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This paper addresses the localization and navigation 
problem in the movement of service robots by using invisible 
two dimensional barcodes on the floor. Compared with other 
methods using natural or artificial landmarks, the proposed 
localization method has great advantages in cost and 
appearance since the location of the robot is perfectly known 
using the barcode information after mapping is finished. We 
also propose a navigation algorithm which uses a topological 
structure. For the topological information, we define nodes 
and edges which are suitable for indoor navigation, especially 
for large area having multiple rooms, many walls, and many 
static obstacles. The proposed algorithm also has the 
advantage that errors which occur in each node are mutually 
independent and can be compensated exactly after some 
navigation using barcodes. Simulation and experimental 
results were performed to verify the algorithm in the barcode 
environment, showing excellent performance results. After 
mapping, it is also possible to solve the kidnapped robot 
problem and to generate paths using topological information. 
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I. Introduction 

In recent years, research and development for service robots 
has been actively pursued. For example, many commercial 
vacuum cleaning robots have been introduced [1]. However, 
commercial vacuum cleaning robots are still inefficient, 
because their algorithms do not solve the localization problem 
perfectly. Over the past decades, a considerable number of 
algorithms for navigation and path planning such as the  
extended Kalman filter (EKF) or the particle filter in 
simultaneous localization and mapping (SLAM) have been 
proposed [2]-[4]. However, these algorithms are not easy to 
implement in commercial robots because commercial robots 
use imprecise sensors for economic reasons. Moreover, 
commercial robots cannot process these algorithms which 
require large computational burdens. To solve localization 
problems, some robots use artificial landmarks [5], [6]. Using 
artificial landmarks is more accurate and creates less 
computation burden than using natural landmarks. However, it 
requires special treatment of the environment in the walls or 
ceilings, and there is additional cost. Hernaóndez [6] suggested 
a system which was designed for a closed location with a 
maximum size of 20 m × 20 m and has a maximum error of 5 
cm in the robot position and 1 degree in the orientation. 
However, this system is expensive and the height of the 
receiving device must be around the position of the emitter. 

Evolution Robotics [7] recently developed NorthStar. The 
NorthStar detector uses triangulation to measure position and 
heading in relation to IR light spots which can be projected 
onto the ceiling. It is not expensive; its cost is about 80 US 
dollars. The heading error is less than 2 degrees and the 
position error is less than 15 cm, but the detector can localize 
only when it detects light spots on the ceiling. For this reason, it 
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is hard to localize in a room where there is no projector.  
In this paper, we propose artificial landmarks which are 

suitable for an indoor environment. Our artificial landmarks are 
invisible 2-dimensional barcodes on the flooring surface. Our 
barcode system is more accurate and cheaper than the 
Northstar system. Although there is the additional cost for 
printing barcodes on the flooring surface, it is very cheap. The 
cost of ink is several cents for approximately 10 m of flooring 
and one major floor manufacturing company in Korea 
provides the barcoded floor. The barcodes are not normally 
visible, but can be seen under ultraviolet (UV) illumination. 
The barcodes give information regarding position and the 
relative angle between the robot and barcodes. The maximum 
error is 3.75 cm in the robot position and 1 degree in the 
orientation, since the barcodes exist at every 3.75 cm in x and y 
directions. As expected, the proposed system shows 
remarkable results in solving localization problems.  

Based on accurate localization information, we can develop 
an algorithm which improves the performance of previous 
navigation algorithms due to the excellent performance of the 
localization method. In general, an indoor domestic 
environment has one living room and several other rooms. The 
rooms may be divided by walls or other static partitions. There 
are several obstacles such as furniture in most rooms. In 
particular, a robot must pass a small area such as a doorway to 
move to other regions; therefore, we need to divide the indoor 
environment into several regions. However, most previous 
studies have handled the indoor environment as just one region. 
There have been several attempts to decompose the indoor 
environment [8], [9] or to make a topological map [10]. 
However, the decomposition in these algorithms was 
dependent on obstacle shapes, and these algorithms are a little 
inefficient due to the fact that the indoor environment is 
decomposed into many regions. Many other classical methods 
for the topological representation of the environment have been 
proposed [11], including splitting the global reference frame 
into several local frames [12] and hybrid representation [13]. 
However, these algorithms use laser sensors; therefore, they 
cannot be applied to commercial robots.  

