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Abstract： Inorderto assesstheinformation content and accuracyofLandsatETM + digitalimagesinland cover change 

detection，change-detection techniques of image differencing，norm alized difference vegetation index，principal compo- 

nentsanalysisandtasseled-captransformationwere appliedtoyield 13 images．Theseim ageswerethreshnlded into change 

andno change areas． Thethreshn lded imageswerethen checkedin terms ofvafious accuracies． Th e experimentresults 

show that kappa coefficients ofthe 13 images range from 48．05～78．09． Different images do detect different types of 

changes． Images associated with changes in the near-i~ -reflectance or greenness detects crop-type changes and 

changesbetweenvegetativeandnon-vegetativefeatures．Auniquemeans ofusingonlyLandsatimagerywithoutreference 

dataforthe assessmentofchange in aridland arepresented．Imagesof12血June，2000and2日June，2002 areusedtovali- 

datethemeans．Analysesofstandard accuracyand spatial agreementareperform ed to comparethenewim ages(hereafter 

called “change images一)representingthe changebetween thetwodates．Spatial agreementevaluatesthe conform ityinthe 

classified “change pixels—and “no-changepixels—atthe samelocationondifferent changeim agesand comprehensively 

examinesthedifferenttechniques．Thismethodwouldenable authoritiestomonitorlanddegradation efficientlyandaccu- 

rately． 
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This paper describes a methodology for process- 

ing Landsat 7 Enhanced Thematic Mapper Plus 

(ET】M+)satelHte imagery for the detection and map- 

ping of land cover changes an d the methodology for 

comparing change detection techniques using error 

matrix and standard accuracy assessment procedures． 

Images of 2000 and 2002 from Tongyu County in 

western Jilin are use
．

d to validate the procedures．Both 

ofthe images were radiometricallv corrected for atmo- 

spheric attenuation and geometrically rectified with re- 

specttoprojectionanddatumtofitbasemaps． 

Tongyu covers aboutan areaof8433．67km ，lo- 

cared in the western part of Jilin Province． Four 

change detection techniques were compared for their 

effectiveness including①Spectral Image Differencing 

(SI【))： ② Tasseled Cap Image Differencing 

Received24November,2003；rvceivvdinmviscdform in 15April，2004 

(TCID)：③Principal Component Analysis(PCA) 

and④Vegetation Index(NDVI)．SID was performed 

．on five raw bands(bands 2，3，4，5 and 7)and alto- 

gether 13 new im ages (change images)were pro- 

duced． 

Tasseled Cap change in Greenness(△G)was 

found to be most accurate for detecting~-'eas affected 

by change followed by PC2 (PCA 2)． SID4(band 

4)，SID3(band 3)，SID2(band 2)and NDVI．Th e 

change im age produced from AG showed overall and 

Kappa accuracies of 90．63 percent and 78．09 percent 

respectively． 

A visual interpretation technique to generate ref- 

erence points from color composite Landsat images， 

for selecting Ka ppa-·optimi~ng thresholds and for as-· 

sessment of classification accuracy is described． Th e 

goal is to determine the most accurate and efficient 
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method to detect change in the arid area and to facili— 

