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MotivationMotivation
Modern world is awash in informationModern world is awash in information

Coming from multiple sourcesComing from multiple sources
Around the clockAround the clock
Lately much of the information is delivered visually by Lately much of the information is delivered visually by 
means of videomeans of video

Usefulness of this information is limited by the Usefulness of this information is limited by the 
lack of adequate means of accessing itlack of adequate means of accessing it
Particularly in video newsParticularly in video news

Numerous television stations broadcast continuouslyNumerous television stations broadcast continuously
Much of the news is irrelevant the viewerMuch of the news is irrelevant the viewer
In order to see everything that is interesting he or she In order to see everything that is interesting he or she 
would need to view the entire broadcastwould need to view the entire broadcast



ProblemProblem
Lack of adequate methods of accessing video contentLack of adequate methods of accessing video content
Video Information RetrievalVideo Information Retrieval

Is the broad research addressing this problemIs the broad research addressing this problem
Provide users with effective and intuitive access to video conteProvide users with effective and intuitive access to video content nt 
relevant to their information needsrelevant to their information needs

Story Tracking in Video News BroadcastsStory Tracking in Video News Broadcasts
Is one of the main tasks of Video Information RetrievalIs one of the main tasks of Video Information Retrieval
Consists in detecting and reporting to the user portions of the Consists in detecting and reporting to the user portions of the 
news broadcast relevant to the news story the user is interestednews broadcast relevant to the news story the user is interested
inin
This work addresses the problem of story tracking in video news This work addresses the problem of story tracking in video news 
broadcastsbroadcasts



Proposed SolutionProposed Solution

ObservationObservation
News stations reuse video footageNews stations reuse video footage in order to in order to 
provide visual clues for the viewers.provide visual clues for the viewers.

ThesisThesis
Accurate detection of repeated video footage Accurate detection of repeated video footage 
can be used to effectively track stories in live can be used to effectively track stories in live 
video news broadcasts.video news broadcasts.



Presentation OutlinePresentation Outline

Story tracking stagesStory tracking stages
Temporal Video SegmentationTemporal Video Segmentation
Repeated Video Sequence DetectionRepeated Video Sequence Detection
Story trackingStory tracking

ConclusionsConclusions
Future WorkFuture Work
Questions and DiscussionQuestions and Discussion



Temporal Video Temporal Video 
SegmentationSegmentation



Problem DefinitionProblem Definition

Recover the basic structure of videoRecover the basic structure of video
Detect Shots and TransitionsDetect Shots and Transitions

ShotShot
Sequence of consecutive framesSequence of consecutive frames
Single camera working continuouslySingle camera working continuously

TransitionTransition
Sequence of frames combining two shotsSequence of frames combining two shots
Wide variety of transition effects are used Wide variety of transition effects are used 
(cuts, fades, dissolves, wipes, etc.)(cuts, fades, dissolves, wipes, etc.)



Transition ExamplesTransition Examples
Cut

Fade-out

Dissolve



Temporal Segmentation Temporal Segmentation 
for Story Trackingfor Story Tracking

Effective story trackingEffective story tracking
Requires accurate identification of Requires accurate identification of short shotsshort shots

Repeated video clips are often only a few seconds in lengthRepeated video clips are often only a few seconds in length

Emphasizes Emphasizes accurate daccurate dissolve detectionissolve detection
Repeated shots are frequently introduced using dissolvesRepeated shots are frequently introduced using dissolves

Additional ChallengesAdditional Challenges
OnOn--screen captionsscreen captions
PicturePicture--inin--picturepicture



Principles of Transition DetectionPrinciples of Transition Detection

ObservationObservation
Frame content changes radically during transitionFrame content changes radically during transition

Detect changes in frame contentDetect changes in frame content
Compare pixelsCompare pixels

Sensitive to NoiseSensitive to Noise
Computationally intensiveComputationally intensive

Compare image featuresCompare image features
Reflect changes in image contentReflect changes in image content
Address the problems aboveAddress the problems above
Variety of features availableVariety of features available

Color histogram, Texture, Motion, Color histogram, Texture, Motion, Color MomentsColor Moments



Related WorkRelated Work

Research in Temporal Segmentation is well establishedResearch in Temporal Segmentation is well established
Different image features have been used to detect cutsDifferent image features have been used to detect cuts

GargiGargi, , LienhartLienhart, Truong use intensity histogram, Truong use intensity histogram,,
LuptaniLuptani, , ShahrarayShahraray use interuse inter--frame motionframe motion,,
ZabihZabih utilizes edge pixelsutilizes edge pixels..