There have also been some attempts to compose topological 
structures using cheap sonar sensors [14], [15]. In this paper, 
topology-based maps can be automatically extracted from the 
data of an occupancy grid built from 16 Polaroid ultrasonic 
sensors using techniques borrowed from the image processing 
field. However, this topology-based map can only be obtained 
after building an occupancy grid map. Therefore, this algorithm 
differs from ours, in which topological information is 
automatically obtained when navigation and mapping are 
performed.  

We propose a new navigation rule and definitions of node 

and edge which are suitable for topological representation of 
the indoor environment. They can also be applied to 
commercial robots, because the algorithm works well using 
cheap distance sensors. In comparison with previous 
algorithms, our navigation algorithm has several advantages 
including the easy solution of the kidnap problem, as will be 
discussed later.  

The remainder of this paper is organized as follows: In 
section II, we explain the overall system. Section III describes 
the localization method of our system. In section IV we suggest 
an algorithm to improve navigation performance in indoor 
environments, the experimental results are explained in section 
V, and the conclusion follows. 

II. System Description 

Although carpets are common in indoor environments in 
Europe and America, hard flooring is popular in many 
countries. Our system can only be used in hard-flooring 
environments. 

1. Flooring 

1) The appearance of the flooring used in our system is 
exactly the same as common flooring when viewed under 
normal lighting conditions (Fig. 1(a)). However, when the 
barcodes are illuminated by UV light, they are revealed on 
the surface as shown in Fig. 1(b). 

2) The flooring is composed of 7.5 cm × 90 cm pieces 
produced by Hanwha L&C Corp. Each piece has barcodes 
which are placed in an array of two columns and twenty 
four rows. 

3) Each barcode has information of x value and y value. The x 
value in the first column is a random even value, and the x 
value in the second column is the value of one added to the x 
value in the first column. The y value monotonically increases 
or decreases from 0 to 23 in the same piece. When a robot 
reads a barcode, it knows its relative heading angle with 
respect to a given barcode (θ) and its relative distance from the 
barcode. 

4) There is no rule for the placement of each piece except that the 
pieces are laid with a y-directional interval of three barcodes. 
Inevitably, it is possible for identical barcodes to exist in 
nearby regions.  

 
Barcoded flooring has the following advantages. First, it does 

not incur additional cost except the cost of the ink to print the 
barcodes. Second, it is invisible, so it has the natural appearance of 
wood unlike other artificial landmarks. Third, it provides 
enormous information for localization, because barcodes exist at  
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Fig. 1. System description : (a) robot and flooring and (b)
barcodes made visible by UV illumination. 
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Fig. 2. (a) Barcode reader system and (b) captured image. 
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every 3.75 cm. However, the barcodes do not give the absolute 
location of the robot because the flooring pieces are randomly 
placed at the time of installation (except that the pieces are laid 
with a y-directional interval of three barcodes). For this reason, 
we need mapping and localization to provide relations between 
pieces. However, we need to point out here that the barcodes 
can be damaged or the barcode reader can give a noisy signal. 
To handle these situations, we need a robust localization 
algorithm. 

2. Barcode Reader 

As shown in Fig. 2(a), the barcode reader has a CMOS camera 
and a UV lamp. When the barcodes on the flooring are 
illuminated by UV light they are revealed. A camera reads the 
revealed barcode information: the x and y values. The robot can 
calculate the relative heading angle between its heading direction 
and the barcode center line; it can also read the relative distance 
between the barcode center point and the image center point (Fig. 
2(b)). 

3. Platform and Sensor 

Our platform has two wheels, a bumper sensor, a UV lamp, a 
barcode reader, and Sharp IR distance sensors (five GP2D120 and 
two GP2YOA02YK) as shown Fig. 1(a). The GP2D120 and 
GP2YOA02YK sensors use triangulation to detect distance. Their 
measurement distances are 4 to 30 cm and 20 to 150 cm, 
respectively. They cost less than $10 each. 

