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Fig. 1 Overall framework of pose estimation
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Table 1

Nonlinear optimization algorithm based on RANSAC

Input: P ;5 peuen s Camera internal reference K; Jacobian matrix of error function for pose J

Output: Camera pose of the current frame T
1. Use EPNP to initially solve the camera pose T,

2 T=T,

3 Sum of reprojection errors e, =0

4. for i=1—>The maximum number of iterations n do
5: for P,€P., p;€Pemwen do

6 Reprojection error e; = | p;, —P,KT/s, |

7 if e¢;>Error threshold 7, then

8: record P; and p;

9: continue

10 end if

11: € ol = ool €

12: Calculate the Hessian matrix H=JJ ", L& g=—Je;
13: Calculate the iteration value AT=H 'g

14. T=ATT

15: end for

16: Eliminate the recorded P; and p;

17: end for
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Table 2 Mean error of comparison algorithms in different scenarios
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Table 4 Mean error of different algorithms
Sequence Algorithm Pitch angle /(°)  Yaw angle /(°) Roll angle /(*) x /m y /m 2 /m
BAM 0.0669 0.0391 0.0363 0.0197 0.0104 0.0136
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Fig. 4 Box plots of pose error. (a) Angular error box plot; (b) displacement error box plot
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(a) Experimental platform; (b) experimental scene
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Fig. 6 Candidate frames extraction by deep learning. (a) Image candidate frame; (b) point cloud candidate frame
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Table 5 Comparison of experimental results of relative pose errors in indoor dynamic scenes

Algorithm Pitch angle /(%) Yaw angle /() Roll angle /(*) x /m y /m 2 /m
BA 0. 0255 1. 1481 0.0134 0.0123 0.0016 0.1018
ORBSLAM?2 0.0323 0.0901 0.0416 0.0058 0.0038 0.0033
Visual 0.0084 0. 3568 0.0106 0.0086 0.0026 0.0134
LOAM 0.0779 0.0953 0.2583 0.0071 0.0098 0.0019
LIDAR 0.0048 0.0198 0.1041 0.0058 0.0024 0.0052
Fusion 0.0035 0.0178 0.0926 0.0044 0.0024 0. 0060
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Table 6 Average running time of different algorithms

Algorithm Average running time /s
BA 0.0317
ORBSLAM?2 0.1462
LOAM 0.0242
Fusion 0.2974
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Fig. 7 Running time box plot

5 4 1w

ASCHR M T — R T I BRER R ER S M s
G AL AADEA T FEE . 1B TR 24 I W 5 ik
P& NG AN 5 B bR A 0 4 3 AE IR B2 Y
fie e HE i H B 5 25 19 K His b 315 R AR AR v IR
LT 3 AS R AR A 1R DT E AT 5 A AR 22 R B
HET I R T A B AR TR S e, TR AR SO T
FRAE SRR X AT T sh IRt & . e, A
SO TF ) KITTI 806 46 DL K #4319 52 56 °F 5
FE B A 50N RS 1 S I B H , X LG T AT R BALIE S
BA.LOAM I ORBSLAM2 =/~ 3 i 8 B 1y £ %
T RE . SCHR 45 R B, S BR 3 S R AE J5 1) Rl &
P AR T2 S FL G o RS B TR R PRAT Y
Ab 3 4R AT DLRAIE B RS T RGN Z B AT ] Y
2, BB 1E B Ab PR A — i 45 4

2 % X #

[1] LiulL, MaG Q, Gao Y, et al. Flexible measurement
technology of
dimensional shape robot based on iGPS[J]. Chinese
Journal of Lasers, 2019, 46(3): 0304006.

XUEE, HEK, &L, AF. T IGPS 1y & 2 il i =
B AL NI = AR [J]. P E#OL, 2019,
46(3): 0304006.

[2] HuS X, Chen C P, Zhang A W. Application of
SLLAM in vehicle-borne mobile mapping system [J].
Chinese Journal of Lasers, 2012, 39(11): 1108012.
A2, BRAEI, TRZ R W25 A K Hh B B ik
EEER MR P r L. P EEOE, 2012,
39(11): 1108012.

[3] Zeng SP, Zhou G B, Li W W, et al. Summary of
key technologies of rescue robot for public safety[]].
Robot Technique and Application, 2019(2): 20-25.
MR, B, e, S A S E e iR
PLas N CBERI AR ZE IR [T] . ML AR 5, 2019
(2): 20-25.

