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Basis

1) we measure distance d:
d(AB) = \/Z xIA — X5 ) ; N =# measurements; A, B = subjects

1) we want variance within subject << variance between subjects
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Vision-based biometrics
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Tutorial on Soft Biometrics

Recycled from
Ross and Nixon

BTAS 2016

A. Bertillon, Identification of Criminals
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o 1903, Will West committed FEDERAL BUREAU OF INVESTIGATION

UNITED STATES DEPARTMENT OF JUSTICE

to penitentiary at 3. Edgw Hoowr, Diecta

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

 Bertillon measurements Bertiln Measurements are no alvays a Relsble Means of entication
matched William West, who -
was committed for murder
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“This image was probably used in a
ca. 1960s FBI training session”
www.LawEnforcementMuseum.org
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What are ‘soft” biometrics?

Descriptors to aid search. (Wayman CTST 1997)
Broad descriptors to separate populations. (Wayman CTST 1997)

Improving accuracy of primary biometrics. (Jain, Dass and Nandakumar SP/IE 2004)

Descriptions to facilitate recognition by bridging human and machine descriptions
(Samangooei and Nixon BTAS 2008)

“Estimation or use of personal characteristics describable by humans that can be used
to aid or effect person recognition” (Nixon et al, PRL 2015)

“These attributes are typically gleaned from primary biometric data, are classifiable in
pre-defined human understandable categories, and can be extracted in an automated
manner.” (Dantcheva ... Ross, TIFS 2016)
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Soft biometrics for identification

KBertiIIonage 1890 A T
body, face, iris, ear, nose... 2\ Ethnicity °
>( ) ) @/\\@ + Gender
Nandakumar and Jain 2004 -%\§ Height - o
k(augmenting traditional biometrics) j T oot -aot 2 matn im0
/ Face Soft \ / Body Soft \ / Other Soft \
Attribute Categorical Samangooei Tattoos Lee, Di
Kumar, Klare, Zhang Comparative Clothing Jaha
Relative Attribute Reid, Martinho-Corbishley Makeup Dantcheva
[Graumann], Reid, Semantic Denman Hair Chan, Proenca
Almudhahka

\___ ForensicTome  / \ V2N -

[ Estimation of Age + Gender + Ethnicity + Weight + Height + ... }
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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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STATE First mention of soft biometrics

* Integration of Soft Biometric Traits with a Fingerprint Biometric System
X IS the fingerprint, y is the soft biometric

Soft Biometric

ﬁ 2 Extraction Module
Templaleq ‘ i :
i : y
Feq,tu;re E L
| Extraction | = Mﬂtﬂhﬂ’l" Plolx) _,| Post-processing | P(“’ | % ¥)| Decision
Module Module | Module | Module
Primary  Secondary | [ _
Biometric  Biometric | Userldenn
System g System Accept/Reject

Jain, Dass, and Nandakumar,
ICBA 2004
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« Recognition performance of a fingerprint system after including soft biometrics
« |dentification and verification
* Fingerprint + ethnicity + gender + height
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Jain, Dass, and Nandakumar,
1 ICBA 2004




UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

Soft Biometrics from Face
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Face and Age

Beautyanalysis.co
m
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Face and Kinship

[Lu 2013]
(Guo 2012]
[Fang 2010]
[Shao 2011]
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= The role of facial shape in voting
behavior

« Face and sexual

[Little 2007][Todorov 2005]
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Images: more than meets the eye?
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Computer vision and human vision have different abilities

Van Dyck 1635; Trafalgar Square
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Motivation: Murder case in Australia 2014

WE FLY FROM 35 LOCAL
AIRPORTS ACROSS THE UK g

=USN SPORT  ENTERTAINMENT BUSINESS  LIFESTYLE VIDEO CLASSIFIEDS Q no O Login

Herald Sun

@ MELBOURNE 8C-15C

The fastest way fl b
from A to y e.
(I

1 nNEws / LAW & ORDER /[ LATEST TRUE CRIME SCENE ‘CASE FILES THE INVESTIGATOR COLD CASES ‘CRIME STOPPERS

TRUECRIMESCENE

Murdered jeweller Dermot
O'Toole's widow Bridget says !4 Sw»: EETHI

4 Ways to Avoid Running Out

her husband would be alive if o7 #orey during Retirement

= = - - If yofu Ihave a £I250,0001
his killer Gavin Perrywasn't | | fg e
Forbes columnist

Ken Fisher’s firm. It's
called “The 15-Minute ‘

out on parole

PADRAICMURPHY HERALDSUN JUNE 24,2014 219PM

Retirement Plan.”