III. Localization 

For localization, we use barcodes and odometry data. There are 
two steps in the localization process, prediction and correction. The 
prediction step is the procedure to predict the current barcode value 
only using odometry data. The correction step is the procedure to 
correct the current robot position using the predicted current 
barcode value and the real current barcode value as shown in Fig. 
3. The basic terms used in this section are the following: 

(Ox, Oy): odometry data 
(Bpx, Bpy): previous barcode x, y value 
(Bcx, Bcy): current barcode x, y value 
DGx, DGy: interval between barcodes (3.75 cm) 
Npx, Npy: predicted number of passed barcodes in x, y direction 
(dpx, dpy): distance from previous barcode to previous robot 

center position 
(dcx, dcy): distance from current barcode to current robot center 

position 
Lx, Ly: distance between previous barcode and predicted 

barcode 
Mpx, Mpy: predicted current barcode mod 
Mcx, Mcy: real current barcode mod 
(xp, yp): previous robot position 
(xc, yc): corrected current robot position 

Both Npx and Npy are integer values. The greatest integer that is 
less than or equal to x is denoted as ⎣ ⎦x . The modulo operation 
denoted as a mod m returns the remainder on division of a by m. 

First, we calculate Npx and Npy only using odometry data as 
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If Npx is a negative value, it means that the robot moves in the 
negative direction. At each step, Ox measures the odometric 
displacement in the x direction; therefore, if the robot moves in the 
negative direction, Ox is a negative value and Npx is also negative 
value.  

Because the flooring pieces are laid with a y-directional 
interval of 3 barcodes as shown in Fig. 3, the y value of the 
predicted current barcode increases or decreases three values 
whenever crossing a border. Thus, the predicted current barcode 
mod is  
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Fig. 3. Correction of the robot position. 
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In case Bpx mod 2 = 0, 
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Next, the correction step corrects the current robot position using 
the predicted current barcode value and the real current barcode. 
First, we calculate the distance between the previous barcode and 
the predicted current barcode using dpx, dpy and odometry data. 
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The barcode reader gives the x, y value of the current barcode 
and dcx, dcy which are the distances from the current reading 
barcode to the robot center. The current barcode mod is obtained as  

,2modcxcx BM =                 (6) 

.24modcycy BM =                 (7) 

Now, we can calculate corrected robot position: 

 α+−++= )( pxcxxpc ddLxx ,            (8) 

β+−++= )( pycyypc ddLyy .            (9) 

In (8) and (9), α and β compensate the difference between the 
predicted barcode and the real barcode. Table 1 shows the values 
of α and β. 

In the case that some area of the floor is occupied by paper or 
carpet, when the robot passes onto the occupied floor, the robot 

Table 1. Values α and β for updating robot position. 

Mpx – Mcx Mpy – Mcy α β 

0 0 0 

1 0 Dy 0 

-1 0 - Dy 

0 Dx 0 

1 Dx Dy 

-1 Dx - Dy 

-3 - Dx 0 

-4 - Dx - Dy 

1 
(Mpx = 0) 

-2 - Dx Dy 

3 Dx 0 

4 Dx Dy 

2 Dx - Dy 

-1 - Dx - Dy 

0 - Dx 0 

1 
(Mpx = 1) 

1 - Dx Dy 

 

accumulates odometry information without updating its current 
position. 

In this environment, mapping is necessary to describe the 
relationship between flooring pieces. After mapping, the robot has 
barcode information of the whole region, thus the robot can 
recover from having been kidnapped. It can also represent the 
indoor environment using the topological structure. Mapping can 
be done using the algorithm which will be explained in the next 
section. 

IV. Navigation 

For an indoor environment having several rooms, each room is 
enclosed with walls; thus, the robot should pass through a doorway 
to move to other rooms. For this reason, we create a topological 
map which includes information about the relative location of 
rooms. Many papers explain the combination of topological and 
metric mapping. Some researchers [14], [15] have tried to use the 
features of a room. However, in navigation, there has been no trial 
to pass a robot through a doorway to move to another room. We 
offer a new edge definition that is suitable for this function. This 
topological representation of the indoor environment was an 
advantage in computation. We only need to load the local map 
instead of the full map during navigation. In this section, we 
explain how to define nodes and edges and how to compose a 
topological map and a local map. We also explain how to obtain 
barcode information of the whole area. Because the robot has 
barcode information of the whole area after mapping, the robot can 
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localize itself in any location. 

