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M IRE T — AR TR AL B &1 (Local constrained mask, LCM) &9 48 3% & sk #R 32 5 %
FE KA PEAR X Rk Ik ey A Bk B R R S T 13 ) 89 A 4E R AR A LCM st 38 ok B89 4k & 5 47
BRI, BRI % S K B2 A AR AT IR, RN KB AR R R IR Y R B AR 2 R AL
J 3 SR 7 45 R b B ol s IR A ARSI N B AR AR R B A P Al it At B ARAR R BE AT R 4 BT A 5 AT EE M
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Correlation Filter Tracking Algorithm Based on Deep Features with Local Con-

strained Mask

Wang Yixuan, Wu Xiaojun
(School of Internet of Things Engineering, Jiangnan University, Wuxi, 214122, China)

Abstract: To improve the tracking accuracy and robustness of correlation filter based trackers, especially
with challenging factors such as occlusion, fast motion, background clutter and so forth, an improved
correlation filter tracking algorithm based on deep features with local constrained mask is proposed. Based
on discriminative correlation filter tracking algorithms, the learned binary matrix is proposed as a local
constrained mask to achieve pruning the filter energy, which suppresses the response map generated by the
template edge and the testing images. This allows the proposed method to expand the target search region
and effectively alleviates the boundary effects caused by circular shifted training samples. Deep features are
introduced in the process of feature extraction. By exploiting rotation, flipping, and Gaussian blur
operations, the training sample set is expanded, which makes feature templates learn more target
information. Compared the robustness of our algorithm with the mainstream methods under distractions like
occlusion, background clutter and illumination changes.

Key words: correlation filter; feature extraction; mask; background distractor
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THR) IR A 2T 45 B — A~ X E b e B 8 10 X5 T 55 e 1 A A 0 IR g o ek i IR A AR R R A R X e i
B, FI B B AR AL . Bolme SFUOVE e 7 Hi R 22 5 /N 7 5 AER BR B 8 (Minimum output sum of
squared error, MOSSE), il i 1 46 55 P 22 i 1 Il 25 o 7 v A B0 S A R) 8 . B /S L Henriques
FEUUTE MOSSE 83 iy B il B A G SR 45 00 0 78 7 U ZRbE AR 42 L 32 0 1 10 24 45 19 B B2 3 2% ( Ciireulant
structure kernel, CSK) . 7E L # At I+, Henriques 1 2HE — 2504 I A A9 2038 38 K BE F71F (Gray scale) 3™
J& i £ 3@ W) 5 ) B B 5 B/ $F AR (Histogram of oriented gradient, HoG) , [A] B ¥ 4% 3 5 (Kernel
trick) JIm A B 38 i 45 SR i o R v, 2 A Ak A OC 8 ik BR R B 2k (Kernelized correlation filter, KCF) .
T ok IR A R B BRI AR AR [A] T, Danelljan 25 0P T 22 RO R O U8 U IR 155 889 (Discrimina-
tive scale space tracking, DSST), % J7 i £t % H A5 A7 78 19 RORE A8 A IR) R, 5 B0k iy )2 i I8 4% A %)
Sk b 3E b RO SRR A RURE [ B Oy TS B RS B RBE AR AL o O T AR 9 B0 B 5 IR R i
i, Danelljan 1 Bertinetto % 43 7l $& 5 7 {8 FH 250 €5 44 BR AR AIE B9 1 38 7 25068 S 1 S5 B R 023 430 7% ( Adap-
tive color accurate tracking, ACAT )M ke e = B €4, 1 Jy Pl M S7 A B A AR DG 18 38 BR 25 530 v (Comple-
mentary learners for real-time tracking, Staple)!™, Zifa 45 4F (Color name, CN)7E H b5 & A AS 4
I E AT R4 1 & B e DR I 82 A9 R O I8 8 B0 ok T R ik 42 BB B 2 BUCHR >R T T HoG R IE S & CN Y
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Ak B % ( Graphics processing unit, GPU ) 52 3 ¥ B RF AR (918 55, DA IH % 3 77 0% B2 e A1 19 H AR BR B 08 1
WA A R SO E