tatethetransferofthistechnologytothelocalNGOs． 

1 Study area 

The study area is Tongyu located in the west of 

Jilin Province，China(Fig．1)．It has all area of 8 

433．67 km2 and lies between 44。3 0．N and 45。30’N 

latitude and betw een 123。10’E and 124。30’E longi— 

tude。、Ⅳith elevation rangingfrom 150 m to 270 m．Re— 

search area lies in interleaving distribution section of 

low-lying waterlogged Sa1ine-alkalized land and sand 

landblownbywindinmid-westofSongnenplain．The 

westernpartofJilinbelongstomi ddlehumidandmid— 

die arid area， and is also the interleaving section ofa— 

griculture and animal husbandry．Th us，this part shows 

itselfobvious marginal and transitional character，and 

has characteristics ofunstable natural ecosystem，high 

sensitivity to outside interference， inconstancy and 

very fragile ecological environments． The study of 

land use change and its influence on ecological envi· 

ronm ent in the west ofJilin Province therefore is nec— 

essaryandhasimportantandtypicalmeaning． 

Two dates ofLandsat 7 ETM + imagery (2000， 

2002)for World Wide Reference System path 120， 

row 29 wel'e acquired．Th e Landsat ETM+ images 

Fig．1 study area 

have an approxim ate spatial resolution of30 m． Th e 

standard false-color composites of the tw o Landsat 

TM im ages are shown  in Fig．2． 

Th ese im ageshave beengeometricallyand radio- 

metrically calibrated／slaved onto a master im age， and 

the salne contrast stretch was applied to all two for vi- 

sual display． Because oftbe radiometric calibration， 

the brightnesses and colors of the images have the 

$alne spectral reflectances if they have the san~e DN、 

values． 

2．1 Pr~processing 

Two Landsat 7 ETM+ images dated 12 Jun e， 

2000 and 2叫June，2002 were used for the analysis．To 

reduce the effects of atmospheric conditions，radiance 

values were conve~ed to groun d reflectance through a 

procedure developed by lrish (2000)．Twenty-nine 

ground control points(GCPs)digitized from the 1： 

25 000一scale topographic map were used to rectify 12 

Jun e，2000 Landsat 7 ETM+ image to an Albers Con- 

ical Equal Area map projection(root-mean-square el'- 

ror：RMSE=0．09 pixeF2．7m)．The 2002 ima ge was 

registered using 50 GCPs obtained from the rectified 

2000 image (RMSE=0．20 pixeF6 m)．Both RMSES 

are within acceptable limits for change-detection anal— 

ysis．RMSE errors less than 0．5 pixel in sparsely vege 

tated areas have been shown to retain very high accu- 

racy(greater than 97 percent)in the change·-detection 

analysis(Townshend et ．，1992)．Th e images were 

resampled to a 30-m pixel size using the near- 

est-neighbor resampling technique to retain mdiomet- 

ric integrity． 

Several binary masks were applied to the ETM + 

images to eliminate contaminated areas (clouds and 

their shadows)andirrelevantareas．A cloudmaskwas 

created by screen digitizing clouds and their shadows． 

A polygon boundary file was rasterized to map projec- 

tionandthen resampledto 30×30pixels，producinga 
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(a) (b) 

Fig．2 Colour composites ofLand．satTM Bands 7，4，3RGB acquiredin(a)2000 and(b)2002 

binary mask of Tongyu．The mask was applied to each 

ofthe rectified images．Thus onlY land within Tongyu 

was allowed 

The mask also maintained a consistent amount of 

hectare in the image which was important for eomput— 

ing the change in land cover between dates and in 

quantitative analysis． 

2．2 Response of different bands of landsat TM 

data 

Four different change-detection techniques in— 

eluding Spectml Image Differencing(SID)，Tasseled 

Cap Image Differencing(TCID)，Principal Compo- 

nent Analysis (PCA)and Vegetation Index(NDVI) 

were employed SID was performed oil five bands 

(band 2：green． band 3：red band 4：near-infrared， 

band 5：mid．infrared and band 7：mid—infrared)． T且s， 

seled Cap and PCA used all bands excc：pt band 6． AI- 

together，thi~een change images were generated using 

these four techniques． 

2．2．1 Spectral Image Differencing(SID) 

Spectral image differencing involves subtracting a 

pixel s digital umber(DN)value Oil one date from the 

corresponding pixel DN on the second date The sub- 

traction results in positive and negative values in areas 

of surface reflectance change and zero values in areas 

of no change Using 8-bit Landsat ETM + data， the 

potential range ofdifference values is-255 to+255． 

the process is expre~ed mathematically as 

=z(1)#-35"(2) 

where isthe change pixel value． (1)isthe val— 

ue attime 1． z (2)isthe value attime 2 i=1⋯nf 

number oflines， ⋯1 。 c numberofcolumns，and 

is a single band，c．g．band 3． 

The resulting difference image distribution has 

pixels of 13o change，minor surface change，and noise 

(i．e．atmospheric and other non-surface radiance ch- 

aracteristics that weren’t successfully corrected in the 

image calibration procedure)distributed around the 

mean． while pixels of significant surface change are 

distributed in the histogram tails．As with many ofthe 

change detection techniqucs investigated， a crucial 

component of this technique is the selection of a 

threshold value between change and no-change pixels． 

Numerous techniques have been used in selecting a 

change threshold For this investigation 1．0 standard 

deviation ofthe mean was chosen． 

2．2．2 Tasseled Cap Image Differencing(TCID) 

