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Abstract— In this research, a decentralized platform for
SLAM with multiple robots has been developed. An EKF-based
single-robot SLAM is extended to multiple-robot SLAM with
a novel occupancy grid map fusion algorithm. Map fusion is
achieved through a multi-step process that includes image preprocessing, segmentation, cross correlation, approximating the
relative transformation matrix, tuning of the transformation
through the Radon image transform and similarity index, and
then verification of the result using either map entropy or a
verification index. Results are shown from tests performed on
a real environment with multiple robotic platforms.

I. Introduction
Simultaneous Localization and Mapping (SLAM) is
achieved through the process of exploring an unknown environment and generating a consistent map by fusing sensory
information. Typical sensors used include encoders, Inertial
Measurement Units (IMU), cameras [1], and laser rangers
[2] among others. Using SLAM, the position of the robot
can be updated and the environment map can be built [3].
The majority of past literature has focused on SLAM
with one sensing platform [4], [5], [6], [7] and [8]. Using
multiple robots for SLAM has the advantage that exploration
and mapping tasks can be done faster and more accurately.
In addition, a distributed system is more robust since the
failure of one of the robots does not halt the entire mission
[9]. Collaboration based operations such as fire fighting in
forest and urban areas, rescue operation in natural disasters,
cleaning marine oil spills, underwater and space exploration,
security, surveillance and maintenance investigations need
to be completed quickly and autonomously and require
localization and mapping.
In [10], a feature-based multiple robot SLAM algorithm
is proposed which uses an information filter (IF). Another
feature-based multiple robot SLAM is proposed in [11]
where fuzzy sets are used to represent uncertain position
information and fuzzy intersection is used to fuse data. In
[9], a solution is presented which is based on occupancy map
merging. This method uses map-distance as the similarity
index and tries to find similar patterns in two maps based on
a simple random walk algorithm. This method has two main
drawbacks: first, it is highly time consuming and, secondly,
it fails when there are insufficient distinctive patterns in the
maps. In [12], a method is proposed using a particle filter
(PF) where it is assumed that the robots will meet each other
at a point. At the meeting point, the robots know their relative
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positions and can work backwards to determine their relative
initial positions.
In this paper, an improved cascaded multi-sensor data
fusion algorithm is used for single robot SLAM. To achieve
multiple robot SLAM, a new method of map fusion is introduced. An algorithm is proposed that finds common parts of
each robot’s map so that they can be fused into a global map
using relative transformation matrices. The contributions of
this research to multiple robot SLAM include:
• Applying Canny edge detection and introducing a
smoothing method to extract unique characteristics of
an occupancy grid map,
• Using a segmentation method and applying a correlation
technique to find the common parts within two maps,
• Estimating the relative transformation matrix of two
maps by approximate and exact pose extractions,
• Applying the Radon transform to tune the orientation
angle,
• The use of image entropy to tune the translation vector,
as well as verify the final result.
The rest of the paper is organized as follows: Section II
introduces the proposed method for multiple robot SLAM,
Section III presents some experimental results, and Section
IV makes some general conclusions and discusses future
work.
II. Multiple Robot SLAM
Multiple robot SLAM has the advantage that it is more
efficient and robust to robot failure at the cost of increased
development and computational complexity. In multiple
robot SLAM, the map provided by each robot in its own
reference coordinates is called the local map. Each local
map is generated from coordinated laser scans. Each robot
tries to integrate all of the local maps provided by the other
robots to generate a global map of the environment. However,
this is a difficult task because the required alignments or
transformation matrices which relate these maps to each
other are unknown. The transformation matrix between two
robots is determined by their relative poses. As a result,
once the relative positions at a certain time are known, the
transformation matrix can be generated and used to merge the
local maps from that point onwards. Therefore, map fusion
can be achieved in two steps: first, the relative transformation
matrices must be found, then, the local maps should be
compared and fused if there are areas that are found to match.
A. Overview of proposed method
The proposed map fusion algorithm in this paper is based
on a search and verification algorithm. Fig. 1 shows the
algorithm for two robots, robot1 and robot2 , with unknown

Fig. 2.

