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Advantages of Soft Biometrics

. Human understandable description

rich in semantics, e.g., a face image described as a “young Asian male”
bridges gap between human and machine descriptions

. Robustness to image quality

soft biometric attributes and low quality data
subject at a distance from the camera

. Privacy

lack of distinctiveness implies privacy friendly
... but we can recognise you anywhere

. Performance improvement

use in conjunction with biometric cues such as face, fingerprint and iris
fusion to improve accuracy. ID invariance to viewpoint, illumination.
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West vs West

« 1903, Will West committed FEDERAL BUREAU OF INVESTIGATION
UNITED STATES DEPARTMENT OF JUSTICE

to penitentiary at . Edgr Hoom, Diwir

Leavenworth, Kansas History of the
“West Brothers” Identification..

« Bertillon measurements Berilon Measurements are not abvays a Relisbe Means of deticaton
matched William West, who .
was committed for murder in
1901

» Ledto fingerprints : o S TR

In 1903, ose WILL WEST was committed to the U, §. P
itentiary at Leaveawon! hnu.-h-d-ynmuh-..

m::lddly erent.
. case is paricularly incereating as lndicating the fal-
7 lacies in the Bentillon which necessitated the adoptica
° tor IS rue of the fi system as a medium of (dentification. It is
H ::(T:ul‘: lyh:tn:bulh-m'e-- were related
. - spite remarkable resemblance.
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“This image was probably used in a ca.
1960s FBI training session”
www.LawEnforcementMuseum.org
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* Integration of Soft Biometric Traits with a Fingerprint Biometric System
* X is the fingerprint, y is the soft biometric

Feature _
Extraction |-, Matching

P(w | x)

Soft Biometric

Extraction Module

}:r

Post-processing

Module Module

Primary
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System

Module

Secondary
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System

Pi(w | X, ¥) | pecision

Module

User Identity
(o)

Accept/Reject

Jain, Dass, and Nandakumar,
ICBA 2004
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Performance

« Recognition performance of a fingerprint system after including soft biometrics
« Identification and verification
* Fingerprint + ethnicity + gender + height
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Jain, Dass, and Nandakumar,
8 ICBA 2004
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Soft Biometrics from Face
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Face and Kinship

[Hu 2018], [Aliradi 2018], Yan 2018]
[Tan 2017]

[Lu2013]

[Guo 2012]

[Fang 2010]

[Shao 2011]

Also, Kinship Face in the Wild data set
But
“most of the image kinship pairs are

cropped from the same photographs”
[Lopez 2016]
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Face and Voting Decisions o

= The role of facial shape in voting
behavior

ar
&

STATE

=« Face and sexual

[Todorov 2015]
[Little 2007]
[Todorov 2005]
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Performance?

gender
PO 25%1007 907% 78% 347% 47
recognition
age
estimation

Antipov, Baccouche, Berrani,

Dugelay, Patt Recog. 2017
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Facial Soft Biometrics for Recognition in the Wild: s
Recent Works, Annotation, and COTS Evaluation

Hard Biometric System

> Feature
. ﬁ Matchlng IIIIIIIIIIIII:
Biometric Traiti Extraction Score :
Face :
B. Search Space
Reduction . C. Fusion with a
P »|| Database : Hard Biometric System
VGG-face ;- Fusion
Soft Biometric System :
[ 1 Score i
: * | Soft
: i i ! Biometrics*
............ : SCI)EftStiBr::)amtiitr:IC — Matching 1‘”05.-)» A. Bag of Soft Biometrics
o R ) !
'0 -\“ : - i
- 1
' Gender  Eyewear i! !’_“‘ _!! @ i
Age Moustache A | 4 Sk :
“*Ei?hni ity Beard A e Database | |
GNICty - Beard ) Face++ Microsoft i

- -
-~ -
il TS

Soft Biometrics for Recognition: A) Bag of Soft Biometrics;
B) Search Space Reduction; and C) Fusion with a Hard
Biometric System Alonso-Fernandez IEEE TIFS 2018

Gonzalez-Sosa, Fierrez, Vera-Rodriguez,




Face soft biometrics

UNIVERSITY OF
Southampton

School of Electronics
and Computer Science

Describable Visual Attributes

|

Soft Biometrics

Face-specific Soft Biometrics
for Uncontrolled Scenarios

A
Demographic Attributes
(gender, age, race)

O

Traditional Classification Deep Learning-based
Approaches Approaches

= TEeg

Appearance-based

Anthropometric or Shape-based

Becerra-Riera, Morales-Gonzalez,

Méndez-Vazquez, Al Review 2019
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Demographic Analysis from Biometric Data: S s
Achievements, Challenges, and New Frontiers

2015,Deng etal.

1994, Kwon et al. 2008, Facial age manifold 2014,Yi etal. 2015. How-Oldnet Age from pedestrian
First paper on Facial appearance models (Guo etal, Fu etal, etc) 2012, ReconAge from Deep facial age model from \41 Aok ofti image frames
age from face (AAM 2002, Haar 2005) % AppTech (a mobile app) y -
2007, Yan et al. \ . i
AV S, amQ Age from face with . INTERSPEECH §==r 2013,Face VACS (5 (5 (*
@ % \ ‘r \' ] mmos uncertain nonnegative . 2010 Paralinguistic :. ‘ [ technology from [ ==E==
S /, \\ 0&@ labels . Challenge _ Cognitec

—

T T T T T T
| | 1 1 1 1
I 1 | 1 1 1
| ' i i

2002, Minematsu et al. 2008, Bocklet et al.

First paper on age Age fromvoice with

fromvoice GMM supervectors for age from face
&

H
—\ 2011, Chang etal. ] [ 2014, NIST Facial Age
| 4| Ranking algorittm L= 1 717 poimation Evaluation

2013, Geng etal.

2007, Metze et al. 2 istributi
. : e 2009, Gallagher etal. 2010;Luetal. Label distribution 2015, ChaLearn LAP
2001, Davis A comparative study g el L Age from gait learning for facial
A f teohony Context investigation S o it challenge on apparent
First paper on on age from telephony appearance age estimation isa Rronvild fhcea

age from gait speech for age from face

Major milestones in the history of automatic age estimation from
biometric data

Sun, Zhang, Sun, Tan
IEEE TPAMI 2018
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Motivation: Murder case in Australia 2014

WE FLY FROM 35 LOCAL
AIRPORTS ACROSS THE UK

(=8 SPORT  ENTERTAINMENT BUSINESS ~LIFESTYLE VIDEO CLASSIFIEDS Q LLBRCHN -] Login

Herald Sun

> MELBOURNE BC5C

mert o flyDE,

t NEws | LAW&ORDER |/ (aTesT [REWACNIIEICIN CASEFILES — THEINVESTIGATOR ~ COLDCASES  CRIME STOPPERS

TRUEECRIMESCENE

Murdered jeweller Dermot
O'Toole's widow Bridget says =< Sw~: FImE
her husband would |

his killer Gavin Pern

out on parole

PADRAICMURPHY HERALDSUN JUNE 24,2014 219PM

swe £ W in & X

WeTllBuy Your House Cash paic, We are ready to buy. Offer made within 24 hr

Bouchrika, Nixon, Carter, J. Forensic
18/200 Science 2011, and Eusipco 2010
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Descriptions and attributes for identification

