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Abstract: Range sensors are commonly used for mobile robots in order to avoid collision with obstacles 
and build an environmental map.  Unless the robot uses an external localization device, the dead-
reckoning alone incurs the accumulated position errors. This paper presents an algorithm for the position 
error correction.  Edges and nodes are identified from the range sensor information; using the identified 
feature points the dead-reckoning error becomes smaller.  More accurate map is built while the positional 
error is being reduced.  The proposed algorithm is implemented on a map building device and shows the 
effectiveness of the proposed algorithm. 

 

1. INTRODUCTION 

Mobile robots are commonly used for various tasks such as 
cleaning, surveillance, guide, etc.  Most of the robots are 
equipped with range sensors in order to avoid collision with 
obstacles.  They are also used for map building in case the 
environment is not known a priori, or many moving obstacles 
are present. 

Commonly, dead-reckoning (open-loop estimation) is used 
for intermediate estimation of position during path execution. 
Dead-reckoning is often used when wheel encoders are 
available for drive wheel position measurement. However, 
due to errors in kinematic model parameters, wheel slip, or an 
uneven surface, poor position estimates may occur.  Lots of 
work have been done in mobile robot localization using range 
sensors, vision cameras, natural/artificial landmarks, indoor 
GPS, etc in order to reduce the errors from dead reckoning. 
SLAM (Simultaneous Localization And Mapping) is one of 
the hot research issues, however, the algorithmic complexity, 
numerical computation is quite high. 

Range sensors are widely used for mobile robots to detect 
obstacles and/or build the environment map.  Commonly, 
robots have either the ultrasonic range sensor or IR sensor in 
order to detect nearby obstacles.  Laser scanner or IR scanner 
is used for map building.  Each sensor has its own 
characteristics such as accuracy, maximum range, robustness 
and price.  The laser scanner gives very accurate scanning.  
IR scanner is far less expensive than the laser scanner, 
however, its accuracy is highly influenced by the lighting 
condition.  This paper presents the use of range sensor 
information for improving the dead-reckoning accuracy. 

2. RANGE SENSOR INFORMATION PROCESSING 

Most of the laser scanners provide 180 [degree] scanning of 
environment with angular resolution of 0.5 [degree].  

Processing the scanner information is required because the 
raw sensor information is simply the radial range data.  One 
of the features commonly used is the edge.  Due to the 
uncertainties of the sensor information, the sensor ray may 
not form a straight line even though all of them may hit the 
same edge.  There have been various ways for extracting the 
edge from the scanner output. 

Scanned range data using a scanner or sonar ring gives data 
set of [ ]( ), ( )S s n nθ∈ , where ( )s n  is range and ( )nθ  is the 

corresponding angle. We can construct [ ]( ), ( )X x n y n∈  in 
Cartesian coordinates from S .  It is commonly observed that 
the constructed data doesn't form an edge even though the 
sensor rays hit a single edge due to sensor error. It is very 
important to extract corners or edges from the sensor data 
even with errors if there exists at least one.  This section 
describes how to process range sensor data to find edges.  If 
there are two connected edges, they are regarded as a corner. 

Finding edge is regarded as finding a line which best fits 
( ):X i j samples. Simple linear regression is used to find the 

line equation of the edge in Cartesian coordinates.  The 
results from the linear regression are 1a  and 0a  in 

1 0y a x a= + .  In case the residual mean square value, rS is 
too large, the samples used to form an edge are not valid. 
Before applying the linear regression to the sampled data set, 
we first group them into subgroups by calculating the metric 
distance between two nearby samples.  The large distance is 
usually due to visibility.  We start by using three consecutive 
samples to find out a line parameter 1a  from linear 
regression and also rS .  Then we include the next sample 
from the same subgroup and check how much rS  is changed.  
If the change is small enough, the newly added sample is 
included in the subgroup, that is, same edge.  If not, the 
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newly added sample is not from the same edge. However, it 
is necessary to add another next sample and remove the 
previously added one and check rS  because there may exist 
one false sensor reading. 

