
MCG 2016 – 5
th
 International Conference on Machine Control & Guidance 

“Facing complex outdoor challenges by inter-disciplinary research” 
Vichy, France, October 5-6

th
, 2016  

 

In-Field Calibrated Odometry for Skid-Steered Mobile Robots 

 

Tomas Thalmann1, Hans Neuner1 
1Research Group Engineering Geodesy, Department of Geodesy and Geoinformation 

TU Wien, Gußhausstraße 27-29/E120-5, 1040 Vienna, Austria 

tomas.thalmann@geo.tuwien.ac.at 

Keywords: Unmanned Ground Vehicles, Odometry, Extended Kalman Filter, Slip Coefficients 

Abstract: This study aims to improve the accuracy of the proprietary navigation solution of the used SSMR computed 

by plain odometry without additional sensors. An improved navigation solution which comprises two steps 

is proposed: first, several parametrization methods of the system state to improve filter performance, e.g. by 

providing better possibilities for filter tuning, are discussed. Secondly, the additional benefit of estimating 

slip coefficients using positioning techniques is assessed. In the last part a two-step in-field calibration 

routine is proposed and it is subsequently shown that external positioning support at the accuracy level of 

the navigation solution needs to be available only in a limited area (segment) of the trajectory. Experimental 

evaluation showed between 50% and 82% improvement in maximum positional error with respect to the 

basic odometry model.  

1 INTRODUCTION 

Unmanned ground vehicles (UGVs) have gained 

more attention in the last few years for several 

applications, especially for Mobile Mapping 

applications. Compared to the very popular 

unmanned aerial vehicles (UAVs) those UGVs have 

some advantages, e.g. in legal restrictions or in areas 

with limited space for movements. Examples of 

applications are every kind of Indoor Mapping (e.g. 

for Building Information Modeling (BIM)), in mine 

and drilling applications, tube inspection or in 

forestry, when mapping trees. Depending on the 

requirements of the mapping tasks it is necessary to 

determine the trajectory with the standard deviation 

of few centimeters. Skid-steered mobile robots 

(SSMRs) fit very well for such applications due to 

their robust mechanical structure and high 

maneuverability. In addition, wheel encoders are 

inherent sensors on SSMRs and are especially useful 

in restricted or limited areas, since sensor data is 

available independently of exterior influences. Such 

encoders can be used in odometry and sensor fusion 

for localization and navigation of these mobile 

robots. 

Skid-steered vehicles can be characterized by 

two features (Siegwart et. al, 2011): (1) steering is 

done by differentially driving wheel pairs on each 

side of the robot, since they have no controllable 

axis (Dudzinski, 1987). (2) All wheels remain 

parallel to the longitudinal axis of the vehicle, what 

leads to high maneuverability including zero-radius 

turning using a simple and robust mechanical 

structure. (Shamah et. al, 2001; Mandow et. al, 

2007). Due to the similar steering design, of wheeled 

and tracked skid-steered vehicles many properties 

hold true for both. Furthermore many methods of 

modelling tracked vehicles can be utilized for skid-

steered wheeled robots (Mandow et. al, 2007; Yi et. 

al, 2007; Yu et. al, 2010).  

One of the drawbacks of skid-steered vehicles is 

the high power consumptions during maneuvre 

(Shamah et. al, 2001). Furthermore, this locomotion 

scheme requires skidding to change the robot’s 

orientation. Thus, the complex interaction between 

ground and wheels (or tracks) plays an important 

role in controlling and locating SSMRs. Wheel 

skidding (lateral) and slipping (longitudinal) needs 

to be considered within a high range of velocities 

and acclerations compared to other vehicle types, 

where such phenomenon usually appear only for 

higher linear and angular velocities (Kozlowski & 

Pazderski, 2006). Thus, conventional odometry 

models with pure rolling and no-slip assumptions 

considered in standard kinematic models do not 
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apply in this case (Mandow et. al, 2007; Yi et. al, 

2007). 

