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Previous Lecture  

 10  Video Retrieval - Shot Detection 

 10.1  Video Abstraction 

 10.2  Shot Detection 

 10.3  Statistical Structure Models 

   10.4  Temporal Models 

 10.5  Shot Activity 
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10  Video Retrieval ð Shot Detection  

ÅTemporal and spatial structuring  of the 

content of a video 

ÅImportant for questions related to temporal 

issues:  òFind clips in which an object falls down!ò  

ÅBasically, two sub-domains 

ïVideo modeling  and representation  

ïVideo segmentation  and summarization 
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10.1  Video Abstraction  

ÅVideo modeling 

ïGeneral structure of a video 
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10.1  Video Abstraction  

Story Unit Story Unit Story Unit 

Structural 
 Unit 

Structural 
 Unit 

Structural 
 Unit 

Structural 
 Unit 

Structural 
 Unit 

Shot Shot Shot Shot Shot Shot 

Frames 

Key Frame 

ÅNews broadcast  

ïStory unit:  

ÅWar in Iraq  

ïStructural units: 

ÅIntroduction:  òThe fighting around the city ...ó 

ÅTransmission:  various scenes of war  

ÅSummary:  òThe reaction of the federal parliament ...ó 
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10.1  Example  



6/20/2013 

2 

ïShots 

ÅAnchorman in a studio  

ÅPan across a desert landscape  

ÅBombing of a city  

ÅRefugees  

ÅAnchorman in a studio  

ÅSpeech in the parliament  

ïTypical frames for all shots 

ÅUsually represented by some key frame  
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10.1  Example  
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10.1  Example  

ÅBut how can shots be detected?  

ÅWith the introduction of MPEG-7  

shot detection is ready-made 

ïMetadata standard  

ïThe correct decomposition is already  

stored in the metadata   

ÅCamera information is easy to extract 

ïBut semantic annotation is unfortunately  

very expensive  

ïArchive material still needs a lot of manual work 
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10.2  Shot Detection  

ÅA clip consists of many scenes  

ÅImages belonging to a scene are relatively 

similar  to each other 

ïExample: anchorman in the newsroom, desert 

landscape  

ÅFor this reason, we do not have to index each 

individual frame to perform efficient video 

retrieval, but index only key frames   
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10.2  Shot Detection  

ÅProblems in finding key frames  

ïDetecting a scene transition   

with hard or soft transitions 

ÅA hard transition is called a òcutó 

ÅA soft transition òdissolveó (blending) or òfade in/out ó  

ïSelecting a representative  image, either by random 

selection, or with regard to the camera movement or 

an image with average characteristic values, ...  
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10.2  Shot Detection  

ÅFor grouping  of frames into shots each 

transition has to be recognized 

ïWith uncompressed  videos 

ÅInformation from each image is optimally used but the 

procedure is relatively inefficient  

ïOr compressed  videos 

ÅE.g., only data about the change is available  
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10.2  Shot Detection  



6/20/2013 

3 

ÅShot detection in uncompressed  videos 

ïTemplate matching  (Zhang and others, 1993) 

Å Pixel wise comparison:  For each pixel (x, y) in the 

image, the value of the color of the pixel in this frame is 

compared with the color value in a later frame  

ÅIf the change between two frames is large enough (larger 

than a predefined threshold),  a cut is assumed 

ÅThis only works for hard transitions   
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10.2  Shot Detection  

               Dcut = ɫx, y |I(x, y, t) - I(x, y, t + 1)|   

 

ïIt is impossible to distinguish small changes in a wide 

area of major changes in a small area  

ïSusceptible to noise, object  

movements and changes in  

camera angle  
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10.2  Template Matching  

ÅHistogram -based methods  (Tonomura, 1991)  

ïAssumption:  frames containing identical foreground 

and background elements have a similar brightness 

distribution  

ïClassification based on the brightness  values  

ïHistogram columns as the  

number of image pixels with  

a specified value  
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10.2  Histograms  

ïLet H(j, t)  be the histogram value for the jth 

brightness value in frame t  
 

          Dcut = ɫj |H( j , t ) ɀ H( j , t + 1)|  

 

