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Chapter 1

INTR ODUCTION

1.1 What is this research work about?

This research project presents a newapproach for classifyingindividual video
framesas being a `cartoon'1 or a `photographicimage'. It is an extensionof
results published in [11].

The original motivation for this work arosefrom experiments performed
at the TREC-2002 video retrieval benchmark: `cartoons' are returned un-
expectedly at high ranks even if the query gave only `photographic' image
examples.The Text REtriv al Conferences(TREC) is a seriesof workshops
for large scaleevaluation of information retrieval technology (e.g., see[31])
sponsoredby the National Institute of Standards and Technology (NIST)
with additional support from other U.S.government agencies.Distinguishing
betweenthe two genreshasproved di±cult becauseof their large intra-class
variation. In addition to imagedescriptorsusedin prior cartoon-classi¯cation
work, this work introducesnovel descriptorsbasedon the pattern spectrum
of parabolic and disk sizedistributions derived from parabolic and disk gran-
ulometriesand the complexity of the imagesignal approximated by its com-
pressionratio. The e®ectivenessof the proposedfeature set for classi¯cation
(using Support Vector Machines) is evaluated on a large set of key-frames
from the TREC-2002 video track collection. The system is comparedwith
one that classi¯esWeb imagesas photographsor graphics and its superior
performanceis evident. Finally, we incorporated the cartoon ¯lter into the
retrieval framework of [33] and measuredthe improvement of the search re-
sults.

1The class`cartoon' is de¯ned more precisely in Section 1.5.
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Figure 1.1: TREC

1.2 TREC Video Retriev al

The goal of the conferenceseriesis to encourageresearch in information
retrieval (Figure 1.1)by testing retrieval technologyon realistic test collection
using uniform and appropriate scoringprocedures.The generalprocedureis
as follows:

² A set of M statements of information need(topic) is created2;

² participants search the collection and return an orderedlist of the top
N results for each topic;

2seeAppendix B for the TREC-2002 topic descriptions
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² returned shots(i.e., sequencesof framesgeneratedduring a continuous
cameraoperation) are pooled and judged for relevanceto the topic;

² systemsare evaluated using the relevancejudgments.

The measuresusedin evaluation are

precision:=
number of relevant shots retrieved

total number of shots retrieved

recall :=
number of relevant shots retrieved

total number of relevant shots in collection

In video retrieval, the total number of relevant shots in the collection is
unknown becausethe collection is extremely large and not fully annotated.
In this case,recall can only be approximated.

We can also compute the precisionwhen 0, 10, . . . , 100shotshave been
retrieved. The averageof theseprecisionvaluesis called the averagepreci-
sion; it is a more re¯ned notion of precision in the sensethat it penalizes
more heavily errors that occur early in the retrieval.

1.2.1 TREC Tracks

A TREC workshopconsistsof a seriesof `tracks', a set of taskseach focused
on somefacetof the retrieval problem. Examplesof tracks includeretrieval of
speech documents, cross-languageretrieval, retrieval of web documents, and
questionanswering. The tracks support the retrieval research community by
creating the infrastructure such as test collectionsnecessaryfor task-speci¯c
research. The set of tracks that will be run in a given year of TREC is
determinedby the TREC program committee with a limit of at most eight
tracks that can be run at one time. Sometracks that will be run in TREC
2003are:

GENOME Track (GENOME is a newtrack for TREC 2003). The purpose
of the track is to study the retrieval of genomicdata, where genomic
data is broadly interpreted to mean not just genesequencesbut also
supporting documentation such as research papers, lab reports, etc.

HARD Track (HARD is a new track for TREC 2003). The goal of HARD
is to achieve High Accuracy Retrieval from Documents by leveraging
additional information about the searcher and/or the search context,
through techniquessuch as passageretrieval, and using very targeted
interaction with the searcher.
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NO VEL TY Track A track to investigate systems'abilities to locate new
(i.e., non-redundant) information.

QUESTION ANSWERING Track A track designedto takea stepcloser
to information retrieval rather than document retrieval.

ROBUST RETRIEV AL Track A newtrack for TREC 2003.The task in
the track will be a traditional ad hoc retrieval task, but with the focus
on individual topic e®ectivenessrather than averagee®ectiveness.

VIDEO Track A track designedto investigate content-based retrieval of
digital video. 3

WEB Track A track featuring search tasks on a document set that is a
snapshotof the World Wide Web.

This research work is an attempt to improve the results on the search task
of the TREC-2002video track.

1.2.2 Video Track

TREC-2001 has introduced a video retrieval task, on a collection of (copy-
right free) videosproducedbetweenthe 1930sand the 1970s(including ad-
vertising, educational, industrial, and amateur ¯lms) by corporations, non-
pro¯t organizations,trade associations, community and interest groups,ed-
ucational institutions, and individuals. The videosvary in their age,produc-
tional style, and quality. 16 teamsrepresenting 5 companiesand 11 universi-
ties - 4 from Asia, 8 from Europe, and 4 from the US - participated in oneor
more of three tasks: shot boundary determination, feature extraction, and
search (manual or interactive) [23].

The track de¯nesthree tasks: shot boundary detection, featuredetection
and general information search. The goal of the shot boundary task is to
identify shot boundariesin a given video clip. In the feature detection task,
onehasto assigna set of prede¯ned featuresto a shot, e.g., indoor, outdoor,
peopleand speech. In the search task, the goal is to ¯nd relevant shotsgiven
a description of an information need,expressedby a multimedia topic. Both
in the feature detection task and in the search task, a prede¯nedset of video
clips and imagesis to be used. 4

3Beginning in 2003,this track will becomean independent evaluation (TRECVID) with
a 2-day workshop taking place each year just beforeTREC.

4More information about the track is available from the track website at http://
www-nlpir.nist.gov/projects/t01v/
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1.3 Motiv ation, Task and Con tributions

Experiments at CWI (Centrum voor WiskundeenInformatica) for the search
task at the video track studied a genericprobabilistic retrieval model that
ranks shots basedon the content of their keyframe image and speech tran-
script [33]. Evaluating the results, it was noticed that the model does not
distinguish su±ciently between`cartoons' and other keyframe images. Fig-
ures1.2,1.3,and 1.4areexamplesof such behavior. Of course,onegenerally
doesnot expect a `cartoon' asquery result unlessexplicitly asked for; conse-
quently, returning these`cartoons' by mistake results in a lower precisionof
the system.

The objective of this study is to implement a classi¯er that distinguishes
`cartoon' keyframesfrom `non-cartoons'. The problem can be viewed as a
casestudy of automatic video genre classi¯cation. The research work de-
scribesan approach which employs both grayscaleand color imagefeatures.
The output from various feature extractions is combined in a Support Vec-
tor Machines(SVM) training processto producea classi¯cation model. The
results demonstratea small error rate on both the TREC-2002video corpus
and a collection of imagesgatheredfrom the WWW.

The main contributions of this research area rigorousanalysisof the clas-
si¯cation resultson a largecorpus,the useof imagemorphologyin the feature
set, as well as the good results achieved in spite of di±cult, inhomogeneous
data: indeed,our cartoon detector turns out to be useful for improving the
TREC-2002retrieval performance,not just for CWI's entry [33] but alsoon
other contestants' entries.

1.4 Related work

Roach et al. published an approach for the classi¯cation of video fragments
as cartoons using motion only [19]. Yet, their databaseconsistedof only
8 cartoon and 20 non-cartoon sequences,so it is di±cult to predict how
it would perform on the TREC corpus, and their data set is not publicly
available. Another recent e®ort addressedthe classi¯cation of video into
seven categories(including cartoons) [26]. Two of our featuresare similar to
theirs, but our approach is di®erent and the experiments are incomparable.

A closely related problem is the automatic classi¯cation of WWW im-
agesas photographsor graphics; examplesare the WebSeeksearch engine
[24] and the systemsdescribed in [20, 1]. Unfortunately, the most discrim-
inative featuresused in theseworks take advantage of somecharacteristics
of web imagesthat do not exist in video keyframes,notably the aspect ratio
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SampleImagesusedin Query

Best MatchesReturned

Figure 1.2: An example from CWI's entry to the TREC-2002 benchmark.
The search algorithm is given the sampleimagesand attempts to ¯nd similar
imagesin the videodatabase.The mapof the USis consideredan undesirable
`cartoon'.
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SampleImagesusedin Query

Best MatchesReturned

Figure 1.3: Another example from CWI's entry to the TREC-2002 bench-
mark. Herea frame from an animated-picturecartoon is returned unexpect-
edly.
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SampleImagesusedin Query

Best MatchesReturned

Figure 1.4: Another example from CWI's entry to the TREC-2002 bench-
mark. Herea frame from an animated-picturecartoon is returned unexpect-
edly.
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and the word occurrencein the imageURLs. We applied the farthest neigh-
bor histogram descriptor suggestedby [1] to our data collection, but this
characteristic is expensive to compute without resulting in improved error
rates.

The photo/graphics classi¯er of [1] had beenpreviously implemented in
INS1 (Data Mining and Knowledge Discovery) group as part of the Acoi
system [34]. A decision-ruleclassi¯er (C4.5, [18]) has been trained on the
featuresgiven in [1] on varying quantities of training data. However, as the
results in Chapter 5 show, the featuresdo not provide enough(or even no)
discriminating power in the caseof photo/cartoon classi¯cationon the TREC
video collection. Conversely, the sameimplementation has a classi¯cation
scoreof 0:9 on a data set of 14; 040 photos and 9; 512 graphics harvested
from the WWW.

1.5 What is a Carto on?

Recall that the objective of this project was to investigate the possibilities
of ¯ltering certain undesirableimagesfrom image lists generatedby search
operations in an image database. In particular, only scenesfrom the real
world wereof interest. This motivates the following de¯nition:

Wecall imagesor parts of imagesphotographic material or photos
if they have beenobtained by meansof a photographic camera.

We call imagescartoons if they do not contain any photographic
material.

In this work we wereonly concernedwith singleframes. For this reason,our
de¯nition and the discussionof the properties of cartoonsbelow do not take
into account time-dependent properties of cartoons such as characteristic
patterns of motion and rate of change.

Sincethey do not contain photographic material, cartoons are arti¯cial
imageslikeanimatedcartoonsfor children (Figure 1.5), educationalschemat-
ics, and movie credits (Figure 1.11). They are createdby humansas pencil
sketches,by drawing and painting, or with various technical tools for type-
setting and computer animation. Somedistinguishing featuresof cartoons
are:

Few, simple, and strong colors: The abstraction in transforming a real-
world sceneinto the cartoon world leadsto a reduction of colors and
exaggerationin saturation.
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Patches of uniform color: Texturesare often simpli¯ed to uniform color.

Strong black edges: The large patches of uniform color are often sur-
roundedby strong black edges.

Text: Educational cartoons, charts, etc. often contain large text that is
alignedhorizontally and not distorted by a perspective transformation.
Moreover, the fonts are chosento be readableand the colors to give
good contrast on TV.

Giventhis list, it may appeareasyto separatecartoonsfrom other keyframes.
But in practice the problem is not assimple. Part of the problem lies in the
low quality of the video streamsin the TREC-2002collection:

² the analogNTSC signaldiscardshigh-frequencycomponents and there-
fore blurs sharp edges;

² the color ¯delit y is poor, with framestending towardswashed-outcolors
shifted towards blue or brown;

² photographic ¯lm transmitted over TV results in black speckles and
alignment problems, e.g., the trapezoid black sectionsat the left and
right of the imagein Figure 1.5;

² the resolution of the digitized frames is low (352 £ 240 pixels) and
occasionally the frame grabber mixed two consecutive frames into a
singledigital image;

² the digitized frameswerecompressedusingthe lossyJPEG compression
scheme,leadingto artifacts likenoisearoundsharpedgesand rectangu-
lar areasof uniform color wherethe original imagehad smooth subtle
color variations.

Another serioussourceof problemsis that the possibly photographic origin
of a picture often cannot be inferred with precision:

² Arti¯cial scenesrecordedby a photographic camera(Figure 1.13) or
photography of abstract or technical objects (Figure 1.10) can have
strong resemblanceto a cartoon.

² `Mixed' pictures such as Figure 1.9 or people in an theatrical scene
meanthat local and possiblyvery small features(seeFigure 1.10) can
reversestrong evidencein favor of a classi¯cation as cartoon.
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² Postprocessingmay hide or obfuscateany useof photographicmaterial
(e.g., Figure 1.12).

In fact, theseproblems often make it impossibleeven for humans to reach
consensusin classifyingthe video framesfrom the training and testing col-
lection. Consequently, the training sets are not very stable, which posesa
great challengeto any automated procedure.

1.6 Outline

This research work is organizedasfollowsin a bottom-up manner,proceeding
from standardimagedescriptorsto the constructionof newdescriptors,which
are then fed into machine-learningalgorithms for our experiments:

² Chapter 2 discussesimagedescriptorsand presents the onesusedpre-
viously in other research.

² Chapter 3 proposesnew imagedescriptorsbasedon granulometry and
compression.

² Chapter 4 givesa short backgroundabout VC theory and kernelfeature
spacesand then proceedsto kernel-basedlearning usedin the classi¯-
cation task.

² Chapter 5 reports on our experimental setup and results.

² Chapter 6 summarizesthe contributions madewith this research work
and discussesdirections for further research.

² The TREC-2002 topics are described in Appendix B.

² Sourcecode of Matlab routines are provided in Appendix C.



12 1.6. OUTLINE

Figure 1.5: A typical `cartoon' from TREC-2002. Note the JPEG compres-
sion artifacts around the edges,the black cuto® at left and right, and the
vertical stripesfrom the original ¯lm material.

Figure 1.6: This image from TREC-2002 clearly is not a cartoon, hencea
`photo'.

Figure 1.7: Another `clear' cartoon image from TREC-2002, but the exag-
geratedlight beamsare the only distinguishing feature
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Figure 1.8: From TREC-2002,a misleadingphotographic imageof a car.

Figure 1.9: An illustration of the di±cult y of mixed imagesin TREC-2002:
small (human) featuresreversean otherwiseclear classi¯cation as cartoon

Figure 1.10: A photograph from TREC-2002with all the cited properties of
a cartoon; only the sparkleof the metallic parts and the shadows justify the
classi¯cation as `photograph.'
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Figure 1.11: Movie credits count as a cartoon.

Figure 1.12: Postprocessingcan obfuscatethe useof photographic material.

Figure 1.13: Photography of arti¯cial objects such asthe architectural model
here is hard to distinguish from `cartoons'.



Chapter 2

FEA TURE EXTRA CTION

The systemextracts a number of descriptorsfor each 'key-frame' image. In
a probabilistic multimedia retrieval model is usedstraightforward key frame
selection³.e., the middle frame from each shot is representativ e for the shot
[33] and our full collection of imagescontains all thesekey-frames.

In this chapter we discussour image descriptors similar to previously
usedin other classi¯cation systems.Table2.1 presents an overviewof all our
imagedescriptors. Their individual `naive' usefulnessis givenby the error on
photos E(p), error on cartoons E(c), and total error E(t), when performing
classi¯cationwith machine learning(asoutlined in Chapter 4) usingthe given
imagedescriptor alone.

More of the extracted descriptors are basedon a HSV color spaceand
this is the reasonwhy we start with a short presentation of the most popular
color spaces,emphasizingon a HSV color space.

ImageDescriptors Dimension
averagesaturation 1
threshold brightness 1
color histogram 45
edge-directionhistogram 40
compressionratio 1
multi-scale pat.spectrum 60

Table 2.1: Overview of ImageDescriptors.
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2.1 Color spaces

When looking at an imagecolor is a visual featurewhich is immediately per-
ceived. Modelsof color stimuli are usedin retrieval by color similarit y, such
that distancesin the color spacecorrespond to human perceptual distances
betweencolors. Onesof the most usedcolor spacesin imageanalysiscan be
divided in:

² Hardw are-orien ted models. Here belong RGB , CMY , and YIQ
color models. They are de¯ned accordingto propertiesof optic devices
usedto reproducecolors,such asthe TV monitor, the computerscreen,
the color printer, etc.

² User-orien ted models. Here belong the HIC , HCV , HSV , HSB ,
and MTM . Theseare basedon human perception (through hue, sat-
uration, and brightnesspercepts) of colors. Hue describes the actual
wavelength of the color percept. Saturation indicates the amount of
white light which is present in a color. Highly saturated colors (pure
colors) have no white light component. Brightness represents the in-
tensity of a color.

2.1.1 Hardw are-orien ted mo dels

RGB color space

RGB is the most commonlyusedhardware-oriented schemefor digital images
basedon the physiology of human retina. Colors in RGB are obtained as
the addition of the three primaries Blue, Greenand Red. The color spaceis
visualized by a unit cube where each color (red, green,blue) is assignedto
oneof the three orthogonal coordinate axesin 3D space(Figure 2.1).

In this cube, as shown in (Figure 2.3):

² The RGB coordinatesare related to tristimulus 1 values,XYZ, accord-
ing to the following linear transformation [4]:

X = 0:490R + 0:310G + 0:200B
Y = 0:177R + 0:813G + 0:010B
Z = 0:000R + 0:010G + 0:990B

White is represented as X = 1, Y = 1, Z = 1

1Tristim ulus values X, Y, Z are the corresponding amounts of red, green, and blue
necessaryto form a particular color
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Figure 2.1: View of the shell of the color cube.

There are many measuresthat can be derived from the tristim ulus
values,theseincludechromaticity coordinates(x, y, z) and color spaces.
Thus a color is speci¯ed by its chromaticity coe±cients, de¯ned as:

x =
X

X + Y + Z

y =
Y

X + Y + Z

z =
Z

X + Y + Z

Chromaticity coordinates de¯ne color in relation to the Chromaticity
Diagram 2 (Figure 2.2), which hasa white point at its center with more
saturated colorsalong the radii coming out from the center.

² Along each axis of the color cube, the colorsrangefrom no contribution
of that component to a fully saturated color.

² Maximally saturated colorsare placedat the cornersof the cube, Red
at (1,0,0), Greenat (0,1,0), Blue at (0,1,1), Cyan at (0,1,1), Magenta
at (1,0,0), and Yellow at (1,1,0).

² The color cube is solid, any point (color) within the cube is speci¯ed
by three numbers,namely, an r,g,b triple.

² The diagonal line of the cube from black (0,0,0) to white (1,1,1) repre-
sents all the grays, that is, the red, green,and blue components have
the samevalues.

2The chromaticit y diagram is a tool for color de¯nition but doesnot correspond to the
operation of any hardware device,nor to the way in which human vision operates.
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Figure 2.2: Chromaticity diagram. If three points of the diagram, corre-
sponding to three primaries, are selected,all the colorsobtainable by means
of them are included in the triangle having thesethree points as vertexes.
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Figure 2.3: RGB color space.

² This RGB color spacelies within our perceptual space,that is, the
RGB cube is smaller and represents fewer colors than we can see.

CMY color space

CMY color spaceis usedfor color printing and it usesasprimary colorscyan,
magenta and yellow (CMY). Cyan, Magenta, Yellow are the complements of
Red, Green,and Blue obtained by subtracting light from white. Therefore,
white is at (0,0,0) and black is at (1,1,1) in the CMY color spaceas shown
in Figure 2.4.

Conversion from RGB to CMY can be done by converting RGB into
XYZ and henceconverting XYZ into CMY. RGB colorsare purer than the
corresponding colors in CMY (i.e., the color solid is smaller in CMY) and
this must be taken into account in order to print an image of a computer
monitor on a color printer.

YIQ color space

The NTSC format is used in televisions in the United States. One of the
main advantages of this format is that gray-scaleinformation is separated
from color data, so the samesignal can be usedfor both color and black and
white sets. In the NTSC format, image data consistsof three components:
luminance(Y), hue (I), and saturation (Q). The ¯rst component, luminance,
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Figure 2.4: Color representations of the CMY color space.

represents gray-scale information, while the last two components make up
chrominance(color information).

Similar to the YIQ are the YUV, and YCrCb color spaces. Each of
these producesa linear transform of RGB which generatesone luminance
channel and two chrominancechannels. The transformations were designed
speci¯cally to the parametersof the expecteddisplay devices:YIQ - NTSC
color television,YUV - PAL and SECAM color television,and YCrCb - color
computer display. The YCrCb color spaceis usedin the JPEG digital image
standard. Noneof thesecolor spacesis uniform.3 As such, the colordistances
in thesetransform color spacesdo not correspond to color dissimilarities.

2.1.2 User-orien ted mo dels

HIS (Hue, Intensity, and Saturation), HCV (Hue, Chroma, and Value), HSV
(Hue, Saturation, and Value), and HSB (Hue, Saturation, and Brightness)
color models are closelyrelated to each other while they all are approxima-
tions of the Munsell system(Figure 2.5) and support an intuitiv e notion of
color sincethey separateluminancefrom the other components. Color com-
ponents canbe derived from either RGB or XYZ through linear or non-linear
transformations. Thesespaceshavebeenusedextensively in computervision

3Uniform color spacesare spacessuch that a color di®erenceperceived by a human
observer is approximated as the Euclidean distancebetweentwo points in the color space.
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Figure 2.5: Munsell system.

and computer graphics. They all are device dependent4 and non-linear.

MTM color space

Mathematical Transformation to Munsell system (MTM ) spaceis a color
spacewhich is obtained from RGB through a simple transformation. It is
perceptuallyuniform and very closelyrepresents the humanway of perceiving
colors. Transformation from RGB to MTM is reported in [17].

