5530 5,55 3 1 + "

2018 4£ 9 J

REMOTE SENSING FOR LAND & RESOURCES

BE Vol. 30, No. 3
Sep. ,2018

doi: 10. 6046/ gtzyyg. 2018. 03. 07

Sk T, ik, BAE. BT ARSI 2 M IR RO 18r 26 [T ] [ L W URIE /R, 2018,30(3) :48 —54. (Yang X

F,Ye M,Mao D L. Multi — angle remote sensing image classification based on artificial bee colony algorithm[ J]. Remote Sensing for

Land and Resources,2018,30(3) :48 —=54.)

BT N T RR I 2 A B B AR 71 2R

WEE,

(HEITEAFHERFHRIFEF I, &R

830054 )

M : N\ LR (artificial bee colony, ABC) BIATERR LA SURA |12 #) W , (HAE B I AR 3 N S b
TS ABC S5 Ry L T MU 1) 328 R e, W 85 AT v Jife 22 R 2B UL 00 S B A4 S 11 2 A 0 AR R AT
R RAHUNEE 5 IS5 i RAUIR 732K (maximum likelihood classification, MLC) \C4. 5 B S i A1 3235 1] FE AL
(support vector machine, SVM) 73245 AT LLEL . S5 R EW, ABC B3k B> AR5 B 5 T MLC Al C4. 5 HAR T
SVM, 38 3 6 F ) o 23 S S8 A A ATBCA AT, UE W68 P ABC. 85035 v A 455 2 B 22 0 R 550 YO0 225 SR 45 AR T - ot 7 0 2%

BIZ AR AR

S A THERE(ABC) S5 SAIEIRRS: 0B I BAT R i

REGEDES: TP79 XHEREM: A

0 7=

TR JRE A RIS B &
BT B, TR T TR O R R =
6] DTS FZS G 55 2 7 T B N2 AE AR AL A 3h
Bi T s W A FL S MR, A0 An] A A5 AR SRS
RIS BOC T 1R W AR A AE B K LR —
R AT BT B A X A0 b 2 2
B, ] £ B FH 43 28 2 DA BR300 1 23 R RUR
AR EE,

TERZ B3 2605 v, i BEUR A5 s SRR AR
A o W AR IR 2 s MR R 5 TR
Bior A, X5y WS B RSB K. B8
g3 dn F LA ISODATA | £z KAUAA 73 25 ( maximum
likehood classification, MLC ) | 347 7~ T 148 1 &% /)N BB
B RIEAE X R 2R B O A A S R R
I BEAHE I Y 20 2R A0CR s HY BARTE B 5 e A
()i, B8 B DI R E R, B
BRI FEAITE ML ML PR (decision tree,
DT) A1 37 43 [n] £ HJL ( support vector machine, SVM )
S5 IR et 1 T AN R B8 o A b i AR
K, PR — A DL T BRIRAS L 2800 26 BB 4 1 73

WimBHA: 2016 -12 -29; &{THEA: 2017 -02 - 12

XEHS: 1001 -070X(2018)03 - 0048 - 07

HHORZ T ) BT BRI 4R AE B AL
oy AU AR R

FER A N — MO M AES Uy 20 2, K
T AR BT B AR T T N T S
H AR AW T B ATy, i 2k A A (B WM 3 S AT
RS 2R R R LA e o Horh BB A ORI A
(ant colony optimization, ACO ) F1%; T BEALAL ( parti-
cle swarm optimization, PSO) B LG 3 T )12 BN
Y% A T B (artificial bee colony, ABC) &%
AR T RER R A A AR Sl B B AR S
FHREW R AR R R, B Teresh-
ko” il Karaboga 45" #£1} ABC 553 LUK, %05 i
EAERIALHE T ST 2 7)) Z B {2 ABC &
VR 508 43 28 (9 B 5 AR e e 0, Celike 260 45
A T ABC AT 7 2R AT 5 , il g
KT e 2# Bk S 43 4% ( University of California , Irvin ,
UCD HLES S S Bl HEATAREE, O 55 C4. 5 A
PSO B AT LU HL, 45 2R 3R] ABC 24T PSO ¥ ,{H
T C4.5 % Shukran %5 (i FIbRIfE ABC AR
LIGH) ABC 25 5 g FISE 2400 6 Fh UCT $icdls 4
BT 28, o ABC YRLE P RE R A H . el
JHE AR 47 43 2 M B 78, Jayanth 250 SR
LISS — TV Z2 538 B % 1A ¥ AR T 7 7Y 6 b 1 3l

