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Model prediction and tracking method based on feature aggregation
ZHANG Le, HAN Hua, WANG Chunyuan, MA Cailiang, WANG Wanjun, TANG Chenyu
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In order to improve the tracking performance of object tracking algorithm based on model prediction in complex
scenes, a method based on data augmentation and feature fusion is proposed. The method can obtain a more discriminative robust
feature map, and then the feature map is sent to model predictor to carry out online prediction, finally realizes real —time robust
tracking tasks in a variety of complex scenes. The specific design of the method is: feature extraction network is improved, after that
multi-layer feature aggregation operation is performed on the last two layers of feature extraction network. Experiments show that the
proposed algorithm is 4.88% higher than baseline algorithm on the FAO ( Expected Average Overlap) indicator of VOT2018 dataset;
it is higher than baseline on the Success rate and Precision rate indicators of UAV123 dataset by 4.5% and 4.4% , respectively.
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Fig. 1 The tracking system framework of this paper

(2) HTHRHER SR ERY P26 752X AR ] 14 i
B0 HOK AR A FRZ B TE RO 2 048 5241 024,
(3) TESE =R P92 1 )5 1 43 5 m E—- 45
BRI/ Ix1 B RRZ R 7 Bl S 2 A2 B RHE,
w44~ Conv3 1 Conv4,
2 ResNet—50 JZH A5/ ILFE 1,
R 1 BHEH ResNet—50 ERLH

Tab. 1 Improved ResNet—50 hierarchical structure

Layer Name  Original layer structure Modified layer structure

Convl 7 x7,64,2,1 7 x7,64,2,1
Max pool 3x3,2,1 3x3,2,1
pl X 1,64 4 pl x 1,64 4
Block1 3x3,64 & x3,2,1 3x3,64 & x3,2,1
el x 1,2569 el x 1,256g
%1 X 1,128(')' %1 X 1’1286
Block2 3 x3,1284 x4,2,1 3 x3,1284 x4,2,1
el x 1,512g el x 11,5129
&1X1’256 o} &1x1,256 )
Block3 3x3,256 + x6,2,1 3 x3,256 + x6,1,1
el x 1,1 024¢ el x 1,1 024g
Conv3 Null 1x1,1024,1,0
&1 x 1,512 0 691 x 1,512 )
Block4 3x3,512 +x3,2,1 3x3,512 «x3,1,1
el x 1,2048¢g el x 1,2 048¢
Convéd Null 1 x1,1024,1,0
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Fig. 2 Multi-layer feature aggregation framework diagram
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Tab. 2 Comparison of different tracking algorithms on VOT2018

The proposed ~ DiMP ATOM  SiamRPN++ DaSiamRPN

A 0.593 0.590 0.590 0.600 0.586
R 0.154 0.164 0.204 0.234 0.276
EAO 0.430 0.410 0.401 0.414 0.383
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Fig. 3 Comparison of different tracking algorithms on UAV123
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Fig. 4 Graph of tracking results for different attributes on UAV123
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