A simple test environment

and experimental results from the output of each block are
presented.
Fig. 2 shows the approximate floor plan and dimensions
of an indoor environment used for experimentation. This
room has been surveyed by two robots from different initial
positions which are assumed to be unknown. Fig. 3-a shows
the local map provided by robot1 , and Fig. 4-a shows the
local map provided by robot2 . In both figures, gray cells are
unknown, white cells are free, and black cells are obstacles.
The size of all maps is 400 × 400 cells.
B. Edge Detection
Fig. 1. The proposed map fusion algorithm. Two input maps, map1 and
map2 , are fused by finding their relative transformation matrix. No prior
information is available regarding the relative position of the two respective
robots, robot1 and robot2

relative positions and each with its own local map, map1
and map2 respectively. This algorithm is scalable and can
be used for more than two robots. Maps in this algorithm
are assumed to be in the form of occupancy grid maps [13].
According to Fig. 1, the flow diagram of the system, the
inputs are map1 and map2 . First, in the Edge Detection
block, the Canny edges of the maps are extracted. Then,
in the Edge Smoothing block, the extracted edges are
smoothed to facilitate processing in the subsequent blocks.
In the Segmentation block, a segment of obstacles in the
smoothed map is selected. The segment is passed through the
Segment Verification block to ensure that it contains enough
unique geometric information to be used for comparison.
The segmentation and verification process continues until
an acceptable segment is found or a maximum number of
search iterations is reached. The same process is done on
map2 . If acceptable segments from both maps are found then
the selected segments are tested for similarity in the Cross
Correlation block. If the selected segments are deemed to
be congruent, then they are passed to the Approximate Pose
Extraction block where a rough estimate of the relative
pose of the robots is determined. The orientation of the
approximate relative pose is tuned in the Radon Transform
block, and then the translation elements of the relative pose
are tuned in the Similarity Index block. In the Exact
Pose Verification block, the final results are verified. In
the following sections, each block is explained in detail

The first processing block is Edge Detection. Here, noisy
measurements are removed from both maps using a smoothing filter and then edges are detected using the Canny edge
detection method [14]. This process is necessary because
the occupancy grid mapping shows boundaries of obstacles
as thicker than they are in reality due to the error in sensor
measurements. Using edge detection, it is possible to extract
the exact obstacle boundaries to be used in the other blocks
so that the map can be processed more accurately and
efficiently. Fig. 3-b and Fig. 4-b show the effects of edge
detection on the two maps.
C. Edge Smoothing
The next block is edge smoothing. Here, the Canny edges
are used to estimate the most probable locations of the
obstacles. The objective is to remove redundant edges and
select the most likely locations of the obstacles.
The error of laser measurements follows a Gaussian distribution. As a result of the stochastic nature of the laser sensor,
the occupancy grid mapping will have more multiple cells
representing one single point obstacle. The edge detection
method can be thought of as a sampling of points from the
Gaussian distribution that are equidistant from the mean. It
is therefore reasonable to treat the middle point of nearby
edges as the most likely location of the actual obstacle, where
the edges are truncation lines of the Gaussian distribution.
Suppose that we have two adjacent edges C1 and C2 that are
output from the Canny edge detector. Assuming that the two
edges are close enough that they actually only represent one
true obstacle, the most probable position of the obstacle, P,
is given by
P = C1 ⊕ C 2 ,
(1)

Fig. 3. a) map1 , occupancy grid map of the test environment by robot1
b) Canny edges c) Smoothed edges d) Matching segment in white color

where the operator ⊕ performs middle curve extraction on
two dimensional curves of C1 and C2 , and outputs the set of
points P that represent the best approximation of the actual
location of the obstacle.
It is difficult to generate closed mathematical representations of C1 and C2 , so the operator ⊕ can be defined as
operating over the detected edges by scanning in the vertical
and horizontal directions. In a vertical scanning, for example,
all columns are processed for each row. If the distance
between two occupied cells is bigger than one and less than
some specified threshold dt , then the middle point of the
two occupied cells is considered to be the most probable
occupied cell. If the two occupied cells are adjacent then
they are both considered as occupied and as part of the same
obstacle. If the occupied cells are separated by a distance
greater than dt , then no averaging is done and those two
cells are considered to be distinct obstacles. Fig. 5 shows a
simple example of the scanning process. Horizontal scanning
is similar to vertical. The major benefit of smoothing edges
is that the complexity and scale of the resulting maps are
reduced without any significant loss of data. Fig. 3-c and
Fig. 4-c show the results at the output of this block for map1
and map2 .
D. Segmentation
The objective of the segmentation block is to try to select
unique areas of each map so that they can be compared in
the hope of finding parts of the maps that are shared. These
shared features are used to find the relative transformation
matrix between the two robots. The segmentation block
looks for segments of the map which have unique geometric
properties, similar to the way the human brain functions
[15]. As a human being, our brain tries to find shared parts

