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Abstract. One of the most basic tasks for any autonomous mobile robot
is that of safely navigating from one point to another (e.g. service robots
should be able to find their way in different kinds of environments). Typ-
ically, vision is used to find landmarks in that environment to help the
robot localise itself reliably. However, some environments may lack of
these landmarks and the robot would need to be able to find its way
in a featureless environment. This paper presents a topological vision-
based approach for navigating through a featureless maze-like environ-
ment using a NAO humanoid robot, where all processing is performed
by the robot’s embedded computer. We show how our approach allows
the robot to reliably navigate in this kind of environment in real-time.
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1 Introduction

One of the most basic tasks that any autonomous mobile robot is expected to
perform is that of safely navigating from one point to another. For instance,
service robots should be capable of bringing and taking objects from one place
to another in different kinds of environments, such as homes, offices, factories,
etc. To solve the navigation problem two other problems need to be taken into
account, namely, localization and mapping. Localization is the problem of know-
ing where the robot is in the environment, whilst mapping is the process of
creating a map of such environment in order to know where to go [1,2]. Sen-
sors such as cameras, sonars and laser range finders are used, individually or
in combination, to tackle these problems. Visual information is commonly used
for robot localization, where the autonomous detection of visual landmarks (e.g.
posters on walls, signs, etc.) in the environment help the robot to discriminate
between different places, and so the robot is able to know approximately where
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it is [3,4]. However, these landmarks might not be static and could disappear
or move at some point in time. Furthermore, for some environments, such as
office buildings, is difficult to find reliable visual landmarks. The contributions
of this paper are twofold: (i) it presents a topological vision-based approach for
navigating through a featureless environment in form of a maze, and (ii) it shows
how a humanoid robot is able to navigate through this environment in real-time.

Our work is implemented using the NAO humanoid robot, a standard robotic
platform developed by Aldebaran Robotics. NAO has 25 degrees of freedom, two
video cameras, two sonars, two bumpers on its feet, tactile sensors on its head
and arms, force sensors and an inertial unit (Fig. 1A). It is important to note that
the video cameras are not located in the “eyes” of the robot, it has a top camera
on its forehead and a bottom camera on its “mouth”. Furthermore, the cameras’
field of view do not intersect, i.e. it is not possible to use stereo vision. For
processing, the robot has an embedded computer with an Atom microprocessor
and a Linux-based operating system. The only sensor used in this work is the
bottom camera, as it is able to provide the robot with visual information about
both, the walls and the floor of the environment. The top camera’s field of view
barely obtains information about the floor, so it is not used at the moment. All
processing is performed by the robot’s embedded computer in real-time.

Fig. 1. A. The NAO humanoid robot and the location of some of its sensors. B. Photo
of the NAO robot solving the maze.

The robot has the task to navigate and successfully exit a maze with fea-
tureless walls and floor (Fig. 1B). The robot knows it has reached the end of
the maze by detecting a black strip on the floor located at the exit. The colour
of the walls is white and the floor is made of wood. The robot is placed at the
entrance of the maze and the goal is to finish the maze in the shortest amount
of time. To perform the task our approach builds a topological map (i.e. builds
a model of the environment as a graph) using vision, then the robot uses this
graph in order to know where it is and to decide which path to follow.



Vision-Based Humanoid Robot Navigation in a Featureless Environment 171

The paper is structured as follows. Section 2 analyses related work, Sect. 3
describes our vision-based navigation approach, Sect. 4 discusses some exper-
iments performed to test our approach, and Sect. 5 presents conclusions and
future work.

2 Related Work

Navigating in an unknown environment is a hard problem. The first thing to take
into account is the kind of environment. Well-structured environments, such as
assembly lines, are relatively easy to navigate since things are not expected
to move. On the other hand, unstructured enviroments, such as highways or
homes, are more difficult because they are dynamic and non-deterministic [1].
Moreover, we can refer to indoor or outdoor environments. Another thing to take
into account is the type of map that the robot could use for navigation1. Metric
maps represent the environment using a set of geometrical features and raw data
obtained from the robot’s sensors, this allows the localization and mapping to
be more precise, although it requires more memory and difficult calculations.
In contrast, topological maps represent the environment by means of a graph
structure, which is not as precise as metric maps but it requires less memory
and demand less calculations. Finally, hybrid maps combine the previous two
types of maps [4]. It is important to note that the map could be created on-line
(i.e. while the robot is navigating) or off-line (i.e. the map is given to the robot
a priori). In terms of the environment, our work deals with an indoor semi-
structured environment. The maze does not have static or dynamic obstacles,
but it is non-deterministic. Our work makes use of topological maps created
on-line.

