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Introductior Detecting no-change pixels with MAD

Mosaicing of images recorded by aerial photography is a dis- Multivariate Alteration Detection (MAD) is a statistical method for change detection

ey . . L . Before OLS OR
cipline with many challenges: collecting the data, choos- in bi-temporal, multi- and hyperspectral data [2]. _

Ing) erisplneto MeeE, PIEEsmEn of Uie seamline ene dokr This method is based on Canonical Correlation Analysis (CCA) [1]. CCA searches No-change pixels 1.28e3 310 (76%) 378 (71%)
correction. All must be perfected in order to create good- y ' Overlap 1.83e5 1.28e5 (30%) 1.44e5 (21%)

for linear combinations U = a’X and V = b’Y of the (ideally) Gaussian distributed

looking maps for e.g. Google Maps. Still, large amount of variables [X_ Y] € A (s, ) with maximum correlation

this work is carried out using outsourced manual labour. Au- Table 1: Residual sums of squares
tomated methods should be developed in order to in-source Cov U, V] a2’y b
the work. p = Corr[U,V] = ’ — 12 , (1) e A visible improvement of the color correspondence

after normalization.

e Orthogonal regression performs better than OLS
regression visually, but not numerically.
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The MAD transformation [3] is defined as

In this project we aim to color
correct 16 ortophotos provided by
Cowi A/S. The standard method for

correcting the colors is to histogram 27X — bTY] e Change of scene, caused by different camera an-
equalize two images to each other. X b | - gles and new items, detected in overlap using MAD.
However, this runs the risk of using [Y] 7 3 (2) e Large color changes within overlap provides poor
color information from pixels where alX-bjY results.

a change has occured in the over-
lap since last recording, e.g. a car
caught by the camera.

which is seen to be the subtraction of the canonical variates in reverse ordering.
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No-change pixel j approximately follows a y“ distribution: Figure 2: Overlaps with artificial red and

By applying a multivariate statisti- |
blue cars. MAD transformation detects both

cal change detection method to de-

tect pixels where no change has oc- L MAD;; . 5 Zifseind changed lighting conditions on

curred a more robust method for 1y = Z p— (p) '

normalization of ortophotos is ob- =l :

tained. X3 1% most probable no-change pixels used for )
Acknowledgements to Anders T. |, * .« | T8"¥ = Z  normalization.
Rasmussen [4]. Original OLS normalization OR normalization

Conclusions

A set of images provided by Cowi A/S have been normalized

Ortophotos Normalizing

Collected by Cowi A/S. Differences

The no-change pixels found in the overlap are arranged in 3 x NV matrices.

. . . . . 60% i . } X
in color and intensity are primarily One of the sets is chosen as reference I,. A transformation A with an . for better color correspondence.
caused by changed flight direction offset that adjusts the other set I, to the reference is approximated. . :
and time of day No-change pixels in the overlaps have been used as refer-
' 1 o : _ ence for the normalization. The multivariate method MAD
e 16 ortophotos o "0 b ola ricee Tl F2 L 20 has been implemented to detect no-change pixels in the
G oo gh ’ N | overlap. Ordinary Least Squares and Orthogonal Regression
e 3 channels: R, G, B : de f|B 1 Ni=lg g
7= ) "-. P by -+ by . bév methods have been evaluated.
¢ 14650 x 9560 ~ 140 MP : ; R B [0 =+ O 1 o . .
00 b in fliah directi : i J Visible improvments have been achieved from the original
@ WEITel R N It @ IiEEern A I, I, . o . images to the normalized images.
e 20% overlap of lanes Figure 3: Ordinary Least Squares regression
"""" g The diagonal is heavily dominating the transformation matrix. 9 Future work includes distance maps to use more overlaps,
, determination of a normalization sequence and implement-
Ordinary Least Squares (OLS) regression seeks to minimize the ver- ing methods for noise filtering, e.g. Markov Random Fields.
tical distance between an input variable and the regression line. This
implicitly assumes that one of the variables is error free. Here, the refer-
ence Variable iS Chosen arbitrarily and therefore error mUSt be assumed [1] Harold Hotelling. Relations between two sets of variates. Biometrika, 28(3/4):321--377, 1936.
. [2] A. A. Nielsen. The regularized iteratively reweighted MAD method for change detection in multi- and
on both variables. hyperspectral data. IEEE Transactions on Image Processing, 16(2):463--478, feb 2007.

- - e . - [3] A. A. Nielsen, K. Conradsen, and J. J. Simpson. Multivariate alteration detection (MAD) and MAF post-
orthOQOnaI Reg ression (OR) seeks to minimize the OrthOgOI’la| distance X1 processing in multispectral, bitemporal image data: New approaches to change detection studies.
between the observed datapoint and the regression line. Hereby an equal i e e | -
weigthing of errors on both variables is achieved. Figure 4: Orthogonal regression Tl Gradms S tind e, ol edfivasbunent o Griueplettas, Blasitary et Tt Crives

Figure 1: Ortophotos from Lake Tystrup

Department of Informatics and Mathematical Modelling



