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Abstract

In this paper, we present an e�cient video parsing
method using shot boundary detection and camera op-
eration analysis technique. In the shot boundary detec-
tion, the local color information and an adaptive time
window is used. The local spatio-temporal images and
MLP(multilayer perceptron) are used for analyzing the
camera operations.

In order to verify the performance of the proposed
video parsing method, experiments with video database
have been carried out. Experimental results demon-
strate the e�ciency of the video parsing technique.

1. Introduction
Content-based video indexing and retrieval are meth-

ods that �nd and manage the essential information of
video[1, 2].

The ability of automatic video parsing is necessary
for content-based video indexing and retrieval. Video
parsing involves two tasks: video segmentation and
video indexing. The video stream is segmented into the
elemental units such as shots and scenes at the video
segmentation stage. And each elemental unit is labeled
based on its contents at video indexing stage. Shot is
the basic unit for video manipulation, and there are
many di�erent transitions between shots: cuts, fades,
dissolves, wipes, etc.

In this paper, We propose an e�cient video pars-
ing method. For the shot boundary detection, the lo-
cal color information is used. In order to reduce the
computation time, an adaptive time window is used.
The local spatio-temporal images and MLP are used
for analyzing camera operations. This method is reli-
able and fast because it utilizes the learning algorithm
with spatial-temporal information in frames and does
not process the entire image.

The remainder of this paper is organized as follows.
Sections 2 and 3 describe the proposed shot boundary

detection and the camera operation analysis method.
Section 4 describes the experimental results and Sec-
tion 5 concludes this paper.

2. Shot Boundary Detection
The histogram comparison is the most common

method for detecting shot boundaries from raw video
data. This method is quite simple, but ignores spatial
information of a frame. And the error rate caused by
abrupt luminance change is very high. In this paper,
the mean values of color in local sub-blocks based on
the Net comparison method[3] are used. This feature
contains the spatial information of a frame and is ro-
bust when the abrupt luminance change occurs.

2.1. Local color comparison

Assume that each pixel in an image has same proba-
bility to change. The similarity S is de�ned as follow:

S(n; n+ k) = 1�
NC(n; n+ k)

N
(1)

where N is the total number of sub-blocks in one
frame, and NC is the number of sub-blocks that are
changed between two frames.

NC(n; n+ k) =

N�1X
i=0

'n;n+k(i) (2)

In equation 2, ' is the function de�ned as follow:

'n;n+k(i) =

8<
:

1 if DH
n;n+k > Tsub

or DS
n;n+k > Tsub

0 otherwise

(3)

where DH and DS represent the di�erence of mean
value of H and S, between two sub-blocks, respectively.

DH
n;n+k(i) = jEH(n; i)�EH (n+ k; i)j (4)

DS
n;n+k(i) = jES(n; i)�ES(n+ k; i)j (5)

where, EH and ES is the average value of H and S
in each sub-block.



Table 1. Algorithm for shot boundary detection
1. Determine the number and the position of sub-

blocks.
2. Compute the mean value of H and S at each sub-

block.
3. If one of the DH and DS is greater than Tsub,

determine that this sub-block has changed.
4. If the similarity S is not greater than the Tframe

a shot boundary is declared.

2.2. Adaptive time window

It is time-consuming to apply shot boundary detec-
tion method to every frame, because almost all video
shots are longer than dozens of frames. In order to re-
duce the computation time, we use the adaptive time
sliding window whose size can be changed exibly.

Table 2. Algorithm for adaptive time window
WindowSize = MaxWindowSize;

for(i=0; i< TotalNumOfFrames; i++)f
NextFrame = CurrentFrame + WindowSize;
if(IsSimilar(CurrentFrame, NextFrame))f

CurrentFrameNo = NextFrameNo;g
else f

if(WindowSize == 1)f
CurrentFrameNo = NextFrameNo;
WindowSize = MaxWindowSize;

gelse f
WindowSize = WindowSize/ScaleFactor;ggg

3. Camera Operation Analysis

In this section, we describe a method for analyzing
camera operations using 2D spatio-temporal (2DST)
images and multilayer perceptron. First, the 2DST
images are generated for a given period. Then, the 2D
Discrete Fast Fourier Transform and the power spec-
trums are applied in order to analyze the texture of the
2DST images. Finally, multilayer perceptron is used to
analyze the camera operation.

3.1. Spatio-temporal image

2DST image is formed by stacking up the correspond-
ing segments in time order. They have a special texture
if pixels moved in the same direction. So, camera op-
erations can be extracted by analyzing the texture of
2DST images. The 2D Discrete Fast Fourier Trans-
form(2DFFT) and the power spectrum are used to an-
alyze the textures in 2DST images. The direction �k
of the 2DST image in each segment can be calculated
from the equation 6

p(�k) > p(�i) (i 6= k; i; k = 0; :::; �) (6)

where p(�) is de�ned as p(�) =
P

r P (r; �). P (r; �)
is the power spectrum in polar coordinates form.

