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An Indoor Mobile Robot Pose Estimation Method Using Deep
Learning Models for IMU Error Calibration and LiDAR Measurement
Noise Covariance Tuning
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Abstract: Methods that fuse IMU and LiDAR data using an extended Kalman filter (EKF) are commonly employed to estimate the
position and orientation of indoor mobile robots. Correcting the inherent errors of the IMU and mounting misalignments, as well
as tuning the EKF measurement noise covariance according to the environmental conditions that affect the LiDAR performance,
are required to improve localization and orientation estimation accuracy. This study proposes a method to address these issues by
using two neural networks: one based on a long short-term memory network (LSTM) to compensate for IMU errors, and another
based on a convolutional neural network (CNN) to estimate the error of the position and orientation measurements obtained from
the LiDAR, which is then used to tune the EKF measurement noise covariance. To effectively train these networks, the CNN is
first trained and then used to assist in training the IMU error compensation network. Experiments conducted in indoor environments,
such as corridors and rooms, demonstrate that the proposed method significantly improves the position and orientation estimation

performance of the robot compared to using only LiDAR or a conventional EKF.
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Fig. 1. An example of point cloud matching error depending on
the geometry of surrounding objects when the ICP is used.
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Fig. 2. Pose estimation using deep learning models.
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(a) Robot. (b) Corridor experiment. (c) Room experiment.
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Fig. 5. Experiment environment.
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Fig. 6. Trajectory of robot.

(b) Room experiment.

est error (Lidar:c, EKF:b, proposed:r)
T T T T

02
SCA /m-"‘»\ 1
< . ol AN v
of ’MWMMM.J}&\F R SN VTR R
5 0 5 10 15 20 25 30
02
= M"fﬁb\ﬁ 7
; AN 3 *
ol TR P WO Y |
5 0 5 10 15 20 25 30
0.2 ; ; ; ;
=
So.1f :
= it M'wwom
= of v hilhathardhartido MR A |
5 0 5 10 15 20 25 30
sec
(a) Estimation error in corridor experiment.
02 est error (Lidar:c, EKF:b, proposed:r)
Eoaf
X

I A Ve AV
- 0 10 20 30 40 50 60

0.2 T T T T T T T T

Eo1h
=
ol o »»m,wm/ A/w«m’\mmm

-10 70 80

0.2 T T T T

L it A,

-10 0 10 20 30 40 50 60 70 80
sec

(a) Estimation error in room experiment.
I8 7. A A T4 4 Bla
Fig. 7. Comparison of position and attitude estimation error.

£ 1. BE=AY FHU RMSE 2 Hdl 4}
Table 1. RMSE and max error of estimates in corridor experiment.
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® 2. AW A F 3 RMSE B Hoj 4}

Table 2. RMSE and max error of estimates in interior room

experiment.
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Fig. 8. Comparison of ICP registration error of lidar point cloud

and error covariance by proposed method.
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Table 3. Comparison of before and after calibration of averaged

IMU outputs at rest.
aw = 7R | yEH KR | 5 45
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BAA -0.128 0.269 0.067
BAS -0.045 0.069 -0.026
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