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A long-term object tracking algorithm based on
deep learning and object detection

SHAO Jiangnan'?, GE Hongwei'’

(1. Jiangsu Provincial Engineering Laboratory of Pattern Recognition and Computational Intelligence, Jiangnan University, Wuxi
214122, China; 2. School of Internet of Things, Jiangnan University, Wuxi 214122, China)

Abstract: Aiming at the problem of tracking drift or loss caused by the occlusion and the out-of-view of the target in
long-term tracking, this paper proposes a new deep, long-term tracking algorithm based on MDNet (LT-MDNet). First,
an improved shrinkage loss function is introduced to solve the problem of the positive-negative class imbalance in the
model training. Second, a high confidence retention sample pool is designed to retain the valid and highest confidence
results of each frame during online tracking and to replace the lowest confidence retention samples when the pool is full.
Finally, when the model detects a tracking failure or when the continuous tracking frame number reaches a specific
threshold, the reserved sample pool is used for online training to update the model to make the model robust and effi-
cient in dealing with long-term tracking. Experimental results show that LT-MDNet is highly competitive in its tracking
accuracy and success rate and maintains excellent tracking performance and reliability in the case of target occlusion and
out-of-view.

Keywords: object tracking; long-term tracking; neural network; convolutional features; class imbalance problem; loss

function; feature extraction; deep learning
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Fig. 1 Main architecture of MDNet
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Table 1 Quantitative comparison results of the AUC of contrast algorithms and the prossed LT-MDNet algorithm on the 12

video attributes in the UAV20L database

MAENE  MBEEL  SRDCF MUSTer BACF  TADT  SiamRPN  CIResNet22-FC ~ MDNet  LT-MDNet
v 19 0.332 0.314 0251  0.439 0.443 0.417 0.425 0.470
CM 12 0.329 0.309 0.293 0411 0.479 0.385 0.469 0.448
ov 7 0.170 0.200 0.121 0277 0.192 0.223 0.201 0.258
FM 18 0.320 0.305 0276  0.433 0.423 0.399 0.422 0.460

ARC 9 0.303 0.318 0.174  0.406 0.450 0.368 0.444 0.436
SO 7 0.295 0.242 0.154  0.420 0.343 0.425 0.371 0.469
BC 4 0.156 0.230 0.105  0.297 0.104 0.249 0.148 0.275
vC 19 0.327 0.307 0271  0.436 0.436 0.414 0.422 0.468
Y 16 0.270 0.275 0.191  0.390 0.388 0.361 0.363 0.417
LR 14 0.397 0.342 0.335  0.478 0.532 0.488 0.479 0.524
PO 12 0.228 0.278 0.205  0.341 0.335 0.273 0.327 0.351
FO 5 0.197 0.206 0.174  0.355 0.422 0.303 0.324 0.367

UAV20L 20 0.343 0.329 0274  0.453 0.454 0.431 0.439 0.483
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Fig. 6 Qualitative comparison results of contrast algorithms and the propossed LT-MDNet algorithm on uavl, personl7,

carl and bikel in the UAV20L database
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Table 2 fhlation study results of the LT-MDNet al-
gorithm in the OTB2015 database

T Prec/% Succ/%
MDNet 90.8 67.1
MDNet+HU 91.0 67.2
MDNet+SK 91.4 67.6
LT-MDNet 91.6 68.2
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