Image of crlme

Eyewitness statement
Generate descrgmn

“24 year old male average height
wed ring Shirt” Subject | Gender | Age Height | Nose W

? M 24 171 2.4

(

I Subject | Gender | Age Height | Nose W Top

Database of images

v BT -
& - N & -
L ] &I > G
A - ~ pr R 5
] p- )
1 -"...‘ x

|

| J
=

Generate descriptions 123458 | M | 58 | 182 | 12 | Tshit

123456 M 25 172 2.3 she | Data base of
descriptions

123457 F 36 156 2.2 Blouse




What can you recognise?
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Gender Estimation on PETA

* Gender?
Subject 1 2
PETA
image
PETA label B. Female

Martinho-Corbishley, Nixon

and Carter, Proc. BTAS 2016
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Exploring Human Descriptions

* We explore semantic Traits
descriptions of: @ @
« physical traits

 semantic terms
* visible at a distance

Terms

1—N

Samangooei and Samangooei, Guo and
Nixon, SAMT 2008 Nixon, IEEE BTAS 2008
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On Semantic Descriptions

Advantages

1. No (feature/ sensor) ageing

Available at a distance/ low resolution/ poor quality
Fit with human (eyewitness) description/ forensics
Complement automatically-perceived measures
Need for search mechanisms

ok W

Disadvantages
1. Psychology/ perception
2. Need for labelling
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Google: “suspect description form”

= . Appendix B - Protocol between Niagara Catholic District School Board and the Niagara Regional Police
é Suspect & Vehicle Identification Chart| —=-
SEX AGE HEIGHT |WEIGHT RACE FACIAL APPEARANCE 'Write below specific facial details that you definitely ’
Male a White O e Hi Syl emember
Female O Black O o
ok 0O Wrakles Hsi
HAT Shape O o
Byt Ny ‘hat did the suspect say?
{ HAIR ) (Ca ) o Et:m_\h.adldh uspect say
(Calour/Style ¥ Size & Shape Sk
A Eye
Mot & S
Lips
EYES COAT
(Glasses) Mustache Tool or weapon seen?
O Peand Apple
Vehicle
COMPLEXION SHIRT
JEWELLERY TROUSERS
“olowr Alake Model | Licence Number
Body Suyde Damage Rust
SCARS/MARKS SHOES Artimm [m..--;-.-r Stickir Iwm: Covers
Deroctos of Teavel
DON'T HANG UP!
TATTOOS TIE STAY ON THE PHONE EMERGENCY
Remember, Your Safety Comes First! s- l - l
Working Together To Prevent Crime
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* Global
Global Features . Sex
. ) e Ethnicity
* Features mentioned most often in « Skin Colour
. + Age
withess statements + Body Shape
° H H * Figure
<+ Sex and age quite simple__> L
° Ethn|C|ty *  Muscle Build
* Height

 Notoriously unstable

» There could be anywhere between
3 and 100 ethnic groups

« 3 “main” subgroups plus 2 extra to
match UK Police force groupings

So we thought!!

Samangooei, Guo and

Nixon, IEEE BTAS 2008

* Proportions

* Shoulder Shape

* Chest Size

* Hipsize

* Leg/Arm Length

* Leg/Arm Thickness

* Hair Colour
* Hair Length
* Facial Hair Colour/Length
* Neck Length/Thickness




Phrasing questions
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» No ‘political correctness’

* Note, or avoid, homonyms and
polysemes

» Eschew completely argot and
colloquialism

E.g. nose: hooter, snitch, conk
(UK), schnozzle (US?)

..... and avoid words like eschew

DOVE (om0 ) 1 CASSETTE

Digitally Mastered
10950

HE OFFICIAL

POLITICALLY

A U D 150,

CORRECT . =
DlCTlONARY 4 HANDBOOK

Womon of Lookism
Nencolor Z Suriiva

Hair

Stolen
Nonhuman
Animal
Products

N

Melanin ————— ; Optically
— [mproverished ; Challenged

Human
Animals

Oppressor

Processed
Tree
Carcasses

Nonhuman 1§ % - '
Animal
. Companion

’ f
) Botanical
Companions

Voiceless
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Traits and terms
* Global
Body Features *Sex
« Based on whole body description stability : EE.]: Colour
analysis by MacLeod et al. . Body shane
» Features showing consistency by different ) \F/\'/ge‘f;t
viewers looking at the same subjects - Muscle Build
« Mostly comprised of 5 point qualitative o ons
measures * Shoulder Shape

¢ Chest Size

<e.g. very fat, fat, average, thin, very thin_—> - fiesize

. - - - - * Leg/Arm Length
* Most likely candidate for fusion with gait * Leg/Arm Thickness
* Head

* Hair Colour

* Hair Length

This changed

Facial Hair Colour/Length ‘
Samangooei, Guo and * Neck Length/Thickness /
Nixon, IEEE BTAS 2008 v




How does this fit with computer vision?
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Image «<—— Information —> Label

Attributes
Soft Biometrics

—

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer



Image «<—— Information —> Label

Attribute
derivation and
analysis

Attributes
Soft Biometrics

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer
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Image «<—— Information —> Label

Attribute
derivation and
analysis

Soft biometric
annotation

Attributes
Soft Biometrics

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer
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Image «<—— Information —> Label

Attribute
derivation and
analysis

Soft Biometric

Attributes
Soft Biometrics

recognition

Soft biometric
annotation

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer
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Image «<—— Information —> Label

Attribute
derivation and
analysis

Soft Biometric

Attributes
Soft Biometrics

recognition

Soft biometric
annotation

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer

Soft biometric
retrieval
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Image «<—— Information —> Label

Attribute
derivation and
analysis

Soft Biometric

Attributes
Soft Biometrics

—

recognition

Soft biometric
annotation

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer

Soft biometric
identification

Soft biometric
retrieval
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Image «<—— Information —> Label

Attribute
derivation and
analysis

Soft Biometric

Attributes
Soft Biometrics

—

recognition

Soft biometric
annotation

Human
Analysis

Machine
Learning

Image Analysis

Human «———— Analysis ———> Computer

Attribute based
recognition

Soft biometric
identification

Soft biometric
retrieval
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Image «<—— Information —> Label
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Attributes
Attribute Soft Biometrics

derivation and ’\
analysis

Soft Biometric
recognition

Attribute based
recognition

Soft biometric
identification

Human
Analysis

Machine

Learning

Soft biometric
annotation

Soft biometric

retrieval
Image Re-identification
perception Image Analysis and image
matching

Human «———— Analysis ———> Computer



Image «<—— Information —> Label
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Attributes
Attribute Soft Biometrics

derivation and ,\
analysis

Soft Biometric
recognition

Attribute based
recognition

Soft biometric
identification

Human
Analysis

Machine

Learning

Soft biometric
annotation

Soft biometric

retrieval
Image Re-identification
perception Image Analysis and image
matching

Human «———— Analysis ———> Computer
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A bit of psychology

Need to gather labels from humans

Memory issues: view a subject as many times as
needed

Defaulting: explicitly asked to fill out every feature
Value Judgments: categorical qualitative values.
Observer variables: collect description of annotators

Other race effect is very difficult to handle

Makoto Saito

37
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Labelling via €7 CrowdFlower

* Professional labelling environment

e Can evaluate labellers (continuously)
* Ensure wide population of labellers
[}

Not expensive

Compare the person on the left, to the
For Age, the person on the left is:

Age
Much more Old
More Old
Same
More Young
Much more Young

Others available (Amazon Mechanical Turk
I not available in UK)

Can'tsee

How different is the appearance and visibility of Gender
between the two people?

