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Abstract variations are widely used for detecting cuts [1, 6, 15, 18].
These algorithms detect changes between the frames by

New methods for detecting shot boundaries in video se-comparing the differences of the consecutive video frame

quences and for extracting key frames using metrics basethtensity histograms.

on information theory are proposed. The method for shot - graqual transitions such as dissolves, fade-ins, fade-

cut detection relies on the mutual information and the joint 5t and wipes are examined in [7, 10, 11, 19, 21]. These

entropy between the frames. It can detect cuts, fade-ing ansitions are generally more difficult to be detected, due

and fade-outs. The detection technique was tested on T camera and object motion within a shot. fadeis a

vit;Je_o sequences hav_ing different types of _ShOt,S gnd CONgransition of gradual diminishing (fade-out) or heighten-
taining significant object and camera motion inside theing (fade-in) of visual intensity. Fades are widely used in
shots. Itis demonstrated that the method detects both fadefy; 444 their appearance generally signals a shot change.

and abrupt cuts with high accuracy. The method for keyrherefore, their detection is a very powerful tool for shot
frame extraction is using the mutual information. We show (|5 ssification and story summarisation. Existing tech-

that it captures satisfactorily the visual content of the shot. niques for fade detection rely on twin thresholding [2] or

Keywords: shot boundary detection, entropy, mutual in- grey level statistics [9] and have a relatively high false de-
formation, detection accuracy, video segmentation, videdection rate. Moreover, standard methods based on his-

analysis, key frame extraction tograms, even when they correctly detect scene changes,
they cannot distinguish between fades and other transi-
. tions [17].
1 Introduction Key frames provide a suitable abstraction and frame-

. . . . ) . _ work for video indexing, browsing and retrieval. The use
The indexing and retrieval of digital yldeo is an active re- . key frames greatly reduces the amount of data required
searph area. Shot boundary detectlon. and key frame ®h video indexing and provides an organizational frame-
tr.act|on are |mport§1nt tgsks for ar!alyzmg thg content OfWork for dealing with video content. Much research work
\/_lo!eo sequences, |_ndexmg, browsing, searching, SUMM33as been done in key frame extraction [8, 13, 20]. The sim-
rizing E.ind performing other content-based operations o plest proposed methods are choosing for each shot only
large V'd.eo databa_ses. . - one frame usually the first one, regardless of the complex-
. The video shot is a basic strugtural building block of-a ity of visual content. The more complicated approaches
wdeqbslequence e}ndnlts boulrdarfles need to Ee dzter_:jnme[ ke into account visual content, motion analysis and shot
possibly automatically to allow for content-based video activity [22]. These approaches either can not effectively

manipulation. A video shot may be defined as a SeqUENCe e the major visual content or are computationally ex-
of frames captured bpne camera in a single continu- pensive

ous action in time and spadd]. It should be a group of n thi hf h

frames that have consistent visual characteristics (includ-b n (tj IS p()japer,_we_ pr%pose a new apgrc_)ac odr S O.t
ing color, texture and motion). After shots are segmented oundary detection |n_t € uncompressed image domain
key frames can be extracted from each shiey frame based on the mutgal information and the joint entropy
is the frame which can represent the salient content of th&between consecutive frames. The mutual information

shot. Depending of the content complexity of the shot, one!S @ measure of the mformatpn passed from one frgme
or more frames can be extracted [22]. to another. Mutual information is used for detecting

Early work on shot detection mainly focused on abrupt abrupt cuts, where the image intensity or color is abruptly

cuts. A comparison of existing methods is presented in [3,changed. A large difference in content between two

9]. The standard color histogram-based algorithm and itsframes, that shows a Wegk mter-frame dependency leads
to a small value of mutual information.
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fade-in. The application of these entropy-based technique
for shot cut detection was experimentally demonstrated tq
be very efficient yielding false acceptance rate and fals
rejection rate very close to zero.

The proposed method was favorably compared to othe .. N (b)
recently proposed shot cut detection techniques. At first,
we compared the joint entropy metric to the technique re-Figure 1:Consecutive frames from “news” video sequence
lying on the average frame grey level descent (AD) for showing: (a) a fade-in,(b) a fade-out.
fade detection [9]. We also compared our algorithm to the
technique proposed in [17], which is an approach combin-
ing two shot boundary detection schemes based on color ® I(X,Y)=>0
frame differences and color vector histogram differences o for both independent and zero entropy sout¥esnd
between successive frames. Y:I(X,Y)=0

We propose also a method for extracting key frames
from each shot using already calculated mutual informa- ® 1(X,Y) =I(Y,X)
tion values. The mutual information expresses the content
changes and thus, the selected key frames capture well the
visual content of the shot.