ïOnce again using a predefined  threshold  we can 

decide whether there is a cut or not 
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10.2  Histograms  

ÅHistograms are invariant towards image rotation 

and change only slightly  under 

ïObject translation 

ïOcclusions caused by moving objects  

ïSlow camera movements  

ïZooming  

ÅSignificantly less error sensitive  than template 

matching 
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10.2  Histograms  

ÅGood choice of thresholds  is important 

ïToo low thresholds produce false cuts  

ïToo high thresholds leads to missed cuts  

 

ÅSelection depends on the type of videos (training)  

 

ÅChoose the threshold such that as few cuts as 

possible are overlooked, but not too many false 

cuts are produced 
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10.2  Threshold  
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ÅSelection, e.g., using distribution functions  

 

 

 

 

 

ïDifferences within the sequences  

ïDifferences between sequences  

ïSelection by minimal error rate  
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10.2  Threshold  

number 

difference 

ÅFor smooth transitions  (dissolves, fades, ...) 

there are only small changes between consecutive 

transitions 

ïStill, the differences between the middle frames of 

different shots, are large enough 

ÅIdea: use two thresholds 

ïOne for the determination of hard cuts   

ïAnd one for the soft cuts  
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10.2  Twin -Thresholding  

ÅTwin comparisons (Zhang and others, 1993)  

ïThreshold tc corresponds to the size of an 

intolerable change in the pixel intensities  

ïUsing a threshold ts we can detect possible origins  

of smooth transitions  

ïIf a possible smooth transition is detected at time t, 
the frame is marked at this time as a reference 

frame  

Å The next frames are compared against this reference frame 

 

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 21 

10.2  Twin -Thresholding  

ïAll differences  of subsequent frames in the interval 

[t + 1, t + n] are not computed regarding the direct 

predecessor, but the reference frame t (for some 

fixed n) 

ïOnly if the difference rises above the threshold tc, 

there is a smooth cut,  otherwise differences are 

simply re-formed between consecutive frames 
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10.2  Twin -Thresholding  

ÅExample: 
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10.2  Twin -Thresholding  

 
possible soft cut difference 

time 

hard cut no soft cut      soft cut      

ÅBlock -based techniques  try to avoid the 

problem of noise and different camera settings 

(Idris and Panchanathan, 1996) 

ïEach frame is divided into r blocks  

ïLocal characteristics are calculated for each block 

ïCorresponding sub-frames are compared  

 

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 24 

10.2  Block -based Techniques  
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ÅAdvantages 

ïWe can detect and ignore effects occurring in only 

part of the picture through block-wise comparison 

ÅE.g., movement of the anchormanõs head 

ïIf a high number of the r blocks are the same in a 

sequence of two consecutive frames, this is an 

indication of the frames belonging to the same shot 
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10.2  Block -based Techniques  

ÅThere are only a small amount  of possible 

transitions between two shots 

ïIdea: model the transitions as mathematical 

operations  

ïCharacteristic temporal patterns in video streams can 

be detected  

ïAdvantage:  this doesnõt only recognize transitions, 

but also their type 
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10.2  Model -based Procedure  

ÅE.g., a temporal model for fades  

ïWhen fading out the pictures of the first shot 

become darker. The brightness histogram is 

compressed  in the x direction  

ïThen there are some (almost) black frames  

ïWhen fading in , the images of the second shot 

become brighter. The histogram is stretched  in  

the x direction  
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10.2  Model -based Procedure  

ïThis behavior can be interpreted as the application 

of mathematical operations on the histogram  

and observed on a stream of frames  

ïDefining the start and end of the fade out/in process 

delivers the shot boundaries 

ÅSimilar models  can be set for other transitions  

(e.g., dissolve)  
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10.2  Model -based Procedure  
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10.2  E.g., Fade Out, Fade In  

