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Fig. 9 Comparative experimental results of two algorithms in infrared scene

0910003-10



SRAME , 55 - A 5T IE T DOV BE B 2000 Hash_LBP g 3 H A5 Pt i il 43 1%

(a) ™, BR 7 A A 4 B vk, oM SR S 0 B 1 A R A T, ELAS A R b B N (B A S A T TR AR
dining room ¥/ 9(b) ' LBP_MRF #l GMM 5% 52 3] 15 5t vh B 3l (9 1 0H 09 52 0, 8 FR A il oy 1 5 H AR
B 7T ER S A A W E R R AR BE B LT B AR 98 8 5 7 lakeside 5] 9(c) H KDE 835 JL - B A Fa
?Uﬁﬁ%ﬁﬁ,LBP,MRF\ViBe\GMME‘Jﬁﬁﬁa H bR s K R, AR A 9T 482 35 f i 5t b R T g o 4R

HEAT T I AE library K1 9(d) R 1 BT 4 58 02, A B30 ik A S () R 88 1 0 O 23 i 5 HL AR 2 i 1 55t
Tpark[“|9(6)¢’%°$t R 5 0 W3 22 5 LB/ HoAB B s S RO i S B0 — e R ARS8 & i 5305 B
P38 WU O 52 % H H s i G Ak 38 R A7 AE BB 03 AROIR IR S
23 EESW

RTOR AR AT R A AT, R T CDet2014 il F A9 A 1138 R, (Recall) \HEHf % P.(Precision) \F
M B (F-Measure) K H 43 o Poye(Percentage of Wrong Classification) DU PEH #8 45 K A &

fTP

P=—— 13
Joo+for (13)
ﬁ=1>+f}-"\1
Poye=———"""— — X 100% 14
" ]’I'I’ +j'l'\l + fFI’ +fl“\l ! ( )
fII
R.= 15
foo T fox (15)

A, PRI R G FRA B4 2 B P G B AE 0, X sE 75 BB % 18, F I F-Measure Bt J2 E 57 28 F1 4 [0 2 1

TR ISP 25, P f Al £ Ak A 25 A MR ﬁ%‘z:_itjﬂ
o 2R XD (16)
R.+ P,
K (13)~(16) H, frp by TE B0 RS I A 15 50 119 50, o A LE A RGE T S 5 55 049 050, frp SR TR R T 5 ) 151 e R IR
KR s s — AN T LR P, F I EE 8RBT, Poy e BU/INVER G o 11 B 5t 00 70 A 45 R an 151 10 fn & 1

A 2P o

1.0 1.0

0.8 0.8
0.6 0.6
0.4 0.4
02 0.2 H H H
: Cl ;
CODE_BOOK LBP_MRF ViBe KDE GMM Proposed CODE_BOOK LBP_MRF  ViBe KDE GMM Proposed
m R 0OPF, F "R OP F
Canoe Overpass
1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
0.2 H H 0.2
0 0
CODE_BOOK LBP_MRF ViBe KDE GMM Proposed CODE_BOOK LBP_MRF ViBe KDE GMM Proposed
m R 0P, F R 0Op F
Highway Skating
1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
0.2 I 0.2 IH
0 - 0 .|_|
CODE_BOOK LBP_MRF ViBe KDE GMM Proposed CODE_BOOK LBP_MRF ViBe KDE GMM Proposed
"R, 0P F m R OP F
Blizzard Snowfall

