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Abstract

Shadows and reflections cause one of the most confus-
ing effects on detection and tracking of moving objects.
While there are a few effective tracking methods that take
advantage of shadows casted by objects in motion, large-
area shadows casted on the objects by surrounding envi-
ronments, e.g. buildings, are still disturbing. Therefore,
factoring out interferences caused by illumination changes
can provide stable appearances and features of the moving
objects. In this paper we present a method to normalize the
target image sequence with regards to illumination varia-
tion, i.e. eliminating shadows and brightness changes of
moving objects, as a preprocessing stage of video surveil-
lance and object tracking. The method is demonstrated
over our urban scene image dataset which has drastic light-
ing variation.

1. Introduction

While shadows can sometimes be useful in vehicle detec-
tion and tracking, at most times they are one of the most
bothering disturbances. There are a few reports that use
shadows casted by moving vehicles for tracking, taking
advantage of the fact that those shadows show higher con-
trast compared to the vehicles themselves. However, shad-
ows casted by stationary objects such as road-side build-
ings have no benefits for moving object tracking. Because
the appearances of objects differ when they are inside and
outside large casted shadows, those shadows can cause er-
rorneous tracking and recognition results. Most tracking
systems assume consistency of the lighting environment,
i.e. static lights and constant radiance, which is not always
true in outdoor environments. Therefore, it is very impor-
tant to treat lighting effects properly, especially in urban
scenes, since there are many long shadows casted by high
buildings on the road side.

There are some previous work that deal with stationary
shadows. With regard to road detection for autonomous
navigation, Turk et al.[5] and Crisman[6] use multiple color
clusters to define the appearance of the road. If a road is
expected to be in a shadow, then at least one color cluster
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is used to represent the road in the sunshine and another
for the shadowed road. Although this straightforward ap-
proach works successfully, road regions that are inside and
outside shadows must be initially provided with human in-
teraction.

In this paper we present a method of illuminance nor-
malization to obtain stable appearances of objects regard-
less of their position relative to shadows casted by station-
ary objects. Our method is based on Weiss’s research [1]
on intrinsic images: given an image sequence, each im-
age is decomposed into a illumination image specific to
that image and a reflectance image common to the whole
sequence. We enhance this framework to eliminate time
varying shadows casted by static objects and to detect mov-
ing objects with consistent appearances across themselves.
Also, we model the appearance variation caused by day-
light over different weather conditions, thereby providing
the ability to effectively detect moving object regions un-
der arbitrary weather conditions.

The remainder of the paper consists as follows. In sec-
tion 2 we briefly introduce the ML estimation method to
obtain a single reflectance image and a set of illumina-
tion images from a set of images captured from a static
camera. The reader is referred to [1] for more detail. In
section 3 we describe how to handle illumination proper-
ties. We describe the result of our illuminance normal-
ization method and an approach to estimate illumination
properties with principle component analysis(PCA). Sec-
tion 4 presents experimental results of tracking by using
our illuminance normalization method as a preprocessing
procedure.

2. Intrinsic images

Figure 1 shows one of the frames in a video sequence cap-
tured from a static surveillance camera looking at a cross-
road. As can be seen in the image, a large shadow is casted
on the cars by a building, causing a significant difference
in those cars’ appearance. Due to their drastic appear-
ance variation when they are inside and outside shadow
regions, tracking moving objects in such a video sequences
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Figure 1: An image with large shadow casted on a car.

becomes very hard. Also, when it is an outdoor scene as it
is in Figure 1, large shadows casted by static objects may
move quite fast along the motion of illumination sources,
e.g. the sun and the skylight, and can make the tracking
programs track shadows instead of real moving objects.
Therefore, eliminating disturbing effects caused by illumi-
nation variation, such as shadows casted by static objects
and brightness changes in images due to illuminance varia-
tion can be very helpful for video surveillance. We accom-
plish this normalization of illumination effects in images
by preparing one standard image for the whole sequence.
The standard image should represent the scene in a way in-
variant to illumination variation. Therefore, we adopt the
idea of “intrinsic images”, originally proposed by Barrow
and Tenenbaum [10]. Intrinsic images are the mid-level
description of scenes, standing for two types of images:
reflectance image and illumination image. As shown in
Equation (1), one image I can be decomposed into one
reflectance image R and one illumination image L.

I=RL (D

The reflectance image depicts a lighting-independent model
of the geometric and reflectance properties of the scene.

On the other hand, an illumination image represents casted

shadows and the effects caused by the lighting. Thus, this

reflectance image can directly be used as our standard im-

age.