HIS color space

The HIS model is represented asa double coneas in (Figure 2.6). The axis
of the coneis the gray scalewith White in the top conevertex and Black in
the bottom conevertex. Hue is represented by the anglearound the vertical
axis. Primary colors are located on the maximum circle, equally spacedat
60 degrees(counterclockwise: Red, Yellow, Green,Cyan, Blue, Magenta).

HSB color space

The HSB color spacederivesfrom Hurvich and Jamenson'sopponent color
theory[10]. This theory is basedon observation that opponent hues(Yellow
and Blue, Greenand Red) canceleach other when superimposed. HSB is a
polar coordinate model. This model can represent with a certain ¯delit y a
great range of psychophysical phenomena.From RGB opponent colors can

4 Each color devicehas a particular set of colors that it can produce. This color set is
known as its gamut
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Figure 2.6: HIS color model.

be de¯ned through the linear transformations:

rg = R ¡ G

by = 2B ¡ R ¡ G

wb= R + G + B

The intensity axis wb can be more coarselysampledthan the other two.

HSV color space

The HSV (Hue, Saturation, Value) color model (Figure 2.7) is repre-
sented by a conewherethe coneaxis represents the line of grey. HSV can be
derived from the RGB spaceaccordingto the following transformation:

V =
1
3

(R + G + B)

S = 1 ¡
3

R + G + B
min (R; G; B)

H = 180
0:5(R ¡ G) + (R ¡ B)

((R ¡ G) + (R ¡ B)(G ¡ B))1=2

H = unde¯ned if S = 0

H = 360¡ H ifB=V > G=V
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Figure 2.7: HSV model.

In our program we usethe functions rgb2hsv and hsv2rgb from Matlab
Image ProcessingToolbox that convert imagesbetweenthe RGB and HSV
color spaces.

As hue varies from 0 to 1.0, the corresponding colors vary from red,
through yellow, green,cyan, blue, and magenta, back to red, so that there
are actually red valuesboth at 0 and 1.0. As saturation variesfrom 0 to 1.0,
the corresponding colors (hues) vary from unsaturated (shadesof gray) to
fully saturated (no white component). As value, or brightness,variesfrom 0
to 1.0, the correspondingcolorsbecomeincreasinglybrighter (seeFigure 2.8).

2.2 Saturation, Brigh tness, and Color His-
togram

The HSV spaceprovides two interesting descriptors. Figure 2.9 shows that
the averagesaturation of cartoons is much higher when comparedagainst
photographic images. We compute our ¯rst descriptor as the averagecolor
saturation using the S channel of the imagein the HSV color space.

We call our seconddescriptor `thresholdbrightness', that is, the percent-
ageof pixels having brightness(the V channelof the imagein the HSV color
space)above a certain threshold. The averagebrightnessfor cartoons (Fig-
ure 2.10) is much higher than photos and we obtained best results using a
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Figure 2.8: HSV color model.

threshold of 0:2, as explainedin Chapter 5.
Similar descriptorswereusedin [26] andwealsoobservedgood correlation

with classmembership.
The color histogram is the most traditional way of describing low-level

color properties of images. It can be represented as three independent color
distributions in each primary, as two independent distributions (for color
spaceswhich separatechromatic information from luminance) or, more fre-
quently, asonedistribution over the three primaries,obtainedby discretizing
imagecolorsand counting how many pixels belongto each color. Following
the most frequent useof the color histogram to obtain our third descriptor,
wecomputea 3£ 3£ 5 histogramof the imagein the HSV color spaceand use
the 45 numbers (normalized by the number of pixels) as 45 image descrip-
tors. Figures 2.11{2.14con¯rm the intuition that cartoons have few colors
and thereforefew highly-¯lled bins in their color histogram.
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Figure 2.9: Saturation in cartoon and photo images. An original (rgb) (a)
cartoon and (b) photographic image. Saturation of (c) cartoon and (d) pho-
tographic image(S channel of HSV color space).Histogram: (e) Computed
averagesaturation 0.6231 in cartoon. Note that the scaleheregoesto 1500.
(f ) Computed averagesaturation 0.2880 in photographic image.
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Figure 2.10: Brightness in cartoon and photo images. An original (rgb)
(a) cartoon and (b) photographic image. Grayscale (c) cartoon and (d)
photographic image (HSV color space). Histogram. Computed threshold
(0.4) brightness0.9775 in (e) cartoon and 0.6459 in (f ).
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(a) (b)

(c) (d)

Figure 2.11: Color histogramdescriptorsin cartoon and photo imagesbased
on 45-bin HSV color space. An original (RGB) (a) cartoon and (b) photo-
graphic image. H channel of the (c) cartoon and (d) photographic image
quantized to 3 values.
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(e) (f )

(g) (h)

Figure 2.12: S channel of the (e) cartoon and (f ) photographic imagequan-
tized to 3 values. V channel of the (g) cartoon and (h) photographic image
quantized to 5 values.
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Figure 2.13: (i) { color histogramfor cartoon. The 3£ 3£ 5 histogramin the
HSV color spaceis given by one-dimensionalhistogramsfor the V channel
for each of the possiblequantized valuesof the H and S channel.
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Figure 2.14: (j) { color histogram for photographic image. The 3 £ 3 £ 5
histogram in the HSV color spaceis given by one-dimensionalhistograms
for the V channel for each of the possiblequantized valuesof the H and S
channel.
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2.3 Edge Detection

Cartoons are expected to have strong black edges. SeeFigure 2.15 for an
example, where areasof uniform color are surrounded by black lines. To
derive an imagedescriptor for measuringthis property, we reducethe image
to gray-scale(example in Figure 2.16) and interpret this gray-scale image
as a real function I (x; y) of two variables; this allows us to reasonabout
the local rate of changeand the direction of the steepest ascent or descent.
Coordinates(x; y) whereI (x; y) changesa lot are likely to be part of an edge
and thereforewe classify local change.

Our edge-detectionimage descriptor will be basedon the gradient of I .
The gradient of I in point (x; y) is

r I (x; y) =
µ

@
@x

I (x; y);
@
@y

I (x; y)
¶

wherethe horizontal partial derivative @=@xI (x; y) in point (x; y) is the rate
of change(derivative) of I when x is varied and y kept constant. (The same
holds vice versafor the vertical partial derivative.)

To approximate the horizontal and vertical derivatives, respectively, we
¯lter the imageusing the horizontal and vertical Sobel ¯lters, respectively:

Shorizontal =

0

@
¡ 1 0 1
¡ 2 0 2
¡ 1 0 1

1

A and Svertical =

0

@
1 2 1
0 0 0

¡ 1 ¡ 2 ¡ 1

1

A :

For example,when ¯ltering the imagewith Shorizontal ,

(Shorizontal ¤ I )(x; y) = ¡ I (x ¡ 1; y ¡ 1) + I (x + 1; y ¡ 1)

¡ 2I (x ¡ 1; y) + 2I (x + 1; y)

¡ I (x ¡ 1; y + 1) + I (x + 1; y + 1)

approximates the horizontal changeby subtracting the valuesof neighboring
pixels at the left from the valuesof neighboring pixels at the right, giving
greater weight to closerneighbors. Figures 2.17 and 2.18 show the e®ectof
applying the horizontal and vertical Sobel ¯lter to our exampleimage.

The gradient r I (x; y) is a vector pointing in the direction of the greatest
ascent. Therefore,the angleµ(x; y) of the gradient at (x; y) is de¯ned via

tan µ(x; y) =
@

@y I (x; y)
@

@x I (x; y)
:
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Figure 2.15: A typical cartoon from TREC-2002 with clearly de¯ned black
edgesand a photographic imagefrom TREC-2002 for comparison.

Figure 2.16: The precedingimagesreducedto gray-scale.

Figure 2.17: The horizontal Sobel ¯lter applied to the gray-scale images.
Sharp increasesin brightnesswhen going from left to right are represented
by strong greenpixels (these are the positive values in the ¯ltered image);
sharpdecreasesby strongshadesof red (negativevaluesin the ¯ltered image).
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Figure 2.18: The vertical Sobel ¯lter applied to the gray-scaleimages.Sharp
increasesin brightnesswhengoingdownwardsarerepresented by stronggreen
pixels (these are the positive values in the ¯ltered image); sharp decreases
by strong shadesof red (negative valuesin the ¯ltered image).

Figure 2.19: The edgeanglespresented by false saturated colors. For in-
stance,blue marks upward edges,greendownward edges,and red horizontal
edges.

Figure 2.20: The edgemagnitude.
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Figure 2.21: The edgeangleswith the edgemagnitude as brightness. Our
imagedescriptor is essentially a histogram of this image.
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Figure 2.22: The edgehistogram of an image (the cartoon on the left, the
photographic image on the right) gives for each of ¯v e intervals of magni-
tudes and eight intervals of anglesthe fraction of pixels that fall into a given
magnitude interval and a given angle interval.
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The length of the gradient vector, its norm m(x; y) = jr I (x; y)j, is

m(x; y) =

s µ
@

@x
I (x; y)

¶ 2

+
µ

@
@y

I (x; y)
¶ 2

:

Our approximations of the partial horizontal and vertical derivativespermit
us to compute approximations of µ(x; y) and m(x; y). This is illustrated in
Figures2.19and 2.20.

The approximations of µ(x; y) and m(x; y) are gray-scaleimagesthem-
selvesand we computea histogram of the frequenciesfor tuples of particular
values(µ; m). Concretely, we divided the range of angles0: : : 2¼into eight
uniform intervals and the rangeof magnitudes0: : :

p
20 into ¯v e uniform in-

tervals. This yields 8¢5 = 40 frequenciesnormalizedto valuesbetween0 and
1, which are stored as a vector of 40 °oating-point numbers. This approach
is inspired by [7] wherea similar technique is outlined.
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Chapter 3

NO VEL DESCRIPTORS

In this chapter wedeveloptwo newclassesof imagedescriptorsto supplement
the commonlyuseddescriptorspresented in the precedingchapter (color his-
togram and edgebaseddescriptors,averagesaturation and threshold bright-
ness). The ¯rst classof descriptorsattempts to recognizethe simple com-
position of imagesby measuringthe compressionratio, whereasthe second
approach is to usepattern spectra to di®erentiate betweencartoonsand pho-
tographic images.

3.1 Compression

3.1.1 Descriptiv e Complexit y

Cartoonsareexpectedto have a moresimplecomposition than photographic
images:they typically have few colors,simple geometricshapes,etc. Hence,
an imagedescriptor measuringthe `complexity' of an imageshouldbe useful
in distinguishing cartoons from photographic images.

There is an extensive theory about the descriptive complexity of data
objects [14]. Here (¯nite) data objects x and (¯nite) descriptionsp are ab-
stracted to (¯nite) bit strings x; p 2

S
n¸ 0f 0; 1gn ; description methods are

represented by partial functionsT mappingdescriptionsp to outputs x (or no
output). We are only interestedin description methods that can in principle
be implemented on a computer. Thereforewe require that T is computable.
With thesepreliminaries, we can de¯ne the complexity of x with respect to
description method T as

CT (x) := minfj pj : given input p, method T producesxg

wherejpj is the length of the bit string p. For example,T could be the LZ77
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decompressionalgorithm [13] usedby the GNU gunzip utilit y [15, 5], p the
compressed̄le and x the uncompressed̄le.

Surprisingly, thereexistsan e®ectivedescriptionmethod U sothat for any
other description method T, CU (x) · CT (x) + c where c 2 N is a constant
depending only on the choice of U and T but not on x. Therefore U is
called an universal description method; the theorem proving its existenceis
called the `Invariance Theorem' and given in [14]. C(x) := CU (x) is called
the Kolmogorov complexity of x. If we interpret CT (x) as the length of the
¯le x compressedso that it can be uncompressedwith method T, then the
InvarianceTheoremsays that the compressedversionof x with respect to U
is only a longerby a constant number of bits than the compressedversionof
x with respect to T for any (de)compressionmethod T.

Sincethe Kolmogorov complexity C(x) measurestruly detectsany algo-
rithmic regularity of x, it is the ideal formalization for the intuitiv e inherent
complexity of given image: there is no needto specify what kind of simplicity
we are looking for, becauseCU (x) will measuresall regularity exploitable by
a computer. Hence,C(x) would be a very useful imagedescriptor. However,
the nice properties of C(x) comeat a large price: ¯nding the shortest com-
pressedversionof x with respect to the universalmethod U is uncomputable
and, worse, essentially any approximation of C(x) with meaningful overall
guaranteesother than C(x) · jxj + c0 (for someconstant c0) is also uncom-
putable. Consequently, we are forced to resort to approximation methods
that comewithout any guarantee of how much of the existing algorithmic
regularity they can ¯nd. Our approach was to take the size of the images
when compressedwith commonly usedimage-compressiontechniquesas an
approximation to C(x). Note, however, that for lossycompression,this ap-
proximation can even be smaller than the true C(x).

3.1.2 Image Compression

Image-compressionalgorithms fall into two categories: lossy and non-lossy
image compression. As the name suggests,non-lossycompressionpermits
the perfect reconstructionof the input imagefrom the compresseddata. On
the other hand, lossycompressionaims at discarding irrelevant parts of the
imageto reducethe sizeof its representation.

Losslessimage compressionis usually implemented by applying a re-
versible ¯lter to the image and then compressingthe result using a generic
compressionalgorithm. The compressionalgorithm is typically a method
such asrun-length encoding, entropy coding (Hu®manor arithmetic coding),
or techniquesoriginally developed for text such as LZ77 [13]. Becausethese
algorithms operate on a bit string, which conceptually is one-dimensional
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data, the preceding¯ltering stagecan improve compression.For example,in
the PNG format [8], the image is compressedhorizontal line by horizontal
line with the option of ¯rst applying a two-dimensional¯lter that attempts
to predict the value of a pixel given its surrounding pixels. A good predic-
tion leadsto small output values,thus biasing the distribution toward small
values,which can then be compressedwell.

Compared to losslesscompression,lossy compressioncan achieve dra-
matically greater compressionratios. This is becausethe compressorcan
discard information that the casualobserver will not notice. The point of
depart for lossycompressionalgorithms areassumptionson the physiological
capabilities of the (human) observer. For instance,oneof the designconsid-
erations in the baselineJPEG format [32] was that the human eye is more
sensitive to rapid variations in brightness than to color and therefore the
image is transformed to the YCrCb color spaceand the di®erent channels
quantized to di®erent precision. Another assumption of baselineJPEG is
that high-frequencyinformation is lessimportant than low-frequencyinfor-
mation. Therefore the channelsof the quantized image are transformed in
blocks of 8£ 8 pixels into a frequencyrepresentation usingthe discretecosine
transform (DCT); the frequenciesare scaledby hand-tuned coe±cients and
further scaledlinearly to accommodate varying quality settings. Finally, the
data resulting from the previousstepsis compressedusingHu®mancompres-
sion, just as in losslessimage compression.SeeFigure 3.1 for examplesof
JPEG compression.

3.1.3 Compression Image Descriptors

The precedingdiscussionsuggeststhat the compressedsizeof an imagewill
measureits local complexity of composition. Indeed, an image descriptor
computed by quantizing the input image to 256 colors, applying lossless
compressionto the PNG format [8] and using the

compressionratio =
compressedsize

original size

as a singlereal-valued imagedescriptor led to high predictive power for dis-
tinguishing cartoons from photographic images. Results of the experiments
are given in Chapter 5. We included the quantization step in order to avoid
problems with compressingthe inherent noise in the sourcematerial from
TREC-2002.

Experiments with lossy compressionwith JPEG at various quality set-
tings gave little correlation. This is probably due to our sourcematerial,
which wascaptured from TV signals(blurring sharp edgesand adding noise
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(a)

(b)

(c)

Figure 3.1: JPEG image-compressionexamples:(a) original of a monitor test
image. (b) the sameimagecompressedat a high quality setting|di®erences
are hardly visible. (c) the same image compressedwith low quality and
high compressionratio|the deterioration in ¯delit y apparent: artifacts and
smearingare clearly visible.
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to uniform colors) and already stored in the JPEG format|hence, the dis-
tinctiv e featuresof cartoonsweresmoothed out and lost.

3.2 Pattern Spectrum

3.2.1 In tro duction to morphological image analysis

Mathematical morphology (MM) can be de¯ned not only as a theory for the
analysisof spatial structures,but alsoasa powerful imageanalysistechnique.
It is called morphology becauseit aims at analyzing the shape and form
of objects. It is mathematical in the sensethat the analysis is basedon
set theory, integral geometry and lattice algebra. MM has an increasing
successbecauseof its simplemathematicaldescriptionand the many powerful
image analysis tools it provides. Each object can be characterized using
morphological measurements. Image measurements aim at characterizing
the objects of an image by some numerical values. The measurement is
discriminant for a given criterion if the valuesobtained for objects satisfying
this criterion are very di®erent from those obtained for all other objects.
Thesemeasurements de¯ne a vector of featuresthat canbeusedasinput to a
statistical or neuronalclassi¯cation method and this morphologicalapproach
is what we use. Our multi-scale pattern spectrum descriptorsare the output
of morphologicalmeasurements of the imageafter applying granulometries.
Granulometriesareexplainedlater in Subsection3.2.5after giving a glossary
of terms necessaryfor their better understanding.

3.2.2 Background notions

Discrete images

Most imageanalysistechnologiesusedigital imagedata. The discreteversion
Z 2 of the 2-dimensional(2 ¡ D) EuclideanspaceR2 is achieved by sampling
R2. A network of evenly distributed points (pixels) is usually considered.
The shape of the sampledobject dependson the positioning of the sampling
grid and the sizeof the samplingwindow.

Imagesare de¯ned over a rectangular frame called the de¯nition domain
of the image.

A binary image f is a mapping of a subsetD f of Z n called the de¯nition
domain of f into the set f 0; 1g:

f : D f ½ Z n ¡ ! f 0; 1g:
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The value of a pixel of a binary imageis either 1 or 0 dependingon whether
the pixel belongsto an object or to its background. In morphology, image
objects as consideredas sets.

A grayscale imagef is a mappingof a subsetD f of Z n calledthe de¯nition
domain of f into a boundedset of ¯nite chain of nonnegative integersN0 :

f : D f ½ Z n ¡ ! f 0; 1; : : : ; tmax g;

wheretmax is the maximum valueof the data type usedfor storing the image
(i.e., 2n ¡ 1 for pixels coded in n bits). More formally, grayscaleimagesare
consideredas sets through their graphsand subgraphs. The graph G of an
imagef is the set of points (x; t) such that x belongsto the imageplane of
f and t = f (x):

G(f ) = f (x; t) 2 Z n £ N0jt = f (x)g:

The subgraph, SG of an image,f is the set of points of Z n £ N0 lying below
the graph of the imageand over the imageplane:

SG(f ) = f (x; t) 2 Z n £ N0j0 · t · f (x)g:

Image to image transformations

Morphological image transformations are image to image transformations,
i.e., the transformed image has the some de¯nition domain as the input
image and it is still a mapping (Ã) of this de¯nition domain into the set
of nonnegative integers. The Identity transform (I ), is a trivial exampleof
imageto imagetransformation:

8f; I (f) = f:

The cross-section (CSt (f )) of a grayscale image f at level t is the set of
pixels of the imagewhosevaluesare greater than or equal to t. Morphologi-
cal transformations are neighborhood imagetransformations, i.e., the output
value at a given pixel is a function of the valuesof the pixels falling within a
neighboring region centered on the consideredpixel.

Basic set operators applied to images

The basicset operators usedfor de¯ning morphologicaltransformations are
the union [ and the intersection \ . For grayscaleimages,the union becomes
the point-wise maximum operator and the intersection is replaced by the
point-wise minimum operator. The point-wise maximum _ and point-wise
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minimum ^ betweentwo imagesf and g with identical de¯nition domains
are de¯ned for each point x as follows:

(f _ g)(x) = max[f (x); g(x)];

(f ^ g)(x) = min [f (x); g(x)]:

Another basicsetoperator is complementation, denotedby C: C(f ) = f c.
The complementation f c of an image f is de¯ned for each image x as the
maximum value of the data type usedfor storing the imageminus the value
of the imagef at position x:

f c(x) = tmax ¡ f (x):

Ordering relations

Ordering is a key notion in mathematical morphology. An image f is less
than or equal to an imageg with the samede¯nition domain if the subgraph
of f is included in that of g:

f · g , SG(f ) µ SG(g):

By analogyorderingon imagetransformationsis de¯ned as: a transformation
Ã1 is lessthan or equal to a transformation Ã2 if and only if, for all images
f , Ã1(f ) is lessthan or equal to Ã2(f ):

Ã1(f ) · Ã2(f ) , 8f ; Ã1(f ) · Ã2(f ):

Convexit y

A Euclidean set is convex if and only if it contains all line segments con-
necting any pair of its points. The convexity property is an important shape
descriptor. In the discretecasethere may bemorethan oneconnecteddigital
line segment linking two points, hence,the de¯nition becomes:

A set of grid nodesS is said to be convex if it is equivalent to the grid
nodes falling within the intersection of all Euclidean half-planescontaining
S. The smallestconvex set containing a given set is called the convexhull of
this set.

