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Abstract. This paper describes a new algorithm for illumination-invariant
change detection that combines a simple multiplicative illumination model with
decision theoretic approaches to change detection. The core of our algorithm is
a new statistical test for linear dependence (colinearity) of vectors observed in
noise. This criterion can be employed for a significance test, but a considerable
improvement of reliability for real-world image sequences is achieved if it is integrated into a Bayesian framework that exploits spatio-temporal contiguity and
prior knowledge about shape and size of typical change detection masks. In the
latter approach, an MRF-based prior model for the sought change masks can be
applied successfully. With this approach, spurious spot-like decision errors can
be almost fully eliminated.

1 Introduction
In many computer vision applications, the detection and accurate delineation of moving
objects forms an important first step. Many video surveillance systems, especially those
employing a static or quasi-static camera, use processing algorithms that first identify
regions where at least potentially a motion can be observed, before these regions are
subject to further analysis steps, which might be, for instance, a quantitative analysis of
motion. By this procedure, the available processing power of the system can be focused
on the relevant subareas of the image plane. In applications such as traffic surveillance
or video-based security systems, this focusing on the moving parts of the image typically yields a reduction of the image area to be processed in more detail to about 5-10
percent. Obviously, such a strategy is very advantageous compared to applying costly
operations such as motion vector estimation to the total area of all images.
In order to let a change detection scheme be successful, an utmost level of robustness against different kinds of disturbances in typical video data is required (a very low
false alarm rate), whereas any truly relevant visual event should be detected and forwarded to more sophisticated analysis steps (high sensitivity). Obviously, this presents
change detection as a typical problem that should be dealt with by statistical decision
and detection theory. Some early papers [2, 4] stress the importance of selecting the

most efficient test statistic, which should be both adapted to the noise process and to
a suitably chosen image model. A certain boost in performance has been introduced
in the early nineties by employing prior models for the typical shape and size of the
objects to be detected; this can be achieved very elegantly using Gibbs-Markov random
fields [9, 5, 6]. These models reduce very strongly the probability of false positive and
false negative alarms due to the usage of spatio-temporal context. They are superior
to any kind of change mask post-processing (e.g. by morphological filters), since both
the shape and the strength of observed signal anomaly is used. Such algorithms are in
the meantime widely accepted as state of the art and integrated in multimedia standard
proposals such as [11].
Despite all these advancements, certain problematic situations remain in real-life
video data, and possibly the most important ones are illumination changes. A rapid
change in illumination does cause an objectively noticeable signal variation, both visually and numerically, but it is very often not regarded as a relevant event. Therefore, recent investigations [10, 12, 13] have put emphasis on the desired feature of illumination
invariance. In contrast to earlier work, the present paper aims at integrating illumination invariance in a framework that is as far as possible based on decision theory and
statistical image models.

2 The image model, including illumination changes and
superimposed noise
We model the recorded image brightness as the product of illumination and reflectances
of the surfaces of the depicted objects. We furthermore assume that the illumination is
typically a spatially slowly varying function (cf. [1]).
For change detection, we compare for two subsequent images the grey levels which
lie in a small sliding window 1 . Due to the spatial low-frequency behaviour of illumination, we can assume that illumination is almost constant in each small window. Thus,
if no structural scene change occurs within the window, temporal differences between
observed grey levels in the window can be caused only
1. by a positive multiplicative factor k which modulates the signal and accounts for
illumination variation
2. and secondly by superimposed noise which can be modelled as i.i.d. Gaussian or
Laplacian noise.
Let us consider the case that this null hypothesis H 0 is true: if we order the grey values
from the regarded windows W 1 and W2 into column vectors x 1 and x2 2 IRN , these are
related by x 1 = s + ε1 and x2 = k  s + ε2, where εi , i = 1; 2, are additive noise vectors,
E [ε1 ]

=

E [ε2 ] = 0 ;

Cov [ε1 ]

=

Cov [ε2 ]

=

σ2d  IN

(1)

and s is a signal vector. Unfortunately, the signal vector s is unknown. In such situations
it might on the first glance appear reasonable to employ some kind of signal model
1

or a fixed block raster, if detection and speed is of primary interest, and not so much the spatial
accuracy of the detection masks

(e.g. using cubic facets). However, considering the extremely variable local structure of
real video scenes, especially for outdoors applications, it is certainly not advantageous
to model the signal blocks as e.g. low-pass signals, since the algorithm would work
worse in this locations where the signal model incidentally differs strongly from the
true signal such as in highly textured areas. In an ideal noise free case, x 1 and x2 are
parallel given H0 . We thus formulate change detection as testing whether or not x 1 and
x2 can be regarded as degraded versions of colinear vectors, with factor k and the true
signal vector s being unknown entities (so-called nuisance parameters).

d1
x1

r1

d2

x2
r2

u

Fig. 1. Geometrical interpretation of testing the colinearity of two vectors x1 ; x2 .

