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Chapter 1  

 Introduction 

1.1 A Problem Overview 

Navigation means moving from a certain origin to a certain destination safely and 

efficiently. The entire animal world uses their perception, locomotion and brains for 

navigation. But when it comes to designing navigation system for rovers this term 

takes on a whole new meaning. The task of designing a navigation system for an 

autonomous rover can be divided into the following sub tasks: Goal assignment, Path 

Planning, State Estimation/Localization and Hazard Avoidance. Each of these tasks is 

an area of research in itself. In this work the emphasis is on state estimation process 

with regards to planetary rovers. Here we define state estimation as having knowledge 

of position and orientation of a rover during its traverses, relative to a certain frame of 

reference. This information is used both by the ground operators and onboard flight 

software to make numerous decisions and predictions regarding path planning, 

pointing of instruments, antennae and cameras, orientation of solar panels and to 

perform various safety checks on the system [Ali, K.S. et al, 2005].  The current need 

for higher autonomy on planetary rovers owing to massive time lags for 

communication also puts higher accuracy requirements on their state estimation 

capabilities. If state estimation is reliable other processes associated with it can work 

in a reliable manner and overall higher autonomy can be achieved.  

 

Working on planetary rovers requires an understanding of the characteristics of the 

environment and the mission goals and the limitations posed by them. Self-

Localization has been a constant area of research for many years now and several 

techniques exist to solve this problem. But where planetary rovers are concerned 
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many of these techniques are rendered useless owing to the specifics of these 

environments. In the case of Mars, unavailability of GPS satellites, lack of magnetic 

field and inaccessibility to environment manipulation (for example planting of 

navigation beacons) renders some of the most used localization techniques on Earth 

based on GPS, magnetic sensors and structured environment futile. Special 

consideration has to be given to the hardware used, as limited space, high vibrations 

and acceleration in transportation, as well as high radiation and unpredictable terrain 

on Mars surface puts severe constraints on the hardware used. Working within these 

constraints requires tailoring the available technologies according to these constraints 

and developing highly robust systems which conform to required goals.  

 

The success of one single technique in providing all the requirements is low and 

mostly a fusion of several different techniques covering each others limitations is 

required to achieve the working levels required by planetary rover missions. To date 

the most used technologies in this field are odometry, inertial systems and vision 

based systems. Each of these systems has their advantages and disadvantages, and the 

goal is to get the best out of each technique and limit their disadvantages. The sensor 

fusion workhorse that is most often used for fusing data from different sources to 

obtain best results is the Kalman filter and its nonlinear variations. The Kalman filter 

is an optimal recursive data processing algorithm that estimates the states of a 

dynamic system from noise corrupted measurements to get the best estimates. It has 

been used extensively in navigation applications for the fusion of various information 

sources to provide more accurate data.  

1.2 Thesis Objective 

Automation Technology Laboratory at TKK for its space robotics research has 

procured a Russian designed six wheeled multi degree of freedom rover, Marsokhod. 

The objective of this work was to develop a basic state estimation technique for this 

rover. The thesis objective can be broadly divided into following tasks: 

1) To study the current approaches used in the planetary rover state estimation 

problem.  

2) Based on this review to propose a suitable technique for state estimation to be 

applied to Marsokhod in perspective of a Mars exploration mission. 
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3) To implement the proposed technique and check its performance.  

1.3 Thesis Outline 

Chapter 2 starts with explanation of some basic terms and concepts to give reader a 

better understanding of later chapters. Then it proceeds with the literature review of 

the techniques used in state estimation for planetary rovers. It classifies the different 

techniques used in following categories: inertial sensor based systems, vision based 

systems and multi-sensor based systems. It identifies the advantages and 

disadvantages of each of these techniques and in light of this proposes a state 

estimation technique for Marsokhod. 

 

Chapter 3 gives the system design used for implementing our technique. First it gives 

an overview of the hardware that is used. Next the formulation of the Extended 

Kalman Filter used to fuse odometry and attitude data from IMU is given. It goes in 

further details about the covariance matrices and filter tuning. Lastly it documents the 

software design implementation of the approach. 

 

Chapter 4 provides the results obtained using the technique. First the results from 

odometry calibration are given. Then EKF performance for attitude tracking and 

position tracking is given. 

 

Chapter 5 presents the conclusions drawn from the work and outlines the future work.  
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Chapter 2  

 Background 

To have a better perspective of the forthcoming chapters of this thesis, a brief 

overview of some concepts would be facilitative. First section of this chapter 

overviews the basics of dead reckoning systems giving focus on Odometry and 

inertial navigation systems. Next section gives focus on Kalman filter and Extended 

Kalman filter. Last section gives a literature review of basic techniques used in state 

estimation of planetary rovers and concludes with proposal of the technique to be 

used in this work. 

2.1 Dead Reckoning 

Dead reckoning for a mobile rover is a relative localization technique to measure the 

movement of the rover. It uses measurements for displacement and direction and 

combines them at each time step to get its position from the starting point. The 

accuracy of dead reckoning depends on its measurements, as any errors in 

measurements accumulate with distance traveled. Two of the most common relative 

position measuring techniques used in mobile rovers are: Odometry and Inertial 

Navigation. 

2.1.1 Odometry 

Odometry is the most widely used navigation method for mobile robot positioning. A 

common means of odometry instrumentation involves optical encoders directly 

coupled to the motor armatures or wheel axles. The pulses from these encoders are 

then converted to wheel revolutions and that is translated into linear displacement 

relative to the surface traversed. Odometry provides good short-term accuracy, is 
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inexpensive, and allows very high sampling rates. However, the fundamental idea of 

odometry is the integration of incremental motion information over time, which leads 

inevitably to the accumulation of errors. Particularly, the accumulation of orientation 

errors will cause large position errors which increase proportionally with the distance 

traveled by the robot. [Borenstein, J. and Feng, L., 1994] give an in depth review of 

odometry, its related errors and their corrections. 

2.1.2 Inertial Navigation Systems (INS) 

An INS utilizes combination of sensors (orthogonally mounted tri-axial 

accelerometers and gyroscopes) grouped together as one device mounted aboard a 

vehicle to execute the navigation function through appropriate processing of data 

from these sensors. Fundamentally, gyroscopes provide angular rate information, and 

accelerometers provide velocity rate information. This information must then be time 

integrated to provide absolute measurements of orientation, position and velocity. 

Excellent details of Inertial Navigation technology can be found in [Titterton, D. and 

Weston, J., 2004]. 

 

The first inertial navigation systems were implemented on gimbaled systems (GINS). 

Accelerometers were mounted on a gimbaled platform that was kept level by 

servomotors controlled by gyroscopes. In this way, the x and y accelerometers were 

always aligned in the North/East plane. This mechanical INS configuration was very 

complex, power consuming and expensive. In the past decade, MEMS devices have 

given rise to the popularity of Strapdown Inertial Navigation Systems (SDINS). 

Rather than having the accelerometers mounted on a level gimbaled platform, the 

inertial sensors are “strapped-down” to the tracked object. MEMS fabrication 

techniques have made inertial sensors such as angular rate gyros and accelerometers 

very inexpensive and small, allowing them to be incorporated into devices such as 

Inertial measuring Units (IMU). IMU is the strapdown equivalent to the traditional 

gimbaled platform. As a result of their lower cost and size, SDINS have largely 

replaced GINS in navigation applications.  

 

Most of the error sources that corrupt the navigation solution are sensor errors or 

random disturbances. Most common errors in SDINS are: 
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• Bias Errors: It is defined as the constant signal on the output of a sensor, 

independent of the input. For navigation grade sensors, bias is usually 

specified in deg/hr. 

• Scale Factor Errors: It is defined as linear error that is proportional to the input 

signal. Scale Factor is usually specified in parts per million (ppm). 

• Alignment Errors: Roll, Pitch and Yaw angle errors caused by the 

misalignment with the body of the navigation frame. 

 

The integration of the sensor values has a low-pass characteristic that attenuates 

undesired high-frequency noise. In contrast, a small bias in the sensed values leads to 

a drift in the estimated position. This is a common problem and one of the major 

drawbacks in inertial navigation. In general, the quality of a SDINS is related with its 

acquisition cost. Table 2.1 shows the classification of IMU based on their 

performance, application areas and approximate cost. 

Table 2.1 Classification of IMU 

 

2.2 Kalman Filtering 

Kalman filter is the optimal recursive data processing algorithm for a discrete linear 

system corrupted with noise in the states and measurements. What a Kalman filter 

Grade Drift 

(deg/hr) 

Approx. Cost 

(US Dollars) 

Application Area 

Navigation <0.01 >100,000 Space applications, Ballistic missiles, 

Commercial air transport, Military air 

and surface vehicles etc. 

Tactical 0.01-10 10,000-

50,000 

Guided missiles, Mapping systems, 

Land navigation etc. 

Automotive 10-200 5,000-10,000 Robots , Machine control, Sensor 

stabilization etc. 