Two basic approaches are found in literature to 

address skidding and slipping: (1) dynamic 

modelling of the SSMR, and (2) extending/adjusting 

kinematic models to consider skidding. Dynamic 

models can be found in (Kozlowski & Pazderski, 

2006), (Yi et. al, 2007) or (Yu et. al, 2010). 

However, all of them state, that it is quite 

challenging to calculate and mesaure SSMR 

dynamics because of the complex and varying 

wheel-ground-interactions and over-constrained 

contact. Effects like tire pressure, longitudinal and 

lateral friction coefficients, load distribution and 

slippery slopes have to be considered (Cariou et. al, 

2008). Thus dynamic models are inaccurate and 

unreliable since the forces applied to the robot body 

rely on the terrain and can hardly be determined 

under real conditions (Anousaki & Kyriakopoulos, 

2004; Yi et. al, 2007). This is why we focus on 

extended kinematic models in this study.  

The second group of approaches extends the 

basic kinematic model (Wong, 2001) with additional 

slippage parameters, see (Endo et. al, 2007), 

(Mandow et. al, 2007), (Nagatani et. al, 2008) or 

(Reinstein et. al, 2013). A different kinematic 

approach can be found in (Anousaki & 

Kyriakopoulos, 2004). They propose an 

experimental model based on a terrain dependant 

matrix A  that describes the linear relationship 

between the side-velocities and the actual state of 

the robot. Except for (Mandow et. al, 2007) which 

uses genetic algorithms to estimate the kinematic 

parameters, all other mentioned studies use linear 

regression in combination with offline calibration 

data for parameter identification.  

This paper presents further work on these 

experimental kinematic methods for wheeled skid-

steered vehicles. Several models are formulated to 

be used in an Extended Kalman Filter (EKF) to 

address two major improvements compared to 

existing approaches: 

 Integration of odometry with additional 

positioning techniques on observation level. 

 In-Field online system identification (e.g. 

estimation of slippage coefficients) with the 

help of additional positioning techniques. 

Further contributions of this paper are: 

 A kinematic analysis of the SSMR, as well as 

evaluation of the standard odometry model. 

 Comparison of the commonly used linear 

odometry model with an arc-based model. 

 Investigations of several state-parametrizations 

and observation models for wheel encoders 

and their influence on filter performance and 

stability. 

 A two phase algorithm is proposed for a better 

usage of odometry data. The first phase (the in-

situ calibration phase) is used to determine slip 

coefficients while external positioning data is 

avialable. In the second phase an autonomous 

drive without external support, but using the 

identified system parameters is carried out. 

Thus, improving the standalone odometry 

navigation solution. 

Following this introduction, section 2 describes 

the basic kinematic models of this work and a 

modified kinematic model. In section 3 the in-field 

calibration routine is proposed and we subsequently 

describe the experiments and results of the evaluated 

odometry models. Finally section 4 is devoted to 

conclusions and future work. 

2 KINEMATIC MODELLING 

2.1 Basic Model 

The basic odometry model was originally designed 

to fit tracked vehicles or ideal differential drives (a 

single pair of rolling wheels) and can be found upon 

others in (Wong, 2001). The equivalence of four 

wheel SSMRs and differential drives is shown in 

(Mandow, 2007) and if it is presumed, that both 

wheels on one side are programmatically or 

physically coupled, it can be stated, that the 

geometry is also equivalent with tracked vehicles.  

The discrete odometry difference equations are 

listed in equations (1), where x  and y  describe 

the change in navigation coordinates and   

denotes the heading change between two 

measurement epochs. The system state of the SSMR 

is defined by the coordinates x  and y  and the 

heading  . 
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The geometry is shown in figure 1. B stands for 

the track width;  ,XL L

k
Y  defines the body 

coordinate frame at the timestamp k ;  ,l r k
v v  are the 
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side velocities left and right; M  denotes the center 

of rotation and  
1

,s
k




  are change in heading and 

covered distance respectively between epochs k  and 

1k  . 