Image transformation prop erties

Someof the most fundamental problemsin imageanalysisconcernthe choice
of which operatorsto use,whento apply them, and how largethey shouldbe.
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Knowing the properties of a transformation allows us to predict its behav-
ior and hencewill help us to choosethe appropriate transformations when
solving an imageanalysisproblem. Key imagetransformation properties in
mathematical morphologyare:

Idemp otence: A transformation ª is idempotent if applying it twiceto any
imagef is equivalent to applying it only once:

Ã is idempotent , ÃÃ = Ã:

Extensivit y: A transformation ª is extensive, if for all imagesf , the trans-
formed imageis greater than or equal to the original image,i.e., if Ã is
greater than or equal to the identit y transform I :

Ã is extensive , I · Ã:

An ti-extensivit y: A transformation ª is anti-extensive, if for all imagesf ,
the transformed image is lessthan or equal to the identit y transform
I :

Ã is anti-extensive , I ¸ Ã:

Increasingness: A transformation ª is increasing,if it preservesthe order-
ing relation betweenimages:

Ã is increasing , 8f ; g ) Ã(f ) · Ã(g):

Dualit y: Two transformations ª and © are dual with respect to comple-
mentation if applying ª to an imageis equivalent to applying Á to the
complement of the imageand taking the complement of the result:

Ã and Á are dual with respect to complementation C , Ã = CÁC:

De Morgan formula: X \ Y = (X c [ Y c)c - the set intersection with
respect to the complementation is the set union, is an example of a
dual operator.

3.2.3 Erosion and Dilation

Morphological operators aim at extracting relevant structures of the image
through its subgraphrepresentation. This is achieved by probing the image
with another set of known shape calledstructuring element (SE)- a movable
image mask within which the image values are evaluated. The shape of
the SE is usually chosenaccording to somea priori knowledgeabout the
geometry of the relevant and irrelevant (noise or objects we would like to
suppress)imagestructures.
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Structuring element

A SE is a small setusedto probe the imageunder study. Oneof the pixels in
the SE is the reference point, commonly, though not necessarilyat the center.
The operations proceedby placing the referencepoint at every pixel in the
image. At each location the image value at the referencepoint is changed
(or not) depending on the image values within the SE. To investigate the
morphologyof n-dimensionalimageobjects, n-dimensionalSEs(i.e., subsets
of the imagede¯nition domain) canbe used,referredto as°at SEs,or n + 1-
dimensionalSEscalled non°at SEs. The shape of °at structuring elements
doesnot dependon the scalingof the imagegray levels. The grayscalevalues
of non°at SEsshould have the sameunits and scalingsas thoseof the input
image. The two dual morphologicaloperators erosion and dilation are the
foundation of morphologicalanalysiswith structuring elements.

Erosion

The erosionof an imageI by a °at structuring element B is denotedby " B

and the eroded value at a given pixel x is the minimum value of the image
in the window de¯ned by the structuring element when its origin is at x:

["B (f )] = min
b2 B

f (x + b)

In binary morphology erosionshrinks the input image. The following ¯gure
(Figure 3.2) illustrates the erosionof a binary image. The structuring element
in this caseis a square(3 £ 3 array of pixels) and the referencepoint is at
the center. The structuring element is moved acrossthe source(left) image.
If at any location a `0' appearswithin the structuring element, the value at
the referencepoint in the destination (right) imageis zero. If the structuring
element is full of `1's then the referencepoint in the destination imageis set
to 1. Another way to look at it is to say that the referencepoint is set1 if the
structuring element ¯ts entirely within the object. Small-scaleprotrusions
and connectionsare removed by this process. A larger structuring element
would have stripped o®a thicker skin (and in this particular casecausedour
object to disappear).

Grayscaleerosionwith a °at disk shapedSEelement will generallydarken
the image. Bright regions surrounded by dark regions shrink in size, and
dark regionssurroundedby bright regionsgrow in size. Small bright spots
in imageswill disappear as they are eroded away down to the surrounding
intensity value, and small dark spots will becomelarger spots. Figure 3.3
shows a vertical cross-sectionthrough a grayscale image and the e®ectof
erosionusing a disk shaped SE. Figure 3.4 { Figure 3.6 illustrate grayscale
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Figure 3.2: Binary ImageErosion.

Figure 3.3: Grayscaleerosionusing a disk shaped structuring element. The
°at disk shaped structuring element causessmall peaksin the imageto dis-
appear and valleys to becomewider.
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erosionusing a 3 £ 3 °at squarestructuring element.
Non°at SEs have grayscale values for their domain of de¯nition. The

erosionby a non°at SE B is de¯ned as follows:

["B (f )] = min
b2 B

f f (x + b) ¡ B(b)g

Dilation

Dilation is the opposite of erosion. We now use

[±B (f )](x) = max
b2 B

f (x + b):

In other words, the dilated value at a given pixel x is the maximum value of
the imagein the window de¯ned by the structuring element when its origin
is at x.

In the morphologicaldilation, the state of any given pixel in the output
image is determined by applying a rule to the corresponding pixel and its
neighbors in the input image.

Rule for Binary Dilation

The value of the output pixel is set to 1 if any of the pixels in the
input pixel's neighborhood is set to 1.

Figure 3.7 illustrates the dilation of a binary image. It shows how the neigh-
borhood of the pixel of interest (the circled one) is de¯ned by the structuring
element. The dilation function applies the appropriate rule to the pixels
in the neighborhood and assignsa value to the corresponding pixel in the
output image.

In binary morphology dilation grows the input image (Figure 3.8). In
this case,as the structuring element (3 £ 3) moves,if any pixel in the source
image has the value `1', then the referencepoint in the destination image
is set to 1. The e®ectis to add a layer of pixels around the object. This
results in ¯lling in `small' (with sizeof the structuring element or less)holes
and gapsin the structure, and joining objects together that are separatedby
small distances.

Rule for GrayscaleDilation

The value of the output pixel is the maximum value of all the pixels
in the input pixel's neighborhood.
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Figure 3.4: Original image.

Figure 3.5: Produced image by two erosionpassesusing a 3£ 3 °at square
structuring element. Note that the highlights have disappeared, and that
many of the surfacesseemmoreuniform in appearancedueto the elimination
of bright spots. The body of the cube has grown in size since it is darker
than its surroundings.

Figure 3.6: The e®ectof ¯v e passesof the sameerosion operator on the
original image.
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Figure 3.7: MorphologicalProcessingof a Binary Image. The morphological
dilation function setsthe value of the output pixel to 1 becauseof oneof the
elements in the neighborhood de¯ned by the structuring element is on.

Figure 3.8: Binary Image Dilation. The dilation with 3 £ 3 SE ¯lls most
holesand gaps,but the gapbetweenthe objects at the right hand sideof the
image,whereit is larger, is retained, but narrowed, in the destination image.
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Figure 3.9: Morphological Processingof grayscaleImages.

Figure 3.9illustrates morphologicalprocessingfor a grayscaleimage. It shows
the processingof a particular pixel in the input image. The function applies
the rule to the input pixel's neighborhood and usesthe highest value of all
the pixels in the neighborhood as the value of the corresponding pixel in the
output image.

Grayscaledilation with a °at disk shaped structuring element will gen-
erally brighten the image. Bright regionssurroundedby dark regionsgrow
in size,and dark regionssurroundedby bright regionsshrink in size. Small
dark spots in imageswill disappear as they are `¯lled in' to the surrounding
intensity value. Small bright spots will becomelarger spots. Figure 3.10
shows a vertical cross-sectionthrough a grayscale image and the e®ectof
dilation using a disk shaped structuring element. Figure 3.11 { Figure 3.13

Figure 3.10: Grayscaledilation using a disk shaped structuring element.

illustrate grayscaledilation using a 3 £ 3 °at squarestructuring element.
Non°at SEs have grayscale values for their domain of de¯nition. The

dilation by a non°at SE B is de¯ned as follows:

[±B (f )] = max
b2 B

f f (x + b) + B(b)g
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Figure 3.11: Original image.

Figure 3.12: Producedimageby two dilation passesusing a 3£ 3 °at square
structuring element. The highlights on the bulb surfacehave increasedin size
and have also becomesquaredo® as an artifact of the structuring element
shape. The dark body of the cube has shrunk in sizesinceit is darker than
its surroundings,while within the outlines of the cube itself, the darkest top
surfacehas shrunk the most. Many of the surfaceshave a more uniform
intensity sincedark spots have been¯lled in by the dilation.

Figure 3.13: The e®ectof ¯v e passesof the samedilation operator on the
original image.
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Some prop erties

² Dualit y: The dilation and erosionare dual transformations with re-
spect to complementation, i.e., any erosionof an image is equivalent
to a complementation of the dilation of the complemented imagewith
the samestructuring element (and vice-versa):

"B = C±B C

The erosionshrinks the objectsbut expandstheir background and vice-
versafor the dilation.

² Ordering relations

"B · ±B , B contains its origin.

² Erosions and dilations are invarian t to translations.

² Erosions and dilations are increasing transformations:

f · g ) "(f ) · " (g); ±(f ) · ±(g):

3.2.4 Op ening

Morphological opening ° of an image f by a structuring element B is an
erosionof f by B followed by the dilation with the transposedSE B̂ :

°B (f ) = ±B̂ ["B (f )];

i.e., °B = ±B̂ "B .
The openingof an imageis independent from the origin of the SE.Erosion

and dilation causethe removal of small-scalestructuresand gapsrespectively,
but result in the remaining objects shrinking or growing. Opening results
in the same`cleaning' e®ecton the imageswhile retaining objects at their
original size and shape (approximately). Figure 3.14 shows a `smoothing'
e®ectof the opening process.

A grayscaleopening consistssimply of a grayscaleerosionfollowed by a
grayscaledilation. The grayscaleopeningcan similarly be usedto selectand
preserve particular intensity patterns while attenuating others. As a simple
exampleseeFigures3.15{ 3.16.

² Morphological opening is an increasingtransformation:

f · g ) ° (f ) · ° (g):

² Morphological opening is an idempotent transformation:

° ° = ° :
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Figure 3.14: Binary Image Opening. The opening with 3 £ 3 SE ends up
with object of the samesizeas in the original case,and approximately the
sameshape, with small scalestructure removed.

Figure 3.15: Original image.
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Figure 3.16: Produced imageby grayscaleopening with a °at 5 £ 5 square
structuring element. The e®ectof the opening is that bright featuressmaller
than the structuring element have been greatly reducedin intensity, while
larger features have remained more or less unchanged in intensity. Thus
the ¯ne grained hair and whiskers in the imagehave beenmuch reducedin
intensity, while the noseregion is still at much the sameintensity as before.
The imagedoeshave a more mat appearancethan beforesincethe opening
haseliminated small peculiarities and texture °uctuations.
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3.2.5 Gran ulometries

Granulometry is a widely usedtool in mathematical morphology for deter-
mining the size distribution of objects in an image without explicitly seg-
menting each object ¯rst. Intuitiv ely, granulometry treats imageobjects as
particles whosesizescan be establishedby sifting them through sieves of
increasingmeshwidth, and collecting what remains in the sieve after each
pass. One passof sifting and retaining the residueis analogousto the mor-
phologicalopening of an imageusing a structuring element of a certain size.
The areasof the imagesoccupied at di®erent scalescan be determined by
successively opening the binary imagewith larger and larger structuring el-
ements. At each scaleobjects corresponding to the size of the structuring
element will be removed from the imageand the detectedareawill decrease.
By measuringthe loss of area at each scalewe can obtain a graph which
shows the relative areaasa function of scale(structuring-element size). Fig-
ure 3.17 shows a collection of objects of di®erent sizesand the size of the
structuring element that causesdi®erent components to disappear due to an
opening operation. The graph at the bottom illustrates the form of output
resulting from such an operation.

In mathematical terms, a granulometry is de¯ned by a transformation ©r

with sizeparameter r that satis¯es the Anti-extensivity, Increasingness(as
de¯ned in 3.2.2) and Absorption (©r ©À = ©À©r = ©max (r ;À)) axioms [25].

Of particular interest aregranulometriesgeneratedby openingsby scaled
versionsof a singleconvex structuring element B , i.e., ©r (f ) = f ±rB , where
rB denotesthe structuring element B at scaler . For valuesr 1 < ¢¢¢< r k ,
the normalized sizedistribution induced by the granulometry ©r is de¯ned
as

s(i ) = 1 ¡
1

P
x;y f (x; y)

X

x;y

[©r i (f )](x; y)

and the corresponding pattern spectrum (lossof surfaceareabetween©r and
©r +1 ) is

p(i ) = s(i + 1) ¡ s(i ):

3.2.6 Structuring Elemen ts Parab ola and Disk

There exist many applications that use°at structuring elements; e.g., rect-
angular sizedistributions are usedin an e®ective way to characterizevisual
similarit y of document images[2]. However, in our caseof di®erent photo-
graphic and cartoon imagesthe objects do not have a particular geometric
shape and thereforewe needa genericand non°at structuring element. Jack-
way [12] and van den Boomgaard et al. [30], and van den Boomgaard and
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Figure 3.17: Binary Granulometry.
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Smeulders[30] have shown that the Gaussianfunction used in linear con-
volutions has as morphologicalanaloguethe parabola. We decidedto usea
parabola (to be more precise,the volume delimited by the paraboloid which
is the surfaceof revolution of the parabola) asoneof the structuring elements
becauseit is the unique structuring function that is both

² rotational symmetric, and

² dimensionaldecomposable[27].

The ¯rst property ensuresthat we have a genericstructuring element that
doesnot favor any particular shape in the image. The secondproperty as-
certains that we can compute preciseopeningsquickly. Note that the °at
disk structuring element does not have exact and e±cient decompositions
into smaller structuring elements. Even approximations to the disk do not
yield dimensionaldecompositions|the structuring elements of the radial de-
composition of the discrete disk are one{dimensionalbut not aligned with
oneof the axes(seeFigure 3.22).

Formally, the two-dimensionalparabola (paraboloid) of scale¸ is

P¸ (x; y) = ¡
x2 + y2

¸ 2

Recall that dilation with a non-°at structuring element B is de¯ned as

[±B (f )] = max
b2 B

f f (x + b) + B(b)g (3.1)

Sincethe domainof a parabola is in¯nite, the maximum rangesat ¯rst glance
over an in¯nite set. However, sinceour grayscaleimageshave pixel values
between 0 and 1, we obtain the exact dilation with the (in¯nite) parabola
of scale¸ consideringonly the ¯nite domain f (x; y) : P¸ (x; y) > ¡ 1g for
computing the maximum in eq. (3.1). Of course,the sameholdsanalogously
for erosion.

In the de¯nition of P¸ , we choose the scale factor 1=(¸ 2) so that the
volume of the scale-̧ paraboloid delimited by the plane z = ¡ 1,

VP =
Z ¡ 1

0
¼

°
° P ¡ 1

¸ (z)
°
° 2

d z = ¼̧ 2
Z ¡ 1

0
z d z =

¼̧ 2

2
;

is the sameasthe the volumeof the cylinder of radius-r and height 1 (which
is the sameas the areaof the disk of radius-r ),

VB =
Z ¡ 1

0
¼

°
° B ¡ 1

r (z)
°
° 2

d z = 2¼r 2
Z ¡ 1

0
z d z = ¼r 2 ;
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Figure 3.18: Parabola and Disk SE have the samevolume

therefore

VP = ¼
¸ 2

2
= ¼r 2 = VB and ¸ = r

p
2 :

In this way, the parabola P¸ and the disk B r of radius r have comparable
sizeas structuring elements (Figure 3.18): when usedin dilation of a single
white point on a black background, the increasein brightnessis the samefor
both structuring elements.

Dilation and erosionwith a n-dimensionalparabola can be decomposed
into the dilation (and erosion,respectively) with n one-dimensionalparabo-
lae, reducing the complexity by a factor n [6]. This decomposition property
allowsus to computedilation with P¸ e±ciently usingone-dimensionalstruc-
turing elements (Figure 3.19{Figure 3.21).

We de¯ne the one-dimensionalhorizontal and vertical scale-̧ parabolae,
respectively:

H ¸ (x; y) =

(
¡ x2=(¸ 2) for y = 0

¡1 for y 6= 0

and

V¸ (x; y) =

(
¡ y2=(¸ 2) for x = 0

¡1 for x 6= 0

Then dilation with P¸ is the sameasa dilation with H ¸ followedby a dilation
with V¸ :

[±P¸ (f )] = [±V¸ (±H ¸ (f ))]
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Again, it su±ces to consider the ¯nite domains in which H ¸ > ¡ 1 and
V¸ > ¡ 1, and of coursetheseconsiderationsextend to erosionas well.

As disk approximations satisfying the absorption property lead to inter-
esting granulometriesas well, we useradial decompositions of discretedisks
of increasingsizefrom cascadesof dilations with periodic lines along several
directions (Figure 3.22 - Figure 3.23) to generatea granulometric function
with sizeparametergiven by the radius of the disk.

3.2.7 Pattern-Sp ectrum Image Descriptors

Basedon the distinguishing featuresof cartoonslike largepatchesof uniform
color we expect di®erencesbetweencartoonsand photographsin the pattern
spectrum: a peak in the pattern spectrum at a given size indicates that
there are many objects of that sizein the image. Hence,we store as image
descriptors a `small-scaleparabola' pattern spectrum with ¸ i = i

p
2, i =

1; : : : ; 20 (Figure 3.24 - Figure 3.27), a `small-scaledisk' pattern spectrum
with r i = i (Figure 3.31- Figure 3.33), i = 1; : : : ; 20, a `largescale-parabola'
pattern spectrum (Figure 3.28 - Figure 3.30) with ¸ i = i5

p
2, i = 1; : : : ; 10

and a `large scale-disk' (Figure 3.34 - Figure 3.36) pattern spectrum with
r i = 5i , i = 1; : : : 10.
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P2 = = ©

P8 = = ©

P18 = = ©

P32 = = ©

P50 = = ©

P72 = = ©

P98 = = ©

P128 = = ©

P162 = = ©

P200 = = ©

P242 = = ©

P288 = = ©

Figure 3.19: Examplesof decomposition of the parabola structuring element
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P338 = = ©

P392 = = ©

P450 = = ©

P512 = = ©

P578 = = ©

P648 = = ©

Figure 3.20: Examplesof decomposition of the parabola structuring element
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P722 = = ©

P800 = = ©

Figure 3.21: Examplesof decomposition of the parabola structuring element
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B1 = =

B2 = =

B3 = = © © © © ©

B4 = = © © ©

B5 = = © © © © ©

B6 = = © © © © ©

B7 = = © © © © ©

B8 = = © © ©

B9 = = © © © © ©

B10 = = © © © © ©

B11 = = © © ©

B12 = = © © © © ©

B13 = = © © © © ©

Figure 3.22: Examplesof decomposition of the disk structuring element
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B14 = = © © © © ©

B15 = = © © © © ©

B16 = = © © © © ©

B17 = = © © © © ©

B18 = = © © ©

B19 = = © © © © ©

B20 = = © © © © ©

Figure 3.23: Examplesof decomposition of the disk structuring element
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(a) (b)

(c) (d)

(e) (f )

Figure 3.24: Processof obtaining the 20 small-scaleparabola pattern spec-
trum descriptors. An original (RGB) (a) cartoon and (b) photographic im-
age. Grayscale(c) cartoon and (d) photographic image. Eroded (e) cartoon
and (f ) photographic imagewith SE parabola, ¸ 5 = 5

p
2.
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(g) (h)

(i) (j)

(k) (l)

Figure 3.25: Continuation of small-scaleparabola pattern spectrum descrip-
tors example. Opened (g) cartoon and (h) photographic image with SE
parabola, ¸ 1 =

p
2. Opened(i) cartoon and (j) photographic imagewith SE

parabola, ¸ 2 = 2
p

2. Opened(k) cartoon and (l) photographic image with
SE parabola, ¸ 4 = 4

p
2.
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(m) (n)

(p) (q)

(r) (s)

Figure 3.26: Continuation of small-scaleparabola pattern spectrum descrip-
tors example. Opened (m) cartoon and (n) photographic image with SE
parabola, ¸ 8 = 8

p
2. Opened(p) cartoon and (q) photographic imagewith

SE parabola, ¸ 16 = 16
p

2. Opened(r) cartoon and (s) photographic image
with SE parabola, ¸ 20 = 20

p
2.
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Figure 3.27: Continuation of small-scaleparabola pattern spectrum descrip-
tors example.Sizedistribution of the (t) cartoon and (u) photographicimage
with SE parabola, ¸ i = i

p
2, i = 1; : : : ; 20. Derivative (v) of (t). Derivative

(w) of (u).
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(a) (b)

(c) (d)

(e) (f )

Figure 3.28: Processof obtaining the 10 large-scaleparabola pattern spec-
trum descriptors. An original (RGB) (a) cartoon and (b) photographic
image. Grayscale cartoon (c) and (d) photographic image (HSV color
space). Eroded (e) cartoon and (f ) photographic image with SE parabola,
¸ 4 = 20

p
2.
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(g) (h)

(i) (j)

(k) (l)

Figure 3.29: Continuation of large-scaleparabola pattern spectrum descrip-
tors example. Opened (g) cartoon and (h) photographic image with SE
parabola, ¸ 1 = 5

p
2. Opened(i) cartoon and (j) photographic image with

SE parabola, ¸ 2 = 10
p

2. Opened(k) cartoon and (l) photographic image
with SE parabola, ¸ 3 = 15

p
2.
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Figure 3.30: Continuation of large-scaleparabola pattern spectrum descrip-
tors example. Opened (m) cartoon and (n) photographic image with SE
parabola, ¸ 4 = 20

p
2. Size distribution of the (p) cartoon and (q) photo-

graphic imagewith SE parabola, ¸ i = i5
p

2, i = 1; : : : ; 10. Derivative (r) of
(p). Derivative (s) of (q).
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(a) (b)

(c) (d)

(e) (f )

Figure 3.31: Processof obtaining the 20 small-scaledisk pattern spectrum
descriptors. An original (RGB) (a) cartoon and (b) photographic image.
Grayscale(c) cartoon and (d) photographicimage(HSV colorspace).Eroded
(e) cartoon and (f ) photographic imagewith SE disk, r 5 = 5.
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(g) (h)

(i) (j)

(k) (l)

Figure 3.32: Continuation of small-scaledisk pattern spectrum descriptors
example. Opened (g) cartoon and (h) photographic image with SE disk,
r1 = 1. Opened(i) cartoon and (j) photographicimagewith SE disk, r 2 = 2.
Opened(k) cartoon and (l) photographic imagewith SE disk, r 4 = 4.
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Figure 3.33: Continuation of small-scaledisk pattern spectrum descriptors
example. Opened (m) cartoon and (n) photographic image with SE disk,
r8 = 8. Sizedistribution of the (p) cartoon and (q) photographic imagewith
SE disk, r i = i , i = 1; : : : ; 20. Derivative (r) of (p). Derivative (s) of (q).
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(a) (b)

(c) (d)

(e) (f )

Figure 3.34: Processof obtaining the 10 large-scaledisk pattern spectrum
descriptors. An original (RGB) (a) cartoon and (b) photographic image.
Grayscalecartoon (c) and (d) photographicimage(HSV colorspace).Eroded
(e) cartoon and (f ) photographic imagewith SE disk, r 1 = 5.
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(g) (h)

(i) (j)

(k) (l)

Figure 3.35: Continuation of large-scaledisk pattern spectrum descriptors
example. Opened (g) cartoon and (h) photographic image with SE disk,
r1 = 5. Opened(i) cartoon and (j) photographicimagewith SEdisk, r 2 = 10.
Opened(k) cartoon and (l) photographic imagewith SE disk, r 3 = 15.
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Figure 3.36: Continuation of large-scaledisk pattern spectrum descriptors
example. Opened (m) cartoon and (n) photographic image with SE disk,
r4 = 20. Size distribution of the (p) cartoon and (q) photographic image
with SE disk, r i = i5, i = 1: : : 10. Derivative (r) of (p). Derivative (s) of (q).
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Chapter 4

SUPPOR T VECTOR MA CHINES

For someof our one-dimensionalimage descriptors, we have a clear intu-
ition how they distinguish cartoons from photographsand `learning' to use
such a descriptor reducesto determining a good threshold value. For others,
especially the various histograms,it is more convenient to classifyautomat-
ically the patterns that are typical for cartoons or photographs. For such
genericclassi¯cation tasks, a popular and often successfultechnique is Sup-
port Vector Machine (SVM) learning [21], which hasbuilt-in guardsagainst
over¯tting and can be tailored to known or conjecturedstructure in the data
by the choiceof the kernel function.

