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Abstract

Aiming at the shadow interference caused by uneven illumination of indoor monocular surveil-
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lance video and the jitter problem caused by equipment and environmental factors, this paper
proposes a dynamic foreground target extraction method based on feature location and improved
frame difference method. Firstly, dynamic shadow features are reduced at the pixel level and
Gaussian filtering is used for noise reduction to reduce redundant feature information of surveil-
lance video. Secondly, the feature matching algorithm is used to obtain the difference between two
consecutive frames of images to initially capture the foreground dynamic target. Then, the adap-
tive threshold and morphological processing method are used to improve the frame difference
method to accurately extract the foreground dynamic target. Finally, the effectiveness and accu-
racy of the method are verified by experiments. The accuracy of the dynamic foreground object
extraction algorithm in indoor monocular surveillance video reaches 92.2%, which effectively
eliminates the shadow and jitter interference in indoor monocular surveillance video.
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Figure 1. Overall structure diagram of HFID
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Figure 2. Flow chart of SIFT features location
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Table 1. Key steps of HFID algorithm pseudo code
% 1. HFID EA XL RMNAD

HF]D(Sf E'.R F)
MIN: ST RIEUERIG, Er RVUIOESEDUMUR L EIS, R EEET SIFT B EILEG K S L, F 2 s

[ ¥SLE
i MEEALEEIE HFRXE D,

1for i=1 toFdo
2 A« ER
3 B'eE.”(l—R)

4 T <—max(0tsu(B T) otsu( E'S'4 T) otsu(E S/B' T))

5 d « E'-RE",
6if d.>T.

7 then d) «1

8 Tre! < threshold (d)),c, <—orFun(Tre )
9 D, < morphologyImage(c,)

10 else d <0

11 D, «d]

12 end for
13 return Df
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Table 2. Comparison table of overall running time
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320 x 240 0.65 1.56 1.85 0.79
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PREIE[4]F0 GAN TGl B 5 21 T[S IME X A, 5 HFID £ UR Fall Detection [13]% P i #2404 k(5]
1T RS R AT YERE N LS, 253 E 3 s,

Table 3. Performance comparison of dynamic foreground extraction algorithms

= 3. SEIRIEIE LM REXTEE

JriE HEH (%) H (%) LEE VPN R IR (%)
2 PR 60.6 32.1 44.5
LOBSTER 78.4 66.2 71.8
AlphaPose 80.5 754 77.9
3D-CNN 90.9 85.7 88.2
GAN 913 88.5 89.9
HFID 922 89.7 90.9

M3 A, S8 ZEEA LOBSTER Hy% 52 % WL TR £ 2h e s T30 S BRI A (1]
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EVFAEE 2 FEIASHT B HARREUR Y 1. AlphaPose 532 15h 7% H bR$ZEU SRR 2 80.5%, 1H
LA VRN B R EE HFID 55K 13.1%, HFID 503 Ul G iR PP SR 0 & 1 R, TR B 2 ST BRI
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Figure 3. Comparison of target extraction results based on UR Fall Detection
3. EF UR Fall Detection B #RHREVEER¥FEL

4.3. FEHR BRI

AR SCAE FAN A S 9 B H W7 S AR X Bt i, 375t — 72 CDnet 2014 38 FIEUE [ 14100 = T ERHL
R AEMI(CopyMachine) 755, 1Z37 5 AT S22 H bRia sl R P AR RIS BAAE KRR,
RIS 268 720 * 480, 5 —J& CDnet 2014 HHEAE[ 141/ 70 = IS (Office) 7 5t, %A 5d53)
& HArEAEE, 22— Ui S G R 8 R 0 BAR IS ZhIRaE , 70550y 360 x 240. 375 =& UR Fall

DOI: 10.12677/mo0s.2023.123219 2397 e RSE TR


https://doi.org/10.12677/mos.2023.123219

XK

Detection [ 13154 45 i AR IE# AL (Set) I 5%, &35t TR Hiz i R R A8 H H bRFRE SR
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Figure 4. Comparison of target extraction results in different scenes
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