Image variance characteristics have been employed in fade and Image variance characteristics have been employed in fade and 
dissolve detection by Lienhart, Alattar, and Truong.dissolve detection by Lienhart, Alattar, and Truong.
Zabih proposed gradual edge strength changes for recognition of Zabih proposed gradual edge strength changes for recognition of 
fades and dissolves.fades and dissolves.
LienhartLienhart introduced a neural network pattern recognition methodintroduced a neural network pattern recognition method

Good performance, but very slowGood performance, but very slow

Best results reported by TruongBest results reported by Truong



Color MomentsColor Moments

In this work we use first three moments of the In this work we use first three moments of the 
basic image components: red, green, and bluebasic image components: red, green, and blue

Mean Mean M(t,cM(t,c))
Standard Deviation Standard Deviation S(t,cS(t,c))
Skew Skew K(t,cK(t,c))
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Color Moment as Histogram Color Moment as Histogram 
ApproximationApproximation
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Our Approaches toOur Approaches to
Temporal SegmentationTemporal Segmentation

Basic AlgorithmBasic Algorithm
Analyzes color moment differences (Analyzes color moment differences (crosscross--
differencedifference) over a certain window of frames) over a certain window of frames
Detects transitions if the difference exceeds a Detects transitions if the difference exceeds a 
predetermined thresholdpredetermined threshold

Transition Model Pattern DetectionTransition Model Pattern Detection
Identifies Identifies patterns in color moment time seriespatterns in color moment time series
which are typical of individual transition typeswhich are typical of individual transition types



CrossCross--Difference AlgorithmDifference Algorithm
CrossCross--DifferenceDifference
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ddijij is the average color moment difference between frames is the average color moment difference between frames ii and and jj
tt is the frame at which transition potentially occurredis the frame at which transition potentially occurred
ww is a predefined size of a frame windowis a predefined size of a frame window

Fast and simpleFast and simple
Inadequate performanceInadequate performance

Differences in moments may result from motionDifferences in moments may result from motion
The algorithm is unable to distinguish well between effects of The algorithm is unable to distinguish well between effects of 
motion and gradual transitionsmotion and gradual transitions



Mathematical Models of Mathematical Models of 
Transition EffectsTransition Effects

CutCut
Direct concatenation of two shots not involving any transitionalDirect concatenation of two shots not involving any transitional
frames, and so the transition sequence is emptyframes, and so the transition sequence is empty

],0[),,,,()(),,,( 1 TttcyxItftcyxI ∈⋅=

FadeFade
is a sequence of frames is a sequence of frames I(xI(x, y, c, t), y, c, t) of duration of duration TT resulting from resulting from 
scaling pixel intensities of the sequence scaling pixel intensities of the sequence II11(x, y, c, t)(x, y, c, t) by a by a 
temporally monotone function temporally monotone function f(tf(t))

DissolveDissolve
is a sequence is a sequence I(xI(x, y, c, t), y, c, t) of duration of duration TT resulting from combining resulting from combining 
two video sequences two video sequences II11(x, y, c, t)(x, y, c, t) and and II22(x, y, c, t)(x, y, c, t), where the first , where the first 
sequence is fading out while the second is fading insequence is fading out while the second is fading in

],0[),,,,()(),,,()(),,,( 2211 TttcyxItftcyxItftcyxI ∈⋅+⋅=



ModelModel--based Detection Methodsbased Detection Methods

Implications of the transition modelsImplications of the transition models
CCharacteristic patternsharacteristic patterns in image feature time seriesin image feature time series
Transitions may be dTransitions may be detectetected by recognizing ed by recognizing patternpatterns typical of s typical of 
each transition typeeach transition type