0910003-11



P/ R 4

0.6
0.4
02 H I
0

0

CODE_BOOK LBP_MRF  ViBe KDE GMM  Proposed CODE_BOOK LBP_MRF KDE GMM  Proposed
R Op, WF "R F
Corridor Diningroom
1.0 1.0
038 038
0.6 0.6
0.4 0.4
02 02
) I I ol e 1 i I all 11 o]
CODE_BOOK LBP_MRF  ViBe KDE GMM  Proposed CODE_BOOK LBP_MRF  ViBe KDE GMM  Proposed
s R OP F "R F
Lakeside Library
1.0
08
0.6
04
02 I
0
CODE_BOOK LBP MRF  ViBe KDE GMM  Proposed
wR 0P wF
Park
M10 &£7#F T 6AHENR P FHEFEX
Fig.10  Comparison of R, P, and F histograms of six algorithms in each scenario
®1 BFEHEEARRTREZE THIRKEE
Table 1 False detection rate of each algorithm in different visible scenes
Algorithm Cano Overpass Highway Skating Blizzard Snowfall
CODE _BOOK 0.034 8 0.0556 0.037 1 0.068 5 0.012 7 0.012 5
LBP _MRF 0.1855 0.100 5 0.036 1 0.081 3 0.013 3 0.024 4
ViBe 0.0517 0.038 7 0.0390 0.048 6 0.0109 0.0119
KDE 0.170 8 0.134 0 0.1309 0.033 4 0.016 7 0.024 2
GMM 0.062 3 0.039 5 0.073 1 0.049 3 0.020 7 0.056 9
Proposed 0.022 5 0.030 8 0.004 7 0.018 4 0.010 4 0.046 5
R2 BHEERRLIMIZTHIREE
Table 2 False detection rate of each algorithm in different infrared scenes
Algorithm Corridor Diningroom Lakeside Library Park
CODE _BOOK 0.099 8 0.039 7 0.016 5 0.0389 0.018 3
LBP_MRF 0.024 0 0.042 7 0.018 4 0.1659 0.019 2
ViBe 0.024 1 0.063 3 0.0210 0.202 2 0.017 9
KDE 0.024 5 0.065 0 0.019 0 0.171 0 0.0180
GMM 0.025 8 0.060 3 0.021 2 0.198 3 0.0157
Proposed 0.028 6 0.024 3 0.009 4 0.0410 0.0151

E 10 M EEANE S R P OF ARG HERE, o Bk R, A @A R P, KO F R F R, AR FR e Bl R 0 3
1, B AR FRAR Y CODE BOOK . LBP MRF . Vibe . KDE .GMM . FF #2875 A A B0 R, P, F 04 53
T80t v LAE BT B 7 46 KO 0 5 PR 6 U RO 38 0, 11 3 s b T $R 38 e 2 B PR RE e I
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Table 3 Values of R,.P..F and P, of different algorithms in each scenario

Dataset Algorithm R, P, F Py Dataset Algorithm R. P, F Ppye
CODE _BOOK 0.7376 0.6655 0.6997 0.034 8 CODE_BOOK 0.4675 0.7604 0.5791 0.0127
LBP_MRF  0.9789 0.1024 04729 0.1855 LBP MRF  0.6574 0.6807 0.6688 0.0133
ViBe 0.4283 0.4770 0.5382 0.0517 ViBe 0.5876 0.8265 0.6869 0.0109
Cano Blizzard
KDE 0.9840 0.1781 0.3016 0.1708 KDE 0.216 8 0.8570 0.3461 0.0167
GMM 0.146 2 0.1530 0.1495 0.062 3 GMM 0.0423 0.4261 0.0769 0.0207
Proposed 0.8010 0.7918 0.796 4 0.022 5 Proposed 0.6905 0.6921 0.6913 0.0104
CODE _BOOK 0.3524 0.6895 0.4664 0.016 5 CODE_BOOK 0.7835 0.4034 0.5326 0.0556
LBP MRF 0.3262 0.5394 0.4066 0.0184 LBP MRF  0.9724 0.3455 0.5099 0.1005
L akeside ViBe 0.1246 0.6217 0.2077 0.0210 Overpass ViBe 0.5896 0.6563 0.6210 0.0387
KDE 0.057 4 0.5699 0.104 3 0.0190 KDE 0.9742 0.2832 0.4389 0.1340
GMM 0.2052 0.5600 0.3003 0.021 2 GMM 0.6027 0.6412 0.6214 0.0395
Proposed 0.9932 0.6350 0.7182 0.009 4 Proposed 0.736 0 0.7707 0.6823 0.0308
CODE_BOOK 0.6889 0.7983 0.7396 0.012 5 CODE_BOOK 0.9360 0.8911 0.9037 0.0389
LBP_MRF 0.8983 0.4568 0.6056 0.0244 LBP_MRF 0.3337 0.8068 0.4721 0.1659
Snowfall ViBe 0.567 6 0.8039 0.6654 0.0119 Library ViBe 0.118 8 0.8084 0.2071 0.2022
KDE 0.3115 0.3971 0.3492 0.024 2 KDE 0.2772 0.8574 0.4190 0.1710
GMM 0.1348 0.0675 0.0899 0.0569 GMM 0.1540 0.2568 0.7717 0.198 3
Proposed 0.9103 0.8133 0.8591 0.046 5 Proposed 0.8999 0.9145 0.9072 0.0410
CODE_BOOK 0.7749 0.6578 0.7115 0.037 1 CODE _BOOK 0.9106 0.2486 0.3902 0.099 8
LBP_MRF 0.9059 0.6275 0.758 6 0.036 1 LBP_MRF  0.7690 0.6285 0.6917 0.0240
Highway ViBe 0.628 6 0.6855 0.6558 0.0390 Comidor ViBe 0.4584 0.7419 0.566 6 0.024 1
KDE 0.927 8 0.2988 0.4520 0.1309 KDE 0.3675 0.8213 0.5078 0.024 5
GMM 0.4987 0.4038 0.4463 0.073 1 GMM 0.6223 0.6268 0.6246 0.0258
Proposed 0.9392 0.6971 0.6581 0.0047 Proposed 0.7236 0.9892 0.8134 0.0286
CODE _BOOK 0.5086 0.6357 0.5651 0.0183 CODE_BOOK 0.6240 0.6413 0.6325 0.068 5
LBP_MRF  0.8778 0.4533 0.5979 0.019 2 LBP_MRF  0.9307 0.5405 0.6839 0.0813
Park ViBe 0.5607 0.6328 0.5946 0.0179 Skating ViBe 0.5790 0.8160 0.6774 0.0486
KDE 0.3743 0.7200 0.4925 0.0180 KDE 0.8380 0.8140 0.8258 0.0334
GMM 0.5678 0.7031 0.6283 0.0157 GMM 0.626 5 0.7704 0.6910 0.049 3
Proposed 0.607 7 0.6037 0.6057 0.0151 Proposed 0.8295 0.9301 0.8769 0.0184
CODE _BOOK 0.8292 0.7367 0.7802 0.0397
LBP MRF 0.6803 0.7842 0.7286 0.0427
Dining ViBe 0.2887 0.8789 0.4346 0.063 3
room KDE 0.4470 0.6716 0.5368 0.0650
GMM 0.3707 0.8103 0.508 6 0.060 3
Proposed 0.9214 0.8270 0.8949 0.024 3

