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ABSTRACT

This paper presents a method to improve the stability of in-
terest point detection under illumination changes. The re-
sponse of state—of—the—art detectors depends on image con-
trast, which leads to unstable detection, especially when the
position or orientation of the light source changes. Based on
a simple image formation model and on ideas of homomor-
phic filtering, the Harris corner detector — one of the most
widely used detectors — is modified to reduce the illumina-
tion influence. The computation effort needed for detection
is only minimally increased. The algorithm performances
are evaluated on real images using repeatability and false
positive rates. The detection stability is enhanced, above all
under complex lighting changes.

1. INTRODUCTION

Many computer vision applications like 3D-reconstruction,
tracking, registration or recognition tasks rely on the detec-
tion of interest points. The interest points and their charac-
terization are the only image information used during fur-
ther processing. For that reason, a stable detection under
varying imaging conditions is important, as misdetections
highly influence the performances of higher level tasks.

This work is focused on the problem of illumination
changes, which occurs very often between images of a scene
taken at distant time instants e.g. due to a movement of the
light source(s). As the response of state—of—the—art detec-
tors varies with image contrast, the choice of an appropriate
detection threshold becomes almost impossible, particularly
if a limited number of points should be detected.

In this paper, a method is proposed to improve the stabil-
ity of interest point detection. Special care has been given to
the algorithm efficiency, in order to keep the computational
effort low. Based on a simple image formation model and
on ideas of homomorphic filtering, the detection is adapted
to the local lighting conditions. The obtained improvements
are demonstrated on a very popular interest point detector:
the Harris corner detector [1].
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Section 2 underlines the sensitivity of interest point de-
tection to lighting changes. In section 3 the principle and
implementation details of the proposed method are presented.
Experiments and results are described in section 4.

2. INTEREST POINT DETECTION AND
ILLUMINATION CHANGES

Many interest point detectors were designed, based for ex-
ample on local grey value maxima [2], on curvature maxima
along contours [3], on the local grey value distribution [4] or
on maxima of the local autocorrelation function [1]. Despite
their different principles, all detectors are very sensitive to
image contrast. The Harris corner detector [1] was chosen
in this paper, as it is one of the most widely used.

The local texture around pixel (x, y) is characterized by:

_ 2 fef
C=G(o)® { fofo f,g ] [1]. (1)
G(o) is a Gaussian with standard deviation o and ® is the
convolution operator. f, and f, are the first derivatives
of the grey value image f(z,y). They are estimated here
by convolving f with the derivatives of a Gaussian (with
Oderiv = 1.2) as proposed in [3]. Two high eigenvalues for
matrix C indicate an interest point. For more efficiency, the
“cornerness” function R is used:

R = Det(C) — aTr?(C), with 0.04 < a < 0.06 [1]. (2)

Interest points are then found at local maxima of R above
a user—defined threshold 7" (1" > 0). Here ¢ = 3.0 and
a = 0.06 are used.

The cornerness function R varies with the local image
contrast because it is based on the first derivatives. A de-
tailed analysis of its sensitivity to illumination is given in
[5]. Despite the numerous methods to gain constant fea-
tures from color images (see e.g. [6]), only few interest
point detectors that are stable under varying illumination
were designed. The following two methods are often used
to adapt the detection to the overall lighting conditions: (a)
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Fig. 1. Interest point detection on images of a scene under
two different illuminations (N = 50). Only 28.0% of the
points are redetected.

the threshold is set proportional to the maximum cornerness
value [3], or (b) the N interest points with the highest cor-
nerness values are selected [7]. As method (b) reaches the
best stability under lighting changes [5], it will be used here
for detection instead of the user—defined threshold. How-
ever this method still is insufficient to reach a good stabil-
ity under complex lighting variations, as shown in [5] or in
Fig. 1, where only 28% of the interest points are redetected
after the lamps have been turned on.

To improve stability, we introduced and compared three
algorithms in [5], which locally adapt detection to lighting
conditions: derivative normalization using local image en-
ergy, threshold adaptation using local mean and variance of
R and local clustering—based threshold computation. The
algorithm proposed in this paper enhances the local deriva-
tive normalization method, reducing noise sensitivity as well
as computation time. Its results are comparable to those
of the best method (the local threshold adaptation) despite
the simpler image model and the 16 % lower computation
time. While the local threshold adaptation method achieves
a more uniform interest point distribution in the image, the
algorithm presented here performs better when saturation
occurs.

3. PROPOSED IMPROVEMENT

3.1. Principle

Images are generated by the light reflected from the ob-
served scene. For Lambertian surfaces, the grey value im-
age f(x,y) can be modelled as [8]:

flz,y) = i(z,y)r(z,y), 3)

where i(x,y) and r(x, y) represent the illumination and the
reflectance components. Most of the time, the illumination
can be assumed to vary slowly in space. This is the basis
of homomorphic image filtering. By taking the logarithm of
f(z,y) (which is positive), the multiplicative relation can
be transformed to an additive relation:

In f(z,y) = Ini(z,y) + Inr(z,y). “)

The logarithm of the illumination Iné(z, y) still can be as-
sumed to vary slowly in space, so that illumination inde-
pendent image information can be gained e.g. by applying a
high—pass filter to In f(z, y).

