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ÅVideo Retrieval - Shot Detection 

ïVideo Abstraction 

ïShot Detection 

ïStatistical Structure Models 

ïTemporal Models 

ïShot Activity 
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Previous Lecture  

 11  Video Similarity 

 11.1  Ideal Video Similarity 

 11.2  Voronoi Video Similarity 
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11  Video Similarity  

ÅSimilarity is important:  

ïRanking of the retrieval results  

ïFinding duplicates (different resolution, coding, etc.)  

ïDetecting copyright infringements  

ÅVarious measures  for the similarity 

ïSimple idea: percentage of frames with high visual 

similarity  

ÅAnalogous to Tanimoto similarity measure for texts: 

percentage of identical words in two texts (relative to the 

total number of words) 

 
Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 4 

11.1  Video Similarity  

ÅFundamental step is the identification of (audio) 

visual features  from the frames (time series of 

features) 

ïColor distribution , motion, etc.  

ÅFor efficiency reasons,  the 

similarity should not be 

determined between frames, 

but between shots 
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11.1  Video Similarity  

ÅWe usually have to consideré 

ïThe higher the number of features, the more 

properties can be used in the similarity measure (i.e. 

similarity measures get more accurate), but the more 

inefficient  is the retrieval process  

ÅIn general, for videos the accuracy  of the scoring 

is not the critical factor, but efficiency  is very 

important 
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11.1  Video Similarity  
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Å65, 000 videos uploaded 

each day on YouTube 

ïProne to duplicates 

ÅRedundancy is severely  

hampering video search 

ïEliminate duplicates 

ÅWhat are duplicates?  
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11.1  Video Similarity  

ÅFor identical copies itõs easy! Buté we have to deal 
with ònear duplicates ó 

ï(Wu, Ngu and Hauptmann, 2006) define ônear duplicatesõ 

ÅNear-duplicate web videos are òessentially the sameó, 

differing in: 

ïFile formats 

ïEncoding parameters 

ïPhotometric variations (color, lighting changes) 

ïEditing operations (caption, logo and border insertion) 

ïDifferent lengths 
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11.1  Video Similarity  

ÅòThe lion sleeps 

tonightó 
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11.1  Video Similarity  

ÅMagnitude of the problem: video redundancy on 

the web 
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11.1  Video Similarity  

ÅIdea: select a small  number of features that 

represent a video with minimal errors  

ïMinimize the distance between the video and its 

representation  

ïExample:  

ÅFeatures as vectors in Rn  

ÅEuclidean distance  

ÅMethod of least squares 

(k-means)  

ÅBest cluster representatives (k-medoids)  
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11.1  Video Signatures  

ÅAssumptions  

ïEach frame is represented through a (high 

dimensional) feature vector in a metric space F  

with distance measure (metric) d   

ïThe similarity measure (for videos) is invariant with 

respect to the shot sequence  

ÅThus,é 

ïRepresentation of videos by finite (unordered) sets of 

feature vectors  
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11.1  Similarity Measures  
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Åd(x, y) is the distance  (dissimilarity) 

between two feature vectors x and y  

ÅVectors (represented by frames) 

x and y are visually similar,  

if Ä Øȟ Ù   ᴊ for ᴊ  π  
(independent of the actual values 

of x and y)  

ïApproach after Cheung and Zakhor, 2003 
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11.1  Similarity Measures  

ÅBasic idea: compute the percentage of similar 

frames in the videos  

 

ïNaive video similarity:  the total number of frames 

of a video, which are similar to at least one frame in 

the other video, divided by the total number of 

frames  
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11.1  Video Similarity  

 

 

 

ïIndicator function 1A for a set A:  value of 1 if A is not 

empty, value 0 otherwise  

ïIf each frame in X can be mapped in a similar frame in 

Y (and vice versa), nvs = 1  

ïnvs = 0, if there are no similar frames in the two 

videos 
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11.1  Video Similarity  

ÅNaive video similarity is often not intuitive  

ïShots may contain many visually similar frames  

ïE.g., generate Y through multiplication of a single 

frame from X. For | Y |>> | X | nvs 8ȟ 9ȟ ᴊ   ρ  
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11.1  Video Similarity  

ÅE.g., frames of video X are marked with òØȱ, 
frames of video Y with òǒò 

ÅThen  the òintuitiveó 

distance is about 0.5,  
the calculated one is 

however, 0.9 
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11.1  Video Similarity  