3.2. Camera operation analysis using

multilayer perceptron
In this paper, two MLPs are used. One is for horizon-

tal direction, and the other is for vertical direction. The
architecture of two MLPs used to analyze the camera
operations is same. This MLP has three layers. The
input layer has 5x5 nodes and gets the direction ex-
tracted by analyzing each 2DST image as input data.
The hidden layer has 10 nodes to maximize the per-
formance of the MLP. The output layer has 6 nodes
corresponding each camera operation, for example, in
case of horizontal direction, each node represents the
still, right, left, zoom in and out or ambiguous case.
The data used for training are created by adding the
random noises into the standard data. The example of
standard training data for horizontal MLP are given in
Figure 1.

left right zoom in zoom out still

Figure 1. The standard training data

4. Experimental Results

The category, size and components of each video used
in the experiments are given in Table 3. All video
data were digitized at the size of 320x240 pixels at
15fps(frames per second).

Table 3. video data used for experiments
video video size # of shot # of camera

category (minutes) boundary operations

news 20 218 19
documentary 10.35 92 31

movie 10.48 71 17

4.1. Results of shot boundary detection
We compared the proposed method to the previous

methods. The selected previous methods are pixel-
wise comparison(PWC), gray-level histogram compar-
ison(GHC), local block gray-level histogram compar-
ison(LGHC), histogram comparison of di�erence im-
age(HCOD) and edge image comparison(EIC)[4].

� PWC(n; n+ k) =

P
N�1

i=0
�n;n+k(i)

N

� has 1, if the di�erence of gray value between two
frame exceeds the threshold, otherwise has 0.

� GHC(n; n+ k) =
PQ�1

i=0 jGn(i)�Gn+k(i)j

where Gn(i) is the ith gray-level histogram value of
nth frame, and Q is the size of histogram bin.



� LGHC(n; n+ k) =

PNb�1
b=0

PQ�1
i=0 jGn(b; i)�Gn+k(b; i)j

where Nb is the number of local blocks in a frame,
and Gn(b; i) is the ith gray-level histogram value of b
th local block in nth frame.

� HCOD(n; n+ k) =

P
i=2[�Tpix;Tpix]

hod(i)

N

where hod(i) = G(fn�fn+k; i), fn is the nth frame.

� EIC(n; n+ k) = max(�in; �out)

where �in and �out are the percentage of pixels that
are newly created and disappeared, respectively.

Table 4 shows the comparison results of shot bound-
ary detection. In Table 4,NC , NFN andNFP represent
the number of frames correctly detected, the number
of false negatives and the number of false positives, re-
spectively. And in X/Y/Z representation, X, Y and
Z denote the result of news, documentary and movie,
respectively.

Table 4. Comparison results

method NC NFN NFP

PWC 164/82/53 54/10/18 344/103/ 150
GHC 194/78/61 24/14/10 135/89/153
LGHC 202/87/63 16/5/8 303/104/128
HCOD 190/85/62 28/7/9 135/89/ 97
EIC 208/88/65 10/4/6 104/67/116

Proposed 202/87/63 16/5/8 181/89/111

According to the Table 4 , the EIC, LGHC and the
proposed method show good performance.

Table 5. computing time(frames/sec)

method video categories
news documentary movie

PWC 11.2 10.7 11.5
GHC 6.0 6.6 6.4
LGHC 7.2 6.9 7.0
HCOD 8.4 8.6 8.4
EIC 3.5 3.0 3.5

Proposed 10.8 10.2 10.5

Table 5 shows the computing time of each methods.
The PWC and the proposed method is faster than oth-
ers. The EIC shows the worst performance, because it
needs very complex procedures. The PWC and the
GHC can be recommended for applications where the
ratio of false positive is not important. Therefore, the
proposed method seems to be the best algorithm in
term of the performance and computing time.

4.2. Results of camera operation analysis

We classify the basic camera operations as three
classes, horizontal movement, vertical movement and
zoom in and out, because it is di�cult to discriminate
correctly in video.

Table 6 shows the results of camera operation anal-
ysis of the proposed method(CO denotes the camera
operation). The composition type represents the data
that consist of two or more simple camera operations
such as panning with zooming in, tilting with zooming
out, and panning with tilting and zooming in, etc.

Table 6. Results of the analysis

type of CO # of CO NC NFN NFP

horizontal 25 19 6 75
vertical 9 6 3 0
zoom 10 7 3 21

composition 23 11 12 57

The documentary video has been used for this ex-
periments. The proposed method detected correctly
the simple camera operations, but it showed poor per-
formance in composition type. In the case of horizontal
movement, the error rate caused by moving objects is
high, so the number of false positives is large.
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