1. Definition of Node and Edge 

For mapping and navigation, we assume the following: 

Assumption 1. Navigation and Mapping 

1) The robot can move between rooms: There can be no doorsill 
or closed door. 

2) The flooring of the room is covered with invisible barcodes: 
Localization is performed using odometry and barcode data. 

3) The size of the region to build a map is limited to an indoor 
environment. 

4) Obstacles cannot move while robot is doing mapping: 
Obstacles are allowed to move after mapping, but there can 
be no dynamic obstacle while building a map. 

5) There is no case in which the robot is unable to cross into 
another region because of obstacles. 

In a general topological structure, an edge is a connection of 
nodes which are distinct places. However, we will recharacterize 
what constitutes an edge first, because edges are more important 
than nodes in our topological map. An edge is a way to other nodes. 
The explicit characteristics of an edge are as follows. 

Definition 1. Edge 

An edge is the position between static obstacles which connects 
two regions. This corresponds to, for example, the location of a 
doorway connecting two regions. More specifically, an edge can 
be defined as 

1) the empty area between static obstacles where a robot can pass, 
2) the width W between static obstacles: 

width),door:Lrobot,ofradius:(R,
2
3 LWR << and 

3) the connection between nodes. 

Door width is standardized in countries throughout the world, 
and it is between 0.7 m and 1.5 m in most countries; therefore we 
choose 1.5 m for the value of L. There are two types of edges. 
Type A exists to the left or right when a robot follows a wall. Type 
B exists in front of a robot (Fig. 4). The data of edges includes 
indexes of the start node and end node, the starting position and 
ending position, and the relative position between the start node 
and end node. The edge defined above has the following 
properties: 

Property 1. Edge 

1) Both terminations of an edge are nodes: The termination of an 
edge must be linked to a node and nodes linked to the edge 
must not be the same. 

2) An edge which has the same indices of linked nodes and the 
same position is the same edge. 

3) There can be many edges which link two regions.  

Definition 2. Node 

A node is a region linked to other node by edges and surrounded 
by static obstacles or walls. 

The data of a node includes the node index, the data of linked 
edges and the local grid map. A node can be considered as room, 
thus an indoor space can have several nodes. The reason each node 
has its own grid map is to prevent the accumulation of errors in 
each node. If a robot has one total grid map, errors affect the whole 
region. On the other hand, when the robot has a grid map of each 
node separately, errors in each node are mutually independent. A 
node has the following properties. 

Property 2. Node 

The region of a node does not overlap with other nodes. 
Property 2 can be used to solve the cyclic problem.  

 
 

Fig. 4. Edge types: (a) type A (b) type B. 
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2. Finding a New Edge 

Because the measurement distances of sensors using IR are not 
long, a robot would not be able to sense the whole area 
simultaneously. For this reason, a robot should basically follow walls 
at first. While a robot is following the walls it can detect edges. 

3. Creation, Elimination, and Merging of Edges 

We defined nodes and edges as in previous section; however, 
there are many cases in which the edge definition does not clearly 
apply (Fig. 5).  

Figure 5(a) illustrates a case in which there are two edges to 
cross to another node. For example, in some cases there are two 
doors between two rooms. In such a case, the robot creates two 
edges. In Fig. 5(b), there is one door between rooms, but the robot 
detects two edges because of an obstacle. This case is not a 
problem, because the robot can cross to another node using any  
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Fig. 5. Exceptional cases in edge mapping. 
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edge. In Fig. 5(c), there is one door, and there is no difference 
except a slight change in the starting position of the edge. In Fig. 
5(d), there is one door, but the robot can not detect the edge 
because of an obstacle. In assumption 1, we stated that there 
cannot be a case in which a robot is unable to cross to another 
region because of obstacles. In Fig. 5(d), the robot cannot move to 
the other node. This contradicts assumption 1, as the robot can not 
move to the other node; therefore a case such as that shown in Fig. 
5(d) should not occur during mapping.  

