5551 S F o Vol. 51 No.5
2023 4E5 H ACTA ELECTRONICA SINICA May 2023

TR 5 S HIL ] A H AR R 2%

oA EAE H R
(1. HEMCH TR 2E 22, T PU AR 54100452, TP A SR T B S S0 0 %, T PG HE AR 5410045
3. TTRIMBSNR G BB S EAR 2R TR 510006)

WOE: N S BRI S UE DY AR A7 TR DR AE 2R BE AN JE RIS RS (] 81, A SCHRE T — e U A 5
LAY B ARIR S S . — 5 T, AR SO B AR AR BT T — 7 B = SRR SR 1, DA S BEE  14) H AR
PR . 55— 7 T, AR SCA3 ARG B AR A R AN AR (AR RV FH 1 RS A% 2R X, AR 408 70 25 114 R B e 7 PR ‘15 ok ke
TEBRERZE R PRER AR b, B ORI 32 5 (57 AN T b s S A, 8 AR ARt Bl T T T ) 2 ST (W BE T, ATk
SRR (RO . SEBREE SR AR L T MESR T AR SCRAFE OTB2015 \ Tiny TLP FI UAV20L =/ % 45 1 PR
KGR T 5.0% . 1.3% F1 4.1% , B SN 223 B4R T 3.8% . 2.8% F1 1.7% , FLAE R AS [F] BR i 37 58 50 PR 5 BB 114 )
B RS (545 25.5 fps (1452 B R B ok

KR HBRERER A G s DU 3 S bLTH] s RRAE R AR T 5 BRI A R AR

HELWMB: EFARPEHILS (No.62166015) ;T 75 H RIS (No.2019GXNSFBA245056 )

hE4ES: TP391.4 XEkFRIRES: A XEHS: 0372-2112(2023)05-1381-07
L F 3 URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20221375

Object Tracking Algorithm Based on Dual-Model
Competition Mechanism

LIN Bin'?, WANG Hua-tong’, FENG Quan-xi'?
(1. College of Science, Guilin Unwversity of Technology, Guilin, Guangxi 541004, China;
2. Guangxi Colleges and Universities Key Laboratory of Applied Statistics , Guilin, Guangxi 541004, China;
3. School of Information Science and Technology , Guangdong University of Foreign Studies, Guangzhou, Guangdong 510006, China)

Abstract: To solve the problems of insufficient feature expression ability and model drift in the background-aware
correlation filters, this paper proposes an object tracking algorithm based on a dual-model competition mechanism. On the
one hand, a simple and efficient feature descriptor that integrates color and gradient information is designed to achieve more
robust target appearance modeling. On the other hand, we construct two filter models to describe the object’s initial appear-
ance and its variations, and then apply them to the target searching area respectively. The tracking results are determined by
the confidence of the tracking response maps corresponding to these two models. During the tracking process, with the dy-
namic switching of the dominant position of the two models, the filter model for adapting to object variations is also en-
dowed with the ability of reversible learning to alleviate the model drift. The experimental results show that, compared with
the baseline tracker, the tracking precision of the proposed algorithm on OTB2015, TinyTLP and UAV20L datasets is im-
proved by 5.0%, 1.3% and 4.1%, and the tracking success rate is improved by 3.8%,2.8% and 1.7%. The proposed algo-
rithm can also achieve stable tracking performance for different tracking scenarios while maintaining a running speed of
25.5 fps.
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dence; model drift
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H 5 B T S DE 08 1) R R AL A
PR FE L A 2 5 B REHLES AN A HLAS B4 D7 T 2
AIZ RN EY. 2t AR P & R, bR
R R B 2GR R R B T2 B AR
b RUEE AR AL EERY AF 2 Fh TR D R 052, SE L R
MITELREREFATS AR S — AR PR AT 55

F1 2010 4 Bolme %' {1f MOSSE (Minimum Out-
put Sum of Squared Error) 5.3 LK , MG UE S IS 1L 4E
R BB WA TN E ST 7
MOSSE 19 3£l E | Henriques LB 1 KCF (Kernel-
ized Correlation Filter) 38 55 5 1 K FE 4R IR B e 2
18 38 1) 77 18] 86 B H 7 I/ (Histogram of Oriented Gradi-
ent, HOG) F#1iE LU TR A (1 KRR IR RE 7, IR TG
PR PR 3 R AU SR A 1 7 U0 H AR R XA T %
BERFE, LN SRR AR B 78 . AR, H vl BB B
2 1 AE RS A A5 3 14 Mg PDURE AR 2 5 s AL ) Rt
5% U 25 X H bR AN E SR AE 71 R Ga-
loogahi 45> 41t T ¥ 3% J& 1A G 0K % %% , Bl BACF
(Background-Aware Correlation Filter) 8 55 , il i 5] A —
A FEE PR T R A 48 2% DXl N R R A R A R 5,
FHAEAE PR A I AR B A9 L9275 SR I ZRug e d . 5
SX BACF HUAH T4 A8 H i IR ER R BE , 2SR AE LA T
5 B - (1) 5 KCF 2680, BACF {f i 5. — i HOG
FRAEXS HARFEAT R AL, R IE R IRRE S+ AR . T