E£WA: ERAMRRFILETH B AR A K 5K LRTIR” (45 41461045) Bl
FE—1EE: HTWE(1972 - ) 55 Wit Y, N T B X G IR AR AR B ST . Email: geomanyxf@ sina. com,
BEESE: T (1977 -) & W H0, EENE TR ROKEFEIREIUIE . Email: 867464686@ qq. com,



%3 19

BT, A5 BT N TIERFRRE I 2 M DRI B2 - 49 -

BT 328, ABC B 53 806 B L MLC
5% , b SVM 15 3% 5 i SR ALOS 206
HERAGOH I bR R4 T b B 9k 5328, ABC J 7k
ITRHRERE L See5 29 3% . i HATAF5E KR A, ABC
BB 3 S PR 42 40 S A A SR B 2D i
FETERR Z AN 2 M, 91 A0 A X6 AS [ B8R 1 3 PR 1
AR SHC B R0 25 AL T E (5% e 55 7 THT
AR Z2 A HVEL, 0 5 B 38 13 B 22 I i 52 ok HE 3
ABC BEAE B 43 S RN B IR A2 48 Ul g o 4
T RSB, ASOR JAVA 35 35 S2 8 ABC 43285
B, % 8 BLRIAT TR R i 2 A B 1 G (R B AR T 4y
P55 ML PRI AR, 5 MLC, DT Fil SVM 43
REHATIOER; FFRHE AT ABC 432550kt R 3L
FNHAT 50 HT o

1 ABC & &+
1.1 BEAXEIE

ABC B0y 1 AR S e R 1) B B2 A7 O, TS
PR AN A] GE 1, & B R B IR e . [
RIR i e - 165G, 08 3k R 1) 86 7 A 2= () AL
FREV; BT, WL 1 5159 B0 1 BB B DR A e
IR T B — 2 T 5 AR A e £ R UCEK
PRI R RE A BB g Jo o 9 B, DU 2 Ry o e, IR
TEfFZS P REPL S 4 ER X —d i, B2 A
SE B IEARURBL, 25 R T g
1.2 HiERRE

LR R

NPT
Al

WIERIEH B

1.2.1 E=Fmisik
HE, N R R BEEPL™ 4 N A, Horp
BANEIRAER AT REM — 20 . o rp R 241
Bl A h 12 By SO 3B 280, 50 0
T EE, 3 24 R, BT DLBUR M 4ER D Ry 24, 1
HAFESH 24 RSB, T iEBEPL™ 4
fi0 2 S BAR R, v A FR I (R] , A — 2K - A
IILERI AR ALIS , #B s iU G iz R T A REAR
ARIUCEE— i B A E P Y 5 KB (Max) | fie/MAE
(Min) /SR 2 b R F, Dk 45 /M8 R
2R TR H B o A [ 28 R FH AN [R] A 90 B A SR
il N/2 AR 24 HESHBORME )7 =0k
X,; = Rand() - (Max;, — Min;) + Min,,
ie {1, N2) e (1,120, (1)

Kr: X WS HUE; Rand () FEENLECREL @ W E
W 7 BB

IR BRI B S A A A9 2 {EL ( Mean ) , 36 Fiif
N/2 W RMCEE B AR AL BE, A= UG N/2 B 2 RER
PEr i, IR S R 1 Z AR Ja N2 AN ETRY 24
PSRRI XN

Mean; — (x,_,,; — Mean,)
X.. =

12V

X 1y, = Mean,

Mean; + (Mean; — x, 1, ;) %, ,; < Mean,

ie {N/2, Nf,je {l,-,12f . (2)

1.2.2 a4

TE JRE AR e [ B, JRe AT 72 BEATL ™ A Y 5 B
SRR I AR R R, R B AR
U DRI TR R . E SR M Y B, WL 0 D) B
AL PR WA IR ST, AR
PO AR 193 BRE S, DR B SO IO TR

1) 38 E R eR R, R T B ek B0 B 0
B I IS B sRBCH

Precision = TP/(TP + FP) (3)

Accuracy = (TP + TN)/(TP + TN + FP + FN)