Answer

Visible in both images Impossible to see
No different Impossible to see in one image
Slightly different Impossible to see in both images
Quite different
Very different

Completely different . . .
https://www.crowdflower.co Martinho-Corbishley, Nixon and
Carter, BTAS 2016
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Laboratory

e Southampton Gait Database

e Southampton 3D Gait and Face
‘Real’ World

e PEdesTrian Attribute (PETA)

o LFW

e Clothing Attribute Dataset
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Human descriptions: recognition capability

1.00}

0.95}F

o
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)
0.85
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074
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Gait biometrics  Human descriptions
Pl S / &
I . = ~& _ __ 2
, 203
&
; g
I - - just annotation & 630
I == just visual '
! — feature fused
: — score fused
1 0.1f
0 0.2 0.4 0.6 0.8 10

Percentage of Features

0.8'

First result

|}
' - = just annotation
- . !

' == just visual

“ — feature fused

3 - score fused
\ :
A \
A \
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1
\
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False Negatives

Samangooei and Nixon,
IEEE BTAS 2008




Perspicacity of categorical labels
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mAP Improvment compared to Random Arrangment
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Problems with absolute descriptors

Subjective = unreliable; Categorical = lacks detail

@

300

Subject's Height (pixels)
e}
®
o

O

Very Short Short Medium Tall Very Tall
Height Term

Reid and Nixon, IEEE
IJCB 2011; TPAMI 2015




« Compare one subject’s attribute

Comparative human descriptions
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with another’s

Infer continuous relative
measurements

Please compare the subject in the kower video 1o the subject i the top video.
For example if the subject ia the bottoss video is taller thas the subjec

Attribete Ansotation
Age Orges =
Bottom sutyect is OLDER than the top
Hax Colour Same -
Subgects have roughly the SAME hawr colour
Har Lesgth Loger  [7]
Bottom subgect has LONGER har than the top
Height Tatier -
Bottom subyect o TALLER than the top
Figure Same -l
Subjcts beth have roughly the SAME figure
Neck Length Same =

Subjects have roughly the SAME langth neck
Neck Thackness  Thanee -l

Bomom subpct has » THINER neck than the top
Shoukder Shape  Same I~

Subyects have roughly the SAME shoulder shape
Chest Same .

Subyects have roughly the SAME sze chest
Arm Lesgth Longer v
Bottom subject has a LONGER arms than the top

Reid and Nixon, IEEE
[JCB 2011
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Context: relative attributes
PubFig ACHI MSVZ
Masculine-looking 1111001 1 S<M=7Z=V=]=<A<H=C
White 01111111 | AXKC<H=<Z<IJ<S<M=<V
Young 00001101 | V<H=C<I<A<S=<Z<M
Smiling 11101101 | JIXKV<LH<A~C<S5~Z<M
Chubby 10000000 | V=<I<H=<C<Z<M~<S<A
Visible-forchead 11101110 | JRZ<M~<S<A~C~H~V
Bushy-eyebrows 01010000 | M<S<Z<V<H<A<C<]
Narrow-eyes 01100011 | M<J<S<A<H<C=<V<Z
Pointy-nose 00100001 | A<C<LI~M~V<5<7Z<H
Big-lips 10001 100 | HRIKV<Z<C<M<A<S
(d) Natural (e)? (f) Manmade Round-face 10001100 | HRV<I=<C<Z<A<S5<M
Subset of attributes and Alex Rodriguez (A), Clive Owen (C), Hugh
Used ran king SVM Laurie (H), Jared Leto (J), Miley Cyrus (M), Scarlett Johansson

(S), Viggo Mortensen (V) and Zac Efron (2)

Parikh and Grauman,
IEEE ICCV 2011
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Context: relative attributes
OSR PubFig OSR PubFig
80
60 Aty 60
G 5 € ——— 3
S 40 H'\"\ £ 40 S 40 g 40
3 oy
S Il N 9 LT ot - S Y
320 -.1-..*" 220 | \. 2 £ 20 F-l-4-4
|| = = =DAP SRA Proposed ' ol ==~ DAP == SRA Proposed
0123 45 012345 1 2 5 15 1 2 5 15
# unseen categories # unseen categories # labeled pairs # labeled pairs
Zero-shot learning performance as the proportion Zero-shot learning performance as more pairs of
of unseen categories increases. Total number of seen categories are related (i.e. labeled) during
classes N remains constant at 8 training

DAP Direct Attribute Prediction
SRA score-based relative attributes

Parikh and Grauman,
IEEE ICCV 2011
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Height correlation (with time)
360
El
340
%%%3 o
320
o BI05E a5
0 |:| 00 O
+ 300
k= o @@ o
L 280
X
0 260+ @
(]
240 O  Continued suspect exposure
220} . O Limited suspect exposure
200 - . : !
1000 1250 1500 1750 2000

Comparative Height

Reid and Nixon, IEEE
ICDP 2011



Recognition
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Retrieval Accuracy

o
©

o
fe5)

o
~l

o
o)

o
o

=)
~

Relative Measurements
H inferred from 10 comparisons
................... Categorlcal LabelS
0 20 40 60 80 100
Rank

Reid and Nixon,
IEEE ICDP 2011
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Recognition/ retrieval

Incorrect with 10 Correct with 1 comparison

comparisons
Reid and Nixon,
IEEE TPAMI 2015



Ranking comparative descriptions
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Use ELO rating system from chess
to infer relative descriptions

Turn comparative labels into a
ranked list

Comparative » categorical
Alternatives?

Parameters?

