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ABSTRACT

Video segmentation is an important step in many
of the video applications. We observe that the
video shot boundary is a multi-resolution edge phe-
nomenon in the feature space. Based on this obser-
vation, we have developed a novel temporal multi-
resolution analysis (MRA) based algorithm using
Canny wavelets to perform temporal video seg-
mentation. Information across multiple resolutions
is used to help detect as well as locate abrupt and
gradual transitions. We present the theoretical
basis of the algorithm followed by the implemen-
tation as well as the results. In this paper the
MRA technique has been implemented using color
histogram as the feature space. Experimental re-
sults shows that this method can detect as well
as characterize both the abrupt and gradual shot
boundaries. The technique also shows good noise
tolerance characteristics.

1. INTRODUCTION

The rapid proliferation of digital video information
has created a need for many video applications
which in turn has necessitated the development of
many video data processing techniques. Many of
these applications require the ability to represent,
index, store and retrieve videos efficiently. Since
video is a continuous time-based medium, it is very
important to break the video streams into basic
temporal units, known as shots [31]. These ele-
mental units can then be utilized for many kinds
of operations.

This kind of temporal segmentation is very
useful in most video applications. For example,

in video modeling, when the video stream is seg-
mented, the low-level structure of video can be
extracted. The temporal segmentation is the first
basic step in the structured modeling of video [1,
3, 22]. When attempts to let computers under-
stand videos are made, say like reconstructing the
story from the video data stream, these shots serve
as the basic bricks to construct the whole story.
The understanding of video usually requires the
understanding of the relationship between shots.
While in an application concerning video storage
& retrieval, indexing the shots seems to be an in-
evitable step [1]. Therefore a good algorithm for
the temporal segmentation of digital video can be
helpful in all of these applications. Consequently,
there have been many research efforts in this di-
rection.

The temporal partitioning of video is generally
called video segmentation or shot boundary detec-
tion or scene change detection [9, 10]. To fulfill
the task of partitioning the video, any video seg-
mentation technique needs to detect the joining of
two shots in the video stream and locate the exact
position of these joins. These joins are made by
the video editing process, and they can be of two
different types based on the technique involved in
the editing process [8]. If the video editor does
nothing but directly concatenates the two shots
together, the join is termed to be an abrupt transi-
tion, which we denote as CUT. On the other hand,
if the video editor uses some special technique such
as fade-in /fade-out, wipe, dissolve or morphing to
make the joint appear visually smooth, the join
will be a gradual transition, which is denoted by
GT. Figure 1 gives an example of a CUT and a



GT.

Video Shot 1
Shot 1

Shot 2 ‘

Video Editor

Video Shot 2

Edit
Shot 1 rame: Shot 2

Video Editing Process

= THEE .. ey
Gradual Shot Transition

Figure 1: Video Shot Transitions

Due to the existence of the above two types
of the transitions and the fact that GTs can be
of varying temporal durations, the transition of
video shots is not a single resolution phenomenon.
By resolution, we mean the temporal resolution
of a video stream which could be either high (i.e.
the original video stream) or low (i.e. due to some
form of temporal sub-sampling obtained by group-
ing of frames). For example, although longer GTs
cannot be observed at a high temporal resolution,
it is easily apparent at a low temporal resolution
of the same video stream. So we claim that the
transition of video shots is a multi-resolution phe-
nomenon. In this paper, we have developed a novel
multi-resolution temporal analysis based approach
to solve the problem of scene change detection. In
this approach, information across multiple reso-
lutions will be utilized to help detect as well as
locate both the CUT and GT transition points.
Since wavelets are known to be suitable for study-
ing multi-resolution phenomenon [14, 23], we use
Canny wavelets for this multi-resolution analysis.

The rest of this paper is organized as follows.
The past work has been reviewed in Section 2. Sec-
tion 3 describes our understanding of the problem
and introduces the theoretical basis. Section 4 de-

scribes the algorithm in detail. Section 5 discusses
the experimental results, and Section 6 provides
the conclusion and also outlines many areas for
future work.