The remainder of the paper is organized as follows. In
Section 2, a brief description of the mutual information I(X,)Y)=HX)+HY)-HX,Y) 4
and the joint entropy is presented. The description of our
approach for shot boundary detection is addressed in Sec-
tion 3. Our method for key frame extraction is described
in Section 4. Experimental results are presented and comin equation (4), the mutual information not only provides
mented in Section 5 and conclusions are drawn in Sectionys with a measure of association betweeérandY but
6. also determines the quantity of information carried by each
variable at their overlap. By these means, mutual informa-
tion decreases becaugg X) or H(Y) are weak in their
region of overlap. On the other side, the joint entropy sim-
ply represents the information shared ¥yandY” without
taking into account their separate contributions in their re-
Let X be a discrete random variable with a set of possi-gion of overlap.
ble outcomesAx = {ay,as,...,ax} having probabili-
ties{p1,p2,...,pn}, Withpx (2 = a;) = p;,p; > 0and 2.2  Video Cuts and Fades

px(z) =1L . . .
ZﬁAexentr(op))y measures the information content or “un-A Video shot cut (abrupt cut) is an instantaneous content

o the relation between the mutual information and the
joint entropy of the random variable¥ andY is
given by:

whereH (X) andH (Y") are the marginal entropies of
X andY.

2 Background and definitions

2.1 Mutual information

certainty” of X [5, 14] and it is given by: tran;ition frpm one sh_ot to the next one. It iS. obtai.ned
by simply joining two different shots without the insertion
H(X)=— Z px () logpx () (1) of any other photographic effect. The cut boundaries show
€Ay an abrupt change in image intensity or color. Cuts between

. . . shots with little content or camera motion and constant il-
It is a measure of expected _mformatlon across the all thq, ination conditions can be easily detected by looking
°“tC°rT‘e.S of the random ve}rlable. for sharp brightness changes. However, in presence of

Thejoint entropyof X, Y is expressed as: continuous fast object motion, camera movements or il-

_ lumination changes, it is difficult to distinguish if bright-
H(X,Y)= Z pxy (7, y)logpxy (v, y) (2) ness changes are due to these conditions or to the transition

TyEAx Ay from one shot to the other [2].
wherepxy (z,y) is the joint probability density function. Fading is an optical process determining the progres-
Themutual informatiorbetweenX andY is given by: sive darkening of a shot until the last frame becomes black
(fade-out, see Figure 1a). In the opposite, fade-in allows
I(X,Y)=— Z pxy (z,y)log pxy(T,y) the gradual transition from black frame to the fully illu-
wyCAx, Ay px ()py (y) minated one (see Figure 1b). Fades spread the boundary

3) between two shots across a number of consecutive video
and measures the amount of information thatonveys  frames. They have both starting and ending frames identi-
aboutY". fying the transition sequence. In both cases (fade-in, fade-

If X andY are independent random variables, some im-out) fades can be mathematically modeled as luminance
portant properties of the mutual information are: scaling operations.



If G(z,y,t) is a grey scale sequence ahdis the

length of the transition sequence, a chromatic scaling of

G(z,y,t) is modeled as [2]:

B(z,y.t) = Gla, y.t) - (1 — li) £ € [to, to + 1] (5)

S

Therefore, fade-out is modeled by:

lh—t

E(l‘,y7t):G1(l‘7y)'( I ) (6)
and fade-in by:
E(xu%t) :G2(x7y)(i) (7)

3 Shot detection

In our approach, the mutual information and the joint en-

tropy between two successive frames is calculated sepa

rutual infarmation
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Figure 2: Time series of the mutual information from
“star” video sequence showing detection of abrupt cuts.
X-axis: frame number. Y-axis: mutual information.
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rately for each of the RGB components. Let us consider

that grey levels of the image sequence vary frono

N — 1. Atframe f, threeN x N matricesC/’,,,, C¥,,,
andCftJrl are created, that carry information on the grey
level transitions between framgsand f; ;.