Rank 1 Retrieval Accuracy

5 10 15
Number of Comparisons

Reid and Nixon,
IEEE 1JCB 2011

20
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Recognitionperformance

0.8

0.6 +

0.4 A

0.2 4

Body
Face

B
-

T T
13 16 19

Number of comparisons
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‘Give us the tools to finish the job’

Components
 Data
« Labels (categorical or comparative)
« Ranking algorithm (for comparative labels)
» Feature selection (e.g. SFSS, entropy)
« Computer vision (feature extraction, colour
mapping,)
« Classifier (e.g. KNN, SVM, DBN)

http://ww2today.com
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Labelling the body, face and clothing

All: gender, age, ethnicity, skin colour
General
Body: figure, weight
Face: length, width, fleshiness
Clothing: tattoos, attachment(s), overall style category
Head/ Face
Body: skin colour, hair colour/ length, neck length/ thickness
Face: parts of skin, hair, forehead, eyes, ears, nose, lips, chin
Clothing: hat, face/ head coverage
Upper Body{
Body: arm length/ thickness, chest,
Clothing: neckline, clothing category, sleeve length

Lower Body
Body: leg length/ shape/ thickness, hips’ width

| Clothing: clothing category/ length, belt, shoes, heel
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Context: attribute estimation

dark
male ir jeans backpackskirt

Pedestrian attribute estimation )
Cam A

(gender, clothing)

Pre-segment pedestrian image

Use multi label CNN e
Applied to VIPeR , GRID and PETA
Increased average attribute

estimation
body part

Can be used for re-identification TS
vision

window size: 32x32 pixel

horizontal sliding step: 8 pixels

Zhu, Liao, ..., Li, Proc ICB vertical sliding step:24 pixels
2015, IVC 2016 each part size: 32x32 pixels




Context: attribute estimation
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male ?

L
has backpack ?

Softmax

Convolution

Maxpooling
Convolution

Max pooling
Convolution
Max pooling
Convolution
Max pooling

Full Connection

Average ROC

-

Recall Rate
o © © ©o ©o
o D -~ (=] ©O

o
B

o
W

o
N

o
-

(=]

107 10
False Positive Rate

Analysis on PETA

-
=)

Zhu, Liao, ..., Li,

IVC 2016
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Context: attribute estimation

attribute

accessoryHat
accessoryMuffler
accessoryNothing
carryingBackpack
carryingMessengerBag
carryingNothing
carryingOther
carryingPlasticBags

footwearBlack

accuracy rate (%)

ikSVM
92 04
94 .84
76.87
76.39
74.51
75.84
76.18
86.86
74.29

MLCNN
96.05
97 .17
86.11
84.30
79.58
80.14
80.91
03.45
75.97

recall rate (%) @ FPR=10%

ikSVM
81.37
90.68
35.37
46.19
50.22
49 36
38.57
7057
50.37

MLCNN
86.06
86.42
52.57
58.40
58.30
55.15
46.90
67.30
57.24

AUC(%)
kSVM  MLCNN
9127 9262
9509 9447
8179 86.09
8452 8519
7844 8201
8160 8308
7411 7768
8769 8601
8142 8407

CMC curves on VIPeR database

0.8+
L
E‘E"O.G
2
L
= —»— DML
. —o—LFDA
0.2} RPLM
—+— Salience
—e—Qurs
00 10 20 30 40 50

Rank

Analysis on VIPER

Zhu, Liao, ..., Li, Proc ICB

2015, IVC 2016




UNIVERSITY OF
Southampton

School of Electronics

Crowdsourcing body labels

Response labels (5-p

Soft traits 5

Gender Much more Feminine
Age Much more Old
Height Much more Tall
Weight Much more Heavy
Figure Much more Fat
Chest size Much more Big
Arm thickness | Much more Thick
Leg thickness | Much more Thick
Skin colour Much more Dark
Hair colour Much more Dark
Hair length Much more Long

Muscle build

Much more Muscle

Age (required)

Compare the person on the left, to the person on the right.
For Age, the person on the left is:

Age
Much more Old
More Old
Same
More Young
Much more Young

Can't see

Martinho-Corbishley, Nixon and

Carter, IET Biometrics 2015
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Initial trial questions used, successful

respondents proceed Statistics

“Can’t see” acceptable for all annotations # respondents 892
(respondents capped at a maximum rate) # annotations | 59400
Respondents rejected if response distribution # resp. flagged 124

varied largely from average # annot. rejected | 4383

Questions included text and highlighting, ot $303
reiterating task question
Layout consistent with easy use

Initial answers blank to avoid anchoring

Martinho-Corbishley, Nixon and

Carter, Proc. BTAS 2016
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Distributions of body labels

Annotation distribution "Gender" answer distribution “Height" answer distribution "Can't see” answer distribution

Ger‘derl

Can't see Can't see Can‘t see He ghtl
age |

Much maore A Mich more Femining Much more Tall W'emhtl

ﬁq.lrl:.
] More Tall ] Chest SIZE-

More & Maore Femining

Arm thickness

Same Same SCame L=g thickness

Skin calour

More B More Masculine 1 More Short Hair calour

Hair length

Much more B Much maore Masculine Much mare Shart Muscle build
00 01 02 03 04 0.5 06 00 01 02 0.3 04 05 0.6 00 0.1 0.2 0.3 0.4 0.5 0.6 000 002 004 Q.06

All Gender Height Uncertainty

Martinho-Corbishley, Nixon and

Carter, IET Biometrics 2015
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Influence of # comparisons

0.30 . . .
o — Gender
% . — Height
Zoa2sf\5- — Age
8 .
o —  Weight
o .
x — Figure
= .
S o020} Arm thickness
@ .
O - - Leg thickness
= .
> - - Muscle build
= 0.15 .
S - - Chest size
g - - Skin colour
2 510) | - = Hair colour
Ic - - Hair length
2
£
S 0.05}
[
m
¥
=

0.00 ' ' :

0 10 20 30 40 50

Number of comparisons

Martinho-Corbishley, Nixon and

Mean rank discordance vs number of comparisons Carter, IET Biometrics 2015
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Recognition by crowdsourced body labels

Recognition accuracy
© o o o o © o © =
N w L= w [+)] ~ [o:] o o

b
=

o
o

1.0

ﬁ, 0.9
1

0.8

Lower recognition accuracy (expected)

]
et
Y
f c 07
o
= 0.6
c
Qo 0.5
o)
Q { .
R [Reid 2014]
B o3|
— - = Crowdsouced Relative, 10 comparisons, [Martinho 2016] @ I’
Relative, 10 comparisons, [Reid 2014] 5 %20y
Absolute [Samangooei 2008] O o, !
. 0.0 !
10 20 30 40 50 0 10 20 30 40 5(
Rank Number of comparisons/person

More labels and comparisons increase accuracy (expected)
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Identification by body labels

* |label ranking via ranking SVM Front Top

* image split into horizontal strips
characterised by colour

* Histogram of Oriented Gradients
applied to whole image

. . . Back
* learning functions trained to

predict soft biometric labels given
image features and annotations

 used Extra-Trees (ET) supervised
ensemble learning algorithm

Views from SOBIR dataset

Martinho-Corbishley, Nixon and

Carter, IEEE ISBA 2016



|dentification by body labels
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* One shot re-ID is matching

* Multi-shot re-ID randomly
samples 1 image/ subject for
test, remaining 7 training

