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1 Background & Mtivation 2 Project Ans
Bonetric is wed for telling the dfference between ind viduals and The naina mof this project is devel oping a autonatic gait recognition
icentifying human Git Honetrics we a persow’s val king trats to syste mincl ud ng i dentification and verification for hunman by their gait
icertify or verify individuals. @npared vith other Honetric nethods, videos or i mages. Two streans for finishng gait recognition job: 1
like finger-print, face, iris or pa m gait Honetrics techni que works !\/bd.eI-Free; 2 Mvdel-Based For each stream there wll be dfferent
qui etly froma far dstance through cl osed-circut televisions (CCT\s) for J obs: _
the subject who nay not even know he/she is under the surveill ance. 1. Mbdel-Free: Expore andi nplenent GEI Net net hod [1].
/% 2 Mbdel-Based: Explore and i nplenent ‘2D Pose Ksti nation using
Sl Part Affinity Helds” as a skeleton model to do nodel-based gait
‘ ] | " i ; 6 recognition[2].
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Gait as a behavioural bonetric whichisavailade at a dstance and dfficdt to dsguseis potentia tobe ded oyedinseveral scenarios. Gait has been used as forensic evi dence

in court for suspects who are not willing to cooperate. Wat’s nwre, gait can be used for autonated surveillance for high-security facilities, border access control and hone
automation Gait can also assist nedca research and treatnment like Parki nson.
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4.1 Model-Free Approach
N KJ
U % ‘%ﬁ k‘ Vb del -free bel ongs to appearance- based approach average sil houette or caled CGEl ( Gait
l '%ﬁ “\g - Energy | mage, as showninfigurel) representationis domnant wth n nodel-free approach

and a ways treated as a baseline. Inths project, exdore andi nplenent GEl Net nethod [1]
whi chis the conbi nation of GEl and CNN ( Convol utional Neural Net work), as showninthe
figure2 Next jobfor ths sectionistoexplore other non-deep-learning net hods as a baseline
4. Potentiad Process and wsed as a conparison for GEl Net. For exanple, symmetry anal ysis nethod [3]. If have
ti ne, opticd flowpdus CNN nethod could have atry [4].

B onetric prodens bel ong to pattern recognition region read inraw
behaviora konetric data extracts features and co npare those feat ures
agal nst what have stored in the database by using nachi ne learning
algorithns. The whole process can be dvidedinto 6 nai nsteps:

1 Datasets choosi ng and acqui ri ng

2 Pre- process| ng Hg 1 Average Slhouette (GA) [] Hg 2 GH Net Sruduel]]

3 Feature Extraction
4 Pattern Recognition

5 Perfor mance Masure nent
6 Dissertation Witing
For both nodel-free and nodel-based stream there wll be 1-2

4.2. Mo del- Based Approach

Vb del-based approaches provide a direct description of loco notion incl udi ng subjects’
_ head trunk li b, pel s, etc. Mvdel - based approaches need to construct a physical structure
methods inplenented where one shoud be state-of-the-art deep first and fit the noving subjects tothis nodel. Inths project, as sai din project ans chapter,
learring nethod and reed to focls more on that. (e tradtional use “2D Pose I5ti mation wsing Part Afinity Helds” as a skeleton npdel which is proposed
et hod for each streamcan be expl ored and treated as a baselire by Carnegie Mllon University (CMJ) , like shown in the figure3 Ater getting human
skeleton nodel and fitting tosubjects, neasure angles for dl joi nts through a gait peri od (li ke
shown in the figured) can get feature natrixes. Then uwe tradtional nachine learn ng

techni ques: SVM (Support \ector Michine), KNN ( k Nearest Neighbours) algorithm or
/ 5 Reference \ deep neura network totrainadassifier. Last but not least, use the trai ned d assifier to nake
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