ÅShot detection in compressed videos  

ïCompressed storage  is needed due to the size of 

video data 

ïPixel-based methods for shot detection use 

uncompressed videos 

ÅVery computationally intensive  
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10.2  SD in Compressed Videos  
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ÅShot detection is possible also on the compressed 

data however trading between efficiency and 

accuracy 

ÅApproaches are based on the MPEG compression 

information  

ïCosine transformation coefficients 

ïMotion vectors information 
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10.2  SD in Compressed Videos  

ÅCompression based on 
 the encoding of  
changes between frames 

ïI-frames are independently coded (I: independent)  

ïP-frames are encoded with change information from 
preceding I or P-frames (P: predicted)  

ïB-frames are interpolations between two P or I and P 
frame (bi-directional)  

ïB-frames can thus be calculated  both from the 
preceding, and from the subsequent frame (depending 
on the encoder) 
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10.2  MPEG Compression  

ÅA shot  is thus a chain of I-, P-and B-frames:  

ïIBPBPBIBPBP ...  

ÅThe video stream is rearranged  for 

transmission: 

ïIPBPBPBIPBP ...  
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10.2  MPEG Compression  

ÅI-frames are usually compressed with discrete 
cosine transform  (DCT) 

ïE.g., MPEG, H.264, MotionJPEG, ...  

ïEach image is divided  into blocks  (e.g., 8x8 pixels in 
JPEG) 

ÅEach block is separately transformed using 
DCT 

ÅThe first coefficient (DC) of the DCT is  
the average intensity of the block  

ÅA DC-frame  is created by using only  
the DCs of all the blocks and ignore all  
the higher coefficients  
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10.2  Cosine Transformation  

ïA sequence of DC frames is called DC sequence.  

DC sequences abstract video clips without 

having to decode them   

ïTaskiran and Delp, 1998 form ògeneralized tracesó ð 

traces of features extracted from DC frames 

ÅScene change detection can be performed on these trace 

features by using a threshold 
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10.2  Cosine Transformation  

ÅAdvantages of using I-frames 

ïThey are independently  encoded 

ïDirect access to the DC component to measure 

differences between two consecutive I-frames  

ïAccuracy:  between two I-frames there usually are 

about 15 B-and P-frames  
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10.2  Shot Boundaries in MPEG  
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Å(Block) motion vectors  can be extracted 
directly from an MPEG bitstream 

ÅObservation: the number of motion vectors, in 
consecutive frames belonging to the same shot is 
similar 

ÅExample of shot detection  (Zhang et al., 1993)  

ïDetermine the number of motion vectors in the P- 
and B-frames  

ïIf this number is smaller than a specified threshold, 
then it probably represents a shot boundary 
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10.2  Motion Vectors  

ÅProcedures for the use of DCT coefficients and 

motion vectors can be combined 

 

ïIncrease the recognition accuracy  

 

ïUtilization of various frame types in MPEG  

 

ïE.g., Meng and others, 1995  
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10.2  Hybrid Approaches  

ÅShot detection at work with MSU Video tool. 

Shot detection algorithms: 

ïPixelwise comparison 

ïGlobal histogram 

ïBlock based histogram 

ïMotion based detection 

ÅExample: Avatar movie trailer 
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10.2  Shot Detection  

ÅE.g., shot detection 

on Avatar  

movie trailer 
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10.2  Shot Detection  

Block-based Histogram 

Global Histogram 

Motion based 

Pixel level 

ÅIdea: decomposition of a video in semantic 

units  (shots)  

ïPreviously: low level primitives (brightness, color 

information, movements, ...)  

ïNow: perceptional features (e.g., visual structure of 

the whole video)  

ÅFilm theory:  stylistic elements 

ïMontage: temporal structure, editing, ...  