2. BACKGROUND

A lot of work has been done on detecting the
CUT and many algorithms have been developed
to handle the GT detection [17, 6, 25, 32, 19, 24,
27, 20, 29, 30]. By assuming that different shots
have different content-features, the video segmen-
tation algorithms for CUT detection usually work
by sequentially measuring successive inter-frame
differences and studying their variances. Zhang et
al. measured the difference of color histogram be-
tween successive frames and used a global thresh-
old to detect CUT. When the difference is above
the global threshold, a CUT is declared. When
dealing with the GT, they used two thresholds.
Accumulated differences of successive frames were
computed when the inter-frame difference is above
a lower threshold. When this accumulated dif-
ference exceeds the high threshold, a GT is de-
clared. Template matching method compares the
pixels or regions of two images across the same
location [31]. DCT comparison works directly on
the compressed domain comparing the DCT coef-
ficients [19, 27]. Most of these methods need care-
ful threshold selection and are affected by noise [9].
The threshold for CUT detection can be chosen by
modeling the noise as a Gaussian distribution [31]
— it can be easily set as a range and then used for
considering whether the inter-frame difference is
significant enough. However, it appears that the
threshold for GT can only be chosen by experience.
The threshold that works for one video may not
work for some other video. Also, when using the
color feature, object motion and camera flash may
cause false detection, therefore they need special
treatment [27].

There are some other approaches also. Ham-
papur et al. [8] proposed a model based method by
studying the video production techniques which
describes different models for different editing ef-
fects. Some other researchers have adopted a sta-
tistical approach, studying the distribution of the



difference-histogram and characterized different type
of transitions with different types of distributions [16].

A feature-based algorithm has also been proposed
for detecting the GT by observing the pattern of
the increasing/decreasing edges in the frames in a
GT [30]. In the Hong et al. method [29], wavelets
are used to spatially decompose every frame into
a low-resolution component and a high-resolution
component. They then detect the possible gradual
transitions by extracting the edge spectrum aver-
age feature in the high-resolution component to
detect fade and apply double chromatic difference
on the low resolution component to identify the
dissolve transitions.

Our proposed approach differs from these pre-
vious works in the following ways. In our work, we
measure the difference between sets of frames in-
stead of just between every two successive frames.
In this way we can vary the size of each set which
corresponds to different temporal resolutions. Thus
ours is a multi-resolution approach as opposed to
the single resolution approach adopted in the past
work. Hong et al. have multi-resolution approach
but this is purely in the spatial domain. So tem-
porally, their approach is still a single resolution
approach. Thus our multi-resolution analysis is
in the temporal domain in contrast to those using
the multi-resolution method which are in the spa-
tial domain. Lastly because of the simultaneous
use of multiple resolutions, the result of the detec-
tion is not very sensitive to the threshold selection.
Moreover, our algorithm has good performance for
both abrupt and gradual transitions with low sen-
sitivity to noise.

3. MULTI-RESOLUTION VIDEO
ANALYSIS USING WAVELETS

In this section, we will introduce the necessary
background for the development of our algorithm.
In particular, we will explain the basis for the
video representation in the feature space and the
use of wavelets for the multi-resolution analysis.

3.1. Video Representation

We mathematically model the video using the con-
tent of the frames in the video data stream like in
[21]. The content is usually some low-level features
of the video frame and it could be of any of the
following types: color, shape, texture or motion.
Let us assume that we have chosen the color fea-
ture. For visualizing this representation, we first
map the video stream into the 3D feature (color)
space. Consider a very simple mapping — for ev-
ery frame f in the video stream, we compute the
average RGB color for this frame. Note that we
use this mapping only for the sake of illustration
and has not been used in in our algorithm. Using
Iy = (Ryy, Gyy, Byy) to represent the RG'B value
of every pixel (z,y) of the frame, we can compute

[ = laverage = i{fi where w and h are the width
and height of the frame. In other words, we only
use one average color to represent a frame. In
this way, every frame is mapped into a point in
the RG B color space. If we connect these points
in their temporal order of occurrence in the video
stream, the temporal sequence of frames will map
into a spatial trajectory of points in the feature
space. Figure 2 shows the mapping of a video se-
quence into the RG' B space.
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Figure 2: Mapping a Video into RG B-space using
Average Color

A different content feature will lead to a dif-
ferent feature space in which the video sequence
will trace a corresponding trajectory. The dimen-



sion of the space depends on the dimensionality of
the chosen feature. For example, if a 64-bin color
histogram is used to represent each frame, we will
have obtain a 64 — D feature space. If we carefully
observe the mapped video in the feature space,
we can notice that the similarity between any two
frames is well reflected by the distance between
the two corresponding points in the space. Simi-
lar frames will be closer in the feature space and
dissimilar frames will be far apart. Of course, the
exact distance will depend on how well can this
feature space approximate the perceptual content.
Since the frames belonging to one particular shot
usually have a high similarity in content, the cor-
responding points in the feature space tend to be
clustered.

