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Abstract—In this paper, the platform of a two-wheeled
mobile robot (TWMR) is studied and the bias errors about
postures of TWMR, i.e., effects of skidding and slipping, are
classified and modeling. The data of range sensors are
processed as localization methods to eliminate the external
error which encoder odometry cannot be detected. Two
concepts about localization method fusion and error
elimination architecture are proposed. The first one combines
results of localization methods and determines the best results
based on the performance of localization methods in different
scenarios. The second one contains the former and makes the
posture information more reliable. In addition, the methods
could correct the encoder odometry with the knowledge of
skidding and slipping.

1. INTRODUCTION

W HEELED mobile robots (WMRs), especially
two-wheeled mobile robots (TWMRs), are very
popular platforms in environment exploration and robot
navigation [12: Oriolo et al. 2002]. For both applications, the
sensing information of TWMRs is important for strategic
decision and control. Two kinds of sensors of TWMRs are
classified: odometry sensor for detecting the position of a
robot, and range sensor for detecting obstacles in the
environment. By both kinds of sensors, the information
about robot’s position [1: Siegwart and Nourbakhsh 2004],
[12: Oriolo et al. 2002] and environment are obtained and the
proper control commands are decided according to them.
Therefore, the correctness of sensing data plays an important
role in control strategies. In other words, the control
strategies cannot be proper if the sensing data do not reveal
the truths.

In reality, many kinds of errors exist in the environment.
Some control theories derive the error models and make the
influence of errors decay. For example, if the noise in robot
is the white Gaussian variable with time, the Kalman filter
can be used to eliminate the errors and make the results be
more reliable [3: Gelb 2000]. However, there still exist
biased errors in sensing part that cannot be eliminated just by
the Kalman filter. For example, the slipping of the robot
results in a biased error of robot posture measurement. In

Manuscript received March 10, 2010; revised July 15, 2010. This work
was supported in part by the National Science Council, Taiwan, ROC, under
the grants: NSC 98-2221-E-002-160-MY3, NSC 99-2623-E-002-007-D,
NSC 98-2218-E-002-008, and Ministry of Economic Affairs and Industrial
Technology Research Institute, and Automotive Research & Testing Center,
Taiwan, ROC. The authors are with the Department of Electrical
Engineering, National Taiwan University, Taipei, 10617, Taiwan,
(corresponding author: Feng-Li Lian, phone: 886-2-3366-3606; e-mail:
fengli@ntu.edu.tw).

978-1-4244-6676-4/10/$25.00 ©2010 IEEE

order to solve this problem, the biased errors model should
be defined and a new approach is introduced in this paper to
calibrate the robot kinematic model.

The platform studied in this paper is a two-wheeled
mobile robot with range sensors. Two main sensors are set
up in the robot: odometry sensors and range sensors. The
odometry sensors are encoders of wheels to record degrees
of rotating and translate them to the moving distance. The
range sensors are eight ultrasonic sensors [9: Borenstein &
Koren 1991] and a laser rangefinder. When there is no error
in the ideal case, the sensing information is correct and
helpful to control strategies. In reality, however, errors from
actuating part and sensing part will make the sensing
information differ from real situation.

In the paper, the error classification is established and the
kinematic model of robot with sensor errors is derived.
According to the error model, an error elimination procedure,
which combines the sensor data and control commands, is
applied to correct the sensor data and obtain the right
information about postures and environment. After this
procedure, the odometry data and range sensor are more
reliable.

The main idea of the error elimination procedure is that
two localization methods based on range sensors are defined.
They wuse the environment information and some
assumptions to measure the robot postures. According to the
postures, the transformation from encoder odometry to real
posture is derived. Because two kinds of localization
methods have different performances in different situation, a
concept of localization method fusion [10: Freire et al. 2004]
is described to choose proper results of localization methods.

