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Abstract: As current tracking algorithms lead to target drift or target loss in the complex
environment, a tracking algorithm based on the incremental deep learning was proposed under a
double-resampling particle filter framework. To solve the problem of particle degradation and
depletion, the double-resampling method was introduced to adapt to the particle size in particle

filtering and a Stacked Denoising Autoencoder (SDAE) was pre-trained by the unsupervised feature
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learning to alleviate the lack of training samples in visual tracking. Then, the SDAE was applied to
online tracking, so that the extracted feature sets could express the region image representations of
the particles effectively. The incremental feature learning was introduced to the encoder of SDAE, the
feature sets were optimized by adding new features and merging the similar features to adapt to
appearance changes of the moving object. Moreover, a support vector machine was used to classify the
features then to improve the classification accuracy of the particles and to obtain a higher tracking
precision. According to the results of experiments on variant challenging image sequences in the
complex environment, the F-measure and the overlapping ratio of the presented algorithm are 94 %,
74Y% , respectively and the average frame rate is 13 frame/s. Compared with the state-of-the-art
tracking algorithms, the proposed method solves the problems of target drift and target loss efficiently
and has better robust and higher accuracy, especially for the target in the occlusions, background
clutter, illumination changes and appearance changes.

Key words: target tracking; partical filter; stacked denoising autoencoder; support vector machine;

incremental feature; deep learning
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Fig. 2 Diagram of incremental feature learning

UNTEL 2 Bz B ICB R AR A A o, PR 455 AT
TR B 19 2 BOR 78 A0 A3 0 ) e fiE S L2 8
T /NG AR SRR R 0 A5 R 4 s e K D A 1
SR, BB MR B P TEC A B RRIE SR
PR e D AR LU AN AR A D 5 1 5 R AR AT
4 o () DAk £ o M B3R X P A R LA . R
SR BIVN SR ISR S E R AL S 2 QR R 2 1 €& e L
TS TN B R 9 2 K (R R P A A L AT
MSH, 21 R S AT R



1164 e KEE TR

5 23 &

x1 EEREFINNITETE

Tab.1 Processing of incremental feature learning
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Fig. 3 Flow diagram of proposed algorithm
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Fig. 4 Overcomplete filters
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Tab. 3 Average F and overlaps of proposed method and 10 main stream methods in differen image sequences
73 IDL CT CXT DLT Frag IVT KMS TLD MIL OAB SBT
Animal 1. 00 0.03 0. 20 0.15 0.15 0.03 0.51 0.73 0.13 0. 96 0. 80

0.75 0.02 0. 35 0. 20 0.12 0.03 0.41 0. 60 0.13 0.72 0.67

Carll 1. 00 0. 00 0. 60 0. 80 0. 28 0. 69 0. 39 0. 54 0.18 0. 95 0.93
0. 88 0.03 0. 56 0.69 0.32 0.62 0. 36 0. 45 0. 20 0.79 0. 84

FootBall 0. 84 0.19 0. 66 0. 34 0.92 0.75 0.02 0.43 0.74 0. 36 0.23
0.65 0. 34 0.55 0.31 0.70 0.57 0.07 0. 50 0.59 0. 34 0.22

Girl 0. 96 0. 06 0.69 0.69 0.58 0.21 0. 40 0.78 0. 30 0. 95 0. 56
.73 0.31 0.59 0. 54 0.47 0.17 0. 34 0.58 0.41 0.73 0.49

MountainBike ~ 0.93  0.53  0.28  0.31  0.14  0.91  0.57  0.26  0.58  0.92  0.59
.74 0.41 0.23 0.49 0.13 0.73 0. 47 0. 20 0. 46 0. 64 0.45

Shaking E 0.03 0.12 0.02 0.09 0.01 0.15 0. 40 0.23 0.01 0.08
.72 0.14 0.11 0. 04 0.09 0.03 0.21 0.39 0. 43 0.01 0. 26

Subway E 0.63 0.23 0.32 0.51 0. 06 0. 25 0.23 0. 81 0.22 0. 38
.74 0.52 0.18 0.42 0. 45 0.07 0.19 0.19 0. 66 0.17 0.29

Woman E 0.16 0. 26 0.09 0.18 0.19 0.12 0.17 0.19 0. 62 0. 37
.75 0.13 0.24 0.25 0.14 0.15 0.10 0.13 0.16 0. 49 0. 35

mean @ 0. 20 0. 38 0. 34 0. 36 0. 37 0. 30 0. 44 0. 40 0. 62 0.49
0.74 0. 24 0. 35 0. 36 0. 30 0. 30 0. 27 0.38 0. 38 0. 49 0.45
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Tab. 4 Comparison of processing speeds for several algorithms

U/ .
IDL CT CXT DLT Frag VT KMS TLD MIL OAB SBT
(frame « s~ 1)
ek 20.9 47.6 16. 2 25.5 7.8 8.3 11.3 18.9 15.7 15.3 10. 4
e 8.6 21.1 2.2 10. 8 1.5 6.1 1.6 2.7 7.2 2.3 1.9
Sy 13.2 30. 2 8.8 15.8 3.8 7.5 3.1 9.9 10.7 8.9 7.1
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