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Real-time visual tracking based on dual attention siamese network

YANG Kang', SONG Huihui’®, ZHANG Kaihua'

(1. Jiangsu Key Laboraiory of Big Daia Analysis \Lechnology
( Narying University of Information Science and Technology), Nomfing Jiangsu 211800, China;
2. Collaborative Innovation Center of Atmospheric Enbiréprent and Equipment Technology
( Nanjing University of Information Science and’ Teéhnology), Nanjing Jiangsu 211800, China)

Abstract: In order to solve the problem that Fully=Conyolutional Siamese network ( SiamFC) tracking algorithm is prone
to model drift and results in tracking failure when théNracking target suffers from dramatic appearance changes, a new Dual
Attention Siamese network ( DASiam) was profosed to adapt the network model without online updating. Firstly, a modified
Visual Geometry Group ( VGG) network which was more expressive and suitable for the target tracking task was used as the
backbone network. Then, a novel dual attention mechanism was added to the middle layer of the network to dynamically
extract features. This mechanism was consisted of a channel attention mechanism and a spatial attention mechanism. The
channel dimension and the spatial dimension of the feature maps were transformed to obtain the double attention feature maps.
Finally, the feature representation of the model was further improved by fusing the feature maps of the two attention
mechanisms. The experiments were conducted on three challenging tracking benchmarks: OTB2013, OTB100 and 2017
Visual-Object-Tracking challenge ( VOT2017) real-time challenges. The experimental results show that, running at the speed
of 40 frame/s, the proposed algorithm has higher success rates on OTB2013 and OTB100 than the baseline SiamFC by the
margin of 3.5 percentage points and 3 percentage points respectively, and surpass the 2017 champion SiamFC in the VOT2017
real-time challenge, verifying the effectiveness of the proposed algorithm.
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Fig. 1 Schematic diagram of DASiam algorithm
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Tab. 1 Dual attention siamese network parameters

N AN ” <
sRz (TN PR fan  ssswoss
Convl 3 x3x3x9 1 125 x 125 253 x253
Conv2 3 x3 x96 x96 1 123 x 123 251 x251
Pooll 3 x3 2 61 x61 125 x25
Conv3 3 x3 x96 x128 1 59 x59 123 x 123
Conv4 3 x3 x128 x128 1 57 x57 121 x 121
Pool2 3 x3 2 28 x28 60 x 60
Conv5 3 x3 x 128 x256 1 26 x26 58 x 58
Convb 3 x3 x256 x256 1 24 x24 56 x56
Conv7 3 x3 x256 x256 1 22 x22 54 x54
Conv8 3 x3 x256 x256 1 20 x20 52 x52
Attention — — — —
Pool3 2 x2 2 10 x10 26 x26
Conv9 3 x3 x256 x256 1 8 x8 24 x24
Conv10 3 x3 x256 x512 1 6 x6 22 x22
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