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Fusion methods of pixels and texture feature for crowd counting
XU Maiping, ZHANG Erhu, CHEN Yajun
(Faculty of Printing, Packaging Engineering and Digital Media Technology, Xi’an University of Technology,
Xi’an 710048, China)

Abstract: The crowd counting under the public scene monitoring is an important part of public security
management. For the case of complex scenes monitoring, this paper suggests a kind of fusion
methods of pixels and texture feature for crowd counting. Firstly, the algorithm obtain a highly
accurate foreground object by the improved visual background extraction; and then, it extracts
the ROI foreground pixels statistical characteristics and texture features and introduces a thresh-
old determination mechanism; finally, images of the upper and lower thresholds are based on tex-
ture features with regression algorithm and the statistical characteristics of the pixel fitting algo-
rithm to get the number of the crowd. The experiment results show that the algorithm in this paper
has the characteristic of a simple calculation and high statistical accuracy, which can be adapted to the
people number statistics at different density scene compared with the traditional methods.

Key words: crowd counting; background modeling; statistical features of pixels; texture fea-

tures; SVR regression model

2 PR A R A AT AL 23 0 Bl 00 A BB 4
AR Sl AR AL R B Sh Bl KRB R 3 K ) 9 %%
23 65 BT 9 NG e BORE HR L A i T A A SR AR
MEPEPE R . I AR R L VF 22 [ 58 Ml DX A 4k
By 7T AU BT B R AR 4 A S A R R 5 L
ANBENBGE T — A RS R B, & 22 i OB 53
HLASE SRR 5 A e R o Sl R A B
B A5 A S S A X 3 A e i U

B 2014-12-14

AHERFHERENE L,

AR RS ANRE NG T BB 50 B A v T X
KX ET M ABG . B AR T kT
PLoR W2 — SR T AR G I R it = 4 B H A
AR A 77 2 ) SCRR L7 T3 T OIR R A A A
P 5 SCHR L8 JH) A B 2 12T oA A 0N ) K 308 o DA TG 733
B SCHRLO IR 6 T BR R O X B3 2k kA7 SR 26 1Y
TIEBEAT NG e AR RSB g N i T

EEUWA : BVTAEF TR B B0 E (14JK1524) 5 75 22 15 00K BB R B8 B 200 F (GX1404) s BTG4 B S8 B 2 ik

4B H (2014]M2-6111) ,

TEER N REF, L LA P58 07 0 o B R A B S 8 30 ) . E-mail: 1062810430@qq. com,
BIWAEE: sk R B 8BS B m o B A B BN B 5 R BB {5 B AL #E . E-mail: eh-zhang@xaut. edu. cn,



AT 45 A R R 5 SO B AT B GE T O ik AT oY

341

X 27 BRI T X T 5 az B 3 bR Y A
HATER B T AR N B 2 L L™ A
T it o A K 22 . Ty — SR FR B LM K 4
J7 91 i BB R AE 5N T N B B I O &R R 4R I
53 FVRRAE B2 PR AR 18] 05 09 O 208 A AT 148
51 G SCAR (10 1 T 31 2% Ty 1) Ry 5% 1 ARAE Ay 4 1 4
fIE s I 2R JHA 22 0 265 [l U9 09 7 125 i 47 N BSE 3 5 STk
CUT T S 2R 1 =t 2 3 A 00 13 15 56 N H v, SRS
i ] SURF Jy 2 4 URF AE #3144 3 49 AE 1] &, 38 3
SVR Jy k[l H AN BE B, 3% 28 0 % - F &
e T B A U R bR TR DU Y O SUROCR B B
SEANSRANBE W 2 52 24 37 57 B JEAT RS il N B it i

B 52 2 37 S50OKS A B BRI SR B bR L 28 R ] B2
TR R AR 5 SCHRAE 18] 05 1 N N Bnd 0], AR
SCHEH —FP LA 1R R S ORERE B NBS T
. B S, 813 ViBe (Visual Background Extrac-
tor, ViBe) 98 75 5t 5 7 25 45 3] o 4 B2 19 A RE i
St EHAR s S8R $2 BT 520V RRAE T 5 1A B (B4 5 HL
il s e S X R b A T8 5300 SR R T SRR AR
18 S A 1) £ [0 051 5k R T 0 IR A 1 e e [l 0
PoRAT B NHE N 8T S A, B 4 7 5 AH X
TG T RA R &SGR E . B 1 2R
PSRRI

&
S A WEE:¥it]

S I N 87 A
Fig. 1

Algorithm flowchart
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Fig. 2 Crowd foreground object extraction
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Fig. 3 The samples of the crowd image data
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