Cut DetectionCut Detection
Identify abrupt changes in the time seriesIdentify abrupt changes in the time series

Fade DetectionFade Detection
Find monotonically increasing or decreasing image variance Find monotonically increasing or decreasing image variance 
sequences which start or end on a monochrome framesequences which start or end on a monochrome frame

Dissolve DetectionDissolve Detection
Recognize parabolic sequences in the time series of image Recognize parabolic sequences in the time series of image 
variancevariance



Cut Reflected in Color MeanCut Reflected in Color Mean
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FadeFade--out and Fadeout and Fade--inin
Reflected in Color Reflected in Color Standard DeviationStandard Deviation
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Dissolve Reflected Dissolve Reflected 
in Color Standard Deviationin Color Standard Deviation
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Performance EvaluationPerformance Evaluation

x stransitionallofnumber
x stransitionreported orrectlycofnumberRrecall x

x ==

x stransitionreported allofnumber
x stransitionreported correctlyofnumberPprecision x

x ==

Correctly reported transitionsCorrectly reported transitions
Reported transitions which overlap some actual transitions of thReported transitions which overlap some actual transitions of the e 
same typesame type

Missed transitionsMissed transitions
Actual transitions which did not overlap Actual transitions which did not overlap anyany detected transitionsdetected transitions

False alarmsFalse alarms
Detected transitions which did not overlap Detected transitions which did not overlap anyany actual transitionsactual transitions



Experimental DataExperimental Data

VideoVideo
60 minutes of a CNN News broadcast from 60 minutes of a CNN News broadcast from 
Nov 11, 2003Nov 11, 2003
Recorded using Windows Media EncoderRecorded using Windows Media Encoder
Format: 160x120 pixels, approx. 30 fpsFormat: 160x120 pixels, approx. 30 fps

Ground TruthGround Truth
Established manually Established manually –– tedious!tedious!
618 Cuts, 89 Fades, 189 Dissolves, 70 618 Cuts, 89 Fades, 189 Dissolves, 70 
Special EffectsSpecial Effects



Transition Annotation GUITransition Annotation GUI



Cut DetectionCut Detection

Detect differences in Detect differences in color momentscolor moments
between consecutive framesbetween consecutive frames

Declare a cut if difference exceeds Declare a cut if difference exceeds an an 
adaptive adaptive thresholdthreshold
Threshold: Weighted sum of mean and Threshold: Weighted sum of mean and 
standard deviation of moment difference over standard deviation of moment difference over 
a window of framesa window of frames



Cut Detection PerformanceCut Detection Performance
5.0)1( =⋅−+⋅= ααα withprecisionrecall utility

% 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5
0.5 50.39 49.84 49.39 49.26 48.97 47.76 46.26 2.91 0.00 0.00
1.0 90.5851.05 51.99 53.86 59.98 76.12 84.29 0.00 0.00 0.00
1.5 92.0962.62 71.51 81.91 90.12 87.80 58.87 0.00 0.00 0.00
2.0 92.2081.18 87.19 90.98 88.90 78.98 51.45 0.00 0.00 0.00
2.5 91.3788.74 90.99 89.56 83.97 71.42 0.00 0.00 0.00 0.00
3.0 91.2490.94 89.88 85.80 78.29 62.97 0.00 0.00 0.00 0.00
3.5 91.01 89.73 86.87 81.90 73.37 58.45 0.00 0.00 0.00 0.00
4.0 89.63 88.01 83.53 78.11 68.52 55.12 0.00 0.00 0.00 0.00
4.5 88.47 85.51 80.48 74.57 63.65 53.07 0.00 0.00 0.00 0.00
5.0 86.42 82.39 78.35 71.84 60.32 51.88 0.00 0.00 0.00 0.00
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Fade DetectionFade Detection

Similar to algorithms existing in literatureSimilar to algorithms existing in literature
AlgorithmAlgorithm

