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Topical?



Challenge



Let’s find a single person in Southampton

Characteristic – chance Remaining population

300000

60000>> 21 (!!) – 1/5

Male – 1/2 30000

White (?) – 2/3

Northerner – 1/40

(was) 6’ – 1/10

Slim – 1/5

Non-manicured hair – 1/10

20000

500

50

10
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Soft Biometrics

Nandakumar and Jain 2004 

(augmenting traditional biometrics

Face Soft

Attribute

Kumar, Klare, Zhang, 

Gonzalez-Sosa

Relative Attribute 

[Graumann], Reid, 

Almudhahka, 

Body Soft

Categorical

Samangooei

Comparative 

Reid, Martinho-

Corbishley

Other Soft

Tattoos Lee

Clothing Jaha

Makeup Dantcheva

Eyes & glasses

Mohammed

Hair Proenca

Bertillonage 1890 

(body, face, iris, ear, nose…)

Applications: Performance, identification, marketing, fashion …..

Adapted from 

Ross and Nixon
Soft Biometrics 

Tutorial

BTAS 2016



1. Human understandable description 

rich in semantics, e.g., a face image described as a “young Asian male”

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

… 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



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

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

• Led to fingerprints

• Story is true?

“This image was probably used in a ca. 

1960s FBI training session”

www.LawEnforcementMuseum.org

West vs West

http://www.LawEnforcementMuseum.org


• Integration of Soft Biometric Traits with a Fingerprint Biometric System 

• x is the fingerprint, y is the soft biometric

Jain, Dass, and Nandakumar, 
ICBA 2004

First mention of Soft Biometrics



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

10
Jain, Dass, and Nandakumar, 

ICBA 2004

Performance



Soft Biometrics from Face 



What’s in a Face? 



Face and Age

Beautyanalysis.com



Face and Kinship

2018 onwards, many inc. 
[Hu 2018], [Aliradi 2018], Yan 2018]
[Tan 2017]
[Lu 2013]
[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]



Face and Decisions

[Todorov 2015] 
[Little 2007]
[Todorov 2005]

■ The role of facial shape in voting 
behavior

■ Face and sentencing

■ Face and trustworthiness

■ Face and sexual 
inclination??????



Antipov,  Baccouche,  Berrani , 

Dugelay, Patt Recog. 2017

Performance



Facial Soft Biometrics for Recognition in the Wild: 
Recent Works, Annotation, and COTS Evaluation

Soft Biometrics for Recognition: A) Bag of Soft Biometrics; 
B) Search Space Reduction; and C) Fusion with a Hard 

Biometric System
Gonzalez-Sosa, Fierrez, Vera-Rodriguez, 

Alonso-Fernandez IEEE TIFS 2018



A survey on facial soft biometrics for video 
surveillance and forensic applications

Becerra-Riera, Morales-González, 

Méndez-Vázquez, AI Review 2019



Demographic Analysis from Biometric Data: 
Achievements, Challenges, and New Frontiers

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

Sun, Zhang, Sun, Tan

IEEE TPAMI 2018



20/200

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

Motivation: Murder case in Australia 2014



“24 year old male average height
wearing shirt”

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?



• Gender?
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



• We explore semantic 
descriptions of:

• physical traits

• semantic terms

• visible 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



Google: “suspect description form”



Global Features

• Features mentioned most often in 

witness statements

• Sex and age quite simple

• Ethnicity

• Notoriously unstable

• There could be anywhere between 

3 and 100 ethnic groups

• 3 “main” subgroups plus 2 extra to 

match UK Police force groupings

• Global

• Sex

• Ethnicity

• Skin Colour

• Age

• Body Shape

• Figure

• Weight

• Muscle Build

• Height

• Proportions

• Shoulder Shape

• Chest Size

• Hip size

• Leg/Arm Length

• Leg/Arm Thickness

• Head

• Hair Colour

• Hair Length

• Facial Hair Colour/Length

• Neck Length/ThicknessSamangooei, Guo  and 

Nixon, IEEE BTAS 2008

Traits and terms

So we thought!!



• 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

Phrasing questions



Body Features

• Based on whole body description stability

analysis by MacLeod et al.

