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ABSTRACT

This work presents a new video indexing technique able to
detect shot cuts as well as gradual transitions in MPEG com-
pressed video sequences. Moreover, this technique also al-
lows to perform global motion estimation in order to suc-
cessfully detect swing, zoom and displacement effects in
video streams. In fact, motion information is used during
the gradual shot transition detection algorithm in order to
reduce false positives caused by video motion. Two differ-
ent metrics are used. The first one is based on luminance
histograms, while the second is based on the Generalized
Hough Transform. The use of this technique greatly im-
proves the results obtained by other shot cut detection algo-
rithms. Also, it is a key technique to the success of both,
the gradual shot transition detection and the global motion
estimation algorithms.

1. INTRODUCTION

A wide range of video segmentation techniques has been
stated [1]. Most of them rely on only one video feature.
Nagasaka et al. [2] proposed to use luminance histograms.
However, spatial information from the images is discarded
in the histograms. Also, similarity values are strongly af-
fected by the number of bins in the histograms, as well
as gaussian noise. Zabih et al. [3] proposed a contour
based scene change detection method. However, a registra-
tion technique, which is usually very time consuming, was
needed. Also, no information was given about the reliabil-
ity of the computed similarity values when the number of
contour points was too low.

Recently, works have focused on scene change detection
in MPEG compressed video [4, 5, 6] and frequency domain
analysis [7]. This work presents a new video segmentation
technique that works with MPEG compressed video using
DC images. This technique performs not only shot cut and
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gradual shot transition detection but also global motion es-
timation. MPEG motion vectors are not used to perform
global motion estimation as they are prone to be erroneous
[8]. Two different metrics based on different video features,
luminance and contour information, are used. This way, a
more reliable description of a video frame is obtained.

The paper is organized as follows. Section 2 describes
the metrics actually used. Sections 3, 4 and 5 describe
shot cut detection, global motion estimation and gradual
shot transition detection respectively. Results are included
within these sections. Finally, conclusions are given in Sec-
tion 6.

2. METRICS FOR VIDEO ANALYSIS

As it is said before, two different metrics are used. Details
about these two metrics are given below.

2.1. Luminance based distance function

Luminance histograms are built for both DC images to be
compared. Classical histogram comparison techniques per-
form poorly when applied to histograms built from DC im-
ages. Thus, a modified normalized 1D cross correlation pro-
cess is performed. Its expression is given below:

LBDF (H1,H2) =

∑

b
H1(b) · W (H2(b))

NT1 · NT2

(1)

where

NTx =

√

∑

b

Hx(b) · W (Hx(b)) (2)

W (H(i)) =
∑

w

H(i + w). (3)

H1 and H2 are the luminance histograms, b is a histogram
bin, and w is the width of a window centered at bin i.
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Fig. 1. Thresholding process for the shot cut detection algorithm.

2.2. Contour based distance function

The Generalized Hough Transform (GHT) performs pattern
recognition by computing the rotation, scale and displace-
ment of a template in an image. Three transformations are
defined. Transformation T is used to compute rotation an-
gle. Scale factor is computed using transformation S. Fi-
nally, displacement is computed using transformation D. A
complete description of the GHT can be found in [9].

This technique is used as a distance function to obtain
a similarity value between two DC images. It also allows
swing, zoom and displacement detection in video streams
by means of the transformations aforementioned [9].

3. SHOT CUT DETECTION

The shot cut detection algorithm is the first step of the global
motion estimation and gradual shot transition detection al-
gorithms, as they analyse video segments between previ-
ously detected shot cuts. It uses both metrics defined in
Section 2 in order to characterize video frames. Two sets of
similarity values, V1 and V2, are computed from the video
stream using the Luminance (LBDF) and the Contour Based
Distance Function (CBDF) respectively. Even though all
similarity values in V1 are supposed to be reliable, the same
is not applicable to V2. In fact, it can be stated that, if the
number of contour points in a DC image is lower than p,
the similarity value obtained using that DC image is not re-
liable, as very little information has been used. In order to
formally determine a suitable value for parameter p, a di-
vergence estimator has been used [10]. Hence, a suitable
value for p is about 70 contour points. The use of the CBDF
greatly improves the results obtained when only luminance
histograms are used.

Once the similarity values have been computed the
thresholding process in Figure 1 is performed. It uses a 21
frame sliding window. In order to characterize a shot cut,
three parameters are defined. Parameter X1 is the value of
the distance function in the middle of the observation win-

Sequence
type Ref Length C M F R P
News V3 28’ 33” 251 1 17 1.00 0.94
News V4 18’ 27” 97 0 3 1.00 0.97
Film V6 15’ 57” 103 9 11 0.92 0.90
Serial V7 15’ 36” 141 1 2 0.99 0.99
Basket V16 15’ 38” 76 0 7 1.00 0.92

TOTAL 94’ 11” 668 11 40 0.98 0.94

Table 1. Experimental results for the shot cut detection al-
gorithm (C: Correct; M: Missed; F: False; R: Recall; P:
Precision).

dow. Shot cuts are supposed to exhibit a low value of X1.
Parameter X2 is X1/Mw, where Mw is the minimum value
of the distance function along the observation window, ex-
cluding the central element. X2 is typically low during a
shot cut. Finally, parameter X3 is Mw and is used to de-
tect masked shot cuts, which are very common in situation
comedies. A deep study, based on graphic representation
of parameter values, has been carried out in order to find
out suitable values for the thresholds in Figure 1, obtaining
threshold values that make the method sequence indepen-
dent. This method performs at real time processing speed.
A more detailed description is given in [10]. Obtained re-
sults using several videos from the MPEG-7 Content Set
[11] are given in Table 1.