In this way, we can easily map any video se-
quence into a corresponding trajectory of points in
the multi-dimensional feature space. This trajec-
tory of points can be considered as a sequence of
samples of a multi-dimensional signal. Since the
color-histogram representation has been found to
be useful for the video segmentation problem [31],
we also use the n-color histogram to model the
content of each frame of a video. We have used
n = 64. Every frame of video stream can be
expressed as f = (¥1, g, ..., ¥,) where ; is the ith
bin in histogram representation. We can then use
v = f(t) = (x1(t),22(t),...,2,(t)) to represent
the temporal video stream v. Basically, the video
is modeled in an n-dimensional feature space with
every bin of the histogram corresponding to an
axis of the space. Besides this feature space rep-
resentation, we also use derivatives of the video
signal trajectory to detect the shot transitions.

By empirically observing GTs in many video
streams, we have found that different types of GTs
exist like fade-in /fade-out, dissolve, wipe, morphs
etc. Moreover, the length of the transition can
vary widely. Although GTs lasting for thousands
of frames exist, most of the GTs span lengths of
5 to 100 frames. Most of the existing algorithms
assume that in general the content between shots
changes much more than the intra-shot change.
The veracity of this assumption has been borne
out by observing several video trajectories in the
feature space. We observe that different types of

shot transitions are observable at different reso-
We have also no-
ticed that whatever be the type or the length of
the transition, there will always be a big enough

lutions in the feature space.

change that is observable at some resolution. Fig-
ure 3 shows that the GT, which is not observable
at a high resolution, can be easily detected at a
lower resolution. But these two phenomena can be
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Figure 3: Multi-resolution Nature of a Gradual
Transition

observed at different resolutions. For CUT, we can
observe the change both at a high resolution, and
at a coarse resolution. On the other hand, GTs
show the change only at coarse temporal resolu-
tions. So the transitions must be defined with re-
spect to different resolutions. By viewing the video
at multiple resolutions (scales) simultaneously, the
detection of both CUTs and GTs could be unified.
The only difference is that GTs correspond to lo-
cal maxima (which are also edges or boundaries) of
the multi-dimensional signal (feature-space video
trajectory) in the low resolution while CUTs cor-
respond to boundaries in all the resolutions. The
longer the duration of a GT means the lower is
the resolution at which the boundaries are observ-
able. By making this fundamental observation
that a video shot boundary is a multi-resolution
phenomenon, we can characterize the transitions
with the following features:



e The resolution of the transition (denoted by
parameter a explained in section 3.2)

e The strength of the transition (which is com-
puted by |Wy; f(2)] explained in section 3.2)

e The regularity of the transition point (which
is characterized by the Lipschitz « explained
in section 3.2)

Using these ideas, we have developed a unique
multi-resolution analysis technique to detect and
characterize both CUT and GT shot boundaries.
In this paper, we mainly use the color feature for
video representation but our technique is not lim-
ited to this feature.

3.2. Wavelet Analysis

We first introduce the basic theory of the analysis
in the function space L?(R). We then apply it to
digital video by considering the temporal sequence
of video frames as samples from a continuous sig-
nal. The convolution of a 1D signal f(z) with a
Gaussian function § with variance a, @ € R can be
considered as a coarse representation of the sig-
nal. Since the convolution in the signal domain is
equivalent to multiplication in the frequency do-
main, the convolution of f and € acts like a low-
pass filter. That means the details (high frequency
components) in the time/spatial domain are re-
moved in the new transformed signal obtained af-
ter the convolution. This new signal function ob-
tained after convolution can also be considered as
a lower resolution representation of the original
function. Denoting the Gaussian kernel by

0(z) = —e 2" (1)

and the convolution at point b for resolution a as

x—0>b 1 e ax-—0
%60 = = 6 z)dz 2
Frot==) =~ [0 )
For temporal video segmentation, it is commonly
assumed that the shot transition cause a rapid
change in the video content. Therefore, these tran-
sition points can be located by finding the the

points where the content change occurs most rapidly.

