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Abstract: Objective Correlation filter ( CF)-based methods have demonstrated their potential in visual object tracking for
unmanned aerial vehicle (UAV) applications. Current discriminative CF trackers can be used to learn a multifaceted fea-

ture filter in the sample region. However, more occlusion or deformation-derived features may distort the filter and degrade
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the discriminative ability of the model. To mitigate this problem, we develop a novel sparse constraint and spatio-temporal
regularized correlation filter to ignore those distractive features adaptively. Method By imposing a spatial ( bowl-shaped)
elastic net constraint on the objective function of the correlation filter, our algorithm can restrict the sparsity of the filter val-
ues corresponding to the target region instead of the whole sample region and adaptively suppress the distorted features dur-
ing tracking. In addition, a temporal regularization term in spatial-temporal regularized correlation filter (STRCF) is inte-
grated to enhance the filter’ s ability to suppress distortion. Our research treats the object tracking task as a convex optimi-
zation problem and provides an efficient global optimization method through alternating direction method of multipliers
(ADMM). First, the objective function is required to meet Eckstein-Bertsek condition. Thus, it can converge to the global
optimal solution by an unconstrained augmented Lagrange multiplier formulation. Next, ADMM is used to transform the
Lagrange multiplier formulation into two sub-problems with closed-form solution. To improve computational efficiency, we
convert the sub-problems into the Fourier domain according to Parseval’s theorem. Our algorithm can converge quickly
within a few iterations. Result Several evaluation metrics like center location error and bounding box overlap ratio are used
to test and compare the proposed method against other existing methods. The center location error measures the accuracy of
the tracking algorithm’ s estimation for the target location. It computes the average Euclidean distance between the ground
truth and the center location of the tracked target in all frames. The center location error can represent the location accuracy
of the tracking algorithm. But, the sensitivity of the different size targets to the center location error is different because
scale and aspect ratio are not taken into consideration. Another commonly used evaluation metric is the overlap rate, which
is defined as the intersection over union between the target box prediction and the ground truth. We compare our approach
with several state-of-the-art algorithms on well-known benchmarks, such as DTB70 ( drone tracking benchmark) , UAVDT
(unmanned aerial vehicle benchmark: object detection and tracking) and UAV123_10 fps. The experiment results show
that our model outperforms all other methods on DTB70 benchmark. The average accuracy rate and the average success rate
are 0. 707 and 0. 477, which are 5. 8% and 4% higher than STRCF. For UAVDT benchmark, the average accuracy rate
and the average success rate are 0.72 and 0.494, respectively, which are 8.4% and 3.8% higher than STRCF. For
UAV123_ 10 fps benchmark, the average accuracy rate and average success rate are 0. 667 and 0.577, respectively,
which are 5% and 3.3% higher than STRCF. Furthermore, an ablation experiment demonstrates that the proposed strategy
improves the tracking speed by about 25% without affecting the tracking accuracy, and the running speed can reach
50 frame/s on a single CPU. Conclusion Compared with the current popular methods, the proposed sparse constraint and
spatio-temporal regularized correlation filter achieves leading performance. Due to the introduction of sparse constraints and
spatial-temporal regularization, our algorithm improves the tracking effect and has strong robustness in complex scenes such
as occlusion and deformation.

Key words: unmanned aerial vehicle tracking; correlation filter (CF); sparse constraint; spatial-temporal regulariza-

tion; elastic net; alternating direction method of multipliers (ADMM) ; cyclic shift
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Fig.2  Visualization of coefficients distribution of the filter during occlusion
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Fig.3  Visualization of filter coefficient distribution during vehicle deformation
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online learning sample (red box)
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( multi-regularized correlation filter) ( Ye %,2022) |
MSCF ( mutation sensitive correlation filter) ( Zheng %5,
2021) . ARCF ( aberrance repressed correlation filter )
(Huang %, 2019) . STRCF ( Li %, 2018) , MCCT
(multi-cue correlation filter based tracker) ( Wang 55,
2018 ) . ECO-HC ( efficient convolution operators—
hand-crafted feature version) ( Danelljan 55, 2017b) |
BACF ( background-aware correlation filters) ( Galoogahi
4%,2017) fDSST ( Danelljan 4% ,2017a) | Staple ( fast
discriminative scale space tracker) ( Bertinetto 4,
2016) . SDRCF ( Danelljan %5,2015) . LCT ( long-term
correlation tracking) (Ma %5 ,2015a) . DSST ( Danelljan
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iques 5% ,2015) . SAMF ( scale adaptive with multiple
features tracker) ( Li 11 Zhu,2014) ., % & %|JC AL
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tially-regularized correlation filters) ( Dai 55,2019 ) A~
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Bl 6 AIrkS STRCF HkXT L
Fig. 6 Comparison between STRCF and ours ( (a) Car8; (b) ChasingDrones; (c¢) Motor2; (d) Horse)
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B 7 15 FPEREESSTE UAV JEVE ARSI th 4k

Fig.7 Curves of precision for 15 trackers on UAV benchmark

((a)UAVI123_10 fps dataset; (b)DTB70 dataset; (¢) UAVDT dataset)

K8 15 FPEREEASTE UAV LV [0 ol R th<k

Fig. 8 Curves of success rate for 15 trackers on UAV benchmark

((a)UAV123_10 fps dataset; (b) DTB70 dataset; (¢) UAVDT dataset)

