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Multi-sensor target recognition based on Bayesian classifier
in cloud computing environment

ZHANG Ming, LI Bo, LIU Xue-quan, GAO Xiao-guang
(School of Electronic & Information, Northwest Polytechnic University, Xi’an Shaanxi 710129, China)

Abstract: Based on the cloud computing characteristics of distributed parallel processing of massive
data, multi-sensor target recognition on the Hadoop platform is put forward, which consists of a plurality of
nodes running on computer clusters. Bayesian network structure is established according to target
recognition theory. The data obtained by the pre-process of object recognition are fusion-calculated to
deduce the target type. The efficiencies of Hadoop clusters under different circumstances are compared.
Experimental results show that running multi-sensor information fusion target recognition on cloud
computing platform is intuitive and effective, which successfully improves the operational efficiency.
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1) K47 EEE (Height): Al 43 A KT 7 000 m, 500 m~7 000 m, /)T 500 m =#%;

2) W4T (Speed): M AR ¥ iHE ¥ (Tactical Ballistic Missile, TBM)#4 F A B i — % 7E 1 800 m/s~2 200 m/s;
R H IR EE /N T 100 mis; — AR A% AT 2% 1Y 2 B 3 B2 2 200 m/s~400 m/s; Al 4324 KT 1 200 m/s,600 m/s~
1 200 m/s,200 m/s ~600 m/s, /NT> 200 m/s PO£Y ;

3) AP E (Dis): 43 KT 150 m,150 m~100 m,100 m~50 m, /MF 50 m;

4) fiZRHFFAE (Character): 4 W& REEH “IT. foh. T,

M F EHAR QAT H AT B AL FAORE P, SR D0 R0 4 B o R A A ORI M, IRIE B R TR R KA,
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Filesystem)FlMapReduce ™ HE 4175 N i 2 18 B G YL REZE 0, B4 TRAREURE . i E8 | . B0
S RITG, BB Tl A AR R BT 2 R RS B AR S B 1

1) HDFS & Hadoop FMEAR % 70 A7 X SCF & 46, S2Br | Hadoop & — M4 CF & 4%, K Hadoop
2ok R Hf SC R G0 o H A & 45 B . NameNode #1 DataNode . & i 3 N HE & LA B R AEAE AT A AR .

2) MapReduce J&—~ 1 F #9840 B o0 A N i PR, BT S UM B . AL . 2 fa) e de A Ak A
() () £ R S B AR AT RS N AR SR B, P AR SR 2 N R B map(WS) F reduce (R 2Y) . map Al reduce Z [
LB X 1 T8 X B ORI AL B B3, map 2w bt A, #5 split b A BOHE DUB(E X O TR 203 A, I OB RO B X
ANTR] map 77 A A [ A e A 2 DA AR
A ALY reduce HEATHLZ, reduce

aircraft
i‘ﬁqﬁzﬁj%ﬁﬂﬂ‘Xﬁﬁﬂ‘ﬂ)ﬁﬁﬂfi% bomber
El,‘] Qﬁﬁ% 8l EI] : fighter
= o : missile
Map:<keyl,valuel> — <key2,list(v TBM
alues)> helicopter
Reduce:<key2, %\\
list(values)> — outpuE height speed distance character
ﬁQ %E H adOOpij ﬁ‘ JE LB [H‘ /Eﬁ very fast/>1 200 m-s™* very far/>150 km
I 4 PRG3RI EE PR, X3 ‘high/>7 000 m (estot ms2-1.200ms] | far/100 k1250 km equal
O T B L A S e R AN 22 UL I B R 4% mid/500m-7 000 M | 10,200 ms-600 ms?| | near/50 km-100 km lid
S B bR R e low/<500 m very slow/<200 m-s™* very near/<50 km
AN AVl EZ RV
3.2 INENMET M KR E ST Fig.1 Naive Bayesian network of target recognition
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P(Cilxj): (1)
P(X))
A DL I $07 £ A 2 2 I A S ELE B
POX;1€) = Py X1+ C) =TT P(X, 1 €) @
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C(Xj ) = argmax, (P(Ci | Xj)) = argmax, (1-[E:lP(Xk|Ci )xP(C; )) (4)
P(X, |C) FnJatt X, J8 T2 C M3, P(C)RmIN C KR, miIZRE T AT
_b
P(C)= D (5)
N1
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K. D RARKC PHAL; DRRINGELSFERE; N BEE X AEELC T HHMEARL; NERPHEAR
BEG V[ REEIIE. P(X, 1C) R THEHINEIE, B Ik P(X, |C;) =0 (Laplace=1).
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2 GB. i i LL 5 B ML AN A5 s 4 A 4R X A )
R/NECE SR 0 AL B DL, O HE R4 41 ok 1Y 32
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Map:

Pre-process the target data, split the
properties and extract effective data,
as follows:
<class property, 1>

Partitioner:

Put the data into different partitions
according to the class of map’s outputs,
the same class will be ordered together

grouping comparator:
put the data of same partition into
different groups according to the
property, the same property will be
ordered together.

