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Adaptive tracking of moving targets in video sequences based on deep learning

LI Jiaqi
(School of Film, Modern College of Northwest University , Xi'an Shaanxi 710130, China)

Abstract: In response to the issues of low tracking accuracy in video sequences due to factors such
as appearance changes, background clutter, and severe occlusions, a novel two—stage adaptive tracking
model is proposed. This model includes two phases: target detection and bounding box estimation. In the
target detection phase,the model roughly locates the target; in the bounding box estimation phase, the
exact position of the target is determined. To address the complexity of video scenes and the challenges
of tracking small targets, multi—-feature fusion technology is employed to construct a rich target
representation. Experimental results show that compared with models such as Simple Online and
Realtime Tracking(SORT), Tracktor++, FairMOT, and Transformer, this model demonstrates the best
overall performance, effectively balancing the relationship between computational speed and tracking
accuracy, and showing good potential for application.

Keywords: computer vision; target tracking; object detection; bounding box estimation;

Discriminant Correlation Filter(DCF)
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Fig.1 Structure of the proposed two-stage video sequence motion target tracking model
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Table3 Comparison results of network configuration ablation experiments under different strategies

model AUC precision

object detection+DCF 0.474 8 0.723 5

object detectiontbounding box estimation+DCF+IoU-net(without instance—aware weights) 0.534 5 0.7879
object detection+bounding box estimation+DCF+IoU-net(with instance—aware weights) 0.598 8 0.843 7
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AR 25 A 5 L2 e S ik, I LLAE i, SORT A9 IDFI, HOTA #6 b R B e 25, 1340 W1 AR T It &=
W . X FEE Y SORT i H < /R 298 I 48 58 FANTH iz o Qe Bk, Biml e pepkis s, Bttt 5
SORT . Tracktor++. FairMOT . Transformer %5 ¥ Jy A0 b, B MOT16 504 5 ' HOTA 38 A5 WAl T Transformer,
Jr 4 45 B IDF 1 #l HOTA 45 b5 249 22 9L 800 A BR 2 PR RE . 55 SORT A LL, JIr #2465 AU /% PathTrack %45 % 1 IDF1 Al
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5 ABRIZES 0 LS,

Table5S Comprehensive comparison results of different models

dataset model IDF1 HOTA FPS
SORT 0.448 5 0.360 5 58.7

Tracktor++ 0.5274 0.404 1 14.2

Path Track FairMOT 0.5295 04143 18.3
Transformer 0.5307 04213 7.9

the proposed model 0.5315 0.426 8 24.5

SORT 0.398 1 0.3385 60.3

Tracktor++ 0.5459 0.448 6 18.9

MOT16 FairMOT 0.548 5 0.424 6 23.6
Transformer 0.596 3 04825 12.4

the proposed model 0.605 1 0.480 3 26.8
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T S8 R R 1 T ) 4% RS B RN ToU—Net £ 3 H A i) o 1 X 3

MOTI16 ¥ Ha E i A E T 5 2 2% 5, HAT A SOl RO 22 BB K. DA MOT16 B4l 52 0 ), % e £
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