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Abstract  Visual Odometry (VO) or Visual-Inertial Odometry (VIO) 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 (CAR). They have attracted much 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 of modeling 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 VIO solutions are categorized into classical and learning-based
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methods. The classical loosely coupled visual-inertial odometry usually needs to calibrate parame-
ters such as noise and bias, while the end-to-end learning-based method has tight coupling and
low universality. Therefore, this paper presents an EE-LCVIO (End-to-End Loosely Coupled
Visual-Inertial Odometry), which is integrated by long and short-term memory networks. Firstly,
considering the 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 knowledge for 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 exceeds DeepVO by 44. 6% and 43. 3% in translation and rotation respectively. Meanwhile,
in the case of without tightly synchronized sensor data, EE-LLCVIO in this paper surpasses the
traditional monocular OKVIS (Open Keyframe-based Visual-Inertial SLAM) by 78.7% and
31. 3% with high robustness. EE-LCVIO achieves an acceptable pose accuracy, fewer calibration

parameters and lower coupling than VINet, which is the state-of-the-art existing learning-based
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supervised monocular visual-inertial odometry.
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(LR € i 7 N =2y R I L G b e N
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B ] Pytorch T 2% ] HE SR, 0 4 2R 55 Oy
P 4% Intel (R) Xeon(R) Gold 5118 CPU@ 2. 30 GHz,

A7 128GB, Wi ik NVIDIA Titan Xp,ig 17 N 17 H &
17490 12GBL BEE &% ) Ubuntu 18. 04.

i F IMU 3 3k A HLEE #1010 i . B I 26 B
M=60,N=10.1F 3% 14k 4 60 X 66. #3 H &
1 ® 4% batchsize 2y 16, Bl & P 4% batchsize i 32,
HAIN S HOR - Adam RALER FI LR TN le-4
CHE 25 AT 0. 5) AU FE I 8 0. 005, dropout
FECH 0.5, BT WA T80 34 R B Sk (23] h 42
BE 7 2 5 B S 6 5 IS EA T PEA.