ïMis-en-scene: spatial structure, scenery, 

 lighting, camera position, ...  
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10.3  Statistical Structural Models  

ÅGoal: build models of stylistic elements   

ïAllows the extraction semantic features  for the 

characterization and classification  

ïProvides background information   

for the use of low level features to  

shot boundary detection 
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10.3  Statistical Structural Models  
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ÅTrailer  for movie  

arranged according  

to average shot  

length (montage)  

and activity during  

shots (Mis-en-scene) 
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10.3  Example  

ïShot duration and shot activity are very rough 

categories, but have equivalents in movie directing  

ïBasic trend:  the shorter the shot, the higher the 

action (and vice versa)  

ïIf we widely divide the movies into categories action 

film, comedy and love movies, then we can cluster  

according to these categories 
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10.3  Example  
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10.3  Example  

ÅClusters can be explained through film theory  

ïIf emotions have to be transferred then long passages 

of text and detailed facial expressions (a long close-

up) are required  

ïThe development of a character and his connection 

with the audience takes time  

ïCharles Chaplin: òTragedy is a close-up, 

comedy a long shot.ó 
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10.3  Example  

ïFor action or suspense, rhythmic patterns are used  

(e.g., òPsychoó or òBirdsó by Hitchcock) 

ïFast cuts require a continuous adaptation 

of the viewer and create confusion 

ïLong dialogues are unnecessary, 

people express themselves through acts 

 

 

 

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 47 

10.3  Example  

ÅSemantic structure  assists in categorizing 

ïEither based on film theory 

ïOr learned from a sample collection  

ÅFrom high-level structure patterns emerge 

òmoreó semantics than from low level features 

ïStatistical inference  
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10.3  Video Structure  
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ÅThe more a video is structured , the more 

semantic information can be derived from it  

ïNews programs are highly structured and relatively 

easy to fragment 

ïHome made videos are mostly unstructured and 

almost impossible to fragment 
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10.3  Assumption  

ÅThe classical element of the movie direction is 

the shot duration  

ÅClassic elements of the mis-en-scene are more 

difficult to capture 

ïActivity  in scenes is important  

ÅNot only between actors (explosions, ...)  

ÅOften correlates to violence  

ïBut also mood  (e.g., brightness,  

colors)  
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10.3  Classical Elements  

ÅTemporal video structure: shot boundaries  can 

be modeled as a series of events occurring in 

succession  

ïQueuing theory: arrivals of persons 

ïModeling through a Poisson process 

ÅNumber of events in a fixed time interval follows a  

Poisson distribution   

ÅTemporal distance between two  

successive events is exponentially   

distributed 
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10.4  Temporal Models  

ÅProblem 1: exponential distribution leads to 

many short, but very few long shots 

ÅProblem 2: exponential distribution has no 

memory,  i.e., the probability that within the next 

t>0  time units a shot change will happen, is 

independent of t 

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 52 

10.4  Temporal Video Structure  

ÅAlternative models:  shot durations are not 

exponentially distributed, but follow distributions like 

ïErlang distribution  

ïWeibull distribution 

ÅObjective:  estimate the model parameters from a 

training collection, were the shot boundary is 

manually determined 

ïMaximum likelihood estimate   

ïThis knowledge can then assist in the detection of shot 

boundary of unknown videos  
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10.4  Temporal Video Structure  

ÅConsider shot durations are Erlang distributed  

ïThe length ʐ of a (fixed) shot has probability density 

 

 

ïGeneralization of the exponential distribution (r = 1)  

ïExpected value (average shot duration): r/ ʇ  

ïThe sum of r independent random variables 

exponentially distributed with parameter ʇ is 
(r, ʇ-Erlang distributed  
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10.4  Erlang Model  
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10.4  Erlang Model  

r = 1, ˂  = ½ 
 

r = 2, ˂  = ½ 
 

r = 3, ˂  = ½ 
 

r = 5, ˂  = 1 
 

r = 9, ˂  = 2 

ÅThe sum of r  independent random variables 

exponentially distributed with parameter ʇ is  

(r, ʇ-Erlang distributed 

ïIt represents a Poisson process since only exactly each 

r-th event is counted  

ïr = 2 : structure of the context of the whole image,  

followed by a zoom on the essential details  

ïr = 3 : emotional development, followed by an action, 

followed by the result of this action  
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10.4  Erlang Model  

ÅLikelihood function  for a single Erlang-

distributed random variable:  

 

 

ÅCorresponding log-likelihood function:  

 