 

 

Figure 1: Geometry of the basic kinematic model based on 

(Wong, 2001). 

It can be seen from figure 1, that the movement 

during timespan 1k kt t t    is approximated by a 

straight line. Whatsmore velocities are considered 

constant within t . With equations (1) the kinematic 

system model is defined as a function of the 

parameters  ,l r k
v v . As a consequence the system 

noise is modelled as disturbance accelerations 

 ,l r k
a a . 

The described odometry model is the basis for 

the modifications/extensions done by (Endo et. al, 

2007) and (Nagatani et. al, 2008), which proposed 

and modified the concept of slip ratios; as well as 

(Mandow et. al, 2007), who used genetic algorithms 

to estimate kinematic correction factor. (Reinstein 

et. al, 2013) trained a linear regression function with 

the help of IMU observations. Bacause of the 

tangential polygonal approximation of the trajectory 

we decided to investigate another movement model 

and adopt it to be used in odometry. 

2.2 Arc Model 

The following model describes the trajectory as a 

series of arcs and was used by (Aussems, 1999) and 

(Eichhorn, 2004). Between consecutive arcs, 

common tangents are presumed to ensure a 

continuous heading. In figure 2 the assumed 

movement between two epochs kt  and 1kt   is shown. 

 

 

Figure 2: Geometry of the basic kinematic model based on 

(Aussems, 1999). 1kb   denotes the covered arclength. 

The following equations of the arc model can be 

derived. 
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The geometrical properties of this model result in 

an additional lateral change in the body coordinate 

frame. Despite the geometrical difference this model 

also utilizes a different set of parameters kv  and k  

(translational and rotational velocity), which 

correspond to classical steering systems with a 

steerable axis.  

With the following substitutions (equations (3)) 

the model can be easily adopted to be used with skid 

steered vehicles. 
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One of the big drawbacks of this arc model for 

SSMRs arises from the fact, that it leads to a 

division by zero error or bad numerical conditions in 

case of nearly straight movement ( , ,l k r kv v ). As a 

consequence a multiple-model filter would be 

needed since two separate approaches for straight 

line and arc movement are necessary.  

Two variants are possible when using the arc 

model for skid steered vehicles in an EKF: (a) 

substitution from eq. 3 is included in the system 
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equations, or (b) the substitution is done in a pre-

computation step outside the filter (Beetz, 2012). 

The second variant (b) has an important benefit over 

(a): the ability to apply different system noise levels 

on heading change and translational velocity. This is 

relevant, because we have a first order model and 

translational acceleration needs to be modeled as 

system noise. These considerations lead us to an 

alternative odometry model. 

2.3 Alternative Model 

To overcome the need of two filter formulations for 

straight and arc movement a small adjustment of the 

basic model was made. Starting from equations (1), 

again two substitutions shown in equation (4) lead to 

the model equations (5).  
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This way we change the parametrization from 

side velocities to a mean translational velocity ,T kv  

and a velocity difference kv , which can be 

interpreted as a rotational velocity. 
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The geometrical properties are equal to the basic 

model, only the movement parametrization has 

changed, which is highlighted in figure 3.  

 

 

Figure 3: Geometry of the alternative kinematic model. 

The parameters  ,l r k
v v  of the basic model have 

been converted to  , T k
v v . With this it is possible 

to transfer the beneficial filter properties from the 

arc model to the basic odometry model. In the next 

step, the fact that pure rolling and no-slip 

assumptions are not applicable for SSMRs is 

considered.  