The tasseled cap transformation defines a new'co· 

ordinate system in which characteristics ofthe remote— 

ly sensed data call be more readily viewed(Kauth and 
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Thomas l976；Crist l983；Crist and Cicone， l984； 

Crist and Kauth． 1986)． All three functions oftas- 

seled cap transformation-- “brightness”“greenness” 

and “wetness”were employed， and were computed 

as follows(Huang et a1．，2002)(Table 1)： 

Th e images showing change in brightness(△B)． 

greenness(△G)and wetness(△W)were produced by 

subtracting the function for 2000 from that of 2002． 

Th e resulting difference images were then thresh- 

old． 

Table 1 employed and eomprted brightness,greenness and wetness 

2．2．3 Principal component analysis 

Th e principal component transformation was per- 

formed on merged data sets (2000 and 2002)using 

ETM+ bands(1，2，3，4，5 and 7)from each date 

(Duvemoy and Leger,1980)．Th e basic premise for 

the PCA with merged data in change detection is that 

one or more ofthe new PCA bands contain informa． 

tion that can be directly related to change(Byrne et 

a1．，1980)．Muchoney and Haack(1994)demonstrat- 

ed that multitemporal SPOT spectral inform ation relat- 

ed to hardwood defoliation by gypsy moths was con- 

finedtoa singlePCAband． 

Fung and LeDrew (1987)have shown that the 

standardized PCA (using correlation matrix)per- 

form ed better than the unstandardized PCA (using co- 

variance matrix)．Our study did not show any signifi- 

cant difference between them， hence we considered 

onlytheunstandardizedPCA． 

Th e eigenvalues and eigenvectors ofthe 12 by 12 

covariance matrix of the tw elve-dim ensional merged 

TM dataof2000and2002were computed(Table2)． 

Th e first，second，and th砷 principal components ac- 

coun ted for 98．07 percent， 0．98 percent， and 0．63 

percent ofthe variance， respectively and accounting 

for 99．68 percent． Components that represent change 

typically show an absence of correlation among bands 

between dates(Byme et a1．，1980)．The component 

that best highlights the change ofinterest is chosen for 

thresholding,using visual interpretation of compo nent 

im ages and analysis of the eigenvector matrix． 111e 

second(PC2)，seventh(PC7)，eighth(PCS)and 

twelfth(PC12)components are associated with chan- 

ges．InPC2，the2000 spectralbands areallpositive in 

loadings．A reversepaaem isfoun din the 2o02ban ds． 

PC7． PCS and PC12 all have their loadings for 2oo0 

beinga reversetothatof2o02． 

2．2．4 Normalized Ilifferellg~e vegetation index 

A Norm alized Difference Vegetation Index(ND． 

Ⅵ )has been used for several years to measure plant 

growth and vegetation cover fiom Landsat Th ematic 

Mapper(1【]M)imagery．111e principle underlying ND- 

VI is that 1【] ban d 3 is the red light portion of the 

spectrum where chlorophyll causes high absorption of 

incoming sunlight． whereas1【] band4is inthenear 

infrared po rtion ofthe spectrum where a plant’s meso— 

phyll leaf structure highly reflects the sunlight．Healthy 

vegetation has a relatively low red light reflectance but 

a relativelyhighnear-infraredreflectanceand，hence， 

highNDⅥ ． 

NDⅥ is a ratio ofreflectance bands． NDⅥ = 

( 一R)／ ( +R)．where IR is the near infrared 

band (band 4 in E1【] + 7)and R is the visible red 

band(band 3 in E]【]M+ 7)．NDVI values range from 

— l t0+ 1． Th e difference im age was created by sub- 

tracting 2oo0 ND、，I from 2o02 NDⅥ ．so that： 

ND、，]口[)=NDⅥ 撒 一N】D、 咖 
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Table 2 Unstandardized principal components of Muitldate ETM + data 