These points of rapid variations are precisely those
for which the modulus of the first order deriva-
tive has a local maximum. Thus the detection
of the maximum of the first order derivative af-
ter transforming the signal can help locate the
transition points in some resolution. The abrupt
transition will be observed at the high resolution
while a gradual transition will be apparent only
at a coarser resolution. So, if we could somehow
determine these maxima in all resolutions of the
signal (each resolution obtained through convolu-
tion which is essentially smoothing), we would be
able to detect the transition points in all the res-
olutions. This provides the basis for detecting the
GT and CUT in one (multi-resolution) framework.
The resolution (defined with respect to a reference
resolution) will characterize the nature of the tran-
sitions. The concept of multi-resolution analysis
is related to the mathematical theory of wavelets.
Wavelets are useful since they are well localized in
both time and the frequency domain.

We briefly present here the basics of wavelet
theory related to this paper [2, 13]. A function h
is called a wavelet if it satisfies the admissibility
condition,

0y =ar [ B

|w

dw < 400 (3)

By the process of dilations and translations, the
mother wavelet h builds a family of analyzing func-
tions. They are normalized as:

r—b

hap(z) =a”?h(=—),a e R,be R (4)

Then the wavelet transform is defined as:

Wapf(@) = f(@)  hayp = /a_l/zf(x)h(w -0

a

Jda
(5)

The n derivatives of the Gaussian 6:

ny _ 0"0(x)
gn) — g (6)
can be shown to be wavelets for n > 0 by the fol-
lowing lemma: [5]
Definition:Let n € N. A wavelet ¢ has n vanish-
ing moments(is of order n), if for all integers k < n:

/oo Y(z)ekdz =0 (7)

— 00



and

| vta)ars £ 0 (8)

Lemma: Let ¢ be a n-times differentiable func-
tion and ¢,6(") € L?(IR),1{™ # 0. Then it follows
that v = ¢(*) is a wavelet.

Let us denote 6, = 16(%£) as the Gaussian at

resolution a, then we obtain:

dé, d
) (0) = (/58 (0)

(9)

This also shows that the first derivative of smoothed

Waof(x) = fxiba(z) = fr(a

signal f at some resolution a can also be obtained
by smoothing f with the first derivative of the
Gaussian 6,. And all these could be done using the
wavelet transform by using this particular mother
wavelet based on the Gaussian. The first order
derivative of the Gaussian ag(f) forms the Canny
wavelet. Figure 4 shows the Canny wavelet at dif-

ferent resolutions.
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Figure 4: Canny Wavelet at Resolutions 29, 21, 22,
23 & 21

Using the Canny wavelets, we could transform
the first derivative of any f in L?(R) to a represen-
tation in the scale space [13]. In other words, the
derivative of function f has representations at dif-
ferent resolutions of the scale space. The higher
the resolution, the more precise is the represen-

tation. This fact is used in the transition loca-

tion algorithm to precisely locate the end-points
of a transition. From the earlier discussion, we
can eagily see that the video shot transitions can
be detected by the absolute maxima points in the
scale space generated by the Canny wavelets. Over
and above detecting the transitions, wavelets also
provide the ability to characterize the transitions
using these maxima points by utilizing the Lips-
chitz exponent. The regularity of a function at a
point zg, can be characterized with a Lipschitz ex-
ponent a. A function f(z) is said to be Lipschitz
a regular in 2¢ (0 < a < 1), if and only if for all «
in a neighborhood of zg, we have | f(z) — f(zo)| =
O(]z — z0|”). The following theorem relates the
Lipschitz regularity of a function to the amplitude
of its wavelet transform [2]:

Theorem: For a function f(z) € L*(R), f(z) is
Lipschitz « regular in all points of an open interval
if and only if for all z in this interval [14]

W f(2)] = O(277) (10)

We can utilize the above theorem in the follow-
ing way: we can construct the scale space by the
dyadic scale 27, and study the evolution of the am-
plitudes of the absolute maxima across the scales.
We can obtain the degree of smoothness and the
corresponding scale where the transition exist. Us-
ing these information, we can also distinguish the
shot transitions from noise (such as object mo-
tion or flash) as well as CUTs from GTs. The
details of how exactly this can be done is pre-
Conceptu-
ally, we consider the sequence of video frames to

sented in the algorithm description.

be the result of sampling of a continuous signal.