2.4 Slip ratio and transfer factor 

The following model modifications are based on the 

the work of (Endo et. al, 2007) and (Nagatani et. al, 

2008) respectively. To reflect the effects of slippage 

discussed in section 1, the kinematic equations (1) 

are adopted to use effective absolute velcoties iv  are 

used. The relation between the theoretical side 

velocities iv  and the effective absolute velocities is 

defined as the slip ratios la  and ra : 
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Substitution of the side velocities in equations 

(1) with the effective absolute side velocity leads to: 
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We suppose, that not only slip is included in such 

factors, but also tire inflation conditions, rolling 

frictions and other fuzzy mechanical issues 

(Mandow, 2007). Therefor we call it transfer factors 

and introduce them as 1i ii a  . As a second 

modification we state that the difference between the 

two factors is of major importance. Thus, one 

transfer factor is set to 1 and the other is defined as 

1 i  . This way we can later reduce the order of the 

filter to improve stability. The adjusted model 

starting from eq. (5) is listed in eq. (8). 
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2.5 Comparison 

Table 1 gives an overview of the discussed 

odometry models. We are going to compare them 

with respect to two main properties: (a) geometry 

and (b) system state representation. 

Table 1: Overview of investigated odometry models. 

model geometry state 

Basic (Wong, 2001) polyg.  , , ,,
T

l rv vx y   

Arc (Aussems, 1999) arcs  , , ,,
T

Tvx y    

Arc Odometry arcs  , , ,,
T

l rv vx y   

Altern. Odometry polyg.  , , ,,
T

Tv vx y    

 

As mentioned before, the polygonal models have 

the disadvantage, that they approximate the 

trajectory by tangents. The length of the tangents ks  

equals the length of the arcs kb . At zero-radius 

turning and straight line motions, the two 

geometrical models are equivalent. The 

approximation error depends on driving velocity, 

curve radius and sampling rate. Figures 4 and 5 

visualize the simulated trajectory error. 

 

 

Figure 4: Influence of the velocity at a curve radius of 5m. 

It is obvious, that the approximation error can be 

reduced with a higher sampling rate. The error 

increases quadratic with the velocity and has an 

indirect proportional relation to the curve radius. It 

can also be seen, that the error is zero, if the velocity 

becomes zero (zero-radius turning) or if the curve 

radius goes to infinity (straight line). For our case 

study of the used robot, which operates at a 

maximum speed of 1m/s and has a sampling rate for 

wheel encoders of 10Hz, the error is limited to a 

maximum of 5cm, which is below the achievable 

accuracy of odometry. Therefore we do not consider 

an arc model at the point. 

 

 

Figure 5: Influence of the curve radius at a velocity of 

0.5m/s. 

Concerning the system state representation we 

were able to transfer the beneficial properties of the 

arc model to the basic polygonal model with a small 

and simple modification. In the next step we applied 

the proposed method of slip coefficients to the new 

model. In this way it is possible to combine the 

benefical filter properties of the arc model with the 

advantages of additional slip parameters proposed 

by (Endo et. al, 2007) and (Nagatani et. al, 2008). 

3 EXPERIMENTS AND RESULTS 

Our experiments were carried out at two different 

locations: in the laboratory as an indoor environment 

and on the rooftop as an example of an outdoor 

environment (see fig. 6). The used SSMR is equiped 

with two optical encoders measuring the wheel 

rotation on both sides of the robot. In this work a 

target tracking tachymeter is used during in-field 

calibration as well as to provide ground truth 

trajectory to assess the experimental results. 

However, this happens not simultaneously. 
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Figure 6: Experiments environment on the rooftop. 

To analyze the kinematic behaviour of the SSMR 

and to demonstrate the efficiency of the proposed 

alternative model, several drives of 6 to 7 minutes 

length have been carried out in both environments. 

Figure 7 shows the designed trajectory consisting of 

straight line parts as well as arcs. 

 

 

Figure 7: Example trajectory. 

One can observe the drift of the standalone basic 

odometry method, due to the measurement 

uncertainty of the wheel encoders and the dead 

reckoning characteristics.  

The rest of this section is organized in two parts: 

first, the basic odometry model (sec. 2.1) is 

compared with the alternative model (sec. 2.3) 

without any tachymetry support. Secondly, the two 

phase calibration algorithm using the extended 

alternative model (sec. 2.4) is investigated. 