FHAFAR B

WIURIER

AR, Bl 44 (Color Names , CN)'* 7 Bl €2 By [ 45 21
£, 45 10 A0 R FH 3 B 22 K9 2 ( Convolutional Neural Net-
works , CNN) $ U R B RRAE -2 Bl 2 5 A 2 0k
P R A oy EL G e A DRIE SR 1% S N P Y i T
AT FAE P R Al 5, T — TR M A ) . (2)
BACF 14— Wik H il i 7 U aEAT AR AL B, 76 1 0 2
Fe BR B B A I BRI 37 S 6 B e R | H bR iz 3h AL T
AP P BURLERS . — 5L LA PSR (Peak-to-
Sidelobe Ratio) . APCE (Average Peak-to-Correlation En-
ergy ) 5 Wi 7 P PPAN 6 Bn AR , 2S48 PR AT IR T3 —
I76 7 15 (L P BEL LA R R 77 IR AR RS L (H ey T A
R 2 Rb T B [ ) SRS CBE e R AT 3 ), PRt —
B A SR NS A TG 1 AR DR S R AL

R R B AR TR, AR SCHR T — o T U B 5
FepLh A E AR BB A 8 3 B R AR 4 A A
A3 o A ) W R R AR TR A R AR R TR e ) O
IR B IR RS SR

2 AXE®E
AT S AR SO AR L AR AR SR T B
25 52 SRR 6 B U B Y 2507 X, B 3 R P R LR

T P L 110 EAA PN 2 . AR S I A R R A R 1
Fii s, & v PCA (Principal Components Analysis)i’%ﬂi F
A i AR, FFT (Fast Fourier Transform ) 1 IFFT (In-
verse FFT) 7R 8 B AR 460 [ HLi AR | © R AH G U8
B HAE W P A i 353 (Hadamard ) R .
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2.1 C-HSV-HOG $5E#iiAF

FRIE H B 72 2 A H A B B HE 42 v (1% S B 4
Z— M SR RRAE BE B AR AR BT AT DL 3 SR
FYBREEVERE . A TAEE 4 9IUE TR B % N T 4%
TIE L B A FEUA 25 0 245 b 41 B 740 D% 88 AR I X A DG 0 10

SRR B A R . P IR AR R R %o B B
B T, AR S T 1068, RS B2 4 R 00 T AR SR i 1
FROEPRIOIT 28 . 5% #5 A 19 RGB 15 % 46 51 HSV
(Hue, Saturation, Value) Zi o, 25 [6] . #H kb T RGB 25 [d] ,
HSV 25 [ B 4238 T AR e i i oy =X R, 4000
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X} HSV 73 [] 1) 431~ 38 18 $2 B HOG R AE , ITKe 75 21 /4 iy
A HOG FRAE DR R , 4 —A~ 93 4 A FRAE ) i . fi%
J&i o il PCA FEATRFAE 46 DL 22 BRRRAE ) 5 P A9 T0 4
AT, FEAR S5 BRI ) B (85250, [ S 60 48 ) i FR 2.
4 C-HSV-HOG (Compressed HSV-HOG) i i& F . H 1t
5 3 /Y Rl A FR R B 22 B0 8 R AR X B bR R R
J7 ] A S A B RS AN  t H A HOG FRIE X G IR
Ak K H AR U S B & 4 PR DL 3, BTk ) A
2.2 BERMEXIEEE

X i A EME 3R B C-HSV-HOG $#1F | 445 3] 14 R 1F
]I C A x, FF FH p 28 7% TR 110 R S 008 Jotz ey o i % (T2
SRy T R A ) W AT AR SRS TR A R i ok
fift /M B AR REOR N 2575 50 BRI 28 b, B

