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Abstract:　There are twom ain topics to be discuss in this paper, pixel-leve l im age fusion based on P rinciple

Com ponentAnalysis(PCA), and feature-leve l im age fusion based on Dempster-Shafer evidence theory. In

pixel-leve l case, the SAR im age at HV polarization is relatively sensitive to the vegetation canopy. W e

combined theHV po larization inform ation from SAR and spectral characteristic from SPOT images in an effort to

enhance land cover classification. Before the fusion process, w avelet transform was first applied to denoise the

SAR im age which suffers from speckle contam ination due to coherent process. PCA m ethod is then used to fuse

the SPOT and SAR images. In doing so, the PC-1 com ponent is replaced by SAR im age(approximation im age,

after wavelet transform) and then the inverse transform is fo llowed. A t las t, them aximum likelihood classifier

w as used for both SPOT-XS im ages and fusion im ages. In feature-leve l case, fu lly polarization information from

SAR is used to combine w ith spectral characteristic from SPOT images, m ain ly to enhance land cover

classification. W e first denoise the SAR im age by Lee filter. Next, them aximum likelihood classifier based on

different distribution was used for SAR and SPOT images(Based on W ishart distribution and m ultivariate

Gaussian distribution respectively), to extract the conditiona l probability of each pixe l for each class.

Demps ter-Shafer ev idence theory is then applied, to combine the classified resu lts of SAR and SPOT data.

Experim ental results show that the classification accuracy is dram atically im proved by m aking use of the

proposed me thods. Data fusion can take advantage of the use o f complem entary information to obtain a be tter

overall accuracy than using single data source only.
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摘　要:　本论文尝试讨论两个主题:主题一为利用主成分分析 PCA方法应用于像元阶层资料融合技术的研究。

主题二为应用 Dempster-Shafer ev idence theo ry方法于特征阶层数据融合技术的研究。在第一个主题中 ,由于合成孔

径雷达的数据具有全偏极特性 , 在此选取了对植被较为敏感的 HV极化合成孔径雷达数据 , 与具有光谱特性的光

学 SPOT数据做数据融合处理以利接下来的地物分类。首先 , 本研究利用小波转换技术来滤除合成孔径雷达斑驳

噪声 , 在接下来融合步骤中 ,主成分分析出来的第一部分(PC1)是用做完滤除噪声后的合成孔径雷达取代 , 在数据

融合后 , 进行地物分类是采用最大似然法来分类融合影像。在第二个主题中 , 利用全偏极雷达数据的极化特性结

合 SPOT数据的光谱特性 ,其主要目的是为了增加分类的精确度。首先使用李式滤波器滤除全偏极雷达数据噪声 ,

接下来同样是使用采用最大似然法来分类融合影像 , (不同的在于全偏极雷达影像使用W isha rt几率分布 , 在光学



第 4期 WU Meng-che et a l. :A Comparative S tudy o f Im age Fusion for Land C ove rC lassifica tion 579　　

影像采用 m ultivariate G aussian几率分布 )将每个类别中每个像元属于某个类别的几率值计算出来 , 再利用

Dempster-Sha fer ev idence theo ry来结合这些类别的机率值。最后产生出一张新的分类影像。实验的结果显示分类

的精确度比较于未融合的资料都有明显提升的效果 ,也证明了此两个数据融合方法对于不同数据特性的融合都是

很成功的。

关键词:　像元等级影像融合;特征等级影像融合;W isha rt分布

1　INTRODUCT ION

Image fusion is a p rocess dealing w ith da ta and

in fo rmation from mu ltiple sources to ach ieve refined /

improve informa tion for decision m aking
[ 1]
. A general

definition o f image fusion is given as “ Image fusion is

the comb ination o f two o rmo re different images to form

a new image by using a ce rtain a lgo rithm ”
[ 2]
. Image

fusion is perfo rmed a t th ree diffe rent processing leve ls

according to the stage a tw hich the fusion takes place

(Fig. 1).