As most interest point detectors are based on some kind
of high—pass filtering, the idea of homomorphic filtering can
be applied to improve their stability under lighting varia-
tions. For the Harris detector, the derivatives in (1) need
only be calculated on the logarithm of the image. The illu-
mination varies slowly in space (i, ~ i, ~ 0), so:

e Olnf 1y

Olnf  fo dgr+iry

or  f i r’ dy r
iz,1y, "z and ry are the derivatives of 7 and r. The illu-
mination influence on C and R disappears. Consequently
a stable detection can be achieved with a fixed threshold
T (' > 0). This new detector is equivalent to a detec-
tion based on normalized image derivatives f/ f and fy/ f,
where f is the mean grey value over the neighborhood used
to estimate f, and f,. The detection is locally adapted to
the lighting conditions, yielding more stable results than ob-
tained with the usual Harris detector. The execution time is
only minimally increased. Because of the simple image for-
mation model, instabilities can be expected close to specu-
larities, to depth or surface normal discontinuities, and when
sharp light or shadow patterns appear.

)

3.2. Implementation

If implemented in a straightforward manner, the proposed
method encounters problems in very dark image regions.
First, the noise influence is strongly amplified, as the divisor
in (5) takes very low values. Additionally, pixels having a
grey value equal to 0 cannot be handled.

The use of In(1 4 f(z,y)) instead of In f(x,y) proved
experimentally to be a good workaround against both prob-
lems. In bright regions, adding 1 to the grey values has a
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Fig. 2. Suppression of the illumination influence on the
derivatives. Upper left: grey value image. Upper right: gra-
dient | f,| + | f,|. Lower left: gradient of In f. Lower right:
gradient of In(1 4 f) with pre—processing. All gradient im-
ages were scaled to the maximum grey value.

negligible effect on the derivatives. In dark regions, it ac-
tually helps to reduce noise influence. Furthermore the fol-
lowing pre—processing is applied to minimize noise—induced
false detections in very dark areas: all pixels with a grey
value smaller than V are replaced by the mean value in their
3 x 3 neighborhood. V' was chosen experimentally to be 3.
Figure 2 illustrates how the illumination influence on
the derivatives is suppressed and how noise effects in dark
regions can be reduced by the presented implementation.

4. EXPERIMENTAL RESULTS

The results of the proposed detector on the images of Fig. 1
are given in Fig. 3. The threshold (7" = 0.0002) was chosen
to obtain the same number of interest points in both top im-
ages (N = 50). The detection stability is enhanced: 56.6%
of the points are now redetected. The needed execution time
is approximately 9.5% higher than for the Harris detector
using a fixed threshold. It is in most cases shorter than for
the Harris detector selecting the N best points.

To evaluate the proposed method, it was tested on two
image series presenting a scene under varying illumination
conditions. The performances are evaluated with the re-
peatability rate, a criterion introduced in [3] to measure the
stability of interest point detection. This rate is the ratio
between the number of redetected points and the number
of points in the reference image. A point is considered
redetected if it is in the 3 x 3 neighborhood of a refer-
ence point. The false positive rate — the number of non—
redetected points in the current image divided by the num-
ber of points in the current image — must be considered too,

Fig. 3. Interest point detection with the proposed method on
the images of Fig. 1. 56.6% of the points are redetected.

as the number of detections is not constant between images.

The first considered illumination variation is a change
of the lighting intensity, which was simulated by varying
the camera shutter time. This global illumination change
can be compensated by selecting the N best interest points.
The image with the medium shutter time was chosen as ref-
erence. The repeatability and false positive rates for the pro-
posed detector and for the Harris detector with selection of
the N best points are given in Fig. 4. The scene was cho-
sen to show the differences between the detectors. The first
5 images (m < 0.45 in Fig. 4) are relatively difficult for
the here proposed method, because of the large dark areas.
More than 25% of the image must be pre—processed, which
results in lower repeatability. However, the false positive
rate stays low, showing the strength of the implementation.
The last 5 images (m > 1.4) present increasingly saturated
areas, which can be better overcome with the proposed de-
tector. For the medium images, the performances of both
methods are equivalent, as could be expected.

In the second image series (Fig. 5), complex illumina-
tion changes were generated by varying the number, type
(sunlight, neon and normal lamps) and position of the light
sources. The first image of the series is the reference im-
age. To better visualize the results, a complexity measure
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Varying shutter time image series
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Fig. 4. Detection stability for an image series with varying
lighting intensity.

is defined to characterize the lighting variation between two
images f1 and fs:

CM(f1, o) = (o, ) = o (P11 222 02) )
g1 g2

w; and o; are the mean and standard deviation of the grey
values of f;. CM is the standard deviation of the difference
between the two zero—normalized images. CM = 0 if the
two images are related by f; = af2 + b, i.e. if an adaptation
to the overall lighting condition is enough for a stable detec-
tion. Consequently the higher the complexity measure, the
worse the stability of the Harris detector with selection of
the N best points. For the varying shutter time image series
of Fig. 4, CM takes values of about 0.05 due to noise. The
repeatability and false positive rates for the second image
series and the two detectors are given in Fig. 5 in depen-
dence on the complexity measure. The proposed method
allows a good improvement of the stability, especially for
complexer lighting changes. In addition to these results, the
stability of the presented detector is reduced when unmod-
elled phenomena such as e.g. specularities occur.

5. CONCLUSION

In this paper a method is presented to improve the stability
of the Harris detector under illumination changes. For this,
the ideas of homomorphic filtering are used to reduce the
influence of illumination on the filter response. The com-
putation time is only minimally increased in comparison
to the original detector. The performance of the proposed
method was tested on image series implying different illu-
mination variations. Compared to the Harris detector with
selection of the N best points, the detection stability stays
good for global lighting changes (e.g. a lighting intensity
change) and is improved for complex illumination changes
(e.g. amovement of the light source). Due to the simple im-
age formation model used, the detector is not robust when

Complex illumination change image series
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Fig. 5. Detection stability for an image series with complex
lighting changes.

phenomena like specularities or sharp light/shadow patterns
appear. This will be object of further research, for example
by taking into account color information.
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