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Abstract— We present a simple teach-and-repeat visual nav-
igation method robust to appearance changes induced by vary-
ing illumination and naturally-occurring environment changes.
The method is computationally efficient, it does not require
camera calibration and it can learn and autonomously traverse
arbitrarily-shaped paths. During the teaching phase, where
the robot is driven by a human operator, the robot stores its
velocities and image features visible from its on-board camera.
During autonomous navigation, the method does not perform
explicit robot localisation in the 2d/3d space but it simply
replays the velocities that it learned during a teaching phase,
while correcting its heading relatively to the path based on
its camera data. The experiments performed indicate that the
proposed navigation system corrects position errors of the robot
as it moves along the path. Therefore, the robot can repeatedly
drive along the desired path, which was previously taught by
the human operator. The presented system, which is based on
a method that won the RoboTour challenge in 2009 and 2008,
is provided as open source at www.github.com/gestom/
stroll_bearnav.

I. INTRODUCTION

A considerable progress in visual-based systems capable
of autonomous navigation of long routes can be observed
during the last decades.

According to [1], these systems can be divided in: map-
less, map-based and map-building based. Map-less naviga-
tion systems such as [2] aim to recognise traversable struc-
tures in the environment (such as roads, pathways, highway
lanes) and these to directly calculate motion commands for
the robot or autonomous vehicle. Map-based navigation sys-
tems rely on environment models that are known a priori [3].
Map-building-based systems rely on maps as for localisation
and navigation as well, but they are able to build these
maps themselves. Some of these vision-based methods can
build maps and localise the robot at the same time and
are referred to as visual SLAM (Simultaneous Localisation
and Mapping) [4], [5], [6]. Other map-building approaches
perform mapping during a teleoperated drive and use the
map for navigation later for autonomous navigation [7]. This
technique (called ‘map-and-replay’) is analogous to a popular
practice in industrial robotics, where an operator teaches a
robot to perform some task simply by guiding its arm along
the desired path.

Teach and repeat methods are described in several pa-
pers [8], [9], [10], [11], [12], which approach this problem
In [10], a camera is moved through an environment while
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recording a video. The video is then processed (which takes
several minutes) and the resulting map can be subsequently
used to localise the robot and guide it along the same
trajectory. Authors of paper [11] extract salient features from
the video feed on-the-fly and associate these with different
segments of the teleoperated path. When navigating a given
segment, the robot moves forward and steers left or right
based on the positions of the currently recognised and already
mapped features. The segment end is detected by means
of comparing the mapped segment’s last image with the
current view. The paper [13] mathematically proves that a
robot navigating along a previously recorded polygonal route
does not need explicit localisation. The mathematical proof is
supported by several experiments, where a robot repeatedly
traverses long paths in natural environments.

While the method [13] showed good performance in
outdoor environments that were subject to illumination vari-
ations and naturally-occurring changes, it had a few draw-
backs. First, it could be taught only polygonal paths in a
turn-move manner, so even a slight change of the movement
direction during the mapping phase required to stop the
robot, which made the training tedious. While navigating,
the robot moved in a constant velocity, which did not
respect environmental constraints (such as doors, narrow
passages and people). Moreover, in cases of adverse lighting
conditions, when the images did not contain enough features,
the heading estimation could cause the robot to go off the
taught path. Finally, the method was not available as an open-
source package.

In this paper, we present a simple monocular ‘map-and-
replay’ navigation method for an autonomous vehicle based
on the convergence theorem proposed in [13]. The core of
the system is an efficient vision-based method that does not
explicitly estimate the robot position, but it only corrects
the robot heading. During navigation, these corrections are
superimposed over forward and angular velocity values that
define the robot trajectory – these are stored during the map-
ping step. This makes the method robust to poor visibility
conditions that commonly occur in outdoor environments.

Our experiments demonstrate that the robot’s navigation
fulfils the ‘Closed path stability property’ [13], causing the
robot to converge to the taught trajectory even when it starts
with a large position error. The experiments confirm that
extending [13] to smooth path requires the robot to remember
and reuse its velocity profile along the taught trajectory –
without this information, the robot diverges off its path.
Furthermore, the experiments show that the proposed system
does not fail even the robot temporarily loses the ability to
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correct its heading from the visual information due to poor
illumination conditions.

II. NAVIGATION METHOD DESCRIPTION

The navigation system works in two steps: learn and
repeat. During the learning phase, a robot is guided by an
operator along a path, which is the robot supposed to au-
tonomously navigate in the repeat phase. When learning, the
robot extracts salient features from its onboard camera image
and stores its current travelled distance and velocity. During
autonomous navigation, the robot sets its velocity according
to the travelled distance and compares the currently detected
and previously mapped features to correct its heading.

The feature extraction method which detects salient ob-
jects in the robot’s onboard camera image is a critical
component of the navigation system because it is the only
mechanism which the robot employs to reduce its position
uncertainty. We have decided to use Speeded Up Robust
Features (SURF) [14], [15] to identify features in the image.
However, the system has been tested with other feature
extraction algorithms as well [16].

A. Image processing

The SURF feature extractor is composed of two steps,
detection of keypoints and description of their vicinity. The
keypoint detection is based on Hessian matrix calculation,
which indicates points in the image, which have sufficient
contrast that makes them easy to localise and track. The
description is based on image intensity gradient near the
detected keypoints. Once the keypoints are detected and de-
scribed, they can be matched to the keypoints stored in a map
and the associations can be used to correct the robot heading.
The quality of the features depends on the quality of the
input image stream, which, in outdoor environments, suffers
from varying illumination. To compensate the illumination
instability, we select the exposure and brightness of the robot
camera based on the results from [17]

B. Learning (mapping) phase

.
During this phase, the robot is driven through the en-

vironment by a human operator. The robot continuously
measures the distance it travelled and whenever the operator
changes the forward or angular velocity, the robot saves the
current distance and the updated velocity values – we refer
to this sequence as to a ‘path profile’. Additionally, the robot
continuously extracts image features from its onboard camera
image and every 0.2 m, it saves the currently detected image
features in a local map, which is indexed by the current
distance the robot travelled.