In our case, since the digital video feature space

is multi-dimensional, the video is a sequence of
multi-dimensional samples. Since this feature space
is multi-dimensional, we use the separability prop-

erty to compute the one-dimensional Canny wavelet
transform of these samples along each axis sepa-

rately. The absolute maxima in the multi-dimensional
space are then obtained by combining them using
a Euclidean measure.



4. THE ALGORITHM

The theoretical basis of the algorithm has been
explained in the previous section. In this section,
we present a multi-resolution algorithm for shot
boundary detection. The input is a video stream
and the output consists of (a) the frame numbers
where CUTs occur and (b) pairs of frame numbers
corresponding to the start & end of GTs. The
overall algorithm proceeds in this manner:

1. Compute the 64-bin histogram color feature
for each frame of the video sequence [31].

2. Compute the Canny wavelet transform on
the trajectory corresponding to the video se-
quence in the 64-D feature space.

3. Select the potential transition points at all
resolutions. The potential transition points
are basically the points which correspond to
the local maxima. The details of this step
are presented in Section 4.1.

4. Reject the potential transition points which
correspond to noise. This procedure is ex-
plained in Section 4.2. We are then left with
the genuine transition points which can be
utilized to locate the shot transitions.

5. Distinguish the transition points correspond-
ing to CUTs from those corresponding to
GTs. The algorithm for this step is given
in section 4.4.

6. Locate the exact transition points in the high-
est resolution (and thus their corresponding
frame numbers) and output them. This step
is elaborated in Section 4.3.

Note that compared to the existing shot-detection

techniques which rely on threshold selection, res-
olution selection is relatively easier and is more
adaptive. Although we could try to find a way to
get the “perfect resolution” for each video stream,
we do not really need to do so. This is because
most of the information in multi-resolution anal-
ysis is contained across all resolutions, and thus
the sensitivity to resolution selection is not much.
In the actual implementation, we perform analysis

on resolutions from 0 to 5. The wavelet transform
can be construed to be a filter convolution opera-
tion which means that the lengths of the wavelet
filter ranging from 2 to 100 will cover most of the
lengths of GT that can occur in real videos.

4.1. Selecting Potential Transitions

We have earlier seen that shot transitions cor-
respond to local maxima in the multi-resolution
scale space. This is nothing but the multi-resolution
edge [14]. For all resolutions, we compute the
points corresponding to local maxima in strength
using |W,; f(z)|. Notice that by this process we
will be selecting spurious transition points which
actually correspond to noise such as object move-
ment or a camera flash. We there need to separate
the points which really correspond to shot transi-
tions from the ones that correspond to noise.

For a given potential transition point at the
highest resolution, we find the corresponding point
at all the resolutions. We can thus link the po-
tential transition points across resolutions. First
select a potential transition point in the highest
resolution. In the next lower find the nearest tran-
sition point. Link this point with the initial one
and iterate for rest of the resolutions. We call a
set of linked potential transition a maxima path. If
there are ¢ potential transition points in the high-
est resolution, we will obtain ¢ maxima paths.

4.2. Noise Removal

The basic idea used to remove potential transition
points corresponding to noise points is that the
noise will get blurred at coarser resolutions and
hence the strength of the such maxima points will
get severely attenuated at coarser resolutions. On
the other, the strength of transition points cor-
responding to CUTs and GTs will not be affected
much. We could pick any resolution to do this, but
in practice, we first pick all the maxima points and
compare their strengths across all the resolutions
using the maxima paths. If the strength reduces
significantly at lower resolutions (scales 3 to 5),
then such points are rejected. After this phase is
completed, the left-over transition points are the
ones which really correspond to transitions.



4.3. Locating the Transitions

The goal of video segmentation is not only to de-
tect the existence of transitions, but also to locate
precisely the positions of the CUTs and GTs in the
video sequence. For a GT, both the start and the
end positions need to be detected. Our method for
doing this is somewhat similar to the techniques
presented in [15, 5, 12].

