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Research on infrared object tracking algorithm via adaptive
label and sparse-learning correlation filter

Huang Yueping, Li Xiaofeng,Lu Ruitao, Qi Naixin,Zhang Shengxiu

(College of Missile Engineering, Rocket Force University of Engineering, Xi'an 710025, China)

Abstract: To deal with the serious performance degradation of target tracking algorithms in complex tracking scenes, such as background
clutter, occlusion, thermal crossover, and target deformation, a real-time infrared single object tracking algorithm based on the adaptive
label and sparse-learning correlation filter is proposed. First, sample labels are constructed based on the target response adaptively, and
the discrimination ability of the correlation filter is enhanced by training with adaptive sample labels, which suppresses the pollution of
the interference region to the tracking model. Secondly, the sparse learning strategy is introduced to suppress the multi-peak distribution
of the response map in complex tracking scenes by its L.l norm, resulting in improving the robustness of the tracking algorithm.
Compared with the baseline algorithm, the precision and AUC of the proposed algorithm are improved by 19.3% and 39.8%,
respectively. Experimental results on datasets GTOT, RGBT234, and VOT-2016TIR show that the proposed algorithm has a strong
ability to deal with the above complex tracking scenes. Its running speed is over 35 fps, and its comprehensive performance is better than
the compared tracking algorithms.
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Fig. 1 Diagram of adaptive label strategy
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Fig. 6 Overall performance on the RGBT234 dataset
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Table 2 Performance comparison on the RGBT234 dataset

Ak b1 AUC HEE/ fps
ALSCF 0. 644 0.471 38.928
DR2Track 0.568 0.413 27. 849
STRCF 0. 649 0. 462 23.284
ECO 0. 643 0. 460 4.582
Staple-ca 0. 603 0. 426 47.281
SRDCF 0. 625 0.459 5.379
DSST 0. 540 0.337 35.638
KCF 0. 487 0.310 271. 043

F A S VAR R = T A G UE AT B AR AT S X
Syfiedy, B br e N AR B 22 R T H AR e N 2 0 T,
ALSCF ByAAE 524l ALz sh JEAE PGEE sh 2 8h
BB Ry R AR A A X7 Rk Ak AUC HE
H o — o TR HIEPIFR S HER PR, B T ALSCF 5.
R FH 1 SR BT T 5 2, AUC BEAIK TR FH R i)
IEN Ry STRCF 53  HEA 56—,

it — L BRE ALSCF kR vk, R 4 Ak T
ALSCF %% 5 VOT-TIR2016 ¥k ZHE4 1T 7 44 H
FrEREE 395 (H) . EBT 25451 SRDCFir 594", TCNN
ByE) Staple_TIR B3k SHCT &3 MDNet_N &
2L K Staple_plus 53k BPERENT L, NEE 4 H]
I, TE E WG BE )y T, ALSCF B89 W 8 2 o0 0. 672 HE 4

x3 HHEE RGBT234 53 Pk T A AUC XL
Table 3 AUC comparison in different challenges on the RGBT234 dataset

Fk BC CM DEF FM HO LR MB NO PO SV TC
ALSCF 0.373 0.454 0.433 0. 337 0.363 0.441 0. 405 0. 586 0. 526 0. 485 0. 389
DR2Track 0.339 0. 396 0.325 0.293 0.291 0. 405 0.354 0.539 0. 477 0.435 0.290
STRCF 0. 364 0.435 0. 406 0.336 0. 365 0. 451 0. 401 0. 580 0. 501 0.473 0.361
ECO 0. 347 0. 428 0. 404 0.285 0.357 0.421 0. 400 0. 560 0.518 0.474 0.324
Staple-ca 0. 366 0. 382 0. 385 0. 302 0.329 0.403 0.346 0.522 0.482 0.439 0.332
SRDCF 0.370 0.434 0.411 0.310 0. 344 0. 447 0. 405 0. 598 0.515 0.470 0.386
DSST 0.288 0.296 0.328 0. 205 0.273 0. 346 0.227 0.412 0.371 0.323 0.245
KCF 0.261 0. 269 0.291 0. 206 0.244 0. 305 0.224 0.361 0. 355 0.282 0. 205

F—, b HEZ % Y Staple_TIR A LS T 5.5% ; 54k
WAEHEA TG 2 B9 EBT 553 Ml SRDCFir 5354 b, ALSCF
LS WA Z ) EAO {UAH2Z 0. 01 F10. 008, {H ALSCF
BB T ML 35 fps, & EBT 5.1 A SRDCFir 9%
IBATERBERY 10 A5 LA b, T R SRR R £ BT AL,
TEBHR4E VOT-TIR2016 |- ALSCF 815 il 25 4 R B P fig
T PR TERT 7 LT A BAR IR A 1k |

2.4 EMZXE

J T BN E B IGAE ALSCF 354 i A 30 | R %k
PEEE GTOT F1 RGBT234 h HA MR Fe bk () 21 17 51
XA ALSCF ¥  DR2Track 3% STRCF &k |
ECO &7 Staple-ca B k" SRDCF &4 DSST &
I PURKCF B9k AT s M F oA, 3o R 45 SR
&7 s, Bl GT AR HARPRIERE .
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Table 4 Performance comparison on the
VOT-TIR2016 dataset

Bk EAO TR =R T/ fps
ALSCF 0.351 0.672 0.747 35. 864
EBT 0. 361 0. 438 0. 823 3.403
SRDCFir 0.359 0. 62 0.812 3.183
TCNN 0. 283 0.614 0. 694 1.307
Staple_TIR 0.264 0. 637 0. 603 20. 526
SHCT 0.263 0. 588 0.612 1.234
MDNet_N 0.24 0. 642 0. 639 0.784
Staple_plus 0.241 0. 588 0.591 18. 680
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Fig.7 Partial tracking results of eight tracking algorithms
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Table 5 Real-time performance evaluation results of the
ALSCEF algorithm

Bk PO BURHER HAREE SE/fps
411 480x640 TA 32. 601
ALSCF
F51 2 480x640 EA 31.229
3 2 e
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