4.1 Learning from data

There are two ways to learn from data: supervised and unsupervised learning.
For supervised learning a supervisor is available in the form of observed
responsedata. Regressionestimation and classi¯cation are typical problems
solved through supervisedlearning. In unsupervisedlearning, no supervisor
is available, thus no responsedata. Density estimation is a typical example
of unsupervisedlearning. Our compressionratio imagedescriptor is another
exampleof unsupervisedlearning.

The supervisedlearning problem is the problem of ¯nding a desiredde-
pendency using a limited number of observations. The general model of
learning from examplesconsistsof three components:

1. A generator(G) generatesvectorsx 2 Rn from a ¯xed, unknown prob-
abilit y distribution function P(x).

2. A supervisor (S) returns an output value y 2 R to every input vector
x accordingto a conditional distribution function P(yjx), y 2 Y, also



80 4.1. LEARNING FROM DATA

Generator -x
Supervisor

?
y

Learning
Machine

-by-

Figure 4.1: The GeneralLearning Machine.

unknown.

3. A learning machine (LM) selectsthe best approximating function from
a set of functions f (x) 2 F , on the basis of the given observations
(x i ; yi ) i = 1; : : : ; l .

Figure 4.1showsthe relationshipsbetweenthe threecomponents (G), (S) and
(LM). The learning machine has to choosefrom the set f (x) 2 F , the func-
tion which best approximates the responsey of the supervisor. All learning
machinesbasically map an input vector x into a higher dimensionalfeature
spaceF and then construct an approximation function in this feature space.
The best approximating function f is the function that has the lowest risk
of making errors. That is, when the di®erencebetween the responsey of
the supervisor of a given input x and the responseby = f (x) of the learn-
ing machine is the lowest. This di®erenceis determinedby a so-calledLoss
function, L(y; f (x)). The goal is to minimize the expectedvalue of the loss,
given by the following (Risk functional) equation

R[f ] =
Z

Rn £ Y
L(y; f (x))dP(x; y): (4.1)

Note that the joint probability function P(x; y) = P(x)P(yjx) is unknown.
The only information available is the training set of l independent and iden-
tically distributed (i.i.d.) observations,

(x1; y1); : : : ; (x l ; yl ); (4.2)

drawn accordingto P(x; y).
The di®erencebetweendi®erent types of learning machines is basedon

two features: First, on which inductive principle is used; second,on which
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type of loss function is used. For example, the Empirical Risk Minimiza-
tion (ERM) inductive principle is usedby the least squaresand maximum
likelihood methods, whereasthe L 2-lossfunction de¯nes a regressionlearn-
ing machine. Next, we state the two main learning problemsfor supervised
learning: classi¯cation and regressionestimation. Each learning problem
requiresthe useof a di®erent lossfunction.

Classi¯cation

Classi¯cation is a main learning problem for supervisedlearning. The task
of classi¯cation is to ¯nd a rule that, basedon external observations, assigns
an object to one of several classes.In our casethere are only two di®erent
classes,cartoon imagesand photographicimages.Onepossibleformalization
of this task is to estimatea function f : Rn ! f¡ 1; +1g, usinginput { output
training data pairs

(x1; y1); : : : ; (x l ; yl ) 2 Rn £ Y; Y = f¡ 1; +1g

generatedi.i.d. accordingto an unknown probability distribution P(x; y) such
that f will correctly classifyunseenexamples(x; y) (a training pattern and
the label). An example is assignedto the class+1 if f (x) ¸ 0 and to the
class¡ 1 otherwise. The test examplesare assumedto be generatedfrom the
sameprobability distribution P(x) as the training data. For classi¯cation
problemsthe responsey of the supervisor takesonly discretevalues. Every
value identi¯es a certain class. In our casey takes only two valuesand we
considerthe loss-function:

L(y; f (x)) =
½

0 if y = f (x)
1 if y 6= f (x)

(4.3)

The risk functional (4.1), using the loss-function in (4.3), determines the
probability that the indicator function f (x) givesa di®erent answer than the
supervisor does,that is to make a classi¯cation error. The learning problem
for classi¯cation is thereforede¯ned as ¯nding the indicator function which
minimizesthe probability of making classi¯cationerrorswhenthe probability
measureP(x; y) is unknown, but the learning data in (4.2) are given.

Regression estimation

In the problem of regressionestimation, the responsey of the supervisor can
be any real value. The functions f (x) are also real valued and represent
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the potential regressionfunction. A typical loss function that is used for
regressionproblemsis given by

L(y; f (x)) = (y ¡ f (x))2: (4.4)

The risk functional that uses(4.4) as lossfunction determinesthe prediction
error of the regressionfunction f (x) with respect to the supervisor'sresponse.
Therefore,the learningproblemfor regressionis that of ¯nding the regression
function which minimizes the probability of making prediction errors when
the probability measureP(x; y) is unknown, but the learning data in (4.2)
are given.

4.1.1 The empirical risk minimization principle

Unfortunately, the expectederror (risk) R[f ] cannot be minimized directly,
sincethe underlying probability distribution P(x; y) is unknown. Therefore,
wehave to try to estimatea function that is closeto the optimal onebasedon
the available information. To this end, we needwhat is called an induction
principle. The ERM inductive principle is very important in learning theory.
It consistsin approximating the minimum of the risk (4.1) by the minimum
of the empirical risk functional

Remp[f ] =
1
l

lX

i =1

L(yi ; f (x i )) ; (4.5)

which is constructed on the basisof the given learning data set (x i ; yi ); i =
1; : : : ; l .

Consistency of the ERM principle

It is possibleto give conditions on the learning machine which ensuresthat
asymptotically (as l ! 1 ), the empirical risk will convergetowards the ex-
pectedrisk (Figure 4.2). From the ¯gure is quite clearwhy learningmachines
basedon the ERM principle have di±culties with small samples.The ERM
will only convergeto the actual risk ( inf R[f ] { the in¯m um of the expected
risk), when the number of observations in the learning data tends to in¯nit y.
In other words, for small samplesizelarge deviations are possibleand over-
¯tting may occur (seeFigure 4.3). Hence,a small generalizationerror cannot
be obtained by simply minimizing the training error (4.5). One way to avoid
the over¯tting is to restrict the complexity of the function classF that one
choosesthe function f from [28]. The intuition is that a \simple" (e.g., lin-
ear) function that explainsmost of the data is preferableto a complexone.
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-

l ¡ ! 1

6

infR[f ]

R[f l ])

Remp[f l ]

Figure 4.2: The consistencyof the learning process
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Figure 4.3: Illustration of the over¯tting dilemma: Givenonly a small sample
(a) either, the solid or the thin hypothesismight be true, the thin onebeing
more complex, but also having a smaller training error. Only with a large
samplewe are able to seewhich decisionre°ects the true distribution more
closely. If the thin hypothesisis correct the solid would under¯t (b); if the
solid werecorrect the thin hypothesiswould over¯t (c).
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A speci¯c way of controlling the complexity of a function classis given by
VC theory and the structural risk minimization (SRM) principle [28, 29].

4.1.2 Structural risk minimization principle

Recall that the ERM principle is only intended for large samplesizes;for
small samplesthe setof functionsusedin the learningprocessshouldhavethe
right level of complexity in order for the learning machine to be able to gen-
eralizewell. The conceptof complexity is captured by Vapnik-Chervonenkis
(VC) dimensionh of the function classF from which the estimatef is chosen.
The VC dimensionmeasureshow many (training) points can be separated
for all possiblelabelingsusing functions of the class. Constructing a nested
family of function classesF1 ½ ¢¢¢½ Fk with non-decreasingVC dimension
the SRM principle proceedsas follows: Let f 1; : : : ; f k be the solution of the
empirical risk minimization (4.5) in the functional classesF i . SRM chooses
the function classFi (and the function f i ) such that an upper bound on the
generalizationerror is minimized which can be computedmaking useof the
following theorem(seealsoFigure 4.4):

Theorem 1 ([28, 29]) Let h denotethe VC dimensionof the function class
F and let Remp be de¯ned by (4.5) using the 0=1-loss.1 For all ± > 0 and f 2
F the inequality bounding the risk

R[f ] · Remp[f ] +

s
h(ln 2l

h + 1) ¡ (ln ±
4)

l
(4.6)

holdswith probability of at least 1 ¡ ± for l > h.

The goal is to minimize the generalizationerror R[f ] by obtaining a small
training error Remp[f ] while keepingthe function classas small as possible.
Avoiding the two extremesenforcedby (4.6):

1. a very small function class (like F1) keepsa large training error, as
re°ected by Remp[f ], while

2. a huge function (like Fk) givesa large squareroot term.

We would like to obtain a function that explains the data quite well and to
have a small risk in obtaining that function. The best class is usually in
\the middle" (Figure 4.4). In Figure 4.4 it is clear that the SRM principle
is concernedwith ¯nding the right balancebetweenthe learning abilit y and

1L(y; f (x)) = £( ¡ yf (x)), where £( z) = 0 for z < 0 and £( z) = 1 otherwise:



CHAPTER 4. SUPPORT VECTOR MA CHINES 85
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-Over¯tting¾Under¯tting

expectedrisk

risk

empirical riskcon¯dence

h( VC dimension)h¤h1 hk
Complexity of Function set

Figure 4.4: The consistencyof the learning process. In practice the goal is
to ¯nd the best trade-o®betweenempirical error and complexity.
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the generalizationabilit y of the learning machine. If a too high complexity
is usedby the learning machine, the learning abilit y may be good but the
generalizationabilit y not. The learning machine will over¯t the data. In
Figure 4.4, we seethat the right region of the complexity corresponds with
over¯tting of the learning data. On the other hand, when the learning ma-
chine usestoo little complexity, it may have a good generalizationabilit y,
but not a good learning abilit y. This under¯tting of the learning machine
corresponds with the left region of the complexity. The optimal complexity
of the learning machine is the set of approximating functions with lowest VC
dimensionand lowest training error.

Constructing of learning machines using the SRM

The implementation of the SRM principle requiresa priori speci¯cation of
the structure on the set of approximating (or loss) functions. For such a
given set, the optimal model estimation amounts to the following two steps.

1. Selectan element of the structure which hasoptimal complexity.

2. Estimate the best model of this element.

Therefore, unlike classicalmethods, learning machines that implement the
SRM principle, provide analytical estimatesfor model selectionbasedon the
bounds for generalizationerror. If ± = min( 4p

l
; 1) [29], the bound in (4.6)

can be represented as

R[f ] · Remp[f ] + ©
µ

l
h

;
¡ ln ±

4

¶
; (4.7)

where©(¢) is a scalarand called the VC con¯dence interval, becauseit esti-
matesthe di®erencebetweenthe empirical error and the actual error. There
are two approachesof implementing the SRM inductive principle in learning
machines:

1. Keep the VC con¯denceinterval ©(¢) ¯xed and minimize the empirical
risk Remp[f ].

2. Keep the empirical risk Remp[f ] ¯xed and minimize the VC con¯dence
interval ©(¢).

Neural networks (NN) algorithms implement the ¯rst approach, since the
number of hidden nodes is de¯ned a priori and therefore the complexity of
the structure is kept ¯xed. The secondapproach is implemented by the
Support Vector Machines (SVM) method where the empirical risk is either
chosento bezeroor setto an a priori level and the complexity of the structure
is optimized.
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4.2 Supp ort Vector Mac hines

4.2.1 Separating hyp erplanes

Supposewe aregivena setof pattern vectorsx1; : : : ; x l 2 Rn which we would
like to classify depending on which side of a \separating" hyperplane they
are. Any hyperplanein Rn can be written as

f x 2 Rn j(w ¢x) + b= 0g; w 2 Rn ; b2 R; (4.8)

where(w ¢x) is the scalarproduct betweenw and x. In this formulation, w
is a vector orthogonal to the hyperplane: If w has unit length, then w ¢x is
the length of x along the direction of w.

By requiring the scalingof w and b to be such that the point(s) closestto
the hyperplanesatisfy j(w ¢x i ) + bj = 1, we obtain the canonical form (w; b)
of the hyperplane

De¯nition 1 (Canonical hyp erplane) The pair (w; b) 2 Rn £ R is called
a canonical form of the hyperplane (4.2.1) with respect to x1; : : : x l 2 Rn , if
it is scaled suchthat

min
i =1 ;:::;l

j(w ¢x i ) + bj = 1; (4.9)

which amounts to saying that the point closestto the hyperplane has a dis-
tance of 1=kwk.

4.2.2 Margins and V C dimension

Let us assumethat the training sampleis separableby a hyperplane,i.e., we
choosefunctions of the form

(w ¢x) + b= 0

Using kwk we de¯ne a structure on the set of approximating functions

f (x) = (w ¢x) + b;

for which the VC dimensionis minimized, such that the elements of the set
FA are analyzedusing kwk · A. Then, if A1 · A2 · A3 · : : : · An , the set
FA can be nestedsuch that FA 1 ½ FA 2 ½ FA 3 ½ : : : ½ FA n . Vapnik proved
in [29] that the VC dimensionh of a set of canonicalhyperplanesin Rn (4.9)
such that kwk · A is

h = min(R2A2; n) + 1;
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where all the training data points (vectors) are enclosedby a sphereof the
smallestradius R.

Therefore,minimization of kwk is an implementation of the SRM princi-
ple becausea small value of kwk will result in a small value of h and the VC
dimensionh is consequently minimized.

In classi¯cationproblemswewant to ¯nd a decisionrule D(x) = (w¢x)+ b
that classi¯eswithout error learning data

(x1; y1); : : : ; (x l ; yl ); x i 2 Rn ; yi 2 f¡ 1; +1g:

into two classesf xjD(x) > 0g and f xjD(x) < 0g. It is said that such a
decisionrule (hyperplane), separatesthe data setwithout error. If we assume
that the data is separableinto two classes(seeFigure 4.5), i.e., we choose
functions of the form

f (x) = (w ¢x) + b; (4.10)

there exist many hyperplanesthat separatethe data, but we are looking for
the one that is optimal.

The optimal separatinghyperplanenot only separatesthe data without
error, it also has the largest distance between the closestvectors to either
side of the hyperplane as seenin Figure 4.5. This distance is called the
margin and can be measuredby the length of the weight vector w in (4.10):
as we assumedthat the training sampleis separablewe can rescalew and b
such that the points closestto the hyperplanesatisfy j(w ¢x i ) + bj = 1 (i.e.,
obtain the canonicalhyperplane). If we considertwo samplesx1 and x2 from
di®erent classeswith (w¢x i )+ b= 1 and (w¢x i )+ b= ¡ 1 respectively; then the
margin is given by the distanceof thesetwo points, measuredperpendicular
to the hyperplane,i.e.,

³
w

kwk ¢(x1 ¡ x2)
´

= 2
kwk .

In other words, the maximum margin is achieved by choosingthe hyper-
plane with the smallest norm of coe±cients. This has the implication that
the smallerthe valueof kwk the larger is the valueof the margin. Recall that
it wasarguedthat minimizing kwk results in minimizing the VC dimension.
Therefore, the optimization problem which implements the SRM principle
can be stated as

min
w;b

kwk; (4.11)

subject to yi ((w ¢x i ) + b) ¸ 1; i = 1; : : : ; l : (4.12)

4.2.3 Separable case

In the \support vector machine" method, the empirical risk is kept ¯xed
while the VC con¯dence interval is minimized. In general, the SVM maps
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Figure 4.5: The optimal separating hyperplane. The margin of a linear
classi¯er is the minimal distanceof any training point to the hyperplane.

the input data x1; : : : ; x l 2 Rn into a higher dimensional feature spaceF .
The mapping can be donenonlinearly and the transformation function Á(x)
is chosena priori .

Á : Rn ! F
x 7! Á(x)

Now oneworks with the sample

(Á(x1); y1); : : : ; (Á(x l ); yl ) 2 F £ Y:

in F instead of Rn . Statistical learning theory [28] tells us that not the
dimensionality but the complexity of the function classmatters. This idea
can be understood from the example in Figure 4.6: in the feature space
of secondorder monomials (4.13) all one needsfor separation is a linear
hyperplane,whereasin two dimensions

Á : R2 ! R3

(x1; x2) 7! (z1; z2; z3) := (x2
1;

p
2x1x2; x2

2) (4.13)

a rather complicated nonlinear decisionsurfaceis necessaryto separate
the classes.

In the featurespacethe SVM ¯nally constructsan optimal approximation
function which is linear in its parameters

f w;b(x) = (w ¢Á(x)) + b;

where w and b have to be determined. The notation (w ¢Á(x)) de¯nes the
scalarproduct betweenw and Á(x). In the classi¯cation case,f w;b(x) = 0 is
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x2

x1

z3

z1

z2

(a) (b)

Figure 4.6: Two dimensionalclassi¯cation example. Using the secondorder
monomialsx2

1;
p

2x1x2 and x2
1 as featuresa separation in feature spacecan

be found using a linear hyperplane (b). In input spacethis construction
corresponds to a non-linear ellipsoidal decisionboundary (a)

called a decisionfunction or hyperplane and the optimal function is called
the optimal separatinghyperplane.

Sincethe squareroot function is a monotonic function, onecan minimize
the squarednorm in (4.12) and reach the sameresult.

The optimization problem becomesa quadratic programming(QP) prob-
lem with convex constraints:

min
w;b

1
2

kwk2; (4.14)

subject to yi ((w ¢Á(x i )) + b) ¸ 1; i = 1; : : : ; l : (4.15)

The QP problem is solved by forming the dual optimization problem. Intro-
ducing Lagrangemultipliers ®i ¸ 0; i = 1; : : : ; l , one for each constraint in
(4.15), we get the following Lagrangian:

L(w; b;®) =
1
2

kwk2 ¡
lX

i =1

®i (yi ((w ¢Á(x i )) + b) ¡ 1): (4.16)

The task is to minimize (4.16) with respect to w, b and to maximize it with
respect to ®i . At the optimal point (w¤; b¤; ®¤), we have the following saddle
point equations:

@L(w¤; b¤; ®¤)
@b

= 0 and
@L(w¤; b¤; ®¤)

@w
= 0;
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which translate into

lX

i =1

®i yi = 0 and w =
lX

i =1

®i yi Á(x i ): (4.17)

By substituting (4.17) into (4.16) and by replacing((Á(x i )¢Á(x j )) with kernel
functions k(x i ; x j ) (discussedin the next section),we get the dual quadratic
optimization problem:

max
®

lX

i =1

®i ¡
1
2

lX

i;j =1

®i ®j yi yj k(x i ; x j )

subject to ®i ¸ 0; i = 1; : : : ; l ;
lX

i =1

®i yi = 0; (4.18)

wherek(¢; ¢) is a scalarproduct in feature spaceF .
By solving the dual optimization problem, we obtain the coe±cients

®i ; i = 1; : : : ; l , which we need to expressthe w which solves (4.14). Let
®¤ = (®¤

1; : : : ; ®¤
l ) be the solution of the QP problem above. The vectors for

which the corresponding Lagrangemultipliers are positive are called support
vectors. The valuesof the Lagrangemultipliers assignweights to the corre-
sponding vectors. Thesevectors and their weights are then used to de¯ne
the decisionrule or model. Thereforethe learning machine in (4.18) is called
the support vector machine. The decisionrule for the classi¯cation problem
is then expressedin terms of the set of support vectorsSV as

f (bx) = sgn

Ã
X

i 2 SV

yi ®¤
i (Á(bx) ¢(Á(x i )) + b¤

!