4. GLOBAL MOTION ESTIMATION

The basis of the global motion estimation algorithm is to
mark every frame in the video stream where a motion ef-
fect is suspected to be taking place. A sliding n frame
window is used (in this work, n = 10), the first frame
being the one that is being analysed. The three transfor-
mations defined by the GHT (T , S and D) are used in or-
der to detect swing, zoom and displacement effects. The
first frame in the window (f ) is compared to the next ones
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Fig. 2. Operation of the algorithm to fill in holes and remove isolated detections.

(f+1, f+2, . . . , f+n−1) obtaining n−1 values of rotation
(RV (0), . . . , RV (n − 1)), scale (SV (0), . . . , SV (n − 1))
and displacement (DV (0), . . . , DV (n − 1)). Further study
of these values will allow to mark frame f as a swing-
ing, zooming and/or displacing frame, according to rotation,
scale and displacement values respectively.

In order to mark a frame as a swinging frame, rotation
values RV (i) are analysed. If most of them are 0, no swing
effect is declared. However, if RV shows increasing (de-
creasing) values, a counterclockwise (clockwise) swing ef-
fect is taking place. The magnitude of the values in RV will
be useful to estimate swing speed. Zoom detection is very
similar to swing detection. However, scale values SV (i) are
used. Finally, displacement detection is performed using
displacement values DV (i). Displacement angle αd and
relative displacement speed sd are computed. Pan (PR) and
tilt (TR) rate in pixels per frame can be directly obtained
from αd and sd using the following expressions:

PR = 8 · sd · cosαd (4)
TR = 8 · sd · sinαd. (5)

Lastly, as a swing, zoom or displacement effect lasts
for several frames, some of them might remain unmarked.
Thus, a process to properly mark these frames has to be
carried out. Also, isolated detections lasting for less than
a predefined number of frames should be removed. This
process is depicted in Figure 2. A complete description of
this method is given in [9]. Figure 3 shows displacement
angle and pan/tilt rate for the well known sequence coast
guard. Displacement angles for the three different displace-
ment effects in the sequence are shown in Figure 3(a), while
pan and tilt rates are in Figure 3(b).

5. GRADUAL SHOT TRANSITION DETECTION

The gradual shot transition detection algorithm uses a sim-
ilar scheme to that used in the global motion estimation al-
gorithm. A sliding n frame window is used, the first frame

being the one that is being analysed. Every frame in the
video stream where a gradual shot transition is suspected to
be taking place is marked. Two image change rate estima-
tors are defined as follows:

ICRF =
1

WL − 1
·

WL−1
∑

i=1

1 − LBDF (H0,Hi)

i
(6)

ICRB =
1

WL − 1
·

WL−2
∑

i=0

1 − LBDF (HWL−1,Hi)

WL − i − 1
. (7)

ICRF is the forward image change rate estimator. The
similarity values between the first frame in the sliding win-
dow and the next ones are computed and weighed. The fur-
ther the two DC images in the window, the lower the weight
that is given to the similarity value. Then, the mean value of
the weighed similarity values is calculated. ICRB is back-
wards image change rate estimator. It is computed using
the same process stated for the ICRF but the last frame of
the sliding window is used instead of the first. WL = n,
where 10 is a suitable value. Two estimators are used be-
cause they both allow accurate detections of the starting and
ending frames of a gradual shot transition. The frame under
consideration is marked if both estimators exceed a prede-
fined threshold. Finally, a process similar to that depicted in
Figure 2 is performed. Gradual shot transition detection al-
goritmhs usually produce a high amount of false detections
due to motion. Thus, the last stage in the algorithm is to per-
form global motion estimation (see Section 4) in the frame
range where a gradual shot transition has been declared, in
order to discard false detections.

The method has been tested using almost 20 min. of
video sequences including 148 gradual transitions. Two
kind of tests have been performed. The first one deals with
effects. A gradual shot transition is said to be correctly de-
tected if at least 50% of the frames have been marked. Ob-
tained recall is 0.85 while precision is 0.95. 63% of the false
detections were due to motion and removed by the global
motion estimation algorithm. The second one deals with
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Fig. 3. Displacement angle and pan/tilt rate for coast guard sequence.

frames and is related to the accuracy of detections. 1824
frames were correctly marked, 250 were missed and 122
were false detections. Thus, accuracy of detections exhibits
0.88 of recall and 0.94 of precision.

6. CONCLUSIONS

A new video indexing technique able to detect shot cuts and
gradual shot transitions in video streams has been stated.
Moreover, a global motion estimation algorithm has also
been developed. It allows the detection of swing, zoom and
displacement effects. The use of the GHT is a key element
to this video indexing technique. Results clearly surpass
those from classical methods, turning this proposal into one
of the best ever stated.
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