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Abstract

For the efficient searching and browsing of digital video, it is essential to extract the internal structure
of the video contents. As an example, a news video consists of several sections such as politics,
economics, sports and others, and also each section consists of individual topics. With this information in
hand, users can more easily access the required video frames. This paper addresses the problem of
automatic shot boundary detection and selection of representative frames (R-frames), which are the
essential step in recognizing the internal structure of video contents.

In the shot boundary detection, a new algorithm that have dual detectors which are designed
specifically for the abrupt boundaries (cuts) and gradually changing boundaries respectively is proposed.
Compared to the existing algorithms that mostly have tried to detect both types by a single mechanism,
the proposed algorithm is proved to be more robust and accurate.

Also in the problem of R-frame selection, simple mechanical approaches such as selecting one frame
every other second have been adopted. However this approach often selects too many R-frames in static
shots, while drops important frames in dynamic shots. To improve the selection mechanism, a new R-

frame selection algorithm that uses motion information extracted from pixel difference is proposed.

1. Introduction

The efficient searching and browsing of digital
video are very important topics in multimedia
service. Due to the large size of digital video and
its sequential characteristics, the access to the
required information is very tedious and time-
consuming. To solve the problem, the hierarchical
data models!"*! as shown in Fig. | that reflect the
internal structure of the contents have been
proposed. Based on this model, a news video may
be divided into several sequences that aré mapped
to politics, economigs, sports and other sections.
Also the sequences can be divided into several
scenes that are mapped to individual topics. With
this structure information of the video contents,
the accessibility can be greatly improved.
Currently the above internal structure information
is mainly extracted by manual operations.
Especially the construction of sequence and scene

Video [ Video Info | Sequence | Sequerce | [ Sequence | Sequence |
Sequence [Seqino | Scene | scene | [ Scene | Scene |
Scene | Sceneinfe] smet |_shot | [ Shot | smot |
Shat (Shotinfo | RFrame | RFame | [ R-Frame | R-Frame |

Fig.1. Internal Structure of Video Contents

level almost completely depends on human,
which seems inevitable because the classification
of these levels is based on high level semantic
information that is hard to extract automatically
[With the current state of the art. However the
recognition of shot level that is defined as an
unbroken sequence of frames from one cameral*l
is a relatively feasible problem and a lot of
rescarches have been concentrated™® but still
remains many problems to be solved due to the
diversity of video contents_}

R-frames, a lower level than the shot in the
hierarchy, are one or several frames that can stand
for the contents of the shot. The reasonable
selection of R-frames is important in two respects.
One is because they are used as visual indices in
video browsing. If the selection was not
appropriate, user may miss the existence of the
necessary information in browsing. Also in
considering image content based searching, the
image features are extracted from the R-frames
only, because it is cumbersome to extract the
features from all the frames where so similar
frames appear in succession. Hence unreasonable
selection of R-frames can result in failure in
searching.

This paper addresses the above two problems, a
robust shot boundary detection algorithm and an
R-frame selection algorithm.
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2. Related Works and the Idea of the Proposed
Algorithm

Generally shot boundaries are divided into two
types. One is an abrupt change in one frame as
shown in Fig. 2, which is called a cut. Another
type contains gradual boundaries that are transited
from one shot to the next in sequence of several
frames as shown in Fig. 3.

The most intensively investigated topic in shot
boundary detection is to find out a robust feature
that can detect cuts without being confused by the
fast motion, camera operation or sudden
brightness changes. For the purpose, there have
been proposed many algorithms that utilize the
pair-wise pixel differences, histogram differences,
edge differences or a variance of the difference
histogram!*1®!, These approaches are reasonable
because the difference between the prior and the

posterior frame of the boundary is large in general.

However because of the diversity of video
contents, they have weaknesses in certain
situations respectively. For example, pair-wise
pixel differences tend to generate false positive
boundary when fast motion exist, while histogram
differences often misses the shot boundaries
where the shots of similar atmosphere
succeeds™. And a variance of the difference
histogram is robust against brightness changes!®.
In this paper, a combined feature of the above
features is used to detect cuts with the expectation
that the features can compensate the weaknesses
of each other. For the combination, a neural
network of back error propagation model is
adopted.

As another problem, there are gradual boundaries
that are difficult 1o detect with the above features
that are based on the differences between
consecutive frames. In this arena, a dual threshold
method proposed by Zhang et al may be the
representative onel”. This method adopts two

thresholds. One is a high threshold that declares
shot boundary if that threshold is exceeded.
Another is a low threshold that initiates
accumulating the histogram differences. As can
be found in this method, many researchers have
tried to detect the cuts and gradual boundaries
with a single mechanism.

