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# E: BN BRBEREAR G T A S AT (dift) 4, i3 8k TLD( tracking learning detection) fi
ERR RS $ i T AT Sliding-window F Ry B 2R il 4 Jm 0 &R SR wE FRo3 B0 (B L BB 2% AR AL Haar-like HREAE I
A%, Ak B, RAR By B IEAS AT LA R g R e AR B AR B, T D 5 S0 U 28 A i DT D
B R, FIFH AL Haar-like HURFAE 16 25 R 08 i IR ER SR AR B2 20 PR IR ( B 8 43 0K X BB B Rt 3
) IR RS KA SR R BUREEERAE . R 456 TLD JFH I IRE SRR A PIA~ 1k IR 2R 416 10 i Ay
PRIKHTISAN BT A PR R SR SR AT X L3I, GRIBR A SR AE AR T 1T o B 28 T 1) SR RS R R i R
EORE R O HOR A T R M AR 2R T, &t I MorkFil 218 SR AL, e Ik
TEARSEIE LT, REUS RS B b 22 RS PRSI DA 5 25 6 4 JR R B 40 15 2R I 0 36 W6 B A% A 2000 e IR R 56 3 25 45 T
R (A A 8] 52 2% B Aok vy 1 [ AT, DT S L S B A R

KRR LAEHE 7 ; Haar-like FR1IE ; S0 7325485 s TLD S35 BUr BT

Efficient cascade classifier for object tracking in complex conditions

Jiang Weijian'*, Guo Gongde'”
1. School of Mathematics and Computer Science, Fujian Normal University, Fuzhou 350007, China;
2. The key laboratory of Network Security and cryptographic technology, Fujian Normal University, Fuzhou 350007, China

Abstract: Objective We improve the TLD algorithm and propose local and global search based on the sliding-window
method, the Integral Histogram Filter, and Random Haar-like Feature Filter to solve the drift problem of traditional tracking
algorithms in complex conditions. Method First, we use the Integral Histogram Filter to reject the Sliding-window patches
as quickly as possible to release the feature matching in the following filters. Then, we use Random Haar-like Feature Filter
to overcome the drift problem, which causes a loss of accuracy during the object tracking under complex conditions ( multi-
object, occlusion, fast movement). Result We ultimately combine filters of the TLD algorithm and two new filters of our
proposed. The experimental results show that the proposed approaches compared with the traditional tracking algorithms not
only presents robustness and tracking accuracy in stable background or complex conditions, but also obtains the best com-
puting speed with the use of the local and global search. Conclusion The proposed method is able to detect the multi-scale
object accurately both in different environment and tracking object deformation. Combining the global and local search strat-
egy can overcome the time consuming effectively to achieve the real-time object tracking.

Key words: computer vision tracking; Haar-likes feature; cascade classifier; TLD algorithm; integral histogram
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Fig. 1 The framework of improved algorithm ( ETLD)
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Fig. 2 The rectangular variance of the diagram
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Fig. 3 Filters reject the Sliding-window patches
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80,h =60, 420 (8) vl LASE Az il 7 Ak
160 809 A, Hoi 55 RARRFEAR H FEATT LA 2 — i
AR K . IBATEHER N /NB3h” R T, %
FH R 22 R I, B 32E — 20 el - % 0 RRAE T
[k
WRERE HHRES P, P, g 24 Hi R E Y
Hbrdk, P; R JE s ROES ( A% D3, I8 4
P c|P,, Py, PRy =Ry <ri, Ryl P %
AR R, R, R P BErEAER, DL HRER
SRS PN o S Il O A N S el B = 5
JRERE DS P, Hrh r Wl 20 MER
Mo AR A LR L 2 s, Hor,
YR 3)—5) KRB R uE K . TR A
7E B bR A A K B 7 O B /b 3 R I BE
PLEX ARl AL Haar-like 3o 38 2% DA K i 3 4B 40 2%
AL GER S A PR 8) —10) A R
PRI BB
{HEBENL Haar-like %5 T8 B (1) /N Bl AS [R] R
FE RS . FEIEHA FEARSE I8 o, 116 B A5
HGEh W, m Rk Hy 256K NN
a:Ll.lbxWJ (9)
K, u WIS ECH 5 MRFE s BRI aG B iR
FeW=60,5 H=50, B LTERNERs=1.2"(b=2)
TSI N R T,