Consumer >200 50-1000 Games, Computers, Cameras etc. 
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requires is knowledge of the system and measurement dynamics, a statistical 

description of the system and measurement noises, uncertainty in the dynamic models 

and any available information about the initial conditions of the variable of interest. 

Based on this knowledge it gives the optimal estimate of the state variables under 

observation [Maybeck, 1979]. Since its inception Kalman filter has become a subject 

of extensive research and application, particularly in areas of autonomous or assisted 

navigation. To give detailed analysis of Kalman filter is out of scope of this work. For 

more detailed study of Kalman filter’s probabilistic origin the author will recommend 

[Maybeck, 1979]. 

 

The general problem Kalman filter addresses is of estimating the state ∈  nx R of a 

discrete process propagated by process equation (2.1) given measurement 

∈ mz R modeled by measurement equation (2.2). 

 1 1 1− − −=  + +k k k kx Ax Bu w  (2.1)  

 = +k k kz Hx v  (2.2) 

The process and the measurements are corrupted with error vectors kw  and kv , 

respectively. These are stochastic processes that are assumed to be Gaussian-

distributed white noise with zero means and covariance Q and R respectively. Matrix 

A relates the state at a previous time step k-1 to state at current time step k, matrix B 

relates the optional control input ∈ lu R  to the state, and matrix H relates the state to 

measurement. 

 

The state of Kalman filter is defined by two variables. First is the estimate of statekx  

and second is called the error covariance matrix Pk which is a measure of the 

estimated accuracy of the state estimate. Each iteration of Kalman filter works in two 

steps: First is called the prediction step where given the initial state value 1−kx  and 

error covariance matrix 1−kP  it predicts a priori state estimatê−
kx   and a priori estimate 

of error covariance −
kP  based on the following equations: 

 1ˆ ˆ− −
−= +k k kx Ax Bu   (2.3) 

 1
−

−= +T
k kP AP A Q (2.4) 
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Second step called the correction step acts as a feedback and incorporates the new 

measurement zk in a priori estimate to get a better a posteriori state estimate ̂kx  and a 

posteriori estimate Pk using the following equations: 

1( )− − −= +T T
k k kK P H HP H R  (2.5) 

 ˆ ˆ ˆ( )k k k k kx x K z Hx− −= + −  (2.6) 

 ( )k k kP I K H P−= −  (2.7) 

In the next iteration (k+1) the a posteriori estimates of state,ˆkx  and error covariance 

matrix, kP  are used for calculating a priori estimates and the cycle continues. 

 

Now to understand the real functioning of the Kalman filter importance is to be paid 

to the factor ˆ( )−−k kz Hx  called the residual factor showing difference between a priori 

estimate and the measurement and the factor kK called the Kalman gain. Kalman gain 

decides how to weight the impact of the measurement on the state estimate and error 

covariance. To gain a better understanding lets consider too extreme cases. Suppose 

the measurements are very noisy, i.e. 

 1

0
ˆ ˆlim and− − −

→
 =     ∴ =   = 

k
k k k k k

R
K H x x P P  (2.8) 

Large noise leads to measurements being neglected and a posteriori state estimate 

totally depends on the process model. Also the error covariance matrix remains 

unchanged. In other case if measurements are perfect, i.e. 

1 1

0
ˆlim and

k
k k k k k

R
K H x H z P− −

→
 =     ∴ =   = 0  (2.9) 

Now the estimate is totally based on measurement and error covariance is zero 

leaving out the process model completely. 

 

From this analysis, we can see the working of Kalman filter as it blends the 

predictions of the process model with the corrections of the measurements to get the 

accurate estimates by considering the effects of the strength of the noise error 

covariance of the process and measurements. Also one of the big advantages of the 

Kalman filter is that it is a recursive algorithm. This gives it a huge computational 

advantage as it cycles the data at each step with only states and error covariance from 

previous step and there is no need to keep older data. This is one of the main reasons 

why it is highly popular in real time applications.  
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2.3 Extended Kalman Filter (EKF) 

As discussed before the Kalman filter was designed for linear systems. But a non 

linear version of it that linearzies about the current mean and covariance is also 

available and commonly referred to as Extended Kalman Filter (EKF).  

 

Consider the discrete time system described by the following nonlinear state space 

model, with the state vector ∈  nx R and measurement vector ∈ mz R given by 

following non-linear difference equations: 

 1, 1 1( , )k k k kx f x u w− − −=  (2.10) 

 ( , )=k k kz h x v  (2.11) 

The process and the measurements are corrupted with error vectors kw  and kv , 

respectively. These are stochastic processes that are assumed to be Gaussian-

distributed white noise with zero means and covariance Q and R respectively. Non –

linear function f relates the state at a previous time step k-1 to state at current time 

step k, and includes as a parameter any driving function ∈ lu R  and function h relates 

the state to measurement. 

 

Like linear Kalman filter again each iteration has two cycles, one of prediction and 

one for correction. The difference is that in prediction cycle the a priori estimate of 

state vector are predicted with the non linear process model while for a priori 

estimate of error covariance matrix, linearization is done first. Linearizing the state 

vector about the current state vector gives the following Jacobian matrix: 

 1

1

( , )

ˆ
−

−

 =   
k

k

f x u
A

x x

δ
δ

 (2.12) 

So the prediction equations are given as: 

 1, 1ˆ ( )k k kx f x u−
− −=  (2.13) 

 1 1 1 1
−

− − − −= +T
k k k k kP A P A Q  (2.14) 

For correction cycle we propagate the measurements according to the non linear 

measurement model. But for Kalman filter gain and a posteriori error covariance 

correction we need to linearize the measurement vector around a priori estimate. 
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Linearizing the state vector about a priori estimate gives us the following Jacobian 

matrix: 

 
( , )

ˆ−

 =   
k

k

h x u
H

x x

δ
δ

 (2.15) 

Now the correction equations are: 

 1( )T T
k k k k k k kK P H H P H R− − −= +  (2.16) 

 ˆ ˆ ˆ( ( ))− −= + −k k k k kx x K z h x  (2.17) 

 ( ) −= −k k k kP I K H P  (2.18) 

The cycle continues with each measurement, the new a posteriori estimate is used as 

a current state vector in the next prediction cycle to get a priori estimate of next 

iteration. 

 

The main problem with the EKF is that the transformations of the Gaussian white-

noise variables are nonlinear, resulting in non-Gaussian probability distributions. It is 

a linearized approximation to the optimal linear Kalman filter, but it has shown to be 

adequate for multiple applications, particularly in navigation.  

2.4 Literature Review 

This section provides a basic review of the various techniques being used for 

planetary rover state estimation. Though wheel odometry based dead reckoning gets 

severely distorted due to uneven terrain traversed by planetary rover, it still forms the 

most basic level of localization owing to its simplicity of operation and 

implementation. The general idea is to use other techniques to implement higher level 

of localization and then fuse the data from different techniques to compensate for 

each others limitations and to obtain a higher level of accuracy and redundancy. 

 

The research work in this area can be broadly classified in the following categories: 

1) Inertial sensor based state estimation 

2) Vision based state estimation 

3) Multi-sensor based state estimation  
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2.4.1 Inertial sensor based systems 

Inertial sensors i.e., gyroscopes and accelerometers, have the advantage that they are 

self-contained, non-radiating, non-jammable, dead-reckoning navigation systems 

which provide dynamic information through direct measurements. As discussed 

earlier the main drawback of inertial navigation systems is the slow drifting of the 

data due to bias. As a consequence, an Inertial Navigation System by itself is 

characterized by position errors that grow with time and distance. One way of 

overcoming this problem is to periodically reset inertial sensors with other absolute 

sensing mechanisms and so eliminate this accumulated error. Another way is to 

develop suitable error models to compensate for these errors. Use of Kalman filters 

has greatly improved the performance of inertial sensors. These filters have been used 

extensively in inertial sensors to combine information for same variable obtained 

from different measuring systems giving better estimates and also for incorporating 

various errors associated with inertial systems. In one such proposal [Barshan, B.; 

Durrant-Whyte, H.F, 1995] incorporate in the system a priori information about the 

error characteristics of the inertial sensors and uses it directly in an Extended Kalman 

filter for state estimation. They tested their system on a large outdoor rover and 

considerable improvement in attitude prediction is achieved although position 

estimation using accelerometer shows only a marginal improvement. 

 

One of the early successful  approach using inertial sensor to complement the wheel 

based odometry was implemented in Sojourner rover of Mars Pathfinder Mission of 

NASA. In this case a gyroscope and the wheel encoders were used to implement a 

dead-reckoning system to track the rover’s position [mpfwww.jpl.nasa.gov]. On level 

ground where the rover’s wheel didn’t slip much the dead-reckoning accuracy was 

measured at better than 5% of distance traveled. However, on slopes or in very loose 

soil, the dead reckoning error was open-ended [Gat, E. et al 1993].  