1. P ixe l-leve l

2. Featu re-level

3. Decision-leve l

F ig. 1　P rocessing levels o f im age fusion

　　 Image fusion is a too l to combine mu ltisource

imagery using advanced image processing techniques.

It a im s at the in tegra tion of dispara te and

comp lementary data to enhance the informa tion

apparent in the images as w e ll as to increase the

re liability of inte rpreta tion. This leads tomore accu ra te

data
[ 3]

and increased utility
[ 4]
. There are tw o main

topics in this study, pixe l-leve l im age fusion and

fea ture-leve l image fusion. In pixel-level case, be fo re

the fusion process, wave let transform w as first app lied

to denoise the SAR image wh ich suffers from speck le

contam ination due to coherent process. PCA me thod is

then used to fuse the SPOT and SAR images. In so

do ing, the PC-1 component is replaced by SAR image

(approx ima tion image, after w ave let transfo rm) and

then the inverse transform is fo llowed. The max imum

like lihood classifier w as used fo r bo th SPOT-XS images

and fusion images at the last o f the fusion process. For

the feature-leve l case, Lee filte r w as first app lied to

deno ise the SAR image which suffers from speckle

con tam ination due to coherent process. The max imum

like lihood classifier w as used fo r both SAR and SPOT

images, to extrac t the cond itional probability o f each

pixel for each class. Dempster-Shafe r ev idence

theory
[ 5]

is applied nex t, to comb ine the classified

results of SAR and SPOT da ta.
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2　METHODOLOGY

2. 1　P ixe l-level Image Fusion

　　A s the previous section mentioned about pixe l-

level image fusion, the diffe rent im ages to be fused can

come from differen t sensors of the same basic type or

they may come from diffe rent types o f sensors. The

senso rs used for image fusion need to be accurate ly co-

aligned so that their images w ill be in spatial

registra tion. In th is study, we combined the

po lariza tion informa tion from SAR and spectral

charac te ristic from SPOT im age s in an e ffort to enhance

land cover classification. Befo re the fusion process,

wavele t transform w as first applied to deno ise the SAR

image which su ffe rs from speck le contam ina tion due to

coherent process. PCA me thod is then used to fuse the

SPOT and SAR images. In so doing, the first

component(PC-1) from the PCA is replaced by SAR

image (approx ima tion image, after w ave let transform)

and then the inverse transfo rm is fo llow ed. The

max imum like lihood classifier w as used for both SPOT-

XS images and fused images. The overa ll accuracy and

kappa coefficient w ere evalua ted a t the las.t F ig. 2

show s the wo rking flow chart of pixel-level image

fusion.

F ig. 2　W orking flowchart of pixe l-level im age fusion

2. 2　Feature-level Image Fusion

A s shown. F ig. 1, images acqu ired ove r the same

site by different sensors are generally partially

redundant, as they represent the same scene, and

partially comp lementary, since the sensors have

diffe rent characteristics and physical interac tion

mechanism s are diffe ren.t For many applications of

image classifica tion p rob lems, the inform ation provided

by a sing le senso r is incomp le te resu lting in

m isc lassification. Fusion w ith redundant data can help

reduce imprecision, and fusion w ith complemen tary

data can p rovide a more complete description. In bo th

cases, classification results should be better. For the

fea ture-leve l case, Lee filte r w as first applied to

denoise the SAR image which suffe rs from speck le

contam ination due to cohe ren t process. The maximum

likelihood c lassifier w as used for bo th SAR and SPOT

images, to ex tract the conditional probab ility of each

pixel for each class. Dempster-Shafe r ev idence

theory
[ 5]

is applied nex t, to comb ine the classified

results of SAR and SPOT data. F ig. 3 show s the

w ork ing flow cha rt of featu re-level image fusion.

3　EXPERIMENTAL TEST RESULTS

3. 1　TestData Sets Description

　　The fully polarime tric SAR(POLSAR) da ta se t

w as acquired during the 2000 Pacrim-II campaign over

p lantation Au-Ku in w estern of Taiw an. P-L-C-band

po larime tric SAR data w e re co llected and p rocessed.