* Disjoint re-ID randomly
samples 1 image per subject,
and only 6 to training set

e Zero-shot ID simulates eye
witness description of a
subject

Martinho-Corbishley, Nixon and

Carter, IEEE ISBA 2016

Average recognition %

(a) One-shot re-identification

100
80
60 -
0 Random
B Abs. Bin. |]
. 1 Abs. Cat. |
D7 Rel. Bin. |
Rel. Cont.
o]

5 10 15 20 25

(average across camera pairs)

Average recognition %

100
a0k ......................................... . 4
A
60 : it H,H—% :
: _--’"::; Random
AL L . 4
F Abs. Bin.
) 1 Abs. cat. |
20 Rel. Bin.
_ — Rel. Cont.
ok i
5 10 15 20 25

(c) Disjoint re-identification

Average recognition %

100
80 ; i '__i‘;
i z fii“%‘f%f
" A Random
| Abs. Bin. |]
w1 1 Abs. Cat. |
20pAA Rel. Bin. |
Rel. Cont.
0

5 10

15 20 25

(b) Multi-shot re-identification

Average recognition %

100

80+

60

40

20

0

Random
FH Abs.Bin. |
] Abs. Cat.
Rel. Bin.
Rel. Cont,jH IPRE: ’
5 10 15 20 25

(d) Zero-shot identification
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Trait performance

E W= = [
£f323235%
[ — — w
T EpfsgyS8f o
c D o = = E o w oy £ = =
U 1 o ¥ o c g 2 £ X m®m @
U T € = & &« 49 = Ui T T 0.9
1.0 — Gender Gender
— Height Height 40.8
— Age Age
o) 08p Weight Weiaht 10.7
Q — Figure '9
8 Arm thickness Figure 0.6 _
- 06 - - Leg thickness Arm thickness =
8 - - Muscle build Leq thick 058
- e ickness
-c_E - - Chest size g S
c 04} Skin colour Muscle build 0.4%
5 o Ha.nrcnlnur Chest size
c - - Hair length . 0.3
Skin colour
0.2
Hair colour 0.2
Hair length
0.1
U'ou 60 80 100
ranking

Normalised relative scores vs ranks Kentall’s T correlation
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Pairwise similarity comparisons on PETA
1.0 1.0 Y T
wn 7)) '
D osl Dosgl :
o o '
o o -
o6l Noe -
© ©
() (b} '
Q 0.4+ Q 0.4 i
= [ '
£ 0.2 Eo0.2f : ;
S 5 : ‘
Z 0.0 . L Z 0.0 L .
0 20 80 100
Relative 0.18 0.28 0.68 0.86 0.88 Binary
Similarity 0.17 0.18 0.47 0.89 0.8 Similarity
Gender distribution not binary
Can measu re Confidence Martinho-CorbishIey, Nixon and

Carter, BTAS 2016
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Analysing gender on PETA

Group 0 - “male”
54 subjects
6.8% uncertainty

Group 1 - “female”
27 subjects

6.8% uncertainty
(0.0% labelled male)

(98.1% labelled male)
- - = . o &
° o
l6)
o)
&
ik
o ®© o ()
a O o®
o)
o
Group 2 - “possibly male” Group 3 - “neutral” Overall
6 subjects 1 subject 95 subjects
25.8% uncertainty 3.2% uncertainty 9.7% uncertainty
(66.7% labelled male) (0.0% labelled male) (61.1% labelled male)

Group 4 - “possibly female”
7 subjects

31.5% uncertainty

(14.3% labelled male)

Martinho-Corbishley, Nixon and

Carter, BTAS 2016
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Most ‘fine’ are actually
coarse

Our comparative attributes
are superfine

Comparison/ ranking gives
many advantages

Ethnicity

Martinho-Corbishley, Nixon

and Carter, TPAMI 2019



Conventional attribute-based analysis

Image to Text
Matching

Male

Female

=10 0.

Binary
Representation

= Female?

-

Martinho-Corbishley, Nixon

and Carter, TPAMI 2019
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Labelling architecture

~

Superfine
attribute
analysis

Super-fine Visual Prototype |
Coordinate Matching
& AP
— 15
l
(0.88,0.19) = I
i l EH,
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Martinho-Corbishley, Nixon
and Carter, TPAMI 2019




~ 1 UNIVERSITY OF
Caucasian
Possibly Caucasian
Middle Eastern Central Asian Other
East Asian
Obscured Cant See

Ethnicity

Martinho-Corbishley, Nixon
and Carter, TPAMI 2019
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Analysing gender (??!!)

e Gender?

= 'S

A. Male
B. Female

Gender
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Recognition by face attributes

Categorical labels
(gender, age +...)
Comparative labels

Reid and Nixon, IEEE Almudhahka, Nixon and
ICB 2013 Hare, IEEE ISBA 2016




Context: attribute and simile classifiers for face  sousmnion

o o . School of Electronics
veri f ICa t IoN and Computer Science
Attribute Accuracy | Attribute Accuracy
Asian 02.32% Mouth Wide Open 89.63%
Attractive Woman 81.13% Mustache 01.88%
Baby 90.45% No Beard 89.53%
Bags Under Eyes 86.23% No Eyewear 03.55%
Bald 83.22% Nose Shape 86.87%
Bangs 88.70% Nose Size 87.50%
Black 88.65% Nose-Mouth Lines 03.10%
Black Hair 80.32% Obstructed Forehead 79.11%
Blond Hair 78.05% Oval Face 70.26%
Blurry 02.12% Pale Skin 89.44%
Brown Hair 12.42% Posed Photo 69.72%
Child 83.58% Receding Hairline 84.15%
Chubby 77.24% Rosy Cheeks 85.82%
Color Photo 95.50% Round Face 74.33%
Curly Hair 68.88% Round Jaw 66.99%

Accuracies of the 65 attribute classifiers (part)
trained using positive and negative examples

Used Mechanical Turk

Bangs

Mustache
Bushy
Eyebrows

Kumar, Berg et al, IEEE
ICCV 2009



Context: attribute and simile classifiers for face  sousmnion

verification

Simile Positive Examples

R1 Eyebrows ‘I‘ -

w0

0.8
R1 Nose )
0.7f

o
o

4
]

(B4 (e

R2 Eyebrows

True Positive (Detection) Rate
(=]
(%]

T HEe

R2 Nose ﬁ 0.4
R2 Mouth —— Our Attribute Classifiers (83.62%)

—— Qur Simile Classifiers (84.14%)
—— Our Attribute + Simile Hybrid (85.29%)

SI m I | eS for Tral n I ng o1 B Hybrid descriptor-based, funneled [34] (78.47%)

- Merl+Nowak, funneled [18] (76.18%)
- -~ Nowak, funneled [25] (73.93%)

0.2

%8001 o0z 03 04 05 06 07 08 09 10
False Positive Rate

Kumar, Berg et al, IEEE . g .
Face Verification Results on LFW
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Context: Facial attributes for active authentication southanpton
on mobile devices

and Computer Science

Effective for continuous authentication
on mobile devices.