ÅChoose the optimal parameters r  and ʇ for a 

sample             of N independent and identically 

Erlang distributed random variables:  
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10.4  Erlang Model  

 

ÅOptimization problem  over a discrete variable 

(r) and a continuous variable (ʇ) 

ÅFilm theory: r  is small  

ÅBrute -force solution:   

ïTest all r = 1, ..., 10 and compute the optimal ʇ  

ïChoose the pair (r, ʇ  that maximizes the above 

expression  
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10.4  Erlang Model  

ÅIf r  is known then the determination is simplified 

 

 

ÅDerivative with respect to ʇ and zero values 

returns:  
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10.4  Erlang Model  

ÅEstimation of the parameters r  and ʇ from a 

training collection: 
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10.4  Erlang Model  
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ÅErlang distribution solves the first problem 

(distribution of shot durations)  

ÅProblem 2, however, remains 

ïThe Erlang distribution itself has memory but the 

exponentially distributed random variables underlying 

each shot have no memory 

ïSolution: Weibull  distribution  (a generalization of 

the exponential distribution)  

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 61 

10.4  Erlang Model  

ÅTo assess the activity  within one shot, we can 

again rely on low level features  

ïOne possibility: the difference of color histograms of 

two consecutive frames  

 

 

 

ïGoal: determine a statistical model for the activity 

within one shots with the help of histograms  
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10.5  SD through Shot Activity  

ÅFilm theory:  continuity in editing 

ïIn order not to confuse the audience, the 

frames separated through cuts should 

differ clearly 

ÅSegment the video into regular  frames  (state S = 0) and 

shot boundary (S = 1)  

ÅAttempts to classify each frame either as regular frame or 

shot-boundary  

ÅAdditionally use low level features such as color histograms  
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10.5  Shot Activity  

ÅExperience:  

ïTraining data for shot activity can not be 

approximated good enough by means of òstandard 

deviationó  

ÅTherefore use several different distribution components  

(Vasconcelos and Lippman, 2000) 
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10.5  Shot Activity  

ÅActivity within shots (S = 0) 
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10.5  Shot Activity  

Mixture of four random variables:  
three Erlang distributed  
one uniform distributed 

Distance 

ÅActivity in shot transitions (S = 1) 
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10.5  Shot Activity  

Distance 

Mixture of two random variables:  
a normal, and a uniform distribution 
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ÅApplication of statistics:  

ïGiven: two frames, there are two hypotheses:  

H0: there is no cut in between (S = 0)  

H1: there is a cut in between (S = 1)  

ïLikelihood ratio test: choose H1 if  

 

 

(or equivalently:                         )  

 

and H0 otherwise (D is the measured distance 

between the two frames) 
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10.5  Shot Boundary Detection  

> 

ÅThe likelihood ratio test uses no knowledge 

about òtypicaló shot duration 

ÅHowever, we know the a-priori distribution of the 

shot duration (or we can at least estimate it) 

ÅTherefore, we now use Bayesian statistics  to 

test the two hypotheses 

ÅWe obtain in this way a generalization  of the 

basic thresholding method for histogram 

differences 
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10.5  Shot Boundary Detection  

ÅNotation:  

ïɿ:  duration of each frame (constant, determined by 

frame rate)  

ïSt , t + ɿ: indicates whether there is a shot boundary 

between frame t and his immediate successors (or 

not)  

ïDt , t + ɿ : distance between frame t and his immediate 

successors  

ïSt: vector with components S0, ɿ, Sɿȟςɿ, ..., St, t + ɿ 

ïDt: vector with components D0, ɿ, Dɿȟςɿ, ..., Dt , t + ɿ 
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10.5  Shot Boundary Detection  

ÅHypothesis H1 (there is a shot change) is valid, if 

 

ÅEquivalent formulation:   
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10.5  Shot Boundary Detection  

> 

log                                                   > 0 

ÅIf there was a cut at time t, and none in the 

interval [t, t + Ű], then the probability for a cut in 

the interval [t + Ű , t + Ű + ŭ ] according to Bayes, 

is: 

 

Åɔ is a normalization constant 

ÅOn the other hand, the probability that there is 

no cut, is:  
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10.5  Shot Boundary Detection  