1 L K . i K
B=5 2ly,= 3, miPeirc(xol+ 5 Sl (1)

o by, T x, 53 S0 6 75 585 A 108 T £ 20 B0k 25 AT 1)
i, h, e RP x, e RY, LAID 435I H bR % X SR
Pedw iR/, H L> D, K AL ] i 18 1B £, p, 878 y
i N ICE Ly e RY, cire() TR TG AL R-AE , PR
—ADx L AR, FHT7E L4E R RFAE 1) 5 b 2k 59
H D Yk B REAS , Peire(x, ) T AR BT A 96 RS 007
FEA B EE K AERRAE , 2 M IE AL S EL, AR T R 7m 0] &
S P L O T AR 2K (1) AT e B AR Stk A T
PR . SIABI R g=(g), . g¢)", BAn“"FR
BIRIE 2, 1 ARH” Fe7R B ) fa m 1 S E )
(DS
B §)= |5~ XEIE+ 2 Al
st. g=VT(FP"QI)h

Horp, X=(diag(®,)", -, diag(%, "), 5 5L diag(-) F 7 ]
BT, k=T, - hy)', F N Lx LI IEASH
B, FH A B0 L4 ) St ol 6 P e S 31 Ak, 1, R
K x K WA 5 B, Q) 32 7m 7d 2 N 32 (Kronecker) B U
(2) A 3 3 <7 30 )RR B B R O R 52 s O ) gfe
F 7% (Alternating Direction Method of Multipliers,
ADMM) AT AR A . T S, i g VR M ik ik
FHIT BARAY L S AU A
2.3 WERZTSHILH

I s B B ) A A B AT AN K — A FE R 2 2 )
R BACF 85 AH S 08 I BRI 505 X 4 — WUk A A 70 T
B AWK B RSB i3 (4 H AR SN 1) _E R AT 6%
oL ER A0 B R v IR | ARE Bl T A
TP 2 3l [ 2 0 2 1) 2 S B2 5 5 | AT S e
PO A IR ER IR 25, IF HL A B H) i iR , RARIR 250
SHOTERS . MR, A — W) AR AR TR R i HA T

(2)

BB AR RE ST . DRI, G BRI 3~ IR B A0 w3 1] )
P RE ST A AR RL AT LA 3 7t AR Af R B 4
T [A) 48 B2 b AT IE 1) B0 ) SR R BEAE A — S AR
J&E A RO A AL (AL . R T I R AR SR
TR TE AL E T, o B R A (R b
TP AT g,) MARALBERY (AL A AL g P A% g, S LM
N X, W HE U A FAE AL U A% R 2 — T A ], 1
H SR A 20 (2) 15 21, (E AT 2 78 B R A P R 5 A
AR J A U TSR OB SR S 2 o, % F AR R
DXCIONT 07 8 PG AT R A AR I, FH 0 275 24 AT T4 A
T (R AU 2, D] 422 5K (3) 358 25 R i) a4 2L A
AR AL FRY AR S B 0 1z [T o 0 10

K
o= Sapos. |

k=1

) (3)
-5 S0

o, ORI A e, gV 0 E— W k5l
SERIVE R AT A
SR R SOk [14 ] 52 Hh i e 0 181 37 48 B
APCE X ) 1 r® 43 53] 3+ 53 e w7 &1 54 52, =X (4)
Fi7s
| max(r)— min(r) ‘2

§= (4)
mean 2( r(m,n)— min(r))

Horbr | %8 max () . min() Fl mean(-) 73 59l FH T 2K B KA
e/ IMERPEEAE, r(m, n) 2y N ] e P2 m AT 56 n 501
JUEAA . W 2 Fi T A 2 08 ) Ui AR AR AR LA A 11
Wi 7 P A BEAE o s A s, 450 (5) S miar i, ARk
R AT 3 AL

s> q- 59 (5)
Hrb a AR T 2, ANl 2 X (5) Zc A, T
TA R ) T A AR X6 > T o g R B 23 SR T S R A RO 4
BRI 32 S AL . A 3 A A Y v 7 P& v, IO A
A A AR RO Ay s A T s
A, TCIR AR AR A 2 5 O 1 i it 32 A, F il
FHEC(6) B H AP R «
x0=1-p)x""+pxY, (6)
Horpr, p Ry 2 28 200 WA AR R (R SRR
X0, R R A B AR T A7 R A A AR R AE )
it K ORI (2) e x, ORI ADMM 53
PR A, ATAS TR (AR AL IR A% g T TAE N — Wik
AR AL g o iy P . BRER AR, 20 Y T el ) A
RS 2 BRI, D) ) ol 15 A2 A R A ) e R 7
7 1) ST, RS0 ) ST . Bt W) R A A AR A A AR A
FESE gl AR A AR SBT3 B Y GF )
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a3 ) BT A . AR SR B RO Al AR 5 SR BACE
Sk B0, B AT 2 By SCHR L5 .