In other words, considering only thé? compo-
nent, the matrixC/, (i, j), with 0 <i <N —1 and
0<j<N-1, corresponds to the joint probabilitya
pixel with grey levetl in frame f; has grey levej in frame
Sea1. Cft +1(4,7) represent a co-occurrence matrix be-
tween framesf; and f;.,. Following equation (3), the
mutual informationZ, |, of the transition from framef,
to framef;,, for the R component is expressed by:

N—-1N-1

Z ZCHH i, log CE

i=0 j=0 tt+1

G t+1(Z J)
(i )Ct t+1(])
(8)

f t+1

and the total mutual information is given by:
©)

By the same considerations, the joint entraﬁi&fjt+1 of the
transition from framef; to frame f;.,, for the R compo-
nent, is given by:

_ TR G B
It,t+1 — Lt + It,t+1 + It,t+1

N—-1N-1

Z Z Cf t+1 i j)logCt f+1( i,5) (10)

=0 j=0

Ht 1

and the total joint entropy is obtained by:

= H{ + Hp + H (11)

Hiq

3.1 Abrupt cut detection

A small value of the mutual informatio#; ;; leads to
a high probability of having a cut between framgsand
fir1. Basically, in this context, abrupt cut detection is an

Figure 3:Time series of the mutual information from “bas-
ketball” video sequence showing abrupt cuts and fades.
X-axis: frame number. Y-axis: mutual information.

outlier detection in an one-dimensional signal [16]. In or-
der to detect possible shot cuts, an adaptive thresholding
approach was employed. Trimmed local mutual informa-
tion mean values on an one-dimensional temporal window
W of size Ny, are obtained at each time instanby trim-
ming the current valué;_,_ 1 at the current window cen-
tert,. [16]:
Itc = E[It,t+1]> (&S W7 13 7& te (12)

The quantityftC/ItthH is then compared to a threshold
e.. Some examples of abrupt cut detection using mutual
information are illustrated in Figure 2 and Figure 3.

Assuming that the video sequence has a lengthv pf
frames, the overall abrupt cut detection algorithm may be
summarized as follows:

e calculate the mutual information time seriés.,
(eq. 9 with0 <t < Np — 2.

e calculate the trimmed average mutual information
time seriesl;_ at instantt, (eq. 9) over a window
Ny without taking into account the value_ ;1.

o if

> ¢, then a cut is detected at instanpt

te, f(,+

3.2 Fade detection

In order to get high precision in the detection of start and
end points of fade-outs and fade-ins and to efficiently dis-
tinguish fades from cuts, the joint entropy (11) is em-

ployed. The joint entropy measures the amount of infor-
mation carried between frames. Therefore, its value de-
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Figure 4: Joint entropy pattern from “basketball” video
sequence showing a fade-out and a transition from a black
frame to the next shot. X-axis: frame number. Y-axis: joint g 1500 1950 2000 2080
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. . Figure 5:A mutual information pattern from “star” video
creases during fades, where a weak amount of inter-frame . :
Sequence presenting the clusters created after using our

information is present. .
Thus, only the values off; ;1 below a threshold’, mthod. The_ sel_ected potential key frames from each clus
nt[er is shown in Figure 10

set near to zero are examined. The instant, where the joi
entropy presents a local minimum, is detected and is char-

acterized as the end time instantof the fade-out. The  ,reqefined threshold If ;. < ¢ it means the content dur-
next step consists in searching for the fade-out start pmnﬁ]g the whole shot changed negligible, so whatever frame

t, in the previous frames using the criterion: can effectively express visual content. In our method for
Hi 41— Hy 14, - 13 shots with no or small changes in content the first frame is
Z€f (13) selected as a key frame.