Detect monochrome frame sequencesDetect monochrome frame sequences
Detect potential fade sequences around themDetect potential fade sequences around them

Search for peaks in a smoothed first derivativeSearch for peaks in a smoothed first derivative

Test for the following criteriaTest for the following criteria
Slope minimum and maximumSlope minimum and maximum
Slope dominance thresholdSlope dominance threshold

Performance is very high and equivalent to other Performance is very high and equivalent to other 
available methodsavailable methods



Fade Detection PerformanceFade Detection Performance

Minimal Slope Recall Precision Utility
0.0 92.9% 97.5% 95.18%

0.5 92.9% 97.5% 95.18%
1.0 90.5% 98.7% 94.59%

1.5 82.1% 98.6% 90.36%

2.0 71.4% 98.4% 84.89%

2.5 67.9% 98.3% 83.07%

3.0 64.3% 98.2% 81.23%

3.5 58.3% 100.0% 79.17%

4.0 57.1% 100.0% 78.57%

4.5 51.2% 100.0% 75.60%

5.0 47.6% 100.0% 73.81%



Dissolve DetectionDissolve Detection
Detect parabolic shape in variance curveDetect parabolic shape in variance curve
ProblemsProblems

Parabolic shape may be highly distortedParabolic shape may be highly distorted
Similar patterns are caused by motion and camera Similar patterns are caused by motion and camera 
panspans

SolutionSolution
Detect minimum of the Detect minimum of the variance variance curvecurve
Apply additional conditionsApply additional conditions to improve precisionto improve precision

TruongTruong pproposes a set of roposes a set of four four conditions on conditions on 
variancevariance

Performance: recall and precision ~65%Performance: recall and precision ~65%



Dissolve DetectionDissolve Detection
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Dissolve DetectionDissolve Detection
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Our ApproachOur Approach

ObservationObservation
Color mean should change linearly during Color mean should change linearly during 
dissolvedissolve

MethodMethod
Remove one of the conditions on varianceRemove one of the conditions on variance
AddAdded a condition on meaned a condition on mean

ResultResult
Increased precisionIncreased precision



Dissolve Detection PerformanceDissolve Detection Performance

Condition Match False Alarm Missed Recall Precision Utility
Minimum Variance 186 5786 3 98.4% 3.1% 50.76%

Minimum Length 185 3410 4 97.9% 5.1% 51.51%

Min Bottom Variance 184 3345 5 97.4% 5.2% 51.28%

Start/End Variance Diff 170 194 19 89.9% 46.7% 68.33%

Average Variance Diff 164 95 25 86.8% 63.3% 75.05%

Center Mean 158 45 31 83.6% 77.8% 80.72%

15% 15% 
improvementimprovement



Temporal Video SegmentationTemporal Video Segmentation
ConclusionsConclusions

Overall performanceOverall performance
Cut detection: recall 90%, precision 95%Cut detection: recall 90%, precision 95%
Fade detection: recall 93%, precision 98%Fade detection: recall 93%, precision 98%
Dissolve detection: recall 83%, precision 78%Dissolve detection: recall 83%, precision 78%

Future workFuture work
Dissolve detection leaves room for Dissolve detection leaves room for 
improvementimprovement
Special effect detection should be exploredSpecial effect detection should be explored



Repeated Video Repeated Video 
Sequence DetectionSequence Detection



Problem DefinitionProblem Definition

GoalGoal
Detect repetitions of video footage for purposes of Detect repetitions of video footage for purposes of 
story trackingstory tracking

ChallengesChallenges
Sequence MatchingSequence Matching

Handle partially matching sequencesHandle partially matching sequences

Repetition DetectionRepetition Detection
There are over 20,000 shots in typical a 24There are over 20,000 shots in typical a 24--hour broadcasthour broadcast
All pairs of shots need to be consideredAll pairs of shots need to be considered
The process must be completed in realThe process must be completed in real--timetime



Video Sequence MatchingVideo Sequence Matching

Develop Similarity Metrics corresponding Develop Similarity Metrics corresponding 
to visual similarityto visual similarity

