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Object Tracking of Structured SVM Based on DIoU Loss and Smoothness Constraints

SUN Ziwen' . YUAN Guanglin® , LI Congli' , QIN Xiaoyan® and ZHU Hong®

1 Department of Weaponry Engineering of PLA Army Academy of Artillery and Air Defense, Hefei 230031, China
2 Department of Information Engineering of PLA Army Academy of Artillery and Air Defense, Hefei 230031, China
Abstract Object tracking based on structured support vector machine has been widely concerned because of its excellent per-
formance. However, the existing methods have the problems of imprecise loss function and model drift. To solve these two pro-
blems, firstly,a structured SVM model is proposed based on DIoU loss and smoothness constraints. Secondly, DIoU function and
L, norm of the difference between w, and w, , are used respectively as the loss functions and the smoothness constraints in the
model. Thirdly.the algorithm for the proposed model is designed with the dual coordinate descent principle. Finally.a multi-scale
object tracking method is implemented via the proposed structured SVM on the basis of DIoU loss and smoothness constraints.
The proposed object tracking method is experimentally validated on the OTB100 and VOT-ST2021 datasets,and the experimental
results show that the tracking success rate of the Scale-DCSSVM on the OTB100 is 1. 1% higher than the DeepSRDCF,and the
EAO on VOT-ST2021 is 1. 2% higher than the E. T. Track. The proposed object tracking method has superior performance.

Keywords Object tracking, Structured SVM,DIoU loss,Smoothness constraints
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F 1 ARFERAR DCSSVM 7 OTB100 $tii 4 119 OPE g5
L FE A
Table 1 OPE performance and speed indicators of different versions

of DCSSVM on OTB100 dataset

OPE

Methods precision Success S;c;;l/

(pixels) (AUC)
DCSSVM-N2 0.766 0.541 10. 36
DCSSVM-NW 0.788 0.569 10. 33
DCSSVM-ND 0.801 0.584 10. 35
DCSSVM(A X 77 %) 0.819 0.605 10. 29
Scale-DCSSVM( A X 77 #) 0.862 0.649 5.31

5.2.2 HHE MM SVM B3R 77 ik 6 3z

# 2 B W T ScaleDCSSVM, DCSSVM, Scale-DLSS-
VMI, DLSSVMI, Struck™ FiI LMCF!® jx 6 Ff 45 ¥ 1k
SVM REE ik 4E OTB100 $dE4E L1 OPE M:fg b 45 1.
TEBRER B b AR SO £ — AN KA liquor (1 741 D) i 47 3
fli. I 2 AT LAH ) . 7E Precision F1 Success B335 Fr I . A
SR Scale-DCSSVM ¥4 T H AR ER Jr ik . B3R 2 Ty
WL S5 W LU, 50 R BRER J7 1 DCSSVM A #Z T* DLSS-
VM IR EEJ7 % 4F Precision 425 5. 3%, £F Success |42 &
6.4% ., ZRERE T Scale DCSSVM #H# T Scale-DLSS-
VM PR % J7 B AE Precision 427 5. 6% . fF Success I #& 75
8.6% . AITEAMNAEYERR A W W8T, 77 B H AR B 2R
BEILF-I A Z B,

F 2 6 Fhgi Mk SVM MU Ik 7E OTB100 $484E 1) OPE 8
559 A
Table 2 Comparison of OPE performance and speed of six

structured SVM tracking methods on OTBI100 dataset

OPE )
Methods precision Success Sl:;g/
(pixels) (AUO)
Scale-DCSSVM( & X 7 #) 0. 862 0. 649 5.31
DCSSVM(A X 77 %) 0.819 0.605 10. 29
Scale-DLSSVMI 7] 0. 806 0.563 5.39
DLSSVMLI7] 0.766 0.541 10. 36
Struck[11] 0.634 0.457 0.92
LMCFL18] 0.785 0.574 85. 26

F 3P T 6 FEEML SVM BR B2 5 3 76 A 5] Bk v 4
B Success FIZE R, MWEF AT LIFE H, A 3 Scale-DCSSVM
PR B J7 R 7E BC(HF BB 2 FMH & 3D . IV O AR ) |
MBGz #h##) . DEF CH AR 25 fl OCCCH 5 3 £4) 45 Pk 5%
PEALAT R AR, X — 25 BLIOIE T A SO R A R