ÅSolution:  consider quantities of similar frames as 

fundamental units 

ïWithout regarding the temporal structure 

(representation as a set of feature vectors) we 

combine all visually similar frames to clusters  

ïTwo frames Øȟ Ù ᶲ 8 belong to the same cluster if 

d(x,y    ᴊ 

ïProblem:  consistent cutting is not always possible  

Åif Ä Øȟ Ù   ᴊ and Ä Ùȟ Ú   ᴊ, then what is with d(x, z)?  
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11.1  Video Similarity  
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ïIn single link clustering,  Ä Øȟ Ù   ᴊ implies that x 

and y are in the same cluster, not vice versa 

ÅThe clusters [X]ᴊ of a video X are the connected 

components in òÄÉÓÔÁÎÃÅ  ᴊȱ-graph 

ïA cluster is called ᴊ-compact  if all the frames of the 

cluster have at most a distance of ᴊ to one another 

ïConsidering 8 ẕ 9ᴊ  the union of the clusters of two 

videos, if a cluster from this set contains the frames of 

both videos, then they are visually similar 
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11.1  Video Similarity  

ÅThe Ideal Video Similarity  is the percentage of 

clusters in 8 ẕ 9ᴊ, which contain frames from 

both videos (relative to the total number of 

clusters) 
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11.1  Video Similarity  

ÅGiven: two videos, each represented by two 

frames  

ÅOnly one cluster contains  

frames from both videos, 

in total there are 

three clusters, 

then, ivs = 1 / 3  
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11.1  Video Similarity  

e 

ÅNaive calculation requires distance calculations 

between |X|· |Y| frame pairs 

ÅMore efficient methods estimate the  

ivs by sampling 

ïRepresent each video through m randomly selected 

video frames  

ïEstimate the ivs by the number of similar pairs Wm in 

the samples  
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11.1 IVS Calculation  

ÅSmall values of m speed up calculation, but may 
distort the results  

ïConsider two videos X and Y of the same length  

ïFor each frame in X there  is exactly one similar frame 
in Y (and vice-versa)  

ÅTherefore ivs = 1  

ïThe expected value of the number of similar pairs in a 
sample of size m is E(Wm) = m 2/|X|  

ïThus it takes an average of Ѝȿ8ȿ samples to find on 
average at least a similar pair 

ÅOther solutions? Voronoi  diagrams  
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11.1  IVS Calculation  

ÅGeorgi Voronoi: rusian mathematician 

ïKnown for the Voronoi diagrams: decomposition of a 

metric space into disjoint parts  

ïStarting from a:   

Åé metric space (F, d)  

Åé set of discrete points 8 Ṗ &  

ïGoal:   

ÅDivide F in exactly |X| disjoint parts  

ÅIn each of these parts there is just 

one point from X  
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11.2  Voronoi  

Georgi Voronoi 
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ïVoronoiõs tessellation:   

ÅEach point in the xi ᶰ 8 region is closer to xi than to any 

other xj ɴ  8 ×ÉÔÈ Ê  É 

ÅGiven a point Ú ᶰ &. Which part of space does z belong to?  

ÅDetermine the point Ø ᶰ 8, which  

is the closest to z  

ÅIn Euclidean spaces: the set of 

equidistant points for each pair 

of points, forms a hyperplane  
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11.2  Voronoi  Diagrams  
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11.2  Voronoi  Diagrams  

ÅApplications are eg. in the analysis of 

the growth of crystals  

ÅSimple algorithmic calculation (n2) of 

 Voronoi diagrams by grouping areas 

ïFor a fixed point calculate all the dividing hyperplanes; 

Merging the planes results in the Voronoi  cell  

ïMore efficient algorithms exist e.g., in the Euclidean 

case: running time O(n log n)  
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11.2  Voronoi  Diagrams  

ÅVoronoi  diagrams  are specific geometrical 

layouts of spaces 

ÅFor videos we divide the feature space according 

to the clusters 

ïGiven a video with l frames 

 

ïThe Voronoi diagram V(X) of X is a division of the 

feature space F in l  Voronoi cells 
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11.2  Voronoi  Video Similarity  

ïThe Voronoi  cell             contains all vectors in F, 

which lie closer to the frame xt than to all other 

frames of X  

 

 

with gX(s)  as the closest frame from X to s 

ïIn the case of equal intervals of several frames one 

takes for gX(s) usually the frame that is next to a 

predetermined point (e.g., the origin) 
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11.2  Voronoi  Video Similarity  

ïVoronoi cells are combined for frames of identical 

clusters, therefore 

for  

 

 

 

 

 

is valid 
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11.2  Voronoi  Video Similarity  
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ÅWe can define similar Voronoi  regions for two 

videos X and Y and their two Voronoi diagrams 

through 

 

 

ïIf x and y are close to one another, then also their 

Voronoi cells will intersect. The more similar pairs 

there are, the greater the surface area 

of the 
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11.2  Voronoi  Video Similarity  

ÅExample:  two videos, each with two frames and 

their  

corresponding  

Voronoi cells.  

