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Efficient Sparse Learning
on Crowd People Counting

SHINYA MASUDA, Tl MASAMICHI SHIMOSAKA, !
TAKETOSHI MORI'! and ToMmoMASA SATOf!

Counting people in crowded environments is valuable for applications such as
traffic analysis, safety in urban or advertising. Recently, number of people in
the scenes can be estimated using holistic image features. The performance of
this approach depends on the combination of motion segmentations and image
features. Therefore, we propose a learning method which selects only useful
features and segmentations from a large number of those automatically. Our
mainly consists of two stages. Our method contains !/;-norm regularization,
which is known as a shrinkage and selection technique, in two stages. Thanks
to using Lars methods, which calculate a regularization path efficiently, the
proposed approach can determines a hyper-parameter under less training time.
Experimental results show our sufficient estimation accuracy and reduction of
required features within less training time.

1. O O

goooooooooboooboooooooboboooooooooooooooooonoo
ooboooooooobooooooooooboooboooooboooooooooobooooo
00000V ?000®000000000000000000000000000000
gbooooobooooboboooooboooooobobobooobOOobooooooo
gooooooooooooobooooobooboooooooooooooooooooonoo
0000000000000000000000000Y000000000000000
0000000000097 000000000000000000000000000
goooobooooooooboobooooooboooooboobooboboooooooooooooDo
goooboobooooooboooooooooooboooOoobooOoboOoobooooooono
oooobooooooooooboobooooooooOoboOooooooOoooOoooooboo
gboboooooboooooboooobooboooooobooboooobOoboOooOoboOoooo
oooooooooooooboooooooOoooooboooooooOooboobooOobOoOoo
goooboooooooobooooooooOoooOooboboooooooOoooboooooOboOoo
goooooboooooobooooooooOooo0oooOoobooooooooOoooobooboo
gboboooobodoooooobobooboooodboooooboOobooOoboooboobOoDbo
gobooooooooooooboooooOboobOo0ooobOoooooobOboOooboOoooDoo
goooooooooooooboooooobooboooooooobooooooooooonDo
goooooooooooobooooooooboooooooooooooooooooonoon
goooooooooooobooboooooooobooooooooooooooooonDo
goooooooooooooooobobooooooboooooooooboooooooonbDo
oobooooooooo

goooOooooooooobooboOooobooooooboooOoooooobooboOooooon
goooooboooooooooboobooboocooobooooooobooobocoooooboon
goooobooooooobooboooooboooobobgOO0ODOOOOOOOOOOODO
o0000ooo000ooo0o0oooo0ooo0ooooooooo 22—-1000000

10000
University of Tokyo

© 2011 Information Processing Society of Japan



goooooooog
IPSJ SIG Technical Report

00000 ¢0000000000000000000000000000000000
00000D00000000000000000000000000000 3g(g+1)0
000¢°0000000000000¢g0000000000000D0000000000
000000000000 0000000000000000000000000000
000000 Lasso® 0000000000000 D00O00O00O00000000000O0
0000LO00000000000D00000000000000000D0000000
000 Lasso 0000000000000 Lasso 0000000000000 Group
Lasso®” 0000000000 GroupLasso 0000000000000 0000O00O0
0000000000000000000000000000000000000000
000000000 Lasso 0000000000000 000000000000000
SparseGroupLassolO)DDDDDDDDDDDDDDDDDDDDDDDD 2000000
20000000000000000010000000000000000000000
O00000000000000000000000 Lars (Least angle regression)'?) O
00000000 Lars-Lasso' ,GroupLars? 00000000O00000000 2000
00000000000000100000000000000000000000 29-1
0000 ¢000000020000000000000000000000000000
O00O0Lars 0000000000000 000000D00000D0000000000
0000000000000000000000000000000000000000
0000000000000 000000002000000000000000030
0000000000000 000040000000500000000

2. JbOoobooobooooban

goooooboooboooooOooboooooooboooooo

g di
§=> > widsu(@), (1)

DDDDDDDDDDDDDD¢szb;@L~n@@uWTﬂuDDDDDDDDD
000000w;(z) = [w, - ,wja,] 00000000 ¢,(zx) 00000000000
0000d;0j00000000000000000¢0000002000000000
2.1 0000000

10000000000000000000 2000000010000000000

goooobooboooooboooooooooooobbo2000000000O0DOOOOOn

segmentation features

FeatureA

8
FeatureN —»
n E

FeatureA
atureB

linear

. regression
video: x 8

Fas

= :segemetation
selection
= :features n b
selection

il

estimation :y

eature

01 0000000000000
Fig.1 learning overview for people counting
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Algorithm 1 Proposed Learning method

using Group Selection and Feature Selection

Input:
®(x): features for N frames
y : a vector of N observations

K : upper limit number of used segmentation

{Group Selection Stage}
while |S| < K do
search a new group as A decreases from oo
Sk < selected groups
| S|  number of selected groups (|Sk| = |Sk—1| + 1)
k=k+1

end while

{Feature Selection Stage}

for all S do
Wy, +—sparse learning
(hyper parameter is determined with cross-validation)
scorey, <— MSE scored by cross-validation

end for

Output:

w;, : k = argmin scorey,
k
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Fig.2 generated weights and learning result with the proposed method
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Table 1 preliminary experimental result