= sgn

Ã
X

i 2 SV

yi ®¤
i k(bx; x i ) + b¤

!

:

whereb¤ is the constant threshold or bias determinedby

b¤ =
1
2

£
(w¤ ¢x¤

1) + (w¤ ¢x¤
¡ 1)

¤
;

with x¤
1 any support vector belonging to the classwith output data 1, and

x¤
¡ 1 any support vector belonging to the class with output data ¡ 1. In

Figure 4.5 the support vectorsare the vectorson the margin, indicated with
black markers. The support vectors are the vectors that lie on the margin
and they typically represent the input data that are the most di±cult to
classify.
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Figure 4.7: The optimal Hyperplanefor the non-separablecase.

4.2.4 Non-separable case.

For noisy data, the data set is not separable. There are no hyperplanes
that can separatethe data set without error and no maximal margin can be
constructed(Figure 4.7). The slack variables» are introducedto penalizefor
thosevectors lying within the margin:

yi ((w ¢Á(x i )) + b) ¸ 1 ¡ »i ; »i ¸ 0; i = 1; : : : ; l :

The value of a stack variable is the distanceof the corresponding vector to
the margin The SVM solution canthen be found by keepingthe upper bound
on the VC dimensionsmall and by minimizing an upper bound

P n
i=1 »i on

the empirical risk i.e., the number of training errors. Thus, we minimize

min
w;b;»

1
2kwk2 + C

P l
i =1 »i ;

where the regularization constant C > 0 determinesthe trade-o®between
the empirical error and the complexity term. From introducing the slack
variables »i , we get the box constraints that limit the sizeof the Lagrange
multipliers:

®i · C; i = 1; : : : ; l ;

in the corresponding dual problem:

max
®

lX

i =1

®i ¡
1
2

lX

i;j =1

®i ®j yi yj k(x i ; x j )

subject to 0 · ®i · C; i = 1; : : : ; l ;
lX

i =1

®i yi = 0: (4.19)
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4.3 Kernels functions

In many learning machinesthe learning data is mapped (nonlinearly) into a
higher dimensional feature space. The mathematics of the SVM expresses
thesetransformationsas(linear) scalarproducts of the input data. However,
for large real world problems even if we could control the statistical com-
plexity of the functional class,it becomesnot easyto control the algorithmic
complexity of the learningmachine. For instance,if wehave imagesof 16£ 16
pixels as patterns and 5th order monomialsas mapping Á, then one would
map to a

¡ 5+256 ¡ 1
5

¢
¼ 1010-dimensionalspace.

Fortunately, for certain feature spacesF and corresponding mappingsÁ
there is a highly e®ectivetrick for computingscalarproducts in featurespaces
usingkernel functions. In the examplefrom Eq. (4.13), the computation of a
scalarproduct betweentwo featurespacevectors,canbereadily reformulated
in terms of a kernel function k

(Á(x) ¢Á(y)) = (x2
1;

p
2x1x2; x2

2)(y2
1;

p
2y1x2; y2

2)T

= ((x1; x2)(y1; y2)T )2

= (x ¢y)2

=: k(x; y):

The interesting point about kernel functions is that the scalar product can
be implicitly computed in F , without explicitly using or even knowing the
mapping Á. So,kernelsallow to computescalarproducts in spaceswherewe
could otherwisehardly perform any computations.

4.4 T yp es of kernels

Many di®erent kernel functions can be constructed as long as they satisfy
Mercer's conditions [28]:

Z Z
K (x; x̂)g(x)g(x̂)dxdx̂ > 0; for all g 6= 0;

Z
g2(x)dx < 1 : (4.20)

For ¯nite dimensionalinput spaces,the conditions (4.20) statesthat K (x; x̂)
is an admissiblekernelfunction if it producesa kernelmatrix that is symmet-
ric and positive semi-de¯nite. However, there are two main typesof kernels,
namely local and global kernels. In local kernelsonly the data that are close
or in the proximit y of each other have a noticeable in°uence on the kernel
values. In contrast, a global kernelallows data points that are far away from
each other to have an in°uence on the kernel valuesas well. An exampleof
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Figure 4.8: Examples of (a) a local kernel (RBF) and (b) a global kernel
(polynomial).

a typical local kernel is the radial basisfunction (RBF) kernel,

K (x; x̂) = exp
½

¡
kx ¡ x̂k2

2¾2

¾
; (4.21)

wherethe kernelparameter,¾, is the width of the radial basisfunction. The
polynomial kernel, a typical exampleof a global kernel, is de¯ned as

K (x; x̂) = [(x ¢x̂) + 1]q; (4.22)

wherethe kernelparameterq is the degreeof the polynomial to be used. The
behavior of the two typesof kernelsis shown in Figure 4.8 wherefor linearly
distributed data over [¡ 1; 1] the kernel valueswith respect to a speci¯c test
point at 0:2 are determined. In Figure 4.8(a) the local e®ectof the RBF
kernel is shown for the chosentest input, for di®erent values of the width
¾. One can clearly seethat at somepoint, the kernel valuesessentially level
o® to zero. A local kernel therefore only has an e®ecton the data points
in the neighborhood of the test point. In Figure 4.8(b), the global e®ectof
the polynomial kernelof variousdegreescan be seen.Considerthe sametest
data point as used in the caseof the local kernel. For each degreeof the
polynomial, all data points in the input domain have nonzerokernel values.
The test data point hasa global e®ecton the other data points. This can be
explainedby that in (4.22) every data point from the set x hasan in°uence
on the kernel value of the test point x̂, irrespective of its the actual distance
from x̂.
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The exactformulations that weusein our C-Support VectorClassi¯cation
case(cartoon and photographic images)in matrix notation and the algorith-
mic pseudocode for the SVM classi¯cation are given in Subsection5.2.2 of
Chapter 5. Examples of how our two SVM classi¯ers perform (one with
polynomial and the other with radial kernel) canbe found in Section5.4 and
Section5.5 of Chapter 5.
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Chapter 5

EXPERIMENTS

5.1 Overview

For each input image (keyframe) we extract 148 descriptorsas outlined in
Chapter 2 and Chapter 3. This processis depicted in Figure 5.1; our de-
scriptors are summarizedin Table5.1. Their individual `naive' usefulnessis

Figure 5.1: Image-descriptorextraction

given in Section5.4 by the error on photosE(p), error on cartoonsE(c), and
total error E(t), when performing classi¯cation with SVM machine learning
using the given imagedescriptor alone. Combined performanceis discussed
in Section5.5.
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ImageDescriptors Dimension
averagesaturation 1
threshold brightness 1
color histogram 45
edge-directionhistogram 40
compressionratio 1
multi-scale pat.spectrum 60

Table 5.1: Overview of our all imagedescriptors

5.2 The exp erimen tal setup

5.2.1 Matlab and the OSU SVM classi¯er to olb ox

Matlab is a comprehensive technical computing software packageby Math-
WorksInc. Matlab is oriented towardse±cient numericoperationson°oating-
point numbers;data is typically organizedin matrices(hencethe nameMat-
lab = `Matrix Laboratory') or in arrays of higher dimension. The software
consistsof a graphical user interface for writing and running scripts in the
Matlab programming language(`.m ¯les'), which accessthe underlying com-
puting kernel.

In addition to built-in functions, a wide variety of special-purpose li-
braries, called Toolboxes, exist from MathWorks and third-part y software
vendors; we made use of the Matlab Image ProcessingToolbox, which is
bundled with MathWorks Release12 and 13, and the OSU SVM Classi¯er
Toolbox for Matlab [16]. The Matlab Image ProcessingToolbox supplies
functions for

² reading,displaying, and writing bitmapped graphics¯les;

² color-spaceand image-depthconversion;and

² applying ¯lters by convolution and other techniques.

The toolbox has functions for morphologicaloperations. However, they are
limited to °at structuring elements and, hence,not su±cient for our purposes.
For the samereason,we opted not to usethe SDC Morphology Toolbox for
Matlab [22].

The OSU SVM Classi¯er Toolbox for Matlab is a high-performanceim-
plementation of state-of-theart algorithms for Support Vector Machines[16].
The Matlab interface usesas computational back end the LIBSVM library
[3]. Both packagesare open-sourcesoftware and available for download from
the Internet. The central functions that we useare PolySVCand RbfSVCfor
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constructingSVM classi¯erswith polynomial and radial kernels,respectively,
SVMTestfor cross-validation, and SVMClassfor classifyingnew data.

5.2.2 Form ulations

We have the following C-Support Vector Classi¯cation (C-SVC) binary case.
Given training vectors x i 2 R148; i = 1; : : : ; l , in two classes(cartoon im-
agesand photographic images) labeled by yi 2 f 1; ¡ 1g, C-SVC solves the
following primal problem:

min
w;b;»

1
2

wT w + C
lX

i =1

»i ;

yi (wT Á(x i )) + b) ¸ 1 ¡ »i

»i ¸ 0; i = 1; : : : ; l :

Its dual is:

min
®

1
2

®T Q®¡ eT ® (5.1)

0 · ®i · C; i = 1; : : : ; l ; (5.2)

yT ® = 0; (5.3)

wheree is the vectorof all ones,C ¸ 0 is the upper bound,Q is an l£ l positive
semide¯nite matrix with Qij =: yi yj K (x i ; x j ) and K (x i ; x j ) := Á(xT

i )Á(x j ) is
the kernel. Here training vectors x i are mapped into a higher dimensional
spaceby the function Á. The decision function expressedin terms of the
support vectors(SV) is:

f (bx) = sgn

Ã
X

i 2 SV

yi ®¤
i K (x i ; x j ) + b¤

!

whereb¤ is the constant threshold or bias determinedby

b¤ =
1
2

£
(w¤ ¢x¤

1) + (w¤ ¢x¤
¡ 1)

¤
; (5.4)

with x¤
1 any support vector belonging to the classwith output data 1, and

x¤
¡ 1 any support vector belongingto the classwith output data ¡ 1.

The algorithmic pseudocode for the SVM for classi¯cation is:
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Algorithm: SVM for Classi¯cation

1. Selectthe learning data (x i ; yi ); i = 1; : : : ; l ; kernel function K and C
(default 1).

2. Construct the matrices Q for the quadratic-programmingproblem.

3. Solve (5.1) subject to (5.2) and (5.3) for ®.

4. Calculate the bias b using (5.4).

5. Calculate kwk2 = ®T Q®.

6. Calculate sizeof margin ° = 2
kwk .

7. Identify support vectorsas f x i j®i > 0; i = 1; : : : ; lg.

8. Construct the index set SV of the support vectors.

9. Construct the SVM classi¯cation model using the determinedparam-
eters

f ®;b(bx) = sgn

Ã
X

i 2 SV

yi ®i K (x i ; bx) + b

!

:

5.3 The data

5.3.1 The principal data set: TREC-2002 keyframes

As mentioned in the introduction, weusedkeyframesextractedby Westerveld
et al. [33] from the TREC-2002video track [23] collection. Thesekeyframes
were selectedby using the middle frame from each shot as representativ e of
the shot [33] and our full collection of imagescontains all thesekeyframes,
totalling 24; 264 JPEG imagesof dimension340£ 252 and average¯le size
46 kBytes.

15; 000of theseimageswereclassi¯edmanually into the categories̀ photo-
graph' (13; 026), `cartoon' (1; 620),and `borderline' (354). From this data we
randomly selectedsubsetsof 30%of the data for training and cross-validation
i.e., 3; 908photographsand 486cartoons.

5.3.2 For comparison: images from the web

Data set of 14; 039photographicand 9; 512graphical imagesharvestedfrom
the WWW was usedfor comparison. Subsetsof 30% of the data were used
for training, i.e., 4; 239 photographicsand 2; 826 graphics, and the rest for
cross-validation.



CHAPTER 5. EXPERIMENTS 101

5.3.3 Layout of the data

Image¯les are stored in individual ¯les located subdirectories:

image-corpus -+- xaa-images
|
+- xab-images
|
+- xac-images
:
+- xba-images
:
+- xzz-images

The directories x*-images contain the actual image ¯les. The rationale
behind this two-level structure is

1. to better cope with large number of ¯les: having substantially more
than 1,000¯les in a directory make directory operationssuch asls and
thumbnail generationvery slow, especially when the ¯les are accessed
over the network.

2. to cluster the data for parallel computation: one imagedirectory rep-
resents in this caseonechunk of data to be processedin a batch job.

The top-level directory name (here image-corpus) is arbitrary; we used
trec2002 for the TREC-2002 keyframesand windhouw-class for the web
data (provided by M. Windhouwer). The assumptionson ¯le namesare as
follows:

² recognizedextensionsare jpg for ¯les in the JPEG format [32] and gif
for ¯les in the Graphics InterchangeFormat [9];

² imagesthat are to be usedfor training or checking automatic classi¯ers
start with 0 (for photos) or 1 (for cartoons).

² ¯les with the extensionmat are binary Matlab ¯les storing variables
such as our precomputedimagedescriptors.

5.3.4 Our programs

Our most important Matlab scriptsarelisted in Appendix C. The wholecode
is included on the CD-ROM accompanying this work. Overview of all ¯les
together with someimportant notescan be found in the README.txt ¯le.
Each ¯le functionName.m contains the sourcecode to the Matlab function
functionName. A typical cycle on new data is as follows:
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1. Edit computeCarAll.m (seeSectionC.2.5) to decidewhich image de-
scriptors should be computed.

2. Run computeCarAll.m in all x*-images directories. This invokes the
selectedcomputeCarDescriptorName.m functions (see Section C.1),
which write
car_descriptorName .mat ¯les containing the image descriptors for
all imagesin the directory. For e±ciency, someof thesefunctions com-
pute more than one descriptor and, hence, produce more than one
car_descriptorName .mat ¯le.

3. Edit loadAllCar.m (seeSectionC.2.3) to selectdescriptorsfor training
and testing.

4. Run mergeAllCarDir.m (seeSectionC.2.2) to collect the selectedde-
scriptors from all x*-images directories.

5. Run learnAndTest.m (seeSectionC.2.1).

6. Run ClassifyDirectory.m (seeSectionC.3) to classifyunseen(unla-
beled) data, using the classi¯er build in 5.

The rationale for separating the training and testing of the classi¯er from
computing descriptorsis that the latter task canbe very expensive computa-
tionally and we desiredthe freedomto experiment with di®erent parameters
of the classi¯ers.

Table 5.2 gives an overview over our descriptor-computing functions.
Applying the functions individually on each subdirectory allows us to run
several instancesof Matlab in parallel on di®erent machinesor processorson
multipro cessorsystems. For example,with ca. 15,000imagesin 15 directo-
ries, we could use15 workstations each operating on 1,000images.The time
to compute any of our descriptorsis largely independent of the concretein-
put data, hencethis approach madegood useof the computational resources
with minimal overhead;more ¯ne-grained parallelization would have made
our code substantially more complicated. Indeed, the only `scheduler' we
used were shell scripts ( computeCarAll.sh and computeCar.sh) that log
in to every system from a ¯xed list of workstations and start an instance
of Matlab in a given xa*-images subdirectory. The ¯rst script computesall
the descriptorswhile the secondonecomputesa givensingledescriptor. This
approach was also su±ciently °exible to accommodate the addition of new
imagedescriptorswithout recomputing all previousdescriptors.

A Matlab .mat ¯le storesone or several Matlab variables, i.e., typically
matrices. Our convention was that k-dimensional image descriptors for n
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ImageDescriptor Function computeCar. . . Data File
averagesaturation AvgSatThrBrightness car_avg_bright
threshold brightness AvgSatThrBrightness car_avg_sat_thr
color histogram ColHist car_colorhist
edge-directionhistogram EdgeDir car_edge_dir
compressionratio Compression car_compression
small-scaleparabola pat.spect. CarGranulometry1 car_granulom1_parsmall
large-scaleparabola pat.spect. CarGranulometry1 car_granulom1_parbig
small-scaledisk pat.spectrum CarGranulometry1 car_granulom1_disksmall
large-scaledisk pat.spectrum CarGranulometry1 car_granulom1_diskbig
scaledaspect ratio Dim car_dim_aspect
scaledmin dimension Dim car_dim_min
¯le type FileType car_file_type

Table 5.2: Computing ImageDescriptors
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imagesarestoredin a n £ k matrix cars with double-precision°oating-point
entries. The ¯le nameof the imagecorresponding to the k descriptorsin row
i is stored in row i of the n £ ` matrix fileNames (Matlab treats character
strings as one-dimensionalarrays with integer entries; accordingly, ` is the
maximum length of any ¯le name in the directory, with shorter ¯le names
paddedby spacecharacters). Each car_descriptorName .mat ¯le contains
the two variablesfileNames and car for the descriptor descriptorName .

After the the computeCar* functions have beenrun in all subdirectories,
the data from the individual car_descriptorName .mat ¯les must bemerged
for the currently selectedsubsetof imagedescriptorsand concatenatedover
all the subdirectories. The loadAllCar function determinesthe subset of
descriptorsto be usedby calling the mergeCarfunction (seeSectionC.2.4),
which performsthe per-directory mergingof descriptors(in databasetermi-
nology, this is a join on the fileNames key). mergeCaris usedasa subroutine
of mergeAllCarDir that iterates over all subdirectoriesand concatenatesthe
lists. The output of mergeAllCarDir is a ¯le car_all.mat in the top-level
directory (image-corpus in the example above). As for an individual de-
scriptor, the car_all.mat contains two variables,fileNames and car , where
car is a n £ k matrix for a total of n ¯les and k real-valued descriptorsor
descriptor components.

5.4 Performance of the image descriptors

We usethe following formula to measurethe individual performanceof each
descriptor:

E t = Ep
jpj

jpj + jcj
+ Ec

jcj
jpj + jcj;

where jpj denotesthe number of photos and jcj denotesthe number of car-
toons. Ep is the error on photos,i.e., the fraction of all photosthat is classi¯ed
incorrectly. AnalogouslyEc is the ratio of incorrectly classi¯edcartoonsand
E t is the total error.

The experimental setup is: we use30%of the manually classi¯eddata for
training and the whole set of manually classi¯ed TREC2002 keyframesfor
testing. In other words,we train on (random) 3; 908photosand 486cartoons
and test on 13; 026photosand 1; 620cartoons. We repeat theseexperiments
several times to smooth out the variancein the resultsandreport hereaverage
error values.

Note that we have many more photos than cartoons in our collection
and this is to be expected in new material as well as there are more \pho-
tographic" movies on TV than cartoons. Hence,a trivial classi¯er, which
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always classi¯esthe input asphoto will have rather small total error, namely

E t = 0 ¢
13; 026

13; 026+ 1; 620
+ 1 ¢

1; 620
13; 026+ 1; 620

¼ 0:1106 :

SinceE t = 0:1106can be achieved without looking at the test data at all,
a good classi¯er using our imagedescriptorsshould have much smaller total
error.

Recall that the threshold-brightnessdescriptor is a value between0 and
1 that givesthe percentageof pixels in an imagethat have brightnessgreater
than a predeterminedthreshold. To determine the best threshold, we ran
the following experiments. In Figure 5.2 we give for increasingthresholds
the error using a simple linear classi¯er1. As we seefrom Figure 5.2, the
smallest error is achieved using a threshold of 0:2 and this is the value we
usedsubsequently.

In Figures5.3 to 5.20we show the results of our experiments for probing
the power of the individual descriptors by themselves. For each descrip-
tor, we tried an RBF kernel and a polynomial kernel with a rangeof kernel
parameters. The di®erent errors are plotted with respect to the kernel pa-
rameter¾2 or D, respectively. Averagesaturation improvesthe total error to
0:108,color histogramto 0:0914,pattern spectrum 0:911. The other descrip-
tors are useful by themselves as their error is larger than 0:1106; however,
as we show below, even threshold brightness,edge-directionhistogram, and
the compressiondescriptorsare useful when usedin conjunction with other
descriptors.

5.5 Com bining image descriptors

5.5.1 Choice of the SVM kernel and parameters

To use SVM learning, we need to ¯x the kernel (i.e., the inner product in
the higher-dimensionalspace)and the parametersapplying to the particular
choice of kernel. The RBF kernel has the variance ¾2 of the Gaussianas
parameter; the concretepolynomial kernel is determined by its degreeD.
The smaller ¾2 or the larger D, the more complex will the resulting model
be, hencethe more training data is neededand the greater is the dangerof
over¯tting. On the other hand, decreasing¾2 or increasingD shows at ¯rst
great improvement and then levelso®asthe complexity of the model becomes
su±cient to model the data. This canbeseenfor examplein Figure 5.7where

1We did not useSVM learning in this casefor simplicit y becausewe have clear intuition
that cartoons should have greater brightness.
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the total error °attens at ¾2 = 1=14. Similar \convergence"can be seenin
experiments to validate the sizeof the training set: Figure 5.23showswhy we
arecon¯dent that our SVM classi¯ersarewell-trained: with larger and larger
training sets,the error converges,showing that the accessibleinformation in
the data hasbeenfound.