 

In another work [Fuke, Y. and Krotkov, E., 1996] proposed to increase the accuracy 

of dead reckoning by utilizing rover attitude information (Roll and Pitch) derived by 

fusing accelerometer and rate gyro data through a complementary Kalman filter. In 

such a configuration, the Kalman filter is used to estimate the difference between the 

observed variable from different measurement sources, i.e. it continually estimates the 
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error in the orientation estimates by using the gyroscope and accelerometer system as 

a second (redundant) reference. This error estimate is then used to correct the inertial 

estimates. They considered the problem of a rover moving on uneven terrain, in this 

case position of a rover changes in three dimensions. Incorporating attitude 

information during such a traverse can improve two-dimensional position estimation 

accuracy and enable an estimate of motion in the third dimension (z). They used 3-

axis accelerometers and 3-axis rate gyros to estimate vehicle attitude. Wheel 

odometry is used for estimating incremental vehicle displacement and vehicle 

velocity. The process, shown in figure 2.1, recursively estimates vehicle position. 

Figure 2.1 Block Diagram of state estimation algorithm adopted from [Yasutaka Fuke and Eric 

Krotkov, 1996]. 

In order to evaluate the proposed dead reckoning method, it was implemented on the 

testbed rover Ratler that has four wheels, each driven by individual actuator. They 

implemented their system by using incremental encoders on wheels and a strapdown 

Inertial Measuring Unit (IMU) that contains a three-axis accelerometer, a three-axis 

gyro, and Roll and Pitch inclinometers. 

 

Their results in sandy crater show that by fusing gyro and accelerometer information 

the gyro deviation problem was successfully removed. They obtained an accuracy of 

1° in their attitude estimation. In the 3D estimate they were able to reduce the dead 

reckoning error by 3.5 % which also included the slippage error. But their results are 

carried out for short distance and durations so attitude performance for long durations 

is not known. Also no slip compensation is provided. 
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An interesting approach to compensate for slip is presented by [Green, D.N.; 

Sasiadek, J.Z.; Vukovich, G.S.; 1994]. They point out that the wheel odometry is 

severely limited by wheel slippage and wheel ground deformation whereas an 

accelerometer though avoiding such problems suffer from integration errors that build 

up even when there is good ground contact or when the rover has stopped. So they 

propose to fuse data from wheel encoders and accelerometers to limit the effects of 

wheel slippage and integration error. The difference of the readings from wheel 

odometry and accelerometer are then compared to a set threshold value. When below 

threshold the wheel odometry data is used to update rover position otherwise 

accelerometer data is used for update. The results show a marked improvement in 

localization with results following accelerometer data in slippage and odometry data 

otherwise. A first-order (discrete) low-pass filter was used to reduce noise at various 

points in the signal path. The Kalman filter design technique was used to choose the 

filter parameters, in an attempt to minimize the differentiation (measurement) noise, 

relative to the wheel slippage (disturbance) signal. The results were based on 

simulation in one axis only so no heading determination was done. The problem in 

this approach is that differentiation process puts a considerable noise into the system 

which makes proper designing of filters and their placement crucial and makes system 

slower. Also the working of this approach in 3D has not been evaluated. 

 

The estimation of the heading of planetary rovers involves integration of noisy 

rotational-speed measurements. This noise causes error to accumulate and grow 

rapidly unless suitable error compensation techniques are employed. The heading 

error also affects the estimate of the position of rover. More importantly, incremental 

odometry heading estimation is only reliable over relatively short distances. [Trebi-

Ollennu, A.  et al, 1999] proposed use of a Sun sensor for planetary rover absolute 

heading detection. This sensor consists of a charge-coupled device (CCD) 

monochrome camera, two neutral-density filters, a wide-angle lens and housing. The 

centroid of the Sun in the image is the main feature needed for determination of the 

rover heading. Given the 2-D Sun centroid from the threshold Sun image, a 3-D unit 

ray vector is computed from the sensor to the Sun using the camera optics model. The 

Sun’s azimuth and elevation in the sensor frame can be computed from this 3-D unit 

ray vector. For a given universal time (UT), the astronomical position of the Sun is 
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fixed and can be obtained from the Astronomical Almanac. The algorithm then uses 

solar ephemeris data and solves Kepler’s equation and the equation of time to 

determine the position of the Sun (azimuth and elevation) for a given geodetic 

longitude, latitude, and UT. Using the Sun position (azimuth and elevation) from the 

Sun sensor and solar ephemeris data, the rover’s absolute heading with respect to 

True North is computed. [Volpe, R., 1999] presents the result of using Sun sensor for 

heading determination on a Mars prototype rover, Rocky 7, of Jet propulsion Labs 

(JPL). The rover used a gyroscope measuring heading angle and wheel odometry for 

position update. Sun sensor was used for absolute updates of heading. The results 

were carried out in a Mars like environment and showed an average relative error of 6 

% based on Sun sensing of heading, which in comparison to Sojourner rover is a vast 

improvement. Sun sensor though a very promising approach cant give a continuous 

update because of problems in tracking of Sun by cameras while rover is in motion 

but still it can be used for providing an absolute update to treat the accumulating 

errors in inertial devices. 

 

[Baumgartner, Eric T., et al, 2001] describe a two tier state estimation approach for 

NASA/JPL’s FIDO Rover. FIDO was NASA/JPL’s technology development rover in 

support of Mars surface exploration missions. Their approach utilizes wheel 

odometry, IMU based rate and attitude sensors, and a Sun sensor to generate accurate 

estimates of the rover’s position and attitude throughout a rover traverse. The lower-

tier Kalman filter estimates the gyro bias terms while the rover remains in a stationary 

position. The rover’s heading relative to a north-aligned reference frame is initialized 

using a rover-mounted Sun sensor.  As the vehicle traverses, the rate sensor bias 

estimator is deactivated and the most recent rate sensor bias term is then used to 

integrate the Yaw rate sensor measurements in real-time to determine the heading of 

the vehicle throughout the rover’s traverse. The measured estimated attitude terms are 

then combined with the wheel odometry to determine the rover’s position and attitude 

through an EKF approach. Finally, the rover updates its absolute heading information 

again with the on-board Sun sensor. To test the absolute accuracy of the state 

estimation approach described in this paper, the FIDO rover was placed in the rover 

pit filled with a soft sand material and populated with a variety of rock type and sizes. 

The rover was commanded to follow a box trajectory which was 1 meter on a side and 
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ended back at the initial starting position. This run was repeated 5 times with both the 

accumulated estimation error and the estimation error relative to the start of each run 

being recorded. For these 5 runs, the average of the absolute value corresponds to a 

0.84% error as a function of rover traverse distance. The overall accumulated error 

associated with all of the runs relative to the initial starting position for the first run 

corresponds to a 0.72% error as a function of rover traverse distance. This technique 

shows considerable improvements on previous works regarding inertial sensors but 

still no slip compensation techniques is incorporated and hence in slip prone surfaces 

its performance can degrade. 

2.4.2 Vision based systems 

External perception based on vision plays a critical role in developing improved and 

robust localization algorithms, as well as gaining important information about the 

vehicle and the terrain it is traversing. Since visual sensors are exteroceptive devices, 

i.e. they acquire information from the rover’s environment; vision-based motion 

estimates are independent of the knowledge of wheel-terrain interaction. This 

particularly gives them advantage in situations where terrain is unknown like in case 

of planetary missions. This section concentrates on vision based techniques that have 

been proposed or used for a Mars planetary rover.  

 

In one of the approaches [Olson, C.F.; Matthies, L.H, 1998] proposed the use of 

maximum likelihood estimation technique for rover localization in planetary terrain. 

According to their proposal a global map can be made either by lander based cameras 

or panoramic image taken by cameras on rover itself. Local map encompassing the 

same terrain can then be generated by rover cameras while in motion using on board 

near to surface cameras. To perform localization, this local map is then compared to 

the global map using a similarity measure derived from the Hausdorff distance 

approach. Hausdorff distance is defined as the maximum distance of a set to the 

nearest point in the other set [Rote, G., 1991].  They developed a probabilistic version 

of this measure using the principal of maximum likelihood estimation. The best 

relative position between the maps is located using a hierarchical search that 

guarantees that the best position in a discretized pose space is found. To validate these 

techniques for use on a Mars rover, they have tested them using data from the Mars 

Pathfinder mission, running on-board Rocky 7 Mars rover prototype. The results 
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obtained with their algorithm were quite similar to manual localization done for 

sojourner rover using the same data proving the performance of their algorithm.  