An example of navigation in a well-structured environment is presented in
[6]. Here, a Lego robot navigates inside a maze in order to reach designated loca-
tions. Because the robot uses photoelectric sensors for navigation, black strips
are placed in the maze so that the robot can follow them. The robot knows it has
encountered a junction because a white square is placed in the path. Although
we also use a maze, we do not place reliable marks in the environment so that
the robot stays in the middle of the path or to know when it has reached a junc-
tion. More complex approaches allow mobile robots to localise themselves and
build maps simultaneously by detecting salient visual landmarks in the environ-
ment (e.g. [3,5]). These approaches have proved to be succesful in indoor and
outdoor environments. Our problem at the moment is to deal with a featureless
environment, thus no landmarks are available to us.

To successfully navigate in a featureless environment the robot should be
able to detect walls, floors, doors and corridor lines. In [7], the authors deter-
mine the corridor lines location and the vanishing point by using three stages of
image processing: linear feature extraction, line generation by subtractive clus-
tering, and confirmation of corridor lines by counting the number of vertical
1 The robot does not need to follow a map, some works make use of reactive behaviors

in order to navigate through an environment [13].
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lines that fall onto the proposed corridor lines. In [8] a technique based on stereo
homography is proposed for robust obstacle/floor detection. A fast stereo match-
ing technique is used to find corresponding points in the right and left images,
and then for each pair of matched points, its symmetric transfer distance from
the ground homography is computed. Regions with enough points close to the
ground plane homography are classified as floor, and the remaining regions are
labeled as obstacles. [9] explores the usefulness of a omni-directional camera for
identifying corridor status when a mobile robot has to map an unknown maze.
Their work is divided in two parts: (1) algorithm for processing image data and
(2) algorithm for identifying corridor condition. The image processing algorithm
delivers two digital pictures of the front of the robot, labeled as left side and
right side. Those pictures are processed separately by the second algorithm which
reports any possible condition of the corridor: (a) straight-way (b) end-corner
(c) end-turning (d) crossing-point. Our work follow a similar approach to these
three works in the sense that we also detect walls, floor and types of junctions.
Nevertheless, we restrict ourselves to what the NAO robot offers, so stereo vision
or omni-directional cameras cannot be considered.

In [10], it is described an approach to generate walking commands that enable
a NAO robot to walk at the center of the corridor using only visual informa-
tion with no a priori knowledge of the environment. To do so, they extend a
technique used in unicycle robots that can cope with turns and junctions as
well. The experiments are performed on just one corridor, not a complete maze.
An approach for navigation in a real office environment using the NAO robot
is described in [11]. However, they assume that the metric map is given to the
robot and landmarks are place around the environment for localization.

Finally, [2] presents a survey for visual navigation mobile robots, where they
explore approaches using metric and topological maps. On the other hand, [4]
present a survey where only topological approaches to simultaneous localization
and mapping are described.

In this paper, we propose a technique based on the watershed segmentation
algorithm and the k-means clustering for the wall/floor classification of the scene
in order to exit a maze using the NAO humanoid robot. Technical details of our
proposal are shown in the next section.

3 Visual-Based Navigation Approach

The goal of our approach is to allow a humanoid robot to reliably navigate
through a maze-like featureless environment in the shortest amount of time.
To achieve the task the robot follows a visual-based approach which could be
divided into the following tasks:

– Visual processing: The robot captures an image using its bottom camera
every time it is not moving (no visual information is gathered whilst walking).
This image is processed in order to determine which regions are walls and floor.
Once this is done, those detected regions are classified into different classes of
intersections or junctions.
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– Mapping: According to the class of junction currently detected, the robot
builds a map in real-time by adding nodes into a graph structure which rep-
resents the paths where the robot could go.

– Navigation: Based on the topological map being created and the identified
junctions, the robot decides which node to visit next based on its current pose
(position and orientation) and a wall-following algorithm.