In all cases,the RBF kernel gave better results. This is why we concen-
trated on it in our paper [11]. For the combined descriptors,we determined
the optimal value of the varianceas ¾2 = 1=12.

5.5.2 Relativ e descriptor performance

In Section 5.4 we gave a ¯rst assessment of the utilit y of our di®erent de-
scriptors by checking how useful they are individually for separatingphotos
and cartoons. To determinehow crucial the descriptorsare for the combined
result, we also conductedanalogousexperiments with all descriptorsminus
each individual descriptor (Figures 5.21 and 5.22). Here a large increasein
error when removing a descriptor indicates great usefulness.This leads to
the following ranking (in order of decreasingutilit y): color histogram, pat-
tern spectrum, averagesaturation, edge-directionhistogram, compression,
threshold brightness. Regardingpattern spectra, the individual performance
may suggestthat small disk is most useful. However, the combined experi-
ments con¯rmed our intuition that parabola ranks slightly higher than disk
and large scaleis more useful than small scale.

5.6 Performance on images from the web

For comparisonwith other classifyinge®orts,we also trained a classi¯er on
the previously mentioned Web data. Even without using image descriptor
depending on ¯le type, dimension ratio, or smallest dimension (very good
indicators of logos, banners, etc.), we obtain a 93% correct classi¯cation
(slightly better than the decision tree classi¯er mentioned before [1] that
uses¯le type and imagesize). When adding theseproperties to the feature
vectors,our classi¯cation rate improvesmarginally (to 95.5%);unlike [1], we
have not noticed a signi¯cant di®erencein accuracydependingon the image
¯le type (JPEG or GIF).

Conversely, when training and testing the decisiontree on our data, the
classi¯cation accuracysu®ersseverely from the fact that all keyframesare
of the same size; the error rate goes up to over 45% (Figure 5.23). We
believe that this comparisondemonstratesthat our approach is genericand
can be applied equally well to distinguish graphics from photos on the web
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| without using derived properties like image size: only the visual content
is modeled in our characteristics!
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Threshold Error Photos Error Cartoons Total Error
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Figure 5.2: Performanceof di®erent thresholdsfor brightness(using a linear
classi¯er)
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Figure 5.3: Individual performanceof the threshold-brightness descriptor
(RBF kernel)
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Figure 5.4: Individual performanceof the threshold-brightness descriptor
(polynomial kernel)
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Figure 5.5: Individual performance of the average-saturation descriptor
(RBF kernel)
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Figure 5.6: Individual performance of the average-saturation descriptor
(polynomial kernel)
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Figure 5.7: Individual performanceof the color-histogramdescriptors(RBF
kernel)
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Figure 5.8: Individual performanceof the color-histogramdescriptors(poly-
nomial kernel)
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Figure 5.9: Individual performanceof the edge-histogramdescriptors(RBF
kernel)
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Figure 5.10: Individual performanceof the edge-histogramdescriptors(poly-
nomial kernel)
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Figure 5.11: Individual performance of the compression-ratiodescriptor
(RBF kernel)
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Figure 5.12: Individual performance of the compression-ratiodescriptor
(polynomial kernel)
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Figure 5.13: Individual performanceof the large-scaledisk pattern spectrum
descriptor (RBF kernel)
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Figure 5.14: Individual performanceof the large-scaledisk pattern spectrum
descriptor (polynomial kernel)
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Figure 5.15: Individual performanceof the large-scaleparabola pattern spec-
trum descriptor (RBF kernel)
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Figure 5.16: Individual performanceof the large-scaleparabola pattern spec-
trum descriptor (polynomial kernel)
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Figure 5.17: Individual performanceof the small-scaledisk pattern spectrum
descriptor (RBF kernel)
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Figure 5.18: Individual performanceof the small-scaledisk pattern spectrum
descriptor (polynomial kernel)
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Figure 5.19: Individual performanceof the small-scaleparabola pattern spec-
trum descriptor (RBF kernel)
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Figure 5.20: Individual performanceof the small-scaleparabola pattern spec-
trum descriptor (polynomial kernel)
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Figure 5.21: Combined performance(RBF kernel, ¾2 = 1=12)
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Figure 5.22: Combined performance(polynomial kernel, D = 7)
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Figure 5.23: Size of learning set versuserror. Test set constant size 1,000
photos and 1,000cartoons. (From [11].)
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Chapter 6

CONCLUSIONS

The objective of this work was to ¯lter out cartoons from the returned re-
sults in the TREC-2002in order to improve the retrieval performanceof the
Probabilistic GaussianMixture Model. For this reasonwe built a classi¯er
usedas cartoon detector.

Weconsidereda wide rangeof imagedescriptorsto capture texture, color,
edges,sizedistribution, and the complexity of the images.

We use SVM learning for training and crossvalidation. In the model
selectionwe spent considerablee®ortat tuning the parameters. It is a well-
known open research problem to do this automatically, so we had to de-
termine experimentally which type of kernel to use and ¯x the parameters
for the particular kernel, while avoiding over¯tting by studying the data too
much. The RBF kernel with a varianceof ¾2 = 1=12 turned out to be the
most usefulwhen we usedall of our descriptorstogether.

6.1 Application for TREC-2002

How can our classi¯er be used in the video retrieval? The video-retrieval
part of the TREC competition proceedsroughly as follows (seeSection1.2
for de¯nitions etc.): the organizer createsa list topics; each participating
group usestheir software for retrieving a list of shots for each topic and
submits them to the referee.The refereemanually classi¯eseach shot from
each participant as relevant or irrelevant to the topic. These assessments
form the basisto compute recall and precisionfor all participants.

Our aim in this processwas to improve the list of shots returned for a
given topic by using our classi¯er to remove cartoons from the list. We ran
our ¯lter on 24 out of 25 topics from the TREC-2002 (seeAppendix B; we
excludedTopic 088 becauseit asksfor cartoons!) In Table 6.1 we only list
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run topic # retrieved avg. prec. ¯ltered avg. prec.
run1 76 1000 0.5443 0.5444

84 0.0054 0.0058
91 0.0146 0.0152
92 0.0006 0.0007

total 0.0331 0.0332
run2 76 1000 0.2171 0.2181

82 0.0222 0.0225
84 0.0057 0.0061
91 0.1488 0.1517

total 0.0225 0.0227
CMU 75 70 0.0793 0.0798

76 0.1997 0.2125
78 0.0064 0.0067
82 0.0021 0.0025
83 0.0586 0.0492
84 0.0769 0.0916
85 0.0032 0.0033
85 0.0032 0.0033
86 0.0000 0.0001
97 0.0088 0.0050

total 0.0240 0.0248

Table 6.1: Cartoon-¯ltering e®ecton TREC-2002video track search results
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the runs and topics wherethe ¯ltering madea di®erence.The \run" column
in the table indicates the retrieval method used:

run1 text + NIST imagesfrom [33]

run2 TEXT + selectedcomponents from NIST imagesfrom [33]

CMU CMU MANUAL2 results1 from [23]

6.2 Discussion

Recall our original question: can we automatically ¯lter out cartoons from
the returned results in the TREC-2002video-track search task? Yes,we can.
Can we do it su±ciently well to actually improve the search results? Yes:
as we show in Table 6.1, our ¯lter does increasethe averageprecisionof the
search results. In fact, the small magnitudeof the di®erencein the un¯ltered
and ¯ltered averageprecisionis largely due to the scarcity of cartoonsin the
full collection|in fact, the retrieval lists contain even fewer cartoons.

We have shown that a genericimageclassi¯er basedon well-chosenvisual
features can distinguish cartoons from photos on a di±cult video corpus,
and identify the graphics in a collection of Web images. The results can
most likely be improved further only using higher-level, semantic descrip-
tions. Even for an anticipated easy problem like this one, our experience
shows that peopleusea signi¯cant amount of world knowledge(like shining
objects, shadows, human body parts, and so on). Low-level characteristics
that we have not used(like the spatio-temporal structure of the shot) may
help a little bit further, but it is unlikely that this can bridge the semantic
gap.

As our project wassuccessful,weemployedsimilar methodsin the TREC-
2003 video-track search task: we implemented \anchor person," \w eather
map," \p eople," and \studio setting" ¯lters and used them in someof the
submitted runs.

1http://www- nlpir.nist.gov/projects/t2002v/results/search/search.
submissions.without.holes.treceval/
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TREC-2002 TOPICS

Video Topic 075

Text Description: Find shots with Eddie Rickenbacker in them

Image Example: Rickenbacker behind desk
http://media.auburn.edu/media/952639326043.jpg

Image Example: Rickenbacker head and torso
http://media.auburn.edu/media/952639326731.jpg

Video Example: Rickenbacker on the left
¯le: 01870b.mpg start: 22m12.077s stop: 22m18.617s

Video Example: Rickenbacker at desk
¯le: 01870b.mpg start: 22m18.717s stop: 22m43.576s

Video Topic 076

Text Description: Find additional shots with JamesH. Chandler

Video Example: Chandler
¯le: 07087.mpg start: 08m02.820s stop: 08m08.359s

Video Example: Chandler on the right
¯le: 07087.mpg start: 08m14.599s stop: 08m29.614s

Video Example: Chandler behind a desk
¯le: 07087.mpg start: 09m06.318s stop: 09m12.424s
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Video Topic 077

Text Description: Find pictures of GeorgeWashington

Image Example: face
http://www.cia.gov/csi/monograph/firstln/955pres2.gif

Video Example: face
¯le: 01681.mpg start: 09m25.938s stop: 09m29.308s

Video Topic 078

Text Description: Find shots with a depiction of Abraham Lincoln

Image Example: shouldersand head
http://www.americaslibrary.gov/assets/jb/jb_0304_lincoln_1 _m.j pg

Video Example: shouldersand head
¯le: 01681.mpg start: 09m29.408s stop: 09m31.076s

Video Topic 079

Text Description: Find shots of people spending leisure time at the beach,
for example: walking, swimming, sunning, playing in the sand. Somepart of the
beach or buildings on it should be visible.

Video Example: peopleon beach, 2 in foreground
¯le: 01681.mpg start: 08m08.226s stop: 08m10.895s

Video Example: crowds on beach
¯le: 08698.mpg start: 14m18.616s stop: 14m22.771s

Video Example: kids play in the sand
¯le: 07977a.mpg start: 08m00.652s stop: 08m08.359s

Video Example: peopleon the beach with palm trees
¯le: 06085b.mpg start: 01m44.839s stop: 01m48.209s

Video Topic 080

Text Description: Find shots of one or more musicians: a man or woman
playing a music instrument with instrumental music audible. Musician(s) and in-
strument(s) must be at least partly visible sometimeduring the shot.



APPENDIX B. TREC-2002 TOPICS 139

Video Example: Man on stageplaying guitar and singing
¯le: 01880b.mpg start: 03m19.835s stop: 03m28.277s

Video Example: Man playing saxophone
¯le: 01880b.mpg start: 02m54.109s stop: 03m11.827s

Video Topic 081

Text Description: Find shots of football players

Video Example: two players and a coach
¯le: 00453.mpg start: 00m27.226s stop: 00m31.732s

Video Example: teams running down the football ¯eld
¯le: 00453.mpg start: 06m02.566s stop: 06m11.565s

Video Example: gameclose-up
¯le: 01681.mpg start: 08m00.852s stop: 08m04.849s

Video Example: view from above, then zooming in
¯le: 08698.mpg start: 16m46.215s stop: 16m52.855s

Video Topic 082

Text Description: Find shots of one or more women standing in long dresses.
Dress should be one pieceand extend below knees. The entire dressfrom top to
end of dressbelow kneesshould be visible at somepoint.

Video Example: woman on the right in long white dress
¯le: 00488.mpg start: 10m47.387s stop: 10m48.554s

Video Example: 2 women in long dresses(one blue, one white) walking from
left to right

¯le: 00488.mpg start: 16m17.987s stop: 16m29.332s

Video Example: woman on the left in long yellow dress
¯le: 19029.mpg start: 07m32.457s stop: 07m38.463s

Video Topic 083

Text Description: Find shots of the Golden Gate Bridge

Image Example: clear side view
http://www.nonprofitcenters.org/documents/images/golden- gate - vi ew.jp g
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Image Example: red tower and part of span from side
http://www.onroute.com/guides/sanfrancisco/images/golden- gate - sun.g if

Image Example: tower and span from underneath
http://caswww.colorado.edu/courses.d/NFEM.d/NFEM.Images.d/ Gold en.Gate .g if

Image Example: on bridge
http://www.windscreen.tv/images/San%20Francisco%20Golden% 20Gate%20Brid ge%2006.1 2. 00.j pg

Image Example: tower and span in fog
http://www.wetterschau.de/wecke/Nebel/golden%20gate.jpg

Video Topic 084

Text Description: Find shots of Price Tower, designedby Frank Lloyd Wright
and built in Bartlesville, Oklahoma

Image Example:
http://www.bartlesville.com/images/market/full/price- tower. jp g

Video Topic 085

Text Description: Find shots containing Washington Square Park's arch in
New York Cit y. The entire arch should be visible at somepoint

Video Example: the arch in middle distance
¯le: 19567b.mpg start: 04m51.394s stop: 04m53.029s

Video Topic 086

Text Description: Find overheadviews of cities - downtown and suburbs. The
viewpoint should be higher than the highest building visible

Video Example: panoramic view of a city
¯le: 02103.mpg start: 01m12.006s stop: 01m21.048s

Video Example: aerial view of Detroit by night
¯le: 08698.mpg start: 01m11.539s stop: 01m30.958s

Video Example: view of city
¯le: 36539.mpg start: 03m57.373s stop: 03m59.842s

Video Example: aerial view of suburbs
¯le: 08276d.mpg start: 02m31.353s stop: 02m33.722s
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Video Topic 087

Text Description: Find shots of oil ¯elds, rigs, derricks, oil drilling/pumping
equipment. Shots just of re¯neries are not desired

Video Example: pumping equipment, derricks
¯le: 15965.mpg start: 01m14.976s stop: 01m20.581s

Video Topic 088

Text Description: Find shotswith a map (sketch or graphic) of the continental
US.

Video Example: °at outline map with graphics superimposed
¯le: 02103.mpg start: 06m57.621s stop: 07m18.442s

Video Example: °at outline map with graphics superimposed
¯le: 08829.mpg start: 07m43.334s stop: 08m48.467s

Video Example: US as part of North America - on a curved surface
¯le: 19304.mpg start: 16m38.007s stop: 16m37.974s

Video Example: °at outline map with graphics superimposed
¯le: 19400.mpg start: 02m44.466s stop: 03m15.798s

Video Topic 089

Text Description: Find shots of a living butter°y

Image Example:
http://pt- lobos.parks.state.ca.us/nathis/Monarch.jpg

Image Example:
http://insects.ummz.lsa.umich.edu/Images/Lepidoptera/monar ch. JPG

Video Topic 090

Text Description: Find more shots with one or more snow-covered moutain
peaksor ridges. Somesky must be visible them behind

Video Example:
¯le: 01681.mpg start: 02m28.650s stop: 02m31.653s
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Video Example:
¯le: 01681.mpg start: 02m31.686s stop: 02m35.857s

Video Example:
¯le: 11842.mpg start: 01m07.735s stop: 01m13.941s

Video Topic 091

Text Description: Find shots with one or more parrots

Image Example: close-upof upper half
http://www.papageienstammtisch- stuttgart.de/LOLA_3.jpg

Video Example: whole body
¯le: 15965.mpg start: 01m26.187s stop: 01m33.895s

Video Topic 092

Text Description: Find shots with one or more sailboats, sailing ships, clipper
ships, or tall ships - with somesail(s) unfurled

Image Example: clipper ship
http://tinyurl.com/oy4q

Image Example: tallship
http://www.ospreysguide.com/Gallery/Greenport/tall- ship- 4.j pg

Image Example: tallship
http://www.aweisbecker.com/images/eagle01a.jpg

Image Example: sailboat
http://topex- www.jpl.nasa.gov/science/images/sailboat- ra cin g. jp g

Video Example: multiple sailboats
¯le: 08261.mpg start: 03m29.511s stop: 03m34.149s

Video Example: multiple sailboats
¯le: 36539.mpg start: 07m58.883s stop: 08m01.419s

Video Topic 093

Text Description: Find shots about live beef or dairy cattle, individual cows
or bulls, herds of cattle.
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Video Example: isolated groups in ¯eld, audio:'cattle'
¯le: 00535.mpg start: 01m59.454s stop: 02m05.627s

Video Example: large group
¯le: 00535.mpg start: 02m05.760s stop: 02m11.933s

Video Example: a few grazing in the foreground
¯le: 00535.mpg start: 09m59.605s stop: 10m05.878s

Video Example: a few grazing in middle of scene
¯le: 07980.mpg start: 12m12.239s stop: 12m19.279s

Video Example: horsemendriving a couple head of cattle
¯le: 06085a.mpg start: 00m43.310s stop: 00m56.624s

Video Topic 094

Text Description: Find more shots of one or more groups of people,a crowd,
walking in an urban environment (for example with streets, tra±c, and/or build-
ings).

Video Example: crowd crossingstreet.
¯le: 08698.mpg start: 11m09.843s stop: 11m15.915s

Video Example: aerial view of crowd crossingstreet, light pole, cars passing.
¯le: 11240a.mpg start: 00m49.884s stop: 01m06.300s

Video Example: urban environment: car, building, sky. Moving people.
¯le: 19632.mpg start: 01m32.060s stop: 01m36.764s

Video Topic 095

Text Description: Find shots of a nuclear explosion with a mushroom cloud

Video Example:
¯le: 08829.mpg start: 05m17.954s stop: 05m37.974s

Video Example:
¯le: 08829.mpg start: 19m52.036s stop: 19m58.709s

Video Example: mushroom cloud against dark background
¯le: 14104.mpg start: 09m16.995s stop: 09m17.696s
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Video Topic 096

Text Description: Find additional shots with one or more US °ags °apping

Video Example: closeup
¯le: 01681.mpg start: 09m52.498s stop: 10m04.176s

Video Example: °ag in front of building
¯le: 38848a.mpg start: 10m21.694s stop: 10m29.435s

Video Topic 097

Text Description: Find more shots with microscopicviews of living cells

Video Example:
¯le: 01356a.mpg start: 10m10.649s stop: 10m16.389s

Video Example:
¯le: trc hns.mpg start: 13m19.373s stop: 13m28.950s

Video Topic 098

Text Description: Find shots with a locomotive (and attached railroad cars if
any) approaching the viewer

Video Example: from right
¯le: 36539.mpg start: 01m31.659s stop: 01m39.934s

Video Example: steam locomtiv e and train from left
¯le: 36539.mpg start: 03m22.004s stop: 03m26.141s

Video Example: from left
¯le: 36539.mpg start: 05m04.374s stop: 05m09.345s

Video Example: from right
¯le: 36539.mpg start: 06m54.718s stop: 06m59.457s

Video Example: steam locomotive from right
¯le: 10150.mpg start: 00m01.335s stop: 00m33.300s

Video Topic 099

Text Description: Find shots of a rocket or missile taking o®. Simulations are
acceptible
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Video Example: leaving launching pad
¯le: 01681.mpg start: 07m38.496s stop: 07m41.966s

Video Example: continuesto climb
¯le: 01681.mpg start: 07m42.800s stop: 07m47.672s
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MA TLAB SCRIPTS

Here we provide the sourcecode to the central Matlab functions that we
wrote in the courseof our research.

