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E. BIM correspond to visual pathway
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[0 BIM-STIP Framework
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BIM-STIP Framework
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E. LGN - spatial attention regulation

< Pixel Change Probability Map (PCPM)
" P(x,y,t) =
nP(x,y,t — 1)+ 1 —mllx,y,t) —I(x,y,t —1)|
< Integral Images

= Pl(x,y,t) = Zgg:(om P(x,y,t)

“ Locality Motion Energy (LME)

= LME(x,y,t,w,h) = (1/wh) [PI(x +w,y + h,t) +
Pl(x,y,t) — PI(x +w,y,t) — PI(x,y + h,t)]
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[0 V1 and V2

% V1 - primary visual feature extraction

Even Gabor filters

Gepen(,0,5) = exp (_

X% +

y2y2

207
X =xcos0 +ysinf ,Y = —xcosf + ysin0
= V1 Respond
V1(-,t,08,s) = I1(-,t) * Gopen(+,0,5)

% V2 - scale, shift and orientation invariance
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V2(x,y,t,0,e) = Max V1(,t,0,s)
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E. MT - higher order motion analysis

2D EMD

= R(x,t) = F(t — 1)Fp(t) — Fo(t)Fp(t — 7)
E,(t) = F(x,t), Fg(t) = F(x + Ad,t)

3D EMD
(MT(-,t,0,€) = F' ,(t —1)F'5(t) — F'4()F'5(t — 1)
= F',(t) =F'(,t,0,¢0)
\ F'g(t) =F'(-t,0,s AD) . )
F'=V2(x+ Adsinf,y + Adcosb,t,0,¢) e
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E: BIM-STIP detection strategy

% Orientation Competition
OC(x,y,t &) = méax{MT(x, y,t,0,¢e)}

o . sy Algorithm 1 BIM-STIP detection strategy
* Shift Competition Topat: OC(s. g1 &), LME (. g 0.7

(LOcaI MaXI mu m) Output: vector<Keypoint> points
] ] '\ Local maximum
% Locality Refine while (z.y) do
if LME(z,y,2(2),X(g)) < ImeThres then
< Global Optima continue
d if
end i
keypoint «— argmax OC(z,y,t, =)
(zy)eX(s)
points.push|keypoint |
end while
\\ Locality refine
while (i, j) do
if |points/i] — points[j] 21;.3 < dThres then

points.pop | argmin points/k|.respond
ke{i,j} o
end if
end while
'\ Global optima
Py < Py <... < Py + points.respond
pﬂfﬁi.‘i‘ — P[n}_- P[n—]} yoeey P[n__r.;}
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(X DSF - BIM motion feature

V1 Respond

= For extracting detailed feature, the smallest scale
space (s = 1and ¢ = 7) is selected

VIReypen(,t,0) = I1(,,t) * Gepen (-, 0,5 = 1)
“MT Respond
= The time offset is set to a minimum value (z = 1)

= The space offset is set to the main lobe width of
smallest scale Gabor filter (A® = 4)

MTR(,t,0) = F'y(t —T)F'g(t) — F'y()F'p(t — 1)
F'p =V1Repen(x,y,t,0),
F'g =V1R,pon(x +4sinf,y +4cos0,t,0,¢)



E. VSF - BIM shape feature

< 0Odd Gabor Filter

" Goaq(:,0,5) = exp (— Xz;r;/zzyz) sin (ZTRX)
V1 Respond

N V]-Rodd('i t,@) — I(: t) * GOdd(’i 0,s = 1)

V2 Respond
= V2R(x,y,t,0) = M%an{VlRodd(x, y,t,0)}
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Results of human action databases

bend jack jumppjumyp run side walkwavelwavel

Box Clap Wave Jog Run Walk

Confusion matrices of Weizmann Confusion matrices of KTH



% Comparisons with other bio-inspired methods

TABLE 11. COMPARISON TO BIO-INSPIRED METHODS
, KTH KTH L
Method (6 actions) (5 actions) Weizmann
BIS [8] 91.7% - 06.3%
BIF [10] 83.8% 92.4% 93.3%
DSF 88.8% 95.7% 90.4%
VSF 88.7% 04.5% 91.9%
DSE/VSF 91.1% 96.9% 97.8%

% Comparisons with representative algorithms

TABLE II1. COMPARISON TO THE STATE-QOF-ART ON KTH
DATABASE
KTH KTH
Method (6 actions) (5 actions)

LF [25] 71.7% 81.8%

VF [30] 63.0% 81.76%

STIP Dollar [2] 81.2% 88.6%
E-SURF [3] 84.3% 90.0%

HOG/HOF [12] 01.8% 96.2%

STW [31] 83.3% 91.6%

Unified [32] 87.3% 93.6%

Speech [33] 90.3% 96.2%

State-of-art | SMT [27] 91.7% 03.4%
HOG-OF [28] 94.3% 93.6%

MTP [29] 92.5% 06.5%

DSF 88.8% 95.7%

Ours VSF 88.7% 94.5%
VSF/DSF 91.1% 96.9%

Result Comparisons
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