Hi, 14, — Hy, 24,1 ) ) .
The shots with big changes in content are further pro-

wheree; is a predefined threshold. The same procedurecessed using a clustering method. The mutual informa-
also applies for fade-in detection (with being detected tion values in the shot are divided into clustdis}’ |,

at first). Finally, the segment is considered as a fade onlyyhere i is a number of clusters obtained after cluster-
if . —t, > 2, otherwise it is labeled as a cut. An exam- jng A threshold paramete¥ provides us a control over
ple of joint entropy pattern showing a fade-out detection isthe density of classification. Initially, first five mutual

presented in Figure 4. _ _ information values{/, 5, Is 3, ..., Is ; } are assigned to a
~ The overall fade-in detection algorithm may be summa-irst clusterc;. Then at each iteration next five values
rized as follows: {Ust+1,5t42, Ist+2,5043, -5 Ist45,5046 ) are added to the

cluster. The standard deviatien is calculated for the
cluster and is compared to the threshéld If o; > 4,
it means that content of the video sequence has changed.
o if, atinstantt,, the joint entropyf;, ;. +1 has alocal  Therefore, a new cluster is created and the next set of val-
minimum and is below a threshold, characterizas  ues is assigned to it. An example of such created clusters
a fade-in ending point. can be seenin Figure 5. This way all frames from the given
shot are splitted to the groups, dependently on the mutual
information values included in clusters. In other words,
lets suppose; = {I;, iy, Lis. iz, -5 Li,_,.i, } IS @ Obtained
cluster, then frames$f;,, fi,, ..., fi,_, } integrate a group
4 Key frame selection of frames with similar visual content. Finally, from each
group the first frame is taken as a potential key frame.
After video sequence temporal segmentation to the shots, After extracting potential key framels; } £ ; from the
the key frames can be selected from each shot for videshot s, we aim to reduce the number of key frames to
indexing. Our approach uses already calculated mutuatepresent the shot. To do this, these key frames are com-
information values, which provided us information about pared between themselves by calculating their mutual in-
content changes between consecutive frames in the shotormation. If the content of the frames even after chang-
Let us have a video shet= {fi, f, ..., fi} obtained by  ing is similar enough (indicated by a high mutual informa-
our method for shot cut detection. Let the mutual informa- tion value), it can be presented by less number of frames.
tion values in this shotbg = {1 2, I2 3, ..., Iy—1,n}. IN Therefore, ifly, x,., > ¢, wheree is a predefined thresh-
order to find if the content in the shot changes significantly,old, only the framek; is considered to be a key frame and
the standard deviatiof;, of the values of mutual informa- is compared to the next potential key framg,. Other-
tion in this shot is calculated. The valag, is comparedto  wise, both frame$; andk;, are taken as key frames and

¢ calculate the joint entropy time seriés ;1 (eq. 11)
WithOgtSNsz

o if equation (13) is satisfied at instaint andt, — ¢, >
2 thent, is characterized as the fade-in starting point.



Video sequences
| video [ frames [ cuts | fade-ins | fade-outs |

basketball | 3882 44 7 4
news 9446 40 6 6
football 5589 28 0 0 Figure 6: Consecutive frames from “football” video se-
star 19722 | 147 0 0 quence showing an abrupt cut between two shots coupled

with high movement.
Table 1:The video set used in our experiments and the re-
spective number of frames, abrupt cuts, fade-ins and fade
outs.

k.1 is further compared to the others potential key framesFigure 7: Consecutive frames from “football” video se-

{kivar. .. ki) quence showing an occlusion during panning.
5 Experimental results and dis- At first, experimental tests were performed using a com-
] mon prefixed threshold for all video sequences in order to
cussion detect shot boundaries. The results are summarized in Ta-

ble 3. The majority of the cuts were correctly detected

The proposed method was tested on several real TV seeven in the case of the “basketball” video sequence, which
quences having many commercials in-between (see Tacontains fast object and camera movements. Compared
ble 1), characterized by significant camera effects liketo histogram-based methods, the mutual information and
zoom-ins/outs and pans, abrupt camera movement and sigeint entropy metrics are not sensitive to shot illumination
nificant object and camera motion inside single shots (e.gchanges even in the RGB color model. As both operate
“basketball” video, Figure 3). The video sequences con-with co-occurrence matrices. Therefore, no false posi-
tain sport, studio news, advertisements, political talks andive appeared due to camera flashes (Table 3). A part of
TV series logos. For each video sequence, the human olthe “football” video sequence showing a cut between two
server has determined the precise locations and duratioghots involving high content motion that was successfully
of the edits to be used as ground truth. detected by the proposed method is presented in Figure 6.