Figure 5(e) and (f) shows exceptional cases which occur in 
mapping. The case shown in 5(e) is regarded as having edges 
between the obstacle and the wall. We define these edges as fusion 
edges which should be eliminated. Fusion edges are one of a pair, 
and nodes linked to the fusion edge and the other edge are the same. 
As we have defined the properties of an edge, the nodes linked to 
edges must not be the same. Therefore, fusion edges are not real 
edges. When a robot crosses to a new node using the unexplored 
edge (fusion edge), the robot can become aware that the same edge 
exists in the current node. When two edges are the same as each 
other in the same node, the fusion edges are eliminated.  

Figure 5(f) does not show an edge, but the robot believes that 
there is an edge in pre-mapping. However, when crossing using 
this edge, a robot is aware that the edge is not connected to another 
node. As we have defined the properties of an edge, termination of 
an edge must be linked to a node. Therefore, this edge is not a real 

edge. We define such an edge as a dead-end edge and it is 
eliminated from the topological map.  

The last exceptional case is the cyclic case. A cyclic case is 
illustrated in Fig. 5(a) and (b). As we have defined the properties of 
a node, the region of a node does not overlap another node. When 
a robot finds a new node, it examines whether the new node 
matches previous nodes. The robot changes its current position to 
relative positions of each node. If the changed relative position 
belongs to any node, the new node is matched to that node. If the 
new node matches a previous node, it is not added to the 
topological map, and the current edge is also merged into the same 
edge which existed in the previous node. 

4. Composition of Topological Map and Local Map 

Each node has three kinds of data: the node index, the data of 
linked edges, and the local grid map of the node. The node index is 
an integer value. The edge data comprises three kinds of 
information: indexes of the start and end nodes, the starting and 
ending positions, and the relative position between the start node 
and end node. The local grid map of a node is a kind of cell array. 
Each cell has barcode information (x, y) and probability of 
occupancy. There are hundreds of cells in the local grid map of a 
node, and there are one or two nodes per room. However, because 
each node has a local grid map, we can have the barcode 
information and probability for the whole region. In each node, the 
robot uses only the local grid map which corresponds to the 
current node. In the next section, we explain the exploration 
procedure used to compose the map. 

5. Exploration Procedure 

Using the previous definitions and edge handling, the overall 
procedure of navigation for exploration is shown in Fig. 6. We 
solve the localization problem using the method described in 
section II. If the robot has barcode information of the whole area, 
the robot can localize itself in any position. Therefore, the robot 
should navigate to make a whole map. The navigation procedure 
has several steps. 

A. Pre-Mapping 

In this step, a robot basically follows the walls. When the robot 
follows the walls, it can detect candidate edges and it should not 
cross edges. After pre-mapping, the robot knows the number of 
candidate edges, the start positions of the candidate edges and the 
outline of the node. 

B. Full Mapping 

Full mapping is the step in which the robot explores the whole 
region of the node. We use a zigzag algorithm, but this algorithm  
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Fig. 6. Overall procedure of exploration. 
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is not efficient. Other coverage algorithms could be used in this 
step to fill one node. However, that is not the main focus of this 
paper. In future work, we will improve the full-mapping mode. 

C. Move to a New Node 

After full-mapping, the robot checks whether any unexplored 
edge exists in the current node. If unexplored edges exist in the 
current node, the robot moves to the starting position of an 
unexplored edge using the A* algorithm. After reaching the 
starting position of the edge, the robot moves through the edge 
region until perceiving a new node. In the case shown in Fig. 5(f), 
the robot is not able to find a new node an reaches a dead-end. The 
robot eliminates the dead-end edge in this case.  

In the case of a new node, the robot checks for the type of case 
shown in Fig. 5(e). If the ending position of the current edge is 
adjacent to the start position of the other edge, they are fusion 
edges as in Fig. 5(e); therefore, the two edges are eliminated.  

Finally, the robot checks whether the new node has been 
explored previously. This is to prevent the occurrence of a cyclic 
case as shown Fig. 5(a) and (b).  

When the node is not a cyclic case, the robot makes a new node 
and adds this node to the topological map. In the new node, the 
robot resets its current position as (0, 0), makes a new local grid 
map, and executes pre-mapping. 

