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Research on Unmanned Aerial Vehicle Target Tracking Algorithms
Based on Monocular Vision

FENG Yingbin' ,ZHU Chenyu' , WANG Tianlong’

(1. Shenyang Ligong University , Shenyang 110159 ,China; 2. Chinese Academy of Sciences, Shenyang 110169, China)

Abstract: To address critical issues in unmanned aerial vehicle target tracking algorithms, such as
high target loss rates, insufficient tracking stability , and scale drift,an improved algorithm integra-
ting detection and tracking mechanisms was proposed. This algorithm constructed a dual-modal col-
laborative tracking architecture by deeply integrating the YOLOv4-tiny object detection framework
with the kernelized correlation filters ( KCF) tracker. Building upon this foundation,a lightweight a-
daptive scale estimation module based on feature pyramids and a servo controller were designed.
Through multi-scale feature fusion and dynamic parameter adjustment mechanisms, the target scale
was precisely estimated. Experiments demonstrate that while maintaining real-time performance, this
algorithm elevates tracking success rates in complex scenes to 82. 6% , successfully mitigating the
tracking drift. It exhibits robust tracking performance even when targets undergo prolonged or inter-
mittent occlusions and scale variations.
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Fig.1 Target tracking system framework
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Fig.2 Object tracking flowchart
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Table 1 Comparison of resource consumption among

different algorithms
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Table 3 Real-time performance comparison

" BiAbF GPU CPU
iy pps  BULAL . il
TV FHE/ %  HEHE/ %
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Fig.3 Drone servo controller
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Table 4 PID Parameters Settings

bl [l K, K; Ky
K1) 0.025 0.001 0 0.012
EXD! 0.028 0.001 2 0.010
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Fig.4 Results of long-term occlusion experiments
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Fig.5 Results of short-term occlusion experiments
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Table 5 Accuracy results of different algorithms

in typical scenarios
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STO LTO v MB S

AR CF 0.811 0.773  0.820 0.837  0.810

KCF 0. 640 0.583 0. 801 0.733 0. 689
DSST 0. 608 0. 553 0.723 0.678 0. 640
TLD 0. 587 0. 467 0. 663 0.617 0. 583

HITEL 7 35 .3 6 Al UL, A SCRL BRER 1 RE SR
1 SR R W BT BRI R 5 T A R

*6 HBEBFGIETAREERIIELER
Table 6 Success rates of different algorithms

in typical scenarios
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Fig.8 The drone following the simulated

pedestrian target trajectory

M8 HRl UL AT ANAE LAt BE AR IS H B
PHIE O, AR SCHR 7 38 32 DU 28 BR B ML 72 17 AN
B IE SR 5 BRIl KCF \DSST .95 i T
Bl e TR A S BOR B A5 0k IR T AR SO
16 B AR R B I A 2

@Q%F WA
9 T AHERERLIE
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