 

[Hoffman, B., et al., 1999] presented a novel application of a texture-based interest 

operator in conjunction with stereo correlation and triangulation to generate range 

maps, adaptive in refinement to both texture and distance. They then registered these 

successive range maps such that they are all in a single frame of reference, effectively 

computing a global world map of the environment through which the rover is 

traversing. The process of registering these maps also has the advantage of providing 

an estimate of the rover’s current state (position and orientation relative to its initial 

frame of reference).To compute the motion between the two frames, a dual quaternion 

methodology is used to solve optimally for the rotation and translation between the 

two frames simultaneously. These estimates are combined with estimates obtained 

from wheel odometry through an Extended Kalman filter to compensate for errors of 

both systems. They tested their system on a prototype sample return rover in JPL’s 

rover pit. They did tests for rover operating in reactive mode or potential flow based 

runs to designated goals in unobstructed and obstructed paths. Table 2.2 shows the 

results of their experiments. As can be seen from the table, inclusion of visual 

odometry considerable improves the over all performance in comparison to wheel 

odometry based results.  

Table 2.2 State estimation results for experimental trials 

 

Trial 

Kalman filtered 

Max/mean (meters) 

Dead Reckoned 

Max/mean (meters) 

Reactive 0.68/0.38 2.83/1.34 

Unobstructed 0.76/0.40 2.99/1.38 

Obstructed 1.09/0.50 1.34/0.70 

 

Pixel tracking in stereo image sequences is proposed by [Mallet, A.; Lacroix, S.; 

Gallo, L., 2000]. They call their approach “exteroceptive dead-reckoning”. Their 

technique uses 3D point matches between two stereo images, established by tracking 

corresponding pixels between frames to give an estimate of the 6 displacement 

parameters while the rover moves. They implemented their algorithm on Marsokhod 
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rover and tested on a trajectory involving full 3D movements. Qualitatively their 

system gives a position estimate of about 4%. The good thing about this technique is 

that its passive in the sense that it does not calls for any data acquisition strategy: 

images are just processed as they are provided. The algorithms therefore do not 

interfere with any other functionality that makes use of the stereo cameras. But still as 

they point out that this technique is not suitable for long range navigation as errors 

can keep on building as the frames progress because the estimation is done from 

frame to frame. 

 

In another approach [Corke, P.; Strelow, D.; Singh, S., 2004] proposed using an omni 

directional camera for visual odometry. Omni directional cameras trade-off  

 

 Figure 2.2 Omni directional camera and an example picture. Adopted from Mallet et al  

resolution to increased field of view (figure 2.2). They argue that trade off of 

increased field of view with resolution for omni directional cameras is beneficial as 

these cameras don’t suffer from some ambiguities conventional image motion 

estimation suffers from [Baker, P. et al, 2003]. In addition, in course of motion 

extracted features are retained longer in the wide field of view providing a stronger 

reference for motion estimation over long durations. They describe and compare two 

different methods for estimating position of rover. One method is based on robust 

estimation of optical flow and subsequent integration of the flow. The second method 

is a full structure-from-motion solution. In the first method the terrain around the 

rover is approximated to be a plane and motion estimation is done by integrating the 

three-DOF displacement found at each step. The second method, implemented as an 

iterated Extended Kalman filter estimates both the motion of the camera as well as the 
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three dimensional location of visual features in the environment. This method makes 

no assumption on the planarity of visual features and tracks these features over many 

successive images. Tests were done on rough terrain with a four wheel rover 

Hypernion developed at Carnegie Mellon University for automation navigation in 

planetary analog environments. GPS was used as ground truth. First method shows a 

very good localization but where turning and reversing is done by rover a significant 

heading error is developed. For second method average error is less than 1% but 

computational power needed is also much higher. Also the results are very much 

dependent on calibration between camera and mirrors used making system quite 

complex.  

 

[Se, S., Barfoot, T D., Jasiobedzki, P., 2005] propose a different scheme for visual 

odometry for a rover for exomars mission of ESA. They use stereo imaging but 

propose to use a high level set of natural visual features called Scale Invariant Feature 

Transform (SIFT) as the visual landmarks to compute the camera motion ( figure 2.3). 

These features are invariant to image scale, rotation, and partially invariant (i.e. 

robust) to changing viewpoints, and change in illumination [Lowe. David G., 2004]. 

These features can be matched from a range of camera positions. 

 

Figure 2.3 SIFT features extracted from a stereo pair from the Mars Exploration Rover Spirit. 

Adopted from Se, S. et al. 

 

To get the full three-dimensional motion of the camera from the temporally matched 

features they employ a Simultaneous Localization and Mapping (SLAM) approach 

with minor modifications for doing outlier detection. They incorporate the odometry 

data to get their first estimate of camera motion and then correct it with the 



  19 

 

 

observation of SIFT features that have been temporally matched. The resulting online 

visual motion estimation was used for autonomous outdoor rover traverses up to 120 

m long on loose terrain. The final positioning errors were 0.5% to 4% of distance 

traveled. As SIFT feature extraction is computationally too expensive they have 

implemented it using FPGAs increasing hardware space, cost and power 

requirements. 

 

NASA’s Mars Exploration Rover also used visual odometry to compensate for wheel 

slippage in soft soils and climbing steep slopes [Cheng.Y, et al, 2006]. For feature 

extraction an interest operator tuned for corner detection is applied to an image pair. 

They use pseudo-normalized correlation to determine the best match in stereo image 

matching. After the rover moves a short distance, a second pair of stereo images is 

acquired. Then a correlation-based search re-establishes the 2-D positions precisely in 

the second image pair. Stereo matching of these tracked features determines their new 

3-D positions. The motion estimation is done in two steps. First, a less accurate 

motion is estimated by least squares estimation. All features that pass this iteration 

will be used in the following more accurate estimation—the maximum likelihood 

motion estimation. The algorithm was tried on Rocky 8 Mars rover prototype in 

different kind of terrains with the goal of achieving less than 10% error. The absolute 

position errors were less than 2.5% and the rotation error was less than 5° in each 

case. While on Mars visual odometry has been used only in regions of extreme slip 

and slopes, as processors on the rovers are quite slow and visual odometry takes up to 

2-3 minutes per step. But when used it gave excellent results except when few times it 

didn’t converge. This is mostly attributable to either too large a motion causing no 

image overlapping or to a lack of features in the imaged terrain. Also at one point it 

gave false positives owing to tracking of its own shadow as a feature. Over all visual 

odometry on MER’s proved to be very useful and with right kind of processing speed 

can be implemented on full time basis. 

2.4.3 Multi-Sensor based systems 

Robust navigation for mobile rovers over long distances requires an accurate method 

for tracking the rover state in its traverses. Promising techniques for position 

estimation by inertial sensors and visual sensors have been previously described. 

However, long-distance navigation requires both a high level of robustness and a low 
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rate of error growth. To achieve this goal several researchers have tried to do 

combination of different sensing techniques. This section will describe research 

carried out in these multi-sensor localization systems. 

 

One such system is described by [Lacroix, S., et al, 2001]. They point out that the 

algorithms to compute the rover's position can be categorized into three categories: 

(i) Motion estimation techniques, the techniques that don’t require any memory 

and utilize data at a very high pace as the rover moves (odometry, inertial 

navigation, visual motion estimation). 

(ii)  Position refinement techniques, that build environment models from data 

acquired on board and rely on the matching of landmarks perceived from 

different positions. 

(iii)  Absolute localization with respect to an initial global model of the 

environment.  

They argue that all these algorithms have different characteristics and can be used in 

complementary fashion and hence any good autonomous system rover must be 

endowed with at least one instance of each category. They implemented wheel 

odometry using encoders, for visual system they implement the technique that 

computes the motion parameters between two stereo frames on the basis of a set of 

3D point to 3D point matches, established by tracking the corresponding pixels in the 

image sequence acquired while the rover moves. For landmark based estimation they 

investigated Set Theoretic approaches for landmark-based localization. To tackle the 

coexistence of several localization algorithms in a generic and reconfigurable way 

they have developed a particular module called PoM (position manager), that 

receives all the position estimates produced by localization as inputs, and produces a 

single consistent position estimate as an output. PoM addresses the sensor 

geometrical distribution issue as well as the localization modules asynchronism in the 

fusion of the various position estimates. They are still working on refinement of their 

technique and final implementation has not been done yet, but they are aiming for a 

system producing less than 1% errors. Though not implemented but it definitely 

gives a different perspective to localization problem. Each category has its benefits 

and limitations and with optimization of each and proper fusion can only we achieve 

a robust localization.  
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In order to test the long-range performance of the ego-motion (moving camera) 

techniques under controlled conditions [Clark F. Olson et al, 2000] build a simulation 

model. Their simulation model tracks randomly generated landmarks for motion 

estimation. They add noise to their generated landmarks to account for stereo tracking 

errors.  Using this simulation model they performed an experiment with a 500m 

traverse where ego-motion estimates were computed every 50 cm using stereo-

cameras. They found that the growth in the error is greater than linear in the distance 

traveled (Figure 2.4). They explained that in position error calculation there is a term 

for errors in position calculation but also the affect of orientation errors. This 

contributes to the super linear growth in error and hence orientation error is quite 

critical to overall error. In order to eliminate the super-linear error growth they 

propose the use of an absolute orientation sensor to provide periodic updates to the 

orientation estimate. They propose use of accelerometers to provide Roll and Pitch 

information, while a compass, Sun sensor, or a panoramic camera could be used to 

determine the rover Yaw.  