Frame similarity metricFrame similarity metric
Complete sequence similarityComplete sequence similarity
Partial sequence similarityPartial sequence similarity

Establish similarity levels required for Establish similarity levels required for 
sequences to be considered matchingsequences to be considered matching



Related WorkRelated Work
Semantic Video RetrievalSemantic Video Retrieval

Determine if two video sequences have conceptually similar Determine if two video sequences have conceptually similar 
contentcontent
Cognitive gap Cognitive gap –– machines are currently unable to identify high machines are currently unable to identify high 
level conceptslevel concepts

Video CoVideo Co--Derivative DetectionDerivative Detection
Determine if two video sequences have been derived from the Determine if two video sequences have been derived from the 
same sourcesame source
Received less attention in research communityReceived less attention in research community
HoadHoad and and ZobelZobel propose three methods of measuring copropose three methods of measuring co--
derivative similarity: cut pattern, derivative similarity: cut pattern, centroidcentroid position pattern, intraposition pattern, intra--
frame color changeframe color change
Cheung develops video signature based on random vectors in Cheung develops video signature based on random vectors in 
image feature spaceimage feature space
Partial sequence similarity has not been exploredPartial sequence similarity has not been explored



Frame SimilarityFrame Similarity MetricMetric

b)(t,K g),(t,K r),(t,K b),(t, Sg),(t, Sr),(t, Sb),(t, Mg),(t, Mr),(t,M  V xxxxxxxxxx =

( ) ( )baba ffmentDiffFrameAvgMoffFrmSim ,1, −=

( ) ( )⎟
⎠

⎞
⎜
⎝

⎛
= ∑

=

9

1
,

9
1,

i

b
i

a
ip

ba VVLffmentDiffFrameAvgMo

( ) ( ) ( )( ) ppb
i

a
i

b
j

a
ip ctVctVVVL

1

,,, ⎥⎦
⎤

⎢⎣
⎡ −=

( ) ThresholdframeMatchffFrmSimff baba ≥⇔≈ ,



Color Moments as Frame Color Moments as Frame 
RepresentationRepresentation

0%

1%

2%

3%

4%

5%

6%

7%

8%

9%
0 10 20 30 40 50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

15
0

16
0

17
0

18
0

19
0

20
0

21
0

22
0

23
0

24
0

25
0



Complete Sequence Similarity Complete Sequence Similarity 
MetricsMetrics
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Color Moments as Sequence Color Moments as Sequence 
RepresentationRepresentation
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Partial Sequence Similarity MetricPartial Sequence Similarity Metric
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Partial Sequence MatchingPartial Sequence Matching

Optimal threshold valuesOptimal threshold values
frameMatchThresholdframeMatchThreshold = 3.0= 3.0
LL = 30 frames= 30 frames
clipMatchThresholdclipMatchThreshold = 0.50= 0.50

Determined experimentallyDetermined experimentally
Using a 24Using a 24--hour CNN News broadcasthour CNN News broadcast
Selected values producing best recall and Selected values producing best recall and 
precisionprecision



Other ObservationsOther Observations

Other metrics consideredOther metrics considered
Normalized color moment metricNormalized color moment metric
Color moment difference metricColor moment difference metric

Unsuitable for video news broadcastsUnsuitable for video news broadcasts
Work well for sequences with substantial Work well for sequences with substantial 
motionmotion
Do not work for static sequences, such as Do not work for static sequences, such as 
anchor persons, studios, interviewsanchor persons, studios, interviews



Repetition Repetition DetectionDetection

Develop methods of detecting repeated Develop methods of detecting repeated 
sequences in a live video broadcastsequences in a live video broadcast
Related WorkRelated Work

GauchGauch developed commercial detection developed commercial detection 
system using color moments as frame featuresystem using color moments as frame feature
PuaPua used color moment hashing and filtering used color moment hashing and filtering 
to detect repeated video sequencesto detect repeated video sequences
Our research extended their work to handle Our research extended their work to handle 
partial repetition detectionpartial repetition detection



Detection MethodsDetection Methods
Exhaustive sequence matchingExhaustive sequence matching