G round truth wo rk w as conducted when the data w as

taken. From the site survey, a tota l o f seven classes to

be classified w ere dete rm ined:Sea, Sugarcane typeA ,

Suga rcane type B , Bare-soil, G rass, Building, and

Rice. The POLSAR image(L-band) atHV polarization

is rela tively sensitive to the vege tation canopy. The

reason why we do no t use C-band is tha t it has shorter
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F ig. 3　W ork ing flow cha rt o f fea tu re-leve l im age fu sion

wavelength and so it could notmeasure the struc ture o f

vege tation. Therefo re, HV po lariza tion w ill be used as

the expe rimenta l test area in p ixe l-leve l image fusion.

POLSAR L-band data is used fo r fea ture-leve l image

fusion. The op tical image which acquired by SPOT 4,

was taken the same test area as POLSAR test image

(Fig. 4).

3. 2　Classification Results of P ixe l-level Image

Fusion

　　A fter the fusion process, max imum like lihood

classifie r has been app lied for bo th SPOT and fusion

data. F ig. 5 show s the fusion image, Fig. 6 show s the

classified resu lts fo r bo th fusion image and SPOT

image. Tab le 1 and table 2 show the e rror matrix for

bo th classified results. The ove rall accuracy and kappa

coe fficien t fo r SPOT classified resu lt are 79.05% and

71.62% respec tive ly. For fused image classified

results are 97.51% and 96.57% respective ly.
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3. 3　Classification Results of Feature-level Image

Fusion

　　By fo llow ing thew orking flow chart of feature-level

image fusion(Fig. 2), we classified those data sets by

maximum like lihood c lassifie r, based on complex

W ishart d istribu tion for POLSAR data and multivaria te

G aussian distribu tion for SPOT da ta. F ig. 7 show s the

classified results fo r bo th POLSAR and SPOT data.

F ig. 8 show s the fusion resu l.t Tab le 3 show s the e rror

matrix fo r POLSAR classified resu lt and fusion resu l.t

Tab le 4 show s the erro r ma trix for SPOT and fusion

resul.t Tab le 5 show s fusion resu lt for to tal seven

classes. From the e rro r matrix w e can compu te the

ove rall accuracy and kappa coefficient, as show n in

tab le 6.
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Tab le 1　Error ma tr ix for SPOT c lassified re su lt

C lassification
G round tru th

Sugarcane A Sugarcane B G rass Rice Bare soi l S ea
Total

Sugarcane A 3751 18 507 8 11 0 4295

Sugarcane B 0 727 3 0 3 0 733

G rass 971 0 987 8 24 7 1997

Rice 0 0 0 262 0 0 262

B are soil 0 10 0 44 1279 583 1916

Sea 0 0 0 0 4 1300 1304

Total 4722 755 1497 322 1321 1890 　10507

Tab le 2　Errorm atr ix for fu sion im age c lassif ied resu lt

C lassification
G round tru th

Sugarcane A Sugarcane B G rass Rice Bare soi l S ea
Total

Sugarcane A 4628 7 12 0 14 0 4661

Sugarcane B 94 748 0 0 0 0 842

G rass 0 0 1485 0 0 41 1353

Rice 0 0 0 242 0 0 242

B are soil 0 0 0 80 1298 5 1383

Sea 0 0 0 0 4 1844 1844

Total 4722 755 1497 322 1321 1890 　10507
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Tab le 3　(a) Error ma tr ix for POLSAR classif ied resu lt;(b) Errorm atr ix for fu sion resu lt

(a)

G round truth
C lassification

Sugarcane A Sugarcane B G rass Bu ild ing Bare soi l S ea
Total

Sugarcane A 4716 6 0 0 0 0 4722

Sugarcane B 155 290 30 0 280 0 755

G rass 55 424 1009 0 9 0 1497

Bu ild ing 132 0 0 498 0 0 630

B are soil 35 531 254 0 501 0 1321

Sea 0 1 2 0 2 1885 1890

Total 5093 1252 1295 498 792 1885 　10815

(b)