2．3 Thresholding and accuracy assessment 

111e histograms of all the change images pro— 

duced showed nearly normal distributions． Fig． 2 

shows an example of SID (band 4)．Values near the 

mean indicate that they have sim ilar spectral values on 

both dates， and therefore have experienced no distur- 

bances．11levaluesthat are atboth endsofthetailsof 

the histogram indicate areas where spectral values de． 

creasedorincreasedandtherefore changed． 

11lefollowingdiscussionillustratesthemethodof 

determining threshold bo undaries between change and 

no—change pixels．Threshold im ages were produced by 

adding or subtracting 1．0 standard deviation times 

from the mean an d receding the image
． Threshold im ． 

ages are binary im ages in which a value of0．0 or 1．0 

represents no—change or change。 respectively． 111e 

change im ages produced were compared with the ref- 

erence data(discussed inthe followingparagraph)． 

Cohen et ．(1998)selected a random sample of 

points from a classified im age an d displayed them on 

eachdate ofrawTM，RGB color composite im agery
．  

EachpointWasthenlabeledas changeorno changeby 

visualinterpretationofthe im ages， andusedas theref 

erence for accuracy assessment．They foun d the result- 

Fig．2 SID4mstogrm withMean=0．029 and SD=8．196 

ing error matrix to be not significan tly different than 

one prepared with an independent vector database 

derived from aerial photography interpretation and 

groun d truth methods． 

For each change image， an error matrix was 

developed using a sample ofvisually interpreted po ints 

as reference against the values ofthe change image．To 

assure an adequate distribution ofsample po ints to each 

change class，each 8-bit(0"'255)change image Was 

receded into 32 classes with each class correspo nding 

- to 8 original digital values(0～7， 8～ l5， ⋯ ， 
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248"-~255)． This 32-class temporary file was then 