C.1 Computing Image Descriptors

C.1.1 computeCarAvgSatThrBrigh tness
f u n c t i on com put eCar A v gSat T hr B r i gh t ness( d i r ect or y N am e , t h r esh o l d )

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : com put eCar A v gSat T hr B r i gh t ness( d i r ect or y N am e , t h r esh o l d ) %

% %

% T hi s f u n ct i on comput es av er age sa t u r a t i on and t h r esh o l d %

% b r i gh t n ess of each i mage i n d i r ec t o r y d i r ect or y N am e . R esu l t s %

% ar e sav ed i n t h e cor r esp on d i n g ' ca r av g b r i gh t . mat ' and %

% ' ca r av g sa t t h r . mat ' f i l e s . %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% t h r esh o l d ¡ ¡ > a number bet ween ( 0 . 1 : 0 . 1 : 1 ) %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' com put eCar A v gSat T hr B r i gh t ness ' ) ;

cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ; ] ;

numI mages= l en g t h (D ) ;

f o r i = 1:numI mages

d i sp (D( i ) . name) ;

I = i mageL oad (D( i ) . name) ;
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Y= r gb 2h sv ( I ) ;

V=Y ( : , : , 3 ) ;

[ h ,w]= si z e (V ) ;

[ V count , Vx]= i m h i st (V ) ;

V count T r= V count ( Vx ( : ,1) > = t h r esh o l d ) ;

p er cen t B r=sum ( V count T r ) / ( h¤w ) ;

% f i g u r e , imshow (V ) , t i t l e ( [ ' o r i g i n a l g r ay sca l e i mage ' D( i ) . name ] ) ;

% f i g u r e , i m h i st (V ) , t i t l e ( [ ' g r ay sca l e h i st ogr am ' D( i ) . name ] ) ;

S=Y ( : , : , 2 ) ;

% f i g u r e , i m h i st ( S ) , t i t l e ( [ ' sa t u r a t i on ' D( i ) . name ] ) ;

[ Scoun t , Sx ]= i m h i st ( S ) ;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% avgS i s t h e av er age sa t u r a t i on %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

avgS = Scoun t ' ¤ Sx / ( h¤w ) ;

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

i mageCar sB r ( i , : ) = [ p er cen t B r ] ;

i m ageC ar sSat ( i , : ) = [ avgS ] ;

end ;

sav eC ar ( ' ca r av g b r i gh t ' , xName, i mageCar sB r ) ;

sav eC ar ( ' ca r av g sa t t h r ' , xName, i m ageC ar sSat ) ;

C.1.2 computeCarCompression

f u n c t i on comput eCar Compr essi on ( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : comput eCar Compr essi on ( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on comput es t h e com p r essi on d esc r i p t o r o f each i mage i n %

% d i r ec t o r y d i r ect or y N am e . R esu l t s ar e sav ed i n t h e cor r esp on d i n g %

% ' car com p r essi on . mat ' f i l e . %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' comput eCar Compr essi on ' ) ;

cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ; ] ;

%D= d i r ( ' ¤ . g i f ' ) ;

numI mages= l en g t h (D ) ;

f o r i = 1:numI mages

imageName=D( i ) . name;

d i sp ( imageName ) ;
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I= i m r ead ( imageName ) ;

[ h ei gh t , w i d t h , ch an n el s]= s i z e ( I ) ;

i m ageSi ze= h ei gh t ¤w i d t h ¤ ch an n el s ;

i f 0 ~= r egex p i ( imageName , ' n . j p g$ ' , ' once ' )

decom pr ess = ' d j p eg ' '%s ' ' ' ;

e l s e i f 0 ~= r egex p i ( imageName , ' n . g i f $ ' , ' once ' )

decom pr ess = ' gi f t opnm ' '%s ' ' ' ;

e l se

er r o r ( ' don ' ' t know how t o con v er t t o pnm ' ) ;

end

shel l Cmd= sp r i n t f ( [ decom pr ess ,

' j ppmquant 256 2> / dev / n u l l j pnmt opng j wc ¡ c ' ] , . . .

imageName ) ;

[ s , r ]= sy st em ( shel l Cmd ) ;

[ v al u e , coun t ] = sscan f ( r , '%d ' ) ;

i f coun t ~= 1

quan t Com pr essi on ( i ) = 0 ;

e l se

quan t Com pr essi on ( i )= v al u e/ i m ageSi ze ;

end

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

i m ageCar s( i , : ) = [ quan t Com pr essi on ( i ) ] ;

end ;

sav eC ar ( ' car com p r essi on ' , xName, i m ageCar s ) ;

C.1.3 computeCarColHist

f u n c t i on com put eCar Col H i st ( d i r ect or y N am e , hB i ns , sB i n s , v B i ns )

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : com put eCar Col H i st ( d i r ect or y N am e , 3 , 3 , 5 ) , 3 x3x5 comes f r om 45 %

% b i n s co l o r h i st ogr am . %

% %

% T hi s f u n ct i on comput es t h e co l o r h i st ogr am d esc r i p t o r o f each %

% i mage i n d i r ec t o r y d i r ect or y N am e . R esu l t s ar e sav ed i n t h e %

% cor r esp on d i n g ' c a r c o l o r h i st . mat ' f i l e . %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% hB i ns ¡ ¡ > a number of b i n s i n t h e h ( hue ) ch an el o f HSV %

% sB i n s ¡ ¡ > a number of b i n s i n t h e s ( sa t u r a t i on ) ch an el %

% v B i ns ¡ ¡ > a number of b i n s i n t h e v ( g r ay sca l e ) ch an el %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' com put eCar Col H i st ' ) ;
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cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ; ] ;

%D= d i r ( ' ¤ . g i f ' ) ;

%D= d i r ( ' ¤ . j p g ' ) ;

numI mages= l en g t h (D ) ;

f o r i = 1:numI mages

d i sp (D( i ) . name) ;

I = i mageL oad (D( i ) . name) ;

% f i g u r e , imshow ( I ) , t i t l e ( ' o r i g i n a l i mage ' ) ;

HSV= r gb 2h sv ( I ) ;

%V=HSV ( : , : , 3 ) ;

[ h ei gh t , w i d t h ]= s i z e (HSV ( : , : , 3 ) ) ;

% f i g u r e , imshow (V ) , t i t l e ( [ ' o r i g i n a l g r ay sca l e i mage ' D( i ) . name ] ) ;

% Y= r gb 2y cb cr ( I ) ;

% S=HSV ( : , : , 2 ) ;

% H=HSV ( : , : , 1 ) ;

ch = r ound (HSV ( : , : , 1 ) ¤ ( hB i ns¡ 1) ) + 1;

sh = r ound (HSV ( : , : , 2 ) ¤ ( sB i n s¡ 1) ) + 1;

vh = r ound (HSV ( : , : , 3 ) ¤ ( v B i ns¡ 1) ) + 1;

f l a t = ch + hB i ns¤( sh ¡ 1) + hB i ns¤ sB i n s ¤( vh ¡ 1) ;

c o l d i s t r i b = h i st c ( f l a t ( : ) ' , 1 : hB i ns¤ sB i n s¤v B i ns ) / ( h ei gh t ¤w i d t h ) ;

% coun t = zer os ( hB i ns , sB i n s , v B i ns ) ;

% [h , s , v ]= si z e ( coun t ) ;

%f o r x = 1: h ei gh t

% f o r y = 1: w i d t h

% %ch= r ound (H( x , y ) ¤( hB i ns¡ 1) ) + 1;

% %sh= r ound ( S( x , y ) ¤( sB i n s¡ 1) ) + 1;

% %vh= r ound (V ( x , y ) ¤( v B i ns¡ 1) ) + 1;

% %coun t ( ch ( x , y ) , sh , vh)= coun t ( ch , sh , vh ) + 1;

% % coun t ( ch , sh , vh )

% end ;

% end ;

%c o l d i s t r i b = [ coun t ( : ) / ( h ei gh t ¤w i d t h ) ] ;

i m ageCar s( i , : ) = c o l d i s t r i b ;

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

%car s ( 1 , i )= f c o l d i s t r i b g

%% FOR VISUALIZATION UNCOMMENT THE FOLLOWING

%f i g u r e ;

%p h an d l es = co n t o u r sl i ce ( coun t , [ ] , [ ] , 1 : v B i ns , 5 ) ;

%v i ew ( 3 ) ; ax i s t i gh t

%set ( p h an d l es , ' L i neW i dt h ' , 2 )

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

end ;

sav eC ar ( ' c a r c o l o r h i st ' , xName, i m ageCar s ) ;
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C.1.4 computeCarEdgeDir

f u n c t i on comput eCar EdgeD i r ( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : comput eCar EdgeD i r ( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on comput es t h e edge d esc r i p t o r o f each i mage i n %

% d i r ec t o r y d i r ect or y N am e . R esu l t s ar e sav ed i n t h e cor r esp on d i n g %

% ' ca r ed ge d i r . mat ' f i l e . %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' comput eCar EdgeD i r ' ) ;

cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ; ] ;

% D= d i r ( ' ¤ . g i f ' ) ;

% D= d i r ( ' ¤ . j p g ' ) ;

numI mages= l en g t h (D ) ;

h o r i z so b el = f sp ec i a l ( ' sob el ' ) ;

v er t so b el = h o r i z so b el ' ;

nA ngl e= 8;

nM agni t ude= 5;

maxM agni t ude= sq r t ( 2 0 ) ;

f o r i = 1:numI mages

d i sp (D( i ) . name) ;

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

I= i mageL oad (D( i ) . name) ;

% f i g u r e , imshow ( I ) ;

V= i m 2doub l e ( r gb 2gr ay ( I ) ) ;

% f i g u r e , imshow (V ) ;

X= conv 2 (V , h o r i z so b el , ' v a l i d ' ) ;

% f i g u r e , imshow ( abs(X ) , 2 5 6 ) ;

Y= conv 2 (V , v er t so b el , ' v a l i d ' ) ;

i f m in ( s i z e (X ) ) > 0 & & m in ( s i z e (Y ) ) > 0

% f i g u r e , imshow ( abs(Y ) , 2 5 6 ) ;

% f i g u r e , imshow ( abs(X)+ abs(Y ) , 2 5 6 ) ;

A ngl e= at an 2 (Y ,X ) ;

M agni t ude= sq r t (X . ¤X+Y . ¤Y ) ;

A ngleQuant = 1+ r ound ( ( A ngl e+ p i ) / ( 2¤ p i ) ¤( nA ngl e¡ 1) ) ;

M agni t udeQuant = 1+ r ound ( M agni t ude / . . .

maxM agni t ude¤( nM agni t ude¡ 1) ) ;

Quant = ( A ngleQuant ¡ 1)¤nM agni t ude + M agni t udeQuant ;
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[ h ei gh t , w i d t h ] = s i z e ( A ngl e ) ;

h i st ogr am = h i st c ( Quant ( : ) ' , 1 : ( nM agni t ude¤nA ngl e ) ) / . . .

( h ei gh t ¤w i d t h ) ;

i m ageCar s( i , : ) = h i st ogr am ;

e l se

i m ageCar s( i , : ) = zer os ( 1 , nA ngl e¤nM agni t ude ) ;

end

end ;

sav eC ar ( ' ca r ed ge d i r ' , xName, i m ageCar s ) ;

C.1.5 computeCarGran ulometry1

f u n c t i on comput eCar Gr anul omet r y 1 ( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : comput eCar Gr anul omet r y 1 ( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on comput es t h e m u l t i ¡ sca l e pat . spect r um d esc r i p t o r o f %

% each i mage i n d i r ec t o r y d i r ect or y N am e . %

% %

% R esu l t s ar e sav ed i n t h e cor r esp on d i n g ' car gr an u l om 1 p ar b i g . mat ' , %

% ' car gr an u l om 1 d i sk sm al l . mat ' , ' car gr an u l om 1 d i sk b i g . mat ' , and %

% ' car gr an u l om 1 d i sk sm al l . mat ' f i l e s . %

% %

% P ar am et er s : d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on , %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' comput eCar Gr anul omet r y 1 ' ) ;

cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ] ;

numI mages= l en g t h (D ) ;

%el em en t = ' P ar ab ol a ' ;

f o r i = 1:numI mages

d i sp (D( i ) . name) ;

I = i mageL oad (D( i ) . name) ;

% f i g u r e , imshow ( I ) , t i t l e ( ' o r i g i n a l i mage ' ) ;

Y= r gb 2h sv ( I ) ;

V=Y ( : , : , 3 ) ;

% f i g u r e , imshow (V ) , t i t l e ( [ ' o r i g i n a l g r ay sca l e i mage ' D( i ) . name ] ) ;

% f i g u r e , i m h i st (V ) , t i t l e ( [ ' g r ay sca l e h i st ogr am ' D( i ) . name ] ) ;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% sD i sr i b 1 i s a f u n ct i on t h at r et u r n s t h e r em ai n i n g ob j ec t %

% su r f ace ar ea a f t er each op en i n g w i t h SE p ar ab ol a %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% su r f ar eaS= sD i st r i b 1 (V , 2 0 , 0 . 0 1 ) ; % ol d v er si on w i t h sm a l l est
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% sca l e p ar ab ol a

% su r f ar eaB= sD i st r i b 1 (V , 1 0 , 5 ) ; % ol d v er si on w i t h SE p ar ab ol a

su r f ar eaP ar Sm al l= sD i st r i b 1 (V , 2 0 , 1 ) ;

su r f ar eaD i sk Sm al l= D i sk D i st r i b (V , 2 0 , 1 ) ;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% D i sk D i st r i b i s a f u n ct i on t h at r et u r n s t h e r em ai n i n g ob j ec t %

% su r f ace ar ea a f t er each op en i n g w i t h SE d i sk %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

su r f ar eaP ar B i g= sD i st r i b 1 (V , 1 0 , 5 ) ;

su r f ar eaD i sk B i g= D i sk D i st r i b (V , 1 0 , 5 ) ;

su r f P ar Sm al l ( 1 , i )= f su r f ar eaP ar Sm al l g ;

su r f D i sk Sm al l ( 1 , i )= f su r f ar eaD i sk Sm al l g ;

su r f P ar B i g ( 1 , i )= f su r f ar eaP ar B i g g ;

su r f D i sk B i g ( 1 , i )= f su r f ar eaD i sk B i g g ;

%su r f S ( 1 , i )= f su r f a r eaS g; % ol d v er si on

%su r f B ( 1 , i )= f su r f ar eaB g; % ol d v er si on

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% d i f f ¡¡ > F i r st d er i v a t i v e of t h e su r f ace ar ea ar r ay , whi ch %

% con t a i n s t h e si z e d i st r i b u t i o n s of t h e ob j ec t s i n t h e i mage %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d er i v su r f ar eaP ar Sm al l= d i f f ( su r f ar eaP ar Sm al l ) ;

d er i v su r f a r eaD i sk Sm al l= d i f f ( su r f ar eaD i sk Sm al l ) ;

d er i v su r f ar eaP ar B i g= d i f f ( su r f ar eaP ar B i g ) ;

d er i v su r f a r eaD i sk B i g= d i f f ( su r f ar eaD i sk B i g ) ;

% d er i v su r f a r eaS = d i f f ( su r f a r eaS ) ;

% d er i v su r f ar eaM = d i f f ( su r f ar eaM ) ;

d er i v su r f P ar Sm al l ( 1 , i )= f d er i v su r f ar eaP ar Sm al l g ;

d er i v su r f D i sk Sm al l ( 1 , i )= f d er i v su r f a r eaD i sk Sm al l g ;

d er i v su r f P ar B i g ( 1 , i )= f d er i v su r f ar eaP ar B i g g ;

d er i v su r f D i sk B i g ( 1 , i )= f d er i v su r f a r eaD i sk B i g g ;

% d er i v su r f B i g ( 1 , i )= f d er i v su r f a r eaB i g g ;

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% i m ageCar s con t a i n s measur ement s of t h e i mage %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

i m ageC ar sP ar Sm al l ( i , : ) = [ d er i v su r f ar eaP ar Sm al l ( : ) ] ' ;

i m ageC ar sD i sk Sm al l ( i , : ) = [ d er i v su r f a r eaD i sk Sm al l ( : ) ] ' ;

i m ageCar sP ar B i g ( i , : ) = [ d er i v su r f ar eaP ar B i g ( : ) ] ' ;

i m ageC ar sD i sk B i g ( i , : ) = [ d er i v su r f a r eaD i sk B i g ( : ) ] ' ;

% i mageCar sS( i , : ) = [ d er i v su r f a r eaS ( : ) ] ' ;

% i mageCar sB ( i , : ) = [ d er i v su r f ar eaB ( : ) ] ' ;

end ;

% sav eC ar ( ' car gr an u l om 1 sm al l ' , xName, i mageCar sS ) ; % ol d v er si on

% sav eC ar ( ' car gr an u l om 1 b i g ' , xName, i mageCar sB ) ; % ol d v er si on
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sav eC ar ( ' car gr an u l om 1 p ar sm al l ' , xName, i m ageC ar sP ar Sm al l ) ;

sav eC ar ( ' car gr an u l om 1 p ar b i g ' , xName, i m ageCar sP ar B i g ) ;

sav eC ar ( ' car gr an u l om 1 d i sk sm al l ' , xName, i m ageC ar sD i sk Sm al l ) ;

sav eC ar ( ' car gr an u l om 1 d i sk b i g ' , xName, i m ageC ar sD i sk B i g ) ;

% x = 0:numOpenings ;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% PLOT OF THE SI ZE DISTRIBUTION %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% UNCOMMENT THE FOLLOWING LINES FOR VISUALIZATION

% p l o t Su r f 1 ( 20 , numI mages , su r f P ar Sm al l ( 1 , : ) , xName, ' sm al l p ar ab ol a ' ) ;

% p l o t Su r f 1 ( 20 , numI mages , su r f D i sk Sm al l ( 1 , : ) , xName, ' sm al l d i sk ' ) ;

% p l o t Su r f 1 ( 10 , numI mages , su r f P ar B i g ( 1 , : ) , xName, ' b i g p ar ab ol a ' ) ;

% p l o t Su r f 1 ( 10 , numI mages , su r f D i sk B i g ( 1 , : ) , xName, ' b i g d i sk ' ) ;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% PLOT OF THE PATTERN SPECTRUM %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% UNCOMMENT THE FOLLOWING LINES FOR VISUALIZATION

% p l ot D er i v Su r f 1 ( numI mages , d er i v su r f P ar Sm al l ( 1 , : ) , xName, ' sm al l p ar ab ol a ' ) ;

% p l ot D er i v Su r f 1 ( numI mages , d er i v su r f D i sk Sm al l ( 1 , : ) , xName, ' sm al l d i sk ' ) ;

% p l ot D er i v Su r f 1 ( numI mages , d er i v su r f P ar B i g ( 1 , : ) , xName, ' b i g p ar ab ol a ' ) ;

% p l ot D er i v Su r f 1 ( numI mages , d er i v su r f D i sk B i g ( 1 , : ) , xName, ' b i g d i sk ' ) ;

C.1.6 computeCarDim

f u n c t i on comput eCarD im ( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : comput eCarD im ( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on comput es t h e d i m en si on r a t i o d esc r i p t o r s of each %

% i mage i n d i r ec t o r y d i r ect or y N am e . U sef u l l j u st f o r WWW i m ages . %

% R esu l t s ar e sav ed i n t h e cor r esp on d i n g ' car d i m asp ect . mat ' and %

% ' car d i m m i n . mat ' f i l e s . %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' comput eCarD im ' ) ;

cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ; ] ;

%D= d i r ( ' ¤ . g i f ' ) ;

numI mages= l en g t h (D ) ;

f o r i = 1:numI mages

d i sp (D( i ) . name) ;
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I= i mageL oad (D( i ) . name) ;

h ei gh t = si z e ( I , 1 ) ;

w i d t h = si z e ( I , 2 ) ;

asp ect = h ei gh t / w i d t h ;

i f asp ect < 1

asp ect A d j u st ed = [ asp ect / 2 ] ;

e l se

asp ect A d j u st ed = [ 1 ¡ 1 / ( 2¤ asp ect ) ] ;

end

minD imA dj ust ed = m in ( h ei gh t , w i d t h ) / 2 0 0 0 ;

i f minD imA dj ust ed > 1

er r o r ( ' minD imA dj ust ed gr ea t er 1 ' )

end

% asp ect A d j u st ed

% minD imA dj ust ed

i m ageCar A spect ( i , : ) = [ asp ect A d j u st ed ] ;

imageCarM inD im ( i , : ) = [ minD imA dj ust ed ] ;

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

end ;

sav eC ar ( ' car d i m asp ect ' , xName, i m ageCar A spect ) ;

sav eC ar ( ' car d i m m i n ' , xName, imageCarM inD im ) ;

C.1.7 computeCarFileT yp e

f u n c t i on comput eCar F i l eT y pe( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : comput eCar F i l eT y pe( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on comput es t h e f i l e t y pe d esc r i p t o r o f each %

% i mage i n d i r ec t o r y d i r ect or y N am e . U sef u l l j u st f o r WWW i m ages . %

% R esu l t s ar e sav ed i n t h e cor r esp on d i n g ' c a r f y l e t y p e . mat ' f i l e . %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

d i sp ( ' comput eCar Compr essi on ' ) ;

cd ( d i r ect or y N am e ) ;

D= [ d i r ( ' ¤ . j p g ' ) ; d i r ( ' ¤ . g i f ' ) ; ] ;

% D= d i r ( ' ¤ . g i f ' ) ;

numI mages= l en g t h (D ) ;

f o r i = 1:numI mages

imageName=D( i ) . name;

d i sp ( imageName ) ;
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i f 0 ~= r egex p i ( imageName , ' n . j p g$ ' , ' once ' )

i sG i f = 0;

e l s e i f 0 ~= r egex p i ( imageName , ' n . g i f $ ' , ' once ' )

i sG i f = 1;

e l se

er r o r ( ' don ' ' t know f i l e t y pe ' ) ;

end

xName( i , 1 : l en g t h (D( i ) . name) ) = D( i ) . name;

i m ageCar s( i , : ) = [ i sG i f ] ;

end ;

sav eC ar ( ' c a r f i l e t y p e ' , xName, i m ageCar s ) ;

C.2 Learning and Classifying

C.2.1 learnAndT est
f u n c t i on l ear nA ndT est ( t op D i r ect or y , l ear n D i r ec t o r y , numL earn0 , . . .

numL earn1 , numT est 0 , numT est 1 , k er n el , d egr ee )

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : l ear nA ndT est ( t op D i r ect or y , l ear n D i r ec t o r y , numL earn0 , %

% numL earn1 , numT est 0 , numT est 1 , k er n el , d egr ee ) %

% %

% T hi s f u n ct i on l oad s a l l c h a r a c t er i st i c s f r om %

% t op D i r ect or y / xa?¡ i m ages and p er f or m s t r a i n i n g and c r o ssv a l i d a t i o n . %

% %

% P ar am et er s : %

% t op D i r ect or y ¡¡ > t op d i r ec t o r y of xa?¡ i m ages d i r ec t o r i es . %

% k er n el ¡ ¡ > u se ' r ' f o r RBF and ' p ' f o r P ol i n om i al k er n el %

% d egr ee ¡ ¡ > p o l i n om i a l k er n el , ( < X ( : , i ) ,X ( : , j ) + 1) ^ d egr ee %

% RBF k er n el , exp(¡ d egr ee ¤ j X ( : , i )¡ X ( : , j ) j ^ 2 %

% %

% F or l ea r n i n g : %

% I f l ear n D i r ec t o r y = = ' ' t hen r andoml y sel ec t f r om xa?¡ i m ages %

% numL earn0 p h ot os f o r l ea r n i n g and numL earn1 car t oon s f o r l ea r n i n g . %