S"""“‘F’in 3 = lsmzrussrom K*|

We'll Buy Your House Cash paid, We are ready to buy. Offer made within 24 =~

i
¢ b [ -3

Bridget OToole has descirbed the impact of her husband’s murder to the,

| S I D] 6:0&’1522

18/200

[2] 60 Minutes Australia: Eye Catching
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Attributes

Machine
learning

Analysis

With many thanks
to Dan MC!
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Attribute derivation Attributes
and analysis Soft Biometrics

Human Machine
Analysis learning




Attribute derivation Attributes
and analysis Soft Biometrics
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Attribute derivation
and analysis

Soft Biometric

Attributes
Soft Biometrics

Recognition

Soft Biometric
Annotation

Human
Analysis

Image

Machine
learning
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Attribute derivation Attributes
and analysis Soft Biometrics

Soft Biometric
Identification

Soft Biometric
Recognition

Machine
learning

Human
Analysis

Soft Biometric
Retrieval

Soft Biometric
Annotation



UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

Attribute derivation Attributes Attribute based
and analysis Soft Biometrics recognition

Soft Biometric
Identification

Soft Biometric
Recognition

Machine
learning

Human
Analysis

Soft Biometric
Retrieval

Soft Biometric
Annotation
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Attribute derivation Attributes Attribute based
and analysis Soft Biometrics recognition

Soft Biometric
Identification

Soft Biometric
Recognition

Machine
learning

Human
Analysis

Soft Biometric
Retrieval

Soft Biometric
Annotation

Re-identification
and image
matching

Image perception
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Attribute derivation Attributes Attribute based
and analysis Soft Biometrics recognition
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Machine
learning

Human
Analysis

Soft Biometric
Retrieval

Soft Biometric
Annotation

Re-identification
and image
matching

Image perception
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For Each Particle

Select Search Region Explode to CR Reﬁne Pan_icle Location
using Gradient Descent

Input Video - :
Sequence Initial Random Particle

Locations

Query:
e Orange short sleve shirt
e Grey shorts

e Average Height
o [
(Clothing Type,
Height)

' - .
Appearance I.l!l \
Characteristics L ’:‘, 4 B
RS Colour)llllll ' u‘ Channel Representation
-~

(Avatar)

Spatial
Characteristics

Estimated Location Refined Particle
based on Similarity of
Query to Final Location

Locations

Halstead, Denman,

Fookes, PRL 2016
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Facial soft biometric features for forensic face recognition =~ ===

“a functional feature-based approach useful for real forensic
caseworks, based on the shape, orientation and size of facial traits”

Identity claim )

SYSTEM ‘
(Facial Soft Biometrics) =
Enrolment Enrolled
Templates
Pre- Feature e

Facial Landmarks Processing Extraction Sy §
EEEEtN) Continuous Features an“l"&l’iW NO;zﬁ;ZtiDn peﬁgf:ar?'j ce

‘ |
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Input
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Discrete Features Fusion ™

L 4
S— Sq

(Leave-one-out) |
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F gl e B el

Face verification rate

> False acceptance rate

l@ \f/ cl() tLClEJ .iﬁr:;“‘}!’é“”e"‘;«“i - < , Tome, Vera-Rodriguez, Fierrez,

Ortega-Garcia, FSI 2015



Descriptions and attributes for identification
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Eyewitness statement
“24 year old male average height

wearing shirt”

D

§ P

2 Yo I i
\ A 7
\ FJ

Generate description

Image of crime

Database of

descriptions

Generate descriptions

e
Subject | Gender Age Height | Nose W Top
? 24 171 2.4 Shirt
|
Subject | Gender Age Height | Nose W Top
123456 M 25 172 2.3 Shirt
123457 F 36 156 2.2 Blouse
123458 M 58 182 1.2 T shirt
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31

What can you recognise?

256x386



Gender estimation on PETA
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* Gender?

Subject

PETA
Image

PETA label
B. Female

Martinho-Corbishley, Nixon

and Carter, Proc. BTAS 2016
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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| “oo
SEX AGE HEIGHT |WEIGHT RACE FACIAL APPEARANCE Write below specific facial details that yvou definitely
. - b
Male a White O o Harote b
Female O Black O
0 D Wrmkles s
HAT —— fatity
HAIR Eyeheorn o [What did the suspect say?
(Fokiestiots (Colost/Type) Sz & S S
HEve Shape O
Nowg
Mouth &
Lips i h__:-_lL-;
EYES COAT s
(Glasses) M"i-“tfk' B sk & Tl or weapon seen?
e e A dames Sppde
Vehicle
COMPLEXION SHIRT
JEWELLERY TROUSERS
KColowur Molake Model Licenge Number
|Body Siyke Damage Ruast
SCARS/MARKS SHOES ARk Bumpar Sickor Whiel Covers
Derection of Travel s D"‘”wm_‘p(
addressi
i WO \;veve"“‘“
DON'T HANG UP! o
TATTOOS TIE STAY ON THE PHONE Imnmm """" i
Remember, Your Safiety Comes Fira! - I - I
Working Together To Prevent Crime
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OK, eyewitnesses are fallible

()X‘l dCartoons.com

l) “.ll\hu\ “

©DonnaBarstow.com

" 0f coume, T could be weoug doout-he driver-..."
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Traits and terms
* Global
Global Features + sex
* Features mentioned most often in : EE.T I(fglzlaur
witness statements oy
<= Sex and age quite simple > i
« Ethnicity So we thought!! | e