3.1 Visual Processing

This task has two main goals: (i) detect and identify which regions of the image
are walls and floor, and (ii) determine what kind of intersection or junction the
robot is facing. This task starts by acquiring the image using the NAO’s bottom
camera and applying a smoothing filter in order to reduce part of the noise
present in the image. Visual processing was implemented using OpenCV.

Wall and Floor Detection. The first step is to segment the image using the
marker-controlled watershed algorithm [12]. Basically, this algorithm tries to find
edges based on the image’s gradient and by determining different markers within
the image. The algorithm then simulates filling with water regions of the image
starting from each of the previously defined markers. This filling ends when a
border is found between regions. Because each region is filled according to its
gradient, the borders or edges found by the algorithm commonly represent the
contours of objects. Figure 2B shows the result of applying the watershed algo-
rithm to the original image. The problem with this technique is to determine
how many and where to place the markers within the image. The number of
markers will determine the number of regions in which the image will be seg-
mented. For the maze problem, around 4 regions could represent walls and floor,
however if they are not placed in the correct part of the image the algorithm
could not return the correct regions. We divided the original image into a 6× 6
grid, which results in 36 cells. A marker was randomly placed inside each of
these cells, thus 36 regions resulted after segmentation. In order to guarantee a
correct segmentation, the watershed algorithm is repeated 2 more times.

The following step is to merge all 10 segmented images in order to find the
edges that separate walls from the floor. To achieve this a voting mechanism is
followed, where those edges found in at least five of the segmented images are
taken as valid edges. At the end of this step we end up with an image showing
the borders and regions that form walls and the floor (Fig. 2C).

Next, we need to label each of the found regions as “floor” or “wall”. To
do this we make use of the k-means algorithm for clustering data. K-means is
fed with four values that come from each of the found regions, i.e. for each
region found after segmentation four values are calculated that represent such
region. Three of these values are the average of the region’s pixels in each HSV
channel, and the fourth value is the average of the blue RGB channel. In order
to find the pixels for each region and calculate the averages, masks are defined
for each region using the contours generated from the segmentation (Fig. 2D).
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Fig. 2. The goal of the visual processing task is to determine what type of junction
the robot is currently facing. A. The robot acquires an image. B. The original image is
segmented and this process is repeated 3 times. C. The 3 segmented images are used
to find the wall and floor edges. D. Masks are obtained for each region delimited by
the found edges. E. K-means classifier is used to determine which regions are walls and
floor. F. The angles formed by the edges are calculated which allow the robot to know
the type of junction.

After clustering these values we end up with two groups of regions. These two
groups still need to be labeled. Because the floor should have a higher level in
the red RGB channel (because is a woodfloor), the group with the higher level
of red is labeled as “floor”, whilst the other is labeled as “wall”. If it is the case,
all regions belonging to the “floor” group are merged together (Fig. 2E).

Junction Classification. Once visual processing has detected which parts of
the image are walls and the floor, the robot needs to determine which type of
junction appears in the image in order to make a decision about where to go.
We have defined four types of junctions: L-right, L-left, T-junction and dead-end
(Fig. 3). To find the type of junction the angles between each edge forming the
floor are calculated (from the segmented image as explained above). The vertices
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Fig. 3. The four types of junctions defined in this paper, and the nodes used to repre-
sent each junction. These nodes are added to the graph (map) as the robot faces each
type of junction.

forming an edge are calculated by approximating a polygon with the shape of
the floor. With the obtained angles the robot is able to classify the left, right
and front walls. So, for instance, if the left wall intersects the front wall and the
right wall does not, then the robot has encountered an L-right junction (Fig. 2F).
If the right nor the left wall intersect the front wall, then the robot is facing a
T-junction.

3.2 Mapping

Having identified the type of junction that the robot is facing then it is time
to build the map of the maze. The physical maze is a rectangular area of 3.5 m
in length, 2.1 m in width and 0.6 m in height. The width of all corridors is
0.7 m. To simplify the mapping process the maze is discretised into 3× 5 cells
of approximantely 0.7× 0.7 m. The map is represented by a graph, where each
node represents a cell of the maze, and each edge represents a safe path where
the robot can navigate. A node in the graph could have up to four neighboring
nodes, one for each direction the robot could go. Initially, the map only contains
the node where the robot starts. Then the robot builds the map as it moves
through the maze. Every time the robot makes a turn or walks forward around
0.5 m, an image is acquired, processed and the map is updated. Each update
adds a number of nodes according to the type of junction detected. Figure 3
shows different types of junctions and the nodes and edges related to each type.