 

Figure 2.4 Graph showing non linear increase in ego motion estimates and its linearization 

using orientation updates from absolute sensor. Adopted from Clark F. Olson et al 

 

Their results (figure 2.4) shows that this leads to linear error growth in the distance 

traveled when the orientation updates are used and, in general, the growth is much 

slower than when only the ego-motion estimates are used. From their experiment they 

conclude that an absolute orientation sensor is critical for navigation over long 

distances, unless some other means is used to periodically update the rover position. 
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If no orientation sensor is used, the rover may navigate safely over short distances. 

However, over long distances the increasing orientation errors will build until the 

position estimate is useless. They also point out that Camera Roll (rotation about the 

viewing axis) due to traversing rough terrain is a significant problem for rovers that 

operate outdoors. In most terrains, camera Roll of less than 10° can be tolerated 

without difficulty to the feature tracking.  But for cases where large amounts of 

camera Roll are possible they propose use of an orientation sensor, such as a gyro or 

accelerometer. They argue that if the approximate Roll of the camera is known, then 

the correlation window for each landmark can be rotated to the appropriate orientation 

for tracking. 

 

Mars Exploration Rover’s from NASA also use a multi sensor suite to do attitude and 

position updates on their rovers. [Khalid S. Ali, et al, 2005] describe their software 

Surface Attitude Position and Pointing (SAPP) running onboard the MER that is 

responsible for keeping track of the rover’s position and attitude on the surface of 

Mars. The Navigation/Attitude Estimator (NATE) is a subsystem of the SAPP 

software that does the actual computation to determine and propagate the attitude and 

position. NATE is controlled by the state machine shown in figure 2.5.  

 

 

 

Figure 2.5 Navigation/Attitude estimator time machine. Adopted from K.S. Ali et al 
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Nadir Update uses the nadir vector, or direction of gravity obtained by average of 

accelerometer measurements over a short period of time to determine the rover’s Roll 

and Pitch. Sunfind determines the rover’s heading from the direction to the Sun and 

the current tilt obtained by Nadir Update. Sungaze starts with no assumptions about 

the rover’s attitude knowledge, and determines the complete attitude of the rover 

using a Sun sensor. NATE has two modes for checking the attitude estimate, namely 

Nadir Check and Suncheck. These modes take a new measurement and compare it to 

an expected value derived from the current attitude estimate. If the measured value is 

within a tolerance of the expected value, then the check passes otherwise it fails. 

 

The goal of the Articulate mode is to propagate changes in attitude. It uses the gyros 

and accelerometers to propagate this estimate forward and intended for use when the 

Instrument deployment device (IDD) is in use, as well as during certain parts of the 

rover standup process. In the Mobility mode, SAPP propagates the rover’s position by 

wheel-odometry, based partly on [E. T. Baumgartner et al, 2001], using the attitude 

changes determined from the gyro. While the nominal means of updating rover 

position combines wheel-odometry with heading updates from the gyro, that 

technique cannot measure purely translational slip. So when ground operators expect 

slippery terrain visual odometry software is used to compensate for slip. This 

software works by autonomously selecting and tracking features in stereo image pairs 

taken at different locations [Cheng, Y. et al, 2006]. At the time of this writing, the 

Mars Exploration Rovers have been operating on the surface of Mars successfully for 

over three years now. 

2.5 Conclusions and Thesis Approach 

This literature review categorizes the current state estimation techniques into three 

main groups: Inertial sensor based systems, vision based systems and Multi sensor 

systems. The foremost conclusion we could draw from reviewing these techniques 

was that for planetary rover state estimation no single technique can provide robust 

estimation. Inertial sensors performance has been highly increased with use of 

Kalman filtering in orientation and heading estimates but translational motion in 

rough terrains using accelerometers is still not reliable. In such situation translational 

motion is very much dependent on wheel odometry which has no means to detect 
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slippage. But still their fast processing time, energy efficiency and need for low 

computational power makes their usage for navigation in slip free regions 

advantageous. Also the advent of sun sensors providing absolute heading updates can 

be used to correct heading information from gyros.  

 

Vision based techniques being exteroceptive in nature can provide good state 

estimates even in slip dominated terrain but need high computational power and put 

limits on the speed of maneuvers. Their performance can be further improved by 

using inertial sensor data to get a rough estimate of motion which can be then be 

further refined by vision based techniques to get higher accuracy and faster 

performance.  

 

The best solution is provided by multi sensor systems that combine these approaches 

to compensate for each others limitations and give a high accuracy and robust 

solution. Until now the most successful mission to Mars exploration by rovers has 

been NASA’s MER mission sing rovers Opportunity and Spirit. It utilized a 

combination of odometry and gyro heading data fused through an Extended Kalman 

filter to get state estimates [Baumgartner, Eric T., et al, 2001]. They used Sun sensor 

for absolute heading corrections and that limited the gyro errors. As this technique is 

still prone to errors in high slippage areas, they used a vision based technique to be 

applied in such areas to compensate odometry [Cheng, Y. et al, 2006]. The great 

advantage of this technique is that by having a basic state estimation framework based 

on odometry and inertial sensors they can keep a fast response and high energy 

efficiency. The complex vision based system is used only in adverse conditions of 

slippage and overall technique becomes more robust, energy efficient and accurate.  

 

Based on these findings this thesis proposes use of an Extended Kalman filter based 

approach of combining odometry and inertial navigation sensors for state estimation 

of Marsokhod. To simulate the absolute heading corrections by sun sensor it has been 

proposed to use a magnetic compass to get absolute heading updates. This technique 

though prone to slippage and accumulation of errors provides a basic framework for 

state estimation which can be further enhanced in future by integrating vision based 

systems. 
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Chapter 3  

 System Design 

This chapter gives a brief overview of the various components of the implemented 

state estimation technique. First a brief overview of the hardware used is given, which 

comprised of the rover, the IMU and the encoder circuitry. Then the algorithm for 

Extended Kalman filter used to combine odometry and IMU data has been developed. 

Further the design of software developed is given to aid any future developments and 

extensions. 

3.1 Hardware Used 

The basic components of hardware used in this thesis were the rover, IMU, the 

encoders and the encoder reading circuit. The block diagram in figure 3.1 shows their 

connection and direction of flow of information between them. The following 

sections give a more detailed overview of each of them. 

 

Figure 3.1 Hardware Block Diagram 
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3.1.1 Experimental rover 

Initially, the localization was supposed to be done for Marsokhod rover but due to 

technical difficulties with the rover it was not possible to do any outdoor testing with 

it and hence another rover from the Automation Lab, MotherBot, was used for testing 

out the localization algorithms. MotherBot is a track driven tank style rover. The 

tracks were driven by motors that have manual on/off switch control. Power to the 

motors was provided by an onboard 12 V battery. Skid steering was used, as there is 

no speed control of motors, the rover motion was possible only straight forward, 

straight backward and in place turns using proper switching of the motors. Since the 

rover had no on-board computer a small wooden platform was mounted on it to carry 

a laptop. Figure 3.2 shows the MotherBot rover with a mounted laptop.  

 

 

Figure 3.2 MotherBot rover 

 

3.1.2 Odometry hardware 

As discussed earlier the easiest way to determine distance traveled by a rover was 

done using wheel encoders. MotherBot were fitted with HEDS 5600 optical 

incremental encoders to implement basic odometry. The encoders were serial 

interfaced to the laptop using an Atmel based circuit that delivered the right and left 

encoder counts along with the direction of motion of each wheel at a maximum 
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frequency of 4Hz. Figure 3.3 shows the encoder placement on the rover and the 

circuit used. 

 

 

Figure 3.3 The Encoders mounted on the drive shaft of the track (left) Encoder reading circuit 

interfaced to Laptop (right). 

3.1.3 Inertial Measurement Unit (IMU) 

In this work an automotive grade 3DM-G Inertial Measurement Unit was used. It has 

been manufactured by Microstrain and consists of tri-axial magnetometers, 

gyroscopes, and accelerometers along with high-resolution A/D and D/A converters. 

A digital signal processor is used to perform the calculations and return sensor 

orientation in several formats over a high-speed serial link. The accelerometers and 

magnetometers provide an absolute reference to gravity and North as well as a stable, 

long-term measurement. Having an absolute reference to north simulates the use of 

Sun sensor which is also used for absolute reference to North in Mars missions. The 

IMU processor combines the high frequency response of the rate gyroscopes and the 

long-term low frequency response of the accelerometers and magnetometers. By 

processing the data in this way it can correct for gyroscope bias drifting and provide 

robust orientation measurement. IMU can deliver data in various formats and at 

various rates depending on the configuration. In this work the data used is in the form 

of Euler angles (Yaw, Roll and Pitch), calculated referenced to a North-East-Down 

frame. Figure 3.4 shows the frame of reference used.  
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Figure 3.4 The reference frame of the IMU measurements. 