Fig. 4. a) map2 , occupancy grid map of the test environment by robot2
b) Canny edges c) Smoothed edges d) Matching segment in white color

Fig. 5. Vertical and horizontal scans for a simple map: a) Original map
b) Output after vertical scan and c) Output after horizontal scan

in different images and then identifies the transformation
based on those shared parts. Specifically, parts of the map
that contain curves or angles are selected as good candidate
segments. It is also noted that segments should be made
from the occupied cells. The reason for this that a normal
occupancy grid map will have significantly less occupied
cells than free or unknown cells.
The segment selection process begins with choosing a
random start point in the map, which can be any point that
represents an occupied cell. A fixed number of points, n,
along the edge are then identified and represented as:
 
x
P (i) = i , i = 1..n,
(2)
yi
where P is the segment and xi and yi denote the discrete
points in the segment.
P is then processed to determine if it contains unique
geometrical characteristics by generating and analyzing two
other vectors: the Euclidian distance vector, D and the
differential angle vector, ∆:

T

T
D = d1 , d2 , . . . , dn , ∆ = δ1 , δ2 , . . . , δn−1 , (3)
where
di = ||P (i) − P (0)||,

δi = ∠(P (i) − P (0)) − ∠(P (i − 1) − P (0)).

(4)

The vector D of the segment is invariant with respect to
any rotation or translation of the segment. The vector ∆ will
differentiate between two segments which are mirror images.
The two characteristic vectors are a unique representation,
Λ, of the original segment P as given by:
Λ = (D, ∆).

(5)

Theorem 1: From Λ and the starting location of the
segment, P (0), it is possible to reconstruct the segment
uniquely.
Proof:
By induction:
1) Base case: P (0) must be known.
2) Induction step: Assume that k points in the segment
are known. From dk+1 , it is known that the point P (k + 1)
lies on a circular locus of radius dk+1 centered at P (0).
Consider that points P (0) and P (i − 1) are already located.
Let φk = ∠(P (k) − P (0), which is the known angle of
point k given that its exact location is already known. Let
φk+1 = ∠(P (k + 1) − P (0), which is unknown. From (4),
δk+1 = φk+1 − φk . Rearranging gives φk+1 = δk+1 + φk .
Since both terms on the right hand side are known, the angle
φk+1 can be calculated. Clearly, from the angle that P (k+1)
makes with P (0), the point on the circular locus can be
uniquely identified.
E. Segment Verification
To identify whether a segment is a good candidate for
map fusion, a histogram method is used. Two histograms are
constructed to verify a segment. The first one is the distance
histogram, histd which is generated from the distance vector,
D, and the second is the arc histogram, hista , which is
generated from the arc vector which is defined as:

T
Ω = ω1 , ω2 , . . . , ωn−1 .
(6)
Each arc is defined as
ωi = di+1

i
X

δj ,

(7)

Fig. 6. a) A straight wall segment b) Arc histogram c) Distance histogram

Fig. 7. a) A featured wall segment b) Arc histogram c) Distance histogram

shows a non-flat segment. Its distance and arc histograms are
depicted in Fig. 7-b and Fig. 7-c, respectively. If the segment
is a wall or flat surface, then the distance histogram will have
a flat shape, and the arc histogram will have almost all bins
empty except for one. If there is an angle in the segment,
then the distance histogram will not be flat and more than
one bin of the arc histogram will be non-empty.
To verify the acceptability of a segment, the following
conditions should be met:
1) histd (i) 6= 0, ∀i = 1 . . . nd
2) The distance histogram should not be smooth:
max(histd ) − min(histd ) ≥ hd ,

(10)

where hd is a predefined threshold value.
3) The segment should not be discontinuous. A discontinuity will cause a large value in the arc vector, so the condition:

j=1

where i = 1, 2, . . . , n − 1. The histograms are generated
using a prespecified number of bins. The number of chosen
bins is important in order to get acceptable result. In this
research, it is determined experimentally over a set of trials.
The distance histogram, histd , and arc histogram, hista
are represented as:

T
histd = hd1 , hd2 , . . . , hdnd ,
(8)