3.1 Alternative Odometry Model 

Figures 8 to 10 show an examplary straight line part 

of the trajectory. In several situations the same 

phenomenon (e.g. identical measurements at 

consecutive epochs, subsequently considered as an 

outlier) could be observed during acceleration phase. 

It seems that there are some sampling or 

synchronization problems (see orange highlighting 

in fig. 8) in the encoder observation data, which 

cause instabilities in the heading.  

 

 

Figure 8: Measured and estimated left side velocity lv . 

As the state of the kinematic odometry model 

includes position and velocity the system noise is 

modelled as disturbance accelerations  ,l r k
a a . 

Thus, in case of constant velocity movement (see 

fig. 9, seconds 4 to 12), practically no smoothing is 

applied on the measured side velocities and on the 

velocity difference which is responsible for heading 

changes. During vehicle acceleration (see fig. 8 and 

9, seconds 2 to 4) some measurement epochs are 

discarded based on the compatibility test which is 

described in the following sections. 

 

 

Figure 9: Measured and estimated velocity difference v . 

From figure 9 it is obvious, that the mentioned 

outlier should be easily detectable on a velocity 

difference level. The related compatibility test 

statistics kT  are shown in figure 10.  
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Figure 10: Test statistic for the compatibility test. 

The compatibility test used is based on system 

innovation kd . If the the observations are compatible 

with the system model the hypotheses about kd  are: 
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Under the assumption that no outliers exist in the 

measurements inappropriate system models can be 

diagnosed. On the other hand, if the state equations 

are assumed to be correct, one can identify possible 

outliers (Wang, 2008). The test statistic is formed by 

the square sum of innovations weighted by the 

inverse of their cofactor matrix kD  

 

 1T

k k k kT  d D d   (10) 

 

and in case of H0 it follows a 2  distribution 

with ,l kn  (the number of measurments at epoch k ) 

degrees of freedom. 

Using the basic model the outliers (highlighted in 

orange in fig. 10) can not be seperated from the 

acceleration phase since the compatibility of the 

modelled and the observed behaviour is already low 

during acceleration. Whatsmore, some of the epochs 

during acceleration are above the threshold, which 

indicates a discrepancy between model and 

observations. In some epochs both encoder 

measurements have low weights compared to the 

system and in some epochs they are both discarded. 

In the alternative odometry model the system 

noise is modelled as a translational acceleration ,w ka  

(of the same magnitude as in the basic model) and a 

rotational acceleration kv . This way, only the 

translational acceleration disturbance parameter 

needs to handle the unmodelled acceleration term. 

Thus, only one observation (the translational 

velocity) has no or limited consistency with the 

system equations during acceleration. In contrast the 

velocity difference measurement gets a higher 

weight and is useful for detecting previously 

mentioned outliers. 

The benefits of the alternative model over the 

basic model are: (a) improved stability in the 

heading parameter due to the seperated disturbance 

parameters and (b) improved outlier detection. 

Anyhow, the filter results still expose a system 

misconfiguration, respectively deviations from the 

ideal odometry model. These observations lead to 

the proposed model including transfer factor 

difference (see sec. 2.4). We developed an in-situ 

calibration approch, where the basic idea is to use 

the tracking support to estimate the additional state 

parameter i  while the robot is in field of view of 

the tachymeter. This corresponds to the calibration 

or system identification phase and is implemented 

by extending the system state vector. Afterwards, in 

cases of loss of tracking, the stand-alone improved 

odometry model can be applied. The system 

parameter i  is supposed to hold several dynamic 

properties of the wheel-ground-interactions like 

skidding or tire inflation conditions. 

3.2 Two phase calibration method 

To demonstrate and evaluate the efficiency of the 

proposed method, one drive per location was used as 

an calibration run, while the others were used to 

verify and evaluate the trajectory result. The 

reproducibility of this estimation process is shown in 

figure 11. All of the independent drives have been 

used to estimate i .  

