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Abstract

Typical algorithms of deep learning include CNN(Convolutional Neural Networks), which are mainly used for image recognition,
and RNN(Recurrent Neural Networks), which are used mainly for speech recognition and natural language processing. Among
them, CNN is able to learn from filters that generate feature maps with algorithms that automatically learn features from data,
making it mainstream with excellent performance in image recognition. Since then, various algorithms such as R-CNN and others
have appeared in object detection to improve performance of CNN, and algorithms such as YOLO(You Only Look Once) and
SSD(Single Shot Multi-box Detector) have been proposed recently. However, since these deep learning-based detection algorithms
determine the success of the detection in the still images, stable object tracking and detection in the video requires separate
tracking capabilities. Therefore, this paper proposes a method of combining Kalman filters into deep learning-based detection
networks for improved object tracking and detection performance in the video. The detection network used YOLO v2, which is
capable of real-time processing, and the proposed method resulted in 7.7% IoU performance improvement over the existing YOLO
v2 network and 20 fps processing speed in FHD images.
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Object Tracking Method using Deep Learing and Kalman Filter)
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SSD(Single Shot Multi-box Detector)*”, YOLO™, YOLO
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Table 1. The detection system network

Layer Filters Size Input Output
0 | conv 32 3x3/1 416x<416<3 | 416x416x32
1 max 2x2/2 416x416x 32 | 208x208x 32
2 | conv 64 3x3/ 1 20820832 | 208x208x 64
3 max 2x2/2 208x208x64 | 104x104 <64
4 | conv 128 3x31 104104 <64 | 104x104x< 128
5 | conv 64 111 104<104x128 | 104104 <64
6 | conv 128 331 104104 <64 | 104x104x128
7 | max 2x2/2 | 104x104x128| 52x52x128
8 | conv | 256 331 52x52x128 5252256
9 | conv 128 1x<11 5252 <256 52x52x128
10 | conv | 256 3% 31 52x52x 128 52 52x 256
11 | max 2x2/2 5252 <256 2626 < 256
12 | conv 512 3x3/1 26 < 26 < 256 26<26x512
13 | conv | 256 1x11 26x26x512 26 < 26 < 256
14 | conv | 512 3x31 26 < 26 < 256 26<26x 512
15 | conv | 256 1x11 26x26x512 26 < 26 < 256
16 | conv | 512 3x31 26 < 26 < 256 26 26x 512
17 | max 2x2/2 26<26x512 13x13x512
18 | conv | 1024 331 13X 13X512 | 13x13x1024
19 | conv | 512 1x11 13x13x1024 | 13x13x512
20 | conv | 1024 331 13x13x512 13x13x 1024
21 | conv | 512 1x11 13x13x1024 | 13x13x512
22 | conv | 1024 3% 31 13x13x512 13x13x 1024
23 | conv | 1024 3x3/1 13x13x1024 | 13x13x1024
24 | conv | 1024 3x3/1 13x13x1024 | 13x13x1024
25 | route 16
26 | conv 64 1x<11 2626512 26x<26x64
27 | reorg /2| 26x26x64 13x13x 256
28 | route | 27 24
29 | conv | 1024 331 13x13x1280 | 13x 13x1024
30 | conv 30 1x11 13x13x 1024 13x13x30
31 detection
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Fig. 1. Overall flowchart of Kalman filter
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Fig. 3. Flowchart of proposed method
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