2.1 Derivation of the colinearity test statistic
Earlier (and simpler) approaches to the task of testing the colinearity concentrated either on the difference between the two observed vectors x i or on regarding the angular
difference between the x i . It is clearly not advisable to normalize both vectors prior to
further processing, since this irreversibly suppresses statistically significant information. With a certain noise level σ 2d given, it makes a significant difference whether an
certain angular difference is found for ’long’ or ’short’ signal vectors – it is simply
much easier to change the direction of a ’short’ signal vector. Therefore, basing the
change detection decision on the angle between the observed vectors (e.g. by using the
normalized correlation coefficient) cannot be recommended.
The approach we propose instead aims as much as possible on preserving any bit of
statistical information in the given data. Fig. 1 illustrates the derivation of the test statistic. Given the observations x i , i = 1; 2 and assuming i.i.d. Gaussian noise, a maximum
likelihood (ML) estimate of the true signal ’direction’ (represented by a unit vector u)
is given by minimizing the sum D 2 = jd1 j2 + jd2 j2 of the squared distances d i of the
observed vectors x i to the axis given by vector u. Clearly, if x 1 and x2 are colinear,
the difference vectors and hence the sum of their norms are zero 2 . The projections r i ,
2

Note that s; ks; ε1 ; ε2 are unknown entities, and r1 ; r2 ; d1 ; d2 are only their estimates.

i = 1; 2 are ML estimates of the corresponding signal vectors. Obviously, we have

jdi j2 = jxi j2 jri j2 for i = 1 2
(juj = 1!)
jri j = jjxi j cosϕi j = xTi  u
2
2
2
T
=)
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So it turns out that
D2 = jd1 j2 + jd2 j2 = jx1 j2 + jx2 j2

uT  XT  X  u

and the vector u that minimizes D 2 is the same vector that maximizes
uT  XT  X  u

! max

with juj = 1

which is obviously an eigenvalue problem 3 with respect to matrix X T  X. Due to the
special way it is constructed from just two vectors, X T  X has maximum rank 2 and thus
has only two non-vanishing eigenvalues. We are only interested in the value of the test
statistic D2 , and fortunately it can be shown that D 2 is identical to the smallest non-zero
eigenvalue of matrix X T  X. Beyond that, it can be shown (e.g. quite illustratively by
using the singular value decomposition (SVD) of matrix X) that the non-zero eigenvalues of XT  X and X  XT are identical. Thus, the sought eigenvalue is identical to the
smaller one of the two eigenvalues of the 2  2 matrix X  X T , which can be computed
in closed form without using iterative numerical techniques. So the minimum value for
D2 can be determined without explicitly computing the ’signal direction unit vector’
u. This whole derivation is strongly related to the Total Least Squares (TLS) problem
(cf. [14]) and matrix rank reduction tasks in modern estimation theory.
2.2 The distribution of test statistic D 2
In order to construct a mathematically and statistically meaningful decision procedure,
the distribution of the test statistic D 2 must be known at least for the null hypothesis
H0 (= colinearity). The asymptotic distribution of the test statistic D 2 can be derived
on the basis of some mild approximations. For the case that the norm of the signal
vector s is significantly larger than the expected value for the noise vector norm (which
3

The matrix XT  X can also be regarded as a (very coarse) estimate of the correlation matrix
between the vectors xi , but this does not provide additional insight into the task of optimally
testing the colinearity.

should hold true in almost all practical cases), it can be shown that the sum jd 1 j2 + jd2 j2
is proportional to a χ 2 variable with N 1 degrees of freedom with a proportionality
factor σ2d according to eg. (1).
D2



σ2d  χ2N

(2)

1

This result can be intuitively understood: assuming that the probability density function
of the additive noise for each pixel is a zero-mean i.i.d. Gaussian with the same variance
for all N pixels, the difference vectors d i reside in a N 1-dimensional subspace of IR N
which is determined by the direction vector u. If the length jsj of the signal vector is
large, the direction u is independent of the additive noise vectors ε i . The components of
di retain the property of being zero-mean Gaussians.
It might be surprising that the actual value of the multiplicative factor k does not influence the distribution of D 2 , at least as long as the assumption of jsj  jε i j holds. This
makes this decision invariant against (realistic) multiplicative illumination changes,
which is of course exactly what it has been developed for.
The distribution which has been theoretically derived and described above was also
exactly what we found in a set of Monte Carlo simulations for the test statistic D 2 for N
varying between 4 and 64 and factor k varying between 0.2 and 5 (which corresponds,
in fact, already to a quite strong multiplicative change of illumination). Figures 2 and 3
show examples of the empirical distributions obtained by these simulations.
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Fig. 2. Empirical distribution of D2 for σ2d = 1,
N = 16, 100000 realizations. These empirical
distributions do not noticeably change when k
varies with 0:2 < k < 5.
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Fig. 3. Empirical distribution of D2 for σ2d =
100, N = 64, 10000 realizations. Note the conformity to the predicted scaling of D2  σ2d 
χ2N 1

Testing the null hypothesis H0 (= colinearity) can be expressed as testing whether
or not D2 can be explained by the given noise model. On the basis of the now known
distribution of D 2 under the null hypothesis, a significance test can be designed, which
boils down to testing D 2 against a threshold t which has been determined in such a way
that the conditional probability Prob[D 2 > t j H0 ] = α with the significance level α.

