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(a) Even ground environment (b) Uneven ground environment

713 2.1: Various ground environments
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I 2.1: Information of Dataset

Dataset
Name Path length (m) | Duration (s) Usage
Even01 31.60 111.86 Training
Even02 34.12 134.63 Training
Even03 79.01 300.28 Training
Even(04 76.70 303.62 Training
Even05 25.15 83.21 Testing
Even06 43.52 167.72 Testing
Uneven(01 21.42 70.89 Training
Uneven02 25.69 88.04 Training
Uneven03 25.00 86.57 Training
Uneven04 30.04 102.03 Training
Uneven05 25.93 87.96 Training
Uneven06 26.60 89.95 Training
Uneven07 28.72 100.94 Training
Uneven08 25.91 91.24 Training
Uneven09 19.33 75.52 Training
Unevenl0 37.41 115.48 Training
Unevenll 31.26 106.11 Training
Unevenl2 39.92 111.21 Training
Unevenl3 41.07 120.70 Training
Unevenl4 38.68 115.34 Validation
Unevenld 25.91 91.24 Validation
Unevenl6 32.09 101.77 Validation
Unevenl7 24.34 83.11 Testing
Unevenl8 37.45 112.41 Testing
Unevenl9 43.20 121.07 Testing
Uneven20 35.03 109.44 Testing
Uneven21 42.20 117.24 Testing
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719 2.2: Trajectory of dataset (Even01, Even02, Uneven01, Uneven02)
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Position of husky

3 — GT
— LWOI[19]

Proposed
—— EKF

py (m)

py (m)
719 4.1: Even05 position graph
19 4.1+= Even059] tfst 92| I&jz=o|t}. & 4.15 HH ATE translation}
RTE translation®] 79 #|otst HFHol 0.021 m¥} 0.036 m= @2} 7F A Qi)

ATE rotation®} RTE rotation®] 7-9- LWOI [19]7} 0.77 deg®} 0.69 deg=z 2 2}7}

4 A9t

I 4.1: Even05 ATE & RTE

Comparison methods ‘ EKF H LWOI [19] H Proposed

ATE translation (m) ‘ 0.045 H 0.032 H 0.021

RTE translation (m) | 0.089 | 0.048 | 0.036

ATE rotation (deg) | 0.78 || 0.77 | 0.080

RTE rotation (deg) | 0.95 | 0.69 | 1.09
17



Position of husky

2 — GT

— LWOI[19]
Proposed

—— EKF

py (m)
719 4.2: Even06 position graph
19 4.2%= Even06°] tgt 92| I Zo|tt. & 4.25 HH ATE translation
7} RTE translation®] 73-9- LWOI [19]7} 0.084 m¥} 0.056 m=z @ 2} 7} A At}

ATE rotation®] 79 EKF7} 0.96 deg= @27} 7F4 29111, RTE rotation2]

7S Aotsl= B o] 0.60 deg® @ 27} 7H&F A ).

3 4.2: Even06 ATE & RTE

Comparison methods ‘ EKF H LWOTI [19] H Proposed

ATE translation (m) | 0.132 | 0.084 || 0.117

RTE translation (m) | 0.117 | 0.056 | 0.094

ATE rotation (deg) ‘ 0.96 H 0.98 H 1.03

RTE rotation (deg) | 0.75 | 0.61 | 0.60
18



Position of husky

— GT

— LWOI[19]
Proposed

— EKF

py (M)
o

719 4.3: Uneven20 position graph

1% 4.3%= Uneven20°] tst Y2] ot} B 4.35 HH ATE translation
I} RTE translation B5 A|otst #H o] 0.065 m¥} 0.093 m= @217} 7F A9
t}. ATE rotation®} RTE rotation®] 7-$- & A|QFsh= 1 o] 0.91 deg®} 1.27 deg
2 037} 744 Agln.

I 4.3: Unven20 ATE & RTE

Comparison methods ‘ EKF H LWOI [19] H Proposed

ATE translation (m) | 0.077 || 0.096 | 0.065

RTE translation (m) | 0.138 | 0.123 || 0.093

ATE rotation (deg) | 1.51 || 1.16 | 0.91

RTE rotation (deg) ‘ 1.59 H 1.34 H 1.27
19



Position of husky

5 — GT
— LWOI[19]

Proposed
—— EKF

719 4.4: Uneven21 position graph

1% 4.4%= Uneven2l1o] tjgt 2] 1gjZoltt. & 445 HH ATE tranlsation
I} RTE translation 25 A2t HFHH o] 0.035 m3} 0.044 m= @2} 71 A ot
ATE rotation¥} RTE rotation®] 79 A|tsl= HIEH o] 0.50 deg?} 0.67 deg=
Q27F 71 A Sl

I 4.4: Unven2l ATE & RTE

Comparison methods ‘ EKF H LWOI [19] H Proposed

ATE translation (m) ‘ 0.193 H 0.170 H 0.035

RTE translation (m) | 0.175 | 0.179 || 0.044

ATE rotation (deg) | 1.56 || 140 | 0.50

RTE rotation (deg) ‘ 1.95 H 2.17 H 0.67
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Abstract
Learning-based odometry

estimation of mobile robot using

IMU

Myeongsoo Kim
Department of Intelligence and Information
The Graduate School of Convergence Science and Technology

Seoul National University

In order to control the mobile robot and perform various tasks such as
moving objects with the robot, position estimation using odometry is required.
Odometry calculates a relative position based on sensor information. The mo-
bile robot usually calculates the position by integration of the wheel speed, so
as the driving distance increases, the error with the actual position increases.
In addition, the slipping of the robot due to the interaction between the wheels
and the floor causes a larger error because accurate modeling is difficult. To
minimize the error that is difficult to modeling, this paper introduces a Long
Short-Term Memory(LSTM)-based learning model to predict odometry. The
proposed learning model uses the data of the wheel encoder and Inertial Mea-

surement Unit(IMU) as input values. The outputs of the model are the corrected
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speed and angular speed. The rotation direction and position are obtained by
integrating them. Experimental results demonstrate that the proposed learning
model has higher accuracy of odometry estimation than the existing methods

using the same data under various ground conditions.

Keywords: IMU, Learning, Mobile robot, Odometry , Wheel

Student Number: 2020-25247
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