• Features showing consistency by different 

viewers looking at the same subjects

• Mostly comprised of 5 point qualitative 

measures  

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

• Most likely candidate for fusion with gait

• Global

• Sex

• Ethnicity

• Skin Colour

• Age

• Body Shape

• Figure

• Weight

• Muscle Build

• Height

• Proportions

• Shoulder Shape

• Chest Size

• Hip size

• Leg/Arm Length

• Leg/Arm Thickness

• Head

• Hair Colour

• Hair Length

• Facial Hair Colour/Length

• Neck Length/ThicknessSamangooei, Guo  and 

Nixon, IEEE BTAS 2008

Traits and terms

This changed
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How does this fit with computer vision?
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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



• Professional labelling environment 

• Can evaluate labellers (continuously)

• Ensure wide population of labellers

• Not expensive

• Others available (Amazon Mechanical Turk 

not available in UK)

https://www.crowdflower.co

m/

Martinho-Corbishley, Nixon and 

Carter, BTAS 2016

Labelling via



Laboratory

● Southampton Gait Database

● Southampton 3D Gait and Face

‘Real’ World

● PEdesTrian Attribute (PETA)

● LFW

● 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



• Compare one subject’s attribute 

with another’s

• Infer 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



• Use ELO rating system from chess 

to infer relative descriptions

• Turn comparative labels into a 

ranked list

• Comparative › categorical

• Alternatives?

• Parameters? 

Reid and Nixon, 

IEEE IJCB 2011

Ranking comparative descriptions



Evaluation: effect of the number of comparisons 
on recognition



http://ww2today.com

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)

‘Give us the tools to finish the job’

http://ww2today.com


Labelling the body, face and clothing



• Pedestrian attribute estimation 

(gender, clothing)

• Pre-segment pedestrian image

• Use multi label CNN

• Applied to VIPeR , GRID and PETA

• Increased average attribute 

estimation

• Can be used for re-identification

Zhu, Liao, …, Li, Proc ICB

2015, IVC 2016 

Context: attribute estimation



Analysis on PETA

Zhu, Liao, …, Li, 

IVC 2016 

Context: attribute estimation



Zhu, Liao, …, Li, Proc ICB

2015, IVC 2016 

Analysis on ViPER

Context: attribute estimation



Martinho-Corbishley, Nixon and 

Carter, IET Biometrics 2015

Crowdsourcing body labels



• Initial trial questions used, successful 

respondents proceed

• “Can’t see” acceptable for all annotations 

(respondents capped at a maximum rate)

• Respondents rejected if response distribution 

varied largely from average

• Questions included text and highlighting, 

reiterating task question

• Layout consistent with easy use

• 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



• label ranking via ranking SVM

• image split into horizontal strips 
characterised by colour

• Histogram of Oriented Gradients 
applied to whole image

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

• used Extra-Trees (ET) supervised 
ensemble learning algorithm

Identification by body labels

Views from SOBIR dataset

Martinho-Corbishley, Nixon and 

Carter, IEEE ISBA 2016



• 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

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

Identification by body labels

Martinho-Corbishley, Nixon and 

Carter, IEEE ISBA 2016



Normalised relative scores vs ranks Kentall’s τ correlation

ranking
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Trait performance



Gender distribution not binary
Can measure confidence

N
o
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Ranking Ranking

Martinho-Corbishley, Nixon and 

Carter, BTAS 2016

Pairwise similarity comparisons on PETA



Martinho-Corbishley, Nixon and 

Carter, BTAS 2016

Analysing gender on PETA



Most ‘fine’ are actually 
coarse

Our comparative attributes 
are superfine

Comparison/ ranking gives 
many advantages

Superfine labels

Martinho-Corbishley, 

Nixon and Carter, 2017

Martinho-Corbishley, Nixon 

and Carter, TPAMI 2019



Superfine 

attribute 

analysis

Conventional attribute-based analysis

Labelling architecture

Martinho-Corbishley, Nixon 

and Carter, TPAMI 2019



Gender

Martinho-Corbishley, Nixon 

and Carter, TPAMI 2019



Ethnicity

Martinho-Corbishley, Nixon 

and Carter, TPAMI 2019



• Gender?
Subject 1 2 3

A. Male

B. Female
Gender

A. Male

B. Female

A. Male

B. Female
A. Male

B. Female

Analysing gender (??!!)

A. Male

B. Female

A. Male

B. Female



Categorical labels
(gender, age +...) 