C. Navigation phase

At the start of this phase, the robot loads the path profile
and it creates a distance-indexed list of the local maps
containing the image features. Then, it sets its forward and
angular velocity according to the first entry of the path profile
and it loads the first local map containing data about image

features visible at the start of the path. As the robot moves
forwards, it extracts image features from its onboard camera
image and matches them to the ones loaded from the local
map. The differences of the horizontal image coordinates of
the matched features (i.e. the positions of the features in the
camera image relative to the positions of the features in the
pre-loaded map) are processed by a histogram voting method.
The maximum of the histogram indicates the most frequent
difference in the horizontal positions of the features, which
corresponds to the shift of the image that was acquired during
the mapping phase relative to the image that is currently
visible from the onboard camera. This difference is then used
to calculate a corrective steering speed, which is added to
the speed from the velocity profile. If the histogram voting
results in inconclusive results due to the low number of
features extracted, e.g. when the robot faces a featureless
wall, the camera image is over- or under-exposed, etc., the
corrective angular speed is not added to the one from the
velocity profile. Thus, in case the visual information is not
sufficient to determine the heading, the robot simply steers
according to the path profile data. As the robot proceeds
forwards along the taught path, it continuously monitors
its travelled distance, loads local maps and path profile
data that correspond to this distance and repeats the steps
described above. Thus, the path profile allows the robot to
steer approximately in the same way as during the teaching
phase, and the image matching corrects the robot heading
whenever it deviates from the intended path.

D. System implementation

The navigation system was implemented in Robotic Op-
erating System (Ros), version Kinetic. The system structure
is shown in Figure 1. The feature extraction node extracts
image features from the robot camera and passes them to the
mapping and navigator nodes. The distance monitor node
receives data from robot odometry and measures travelled
distance, also sends special messages every time the robot
passes a given distance, which is used by the mapping
node, see Section II-B. The mapper node receives features
from the feature extraction node and saves them into local
map when it receives the aforementioned message from the
distance monitor node. It also saves the path profile. The map
preprocessor node loads all local maps and path profile, and
then sends them to the navigator node based on the travelled
distance received from the distance monitor. The navigator
node receives the velocity profile and local feature maps and
it matches the features from the maps to the currently visible
features from the feature extraction node. It performs the
histogram voting described in Section II-C, calculates the
robot velocity and steers the robot along the path.

All the aforementioned modules were implemented as
ROS action servers with dynamically reconfigurable parame-
ters, so the robot operator can change their parameters during
runtime or activate and deactivate the modules in case they
are not necessary to run during the teaching or replay phase.
Action servers also provide the operator with feedback, that
shows the current state of the system. Thus, the operator



Fig. 1. Software structure of the presented system
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Fig. 2. Robot position error evolution as it travels

can see the currently used map, path profile data, number of
visible image features, results of the histogram voting method
etc. For future work, we would like to extend the system to
work as an executor.

All the aforementioned modules are available as C++ open
source code at [18].

III. EXPERIMENTAL EVALUATION

To evaluate the system’s ability to repeat the taught path
and to correct position errors that might arise during the
navigation, we have taught it a closed, approximately 25 m
long path in outdoor environment. Then, we let the robot to
drive along the taught path repeatedly. Every time the robot
completed a path loop, we measured its distance relative to
the path end/start. In this way, we could quantitatively assess
the robot’s ability to adhere to the path it has been taught.
The experiments were performed during the evening, so the
lighting conditions changed from high to low illumination,
which made the image-based navigation particularly difficult.

During the first experiment, we have let the robot run with
the method described in [13]. Thus, the robot did not use the
path profile data, but it moved forward with a constant speed
and steered its heading according to the results of the image

feature matching and histogram voting. The results of this
experiment, shown in Figure 2 (as ‘Vision-only’) indicate,
that it quickly diverged from the taught path as soon as it
was supposed to perform a sharper turn.

In the second experiment, we have deactivated the vision-
based heading corrections and we let the robot move ac-
cording to the path profile only. The Figure 2 shows (in the
‘Odometry-only’ plot) that while it could complete the path
with some success, it slowly diverged from the taught path.
This means that without the visual feedback, the robot cannot
traverse the path repeatedly.

The final experiment used both path profile and visual
feedback as described in Section II. To verify if the robot
can correct position errors that arise during navigation, we
have started the autonomous navigation, not at the path start,
but 1.2 m away. The Figure 2 (Vision+odometry) shows, that
each time the robot completed the taught path, its position
error decreased, which means that it could traverse the taught
path repeatedly.

IV. CONCLUSION

A teach-and-repeat system based on image processing
and odometry data was presented in this paper. During the
learning phase, the robot stores its forward and angular
speeds along with the local features, it extracted from its
onboard camera image. Both velocity and image feature data
are indexed by the distance the robot travelled from the path
start. In the repeat phase, the robot navigates by replaying the
stored velocities while correcting its heading from the visual
data. The heading correction is performed by a histogram
voting scheme over a set of horizontal position differences
of previously mapped and currently detected image features.
The experimental results show that the method is able to
guide a mobile robot along a taught path in difficult illumi-
nation conditions. The presented system, which is based on
an algorithm that won the RoboTour challenges in 2009 and
2008, is provided as open source at [18].
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