used to generate a stratified random sample ofpoints 

t0 be interpreted for use as refererfce in the threshold— 

ing procedure．A 3×3 moving window was used to se— 

lect sample points in which all the surrounding pixels 

were ofthe same class(9 out of9 majority)． thus 

avoiding edge effects in interpretation． Five sample 

points were generated from each of the 32 classes in 

the temporaryfile(n=160)． 

In the absence ofexisting historical reference data 

forthe studyarea,thevisualinterpretationmethod re． 

ported by Cohen et a1．(1998)was the only option for 

developingreferencedataforerrormatrices． 

3 Resuits 

For accuracy assessment， this study uses several 

measures ofaccuracy， includingproducer's accuracy, 

user's accuracy,conditional kappa, overall accuracy 

andkappa(FungandLeDrew，1988；Congalton et a1．， 

1983；Congalton，1991)．Table 3 illustrates a typical 

error matrix generated from thresholding the SID4 

(differenced image ofETM+ band 4)at 1．0 standard 

deviation ofthe mean． 

The user's accuracy is the measure of error of 

commission which is 83．33 percent． 

Th eproducer'saccuracyisthemeasureoferrorof 

omission which is 76．09 percent． 

Th e overall accuracy is the measure ofthe accu— 

racy ofthe entire image without any indication ofthe 

accuracy of individual categories which is 88．75 pe r- 

cent．， 

Th e average accuracyisan averageofthe accura- 

cy ofindividual categories．Because the individual cat． 

egories can be the user's or the producer's accuracy,it 

can be computed in both ways accordingly．Th e user's 

and producer's average accuracy are 87．01 percent and 

84．97 percent respectively． In contrast to the overall 

accuracy， it is biased towards the category with a 

small number ofsamples． 

Table 3 Error matrix ofthr~holded SⅡ，4 at 1．0 standard 

deviation from melm 

SID4 

Reference Data 

No-change Change Total 

Image Data No-change 107 11 118 

Change 7 35 42 

Total l14 46 l6O 

User's Accuracy 90．68 83．33 

Producer's Accuracy 93．86 76．09 

Conditional Kappa fx100) 67．58 76．61 

Average Accuracy(user's) 87．01 

AverageAccuracy(Producer's) 84．97 

Combined Accuracy(User's) 87．88 

Combined Accuracy(Produc~'s) 86．86 

OverallAccuracy 88．75 

Kappa(xlO0) 71．81 

Th e combined accuracy is the average of the 

overall accuracy and average accuracy． It can also be 

computed as either the user's accuracy (87．88 per- 

cent)ortheproducer's accuracy (86．86percent)．It 

has been used to dampen the inherent biases of the 

overall average accuracy(Nelson，1983)． 

The Kappa coefficient ofagreement(K)Was de— 

veloped by Cohen’(1960)．It is a measure ofthe actu． 

al agreement(indicated bythediagonal elementsoflhe 

matrix)minus chance agreement (indicated by the 

product of row and column marglnals)． It uses all 

cells in the matrix and takes into accoun t both the 

commission and omission errors 一(Rosenfield and 

Fritzpatrick—Lins，1986)．A Kappa coefficient mea— 

sureshow a classificationperformsas comparedtothe 

reference data． 

Th e kappa coefficient of agreement is computed 

M∑施一∑ 
as K=— L — 一  

一  

il l 

where risthenumberofrows in the errormatrix。 
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兢 isthenumberofobservationsin rowi and columni， 

+and x arc thus the marginal totals or row i and 

column i respectively, and M is the total number of 

observations．The Kappa value is 0．718 1 for SID4． 

The test statistics for a significant difference be- 

tween two independent Kappas for different assess- 

ment (e⋯g comparing the results of different tech- 

niques)is 

7一  Kl—K2 

厶一T 

where V ( 1) is the approximate large sample 

variance of K and Z is the standard normal deviate 

(Cohen，1960)．IfZexceeds 1．96，then the difference 

is significant atthe95percentprobabilityleve1． 

Table 4 compares the accuracies and Ka ppa in 

chan ge images produced by different change-detection 

techniques．Among the thirteen change images， Tas- 

seled Cap △G performed be st m detecting are．as of 

chan ge with overall and Ka ppa accuracies of90．63 per- 

centand78．09percent， respectively．FollowingTas- 

seled Cap AG were PC2 and SID4(band 4)with over- 

all accuracies of 89．38 percent and 88．75 percent re- 

spectively and Ka ppa accuracies of 74．85 percent and 

71．81 percent．respectively．SID7(band7)showedal- 

most the sjlⅡ1e perform ance in accuracy compared to 

the NDVI．Among the PCA，PC2 showed the highest 

accuracy．Th e others PC7， PC8 and PC12 did not do 

well in detecting change． Tasseled Cap AB and A W ， 

the weighted average of six ETM bands(excluding 

band 6)．showedthe same accuracy． 

Th e results indicate the effectives of using all 

bands ofTM data．Accuracies were improved when all 

bands were usedtogetherin thealgorithm． 

3．1 Evaluation of spatial agreement between chan- 

ge images 

Accuracy assessment is a common method to e- 

valuate chan ge images；however, it does not exactly 

explain how tw o change im ages produced from differ- 

ent techniques differ from each other． Spatial agree- 

ments betw een change images were examined to corn- 

prehensively evaluate change im ages prod uced from 

differenttechn iques． 

Table 5 illustrates the correlation among the thir- 

teen unthresholded change im ages． Th e differences 

im ages generated from the spectral bands and change 

in brightness AB are highly correlated．There is also 

high correlation between differences images generated 

fi'om the spectralbands．Apartfrom thePC2whichhas 

correlation with change in greenness (△G)． the PC 

im ages and other im ages are relatively low．Change in 

NDVI has some correlation with change in greenn ess 

△G． 

To examine the differences am ong error matrices 

produced from the thresholded images，pairwise sig- 

Table 4 Accuracyindicesofthe 13ilnages 
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Table 5 Correlation matrix of the eleven images 

Table 6 Resultsoftest ofagreementbetween errormatrices producedfrom the 13thresholded lili es 

