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Abstract

Recently, object detection is a critical function for any system that uses computer vision and is widely used in various fields
such as video surveillance and self-driving cars. However, the conventional methods can not detect the objects clearly because
of the dynamic background change in the beach. In this paper, we propose a new technique to detect humans correctly in the
dynamic videos like shores. A new background modeling method that combines spatial GMM (Gaussian Mixture Model) and
temporal GMM is proposed to make more correct background image. Also, the proposed method improve the accuracy of people
detection by using SVM (Support Vector Machine) to classify people from the objects and KCF (Kernelized Correlation Filter)
Tracker to track people continuously in the complicated environment. The experimental result shows that our method can work
well for detection and tracking of objects in videos containing dynamic factors and situations.
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Fig. 1 The general flowchart of object detection and
tracking algorithm.
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Fig. 2 Flowchart for proposed algorithm
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Fig. 3 Setting ROI and result images. (a) The setting atypical
ROI image, (b) The result image of ROI
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Fig. 6 The image of human object candidates with drawing
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Table 1 The information of test videos.

. ) the number of
video resolution channel
the frame
No2 1280x720 RGB 210
No4 1280x720 RGB 200
Nob 1280x720 RGB 200
Nol0 1280x720 RGB 180
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Fig. 11 Experimental results of the proposed background
and foreground extraction method; (a) input frame,
(b) foreground image of Temporal GMM, (c)
foreground image with Temporal GMM and
morphology operation, (d) result of proposed
algorithm.
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Table 2 The recall of object detection algorithms.

Recall(%)
. Ramesh McFalan Zivkovic
Video
Jain [1] + e2 + B+ Proposed
Mophology | Morphology | Mophology
No2 37.0 48.1 58.6 75.8
No4 484 58.1 66.6 83.3
Nob 55.3 60.5 65.7 84.2
Nol0 56.4 61.5 64.1 6.2
Average 4928 57.05 63.75 78.13

Table 3 The precision of object detection algorithms.

Precision(%)
. Ranesh MFalan Zivkovic
Video
Jain [1] + e[+ 3] + Proposed
Mophology | Mophology | Mophology
No2 429 63.6 70.8 78.5
No4 61.5 57.7 62.9 82.7
Nob 51.0 472 65.1 74.3
Nol0 52.9 533 53.7 64.3
Average 52.08 5545 63.13 74.95

Ao AR SVME ZHZE 120719] PositiveQ] A A&}
Negative?! 1 £]9] A AZ H|o|HE 712 853}3]Tth Table.
4= SVME AREste] AE Gl gt SMe A =S vERdT
AY A B 8341%] AG=E Helvh SVM| FewE 4
(25)< ©]-83H} 4] (25)9] Total number of objectsv A= LilElH

o4 9804 3270 A48 ol 612 19 o

VM2 o]-83to] A Sl AFE-E KCF TrackerE ©]-83t] $+3]
ff_h:}.

correct answer 100 )

o, J—
Accuracy (%)= Total number of objects

Table 4 The accuracy of SVM.
Video

No2 | N4 | No6 | NolO

Accuracy(%) | 870 | 6930 | 97.8 | 7947 841

Average
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Fig. 12 Experimental results of the proposed method for No2 sequence.(sky blue : tracked object region); (a) 1050th frame,
(b) 1072nd frame, (c) 1088th frame, (d) 1141st frame, (e) 1207th frame, (f) 1249th frame.

(c)

(d)

Fig. 13 Experimental results of the proposed method for No4 sequence.(sky blue : tracked object region); (a) 1052nd frame,
(b) 1075th frame, (c¢) 1086th frame, (d) 1130th frame, (¢) 1171st frame, (f) 1220th frame.
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Fig. 14 Experimental results of the proposed method for No6 sequence.(sky blue : tracked object region); (a) 1017th frame,
(b) 1052nd frame, (c) 1085th frame, (d) 1155th frame, (e¢) 1188th frame, (f) 1217th frame.

(d)

Fig. 15 Experimental results of the proposed method for No10 sequence.(sky blue : tracked object region); (a) 1205th frame,
(b) 1226th frame, (c) 1286th frame, (d) 1330th frame, (¢) 1377th frame, (f) 1404th frame.
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