IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. ?, NO. ?, ???? 200? 1
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Abstract—The characterization of a video segment by a digital one that he is searching for. Then, a set of features is ex-
signature is a fundamental task in video processing. It is necessary tracted from the selected image or video and used to find

for video indexing and retrieval, copyright protection and other images or videos with similar features in the database,
tasks. Semantic video signatures are those that are based on fi ) d d indexing techni
high-level content information rather than on low-level features SOmMEUmMes using advanced indexing techniques.

of the video stream. The major advantage of such signatures is  Methods that belong to both categories can be eitiger
that they are highly invariant to nearly all types of distortion. A mantic or non-semantic based on whether the metadata or

major semantic feature of a video is the appearance of SPECfiC ¢o o1 a5 they use have a semantic meaning or not. In general,
persons in specific video frames. Because of the great amount of

research that has been performed on the subject of face detection dUery-by-keyword methods tend to be semantic, while query-
and recognition, the extraction of such information is generally by-example methods tend not to be. However this distinction
tractable, or will be in the near future. We have developed a is not strict, since a keyword may refer to low level charac-
method that usesfthe pf)re-extracteq output gf face delteC“O,“ anld teristics such as color and brightness, while an automatically
recognition to perform fast semantic query-by-example retrieval o5 1ed feature may be semantic, e.g. corresponding to an
of video segments. We also give the results of the experimental . - . . . -
evaluation of our method on a database of real video. One OPject in the image or video. The difference between image
advantage of our approach is that the evaluation of similarity is retrieval and video retrieval is that, since video has a temporal
convolution-based, and is thus resistant to perturbations in the dimension, the video signature or its metadata must have a

signature and independent of the exact boundaries of the query temporal component, i.e., it must either be continuous over

segment. time or be repeated at certain time intervals. Additionally,
Index Terms—Video retrieval, face recognition, query-by- retrieval algorithms can be designed to return either one or
example, mulimedia databases. many results. The user is usually interested either insthe
best matches, or in those matches whose goodness is above a
|. INTRODUCTION certain threshold, or simply in a list of matches arranged from

i est to worst. Alternatively, the user may be interested in only
One of the most fundamental technologies necessary for

- . X : ) e match, the best one.
management of digital V|deo_|s theetrieval (from a video In this paper, we take advantage of a specific type of
_database)_of one or more video segments_ tha’g the USelsd¥nantic information, namely information about the exis-
interested in. The methods used for approaching video retrie

o ) ce of faces of distinct individuals (e.g. actors), in order
are similar to those used for the retrieval of other types 8 characterize a video segment in a robust way. We do

m“'“”.‘ed'a Obj?Cts’ such as images. In the case of bqth IMagEt concern ourselves with face detection and recognition,
and video, retrieval usually follows one of two paradigms: since ample work has been performed on both subjééts [1].
1) Query-by-keywordThe image or video database is anThis work tries to solve the problems of consistency and
notated with keywords or other metadata. This annotgshystness with regards to face-based indexing, to represent
tion can be performed manually, semi-automatically gace information with minimal redundancy and also to find a
automatically. The user then enters the keywords thgfst (near-logarithmic time) search method.
best describe what he is searching for or he interacts WithUsing face-related information for video indexing is not a
a user interface that produces some other approprigiy idea. However, most works until now [2]] [3]] [4]] [5] have
metadata. These metadata are then used to perforfy@sed on the extraction of the face-related information and
textual or symbolic search in the database. not on its organization and efficient indexing. In effect, they
2) Query-by-examplerhe images or videos in the databasgre works on face recognition with a view to its application
are characterized (almost always using automatic metfy; indexing. As such, they actually present an excellent foun-
ods) with an appropriate set of features, which constituggytion for our work, in the form of detected and/or recognized
a reduced dimensionality representation of the digitfces. This is especially true for the works of Satoh [3] and
item. We call this representationsignature The user of Ejckeler et al[[2], who perform identity recognition on the
then inputs or selects an image or video similar to thgces they detect. It would also be possible to extract face