Bik2
for all of the image sequence
initial P={P,,P,,---,P,|; Patch—J
Patch <P’ = {P' ,P',,--- P, IRy, — R, <rf
Patch < EnsembleFilter( Patch) ;
Patch «— NearestNeighbor( Paich) ;
if Patch € & then
Patch < P - P’
Patch < VarianceFilter( Patch) ;
Patch «— HistogramFilter( Paich) ;
Patch < EnsembleFilter( Patch) ;
Patch < NearestNeighbor( Paich) ;
end if

end for,

3 ZRWHER

3.1 SHIETE

ASCEEJEAE TLD (RS 3R 17 e, PR txs
N A — S SR T LAR A B R E - TLD B9k
FHBEHLER 73 2 B BEDLI 0] 4 M = 10, 3k (Fern ) Hi
£ S =13; 55 4F ETLD [ BENLER 53 25 4% 19 Z 50(H 7]
TLD S3k—H#E, Mi#T3 | ARYBEAL Haar-like i B 4%
WILGREHLR H = 10, A n) — o K =13,
3.2 HEFEEMNRER

XA SCHE A 3 A TR R R E AE AR T
MR EE E3EF7 % . Hirp animal , shaking , football J
BN 5 WL CRR[ 23 ] ; girl, David, faceoccl , faceocc2 J7 4|
Z W CHR[9 ] 5 cokel 1, sylvester 7412 UL SCRiR[ 24 ] ;
jumping FH1Z WSTR[ 25 ] 5 548 SCHEE O X LA
4y 5 k. fragment  tracker ( Frag ) 40 MILtrack
(MIL) "', TLD &3 SpLEREEBE 4 Intel Core
(TM) i7 CPU 1640@2. 13 GHz, 474 GB, Hy T
UFAIE ETLD 5303k i & 1, 4 B3 e 20 51 4 i 3
LR 55 R E AT E M EE (girl, David , faceoccl ,
faceocc2 , cokell,sylvester) Fll &g 22 ¥4 4% ( jumping , an-
imal , shaking , football ) T 2% 43 51| X} 4% 340 v R 47 103K,
N T PRUER U A 22 -, 2% S SR 1 79 oL 5 4
HEXT R4 Ground Trath fY55 1 WUAE T P B A T4
iRk, SR 5 X £ B Y a8 AT K T 45 SR [W] Ground
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iLFBIR, SREEME / SRR TR RUDRIRIRRER D EKR

Truth X 7 MR B A 8 AT B RG BE 1R 22 03017, 2%
J¥41 Ground Truth Z: WL 3CRR[26 ] o
3.2.1 HSREAE

1) girl Fp 3 FEIZF A0, 2% 0 Nk 520K
F-Ah e i (ARFAM ) SR A0 T 2 1) il e 2 (AERE)
LRI HONIERE (FRAE) NI I 3R 40 B £ A K 2
FROBEARA o 32 B0 3 B0 1k 1 X 40 A e 5 | > JE
MEZREMEEE. mES (a) B30 LLE
TLD A1l ETLD 5835 %) F 22 ROBE SRR A 10 0 A 847
A I, R B R /N B O R G B A Sk T AR

—— ETLD

—— MIL ——TLD

ANCEEI AR S TS R (LIRS (a) #71, #91,
#325 ,#431) , 1M Frag f1 MIL Z ¥ E X £ N E
HEAT RN, 4 2% 2 47 400 i B O /N B 3 L 4
HT T B b e B2 AR B, AR & &k,
ETLD 5532 BRI 3547 A5 5 A7 &, PR3 102
(W5 (a)#102) Joik Bl5E Hix o

2) David J741]  ZJF AR T David OB
WG % N BT 1Y AN AT E R AR, b A
AR A= e , N 155 A2 A LA AT 8 h i B R 5
G B R D B X 8 i 2 AR

FRAG

(b) David/¥%1)

(c) faceocc1) 4

() sylvester/3+%1)
5 FRASIREE T 25 B Sk A I 2 R

Fig. 5 Tracking object location results in stable condition
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b iR R AR B ER I, IES (b)
FPAVRTLAE h, FERI IR 0 1 — SO AT EE T, 56 3 il
(& 5(b)#3) 1y Frag Fl MIL B35 2 &K TR KM
B BLGE (drift) | i ELERER S5 30 0 FEUR IE A BR
AL DL 3K AN SR AE R T O B R AR B O T
P25, TLD Ml ELTD 78 G4 8005 P45 T BRI As
PEFRECUS (1815 (b)#3,#135) o 15 407 MUGZESE
(XK, X Frag F1 MIL Bk g7 B W G L5 5
TLD F1 ETLD Sk Xt Lh (B 5(b) #407 ) o FFERER
15 A B Bt , Frag BRUESRS BE B 22, 107 MIL 3332 SR 25
ER AR K, TLD Fil ELTD SRR IHAR 4T HL
X T RUBE AR A A U AR AL (BT 5 (b) #460)
3)faceoccl Fll faceocc2 ¥ %1 X WA P I 4E F
B XTRRSTE 5OT, A A Y R A P T
LRI, . XTI I SE , Frag B0k
X AN A e i () W AR BB RS 3 (81 5 () #32,
#0011 #2028, #389; [ 5 (d) #138, #269, #631). M
faceoccl JPHIAYIRER 1R 22 7] LI ), Frag B3 BREEAG
FERZE fe/N, ETLD Y2, i MIL R 25, (HIR7E
faceocc2 J¥ AT, Frag BEVEAE N A e 9 60 T B

