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Introduction

In most mobile robot applications two basic position-estimation methods are employed
together: absolute and relative positioning [1].

& Absolute positioning utilizes navigation beacons, active or passive landmarks, map
matching, or satellite-based navigation signals. These systems are usually expensive and
complex in real application.

& Relative positioning is usually based on odometry and inertial measurement units.
While it is simple and in expensive. It suffers from unbounded accumulation errors.

Limitation of GPS signal on the moon and complexity of implementing map matching
urges a reliable and powerful way to estimate the lunar rover’s state using wheel odometry
and inertial measurement units.

Model simplification:

The experimental platform is a 4-wheel skid steer rover. However, the sliding interaction is
often too complex to model accurately in application. For simplicity of development and
testing, a differential drive approximation is utilized.
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Fig1. Kinematic equivalence between the tread ICRs of a skid-steer vehicle (a) and wheel contact points of an
ideal differential drive vehicle(b).[2]
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Dead Reckoning Using Wheel Odometry

Wheel odometry is based on assumption that wheel revolutions can be translated into
linear displacement and rotation relative to the floor. Given encoder readings, gear ratio,

wheel diameter, it is possible to calculate the 2D position of the rover.
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Fig2. 2D state estimation of encoder data Wheel track 1.55 m

Inertial Measurement Units (IMU) Based Localization

The Crossbow IMU400CC is a high performance solid-state six degree-of-freedom (6 DOF)
Inertial Package . It provides raw measurement of angular rate and linear acceleration of
three axes. Integration of these raw data provides a rough observation of the rover’s state.

Acceleration of x Tab 2. parameters of IMU
Double
Acceleration of y integration

X, Y Range of gyroscope

0]
Range of acceleration +100" /sec

Yaw rate . T 4g /SeC
integration 0 Bias of gyroscope

Bias of acceleration

IA A
4+
[N
N
3
Q
~
wn
D
o

Fig3. 2D state estimation of IMU data

Kalman Filter-----Combining Data from IMU and Wheel Odometry

The encoder readings are influenced by non-systematic errors like slip and the IMU data
suffer from drift. In planetary applications, where other sensors are limited, a effective
means of combining encoder and IMU data together is to use Kalman Filter. Taking the
highly updated IMU data for the prediction step and relatively lowly updated encoder data
for the measurement step will create more precise results than using single sensor.

Kalman Filter : out

& State vector: x=[x,y,v,,v,,6], u=[ace, ace,, o,
¢ Input vector: u=[acc,,acc o],
¢ Measurement vector: z=[v,,v, ],
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heading estimation.

Contact : houlu369@gmail.com

Field tests Environment

encoders
A lunar rover named Prototype 3

was used for test at CMU.

Test series include:

€ performance of IMU and encoder
1. forward™ stop ~ forward
2. pivoting 180 degree

& performance of gyro and encoder

1. walking in a square shape

2. walking a straight line using

PID control algorithm Fig 4. Test environment set-up

Field test results
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Future Work

Compare 2D and 3D models
€ The gyros’ bias include part of the gravity, which urges a 3D model.

€® The complexity of 3D model will threaten the real time control.

Combine stereo vision in the state estimation

€ Comparing two differing views on a scene from two horizontally displayed cameras
generates depth information.

€ Feature matching algorithms help reconstruct the 3D world

Employ absolute positioning methods using map matching or satellite signals
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