Copyright (c) 2007 IEEE. Personal use of this material is permitted. HovI\I(Eientlty information not directly by face recognition but also

ever, permission to use this material for any other purposes must be obtaifaEPUgh auxiliary clues, as in[6]. There has been some work
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has been supported by the FP6 European Union Network of Excelleng n n evaluating th imilari ween different sh
MUSCLE "Multimedia Understanding Through Semantic Computation an T]’ and on e a.uat 9 t. €s arity between different shots
Learning” (FP6-507752) ased on face information][8]. However, there has been no
The authors are with the Department of Informatics, Aristotle Universitwork on video retrieval with respect to large databases. In
of Thessaloniki, Thessaloniki 54124, Greece (email: pitas@aiia.csd.auth.qal)Ie present paper, we do not propose a new face detection

and recognition method, but we investigate the performance
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of our retrieval system. The practicality of our system was Let us then assume a face detector and recognizer whose
verified by implementing a real system and testing its retrievalitput is the certainty:

performance on a database of real video. The advantages B . .

of our algorithm are firstly that it is based on semantic G(n,m) = Prob{sy, is imaged inf, } @

information, and is thus robust with respect to video noisghe face recognizer can either be of the hard (binary) decision
and manipulations, secondly that it is convolution-based aggpe, in which casé(n,m) € {0,1} or a soft one, in which
thus robust to change of query segment boundaries andct@eG(n, m) € [0, 1]. For each persos,,, it is then possible
malfunctions of the face detector and recognizer, and thirdly find all frame intervald’™ = [a", b}"] such thaiG(n, m) >

that it is well suited to large video databases (up to thousangls,, ¢ [, 7] andI™ ¢ I§",Vi # j. Using I]* we can then

of hours of V|d'eo). _ define aface occurrence’™ = F(n, m)|fflam as the average
The paper is organized as follows: In Sectioh II, i ‘

o i _ : a dec'ertainty that a specific person is imaged within the interval
scription of the proposed algorithm is provided. Secfiof It 56 we can approximaté (1, m) with
provides the experimental results. Conclusions are presentéd ’

in Section V. F(n,m) =Y F"[u(n—a") —uln =]  (2)

Il. ALGORITHM DESCRIPTION wherewu(n) is the unit step function an@, b"] is thei-th

AR
Th | id f his that th . interval that contains the face of the-th person.
e general idea of our approach is that the existence each person S,,, her signature triplets

of fgces of specific mtﬁwdgals can be used_ to characteri m qm bm), i =1,..., N form a pulse series in the video
a video segment. Implicit in this approach is the use of

f det dul daf . dule. Th ft e domain, as can be seen in Figlile 1(a). Therefore, the
ace detector module and a face recognizer module. The 1gg., v is characterized by signatureconsisting of quartets
detector module subsumes all other modules that are neces%e?r\yh,jllues(S F™ am bm)m = 1 Moi—1 N
for its function, such as a face tracker module. The OUtPWL, oam oLty ] AR

. . ple of such a signature signal is given in Figgre 1(b).
of th.ese modules IS a;sumed to be knqwn. In the followin ach quartet corresponds to a unique face appearance, i.e.,
we first rigorously define the way we will use the output o

. conveys the information that persen, has been detected
the face detector and recognizer modules to construct QUi s -ime ™ to frameb™ with a confidence off™. The

video signature. Then we give a measure for defining twamber of quartets in a video is equaIEDM gm < NxM
m= 1

similarity of two video segments based on their signature\ﬁhereg is the number of appearances of persgnin the
m

Finally, we present our algorithm for searching a database\%eo andN and M are the total numbers of frames and
video signatures in order to find the best fit for a given quela/erso,ns in the video

signature. The extraction of the signature from the video is straightfor-
ward if a face detection and recognition module is available.

