#40% 110 &/ L F O M Vol. 40 No. 11
2019 4F 11 H Chinese Journal of Scientific Instrument Nov. 2019

DOLI: 10. 19650/j.cnki.cjsi.J1905657

$E Tt TED B A AR S R E X g

A H, RN, FER,FES
(FRB T RS TR B 210094)

B AHERS T T S 3 B ARG B 22 i ) B 3R T — R IR ORI S =22 43k 002 B H AR B 15 e
BTSRRI (LK) YEHE RGN 2B, AR5 FH = W25 40 k4R BB An, 15 B A5 SRR, RUR S 1 (15 e Lk
(PSNR) {E#E55 T 3. 6 dB 247, B i k2 B sl T30 F REME MR SR BUE B AR, 7R IR & L A3 b B 53 BE S 28 fps; [AIHT,
I SHEGEAEAN SEIE T (KCF ) 3336 50 N RE AR AR AR 20 14 s B e P B A 22 10 IR, B3 T — P stk i KCF 33036, il i A A
P R 4 T8 TS IR I A 7E PR & T8 AN IR J2 L gy 7, 8380 oo 3 e A2 5 00 — il B A7 8, TR ERE A AL 77 BSR4 ARG AL
il /N B ARIEE R B AR, B R, Bl 4 B e IR S A RS A Y A b B e e R R A, T SRR H A
AR IR, AL BT A 33 fps, 135 KCF Bk T LA U B R U MERR SRR = T 4. 2% , ORI T 1. 8%,

K8 T8 ; Lucas-Kanade G EE 3 HARKGIN ; ARSI I 4% 5 HAREREE

hE 5 ES: TH89 MEFERRTE: A BERREZERSERE . 460. 4099

Design of accurate detection and tracking algorithm for
moving target under jitter interference

Zheng Pu, Bai Hongyang, Li Zhengmao, Guo Hongwei

(College of Energy and Power Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: Aiming at the problem of poor detection accuracy for moving targets under jitter interference, a moving target detection
algorithm based on optical flow method and three-frame difference method is proposed. Firstly the image stabilization algorithm based on
LK (Lucas-Kanade) optical flow method is used to de-jitter the video, then the three-frame difference method is used to extract the
target. Simulation results show that the PSNR ( Peak Signal to Noise Ratio) value is increased by 3. 6 dB after image stabilization, and
the designed algorithm can accurately extract the target under jitter interference, the average processing speed on the test platform is
28 fps. At the same time, aiming at the problem that traditional KCF ( Kernelized Correlation Filter) algorithm has poor tracking
performance for scale-changing and partially occluded targets, an improved KCF algorithm is designed, which constructs the image
pyramid of the target, then calculates the filter response on different layers of the image pyramid, finds the layer with largest response
and updates the target location of next frame. Meanwhile, an occlusion detection mechanism is introduced in the algorithm, which
reduces the impact of target occlusion on tracking. Simulation results indicate that the improved algorithm has stronger robustness to the
scale-changing and partially occluded targets, and can achieve stable target tracking, the processing speed of the algorithm is 33 fps.
Compared with the KCF algorithm, the precision of the proposed algorithm is increased by 4.2% and the success rate is increased
by 11.8%.
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Fig.1 The flow chart of the electronic image

stabilization algorithm
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Fig.2 The flow chart of three-frame difference algorithm
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