E1 ABCHikiftiz (4)
Fig.1 Flowchart of ABC algorithm
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Fig.2 Flowchart of data classification based on ABC
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Tab.1 Spatial resolution of various angle image bands of MISR at globe mode (m)

MISR 4% i BE 52 14 e Bezs 18] 73 H

W Bt

DF CF BF AF AN AA BA CA DA
ITLhh 1100 1100 1100 1100 275 1100 1100 1100 1 100
06 275 275 275 275 275 275 275 275 275
wot 1 100 1 100 1 100 1100 275 1100 1 100 1 100 1 100
25 1 100 1 100 1100 1100 275 1 100 1 100 1 100 1 100
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Tab.2 Types of land cover
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Tab.3 Confusion matrix of MLC classification result

AA I
JHHL K RE

KA WA B ok Bri o S

HEAR 337 138 0 102 6 40 623 0.54
ps:l) 62 266 0 34 1 15 378 0.70
KAk 0 0 34 0 0 35 0.97
KA 22 4 0 187 0 217 0.86
b 1 0 0 0 130 0 131 0.99
Hi 7 5 0 6 0 40 58 0.69
R 429 413 34 329 137 100 1442
ifﬁﬁ 0.79 0.64 1.00 0.57 0.95 0.40

K
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Tab.4 Confusion matrix of C4.5 classification result

Kw ok e kik S e aw w1
HEAR 466 101 0 44 1 11 623 0.75
b 155 203 0 16 0 378 0.54
Kk 1 0 34 0 0 35 0.97
KFIFHH 52 12 0 151 0 217 0.70
biizi) 2 0 0 0 126 3 131 0.96
By 17 5 0 4 1 31 58 0.53
HMEC 0 693 321 34 215 128 51 1442
Ehaee )

0.67 0.63 1.00 0.70 0.98 0.6l
M

RS ABCHESRERRBER

Tab.5 Confusion matrix of ABC classification result

HR WA M kI ;ﬂ P B M g;
AR 490 93 0 32 0 8 623 0.79
L 150 210 0 16 0 2 378 0.56
PiCEN 2 0 33 0 0 0 35 0.94
KA 65 9 0 143 0 0 217 0.66
Hh b 2 0 0 0 127 2 131 0.97
i 30 1 0 1 0 26 58 0.45
ME 739 313 33 192 127 38 1442
%g% 0.66 0.67 1.00 0.74 1.00 0.68

*6 SVM HRERBFEIER

Tab.6 Confusion matrix of SVM classification result

o Mk W ki R e s s )
#EA 498 96 0o 2 1 6 623 0.80
My 104 259 0 9 0 6 378 0.69
PINES 0 0 27 0 8 0 35 0.77
RAFH 46 12 0 157 1 1 217 0.72
Hist 1 0 0 1 129 0 131 0.98
E57) 10 5 0 1 0 42 58 0.72
M¥ 659 372 27 190 139 55 1442
L 0 26 0.70 1.00 0.83 0.93 0.76

Wil
AYREEHR Sy MLC SRS o 0. 689 3, Kappa
ZH 4 0.585 7; C4.5 MARKS A 0.701 1, Kappa
ZBH 0.573 9; ABC A fAdE i 0. 713 6, Kappa
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Fig.3 Frequency distribution curves of ABC rule’s attributes
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Multi — angle remote sensing image classification based
on artificial bee colony algorithm

YANG Xuefeng, YE Mao, MAO Donglei
(College of Geography Science and Tourism, Xinjiang Normal University, Urumqi 830054, China)

Abstract: Artificial bee colony ( ABC) algorithm is widely used in optimization field, but the study of the
applications of the remote sensing image classification is inadequate. Through the use of ABC algorithm, the
classification system was constructed on the basis of rules. The multi — dimensional data sets consisting of the multi
— angle remote sensing observation data originating from the middle and lower reaches of Tarim River were

investigated so as to generate the decision rules. A comparison with the classification results of the maximum
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likelihood method (MLC) , C4.5 decision tree and support vector machine (SVM) shows that classification accuracy
of ABC is higher than that of MLLC and C4.5 overall, but lower than that of SVM. At the same time, through the
frequency analysis of the classification attributes in the rules, it is proved that ABC can effectively discover the
relationship between the results of the multi — angle data observation and different land cover types.
Keywords . artificial bee colony ( ABC) algorithm; multi — angle remote sensing; land cover; middle and lower rea-
ches of Tarim River
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