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Problem

A FashionExpertFunctionality
A NeedstoknowSkin,HairandEyecolors

A Noavailableoff -the-shelflibrariesfor
semanticfacesegmentation

A Requirements:
A 1fps
A Reasonableaccuracy
A Respectscurrenthardware
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Seasonal Color Analysis... the Secret to
Enhancing Your Natural Beauty

Knowing Your Best Colors Will Take You
From Pale to Vibrant



Application

A Possibleapplications:
Recommendationengines,fashionconsulting,audienceinspection, etc.
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Proposed solution

A Basedonmulti -stagegraphicalmodelapproach
A 1st stage - Bi-partitegraph -cutforBGDremoval
A 2nd stage Y Bi-partitegraph -cutforsegmentation

A Temporalfeatureforerrormitigation

EYE | SKIN | HAIR | EYE | SKIN | HAIR | EYE | SKIN | HAIR
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Related Work

A Nocomparableworkexists
A Collectionofalreadyexistingmethods

A Necessarycomponents
A Facedetection
A Landmarkfitting
A Segmentation
A Videosegmentation

7/5/2017



Related Work 2 Face Detection

A Vitalforsegmentationtolocalizethe ROI

A Viola&Jones Y integralimageand Haar-likefeatures
[1]
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ComputerVisionandPatternRecognition, 2001. CVPR

2001. Proceedingsofthe2001/EEE ComputerSociety
Conferenceon . Vol. 1. IEEE. 2001,pp. | VY
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Related Work 2 Face Detection

A Vitalforsegmentationtolocalizethe ROI
A Viola&Jones Y integralimageand Haar-likefeatures

A Deepfacedetectors

HenryARowIey, Shumeet BaIUJa andTakeo Kanade.
o" : /==
7'ransacz‘/0nsonpaz‘z‘emana/yS/sandmach/ne
intelligence 20.1(1998),pp. 23 Y38

ChristopheGarciaand Manolis Delakis, ~ O' " " °
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PatternRecognition, 2002. Proceedings. 16th
InternationalConferenceon . \Vol. 2. IEEE. 2002, pp.
44YAT7
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Related Work 2 Face Detection

A Vitalforsegmentationtolocalizethe ROI

A Viola&Jones Y integralimageand Haar-likefeatures
A Deepfacedetectors

A DeformablePartModels

PedroF Felzenszwalb * ~ ~ , _O,"~ "~ =" -
discriminativelytrainedpart =~ '~ ' T~ JEEE TI
transactionsonpatternanalysisandmachine
intelligence 32.9(2010),pp. 1627 Y1645
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Related Work 2 Face Detection

A Vitalforsegmentationtolocalizethe ROI

A Viola&Jones Y integralimageand Haar-likefeatures
A Deepfacedetectors

A DeformablePartModels

A HOG

Navneet Dalal andBill Triggs, O4 ' * > "~ * " '
T L T b Y CompdaterVision
andPatternRecognition, 2005. CVPR2005. I[EEE

ComputerSocietyConferenceon .Vol. 1. IEEE. 2005,
pp. 886 Y893.
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Related Work 2 Landmark Fitting

A Supervisedgradientdescent

Xuehan Xiong® " = 17 ¢t v oY e v v e 0T

- [} ] < - A% ~

ProceedingsofthelEEE conferenceoncomputervisionand
patternrecognition . 2013,pp. 532 Y539
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Related Work 2 Landmark Fitting

A Supervisedgradientdescent

A Ensembleofregressiontrees

] <~ s n y ~ %4

Vahid Kazemi " =~ L °

alignmentwith
T T YT N Y ST ProceedingsofthelEEE T

Conferenceon ComputerVisionandPattern Recognition

2014, pp. 1867 Y1874
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Related Work 2 Landmark Fitting

A Supervisedgradientdescent
A Ensembleofregressiontrees

A CNNs - broadrangeofposesandvirtuallyinvariantto
occlusions.

Zhanpeng ™ © " I © & I A

3 77 A4

multi - ‘ EuropeanOonferériceon Computer
Vision. Springer. 2014,pp. 94 Y108

Amin Jourabloo and Xlaomlng | (posefaceallgnment
via CNNbased™ "’ "~ 7 TProceedingsorthé T1
IEEE Conferenceon C‘ompuz‘er VisionandPatternRecognition
2016,pp. 4188 Y4196
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Related Work 2 Landmark Fitting

A Supervisedgradientdescent
A Ensembleofregressiontrees
A CNNs - broadrange of posesandvirtuallyinvarianttoocclusions

A Othermethodsconsidered: Active Appearance models[1]
multidimensionalmorphable models[2] andtemplatetracking[3]

TimothyF Cootes, GarethJEdwards, and ChristopherJTaylor.
ol =~ ‘ EZ/ropean conferénce ®hcompliter
vision. Springer. 1998, pp. 484 Y498

