75 ZI0 AR A ) 2 07 ORI T R Gt o A Uit S R

3.2. T HDFS WS REIESRE X

AR EEW KRR, BN TG E HDFS BRI BRI T 0 A s, S s b3
WP NS REHE— ML HDF A% A7, B R 7t HDF A% X 10 18 B A7 fif 50%:[6] . HDF 5%
HRASE HDF5, ASCHEFE R R 5 42 HDFS %38, HDFS R MR A L : 4 (group) FiE 5
(dataset), ZHELE 0 NELEZAEHEE. HDFS HIMERLE Ml 2 Fis.

NTAGENE, —REFE=AE: 2RSUHA, B ST ERMEERIRE . T AR S R E
BEAT /A T, 7520 HDFS BRI 73 807 SR BA B ARAERS AT IR 2, 843 73 BE B S0 /2 HDF %
FAE RN SO, I B O R/ HDFS & 17 B /MESE . 29 MapReduce 72 AT AL BR (1, fif LA
W35 EE 5 BB B/ IN AT DR S T SRR o B 4R SO ARVRL A SCHE LI R s e, R
FHEHE R 34T 73 B0 U7 20 HDF SCHHRYE 75 224 i T4 HDF /NS, AR H ). Ak
(5L ] Ldid HDFS 4@kt 42 1 A HDF FE 4% M SEPi . i85S HDF & B30 B HDF S i & AN B PR B
X LR, SR T AT 4y E i )5 2 B AT 43 B . FIH HDFS ) FSDatalnputStream Z$3R B4 B 1) 5L
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Figure 2. Structure of HDF5
[ 2. HDF5 549

4. SRR S 5t
4.1, BIEINE

FUOHLAHR ) BRI A7 4GB, T 25 [ A 500 g MIELFRCE, 7F CentOS R4 L NigfT, JBH
LR 55 45 AHIE . AT R Hadoop &8F 773X, KHIRSS # BN, EEUNL ERE 7 GRS
BTSN A 4  — > Hadoop SEAF IR, 25 B H o N5 #3 23 79 4/ 9 5 NameNode #1£ H NameNode,
JFi4bh 5 AT iy DataNode.

4.2. BT
ML RSS2 B UL B3 R 45459 CentOS-7-x86_64-DVD-1503-01, Eclipse fiiA A eclipse-jee-
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mars-1-win32-x86_64, JDK & 64 fif jdk-7u79-linux-x64.tar.gz. ##f I Hadoop x4k 2.7.3.
4.3. Hadoop SEEFIFIEIEE

1) %% centOS7, 1 42 CentOS-7-x86_64-DVD-1503-01.is0 5515 , 4B I e 3 TAF b AR 45 2 i 5K,
PR TR E A AT 2

2) %¥ java BT, B REIE RS E 3h L3 openDK E1Z; Open]DK:

3) Hr#dt Hadoop Nk /' FH 7 Fl1ZE¥5°4 Hadoop, ##9°% Hadoop, home H % N/Hadoop.

[root@dn3 ~]# useradd -d /home/Hadoop Hadoop

4) WE ssh oG

5) f&4 core-site.xml

6) 12 HDFS-site.xml

7) 15 mepred-site.xml

8) %% zookeeper # 1t

9) EREEN

J2 511 zookeeper

[Hadoop@nnl ~]$ /home/Hadoop/zookeeper/bin/zkServer.sh start

10) /3l Hadoop k%5

[Hadoop@sbin]./start-all.sh

11) JAsh &R

& nnl RAHKCA active

[Hadoop@nn1~]$ /home/Hadoop/Hadoop-2.7.3/sbin/Hadoop-daemon.sh

start zkfc

FEEE K, NIRRT ITIF 172.16.3.111: 5070, A HDFS &HEIRL.

4.4, SKBER

ARSI HAE R F ) FY-3D ZLAM St il KR L1 R FI = =5 B B koK 5 E
PR R BT R 0 BB, SCE RN 900 M, 2 25 G SIS IR ER AT SIS AR A7 L R
SRR EL, DS PRI ], e 1 AT 2 P (i TEdE B ELBOR,  #e:— 10U
W=, BOPEME).
4.5. SEWEERTHT

DA, SR A IR BB AR VLR T SN LA7 il 1 (B DRI 22.9%, SRR AT LASR ) 123.2%)
PRION 2 A5 AT LR N BEAT 70 o 70 BROK/NXTAE il EE AN K, (B BRIk Y AR )
/(B T R AR R K208 10 ms). BEAE 1T mi08 22 , HHe 1476 B I AR, S8 A% T DARE Y g 2,
AEAREE LI BT RAE R, A TSSO L0 5 K P (R 25 P ASSURE A EL A T AR E RS AR S (13 E)

Table 1. Single machine storage speed

=1 BHFHRE

SCFRA FAF ki 6] T s i
25G 14 min21s 29.07 MB/s
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Table 2. Cluster storage speed
=2 EERGHERE

RN PR/ AT RN VS A Ak i) VYA AR
25G 64 M 5 11min37s 35.73 MB/s
25G 64 M 6 9min57s 41.87 MB/s
25G 64 M 7 8min18s 50.20 MB/s
25G 64 M 10 7min1ls 57.87 MBI/s
25G 128 M 5 11min20s 36.77 MBI/s
25G 128 M 6 9min50s 42.34 MB/s
25G 128 M 7 8 min 08 s 50.99 MB/s
25G 128 M 10 7min01s 59.50 MB/s
25G 256 M 5 11mini12s 37.20 MB/s
25G 256 M 6 9min45s 42.73 MB/s
25G 256 M 7 8min02s 52.08 MB/s
25G 256 M 10 6 min48s 61.20 MB/s

SKBRRLHI R, BRI AAAE 2 AT A L WU A RER BRI AT A PTE BRI R, B Bk
G EMAARIE A S R/NTTSE BRI AR BRI AS K, U B 25 8 R 2 A2 g (1)l an SRy B ok,
FEMATEHOL T, A5 MU R

5. &

ACiE xS Hadoop HEZRFI22>, 1A Hadoop FIUSAG IR, A FH SEEI6 =8 (0 iR 95 4 LA A Il L 52 B
Hadoop 4ERF . [, HFYT HDF G HE MBAs a0, I Bdadtr b, Jvja s A b BE T
TR Ba, SERCREE 7 ATk S SRR AR R R LS, RS BB AR A SN SR A
TR T I 21
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