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Abstract Video segmentation is a fundamental task in video indexing and it includes two kinds
of shot change detections such as the abrupt transition and the gradual transition. The abrupt shot
boundaries are detected by computing the image-based distance between adjacent frames and
comparing this distance with a pre-determined threshold value. However, the gradual shot boundaries
are difficult to detect with this approach. To overcome this difficulty, we propose the method that
detects gradual transition in the MPEG compressed video using the HMM (Hidden Markov Model).
We take two different HMMs such as a discrete HMM and a continuous HMM with a Gaussian
mixture model. As image features for HMM's observations, we use two distinct features such as the
difference of histogram of DC images between two adjacent frames and the difference of each
individual macroblock’s deviations at the corresponding macroblocks between two adjacent frames,
where deviation means an arithmetic difference of each macroblock’s DC value from the mean of DC
values in the given frame. Furthermore, we obtain the DC sequences of P and B frame by the first
order approximation for a fast and effective computation. Experiment results show that we obtain the
best detection and classification performance of gradual transitions when a continuous HMM with one
Gaussian model is taken and two image features are used together.
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image, audio, video and spatial data. There is an
overwhelming need for an integrated multimedia
system to reduce the work and information
overload. The technologies for handling multimedia
data are most important and most challenging.
Much information is contained in video data but it
is difficult to handle them. To alleviate this
difficulty, we often need to segment the video data
effectively.

Usually, one frame is a minimum unit of video
and corresponds to one film of movie, A shot is a
basic unit of video segmentation and a sequence of
frames that are continuously captured from the
same camera. Many video applications are based on
the shot of video data. Identifying shot changes
and indexing the video sequence will facilitate the
fast browsing and retrieval of the content of
interest to the user[1].

Shot changes can be divided into two categories:
the abrupt and the gradual transition. An abrupt
transition is often called a cut that occurs at an
abrupt shot change in a single frame. Gradual
transition includes a fade-in, a fade-out, a dissol-
ving, etc. The fade is a slow change in brightness
usually resulting in or starting with a solid black
frame. The dissolve occurs when the images of the
first shot get dimmer and the images of the second
shot get brighter, with frames within the transition
showing one image superimposed on the other.
Many other types of gradual transition are possible.
Gradual transition are more difficult to detect, since
the the
properties as camera motion[2].

Gamaz et. al[2] proposed an algorithm using the

frame content share same semantic

DC coefficients, the number of forward and
backward, and the interpolated macro blocks in the
MPEG compressed video. But they just detected a
al.f3]

using mathematical

cut, not gradual transition. Fernando et

proposed algorithms
models. Their algorithms detected gradual transi-
the

sequences were applied, their algorithms did not

some

tions. However, when approximated DC-
show a good result. Park et. al.[4] and Boreczky et.
all5] used the HMM for detecting the gradual
transition. But they used the color information, the

edge information, and the speech information in the
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original uncompressed video.

In this paper, we propose a fast and robust
algorithm for detecting the gradual transition in
MPEG compressed video using HMM. We use the
approximated DC-sequences of MPEG video, not all
pixels, so we can detect gradual transitions rapidly.
We also use only intensity information as image
feature such as the difference of histogram of DC
images between two adjacent frames and/or the
difference of each individual macro block’s devia—
tions at the corresponding macro blocks between
two adjacent frames. These feature are statistically
modeled by HMM and gradual transitions will be
detected by the trained HMM.

The outline of the paper is as follows. In section
2, we introduce methods that we use in proposed
paper. In section 3, a new algorithm is proposed to
detect gradual transition. Some experimental results
are presented in section 4. Section 5 contains a

summary and conclusions.

2. Background

2.1 DC images and DC sequences

"DC images are spatially reduced versions of the
original images. An image is divided in blocks of
NXN pixels. The (i, j) pixel of the DC-image is
the average value of the (i, j) block of the original
image. Sequence formed in such manner will be
called DC-sequencel6].

For JPEG and the I-frame of MPEG, the original
image is grouped into 8X8 blocks and the DC term
(0,0) of its 2-D discrete-cosine transform (DCT)

is related to the pixel values A4, )
€0.0=% 3 3 Ay M
x=0y=0

that is equal to 8 times the average intensity of
the block.