However due to the large difference in the
characteristics of each type, it seems more
reasonable to solve each problem with respective
approach. In this paper, a new detection algorithm
that has dual detectors that are specifically
designed for each type is proposed. Furthermore
instead of simply merging the results of the
detectors, the proposed algorithm adopts an
arbitration module called a delayed decision
module. This additional process not only
arbitrates the results of each detector but also
checks if the detected shot is reasonable.

For the problem of R-frame selection, mainly
very simple approaches such as selecting a frame
every other second or selecting the first and last
frame of the shot have been adopted!' !,
However these approaches often select too many
R-frames in static shots, while drops igportant.
frames in dynamic shots. o

In this paper, motion information is considered as
a key feature for the R-frame selection. However,
due to the computational cost of general motion
analysis, the pixel difference that is relatively
sensitive to motion, is used for the purpose.

3. The Proposed Algorithm

The flow of the proposed algorithm is shown in
Fig. 4. It has dual detectors that are designed to
detect cuts and gradual boundaries, respectively.
Each detector observes the video stream carefully
based on its own decision mechanism. However
instead of declaring boundary by themselves, their

Fig. 2. An Example of Cuts

Fig. 3. An Example of Gradual Boundaries
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observation results are reported to the delayed
decision module.

The delayed decision module has two roles. One
is to arbitrate the results of the two independent
detectors if some conflicts exist. Another is a kind
of post-processing that determines if the reported
candidate of boundary is reasonable.

The R-frame selector selects one or several
frames that can stand for the contents of the shot.
The number of selected R-frames is determined
by analyzing the contents based on the pixel
difference and the information provided by the
gradual boundary detector as shown in Fig. 4.

3.1 Cut Detector

As described in section 2, the features that are
proposed by many researchers have weaknesses
in different situations of video contents. Hence by
combining them appropriately, it is expected to
detect shot boundaries more accurately. In
selecting the features for the combination, not
only the effectiveness in shot boundary detection
but also the processing time for calculating each
feature should be considered.

In this paper, pixel difference, histogram
difference and a variance of difference histogram
those are defined as the following respectively,
are used for the combination.

1) pixel difference!I”
Dﬂzz(im(x,y)—tmﬂ(x,y)) (1)
N
(Here, I_(x, y) is the pixel intensity of m-th
frame at coordinate (x, v), N is the total number
of pixels in a frame)

2)histogram difference™!

K

ZFH,n(/')—Hm1(i)| ;
On = == (2)
K
(Here H,, is the histogram of m-th frame, K is
the range of pixel values)

3)a variance of difference histogram!®’

K
{He mailF)-HY
. Z {i)-H) 3)
K

(Here, H, .., is the difference histogram
calculated between m-th and (m+1)-th frame, K is
the range of the difference values, and H is the
mean of H, ...).
In Fig. 5, the structure of the adopted neural
network is shown. The input layer has three
neurons that correspond to the above three
features, one hidden layer of three neurons, and
the output layer has two neurons that correspond
to the shot boundary and continuing frames
respectively.
For the training of the neural network, a news
video of approximately 1,500 frames is used. This
data contains no gradual boundaries but cuts. The
number of cuts is 32. To prohibit the
preponderance of training, the features for cuts
are repeatedly applied to the network 30 times.

3.2 Gradual Boundary Detector

Among gradual boundaries, only the ones where a
solid color frame passes by as in fading or
curtaining effect are considered here. On the
contrary to the cut detection that focus on the
relation between two consecutive frames, the
status of the individual frame is observed to watch
if the sequence reaches a solid color frame. As a
metric of the observation, a pixel variance of the
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Fig. 4. The Proposed Algorithm
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frame image is adopted, which can be easily
calculated from the histogram already calculated
by the cut detector by the following formula.

S H (7)o (F = M)
VZEL__TM__,_ 4)

{(where, H is the intensity histogram of the
image, K is the range of pixel values, N is the
total number of pixels and M is the average
intensity value of the pixels which also can be
easily calculated from the histogram H).

When a sequence is fading out, the pixel variance
may decrease rapidly and may increase again if
fading in starts as shown in Fig. 6. The purpose is
to declare shot boundary at the point S in the

figure. For this purpose, once the variance goes
down under the pre-determined threshold (shown
in dotted line), the subsequent variance are saved
in an array until the variance goes up over the
threshold again. That is, the variances from the
point A to the point B are saved in an array. And
the minimum value in the array is searched to find
the point S.