Attribute-based features more robust
than low-level ones for authentication
Fusion of attribute-based and low-
level features gives best result.
Proposed approach allows fast and
energy efficient enrollment and
authentication

Attribute .

e [
sasse3aLsy (D
208, puUnoy -

o |

Lock the device <+——compare —

11 ;:;_‘A_-_
sy [0

sessmﬁﬁ
sed yoeig

WHERY
ups eled [
soeg punoy [N

Samangouei, Patel and
Chellappa, IVC, 2016
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Context: Facial attributes for active authentication Southampton
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on mobile devices
extract parts cell size
o - SRR 2

original training
example

fiducial points
and aligning

cHoG

i
i

. Select
PCA [ SVM p» Top 5 - (]

LBP

cLBP

| |
Y

Samangouei, Patel and
Chellappa, IVC, 2016
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Context: Facial attributes for active authentication Southampton
on mobile devices
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Attribute
Asian
Eyeglasses
Sunglasses
Smiling false
MNo eyewear
Child

Mustache

Accuracy
0.8766
0.7214
0.89

0.8
0.7451
0.8276
0815

Attribute

Middle aged
Black

Female

Senior

Hair color blond
White

Youth

Accuracy
0.7321
0.808
0.88
0.7933
0.7875
0.763
0.692

Analysis on FaceTracer dataset

0.9

0.8t
3
w 0.7
o

0.6

=
E05 ¢+
o

@

<I
o 0.3

=)
— 0.2
0.1
0

o 0.4
3]

=T - Attributes
===Z-5core fusion |

60 01 02 03 04 05 06 07 0B 09 1

False Acceptance Rate

Analysis on MOBIO

Samangouei, Patel and
Chellappa, IVC, 2016
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Collected Inferred Total
Traits comparisons 241560 132879504 | 133121064
Subjects’ comparisons 10065 5536646 5546711
Average number of comparisons per subject 4.98 1371.1 N/A
Number of annotators 9901

. “ Q

Person-A Person-B
The eyebrow horizontal length of person-A relative to that of person-B is:

More Short

Same
More Long

Don't k Almudhahka, Nixon and
SN Hare, IEEE BTAS 2016
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Compression of 5 point scale: recognition by  Southampion
comparative face labels

and Computer Science

Label compression improves

recognition g 100% » —T% - _tL _EL
. © -
Data is Southampton tunnel X 90%f -
c —
New system jUSt 3: ,_g 80% | f ===f Compar?sons w/o Compres.sion
] S . ———5 Comparisons w/ Compression
b ] g g er _same, smaller £ 70% " —10 Comparisons w/o Compres:sion
5 ~——10 Comparisons w/ Compression
Had we previously added S 60%} = = =15 Comparisons w/o Compression
_ _ = 15 Comparisons w/ Compression
categorlcal to comparatlve? : : : -
0 5 10 15 20

Rank

Almudhahka, Nixon and
Hare, IEEE ISBA 2016
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Face label distribution

No. of labels
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Almudhahka, Nixon and
Hare, IEEE ISBA 2016
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Face recognition and verification on LFW

6-fold cross validation: 4038 subjects, 6

folds each with 673 subjects

Rank-10 identification rate 96.14%, .

99.18%, 99.8% using 10, 15, and 20 g

comparisons £

EERs were: 23.43%, 20.64%, and 18.22%, §-

using 10, 15, and 20 comparisons E — =10 comparisons
Kumar et al [42] achieved a verification 0.2 20 comparisons
accuracy of 85.25% on View 2 of LFW ol | | —Kumar et al. [42]
using trained classifiers for 73 binary 0 0.2 0.4 0.6 0.8 1
attributes. False positive rate

Almudhahka, Nixon and
Hare, IEEE BTAS 2016
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Crossing the semantic gap: estimating relative  Southampton
face attributes

and Computer Science
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Face alignment Segmented face parts  Features HOG/GIST/ULBP
Constrained Local Models/ AAMs

03 i

Estimation of comparative labels
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Estimating face attributes
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Y oungest

Oldest

Ranking subjects (images) by estimated face attributes

UNIVERSITY OF
Southampton

School of Electronics
and Computer Science

MIURank semantic ECL

MIURank semantic

Most feminine

Most masculine

(b) Gender

Almudhahka, Nixon and

Hare, IEEE TIFS 2018
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Retrieval accuracy
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Recognition on LFW

I 2 -
08F
0.6F
04r
02r REL
ECL
Fully semantic
0 C 1 1 | I !
0 10 20 30 40 50

Rank

Retrieval performance

Almudhahka, Nixon and
Hare, IEEE TIFS 2018

% of dataset

10

Fully semantic
ECL
REL

0 0.2 0.4 0.6 0.8 |

p
Compression of 430 subject LFW-MS4 dataset
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Subject recognition, by clothing

« Clothing generally unique
« Shakespeare

“Know'st me not by my clothes?”
(Cymbeline Act 4 Scene 2) L

* Short term biometric :
« Has strong invariance o Loun
* Links with computer vision and 1t
automatic clothing analysis/ re-
identification

09

0.85r

Cumulative match score

0.8l ——softCat-21
——softCat-7

. ——softCmp
Jaha and Nixon, IEEE 075L . ‘ . . ‘ ——softBody
) 5 10 15 20 25 30 35 40
|JCB 2014 Rank




Clothing labels
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Body zone | Semantic Attribute Categorical Labels Comparative Labels
1. Head clothing category [Non(;, Hat, Scarf, Mask, Cap] |
Head 2. Head coverage [None, Slight, Fair, Most, All] [Much Less, Less, Same, More, Much more]
3. Face covered [Yes, No, Don't know] [Much Less, Less, Same, More, Much more]
4, Hat [Yes, No, Don't know]
5. Upper body clothing category | [lacket, Jumper, T-shirt, Shirt, Blouse, Sweater, Coat, Other]
Upper body 6. Neckline shape [Strapless, V-shape, Round, Shirt collar, Don’t know] '
7. Neckline size [Very Small, Small, Medium, Large, Very Large] [Much Smaller, Smaller, Same, Larger, Much Larger]
8. Sleeve length [Very Short, Short, Medium, Long, Very Long] [Much Shorter, Shorter, Same, Longer, Much Longer]
9. Lower body clothing category | [Trouser, Skirt, Dress] |
Lower body 10. Shape [Straight, Skinny, Wide, Tight, Loose]
11. Leg length (of lower clothing) | [Very Short, Short, Medium, Long, Very Long] [Much Shorter, Shorter, Same, Longer, Much Longer]
12. Belt presence [Yes, No, Don't know]
- 13. Shoes category [Heels, Flip flops, Boot, Trainer, Shoe]
14. Heel level [Flat/low, Medium, High, Very high] [Much Lower, Lower, Same, Higher, Much higher]
15. Attached object category [None, Bag, Gun, Object in hand, gloves]
16. Bag (size) [None, Side-bag, Cross-bag, Handbag, Backpack, Satchel] [Much Smaller, Smaller, Same, Larger, Much Larger]
::I::hed te 17. Gun [Yes, No, Don't know]
18. Object in hand [Yes, No, Don't know]
19. Gloves [Yes, No, Don't know]
General style 20. Style category I[a\.f\.fell—dr.essed, Blljs.iness, Sporty, Fashionable, Casual, Nerd,
ibes, Hippy, Religious, Gangsta, Tramp, Other]
Permanent 21. Tattoos [Yes, No, Don't know] 1JCB 2014 |




