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Abstract. We present a stereo vision based global self-localization
strategy for tiny autonomous mobile robots in a well-known dynamic
environment. Global localization is required for an initial startup or
when the robot loses track of its pose during navigation. Existing ap-
proaches are based on dense range scans, active beacon systems, arti-
ficial landmarks, bearing measurements using omni-directional cameras
or bearing/range calculation using single frontal cameras, while we pro-
pose feature based stereo vision system for range calculation. Location
of the robot is estimated using range measurements with respect to dis-
tinct landmarks such as color transitions, corners, junctions and line
intersections. Unlike methods based on angle measurement, this method
requires only two distinct landmarks. Simulation results show that robots
can successfully localize themselves whenever two distinct landmarks are
observed. As such marked minimization of landmarks for vision based
self-localization of robots has been achieved.

1 Introduction

In mobile robotics the basic requirement for autonomous navigation in any en-
vironment is self-localization. There are two different approaches for position
estimation: global position estimation and local position tracking. Methods for
local position tracking suffer from accumulation of minute measurements to ob-
tain the final estimate, whereas, techniques for global position estimation, are
less accurate and often require significantly more computational power [1].This
leads to techniques [2, 3, 4, 5, 6, 7, 8, 9, 10] where local measurements are fused
with measurements from the robot environment. However, the robot must be
able to estimate its position from the very beginning or when/if it loses track of
its position during navigation.
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Currently, soccer robots of the size of Tinyphoon are marked on their top with
special patterns, which are then tracked for position estimation using a global
camera and a host computer. We aim at a shift towards complete autonomy,
where all sensing and processing is onboard. However, we look at localization
techniques of other (much bigger and slower) soccer robots and also of indoor
robots.

Gutmann et al. use a localization method based on dense range scans of the
surrounding walls [11]. Whereas, in another approach line segments from range
data are matched with the field model to estimate robot position [12]. These
methods require that the environment must be surrounded by rectangular walls.

There are several approaches using omni-directional cameras. The major ad-
vantage of these approaches is that the robot has a panoramic view of its en-
vironment and consequently can acquire more landmark features. Marques and
Lima [13] detect field lines using the Hough transform [14] and correlate them
with the field model to estimate the robot position. In [8] odometry is used to
calculate the expected position of landmarks and then a local search algorithm
finds their exact position. Whereas, Motomura et al. localize their robots using
dead-reckoning and angle measurements between two landmarks [5].

Approaches using single frontal cameras in conjunction with odometric sen-
sors are widely used for self-localization. These methods are either based on
calculating range and bearing based on known shape and size of landmarks or
enforce special constrains on environment features[15, 7, 16, 17].

Herrero-Pérez et al. [18] detect features such as goal posts and corners made
by the field lines. These features are treated as landmarks in a technique that
uses fuzzy logic to account for errors and imprecision in visual recognition.

Approaches using omni-directional cameras with viewing angle of 360 ◦provide
more landmarks but suffer from high cost of the mirror, low resolution of the
camera, and requirement of an additional space to fit the mirror and the camera.
With frontal cameras one can have high resolution but the field of view is limited.
Furthermore, range measurement using single image is too erroneous and the
approach cannot be used all the time [19].

To overcome these limitations we propose a stereo vision system with piv-
oted camera head. This approach would enable us to measure the distance to
landmarks and to use bi/trilateration approach to calculate robot position. The
pivoted camera head enables the robot to have a 360 ◦view of its environment.
The major advantage of our approach is that it requires less landmarks as com-
pared to the angle based methods.

In this paper we focus on global localization using stereo range measurements.
The robot environment consists of visual landmarks i.e. lines, corners, junctions,
line intersections and color transitions [20]. The test bed for our algorithm is a
soccer playing robot called Tinyphoon (http://www.tinyphoon.com) [21].

The balance of the paper is organized as follows: Section 2 discusses robot
localization using range or bearing to distinct features in the environment. Po-
tential landmarks are discussed in Section 3. Experimental results are presented
in Section 4, finally the paper is concluded in Section 5.

http://www.tinyphoon.com
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2 Landmark-Based Methods

Landmarks are distinct features that a robot can recognize from its sensory
input. Landmarks can be geometric shapes (e.g., rectangles, lines, circles), and
they may include additional information (e.g., in the form of bar-codes). In
general, landmarks have a fixed and known position, relative to which a robot
can localize itself [1].

The input data for position estimation in landmark-based systems may be
of range or bearing type. This leads to two different techniques, trilateration
and triangulation, respectively. Trilateration is the determination of a robot’s
position based on distance measurements to known landmarks, whereas, in tri-
angulation, bearing to different landmarks in the environment is used [1].

Fig 1(a) shows the case when the robot identifies a landmark, p1, and mea-
sures the distance r1. This constrains the robot position to a circle, C1. Similarly,
detection of landmark point p2 and its measured distance r2 will constrain the
position of the robot to a circle C2. If two points, say p1 and p2, are detected
at one time then the robot position will be constrained to two points p or p′,
determined by the intersection of the circles C1 and C2 (see Fig 1(b)). The
ambiguity between these two points can be resolved by considering a fixed order
of landmarks.