While the DC-image is much smaller than the
original image, it still retains significant amount of
information. This means that a global computation
originally performed on the original image could be
performed on the DC-image.

Forming the DC-images from an uncompressed
original image requires O(N?) operations per block.
The DC image can be easily obtained by choosing

the DC term in the case of the DCT-based
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compressed images. From Eq. (1), we know that
the average value of each DCT block is one eighth
of the DC term of the DCT block in the case of N
= 8 [7].

The advantages of using the DC-images and
DC-sequences for shot analysis operations are
twofold, First, the operations are performed directly
on compressed data, thus eliminating the need for
full-frame decompression. Second, we are working

with a small fraction of the original datal6].

i

t frame

@¢-1) frame
Figure 1 Reference block B, motion vectors and

original blocks

The extraction of DC image from the I-frame in
the MPEG video is trivial as Eq. (1). For P-frame
and B-frame, motion information must be employed
to derive the DC images. Suppose in Fig.l B,y is
the current block of interest in the current frame,
which is corresponding to B ,; in the previous
frame by B,,=B’ ,y+ Au and Au= (A%, Ay). Next,
we have the four original neighboring blocks
Bi,...,B, of the block B ,, (see Fig. 1). Let &;
and w; be the height and width of B, B; .
Then, the motion vector Awu=(Ax,Ay) is equal to
(wy, k). Due to the linearity of DCT, the DC
component of B,s in the current frame can be
approximated by

DB ) = 3, pa(B) (2

In Eq. (2), the cost for computing DC coefficient
in P and B frame is reduced to at most 4
multiplications. In this approximation, we need the
DC coefficients of the 4

Bi,...,B; and motion vector information to obtain

neighboring  block

the approximated DC coefficient of the block B,

Such information is easily obtained from the MPEG
compressed stream.
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2.2 Hidden Markov Model

The HMM meoedels can be exploited to investigate
the time varying sequences of observations[8]. The
elements of an HMM is specified by the following:
* N : The number of states in the model. The
S={S,,
Sy ..., Sy} and the state of the model at time

individual states are denoted as
tis q, 1<g, <N and 1<¢<T where T is the
length of the output observable symbol sequence.

« M : The number of distinct observable symbols.
The individual symbols are denoted as V=
V1, V2 ooey U

* Apy - An NXxN matrix specifies the state—

transition probability that the state will transit

from state S; to state S; Awwv=lal i en
where a;= P(gq,=S;lg,=S)).

* Byxy - An NxM matrix specifies that the sys-
tem will generate the observable symbol v, at
state S; and at time ¢ Byy=[0;(A] 1cjen 1<t
where b(k)=PFv, at 4g,=S)).

* mn - An N-element vector indicates the initial state
probability. 7#y=[7] <<y, where 7,= P(g;, = S,.
The complete parameter set A of the discrete

HMM is represented by A= x, A, B. The parameter

called the HMM training

process. This parameter set A can be used to

selection process is

evaluate P(OA), that is to measure the maximum
likelihood performance of an output observable

symbol sequences O= o0,,...,05 Wwhere T is the

number of observable sequence. For evaluating each
PO, we need symbols to select the number of
states N, the number of observable M and then
compute the result of probability density vector =«
and matrices A and B by training each HMM
from a set of corresponding training data. In order
to use a continuous observation density, it needs
re-estimation of &,(O){8].

3. Proposed gradual transition detection

The proposed gradual transition detection system
consists of DC module, training module and detec-
tion module as shown in Fig. 2.

DC module is extracting DC-sequences in MPEG
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Figure 2 An architecture of the proposal gradual

transition detection system

compressed video. In order to reduce time com-
plexity, DC-sequences are extracted approximately
as explained in section 2.1.

Training module consists of extracting features
and training HMM parameters. Features used in
this paper are shown in Eaq. (3) and Eq. (4) where
the index i is the frame number. In this paper,
only the luminance component Y value among Y,
Cb, Cr color space used to compute the image

features.

HD,= S |H .8~ HIA) ®
where HJ k] is the #h histogram of the i#th DC
image.