3 EXRERSHSN

AL A B AE Matlab R2017a - 45 4 B SC B0, R4 3R
1%}y — i Intel Core i7-8700 3.2 GHz CPU (6 #%.0> 12 2%
)16 GB RAM. B L) FESHOE T - 1IE N4k
SR E R 0.001 , WU 5 AL v 95 5 o
0.84, AV MLRY ()24 2] 38 B3 0.012 5. S ARIE LA A
M BT S BB AEA TR I P PR AN L A
SCEE IR AR T 2 ik R hitps < //github. com/huatog/
DMCF.

3.1 EEIE

S FEAY AR AR SCHL I B R VERE , 7F OTB2015
TinyTLP"'* \UAV20L"" = A8 42 E 15 10 M R bk
) DG U8 DB R R BRI R AT T R A R I i LR X
kb 8 vk HAK AL 45« SAMF (Scale Adaptive with Multiple

Features tracker)"” .STAPLE (Sum of Template And Pixel-
wise LEarners)"® . ACS-DCF (Discriminative Correlation
Filter with Adaptive Channel Selection)'?) | RRDT (Reli-
able Re-Detection Tracker)'"®’ | FDSST (Fast Discrimina-
tive Scale Space Tracker)"® . CCT (Collaborative Correla-
tion Tracker)''® | STRCF (Spatial-Temporal Regularized
Correlation Filter)® | DRCF (Dual Regularized Correla-
tion Filter)"*" | ARCF (Aberrance Repressed Correlation
Filter) ™, DA S EE S BACF . AN HEFR R FH 4T P
J A ) SR B R LB 3

OTB2015 F1 TinyTLP ¥ A % i B ER B 4E , 43 4
B 100 411 50 AR F 51, UAV20L S T A A LI ER 505
AR AL E 20 ZH T BB B VE AR PR A L 2 R AL 3
SR T A 2 5 IR SRR TR =AM EURE By
R EFORG BE R At 2 . el (RTAT L, A SO e A A
RER I 5 | B ERRT T2 RN Eh R 45 R A = i 4 b
HE# 55— , RV 7R K i R 3 3 S s AR SR 2R

1 0.8 0.8
0.7 0.7
0% 0.6 0.6 = —
0.6 Ours [0872] 0.5 = {0.617] 0.5 / Ours [0.616
P —— STRCF [0.864] . ——BACF [0.604] DREF{07596]
Pt —— ACS-DCF [0.843] o4 ——STRCF[0.603] | 4 ——RRDT[0578] |
#B —RRDT[0.833] p ACS-DCF [0.603] oo ——STRCF [0.575]
04| BACF[0822] | 03 ——— ARCF [0.598] 03 ——BACF[0.575]
ARCF [0.807] : ———DRCF [0.576] : ——— ACS-DCF [0.566] 7
STAPLE [0.784] 02 ———RRDT[0.566] 02 ——— ARCF [0.544]
0n DRCF [0.761] - ——— SAMF [0.564] - ——STAPLE [0.485]
21 SAME [0.757] STAPLE [0.558] SAMF [0.462]
CCT[0.736] 0.1 ———CCT [0.530] 0.1 ———CCT[0.429]
FDSST [0.725] o ———FDSST [0.458] 0 ———FDSST [0.385]
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
ot R 22 rhC B R 2 R rhC T B R 2 AR
(a) OTB2015 ¥iiR4E (b) TinyTLP ¥4 (¢) UAV20L ¥idi 4k
B2 A =R L BB 2
1 i i i i 0.9 038
0.8 0.7k
0.8 ]
IS 0.6
0.6] —Ous10657) 0.6 ———Ours [0.5 0.5
5 061 STRCF [0.654] % 0.5] ——Acsper 0553 N 0
-S\ ——— ACS-DCF [0.645] -S T ———STRCF [0.547] ﬁ 0 4 BACF [0.413]
= ———RRDT [0.631] 4% 0.4] ——ARCF[0541] PR ACS-DCF [0.412]
0.4] ——BACF [0.620] ] = ——— BACF [0.534] = 0.3| —STRCF[0.410)
——— ARCF [0.607] 03 L ~———RRDT [0.533] : RRDT [0.401]
——— DRCF [0.582] DRCF [0.527] ~—— ARCF [0.381]
0 2 —— STAPLE [0.579] ()2 | ——STAPLE[0.517] 02 ———STAPLE [0.346]
- SAMF [0.559] b SAMF [0.512] SAMF [0.319]
FDSST [0.554] 0.1 ——ccro4s3] 0.1 ——ccro307
——— CCT [0.550] ~———FDSST [0.438] ~———FDSST [0.288] \
0 N s n n 0 s s n n 0 . s s n
0 0.2 0.4 B ,0'6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
R HE 5 R E SR BE

