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Society needs means of identification
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Vision-based biometrics
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Â Emerging gait research

Â Gait is non-contact and uses 

sequences

Â Advantages: perceivable at distance

and hard to disguise

Â Potential applications: security/ 

surveillance, immigration, forensic, 

medicine?

Â Other applications: moving objects

Â Related fields: animation, tracking

Biometrics and gait

MIE Medical Research

Clinical Gait Analysis

Nixon et al, in Jain et al Eds.: 

Biometrics, 1999
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Why? (and a better explanation)

As a biometric, gait is available at a distance when other 

biometrics are obscured or at too low resolution

ABC News, July 13 20066
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Â Dictionary: ñmanner of walkingò

Â Shakespeare observed recognition:

ñHighôstQueen of state; Great Juno comes;   

I know her by her gaitò  [The Tempest]

ñFor that John Mortimeré.in face, in gait in 

speech he doth resembleò [Henry IV/2]

Â Other literature: e.g. Band of Brothers: ñI 

noticed this figure coming, and I realized it 

was John Eubanks from the way he walkedò

Gait and literature

7
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Â Aristotle (~350 BC)

On the gait of animals

Â Leonardo da Vinci (~1500)

movement sketches

Â Eadweard Muybridge 

(1830-1904)

üMovie pioneer

üStudied horses (1872)

üStudied movement (1884)

Gait and history
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Early UCSD Data

Â 6 subjects; 7 sequences

Â Sony Hi8 video camera

Â Circular track é.exhausted subjects?

9

Image frame Extracted 
subject

Little and Boyd, Videre, 

1998



Performance Evaluation of Vision-based Gait Recognition 
using a Very Large-scale Gait Database

Â From Osaka Univ, Japan

Â Gathered large database 

>1000 subjects, at 

exhibition

Okumura, Iwama, Makihara, and 

Yagi, Proc. BTAS 2010



Recognition

Â Consistent with many other studies

Â First gait biometrics paper - Cunado, Nixon and Carter 

(AVBPA 1997) - had 90% CCR

Okumura, Iwama, Makihara, and 

Yagi, Proc. BTAS 2010



Gait-based Age Estimation using a Whole-
generation Gait Database

Â How old is he/she?

12

Subject 1 2 3

Gait

Age A. 4 years old

B. 14 years old

C. 24 years old

A. 4 years old

B. 14 years old

C. 24 years old

A. 24 years old

B. 34 years old

C. 44 years old

A. 24 years old

B. 34 years old

C. 44 years old

A. 62 years old

B. 72 years old

C. 82 years old

A. 62 years old

B. 72 years old

C. 82 years old

Makihara, Okumura, Iwama, 

and Yagi, Proc. IJCB 2011
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Techniques for gait extraction and description

Â Modelling Movement (few)

ÉPendular thigh motion model

ÉCoupled and forced oscillator 

ÉAnatomically-guided skeleton 

ÂSilhouette descriptions (many)

ÉEstablished statistical analysis

É(Temporal) symmetry

É(Velocity) moments

É(Unwrapped) silhouette

Nixon and Carter Proc. 
IEEE, 2006
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Â Extension of spatial moments

Â Applied to silhouettes

Â Selected by ANOVA

Velocity moments
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Shutler, and Nixon 

BMVC 2001, IVC 2006
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Gait recognition

Â 3 moments for visualisation; subjects are clusters of 4

15
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Gait recognition

Â natural walking (wellé.)

16
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Gait recognition

Â Including a funny walk é

17
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Processing

Carter, Nixon Grant and 

Shutler, SEB2003
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Average Silhouette

Â Most popular technique for gait 
representation

Â Simple and effective
(Liu and Sarkar ICPR 2004 ; Veres et 

al CVPR 2004)

Â Also called gait energy image
(Han and Bhanu CVPR 2004; TPAMI 

2006)

Â New form is gait entropy image
(Bashir and Gong ICDP 2009)

Â Analysed on HiD, Soton and 
Casia databases

1919
Sarkar et al., ICPR 2004



20

Model-based approaches

Nixon, Tan and Chellappa, 

Human ID Based on Gait
20
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Modeling the Thighôs Motion 1

( ) cos( )xvs t A tw f= +
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( ) cos( )xvh t Vx A tw f= + +

Modeling the Thighôs Motion 2
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Modeling the Thighôs Motion 3
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Validity?
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Â Extended pendular thigh-model, based on angles 