There is a shifting of the maxima points (cor-
responding to the same transition) at different res-
olutions. When the resolution becomes lower, the
signal is blurred, and this causes the position of
each maxima point to shift.
corresponding maxima points at all resolutions, a
maxima path is formed which traces the shifts. For
the GT, both the location of the start point and
the end point of the transition have a maxima in
the highest resolution. These two points delimit
the gradual transition region of the video. If we
observe the behavior of these two points across the
different resolutions, we will notice that as the res-

If we connect the

olution decreases, there will be a shift and during
this shift, the two points will move towards each
other to fuse into one single point at some low
resolution. Basically at this resolution, the GT
has become very significant. In other words, the
GT maxima point in that low resolution will cor-
respond to the transition region (delimited by the
two end-points) in the high resolution. Thus, we
could perform a do-while loop to find out the re-
gion and thus locate the start & end of the gradual
transition.

We now provide the detailed description of the
algorithm to locate the G'T region. First choose
points that can correspond to a GT transition.
These are termed as the significant points. Then a
low to high resolution search is performed. In the
search, for every resolution and every significant
point, we find the two nearest significant points at
the next higher resolution. The one in the left is
marked as SI. and the one on the right is marked
SR. We recursively trace up the SL from the coars-
est resolution to the highest resolution in order
to find the final SL. This SL corresponds to the
left boundary point of the maxima region at the
finest resolution. A similar thing is done for SR

and thus the (SL,SR) denotes the maxima region
at the highest resolution (which corresponds to a
GT).

For the CUT transition, a similar tracing is
done from the highest resolution to the coarsest
In the case of CUT, the significant
points are located at the highest resolution. Then
a corresponding point is found at the next lower
resolution and the process is iteratively continued
till the coarsest resolution is reached. Note that
there will be only one corresponding point in case
of the CUT. This procedure pre-supposes that we
can distinguish the transition points correspond-
ing to CUTs from those corresponding to GTs.
This can be done by the procedure explained in
the following sub-section.

resolution.

4.4. Distinguishing CUTs from GTs

For the previous procedure to work, we need to
label whether a transition point corresponds to a
CUT or to a GT. This is achieved by using the
regularity of the wavelet transform using the Lip-
schitz a. We first compute:

B = log|Wy, f()] (11)

Based on the discussion of the measure of regular-
ity, Lipschitz «, we can obtain from eqn. (11):

g = O(aj) (12)

So we can compute the 3 value for a potential
transition point at different resolutions along its
maxima path to obtain:

ﬁaverage = % (13)

A high value of Baverage corresponds to a faster
transition. By empirically observing the range
of Baverage values for CUTs as well as GTs, we
can easily threshold them into CUTs and GTs us-
ing the value of Baverage equal to 4. Therefore, if
Baverage > 4, then the points correspond to a CUT
and if Baverage < 4, then they correspond to a GT.



5. EXPERIMENTAL RESULTS

5.1. Sample Video Data Set

To evaluate the performance of our algorithm for
shot boundary detection, we carried out an exper-
imental study using 10 different videos of vary-
ing characteristics. This video data set consists
of a documentary video (a university campus de-
scription), a commercial, a music video (Michael
Jackson’s “Black or White”), a cartoon video, four
movie videos and two news videos. This data in-
cludes many different types of shot transitions.
The lengths of these transitions are also highly
variable. Figure 5 shows the result of applying
our algorithm on the documentary video. The fig-
ure shows the original video sequence in the top-
most graph (the 1-D representation is derived by
computing the magnitude of the 64-D histogram
vector). The Canny wavelet transform at 5 resolu-
tions are shown in the next 5 graphs. The bottom-
most graph superimposes all the resolutions onto
one graph. The vertical lines show the positions
of the GT and CUT at the finest resolution. No-
tice that both the gradual transition as well as the
abrupt transition are correctly detected. We will
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Figure 5: Result for a Documentary Video

now illustrate the ability of our algorithm handle
various types of GTs. Figure 6 shows the correct
detection of the dissolve GT in a video of a com-
mercial. The other detected transitions are not
indicated in this as well as in the following figures.
A wipe GT transition is accurately detected in a
news video which is shown in figure 7. Finally, fig-
ure 8 shows the correct detection of a morph GT in

the music video. Many existing algorithms fail to
detect morphs but our algorithm can handle this
case.
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Figure 6: Result for a Commercial Video — high-
lighting only one dissolve G'T’
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Figure 7: Result for a News Video — highlighting
only one wipe G'T