—ETLD -~ MIL

PR ZB K, GAEMIEHSE NG BN kR,
ETLD Bk E5 G RIS , BRI B A& R

4) cokell I sylvester 751 X WA~ P41 4E 25
FIRYMATEIZ B TR H W RS SEE I , T
LI RUEE AR Ak, S B AR A R 4T 25 Bl 54 1
Wik, MBS (e) FPHI AT LIE Y, Frag BIETE—TF IR
RETHRRNEBINE (ILES5(e)#41) , [FFEFE
sylvester S2 P W 1A it TRz shth & A= T I8
(WA 5 (£)#464) , ETLD 7E 5 Al o i 30w i 1%
i AR JEEE AR A  ETLD ()73 BRIER 1% 22 /N, TLD
W2, i Frag BRI E .
3.2.2  KIRINETT MIRERRCR

1) jumping il animal J751] ZJFFIERAR T H
PRI TR EGE 25 | Y AR 52 S %, BB LN
Pl AL T2 A RIS 5t P HIE T2
FHAIN A X T 4 52 LU Sz sl i) H R
TRRERER SRR, Frag SEEEXT T IR0 Sh W R i
ERET I B &R T IR (WKL 6 (a) #38, #62;
& 6(b)#13,#30,#33) . ETLD PR 5K B A BR i 46
BT, HASETEFAR R A T AN R BE A% LA

—TLD FRAG

(d) shaking/7%1
Fl 6 PRI T 45 MRS AR 4 1

Fig. 6 Tracking object location results in complex condition
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BH o HA 78 animal FFA S TLD 503 i TR B
PRI B FBUUWIHE AR R A (WK 6 (D)
#38) . [HI ETLD 75T A Jm ¥ 48 2% A s L K Bl AL
Haar-like 33 J8 #8582 5 T FRERORS 2, JF H A &0 By 1k
5 BB B R A R, 2 1 al IR
TSI TT ETLD 556k 0y A4 0 % B & 5 7 TLD
®1 AREREMREHRNE
Table 1 The detection rate of

the algorithm in different datasets

FE5 ETLD MIL TLD Frag
girl 72 81.8 67 80. 2
David 100 77.51 99. 71 60. 6
faceoccl 100 97.25 100 100

faceocc2 100 99. 25 98. 89 92.33
cokel 1 84.32 91.93 85. 26 81.75
sylvester  95.95 96. 63 95.28 92.13
jumping 92. 67 86. 67 91. 33 40. 13
animal 87.8 43.9 68. 29 7.1

football 98. 61 28.06 79. 44 80. 33
shaking 84. 85 49. 64 74. 66 57.85

T B e, RHA TR Z

2) football J751 %75 44 T M Bk 2 5))
DS I R R 2 Bl 53 3, Al A R 4 43 8 S
s 2. 8 HR A AN F T 2 ikRsg
A BT S5 5 YR P I 7 7 ek . R
EERTY Frag Bk w46 1 SRS B0 42, i Hfh B3k
TEZPARSSICMRAR T LA BR R 2] H bR (& 6 (c) #113,
#154 #265) , (HJEAE J5 W12 2 0t kA ml AP s
ETLD B3k 6% 17 5 Ao, A 5305 B & B AN ]
FEFERYIEAL (B 6(c)#295) o

3) shaking J¥ 41 % ¥ S SE AR T IR & AT
TR SR AR 4 DL K B VR b T 0 Sk T A 4R
B, EEH T A F X TOR AT Y ik
T AR ) B 5 6 MR PR o Frag B39 A MIL B3 7R 4T
DGR 58 T I e AS B AL AF 1 H AR BRI i TLD
FTETLD A6l 26 W (&1 6 (d) #62 ) H 3= %8 Jit (]
SRR R AR S A I AR L2 S FEAR A AN B
KB HT, B = S R, (HR R £k 9
AT I I O RE 05 2E 17 B A (B 6(d)

#95) , T Frag A1 MIL 55 3% i 399 B 0H B 1 80Kk
ERR (F 6(d)#349) .
3.2.3  ZEGYERES Y

