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Abstract

The large volume of video content generated each
day has led to the need for ezcient and e®e-
tive methals of video indexing and retrieval. A
common rst step in indexing video content is to
identify visually and semantically continuous sey-
ments or shots. In this paper, we presentthe mov-
ing query window approach to video shot bound-
ary detection. This usesthe techniquesof query-
by-example (QBE) and ranked results, both often
usal in content-basal imageretrieval (CBIR). Each
frame of the video is usal in turn as an example
guery on the image collection formed by the other
frames within a moving window. Transitions are
detected by monitoring the relative ranks of these
framesin the resultslist. We showthat this is an
e®etive approach for the shot boundary detection
task of the TREC-11 video track.

1 Intro duction

Video is the next frontier of visual information re-
trieval: for archived footage to be useful, its con-
tents must be known. Sincea video clip hasa time
dimension, this generally meansthat the content
must be reviewed sequetially, and sections of in-
terest identi ed. This is a costly and tedious task
to perform manually, and so automatic techniques
are required.

A video stream can be consideredto be composed
of small, coheren sections,called shots whereadja-
cert frames are generally similar. A small number
of sample frames can be selectedfrom ead shot
and indexed for usein video retrieval [4, 20]. The
answer to a video retrieval information need could

then be a list of shots that cortain frames judged
to be similar to the query requiremernts.

A shot is bounded at ead end by a transition.
The main types of transition are cuts, fades, dis-
solves, and spatial edits [5, 16]. The type and fre-
guency of transitions in a video clip is largely de-
pendent on the ageof the footage and the nature of
the content. Almost all transitions in fast-moving
television news footage are cuts, and dissolwes are
rare. In a documerntary, dissolvesand fadesappear
frequertly. Cuts, dissolwes, and fadesaccourt for
the majority of transitions; Lienhart [10] reports
proportions of more than 99%, and similar ratios
wereobsenedin the TREC-10 and TREC-11 video
collections.

Video footage can be segmered into shots by
detecting the shot start and end points, as signi-
“ed by transitions. The di®erencebetween adja-
cent framesof a shot is usually small, but increases
during transitions. Most shot boundary detection
algorithms identify transitions by monitoring for
signi cant changesin the video frames.

One method to measurethis changeis to com-
pare framespixel by pixel: transitions are reported
if the colour or intensity of a signi cant number of
pixels changesmuch from frame to frame [2]. How-
ever, pixel-by-pixel comparison of frames is gen-
erally computationally intensive, and sensitive to
object motion, noise, cameramotion, and changes
in camerazoom. Computing and comparing statis-
tics of the frames| sud asthe mean and stan-
dard deviation of pixel values [9], or histograms
of colour usage[13, 24] | reducessensitivity but
ertails computation overhead. Seeral researters
have used the information produced by the video
compressionprocessto achieve shot boundary de-



tection [1, 12, 22]. Thesemethodsaretypically fast,
since they do not needto completely decompress
the video stream prior to processing.However, they
are reported to su®erfrom low precision [2].

Recert work in this areausing colour histograms
includes that of Pickering et al. [14]. In their ap-
proach, frames are divided into nine blocks, and
red, green, and blue (RGB) colour componert his-
tograms extracted from eadh. The Manhattan
distance between the histograms of corresponding
blocks is calculated, and the largest of the three is
retained as the distance betweenthe blocks. The
median of the nine individual inter-block distances
is taken as the inter-frame distance. A transition
is reported if this distance is greater than a xed
threshold and also greater than the average dis-
tance value for the 32 surrounding frames.

Sun et al. [18] comparethe colour histograms of
adjacert frames within a moving window; a shot
boundary is reported if the distance between the
current frame and the immediately precedingoneis
the largestinter-frame distancein the window, and
signi cantly larger than the secondlargest inter-
frame distancein the samewindow.

The IBM CueVideo program uses a sampled
three-dimensional RGB colour histogram to mea-
surethe distance betweenpairs of frames|[17]. His-
tograms of recert frames are stored in memory,
and statistics are calculated for this moving win-
dow. These statistics are usedto determine adap-
tive threshold levels.