Fig 1(c) illustrates the case when the robot can only measure the angle α
between two landmarks p1 and p2. The angle between p1 and p2 remains equal
to α if the robot is moving along the circular arc C or C’ (shown dotted in Fig
1(c)) [22, 23]. In this case there are infinite number of possible positions and the
robot must detect a third landmark point.

(a) The robot is some-
where on the circle

(b) Robot position con-
strained to two points

(c) The robot position
is constrained to circular
arcs

Fig. 1. Constraining robot position with landmarks

Error free measurements will result in perfect localization. However, mea-
surements are never perfect and errors in distance and angle estimates can vary
significantly [23]. Position of the robot will be constrained to a thick ring instead
of a perfect circle if there is any error in distance measurement. The intersection
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of such thickened circles/rings will determine the uncertainty in robot position
when two or more landmarks are used.

In addition to measurement errors there could be error in landmark identi-
fication and matching with the world map. For the identification errors, some
landmarks may not be detected, and some spurious landmarks may be detected.
Errors in correspondence could be such that what has been identified as point x
on the map may really be point y [23].

3 Landmarks for Self-localization

We use color transitions, corners, junctions and line intersections as landmarks.
These landmarks are detected using semantic interpretation of line segments
extracted using gradient based Hough transform [20]. Fig 2 illustrate detection
of these features.

The vertical edges of the goal corners are normally missed during edge detec-
tion and consequent line segments extraction as the change in y-channel value
between white and yellow is not significant and the length of the edge is small as
compared to other lines in the environment. Therefore, we extract goal corners
based on color transitions as discussed in the following section.

(a) Left camera image (b) Detected features superimposed over
the edge map

Fig. 2. Line based landmarks for self-localization

3.1 Detecting Goal Corners

Goals are marked with different colors (blue and yellow). We use color segmen-
tation of the camera images to detect corners of the goal. The process is outlined
as follows.

In the left camera image, pixels are tested if they belong to either blue or
yellow color. This ’segmentation’ is done at a lower scale. Every fourth pixel in a
row of every fourth row is tested, which results in a rectangular window around
the blue or yellow color patches, if any. The neighborhood of this ’rectangular’
window is searched for color transition (color transition from white to yellow,
yellow to white, white to blue, or blue to white represents a goal corner), using
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a full scale. If a color transition is detected in the left image, the corresponding
feature points are searched in the right image. The search in the right image is
based on parameters of the feature points in the left image. If the corresponding
feature point is detected in the right image, its distance from the current robot
position is calculated. Detection of two such points determine the robot position
as shown in Fig 1(b).

The use of two colors to detect a transition makes the process robust against
outliers. All rows inside the rectangular window are searched for transition pix-
els. One value in a group of pixels is taken as the x-component of the edge
between the wall and the colored goal. Outliers in the group are eliminated us-
ing simple statistical measures. The calculated stereo range is used to estimate
robot position and orientation as discussed in the following sections.

3.2 Calculating Robot Position

We assume that the robot’s motion is two dimensional where pose of the robot
has 3 degrees of freedom i.e. x, y and θ. The global coordinate system is rep-
resented by X and Y axis, whereas the robot coordinate system by xr and yr

axis. Rotation of robot coordinate system with respect to the global coordinate
system is represented by the angle θ. Suppose the robot detects two distinct
landmark points p1 and p2 at (x1, y1) and (x2, y2) in the global coordinate sys-
tem and measures their distances r1 and r2, respectively. The two circles at p1
and p2 can be described by ( 1) and ( 2) as follows.

(x − x1)2 + (y − y1)2 = r2
1 (1)

(x − x2)2 + (y − y2)2 = r2
2 (2)

Solution of these equations, which is the intersection of the two circles, will
give the possible robot position in the global coordinate system. Subtracting ( 2)
from ( 1) and re-arranging terms we have

x = A + By (3)

where

A =
r2
1 − r2

2 + x2
2 − x2

1 + y2
2 − y2

1

2(x2 − x1)

B =
y1 − y2

x2 − x1

further simplification results in

y =
−D ±

√
D2 − 4CE

2C
(4)

where

C = B2 + 1
D = 2AB − 2x1B − 2y1

E = A2 + x2
1 − 2x1A − r2

1
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One of the solution pairs (px1, py1) and (px2, py2) (if any) from ( 3) and ( 4) will
qualify for the possible robot position. The ambiguity between the two positions
is resolved by considering a fixed order of landmark points.

3.3 Calculating Robot Orientation

In this section we discuss calculation of robot orientation with respect to goal
corners which is done after position is estimated. The process is illustrated in
Fig 4. When robot calculates its position with respect to the blue goal θ can be
calculated using ( 5) or ( 6). One of these equations is used depending on the y
coordinate of the robot position.