Â Uses forced oscillator/ bilateral symmetry/ phase coupling

Modelling Gait(s)

ɗK

ɗT

lT

lK

h

mT

mK

Yam, Nixon and Carter, AVBPA 

2001, Patt. Recog. 2004
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Basis of Recognition Metric

Yam, Nixon and Carter, SSIAI 

2005

Â Accumulate evidence of Fourier descriptors

Â Use to calculate Fourier transform

Â Magnitude spectra similar

Magnitude Spectra
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Basis of Recognition Metric -Phase

Cunado, Nash, Nixon and Carter, 

AVBPA 1997; CVIU 2003

Â Phase spectra differ

Phase Spectra
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Recognition Metric

Â Product of phaseĬmagnitude gives recognition measure

Phase-Weighted Magnitude
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Cunado, Nixon and Carter, 

CVIU 2003
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Model-Based Recognition  Results

Yam, Nixon and Carter, SSIAI 

2002
29



Does gait biometrics really work?

BBC1 Bang Goes the Theory

Episode 1, 2009



Matovski and Nixon, Proc. IEEE 

BTAS 2010, IEEE TIFS 2012

Analysing the Effects of Time

31

Few minutes apart, different clothes

Nine months difference



Other work

Comparison with related works. Baseline [15], CMU, DNGR [13] and STSDM 
evaluated on CMU MoBogait data set (experiment 2 of CMU) with walking 

speed 3.3 km/h and 4.5 km/h; ST-WS [36] and SI-PSA [35] evaluated on OU-ISIR 
treadmill gait data set A [56] with walking speed variation of 3 km/h and 4 km/h 

between gallery and probe gait sequences. 
Das Choudhury and 

TjahjadiCVIU 2013
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Bouchrika, Nixon, Carter, J. Forensic 
Science 2011, and Eusipco2010

Murder case in Australia 2014
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Forensic System

Iwama, Muramatsu, Makihara, and Yagi, 

BTAS2012



Commercialisation

35

http://www.youtube.com/watch?v=YvsKPpO-MMU
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Soft Biometrics

Nandakumar and Jain 2004 

(augmenting traditional biometrics

Face Soft

Attribute

Kumar, Klare, Zhang

Relative Attribute 

[Graumann], Reid, 

Almudhahka

Body Soft

Categorical

Samangooei

Comparative 

Reid, Martinho-

Corbishley

Other Soft

Tattoos Lee

Clothing Jaha

Makeup Dantcheva

Bertillonage 1890 

(body, face, iris, ear, noseé)

Estimation of Age + Gender + Ethnicity + Weight + Height + é

From

Ross and Nixon
Soft Biometrics 

Tutorial

BTAS 2016



1. Human understandable description 

rich in semantics, e.g., a face image described as a ñyoung Asian maleò

bridges gap between human and machine descriptions 

1. Robustness to image quality 

soft biometric attributes and low quality data 

subject at a distance from the camera

1. Privacy 

lack of distinctiveness implies privacy friendly

é but we can recognise you anywhere

1. Performance improvement 

use in conjunction with biometric cues such as face, fingerprint and iris 

fusion to improve accuracy. ID invariance to viewpoint, illumination.

Advantages of Soft Biometrics



A. Bertillon, Identification of Criminals 1889

History of Soft Biometrics: Bertillonage



Å 1903, Will West committed 
to penitentiary at 
Leavenworth, Kansas

Å Bertillon measurements 
matched William West, who 
was committed for murder 
in 1901 

Å Led to fingerprints

Å Story is true?

ñThis image was probably used in a ca. 

1960s FBI training sessionò

www.LawEnforcementMuseum.org

West vs West

http://www.lawenforcementmuseum.org/


ÅIntegration of Soft Biometric Traits with a Fingerprint Biometric System 

Åx is the fingerprint, y is the soft biometric

Jain, Dass, and Nandakumar, 
ICBA2004

First mention of Soft Biometrics



Å Recognition performance of a fingerprint system after including soft biometrics
Å Identification and verification
Å Fingerprint + ethnicity + gender + height

41
Jain, Dass, and Nandakumar, 

ICBA2004

Performance



Soft Biometrics from Face 



Whatôs in a Face? 



Face and Age

Beautyanalysis.co
m



Face and Kinship

[Lu 2013]
[Guo 2012]
[Fang 2010]
[Shao 2011]



Face and Voting Decisions

[Little 2007][Todorov 2005]

ƴ The role of facial shape in voting 
behavior

ƴ Face and sexual 
inclination??????