G round truth
C lassification

Sugarcane A Sugarcane B G rass Bu ild ing Bare soi l S ea
Total

Sugarcane A 4722 0 0 0 0 0 4722

Sugarcane B 10 728 4 0 13 0 755

G rass 272 2 1223 0 0 0 1497

Bu ild ing 86 0 0 544 0 0 630

B are soil 10 2 13 0 1296 0 1321

Sea 0 0 0 0 25 1865 1890

Total 5100 732 1240 544 1334 1865 10815

Tab le 4　(a) Error matr ix for SPOT c lassified resu lt;(b)Errorm atrix for fu sion resu lt

(a)

G round truth
C lassification

Sugarcane A Sugarcane B G rass Rice Bare soi l S ea
Total

Sugarcane A 3751 0 971 0 0 0 4722

Sugarcane B 18 727 0 0 10 0 755

G rass 507 3 987 0 0 0 1497

Rice 8 0 8 262 44 0 322

B are soil 11 3 24 0 1279 4 1321

Sea 0 0 7 0 583 1300 1890

Total 4295 733 1997 262 1916 1304 　10507

(b)

G round truth
C lassification

Sugarcane A Sugarcane B G rass Rice Bare soi l S ea
Total

Sugarcane A 4722 0 0 0 0 0 4722

Sugarcane B 10 728 4 0 13 0 755

G rass 272 2 1223 0 0 0 1497

Rice 0 0 18 254 50 0 322

B are soil 10 2 13 0 1296 0 1321

Sea 0 0 0 0 25 1865 1890

Total 5014 732 1258 254 1384 1865 　10507



第 4期 WU Meng-che et a l. :A Comparative S tudy o f Im age Fusion for Land C ove rC lassifica tion 585　　

Tab le 5　Error ma tr ix for fusion resu lt( seven classes)

G round tru th
C lassified( resu lt)

Sugarcane A Sugarcane B G rass R ice Bare soi l Sea Bu i lding
Tota l

S ugarcane A 4722 0 0 0 0 0 0 4722

Sugarcane B 10 728 4 0 13 0 0 755

G rass 272 2 1223 0 0 0 0 1497

Rice 0 0 18 254 50 0 0 322

B are soil 10 2 13 0 1296 0 0 1321

Sea 0 0 0 0 25 1865 0 1890

Bu ild ing 86 0 0 0 0 0 544 630

Total 5100 732 1258 254 1384 1865 544 11137

Tab le 6　Overa ll accuracy and kappa coefficient for

each of c lassified and fusion result

Resu lt Overal l accuracy /% Kappa coeff icien t /%

POLSAR class ified resu lt 82. 28 75. 65

Fus ion resu lt

(S ix classes, rice not

in cluded)
95. 96 94. 43

SPOT classif ied resu lt 79. 05 71. 62

Fus ion resu lt

(S ix classes, bu ilding

not in cluded)

96. 01 94. 41

Fus ion resu lt

(Seven classes)
95. 47 93. 86

4　CONCLUS ION

In pixel-level fusion case, the classified resu lt

show s that g rass and sugar-cane A cou ld no t be

classified prope rly. W hen a sing le po la rization (HV

po lariza tion, re latively sensitive to the vegeta tion

canopy) added to the SPOT da ta by princ ip le

component ana ly sis, it successfully so lved the

confusion problem in the orig ina l da ta. Overa ll

accuracy and kappa coefficien t show s the evidence. In

fea ture-leve l fusion case, when we c lassify bo th da ta

sets(POLSAR and SPOT data) indiv idua lly, the

classified results show the confusion p rob lem for bo th of

data se ts, as the problem occured in pixel-level fusion

case. W hen tw o da ta sets comb ined togethe r by using

Dempster-Shafe r evidence theory, it also so lved the

confusion problem. Anothe r advan tage of fea ture-leve l

image fusion is its ab ility to deal w ith ignorance and

m issing informa tion. The last level, dec ision-level has

no t been implemented. It shou ld take in to account for

future study.
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