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ABSTRACT contents, such as temporal or spatio-temporal structures,

. . . ._camera displacements [2] or visual actions or events [3].
This paper describes an approach for video shot detection. P [2] (3]

It relies on the temporal analysis of frame to frame opti-  In this paper, we exploit the fact that shot boundaries cor-
cal flow measurements. These measures, which are mofespond to optical flow temporal discontinuities. To mea-
tion wavelet coefficients directly estimated from image se- sure the discontinuity of the entire spatial pattern of motion,
guence, exhibit discontinuities when shot boundaries occur.a global wavelet-based parametric motion model is esti-
These transitions are detected by considering the temporamated [4, 5]. The estimated motion parameters (wavelet co-
trajectories of thdinear prediction errorsof wavelet coef- efficients) then provide a global, robust, compact and mean-
ficients. Experimental results and performance evaluationingful description of the motion content. We then analyse
using videos with reference segmentations are presented tthe temporal trajectories of the motion paramétezar pre-
demonstrate the efficiency of the approach. diction errors This technique enables to enforce disconti-
nuities and to make the shot detection easier. The algorithm
is evaluated on large videos, containing various motion con-

1. INTRODUCTION "
tents and many transitions.

Video databases are growing so rapidly that most of the con-

tained information is becoming inaccessible. A valuable

tool in the management of visual records is the ability to

automatically "describe” and index the content of video se-

quences. Such a facility would allow recovery of desired 2. OPTICAL FLOW WAVELET COEFFICIENTS
video segments or objects from a large video databases. Ef- ESTIMATION

ficient use of stock film archives is usually quoted as poten-

tial applications.

In order to achieve a reliable video description, the pri- In this section, we briefly ogtline the algorithr_n_that we have
mary requirement is the structuration of the video into el- deve_loped to est|mat_e motion wavelet coefficients. Further
ementary shots. It consists in detectimgnsition effects  details can be found in [4].
betweerhomogeneous segmeifhiots). This video parti- Let us consider an image sequend,,t) with p, =
tioning step enables to provide content-based browsing of ;. ) e Q the location of each pixel in the image.
video. This stage should facilitate higher level tasks, such The prightness constancy assumptistates that the image

as video editing or retrieval. N brightnesd (p;, t + 1) is a simple deformation of the image
Most of techniques to detect cuts and transitions related ¢ timet

to special effects (fade-in, fade-out, dissolve,...) are based

on image information such as histogram comparison tech-

niques or temporal image difference [1]. However, false I(p;,t) = I(p; +v(p;),t +1), 1)
alarms may still occur in case of important camera motion

or in the presence of mobile objects, leading to an undesir-

able over-segmentation of the video stream. In these caseswherev(p;,t) = (u,v) is the optical flow betweef(p;, t)
motion estimation provides a more intrinsic information to andI(p,,t+1). This velocity field can be globally modeled
analyse video content. It enables to retrieve video dynamicas a coarse-to-fine 2D wavelet series expansion from scale



Ltol the estimated optical flow wavelet coefficients contain large
errors and suddenly grow up (figure 1).
An obvious approach to detect shot boundaries is to find
vo(p;) = Z €Lk ke DLk ks (P3) when wavelet coefficient vectoéshave a norm greater than
k1 k2=0 a predefined threshold. However, we found it not suitable

2l 1

L2201 - . in practice, sincd|@|| have similar magnitude when large
+ Z Z [dn,kLkz‘I’j,kmz(Pi) motions or shot boundaries occur. This case is displayed
J2L k1,k2=0 in the figure 2 (up), which represents the temporal evolu-

+d713,k1,k2\1}£k1,k2<pi) + dr‘L/,kl,kZ\IJ;{kl,m(pi)] ) tion of ||6||, estimated between fran90 to 5990 of a
TV news program. A scene change occurs around frame
5900, whereas frames940 to 5980 (approximatively) con-

where®y, 1, 1, (p;) is the 2D scaling function at scalg, s ; ; :

HDV) . . . tain large motions. In these two regions, the motion wavelet
andw. " (p;) are wavelet functions which respectively - .

k1 kg AL coefficient vectors have close magnitude.

represent horizontal, diagonal and vertical variations. These Hence, rather than only considering wavelet coefficients

functions are dilated bg” and shifted byk, andk;. The maghnitude, we use also the linear prediction (LP) errdt.of

coarsest level corresponds o= 0 wheread defines the : ; . .
. ; : . This technique, used by Rui and Anadan to segment visual
finest details that can be fitted by the motion model. . L . ]

actions in image sequences [8], is as follow:

In ordgr to recover a smooth and regular optical f!ow, we ¢ a stationary signal:, zs, - -, .}, the LP technique
useB-splinewavelets, which have maximum regularity and e s ' . )
. . consists in predicting a value, using previous data:

symetry. The degree of the B-spline determines the approx-

imation accuracy. P
The motion parameter vecté; which contains wavelet T =) QiTn_i+ en, (4)
coefficientscy, , x, and dfk?k‘: for all j, kq, ko is esti- i=1

mated by minimizing an objective function wherep is the order of the predicton;’s are the LP co-

) efficients ande,, is the LP error. Thes;'s coefficients are
6 = argmin > pU(pi+vo(py)t+1) = I(p;,1)) estimated by minimizing the squared LP eredr yielding
pi€Q a set ofp equations which are of the form