Choose every pair of subsequences in the broadcastChoose every pair of subsequences in the broadcast
Compute similarity metric value, i.e. compare frame by frameCompute similarity metric value, i.e. compare frame by frame

Exhaustive Exhaustive shot matchingshot matching
Choose every pair of shots in the broadcastChoose every pair of shots in the broadcast
Compute partial similarity metricCompute partial similarity metric

Align the shots in every way for which the overlap is at least Align the shots in every way for which the overlap is at least ∆∆LL
Compare overlapping sequences frame by frameCompare overlapping sequences frame by frame

Filtered shot Filtered shot matchingmatching
Determine which shots have a potential to matchDetermine which shots have a potential to match
Compute partial similarity metric only for the potentially matchCompute partial similarity metric only for the potentially matching ing 
shotsshots



Time ComplexityTime Complexity
LetLet

nn be the number of frames in the broadcastbe the number of frames in the broadcast
In 24In 24--hour broadcast at 30fps n = 2.9 millionhour broadcast at 30fps n = 2.9 million

cc be the number of shots in the broadcastbe the number of shots in the broadcast
In 24In 24--hour broadcast hour broadcast cc is approx. 20,000, is approx. 20,000, cc is proportional to is proportional to nn

pp be the average shot lengthbe the average shot length
pp is independent of is independent of nn, p=, p=n/cn/c ~~ 150 frames150 frames

ff be the fraction of potentially matching shotsbe the fraction of potentially matching shots
Exhaustive Sequence MatchingExhaustive Sequence Matching

O(nO(n44))
Exhaustive Shot MatchingExhaustive Shot Matching

O(cO(c22 * p) = O(n* p) = O(n22/p)/p)
Filtered Shot MatchingFiltered Shot Matching

O(cO(c * c * f * p) = O(fn* c * f * p) = O(fn22/p)/p)
The only viable alternative for realThe only viable alternative for real--time detectiontime detection



Filtered Shot Matching AlgorithmFiltered Shot Matching Algorithm

Moment QuantizationMoment Quantization
Assign each frame to a hyperAssign each frame to a hyper--cube of color cube of color 
moment spacemoment space
Uniformly quantize color momentsUniformly quantize color moments

qVqVii = = floor(Vfloor(Vii / / qStepqStep))
qStepqStep = 6.0= 6.0

Frame HashingFrame Hashing
Compute hash value for every frameCompute hash value for every frame
Place each frame in a hash table

Moment QuantizationMoment Quantization

Frame HashingFrame Hashing

Shot FilteringShot Filtering

Place each frame in a hash table
Shot MatchingShot Matching
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Filtered Shot Matching AlgorithmFiltered Shot Matching Algorithm

Shot FilteringShot Filtering
For a given shot For a given shot ss find potentially matching shotsfind potentially matching shots
Consider every frame in Consider every frame in ss
Find all other frames with the same quantized momentsFind all other frames with the same quantized moments

Retrieve from hash tableRetrieve from hash table
Compute qCompute q--similarity for every shot similarity for every shot vv

Number of frames in Number of frames in vv and in and in ss whose quantized moments are whose quantized moments are 
equalequal

Chose shots with qChose shots with q--similarity > similarity > qSimThresholdqSimThreshold
qSimThreshqSimThresh = 10 frames= 10 frames

Shot MatchingShot Matching
Compute partial similarity metrics for every pair of potentiallyCompute partial similarity metrics for every pair of potentially
matching shotsmatching shots



Shot Matching PerformanceShot Matching Performance
Shot No.