4.1 KITTI #iEE

KITTI VO/SLAM benchmark J& 3 i VO #i
AL SLAM B3k 11 5 3 44 1A Je s AR R 2 B 4K
g — EERMAET 10Hz B AHEPLECE . 100 Hz 1
IMU %4 F1 OGS 1 AR 42 88 GPS 8 vh 3k 45
() 10 Hz B934 BLSE Bl ook AR T AR S v
B 22 RO EJE A 00~02,04~10 JF 514
ML IR W B A B ANE AR i IMU & {H. A SC
R 00,01,02,04,06,08 ZEAHHLIT 5 VE Il 45 4
Y2558 MRS RLZE 05.07.09 .10 ZEAHALIF 51 L k473
T AT O B SR R A B R RO 17 987 gk AR
53961 5K L A R 4E B R R L R 512X 256 Dhid
78 PIAE. AT I 3 T B 2 U3 A B AR i L
FEIERE L 95 5k 3.5.10.
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RS FIE e 152 2 AN [l B )3 410 1 °F- 35 °F B8 e
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5T R 22 A R PP Al 48 5
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HAR D 2R RN 3 froR. N T 5 A SCRE R k47 K
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AN HERRR . 26 4 Bas T IR 4 By R ke
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FEAS R AR L. B 53 IR 2 B H AL %3 A VO/VIO 5% HKA A
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e s s RN - ORB-SLAM2 2 HIHL
Fof 23 UL A AR ) A b LR A AT ) e e 15 22 - VISO-M #HARBL
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N e N 1 CL-VO ifH L
AR R 2= s T IMU BUrE B S - L sE- SDCVO o H B
TR 25 RS F — 2 $2 . mT LA 1 EKF-VIO DA-VO E AL
o , ) MU CTrS
G 2L AR SC BB B 1 P B R 4 EE-LCVIO VINet H AL &
IR 2 H A S A o 1 HE R A HEAK " VINS Moo B F 4L 4 IMU B
. R .
1 F5 iR 22 R 12 22, 5 VINet 4t , EE-LCVIO EKF-VIO HHAPL+IMU U
A LT — B e 222 OKVIS TOMRTIVD  REE
F4 MNiXFI LRz ERE L4
J7ik DeepVO CL-VO 3DC-VO DAVO VISO-M VISO-S ORB-SLAM2 TSVO(L=3)
52l tet/ % 1/ (O e/ Y6 /(D) /Y6 1/ Ot/ Y T /() b/ Y T/ )t/ Y0 v /)t /Yo /) tra /Yo e/ ()
05 2.62 3.61 5.77 2.00 2.70  2.95 2.54 1.09 19.22 17.58 1.53 1.60 26.01 10.62 3.35 4.41
07 3.91 4.60 3.79  3.00 3.01 3.59 2.78 1.98 24.61 19.11 1.45 1.91 24.53 10.83 3.52  3.60
09 8. 29 6. 88 7.73 7.29 6.54 5.32 3.48 2.06 14.04 13.32 1. 09 1. 39 24. 41 2.08 5.80 4.07
10 8. 11 8. 83 8.09 7.94 6.75 4.94 5.37 1. 64 22.56 12.99 1. 14 1. 30 15. 39 3. 20 7.44  6.65
Avg 5.73  5.98 6.35 5.06 4.75  4.20 3.54 1.69 20.11 15.75 1.30 1.55 22.59 6.68 5.03 4.68
J TSVO(L=5) TSVO(L=10) IMU-Only VINS-Mono OKVIS EKF-VIO VINet EE-LCVIO
JF %) L/ Y6 1 /() e/ Y6 /) /Y6 /) i/ Yo /) e/ Y6 e/ () /Y e/ )t/ Y /) i/ Yo e/ ()
05 2.80 1.08 2.09 0.76 35.26 0.17 31.90 2.72 13.77 2.01 2.10 0.56 1.24 1.06 2.03 1.16
07 1.55 2.76 1.33 1.04 31.13 0.26 15.39 2.42 9.65 1.56 0.93 0.30 1.10 1.19 1.35 0.98
09 3. 82 1. 56 2.54 1.61 29.96 0.21 17.35 1.65 5.69 1.89 1.24 0.25 2.16 1. 27 2. 38 1.33
10 5. 04 1. 99 4.14 2.15 24.03 0.20 20.35 3.73 10.82 1.80 1.17  0.26 2.03 1. 44 2.77 1. 54
Avg 3.30 1.85 2.52 1.39 30.10 0.21 21.25 2.63 9.98 1.82 1.36 0.34 1.64 1.24 2.13 1.25
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(3) A3y EE-LCVIO 7£ V-8 F e % J7 18 43
HF OKVIS 1y 78. 7% H1 31. 3%, 5 VINS-Mono
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T PE T 0 B AL O B e 7 2 B B 2 P L G i
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A IMU [ R A2 533 N R A 5 10 Hz #1100 He,
[F B MH_01 . MH_02 . MH_03 } V1.V2 £ K
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PEARH /IS s TRLHAR T 07 28 5 BUSE A 22 [R] 1 7 B i 25 I
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KOs A v iy IMU B0 455 38 K 1 W 75 0 O 8 X
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£S5 MH_04F1 MH_05 F3 LB EHEMERIRELK

ik DeepVO TSVO(L=10) VINet OKVIS VINS-Mono SVO-+ MSF EE-LCVIO
izl L/ % /) /% /) /% /() /Y /) ta/ % /) b/ % /) ta/ Y /()

MH_04 4. 86 5. 66 2.25 3.23 1. 56 1. 87 0. 34 0.76 0.23 0. 54 1. 38 1. 57 1.52 2.10
MH_05 4.24 2.94 2.78 1. 65 1. 33 1.23 0. 29 0. 81 0. 25 0.61 1.01 1. 06 1. 45 1. 66
Avg 4.55 4. 30 2.52 2.44 1. 45 1.55 0.32 0.79 0. 24 0.58 1. 20 1. 32 1. 49 1. 88
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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
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loosely coupled 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 in the National
Key R&.D Program of China (No. 2018 YFE0205503), the
Funds for International Cooperation and Exchange of NSFC
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