The error elimination procedure can be used in two
purposes: offline calibration and online error elimination.
The former is based on known environment information and
calibrates the characteristics of sensors and the robot model
after the motion. The latter calibrates the characteristics of
sensors and the robot model when the robot is moving. When
this procedure is used for calibration of robot, the
environment information is assumed to be known. When it is
used for online error elimination, the laser rangefinder is
assumed that it has little error.

This paper has three sections, including the Introduction
section. Section II describes the situation when errors exist.
The errors in Section II are focus on those about robot
posture, such as the errors from skidding and slipping or the
errors from encoder odometry. These errors will cause the
incorrectness of localization and mapping of robot. The
consequences of robot posture when evaluating these errors
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are revealed in Section II. In order to eliminate errors and
obtain reliable odometry results, two methods, called
“DVDL” and “GPDL” which use range sensor data to
correct odometry result are derived in Section III. Section IV
shows experimental results and the analyses of the error

elimination architecture to support the approach in Section II.

The conclusions and the future works are discussed in
Section V.

II. ERROR ANALYSIS OF A WHEELED MOBILE ROBOT
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Figure 1. (a) The system architecture of a wheeled mobile robot. (b) The
modified system architecture to correct the posture error.

Figure 1(a) shows the system architecture of a TWMR
with odometry and range sensors. When the desired control
commands are executed, the wheels of the robot turn and
make the robot moves for a distance in an environment. The
odometry measures the posture of robot according the
encoders of wheels, and some range sensors measure
distances between the robot and obstacles around it. That
information is adopted by the controller for deciding the next
control commands.

In the figure, the interaction paths between blocks are
characterized and defined. The interaction paths are
classified as two categories: x for interactions of hardware
and y for interactions of software.

The latter, like y, for data transportation from the
odometry to the controller, and y, for data transportation
from range sensors to the controller, may have some kinds of
errors. For example, when sensors measure some values and
record them as the digital data, the quantization error
happens. Take another striking example, sometimes the
controller obtain the data labeled time t, but this data are
actually recorded on time t', which is less than t. The

unmatched time may causes error of speed detection or
motion estimation. However, the errors are usually tiny so
they can be ignored.

The analyses about paths labeled x are explained as
follows. The path x; is data transportation about the
interaction between the robot and the environment. Effect of
both skidding and slipping shown in [5: Wang & Chang
2008] belongs to the errors of path x;. In general, the
skidding effect has little influence when the robot does not
turn violently. That means that, when robot moves straight,
the path x; can be evaluated and it only has errors of slipping.

The paths x,; and Xy, are data transportations from the
robot to odometry and from environment information to
range sensors, respectively. The former and the uncertainty
are shown in [6: Martinelli 2002]. Note that the posture
information from the feedback of odometry is incorrect
because the uncertainty from itself and, the most important,
the errors from path x;. Even if the path x,;, form robot to
environment, has no error, the posture information is still
incorrect [8: Borenstein 1998]. In order to obtain more
precise data, a mechanism of odometry calibration by range
sensors is applied. By the data from range sensors and
environment information, the range sensors can be regarded
as an odometry to measure the robot postures.

The encoder odometry can measure the posture directly
and fast, but it cannot detect the error from path x;. Although
the encoder odometry is not aware of the external errors
from path x,, the relationship between detected value from
encoders and real posture can be modeled by the theory,
which is derived in the next section.

In order to correct those posture errors, which the encoder
odometry cannot detect, a modified system architecture is
introduced in Figure 1(b). Localization algorithms, which
apply range sensor data to estimate the robot posture, are
combined with the encoder odometry and the result of the
localization method fusion reveals more precise robot
posture than the encoder odometry.

III. ERROR ELIMINATION APPROACH
A. Dynamic Velocity Detecting Localization (DVDL)

Wall Wall
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Figure 2. Robot with the ultrasonic sensor moving at a corridor.