1) &tk

ETLD 5 H1 TLD Sk SRR B, W 2 Y
JCRRASA W ARR SR R 0 S A A R
AL AT B & . T MIL I Frag 7878 € 6
5T AR ERSSCRABLLF , ) X T Ol6 2k 8 A A 1
PERLGS . ETLD X TP 4 AL AR B 5 B9 19 20 T 122
FIAPBALT TLD Bk, FERT ETLD J3E%)
YA AT SRR B , HEBR -5 H AR LR AH 22 R 1 B
BRI (ELR AR XD T R Y 5 28 PR e e ) 1k Y
MR,

2) e

ETLD Bk e R 1 Rl 2 RO 2% A4 R 0K
W, A B R E FR 7 A RE 8 SRS T AR B e oL, By
1L 2 5 I AT SR T00 R 5 TR kAR I
BIG. TLD Fk7e 2 A MR A o) R A TR A%
FHURER R 22 3 K, AT 28 5 A AR i S R R AR
RIS (f) (B 6(b) (d)) ; Hk, 51 ABEAL Haar-
like B3t i 45 HE U A RO 3R BUEAT SCHURRAE A9 BR R
Yok, 3% 2 v ETLD Ry BEORS B2 B 240807 TLD 5
V5 A7 —Se A B 2 T MIL #l Frag 53
o BRERNSEE IR 22 AR A4S P SN X LS WK 7 I
K8,

£2 BERENRENTHRS
Table 2 The mean distance error

of the algorithm in different datasets

52 ETLD MIL TLD Frag
girl 30.6 20.13 31.58 25.87
David 10.23 15.82 12. 89 30. 48
faceoccl 4.45 10. 72 8.42 3.68
faceocc2 3.05 6. 04 6. 14 11.63
cokell 6.12 10. 42 7.27 23.43
sylvester 5.61 7.64 5.95 8.31
jumping 5.86 11.87 592 26. 98
animal 3.33 20.3 526 40. 64
football 6.77 45 10. 14 9.81
shaking 20.21 22.25 18.26 17. 92
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Fig. 7 Location error plots in stable condition datasets

3) Pt

ETLD S35 B G- S P BE 8 385 1 1% 70 B
B BER . (1) I BAAE R 700 D e IR i
I T R BT P i U R AR AR 2 S R A A T
REAE R I/ T S A AE F AR 727 H A RFE T
TC , (A0 208 % SN 3 T DX B 0 2R 0 - 7
Bes (2) BEAT T JRre RURE S B4 3R, DT B %8 /)
BB YRR T R R A AR . (EUR )
PRTEAWATIT 5131 2 a7 R B O AL, 0 58 2 A %
T TLD SERGREMT , T2 28 )5 PR R w5 20 42 Jm) 1% 1
PEATHENL Haar-like SR Ak DT FE Bl HIL SR 45 i DE 1
AR B9 (a) ik T 320 x 240 7} R T gil [ 51

5 (NS 90 i 2 135 mﬁ)ﬁikﬂﬁ%%E,ETLD
SEVE AR N ot 8 B ARG T TILD B33 ) G I o
MIL H1 Frag % T 2Kk HAR JCREATRRoR IO AL B Ilt[:
RGN P E] A0S A2 o 640 x 480 33 ((animal | foot-
ball shaking ) T 7 A % 4 H A5 & K BT T,
ETLD A6 Il o 32t 2 AR # A8 , 17 TLD Az ) gk 32
%EE{LHF WAERH(Z W 9(b)) ., Al b, ETLD Xf

TR AR I BE A N R L . i S
%%Eﬁ ,ETLD fE7p 3R 320 x 240 R FH 4 L, H
R - REAE TR B 1S Wi/s, 7 640 x 480 73 B
RN LUA B 14 /s, B AR RE % 1k 21 SC Y
Lioaill8
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Fig. 8 Location error plots in complex condition datasets
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Fig. 9  Frame rate of different algorithms in corresponding datasets

3.3 SHOW

R T2 43 B AL Haar-like Bt 38 25 % £2
1 PR IERG A — 2 i Tk, T N SR g AR AT
FRAE U3 26488 1) ORI BEDLER
{CR FHH Haar-like Heid 38 2% (RH) 53 ) SR FHH BEAL
Haar-like He2H &1 i 1 26 P

i ugAs (RF)52)

L J& A% (RF&RH) o ]

AR FHH David J 51, 32 2 N7 5140 %
TOERARE RE RS . BREAIRZERT L
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Fig. 10 The accuracy of different cascade

classifiers on David sequence
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