forestsat

CHANGE DETECTION BY THE IR-MAD AND KERNEL MAF
METHODSIN LANDSAT TM DATA COVERING A SWEDISH
FOREST REGION
Allan A. NIELSEN, Hakan OLSSOR

4Technical University of Denmark, National Spacditote
Richard Petersen Plads, Building 321, DK-2800 Lyndhenmark, email: aa@space.dtu.dk
® Swedish University of Agricultural Sciences, Depaeht of Forest Resource Management
SE 901 83, Umed, Sweden, email: Hakan.Olsson@sises|

ABSTRACT

Change over time between two 512 by 512 (25 m by 2bxels) multispectral Landsat
Thematic Mapper images dated 6 June 1986 and Z/1B88 respectively covering a
forested region in northern Sweden, is here deddnyaneans of the iteratively reweighted
multivariate alteration detection (IR-MAD) methanllbwed by post-processing by means
of kernel maximum autocorrelation factor (KMAF) bisés. The IR-MAD method builds
on an iterated version of an established methaduttivariate statistics, namely canonical
correlation analysis (CCA). It finds orthogonag(j uncorrelated) linear combinations of
the multivariate data at two time points that henaximal correlation. These linear
combinations are called the canonical variates (&\) the corresponding correlations are
called the canonical correlations. There is on®&EVs for each time point. The
difference between the two set of CVs representhiamge between the two time points
and are called the MAD variates or the MADs forrsh@he MAD variates are invariant to
linear and affine transformations of the originatal

The sum of the squared MAD variates (properly nafmeeunit variance) gives us
change variables that will ideally follow a so-ealk? (chi-squared) distribution with
degrees of freedom for the no-change pixglis;the number of spectral bands in the image
data. Herg=6, the thermal band is excluded from the analydémx’image is the basis
for calculating an image of probability for no-clgani.e., the probability for finding a
higher value of thg? statistic than the one actually found. This imigge weight image
in the iteration scheme mentioned above. Iteratgiop when the canonical correlations
stop changing.

Principal component analysis (PCA) finds orthogdnal, uncorrelated) linear
combinations of the multivariate data that have imakvariance. A kernel version of
PCA is based on a dual formulation also termed @eavanalysis in which the data enter
into the analysis via inner products in the soezhibram matrix only. In the kernel version
the inner products are replaced by inner produetiwéden nonlinear mappings into higher
dimensional feature space of the original dataa Rérnel substitution also known as the
kernel trick these inner products between the nmayspare in turn replaced by a kernel
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function and all quantities needed in the analgstsexpressed in terms of this kernel
function. This kernel version may be thought oha®onlinear version of PCA.

Maximum autocorrelation factor (MAF) analysis finolshogonal (i.e., uncorrelated)
linear combinations of the multivariate data thadnmaximal autocorrelation. This type
of analysis can be kernelized in a fashion sintdakernel PCA.

In both simple difference images, IR-MAD images &edthel MAF images grayish
colours indicate no change, saturated colours ateichange. The KMAF transformation
focuses on extreme observations, here the chargks pand adapt to a varying
multivariate background, here the no-change pixels.
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Figur 2. Landsat TM 27 June 1988 bands 5, 4 and 3 as RGB.



Figur 3. Landsat TM simple differences (1988 minus 1986)aifds 5, 4 and 3 as RGB (stretched linearly
over 12 standard deviations). Simple differencekersense only when the data are properly nornaatize
calibrated (at least to the same zero and scale).

Figur 4. Landsat 1986/1988 IR-MAD variates 6, 5 and 4 as R€itched linearly over 12 standard
deviations). The IR-MAD variates may be considaas@deneralized differences which are insensitive to
linear and affine transformations of the originatal



Figur 5. x2 image (stretched linearly from min to max). Wtrex?2 statistic has high values (i.e., where
the image is bright) the probability of changeiighh

Figur 6. x2 image (stretched linearly from 0 to 1000).



Figur 7. KMAF variates 1, 2 and 3 of all simple differencesRGB.

Figur 8. KMAF variates 1, 2 and 3 of all IR-MAD variates as RG
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Figur 9. Histograms and scatterplots for KMAF training dateyple differences. The no-change pixels are
located near the origin of the scatterplots.

Figur 10. Histograms and scatterplots for KMAF all data, siengtifferences.
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Figur 11. Histograms and scatterplots for KMAF training dé®&MADs.

Figur 12. Histograms and scatterplots for kKMAF all data, IR-M&\D