A new approach of a “Dynamic Velocity Detecting
Localization” or DVDL for short, which estimates postures
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by ultrasonic data, is proposed in this section. In this paper,
the approach is applied when the robot moves along walls or
a corridor. The environment for this approach is shown in
Figure 2. In the beginning, the heading angle of robot is
parallel with corridor. The length d|), detected by the left

side ultrasonic sensor at time f,, is the distance between

robot and wall. When robot moves as a constant velocity pair
(v, @), the detected value d is a function of time t shown
in (1):

d(t) = dy sec(ax — axy) +—[1 — sec(ax — axry)] . (1)
w

The difference between d,, and d () is
dy —d(t) = dy[1 - sec(ar — ary)]—~[1 - sec(ar — ary)]
@ (2)

= (= —dy)[sec(ax —ary)—1]= D(v,w,1)
w

Equation (2) shows that, when the velocity pair (v, @)
are constant, dy —d(¢) is a secant function of ¢ or a zero

function when the robot moves straight. When a(t —1,) is

small, the secant function can be approximated as a time
squared function using the Taylor expansion like (3):
(@)’

2!

sec(ar)—1= {seco+% secOtan 0+ [5603 0-+secO tan? 0]+..}—1

3)
:[1+%(m)2}—1:%(m2
= dy—d) = —dy) L ot-1)1 =2vaxi—1)
2] 2 2

That means that, if the difference of ultrasonic data seems
like a parabola curve, the coefficient of the squared term is
close to half product of linear velocity and angular velocity
of robot.

The above-mentioned approach is based on two important

assumptions: @(f —1,) is so small that the Taylor

expansion can be applied, and known linear velocity V. In
general case, there is a gradient descent method [4: Aarts &
Lenstra 1997] to estimate more proper velocity pairs. First,
(v,, w,) are defined as the linear velocity and angular

velocity, respectively, which are estimated by ultrasonic data.

Second, a function ﬁ(vu,wu,t) is defined as the estimated

values of d, —d(t) based on estimated velocity pair like (4):

DOv,.@,.1) = (CL - dy)[sec(w,t - o,ty) —1] . 4)
a)u

A performance index H is defined to evaluate the
correctness of (v,, @,). The definition of H is shown in

(5):
1 ~
H =EZ(D_D)2 |Samp[etime . ®)

The smaller H is, the greater the estimated performance
will be. Now calculate the gradients of H are shown in (6)
and (7):
oH A 1
= Z(D -D)- w_ [SCC(C()ut - wutO) - 1] lsumpletime ’ (6)

v, 3

u-

oH - -V, _ _
20, —Z(D—D) { wa [sec(a)ut w,ty) 1]+ o

vV
(a)u - 1)[ti sec(wut -1 ) tan(wut -1 )]} |A\'ampl(/tim(/

Finally, (v, , @, ) are adjusted along the inverse direction

of gradients of H , like (8). So that the new H will be
smaller [2: Ioannou & Sun 1996].
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Figure 3. The procedure of the DVDL.

Figure 3 shows the procedure of the DVDL. The
advantages of the DVDL are its short computing time and
the ability of small bias angle detection. Besides, the DVDL
has good performance in the simple environment. However,
when the environment is complicated or the velocities of
robot vary too rapidly. To resolve the problem, another
localization method from range sensor data called
“geometric posture detecting localization” is introduced to
compensate the disadvantages of the DVDL.

B. Iterative Closest Point (ICP) Algorithm and Geometric
Posture Detecting Localization (GPDL)

Iterative closest point, or ICP for short [7: Besl and Mckay
1992], is an algorithm to match two groups of points. The
inputs of the ICP algorithm are a reference point set and an
operated point set. After the ICP algorithm, a rotation matrix
My and a translation matrix My are obtained. The data of the
operated point set approximately match the reference point
set after the operation of My and Mt shown in Figure 4.