We now summarize the results of our testing.
We use N; for the total number of shot transitions,
Ngut for the number of CUTs and Ngt for the
GTs. Ny denotes the number of false detects, Ny,
denotes the missed transitions and Ny for the num-
ber of transitions detected correctly. The results
of our algorithm’s performance has been summa-
rized in table 1. Note that in the last column of the
table, the type of the gradual transition has been
specified — dissolve (D), wipe (W), morph (M) and
fade-in/fade-out (F). One condition which causes
a missed transition is the following — if a GT is
followed very closely by another GT (say within a
second or 30 frames), then these two GTs will be
considered as one GT by the algorithm. However,
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Figure 8: Result for a Music Video — highlighting
only one morph GT

Type | Ng | N, | Ny | Nour Nar Ny
Doc 2 0 0 1 1D 2
News 10 0 3 0 6 W, 1D 10
Music 11 1 1 0 11 M 11
Comm 11 1 1 2 9D 11
Movie 16 0 0 16 0 16
Movie 11 0 0 11 0 11
News |42 | 1 | 2 | 31 |2D,6W,2F |4l
Cartoon | 30 0 0 29 1D 30
Movie 12 0 0 12 0 12
Movie | 30 0 2 28 0 30

Table 1: Result Table

this rarely occurs in real videos. From our testing
we have found that there are two basic reasons for
the false detections:

5.2.

CUT: A false abrupt transition detection can
occur when a large object enters within a
shot. This is falsely recognized as a CUT.

GT: A false gradual transition is detected
when there is a significant camera panning
movement. This could be overcome by sepa-
rating camera motion like it was done in the
twin-comparison method [31]. But we have
not yet incorporated this into our implemen-
tation.

Noise Tolerance

Here we discuss two types of the noise that occur
in most video streams:

o Limited object movement: We consider the
situation where the camera has little move-
ment and the object may move which can
cause false detection. For this case, we have
studied the strength of the wavelet coefli-
cients in the multi-resolution space. We no-
tice that at a coarse resolution, the noise gets
severely attenuated by the Gaussian filter-
ing. Hence we have found in our tests that
limited object movement, where the move-
ment is not very fast, does not result in false
detects.

o Camera Flash: A flash is a special effect that
causes a big change in a very short tempo-
ral duration [27]. From the point of multi-
resolution analysis, it will appear to be very
significant at a high resolution and drops
drastically at the low resolutions. Figure 9
illustrates this from a real video data se-
quence. The flash occurs at the third frame.
When the resolution goes down (scale goes
up in the figure), the strength of the tran-
sition point drops significantly. Thus this
property can be exploited to easily remove
it during the tracing phase of the algorithm
while detecting the potential transition points.

Note that we have not considered fast camera mo-
tion and fast object movement. We are still in-
vestigating on how to minimize their effects. The
camera motion could be detected using optical flow
methods [31].

6. CONCLUSIONS

In this work, we have shown how to visualize a
temporal video sequence as a trajectory of points
in the multi-dimensional feature space. We have
made a fundamental observation regarding the multi-
resolution nature of the shot boundary phenomenon
in videos. A temporal multi-resolution approach
using Canny wavelets has been developed to solve
the problem of video shot boundary detection. Ex-
perimental results show that this method is suc-
cessful in detecting abrupt transitions as well as
gradual transitions and it has good tolerance to
common types of noise occurring in videos.
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Figure 9: Illustration of a Camera Flash

We now present some issues for future research.
It is very important to choose a good feature space
for analyzing video data. The feature space for the
video space used in this paper did not consider
motion, which is the distinguishing characteris-
tic of videos. We believe that a well constructed
feature space which incorporates motion informa-
tion should be helpful in further video data anal-
ysis. Although we have used wavelets to detect
the gradual transitions, but we still cannot recog-
nize the type of gradual transition. We feel that
by choosing different types of mother wavelets in
an appropriate feature space can help detect as
well as recognize the type of gradual transitions.
Our implementation has been done in the raw do-
main — however, it can be done directly in the
compressed domain by using the DCT coefficients
to construct the feature space. This can result in
computationally efficient algorithm. Another is-
sue related to the computational efficiency is the
choice of the wavelet transform algorithm. Since
we use the Canny wavelet transform, it is slow
for computing at the coarser resolutions. It ap-
pears that the B-Spline wavelets are much more
efficient from the point of computational complex-
ity and are quite similar to the Canny wavelet [23].
So, the B-spline wavelets may be the appropri-
ate transform for temporal analysis of video data.
In general, we feel that temporal multi-resolution
analysis offers a novel approach to flexibly probe

the structure and content of digital videos.
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