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Scene Classification of High-Resolution Remote Sensing
Image by Multi-scale and Multi-feature Fusion

HUANG Hong, XU Ke-jie ,SHI Guang-yao
(Key Laboratory of Opioelectronic Technique System of the Ministry of Education ,Chongqing University , Chongqing 400044 , China )

Abstract: High resolution image possesses abundant information of ground objects. The hand-crafted features cannot
meet the demand of complex scene classification due to complex scene distribution, while the unsupervised feature learning
method can exploit the intrinsic structure of image patches to obtain effective discriminating features. However, single feature
with a scale is difficult to represent the characteristics of complex scenes in practical applications, which restricts classifica-
tion performance. To solve this problem, this paper proposed a new method based on multi-scale and multi-feature fusion
(MMF) for remote sensing scene classification. At first, an improved unsupervised feature learning via spectral clustering
(iUFL-SC) is designed to effectively reveal the intrinsic structure of image patches,and then the iUFL-SC,LBP,and SIFT
features of image patches are extracted by dense sampling in each image. After that,the middle-level features of each scene
are obtained through bag of visual words (BoVW) model for effective feature description. Finally, the fused features are
classified by histogram intersection kernel SVM. Experimental results on two public data sets indicate that MMF can extract
discriminant features of remote sensing image and subsequently improve the classification performance.
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TESRHY BESR I 22 RUBE (1477 3T I8k 45 J) T 4 1 R
B SR i o R, A RN S m e B AR R 2
AR I TR) R B X o 2 AR S 2R ). BB AN, 2R AE
B B RE A 2 T — B MR AE 1Y 2 ROk BB IE K
WEPE = R A G B TER 2 R Bk S R H A
LAy

WHU $cdia4E b, 35 F MMF 432 75 2 14 1R 8 46 1
10 fIr7i. ASHEA BL, MMF 55 3% 1] DL 3RS 45 1 40
R FE R 1L X2 Bl A 2R G T o SRS BE R AR
B KA E] 100% . Hod Bl X R X R Tl X 24
B RIS, s S AR DL EE &, W 5 3 B 0 ) B1
G JE R MME 530 7531 (970 2085 B g 5 75%
A A Ty v BB L, U AR SO RN TR 28
Ay, B S SE I , S ) SRR P

%3 S WHU $dia4E b A [R50 28 7 320G BE X L.
AHEEF SIFT (CH & [fif [n] 51— J& MR FRIE W - 2K vk, 2
PRI LRFF X 3T 2 ARl 19 50 2607 ¥k ]
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M
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N
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W
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W
LS - P R N R
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F10 MMFJ5E:AEWHUSE | B TR 1 5

PAZRAT S A 20 AR i aed FE 70 SN JBE R, AR S

&t 9 MMF J7 338 i 2 BOAS [] RUBE 9 Jas 3 ] 1 e 5

BE TR PR RAAE , BT RLERAS T SRR 20 2N L.
®3 ATEFEE WHU BURE END BB EST L

IyRIT ARG (% )
BoVW ( SIFT) [ 20 80. 13 +2.01
BoVW (CH) [0 66.55 £1.98
BoVW ( LBP) (2 74.97 +1. 66

UFL-SC 79.40 +1.99

iUFL-SC 83.52 +1.73
multifeature concatenation! 2! 90.79 +0. 65
LRFF!! 91.26 0. 47
MS-CLBP + BoVW (2! 89.29 +1. 30
MMEF (ours) 91.70 £0. 96

5 #it

BN 0 B R B G AR DUR A — R 1k T4
MEXELIAT SR IR I SR AL, AR SO T — Rl T2
RUE Z AL 19 5 55 00 R0k 5 B et — Rl
PERTERRAR M AR AR (AUFL-SC) 1707 58 1 A 3 1

(R 2 2] 7 S0, T AR 8% 5 1 S 0 R AiE . 8% 1 il
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AT 52 B0 5 52 4% 1 37 5L i iR 7E UC Merced Il WHU-
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