Comparative labels

Almudhahka, Nixon and 

Hare, IEEE ISBA 2016

Reid and Nixon, IEEE

ICB 2013

Recognition by face attributes



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

Kumar, Berg et al, IEEE 

ICCV 2009

Used Mechanical Turk

Context: attribute and simile classifiers for face 
verification



Similes for Training

Face Verification Results on LFW
Kumar, Berg et al, IEEE 

ICCV 2009

Context: attribute and simile classifiers for face 
verification



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

Samangouei, Patel and 

Chellappa, IVC, 2016

Context: Facial attributes for active authentication 
on mobile devices



Samangouei, Patel and 

Chellappa, IVC, 2016

Context: Facial attributes for active authentication 
on mobile devices



Samangouei, Patel and 

Chellappa, IVC, 2016

Analysis on FaceTracer dataset Analysis on MOBIO

Context: Facial attributes for active authentication 
on mobile devices



Almudhahka, Nixon and 

Hare, IEEE BTAS 2016

Recognition by face via comparative attributes on 
LFW



Label compression improves 

recognition

Data is Southampton tunnel

New system just 3:

bigger, same, smaller

Had we previously  added 

categorical to comparative?

Almudhahka, Nixon and 

Hare, IEEE ISBA 2016

Compression of 5 point scale: recognition by 
comparative face labels



Almudhahka, Nixon and 

Hare, IEEE ISBA 2016

Face label distribution



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 

comparisons

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

using 10, 15, and 20 comparisons 

Kumar et al [42] achieved a verification 

accuracy of 85.25% on View 2 of LFW 

using trained classifiers for 73 binary 

attributes. 

Almudhahka, Nixon and 

Hare, IEEE BTAS 2016

Face recognition and verification on LFW



Crossing the semantic gap: estimating relative 
face attributes

Estimation of comparative labels

Constrained Local Models/ AAMs

Segmented face partsFace alignment Features HOG/GIST/ULBP

Almudhahka, Nixon and 

Hare, IEEE TIFS 2018



Estimating face attributes

Almudhahka, Nixon and 

Hare, IEEE TIFS 2018



Ranking subjects (images) by estimated face attributes

Almudhahka, Nixon and 

Hare, IEEE TIFS 2018



Retrieval performance Compression of 430 subject LFW-MS4 dataset

Recognition on LFW

Almudhahka, Nixon and 

Hare, IEEE TIFS 2018



• 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

automatic clothing analysis/ re-

identification

Jaha and Nixon, IEEE

IJCB 2014

Subject recognition, by clothing



Jaha and Nixon, IEEE

IJCB 2014

Clothing labels



Chen, Gallagher and 

Girod, ECCV ,2012

CAT: Clothing attribute dataset

Context: describing clothing by semantic 
attributes



Chen, Gallagher and 

Girod, ECCV ,2012
Just clothing ID, not person ID

Context: describing clothing by semantic 
attributes



Context: Deep Domain Adaptation for Describing 
People Based on Fine-Grained Clothing

Chen, Huang ..., 

CVPR, 2015



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

Jaha and Nixon, IEEE

IJCB 2014

Clothing alone and in addition to body descriptions



Jaha and Nixon, IEEE

IJCB 2014

Good match Poor matches

Recognition by clothing 



Jaha and Nixon, IEEE

ICB 2015

Clothing has ability to handle 90 

degree change

Viewpoint invariant recognition, by clothing



Martinho-Corbishley, 

Nixon and Carter, 

Proc. ICPR 2016

Estimating labels



Martinho-Corbishley, 

Nixon and Carter, 

Proc. ICPR 2016

Architecture



Martinho-Corbishley, 

Nixon and Carter, 

Proc. ICPR 2016

Recognition by estimated semantics



From Clothing to Identity: Manual and
Automatic Soft Biometrics

Jaha and Nixon, 

IEEE TIFS 2016



• 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

Automated clothing: grabcut person/ clothing 
initialisation



Automatically extract 17 

categorical soft clothing 

attributes

a. detection; 

b. head and body; 

c. minus background and 

with skin; 

d. final clothing segmentation

Jaha and Nixon, IEEE

TIFS 2016

Automatic clothing analysis





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

Recognition by automatic and human derived 
labels



Jaha and Nixon, IEEE

TIFS 2016

Automated clothing labelling on CAT



Gait tunnel

Guo, Nixon and Carter, 
IEEE TBIOM 2019

Soft biometric fusion – synthesised data 



Gathering body labels Gathering clothing labels

Guo, Nixon and Carter, 
IEEE TBIOM 2019

Soft biometric fusion – labels



Guo, Nixon and Carter, 
IEEE TBIOM 2019

Body performance



Face performance

Guo, Nixon and Carter, 
IEEE TBIOM 2019



Fusion performance

Guo, Nixon and Carter, 
IEEE TBIOM 2019



Soft biometrics 

➔ 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.