T
hista = ha1 , ha2 , . . . , hana ,
(9)
where nd is the number of the bins and hdi , i = 1, 2, . . . , nd
is the value corresponding to each bin for histd , and na is
the number of the bins and hai , i = 1, 2, . . . , na is the value
corresponding to each bin for hista .
Fig. 6-a shows a flat segment with its distance and arc
histograms in Fig. 6-b and Fig. 6-c, respectively. Fig. 7-a

max(|ωi |) ≤ ωc ,

(11)

where ωc is a predefined threshold value will reject segments
with discontinuities. This novel histogram method is fast and
is successful at identifying segments with unique geometric
properties.
F. Cross correlation
In the cross correlation block, the distance and arc
histograms of the two selected segments are compared using
a cross correlation technique. The histograms are normalized
and then a 2D cross correlation is applied. If the distance
and arc histograms are similar, then the result of each cross
correlation will be close to one and the segments are deemed
to be a match. Otherwise, another segment from map2
is selected and the process continues. If, for the selected
segment from map1 , no correspondence from map2 can be

found, then another segment from map1 should be selected.
If no shared segment can be found after a certain number of
trials, then the two maps cannot be fused. To increase the
confidence level of the result of the histogram matching, a
correlation of the distance and arc vectors is also applied.
Fig. 3-d and Fig. 4-d show two matching segments from
map1 and map2 in white.
G. Approximate pose extraction
After finding matching segments from both maps, the
approximate pose extraction block is executed. First, the
approximate relative rotation is determined, and then the
rotation is used to find the approximate translation. To
determine the rotation, a line is fitted for each segment.
The difference in the slopes of the two fitted lines gives
the approximate rotation angle between the two maps. If the
slope of the fitted line for the selected segment of map1 is
a1 and of map2 is a2 , then the approximate rotation angle,
αapp is:
αapp = arctan a1 − arctan a2
(12)
Fig. 8-a shows both maps on the coordinates of map1 with
identified common segments. Fig. 8-b shows the fitted lines
of the two similar segments. The angle between these two
lines is an approximation of the relative orientation of the
two maps. Once the approximate orientation has been found,
the approximate translation can be determined. First, the
approximate orientation is applied to align both segments.
Next, the approximate translation is computed to be the
difference in the centroids of the two segments as given by:

 X
n2
n1
Pseg2(k)
Rαapp Pseg1 (k) X
xapp
−
, (13)
Tapp =
=
yapp
n1
n2
k=1

k=1

where Rαapp is the rotation matrix based on αapp , Pseg1
and Pseg2 are the sets of points in segments 1 and 2 respectively. n1 and n2 are the cardinalities of Pseg1 and Pseg2
respectively. Fig. 8-c shows both maps in the coordinates of
map1 after the approximate transformation. It is clear from
the figure that this transformation is not accurate and needs
further modification.
H. Pose tuning with the Radon Transform and Similarity
Index
After finding the approximate rotation and translations,
these elements should be tuned. The exact or tuned pose
will be extracted in two steps in the Radon Transform
and Similarity Index blocks as depicted in Fig. 1. First
a Radon transform [16] is used to find the tuned rotation.
The Radon transform is the projection of the image intensity
along a radial line oriented at a specific angle. The Radon
image is generated by computing a Radon transform and
varying the Radon angle, θ, of the radial line onto which
the original image is being projected. In a Radon image, the
horizontal axis represents all possible angles and the vertical
axis is the Radon transform for individual angles. Fig. 9-a,
b show the Radon images for map1 and map2 respectively
after applying the approximate transformation. One of the

Fig. 8. a) Both maps in the same coordinates with marked segments.
b) Fitted lines on segments to extract relative orientation. c) Both maps
in the coordinates of map1 after approximate transformation. d) Rotation
improvement after Radon transformation. e) 3D representation of the
similarity index over the search space. The best similarity index occurs
at the best translation. f) Final alignment of both maps.

characteristics of the Radon image is that the peak points
(shown in dark brown color) occur when the Radon angle,
θ, aligns with straight line segments that occur in the image.
The approximate rotation is used to ensure that the correct
peak is selected from the Radon Transform. As a result, it
is possible to resolve the exact rotation by looking for peaks
in the Radon images of both maps that are close to the
approximate angle already computed. As Fig. 9-c, d show,
the peak point of the Radon image for map1 happens to be
at 90 degrees while for the approximately transformed map2
it is 94 degrees. The difference of 4 degrees is the tuning
angle that should be added to the original approximate angle
as determined by:
αext = αapp + δtuning ,
δtuning = arg min(Rθ=0:180 (m1 ))−