F1 15 FIRERSETE UAV B ERBRRRMMINERER

Table 1 Results of precision and success rates for 15 trackers on UAV benchmark

URLTES IRvES
PRERAR
UAV123_10 fps DTB70 UAVDT UAV123_10 fps DTB70 UAVDT
AL 0.667 0.707 0.720 0.577 0.477 0.494
MRCF 0. 666 0. 666 0.740 0.591 0.466 0.522
MSCF 0.651 0.649 0.737 0.558 0.450 0.524
ECO_HC 0.643 0.638 0.709 0.565 0. 449 0.443
STRCF 0.627 0.649 0.636 0.544 0.437 0.456
ARCF_H 0.612 0,607 0.725 0.524 0.416 0.437
MCCT_H 0.596 0. 604 0.668 0.526 0. 405 0.411
SRDCF 0.575 0.512 0.659 0.511 0.363 0.452
Staple 0.573 0.489 0.685 0.515 0.336 0.402
BACF 0.572 0.581 0.686 0.506 0.398 0.469
fDSST 0.516 0.534 0.686 0.459 0..357 0.399
SAMF 0.465 0.520 0.591 0.398 0.339 0.303
DSST 0.448 0.463 0.702 0.311 0.276 0.343
LCT 0.442 0.462 0.59%4 0.329 0.283 0.275
KCF 0.405 0. 468 0.575 0.294 0.276 0.269
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£2 RIZMAERIFH 6 MIREZESE UAVI23_10 fps,DTB70 1 UAVDT %455 LS R B IR FPS £ R
Table 2 Results of precision, success rates and FPS for top six trackers on UAV123_10 fps, DTB70 and UAVDT datasets

‘ UAVI123_10 fps DTB70 UAVDT
e W IR FPS/(Mi/s) AR WEIE FPS/(Wivs) KB NIIE FPS/(i/s)

STRCF 0.627  0.544 28 0.649  0.437 22 0.636  0.456 35
MRCF 0.666  0.591 37 0.666  0.466 35 0.740  0.522 53
MSCF 0.651  0.558 31 0.649  0.450 27 0.737  0.524 37
ECO-HC 0.643  0.565 55 0.638  0.449 46 0.709  0.443 60
ARCF-H 0.612  0.524 46 0.607  0.416 47 0.725  0.437 51
AL 0.667  0.577 50 0.707  0.477 46 0.72  0.494 59

TE L PRSI R AR, TR PR RSO ER

A R 0. 494 78 A BE T A4S 3, A
F STRCF Bk 1 3. 8% o i 5| AR 2 2y
WA SCERVA RBAS 11 3 1 b A0 ) 1 0 R TR
FHE , $2 R R TE ST 37 50T WG IV BB T , S ASHA
RE MW B AL T STRCF,

5 14 FeYET ERE A A SO BN EE S
HE T REZEONA 7 I T AR SO e
TE B B 0T ) B
3.4 HEASILE

FRAE 2. 4 358953 Br vl 0, X K6 I 5 A5 B B 1 A
ARIATIE IR AL 25 F B LA AR
4, HAHSBW iz (8] B AR AL B R Sl R 2, i Bk
HIGR M E . 1 e e A SO B B 2
R T SR T LRG3 BB S A Ok ) R
Wiy, R P H bR B A% 3 L3828 AL BRI 20 R UAVI23
_10 fps AT I RS

THRALSES Y 4 A7 EBE ] HOG + CN
TH¥E, Baseline 1EJR46 DCF HEZRHin A =3 (8] 1E ]
T 55 B ] 1 D) 350, R {3 2% (acceleration
strategy , AS) FIJIN 3% %6 W% ( elastic net, EN) ; Baseline
+ AS FIRNTE Baseline FEA [ 8 N 3 %% 1% ; Base-
line + EN F/RTE Baseline JEAil 5| A 55 [8] 5P K
28 X R AU AT DI A 6 249 O 5 AR SRR A DX
i G 24 SR 55 0 W,V S A5 SR Sk 3
TN ATLAE R b I 25 29 1Y) Baseline + EN
FIAS SCHRLIER 45 , X6F LG A folf FH 5L 19 46 29 1Y) Base-
line 5 Baseline + AS Eﬁﬁi%ﬁ,ﬂ%ﬁﬁﬁﬂéﬂﬁi%%ﬂjﬁ
P, [ HINE R BE A Baseline + AS FIAS SCHR B
i, 0 L Al 0 3 3R W Y Baseline I Baseline +
EN BRERR , BRES R (MiT/s) B3R &, Beah, A

HRIEESS S Baseline + EN ERERZSAH L, &AM 5| AN 3
THE  ERE BRI R T B 0. 1% BITE LT, iR
ERR(W/s) P T2 25% o

R3I HBXE

Table 3 Ablation experiments

PRIERAS K% IR BRI (W/s)
Baseline 0. 646 0.558 39
Baseline + AS 0. 648 0. 548 51
Baseline + EN 0. 668 0.578 40
Baseline + EN + 0. 667 0.577 50

AS (A&30)
L AR R 25 B B AR 4

T B R A SE, UAVI23 10 fps 2096 4 % H
3 il 1 Ay R, BR AR AR P T 8] L RS
B, INE SR mE v IR AR AL ERAE Sl R T 2
AR B A4S 25 T A IR D AE 2R b Ay ik R S 25 ()
TE DI F 30 AR TR f) 52 ) 2 AR R B A
TH Rl S YR 25 R s R m R a2 i 1 R ER B
(] S VAT S 25 B AT R oK i o R Dl 32, 28 | AR
SCHRE A R O 2 24 B T S T DA W 3
DCF ZEIRER L TERE

4% B

BEX AU GE BRER AT 55 X HERR 1 & B A
S B R R AR SR H — iR 5 249 PR B B 5 I
DN S DB BRER 1 , 100 a2 LM 19 205 249 TR 15 25 ]
TENIES & A SCIE D AR 7P JE AR A 22 1l
SO 25 T BB S 11 38 IV 1 0 10 EL AT DXy 1 1) )
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