The Magnetometer used in the IMU is quite sensitive to magnetic fields and attitude 

data was corrupted by the magnetic field from motors. To avoid this several 

techniques for shielding it from motors were tried. However the best possible solution 

was found by mounting the IMU at a height of about 1.5 meters above the ground 

surface. During lab testing it was observed that IMU data in stationary configuration 

was quite stable but in motion the change in magnetic field of the surroundings again 

corrupted the data and hence all tests with rover were performed outdoors in a car 

park. Appendix A lists the specifications for this IMU. 

 

3.2 Fusion of IMU and Odometry 

As mentioned earlier, Kalman filter has been the work horse for fusion problem in 

autonomous navigation. The general forms of the Kalman filters used are the linear 

and Extended Kalman filter depending on the linearity of the observed states. Since in 

this work our equations for position updates depended on combining odometry with 

gyro heading the equations are non-linear and an Extended Kalman filter 

implementation is used [Baumgartner, Eric T., et al, 2001]. The following section 

describes the development of the process and measurement models for the Extended 
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Kalman filter used in this work followed by the Extended Kalman Filter algorithm 

used. 

3.2.1 Process model 

For MotherBot rover the nominal vehicle motion was described by straight drives or 

turn-in-place motions. The position updates of the rover are given by: 
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Where x and y represent the rover position and ψψψψ  is the heading or Yaw angle 

referenced to the North aligned frame as shown in figure 3.5. Ru and Lu are the right 

and left wheel incremental distances, respectively. To account for errors in odometry 

a zero white Gaussian noise w  is added to both x and y position and incremental 

wheel distance u. 

 

 

Figure 3.5 The rover coordinate frame. 
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and Pitch angles are specified relative to the local gravity vector about the rover’s 

local X and Y coordinate frame axis, respectively.  
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Where, ( )w k the process noise is assumed to be a random process that captures the 

process uncertainty due to noise. Hence the state vector is given as: 

 [ ]TX x y u ψ ϕ φ=  (3.4) 

The function (.)f giving the updated states at time step (k+1) from time step (k) can 

be written as: 
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 (3.5) 

Or, ( 1) ( ( )) ( )X k f X k w k+ = +  (3.6)  

Where ( )w k is the state noise vector presumed to be uncorrelated, zero-mean, and 

Gaussian with a constant variance( )Q k  . The matrix A is the Jacobian matrix of 

partial derivatives of ( ( ), ( ))f X k w k with respect to X, that is 
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Resulting in: 
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3.2.2 Measurement model 

The measurements obtained from the encoders and the IMU were incorporated in the 

measurement model. The measurement vector for Extended Kalman filter is: 

 [ ] TZ u ψ ϕ φ=    (3.9) 

The function (.)h  that gives the measurement vector is: 

 

1

2

3

4

( ) ( )
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   = +
   
   

  

z k u k

z k k
v k

z k k

kz k

 (3.10) 

 

Or ( ( )) ( )Z h x k v k= +  (3.11) 

Where, ( )v k the observation noise vector is presumed uncorrelated, zero-mean, and 

Gaussian with a constant variance( )R k . The matrix H is the Jacobian matrix of 

partial derivatives of ( ( ), ( ))h X k v k with respect to X, that is, 

 [ ]
[ ]

[ ]
, ( ( ))

i

i j
j

h
H x k

X

∂
=

∂
 (3.12) 

The Jacobian is used if the measurement model has non linearity but since there is a 

direct mapping in our measurements and related states , H becomes: 

 

0 010 0 0

0 0 0 0 0
H

      
    1   =
 0 0 0 0 1 0
 0 0 0 0 0 1  

 (3.13) 

3.2.3 Extended Kalman filter algorithm 

Step 1: Define process noise covariance matrix ( )Q k  and measurement noise 

covariance matrix ( )R k . Both of these matrices are assumed to be diagonal matrices 

and qualitatively represent the confidence placed in the estimated process states and 

measurements respectively. 

 ( ) x y uQ k diag Q Q Q Q Q Qψ ϕ φ =              (3.14) 

 ( ) uR k diag R R R Rψ ϕ φ =          (3.15) 
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Step 2: Initialize the state vector X with the first measurements and the estimation 

error covariance matrix P with the measurement noise covariance matrixR . That is 

 0 0 0 0 0[ 0 0 (1) (2) (3) (4) ]TX Z Z Z Z  =              (3.16) 

 0 [0 0 ]ψ ϕ φ=             uP diag R R R R  (3.17) 

Step 3: Estimate the a priori states X − and estimation error covariance matrixP−  

based on following equation: 

 0( ( ))X f X k− =  (3.18) 

 0
TP AP A Q− = +  (3.19) 

Step 4: Calculate the Kalman Gain: 

 1( )T TK P H HP H R− − − = +  (3.20) 

Step 5: Update the measurements, giving the a posteriori estimates: 

 (1 )P KH P+ −= −  (3.21) 

 ( )X X K Z HX+ − −= + −  (3.22) 

Step 6: Continue with Step 2 using the new P and X values and repeat for every new 

measurement. 

3.2.4 Q and R matrices and filter tuning 

The accuracy and response of Kalman filter depends on its covariance matrices. The 

process of finding their values to get optimal results is tuning of the filter and entails a 

delicate adjustment of the Q and R matrices values.  

 

The process model noise or state covariance matrix Q provides the statistical 

description of the process model error. Ideally, if all the error sources are taken care 

of it is supposed to represent the magnitude of a white noise sequence. However there 

are many non-white error sources like dependence on temperature, scale factors, 

slippage etc. which are not easy to model and have not been modeled in this work.  A 

simpler approach in this case which works almost as good [R.G. Brown and P.C. 

Hwang, 1992], is just to ignore these models and bump up the Q and R matrices. This 

technique is applied here and bumping up is done in a very crude way. Initial state of 

the Q matrix has been based on maximum errors expected in states and later is 

adjusted by tuning procedure explained later in this section: 

 2 2 2 2 2[(0.1 ) ) 0.01 ) 0.01 ) 0.01 ) ]Q diag cm cm cm2=   )   (0.1    (0.1    ( °    ( °    ( °  (3.23) 
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The measurement noise covariance matrix R represents the statistical description of 

the measurement noise. Since measurements are available it is possible to obtain the 

measurement noise characteristics at least for IMU by observing the data in stationary 

state. For Incremental distance the value is obtained from the odometry calibration 

runs. These give the initial values which later are adjusted according to the tuning 

conditions. 

 2 2 2[(0.06 ) 0.07 ) 0.08 ) 0.09 ) ]R diag cm=     ( °   ( °   ( °   (3.24) 

For the filter tuning process two matrices called innovation matrices are recorded for 

each iteration. These are defined as: 

 1 ( )TInnovation HP H R− = +  (3.25) 

 2 ( )( )TInnovation Z HX Z HX− −= − −  (3.26) 

After each run of EKF algorithm these Innovation matrices are examined, and Q and 

R matrices are adjusted according to the following conditions: 

 { }First Condition : 2R E Innovation       <  (3.27) 

 1where, 2
n

i
i

E Innovationn =  ∑  (3.28) 

 { }Second Condition : 1 2Innovation E Innovation ≈  (3.29) 

Only the diagonal terms of the innovation matrices are compared with each other. The 

values of innovation matrices may change from reading to reading. Hence, mean of 

five to ten readings (n=5 to 10) of Innovation2is taken when comparing the values. 

The mean values are then compared to the corresponding R values and first condition 

is applied. Once R value is obtained then Innovation1 is dependent on both R and Q 

and by applying second condition a guess of Q value can be obtained. Several 

adjustment cycles are run in this way until the EKF converges. Once it converges then 

suitable changes can be done according to the requirements. 

3.3 Software Implementation 

The algorithm was implemented in Matlab environment. The flowchart in figure 3.6 

shows the order of processing steps with their corresponding function names.  
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Figure 3.6 Flowchart of software implementation 

 

Both IMU and encoder are read through RS232 port of the laptop. Initialization block 

sets up the connection parameters for these ports and opens the serial connections. 

Timer function initializes a timer in Matlab that calls the mainfunction.m at every 

sampling period Ts of 0.25 seconds. Since, the encoder circuit is capable of maximum 

frequency of 4Hz the timer is basically programmed to run after every 0.25 seconds. 
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If at any step the calculations are not done within sampling period it gives an error. 

Also no time stamps are maintained but readings are evaluated as they come. 