 

 

Figure 11: Estimated transfer factor difference i . 

From visual inspection one can conclude a good 

reproducibility. The difference of about one order of 

magnitude between laboratory and rooftop is 

supposed to come from the different flooring, 

temperature and possibly tire inflation, since the two 

experiments were also carried out on different days. 

The first drive at each location was chosen to be 

the in-situ calibration run. A loss of tachymeter 

tracking was simulated at randomly choosen time 

windows of specified length ( odot ) from the other 

drives. Within these timespans the trajectory 
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estimation is based only on the encoder observations 

and i  from the calibration run. The trajectory error 

xy  is then calculated as the euclidean distance 

between the tachymeter tracking trajectory and the 

filter result. The window length odot  was chosen 

between 20 and 180s, the process was repeated 40-

times for every window length. The figures 12 and 

13 visualize the results for the maximum trajectory 

error during the standalone odometry pose 

estimation for the two locations. For comparison the 

results for the basic odometry model are also 

included. 

 

 

Figure 12: Maximum trajectory error for different time-

spans of tachymeter tracking loss at the rooftop. 

 

 

Figure 13: Maximum trajectory error for different time-

spans of tachymeter tracking loss at the laboratory. 

The extended model with alternative 

parametrization outperforms the basic model in both 

environments. The improvement of the navigation 

solution increases with the duration without external 

positioning support. While the trajectory error grows 

continuously up to 85cm with the basic model, the 

proposed extended model in combination with a 

preceding calibration run at site is able to reduce 
xy  

to around 15 to 20cm at indoor environments. Also 

the variation of 
xy  could be reduced, which is a 

consequence of the alternative formulation of the 

system noise. This is still true for the rooftop 

location. However, the basic model works not as bad 

as in the laboratory. This is due to the fact, that the 

slippage is reduced at the rough underground, which 

is also deducible from the estimated coefficients in 

figure 11. 

4 CONCLUSION 

In this paper we analyzed several kinematic models 

for skid-steering odometry. Properties like state-

parametrization, system noise modelling and 

geometrical benefits/drawbacks have been 

investigated. It could be shown that an purposed 

alternative parametrization of the movement 

equations has advantegeous influences on the overall 

filter performance and outlier detection in the sense 

of compatibility testing. This holds especially for 

kinematic models of first order.  

In a second step we developed a two-phase 

calibration algorithm. With the help of external 

absolute positioning sensors (e.g. tachymeter 

tracking) an additional system parameter can be 

estimated. This is done in the first phase. The second 

phase describes the navigation solution without any 

support, solely based on odometry (using the wheel 

encoders) and the determined additional system 

parameter. With experiments at two different 

undergrounds representing an indoor as well as an 

outdoor environment, it could be shown, that the 

system parameter absorbes also some physical 

properties of the complex wheel-ground-

interactions. Up to driving durations of 3 minutes (at 

an average travel speed of 0.5m/s this corresponds to 

a distance of 90m) the maximum positional error 

could be reduced to about 20cm. Compared to the 

standard odometry model this is an improvement of 

up to 82%. Furthermore, if standalone positioning at 

a reasonable accuracy level is needed it is crucial to 

consider skidding and slipping in odometry models 

for SSMRs. We showed that it is possible to cover 

dynamics and complex wheel-ground-interactions 

with a simple and small extension of the kinematic 

model. 
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In future we plan to investigate the different 

odometry models in a more theoretical manner, e.g. 

concerning observability of the additional system 

parameter. This way we would like to find optimal 

trajectory designs to improve system identification.  

Another aspect concerns  the real-time 

performance of estimating the transfer factor 

difference i . A real-time estimation will save time 

and effort for the preceeding calibration drive. 

Therefore, it could be rather useful to give guidance 

values of a minimum period needed for online 

system identification (respectively determination of 

i ) in order to enable an odometry-based trajectory 

estimation with a certain accuracy. 