(14)

θ

arg min(Rθ=0:180 (Tx,y,θ (m2 ))), (15)
θ

where αext is the exact or tuned rotation angle and
Rθ=0:180 (map) is the Radon image of the input map over
the specified domain of angles (θ). Tx,y,θ (map) means that

Fig. 10. a) 3D representation of the verification index over the search space
for the fused maps. The maximum value occurs at the best translation. b)
3D representation of the entropy of the fused maps over the search space.
The best translation occurs at the minimum entropy.

Fig. 9. a, b) Radon images of map1 and map2 over 180 degrees. c, d)
Peak points of the Radon images at 90 and 94 degrees

the input map is translated according to the values of x, y
and θ and m1 = map1 and m2 = map2 .
Fig. 8-d shows both maps in the coordinates of map1
after applying the proposed Radon tuning method. Clearly,
this figure shows the effective improvement over the relative
rotation angle shown in Fig 8-c.
In the Similarity Index block, the tuning of the translation
matrix is performed. A performance index is used which has
been introduced in [9]. This index is called the similarity
index and measures the similarity of two maps over some
desired region. When there is more overlap between two
maps, there will be an extremum in the index. This index is
composed of two components:
agr(map1 , map2 ) = ]{p = (x, y)|map1 (p) = map2 (p)},
dis(map1 , map2 ) = ]{p = (x, y)|map1 (p) 6= map2 (p)},
(16)
where the operator ] over a given set returns the cardinality
of the set. The similarity index is defined as:
Jsimilarity = dis(map1 , map2 ) − agr(map1 , map2 ). (17)
The function agr(.), the agreement index, is the number
of known cells with equal status in both maps (either both
occupied or both free). The function dis(.), the disagreement
index, is the number of cells which are known in at least one
map and have unequal status. A smaller disagreement index
and larger agreement index will result in a larger similarity
index, Jsimilarity . The maximum absolute value represents
the best translational match between the two maps. To find
the maximal value, an exhaustive search in the neighborhood
of the approximate translation is done. It is challenging to
use guided search algorithms like Genetic Algorithms (GA)
or Particle Swarm Optimization (PSO) because in many
cases (not in this example) the best solution may occur
very close to very poor solutions. The size of the search
space is determined by experience based on the performance
of the approximate translation method. In addition, if the
total allowable time for searching can be determined, the

size of the search space can be specified such that the
search is completed within the allotted time. Usually a
search space with a radius of ten cells around the current
approximate solution is acceptable considering the required
time constraints and accuracy of the previous result. The best
candidate translation vector is selected using the similarity
index:


xext
Text =
= arg max (|Jsimilarity (x, y)|)
(18)
yext
S(x,y)
{S(x, y) ⊂ R2 |xapp − δx < x < xapp + δx ,
yapp − δy < y < yapp + δy }

(19)

where Text is the tuned translation vector and S is the search
space, defined as a rectangle centered at (xapp , yapp with
dimensions 2δx × 2δy . Fig. 8-e shows a 3D representation
of the similarity index over the entire search space. Fig. 8f shows the final overlapped maps with exact rotation and
translation elements.
I. Pose verification
After finding the best candidate for the transformation
matrix, a verification is performed in the Verification block.
One of two methods can be used. The first method, called
similarity verification, uses the ratio of agr(.) and dis(.) as
given by:

agr(m1 , m2 ) × 100%
,
V (m1 , m2 )Rext ,Text =
agr(m1 , m2 ) + dis(m1 , m2 )
(20)
where m1 and m2 are two input maps and V (m1 , m2 ) is the
verification index. If V (m1 , m2 ) is close to 100%, then the
proposed transformation can be accepted. Fig. 10-a shows the
similarity verification. The maximum verification percentage
occurs at the exact translation sequence so it is very likely
that the translation matrix that has been found is correct.
Another method of verification which is proposed here is
to use image entropy. Image entropy is defined as:
X
H=−
p log2 (p),
(21)
where p is the normalized histogram of an image. Entropy
is a statistical measure of the randomness associated with an
image and is usually applied to characterization of image
texture. The following relation gives the best translation
vector:
 
