NorMaL: Non-compact Markovian Likelihood for Change Detection
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Abstract tribution to the literature is introduced in [10] by us-
ing multiple hypotheses at pixel level to describe scene

This paper presents a new normalcy model of a sceneevolution that enables one to deal with signi cant back-
for change detection using images taken from multiple ground variations . The model in [10], however, tends
views and varying illumination conditions. Each co- to become insensitive to changes when there are high-
registered pixel site is statistically modeled by a prob- frequency variations. Methods utilizing spatial informa-
ability distribution conditioned on a set of pixels in a tion are introduced to increase detection sensitivity of
non-local neighborhood that are less likely to be affected background subtraction. Seki et al. [9]. used spatial in-
by a change that happens at the pixel of interest. Theseformation in the scene by facilitating local history of the
“non-compact neighbors” are located using information co-occurrence of image variations at neighboring blocks.
theoretic approaches. The associated change detectiorin [5], Markov random eld (MRF) is used to build spa-
algorithm is called Non-compact Markovian Likelihood tial interactions of each pixel, whereas a spatio-temporal
(NorMalL), which predicts normalcy of a scene based on MRF model is proposed in [2] for occlusion robust seg-
non-compact neighborhoods using non-parametric con- mentation of traf ¢c images.
ditional density estimation. This paper is concerned with change detection in a se-

ries of images taken from multiple viewpoints, for exam-

ple reconnaissance images taken from satellite or aircraft
1. Introduction The change detection algorithm must cope with variable

illumination and viewpoint. The proposed approach pro-
ides invariance to illumination and viewpoint variations
y identifying a cohort neighborhood for each pixel lo-
cation, such that those pixels in the neighborhood have
a similar appearance but are less likely to be affected by
change in the same way. Moreover, the neighborhood
can be non-local which provides immunity to shadows
€nd occlusion.

The remainder of the paper follows with a discussion
'about a Markovianity property in random elds and their
relation to the current problem. The next section de-
scribes the concept of pivot pixels and non-local neigh-

The change detection problem has been investigateq\;
in various elds for a wide range of applications [8].
Depending on the nature of the application both avail-
able data and de nition of change may alter. Most secu-
rity and surveillance related applications focus prinyaril
on moving objects observed in video sequences, wher
illumination is only slowly varying. By contrast, for
satellite or aerial images taken over extended periods
both weather and illumination conditions can vary sig-
ni cantly. These latter effects present challenges to the

development of models for normal intensity appearance. borhood grouping. After a brief description of change

) GeneLalg/ speakmg, one can cla_ssq‘y_ ch;mie deteg'detection method employed in this paper, experimental
tion met_ 0ds Into two main categ_(_)neS,_ i-) backgroun results and nal discussions are given with drawn con-
subtraction based algorithms, and ii-) object-level cleang clusions

detection methods. Although there are successful appli-

cations of object-level detection [1], [7] these methods ] o

lack generality. Therefore, background subtraction based?- Non-compact Markovian Likelihood

change detection algorithms become fundamental com-

ponents of many applications for segmenting foreground  The standard method in the literature for background

object from static or dynamic backgrounds. subtraction is to determine the permissible range of in-
It is now common to use an adaptive model to rep- tensity values for background and foreground variations

resent background that is dynamic. A pioneering con- which are extracted from training samples of the scene



and represented by a mixture distribution. This appra
can be extended by modeling joint occurrences of in
sity values in the image to narrow down the range of r
mal background values for a particular pixel site and
crease detection sensitivity. For an extreme case, as:
that the entire variation of the scene is modeled by a j
probability distribution. In that case, if all intensity lve
ues are given except the one at locatfigihen uncertainty
or the conditional entropy of the outcomeiatould be
very close to zero.

The Markov Random Field (MRF) model, is the or

approach to represent a joint distribution for complex @)

lations among a large number of random variables

dition which can be expressed as; scene at the top. Bottom ones are corre-
. . sponding registered images for training (a)

whereS represents set of all pixels in the image dnds
the intensity variations atth pixel in that set. Therefore

fst ig denotes joint intensity variations for all pixel sites  (or non-compact neighbors) of a pixel can be anywhere

except the'th one, and in image. One can locate these neighbors by nding
0 the degree of statistical dependence between each pixel
fn, = fioji"Nig (2)  and the rest of the pixel sites in the image by calculat-

dicates th ¢ of val that th hb it f|ng mutual information. However, this strategy requires
indicates the set of values that the neighboring sites o joint histograms for each computation of mutual infor-
i takes. Briey, this condition relies on the fact that for

. ) L ) . . mation. Thus, considering an image that hNagixels,
any glven.p|.xel, its immediate neighbors are more likely total complexity of mutual information computation will
to be statistically dependent than those pixels far away .\ (N 1)=2which makes algorithm too slow for prac-
from it. Itis shown in literature that modeling each pixel tical use.
with its neighbors increases overall detection sensjtivit

. One feasible way to locate these non-compact neigh-
for background subtraction [10, 11]. Nevertheless, thereborS is to de ne a set of pixels, R, which have similar

are cases when such a model does notlead to the desire gppearance variation over a series of observations to that