* Notoriously unstable

* There could be anywhere between

3 and 100 ethnic groups

* 3 "main” subgroups plus 2 extra to
match UK Police force groupings

Samangooei, Guo and

Nixon, IEEE BTAS 2008

* Proportions

e Shoulder Shape

e Chest Size

* Hip size

* Leg/Arm Length

* Leg/Arm Thickness

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




Phrasing questions

UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

* 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
AUDTIO 10950

HE OFFICIA/L

POLITICALLY
= CORRECT

'DICTIONARY & HANDBOOKT ‘

Womaon of 1 Bakism )
Noencolor Survivor Disadvantaged

Optically

Stolen

Melanin ———————»-§

Nonhuman — Improverished p Challenged
Animal e
Products Hikai
Animals oy
Oppressor : \ ""‘_'.‘.‘..‘,_"gfgyu&

Processed & |
Tree 2 {

Botanical

(om0 | 1 CASSETTE

Digitally Mastered

‘Companions
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Tr a it S a n d t erms and Computer Science
Body Features Lo
« Based on whole body description stability : ;‘::‘CC:IZ) .
analysis by MacLeod et al. + Age
! : ) e Body Shape
» Features showing consistency by different . Figure
viewers looking at the same subjects r Weight
_ - _ _ * Muscle Build
« Mostly comprised of 5 point qualitative * Height
* Proportions
Mmeasures « Shoulder Shape

: * ChestSize
<€.g. very fat, fat, average, thin, verythin > . jpee
. * Leg/Arm Length
This cha ngEd * Leg/Arm Thickness

+ Most likely candidate for fusion with gait ~~ "™

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

Samangooei, Guo and

Nixon, IEEE BTAS 2008
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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 38
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Labelling via €2 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

e Others available (Amazon Mechanical Turk

More Old

Same

More Young
Much more Young

not available in UK)

Can't see

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

i ‘ 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




Adding semantic labels
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Home

Annotate Self

Annotate Videos

logout Logged in as: ss06r ()

1 ®*Done
2 ®Done

3 *Done

P H ' M 00:03 HE—

100 %

JOREE BT

Click Save when you're done
annotating and have reached the
bottom of the list below

Global
Sex ’ Age’
[ Male +) [ Middle Aged %)
Ethnicity * Skin Colour ’
[ European v J [ Tanned v ]
Head
Hair Colour °  Hair Length ’
[ Grey v ] [ Short 3]
Facial Hair Facial Hair 4
Lenath ? Colour ? Y
help

Samangooei and Nixon,

IEEE BTAS 2008




Human body descriptions: recognition capability
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1.00 |

095}

= 4
0.90
w!
0.85
0.80

0.75

ﬂ.}'%

e T —

Gait biometrics

Human descriptions

just annotation

just visual
feature fused
score fused

o

0.4 0.6
Percentage of Features

0.8

1.0

0.5}

0.4

0.3

False Positives

0.2

0.1

0.8.

First result

- = just annotation
- = just visual

— feature fused
- score fused

ER=14.66 %

ER=8.62 %

EER=6.13 %
EER=6.51 %

0.1 0.2 0.3 0.4 0.5
False Negatives

Samangooei and Nixon,
IEEE BTAS 2008
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Problems with absolute descriptors

Subjective = unreliable; Categorical = lacks detall

360 o
340 g
% 320 a :
o = i
X S z
£ 300+ A S
[ = S
o 280 >
w
E 260 @]
o]
@ 240 ©
220
O
200 1 1 |. 1 1
Very Short Short Medium Tall Very Tall
Height Term

Reid and Nixon, IEEE
[JCB 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 10 the subject i the top video.
For example if the subject i the bottom video is taller thas the subjec

Attribute Ansotation
Age Otdee =)
Bottom sutyect i OLDER than the top
Hax Colow Same

Subgects have roughly the SAME haw colour
Har Leagth Losger  [3]
Bottom subyect has LONGER hawr than the top

Heght Tafer ]
Bottom subpect o TALLER than the top
Figure Same -l

Subpcts both have roughly the SAME figure
Neck Length Same -

Subpcts have roughly the SAME langth neck
Neck Thckness  Thanee -l

Bottom subpct has » THINER neck than the top

Shoulder Shape  Same I+
Subyects have reughly the SAME shoulder shape
Chest Same -

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

Reid and Nixon, IEEE
[JCB 2011; TPAMI 2015
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Height correlation (with time)
360
0
340 B DOOEI (b:l
928 °°
3201 o
0% B BB @OE
+ 300 080 ™
S o)
D O CD@ - 0
E 280 B 0
()
R
O 260 ra))
240 N
‘ O  Continued suspect exposure
220+ - O Limited suspect exposure
200 - - ! ,
1000 1250 1500 1750 2000

Comparative Height

Reid and Nixon,
IEEE ICDP 2011



UNIVERSITY OF

Southampton

School of Electronics

Context: relative attributes e
PubFig ACHI MSV Z
Masculine-looking | 1111001 1 | S<M<Z<V<I<A<H=<C
White OIT1I1111 | AXC<H<Z<J<S<M<V
Young 00001101 V<H<C=<J<A<S<7Z<M
Smiling 11101101 | JXV<H<A~C<S~Z<M
(a) Smiling Chubby 10000000 | VI<KH=<C<Z<M<S<A