In order to evaluate the performance of the segmentaA snapshot of the “football” sequence is shown in Figure
tion method presented in section 3, the following mea-7, where a big object appears in front of the camera. This
sures, inspired by receiver operating characteristics in stacase is generally characterized by standard methods as a
tistical detection theory, were used [3, 12]. &' denote  transition, while our method correctly did not characterize
the ground truth,Seg the segmented (correct and false) it so.
shots using our methods apf| the number of elements A second experiment consists in applying our algo-
(frames) of a sefy. The following measures have been rithms to the same sequences with an adaptive threshold
considered: chosen individually for each video sequence. As can be
observed in Table 4, the results illustrate slightly better
shot boundary detection rates with no false positive or true
negative fade detections compared to the fixed threshold.
1Seg (N GT| a4 In both experimental setups, the boundaries of the fades

|GT|

e the Recallmeasure, also called true positives func-
tion or sensitivity, corresponding to the probability of
detection:

Recall =

= o

o the Precision corresponding to the accuracy of the

joint entropy

w
o

method considering false detections: I " ]
af -
sion — 159G H 1M JLMJJJM
Precision = —2——— 15 2 hfesersimarion n
|Seg| (13) 15 e v E
1 threshold -
e theOverlapmeasure defined as: e \ 77777777777777777 ]
o ?’EI'EIU TQUU K}D BH';D
T frame nurmber
Overlap = 129N CT| (16)

S GT . . .
|Seg UGT| Figure 8: A joint entropy pattern from “star” video se-

Itis considered as a strong test for detection accuracyduence presenting no fades. The high values of the joint

since for example a shot of lengi¥i, shifted by one  entropy measure enable the method to avoid false detec-
frame results inz\% overlap. tions. X-axis: frame number. Y-axis: joint entropy.
L



=40 ' - ' ' ' ' - Color-based shot detection evaluation
z ] video cuts
z Recall | Precision
basketball | 0.91 0.97
news 0.96 0.98
| football 0.96 1.00
: 'i"a'i'—"fr-ar;é;r?é;nb;r star 0.93 0.98
e Table 2:Shot detection results using the method presented

in [17]. See text for measures explanation.

s30,715
63,0008

frame 4420 frame 4425 frame 4426 frame 4430 frame 4440

Cut to the dark frame

Figure 9: A joint entropy pattern from “news” video se-

guence presenting fades. The very low local minima of : " B
the joint entropy function represent fades. X-axis: frame frame 1904 frame 1058 frame 2013
number. Y-axis: joint entropy.

Figure 10: Potential key frames from “star” video se-
quence extracted from each cluster of the shot. After cal-

were detected within a precision &f2 frames. In most . : . . .
. culating mutual information between this frames only first
cases the boundaries towards black frames were recog-
i . - rame (frame number 1904) was selected as a key frame to
nized with no error. The robustness of the joint entropy

. . . . - represent content of the shot.
measure in fade detection and especially in avoiding false P

fade detections is illustrated in Figures 8 and 9.

Our method was also compared with two different ap-
proaches proposed in the literature. At first, we compared . . :
the joint entropy metric to the technique relying on the av- method operates in the HLS color space and ignores lumi-

erage frame grey level descent (AD) for fade detection."2NC€ informa_tion. The results of this algo_rithm_ applied
The AD method is based on the observation that the aver2" (€ Same video sequences are summarized in Table 2.

. . . : | false shot cut detections were performed due to
age frame grey level time series of a video sequence is ;evera : .
g grey g camera flushes. Although this approach has a high shot

decreasing function in the case of a fade-out. The oppo- . . !
site holds for fade-ins. As can be seen in Table 5, severa?Ut detection rate, its accuracy is generally lower com-

fades were not correctly detected by AD showing aweakerzar:/ld to the mUtL:al rl]nformatlon rlnzasure (stl?[st 3 :ntd
performance of AD than our approach (Tables 3 and 4). ). Moreover, our technique revealed more robust to shots

ith small length, occurring particularly during TV adver-
The above mentioned observations are also confirme%{iv 9 gp y g