x
Tv = v = arg min {H(J(map1 , Tx,y (map2 ))}
yv
S(x,y)

where Tx,y (map) means that a map is translated according
to the values of x and y. J(m1 , m2 ) means both maps are
in the same coordinate frame according to the coordinates
of the first input, m1 . H(.) is the entropy of the image as
defined in equation (21). S is the same as equation (19) and
Tv is translation vector to be verified.
The image entropy can be used as an alternative metric to
find the best translation candidate also. The search space for
verification and translation extraction should be the same. If
the entropy method is used to tune the translation matrix,
then the result can verified with the similarity verification
index. Fig. 10-b shows the entropy of both maps when they
are in the coordinates of map1 . Once again it is noted that the
minimum entropy corresponds to the transformation matrix
that was found.

assumed to be done on robot1 with map2 and map3 being
integrated into map1 .
Fig. 13-d shows the result of map fusion of map2 into
map1 using
T tuned rotation:
 the approximate
T  translation and
T x,y,θ = x y θ = 43 −13 19.8 .
After applying the proposed tuning methodfor translation,
T
the tuned transformation becomes T x,y,θ = x y θ =

T
40 −16 19.8 . Fig. 13-e shows the exact alignment for
map2 into map1 . The verification index after final alignment
is 97% and the results of similarity index and image entropy
are consistent.
The next step is to fuse map1 with map3 . Similarly
Fig. 13-f shows results of map fusion with the approximate
translation and tuned rotation. Fig. 13-g shows the result of
the tuned alignment. Approximate and exact translations
T for
the fusion of map1 and map3 are −74 23 192.8 and

T
−67 32 192.8 , respectively. After the final alignment
the verification index is 98%. The proposed entropy method
is verified by the results.
Finally, Fig. 13-h shows all three local maps fused together
in the local coordinates of map1 . The three robot team is
able to map the environment more quickly than one robot
alone. Each robot in the team generates a map of some part
of the workspace and then, if there is some overlap between
the maps, all local maps can be fused into a global map.
It is important to note that the robots are not required to
meet at any point to determine their relative positions, this
information is generated from the maps.

III. Experimental Results

IV. C ONCLUSION

Fig. 11.

Robots equipped with the laser ranger and MEMS IMU

In this research, multiple differential-wheeled robots are
used. The robots are built by CoroWare, Inc. and each is
equipped with three types of sensors: two high speed Phidget
Encoders, a UBG-05LN laser ranger from Hokuyo, and a
3DM-GX1 Microstrain IMU, as shown in Fig.11. The laser
ranger sensor can measure up to 4500 millimeters with an
angle resolution of 0.36 degrees resulting in 513 points for
each scan. Data from these sensors are fused with a cascaded
EKF. The encoder is used to provide an estimation of the
control signal. Consecutive scans of the laser ranger are
preprocessed by an Iterative Closest Point (ICP) algorithm
[17]. Specifically, data from the laser ranger and IMU are
filtered sequentially to provide a more accurate estimate of
the vehicle pose [13].
To demonstrate the effectiveness of the proposed methods,
an experiment is done using three robots in an environment
with the approximate size of 17 × 10 meters. Fig. 12
shows the approximate floor plan of the test environment.
Each robot generates a local occupancy grid map of the
environment. At certain specified time intervals, the robots
share their local maps with each other. Fig. 13-a,b,c shows
the three local maps generated by the three robots. Note that
the left part of the test environment was out of the range of
the laser range scanners for all three robots. The three maps.
map1 , map2 and map3 , are provided by robot1 , robot2 and
robot3 respectively. The proposed map fusion algorithm is

In this paper, a new method of multi robot SLAM is
developed. The proposed method is based on improvements
made to single robot SLAM algorithms. Results are verified
with tests performed in real environments. Novel aspects of
this approach include, preprocessing of occupancy grid maps
using Canny Edge detection and smoothing, segmentation
to find unique geometrical characteristics, cross correlation
to find matching patterns in maps, methods for determining

Fig. 12. Floor plan of the real world test environment. Starting and ending
locations are marked with triangle and stop sign, respectively. The trajectory
of each robot is depicted with dashed lines and obstacles are shown in dark
color. All markings are approximate.

porating tracking information can also improve the results,
meaning that if the robots do happen to see each other, they
can find their relative poses quickly and easily and use them
to give more accurate results.
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