<

Reduce:

Count the total number of samples of
training set and classes, the total number
of the properties in each class, then
calculate the prior probability,
get P(CI) and P(Xklcl),

output <class P(C;)> and
<class property P(X,|Ci)>

Fig.2 Process of Bayesian network parallel implementation
P2 DU 28 3647 Sl

F1 Y5 EAEFAEE
Tablel Hardware environment of simulation
environment specific configuration

CPU i5-2320 CPU @ 3.00 GHz
memory DDR3-1333 1 024 MB
hard drive space 200 GB
network 100 MB Ethernet

. Microsoft Windows XP Professional
operating system edition 2002 Service Pack 3
Hadoop edition Hadoop-0.20.2

2 AFEHRAAE LS R is T )

Table2 Different data process time at 1or 4 nodes

48.1 MB 80 MB 348 MB 822 MB 1.5GB 2GB

64 MB)f7if4, BEAS SCPFAR 2 12 B B R/ ok single/s

79 91 346 541 1007 1272
97 117 287 404 690 990

HEAT BRI | B H AL — A mapfE 4 . YA —
NI, AF 5 b T A )0 T 2 I 0

PRI A5 7 4 5 KRR RS, 1 LAY b B (] T 45 T A
GNFRI I . TR RO, 45 0 b FRA R, LA
BT 45 B I 130320 K T 47 Ab BT 45 OB ], 0B 2245 4 ]
S {35 TF R AR X /(075 22 1 1 £ 25 b B % 7 T 0 8

43 FEIHMET AR HELE

3 AN S ECT Bl Ak BRI ]
Table3 Processing time at different number of nodes

nodes 1 2 3 4 5
time/s 541 321 274 354 463

S 52 58 16 802 MB 1 H AR 1R ! B4k Il 2k 4 23 il 7 1
WL 2R SR A SRR T AT I, Il i A

) A5 59 2291 5 0 A AL B, 30T LR [ 45 4 L o

BT R [ BCHE 1547 A 3 ) 0% 22 ) (ML 26 3) o 1000 —u"
(P4 4t 2608 ¢ TR EKRCBR S I, 5 A -

TR, AR — R, AR — 5 OO o e

e 0 =

JELEAL 23+ A Ak B R AR R 40 I B — 5 Y BBl b 2
PEREA PR, X WP is S EF B A B 2 8 B IR T S,

different data process time at 1 or 4 nodes

481 MB 80MB 348MB 822MB 15GB 2GB
= == single/s —@——4 nodes/s

RE A7 280 fige e B — 35 A R AR [ A A R AR 9
X AR R T AR P A A — A e A, AR

Fig.3 Different data process time at 1 or 4 nodes
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28 35 T Ak B R R 50 R A 4 B HL R — 2 5T o ML S A 400 \\ — ﬁ”“3
PATHEFERAIE , BEHCEE W R . HARYELO 000 mid) i &5 ®AT, KAT - 274
VIR LI279 m/siy i B Kok, HaA W E W H bR E N
150 km, ®ATHIEFEF K, AR DL o 28R B R S HE R 0= 2 3 T 5
22 L IS0 000 2% F 45 SR 5 SR LRI 5 nodes

v L b T 4 ; ¥ S - S e 4 Fig.4 Processing time at different number of nodes
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L UE o
5 it
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FINZR DL it 307 90 245 g B33 9 s TR 40 Ak B O AT A S ], L

FEnitHHadoop -5 b, AR5 X ARG &0 T 19 Hadoop 4 7 Eg
R AL TR SETT RS, FFB0E T AR AT AT . 7 L4 0
W1+ 46 FL BRI )R8 76 2531557 1 T4 5 K Hadoopid & %
bR, BT AR, B k05 4 3% 76 Hadoop | 4 8L -
SRS O ROR, TAEAL B/NECIRING 35 SO BT 22 (R

0 3276 5423 1013 2788  0.092

WEAGs fohm, 1R AL AR /N B SR I, 22595 S R0 e T iR

W, AR SR T A RO RO . TR T S A IR v A
W5 PRS2 509 SRR, 380 I SRS 02 0 5 R Fig.5 Recognition results of Bayesian network
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