MD= ZKDC [~ i)~ (DCAA — ) (&)
where DC {#] is the DC value of the #h macro-
block

macroblocks in the frame and «; is the mean value

of the ith DC image, ie,

-1
Ki=N ngCi[k]

In Eq. (3), the difference of histogram between

in the #h frame, N is the number of

(5)

two adjacent frames is calculated by not all pixels
of the frame {4, 5], but DC values of the frame.
Eq. (4) takes effect of difference of variance bet-
ween two adjacent frames because of DC (&) — y;
term and means the difference of each individual
macro block’s deviations at the corresponding mac-
ro blocks between two adjacent frames.

Fig. 3 shows the HMM which has been used for
video segmentation. The states model the transition

2 24 A 31 A A 3EEMI

Figure 3 HMM for video segmentation

segments between shot, fade, dissolve and cut. The
shot state models segments of the video within a
single shot. The arcs between states model the
allowable progressions of segments. Thus, from the
shot state it is possible to go to any of the
transition states, but from a transition state it is
only possible to return to the shot state. This
assures that only a single transition segment
occurs between shots. The arcs from a state to
itself model the length of time the video is in that
particular state[4,5]. A probability is associated with
each of the arcs in Fig. 3. The probability P, is
the probability that a transition occurs. We assume
for simplicity that each of the transition type, cut,
fade and dissolve are equally likely. The probability

1—2p, is the probability of staying in a shot. The
probability Pp is the probability of staying in the
define

dissolve state. Similarly, the

probability P for the fade. The probability 1—Pp

we can

is the probability of returning from dissolve back to
a shot. Since a transition is abrupt in the cut state,
the transition occurs from shot to cut and returns
from cut back to shot immediately.

of the HMM,
PT,PD,PF are

the

learned

The parameters namely
transition probabilities
during the training phase. Data for training consists

of features - Eq. (3) and/or Eq. (4) - that are

computed for a collection of video, labeled
according to whether there is a shot, a cut, a fade,
a dissolve. Given this data, Baum-Welch

re-estimation [8] is applied for training data.

Once the parameters are trained, segmenting the
video into its shots and transitions is performed
using the Viterbi algorithm [8] that is a standard
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with
HMMs. Given a sequence of features, the Viterbi

technique for segmentation and recognition

algorithm produces the sequence of states most
likely to have generated these features. The state
sequence is time-aligned with the feature sequence,
so that the video is segmented into shots, cuts,
fades or dissolves according to the time of feature

sequence.

4. Experiment results and discussion

The proposed detection algorithm has been tested
on video data including music video, news, docu-
mentary and so on [4]. Table 1 shows video data
for experiment. Video data is MPEG-1 compressed
video with size of 352x240.

Training data and test data consist of half part
and remaining part of each video, respectively.
it needs to
modeling HMM and estimating parameters. An
HMM is modeled as Fig. 3 of section 3 and
parameters are estimated by using Baum-Welch
algorithm [8]. Now, observations of HMM are
features which obtain in Eq. (3) and Eq. (4). After
parameters of HMM are trained, features that are

For detecting gradual transitions,

obtained from the test video data are applied to the
trained HMM as the observation sequence. By
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Viterbi algorithm [8], optimal states are estimated
and gradual transitions and cuts are detected.
The experiment has been carried out by the
following.
1. The two different HMM models, ie., discrete
HMM and continuous HMM, are used.
2. In continuous HMM, one Gaussian and Gau-
ssian mixture are applied.
3.HD, MD and HD + MD are used as the
observation of each HMM.
To validate performance of detecting gradual
transition, we calculate recall(Eq. (6)) and preci—
sion(Eq. (7)) used generally.

_ Detects
reacall = — " E Ve (6)
< dsion = ——Letects __ 7

Detects + FA's

where Detects is the number of correct detections,
MD is the number of missing detections and FA is
the number of false detections.

Detection results of the trained HMM over three
different HMM models, such as discrete HMM,
continuous HMM with one Gaussian and continuous
HMM with Gaussian Mixture are shown from Fig.
4 to Fig. 6, respectively, where the numbers 1, 2, 3
and 4 of y axis represent the shot, the fade, the

dissolve and the cut state, respectively. And x axis

Table 1 Video data for experiment

video data # of frame # of dissolves # of fades # of cuts
music video 1 875 3 4 7
music video 2 955 7 3 5
documentary 1 185 4 0 0
documentary 2 590 4 0 0
news 2661 2 2 13

Table 2 Result of detection about Fig. 4, Fig.5 and Fig. 6. (a) discrete HMM, (b) continuous HMM with
one Gaussian and (c) continuous HMM with Gaussian Mixture.