Context: describing clothing by semantic Soutfiafipton
att ri butes and Computer Science

Original image Pose estimation

List of attributes
Women's

No collar

White color

Tank top

No sleeve

High skin exposure
Solid pattern

Attribute
learning

Chen, Gallagher and
Girod, ECCV ,2012

N e . Qn. i
Dmadie = S . SR s AT

CAT: Clothing attribute dataset
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Context: describing clothing by semantic Southampton

attrib

utes

School of Electronics
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I 1
' Feature 111 1 Combi i
i E E fOth] ne —> SVM E
eatures
i Feature N_LL 1. i
U ]
t A: attribute
____________ I .
| Attribute ! F: feature
> pn >
i classifier 1 !
Feature Attribute N
extraction & classifier 2 d
quantization .
Attribute N Multi-attribute
classifier M CRF inference

Just clothing ID, not person ID

Predictions

Blue

Solid pattern
QOuterwear
Wear scarf
Long sleeve

Chen, Gallagher and

Girod, ECCV ,2012
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People Based on Fine-Grained Clothing

Chen, Huang ...,
CVPR, 2015

RCNN
body
detection

Source domain

-

‘ ‘ o Multi-label
-y 2 :
! Alignment | ‘m attributes
! ! vl = - .
P8 g o objective
Wy —-—----- .4
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Clothing alone and in addition to body descriptions ===

By clothing alone 100% accuracy achieved at rank:

tradCat-21: 29 tradCat-7: 37 tradCmp: 63
As expected, less power than body
Adding clothing to body allows much greater power

Top | AVG sum match 100%
Approach | rank | scores up to rank o accHraey | FER | AUC d’
achieved at rank
= =10 =128
softBody 0.78 0.92 0.991 37 0.087 | 0.028 | 2.785
softCat-21 | 0.95 0.99 0.999 9 0.050 |0.014 | 2.634
softCat-7 | 0.88 0.96 0.996 32 0.063 |0.018 | 2.814
softCmp 0.85 0.94 0.994 36 0.080 |0.026 | 2.827

Jaha and Nixon, IEEE
1JCB 2014



Recognition by clothing
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Query
Head clothing: none
Head coverage: none
Neckline size: large
Neckline shape: round

3

Good match

Poor matches

Jaha and Nixon, IEEE
1JCB 2014
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Viewpoint invariant recognition, by clothing

Example 1: Example 2:

Query Description
Head coverage: None
Neckline shape: Round
Sleeve length: Long

to.. etrieved

Clothing has ability to handle 90

degree change Jaha and Nixon, IEEE
ICB 2015
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Estimating labels

Semantic identification

Image space Semantic space
RGB Relative labels

..........................................................

.
-

0.95, ©.76, 0.44, .76,
0.12, ©.33, 0.90, ©.21,

0.11, ©0.67, 0.12, 0.76, ... )
0.10, 0.60, 0.10, .76, ... ):

0.86, ©0.04, 0.45, 0.22,

@0.23, ©.30, 0.99, @.80, ... :

0.89, ©.31, 0.50, 0.56,

Semantic
‘ retrieval
] Semantic recognition < .
e e e e e e e e e e cceeeeeeseeeemeeeemmememsemmmmemmmmmme——— s Martinho-Corbishley,

Nixon and Carter,
Proc. ICPR 2016
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Architecture e
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| bt B I:: e ) ’:ng " predicitions
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1 Pl Bcoouscssuncorassguos oo g cup Bugas - vane s gat s uaret B spsy=s- g Bavus s 3T - o 0 o] o—
’ \ :: O o
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| 4 B | s ) vl o . I Vi "ConcmmlonE
Input image (HSV) (6 x 3) Image segmentation (6 x 3) Convolution and max-pooling pairs = Hidden layers

Martinho-Corbishley,

Nixon and Carter,
Proc. ICPR 2016




Recognition by estimated semantics
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Semantic recognition rate

Semantic recognition rate

10

o
@

o
o

=1
IS

0.2

.0

10

0.8

0.6

Random
abs-bin SRCNN
abs-bin ET
rel-bin SRCNN
rel-bin ET
rel-con SRCNMN
rel-con ET

20

(a) Multi-shot CMC.

25

Random
—— abs-bin SRCNN
H == abs-bin ET
—— rel-bin SRCNN
- - rel-bin ET

rel-con ET

L = rel-can SRCNN | i

(c) Zero-shot CMC.

25

Recall rate

Recall rate

1.0
|
'
’
0.4 L
— abs-bin
0.2 ~— rel-bin
e = rel-con
=T - - Random
pob==-""
107 107 10°
False positive rate
(b) Multi-shot ROC.
1.0
— abs-bin g
— rekbin ’)
08H=— rekcon [ 0]
- - Random /
/d
/;
0.4 // !
[ 7
0.2 !/
v
//,
0.0 Rem=e=0
107 10! 10°

False positive rate

(d) Zero-shot ROC.

Martinho-Corbishley,

Nixon and Carter,
Proc. ICPR 2016




From Clothing to Identity: Manual and
Automatic Soft Biometrics
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i

[ A
N From CLOTHING | To IDENTITY < End
Start | Subject’s row image \ Subject’s biometric signature =~ = — —
Vision-based Attribute annotation Soft clothing
Attribute extraction & comparison biometrics
—»  Preprocessing 3 Categorical Categorical
Subject detection labeling traits AutoCat-N
= & segmentation
I
I
Y
Appearance :
> F::nal e Tl Comparative > Ranking SVM
Y labeling per attribute
A
> Color analysis  —— : ¢
Infer comparisons Comparative
»  Pattern analysis —— with other subjects traits AutoCmp-N

Jaha and Nixon,
IEEE TIFS 2016
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Color models used to initialize the

Grabcut person extractor

Color models arranged to highlight
foreground/ background

Result highlighted for (later) subject

segmentation

Jaha and Nixon, IEEE
TIFS 2016
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Automatic clothing analysis
Automatical |y extract 17 (Subject 094) Automatic soft biometric labeling
categorical soft clothing Soft Clothing Traits:
i A1. Overall Skin exposure: Very Low
attrIbUteS A2. Overall Clothing season: CZId
a. detection' A3. Upper vs Lower Contrast: Medium

A4. Overall Color-scheme: Neutral

b. head and body;

c. minus background and
with skin;

d. final clothing segmentation

A5. Upper Skin exposure: Very Low
AB6. Upper Clothing season: Cold
A7. Upper Brightness: Medium

A8. Upper Color-scheme: Neutral
A9. Upper Dominant color: Dual
A10. Upper Pattern: Complex

