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AbstractVisual Odometry(\VVO) or Visual-Inertial Odometry(V10) aims to predict six degrees of freedom (6-DOF)
poses from motion sensors, which is a fundamental prerequisite for numerous applications in robotics,
simultaneous localization and mapping (SLAM), automatic navigation, and augmented reality (AR). They have
attracted a lot of attention over recent years due to the low cost and easy setup of cameras and inertial
measurement unit (IMU) sensors. VIO is challenging due to the difficulties to model the complexity and diversity
of real-world scenarios from a limited number of on-board sensors. Furthermore, since odometry is essentially a
time-series prediction problem, how to properly handle time dependency and environment dynamics presents
further challenges.Currently, types of V10O solutions are categorizedinto classical methods and learning-based
methods.The classical loosely coupled visual-inertial odometry usually needs to calibrate parameters such as noise
and bias, while the end-to-end learning-based method has tight coupling and low universality. Therefore, this
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paper presents an EE-LCVIO(End-to-End Loosely Coupled Visual-Inertial Odometry),which is integrated by long
and short-term memory networks. Firstly, consideringthe fusion of camera pose and IMU, a sequential cache and
a fusion network combined by one-dimensional convolutional neural networks and long short-term memory
networks are constructed. Secondly, the existing learning-based monocular visual odometry is limited by
remembering history knowledgefor long time. To address this dilemma, we propose a TSVO(Visual Odometry
with Spatial-Temporal Two-Stream Networks) using the adjacent image pairs and inter-frame dense optical flow
as inputs. Compared with DeepVO which can leverage no more than 5 frames, the proposed visual odometry can
exploit the sequential information of 10 consecutive frames. Qualitative and quantitative experiments on the
KITTI and EUROC datasets show that TSVO exceedsDeepVO by 44.6% and 43.3% in translation and rotation
respectively. Meanwhile, In the case of without tight synchronized sensor data, EE-LCVIO in this paper
surpassesthe traditional monocular OKVIS(Open Keyframe-Based Visual-Inertial SLAM)by 78.7% and 31.3%
with high robustness. EE-LCVI10 achieves an acceptable pose accuracy, fewer calibration parameters and lower
coupling than VINet which is the state-of-the-art existing learning-based supervised monocular visual-inertial

odometry.

Key wordsvisual-inertial odometry; two-stream fusion; long short-term memory network; loosely coupled;
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Background

This work focuses on the visual-inertial odometry in the
field of simultaneous localization and mapping by exploring
the advantage of two-stream fusion, long short-term memory
network, loosely coupled framework and provides an
end-to-end loosely coupled visual-inertial odometry.

At the present, classical loosely coupled visual-inertial
odometry usually needs to calibrate parameters such as noise
and bias, while the end-to-end learning-based method has tight
coupling and low universality. In this paper, we propose an
EE-LCVIO(End-to-End Loosely Coupled Visual-Inertial
Odometry) with deep neural networks, which achieves an
acceptable result, fewer parameters and lower coupling than
VINet which is the state-of-the-art existing learning-based

monocular visual-inertial odometry. In the case of without tight

synchronized sensor data, EE-LCVIO in this paper surpasses
the traditional monocular OKVIS ( Open Keyframe-Based
Visual-Inertial SLAM ) by 78.7% and 31.3% with high
robustness. Compared with the classical loosely coupled
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method, it does not need to calibrate any parameters between
camera and IMU. Meanwhile, in order to address the dilemma
that DeepVO which is the learning-based monocular visual
odometry can leverage no more than the temporal information
of 5 frames, we propose a TSVO(Visual Odometry with
Spatial-Temporal Two-Stream Networks) using the adjacent
image pairs and inter-frame dense optical flow as inputs. The
results show that TSVO exceeds DeepVO by 44.6% and 43.3%
in translation and rotation respectively, and exploits the
sequential information of 10 consecutive frames.

The main achievement of this paper is to solve a part of
the theoretical problems of collaborative computing and
collaborative service-oriented to human-computer integration
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