 

mainfunction.m manages all other functions. It is where all variables are maintained 

and updated. First it calls the read_sensor function to get the sensor readings. 

read_sensor function sends interrupts to both IMU and encoder reading circuit and 

reads the current values from both. Then it converts it into suitable format and returns 

the encoder values and IMU values to the mainfunction in the form of a matrix. The 

read_sensor also checks if all the sensor data has been read, and if any sensor 

couldn’t be read it sends back the command to the timer function for next try and 

increments a counter. If the sensors couldn’t be read five consecutive times it would 

display an error function and stop the algorithm. At this stage the user would know 

that there is some problem with sensor communication and can troubleshoot it. If it 

can read the sensors within five tries it sets the counter back to zero and returns the 

readings to the mainfunction. 

 

Once mainfunction has got the sensor readings it sends the encoder data to odometry 

function to get the incremental distance traveled by the rover in the given time 

interval. Then the mainfunction has all state variables and it checks if it’s the first 

iteration. If yes it initializes the Kalman filter by providing it with the initial P and 

state vector values. 

 

After Kalman filter is initialized the mainfunction runs single Extended Kalman filter 

iteration by calling the EKF function. EKF returns the filtered values to the main 

function. mainfunction after receiving the Kalman filter values calls the plot function 

that plots the data real time and also stores it on the computer for further analysis. 

Once all the data has been processed, mainfunction sends a command to the timer 

function to continue the next cycle. 
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Chapter 4  

 Results and Analysis 

This chapter presents the results from odometry calibration and EKF based state 

estimation algorithm. Before proper results could be achieved a lot of test runs had to 

be carried out. The data was collected from these test runs of the rover and processed 

later offline to tune the EKF. After tuning the EKF final tests were done to see the 

real time performance of the system. This section documents the real time EKF 

performance over even surfaces. 

4.1 Odometry Calibration 

To correct the systematic errors of odometry UBM mark technique [J. Borenstein and 

L. Feng, 1994] was tried. But the problem with manual control of rover was that at no 

two times the turn angle could be repeated. Moreover with tracked driven tank style 

rover it was found that the turn at point was not perfect and there is always some 

displacement associated with turns. In these circumstances a simple technique was 

used to calibrate the odometry. Two sketch markers were mounted on each side of the 

rover and rover was driven in a straight line and encoder ticks were recorded. The 

marked lines were measured with a measuring tape and ticks/cm for both tracks were 

calculated. The encoder pulses were read at 4 Hz. 

 

Table 4.1 shows the results obtained. Its quite obvious from the results that right 

wheel traveled more distance than the left wheel making the rover go in a very slight 

arc.  The arc radius was also not fixed and was found to depend on the battery power, 

surface texture and distance traveled. 
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Table 4.1 Odometry calibration results 

Left  track Right track  

Runs Encoder/Ticks Distance Ticks/cm Encoder/Ticks Distance Ticks/cm 

1 2072 280.3 7.3921 2098 282.1 7.4371 

2 2932 397.2 7.3817 2965 398.2 7.4462 

3 1923 260.4 7.3848 1946 261.6 7.4388 

4 2050 277.8 7.3794 2085 280.3 7.4385 

5 629 85.2 7.3826 643 86.4 7.4421 

 

A large number of readings were taken and average ticks/cm was calculated for each 

track. It was found to be 7.3821 ticks/cm for left track and 7.4125 ticks/cm for right 

track. Using these values the average distance from the left and right ticks was 

calculated to get the theoretical distance traveled by rover. More runs were carried out 

and distance obtained from this technique was compared to actual distance traveled 

by the rover. The ground truth was obtained by mounting a marker in the centre of 

rover and measuring the marks with measuring tape. Figure 4.1 shows the errors 

obtained as a percentage of the distance traveled 

 

Figure 4.1 Odometry errors in distance calculation. 
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The errors are random but not substantial. These results can be further used in 

Kalman filter to obtain better estimates for distance traveled. The real problem with 

odometry came when calculating distance during point turns. First of all to get the 

ground truth was difficult secondly as the rover skid steers it was overestimating the 

distance traveled during turning. These errors were random and can not be calibrated. 

For heading change odometry was not found to be of any use. Even after several 

calibration attempts the results were found to show very high value of errors within 

few turns. Errors were also highly dependent on the surface.  

 

Figure 4.2 shows the errors observed with odometry based heading calculation and 

true angle change on a smooth tiled floor. The rover made six turns of different angles 

in the run and odometry heading angle sustained an error of more than 50 degrees. 

After several runs it was decided not to use angle heading from odometry in any 

algorithm. 

 

Figure 4.2 Heading errors in odometry. 

4.2 Attitude Tracking 

As discussed before heading plays a very important role in dead reckoning and even a 

small error in heading can lead to a large position error within a short time. No dead 
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reckoning technique is perfect and they all accumulate error but reducing the error in 

heading greatly improves the performance of dead reckoning. This is where the EKF 

plays an important role. During the tuning phase it was observed that the filter 

performance was getting highly degraded for any maneuvers bringing a substantial 

change in attitude. The filter performed nicely for straight runs where attitude was not 

changing much but as soon as the rover had a substantial change in its readings of 

Roll, Yaw or Pitch the estimates from EKF diverged. This was observed to be 

because of low sampling frequency of 4Hz, the change in reading for such maneuvers 

brought a big change in readings within each sampling period. To account for this 

separate error covariance matrices were defined for such maneuvers and tuned 

separately. The tuning technique described in section 3.2.4 showed fast convergence 

and EKF tuning became a much organized task rather than just hit and trial. 

4.2.1 Initialization 

It was initially planned to use the magnetometer reading to obtain Yaw imitating a 

Sun sensor and accelerometer data to get the starting Roll and Pitch. But the 

performance of these measurements with IMU used in this work was found to be 

highly unstable and later it was decided to initialize the system with the gyro 

stabilized values of Yaw, Roll and Pitch directly observed from IMU. These values in 

themselves have some starting errors and these were included in the initial error 

covariance matrix P for initialization. Figure 4.3 shows the performance of the EKF 

in filtering out the noise from the attitude data while rover is still in stationary stage.  

 

Figure 4.3 EKF on stationary IMU data. 
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The main aim in filtering out the IMU reading was to suppress the noise from IMU 

data. This data sometimes also showed some random drift which maybe due to 

surrounding magnetic fields or due to the fact that IMU is not calibrated for 

temperature changes. The whole aim was to reduce these deviations to fall within the 

acceptable limit of 0.05 degrees after filtering. As can be seen from Figure 4.3, EKF 

greatly reduces the noise in the attitude data but still we can see traces of deviation in 

the Roll data. These deviations were hard to get rid of but still the EKF managed to 

keep them within limits. 

4.2.2 Roll Measurements 

Once the system was initialized the systems performance was checked on tracking the 

changes in its attitude. For Roll measurements a block of wood with a height of 5cm 

was placed in the path of one of the tracks and Roll tracking of the system was 

analyzed. Figure 4.4 shows the results. 

 

Figure 4.4 EKF on Roll data from IMU. 

The rover climbed the block at around 150 time index and was on it till around 475 

time index and then returned back to the ground. The initial Roll is due to the uneven 

surface as tests were done outside in a parking space. EKF filtered out the noise from 

straight drive and actively followed the change in Roll and smoothed out any initial 

disturbances that might have been introduced due to bumping. The accuracy of the 
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raw data was about 1.6% and with noise kept getting changed while EKF gave an 

accuracy of 0.8% which was fairly accurate. 

4.2.3 Pitch Measurements 

Similarly to check for the Pitch a ramp was constructed and rover was driven over the 

ramp. made to stop at the top of ramp for some time and then brought back down the 

same side. Figure 4.5 shows the Pitch tracking by the IMU and EKF. EKF accuracy in 

this case is about 0.7% where as raw data has accuracy of about 1.5% and with too 

much noise to accurately predict it. The bumps could be seen on both sides when the 

rover struck the ramp and got down. These could be related to the rover’s tread 

wheels contact surface area being large and horizontal; it could not smoothly follow 

the slope unless whole rover was on the slope itself. 

 

 

Figure 4.5 EKF on Pitch measurements. 

4.2.4 Yaw Measurements 

To check the Yaw angle a few test runs were done to track the heading accuracy of 

the IMU and EKF.  The heading measurements were found to be quite accurate from 

the IMU. EKF filtered out the noise and further increased the accuracy. The accuracy 

of EKF was found to be 0.2% whereas raw data was about 0.9%. The accuracy 
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though slightly better surely effects the position tracking in long run. Figure 4.6 

shows the plot of the heading change by both EKF and Raw IMU data.  

 

Figure 4.6 EKF on Heading/Yaw data. 

4.3 Position Tracking 

The Position tracking involved combining the odometry data and IMU heading 

information through the EKF developed in section 3.2. This was the most difficult 

system to tune as the X-Y positions are just estimated through the model and no direct 

measurements are available to correct for it. It required delicate tuning to get proper 

results otherwise the EKF was found to diverge easily. Another major concern with 

position tracking algorithm was to get the ground truth. It’s difficult to mark the path 

of rover in an outdoor environment and again marker was used on rover to mark the 

path taken but its performance was not very good and only an intermittent outline 

could be obtained due to uneven surface. The ground truth was then obtained by 

measuring the marker length by measuring tape. 