? ? —

MichaelJJonesandTomaso  Poggio o~'> ' -7 o Tmr Yy e
' ' OomputerVision, 1998. Sixthinternational Conference
on. |IEEE. 1998,683 Y688

,Georgios Tzimiropoulos, Stefanos Zafelrlou ,andMaja Pantic, O B
*‘ComputérVision(iccV), " T 17
2011 /EEEInternational ConferenceOn . |IEEE. 2011, pp. 1847 Y1854.
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Related Work - Segmentation

A Mostrecentstudiesuse ANNS
A CRFwith Adaboosted unaryclassifierandepitome priors

Jonathan Warrell R | S F_abelfaces Parsingfadilfeaturesby
L 0 Y T T T IhageProtessing (ICIP), 200916thiEEE ¢ T

InternationalConferenceon . |EEE. 2009,pp. 2481 Y2484
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Related Work - Segmentation

A Mostrecentstudiesuse ANNS
A CRFwith Adaboosted unaryclassifierandepitome priors
A CRFwithRestricted BoltzmannMachine prior

— Vd — — V4 — 2> >

! = ‘ L t ~ | OI ] E ! " t n C X > _I ’ ]
7 'ProcBedingsofthelEEE ConferenceonComputerVisionandPattern
Recognition. 2013,pp. 2019 Y2026
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Related Work - Segmentation

A Mostrecentstudiesuse ANNS
A CRFwith Adaboosted unaryclassifierandepitome priors
A CRFwithRestricted BoltzmannMachine prior
A DPMforhierarchicalface parsing+newdeeplearningstrategyforsegmentation

PingLuo, Xiaogang Wang,and Xiaoou .~ " oj ¢+t~ mT

- "Computer WS/onandPaz‘z‘emRecogn/z‘/on (CVPR),2012IEEE Conference
on. IEEE. 2012,pp. 2480 Y2487
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Related Work - Segmentation

A Mostrecentstudiesuse ANNS
A CRFwith Adaboosted unaryclassifierandepitome priors
A CRFwithRestricted BoltzmannMachine prior
A DPMforhierarchicalface parsing+newdeeplearningstrategyforsegmentation

A Depthsensors

—_— ’ 2 —_—

ChenX| Zhang LlangWang and Ruigang s O ' "o S
"' Edropeart Conferenceon TbmputetVision

Springer. 2010,pp. 708 Y721
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Related Work - Segmentation

A Mostrecentstudiesuse ANNs

A CRFwith Adaboosted unaryclassifierandepitome priors
A CRFwithRestricted BoltzmannMachine prior
A DPMforhierarchicalface parsing+newdeeplearningstrategyforsegmentation

A Depthsensors
A Graphicalmodels

— — 2> 2>

AkiraSuga ' Y O, T vt s Toms T s
In: PatternRecognition, 2008. ICPR2008. 19thinternationalConferenceon
2008,pp.1 Y4
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Related Work - Temporal Segmentation

A Generallyaccepteddefinition Y spatio-temporallabelpropagationinavideo (object
tracking,gesturerecognition)

AnestlsPapazoglou S o1 '
~  PBroceetlingsofthe |EEEInternational Conferenceon Compuz‘er

Vision. 2013,pp. 1777 Y1784

A Thispapersimplifiesthe definitionofvideosegmentation

A Temporalsegmentationasaself -validationmechanism
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Proposed System Overview

Face-Background segmentation Skin-Hair-Eyes
segmentation

Color Extraction and Correction
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Face detection and Landmark Fitting

A Facedetector:HOG

A Thebasicidea - localappearanceandshapecanbecharacterizedby
thedistributionoflocalintensity gradients (edgedirections)

A c ] ] - — ] . 4 T - e T ' e y . 4 ~ ~ y -
A Foreachcellaccumulatingalocal 1 -Dhistogramofgradientdirections
oredgeorientationsoverthecontrast -normalize (invarianceto

illumination) pixels ofthecell.

A Tilethedetectionwindowwithadense (infact,overlapping) grid of
HOGdescriptorsandusethecombinedfeaturevectorforclassification
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Face detection and Landmark Fitting

A Facedetector:HOG

A FacialLandmarks: Ensembleofregressiontrees
A Predictivemodel

Ve

A Composedofaweightedcombinationofmultiple
regressiontrees

A Eachregressorislearnedusinggradientboostingtree
algorithmandsquareerrorloss

A Combining multiple regressiontreesincreases
predictive performance

A Faciallandmarksserve multiple purposes:

A Helptounderstandtheface pose Y rejectproblematic
poses

A Performeye -areasegmentation

A Preciselocationoffacialparts
modelinginlaterstages.

Y usedforcolor
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Algorithm 1 Learning r; in the cascade

Have training data {(/,, SE”, .&SEt}) IV | and the learning
rate (shrinkage factor) 0 < v < 1

1. Initialise

N
foll, Q'{i}] = arg min Z ||Q,.S§ﬁ:I — 'T"Q

]
YER® oy

2. fork=1,....K:
(a) Setfori=1,....N
L. = QS?} _— fk_](}-ﬂt.., git})

(b) Fitaregression tree to the targets r;; giving a weak
regression function g (1, S(*)).