Visible-forehead 11101110 | JRZLSM<S<A~C~H~V
Bushy-eyebrows 01010000 | M<S<Z<V<H<A<C<J

Narrow-eyes 01100011 M<J<S<A<H<C<V<Z

Pointy-nose 00100001 | ACLI~M~V<S<7Z<H

_ Big-lips 10001 100 | HRIRV=Z<IC<M<A<S

(d) Natural (f) Manmade Round-face 10001100 | H=V<I<C<Z<A<5<M
Subset of attributes and Alex Rodriguez (A), Clive Owen (C), Hugh

Used ranking 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
50 60| 60 '/'_"‘ 60|
= = > >
S 40 S 40| S T fa v
- 3 - 3 3
S| ~wae 3 * -k g -—t———a 8 F=l-4-1
< 20 l“""'..., < 20} | AR < 20 < 20}
- = = DAP SRA Proposed ! 0 = = = AP =—— 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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Retrieval Accuracy

©
©

O
00

©
\I

o
(o)

O
o1

©
IN

Recognition
Relative Measurements
E inferred from 10 comparisons
------------------- Categorical 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
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Ranking comparative descriptions

Use ELO rating system from
chess to infer relative
descriptions

Turn comparative labels into
a ranked list

Comparative » categorical
Alternatives?

Parameters?

Recognitionperformance

0.8 -

0.6 4

0.4 1

0.2 1

Body
— Face

T T T T T T F

4 7 10 13 16 19

Number of comparisons

Reid and Nixon,
IEEE 1JCB 2011
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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)

CNNs

http://ww?2today.com



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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Image of crime

W Al
B
7% ) fol

Eyewitness statement
“24 year old male average height

Generate description Vi

N\ /
. Y ) _ /)
wea r|ng Sh|rt Subject | Gender Age / Height \NoseW Top
? M 24 \ 171 / 2.4 Shirt
AL /

Datab

» V pf

N\
Subject | Gender Age /Height\\ Nose W Top
T

s | Database of

\
[N
N
N

—
N
w

123456 M 25

\ oast | F | s || 158 || 22 | souse | DESCFiptions

Generate descriptions 123458 M 58 \ 182 ) 1.2 T shirt
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Context: attribute estimation

dark
male  pair jeans backpac skirt

47 - S =

Pedestrian attribute estimation .
Cam A

(gender, clothing)

Pre-segment pedestrian image
Use multi label CNN Cam B oS
Applied to VIPeR , GRID and PETA (a) VIPeR
Increased average attribute

estimation

scaled into

Can be used for re-identification T T28x48 pixels| -

body part
giv?sii:; 'gf?(?;

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
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Context: attribute estimation

3= =% & 4 5 1% 1’4 ’15
input §3 E ‘ g,u ’ ) ﬂd L S _ Average ROC
| | 1 | | ! | I | Convolution 1 T
i o P i
g 4
S o A A Ltj 4 | Maxpooiing |
= LI} ol I ¢) 3 -;JJ i} Maxpooling 4 os}
rd | B IR EAIE v $, | Convolution = o5
s3l : t’ VL LS 3 } Maxpooling & ,,|
o 1‘ 41K ﬁ i }f } Convolution 2
S4 -*._-._,ﬁ’_-\—‘é- __‘ ___‘j: 5 ¥ Max pooling i
R = Full Connection
— = et e | ——MLenN
oL - T rrrmill
‘-—-___-_“__‘_‘-A\:\ Soﬂmax ® s False Positive Rateﬂ) T
@ o .. @
long hair ? male ? has backpack ?

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
78.87
76.39
74.51
75.84
76.16
86.86
74.29

MLCNN
96.05
97.17
66.11
64.30
79.58
60.14
60.91
93.45
75.97

recall rate (%) @ FPR=10% AUC(%)

IkSVM
61.37
90.68
35.37
46.19
20.22
4936
38.97
70.57
20.37

MLCNN

66.06
66.42
22.97
26.40
26.30
29.15
46.90
67.30
ol 24

IkSVM  MLCNN

91.27
95.09
81.79
864.52
76.44
81.60
74.11

87.69
81.42

92 62
94 47
86.09
85.19
82.01
83.08
77.68
86.01
84.07

CMC curves on VIF’qR datahalse

—4—RDC
—»— DML
—o—LFDA
RPLM
—+— Salience
—e—QOurs

0 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'tsee

Martinho-Corbishley, Nixon and

Carter, IET Biometrics 2015



Distributions of body labels
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Annotation distribution

Can't see

Much maore &

Mare A

Same

More B

Much more B

00 01 0.2 0.3 04 05 06

All

FMuch more Feminine

Much more Masculine

"“Gender" answer distribution

Can't ses

Mare Ferminineg

Same

More Masculine

00 01 0.2 0.3 04 05 0.6

Gender

*Height" answer distribution

Can't see

mMuch more Tall

More Tall

Maore Short

Much mare Short

00 1 0.2 0.2 04 05 06

Height

"Can't see” answer distributicn

Ger‘derl
He ghtl
age |}
weight |
FI:].JFI:.
chest size [

Arm thickness

Leg thickness
Skin colour

Hair colour

Hair length

Muscle build

0o0 002 004 006

Uncertainty

Martinho-Corbishley, Nixon and

Carter, IET Biometrics 2015
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Recognition by crowdsourced body labels
1.0 1.0p
[T

