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Introduction

 Galt provides a non-contact way of identifying a target person in a distance

without his/her co-operation, which enables gait to be used in security surveillance
and forensic authentication.

 The result of image/video-based gait recognition is influenced by exterior factors.
Among these factors, clothing changes can be treated as one of the most
challenging factors for gait recognition.




Proposed Method
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Although human gaits vary in different dressing patterns, they

are still related to some extent, depending on the degree of
Human Body Segmentation clothing changes.
'] « For each person, gaits in different dressing patterns can be
divided into two parts: the parts unaffected or less affected by
Snapshots from Views of H-W and T-W clothing variations and the parts largely affected.
'] « Itisreasonable to generate a robust feature representation for
cloth-changing gait recognition from the non/less affected
Generating Part-based Collaborative body parts.
Spatio-temporal Features
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Experiments

» The proposed method has been verified on two gait datasets,
« CASIA Gait Dataset B, one of the most widely-used gait datasets.
e OU-ISIR Treadmill Dataset B, the maximum number of clothing conditions.




Experiments On CASIA-B

Probe CL#1-2 0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180° Mean

GaitSet[1] (30frames) 29.4 43.1 495 48.7 423 403 449 474 430 357 256 409
Ours (30frames)  34.0 47.1 510 540 529 489 498 503 482 414 305 46.2
GaitSet[1] (64frames) 37.4 50.1 542 52.0 49.6 449 47.9 486 46.6 400 293 455
Ours (64frames)  38.1 523 57.9 591 562 513 53.8 566 563 48.0 312 510

ST(24)

AE [2] 187 21.0 250 251 250 263 28.7 300 236 234 190 242

MGAN [3] 23.1 345 363 333 329 327 342 376 337 267 210 315

MT(62) CASelll] (S0frames) 520 660 728 693 631 612 635 665 675 600 459 625
Ours (30frames) ~ 59.2 747 774 745 695 66.3 69.8 744 73.6 692 525 69.2

GaitSet[1] (64frames) 63.8 72.5 780 76.8 67.3 644 67.1 712 717 683 527 685

Ours (64frames)  61.8 77.6 83.1 804 743 705 757 808 811 749 549 734

CNN-LB [4] 37.7 572 666 611 552 546 552 59.1 58.9 488 394 540

GaitNet [5] 421 - - 707 - 706 - 694 - i - 632

LT(74) G@itSelll] (30frames) 614 754 807 773 721 701 715 735 735 684 500 704

Ours (30frames)  64.2 809 830 795 743 69.1 748 785 81.0 77.0 603 748
GaitSet[1] (64frames) 69.3 82.4 83.3 78.7 743 705 749 780 776 747 608 75.0
Ours (64frames) ~ 71.8 86.6 87.7 832 78.3 754 810 852 849 820 641 80.0



Experiments On OU-ISIR Treadmill B
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