Text retrieval researtiershave long usedthe data
and bencdmarks provided by the Text Retrieval
Conference[6, 19] to evaluate the e®ectivenessof
di®erent approadies. TREC hasrecertly added a
new video track that provides corresponding data
setsand bendimarking schemesfor video retrieval,
with the TREC-10 conferencein 2001 the rst to
incorporate the new track [16]. In this paper, we
preser our approac to video segmemation based
on the concepts of querying by example image
(QBE) and ranked results, both regular features
of content-based image retrieval (CBIR).

We introduce in the next section our new ap-
proach. Section 3 addressesour choice of features
and parameters. In Section 4, we review the per-
formance of our technique on the TREC-11 shot
boundary detection task. In Section5, we conclude
and discusspossibleareasfor improvemert.

2 The moving query windo w technique

At RMIT University, we have previously studied
cortent-based image retrieval, or CBIR. A CBIR
system aims to satisfy the information need of a
user by selecting images from the collection that
best meet the user's requiremerts. With many
CBIR systems,userscorvey their requiremerts by
selectingfeaturessud as colour and texture from a
palette [3], sketching a represenation of the desired
image [8], or providing an exampleimagethat cap-
tures the qualities of the target image[7]. The last
two methods are categorisedas query-by-example,
or QBE.

In CBIR, a summary is producedfor ead image
in the collection that captures visual aspects sud
as colour and texture distributions, and the shape
and location of objects in the image. When using
QBE, a corresponding summary is producedfor the
guery. Thesesummariesare compared,and collec-
tion imagesare ranked by similarity to the query.
The useris then presened a list of all the images
in the collection, ranked from most similar to least
similar.

We have applied the conceptsof QBE and ranked
resultsto the video segmemation problem. Individ-
ual frames of the video stream are treated as the
qguery image, while surrounding frames are treated
asimagesin a collection.

We de ne a moving window of sizeN extending
equally on either side of the current frame, but not
including the current frame itself. The number N;
is referred to as the half window size (HWS). We
refer to the N7 frames precedingthe current frame
asthe pre-frames Similarly, the N7 window frames
following the current frame are post-frames Fig-
ure 1 showvs a moving window of ten frames, with
v e pre- and post-frameson either side of the cur-
rent frame.

We usethe current frame as a query on the col-
lection of frames inside this moving window, that
is, to the pre- and post-frames. This QBE orders
the N collection framesby decreasingsimilarity to
the query frame, with the most similar frame “rst,
and the most dissimilar frame last.

The di®erence between the current frame |
which is used as the query example | and the
frames before and after it will usually be near-
symmetrical. Thus, the pre- and post-frames will
be interspersedthroughout the ordered list of win-
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Figure 1: Moving query window with a half window size (HWS) of 5; the v e frames precedingand the
“v e frames following the current frame form a collection, against which the current frame is usedas a

query example.

Pre-frames Current frame Post-frames NumPreFrames
AAAAAAAAAAJAJAAAAAAAAAA 5
AAAAAAAAAA|IAlAAAAABEEBEEE 7
AAAAAAAAAA|A|lBEBEBEBBBBBBEB 10
AAAAAAAAAA[B]lEBEEBEBEBEBEBEE 0

aArrranaBBBB[B]BEEBBEBEBEBBEBEE

Figure 2: As the moving window traversesan abrupt transition, the number of pre-framesin the

N

2

frames most similar to the current frame varies signi cantly. This number (NumPreFramésrisesto a
maximum just before an abrupt transition, and drops to a minimum immediately after the transition.

dow frames, and the number of pre- and post-
framesin the top N7 results will be approximately

equal. Howewer, this changesin the vicinity of a
transition.
2.1 Abrupt transitions