A11. Lower Skin exposure: Very Low
A12. Lower Clothing season: Cold
A13. Lower Brightness: Very Dark
A14. Lower Color-scheme: Neutral
A15. Lower Dominant color: Single
A16. Lower Pattern: None

A17. Footwear Category: Closed Toed

Jaha and Nixon, IEEE
TIFS 2016




‘Clothing-based soft biometrics

2 Cat-6 6 manual categorical clothing traits; the best correlated and
é at most discriminative via ANOVA

z | Cmp 7 manual comparame soft clothing traits

= |AutoCat-14 Top 14 automatic categorical clothing traits via ANOVA

g AutoCmp-5 Top 5 automatic comparative clothing traits via ANOVA

S |Auto(Cat-14& Cmp-5) Fusion of AutoCat-14 and AutoCmp-5

Body-based soft biometrics

tradSoft 4 categorical soft body biometrics (Age, Ethnicity, Sex, and Skin Color)
softBody 17 categorical soft body biometrics including tradSoft

Combined soft clothing & body biometrics

Clothing & softBody I Clothing & tradSofi

tradAutoCat-14 AutoCat-14 combined with tradSoft

tradAutoCmp-5 AutoCmp-5 combined with tradSoft
tradAuto(Cat-14& Cmp-5) Auto(Cat-14& Cmp-35) combined with tradSoft
tradCat-6 Cat-6 combined with fradSoft

tradCmp Cmp combined with tradSoft

softAutoCat-14 AutoCar-14 combined with softBody |
softAutoCmp-5 AutoCmp-5 combined with softBody
softAuto(Cat-14&Cmp-5)  Auto(Cat-14& Cmp-5) combined with seftBody
softCat-6 Cat-6 combined with softBody

softCmp Cmp combined with seftBody

UNIVERSITY OF
Southampton

School of Electronics
and Computer Science
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Adding clothing to traditional soft traits Adding clothing to body soft traits Soft clothing traits alone
1 — 1t 4 Up to rank 10 1r > _ samasiant ettt eets uhad
. Up_:?-:in-k.ll:q;:;- 1 -f_;"_, — 1 :"/ pry / Up to rank 10 il
gosf o) 7 g 053! g 7 AP
s i 0.6 = 0.95} o b r T e
5 ' = 0.9 S ' e L
[&] x 0.5 -
8 0.6 0.4 / 3 8 0.6'_‘ -
@ 0.2 ® °-35u - - o y _,;_/-»—“"/—/ﬁ
© 0 5 10 g — ® _ 0
3 0.4l T tradAuto(Cat-14&Cmp-5) 2 o9} _+__S°$"t°£:cata4&cmp'5) & 04/ ° 5 1
=i -+-tradAutoCat-14 = softAutoCat- 'S ----Auto(Cat-14&Cmp-5)
& -<o-trad AutoCmp-5 é -~ softAutoCmp-5 g -+--AutoCat-14
——tradCmp ——softCat-6 0.2r -+ AutoCmp-5
0.2 ——tradCat-6 —softCmp ——Cat-6
. _ ——tradSoft 0.85) . | ——softBody ok _ _ |—Cmp
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 7
Rank Rank Rank

Recognition can be achieved by human derived labels and by
automatically derived labels
We have crossed the semantic gap, both ways....

Jaha and Nixon, IEEE
TIFS 2016
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Automated clothing labelling on CAT

Jaha and Nixon, IEEE
TIFS 2016
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Gait tunnel
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Soft biometric fusion — labels st

Compare gender of those two people
First one is more feminine
The same
First one is more masculine Find follc;wing features from the person in the pic
select the best matching option
Compare age of those two people

First one is older

Please only select one option for each question

Thic sadia The upper body clothing category:
Ei . Jumper
irst one is younger
T-shirt
& Shurt
Compare height of those two people 2 ;
ouse
Firstoneis taller x
Sweater
The same -
Coat
First one is shorter
hoody

Compare weight of those two people
First one is fatter
The same
First one is thinner

Gathering body labels Gathering clothing labels

Guo, Nixon and Carter,

IEEE TBIOM 2019
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l [l Body-Close [l Body-Medium [__|Body-Far

4.5 T T T T T T T T

Mutual Information
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‘2‘0 &0 ‘,;(‘ "00 "\z ‘.\Q; &
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Guo, Nixon and Carter,

IEEE TBIOM 2019
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o
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Body traits recognition accuracy
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Face performance et

’-Face-CIose [ Face-Medium I:lFace-Far‘ T
—F—Face Far
4.5 T T T T T T T T 0.2 Face Medium
Face Close
4t § Z 08
g T 1
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o 0.5 T
£ l o 7
g g 0.4 A
] R o /
= S o3} ¥
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Guo, Nixon and Carter,

IEEE TBIOM 2019
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Fusion pe rformance G S
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Soft biometrics

—

K

\

are basis metrics for identification
offer capability for new application scenarios
are not restricted to performance enhancement

have application advantages especially suited to surveillance (poor
lighting and distance/ low resolution)

need wider investigation (covariates, antispoofing) as to
performance advantages
motivate need for new insight as to automated identification vs.

human identification

...and they are great fun. Questions and discussion please.
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11.
12.

On soft biometrics, MS Nixon, PL Correia, K Nasrollahi, TB Moeslund, A Hadid, M Tistarelli, PRL 2015
What else does your biometric data reveal? A survey on soft biometrics, A Dantcheva, P Elia, A Ross, |IEEE TIFS 2016

Soft biometric traits for personal recognition systems, AK Jain, SC Dass, K Nandakumar, ICBA 2004

Facial soft biometrics for recognition in the wild: Recent works, annotation, and COTS evaluation E Gonzalez-Sosa, J Fierrez,
R Vera-Rodriguez, F Alonso-Fernandez, IEEE TIFS 2018

Demographic analysis from biometric data: Achievements, challenges, and new frontiers Y Sun, M Zhang, Z Sun, T Tan, IEEE
TPAMI 2018

The use of semantic human description as a soft biometric, S Samangooei, B Guo, MS Nixon, IEEE BTAS 2008

Soft biometrics; human identification using comparative descriptions, D Reid, MS Nixon, S Stevenage, IEEE TPAMI 2014

Soft biometrics and their application in person recognition at a distance, P Tome, J Fierrez, R Vera-Rodriguez, MS Nixon, IEEE
TIFS 2014

From Clothing to Identity; Manual and Automatic Soft Biometrics, E Jaha, MS Nixon, IEEE TIFS 2016

Semantic face signatures: Recognizing and retrieving faces by verbal descriptions, N Almudhahka, MS Nixon, J Hare, IEEE
TIFS, 2018

Super-fine attributes with crowd prototyping, D Martinho-Corbishley, MS Nixon, JN Carter, IEEE TPAMI, 2019

Towards automated eyewitness descriptions: describing the face, body and clothing for recognition, MS Nixon, BH Guo, SV
Stevenage, ES Jaha, N Almudhahka, D Martinho-Corbishley, Visual Cognition 2017
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Male
White (?)
(was) 6
Slim
Grey(ish) hair

Random hairstyle
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