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Our approach: Extended-MHI

Assume Iy = (I, b, . .., laframes) € R is a gray scale image
sequence and let B, = (By, By, . . ., Boframes—1) € 13 be a binary
image sequence indicating regions of motion, which can be
obtained from image differencing and thresholding:
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Assume Iy = (I, b, . .., laframes) € R is a gray scale image
sequence and let B, = (By, By, . . ., Boframes—1) € 13 be a binary
image sequence indicating regions of motion, which can be
obtained from image differencing and thresholding:

(1 if (lsy— k) > Threshold,
B = { 0 otherwise. (1)
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g _ [ 10 (v~ k) > Threshold,
710 otherwise.

where threshold is defined as:

nFrames

Threshold = Z o¢/(h X w x nFrames) (2)

t

where o, is the second moment (variance) of a single frame /;;
h, w, nFrames are the height, width and frame number of that
video sequence.
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H(t;7) =< ~ . 3
(t:7) H(t—1;7) —1 otherwise. (3)
> gait energy information (GEI)

1 T
G= ; Z It (4)
t=1

> Inversed recording (INV)

~ T |f Bt = 1,
(i) = { I(t+1;7)—1 otherwise. (5)
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Figure: Illustration of the MHI, INV and GEI in two tokens (top row
and bottom row). The projection images show that MHI emphasizes
recent motion, ending frames whilst /INV the beginning frames. GE/
encodes the average gait information and is supplementary in

repetitive actions where both MHI and INV are poor at representing.
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GEI

MHI

INV

Extended-MH]| ‘

0.2761

0.3010

0.3022

Table: Performance comparison of three elements in Extended-MHI
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Multiview Spectral Embedding

1. learn the complementary nature of different views,

2. search for a low dimensional representation and sufficiently
smooth embedding over all views.

3. 4% improvement in £9
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low-dimensional embedding MSE

m
argmin Z aftr(YL'YT) (6)
i=1

sty i=1 )

i

Y,
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