09t/ P
> 0.8} I /—”/ % 0.8
Q " /r’ —
{© 0.7} g c 07
o / .0
O osl = 06
© ! c
5 5| ! ?05 ,/ — - = by score
e ] ! )
'c 04r o oar [Reid 2014]
Qo 1 +— !
O o3} ! . . . o 03
S | = - = Crowdsouced Relative, 10 comparisons, [Martinho 2016] @ ]
o 0.2 ,-' Relative, 10 comparisons, [Reid 2014] S %2 ;’

i ==== Absolute [Samangooei 2008] O 4, /
0.1 :
-0 10 20 30 40 50 . 10 20 30 a0 5
Rank Number of comparisons/person

Lower recognition accuracy (expected)

More labels and comparisons increase accuracy (expected)

Martinho-Corbishley, Nixon and

Carter, IEEE ISBA 2016
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Trait performance

c o= — — =
£E38335%
- _,_, = = U L o o 5
s 5,925 ¢822<c M
c = ¢ g 2 E o 9 o £ = =
U o 2D = wu L x m M@
O T € = it €< a4 = U wn I T 0.9
1.0  Gender Gender
— Height Height 0.8
08 — Age Age
Q Weight eiaht 1o.7
Q — Figure 9
8 Arm thickness Figure 0.6
T 6 - - Leg thickness Arm thickness 2
QO - - Muscle build , 0558
N __ Chest size Leg thickness 2
= @
g 0.4l Skin colour Muscle build 0.4 ¥
— - - Hair colour Chest size
8 - - Hair length . 0.3
Skin colour
0.2
Hair colour 0.2
Hair length
0.1
U'au 60 B0 100
ranking

Normalised relative scores vs ranks Kentall’s T correlation
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Pairwise similarity comparisons on PETA
1¢0 L ——— 10 Y T }—

0 e o : :

Dos Dosl : ,

(@] (@] ' :

O O , ,

o6 Noe L :

© o) :

(D) (D) : :

N 04 noat ' /

© © ' ;

& 0.2} 0.2}t : :

— S !

o (@) ' :

Z 0.0 Z 0.0 L. . '

0 100 0 20 ] 80 100
Ranking

Relative 0.18 0.28 0.68 0.86 0.88 Binary
Similarity 0.17 0.18 0.47 0.89 0.89 Similarity

Gender distribution not binary
Can measure confidence

Martinho-Corbishley, 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)
- (@}
' 4 ' 7
Lt o o OO
0
O
@)
%
@
o ®© 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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Superfine labels

Most ‘fine’ are actually
coarse

Our comparative attributes
are superfine

3 +
] “y
h-.

r | '.‘g

Comparison/ ranking gives G o

many advantages

1

1

(0.29, 0.39)

Ethnicity

Martinho-Corbishley, Nixon and

Carter, IEEE TPAMI 2018



Conventional attribute-based analysis

Image to Text
Matching

Binary HesNet-152
Representation ST
[ dwmewsz |
-
= Female? : o \
| 3c3conws12 |
fio 1000

Martinho-Corbishley, Nixon

and Carter, IEEE TPAMI

2018

K Ranked Retrieval
Multi-shot

S

Zero-shot

kW?

ResNet-152

ﬂ)

:’I‘ilu:n-:-li."t

a3 conw, 512

a3 conw, 512

——
33 corw, 513 |
| 33 mnw, 512

UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

Retrieval architecture

4 )
Superfine
attribute
analysis
g l J
Super-fine Visual Prototype

Coordinate Matching

T
|

,

A

o
=

E (0.88, 0.19) =




Y OF
Male . y(on
Possibly Male onics

- Science
Obscured Cant See
Possibly Female
Female

Gender

T

¢ ’{“ I:I 'ﬁl'l
PM!,‘*\'L J 0
mﬂﬂfﬂ mhj‘
Ily“ & < I
T
lk e b bilE

Martinho-Corbishley, Nixon and

Carter, IEEE TPAMI 2018
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B Caucasian
Possibly Caucasian