24 EHELHMEFILER
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Table 4 Average processing time of different algorithms

Scenes Size Time/ms
CODE _BO OK LBP_MRF Vibe KDE GMM Proposed

Canoe 320X 240 10.38 63.50 8.46 54.60 11.77 10.69
Overpass 320X 240 10.31 20.70 8.41 51.35 8.88 15.47
Highway 320X 240 10.41 53.33 8.10 46.43 8.79 13.61
Skating 540X 360 12.31 94.28 12.18 52.43 11.37 20.11
Blizzard 720X 480 14.86 193.62 16.61 52.54 15.81 31.47
Snowfall 720X 480 15.63 229.10 19.36 55.63 15.33 31.54
Corridor 320X 240 9.31 55.36 6.63 48.67 7.71 11.99
Diningroom 320X 240 9.90 52.80 6.87 46.70 10.48 11.82
Lakeside 320X 240 7.44 46.84 7.26 48.60 7.84 11.75
Library 320X 240 7.02 52.50 12.29 46.84 15.78 11.77
Park 320X 240 10.32 98.85 17.74 48.47 16.94 23.52

P52 3 o v FE R L B 22 5 TR 3 ik X LBP R A7 7 oot , P45 45 B0 A A 3 I S T ViBe 5 3%
b PR RAH LRI FESS & T LBP S A9 LBP _MRF 503k | 4b BEAT K B S 45 0 7R 22, v] DLW 2 B Ak DU S22 B
PR

BT 5k 5 ViBe .GMM #l Code _book £ I # FAH B, , % 5 th 438 1 LR JLFP SR E CPU Y i I %
A5 CPU NTFE I A & .

£S5 CPULHAXRMAEL

Table 5 Comparison between CPU usage and memory

Algorithms CPU usage Memory/MB
ViBe 22% 216
GMM 29% 224
CODE_BOOK 24% 229
Proposed 22% 221

FH 22 5 AT, BT 5 B v R G il = R B b CPU 9 o7 S RN A7 o R AH 25 A8 K, BT DA B 38 3300k Al 8 i
HBM IR AR & L TAE, 2 S AR R A T B SER M ER
2.5 LRIER ST

S0 e W T AR B VE N S AR TS S IR T ViBe F1 GMM 5575 5 A 5 v R RR I T .