So'ft'?hn' h detect licati dqd din thi of the image as a whole. The elements of R are denoted
n the change detection application addressed In this, o pivot pixels The notion of “similarity” can be cap-

paper there can be many global effects that will create N thred by mutual information between the pivot pixels and

cidental appearance variation_s that ShOUId ’?F" be detecteﬁ:e remainder of the image. Computational complexity is
as change. For example the image intensities can be al educed by only considering pivot pixels as elements of
affected by overcast skies or shadows, or an area of in- the non-compact neighborhood of any given image pixel.
terest can be occluded due to changes in V|ewp0|nt ItFurther reduction in complexity is achieved by nding re-
sglons having highly correlated appearance behavior and
de ning a pivot for the correlated region as a whole.
This rst step can be formulated by nding pixel sites

that have maximum relevance to all pixels in the image

normal from local neighborhood support (as in the stan-
dard MRF approach), since nearby pixels are likely to be
affected in the same way. On the other hand, with global
support it is possible to distinguish these effects from ac-

tual foreground objects that appear as a local compact re- such that

gion. max - L(fi;f}) 3)
IRlis g iR

2.1. The normalcy mode| is satis ed. Herd (:) is mutual information function and

R is the set of such pivot pixels i8. Also note that
These considerations dictate the need for a modelthe cardinality ofR cannot be arbitrarily large. One de -
that establishes a non-local assumption for pixel depen-ciency in this de nition is that if there are two pixels that
dency. In this new approach, the dependencies betweemre highly dependent, adding both to the Remay in-
pixels are non-compact, where new statistical neighborscrease Eq.3 more than any others can do. Nevertheless,



this will not improve the overall power of representation
The following condition for pivot pixels re nes this re-
guirement by just keeping mutually exclusive pivot sites

1 X
rr}elan?“ I(fi;fj): 4
iijR
Moreover, combining these conditions for two observa
tions leads to (@) (b)
1 X X _ is RjX e Figure 2. Entropy of the scene (a), 200 pivot
TSR] H(fiif;) RZ H(fi; fr): pixels scattered in the scene (b).
iS RjR IR
©)
A setR that satis es this condition can be said to have
minimum redundancy within itself and maximum rele- These assumptions enable an incremental approxima-

vance to the rest ofimage. Peng etal. [6] provideda rst- tion to Eq.5. The algorithm selects pivot pixels one-by-
order incremental method for solving a similar problem one. A site is called “masked” if it is in the radius of

in feature selection. However, this approach is unsuitabledependence of any previously selected pivot pixel. More-
for for the current application where ef cient computa- over, at each step, the algorithm adds a randomly selected
tion is essential. pixel site in the “unmasked” region of the image to the
set of pivot pixels. Note that, while Eq.6 and Eq.7 help to
nd highly relevant pixels for each pivot, masking them
outin next pivot selection reduces the redundancy de ned

) ) ] ] in Eq.4. Refer to Fig. 2-(b) for the pivot pixel selection
The optimum set of pivot pixels can be approximated regyt. Fig. 2-(a) shows the entropy of the corresponding

by making several assumptions about the properties ofscene where darker regions have lower entropy.
the available image data. The rst assumption is related

to Markovianity.

Assumption 1:Although a pixel can have high joint
probability with any pixel site in the image, nearby pix-
els are more likely to be have high joint probability in
general.

De nition: Radius of dependence,for a pixel at site
i de nes a compact region aroumdvhich can be found

by

3. Locating Pivot Pixels

4. Change Detection

The sampling method to nd pivot pixels is the rst
step to locate non-compact neighbors of a pixel. Niext,
most dependent pivot pixel sites for each pixel are found
and assigned as its non-compact neighbors. Then non-
compact neighbors of each pixel are used to create a new

L 9 probabilistic description of normalcy as follows,
i = IG O i (6) P
k .
such that, P e ) = 18 ikP(fuij)P(f,) ®)
ine  P(f})

whereNc; is the set of non-compact neighbors of site

whereg; is the coordinate of theth pixel, T and are andk is its cardinality. Given this probability for the nor-

predetermined threshold and Lagrange multiplier values,Mal intensity of each pixel, the Neyman-Pearson detector
respectively. for change detection can be applied to determine abnor-

mal appearances of foreground objects [3].

Kmax = max (jj gii?+ jifit) TH @

Assumption 2Radius of dependence for each pixel is
inversely related with the entropy of that particular pixel
Entropy can measure intensity variations of a pixel 5. Results & Discussions
site. Therefore, pixels in stationary.q, intensities
slowly vary) regions will tend to have low entropy and The experiments are conducted on a database of im-
large radius of dependence. The reverse relation can bagery taken over multiple viewpoints and different times
assumed without loss of generality. Moreover, one canof day and with sunny and cloudy conditions. Each image
use pixel entropy as an instrument to nd the radius of is registered to a common ground plane using planar ho-
dependence that will further speed up locating pivot pix- mographies. The top images in Fig. 1 show several orig-
els. inal images. These images are registered with respect to
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Figure 3. Test image (a), predicted nor-
malcy for test image (b), detection results
for Grimson-Stauffer method (c) and Nor-

MaL method (d).
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Figure 4. ROC curves.

tial dependencies pivot pixels are selected according to
the mutual information content of the scene. By assum-
ing that these pivots capture the essential variations in
the scene, tofx dependent ones for each pixel is found
and called as its non-compact neighbors. These non-
compact neighbors are less likely to be modi ed by the

the ground plane so that corresponding pixels are in reg-same change occurring in the modeled pixel compared to
istration and contribute to the normalcy model. Becauseits immediate neighbors. Therefore, the spatial informa-

of the changes in shadows changes in illumination andtion of co-occurrences provided by non-compact neigh-

viewing angle, the background is highly dynamic. Nev- bors enables better prediction for the normalcy of the

ertheless, using non-compact neighbors provides invari-scene. Experimental results demonstrate superiority over
ant prediction for the normalcy of the scene which can standard methods in background subtraction literature.

be seen in Fig.3-(b) (which is predicted normalcy for test

image in Fig.3-(a).) In Fig. 3 (c)-(d), note that many References
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