Conclusions
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2. What else does your biometric data reveal? A survey on soft biometrics, A Dantcheva, P Elia, A Ross, IEEE TIFS 2016

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

https://scholar.google.co.uk/citations?view_op=view_citation&hl=en&user=hlHOU9IAAAAJ&sortby=pubdate&citation_for_view=hlHOU9IAAAAJ:yFnVuubrUp4C
http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=7273870
http://link.springer.com/chapter/10.1007/978-3-540-25948-0_99
https://ieeexplore.ieee.org/abstract/document/8295149/
https://ieeexplore.ieee.org/abstract/document/7855777/
http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=4699354
https://scholar.google.co.uk/citations?view_op=view_citation&hl=en&user=C_Wd-oQAAAAJ&citation_for_view=C_Wd-oQAAAAJ:IjCSPb-OGe4C
https://scholar.google.co.uk/citations?view_op=view_citation&hl=en&user=feBvcioAAAAJ&cstart=20&sortby=pubdate&citation_for_view=feBvcioAAAAJ:WeWrUA-9SBMC
https://scholar.google.co.uk/citations?view_op=view_citation&hl=en&user=hlHOU9IAAAAJ&sortby=pubdate&citation_for_view=hlHOU9IAAAAJ:k_7cPK9k7w8C
https://ieeexplore.ieee.org/abstract/document/8078274/
https://ieeexplore.ieee.org/abstract/document/8359307/
https://ieeexplore.ieee.org/abstract/document/8852744/?casa_token=CB-wQ2AeENAAAAAA:E0TkfJk40-djVJ1mHTUFWot8EdDn6bPL5UOUkaB0CKBiQab5qCJKToeClGjxnuHmPkgSwSyM


And thanks to ….

Dr John Carter, Dr Sasan Mahmoodi, Dr Jon Hare

Dr Hani Muammar, Dr Adrian Evans, Prof. Xiaoguang Jia, Prof Yan Chen, Prof Steve Gunn, Dr Colin Davies, Dr Mark Jones, 

Dr Alberto  Aguado, Dr David Cunado, Dr Jason Nash, Prof Ping Huang, Dr David Benn, Dr Liang Ng, Dr Mark Toller, Dr John 

Manslow, Dr Mike Grant, Dr Jamie Shutler, Dr Karl Sharman, Prof Andrew Tatem, Layla Gordon, Dr Richard French, Dr Vijay 

Laxmi, Dr James Hayfron-Acquah, Dr Chew-Yean Yam, Dr Yalin Zheng, Dr Jeff Foster, Dr Jang Hee Yoo, Dr Nick Spencer, Dr 

Stuart Prismall, Wan Mohd.-Isa, Dr Peter Myerscough, Dr Richard Evans, Dr Stuart Mowbray, Dr Rob Boston, Dr Ahmad Al-

Mazeed, Prof Peter Gething, Dr Dave Wagg, Dr Alex Bazin, Dr Mike Jewell,  Dr Lee Middleton, Dr Galina Veres, Dr Imed 

Bouchrika, Dr Xin Liu, Dr Cem Direkoglu, Hidayah Rahmalan, Dr Banafshe Arbab-Zavar, Dr Baofeng Guo,  Dr Sina 

Samangooei, Dr Michaela Goffredo ,  Dr Daniel Thorpe, Dr Richard Seely, Dr John Bustard, Dr Alastair Cummings, Dr 

Muayed Al-Huseiny, Dr Mina Ibrahim, Dr Darko Matovski, Dr Gunawan Ariyanto, Dr Sung-Uk Jung, Dr Richard Lowe,  Dr 

Dan Reid, Dr George Cushen, Dr Ben Waller, Dr Nick Udell, Dr Anas Abuzaina, Dr Thamer Alathari, Dr Musab Sahrim, Dr Ah 

Reum Oh, Dr Tim Matthews, Dr Emad Jaha, Dr Peter Forrest, Dr Jaime Lomeli, Dr Dan Martinho-Corbishley, Dr Bingchen 

Guo, Dr Jung Sun, Dr Nawaf Almudhahka, Tom Ladyman, Dr Wenshu Zheng, Di Meng, Moneera Alnamnakani

Sponsors: EPSRC, Home Office, MoD (GD), DARPA, ARL, EU