[4] Cao S H, Zhang C X, Wang G Z, et al. Development

situation and military application of autonomous

complex curved surface three-

underwater vehicle [J]. Ship Engineering, 2019, 41
(2): 79-84, 89.
HobAe SRER, E)OM, F TR THLEG AN E
SR JAE T L ()] AR TR, 2019, 41
(2): 79-84, 89.

[5] Taniguchi A, Isobe S, El Hafi L., et al. Autonomous
planning based on spatial concepts to tidy up home
environments with service robots [ J]. Advanced

Robotics, 2021, 35(8): 471-489.

0610001-9



B|A49E £ 6 H1/2022 £ 3 B/RE

(6]

L7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Jung J, Oh T, Myung H. Magnetic field constraints
and sequence-based matching for indoor pose graph
SLAM [J].
2015, 70: 92-105.

Carlone L,

Robotics and Autonomous Systems,

Dellaert F. Duality-based verification
2D SLAM [C] // 2015 IEEE
International Conference on Robotics and Automation
(ICRA), May 26-30, 2015, WA, USA.
New York: IEEE Press, 2015: 4589-4596.

Shen K, Wang M L, Fu M Y, et al. Observability

techniques for

Seattle,

analysis and adaptive information fusion for integrated
navigation of unmanned ground vehicles [J]. IEEE
Transactions on Industrial Electronics, 2020, 67(9):
7659-7668.

Kohlbrecher S, von Stryk O, Meyer J, et al. A
flexible and scalable SLAM system with full 3D
motion estimation [C] // 2011 IEEE International
Symposium on Safety, Security, and Rescue
Robotics, November 1-5, 2011, Kyoto, Japan. New
York: IEEE Press, 2011: 155-160.
Menna M, Gianni M, Ferri F,

et al. Real-time

autonomous 3D navigation for tracked vehicles in
[C] // 2014 IEEE/RS]
International Conference on Intelligent Robots and
Systems, 14-18, 2014, Chicago, IL,
USA. New York: IEEE Press, 2014: 696-702.

Li MG, Zhu H, YouS Z, et al. Efficient laser-based
3D SLAM for coal mine rescue robots [J]. IEEE
Access, 2019, 7: 14124-14138.

Shan T X, Englot B. LeGO-LOAM: lightweight and
ground-optimized lidar odometry and mapping on
variable terrain [C] /2018 IEEE/RSJ International
Conference on Robots
(IROS), October 1-5, 2018, Madrid, Spain. New
York: IEEE Press, 2018: 4758-4765.
Davison A J, Reid 1T D, Molton N D,
MonoSLAM: real-time single camera SLAM []J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2007, 29(6): 1052-1067.

Huang G P, Mourikis A I, Roumeliotis S I. Analysis

rescue environments

September

Intelligent and Systems

et al.

and improvement of the consistency of extended
based SLAM [C] / 2008 IEEE
Robotics and
CA,

Kalman filter
Conference on
Automation, May 19-23, 2008,
USA. New York: IEEE Press, 2008: 473-479.

International

Pasadena,

Zhang Z, Nejat G. Intelligent sensing systems for

rescue robots: landmark identification and three-

dimensional mapping of unknown cluttered urban
search and environments [ ] |. Advanced
Robotics, 2009, 23(9): 1179-1198.

Zou B, Lin S'Y, Yin Z S. Semantic mapping based

rescue

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

0610001-10

and visual Laser &

on YOLOv3 SLAM [J].
Optoelectronics Progress, 2020, 57(20): 201012.
AR5, MOECEH, PR b, T YOLOv3 Al %
SLAM i SCH A 22 [T WO6 500 77 i e,
2020, 57(20): 201012.

Li X P, Ao H X, Belaroussi R, et al. Fast semi-
dense 3D semantic mapping with monocular visual
SLAM[C]//2017 1IEEE 20th International Conference
(ITSC),

New

on Intelligent Transportation Systems
16-19, 2017, Yokohama,
York: IEEE Press, 2017: 385-390.

Mur-Artal R, Montiel ] M M, Tardos ] D. ORB-

SLAM: a versatile and accurate monocular SLAM

October Japan.

system[J]. IEEE Transactions on Robotics, 2015,
31(5): 1147-1163.