The work we present in this paper has been made pos-
sible by previous work of Weiss to derive intrinsic im-
ages [1]. Weiss assumes that when given a sequence of T'
images I(z,y,t)_,, the reflectance is constant over time
R(z,y) and only the illumination changes L(z,y,t). By
starting from the fact that when the derivative filters are ap-
plied to natural images, the filter outputs tend to be sparse,
Weiss adopts a maximum-likelihood(ML) estimation ap-
proach to derive the reflectance image. Maximizing the
likelihood is equivalent to minimizing the sum of the abso-
lute deviations from filtered input images, and it is verified
that the sum of the absolute values is minimized by taking
median. Readers are referred to [1] for further details.
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3. Handling illumination

We denote by I(z,y,t), R(x,y), L(z,y,t) the input, re-
flectance, and illumination images. Also B(z,y, T + AT)
and N (z,y,t) denote background images from 7 to T +
AT along time series and input images with normalized il-
lumination effects respectively. First, we create a reflectance
image of the scene through Weiss’s ML estimation method.
We apply horizontal and derivative filters to input images.
The filtered reflectance image is estimated by taking me-
dian of the convolution of input images and derivative fil-
ters.

R(z,y) = mediani{conv(I(z,y,t), filters)} 2)

Then R is recovered by deconvoling R with inverse filters.

Figure 2 depicts one of the input images, the estimated
reflectance image of the whole image sequence, and the
illumination image corresponding to that particular input
image. The reflectance image was derived with the afore-
mentioned scheme.

Our objective is to eliminate the brightness variations
in the input images that are caused by variation of illumi-
nation conditions and casted shadows. We will refer to
this procedure as illuminance normalization. To solve this
problem, we need illumination images for all input images
without moving objects. Therefore we first create back-
ground images for each short time range(AT') in the image
sequence, assuming that the illumination does not vary in
that short time period. We simply use the average image of
the short input sequence as the background image, while of
course more complicated methods would work better. This
background image B is used to obtain illumination image
Latthetimet (T <t <T+ AT).

L(z,y,t) = R(z,y)/B(z,y,t) 3)

This illumination image L(x, y, t) represents illumination
properties in the scene at the time ¢, so we can derive
illuminance-normalized input image N by:

N(z,y,t) = I(z,y,t)/L(z,y,t) )

Figure 3 shows the difference between an input image
and a normalized input image. Stationary shadows casted
by a tree and a lamp-post are successfully removed in the
normalized image N as shown inside the red circled area.

3.1. Illumination analysis on eigen space

If the background image is determined by a method based
on short time periods as mentioned in the former section,
it can be frequently updated to capture the slow-moving-
shadows in an up-to-date position in the background im-
age. However, on a partially cloudy days, shadows will
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Figure 3: Input Image(top) and illumination-normalized
input image(bottom) at frame No.1530 from PETS2001
dataset3.

come and go unpredictably as the sun is obscured by clouds.
This will cause shadows to appear or disappear in the scene,
depending on whether the background was made during
the overcast period or during the sunny period. In either
case, the state transitions of the shadows will be falsely
detected as movement and not as part of the background.
This could be a problem when applying Equation (3), be-
cause we assume that the scene illumination does not change
during the short time period used for background creation.

Therefore it is preferable to derive illumination images
directly from the input images without creating a back-
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ground image: provided one input image, obtain its cor-
responding illumination image. We accomplish this by
preparing a database of illumination images a priori. As a
preliminary framework, we propose to use principle com-
ponent analysis (PCA) to construct an illumination space
of a target scene, in our case the crossroad shown in Figure
1. PCA is widely used in signal processing, statistics, and
neural computing, and is also called the Karhunen-Loéve
transform. The basic idea of PCA is to find the basic com-
ponents [s1, Sa, ..., $p] that explain the maximum amount
of variance possible by n linearly transformed components.

To analyze key characteristics of the illumination prop-
erties of the scene, we have stored traffic image sequences
for 10 days, that contain sunny, cloudy and rainy days. We
focused on illumination properties at day time, so that we
selected image sequences from 10:00 to 14:00. The objec-
tive is to find the correlation among illumination images,
especially among time and weather conditions. First, a re-
flectance image is estimated from equally sampled input
images of the whole input image sequences. Next, back-
ground images are estimated to calculate each illumination
images L by Equation (3) corresponding to each input im-
age at every 10 minutes.

Then, analysis on these L images are done by applying
PCA. First, an illumination space matrix is constructed by
subtracting L4, Which is the average of all illumination
images, from each L and stacked column-wise.

9 Ln - Lave} (5)

P isa N x M matrix, where N is the number of pixels
in the illumination image and M is the number of illu-
mination images. We made covariance matrix Qof P as
following.

P= {Ll - Lave; L2 - Lavea

Q="PP" (6)

Then, the eigenvectors e; and the corresponding eigenval-
ues \; of Q are determined by solving the following equa-
tion.

Aie; = Qe @)
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Figure 4 shows the hyper-plane constructed by project-
ing all illumination images into the eigenspace using all
eigenvectors. While the three axes represent the first three
eigenvectors, the graph is transformed so that the variation
along different days is aligned to the vertical axis which is
the first eigenvector (the eigenvector with the largest eigen-
value). Also the variation along time-line is shown as the
parabolic curve when the graph is sliced orthogonal to the
vertical axis. For example, the upper part represents illu-
mination variation along the time-line of a sunny day, and
the lower part represents rainy and cloudy days.