AR SCAE 28 AR O U8 Ik A L, 3R T T IR R AR 5 JR) 8 29 SRR I (Local constrained mask,
LCM) Y AH G U8 I BR R 5005 o 76 DB I AR 1 2% > 1 R vb, ) FH (B0 PR A A D 50 249 o4 5 %o 0 0 25 700 2%
fE I 20 A1 AT R B, XA i % 5 03 AR 2 ) 7 A 04 o 07 R AT S B T T UR I A A 45 ) fE T s
i ResNet50 ¥ FE 19 25 i HCE f) 8 B2 4 AR i A B B B0k vy, ) PH R B2 AR A1 27 2] H AR R LA L I 8 H B
Pl {503 i T e BT R s T TR 3 ey X SRR A B R L B T H AR BN 1Y R AR BE 7, e 4R FH TR BE R AIE
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1 ZBEMEXRREE
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I PR A5 =2 Te) 7 A 6 o S 80 0 BT T s ) 224 7 o7 B8 i) 7 (I e o A o7 O R 3k L AR D1 7
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Bt A8 3 (Discrete Fourier transform, DFT), R 8 5 a4 10 5K fif o 72 5 46 590 430 32 Sl R A7, HCOR figp o A% ] R
VEDIL Ak bR 50 € 1R i & I 2% A, BD
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R 40 /1 (3)
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B2 REA (K 26 R ADURE AR DR A7 300 00 52 ), 55 46 T 43 SR 0 2 I BB 7, X B 1k 1 R R ORG Y
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W e B A 1’!3?\7%?&%%?24%![%1‘%*&
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p=min( S, ) (15)

2.2 REFMEMSINARINGHERYT 5

LR 18 A 0T AR 5K 30 0 R B ) ok B 0 A R E i BB B 24 2R I HoG 25 CN G JE 3, X A% ¢
FRAE 4L G 7R BRER T b A — E U (B AR S AR R AR AL T SR AR LR AL LA R B 2R 1 5
TP 22000, O T i R T RIA PR BE L AR SCHE HoG Al CN (Y HE Bl 1210 5 ok 7% B2 I 2% 48 R 3 1y
ResNet50 ¥R BERFfiE 51 A BRERF kb, UL RRAR 2 9 28 38 1 8 A 32 2] 45 2R R A, b d 35 K i
SR, UTSRAE R R AR Iz BRI R R & A0 0 S AR AT 55 b Y, 5 AR SRR AE AR LU, R R AE B AT
R BYIEZ B, G IR ™ Dy 1 AR U Oy 68 48 09 TR B2 ARAE , R SCIEHF ResNet50 [ 2% 2 4 4> 4 1
e i) resdex J2 W% A 0 ACRAAE L % A5 1 024 AR o 5 02 0 I S A A LG 2
H G R P 3 s B K, I A B R RO SR R AT AR B R DR T A R T AR SOk
F14 BB L RGO 1 20 e i TR PR A A A ) SRR BB T, AR ORI R BE AR AR B AT 5 3 AR
SEE F AR BE A% A6 M8 BAT AN AE PR AR LS 5 A B AR R IR AT e 5% | B3 A e SR 3 A 5
AT AL B, 9 FERE AR R B AR AR B 2 ) B O R R B HARE B BEAY TR R K A 2
JI 7R

(a) RIEREA (b) BT () JieH%e (d) TR
(a) Original sample (b) Flip (c) Rotation (d) Gaussian blur

2 IGFEAY LR

Fig.2 The diagram of the training sample augmentation.
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Fig.3 Flow chart of tracking algorithm
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WA, R FH— UGE o PP AL B 20 (One pass evaluation, OPE), P4l 5 SR FH AL D) 24 il £ 18 FL (Area under
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B MRS B T A
3.2 BikMEEEXTLE £I8
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Fi7R o