(a) OTB2015%¥R4E

(b) TinyTLP $t#i4E

(c) UAV20LE#E4E

B3 SRR = A B AE Y B ) e £k

R VA AS SCR AR R X AS 8] TP R 2R B ) R
B, 75 OTB2015 £ 88 42 1 X 11 Ff A 8] J& 1 I 3k
B TERE B A B IR S R N R,

& B B MR AR A5 ROk R R - TR M Bk
£ 45 + 6 R A8 Ak (Hlumination Variation, IV ) | ]RUEE 25 £k,
(Scale Variation, SV) . # #4 (Occlusion, OCC) . & 48
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( Deformation, DEF) .12 3l # #] ( Motion Blur, MB) | tt
# 128 3) (Fast Motion , FM) . 1 N i€ 5% (In-Plane Rota-
tion, IPR) . °F [ 7P i€ ¥ ( Out-Of-Plane Rotation, OPR) .

Clutters , BC) i 4> ¥ % (Low Resolution, LR). HH % 1
] L AR SCE A AERR DEF (HEZ 58 ) f1 OV (HE# 48
=) AR 9 T g I R HE 4L S — R T R Y BR

iz 3 AL EF (Out-of-View, OV) L3 5t 44 L ( Background iy = U
F1 AEATHEHETERELINREEELER

Rk v SV 0cC DEF MB M IPR OPR ov BC LR
SAMF 0.728 0.717 0.737 0.688 0.692 0.669 0.718 0.718 0.747 0.704 0.709
STAPLE 0.782 0.731 0.728 0.751 0.719 0.709 0.767 0.739 0.668 0.749 0.591
ACS-DCF 0.802 0.849 0.832 0.790 0.844 0.800 0.818 0.848 0.790 0.827 0.770
RRDT 0.818 0.785 0.769 0.800 0.804 0.750 0.775 0.794 0.728 0.822 0.605
FDSST 0.751 0.670 0.636 0.610 0.711 0.698 0.734 0.668 0.577 0.780 0.617
CCT 0.742 0.695 0.681 0.657 0.666 0.668 0.710 0.702 0.591 0.749 0.650
STRCF 0.841 0.844 0.814 0.844 0.837 0.793 0.812 0.848 0.766 0.872 0.756
DRCF 0.744 0.704 0.647 0.765 0.729 0.742 0.703 0.701 0.597 0.735 0.599
ARCF 0.766 0.775 0.740 0.769 0.772 0.763 0.785 0.770 0.671 0.760 0.714
BACF 0.820 0.771 0.740 0.802 0.774 0.781 0.784 0.785 0.714 0.858 0.711
Ours 0.884 0.857 0.833 0.826 0.859 0.827 0.843 0.859 0.762 0.924 0.777

3.2 TEMELEE

4R T ASCE S 4 MR (L vk
BACF A 5 1 Fb R R B H 9 STRCF L ACS-DCF Fll
DRCF) 7EF /3 AR I 1) 2 1 L 2 5% . R v i HE A 22
24 N EBT BT, 6 SRR R Rk H OTB2015
#1114 Rubik . Box . Ironman, TinyTLP #1114 Sam . DriftCar2,
FTUAV20L H i Person19. [ &) WL, Rubik #L45 HH 77 7E
HArlese AR TR R, HA AR SCR L AR 4L
SRk v B4 TN B A 5 Box MUAT P H AR AE 12 B
o P P BB RS STRCF . ACS-DCF FIZR SCHE v e 5 U
1 X, 1 BACF Al DRCF W % A= T A B F ; Tronman
PSR A7 A B AR 2 3 328 ST 8 2L Ko