As the current frame approaces a cut, frames
from the secondshot enter the window. All the
pre-frames are from the “rst shot (shot A), while
someof the post-framesbelongto the secondshot
(shot B). Howewer, the current frame is still from
shot A, so after computing the similarity to the
query, we generally nd the shot B frames ranked
the lowest, that is, lower than the shot A frames.
As a result, there is a rise in the number of pre-
framesin the top %

When the current frame is the last frame of
shot A, all pre-framesare from shot A, and all post-
frames are from shot B. At this point, the number
of pre-framesin the top N reaces a maximum,
since the shot A frames will all be ranked above
the shot B frames. This can be seenin Figure 2.
As the current frame movesinto the next shot, the
exampleimageis from shot B, sothe situation is re-
versed: the number of post-framesin the top N7 ex-
hibits a sharp rise, while the number of pre-frames
drops to near zero.

In the plot of Figure 3, the variation in the num-
ber of pre-framesin the top N7 results is shavn
over 200 frames of a clip. The location of the four
cuts and one dissole in this interval are above.
Cuts are accompaniedby a sharp drop in the num-

ber of pre-framesat the top of the ranked list.
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Figure 3: Plot of the number of pre-framesin the top half of the ranked results for a 200-frameinterval.
The "v e transitions preseri in this interval are indicated above the plot. The parametersusedfor HWS,
the upper threshold (UB) and the lower threshold (LB) are listed between parertheses.

2.2 Gradual transitions

The “rst transition in Figure 3 is a gradual tran-
sition. We seethat frame ranks within the mov-
ing window are also a®ectedby this transition, al-
though to a lesserextent than by the cuts. Our
technique can be modied to additionally detect
gradual transitions. When the moving window
traverses a gradual transition, we obsene three
phases:

1. Post-frames enter transition, but the
curren t frame is not yet in transition:
The number of pre-framesranked in the top
N7 rises, since the transition frames are less

similar to the example frame than the non-

transition frames.

2. Curren t frame in transition: The number
of pre-framesranked in the top N7 slowly de-
creases.

3. Curren t frame exits transition: The num-
ber of pre-frames ranked in the top N7 falls
signi cantly, sincethe pre-frames| which are
still within in the transition | are lesssimilar

to the examplethan the post-frames.

The three phasesof this transition can be seen
from the plot at the top of Figure 3. Considering
the number of pre-framesin the top N7 results, we
seethat this number increasestowards the peak as
we approac the start of a transition. During the
transition, the number returns to moderate values.
As the current frame exits the transition, the num-
ber of pre-framesdrops to a minimum, the value
gradually increasesagain as the transition frames
leave the half of the window that precedesthe cur-
rent frame. We can detect gradual transitions by
monitoring for this characteristic pattern.

In general, detection of gradual transitions is
more dixcult than detection of abrupt transitions.
In contrast to cuts, gradual transitions do not have
a sharpdivision betweenshots, and adjacert frames
within a gradual transition usually di®erby a small
amourt. To acceruate the di®erencedbetweenthe
frames, we could samplethe stream at a lower rate.
This would, however, reduce our precision: if we
use every nth frame, we can only resolve the shot
boundary to within n frames.

In our experiments, we use all frames, employ-
ing ead in turn asa query example. Howewer, we
omit the closestfew frames bordering the current
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Figure 4: Moving query window with a half window size (HWS) of 8, and a demilitarised zone(DMZ) of
three frameson either side of the current frame; the eight framesprecedingand the eight framesfollowing
the current frame form a collection, against which the current frame is usedas a query example.

frame from the collection. This leavesa gap, which
we refer to asthe Demilitarised Zone (DMZ) on ei-
ther side of the current frame, asillustrated in Fig-
ure 4. The DMZ e®ectiely determinesthe di®er-
encebetweenthe exampleframe and the most sim-
ilar frame from the window; a large value value for
the DMZ will blur the distinction between frames
of shot A and frames of shot B.

2.3 Algorithm details

In this section, we describe the details of our shot
boundary detection scheme. We begin by de ning
the algorithm parameters,and cortin ue with a de-
scription of the detection stepsfor transitions.