A PB4 v g 523 6] L 25 B AT LU Y, AR SCR JH HoG 4+ CN SR 21 4 19 B9 B3 20 vk 9 - 9 AUCHH A
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Fig.4 Precision plots and success rate plots of seven trackers on OTB-100 benchmark
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AL BOE T SRR A B it 42 T T 20 588 1 S8 RE 7 5 (2) ResNetb0 IR R IEAEZ 24 St N HA
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(Background clutter, BC) JE Z£ (Deformation, DEF) iz gl £ ## (Motion blur, MB) | Ifi N g % (In-
plane rotation, IPR) U 28 fk (Scale variations, SV)6 Fi 8k ik T 19 ¥ AUC M DP, L 25 5k 1,2
s iR 1,29 B i AUC R DPAE AT LA i A Y™ 7877 A5 29 AUC 1 DP fE SR E 3%
iR TR B 7 20 XSRS A5 R B UE 1O TR B R SR ORE AR Y ST DL —E R E TR ER A R
R R

x1 HATRIBOMBEMHRINELER R2 HATRAZOMEMEBBELR
Tab. 1 Six attributes AUC results of training set Tab. 2 Six attributes DP results of training set aug-
augmentation mentation
FEAZA OCC BC DEF MB IPR SV FEAZH OCC BC DEF MB IPR SV
FEAY 7 0.584 0.667 0.626 0.690 0.652 0.663 AP 7L 0.851 0.887 0.850 0.881 0.892 0.873
AEALBEE 0.576 0.632 0.564 0.647 0.632 0.641 AEAHEL 0.824 0.867 0.804 0.872 0.893 0.886

3.4 EXLSEHTER
RTFEA I UEA SCRE R AR SCEE I T AL AE B AT R H AR L B bR e i O RS A A TR
W 3, 8 A% SR HoG L CN Fil ResNet50 W B R AF 14 B B3 5501 55 5 B A OC 8 I 18 02 B30 vk 0 A7 6 L DU
B, A 35 5 %71 43 51 & MotorRolling . BikerSkiing | Skating 1 . Matrix LA & Lemming, HAH 5¢ J& P an 4 3
B A SCH 5 5 R A AE AR ) v i B R ORI AN 181 5 TR o
F3 MK WARE

Tab.3 Video sequence attributes

AL A3 WTEL / it FbR /N R R X BR FETH®
MotorRolling 164 122125 IPR.BC.SV .MB
Biker 81 29X 26 IPR.SV
Skating1 400 34X 84 OCC.DEF .BC
Matrix 100 38X 42 BC.DEF .SV
Lemming 1336 103X 61 OCC.IPR.SV

I 5(a) fiT 75 19 MotoRolling #55 f1 , H A5 78 iz 3l 19 5 72 b & A T e 5% 28 1k, BR AR SCRIE S A5
A5 A B R W, DR Oy BRI e B A G R AR 0 B AR 2, X e AR Ak Rk BURR AR S ARk
R T B R R IR B R A B BRI B R AR AR R SR W] DL R RS R R R 5 1] 5(b) BRI
Skating L %AT 24 H A5 & 2B 30 4 A% BRAR AR, R AR SCH L LCCOT A K& CSRDCF AT DL #h 1
B 2t B R AR 6 0K B8 R AR SR X AR RUBE A T RS L OR O T A Ak 1 S(ce)
IR [ Matrix ST, H AR 1932 3had B 20, 3 5 5 H bR A AUEE il i B 24 L FE IR T, )
A A SR DL S SRDCF 553k ml LUBR B 21 H b, [8] If A S5k 09 B2 325 o 1 32 W SO T SRDCF 5 |81 5(d)
7 (9 Lemming BT, H AR & Az T4 B 1EE P, 28 SO AR AR B R 1 E A 48 28 1SR A X8, 4K 4R 1T
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(a) MotorRolling
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B 5 6l BREE L AR 5 AN BSR4 A R i 5 O P g
Fig.5 Tracking results of six algorithms on five video sequences (Ours, CCOT, SRDCF, BACF, CSRDCF, KCF)