D. Move to Last Node 

When no unexplored edge is found, the robot moves to the last 
node (commonly called the parent node). In this step, the moving 
algorithm of the robot is the A* algorithm which was used in moving 
to a new node. In the last node, the robot checks whether an 
unexplored edge exists. If an unexplored edge exists, the robot moves 
to the new node. However, if there is no remaining unexplored edge 
in the node, the robot moves to the parent node of the current node. 
Consequently, the robot comes back to the first node. When there is 
no unexplored edge in any node, the mapping procedure is finished. 
Commercially, once the mapping is done, a user can command the 
robot to clean a specific room using the node index. 

6. Advantages of Proposed Navigation Algorithm 

Map building with topological information using our definition of 
edge and node has several advantages in comparison with map 
building using other topological information. First of all, when 
making a path to a certain position in another node, instead of 
scanning the whole map, we can search indexes connecting the start 
node with the target node and paths to the starting positions of edges 
in each node very simply without computational burden. Secondly, 
the robot moves to another node after completely covering or 
exploring one node. It is very efficient, because there are many walls 
and obstacles in an indoor environment. When a coverage and 
exploring algorithm is applied to the whole environment, walls and 
obstacles will disturb the algorithm. We will analyze efficiency using 
time and distance of path in a future study. Finally, errors that occur in 
each node are mutually independent, so this limits errors in mapping. 

V. Results 

1. Simulation Results 

We performed simulations to validate the navigation performance of 
the proposed system using topological information in an environment 
closely resembling a real indoor environment as shown in Fig. 7(a). 
Figure 7(b) shows the topological structure of the environment. The 
robot radius is 210 mm, the dimensions of the environment are 8 
m×12 m and the wall thickness is 100 mm. We assumed that a robot is 
unable to go into the bathroom or the utility room. 

After the simulation, the indoor environment in Fig. 7(a) was 
divided into six nodes. Case 1 in Fig. 7(a) is an example of the case 
shown in Fig. 5(c); an edge is created between the wall and a pot. 
Case 2 is an example of the case shown in Fig. 5(f). In case 2, the 
irregularities of the wall were treated as edges at first, but these 
were not connected to any other node, so when crossing to a new 
node, these were eliminated. Case 3 is an example of the case 
shown in Fig. 5(e). In this case, the robot thought that two edges 
existed at first. When crossing into the new node, the robot could 
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Fig. 7. Indoor environment in simulation: (a) simulation
environment and (b) topological structure. 
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Fig. 8. Local grid map: (a) node 1, (b) node 2, (c) node 3, (d)
node 4, (e) node 5, and (f) node 6. 
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know that these were the same. Because these edges are fusion 
edges, both edges were eliminated. Figure 8 shows the local grid 
maps of each node after mapping. From these results, we know 
that in cases 2 and 3 irregularities and obstacles were not treated as 
edges. Node history was as follows: node 1 → node 2 → node 
1 → node 3 → node 1 → node 4 → node 1 → node 5 → 
node 6 → node 5 → node 1. 

Table 2. Final robot position. 

 xposition (cm) yposition (cm) 

Real position 1.0 3.6 

Odometry 79.1 -62.3 

Corrected position 0.1 0.2 

Odometry error 78.1 -65.9 
Corrected position error -0.9 -3.4 

 
2. Localization Experiment 

Two sets of experiments were performed to validate localization 
performance using the robot shown in Fig. 1(a). This robot does 
not have good encoders (300 pul. / rev.) and it moves on wheels; 
therefore, the odometry data is vastly inaccurate. In this section, we 
show that localization is possible even using this inaccurate 
odometry and barcodes. 

The first experiment followed a 1.5 m × 1.5 m rectangular path. 
The robot autonomously navigated the path eleven times at a 
speed of 0.15 m/s and returned to the initial position. The total 
navigated length was 66 m. Figure 9(a) shows the results of 
localization using barcodes. The red line represents the odometry 
path and the blue line shows the path corrected by barcodes. As 
shown in Fig. 9(a), the odometry error is unbounded, but the 
corrected data using barcodes is definitely accurate. Table 2 shows 
the final robot position. The error of odometry with respect to the 
real position is (78.1, -65.9) cm and the error of the corrected robot 
position is (-0.9, -3.4) cm. The error in the corrected robot position 
is caused by dcx and dcy, the distance from the current reading 
barcode to robot center position. Because they are calculated from 
images obtained by the barcode reader, we need precise calibration 
for accurate calculation; however, this error is bounded and does 
not exceed the distance of the intervals between barcodes. This 
experiment shows good performance in localization. 