In our discussion,we refer to four primary param-
eters:

Half Windo w Size (HWS): The number of
frames from either side of the current frame
that are contained within the moving window.
Since we examine the top N7—ranking frames,
we use this number as the main parameter,
rather than the full window size (N) itself.
This is shown in Figure 4.

Demilitarised zone depth (DMZ): This is the
size of the gap betweenthe current frame and
the nearestframe that is part of the moving
window. SeeFigure 4 for an example.

Lower Bound (LB): This is the lower threshold.
Oncethe number of pre-framesfalls below this
level, a possibletransition is detectedasshowvn
in Figure 3.

Upp er Bound (UB): This is the upper thresh-
old. Oncethe number of pre-framesrisesabove
this level, a possibletransition is detected as
shown in Figure 3.

We contin ue next with a discussionof how abrupt
transitions are detected using the moving window
and these parameters.

Detection of cuts

To detect abrupt transitions, we monitor the num-
ber of pre-frames in the top N7 results as eadh
frame is examined. We refer to this number as
NumPreFrames We also measurethe slope of the
NumPreFramesurve. This is normally small, that
is, in the order of § 2.

As we near an abrupt transition, NumPreFrames
rises quickly and passesthe upper bound (UB).
Once we pass the transition, NumPreFramedalls
sharply below the lower bound (LB). The slope re-
°ects this by taking on a large positive value, fol-
lowed quickly by a large negative value. This be-
haviour can be obsened in Figure 3. We report
a possible cut if NumPreFramegxceedsUB, then
falls below LB in the spaceof two frames.

In some cases,the slope condition may be sat-
is ed inside a shot, where no transition exists.
This may occur where, for example, a tratc light
changesfrom red to green; all \red" frames will
be ranked together and separatelyfrom all \green"
frames, causing the slope to exhibit the requisite
behaviour. To avoid incorrectly declaring a cut in
such casesweimposethe condition that there must
be a large di®erencebetween the pre- and post-
frames. This is adchieved by requiring the average
distance of the top N7 framesto the query imageto
be lessthan half the averagedistance of the bottom
N? framesfrom the samequery image.

All comparisonsso far have beenrelative. To
further reducethe occurrenceof false positives, we
intro ducean absolutethreshold for the distancebe-
tweenthe last pre-frame and the “rst post-frame.



This is expressedas a proportion of the maxi-
mum distance possible between two frames using
the current feature and histogram represenation.
We xed this threshold at 25% of the maximum
possibledistance.

To summarise,a cut is reported if the following
conditions are satis ed:

1. The NumPreFrameslope takeson a large neg-
ative value;

2. The top N7 frames are signi cantly di®erert
from the bottom N7 frames;and,

3. The last pre-frame and the "rst post-frameare
signi cantly di®erert.

Since these conditions are not syndcronous, we al-
low them to be met at any point within an interval
of four frames. For example,the “rst condition may
be met at frame n, and the secondcondition may
be met at frame n + 2. If all three conditions are
met, we record a cut with the current frame being
the rst frame of the new shot.

Detection of gradual transitions

Detection of gradual transitions is more dixcult
than detection of abrupt transitions, and we need
to employ more heuristics. We experimented only
brie’y with gradual transition detection in this
work and, aswe show later, our detection of gradual
transitions is relatively ine®ective. We plan further
experimerts to determine the variation of parame-
ters required for improved detection of suc transi-
tions.

We noted in Section 2.2 that during a gradual
transition, NumPreframesoften risesto high levels,
then drops to low values, and remains there for a
sometime beforerising to return to typical levels.

We are alerted to a possible gradual transition
when we detect that NumPreframeshas remained
low for seweral frames. We regard the current frame
as marking the end of the transition.

To identify the beginning of the transition, we
look back to 'nd the location of the rst phase
of the gradual transition, that is, the point where
NumPreFramesrst risesto a high level designated
by the upper bound (UB).

