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People identification using shadow dynamics
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Abstract The exploitation of biometrics information in human shadow silhouettes (shadow biometrics), derived
from video imagery after processing by gait analysis methods opens new avenues in remote biometrics. For the
first time it becomes possible to obtain ”overhead” biometrics, which may lead to recognition of human identity
and behavior from high altitude airborne platforms using overhead video sequences. ”Shadow biometrics” may use
shadow information without body information, or in combination with it, as an additional perspective approxi-
mately equivalent to the use of a second camera. We took recordings and created a gait database in which both
shadows and bodies are visible and used it to provide a first demonstration of the human gait recognition from
shadow analysis. Only the information from shadows was used, which appears appropriate for overhead surveil-
lance. We select a set of horizontal on the silhouette, for which we determine their length; this determines a set
of varaibles in time, to which we apply spherical harmonics for each gait cycle. A k-nearest neighbor classification
is applied to spherical harmonic coefficients. A subset of only 5 different subjects were used in this work to avoid
biasing the results since we did not compensate for changing of sun position wiht time; the correct classification
rate (CCR) was 95 %. In additional tests, we reduce spatial and temporal resolution of the images to 50 % each,

which reduced the CCR. to 80 %.
Key words Shadow biometrics, gait, people identification, spherical harmonics transforms
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(©)

0O 1 (a) Remote sensing imagery (Google [1]), (b) magnified and rotated 32 de-
grees clockwise, (c¢) further magnification of smaller window on top. What

looks like humans are, in fact, shadows. Heads and shoulders are small areas

at the bottom (legs) of the shadows.

(b)

0O 2 (a) Different directions of walking, (b) Image illustrating the real world

set-up, and person walking, with shadow visible.
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0 3 (a) A sample from the database, (b) its extracted tar-
get region, (c) body and shadow regions.
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4 (a) Determination of H(y,t), (b) An example of gait

stripes (H (y,t)).
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O 1 Comparison of the proposed method and conventional methods.

(1) 1D DFT[10] | (2) Affine moment (3) 2D DFT (4) The proposed
invariants [11] method
gooog x3 ggooooooo
The number of features (100%x400 pixel O 6 (Dobooooo 49
0 O O 120000) OOoooosooOno)
Correct classification rate [%)] 85 70 65 95

O 2 Correct classification rate [%] of shadow silhouettes with respect to spatial

and temporal resolution.

The number of features

(Spatial resolution, temporal resolution) [%)]

(100, 100) | (50, 100) | (100, 50) | (50, 50)
The proposed method 49 95 75 85 80
1D DFT[10] ooDbO0Od x3 85 80 80 80
(100x 400 pixel O O O O 120000)
Affine moment invariants [11] 6 70 50 80 45

ooboooooobobooooobobooooobo
oboo0o0oooobobooooobobooooooon

go0o0oooooooooooooooonobooooo [11]
O000o0ooooooooooooooooooooo
gooo 2]
O0000000o0ooooooooooooooog
go0ooooooooooooooooooooooo
O0000000000o0ooooogogn

13

g |

=

Google, http://maps.google.co.jp/

A. Stoica, Towards Recognition of Humans and their
behaviors from Space and Airborne Platforms: FEx-
tracting the Information in the Dynamics of Human
Shadows, Proc. the 2008 Bio-inspired, Learning and
Intelligent Systems for Security, pp.125-128, 2008.

[3] I. Bouchrika and M. Nixon, People Detection and
Recognition using Gait for Automated Visual Surveil-
lance, Proc. IEE Inter. Symp. Imaging for Crime De-
tection and Prevention, 2006.

[4] D. Cunado and M. Nixon and J. Carter, Automatic
Extraction and Description of Human Gait Models for
Recognition Purposes, CVIU, vol. 90, no. 1, pp. 1-41,
2003.

[5] C. BenAbdelkader and R. Cutler and L. Davis, Stride
and Cadence as a Biometric in Automatic Person
Identification and Verification, Proc. IEEE Conf. Face
and Gesture Recognition, pp. 372-377, 2002.

[6] C.BenAbdelkader and R. Cutler and H. Nanda and L.
Davis, EigenGait: Motion-based Recognition of People
using Image Self-Similarity, 3rd Int. Conf. Audio- and
Video-Based Biometric Person Authentication, 2001.

[7] S.Lee, Y. Liu, and R. Collins, Shape Variation-based
Frieze Pattern for Robust Gait Recognition, Proc. of
CVPR 2007, 2007.

[8] Y. Liu and R. Collins and Y. Tsin, Gait Sequence
Analysis using Frieze Patterns, Proc. the Tth Euro-
pean Conf. Computer Vision (ECCV’02), 2002.

[9] J. Acquah, M. Nixon, and J. Carter, Automatic gait
recognition by symmetry analysis, Pattern Recogni-
tion Letters, 24, pp.2175-2183.

[l0)] 00 0,00 00,00 00,00 00,00 00,0
goooooooooooooooooooooo, d

S

1S2-1300 853

doooooboobobobuooooooobooboan
000, Vol. 48, No. SIG 1(CVIM 17), pp.78-87, 2007.
Y. Iwashita and R. Kurazume, Person identification
from human walking sequences using affine moment
invariants, Proc. IEEE Int. Conf. Robotics and Au-
tomation, pp.436-441, 2009.

T. Tanaka, A. Shimada, D. Arita, and R. Taniguchi,
Object Detection under Varying Illumination based
on Adaptive Background Modeling Considering Spa-
tial Locality, Proc. the Third Pacific-Rim Symposium
on Image and Video Technology, pp.645-656, 2009.
R. Green, Spherical Harmonic Lighting: The Gritty
Details, SCEA Research and Development, 2003.