Estimated frames

Real frames (a) m (b) — (c) —

HD MD MD HD MD MD HD MD MD

R 58 29 30 44 46 49 55 12 52 52

Dissolve 5

% 50.0 51.7 75.9 793 84.5 94.8 20.7 89.7 89.7

Fade 57 18 54 54 43 51 49 27 40 40
% 31.6 94.7 94.7 754 895 859 474 70.2 70.2

Cut 4 0 2 2 3 3 3 0 3 3
% 0 50.0 50.0 75.0 75.0 75.0 0 75.0 75.0
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Table 3 Detection result using three different HMM and different image features

Recall Precision
HD 644 % 382 %
Discrete HMM MD 822 % 68.3 %
HD + MD 86.8 % 732 %
Con VM with HD 865 % 402 %
ontipuous TV Wi MD 91.3 % 83.2 %
one (Gaussian
HD + MD 91.0 % 84.7 %
Conti HMM with HD 703 % 506 %
ontttous TV Wi MD 886 % 734 %
Gaussian Mixture
HD + MD 871 % 769 %
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Figure 4 Detection results using (a) HD, (b) MD,

Figure 5 Detection results using (a) HD, (b) MD,

and (c) HD + MD in discrete HMM. 1, 2,
3 and 4 of y axis represent the shot, the

fade, the dissolve and the cut state in Fig.
3, respectively, and =x axis shows the

frame number

and (c) HD + MD in continuous HMM with
one Gaussian. 1, 2, 3 and 4 of y axis
represent the shot, the fade, the dissolve
and the cut state in Fig. 3, respectively,

and x axis shows the frame number
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Figure 6 Detection results using (a) HD, (b) MD,
and (c) HD + MD in continuous HMM
with Gaussian mixture. 1, 2, 3 and 4 of ¥

the fade, the

dissolve and the cut state in Fig. 3,

axis represent the shot,

respectively, and x axis shows the frame
number

shows the frame number. Solid lines and dash lines
represent the experimental resultant states and the
real states, respectively. So we have a good expe-
rimental result if solid lines and dash lines are
intersected as much as in many regions.

Table 2 shows the detection and classification
performance of Fig. 4, Fig. 5 and Fig. 6. In this
table, we know that the performance is good in the

case of MD or HD + MD as feature and conti-
nuous HMM with one Gaussian as the HMM
model.

Table 3 shows the detection and classification
performance of the trained HMM in terms of recall
and precision, where three different HMM models
such as the discrete HMM, the continuous HMM
with one Gaussian and the continuous HMM with
Gaussian Mixture of two Gaussians, has been used,
and three different types of image features such as
HD, MD and HD + MD, are taken.

From the Table 3, we know that (1) the
detection performance is the worst when only HD
is taken in all HMM models, (2) the detection
performance of taking the MD is better than that
of taking the HD in all HMM models, (3) the
detection performance of taking both HD and MD
together is the best in all HMM models, (4) the
continuous HMM model shows better detection
result than the discrete HMM model, and (5) the
continuous HMM with one Gaussian show better
detection than the continuous HMM with Gaussian
mixture.

In Table 3, precision values are relatively lower
than recall values. This is caused by the fact that
some data for shot state are overlapped to other
data for dissolve data and data for moving camera,
ie. zooming and panning, shows similar pattern to

data for gradual transition.

5. Conclusion

In this paper, we propose a new detection
method of gradual transition in the MPEG com-
pressed video using HMM. There has been other
researches that are using HMM in order to detect
gradual transition [4, 5], but they do not carry out
in the MPEG compressed

domain and/or use other features as well as color

the detection work

information. This paper shows that we obtain a
good detection performance of gradual transition
even we take only simple image features based on
the intensity information. Experiment results show
that we obtain the best detection performance of
gradual transitions when we take a continuous
HMM with one Gaussian model and with two
image features.
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Generally, setting of thresholds for determining
the gradual transition is very difficult task and the
detection performance is very sensitive to the
choice of thresholds. From a viewpoint of practical
applications, using the HMM eliminates the burden

of setting the thresholds for the frame-to-frame
distances and shows better resuit than using
thresholds for detecting cuts and gradual tran-

sitions.
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