The gray area  

is the common  

area 
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11.2  Voronoi  Video Similarity  

ÅThe volume of                   is a measure of video 

similarity  

ÅTechnical problems: 

ïThe Voronoi cells must be measurable (volume as a 

Lebesgue integral)  

ïThe feature space is considered 

compact (therefore, restricted 

and closed) so volumes 

are finite  

ïFor normalization: Vol(F) = 1  
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11.2  Voronoi  Video Similarity  

ÅSince both the clusters and the Voronoi cells donõt 

overlap,  the Voronoi  video similarity is: 

 

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 34 

11.2  Voronoi  Video Similarity  

ïvvs in the example is 0.33, which is also consistent 

with the ivs in this example  

ïThe reason for the very good  

correlation is the similar 

volume of each Voronoi cell 

ïThis correlation, is not  

however, generally provided 
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11.2  Example  

ÅAn estimate of vvs(X, Y, ʀ  is possible 

through random sampling   

ïGenerate m vectors s1, ..., sm (seed vectors) , 

independent and uniformly distributed over the space F 

ïCheck for each seed si, if it is located inside R(X, Y, ʀ, i.e., 

in any Voronoi cell   

  VX(x) and VY Ù  ×ÉÔÈ Ä Øȟ Ù   ʀ 

ïLet gX(si) be the frame from X with the smallest  

distance to si  

ïThen:  

 si ɴ  2 8ȟ 9Ƞ ʀ  iff .  d(gX(si), gY(si   ʀ 
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11.2  Estimation of  VVS  
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ÅIt is possible to describe each video X, through  

the m tuple Xs := ( gX(s1 ȟ ȣȟ gX(sm))  

ÅXS is called video signature  with respect to S  

ÅAs a similarity measure for videos X and Y we can 

now use the degree of overlap between XS and YS: 
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11.2  Estimation of  VVS  

Åvssb:  basic video signature similarity  

ÅSince the seed vectors are uniformly distributed, 

the probability of event òÓ ᶲ 2 8ȟ 9ȟ ʀó represents 

the volume of R(X, Y, ʀ ȟ thus vvs(X, Y, ʀ   

Åvssb is an unbiased estimator for vvs 

ÅFor video collections identical seeds  must be 

used for all signature calculations 
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11.2  Estimation of  VVS  

ÅThe number m of seeds is the 
signature length  

ïThe larger m, the more accurate the estimate  

ïThe smaller m, the easier the signature calculation  

ÅImportant issue for the selection of m:  
how high is the error probability?   

ïVideo database ɤ with n videos and m seeds  

ïConstant ɾ > 0 (maximum deviation)  

ïPerr(m) = P (òthe database contains at least a couple 
of videos, for which the difference between vvs and 
vssb is greater than ɾó)  
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11.2  Estimation of  VVS  

 

 

ÅA sufficient condition to guarantee for 

Perr Í   ɿ is the choice of m as  

 

 

 

ÅProof:  next slides 
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11.2  Estimation of  VVS  

ÅDefine  

 

ÅUsing Hoeffding's  inequality  we can determine 

the maximum probability, that a sum of 

independent random and limited variables 

deviates with more than a given constant from its 

expected value:  
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11.2  Estimation of  VVS  

ÅTherefore:  

 

 

 

 

ÅSufficient conditions for Perr Í   ɿȡ  
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11.2  Estimation of  VVS  
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ÅThe bound for m is logarithmic of the size n of 

the video database 

ÅThe smaller the error ɾ is, the greater the values  

chosen for m should be 
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11.2  Estimation of  VVS  

ÅThe vvs is not always the same as ideal video 

similarity  (ivs)  

Åivs and vvs are the same, if the clusters are 

evenly  distributed over the entire feature space 
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11.2  Seed Vector Generation  

ÅConsider cases with ivs = 1 / 3 , but too small or  

too high Voronoi video similarity: 
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11.2  Seed Vector Generation  