A. Format of Signature In practice, in order to reduce the amount of redundant data
in the signature, it is better to discard face occurrences that
are too short and to unify proximate occurrences of the same

Certaimty () face. This similar to applying a median filter to each person
specific pulse series in the signature (Figure 1(a)).
o | O] spedifer nature (Fidtre 1)
a b
[ Person 1 B. Signature Search
Certainty (F) S::Z:z Let us assume two signaturds (n,m) and Fh(n,m),
I Person 4 derived as per Equationi](2), which are extracted from two
video segments and refer to a common set of f&elset us
o ; T, m t assume that we mouvi, by a specific displacemenit We will

define aco-occurence” the evidence that the two signatures
are the same. At a specific framefor a specific persomn

Fig. 1. Example of the characterization of a video segment by quartets. &r\p in the case of a binary decision recognizer, such evidence
Signature for a single person. (b) Signature of a video segment. Shades o '

gray correspond to distinct individuals. Signature quartets are representedySts if and only if the person exists at both signatures, i.e.

rectangles. Chard(d,n,m) = Fi(n,m) - Fa(n + d,m). If the detector
produces a detection certainty, the evidence that a specific
Let V. = {f1 fo ... fn} be a video consisting of aperson occurs in both signatures depends on the certainty of
number of consecutive frameg,,n = 1,...,N that we detection. Since the evidence of co-existence is only as good

wish to characterize through an appropriately constructed the worst recognition certainty of the two signatures, in
signature. LetS = {s; s2 ... sy} be the set of all the this caseCsor(d, n, m) = min(Fi(n, m), Fa(n + d,m)). The
individuals s,,,,m = 1...M that have been imaged in theoverall evidence of similarity of’ (n,m) and F»(n, m) for a
video. Optionally, with no loss of generality, we can assunmspecific displacement can be computed by summing over all
S to contain only the individuals of interest. This can mearitames and persons. If the lengths of the two video segments
for example, excluding the extras in a motion picture. are N; and N,, and assuming without loss of generality that
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. Lo TABLE |
Ny < N, C can be regularized by dividing bf; and the  yorion PICTURES ANDTELEVISION SERIESANNOTATED WITH FACE
number of possible person&{. In the case of a hard detector APPEARANCES
(whose output is 0 or 1) this corresponds to: Type Genre Name Query Clip
Manipulation
o (d) i i F (n, m) . Fg(n +d, m) (3) M. picture | Comedy | Two Weeks notice | Loss of color
hard = N, M M. picture | Drama Kinsey Cropping to 4:3

n=1m=1 M. picture | Comedy | Failure to Launch | Cropping to 4:3,
. - downsampling
In the case of a detector that produces detection certaintieSy picture [ Thriller | The Dead Zone | Reduced fo 20 fps

we have: M. picture | Drama The Buddy Factor | Change in saturation
N M TV Series | Comedy | Friends DVD 1 25% compression
min(Fy(n,m), Fo(n + d, m)) TV Series | Comedy | Friends DVD 2 50% compression
Csott(d) = Z Z N M (4) TV Series | Comedy | Friends DVD 3 Increase in brightness

TV Series | Drama West Wing DVD 1| 2/3 Downsampling
TV Series | Drama West Wing DVD 2 | 3/2 Upsampling

n=1m=1

Geometrically,C' can be visualized as the overlap between
the rectangles that correspond to the quartets which refer to the
same person in the two signatures. The similarity of the two
signatures is defined as the maximum value of co-occurenced) they can be formulated as a pulse series, with pulses
Cmax = max, C(d), obtained when sliding one signature with which are a few seconds long,
respect to the other. The computation @fd) and Crmax is 4) cannot exist twice in the same frame for the same
similar to the computation of a convolution between the two  identity,
face signature signals. ThuSnay tends to be insensitive to  5) (optionally) have a value that indicates certainty or
small changes in the signature, such as splits, shifts, changes significance,
in height or in width of the quartet rectangles — corre- 6) can be extracted automatically.
sponding to errors in face detection and recognition. Havir@ne such example would be speaker identities, as detected by
established a method for computing the similarity betweenspeaker recognizer.
two signature segments, searching for a specific video in a
database entails simply comparing a candidate segment with I1l. EXPERIMENTAL RESULTS

the whole database and declaring a match when the similarity, implemented a real system to demonstrate the practi-
exceeds a certain threshold. However doing this exhaustiv%I

. tationally infeasible. Th h develoned é(lity of our method for the retrieval of video segments. This
IS computationally inteasible. 1hus we have developed @il y complete system, taking raw video as its input, with the

algorlthr_n that does this in near—log.an.thmlc gme with .resp%tnly user interaction being the training of the face recognizer
to the size of the databade [9]. This is achieved by indexi th a small sample of appropriately labelled faces.
the database temporally and on person identity, and exploiting

the properties of the signature in order to quickly compute the o .
optimal matching location. A. Derivation of Experimental Data