Finally, we measurehow long NumPreframesre-
mains high. If this is more than a threshold value,
we declarea gradual transition.

In summary, a gradual transition is reported if the
following conditions are met:

1. The NumPreFrameslope remains low for sev-
eral frames, and

2. before this, NumPreFramecreasesto a high
level, and remains consisterlly high over sev-
eral frames.

If both conditions are met, we record a gradual
transition starting at the point NumPreFramesrst
exceedghe upper bound, and ending at the current
frame.

3 Selection of features and parameters

To comparedi®ereri featuresand identify suitable
parameters, the moving query window algorithm
was applied to detect shot boundarieson a subset
of the TREC-10 evaluation set comprising eleven
clips, containing a total of 996 cuts and 406 grad-
ual transitions. Each feature was evaluated using
parametersin the rangesshown in Table 1.

The e®ectivenessof the segmeration operation
is evaluated using the standard information re-
trieval measuresof recall and precision. Precision
represens the fraction of detected transitions that
match the referencedata:

_ Transitions correctly reported
Total transitions reported

Recall measuresthe fraction of all referencetransi-
tions that are correctly detected:

_ Transitions correctly reported
Total referencetransitions

Thesetwo measurescan be usedfor both abrupt
and gradual transitions. To ewvaluate how well
reported gradual transitions overlap with refer-
ence transitions, TREC-11 introduced the mea-
sures Frame Precision (FP) and Frame Recall
(FR).

Frames correctly reported in detected transition

FP = - —
Frames reported in detected transition

Frames correctly reported in detected transition

FR = - —
Frames in referencedata for detected transition




Parameter

Acronym Range start

Rangeend Step size

Half window size (%) HWS
Lower bound LB
Upper bound uB
De-militarised zone DMZ

6 30 2
1 4 1
HWS; 4 HWS; 1 2
0 10 2

Table 1: The rangesof valuesusedfor the parametersof the shot boundary detection algorithm.

Figure 5: (a) Input frame of dimensions352E 240. (b) FrameY (brightness)data placedin a super-frame
of dimensions512£ 256, with the unusedportion of the super-frame being setto black. (c) Transformed
super-frame; the data corresponding to the unused portion of the super-frame does not cortain any

information, and is discarded.

3.1 Features

We used one-dimensionalglobal histograms using
the HSV, Lab, and Luv colour spacesand a fourth
feature derived from the Daubecdieswavelet trans-
form of the frames. Preliminary experiments using
three-dimensionalcolour histograms have produced
slightly better results but we do not describe them
here.

The native colour space of the MPEG com-
pressedvideo streamis YC,C;. The wavelet-based
feature for eath frame was generated by comput-
ing the six-tap Daubedies wavelet transform coef-
“cients from the YC,,C, colour data. When calcu-
lating the wavelet transform using the Mallat al-
gorithm, the data dimensionsare halved after eat
pass[11, 21]. Thus, we can perform four passeson
frameswith dimensions352€ 240,ending at 22£ 15,
which cannot be transformed further. Frameswith
dimensions 32CE 240 can also be transformed four
times (ending at 20£ 15), while frameswith dimen-
sions 352E 288 can be transformed v e times (end-
ing at 11£ 9).

All clips used in TREC-11 had dimen-
sions 352 240; nevertheless, we should cater for
di®erert frame sizes. To allow comparisonof equiv-
alent wavelet scalesfor di®eren-size frames with-

out the expenseof resizing, we rearrangethe frame
data to 't into a super-frame with dimensionsthat
are a power of two. For example, the pixel data
from a 352 240 frame is inserted into a super-
frame of dimension512€ 256, as shown in Figure 5.
The unusedportion of the super-frameis zero-Tled,
and the transform data for this portion is later
discarded. With the new frame dimensions, eight
transform passesare possible,ending with the data
dimensions2£ 1. We call this feature the wavelet
transform on re-ordered data RWav.