ÅGoal:  estimation of the ivs through 

basic video signatures  (vssb)even if ivs and vvs 

differ 

ïSince the seeds are spread evenly throughout the 

feature space, the estimation is influenced by 

various sizes of Voronoi cells 

ïSolution:  distribute the seeds evenly over the 

Voronoi  cells, regardless of their volumes  
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11.2  Seed Vector Generation  

ÅTo generate the seeds (rather than using the 

uniform distribution over F) use a distribution 

with density function as follows:  

ïGiven: two videos X, Y  

ïDistribution density at Õ ᶲ &:  

 

 

ïC denotes the cluster in 8 ẕ 9ᴊ with   
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11.2  Seed Vector Generation  

Åf(u; XẕY) is inversely proportional to the volume 
of each cell 

ïUniform distribution on the set of clusters  

Åf(u; XẕY) is constant within the Voronoi cell of 
each cluster 

ïEqual distribution within each cluster  

ÅPossible generation method for seeds: 

ïRandomly choose a cluster (uniformly distributed)  

ïChoose a random point within this cluster (uniformly 
distributed)  
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11.2  Seed Vector Generation  
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ÅIf we do not uniformly produce seeds, but with 

density Æ ÕȠ 8ẕ9 ȟ we obtain the following 

estimator for ivs:  

 

 

ïFor Æ ÕȠ 8ẕ9   ρ (uniform distribution on F) it is 

exactly the definition of vvs(X, Y; ʀ   
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11.2  Seed Vector Generation  

Åvssb approximates ivs if the clusters are either 

identical or very good separated  

ÅTheorem:  let X and Y be videos, such that for all 

pairs of clusters cXᶲ 8ᴊ and cYᶲ 9ᴊ  

ïEither cX = cY   

ïOr all the frames in cX further away with more than ᴊ 
from all frames in cY 

ÅThen:  
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11.2  VSSB and IVS 

ÅProof: 

ïFor each term in the sum if Ä Øȟ Ù   Ů, then x and y 

belong to the same cluster C in [X]ᴊ and [Y]ᴊ.  
Thus, one can rewrite the sum as follows:  
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11.2  VSSB and IVS 

ïDue to the definition of Voronoi cells, for all             

with                          :  

 

 

ïIt results in:  
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11.2  VSSB and IVS 

 

 

 

 

 

 

ïSince                  , is the set of similar clusters 

in              ,  the last term is just the ivs 
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11.2  VSSB and IVS 

ÅIt is not possible to use the density function f for 

the estimation of ivs for the calculation of video 

signatures 

ïThe density function is specific for each pair of 

videos, but for comparison within collections, same 

seeds must be used 

ïFor this reason we use a (representative!) training set 

T for the definition of the density function 
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11.2  Application  
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ÅAlgorithm  for generating a single seed:  

(m independent repetitions of the algorithm 

provide m seeds) 

ïGiven:  

ÅA value ᴊSV  

ÅA training set of T frames, which reflect the collection as 

well as possible  

ïIdentify all clusters [T]ᴊsv
 of set T  

ïChoose any cluster # ᶲ 4ᴊsv
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11.2  Application  

ïCreate a seed in the Voronoi  cell of the 

selected cluster  

ÅGenerate random vectors over the feature space, until one 

of them is in VT(C)  

Å(to simplify this procedure, one can also use a random 

frame from C as seed) 
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11.2  Application  

ÅExperiment:  

ï15 videos from the òMPEG-7 content setó  

ÅAverage length: 30 minutes  

ÅBy means of random deletion of frames, 4 new videos were 
produced from each video, each having ivs 0.8, 0.6, 0.4 and 0.2 
when compared to the full video  

ïThen the ivs was estimated through the vssb  
ÅTwo methods for generating the seeds (m = 100):  

(1)  uniformly distributed on F and  
(2)  based on a test collection of 4,000 photographs from the 
Corel photo collection  
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11.2  Application  

Åvvs and ivs are the same, if clusters are either 

identical or clearly separated 

ïThe feature vectors are only an approximation of the 

visual perception, therefore, they may contain small 

discrepancies within visually similar clusters  
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11.2  Voronoi  Gap 

ÅConsider a feature space with ivs = 1:  

 
 
 
 
 
 
 
 

ÅThe Voronoi regions differ slightly, and therefore do 
not fill the entire feature space  
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11.2  Voronoi  Gap 

ÅIn this example: since the vvs is defined by the 

similar Voronoi regions, it is strictly smaller  than 

ivs 

ÅThe difference is calculated using the offset (the 

free space) 

ïThe greater the difference, the more vvs 
underestimates ivs  
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11.2  Voronoi  Gap 
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ÅConsider seed s between the 