In essence, what our algorithm does is compute the aboveA video corpus was first selected, consisting of approxi-
specific signature similarity metric in appropriate locations imately 8 hours of motion pictures, and approximately 8 hours
the database. The novelty is not so much in the selectiohtelevision programming. The motion pictures came from
of appropriate locations, as in the efficient computation dfifferent genres (comedy, drama, thrillers), while the television
signature similarity, specifically in finding the maxima oforogramming consisted of several episodes of one drama and
the similarity metric. There is ample work in the databasgene comedy series, as described in Table I. Video resolution
literature regarding retrieval of intersecting intervals| [10], anaind aspect ratio varied, but was mostly in DVD format. Face
also for combining temporal coincidence with the matchingetection and recognition was then performed on this corpus.
of other attributes, e.g[ [11]. These methods by themselvEke results of the face detection and recognition were then
are neither substitutes for our algorithm nor comparable psocessed to create continuous tracks of person appearances,
it, since they do not address the specific problem of quickfnd inserted into a database as quartets. Motion picture and TV
computing our own specific similarity function. series were chosen as a test corpus because the human faces
in them exhibit a full spectrum of pose, lighting and scale,
and also different emotions, hairstyles and apparel (sunglasses
etc). In contrast, sanitized corpora such as news broadcasts

The signature format and the matching algorithm that wefgostly contain frontal, frontally illuminated and emotionally
described above, are not limited to the case of faces. Itrgytral faces, in specific formal attire and hairstyle.
possible to use them also for other types of features, relatedn order to perform face detection and recognition we
to object or person identity, as long as these features have {fized the FaceVACS toolkit, produced by Cognitec Systems

C. Extension to other Types of Semantic Signatures

following properties: GmbH [12]. FaceVACS is considered to be very close to the
1) refer to a type of object (e.g. person) that is common state of the art in the field, as far as real-world systems are
the video, concerned. It was a participant in the Face Recognition Vendor

2) correspond to a large variety of distinct identities of suchest 2002 [[1B], where it had ranked first in most tasks, and
objects or persons, very close to the top in the rest. The choice of a commercial
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product was a conscious choice as it provided a standardizgter factors. The persons that were chosen to be the targets
procedure for face detection and recognition, with little neeaf recognition, and consequently the basis of indexing, were
for parametrization. the main actors in the motion picture or TV series. In general
It should be noted that, due to the commercial nature tfese were the actors that appeared in the starting credits, and
FaceVACS, there is a lack of technical detail regarding ttranged from 5 to 10 per motion picture or mini series. A total
algorithms that are incorporated in the toolkit. In short, facef 54 distinct persons were chosen, some appearing in more
detection and recognition is performed by FaceVACS in tliban one video.
following 4 steps: Having obtained our video database and the gallery of
« Face and Eye LocalizatioThe image is taken in multi- Persons that would be detected and recognized in it, we
ple scales and, for each scale, all locations in the imaffen proceeded to perform face detection and recognition
are checked for similarity to a face. If the similarity in aSing FaceVACS. For performance reasons only 5 frames per
specific location is high enough, all appropriate locatior&cond were processed but this was adequate for granting
within the face are checked for the existence of eyefie algorithm a good retrieval performance. For a subset of
The most appropriate locations are considered to be ¢ video, the faces detected and identified by the algorithm

locations of the eyes. It is possible that no eyes a¥éere compared with an annotation that we have manually
found, in which case this face is removed from furthegonstructed for the faces in the video. In total, of all faces in all