Of the feature combinations tried, RWav proved
to be the most e®ectiwe for detecting cuts, and Luv
was the best feature to use for detecting gradual
transitions. The simple HSV feature also proved to
be e®ectiwe, with recall and precision comparable
to those of the best features. The amourt of pro-
cessingrequired to extract the HSV data from the
video stream is much lessthan the other features
under review. This low extraction cost may ren-
der HSV the most practical choice of feature for a
commercial system.

We found that while using only the luminance
componert of the colour data trebles processing
speed, detection e®ectivenessis signi cantly re-
duced. An exception is the RWav feature, where
the e®ectivenessin detecting cuts with only lumi-



Cuts Bins/Subbands HWS LB UB DMZ
HSV 384 20 4 18 0
Lab 1536 26 3 24 4
Luv 1536 10 4 8 0
Rwav 5 10 3 8 4
Gradual transitions Bins/Subbands HWS LB UB DMZ
HSV 48 20 4 18 4
Lab 192 22 3 20 4
Luv 1536 22 3 20 4
Rwav 4 20 3 18 4

Table 2: The best set of parametersvaries for eat feature and transition type; gradual transitions are
generally best detected with a DMZ of four. The e®ectof varying the DMZ is lesspronouncedfor cut
detection. While in somecasesthe best results are obtained with non-zeroDMZ, the di®erencewith the

DMZ=0 results is insigni cant.

Distance Measure Cuts Gradual transitions
Manhattan 0.983 0.716
Cumulative Manhattan  0.928 0.563
Histogram Intersection 0.925 0.591
Euclidean 0.898 0.513

Table 3: Performance of di®erert distance measuresusing the HSV colour feature and a subset of the
TREC-10 evaluation set. The simple Manhattan distance producesgood results.

nance(Y) information is relatively unchangedfrom
the full YC,C, version.

Although the global colour features generally
produced good results, they often failed to detect
cuts betweentwo shots of the samescenewherethe
camerafollowed an object moving rapidly against
a noisy badground. This type of cut is often eas-
ily detected by the wavelet (RWav) feature, which
presenesspatial layout information.

Conversely the wavelet feature is sensitive to
small changesin the frame content and performs
relatively poorly at "nding gradual transitions.
Howewer, the high-frequency data|corresp onding
to detail in the image|pla ys an important part
in cut detection; we obsene the best results when
using the “rst four or "ve transform sub-bands.
Further increasingthe number of sub-bandsinserts
too much detail, and adverselya®ectsperformance.
The volume of feature data stored per frame also
quadruples for eat additional sub-band, and so a
performancepenalty is also incurred.

3.2 Other parameters

The best choice of algorithm parametersvaried for
di®erert featuresand for the two transition types;
theseare listed in Table 2.

We found that transitions are best detected with
a half window size(HWS) of approximately 18or 20
frames. It is likely that the optimal value for HWS
will vary depending on the cortent of the footage
being examined; long, slow transitions will favour
larger values of HWS. We have not performed in-
depth experiments to test this supposition.

The lower bound (LB) and upper bound (UB)
determine the relative priorities of recall and pre-
cision. DecreasingLB towards zero generally in-
creasesprecision at the cost of recall. This e®ect
is relatively minor for cut detection, sincein most
cases,NumPreFramesctually reades zero at the
cut boundary. Detection of gradual transitions is
sensitive to the LB parameter, and our best prelim-
inary results were obtained with an LB of 3 or 4.

There is a close relationship between the best
choice of frame gap (DMZ) and the type of tran-



sition to be detected. Cuts are generally best de-
tected with no gap at all (DMZ=0), while grad-
ual transitions are best found with a small gap
(DMZ=4). Aswith HWS, we believe the bestvalue
is somewhatdependert on the type of video footage
being processedand we plan further experiments to
verify this.

As can be seenin Table 3, the Manhattan dis-
tance measureis the best among the four we ex-
perimented with. The relatively high computation
cost of the Euclidean distance measure makes it
unattractiv e for usein video.