3.3 Navigation

Finally, the robot turns or walks according to the map being built. The nodes in
the graph show the robot those parts where it is safe to move. At this point, the
robot follows a simple maze-solving strategy called “wall follower” algorithm [13].
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Fig. 4. A. Example of a maze solved by the wall-follower algorithm using the right
turn. B. Virtual view of the maze environment.

The idea is to always follow the left or right wall in order to find the exit. It is
shown that the algorithm guarantees to solve the maze if and only if the maze
has all its walls connected. For this paper, the robot always tries to go right, if
there is no path available it chooses to go forward, otherwise it goes left. The
last option is to go backwards, which sometimes is needed if there is a dead-end.
At the end of the maze a black strip was placed on the floor so that the robot
could know it has finished the maze (Fig. 4). It is important to note that once
the map is built, the wall-following strategy is no longer required and a more
intelligent path could be found. The robot uses both, the wall-following strategy
to take quick decisions about where to go next, and the built map to consider
other paths not previously available. Furthermore, once the robot has built the
map of a particular maze, it can just use the map to successfully navigate the
maze again.

Another problem during navigation is that the robot must center itself within
the corridors. This problem was solved using the calculated angles found after
a junction was classified. The angles determine if the robot has drifted away
from the center, if so it moves back so that the horizon remains approximately
horizontal.
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4 Experiments

Our vision-based navigation approach was tested in two ways, in simulation and
using the real robot. In both cases the goal of the robot is to find the exit in the
shortest amount of time. The robot knows it has reached the end of the maze by
detecting a black strip on the floor located at the exit. The colour of the walls
is white (the physical walls are made of melamine), whilst the floor is made of
wood. The robot is placed at the entrance of the maze and the goal is to finish
the maze in the shortest amount of time. We recorded the number of times the
robot successfully finished the maze and the times that it could not finish.

For the simulation we used Webots for NAO, which allows the creation of
virtual environments (Fig. 4B shows a screenshot of the simulator). Here, the
robot was tested in 3 maze designs (Fig. 4B shows one of these designs), where
there were 18 attempts for each design. Taking into account all 54 attempts, the
robot successfully finished the maze in 82 % of the cases taking 9 min on average
on each attempt. The 18 % of the attempts the robot did not find the exit due to
falls or failures in the algorithm. Even in simulation the robot drifts away from
the center and could hit the walls. In other cases the visual processing could fail
in detecting the correct junction.

Experiments with the real robot were performed in just one maze design, as
shown in Fig. 1B. The robot made 35 attempts to solve the maze, where 88 %
of the cases the robot successfully finished the maze, taking an average time of
7.30 min. In 5 % of the cases the robot would go back to the entrance, and in
7 % did not find the exit. This is mainly due to the noise in the images (e.g.
illumination, shadows, depth of the walls etc.) and noise in the actuators (e.g.
the robot would drift whilst walking).

5 Conclusions and Future Work

This paper presented a vision-based approach for robot navigation through a
maze-like featureless environment. This approach was implemented in a NAO
humanoid robot performing the task in real-time, where all processing was done
in the robot’s embedded computer. Navigating in a featureless environment is
important since some real-world places such as office buildings do not have land-
marks which the robot could use to localise itself. Our experiments demostrated
how our vison-based approach is, in general, reliable, although improvements
and more experiments need to be done. The main problem is that there is uncer-
tainty at different levels in the system. In particular, one of the main problems is
the noise due to illumination changes. For future work, wall and floor detection
could be improved by defining a more efficient segmentation algorithm, since the
number of images used to determine the regions was obtained empirically. Also,
junction classification is a critical sub-task which needs further testing. We are
planning to combine sonar and visual information in order to better determine
the depth of where some walls really are. Finally, our goal is to have the NAO
navigating in a real office environment where landmarks will also be considered
in order to increase the reliability of the system.
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