®)
wherep(-) is a robust norm error (M-estimator). The min- P
imization step is achieved using an incremental and mul- Zam,j =, forj=1---,p, )
tiresolution estimation method [6]. i=1

The wavelet-based motion model enables to estimate forwhere

) ) ) : Yij = En(xn—; x,—;) is the signal autocorrelation
successive frames an accurate optical flow defined by itS4¢ lag|

wavelet coefficients [4]. The motion wavelet coefficient "5, pjr|oblem the data sequenceis where the sub-
vector @ also provides a compact and meaningful motion scriptn = 1,--- , N denotes tha8,, is estimated between

description. This approach was previously used with suc-
cess to characterize video’s dynamic contents according t
camera dl_splacements an_d object motions [7]. _ _ coefficient sequence independently.

In the video shot detection context, a coarse motion esti-  ggcq 56 the estimated coefficients are not temporally sta-

mation is enough to determine if the image temporal varia- tionary, we use the technique of fixed-length windowing:

tions is due to motion or scene change. As a consequencel,he signal is split into short{ 10 frames), equal and over-

we estimate a low resolution motion model, corresponding |5nning segments in the expectation that, over small inter-
to ! = 3 in relation (2). The dimension of the motion pa- /5 stationarity can be assumed.

rameter vecto# is then equal td 28.

the frames: andn + 1. The vectod,, contains all wavelet
Ccoefficients, and we consider the prediction error for each

Let bee, = (e1n, - ,en) the prediction error vector
containing the LP errors estimated from all wavelet coeffi-
3. SHOT DETECTION BASED ON LINEAR cient sequence at time:
PREDICTION OF MOTION WAVELET »
COEFFICIENTS e, =0, — Zaien—i- ©6)
=1

Shot boundaries are characterized by scene changes. These

transitions could be sudden (cuts) or span several frames (in  The prediction error vector nortfle, || is large when

the case of fade in/out, dissolve or wipe transitions). When wavelet coefficients have discontinuities, and small else-
the transitions occur, thierightness constancy assumption where. From the LP error curve, peaks that correspond to
(1) assumed to estimate motion, fails. The magnitude of shot boundaries can easily be detected. Figure 2 (bottom)
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Figure 1: (a-f) Excerpt of a TV news program sequence involving one dissolve transition. (g) Temporal evolution of the

wavelet coefficient vector norfi@,,||.

shows the temporal evolution gife,,|| computed from the 4. EXPERIMENTAL RESULTS
vectors@,, (upper plot in figure 2). The place having large
prediction error corresponds to the shot boundary, while the
segment with large motion (framé&840 to 5980) has small

LP errors.

We have evaluated our algorithm on two excerpts of videos
extracted from the AIM (Multimedia Indexation Action)
corpug. A reference temporal segmentation, available for
each video, enables to precisely quantify the quality of the
shot detection.
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The first video deals with TV news (figure 1.a to f) and
has 5700 frames. It exhibits 41 transitions, including dis-
solve effects (between scenes with presenter and reports)
and cuts (whithin reports).
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The second video is a TV serie, nan@de Avengers”
(figure 3) and has 4000 frames consisting of 71 cuts and 1
dissolve effect. The video contains a large number of shots
with various motion contents. It goes from interior scenes,
] with low activities, to action scenes with high activities and
, large motions. Figure 3 displays the first 30 shots detected

PRI WA e by the algorithm.

5%90 5960 5910 59‘20 5950 5540 5950 5960 5970 59‘80 5990 3 ) )
Frame number Results of shot detection are shown in table 1 in terms of

correct, false and missed transitions detected by the method.
Figure 2: Temporal evolution of the wavelet coefficient vec- “Missed” column corresponds not only to missed transi-
tor norm||6,,|| (up) and the prediction error vector norm tions, but also to progressive effects that are not perfectly
||en|| (bottom). aligned, since the “Correct” criterion is based on a “suf-
ficient” overlapping of the two corresponding segments.
The length of the common portion must be at leBgk; x
times the length of the longest segment dig} 4 x times
the length of the shortest segment. Values ;v and
Rarax are respectively /3 and1/2 [10]. For the TV news
video, 3 of the 4 “missed” transitions correspond to dissolve
). (@) effects that have been effectively detected, but lesstian

of the reference duration.
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Then, by thresholdinge, ||, we can detect without ambi-
guity peaks corresponding to shot boundary locations. The
threshold is adaptively determined by computing the-
dian absolute deviatio(MAD) of ||e,|| [9].

o = a-median,(||e,|| — median (||e;||)|

The MAD provides a variance robust estimation| e, ||,

Where the IargeSt LP e_rrors are ConSIdergd ?’S.Oumer.s.' This 1This corpus was developed within the French inter-laboratory research
quantity en?‘bles to define a thr_eShOId'WmCh IS INSensitive 10 4royp |SIS and the French National Institute of Audiovisuel (INA)

peak magnitudes. In our experimentss set tol5. webpage: http://www-asim.lip6.fr/AIM/corpus/aim1/indexE.html
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Figure 3:The first 30 shots detected from fhiee Avengersideo. Each shot is represented by its median frame.
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