I Middle Eastern Central Asian Other

B East Asian

B Obscured Cant See

Ethnicity

% - i l'.ﬁ"
AT 7

ks o NN
""m ;"
= wq,..\

i

Martinho-Corbishley, Nixon and

Carter, IEEE TPAMI 2018
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Gender Age Ethnicity Gender+Age Gender+Age+Ethn, vs, 35
1.0 1.0 1.0 v; 1.0 1.0 =
’ /
I/ ' l/
0.8 1 0.8 - 0.8 Py 0.8 1 0.8 ’
,/ ?
0.6 . 0.6 . 0.6 e 0.6 - : 0.6 .
e Super-fine e« Super-fine = i = ! Super-fine = Super-fine
[ {instance) - (instance) ~ e — (instance) ~ (instance)
0.4 1 . ) 0.4 - ) . 0.4 - ‘ ) 0.4 1 ) ) 0.4 ‘ )
s Super-fine e Super-fine e Super-fine e Super-fine e Super-fine
(subject} (subject) s (instance) e (subject) R (subject)
0.2 1 Binary 0.2 1 Binary 024/ 7 Super-fine 0.2 P Binary 0.2 ol Binary
{subject} (subject) /I.’ (subject) (subject) ’ (subject)
0.0 1 T T T T G.O T T T T T O.D T T T T 0.0 1 T T T T O.G T T T T T
00 02 04 06 08 1.0 o0 02 04 06 08 10 00 02 04 06 08 10 o0 02 04 06 08 1.0 00 02 04 06 08 10
FPR FPR FPR FPR FPR
(a) Multi-shot scenario (instance-level set-split criteria).
Gender Age Ethnicity Gender+Age Gender+Age+Ethn. vs. 35
1.0 = 1.0 1.0 - 1.0 = 1.0 ¢ -
” ” ¥ ' I i
s s ,- ’ | s
< s i ” &
0.8 - e 0.8 - 0.8 - e 0.8 e 0.8 e
/{ 1’ | /, I /’
e e i s f ’
0.6 1 i 0.6 - - 0.6 P 0.6 1 - 0.6 4 i
&« Super-fine x Super-fine & g x ' Super-fine =a Super-fine
—_— —_— ] S o T
= (instance) = (instance) [ o ~ (instance) [ (instance)
0.4 1 p . 0.4 A ’ . 0.4 1 / . 0.4 ’ \ 0.4 1 y .
s Super-fine Super-fine S Super-fine S Super-fine S Super-fine
e {subject) (subject) e {instance) e (subject) e {subject)
024 //.7 Binary 0.2 4 Binary 024/ 7 Super-fine 0.2 4/f 7 Binary 0.2 1 Pl Binary
’/ (subject) (subject) ’/ (subject) // (subject) < (subject)
0.0 T T T T U‘.U T T T T T O.CF T T T T U.O T T T T D.CF T T T T
00 02 04 06 08 10 0.0 0O 04 06 08 1.0 00 02 04 06 08 10 g0 02 04 06 08 1.0 00 02 04 06 08 10
FPR FPR FPR FPR FPR

Martinho-Corbishley, Nixon and

(b) Zero-shot scenario (subject-level set-split criteria).

Carter, IEEE TPAMI 2018



UNIVERSITY OF

Southampton

School of Electronics

F a C e and Computer Science

Image of crime

Eyewitness statement
“24 year old male average height

2

wea ring Shirt” Subject | Gender | Age Height/ Nose W\\ Top
? M 24 171 2.4 Shirt
(o )
|
Datab _ N
§ P o P e P e s Subject | Gender | Age Height |/ Nose W Top
B 17 279V 1 W 123456 | M 25 172 2.3 s | Database of
\ poast | F | s | 16 || 22 ||souse | DESCFIPtiONS
Generate descriptions 123458 M 58 182 1.2 ) T shirt

N



Analysing gender (??!1)

UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

e Gender?
Subject 1 2 3
Gender A. Male
B. Female
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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
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Recognition by face via comparative attributes on Souchampion
LFW

School of Electronics
and Computer Science

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

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

More Short
Same

More Long
Don't know

&
L : I

Person-B

Almudhahka, Nixon and

Hare, IEEE BTAS 2016
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Compression of 5 point scale: recognition by  Southampton

comparative face labels

School of Electronics
and Computer Science

Label compression improves
recognition

Data Is Southampton tunnel
New system just 3:

bigger, same, smaller

Had we previously added
categorical to comparative?

100% t

|dentification Rate

90% ¢

80% t
70% +
60%

- = =5 Comparisons w/o Compression
-5 Comparisons w/ Compression
~———10 Comparisons w/o Compression
———10 Comparisons w/ Compression
= = =15 Comparisons w/o Compression
— 15 Comparisons w/ Compression

10 15 20
Rank

Almudhahka, Nixon and

Hare, IEEE ISBA 2016
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Crossing the semantic gap: estimating relative  Southampion
face attributes

and Computer Science

‘ [ | [ |
=TT
16,17, 19 6 11 .IllI ] !'
- | -p
Ill'll' =i
T | | r— =la=g .IIl_l
14,15 7,13 2.5, 12 III"I.i I|.
. m
- - l F il I.lh'."
.
| HHENH L
8,9,10,21-24 1 18 20

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

0.3 .