3 Integration of the colinearity test statistic into a Bayesian
MRF-based framework
To improve the (already very good) performance of this test even further, we have integrated the new test statistic into the Bayesian framework of earlier, illumination sensitive change detection algorithms [6, 8]. The Bayesian approach draws its power from
using Gibbs/Markov random fields (MRF) for expressing the prior knowledge that the
objects or regions to be detected are mostly compactly shaped. For integrating the new
test, the conditional distribution p(D 2 jH1 ) of the test statistic D2 under the alternative
hypothesis (H1 ) has to be known at least coarsely. The resulting algorithm compares the
test statistic D to an adaptive context dependent threshold, and is non-iterative. Thereby,
the new approach is a illumination-invariant generalization of the already very powerful
scheme [6, 8] which already was an improvement over the iterative proposal [4, 5].
Under the alternative hypothesis H 1 (vectors x1 and x2 are not colinear), we model
the conditional pdf p(D 2 jH1 ) by
p(D2 jH1 ) =



p1

N

2πσc

 exp



D2
2  σ2c



(3)

with σ2c  σ2d (for detail cf. [5, 8]). The assumption that this density is Gaussian does
not matter very much; it is just important that the variance σ 2c is significantly larger than
σ2d and that the distribution is almost flat close to the origin. Furthermore, we model
the sought change masks by an MRF such that the detected changed regions tend to
be compact and smoothly shaped. From this model, a priori probabilities Prob(c) and
Prob(u) for the labels c (changed) and u (unchanged) can be obtained. The maximum
a priori (MAP) decision rule – given the labels in the neighbourhood of the regarded
block – is then
c
p(D2 jH1 ) > Prob(u)
(4)
p(D2 jH0 ) <u Prob(c)
A little algebraic manipulation yields the context adaptive decision rule
c

D2 >
< T + (4

νc )  B

(5)

u

where D2 is the introduced test statistic , and T a fixed threshold
which is modulated by an integer number ν c . The parameter ν c
denotes the number of pixels that carry the label c and lie in the
3  3-neighbourhood of the pixel to be processed (see figure).
These labels are known for those neighbouring pixels which
have already been processed while scanning the image raster
(causal neighbourhood), as symbolized by the gray shade in
the illustration.

i

For the pixels which are not yet processed we simply take the labels from the previous change mask (anticausal neighbourhood). Clearly, the adaptive threshold on the
right hand side of (5) can only take the nine different values ν c = 0; 1; : : : ; 8. The parameter B is a positive cost constant. The adaptive threshold hence is the lower, the

higher the number ν c of adjacent pixels with label c. It is obvious that this behaviour
favours the emergence of smoothly shaped changed regions, and discourages noise-like
decision errors. The nine different possible values for the adaptive threshold can be
precomputed and stored in a look-up table, so this procedure needs only slightly more
computational effort than just applying a fixed threshold.

4 Results
Figure 4 shows some typical experimental results obtained by using the described technique. In the used image sequence there is true motion (a toy train) and a visually
and numerically strong illumination change obtained by waving a strong electric torch
across the scene. A comparison of image c), where a conventional change detection
technique is employed, versus image d) (illumination invariant change detection) shows
the advantages of the new technique very clearly.

a)

b)
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Fig. 4. a), b): Subsequent original frames from a sequence with moving toy trains. A beam of
light crosses this scene quickly from left to right. c) Result of the illumination sensitive change
detection algorithm in [8], mixing illumination changes with the moving locomotives. d) Result
of the new illumination invariant change detection. The locomotives have been safely detected,
and all erroneous detection events due to illumination changes are suppressed.

5 Conclusions
We consider the illumination-invariant change detection algorithm presented here as a
significant step forward compared to earlier (already quite well performing) statisticsbased approaches. For the near future, a comparison to competing approaches using
homomorphic filtering (cf. [13]) remains to be performed. Furthermore, it appears to
be very promising to extend the discussed approaches to change detection towards the
integrated processing of more than 2 subsequent frames. We are convinced that – if
again statistical modeling and reasoning is employed – a further improvement compared
to the state of the art can be achieved.
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