47/200

Bouchrika, Nixon, Carter, J. Forensic 
Science 2011, and Eusipco 2010

Motivation: Murder case in Australia 2014



άнп ȅŜŀǊ ƻƭŘ ƳŀƭŜ ŀǾŜǊŀƎŜ ƘŜƛƎƘǘ
ǿŜŀǊƛƴƎ ǎƘƛǊǘέ

Eyewitness statement Image of crime

Database of images

Database of 
descriptions

Generate description

Generate descriptions

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

Subject Gender Age Height Nose W Top

? M 24 171 2.4 Shirt

Descriptions and attributes for identification
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64×97

128×194

256×386

What can you recognise?



ÅGender?

Subject 1 2 3

PETA 

image

Martinho-Corbishley, Nixon 

and Carter, Proc. BTAS 2016

Gender Estimation on PETA

A. Male

B. Female

A. Male

B. Female

A. Male

B. Female
A. Male

B. Female

A. Male

B. Female

A. Male

B. Female
PETA label



ÅWe explore semantic 
descriptions of:

Åphysical traits

Åsemantic terms

Åvisible at a distance

Terms

Traits
Height Sex

Tall Short Male Female

Samangooei, Guo  and 

Nixon, IEEE BTAS 2008

Samangooei and 

Nixon, SAMT 2008

Exploring Human Descriptions



Advantages

1. No (feature/ sensor) ageing

2. Available at a distance/ low resolution/ poor quality

3. Fit with human (eyewitness) description/ forensics

4. Complement automatically-perceived measures

5. Need for search mechanisms

Disadvantages

1. Psychology/ perception

2. Need for labelling

On Semantic Descriptions



DƻƻƎƭŜΥ άǎǳǎǇŜŎǘ ŘŜǎŎǊƛǇǘƛƻƴ ŦƻǊƳέ



Global Features

ÅFeatures mentioned most often in 

witness statements

ÅSex and age quite simple

ÅEthnicity

ÅNotoriously unstable

ÅThere could be anywhere between 

3 and 100 ethnic groups

Å3 ñmainò subgroups plus 2 extra to 

match UK Police force groupings

ÅGlobal

Å Sex

Å Ethnicity

Å Skin Colour

Å Age

ÅBody Shape

Å Figure

ÅWeight

Å Muscle Build

Å Height

Å Proportions

Å Shoulder Shape

Å Chest Size

Å Hip size

Å Leg/Arm Length

Å Leg/Arm Thickness

ÅHead

Å Hair Colour

Å Hair Length

Å Facial Hair Colour/Length

Å Neck Length/Thickness
Samangooei, Guo  and 

Nixon, IEEE BTAS 2008

Traits and terms

So we thought!!



ÅNo ópolitical correctnessô

ÅNote, or avoid, homonyms and 
polysemes

ÅEschew completely argot and 
colloquialism

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

é.. and avoid words like eschew

Phrasing questions



Body Features

ÅBased on whole body description stability

analysis by MacLeod et al.

ÅFeatures showing consistency by different 

viewers looking at the same subjects

ÅMostly comprised of 5 point qualitative 

measures  

e.g. very fat, fat, average, thin, very thin

ÅMost likely candidate for fusion with gait

ÅGlobal

Å Sex

Å Ethnicity

Å Skin Colour

Å Age

ÅBody Shape

Å Figure

ÅWeight

Å Muscle Build

Å Height

Å Proportions

Å Shoulder Shape

Å Chest Size

Å Hip size

Å Leg/Arm Length

Å Leg/Arm Thickness

ÅHead

Å Hair Colour

Å Hair Length

Å Facial Hair Colour/Length

Å Neck Length/Thickness
Samangooei, Guo  and 

Nixon, IEEE BTAS 2008

Traits and terms

This changed
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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

A bit of psychology



ÅProfessional labelling environment 

ÅCan evaluate labellers (continuously)

ÅEnsure wide population of labellers

ÅNot expensive

ÅOthersavailable (Amazon Mechanical Turk 

not available in UK)

https://www.crowdflower.co

m/

Martinho-Corbishley, Nixon and 

Carter, BTAS 2016

Labelling via



Laboratory

ǒ Southampton Gait Database

ǒ Southampton 3D Gait and Face

óRealô World

ǒ PEdesTrian Attribute (PETA)