Voronoi cells 

ÅObservation: 

ïThe next signature frames  

gX(s)  and gY(s)  for two videos X und Y are far apart 

from one another:  

ïBoth signature frames are similar to frames of the 

other videos, therefore  

there is an Ø ᶲ 8 with d(x, gy Ó   ᴊ and 

there is an Ù ᶲ 9  with d(y, gX Ó   ᴊ 
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11.2  Voronoi  Gap 

ïTherefore: seeds between Voronoi cells can cause 

dissimilar signature vector pairs, even if both vectors 

have similar partners in the other videos  

ÅThe Voronoi  Gap G (X, Y; ᴊ for videos X and Y 

is the set of all Ó ᶲ & with: 

ïd(gX(s),  gY(s)) > ᴊ 

ïThere is an Ø ᶲ 8 with d(x, gy Ó   ᴊ  

ïThere is an Ù ᶲ 9  with d(y, gX Ó   ᴊ 
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11.2  Voronoi  Gap 

ÅOne can analytically show that for simple feature 

spaces the volume of the Voronoi gap canõt be 

neglected:  

ïThere are usually seeds that fall into the Voronoi gap 

and distort the estimate of the ivs  

ïThe smaller the ᴊ, the smaller the Voronoi gap  

ïGoal: avoid the use of seeds  

which (probably) lie in the 

Voronoi gap  
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11.2  Voronoi  Gap 

ÅIf we randomly generate m seeds  

of which n lie in the Voronoi 

gap, then is vssb of the remaining 

(m - n) vectors exactly the ivs 

ÅProblem:  how to efficiently  

recognize whether the vector lies in the Voronoi 

gap? 
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11.2  Seed Generation  

ÅThe pure definition of the Voronoi gap does not 

help in the verification 

ïRequires distance calculations between each signature 

vector, and all frames of the other videos  

ïThus the efficient description of the video would be 

invalidated by his signature  

ïIt's enough to assign probabilities for the fact that a 

seed is in the Voronoi gap  
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11.2  Seed Generation  

ÅObservation  

ïBoth video sequences have a roughly  

equidistant pair of frames with 

respect to s: (x, gX(s)) and (y, gY(s))  

ïIt is clear that the pairs themselves are dissimilar:  

(x, gX Ó   ᴊ ÁÎÄ Ùȟ gY Ó   ᴊ 

ïSince the seeds in the Voronoi gap are near the 

borders of different Voronoi cells, one can easily find 

such equidistant pairs 
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11.2  Seed Generation  



7/1/2013 

12 

ÅGiven: two videos X, Y with ᴊ-compact clusters 

8 ẕ 9  ᴊ   

ÅFor every seed s in the Voronoi gap, there is a 

vector Ø ᶲ 8 Ù ᶲ 9  with  

ïx is dissimilar to gX(s) , therefore d(x, gX Ó   ᴊ 

ïx and gX(s)  are equidistant from s, particularly  

Ä Øȟ Ó   ÄgX Ó ȟ Ó   ς ᴊ  

Multimedia Databases ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 67 

11.2  Criterion  

ÅProof: 

ïSince s is in the Voronoi gap, we have  

d(gX(s), gY Ó   ᴊ 

ïSince clusters are by assumption ᴊ -compact, gX(s)  

canõt be in the same cluster as x and gY(s) ,  

therefore d(gX Ó ȟ Ø   ᴊ  

ïFurther:  
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11.2  Criterion  

ïSince s is in the Voronoi gap, there is a Ù ᶲ 9 with 

d(y, gX Ó   ᴊ, and due to the definition of g  
d(gY Ó ȟ Ó   Ä Ùȟ Ó   

ïSo one can estimate gY(s)  through y. The triangle 

inequality yields: 
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11.2  Criterion  

ÅTest whether a seed s is in the Voronoi gap 

between a video X and any other random 

sequence:  

ïIf there is no vector x ɸ  8 with,  

Åx is dissimilar to gX(s)  and  

ÅÄ Øȟ Ó   ÄgX Ó ȟ Ó   ς ᴊ,  

then s is never in the Voronoi gap between X and another 

video  
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11.2  Criterion  

ÅDefine a ranking function  Q for the signature 

vector:  

 

 

ÅThe further away are seeds from the borders of 

Voronoi cells, the higher the value of Q(gX(s))  
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11.2  Application  

ÅHigher values  

of Q are  

bright, lower  

values are  

dark 
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11.2  Application  


