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Abstract. Illumination variation poses a serious problem in video shot
detection. It causes false cuts in many shot detection algorithms. A new
illumination invariant measure metric is proposed in this paper. The metric is
based on the assumption: the outputs of derivative filters to log-illumination are
sparse. Thus the outputs of derivative filters to log-image are mainly caused by
the scene itself. If the total output is larger than a threshold, it can be declared
as a scene change or a shot boundary. Although this metric can detect gradual
transitions as well as cuts, it is applied as a post-process procedure for a cut
candidate because an illumination change is usually declared as a false cut.

1 Introduction

Shot detection is a crucial step in many content-based video browse and retrieval
applications. The shot boundaries mark the transition from one sequence of
consecutive images to another. According to the duration of the shot boundary, there
are two types: cuts and gradual transitions.

Shot boundaries can be detected by employing a metric to measure the difference
between two consecutive frames. This is based on the fact that the content remains
nearly the same in an identical shot. If the difference is larger than a certain threshold,
it is most likely that the two frames belong to different shots. Therefore an appropriate
measure metric is the key of a shot detection algorithm.

For a good metric, it is almost the same inside a shot while the difference of two
frames in different shots is large. Many efforts have been devoted to shot boundary
detection and many measure metrics have been proposed. A comparison can be found
in [1] and a survey, especially for gradual transitions can be found in [2]. The most
popular measure metrics include pixel or block based temporal difference, difference
of color histogram, edge and motion. Because histograms are easy to compute and
robust to object motion, many researchers have declared that it could achieve a good
tradeoff between accuracy and speed.

All the above measure metrics use pixel color directly except edge. They are
sensitive to incident illumination variation. Even a simple light change will result in
abrupt changes in the above metrics. The shot detection algorithms based on the
above metrics will declare a false shot boundary when illumination changes in a shot.

This paper proposes an illumination invariant measure metric for detecting scene
change. Although this metric can detect gradual transitions as well as cuts, it is
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applied as a post-process procedure for cut candidates here because an illumination
change is usually declared as a false cut.

The rest of this paper is organized as follows: Some related work about
illumination in shot detection is overviewed in section 2. In section 3, the details of
the proposed algorithm are presented. Experimental results are given in section 4. At
last, the paper concludes with a summary.

2 Related Work

Edge metric uses the color difference between two pixels and is insensitive to
illumination variation to a certain extent. Some algorithms [3][4]are based on edge
metric. Zabih’s feature-based algorithm [3] detects the appearance of intensity edges
that are far from edges in the previous frame. This is based on the assumption that:
during a cut or a dissolve, new intensity edges appear far from the locations of old
edges and old edges disappear far from the location of new edges. The algorithm runs
slow however. Li’s algorithm [4] uses ABEM (area of boundary in edge map) as a
measure for content difference between frames. ABEM is the area of non-edge pixels.
The computation of ABEM is simple and fast. But it does not explore the intrinsic
nature of the relations between image, illumination and scene.

Temporal property is adopted in [4] and [5] to detect flashlight. The algorithms are
based on the fact that a flashlight usually occurs during several consecutive frames
and vanishes quickly. Yeo [5] declared that there were two largest differences
between frames corresponding to flashlight occurring and vanishing, and the two
differences are much larger than the average difference (in 2m+1 sliding window).
Zhang etc. [6] used a cut model and a flash model to distinguish the histogram
difference resulted by cut and flash. These methods are effective for flash detection
but they cannot handle more general illumination variation.

More general illumination variation might be handled by preprocessing with a
color constancy algorithm. Font and Finlayson[7] studied the use of CRH (color ratio
histogram) for indexing image database and it was adopted in shot detection. CRH is
based on local light constancy, that is, when a pixel is lightened, the pixels around
that one are also lightened, but the ratio changes little. Finlayson and Xu[8] proposed
a non-iterative efficient comprehensive normalization approach to remove the effects
of lighting geometry and light color. Its core idea is that the multiplication
dependencies due to lighting geometry and light color turn into addition after
applying the log operation. Then the log image is projected to subspace that is
orthogonal complement of the space spanned by lighting geometry change and light
color change. Color constancy algorithms can handle some kinds of illumination
variations but their computing costs are very high.

3 The Proposed Metric

We use I(x,y) to denote an input image. The image can be represented by the
multiplication of its reflectance image R(x,y) and the illumination image L(x,y), like:
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Itx,y) = Lcy)R(x,). (1)

R(x,y) contains the information of the scene. If R(x,y) has little change, we declare
that the scene is the same even if /(x,y)changes much. In a video stream, if two
consecutive frames change much while the two scene images R,(x,y)and R..;(x,y)
change little, we declare that the two frames are in the same shot.