As can be seen clearly in Figure 4, the most significant
variation caused by illumination and time in the illumina-
tion images can be captured with the first few eigenvec-
tors. So that, by constructing an eigenspace of the illumi-
nation image sequence with the first £ significant eigen-
vectors, and by projecting all illumination images into the
eigenspace, we can obtain a very efficient representation
of the illuminance variation in the input image sequence.
The next step is to extract the corresponding illumination
image from this eigenspace given one raw input image.
While there should be interesting ways to accomplish this,
e.g. applying learning methods, we currently keep a table
that maps the input image to the illumination image point
in the eigenspace. Extracting an illumination image corre-
sponding to one raw image can be done by searching for
the closest image in the raw image set. We currently do
this by simply comparing the pixel values, and computing
the sum of squared distances.
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Figure 4: Illumination hyper plane in the eigenspace.
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4. Results

We proposed an illuminance normalization method for pre-
processing of video surveillance. To evaluate the effec-
tiveness of our method, we preprocessed image sequences
with our method and accomplished tracking with a simple
block matching method. In this section we first evaluate
our method on the PETS2001 dataset3 [12]. Secondly, we
make the same test over our traffic image sequence which
contains large-area shadows on the road.

In our tests, a maximal search distance of 10 pixels was
used for tracking based on block matching. This number
is based on an estimation of the maximal motion between
frames in those sequences. Increasing the search distance
would not have resulted in any, if any, significant improve-
ment of the prediction. In our implementation of the block
matching algorithm, sum of the squared errors was used as
a measurement of distortion between blocks. Concretely,
a function E which returns the sum of the squared differ-
ences between the pixels divided by the number of pixels
in the current block at coordinates (4, j) and the block at
position (i + x,j + y) in the previous frame was used.
We made experiments with two input image sequences,
with illuminance normalization preprocess (/V) and with-
out preprocess (I). E,(t) and E;(t) denote the sum of the
square error over /N and [ respectively at time ¢.

To evaluate the quality of tracking, we define an error
ratio as Equation (8).

ratio. = FEn(t)/F;i(t) (8)

The equation represents the ratio of error between I
and N.

4.1. Tracking results of PETS2001 dataset3

Figure 5 shows a tracking result over PETS2001 dataset3
frame no.1513 to 1594. Left two images illustrate the loci
of the moving object through the sequence. In these two
images the left image shows the result over the sequence
without our preprocessing, and the middle image shows
the result with the illuminance normalization method ap-
plied as a preproccessing procedure. As can be seen in the
figures, the blue locus in the left image is broken on the
halfway, while the blue locus in the mid image is success-
fully connected.

The right image in Figure 5 shows the error ratios be-
tween results with and without the illuminance normal-
ization preprocessing. It can be seen that with our illu-
minance normalization preprocessing, the tracking result
consistently exceeds to the case without preprocessing.
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4.2. Tracking results of urban scene dataset

We also experimented our method over more confusing
image sequence, which contains large-area stationary shad-
ows casted by road-side buildings. There is a high con-
trast between lit area and shadowed area, so vehicles’ ap-
pearances significantly change depending on their loca-
tion. Figure 6 depicts the result of tracking. The first
row shows the result without our illuminance normaliza-
tion preprocessing, and the second is with the preprocess-
ing. As can be seen, with the illuminance normalization
method the appearance of the vehicle is consistent; the il-
lumination variation is successfully removed. The result
of block matching looks same at a glance, but the sum of
square error is different as shown in Figure 7 as a graph of
error ratio.

error ratio
o
o

Figure 7: Error ratio between E,, (t) and E;(t)

5. Conclusion

We have proposed an illuminance normalization method
to preprocess image sequences for video surveillance. The
main advantage of this method is that it can provide con-
sistent appearances of moving objects under various illu-
mination conditions. We have shown the effectiveness of
our method on two data sets with promising results. We
have evaluated the effectiveness of the proposed illumi-
nance normalization preprocess by looking at the ratio of
the sum of squared errors calculated by a simple block
matching algorithm. Though we haven’t tested enough
to show statistical result, it is obviously useful when the
appearance of objects are dramatically changing in the se-
quence due to varying illumination effects.

The presented preprocessing has some limitations. The
main limitation of the method is caused by the fact that
shadows are not two dimensional but three dimensional.
Due to this fact, canceling illumination effect correctly along
the boundary of shadows casted by static objects becomes
difficult, since the boundary of the shadow region may
change when objects which that have height come across
this boundary. Future work should be related to this prob-
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lem: to create richer illumination model to solve the prob-
lem occurring along the boundary of stationary shadows.
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Figure 5: Tracking locus on PETS2001 dataset3 through frame No.1513 to frame No.1594 and plot of the error ratio between Ey(t)
and E;(t).

Figure 6: Tracking results. First row: Tracking results on raw input sequence without illuminance normalization. Second row: Tracking

results on image sequence with illuminance normalization preprocessing.