(c) Update

Fe(I,8D) = fi_1(I,SY) + v g (1,8®)

3. Output ri(I,S{“) = fr(I, Q(t})
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Background removal

A UsesboundingrectanglesderivedfromFacial
Landmarks

A GMMforeachROI
A Min-CutMax -Flowgraphcut

maximize | f| = V

minimize E Cijdi;

capacity =k

(i,j)eE
SOUrCE mh < .CLP\
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Background removal

A UsesboundingrectanglesderivedfromFacial il
Landmarks

A GMMforeachROI

A Min-CutMax -Flowgraphcut

A OPENCVimplementation Y GrabCut
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Skin-Hair -Eyes Segmentation

A Skin-Hair Y GraphCutwith h-expansionminimizationalgorithm

A 1. Startwithanylabeling E(f) = Z Dy(in, f.) +
A 2. runthroughalllabelsandforeachlabela peP
A 2a. computeoptimala -expansionmove
A 2b. ifbetterenergyfound,acceptthemove Z Vpiq(fp, fq)
p.geN

A 3. Stopifnolabelchange,otherwisegoto?2

A Multi-classgraphcutalgorithmwaschoseninordertoextendapplicability
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Color Extraction

A Buildnormalized colorhistogramsofNbinsperchannelforeachsemanticarea

A Weightedaverage of Xlargestbinswas calculatedtogetafinal
colorforasemanticcategory

A OptimalXislaterfoundexperimentally

7/5/2017

£15)



Frang/?01q n

Temporal Segmentation

A Facesinthewildareoftennoisy

’ — Vd 2 r — ’ ’ —

A 1 n t (o) 1 ] N

o

A Procedure:
A Frameevery2secissegmented
A Colorisobtainedforeachsemanticcategory
A Theextractedcolorsaresavedintoatimeseriesvector.
A Theextractedcolorsarecomparedtocolorsintwoprevioustimesteps (current
A Iftheresultsarewithinapre  -determinedthreshold,thevaluesaresavedas

-landcurrent -2).

3n

4dn

{-

Good frames

mean coiors



Experiments - Data

A YouTubepersonalitydataset

A ChalLearn LookingatPeople WorkshoponAutomatic Personality AnalysisandFirst
ImpressionsChallenge @ ECCV2016

A 100Randomvideos(0.9/0.1training/validation)

Gender Age Skin Accessories Hair Amount Hair Facial Hair
Female (59) 20s(44) Dark(15) Glasses(7) Little (10) Dark (74) Heavy (4)
Male (41) 30s (37) Light(85) Hat(10) None (6) Light (14) Little (14)
40s (15) Head-band (1) Normal (84) Mixed (2) None(77)
50s (4) None ( 82) None (6) Normal(5)
Red (4)
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Optimal Parameter Search

A Modularpipeline A Manytunableparameters(21)

A 9 selectedashavingthemostimportance

Groupl Group2 Group3,4,5
Unary hair_sample_size top_N_colors_C
Pair-wise hair TH TH C
SP_amount hist _bin

hist_bins_2

A Numberofiterations 1 o @p f toamuchmoremanageable640

7/5/2017
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Optimal Parameter Search

No | System Part Group | Parameter Best Values
1 Unary weight 9

2 Groupl | Pair-wise weight | 31

3 Face Segmentation SP_amount 350

4 hair_sample_size | 0.15

5 hair TH 0.35

6 GTOUP2 I pist_bin 16

7 Color Extraction hist bins 2 128

8 top_N_colors_{C} | 4

9 Temporal Analysis Group3 T[E_[C} 50
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Results?2 Color Extraction

A Allmeasuresarecalculatedoverthevalidationset

A Groundtruthvalueshavebeenmarkedmanuallyonallvideos

Overall
mErr 31.92
Stddev | 26.58
% error | 11.03
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Color Correction

A Lighthashighinfluenceonperceived
colors

Blue, Red, and Yellow Cubes Under a Standard
Desk Lamp Light Source

Blue, Red, and Yellow Cubes Under a Red Lamp Blue, Red, and Yellow Cubes Under a ow AL'cmp =
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Results2 Color Correction

A Comprehensivetestingisoutofscope
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Discussion - Problems

ANC' ' ' "> 7 T 2~ T N32 Mednerbrofthesystem ™ ‘Y 32.1 s

A StdDev - 26.6. Systemexhibitsalotofvariance,thustheerrorcanfluctuate
significantly.

A Possiblesourcesoferror:

A Inabilitytofilter outface occlusions Y largeaccessoriesaffectfinalcolor
A Busyanddynamicbackgroundcouldresultinpoorbackground - foregroundsegmentation
A Baldspots

A Lightingconditions. Stronglightsourcescangenerate shinnyspots
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Fail cases
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