REFERENCES 

Anousaki, G., & Kyriakopoulos, K. J. (2004). A dead-

reckoning scheme for skid-steered vehicles in outdoor 

environments. IEEE International Conference on 

Robotics and Automation, 2004. Proceedings. ICRA 

2004, 1(April), 580–585.  

Aussems, T. (1999). Positionsschätzung von Land-

fahrzeugen mittels KALMAN-Filterung aus Satelliten- 

und Koppelnavigationsbeobachtungen. Geodätisches 

Institut der Rheinisch-Westfälischen Technischen 

Hochschule Aachen. 

Beetz, A. (2012). Ein modulares Simulationskonzept zur 

Evaluierung von Positionssensoren sowie Filter- und 

Regelalgorithmen am Beispiel des automatisierten 

Straßenbaus. Universität Stuttgart. 

Cariou, C., Lenain, R., Thuilot, B., & Berducat, M. 

(2009). Automatic guidance of a four-wheel-steering 

mobile robot for accurate field operations. Journal of 

Field Robotics, 26(6), 504. 

Dudzinski, P. (1987). Konstruktionsmerkmale bei 

Lenksystemen an mobilen Erdbaumaschinen mit 

Reifenfahrwerken. Karlsruher Verlag. 

Eichhorn, A. (2004). Ein Beitrag zur Identifikation von 

dynamischen Strukturmodellen mit Methoden der 

adaptiven K ALMAN -Filterung. Universität Stuttgart. 

Endo, D., Okada, Y., Nagatani, K., & Yoshida, K. (2007). 

Path following control for tracked vehicles based on 

slip-compensating odometry (pp. 2871–2876). IEEE. 

Kozlowski, K., & Pazderski, D. (2006). Practical 

stabilization of a skid-steering mobile robot-A 

kinematic-based approach. In IEEE 3rd International 

Conference on Mechatronics (pp. 519–524). 

Mandow, A., Martinez, J. L., Morales, J., Blanco, J. L., 

Garcia-Cerezo, A., & Gonzalez, J. (2007). 

Experimental kinematics for wheeled skid-steer 

mobile robots (pp. 1222–1227). IEEE. 

Nagatani, K., Tokunaga, N., Okada, Y., & Yoshida, K. 

(2008, October). Continuous acquisition of three-

dimensional environment information for tracked 

vehicles on uneven terrain. In 2008 IEEE 

International Workshop on Safety, Security and 

Rescue Robotics (pp. 25-30). IEEE.  

Reinstein, M., Kubelka, V., & Zimmermann, K. (2013). 

Terrain Adaptive Odometry for Mobile Skid-steer 

Robots, 4706–4711. 

Shamah, B., Wagner, M. D., Moorehead, S., Teza, J., 

Wettergreen, D., & Whittaker, W. L. (2001, October). 

Steering and control of a passively articulated robot. In 

Intelligent Systems and Advanced Manufacturing (pp. 

96-107). International Society for Optics and 

Photonics. 

Siegwart, R., Nourbakhsh, I. R., & Scaramuzza, D. (2011). 

Introduction to autonomous mobile robots. MIT press. 

Wang, J.-G. (2008). Test statistics in Kalman filtering. 

Journal of Global Positioning Systems, 1(13). 

Wong, J. Y. (2001). Theory of ground vehicles, 3rd ed. 

John Wiley & Sons. 

Yi, J., Song, D., Zhang, J., & Goodwin, Z. (2007). 

Adaptive trajectory tracking control of skid-steered 

mobile robots. Proceedings - IEEE International 

Conference on Robotics and Automation, 2605–2610.  

Yu, W., Member, S., Chuy, O. Y., Collins, E. G., Member, 

S., & Hollis, P. (2010). Analysis and Experimental 

Verification for Dynamic Modeling of A Skid-Steered 

Wheeled Vehicle. IEEE Transactions on Robotics, 

26(2), 340–353. 

 

 

 