021 .
<
=
: : : 0.1 .
Estimation of comparative labels
0. _ _ L
=R B I R Y S <= B e B ) S S B e B D = =D = O = D=
cE 9585585855588 558383¢:2¢E28
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- o - [
Hare, IEEE TIFS 2017 - T2
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Estimating face attributes
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Oldest

Ranking subjects (images) by estimated face attributes

UNIVERSITY OF
Southampton

School of Electronics
and Computer Science

MIURank semantic

MIURank semantic ECL

Most feminine

Most masculine

(b) Gender

Almudhahka, Nixon and

Hare, IEEE TIFS 2017




Retrieval accuracy

Recognition on LFW

UNIVERSITY OF
Southampton

School of Electronics
and Computer Science

1 = :
Fully semantic
L ECL
08} 10 [ REL
0.6 §
:.'3
]
=
0.4 N
10-2 L
0.2 REL
ECL
Fully semantic _
0 C | ] ] | | | ] | ]
0 10 20 30 40 S0 0 0.2 0.4 0.6 0.8
Rank p

Retrieval performance

Almudhahka, Nixon and

Hare, IEEE TIFS 2017

Compression of 430 subject LFW-MS4 dataset



Clothing
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Eyewitness statement
“24 year old male average height

wearing shirt”

Image of crlme
Generate descrlptlon T35

Database of |mages

Generate descriptions

Subject | Gender Age Height | Nose W/
2 M 24 171 \
{ N\
Subject | Gender Age Height NoseW// Top \
123456 25 172 2.3 ! Shirt
123457 36 156 2.2 Blouse
123458 58 182 1.2 \ T shirt )

N

Database of
descriptions
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Subject recognition, by clothing

« Clothing generally unique
 Shakespeare
“Know’st me not by my clothes?”
(Cymbeline Act 4 Scene 2)
« Short term biometric
« Has strong invariance ~
« Links with computer vision and i
automatic clothing analysis/ re-
identification

0.9

0.85F

Cumulative match score

osal —— softCat-21
—+—gsoftCat-7

. ——softCmp
Jaha and Nixon, IEEE orsl | | | | ——softBody |
) 5 10 15 20 25 30 35 40
IJCB 2014 R0
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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 aceinaty | 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 | (.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
IJCB 2014




Recognition by clothing

UNIVERSITY OF
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and Computer Science

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

©

Good match

Poor matches

Jaha and Nixon, IEEE
IJCB 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
+...

Clothing has ability to handle 90

degree change Jaha and Nixon, IEEE
ICB 2015
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Automated clothing: grabcut person/ clothing  Southampton
initialisation

and Computer Science

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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Automated clothing labelling on CAT

Jaha and Nixon, IEEE
TIFS 2016



Fusion (or what if one is hidden...)

UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

Eyewitness statement
“24 year old male average height

wearing shirt”

Image of crlme
Generate description ' 3 !

Database of |mages

Generate descriptions

Subject | Gender Age/ Height | Nose W Top W
? M 24\ 171 2.4 Shirt
\
{ e —— L
.
: . N
Subject | Gender Age eight | Nose W Top
/

123456 | M 25 / 172 2.3 s | Database of
123457 F 36\ 156 2.2 Blouse d Cr|pt|0ns
123458 M 58 \\182 1.2 T shirt
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Fusion for recognition — traditional soft

? Close distance (~1,5m) Medium distance (~4,5m) Far distance (~7,5m)

~1.58 m

RAW image

Tome, Fierrez, Vera-Rodriguez

and Nixon, IEEE TIFS 2014
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Fusion for recognition - data

Guo, Nixon and Carter ICPR
2018
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Fusion for recognition -body
TABLE 1 BODY ATTRIBUTES AND CORRESPONDING COMPARATIVE
LABELS
Body traits Labels
Gender More feminine, Same, More masculine
Age Older, Same, Younger
Height Taller, Same, Shorter
Weight Fatter, Same, Thinner
Shoulder shape More square, Same, Rounder
Hair colour Lighter, Same, Darker
Hair length Shorter, Same, Longer
Neck length Shorter, Same, Longer
Humpback More straight, Same, More curved
Arm length Longer, Same, Shorter

Guo, Nixon and Carter ICPR

2018




Fusion for recognition -face

UNIVERSITY OF

Southampton
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and Computer Science

TABLE II FACE ATTRIBUTES AND CORRESPONDING COMPARATIVE

LABELS

Face traits

Labels

Eyebrow shape More straight, Same, More curved

Nose shape More flatter, Same, More protruding

Forehead Straighter hairline, Same, More receded
hairline

Eyes Smaller, Same, Larger

Ears More hidden, Same, More evident

Skin colour Lighter, Same, Darker

Face size Shorter, Same, Longer

Face More bony, Same, Fleshier

Lips Thinner, Same, Thicker

Chin and jaw

More angular, Same, Rounder

Guo, Nixon and Carter ICPR

2018




Fusion for recognition -clothing

UNIVERSITY OF

Southampton

School of Electronics
and Computer Science

TABLE III CLOTHING ATTRIBUTES AND CORRESPONDING

CATEGORICAL LABELS

Clothing traits

Labels

Upper body clothing
category

Jumper, T-shirt, Shirt, Blouse, Sweater,
Coat, Hoodie, Other

Lower body clothing
category

Trouser, Skirt, Dress

Any attached object
category

None, Bag, Gloves, Hat, Scarf, Necktie,

Other

Clothing style

Well-dressed, Business, Sporty,
Fashionable, Casual, Other

The majority colour of
upper body

Grey, Black, White, Jeans blue, Others

The majority colour of
lower body

Grey, Black, White, Jeans blue, Others

Face coverage Yes, No
head coverage Yes, No
Presence of belt Yes, No, Unsure
Wear glasses Yes, No
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Fusion for recognition —single mode

