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Table 1 Quality of fusion images for tow kinds of images
I IHS
IHS A Pan 5.8072  16.7146 -
SPOT 18. 5681 6. 2563 -
’ ’ B Pan 5.9546  13.793 -
2.2 SPOT  18.7037  5.0514 -
( ) db5 16.4587 16.7984 0. 3963
’ sym5 16.4536  16.79%1 0. 3963
1 \ bior3.5 16.4487 16.79%3  0.3963
coif5 16.4510 16.79%5 0. 3963
’ rhio3. 5 16.4530 16.7976 0. 3963
. Average 16.4530 16. 7968 0.3963
[13] db5 16. 6382  13.8%l 0. 4161
’ ’ ’ sym5S 16. 6335  13. 899 0.4160
B bior3. 5 16. 6286  13.8%47 0.4160
coif5 16. 6299  13. 8%H7 0.4160
Matlab R2008a > rhio3.5 16.6318 13.89%59  0.4160
, Average 16.6324  13. 8M9 0.4160
: 1) Daubechies dbN,
N ,db , Pan ,B ,
2) SymletsA ( symN) 179. 32% ,B
sym db , sym , 7.22%, A
, 3) Bior 4.91%
Splines( biorNr. Nd) Nr Nd , ,B
Biorthogonal A
( ) , A
, 4) Coiflets( coifN) 3.2
(6N-1) 1,
(2N), dbN 5) ,
ReverseBior( rbioNr. Nd) ReverseBior , 2
BiorSplines , BiorSplines 2
Table2 Variance coefficient of tow kinds of fusion images
Sy mN N= 26~ 45 by different cluster of wavelets
, dbN symN  biortNr. Nd 1hioNr.Nd  coif N
0.000124 0.000163 0.000088 0.000215 0.000133
2.3 A 0.000129 0.000097 0.000113 0.00042 0.000073
0.000157 0.000178 0.000247 0.000257 0.000022
0.000124 0.000155 0.000098 0.000218 0.00018
? B 0.000133 0.000105 0.000063 0.000408 0.000050
0.000132 0.000138 0.000181 0.000200 0.00(1)167
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3.2.1 283 s , dbN .
R 2 s : dbl~ 9 ; db10~ 45
B A R dbl~ 9 :dbl~ 3
rbioNr. Nd , biorNr. Nd s A db3~ 5
: A rbioNr. ,B db4 , db5
Nd> symN > coifN > dbN > biorNr. Nd, B 2b , biorNr. Nd s
rbioNr. Nd> coifN > symN> dbN > biorNr. Nd ,
s s biorl. 5 bior2. 8
s dbN bior6. 8 B
biorNr. Nd bior3.1 , B
2 2a  bior3.1
16464 —e— AR ——BHEW 664 7.569 ——AFH ——BEW 7.550
. 16.458 416.638 " = 7568 7.549 -3
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2 dbN  biorNr. Nd
Fig. 2 Entropy curves of tow kinds of fusion images by dbN and biorNr. Nd
3.2.2 -FHBE , Nd> symN> coifN, B rbioNr. Nd> dbN >
, , symN> biorNr. Nd> coif N
2 ’ ’
rbioN r. Nd A , symN  rbioNr. Nd
rbioN r. Nd> dbN > biorNr.
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Fig 3 Average gradient curves of tow kinds of fision images by symN and rbioNr. Nd
3a , symN :B rbio2. 2 rbin3.3
s :syml~ 3 , A
,symé~ 25 syml~5: A  3.2.3 1k £
sym?2 16. 8000, >
symS 16 7951; B 2 ,
, : syml A ) A
s sym2, sym3~ 5 R
3b s rbioNr. Nd , rbioNr. Nd,
R rbio3. 1 R coif N

:xbioNr,Nd > biorNr.Nd > symN > dbN >
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coif N s s bior5. 5 A
bior3. 1 ,
, biorNr.Nd  coifN s bior3. 1
4a ) 4b coifN
,  biorl. 1 , , coif2
, , biorl. 3 , )
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Fig. 4 Deviation index curves of tow kinds of fusion images by biorNr. N and coif N
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Table 3 The best value of tow kinds of fusion images
by different cluster of wavelets under one decomposition level ;
dbN symN  biorNe.Nd_coif N 1bioNr. Nd , 3
A 16.4599 16.4599 16.4517 16.4559 16.4562 dh3(sym3)
B 16.6396 16.6396 16.6346 16.6368 16.6375 dh3(sym3) ’
A 16.8092 16.8001 16.8024 16.7986 16.8243  rbio3.1 s s
B 13.9054 13.8978 13.8961 13.8952 13.9156 rbio3.1
A 0.3963 0.3963 0.3963 0.3963 0.3966 biord.4
B 0.4160 0.4160 0.4160 0.4160 0.4163 db 12 s ,
3 , 1, s db3  rbio3.1
dbN  symN

db3,, , sym3 \
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Response of Urban Landscape Images Fusion to the Wavelet Basis Selection

CHEN Ying— biao',GU O Guan— hua', WU Zhi- feng'*, WEI Jian— bing’
(1. School of Geograp hical Sciences, Guangz hou University, Guangzhou 510006 ;
2. Guang dong Institute of Eco environment and Soil Sciences, Guangz hou 510650, China)
Abstract: Wavelet basis selection plays an important role in the fusion algorithm of integration of wavelet transform and IHS in
remote images fusion. However, response of remote images which contain various land use or landscape information to the wave-
let basis selection should obtain more attention w hen this fusion method is used. In this paper,to deeply explore the difference
performance of fusion results from different landscape images by diversified clusters of wavelet and wavelet basis, lots of high
and low density buildings of urban landscape images samples were cut out from SPOT panchromatic data and mulir spectral da
ta. The integration of wavelet transform and IHS was adopted and several indices for images performance including entropy, av-
erage gradient and deviation were calculated. Results show ed that the fusion images performance have a close relationship to the
landscape information included in the raw images, and the performance show ed quite different according to indices. The variabilr
ty of performance with rbioNr. Nd using showed more remarkable than the others clusters of wavelet to these two kinds of land
scape images. T he fluct uate charact eristic of indices curves for tow types landscape images showed obvious difference. And those
differences just arise in the given series of wavelet basis. With the analysis giving from this paper, the best wavelet basis could
be chose when the specific landscape images and com position level was set. T his paper supports better understanding of the fu-
sion algorithm and makes its application simpler.

Key words: images fusion; high/low density buildings urban landscape; wavelet transform; selection of wavelet basis
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Fig. | Classification of wetland landscape pattern based Fig. 2 The relationship between landscape pattern
on mathematical morphology proportion and wetland proportion