3.3 Delayed Decision

The most important role of this module is to
check the validity of the detected shot. Fig. 7
shows an example of a sudden brightness change
that is caused by the camera flashes of the press
reporters. In this case, the cut detector naturally
reports two consecutive frames as boundary
candidates, which result in one frame length
shot. To avoid this kind of false detection, the
delayed decision module checks the length of the
shot candidates. If the length is shorter than a pre-
determined threshold, delayed decision module
commands the cut detector to check if the prior
and the posterior frame of the shot (the 1* and 3"
frame of Fig. 7) have sufficient difference to
declare a cut. If it is the case, the frames are
considered as a kind of gradual boundary and
only one boundary is declared eliminating the
peculiar small length shot. Otherwise, the
reported shot boundaries are ignored (in case of
Fig. 7, the boundaries are ignored). With this
additional process, a lot of unreasonable shot
boundaries could be eliminated.

3.4 Selection of R-frames

As described earlier, motion information could be
of great help in selecting meaningful frames. Fig.
8 can be a good example. In the sequence of
frames of the figure, a camera is very quickly
zooming in to capture the face of the man. In this
sequence, it is reasonable to think that the quickly

Difference
measure

Fig. 7. False Detection due to Sudden Brightness Change
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moving frames are only transient status and the
finalized status is the theme of the shot. If motion
information is available, the final frame can be
selected as an R-frame.
However general motion analysis requires a fot of
processing time. In the proposed algorithm, the
pixel differences that are known to be sensitive to
motion is used. Especially because the pixel
difference is already calculated for the cut
detection, this information is available without
additional computation.
The proposed algorithm classifies the changing
pattern of the pixel differences into three types of
Fig. 9 and select R-frames in the following
manner for each pattern. In the figure, the black
dots show where the R-frame is selected.
Pattern A : This type is a very static shot, that
any frame can stand for the contents.
In this case, the center frame of the
shot is selected as an R-frame.
Pattern B :The start and end of the transient
status is selected as R-frames.
Pattern C : This case has no special clue to
select an R-frame. In this case, a
fixed period approach is adopted.
Also fading should be considered for the

reasonable R-frame selection because it is not
desirable to select the frames in the process of
fading in or fading out. For this reason, the frames
between the point Fs and Fe of Fig.6 are excluded
from the target of R-frame selection described
above.

4. Experiment
The proposed algorithm is tested on digital videos
of MPEG and AVT format. The experimental data
contains approximately 100,000 frames (55
minutes) in total. There are approximately 800
cuts and 30 gradval boundaries in the
experimental data.
For the comparison, the algorithms using the
following features are implemented.

i) A pixel difference,

2) A histogram difference,

3) A variance of difference histogram

4) the proposed algorithm
The algorithms are evaluated based on the
following vatues.

Recall = . Correet (5
Caorrect + Missed
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Fig. 9. Changing Pattern of Pixel Differences
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Table 1. Comparison of Accuracy

Recall [ Precision
Pixel Difference 0.883 0.8T%

Histogram Difference 0774 0.724
Variance of Difference 0.892 0.833

Histogram

The Proposed 0974 0932
Algorithm
.. Correct (6)
Precision=

Carrect + FalsePositive

The experimental result is shown in Table 1. As
shown in the result, the proposed algorithm shows
far better results than the cases that each feature is
applied individually.

The validity of R-frame selection is very difficult
to ecvaluate quantitatively because it is a
subjective problem. However for the very static
shots, the proposed algorithm selected only one
frame compared to the 3 to 20 frames of the
existing algorithms. Also owing to excluding the
gradually changing regions, no cumbersome

frames are selected when a gradua! boundary exist.

5. Conclusion

In this paper, a new shot boundary detection and
R-frame selection algorithm that are essential in
the automation of internal structure extraction are
proposed.

On the contrary to the existing shot boundary
detection algorithms, the proposed algorithm
adopts dual detectors that are specifically
designed for detecting cuts and gradual
boundaries respectively. Also it has a delayed
decision mechanism that checks the validity of the
detected shots, which resulted in a much
improvement in overall accuracy.

Also contrary to the existing R-frame selection
algorithms that adopt simple mechanical
approaches like a fixed period sampling, the
motion of the content is considered to select
meaningful frames. The adopted criteria for the
decision is a pixel difference that is already
calculated in the shot boundary detection, such
that almost no additional processing time is
required to solve the problem.
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