In the first experiment, the robot trajectory could not be shown 
to follow a rectangular path accurately because we did not know  
the real path of the robot except the start and end positions.  

The second experiment was performed in a 340 cm×270 cm 
room. The robot followed the wall using GP2D120 sensors. The 
robot autonomously navigated five times at a speed of 0.15 m/s. 
Figure 9(b) shows the results of the robot following the walls. The 
red line shows the odometry data, the blue line shows the corrected 
robot path, and yellow dots show the position of the walls as 
calculated by sensor distance and corrected robot position. The 
yellow dots and blue line show good agreement with the locations 
of the real walls and the real path. In contrast, the odometry error 
gradually increases.  

These two sets of experiments show excellent localization 
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Fig. 9. Experiment results of localization: (a) result of rectangular 
path navigation and (b) result of robot following the walls.
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Fig. 10. Experimental environment. 
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performance. 

3. Navigation Experiment 

We performed experiments to validate the navigation 
performance using topological information in the various  

 

Fig. 11. Topological structure of environments. 
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environments (see Fig. 10). Navigation experiments were carried 
out using our BSR-I differential-drive robot equipped with seven 
IR sensors (GP2D120 and GP2YOA02YK). When the robot 
receives distance information from a position sensitive detector 
(PSD) sensor, it updates the probability values of cells. We use 
basic Bayes filters using an inverse sensor model to update the 
values of cells [16]. The robot autonomously navigates and builds 
a map of the unknown environment. In this section, we explain the 
experimental results which demonstrate how to manage the 
various edges illustrated in Fig. 5. 

A. Composition of Topological Map 

First, we performed an experiment in an environment 
comprising three nodes as shown in Fig. 10(a). Figure 11(a) shows 
the generated topological structure of the environment. After 
building a map of the first node, the robot knew that the first node 
had one unexplored edge. It then moved to the second node using 
the unexplored edge. After mapping the second node, the robot 
knew that the second node had one unexplored edge and one 
explored edge. After mapping the third node, there was no 
unexplored edge. The robot finally moved again to the first node. 
Figure 12 shows the local grid map of each node. 

B. Experiment Result of Case 1 (Fig. 5(a)) 

In a home environment, it is possible to for several edges to exist 
which link two rooms. In Fig. 10(b), there are two edges between 
two nodes. Figure 11(b) shows the topological structure of the  
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Fig. 12. Local grid map of three-node environment: (a) node 1,
(b) node 2, and (c) node 3. 
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Fig. 13. Local grid map in case 1 environment: (a) node 1 and (b)
node 2. 

(a) (b) 

 
 

 

Fig. 14. Local grid map of case 2 environment: (a) node 1 and (b)
node 2. 
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environment. This topological structure is a cyclic loop. If the 
robot cannot recognize the same node when it comes back to the 
first node, it falls into an infinite cycle. However, as the region of a 
given node cannot overlap any other node, when the robot comes 
back to the first node, it can recognize that the current node is not 
the third node but first node. This is because the robot has the 
information of relative position between nodes. When the robot 
recognizes that the current node is the first node, it does not add a 
new node and it updates the information of the first node. Figure 
13 shows each local grid map after map building.  

C. Experiment Result of Case 2 (Fig. 5(b)) 

In case 2, there are two edges which are formed by an obstacle. 
The robot can cross to another node using any edge. The 
topological structure of case 2 is the same as that shown in Fig.  

 

Fig. 15. Local grid map: (a) case 4 and (b) case 5. 

(a) (b) 

 
 
11(b). Figure 14 shows each local grid map after mapping Fig. 
10(c). 

D. Experiment Result of Case 3 (Fig. 5(c)) 

In case 3, there is obstacle in an edge area as in case 2, but the 
robot detects one edge. There is no difference except a slight 
change in the starting position of the edge and the robot can move 
to another node using this edge. 