Once the subdivision based on the linear regression is 
finished, merging the successive subgroups is necessary, thus 
it filters out noisy data from an edge. This is done by 
comparing the slopes of two nearby subgroups (now, they are 
two edges and 1a  values of two nearby edges are compared).  
If the difference is small enough, then two subgroups are 
merged into one.  The algorithm is described in Table 1. 

Table 1.  Filtering Algorithm 

 

One of the experimental results is shown in Fig.1.  The 
original range sensor information is converted into points in 
Cartesian coordinates and then the initial grouping is done in 
Fig.1-(a).  Note that the scanner is located at (0,0).  Be 
repeating the steps in Table 1, the edges are constructed as in 
Fig.1-(b).  We can identify the nodes by connecting the edges 
as shown in Fig.1-(c) assuming that the small discontinuity 
occurred due to the angular resolution of the scanner. 

 
Fig. 1-(a). Lanser Scanner Reading 

 

 
Fig. 1-(b). Constructed Edges 
 

 
Fig. 1-(c). Identified Nodes 

 

3. SCAN MATCHING 

Dead-reckoning is a simple way to estimate the configuration 
(position and orientation) based on the encoder information.  
However, the accumulated error becomes large due to several 
reasons such as wheel slip, kinematic parameter variation, 
and moving on uneven surface.  Fig. 2 shows the map built 
from several successive measurements using the laser scanner.  

Input: [ ]( ), ( )S s n nθ∈  
Output: Groups of Samples which form edges, Slope of 
edges 
 
1)  Construct [ ]( ), ( )X x n y n∈  from S  
2)  Initial Grouping: 
3)  Generate initial Group, ( )G m with 

1( ) ( 1)X i X i ε− + >  where ( ) ( )X i G j∈ and 
( 1) ( 1)X i G j+ ∈ +  

4)  Subdivision: 
5)  Subdivide each group by linear regression 
6)  While 2( : , 1) ( : , )r rS k l l S k l l ε+ − <  
7)    Add ( 1)X i +  to current subgroup 

8)  If 2( : , 2) ( : , )r rS k l l S k l l ε+ − <  then neglect 
( 1)X i + and proceed with current subgroup 

9)  Merge: 
10) If 1 1 3( ) ( 1)a m a m ε− + <  then combine ( )G m  

and ( 1)G m +  
11) Repeat 10) 
 
* rS : Residual Mean Square 
* 1()a : Slope of the line from linear regression 
* 1 2 3, ,ε ε ε : Threshold values 
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The robot made a straight forward movement, then made 180 
[degree turn and made another straight forward movement. 
(light blue line).  Measurements are made at several locations 
(circle on the light blue line).  The alternating blue and red 
edges are constructed from the sequential measurements.  
The incorrect map in Fig. 2 is caused by the error of dead-
reckoning.  The edges are to be overlapped if those are 
constructed from the sensor rays hit on the same edge. 

 
Fig. 2. Map Building with Dead-reckoning: Hallway 
 

We introduce a way of correcting this mismatch of the edges 
from the sequential measurements.  Fig. 3 shows another map 
constructed from two sequential measurements.  The first 
scan is the black one and the second scan is the blue one.  
The robot’s position and orientation is represented by arrows 
of its color.  Due to wheel slip, the edges do not match 
because the locations of the edges are made with respect to 
the robot configuration estimated from dead-reckoning.  In 
other words, the dead-reckoning error caused the incorrect 
map.  The same node presented in two successive scanning is 
selected as feature points.  If the feature points are 
successfully identified, then the scan matching is simply done 
by moving the second feature point appropriately so that the 
second feature point coincides with the first one.  Fig. 4 
shows the magnified view of fig. 3 around the feature points. 