If we take log on both sides of the equation (1), and let i(x,y)=log(I(x,y)),
1(x,y)=log(R(x.y)), I(x,y)=log(L(x.y)), we get

i(xy) =I(xy) +r(xy). )

Assume that we have derivative filters in horizontal and vertical directions:
£i=(0,1,-1) and £,=(0,1,-1)". We denote the filter outputs by o,=f,*i(x,y), L,=f,*I(x,y)
and r,=f,*r(x,y). Therefore

0,(x,y)=1,(x,y)+r,(x,y)- 3)

The idea in this paper is motivated by recent work on the statistics of natural
illumination [9] and computer vision [10]. We use the same prior assumption that:
when derivative filters are applied to natural illumination images, the filter outputs
tend to be sparse. Figure 1 illustrates such a fact: different images have histograms
that are peaked at zero and fall off much faster than a Gaussian. These prototypical
histograms can be well fit by a Laplacian distribution. An interpretation of this
assumption is that in a scene, light difference between neighbor pixels is little. In the
extreme case, the light of every pixel is same, that is, the scene is lighted by constant
illumination. It has also been proved that in a Lambertian scene, only the low frequent
illumination (9D) contributes to imaging [11].
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Fig. 1. Statistics of natural illumination: Solid lines indicate distribution of horizontal
derivatives for log luminance illumination maps. Dashed lines are generalized Laplacian fits
(From [9])

We can see that the difference of image pixels 0,(x,y) is the sum of that of /,(x,y)
and r,x,y). As the difference of /,(x,y) is very little, it can be concluded that the
difference of 0,(x,y) is mainly caused by r,,y). That is, a large difference of 0,(x,y)
indicates that the scene changes. In a video clip, it can be declared as a shot boundary.

In fact 0,(x,y) contains the edge information of the scene. Then a metric similar to
ABEM in [4] can be used in our method, but edges are derived by subtraction of i(x,y)
instead of that of /(x,y). Positive and negative values o,(x,y) indicate the direction of
edges; therefore we compute the positive edge number and the negative edge
respectively. The feature vector of a frame f; is represented by V,: <pAbem,, nAbem,
pAbem,, nAbem,>, where pAbem,=#(0,>T), nAbem,=#(0,<-T). T is a threshold and #
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is a sum operator for the number of pixels. Denoting the size of the frame by N, the
difference of two consecutive frames can be defined as:

diff (f,, fu) =V, =V, |/ N. 4)

For instance, the feature vectors for the images of the same scene under different
illuminations in Figure 2 are <6483, 6800, 10895, 108267> and <6905, 7080, 11402,
11479> respectively when 7=0.5. The difference of the two frames is 0.55%.
Although the second image is obviously brighter than the first one, the difference is
very small using the metric, which indicates they belong to the same scene.

Fig. 2. An example of illumination varying

To evaluate the proposed metric, we take a statistical analysis on the different cases
as shown in Table 1. We can see that the average difference is very little if two frames
belong to an identical shot, even with illumination change. The statistics also show
the average difference on shot boundaries is very large. Thus the metric is effective in
distinguishing scene changes.

Table 1. Comparison of the average difference under various cases

Cases Average pAbemn difference
(Image size: 704*480)

The identical shot without illumination change | 525

The identical shot with illumination change 798

Shot boundary 2458

As the gray values of the pixels in an image/frame are in the range of [0, 255], the
log operation can be computed for each integer in the range [0,255] and store them as
a look-up table. Therefore the computation cost doesn’t increase much for the total
video stream.

4 Experimental Results

We use three video clips as the experimental data, which include many flashlights.
Two come from two days’ CCTV News and the last from the “Harry Potter”. The
experimental results are tabulated in Table 2. The fifth column list the false cuts due
to illumination changes, and the last column counts the number of such false cuts
which have been corrected. In the experiment we found the proposed metric does not
discard any true cuts. The proposed metric can filter 2/3 false cuts successfully
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without discarding any true cuts. For the other false cut declarations, our further
analysis show that the energy of the flashlights in them is so high that the pixels are
over saturated and the equation /(x,y) = L(x,y)R(x,y) is not satisfied. In the case, we
can use the metric in a sliding window similar to the flash model in [6].

Table 2. Experimental results of shot boundary detection

Video clips [ Frames |True cuts [ Detected cuts | False cuts | Detected false cuts
Clipl 10284 |40 58 19 12

Clip2 5492 20 22 2 2

Clip3 951 7 25 18 13

S Summary

In this paper, an illumination invariant metric is proposed to measure scene changes.
[lumination variation in a video stream often results in false cuts. For cut candidates
generated by many histogram-based shot detection algorithms, the metric can be
exploited to refine the results further as a post process. It has been proven by the
experiments that this metric is effective in distinguish the same scene under various
illumination and different scenes.
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