ÅThus:  

 

 

 

 

 

ÅSupposition:  Dtȟ Ô  ɿ is conditionally independent 

(with SÔȟ Ô  ɿ) from all other D and S 
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10.5  Shot Boundary Detection  
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ÅSo hypothesis H1 is valid if the logarithm of 

the above expression is positive  
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10.5  Shot Boundary Detection  

Behavior of conditional 
probabilities for activity  
 (is estimated from the 
training collection, 
shot activity) 

Behavior of the probabilities for 
cuts  
 
(estimated from the training 
collection,  
distribution of shot duration) 

 

 

ÅIntuitive interpretation  

ïThe left side uses information about the ònormaló 

frame distances within shots and shot transitions  

ïThe right part uses knowledge regarding the ónormaló 

distribution of the shot duration (a priori probability)  
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10.5  Hypothesis Verification  

ÅDefine                        with t as the time of the 

last cut 

ÅLet       be the distribution density of the elapsed 

time from t until the first cut after t  

ÅThe log posterior odds ratio  is then:  

 

 

 (same as                   , just different notation)  
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10.5  Hypothesis Verification  

ÅAccording to our initial Bayesian approach, we can 

decide whether there is a shot transition at point  

                         or not, by using the following 

threshold based estimation  

ïIf the last cut took place at time t, and we now 

observe       , then and only then there is a new cut, if 

applicable:  
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10.5  Hypothesis Verification  

: 

 

 

ïThis means: with the introduction of  

a priori probability, the verification of our hypotheses 

doesnõt depend anymore from a fixed threshold  

ïThe threshold changes dynamically  with the time 

elapsed since the last cut  

ïThe density        can be assumed to be an Erlang or 

Weibull distribution density 
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10.5  Hypothesis Verification  

: ÅDensity function of the Erlang distribution:  

 

 

ÅFor the Erlang model, the following threshold 

function results:  
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10.5  Erlang Model  
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ÅTypical time distribution of thresholds: 
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10.5  Erlang Model  

ÅInitially, the threshold is high  

ïCuts are unlikely  

ïCuts are therefore accepted only if the frame 
differences are very large  

ÅThen, the threshold drops 

ïCuts are accepted for clearly less changes to the 
features  

ÅProblem is the asymptotic convergence to a 
positive value 

ïConstant level for several consecutive soft cuts  
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10.5  Erlang Model  

ÅFor all Erlang Thresholds we have: 

 

 

and thus there is always such a boundary line 

Threshold   

ïThe problem comes from the assumption of the 

underlying exponential distribution in the Erlang 

model 

ïAlso here is the solution the Weibull  distribution   
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10.5  Erlang Model  

ÅExperimental verification (Vasconcelos and 

Lippman, 2000) 

ïTest within a collection cinema trailers 

ïTraining (determination of model parameters) with 

the objects from the collection  

ÅTask: segmentation of a new trailer (òBlankmanó)  
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10.5  Experimental Verification  

ÅTrailer for òBlankmanó 
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10.5  Experimental Verification  

ÅFor each trailer simple color histogram 

distances were used for determining the 

selected activity 

ÅThe fixed threshold was chosen as good as 

possible (through tests)  

ÅòOó:  Missed cut 

Åò*ó: False estimated cut 
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10.5  Experimental Verification  
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ÅFixed threshold: 
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10.5  Experimental Verification  

ÅWeibull  threshold: 
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10.5  Experimental Verification  

ÅDirect comparison of two samples 
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10.5  Experimental Verification  

Fixed 
threshold 

Weibull- 
threshold 

ÅTotal number of errors: 
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10.5  Experimental Verification  

ÅVideo Retrieval - Shot Detection 

ïVideo Abstraction 

ïShot Detection 

ïStatistical Structure Models 

ïTemporal Models 

ïShot Activity 

 

Multimedia Databasesς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 89 

This Lecture  

ÅVideo Signatures  

ïIntuitive Video Similarity 

ïVoronoi Video Similarity 
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Next lecture  