 

 The problem with MotherBot is that being a track rover it has a high contact area 

with ground and turning is not smooth. As such the rover is supposed to do point 

turns, but due to large contact area of wheels and manual switching of motors, it tends 

to skid while turning and generally the position estimates from encoders are slightly 
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more than the truth value. To account for this the EKF was designed to suppress the 

distance readings during turn phases. The turn phases are identified by change in 

Yaw/heading angles from the IMU data, and as before separate values of error 

covariance matrices are used for distance measurements during turn phase. But for 

straight drives the distance estimates are within 0.1% of distance traveled for a 

distance of about 10 meters. Figure 4.7 shows a straight run of about 5 meters and the 

EKF position estimate. 

 

Figure 4.7 Localization of rover in X-Y plane for straight drive 

As can be observed from the plot, even for straight drives there is a change in heading 

of the rover due to unbalanced wheels. The ground truth was obtained from 

measuring change in heading and distance traveled using measurement tapes. Table 

4.2 gives the error in position for 5 straight runs, where error is defined as: 

 

Actual Final Position Estimated Final Position
Error

Total Distance Travelled
   −    = 
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Table 4.2 Errors in position calculation 

Runs Raw Fusion EKF based Fusion 

1 0.04% - 0.01% 

2 0.08%  0.026% 

3 0.12%  0.071% 

4 0.094% -0.024 % 

5 0.072% -0.019% 

 

Results showed that for straight drives even the fusion of raw odometry and  heading 

data was pretty accurate and EKF did not improves the accuracy a lot and tends to 

overestimate the values at times but still the error is still less compared to normal 

fusion. The real test of EKF came when trajectory involved turning maneuvers. 

Figure 4.7 shows the results of a drive involving four turns and the performance of 

EKF compared to raw fusion. 

 

Figure 4.7 Localization of rover in X-Y plane for multi-turn drive 

Here the performance of filter in suppressing distance during turns can be observed 

clearly. At each turn the EKF suppressed the distance measurement which translated 
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into an x-y position change as compared to the raw data. From the lines being parallel 

almost it can be observed that this change is not as much a heading change as it’s a 

change in distance. Figure 4.8 shows the errors in X and Y axis between the EKF 

estimated position and normal fusion. 

 

Figure 4.8 X and Y position errors between EKF and Raw fusion algorithms 

As can be seen, errors are quite constant for straight runs but change significantly 

after every turn. Table 4.3 gives the errors in position estimation from both EKF and 

Raw fusion for 5 such runs ranging within 15-20 meters. 

 

Table 4.3 Error comparison between Normal and EKF based fusion 

Runs Raw Fusion  EKF based Fusion 

1 7.1 % 2.2 % 

2 5.9 % 1.6 % 

3 8.1 % 2.7 % 

4 7.5 % 2.9 % 

5 6.1 % 1.8 % 
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Chapter 5  

 Conclusions and Future Work 

5.1 Conclusions 

State estimation is a critical part of navigation system for any autonomous rover. 

Autonomy level of a rover defines how much can be achieved from a mission. For 

rovers to be used for planetary exploration missions it becomes far more critical as 

long time delays make tele-operation very slow. With mission goals becoming more 

and more ambitious, rovers require higher autonomy and demands on state estimation 

increase proportionally.  

 

The aim of this thesis was to develop a state estimation system for a planetary rover 

Marsokhod used for space research by TKK automation Lab. Based on a literature 

review of the current state estimation techniques a basic framework for state 

estimation using Extended Kalman filter based fusion of odometry and attitude data 

from IMU was proposed. Due to unfortunate unavailability of Marsokhod rover for 

physical testing the scheme was adapted to another rover, MotherBot, which is a track 

driven tank style rover using skid steering.  

 

Odometry was implemented using incremental optical encoders on driving shafts of 

the tracks. During odometry calibration it was found that heading information from 

the skid steered vehicle had too high error ranges, amounting to more than 50 degrees 

within few turns. Distance calibration of rover was within 0.1% of distance traveled 

for straight drives. Extended Kalman filter was implemented with suitable process 

and measurement models. Several runs were done to collect the data and then used for 
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EKF tuning. The major problem with IMU data was the noise factor and EKF was 

shown to effectively clear the noise factor. During tuning of Extended Kalman filter it 

was also observed that because of low frequency (4 MHz) of sampling, during 

attitude maneuvers, the readings changed substantially within one sample time and 

EKF diverged. To account for this separate error covariance matrices were specified 

for maneuvers. With this implementation EKF could track attitude more accurately. 

Errors in attitude tracking were found to be within 1% as compared to errors of about 

2% without EKF. Position tracking had some serious problems owing to skid steering. 

The rover was found to show lateral displacement also when doing point turns and 

odometry was overestimating this displacement due to skidding that is inherent in 

track wheel rovers. To account for this EKF was tuned to suppress the distance during 

turning modes and with this technique the errors were found to reduce from up to 8% 

for simple odometry and heading fusion to within 3% with EKF based fusion.  

 

Long and uneven surfaces runs were not able to be analyzed due to hardware 

limitations. The rover had no on-board computer and a laptop was mounted on the 

rover to run the algorithms. This limited the scope of testing to only even surfaces as 

rough terrain testing would not be safe for the laptop. Also during outdoor testing it 

was difficult to obtain the ground truth as markers work only on even surfaces. 

Moreover, for long and straight runs, the rover instead of heading straight moves in a 

slight curved path due to difference in tracks as observed during odometry calibration. 

Hence, it becomes difficult to get ground truth without knowing the exact radius of 

the curve the rover actually took. Nevertheless, these tests showed the feasibility of 

the technique both in estimating attitude and position. 

 

The technique has its limitations for slip prone areas and error accumulation with 

distance and time. But still it gives a very simplistic, energy efficient and robust 

scheme which can be further enhanced by installing more sensors. 

5.2 Future Work 

Since State estimation technique was supposed to be designed for Marsokhod rover 

but tested on MotherBot rover. Hence, we divide this section into two parts. First part 
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gives future work in perspective of MotherBot rover and second part gives future 

work in perspective of Marsokhod rover. 

 

5.2.1 MotherBot rover 

The first task for this rover is to get an onboard computer and proper speed control 

mechanism. With manual control the speed is very much dependent on battery power 

and only point turns are possible which lead to excessive skidding in rough surfaces 

corrupting odometry data. With these implemented, the rover’s performance would be 

evaluated more thoroughly. As of now, with manual operation and no speed control it 

is hard to test the rover under different conditions. Also for outdoor testing it is 

advisable to have some better way of getting ground truth as marking the surface 

during run is not a very accurate method. MotherBot Rover being track wheel rover 

has serious limitations with respect to its odometry. It will be far better to have some 

other method used for displacement calculation for it. [Fan Z., 1995] talks about 

encoder trailer being used for tracked rovers that showed substantial increase in the 

efficiency of odometry. Other methods based on vision-based sensors can also be 

experimented with. But since it is supposed to be used for Earth based operations 

combining GPS with the technique proposed in this thesis can help in correcting 

odometry data.  

5.2.2 Marsokhod rover 

The current technique was supposed to be implemented on Marsokhod. But due to its 

unavailability the system was tested on MotherBot rover. MotherBot rover and 

Marsokhod have different locomotion systems. To modify this technique back for 

Marsokhod, the process model in EKF would have to be modified with position 

update equations for Marsokhod dynamics. But Marsokhod, being a wheeled rover, 

would have a far better accuracy for its odometry and this should further increase the 

performance of system. Also Marsokhod is equipped with on-board computer and 

speed control mechanisms so it would be much easier to test the rover for different 

kinds of terrains and a thorough analysis of the proposed technique can be done. As 

this technique could not detect slippage it is also advisable to have some vision based 

technique that can be implemented to compensate for odometry limitations in slip 

prone areas. 
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 Appendix A 
 

 

3DM-G Specifications 

 

Orientation Range  360 degrees full scale (FS), all axes (Matrix, 
Quaternion modes) 

 
Angular Velocity Range   +/-300 degrees/second (max) 
 
Orientation Angle Resolution  <0.1 degrees (angle resolution specifications taken 

at most aggressive filter setting) 
 
Temperature Drift single axis +/0.025%/degrees Celsius 
 
Nonlinearity     0.23% full scale (tested in static conditions) 
 
Repeatability     0.10 degrees 
 
Accuracy  +/-5 degrees typical for an arbitrary angular 

orientation  
 
Sensor Range Gyros    +/-300 degrees/second FS (full scale) 
 
Accelerometers    +/- 2 G's FS 
 
Magnetometers    +/-1 Gauss FS 
 
Digital Outputs  RS-232 /RS-485 
 
Supply Voltage    5.2 VDC min   12 VDC max 
 