  
Fig. 3. Scan Mismatching due to Slip 

  
Fig. 4. Feature Points 

Fig.5-(a) shows matching the sensor readings.  Twelve 
equally spaced points are selected on the edges.  Without any 
positioning error, the feature point and the constructed edges 
are to coincide.  Assuming the positioning error is bounded, 
the matching process is finding , ,x y θΔ Δ Δ  which minimizes 
the sum of the metric distance between the corresponding 
points as in (1) thereby giving the matched scan as in Fig.5-
(b). 

13
2 2

2 1 2 1( ) ( )i i i ix x y y−− +∑
i=1

 (1) 
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Fig. 5-(a). Mismatched Scan ( , ,x y θΔ Δ Δ ) 

 

Fig. 5-(b). Matched Scan 

 

Once the correction terms ( , ,x y θΔ Δ Δ ) are found, the 
configuration of the robot at the second measurement is 
corrected with this amount.  The feature points become a 
point with the corrected robot configuration as shown in 
Fig.6. 

  
Fig. 6. Feature Points Matching and Corrected Configuration 
Vector 

The corrected map is shown in Fig.7. 

 

  
Fig. 7. Corrected Map 

Another example (Figs. 8-9) shows the effectiveness of the 
proposed method. 

  
Fig. 8. Incorrect Map due to Deadreckoning Error: Hallway 

 
Fig. 9. Corrected Map: Hallway 

 

In order to avoid running the scan matching procedure at 
every measurement, the estimation of the uncertainty is very 
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useful. It is well known that the size of the uncertainty in 
robot location grows larger as the robot travels.  The error 
should be reset before it becomes too large. For a differential 
drive mobile robot, the robot configuration can be estimated 
starting from a known configuration by integrating the 
movement. 

The configuration vector, p  is defined as  

x

p y

θ

=

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

 (2) 

If right wheel and left wheel travels rs  and ls  
respectively, then the new configuration is represented as 

( )
( )

2

2

cos'
' ' ( , , , , ) sin

'
r l

sx
p y f x y s s p s

θ

θ

θ

θ θ
θ θ

⎡ ⎤+⎡ ⎤ ⎢ ⎥⎢ ⎥= = = + +⎢ ⎥⎢ ⎥
⎢ ⎥⎢ ⎥⎣ ⎦ ⎢ ⎥⎣ ⎦

 (3) 

where 
2

r ls s
s

+
=  , r ls s

b
θ

−
=  and b is the distance 

between the driving wheels. 

Dead-reckoning results can give only a very rough estimate 
of the actual position.  We assume that the errors of the 
individually driven wheels are independent and the variances 
of the errors of the left and right wheels are proportional to 
the absolute value of the travelled distances as the following 
equation, 

0
( , )

0
r r

r l
l l

k s
covar s s

k s
⎡ ⎤

= = ⎢ ⎥
⎣ ⎦

∑  (4) 

then, the covariance matrix is represented as 

'
T T

p pp pf f f f= ∇ ⋅ ⋅∇ +∇ ⋅ ⋅∇∑ ∑ ∑  (5) 

where 
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2

2
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From the analysis above, the robot’s uncertainty ellipsoid is 
estimated and plotted together with the robot’s estimated path 
in Fig. 10. 

 
 Fig. 10. Incorrect Map with Uncertainty Ellipse 

Therefore, the size of the uncertainty ellipsoid indicates when 
the scan matching is necessary.  The corrected map for the 
environment of the above figure is shown in Fig. 11. 

  
Fig. 11. Corrected Map: Room 

4. CONCLUSIONS 

Dead-reckoning alone gives the accumulated positioning 
errors.  Localization is required in order to reset the errors.  
Instead of using external localization device and algorithm, 
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the range sensor information is used for improving the 
positioning accuracy.  Efficient algorithm for identifying the 
edges from the range sensor information is presented.  Scan 
matching algorithm is implemented so that the positioning 
error becomes smaller and the map becomes more accurate. 
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