by the detection error statistics provided by the AD tech- sements (tables 3 and 4).
nique and the proposed joint entropy (JE) approach and After video segmentation to the shots, we applied our
presented in Tables 6 and 7 respectively. For a total nummethod for key frame selection on the video sequences.
ber of 23 fades (Table 1), the starting and ending framesn case of shots without significant content changes our
were detected by both methods and various statistics on thﬁ]ethod Successfu”y chose on|y one frame, even if after
detection errors were calculated. The JE metric prOVideSjustering were extracted more potentia| key frames. An
a superior performance than the AD method in medianexample can be seen in Figure 10. For shots with big con-
and mean error values and presents no errors in fade-oyent changes (usually camera or object movements) more
end point detection. Furthermore, the significantly smallerkey frames were selected, depending on visual complex-
maximum errors of the JE technique with regard to AD, ity of the shot. An example of key frames extracted from
illustrate the robustness of our algorithm. one shot with more complicated content can be seen in
Finally, we compared our algorithm to the technique Figure 11. Our method does not strongly depends on the
proposed in [17]. This approach combines two shotthreshold parametef used for creating clusters, due to
boundary detection schemes based on color frame differfinal comparison of potential key frames. The examples
ences and color vector histogram differences between sumf selected key frames are shown in Figure 12. After us-
cessive frames. It is claimed to efficiently detect shoting our proposed method for shot boundary detection, this
boundaries even under strong edit effects and cameraethod is efficient to compute, because is using already
movement. In order to overcome the possible drawbackcalculated mutual information values, and as we showed it
of histogram sensitivity to shot illumination changes the captures satisfactorily visual content of the shot.



Figure 11:Examples of key frames selected by our method

i

from “star” video sequence to represent visual content of
one shot.

(6]

[7]

(8]

Figure 12: Examples of key frames extracted by our [9]
method from “star” video sequence.

6

Conclusions

New methods for shot boundary detection and key framel10]
selection using the mutual information and the joint en-
tropy measures were presented. The accuracy of our ap-

proach was experimentally shown to be very high. Exper—[ll]
iments have illustrated that fade detection using the joint
entropy can efficiently differentiate fades from cuts, pans,

object or camera motion and other types of video scene

transitions, while most of the methods reported in the cur-
rent literature fail to characterize these kinds of transitions.[12]
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Fixed threshold shot detection evaluation
video cuts fade-ins fade-outs
Recall | Precision| Recall | Precision| Overlap | Recall | Precision| Overlap
basketball | 1.00 1.00 1.00 1.00 0.78 1.00 1.00 0.90
news 0.96 1.00 1.00 1.00 0.71 1.00 1.00 0.85
football 0.93 1.00 - - - - - -
star 1.00 1.00 - - - - - -

Table 3:Shot detection results using a fixed threshold. See text for measures explanation.

Adaptive threshold shot detection evaluation
video cuts fade-ins fade-outs
Recall | Precision| Recall| Precision| Overlap | Recall [ Precision| Overlap
basketball | 1.00 1.00 1.00 1.00 0.78 1.00 1.00 0.90
news 1.00 1.00 1.00 1.00 0.71 1.00 1.00 0.85
football 0.93 1.00 - - - - - -
star 1.00 1.00 - - - - - -

Table 4:Shot detection results using an adaptive threshold. See text for measures explanation.

Grey level-based fade detection evaluation
video fade-ins fade-outs
Recall | Precision| Overlap| Recall | Precision| Overlap
basketball | 0.85 1.00 0.41 1.00 1.00 0.85
news | 1.00 0.86 0.54 1.00 0.86 0.65

Table 5:Fade detection results using the AD method.

AD Detection Error Statistics

effects fade-outs fade-ins fades
frame s Je Js Je s Jfe
median 1 1 15 1 1 1
mean+s.dev. | 1.7+£23 | 1.34+£09 | 25+3.2|29+40 | 214+28 | 22+3.0
max 8 4 9 13 9 13

Table 6: Fade detection error statistics for the average grey level descent-based technique (AD). The median, mean,
standard deviation and maximum values of the startifify énd ending f.) frame detection errors are presented. Errors
are expressed in terms of frame numbers.

JE Detection Error Statistics

effects fade-outs fade-ins fades
frame Ss Je Js Je s Je
median 1 0 0 1 0 1
mean+s.dev. | 21+26 | 0.0£00 | 02+06 | 27+£2.7 | 1.14+19 | 1.5+24
max 8 0 2 8 8 8

Table 7:Fade detection error statistics for the joint entropy-based technique (JE). The median, mean, standard deviation
and maximum values of the startinf, ) and ending f.) frame detection errors are presented. Errors are expressed in
terms of frame numbers.