% O t h er w i se u se a l l p h ot os and car t oon s f r om l ear n D i r ec t o r y . %

% %

% F or t est i n g : %

% L oad numT est 0 p h ot os and numT est 1 car t oon s . I f numT est 0 = = 0 a l l %

% r em ai n i n g p h ot os w i l l be used f o r t est i n g and i f numT est 1 = = 0 %

% a l l r em ai n i n g car t oon s w i l l be used f o r t est i n g . %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

[ f i l eN am es , car ] = l oad A l l C ar D i r ( t op D i r ect or y ) ;

% t o get more random sel ec t i o n s :
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r an d ( ' st a t e ' ,sum ( 100¤ c l o ck ) ) ;

% t o ou t pu t t h e st a t e of t h e random number gen er at or

% ( f o r r ep ea t a b i l i t y : ) r andomSt at e= r and ( ' st a t e ' )

[ num F i l es , st r L en gt h ] = s i z e ( f i l eN am es ) ;

perm = r andper m ( num F i l es ) ;

f i l eN am es = f i l eN am es ( perm , : ) ;

car = car ( perm , : ) ;

i n d i ca t o r 0 = f i l eN am es ( : , 1 ) = = ' 0 ' ;

i n d i ca t o r 1 = f i l eN am es ( : , 1 ) = = ' 1 ' ;

num0 = sum ( i n d i ca t o r 0 )

num1 = sum ( i n d i ca t o r 1 )

i f numT est 0 = = 0

numT est 0 = num0 ¡ numL earn0 ;

end

i f numT est 1 = = 0

numT est 1 = num1 ¡ numL earn1 ;

end

i f numL earn0 + numT est 0 > num0

er r o r ( ' not enough p h ot os ' ) ;

end

i f numL earn1 + numT est 1 > num1

er r o r ( ' not enough car t oon s ' ) ;

end

car 0 = car ( i n d i ca t o r 0 , : ) ;

car 1 = car ( i n d i ca t o r 1 , : ) ;

T est L ab el s = [ zer os ( 1 , numT est 0 ) , on es ( 1 , numT est 1 ) ] ;

T est Sam p l es = [ car 0 ( ( numL earn0+ 1) : ( numL earn0+ numT est 0 ) , : ) ;

car 1 ( ( numL earn1+ 1) : ( numL earn1+ numT est 1 ) , : ) ] ' ;

i f st r cm p ( l ear n D i r ec t o r y , ' ' )

L ear nSam pl es = [ car 0 ( 1 : numL earn0 , : ) ;

car 1 ( 1 : numL earn1 , : ) ] ' ;

e l se

i f numL earn0 ~= 0 j j numL earn1 ~= 0

er r o r ( ' numL earn0 and numL earn1 must be zer o ' ) ;

end ;

[ l ear n F i l eN am es , l ear n C ar ] = l oad A l l C ar ( l ear n D i r ec t o r y ) ;

l ea r n I n d i ca t o r 0 = l ear n F i l eN am es ( : , 1 ) = = ' 0 ' ;

l ea r n I n d i ca t o r 1 = l ear n F i l eN am es ( : , 1 ) = = ' 1 ' ;

numL earn0 = sum ( l ea r n I n d i ca t o r 0 )

numL earn1 = sum ( l ea r n I n d i ca t o r 1 )

L ear nSam pl es = [ l ear n C ar ( l ea r n I n d i ca t o r 0 , : ) ;

l ear n C ar ( l ea r n I n d i ca t o r 1 , : ) ] ' ;

end

L ear n L ab el s = [ zer os ( 1 , numL earn0 ) , on es ( 1 , numL earn1 ) ] ;
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% numL earn0

% numL earn1

% numT est 0

% numT est 1

% used f o r c l a ss i f y i n g i n p u t p at t er n s u si n g t h e n on l i n ear

% SVM C l a ss i f i er t h at w i l l be con st r u ct ed

T r u eL ab el sT r ai n= L ear n L ab el s ;

Sam p l esT r ai n= L ear nSam pl es ;

sav e DemoDat a Sam p l esT r ai n T r u eL ab el sT r ai n

% sav e debug L ear n L ab el s L ear nSam pl es l ear n F i l eN am es T est L ab el s

% T est Sam p l es ;

i f st r cm p ( k er n el , ' r ' )

% RBF k er n el

d egr ee

[ A lphaY , SV s , B i as , P ar am et er s , nSV , nL abel ] = . . .

RbfSVC ( L ear nSam pl es , L ear n L ab el s , d egr ee ) ;

nSV

sav e SV M C l assi f i er R b f A lphaY SV s B i as P ar am et er s nSV nL abel ;

e l s e i f st r cm p ( k er n el , ' p ' )

% P ol y nom i al k er n el

d egr ee

[ A lphaY , SV s , B i as , P ar am et er s , nSV , nL abel ] = . . .

PolySV C ( L ear nSam pl es , L ear n L ab el s , d egr ee ) ;

nSV

sav e SV M C l assi f i er P ol A lphaY SV s B i as P ar am et er s nSV nL abel ;

e l se

er r o r ( ' P l ease u se ' ' r ' ' f o r RBF or ' ' p ' ' f o r p o l i n om i a l k er n el ! ' ) ;

end

[ C l assR at e , D eci si on V al u e , Ns , ConfM at r i x , P r eL ab el s ] = . . .

SVM T est ( T est Sam p l es , T est L ab el s , A lphaY , SV s , B i as , P ar am et er s , . . .

nSV , nL abel ) ;

C l assR at e ;

E r r or R at e = 1 ¡ C l assR at e

ConfM at r i x ;

E r r or M at r i x = 1 ¡ ConfM at r i x

car t oon D eci si on V al u e = D eci si on V al u e ( P r eL ab el s = = 1) ' ;

car t oon L ab el s = T est L ab el s ( P r eL ab el s = = 1) ' ;

[ sor t ed C ar t oon D eci si on V al u e , p er m u t at i on ] = . . .
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sor t r ow s ( car t oon D eci si on V al u e ) ;

sor t ed C ar t oon L ab el s = car t oon L ab el s ( p er m u t at i on ) ;

C.2.2 mergeAllCarDir
f u n c t i on [ f i l eN am es , car ] = m er geA l l C ar D i r ( t op D i r ect or y )

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : m er geA l l C ar D i r ( t op D i r ect or y ) %

% %

% T hi s f u n ct i on l oad s and m er ges a l l c h a r a c t er i st i c s f r om xa?¡ i m ages %

% bel ow t op D i r ect or y . %

% %

% P ar am et er s : %

% t op D i r ect or y ¡¡ > a f u l l pat h of i mage l oca t i on t op d i r ec t o r y %

% %

% Out put : %

% F i l eN am es ¡ ¡ > a ( n¡ by¡ m) m at r i x w i t h n f i l e names as l en gt h¡ m %

% st r i n g s %

% %

% car ¡ ¡ > a ( n¡ by¡ k ) m at r i x f o r a t o t a l o f n f i l e s and k %

% r ea l ¡ v al u ed d esc r i p t o r s or d esc r i p t o r s component s %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

cd ( t op D i r ect or y ) ;

d el et e ( ' c a r a l l . mat ' ) ;

d i r s= d i r ( ' x¤¡ i m ages ' ) ;

f i l eN am es = [ ] ;

car = [ ] ;

f o r d= 1: l en g t h ( d i r s )

d i sp ( d i r s ( d ) . name) ;

f u l l D i r ect or y N am e = [ t op D i r ect or y , ' / ' , d i r s ( d ) . name ] ;

[ newF i l eN ames , newCar ] = l oad A l l C ar ( f u l l D i r ect or y N am e ) ;

l = max ( s i z e ( f i l eN am es , 2 ) , s i z e ( newF i l eN ames , 2 ) ) ;

f i l eN am es = [ p ad St r i n gs ( f i l eN am es , l ) ; p ad St r i n gs ( newF i l eN ames , l ) ] ;

car = [ car ; newCar ] ;

end

cd ( t op D i r ect or y ) ;

sav e ( ' c a r a l l ' , ' f i l eN am es ' , ' car ' ) ;

C.2.3 loadAllCar
f u n c t i on [ f i l eN am es , car ] = l oad A l l C ar ( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : l oad A l l C ar ( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on sel ec t s d esc r i p t o r s f o r t r a i n i n g and c r o ssv a l i d a t i o n . %
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% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %

% %

% Out put : %

% F i l eN am es ¡ ¡ > a ( n¡ by¡ m) m at r i x w i t h n f i l e names as l en gt h¡ m %

% st r i n g s %

% %

% car ¡ ¡ > a ( n¡ by¡ k ) m at r i x f o r a t o t a l o f n f i l e s and k %

% r ea l ¡ v al u ed d esc r i p t o r s or d esc r i p t o r s component s %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

cd ( d i r ect or y N am e ) ;

f i l eN am es = [ ' i n v a l i d ' ] ;

car = [ ] ;

[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 1 d i sk sm al l ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 1 d i sk b i g ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 1 p ar sm al l ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 1 p ar b i g ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' ca r av g b r i gh t ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' ca r av g sa t t h r ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' car com p r essi on ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' c a r c o l o r h i st ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' ca r ed ge d i r ' , f i l eN am es , car ) ;

% A d d i t i on al d esc r i p t o r s on WWW i m ages

[ f i l eN am es , car ] = mer geCar ( ' car d i m asp ect ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' car d i m m i n ' , f i l eN am es , car ) ;

[ f i l eN am es , car ] = mer geCar ( ' c a r f i l e t y p e ' , f i l eN am es , car ) ;

% OTHER IMAGE DESCRIPTORS THAT WE DO NOT USE IN OUR FINAL VERSION :

%[ f i l eN am es , car ] = mer geCar ( ' ca r a v g b r i g h t r ec i p ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' c a r a v g sa t t h r r ec i p ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 10 ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 10 r ec i p ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om v ar ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om v ar r ec i p ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' ca r com p r essi on r ec i p ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 1 b i g ' , f i l eN am es , car ) ;

%[ f i l eN am es , car ] = mer geCar ( ' car gr an u l om 1 sm al l ' , f i l eN am es , car ) ;

C.2.4 mergeCar

f u n c t i on [ newF i l eN ames , newSampl es ] = mer geCar ( carName , . . .
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ol d F i l eN am es , ol d Sam p l es )

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : mer geCar ( carName , ol d F i l eN am es , ol d Sam p l es %

% %

% T hi s f u n ct i on m er ges ( i . e . , j o i n ) c h a r a c t er i st i c s by f i l eN am es %

% %

% P ar am et er s : %

% ol d F i l eN am es ¡¡ > a ( n¡ by¡ m) m at r i x w i t h n f i l e names %

% as l en gt h¡ m st r i n g s %

% ol d Sam p l es ¡ ¡ > a ( n¡ by¡ k ) m at r i x w i t h k c h a r a c t er i st i c s f o r each %

% f i l e %

% carName ¡ ¡ > t h e name f o r t h e c h a r a c t er i st i c s t o be added %

% %

% Out put : %

% newF i l eN ames ¡¡ > a ( p¡ by¡ q ) m at r i x w i t h p<= n and q>=m w i t h l en gt h¡ q %

% names of t h e f i l e s f o r whi ch t h er e ex i st ol d and %

% new c h a r a c t er i st i c s %

% %

% newSampl es ¡ ¡ > a ( p¡ by¡ r ) m at r i x w i t h r= k+ s con t a i n i n g f o r each %

% of t h e p f i l e s t h e k ol d and t h e s new %

% c h a r a c t er i st i c s %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% j o i n w i t h empt y set g i v es empt y set

i f l en g t h ( ol d F i l eN am es) = = 0

newF i l eN ames = [ ] ;

newSampl es = [ ] ;

r et u r n ;

end

% i f t h e c h a r a c t er i st i c doesn ' t ex i st r et u r n empt y f i l e names and

% c h a r c et er i s t i c s

car F i l eN am e = [ carName , ' . mat ' ] ;

i f ex i st ( car F i l eN am e , ' f i l e ' ) ~= 2

war n i ng ( sp r i n t f ( '%s/ %s d oes not ex i st ' , pwd , car F i l eN am e ) ) ;

newF i l eN ames = [ ] ;

newSampl es = [ ] ;

r et u r n ;

end

% i f t h i s i s t h e f i r s t c h a r a c t er i st i c l oad i n st ead of j o i n

i f l en g t h ( ol d Sam p l es) = = 0

l oad ( carName , ' f i l eN am es ' , ' car ' ) ;
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% newF i l eN ames we u se when t h er e was m i st ak e i n t h e manual

% c l a ss i f i c a t i o n and we change t h e f i l e name ( t o av oi d

% r ecom pu t i ng of t h e c a r a c t er i s t i c s )

% newF i l eN ames = f i x F i l eN am es ( f i l eN am es ) ;

newF i l eN ames = f i l eN am es ;

newSampl es = car ;

r et u r n ;

end ;

% now we hav e hand l ed a l l boudar y cases and can do t h e r ea l work

[ n , m ] = si z e ( ol d F i l eN am es ) ;

[ nn , k ] = s i z e ( ol d Sam p l es ) ;

i f n ~= nn

er r o r ( ' need t h e same number of ol d f i l e s and ol d c h a r a c t er i st i c s ' ) ;

end

% l oad c h a r a c t er i st i c s

l oad ( carName , ' f i l eN am es ' , ' car ' ) ;

% f i l eN am es = f i x F i l eN am es ( f i l eN am es ) ;

[ t , l ] = s i z e ( f i l eN am es ) ;

[ t t , s ] = s i z e ( car ) ;

i f t ~= t t

er r o r ( ' need t h e same number of new f i l e s and new c h a r a c t er i st i c s ' ) ;

end

% comput e ou t pu t s i z es

r = k+ s ;

q = max (m, l ) ;

% b r i n g f i l eN am es and ol d F i l eN am es t o t h e same l en gt h

i f m< q

sp aces= ' ' ;

f o r i = 2:q¡ m

sp aces = [ sp aces , ' ' ] ;

end

f o r i = 1:n

ol d F i l eN am es( i , : ) = [ ol d F i l eN am es( i , : ) , sp aces ] ;

end

end

i f l < q

sp aces= ' ' ;

f o r i = 2:q¡ l

sp aces = [ sp aces , ' ' ] ;
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end

f o r i = 1: t

f i l eN am es ( i , : ) = [ f i l eN am es ( i , : ) , sp aces ] ;

end

end

% sor t ev er y t h i n g a l p h ab et i ca l l y by f i l e name

[ sor t ed O l d F i l eN am es , ol dPer m ] = sor t r ow s ( ol d F i l eN am es ) ;

ol d F i l eN am es= sor t ed O l d F i l eN am es ;

ol d Sam p l es= ol d Sam p l es ( ol dPer m , : ) ;

[ sor t ed F i l eN am es , perm ] = sor t r ow s ( f i l eN am es ) ;

f i l eN am es= sor t ed F i l eN am es ;

car= car ( perm , : ) ;

% mer ge t h e ar r ay s and k eep on l y f i l e s t h at ar e i n t h e ol d and t h e

% new ch ar s

done = f a l se ;

ol d I n d ex = 1;

i n d ex = 1;

newI ndex = 1;

% ol d F i l eN am es

% f i l eN am es

% t h e nex t l i n e p r e¡ a l l o c a t es t h e newSampl es ar r ay f o r p er f or m an ce

% r eason s

newSampl es = zer os ( [ m in ( s i z e ( ol d Sam p l es , 1 ) , s i z e ( car , 1 ) ) , . . .

s i z e ( ol d Sam p l es , 2 ) + si z e ( car , 2 ) ] ) ;

w h i l e ~ done

i f i sL essO r E qu al L ex i ( f i l eN am es ( i n d ex ) , ol d F i l eN am es( ol d I n d ex ) )

w h i l e i n d ex < = t & & . . .

~ i sL essO r E qu al L ex i ( ol d F i l eN am es( ol d I n d ex ) , . . .

f i l eN am es ( i n d ex ) )

i n d ex = i n d ex + 1;

end

e l se

w h i l e ol d I n d ex < = n & & ~i sL essO r E qu al L ex i ( f i l eN am es ( i n d ex ) , . . .

O l dF i l eN ames( ol d I n d ex ) )

ol d I n d ex = ol d I n d ex + 1;

end

end

i f i n d ex > t

done = t r u e ;

e l s e i f ol d I n d ex > n

done = t r u e ;



164 C.2. LEARNING AND CLASSIFYING

end

i f ~ done

i f ~st r cm p ( f i l eN am es ( i n d ex ) , ol d F i l eN am es( ol d I n d ex ) )

er r o r ( ' som et h i ng went wr ong ' ) ;

end

newF i l eN ames( newI ndex , : ) = f i l eN am es ( i n d ex , : ) ;

newSampl es( newI ndex , : ) = . . .

[ ol d Sam p l es ( ol d I n d ex , : ) , car ( i n d ex , : ) ] ;

newI ndex = newI ndex + 1;

ol d I n d ex = ol d I n d ex + 1;

i n d ex = i n d ex + 1;

i f i n d ex > t

done = t r u e ;

e l s e i f ol d I n d ex > n

done = t r u e ;

end

end

end

% t hr ow away what we p r e¡ a l l oca t ed t oo much

newSampl es = newSampl es ( 1 : newI ndex ¡ 1 , : ) ;

% ( l ex i c o g r a p h i c a l l y ) compar e st r i n gA and st r i n gB

f u n c t i on r esu l t = i sL essO r E qu al L ex i ( st r i n gA , st r i n gB )

i = 1;

l = m in ( l en g t h ( st r i n gA ) , l en g t h ( st r i n gB ) ) ;

w h i l e i < = l & & st r i n gA ( i ) = = st r i n gB ( i )

i = i + 1;

end

i f i < = l

r esu l t = ( st r i n gA ( i ) < = st r i n gB ( i ) ) ;

e l se

r esu l t = ( l en g t h ( st r i n gA ) = = l ) ;

end

C.2.5 computeCarAll

f u n c t i on com put eCar A l l ( d i r ect or y N am e)

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : com put eCar A l l ( d i r ect or y N am e ) %

% %

% T hi s f u n ct i on f i r s t d el et es a l l ' ca r ¤ . mat ' f i l e s and %

% c a l l s a l l ot h er f u n c t i on s t h at comput e i mage d esc r i p t o r s %

% %

% P ar am et er s : %

% d i r ect or y N am e ¡¡ > a f u l l pat h of i mage l oca t i on %
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% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

cd ( d i r ect or y N am e ) ;

d el et e ( ' ca r ¤ . mat ' ) ;

com put eCar A v gSat T hr B r i gh t ness( d i r ec t o r y ) ;

comput eCar Compr essi on ( d i r ec t o r y ) ;

com put eCar Col H i st ( d i r ec t o r y , 3 , 3 , 5 ) ;

comput eCar EdgeD i r ( d i r ec t o r y ) ;

comput eCar Gr anul omet r y 1 ( d i r ec t o r y ) ;

comput eCarD im ( d i r ec t o r y ) ; % t o u se j u st on WWW i m ages

comput eCar F i l eT y pe( d i r ec t o r y ) ; % t o u se j u st on WWW i m ages

C.3 Classifying new data

C.3.1 classifyDirectory
f u n c t i on c l a ssi f y D i r ec t o r y ( c l a s s i f i e r , d i r ec t o r y )

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Use : c l a ssi f y D i r ec t o r y ( c l a s s i f i e r , d i r ec t o r y ) %

% %

% T hi s f u n ct i on c l a s s i f i e s new ( u n l ab el ed ) dat a i n ' d i r ec t o r y ' as %

% car t oon ( 1 ) or phot o ( 0 ) . %

% %

% P ar am et er s : %

% c l a s s i f i e r ¡¡ > a f u l l pat h of t h e c l a s s i f i e r l oca t i on %

% d i r ec t o r y ¡ ¡ > a f u l l pat h of new ( u n l ab el ed ) dat a t o be c l a ss i f i ed %

% %

% T zv et a I an ev a , 2 0 0 3 %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

l oad ( c l a s s i f i e r ) ;

[ f i l eN am es , car ] = l oad A l l C ar ( d i r ec t o r y ) ;

[ num , l en ] = si z e ( f i l eN am es ) ;

Sampl es = car ' ;

[ L ab el s , D eci si on V al u e ] = . . .

SV M Class( Sampl es , A lphaY , SV s , B i as , P ar am et er s , nSV , nL abel ) ;

f i l eN am esP h ot o ( : , : ) = f i l eN am es ( L ab el s ' = = 0 , : ) ;

[ numPhot o , l en P h ot o ] = s i z e ( f i l eN am esP h ot o ) ;

numPhot o

f i l eN am esC ar t oon ( : , : ) = f i l eN am es ( L ab el s ' = = 1 , : ) ;

[ numCar t oon , l en C ar t oon ] = si z e ( f i l eN am esC ar t oon ) ;

numCar t oon

cd ( d i r ec t o r y ) ;

f d= f op en ( ' c l a ss i f i c a t i o n . t x t ' , 'W' ) ;

f p r i n t f ( f d , '%snnnn ' , d i r ec t o r y ) ;
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f o r i = 1:num

i f ( L ab el s ( 1 , i ) = = 1)

d i sp ( sp r i n t f ( '%d %f %s ' , L ab el s ( 1 , i ) , D eci si on V al u e ( 1 , i ) , . . .

f i l eN am es ( i , : ) ) ) ;

f p r i n t f ( f d , '%d %snn ' , L ab el s ( 1 , i ) , f i l eN am es ( i , : ) ) ;

end

end

f c l o se ( f d ) ;