B R B0 10 ' R AR b 55 22 b T 40 DR R IR B X
K, TE A X H S IR & R AR B B0 T A S
AR REAE BRER BT 5 32 HARIEAR R AR LAY 5%
PRS2, BRAS SCIRL AN, AR TE 125 58 X Sam
U rF B AR A 3 07 3 DriftCar2 PRST H H b UG 24 bkt
iz gl H A I 3 R B 1 RUBE A8 4k, BACF . STRCF #1
DRCF R 28 M, ACS-DCF 75 H 18t 85 i 25 H b, 1 A
SCAR ) O 5 FHRBEAG 1125 S d5e B AE 5 Person19
P H AR 2 iz 3l ARSI EF Ah, 24 H bR E B
PRA, BT AT FE B i T B2 R A B RS H 0 A
RS IR, RAT A SCR AR SE BT IR A AL (4
FRUR B 67 21 H A5

@ Ours @ BACF

3.3 HEMHMBERES T
R A AR SCRRAE Ptk 7 R B TR R R R

e STRCF

P4 IR A E TE LA 4G

eam» ACS-DCF @mm» DRCF

W, o 3 o 59k BACF 45 & O [6) B9 4% 1iF $if ik 7 1
OTB2015 %% 4 #Y) 74 4% A8+ 5 b7k,
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ZE BN 2 s . R, HOGCN 278 HOG Fl CN 47 1iE
TTHR Rl A BA IS R 41 4k B9 HRAE 17 B s HSV-HOG &
TN SR B HSV 25 8], SR J5 430l % 451~ 38 16 $2 i HOG
SAEFEA RGBS 5 A 93 4k Y ERAE ) B, (AR UEFT
FEAE R 40 ; C-HSV-HOG B RRIE R 46 5 60 4k (Y FFAE 1)
. 3 UL HSV-HOG J2 0 T HOGCN 1Y, #5-1E [&
g f5 nl i — P IR R PERE . B 52 HSV-HOG R 4i &
AN [ A B A ol SR A B AT R I ol T DLl
FRAE PR 60 2 it n] 5 21 B 4%
R2 FREBERH T RE OB H B RRMIEEN MR ER

Bk iilE s R
BACF 0.782 0.595
BACF + HOGCN 0.804 0.601
BACF + HSV-HOG 0.807 0.619
BACF + C-HSV-HOG 0.819 0.625
0.83
0.82]
- 0.81L
#o08L
0.79
0.78L_. . . . . . .
9390 80 70 60 50 40 30 20

REAIE e
€5 OTB R ORI HE AR AR 40 20k PE I it 4 23

3.4 HEAESHT

%3 R A BT OTB2015 538 B0 4 1 A il
PRI A5 S (B A A B B A s SR Ak HOG By
fiF) , #F F1(Feature Improvement) ZERRAE P gF , DM
(Dual-Model) 7 BUBE AL 55 AL . FH 2 3 7] D, R AiE
A A T B R o TR A R ARG R R 2 T S 4
Tt 3.0% 1 2.3% ; 4k 252 5 AR KL 52 4 AL S, B0k 10
PR ETORG BEFN ST R REAS PR AT} 2.0% F111.5% 5 S 7
1], A SCRVEAE CPU MR T (19 735 BRER SR B R 25.5 fps,
fEfi% T JE 7 £ IR B TR . A, A SCHR Y C-HSV-
HOG A FOBURE T 5% A ML AT by iz A, v 5
B A G R U R R B A AR A A DLt — A R R
PERE.

3 OTB2015EBEMHERMENLRE R

ERFS K IS T /ps
BACF 0.822 0.620 47.2
BACF + FI 0.852 0.643 26.6
BACF + FI1 + DM 0.872 0.658 25.5
4 ZEig

AR SCLATT S5 SRR S8 5 R B AE 20 O L), 482 H
T T XU E L i H AR BRER SR . Skad g 5]
AKUE Y 5 A AL K A S 0l 0 D B30 0 5 0 SR ) B

T BT 0SS X Ao b 2 A DAy 1 3 0 A9 AT 38 o BT AR
R A% A7 200 Hb 100 ) 30 44 45 DR 32 5 | & A A R VRS ) R
S5O SCT 9 C-HSV-HOG 4 AE 38 1, I ik — 2
T T RIRAE N RDCIRAR L | HARTEAR R AR AL 55 2
55 I (&A% 1 . OTB2015 , TinyTLP . UAV20L = % 4fs
B 1 it TR S 2 R T A ML IR T AR ORI
SeibbE . Jf HL A U R AR IS AR 5L CPU SCRE T il IR 7R 4R
PR EFAT 55 9 SE IR T R, AR R IS A T80 AR JC AL
BT &, BA R 1 S BRI E .

5% Sk
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