MSE | training time (s) used group
Proposed | 5.67 279 1,2,3,4,5,6,7,8,9
Forward 5.35 2029 1,2,3,4,5,6,7,8,9,10
Backward | 5.35 2484 1,2,3,4,5,6,7,8,9,10
Ridge 9.22 11 all
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Fig.3 Example frame of dataset and ROI (Region of Intersting)

4.2 O00O00O0OO

000000000000 UCSD pedestrian database® 0000000000000
0000000 10000000 11460000000 200000000000000000
0000200000000000000000000000000000O 10fpsd238x158
00o000b0o0o0o0oo0o0oDOo00oo0o0o0bOOo0bOo0ooDbOoDoOOobOoOOoDoOoooOoon
000 3000000000000 00000o0oooDooDooObOooOoooooooa
00000000000 0o0o0O0o0b0obDb0o 40000000000 2000000000
godeo0odD 1399000 8OOIDODDOODDODOOODOODDO 120000000000
000000000000000 ChanO0? 0000000000000 OODODOO3.10
0000 8000000000 0O00O0O 3200000 2500000000 25x8=200
000oo0oooooooooooOoo0oooOoo0oooOooooo ooboDbO1DbbOo0ooo
gooood

4.3 0 0O0O0O
goboooboboobooboobobobboobboobOboboobobooboooboooo
0000000000000 00000000Y 0000000000000000000

© 2011 Information Processing Society of Japan



goooooooog
IPSJ SIG Technical Report

0D0000000000D000000 Matlab?® 0000000000 O0O00O0O

e JOOOO
000oogog2500000000000

e Group Lasso”
0000002200 000000000000000000 ,OOOOOOOOOO
0000 ,000000000000000000000000000000000Q0
000000000000000000000000000000000000000
000000 cvx*) 0000000000000 0000000000000 AO00
O000o0oooooo agoooooo

e JJ0IOOOOOOOO
ooooog25000000000000

e JJ0IOIUOOOOODOOO
ooooog2s5000000000000

e GPR?
0000000000Y000000000000000000000000GPRO
oo0o0o0o0o0ooooooOooOOo0ooOoOoOoDOOoUOOooooooDooooooog
o0o0o0O00o0o00oooU0UoU0oooooDOooUooooooooDooooooog
oooo0oO0oooooOoDO0o0oU00OooOoOoOoDOoOoUoooOoOoDOoOoOoOoooDoOoO
0O0000000oooooooooooo0ooooo00000oooooooooan

4.4 0000

00000000000000 400000 4400000000000000000

0000000000 O0OIntel Xeon E5335 2.00GHz OO MatlabO OO O OOODDOO

O00D0000O0OMSEODO 3.640000000000000 2000000000000

0000000000000000000000 8000 40000000000000

0000000000o0ooooooooo0ooooooooooooo 2000001300

O000oooooes%0000000000000000000000000OO0O000O0

000000000000000000000000000000000000O00O00a0

000000ooooO 0000000000000 O0O0000ooUoooooooooo

ooo0o0o0o0oU00ooooooOoOOo0oU00oooooOoDOoOoOoooOooOOOoOooooDooDOoO

ooo0o0o0ooooUooOooOoO0ooUdUooooooOooUOoOoooooooooog

ooo0o0ooooooOoDO0oOo0ooOoOoOoDO00ooU0DO0oooOOoooUooooooooog

40

---ground truth
— estimation (proposed)

Number of people
N w
o o

—_
(=}

0O 500 1000 1500 2000
Frame
04 0O0O0O0O

Fig.4 extimate result

gboboooooooboboobooooobdoboobobooooOobOobObogoboOOoDO
g=80000000C00OO000O0OOOOOOOOOOODODODODOOOODODO40010O
gooooooooooooboooooooooobooooooooooOoooooboobo
gooooooooooooobooboooooobooooooooboooooooooobobo
gooooooooooobooooooooooooooooooooboDbooOoooooDo
goboooooooobooooooooboooooboooooobooooo

5. O U

gooooooooooooooboooooooOobooooooooooooooonboo
gobo0d2000 LacsOO0O00OO0D0OOOOOOO0ODOOOODOODOOOODOOODODOO
goooooooooobobooooooooooooobooobo20000000DO0b0000
gobo0boo00bDLars000000D0OOOO0OOOO0ODOOODOOOOOOODOOODOO
gooobooooooooooooboooOooooooboobobOooOoooobooOooooo
goooboobooooooboobooooooOooo0ooooobooooooobOobooOooooono
oooooooboooobooobooOooooobobooooooooooooooboobo
goooboooooooobooooooooboooooooboboooooooooooooboo

© 2011 Information Processing Society of Japan



goooooooog
IPSJ SIG Technical Report

02 0000000
Table 2 experimental result

MSE num. of num. of | training time

segmentation | features (s)

Proposed 3.64 4/8 13/200 104
Ridge 4.97 8/8 200/200 15
G-Lasso 6.16 4/8 100/200 2068
Forward 4.16 3/8 10/200 426
Backward 4.11 2/8 9/200 567

GPR 3.49 8/8 200/200 17026
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Fig.5 calculated weight with proposed method: A section between red lines means one group. The

weight coefficient

groups are listed in 3.1 from left.
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