No. of 
Frames

True 
Matches

Detected 
Matches

True 
Positives

False 
Positives

False 
Negatives Recall Precision

5925 553 2 2 2 0 0 100% 100%
7611 266 6 8 5 3 1 83% 63%
7612 360 6 7 6 1 0 100% 86%
7613 1017 3 4 2 2 1 67% 50%
9509 457 5 5 5 0 0 100% 100%
9514 76 3 2 2 0 1 67% 100%
9524 167 4 4 4 0 0 100% 100%

11490 321 6 5 5 0 1 83% 100%
18323 309 3 3 3 0 0 100% 100%
19750 776 4 6 3 3 1 75% 50%

Overall 86% 91%

Performance equivalent to exhaustive shot matchingPerformance equivalent to exhaustive shot matching
Substantially fasterSubstantially faster



Shot Matching Execution TimeShot Matching Execution Time
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Shot Matching DemoShot Matching Demo



Repeated Sequence DetectionRepeated Sequence Detection
ConclusionsConclusions

ResultsResults
Successfully detected partially repeated video Successfully detected partially repeated video 
sequences in live news broadcastsequences in live news broadcast

Recall 88%, Precision 85%Recall 88%, Precision 85%
Adapted shot filtering to partial matchingAdapted shot filtering to partial matching

Future WorkFuture Work
Development of similarity metrics which can handleDevelopment of similarity metrics which can handle

Changes in brightnessChanges in brightness
Slow motion repetitionsSlow motion repetitions

Creation of automatic methods forCreation of automatic methods for
Detection of pictureDetection of picture--inin--picture modepicture mode
Removal of onRemoval of on--screen captionsscreen captions



Story TrackingStory Tracking



Story TrackingStory Tracking
GoalGoal

Given information about user’s interest in a certain Given information about user’s interest in a certain 
news story, follow and report the development of the news story, follow and report the development of the 
story over time.story over time.

Related WorkRelated Work
Story tracking was first proposed as a problem of Story tracking was first proposed as a problem of 
textual information retrievaltextual information retrieval
Became one of the tasks of the Topic Detection and Became one of the tasks of the Topic Detection and 
TrackingTracking
Pioneering work was done by Allan Pioneering work was done by Allan et al.et al.

Visual story tracking is a novel approachVisual story tracking is a novel approach



OverviewOverview
Visual Story TrackingVisual Story Tracking

News StoryNews Story: event or set of events which are : event or set of events which are 
reported in the newsreported in the news
Story:Story: a set of all shots in a video broadcast a set of all shots in a video broadcast 
which are relevant to the which are relevant to the news storynews story of of 
interestinterest
Task: Task: Given a set of query shots relevant to a Given a set of query shots relevant to a 
news story, detect the news story, detect the storystory



ApproachApproach

ApproachApproach
Define the story core as the set of query shotsDefine the story core as the set of query shots
Detect occurrences of the core shotsDetect occurrences of the core shots
Build story segments around themBuild story segments around them
Identify other relevant shots and add them to Identify other relevant shots and add them to 
the corethe core

As the story evolves and new footage becomes As the story evolves and new footage becomes 
available its subsequent repetitions are detected available its subsequent repetitions are detected 
by the algorithmby the algorithm



Story Tracking AlgorithmStory Tracking Algorithm
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Important PhasesImportant Phases
Segment BuildingSegment Building

Define story segment as a sequence of shots around Define story segment as a sequence of shots around 
the core shotthe core shot
Sequence length is determined by the Sequence length is determined by the neighborhood neighborhood 
sizesize ((ww) given in minutes) given in minutes

Core ExpansionCore Expansion
Every modified segment is checked for potential new Every modified segment is checked for potential new 
core shotscore shots
A shot is added to the core if it occurs at least a given A shot is added to the core if it occurs at least a given 
number of times in the segments of the storynumber of times in the segments of the story
Required number of occurrences is determined by the Required number of occurrences is determined by the 
coco--occurrence thresholdoccurrence threshold ((tctc))



Graphical Story RepresentationGraphical Story Representation
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Formal Story RepresentationFormal Story Representation
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Experimental DataExperimental Data
Video SourceVideo Source

1818--hour broadcast of CNN News channelhour broadcast of CNN News channel
Recorded on Nov 4, 2003Recorded on Nov 4, 2003
Format: Windows Media Video, 160x120 pixels, 30 fpsFormat: Windows Media Video, 160x120 pixels, 30 fps
Size: ~30GBSize: ~30GB

StoryStory
Regarding Michael Jackson’s arrest in connection with child Regarding Michael Jackson’s arrest in connection with child 
abuse chargesabuse charges
16 segments of various lengths16 segments of various lengths