4 HRIE

R SCAE AR O U8 I B B 1 (0 b b 4R R — R RE TR R AE S LCM YA SQUB e vk . ikl
SR T AL RE ¥ A DA R 0 48 I T 53 20 D A AR i 5 14 R ko3, A (ER AT R A A R 1 3 SO, A
BRI H AR A48 R DX AR IO 22 B U R R 5 AR 22 ML TR 8 HoG A CNVRRAIE i 2 Al 1, Jn
A ResNet50 % B2 AL, ) TR B2 RR AL G P PR i ELRAT 2 0 18 SCAR VSRR A, T e 8 B L 4T AR g S0 A6
W0 37 O HARREA BEAT AL B, 57 78 T UIZRAEAR SR o 5 A A3 (9 08 LU 52 9 45 2R R T, AR S i 1 R



FTiFT S A THRANIEL BIY RIE 68K Ik SRz 5k 817

ORI 5 MR PR R T b R — R R o Rk R A 0 R S TG A SR TR — 2 B A
FE AR vl L2 B80T e BRI A4 %8 B2 AR 552 30 11 3 107 e A4, ok B 1k A S 1

S E 3k

(1]
(2]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

(18]

[19]

Yilmaz A, Javed O, Shah M. Object tracking: A survey[J]. ACM Computing Survey, 2006, 38(4): 81-93.

G, W AR X T AT G U i R 22 E A9 By B AR BR R T ER[D] Bl R 45 5 AR T, 2019, 34(1): 1227134,

Xie Liu, Shang Zhenhong, Liu Hui. Object tracking combining multiple features based on correlation filter[J]. Journal of Data
Acquisition and Processing, 2019, 34(1): 122-134.

TR, B R e, 2R AF T Gabor BE U 9 51 U8 H bR 2 Az [T]. B R 42 5 40 B, 2011, 26(1): 31-35.

Xu Guojun, Da Lianglong , Li Yuyang, et al. Target localization algorithm using guide source based on Gabor filters[J]. Jour-
nal of Data Acquisition and Processing, 2011,26(1): 31-35.

AL, MR RGBT A VRV T IR 29002 B 3 AR G B B AR B 0 vk (0] BESCUN 5 N TR R L 2018, 31(7):
612-624.

Feng Fei, Wu Xiaojun, Xu Tianyang. Object tracking with multiple memory learning and adaptive correlation filter based on
subspace and histogram[J]. Pattern Recognition and Artificial Intelligence, 2018,31(7): 612-624.

Smeulders A W M, Chu D M, Cucchiara R, et al. Visual tracking: An experimental survey[J]. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2014, 36(7): 1442-1468.

Adam A, Rivlin E, Shimshoni I. Robust fragments-based tracking using the integral histogram[C]// Computer vision and pat-
tern recognition, 2006 IEEE Computer Society Conference on. [S.1.]: IEEE, 2006, 1: 798-805.

Nummiaro K, Koller-Meier E, Gool L. V. An adaptive color-based particle filter[J]. Image &. Vision Computing, 2003, 21(1):
99-110.

Comaniciu D, Ramesh V, Meer P. Real-time tracking of non-rigid objects using mean shift(C]// Proceedings IEEE Conference
on Computer Vision and Pattern Recognition (CVPR 2000). [S.1.]: IEEE, 2002.

Mei X, Ling H. Robust visual tracking and vehicle classification via sparse representation[J]. IEEE Trans on Pattern Analysis
and Machine Intelligence, 2011, 33(11): 2259-2272.

Bolme D S, Beveridge J R, Draper B A, et al. Visual object tracking using adaptive correlation filters[C]// Proceeding of 2010
IEEE Conference on Computer Vision and Pattern Recognition (CVPR). [S.1.]: IEEE, 2010: 2544-2550.

Henriques J F, Caseiro R, Martins P, et al. Exploiting the circulant structure of tracking - by - detection with kernels[C]//
Computer Vision—ECCV 2012. Lecture notes in computer science. Berlin, Heidelberg: Springer, 2012: 702-715.