consideration. video frames, over 30% were correctly detected and identified.
« Normalization and Preprocessingrhe face region is This includes faces that were very small, were looking at
checked for noise or blur, and if they are too high, thée opposite direction from the camera etc. In view of the
face is rejected. Then the face is geometrically normaliz&geat variety that was exhibited by the data, such a result is
so that the eyes are in pre-specified positions. It ¥&Y good. In order to exploit the temporal continuity between
additionally normalized with respect to luminance anfiames, a procedure that greatly increases the performance by
frequency content (i.e. "edginess”). means of a voting scheme that rejects outliers and reinforces
. Feature Extraction A vector of visual features is ex- detections having a high certainty has been implemented. This
tracted from the image, in a predefined manner optimafocedure is described below.
for distinguishing people. This vector is then subject to a As already mentioned, in order for the retrieval algorithm to
subspace transform in order to maximize discriminancinction, it needs to have quartets as input. Thus the per frame
producing a final feature vector. face detection and recognition results given by FaceVACS
« Comparison of Features with Reference: Sete feature have to be converted to quartets. This is done in three stages.
vector computed in the above steps is compared with &ilrst, the detected faces are unified into tracks using their
feature vectors in the reference set, i.e. the set of featuf@atio-temporal proximity. Then a single identity is determined
corresponding to the list of persons that the module f@r each track by a voting scheme that uses the recognition
trained to recognize. Those reference vectors exhibitingsgores of the frames in each track. Finally the certainty of the
similarity above a certain threshold are given as matchégcognition is computed. In more detail:

Thus, FaceVACS returns as its output the following four piecese If two detected eye pairs have the following properties,
of information (of which only the last three are utilized by our ~ they are considered to be in the same track:

system): 1) They are less than one second apart.
1) The location of the face in the image (given as a rotated ~ 2) The ratio of inter-ocular distances of the two pairs
rectang|e)_ is less than 2.
2) The location of the eyes in the image (given as two  3) The distance of the centers of the eye pairs is less
coordinate pairs). that the average of their inter-ocular distances.
3) The identities of the top three matches that exceed thes For each track, the detected faces corresponding to a
similarity threshold (given as up to three identities). specific identity are separated, and their certainties (i.e.

4) The certainties of each match, which are essentially recognition similarities) are summed. The track is then
the similarity scores between the two vectors (given as identified as belonging to the identity (person) with
numbers between 0 and 1). the greatest certainty sum. Obviously, each such track

The reference set for a specific person is constructed by Corresponds to a quartet related to a person. The quartets
performing face detection and recognition, as above’ on a with a Certainty sum below a threshold of 1 are deleted.
number of reference images. The set of features thus extracteel The certainty of the quartet is computed as the above
is then clustered in order to extract up to 5 representative Certainty sum divided by the temporal duration of the
feature sets, which are considered to comprise the reference track (in frames). The start and end frames of the quartet
set for the person the module is trained to recognize. This are obviously the start and end frames of the track.
procedure is calle@nrollment Two sets of experiments were performed. One that involved

In our case the reference sets were constructed from a sntladl implementation on a real video database as described
number of images in the videos in question, approximately 2bove, including face detection and recognition, and one for
per person. This number was necessary in order to compensegessing computational performance using an artificial dataset
for changes in illumination, posture, facial expression araf variable size.
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TABLE I . . .
AVERAGE SEARCH TIME RESULTS retrieval performance of our algorithm has been verified by
Number of | Number of | Algorithm | Brute force the implementation of a real system that uses face detection
videos quartets | search time| search time and recognition to index real videos. The results show that the
100 152,791 7 seconds | 10 minutes proposed method performs very satisfactorily, both in terms of
1,000 | 1,682,824] 17 seconds| 100 minutes computational search efficiency (even in a database of 10000
10,000 | 16,907,355| 41 seconds| 16 hours

hours of video), and in terms of retrieval errors. In general
the method proves that face related information carries enough
discriminant power to be used for video indexing and retrieval.
B. Retrieval Performance The proposed face-based approach could be adapted, in order

The database with respect to which the retrieval woul@ index video using the appearances of persons derived from
take place was constructed as described in sedfion]lll-ather modalities or even the appearances of other classes of
Then we selected 40 clips from the database, each havinghiects that possess distinct identities.
duration of 2.5 minutes. These constituted approximately 10%
of the total database size. An alteration, such as change of REFERENCES
compression, change of resolution, cropping, change of framg w. zhao, R. Chellappa, P.-J. Phillips, and A. Rosenfeld, “Face recogni-
rate, and conversion to greyscale was performed on each of tion: Aliterature survey/ACM Computing Surveyol. 35, pp. 399-458,
them. The. alte.ratlons that were performed on the qu_e_ry cl éc.)ogickeler, F. Wallhoff, U. lurgel, and G. Rigoll, “Content-based
are described in Tablfg |. Face detection and recognition Was indexing of images and video using face detection and recognition
then performed on them, using the union of all reference sets methods,” inProc. IEEE Int. Conference on Acoustics, Speech, and
used in the database as a basis for recognition. Then eagh Signal Processing (ICASSP 200May 2001. 4