~—©— Body medium
sesnnfmens Body far

08 -~ ® =Clothing close
2 ==& Clothing medium
© 0.7 wwufmsss Clothing far
o , - ® =Face close
& 0.6 —=— F ace medium
c esnndfmens Face Far
i
g’ 05 T

111111 *“
E . +"l11"” +
& 04 B e grat? -
|'I"+'".“
‘.*'.“il

0.3 .1-"""“.“

02 = ‘“u*‘ -

0,1 T 1 | 1 1 1 1 1 1

1 2 3 4 5 6 7 8 9 [t Guo, Nixon and Carter ICPR
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Fusion for recognition — modalities and distance =~ o=

face close | | -
body close | + ;|4 +
Clothing close | HHer
face medium | HH
body medium | ++1}..

Clothing medium | {H

face far | |-[[|-|
body far H[H

Clothing far | +HH
0.2 0.4 0.6 08 1
Accuracy

Guo, Nixon and Carter ICPR

2018
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Fusion for recognition — fusion at 3 distances

close

medium

far

0.85 0.9
Accuracy

Fusion

0.95

Recognition accuracy

T e = Body close

: ==& Body medium
-------- ++** Body far
" ~ ® = Clothing close
==&-— Clothing medium
oo Clothing far
- ® =Face close
il F ace medium
weeedeens Face Far
O e -
+‘H| et o
04r el e 4
...... wt
e, 1
0.3 e
02 F L i
+
0.1 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10
Rank

Single (for comparison)
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Fusion for recognition — fusion methods
Close Medium Far
Accuracy EER Accuracy EER Accuracy EER
Bayesian theory [7] 96.3% 3.84% 84.6% 4.15% 78.1% 4.26%
Log likelihood ratio [9] 96.1% 391% 87.7% 4.02% 76.5% 4.29%
Logistic regression [12] 96.4% 3.86% 82.3% 4.23% 75.5% 4.33%
Nonlinear weight ranks [15] 96.9% 3.85% 86.2% 4.11% 79.3% 4.24%
PAV based [16] 97.0% 3.83% 86.0% 4.09% 79.1% 4.24%
Rank-score fusion 97.3% 3.77% 92.5% 3.88% 82.6% 4.17%.

Guo, Nixon and Carter ICPR

2018
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Surveillance Using Soft Biometrics
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Task 1 mpton

ilectronics
1puter Science

Data:

e Separated into training (520 images) and evaluation (196
images) sets.

e Subjects were captured across two locations on a university
campus, using ten cameras.

e Each “image” has an RGB image, a soft biometric query, and
In the training set a semantic mask is included.
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e Leg and torso type as either long or short.
e Gender.

e Luggage (carrying or not).

e Pose (front, back, 45°, or 90°).

Halstead, Denman,
Fookes, Li, Nixon
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Task 1 Performance

e Unsurprisingly all techniques based around deep learning.

e Cipcigan et. al:
e Used semantic segmentation to locate body parts;
e Hand selected features and classifiers used on appropriate
regions;
e Only technique to not be solely deep learning.

e Gonalves et. al, Schumann et. al, and Yaguchi et. al:
e Similar pipeline;
e Trained DCNN (four for Schumman) adapted to attribute
prediction.
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The results of Task 1 - CMC curve and rank performance. nd Computer Science
Lo Task 1 Challenge Results
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e Subject 111, average rank
66.

e Query: Male, short sleeved
brown and white shirt, grey
shorts, with luggage.

e Poor lighting conditions.

e Ambiguity in clothing
colour.
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How is this different from Task 17
More inline with a surveillance situation.

@
e The query is used to search a video for the desired subject.
e Multiple potential pedestrians in a scene.
e Varying levels of crowd density, crowd flow, occlusions, and
illumination.
Query Scene Selected
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Task 2 Performance

Results based on Intersection over Union.

Approach Average loU | % w loU > 0.4
Yaguchi [12] 0.511 0.669
Galiyawala [4] 0.363 0.522
Schumann [10] 0.503 0.759
Baseline [1] 0.290 0.493
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Sequence 27
(Hard).

High level of
crowding.

[llumination
ISSUes.

Subjects with
similar
appearance
(striped shirt).
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Conclusions (and where does this take us?)

* Yes, we can recognise people by the way they walk
¢ ... and by human descriptions

e Challenging technology

* Needs new techniques and new insight

* (Can generalise to forensics

« Human descriptions need wider investigation (covariates, antispoofing) as to
performance advantages

* Motivate need for new insight as to automated identification vs. human
identification

 and theyare great fun. .......ccccuveeeeneee, guestions?
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More information ......

Mark Nixon & Alberto Aguado
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Thank you!!

> 21 (1)

Male

White (?)

(was) 6’

Slim

Grey(ish) hair

Random hairstyle
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