Mur-Artal R, Tardés ] D. ORB-SLAM2: an open-
source SLAM system for monocular, stereo, and
RGB-D cameras[]J]. IEEE Transactions on Robotics,
2017, 33(5): 1255-1262.

Forster C, Pizzoli M, Scaramuzza D. SVO: fast
semi-direct monocular visual odometry [C] // 2014
IEEE International
Automation (ICRA), May 31-June 7, 2014, Hong
Kong, China. New York: IEEE Press, 2014: 15-22.
Ma Z G, Zhao Y G, LiuCY, et al. Survey of SLAM
sensor [ J].
Measurement & Control, 2019, 27(3): 1-6.

B4 50, MoKk E, X ok, f. 8Os R El A
SLAM J5 ik W se 273k [T] . IHEALI & 5456, 2019,
27(3): 1-6.

Chen X, Zhang H, Lu H M, et al. Robust SLAM
system based on monocular vision and LiDAR for
robotic urban search and rescue [C] /2017 IEEE
International Symposium on Safety, Security and
Rescue Robotics (SSRR), October 11-13, 2017,
Shanghai, China. New York: IEEE Press, 2017: 41-
47.

Zhang J, Singh S.
odometry and mapping [J].
2017, 41(2): 401-416.
Kubelka V, Reinstein M, Svoboda T. Tracked robot

Conference on Robotics and

with laser-camera fusion Computer

Low-drift and real-time lidar

Autonomous Robots,

odometry for obstacle traversal in sensory deprived
environment [ J ]. TEEE/ASME Transactions on
Mechatronics, 2019, 24(6): 2745-2755.

Wang H L, Zhang C J, Song Y,

dimensional reconstruction based on visual SLAM of

et al. Three-
mobile robot in search and rescue disaster scenarios
[J]. Robotica, 2020, 38(2): 350-373.

Bochkovskiy A, Wang C Y, Liao HY M. YOLOv4:
optimal speed and accuracy of object detection [ EB/

OL]J. (2020-04-23)[2021-04-28] . https://arxiv.org/



B|A49E £ 6 H1/2022 £ 3 B/RE

abs/2004.10934. (2): 155-166.

[27] ShiSS, Wang X G, Li HS. PointRCNN: 3D object [29] Triggs B, McLauchlan P F, Hartley R I, et al.
proposal generation and detection from point cloud Bundle adjustment: a modern synthesis[ M] //Triggs
[C] /2019 IEEE/CVF Conference on Computer B, Zisserman A, Szeliski R. Vision algorithms:
Vision and Pattern Recognition (CVPR), June 15- theory and practice. Lecture notes in computer
20, 2019, Long Beach, CA, USA. New York: IEEE science. Heidelberg: Springer, 2000, 1883: 298-
Press, 2019: 770-779. 372.

[28] Lepetit V, Moreno-Noguer F, Fua P. EPnP: an [30] Kato S, Takeuchi E, Ishiguro Y, et al. An open
accurate O (n) solution to the PnP problem [J]. approach to autonomous vehicles [J]. IEEE Micro,
International Journal of Computer Vision, 2008, 81 2015, 35(6): 60-68.

Robot Pose Estimation Method Based on Image and Point Cloud Fusion
with Dynamic Feature Elimination

Zhang Lei"”, Xu Xiaobin"**", Cao Chenfei"”, He Jia"*, Ran Yngying"’,

Tan Zhiyingl’z, Luo Minzhou'*
" College of Mechanical & Electrical Engineering, Hohai University, Changzhou, Jiangsu 213022, China ;

* Jiangsu Key Laboratory of Special Robot Technology, Hohai University, Changzhow, Jiangsu 213022, China;
* College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics,
Nanjing, Jiangsu 210016, China;

* Changzhou Changgong Electronic Technology Co., Ltd., Changzhow, Jiangsu 213001, China

Abstract

Objective Robot positioning is an important component of both robot navigation and SLAM technology. During
robot positioning, LIDAR and cameras are often used to collect environmental data. Through calculations, structural
or texture features in the environment are obtained and, as a result, the robot’s pose is indirectly determined.
However, dynamic objects in the actual environment will have a great impact on the accuracy of pose estimation. The
position of dynamic features in the global coordinate system changes, affecting the robot’s relative pose estimation.
GPS-IMU combined navigation is another popular positioning method. When the robot locates in the field, tunnel,
underground, or other environments, GPS signals are often blocked, resulting in signal loss. However, the
positioning of a single LIDAR or vision sensor is often limited by a specific use environment. For example, the
camera cannot be used in low-light conditions. Therefore, the multisensor fusion positioning method has a greater
application value. This paper proposes a pose estimation algorithm based on deep learning and adaptive fusion of pose
for LIDAR and camera pose estimation in a dynamic environment.