ǒ LFW

ǒ Clothing Attribute Dataset

Databases



Samangooei and Nixon, 

IEEE BTAS 2008

Human descriptionsGait biometrics

Human descriptions: recognition capability

First result



Perspicacity of categorical labels



Subjective = unreliable; Categorical = lacks detail

Reid and Nixon, IEEE 

IJCB 2011; TPAMI 2015

Problems with absolute descriptors



ÅCompare one subjectôs attribute 

with anotherôs

ÅInfer continuous relative 

measurements

Reid and Nixon, IEEE

IJCB 2011

Comparative human descriptions



Subset of attributes and Alex Rodriguez (A), Clive Owen (C), Hugh 
Laurie (H), Jared Leto (J), Miley Cyrus (M), Scarlett Johansson 

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

Parikh and Grauman, 

IEEE ICCV 2011

Used ranking SVM

Context: relative attributes



DAP Direct Attribute Prediction

SRA score-based relative attributes

Parikh and Grauman, 

IEEE ICCV 2011

Zero-shot learning performance as the proportion 
of unseen categories increases. Total number of 

classes N remains constant at 8

Zero-shot learning performance as more pairs of 
seen categories are related (i.e. labeled) during 

training

Context: relative attributes



Reid and Nixon, IEEE 

ICDP 2011

Height correlation (with time)



Reid and Nixon, 

IEEE ICDP 2011

Recognition



Incorrect with 10 
comparisons

Reid and Nixon, 

IEEE TPAMI 2015

Correct with 1 comparison

Recognition/ retrieval



ÅUse ELO rating system from chess 

to infer relative descriptions

ÅTurn comparative labels into a 

ranked list

ÅComparative ü categorical

ÅAlternatives?

ÅParameters? 

Reid and Nixon, 

IEEE IJCB 2011

Ranking comparative descriptions



Evaluation: effect of the number of comparisons 
on recognition



http://ww2today.com

Components

Å Data

Å Labels (categorical or comparative)

Å Ranking algorithm (for comparative labels)

Å Feature selection (e.g. SFSS, entropy)

Å Computer vision (feature extraction, colour 

mapping,)

Å Classifier ( e.g. kNN, SVM, DBN)

ΨDƛǾŜ ǳǎ ǘƘŜ ǘƻƻƭǎ ǘƻ ŦƛƴƛǎƘ ǘƘŜ ƧƻōΩ

http://ww2today.com/


Labelling the body, face and clothing



Å Pedestrian attribute estimation 

(gender, clothing)

Å Pre-segment pedestrian image

Å Use multi label CNN

Å Applied to VIPeR , GRID and PETA

Å Increased average attribute 

estimation

Å Can be used for re-identification

Zhu, Liao, é, Li, Proc ICB

2015, IVC 2016 

Context: attribute estimation



Analysis on PETA

Zhu, Liao, é, Li, 

IVC 2016 

Context: attribute estimation



Zhu, Liao, é, Li, Proc ICB

2015, IVC 2016 

Analysis on ViPER

Context: attribute estimation



Martinho-Corbishley, Nixon and 

Carter, IET Biometrics 2015

Crowdsourcing body labels



Å Initial trial questions used, successful 

respondents proceed

Å ñCanôt seeò acceptable for all annotations 

(respondents capped at a maximum rate)

Å Respondents rejected if response distribution 

varied largely from average

Å Questions included text and highlighting, 

reiterating task question

Å Layout consistent with easy use

Å Initial answers blank to avoid anchoring

Statistics

# respondents 892 

# annotations 59400 

# resp. flagged 124 

# annot. rejected 4383 

cost $303

Martinho-Corbishley, Nixon and 

Carter, Proc. BTAS 2016

Considerations on crowdsourcing



All Gender Height Uncertainty

Martinho-Corbishley, Nixon and 

Carter, IET Biometrics 2015

2016

Distributions of body labels



Mean rank discordance vs number of comparisons
Martinho-Corbishley, Nixon and 

Carter, IET Biometrics 2015

2016

Number of comparisons

Influence of # comparisons



Lower recognition accuracy (expected)
More labels and comparisons increase accuracy (expected)

Recognition by crowdsourced body labels



Ålabel ranking via ranking SVM

Åimage split into horizontal strips 
characterised by colour

ÅHistogram of Oriented Gradients 
applied to whole image

Ålearning functions trained to 
predict soft biometric labels given 
image features and annotations

Åused Extra-Trees (ET) supervised 
ensemble learning algorithm

Identification by body labels

Views from SOBIR dataset

Martinho-Corbishley, Nixon and 

Carter, IEEE ISBA 2016


