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Visual Odometry Based on Improved Dual-Stream Network Structure

Zhang Haidong, Xu Yiming , Wang Li, Bian Chunlei, Zhou Fangjie
School of Electrical Engineering, Nantong University, Nantong, Jiangsu 226019, China

Abstract Because conventional visual odometry (VO) has cumbersome implementation process and complex
calculation problems, a VO based on an improved dual-stream network structure is proposed. The proposed VO
uses a dual-stream convolutional neural network structure that can simultaneously feed RGB and depth images into
the model for training, use the Inception network structure to improve the convolutional layer, and reduce the
number of parameters in the convolutional layer. Simultaneously, an attention mechanism is introduced to the
convolutional layer to enhance the network’s recognition of image features and the system’s robustness. After being
trained and tested on the KITTI dataset, the proposed improved model is compared with the VISO2-M, VISO2-S,

)

and SfMLearner. The results show that the proposed model’ s rotation and translation errors are significantly
reduced compared with VISO2-M and SfMLearner when using monocular cameras and comparable to VISO2-S when
using binocular cameras.

Key words image processing; imaging system; visual odometry; attention mechanism; deep learning; dual-stream
network
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Incep: Inception structure
Conv: convolutional layer
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Table 1 Network layer parameters
Output data dimension
Layer Filter size Stride Padding
Width Height  Depth (number of channels)
Input 416 128 6
Incepl(Convl) Multiple (7X7) 2 3 208 64 16
Incep2(Conv2) Multiple (5X5) 2 2 104 32 32
Attention model Multiple 104 32 32
Conv3 3X3 2 1 52 16 64
Conv4 3X3 2 1 26 8 128
Conv5 3X3 2 1 13 4 256
Conv6 3X3 2 1 7 2 256
Conv7 3X3 2 1 4 1 512
Flatten 2048
Concat 4096
FC1 512
FC2 64
FC3 6
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Table 2 Test results of VISO-M, SfMlLearner, VISO-S, and proposed method on the KITTI Visual Odometry data set

VISO2-M SfMLearner VISO2-S Proposed method
Sequence oy Fomee / e Fomee [/ , Fomse /. e Fomee /
[10°()em '] [10°)em '] [10°C)em '] ‘ [10°C)m ']
00 12.05 3.67 23.54 6.19 1. 86 0.53 5.02 2.11
01 25.55 7.39 59.31 2.79 23.90 0.31 2.29 0.72
03 16. 64 1.34 11.97 4.18 2.10 0. 42 3.19 1.24
04 22. 86 1.69 21.13 3.28 2.10 0.27 1.68 1.23
05 16. 29 4,58 17. 14 4,66 1. 50 0. 50 2. 86 1. 36
06 11.19 1. 99 14. 87 5.58 1. 54 0. 33 1.02 0.50
07 38.07 9. 20 20.98 6.31 1. 90 0.93 2.97 1.95
08 33.56 2.48 17. 41 3.75 1.96 0. 60 5.82 2.36
09 13.62 1.72 11.11 4,07 1.85 0. 46 3.38 1. 26
10 66.11 8.08 23.30 4. 06 1.28 0.53 4.92 1.94
Mean 25.59 4,21 22.08 4. 49 1.79 0.51 3.32 1. 47
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