E. Experiment Result of Case 4 (Fig. 5(d)) 

In Fig. 10(d), the robot is not able to cross to another region 
because of obstacles. This contradicts assumption 1; therefore, case 
4 should not occur during mapping. Figure 15(a) shows the result 
of mapping the first node. 

F. Experiment Result of Case 5 (Fig. 5(e)) 

Edges are defined as fusion edges when they exist between a 
wall and an obstacle as shown in Fig. 10(e). After pre-mapping, 
the robot has two unexplored edges which are fusion edges. 
However, the robot is aware that the unexplored edges are fusion 
edges when crossing to a new node. The unexplored edges are 
eliminated from the topological structure. Figure 15(b) shows the 
local grid map after mapping. 

G. Experiment Result of Case 6 (Fig. 5(f)) 

In Fig. 10(f), there are two nodes and one dead-end edge.  
After mapping the first node, the robot has left two edges 

unexplored, one of which is a dead-end edge. When the robot 
crosses the dead-end edge, the robot is aware that it is not 
connected to another node. It contradicts the properties of an edge, 
so the dead-end edge is eliminated. Figure 16 shows the local grid 
map after mapping.  

The results of the presented experiments are the initial results of 
our algorithm, but the basic structure of the algorithm need not be 
changed even if it is performed in a more realistic environment. 
Our algorithm is suitable for cluttered indoor environments such as 
homes and offices. In a cluttered environment, it is difficult for a 
robot to make a path using previous methods of map composition;  
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Fig. 16. Local grid map of two nodes including one dead-end 
edge environment: (a) node 1 and (b) node 2. 
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Fig. 17. Overall procedure of kidnap recovery. 
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however, a robot can make a path much more easily using our 
algorithm. When making a path to a certain position, instead of 
scanning the whole map, the robot can search indexes connecting 
the start node with the target node and paths to the starting 
positions of edges in each node. This is possible because the robot 
has the local grid map of every node.  For this reason, paths using 
our algorithm are more optimized than other paths. 

4. Kidnap Recovery 

To verify that a robot can find its absolute location using our 
system, we carried out an experiment to solve the kidnapped robot 
problem [17]. After mapping, a robot has the barcode information 
of the whole region, thus the robot should be able to recover from 
a kidnap situation in which it would be moved to a random 
position without being told. Using our system, the robot can 
represent the indoor environment using the topological structure. 
When the robot reads a barcode, it compares the barcode to all of 

the barcodes in the local maps of every node. Because there is no 
rule for the placement of each piece of flooring except that the 
pieces are laid with a y-directional interval of three barcodes, it is 
possible for identical barcodes to exist near each other. Therefore, 
the robot cannot find its location after reading only one barcode. 
However, after the robot reads several barcodes, it can find its 
location by comparing an array of barcodes in the local maps. The 
overall procedure of kidnap recovery is shown Fig. 17. This 
recovery was experimentally verified. In the experiment of kidnap 
recovery, we commanded the kidnapped robot to move to a 
specific position after mapping. We validated that the robot could 
find its absolute location after finding the matching barcode. 

VI. Conclusion 

This paper proposed a localization and navigation algorithm to 
provide topological information for the movement of robots in 
indoor environments using invisibly barcoded flooring. The 
proposed algorithm has several advantages.  

First, we solved the localization problem using invisible 
barcodes. This solution shows excellent localization performance 
with only a few centimeters of error for the whole region of a 
homelike environment. After mapping, it is also possible for a 
robot to recover from being kidnapped. We also proposed a 
compensation algorithm of prediction and correction to cover the 
case when a barcode is damaged or when a sensor signal is noisy. 
Moreover, we suggested new definitions of node and edge and 
proposed a navigation algorithm which is suitable for indoor 
navigation, especially for large area having multiple rooms, many 
walls, or many static obstacles. Because the navigation algorithm 
uses topological information, a robot can move into other zones 
after exploring one region. This algorithm also has the advantage 
that the errors occurring in each node are mutually independent. It 
also has computational efficiency to make paths. Simulation and 
experimental results showed that the proposed algorithm is 
suitable solution for commercial robot navigation in indoor 
environments, although the system requires new flooring. 
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