. . . S. Satoh, “Comparative evaluation of face sequence matching for
query segment was searched in the database (i.e. retrieval Was content-based video access”Roc. 4th International Conference on
performed). The result for the whole database was a correct Automatic Face and Gesture Recognition(FG20@@p0, pp. 163 — 168.

retrieval score of 90%, which verifies the effectiveness of ouft! M- Viswanathan, H. Beigi, A. Tritschler, and F. Maali, “Information
access using speech, speaker and face recognitionPrac. |IEEE

algorithm. International Conference on Multimedia and Expo (ICME 2QQmjly-
August 2000, pp. 493—496.
. [5] G. Wei and I. K. Sethi, “Omni-face detection for video/image content
C. Computational Performance description,” inProceedings of the 2000 ACM workshops on Multimedia

: Nov 2000.

In prder to evaluate the. F:qmpgtatmngl performance of Olg?] Y. N. S. Satoh and T. Kanade, “Name-it: Naming and detecting faces
algorithm, we created artificial video signature databases in news videos,1EEE MultiMedia vol. 6, no. 1, pp. 22—35, 1999.
different sizes using a model that simulates the quantitativi#] Y. Chan, S.-H. Lin, Y.-P. Tan, and S. Kung, “Video shot classification

ot ; _ using human faces,” iProc. IEEE International Conference on Image
characteristics of our experimental data. Each database con Processing (ICIP 1996)vol. 3, 1996, pp. 843-846.
sisted of a number of videos, each having a duration of 9 3. viallet and O. Bernier, “Face detection for video summaries,” in
minutes and containing between 1000 and 2000 quartets. The International Conference on Image and Video Retrieval (CIVR 2002)

; 2002, pp. 348-355.
number.Of different persons fo.r each database was Chosen@) C. Cotsaces, N. Nikolaidis, and |. Pitas, “Video indexing by face
be 10 times the number of videos. We then selected quely occurrence-based signatures, IBASSP vol. 2, 2006, pp. 137—140.
segments with an average lengths ranging from 2.5 to [0] B. Salzberg and V. J.Tsotras, “Comparison of access methods for time-
minutes and ran our search algorithm on these segments, %‘;‘gmg data’ACM Computing Surveyol. 31, no. 2, pp. 158-221,
using a commercial RDBMS system for the 'mplementanoﬂ:l] H.-P. Kriegel, M. Ptke, and T. Seidl, “Managing intervals efficiently in
We observed that the length of the query segments did not object-relational databases,” WLDB, 2000, pp. 407-418.
influence the search time. Using computer significantly behiftf] 'FaceVACS-SDK 5.0 [Online].  Available: | http://wwv.
. . cognitec-systems.de/products-sdk.htm

the state of the art (Pentium 4 at 2.4 GHz), the average timeg “Face Recognition Vendor Test 2002” [Online]. Available: Fttp:
of retrieval are given in Tabl¢]ll. As it can be seen, the lwww.frvt.org/FRVT2002/default.htm
performance of the algorithm is near-logarithmic with respect
to the size of the database. This is in contrast to the cost
of exhaustive frame-by-frame computation of the signature
similarity, which is constant at about 6 seconds per video (i.e.
approximately 4 seconds per hour of video). In addition to the
search times, face detection and recognition added another 1
to 5 seconds per second of video with the above hardware,
depending on the sampling rate. With better hardware, it would

be possible to achieve real time performance for the system.

IV. CONCLUSIONS

A method for performing fast retrieval in video based on the
output of face detectors and recognizers has been presented.
The proposed method is both robust because it is based on
a convolution-like video content similarity computation, and
fast because it makes extensive use of database indexing. The
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