Methods This article suggests a pose estimation algorithm for LIDAR and stereo camera pose estimation in a
dynamic environment that is based on deep learning and adaptive pose fusion. YOLOv4 is used to extract candidate
frames of potential moving objects in the image. Then, the optical flow method is used to track the corner points of
the front and rear frames and eliminate dynamic features based on the candidate frame. The reprojection error
function is developed from triangulated map and feature points. Nonlinear optimization using RANSAC is used to find
the best pose. PointRCNN is used in LIDAR pose estimation to extract candidate frames from a point cloud of
potential moving objects. Meanwhile, the linear and planar feature points in the point cloud are extracted and
screened according to the candidate frame. The point-to-line and point-to-surface distances are used to construct an
error function that calculates the poses of the preceding and following frames. Finally, the pose estimation results of
the two are dynamically weighted and fused based on the number of feature points of the image and point cloud.

Results and Discussions The public KITTI data set and the experimental data collected by the experimental
platform we built in dynamic scenarios are compared to validate the effect of dynamic objects on pose estimation and
the effectiveness of the fusion pose estimation algorithm proposed in this paper. First, while comparing, it is
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discovered that after excluding the dynamic features, the errors of the six components of the pose are reduced in
most cases. The comprehensive error of the visual pose algorithm in this paper in the two scenes is reduced by
0.0300° and 0.0167 m on average. The displacement error of the LIDAR pose algorithm is reduced by 0.0010 m;
however, the angle error is increased by 0.0016°. Simultaneously, the accuracy of visual pose estimation is more
obvious than LIDAR pose estimation (Table 1). The fusion result is compared with the average error of BA, LOAM,
and ORBSLAM2. The results of the fusion algorithm used in this paper produce fewer errors in the 05 sequence than
the BA vision algorithm and LOAM. Compared with BA and LOAM algorithms, our fusion algorithm’s displacement
error is reduced by 0.0105 m and 0.0010 m, respectively. The displacement errors of our algorithm in scenes 05 and
08 are reduced by 0.0081 m and 0.0026 m compared with the results of ORBSLAM2 algorithm (Table 3). Second,
this paper constructs an experimental platform comprising two parallel stereo cameras and LIDAR that simulates the
indoor dynamic environment. Six pedestrians move within the field of view of the camera and LIDAR. Experimental
results show that after removing dynamic features, the vision and LIDAR pose estimation results outperform the
same type of algorithms. The average relative error of the angle and displacement of the fusion result is 0.0944° and
0.0078 m, which is 0.1918° and 0.0045 m greater than the accuracy of the LOAM algorithm. The accuracy of the
algorithm is increased by 0.0100° compared to ORBSLAM2 (Table 4).

Conclusions This paper presents a robot pose estimation algorithm that is based on the fusion of dynamic feature
elimination images and point clouds. The method of deep learning is used to extract the candidate frame of the target
object from an image and point cloud, which is then used for data processing and feature optimization. It completely
avoids the error function abnormality caused by incorrect matching of dynamic features and eliminates its effect on
the pose estimation. Simultaneously, this paper performs a dynamic weighted fusion of the pose based on the number
of feature points. Finally, this paper uses the public KITTI data set and the experimental data collected by the
experimental platform construct-in dynamic scenarios to compare the pose estimation accuracy of the three
mainstream algorithms of BA, LOAM, and ORBSLAM2. Experiments show that removing dynamic features improves
the accuracy of pose estimation to varying degrees. The posture result after fusion is more stable. Furthermore, the
sequential processing logic ensures that the system is unaffected by the running time in the offline state to correctly
process each frame of data.

Key words machine vision; robot positioning; adaptive fusion; LIDAR; image; deep learning
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