蓟_3—— 一 豆面 SID7 NDVID PC2 PC7 PC8 PC12 AG AB AW 

S皿}2 -0．25l6 -0．3224 1．021 1 

S皿}3 -0．073l 1．2793 

Sm4 1．3434 

S皿}5 

SID7 

NDⅥ D 

P(=2 

PC7 

PC8 

PCl2 

△G 

△B 

0．8055 0．3087 -0．7049 1．9998 —5．9695 2．5041 一1．1292 1．17l8 0．5582 

1．0646 0．563l -o．4538 2．2772 2．3606 2．7984 -0．8789 1．4322 0．8133 

1．1305 0．6319 -0．3763 2．3377 2．4210 2．8577 -0．7970 1．4955 O．88o3 

-0．2235 -0．7150 一1．7437 0．9328 1．0o32 1．391 l -2．1783 0．1464 -0．4623 

．0．4964 一1．5311 1．1731 1．2462 1．6451 —1．9682 O．3719 7．0445 

一 1．O2l3 l_68l8 1．7591 2．1732 一1．4503 0．8647 O．25ll 

2I7773 2．8670 3．3305 -0．4258 1．9o05 1．2725 

O．O655 0．4409 —3．2476 -0．7841 一1．4147 

O．3766 —3．3439 8535 一1．4892 

— 3．8336 一1．2384 一l_8927 

2．339O 1．7O23 

-0．6lO5 

nificance testing ofKappa test are performed． As pre- 

sented in Table 6， the AG is significantly different 

from the other ten images． It has the highest Kappa 

value ofO．780 9．In contrast，the PCI2 is significantly 

different from 也e other images but with the lowest 

Kappa value of 0．480 5． 

The spectral differencing(SIDs)and NDVI have 

no significant difference in term s of the accuracy of 

classification．TheirKa ppavaluesrangefrom 0．621 l 

(SID7)to 0．7l8 l(SID4)． 

However it should be noted that each im age may 

consist of different inform ation content despite their 

differences or sim ilarities in accuracy． W le there is 

no significant differences in term s ofaccuracy ofthe 

two error matrices ofSIDS and SⅡ)4， the land-cover 

changes they reveal may be entirely different．Compar- 

iSOll is meaningless unless the ability ofeach individu- 

al im age to detect specific land··cover change is haves·· 

tigated． 

4 Discussion and conclusion 

AmongtheindividualbandsofTM dataused，the 

near infrared band was effective in detecting change in 

arid areas．In SID，band 4 shows the highest accuracy 

(overall accuracy 88．75 percent and Ka ppa 71．81 per- 

cent)followed by band 3(overall accuracy 88．13per- 

cent and Ka ppa 71．20 percent)and band 2(overall 

accuracy 87．50percentandKa ppa 69．09percent)．A 

study conducted by Ridd and Liu(1 998)showed that 

band 3 and band 2 were effective in detecting changes 

at a construction sites and farmlands in an urban envi． 

ronment．Miller et a1．(1983)and Patel et a1．(1985) 

found muddy water showing higher reflectance for 

band 3 (red)． Yamagata and Akiyama(1988)also 

used band 3 to estim ate paddy damage caused by 

flooding using multitemporal Landsat data． 

Among the different change-detection techniques 

tested，AG perform ed best with overall accuracy of 
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90．63 percent and Kappa of 78．09 percent． PCA an d 

SID(bands 2，3，and 4)also showed hi accuracies． 

SI【) (bands 5 and 7)and TCBID (△W and AB)did 

notperform wel1． 

SID， NDVID and TCBID applied in this study 

were image differencing． Image differencingis a rela- 

tively sim ple and easy technique．Despite its simplici一 

SID has been found effective in many studies(e．g． 

Ridd an d Liu， 1998；Macleod and Congalton， 1998； 

Muchoney and Haack， 1 994)．The other technique， 

PCA， employ many bands together in order to extract 

chan ges． 

These methods have also been foun d useful in dif- 

ferent change-detection studies (e．g．Michalek et a1．， 

1993；1．ambin an d Strahler,1994a；Lambin and Strah． 

1er,1 994b；Muchoney and Haack．1 994；Yamagata 

and Aldyama，1988；Fun g and LeDrew 1987)．It is 

im portant that change—detection techn iques should ad- 

dress the changes occurring in a variety of land USeS． 

The application ofmultitemporal Landsat ETM + 

data to detect areas affected by change in an arid area 

consisting ofdifferent lan d uses showed that chan ge in 

Tasseled Cap Greenness was effective in detecting af- 

fected areas． Tasseled Cap Greenn ess perform ed the 
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