In summary, the skidding effect causes a heading angle
shift but does not influence the linear and angular velocities.
The heading angle shift is close to a constant if the linear
velocity and the angular velocity do not vary a lot. Therefore,
the value of heading angle shift should be readjusted when
the desired velocities pair varies violently.
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Figure 4. A schematic diagram of the ICP algorithm. The ICP algorithm
can compute a rotation matrix Mg and a translation matrix Mt to make
the point sets of data 2 match the point sets of data 1.

Four steps of the ICP algorithm are shown in the
following. Firstly, every point in the operated point set
searches the nearest point around it. Secondly, a squared cost
function is used to estimate the performance of the matching.
The parameters of Mg and My are tuning according to the
cost function. Thirdly, the operated point set is transformed
by Mg and My into a new operated point set, which is closer
to reference set than the old one. Finally, iterate the first
three steps until the stop criterion is satisfied. Applying the
ICP algorithm which uses the laser range data and
computing the parameters of transformation, the postures of
the robot are estimated shown in Figure 5. This procedure is
regarded as a localization method called “Geometric Posture
Detecting Localization” or “GPDL” for short. When the
present obstacle information can match with past obstacle
information by the two matrices: Mg and My, the present
posture of the robot is decided by the same matrices.

Laser
Information

Encoder
Information

Corrected
Obstacle
Information

Corrected
Posture
Information

Figure 5. A concept of “Geometric Posture Detecting Localization”
(GPDL) that using ICP method to correct environment information and
posture information.

The GPDL method has high accuracy and good
performance in the complicated environment. However, it
needs huge data and long computing time. Besides, it has

bad performance when the environment patterns are periodic.

Fortunately, the DVDL can compensate these disadvantages.

C. Localization Method Fusion

Figure 6 shows the system architecture after the error

elimination approach. Two main functions of the error
elimination block are established: localization method fusion
and parameter correction. The former is about posture
information collected from three kinds of localization
methods, and evaluating the environment information from
range sensor to choose the dominated localization method.
The latter is about the parameter tuning of transformation
matrix, and sending this corrected information to encoder
odometry to improve ability of encoder odometry. After the
error elimination block, the real posture and real velocities
pair are obtained and can be controlled by adaptive control
laws.

Control Command
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Figure 6. The whole architecture of localization method fusion and error
elimination.

IV. EXPERIMENTAL TEST

iRz
3.888

Figure 7. A design path labeled as dark line in this experiment.
The experimental platform is an indoor environment on
the 6" floor at the MD building in NTU as shown in Figure 7,
and a two-wheeled mobile robot PIONEER 3 with eight
ultrasonic sensors and one laser rangefinder as shown in
Figure 8. Besides, a laser rangefinder SICK LMS100 is set
up on the PIONEER 3. The robot moves at the corridor and
obtains data from encoders, ultrasonic sensors and laser
rangefinder. When the robot posture and obstacle position
from range sensors are drawn, a wrong environment pattern
will reveal that the encoder is incorrect. That is the reason
why the error elimination should be applied. After the
algorithm of error elimination, the corrected robot path and
environment pattern will fit the real environment pattern.
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Figure 8. The picture of PIONEER 3 with the laser rangefinder SICK
LMS100.

In this experiment, the robot moved as the control
commands decided by the user, and the elimination
architecture is operated after the robot moved. The designed
paths shown in Figure 7 are classified as five phases.

In the first phase, the robot faces right and moves straight
as the desired velocity (150 mm/s, O °/s) at a corridor. When
the robot is located at the corner in the second phase, the
robot turns left as the desired velocity (0 mm/s, 20 °/s) for 5
seconds. Although the ideal angle shift is 100°, the real
tuning angle is only about 90° because of skidding and
slipping. When the robot faces up on the map in the third
phase, the desired velocity is the same as that in the first
phase. The fourth phase has the same executive velocity as
the second phase when the robot is located at the corner
again. Finally, the robot faces left and moves as the same
velocity as that in the first phase.