Henriques J F, Caseiro R, Martins P, et al. High-speed tracking with kernelized correlation filters[J]. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2015, 37(3): 583-596.

Danelljan M, Héager G, Shahbaz K F, et al. Accurate scale estimation for robust visual tracking[C]// Proceedings of the British
Machine Vision Conference 2014. Nottingham, UK: BMVA Press, 2014.

Danelljan M, Shahbaz Khan F, Felsberg M, et al. Adaptive color attributes for real-time visual tracking[C]// Proc. of 2014
IEEE Conference on Computer Vision and Pattern Recognition (CVPR). Columbus, Ohio, USA: CVPR, 2014: 1090-1097.
Bertinetto 1., Valmadre J, Golodetz S, et al. Staple: Complementary learners for real - time tracking[C]// International
Conference on Computer Vision and Pattern Recognition (CVPR). [S.1.]: IEEE, 2016.

Danelljan M , Hager G , Khan F S, et al. Convolutional features for correlation filter based visual tracking[C]// 2015 IEEE
International Conference on Computer Vision Workshop (ICCVW). [S.1.]: IEEE Computer Society, 2015.

Danelljan M, Robinson A, Khan F S, et al. Beyond correlation filters: Learning continuous convolution operators for visual
tracking[C]// European Conference on Computer Vision. [S.1.]: Springer International Publishing, 2016.

Danelljan M, Bhat G, Khan F S, et al. ECO: efficient convolution operators for tracking[C]// 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Honolulu, HI, USA: IEEE, 2017: 6931-6939.

ATE, SR — Pl B 2 0 256 AR R 22 T HUATSS A (9 B U D B6 T Bodii SR 46 5 4k B, 2016, 31(5): 996-1003.

Yu Dan, Wu Xiaojun. Face recognition algorithm based on combination of convolutional neural networks and extreme learning



818 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 5, 2019

machine[J]. Journal of Data Acquisition and Processing, 2016, 31(5): 996-1003.

(20] FEPEE, R/AMER ARKBH . T I 7 — oM s ) 5 #0220 A AR OC 38 IR R B0 (7] OB SO0t HL T AR R 2019, 56(22):
221502.
Wang Yixuan, Wu Xiaojun, Xu Tianyang. Tracking algorithm via temporal consistency and spatial pruning based correlation fil-
ter with multiple features[J]. Laser & Optoelectronics Progress, 2019,56(22): 221502.

[21] Danelljan M, Hager G, Khan F S, et al. Learning spatially regularized correlation filters for visual tracking[C]// 2015 IEEE
International Conference on Computer Vision (ICCV). Santiago, Chile: IEEE, 2015: 4310-4318.

[22] Lukezic A, Vojir T, Zajc L C, et al. Discriminative correlation filter with channel and spatial reliability[C]// IEEE Conference
on Computer Vision and Pattern Recognition. [S.1.]: IEEE Computer Society, 2017: 4847-4856.

(23] Lin Z C, Liu R S, Su Z X. Linearized alternating direction method with adaptive penalty for low-rank representation[C]//
NIPS 2011: Neural Information Processing Systems Conference. Granada, Spain: NIPS, 2011: 612-620.

[24] Boyd S, Parikh N, Chu E., et al. Distributed optimization and statistical learning via the alternating direction method of
multipliers[J]. Foundations and Trends in Machine Learning, 2011, 3(1): 1-122.

[25] KrizhevskyA, Sutskever I, Hinton G. ImageNet classification with deep convolutional neural networks[C]// NIPS 2012:
Neural Information Processing Systems Conference. LLake Tahoe, Nevada, USA: NIPS, 2012: 1106-1114.

fEEE AN

FFEE(1992-) : 5, B
FULE BT T 1) - H bR

E-mail:yixuan_wang _ jun(@

RNR(1967-) 3 B ¥z,
T A O F 5T S 1 A
SO T S HL A 5E R A

163.com, T % € , E-mail: xiaojun _

wu_jnu@163.com,

(43 .3k )