£ 36 kgL SVM BRER J7 i A2 6] J@ LA D Success 1Y HE#K
Table 3 Comparison of Success of six structured SVM tracking

methods in different attribute videos

Methods BC FM v MB  DEF  0OCC
Scale-DCSSVM(A X 7 %) 0.642 0.647 0.633 0.626 0.663 0.609
DCSSVM(K X 77 %) 0.618 0.613 0.605 0.582 0.636 0.565
Scale-DLSSVMLE!7] 0.581 0.571 0.567 0.556 0.599 0.527
DLSSVML!T] 0.535 0.553 0.540 0.535 0.583 0.508
Struck[1] 0.416 0.382 0.408 0.376 0.393 0.369
LMCFL18] 0.606 0.590 0.602 0.546 0.623 0.542
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P4 2510 T 6 Fh &5 4k SVM R ER J5 1 76 77 S R 2% L PR
8 OLRARAL GBS BT B ARE AT H AR £ X 6 A AR
A R P P A R 1) T AL BR B 45 2R . Hirh Basketball #E45
Hh Y B TR T AS B . F BRI £ s Board P B 2
TIHR R M R SR 2% 5 Diving 0 9 32 ZE Bk R 2 B
FRIEAE s DragonBaby #A i) 3 2246 s 4 = s % 8 B
BRI AL s Matrix BT H 19 3 22 9 R Rz S8 L F A i
P G IRAZAE s Tronman B H (Y 5 22 Bk AOR 1 7 FHIR 20

#000 ; #0019 :

(e) Matrix

SRR AL PR Bl . ol O R A B R R A 2R AT LLR
P AR LU HC A R B D vk L AR AR Y Y B B O 15 BB A AT AR T TR
DAL J& PEAAT P B9 BRER PERE o (HR R R 2 A 7E TR L 45
T3 A ST SR B 2 AL 51 LRT FGUE R AR 78 58 A 3%
5 b5 A AL T A UM 28 R 4% 24 S B B IR BE R IE A 2 B %
R 7R Diving MU 24 BREE B AR AW 09 S A AR R UBOTE
AR AR SOTT VA RS RESE R B ER H AR X R T B BEE i
LR

() Ironman

Bl 4 6 FhEE T A5 SVM Y BER 7 178 6 >3k fl M L 331 v iy R 2 45 2R

Fig. 4 Tracking results of six structured SVM-based tracking methods on six challenging videos

5.2.3 S AL EH MR kiR
£ OTB100 B4 L A SCHR B W B AR IR EE kS
S FI AL 75 1 B AR IR B L FEAT L #, ar il R B FIRE =Y

i) CNN-SVM! | SjamFC, CRESTS® #l DeepSRD-
CEPY 5L T 48 3G 38 3 9 CF20%) MUSTert ™, SRDCF™* 1
Staple™® , 5 4 H T 10 F B E 7 7 OTB100 ¥ ¥ 4
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(a)Precision plots of OPE
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VM 7E EAO 45 b BEAK T SiamRPN+ + , {H 2 4 %% T H At
e P RE O R SR MERE AR B R

10

09 S
08
07

06
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Fig. 5 OPE performance metric curves of ten high-performance trackers on OTB100 dataset

4 ARIXTTES 5 FhEEREIER 7 ik 7E VOT-ST2021 i 4 b 52 g 55 2%

Table 4 Experimental results of the proposed methods and five high-performance tracking methods on VOT-ST2021 dataset

Ours  SiamRPN-+ 0361 D3s037]  TADTES) L T-Mobilel39]  E. T. Track-*0]
EAO4 0.238 0. 257 0. 234 0.192 0.211 0.226
Accuracy 4 0.451 0.472 0.442 0.403 0.407 0.414
Robustness v 0.631 0.668 0.626 0.675 0.714 0.752

LEWRIE AN THA R T SVM (14 B AR IR i
FETE R P AS 0] 80, BV 481 2K PR B30 G 0 R ASS 28 B8 8 ) JE . 41
XA ], 1 e 4R —Fh 3T DIoU #2k 5 18 49 3R 1 45
Fg4k SVM B DCSSVM, H YR He T X 18 4 b 18 £ J5 3 45
THOR B L e AR HAY 3T DIoU itk 5 F i Al
M5 M AL SVM 383, Se B T —Fh 2 ROEE A b BR¥E J7 & Scale-
DCSSVM, %] OTB100 Hl VOT2021 %45 4 %) A< SC 42 i
B A R 5 7 vk 15 AT S 50 50 UE A 43 M7, AR SCOF I AR A A 08 X
Pz gl B AR RS O R E B RIR AR L) B B R RS
HETT BRI 5. 5 A IR Uy WA L AR SO
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