Figure 9(a) shows the actual path and the environment
information and Figure 9(b) shows the uncorrected path
before error elimination and the environment information
detected by ultrasounds. Obviously, the path recorded by
encoder odometry is so incorrect, which is accorded to
wrong included angles between walls’ pattern, that the
localization method fusion should be applied.

The encoder odometry results are adopted when the
results of DVDL and GPDL are not yet obtained. When the
DVDL and GPDL are prepared, they are applied in different
situation. When the robot is located at the corridor, the
DVDL has higher priority to correct the encoder odometry.
The corrected result is shown in Figure 9(c). When the robot
moves at a new corridor, the DVDL should collect new
ultrasonic data in the window to operate the algorithm.
Therefore, the velocities cannot be corrected by the DVDL.
In this situation, the posture measurements by the encoder
odometry are the default results. In the other hand, the GPDL
dominates the correction when robot is at the corner and
turns.

After the localization method fusion, the corrected path
and the environment information are shown in Figure 9(d).
The experiment result shows the improvement of posture
information from localization method fusion. Besides, the
encoder odometry is calibrated by the error elimination
architecture. That means the parameters of the velocities
transformation matrix are adjusted. Figure 9(e) shows the
results of corrected encoder odometry when the adjusted
parameters are applied. Comparing Figure 9(e) with Figure

9(b), the correctness of the posture information is improved
after the error elimination and the corrected results are more
close to the actual measurement than that before the error
elimination architecture.
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Figure 9. (a) The actual path reco(r(;s. (b) Uncorrected path record by
encoder odometry. (c) Velocities estimation by the DVDL. (d) Corrected
path by localization method fusion. (e) The result of corrected encoder
odometry.

In order to quantify the performance after modification,
the modified data from laser rangefinder by ICP algorithm
are employed as a standard result and shown in Figure 10.

Figure 9(e) and Figure 10 are shown together. The
minimum distances between obstacle positions in Figure 9(e)
and standard positions detected by the laser rangefinder in
Figure 10 are added up as an index of error analysis. Left
wheel and right wheel error of each point are shown in
Figurell. In both figures, some errors exceeding the limit of
measurement are marked as value -100. They are regarded as
outliers and not considered when the sum of errors is
computed. The unit of transverse axle in the figures is order
of all points, and the unit of vertical axle in the figures is
millimeter. The average error per point is calculated to be
124.5 mm and 114.3 mm, respectively.
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Figure 10. Plot of experimental field by modified data of laser range finder.
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Figure 11. Left (a) and right (b) wheel errors of all points from modified
data of laser rangefinder.

Comparing with error of original data, the relative results
are shown in Figure 14, Figure 15. The average error per
point is calculated to be 825 mm and 918.5 mm,
respectively.
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Figure 12. Left (a) and right (b) wheel errors of all points from original data.
V. CONCLUSION AND FUTURE WORK

A. Conclusion

In the beginning of this paper, the sensing part and the
actuating part of a TWMR are characterized. For the sensing

part of the TWMR, two kinds of sensors are used in common:

odometry sensors and range sensors. Odometry sensors
measure the postures of robot, and range sensors detect the
distances between robot and obstacles. Besides, the obstacle
positions are obtained based on the robot posture and the
distance between robot and obstacles.

When evaluating the effect of skidding and slipping,
which exists in reality and cannot be neglected sometimes,
the kinematic model of robot with the slipping and skidding
effect are studied and analyzed. Because of disability of
external data sensing, the odometry from wheel encoders
will obtain the wrong posture information. In order to detect
skidding and slipping, the odometry by range sensors are
necessary.

Two localization methods are developed: the GPDL and
the DVDL. Furthermore, a concept of localization method
fusion is demonstrated and the error elimination architecture
is described. An error elimination block combined the results
of localization methods, and determines the proper posture
result which is closer to real posture than other results.

After the error elimination, the data from the sensing part
are more reliable and the parameters of actuating part are
adjusted to adapt the situation with skidding and slipping.
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