θ = α1 − α2 (5)

θ = −(α1 − α2) (6)

where α1 = arctan( ly−py

lx−px
) and α2 = arctan( yr

xr
).

In these equations (lx, ly) is the location of one of the landmarks, (px, py)
is robot position and (xr , yr) is the location of the selected landmark in robot
coordinate system. The landmark and robot position are in global coordinate
system. Similarly when the robot position is calculated with respect to the yellow
goal θ can be calculated using (7) or ( 8) as shown in Fig 3(b).

θ = 180 ◦ − (α1 + α2) (7)

θ = 180 ◦ + (α1 − α2) (8)

where α1 = arctan( ly−py

px
) and α2 = arctan( yr

xr
).

(a) Blue goal (b) Yellow goal

Fig. 3. Robot orientation with respect to goal corners
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4 Experimental Results

We simulate the performance of our algorithm using only goal corners as land-
marks. We have conducted 14 trials where each one has 100 steps. These trials
are further grouped into motion without rotation, rotation without motion and
motion with rotation. At every step the robot is taking images of its environ-
ment, search for color transitions and calculates its position if it finds both the
corners.

Fig 4(a) shows the path followed by the robot. Locations where images were
taken and searched for color transitions are shown as dots (·). However, depend-
ing on the instantaneous pose of the robot both corners are not visible all the
time therefore robot pose is estimated only at limited locations shown as plus
(+) superimposed on the dots(·).

(a) Actual locations from where posi-
tion was calculated

(b) The robot is following rectangular
paths but is looking only at the blue or yel-
low goal i.e no rotation

(c) In this case the robot is following rect-
angular paths and is rotating as well

(d) The robot is rotating in small steps
but without any motion

Fig. 4. Experimental trials
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Table 1. Error in x,y and θ for the motion only case

Mean Std Min Max
δx 63.55 37.10 0.46 157.5
δy 58.99 49.42 0.01 247.14
δθ 3.19 ◦ 2.19 ◦ 0.04 ◦ 11.50 ◦

Table 2. Error in x,y and θ for the rotation only case

Mean Std Min Max
δx 58.00 26.90 8.10 123.91
δy 78.53 73.52 0.51 240.00
δθ 2.05 ◦ 1.58 ◦ 0.03 ◦ 8.53 ◦

Table 3. Error in x,y and θ for the final case (motion and rotation)

Mean Std Min Max
δx 36.01 14.32 3.48 69.86
δy 35.92 30.98 1.03 166.24
δθ 3.09 ◦ 2.52 ◦ 0.03 ◦ 13.40 ◦

Table 4. Normalized range error

Mean Std Min Max
6.98% 5.26% 0.01% 25.00%

Fig 4(b) shows the case where the robot follows a rectangular path around
the field but its orientation remains fixed at 0 ◦or 180 ◦. The plus (+) show the
actual position whereas the calculated position is shown as star (∗). A rotation-
only case is illustrated in Fig 4(c). The robot is placed at five locations: near the
four corners and at the center of the field. Both motion and rotation is shown
in Fig 4(d). Here in this case the robot is moving on a rectangular path and is
rotating in fixed steps. In the motion-only and motion-with-rotation cases the
robot follows rectangular paths of different sizes.

Statistical results for error in pose are shown in Table 1, Table 2 and Table 3
for all the three cases as discussed above. Whereas, normalized error in range
measurements is shown in Table 4. The first column in all tables show values
for the average absolute error. The standard deviation (Std), minimum (Min)
and maximum (Max) values for each group are presented in the 2nd, 3rd and
4th columns. Error δx and δy in Table 1, Table 2 and Table 3 is expressed in
millimeters.

As can be seen from Table 4 the normalized error of range is very high.
This error is due to several reasons, like, we use a narrow baseline stereo since
the construction of the robot does not allow the use of a wide baseline. Again,
all processing has to be done by the onboard processors we use low resolution
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images(QVGA, 320 × 240). Moveover, due to the size and concavity of the goal,
it is often difficult to determine which point on the goal is being observed. This
results in inconsistent ranges and inconsistent landmark positions [15].

5 Conclusion

The method presented in this paper demonstrates that the robot can successfully
localize itself with two distinct landmarks. The distinct and bright color of the
goals makes them the strongest candidates to be selected as landmarks. Further-
more, calculating robot position and orientation with respect to goal corners is
very efficient as only N/16 pixels are tested to determine the rectangular bound-
aries around the color patches (if any), N being the total number of pixels. This
results in localization of color patches which are then searched for the actual
corners. The error in range estimation is acceptable as we are using just a single
shot localization and have not incorporated any kind of temporal redundancy.
The robot pose could be refined once a rough estimate is available.

Currently we are working on methods for efficient interpretation of landmarks
other than the goal corners, tracking of landmarks, tracking robot position with
local sensors and information fusion. Furthermore, we are also investigating self-
localization using range measurement to a single landmark where orientation
could be obtained with some other means i.e compass or line segments such as
the center line of the soccer field.
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