W BT 42 DA 15 25 29 3 A Hash LBP %95 H F ViBe 8% Al GMM B3, [ 11(a) 2 3K 545 45 canoe, £
11(b) R EAE K [ 11(c) (e)h ViBe Al GMM ¥ St S A5 75 H AR A I 45 5, bt i 17 5 2 I P A2 42 K it 3
FI$ 5. ViBe M GMM il 3 1 B B 55 29 5 9 Hash LBP B A BEJG 40 7 K4 sh A3 5, ik 11(d) .
(D)o $EHE X HFTE T, 85 R WML 6,

x6 AREETHINILER

Table 6 Comparison results under different algorithms

Dataset Cano
Algorithm R, P, F Prowe
ViBe 0.428 3 0.477 0 0.538 2 0.0517
New _ViBe 0.488 0 0.6217 0.546 8 0.044 2
GMM 0.146 2 0.153 0 0.149 5 0.062 3
New_GMM 0.608 0 0.758 3 0.674 9 0.034 6
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Fast Hash_LBP Moving Target Detection Algorithm Based on Hamming
Distance Constraint in Complex Background

QIU Liya"*", CHEN Weilin"*’, LT Fanming"’, LIU Shijian"’, WANG Xiaoyu"*”,
LI Linhan"*’
(1 Shanghai Institute of Technical Physics, Chinese Academy of Sciences, Shanghai 200083, China)
(2 University of Chinese Academy of Sciences, Beijing 100049, China)
(3 Key Laboratory of Infrared System Detection and Imaging Technology, Chinese Academy of Sciences ,
Shanghai 200083, China)

Abstract: Moving target detection algorithm is to detect the changing region in the input image sequence,
so as to extract the target from the background. It is very important for subsequent target recognition and
tracking. Due to the complex and changeable natural environment, there is a large number of dynamic
backgrounds and changing lights in complex weather, such as rain, snow, fog, vegetation shaking and
water surface fluctuation, which has always been the primary problem of moving target detection in
complex scenes. In this paper, when the camera has a fixed angle of view, the background modeling
algorithm is adopted. To suppress the problems of dynamic background, slow target absorption and image
coding noise, based on ensuring real-time performance, the time-frequency domain and frequency-domain
characteristics of the input image are analyzed. Because the dynamic background fluctuates in a certain gray
range. Through the texture features processed by LBP, the influence of illumination change can be
suppressed. An adaptive threshold moving target detection algorithm based on texture features is proposed.
First of all, the algorithm converts the input image sequence into a grayscale image, and uses the
perceptual hashing algorithm to calculate the average pixel value in the window of 3X 3 to remove the high—
frequency details in the image part and improve the calculation speed. Then, the dynamic background and
noise are processed preliminarily. The frequency domain of the input image is analyzed, and the maximum
frequency of the gray frequency distribution histogram of each pixel is counted as the reference background
and compared with each frame to obtain the difference matrix. The standard deviation of all values greater
than 10 and less than 100 in the difference matrix is calculated as the adaptive threshold, and the gray value
of each frame is corrected. Then the dynamic background and noise are processed a second time. Firstly,
the Local Binary Pattern (LBP) is used to process the reference background and each frame of the image
after preliminary processing to obtain the LBP value. Then, the hamming distance 3 was selected as the
threshold to correct the LBP value of each frame. Finally, the LBP texture feature map of each frame is
analyzed from the frequency domain, and the background modeling and foreground extraction are carried
out according to the polymorphic frequency distribution. To suppress the influence of illumination change,
dynamic background and noise on foreground extraction, this paper proposes an improved Hash_LBP
algorithm combined with a perceptual hash algorithm and uses Hamming distance to constrain it.
Experiments show that the proposed algorithm can effectively suppress noise, illumination change and
dynamic background in a variety of complex scenes such as infrared and visible light, quickly and accurately
extract foreground targets, and the algorithm is also effective in dynamic background suppression for ViBe
and GMM algorithms.

Key words: Computer vision; Moving target detection; Background modeling; Hash algorithm; LBP
characteristic operator
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