4 TREC-11 Results

In TREC-11, groups were permitted to submit a
maximum of ten runs in the shot boundary detec-
tion task. The evaluation set consistedof eighteen
video clips, with 1466 cuts and 624 gradual tran-
sitions. We submitted runs using the parameters
shown in Table 4.

The recall and precision levels obtained for de-
tection of cuts and gradual transitions are plotted
in Figure 6. The numbered squaresand numbered
circles correspond to moving query window results
for abrupt and gradual transitions respectively. Re-
sults submitted to TREC-11 by other groups are
indicated by the small squaresand circles. Simi-
larly, Figure 7 shows the performance of our ap-
proach and that of other systemswhen detecting
gradual transitions, as measuredby Frame Recall
and Frame Precision.

The moving query window showved good results
on detection of cuts and poor results for gradual
transitions. Algorithm parametersthat performed
well on abrupt transitions performed poorly on
gradual transitions, and vice versa. Run ten |
using the RWav feature | produced the best re-
sults for detection of abrupt transitions, but failed
to detect any gradual transitions.

5 Summary

We have introduced a new moving query window
approad that appliesthe CBIR conceptsof query-
ing by example image and ranked results to de-
tect shot boundariesin video. We have described
the parametersof the algorithm, and discussedthe
stepsusedto determine the presenceof transitions.

We have identi ed sewral areaswhere modi ca-
tions could lead to improved exciency and e®ec-
tiveness. One improvemert could be to presene
some information about the spatial colour distri-
bution in the colour features; this can be done by
using local rather than global colour histograms.

Our algorithm is sensitive to sudden changesin
the video brightness level, photographic °ashes,
and the appearanceand disappearanceof textual
captions. This sensitivity can be reduced by in-
tegrating existing work on detectors for suc phe-
nomenall5, 23].

Populating the window requires that the algo-
rithm begin operation from the N7th frame, and
end & framesbeforethe end. Transitions occurring
within the excluded regions cannot be detected.
Other methods must be usedto handle the approx-
imately half-secondof footage at the extremities of
ead clip.

The routines for detection of cuts and gradual
transitions are independert, and may interfere de-
structiv ely; sincethe conditions to be met for cuts
are stricter than those for gradual transitions, we
made a decisionto give precedenceo cuts; if a cut
hasalready beendetectedin the transition interval,
the gradual transition is not reported. In addition,
we have not experimented in detail with the detec-
tion of gradual transitions and we plan future work
on selecting heuristics for this domain.

Overall, we have shawvn that our method pro-
duces competitiv e results. In particular, we have
shavn that the RWav feature, derived from the
Daubedies wavelet transform of the frame data,
produces excellert cut detection results. Our pa-
rameters were basedon experimerts using a subset
of the TREC-10 ewaluation set, and are therefore
not necessarilyoptimal for the TREC-11 ewalua-
tion set. We expect that results can be improved
through experimentation with dynamic thresholds
and other adaptive parameters.
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Figure 6: Performance of the moving query window for cuts and gradual transitions on the TREC-11
shot boundary detection task.

Run Feature type Colour Vector Half window Lower Upper Demilitarised

space length size(HWS) Bound (LB) Bound (UB) Zone(DMZ)
1  Colour histogram HSV 384 20 4 18 0
2 Colour histogram HSV 96 20 3 16 4
3  Colour histogram Lab 1536 12 6 10 0
4  Colour histogram Lab 1536 26 3 24 0
5  Colour histogram Lab 1536 26 3 24 4
6  Colour histogram Luv 1536 10 4 8 0
7  Colour histogram Luv 1536 22 3 20 4
8  Colour histogram Luv 1536 26 3 24 4
9 Wavelet (5 scales) YC,C, 1176 10 3 8 0
10 Wavelet (5 scales) YC,C; 1176 20 3 18 0
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Table 4;: Parametersusedfor ead submitted run.
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Figure 7: Performanceof the moving query window for gradual transitions on the TREC-11 shot bound-
ary detection task, as measuredby Frame Recall and Frame Precision.
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