From 30 seconds to almost 10 minutesFrom 30 seconds to almost 10 minutes
17 repeating shots17 repeating shots
The entire broadcast was viewed by a human observer, and all The entire broadcast was viewed by a human observer, and all 
segments of the story were manually detected to establish the segments of the story were manually detected to establish the 
ground truth ground truth 



Ground Truth for Story TrackingGround Truth for Story Tracking



ExperimentsExperiments
QueriesQueries

Three queries corresponding to three segments of the storyThree queries corresponding to three segments of the story
Different duration and number of query shotsDifferent duration and number of query shots

ParametersParameters
Range of neighborhood sizesRange of neighborhood sizes
Range of coRange of co--occurrence thresholdsoccurrence thresholds

Segment No. Segment 
Duration

Query Size
(shots)

3 0:35 1

5 0:21 3

6 4:22 6
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PrecisionPrecision
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UtilityUtility
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Story Tracking DemoStory Tracking Demo



Performance AnalysisPerformance Analysis
Segment BuildingSegment Building

Segments built by the algorithm are often extended Segments built by the algorithm are often extended 
past the end of actual segmentspast the end of actual segments

Core ExpansionCore Expansion
CommercialsCommercials

Repeat frequently throughout the broadcastRepeat frequently throughout the broadcast
Are often erroneously added to the coreAre often erroneously added to the core
Cause the story to grow out of controlCause the story to grow out of control

Anchor personsAnchor persons
Detected as matching by the shot matching algorithmDetected as matching by the shot matching algorithm
If included in the core, produce the same effect as If included in the core, produce the same effect as 
commercialscommercials



Story TrackingStory Tracking
ConclusionsConclusions

Overall PerformanceOverall Performance
Recall and Precision approx. 75%Recall and Precision approx. 75%
Small number of iterations is optimalSmall number of iterations is optimal
Story tracking works well even for very small Story tracking works well even for very small 
queriesqueries

Future WorkFuture Work
News shot classification techniques can News shot classification techniques can 
improve performanceimprove performance

Commercial detectionCommercial detection
Anchor person shot identificationAnchor person shot identification



ConclusionConclusion

Story tracking in news video Story tracking in news video 
broadcasts can be effectively broadcasts can be effectively 

performed based on detection of performed based on detection of 
repeated video footage.repeated video footage.



Primary ContributionPrimary Contribution
Development of cut, fade, and dissolve detection Development of cut, fade, and dissolve detection 
technique using color momentstechnique using color moments

Compact representationCompact representation
Performance equivalent to other methodsPerformance equivalent to other methods
Substantial improvement (15%) of dissolve detection Substantial improvement (15%) of dissolve detection 
performance for news videoperformance for news video

Creation of method for partial video sequence Creation of method for partial video sequence 
repetition detection in live broadcastsrepetition detection in live broadcasts

Partial sequence similarity metricPartial sequence similarity metric
Adaptation of shot filtering methods for partial Adaptation of shot filtering methods for partial 
matchingmatching

Invention of a novel story tracking techniqueInvention of a novel story tracking technique



Future WorkFuture Work
Temporal SegmentationTemporal Segmentation

Further improvement of dissolve detection methodsFurther improvement of dissolve detection methods
Exploration of techniques for identification of computer effectsExploration of techniques for identification of computer effects

Repeated Sequence DetectionRepeated Sequence Detection
Similarity metrics capable of dealing with global sequence Similarity metrics capable of dealing with global sequence 
changeschanges
Detection methods for pictureDetection methods for picture--inin--picture contentpicture content
Automatic onAutomatic on--screen caption removalscreen caption removal

Story TrackingStory Tracking
Automated new shot classification methodsAutomated new shot classification methods
Multimodal story tracking techniquesMultimodal story tracking techniques

Textual and visual story tracking methods could be combined to Textual and visual story tracking methods could be combined to 
fully realize the merits of both means of conveying informationfully realize the merits of both means of conveying information



Thank YouThank You
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