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Czech Institute of Informatics, Robotics and Cybernetics, Czech Technical University
in Prague, Jugoslávských partyzán̊u 1580/3, 160 00 Praha, Czech Republic

{Tomas.Pivonka,Libor.Preucil}@cvut.cz

Abstract. The teach-and-repeat task is autonomous navigation along
the trajectory taught in advance. A robot is manually driven along the
desired trajectory during a teaching phase, and it stores information
about it. In this paper, there is proposed a simple teach-and-repeat sys-
tem based on visual simultaneous localization and mapping system ORB-
SLAM2. The map is created during the teaching phase, and it is saved
together with a taught trajectory. Afterward, the robot follows the tra-
jectory based on SLAM localization. In the experimental part, the system
is compared with SSM-Nav appearance-based system with bearing-only
navigation. Besides the presented system, the direct comparison of the
SSM-Nav with a SLAM-based system is the main contribution of the
paper.
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1 Introduction

Teach-and-repeat task is divided into a teaching and a navigating phase. The
trajectory is taught manually by controlling a robot along the desired path.
During this phase, a robot creates a map of an environment or stores informa-
tion about the trajectory. In the second step, a robot follows the taught path
autonomously. The task can be performed with a variety of sensors as simple
wheel encoders, cameras, or satellite navigation systems. The system presented
in this work is based on a monocular camera only.

The cameras can work in indoor, outdoor, or underwater environments,
whereas satellite systems are restricted to outdoor environments only. Another
cameras’ advantage is availability. In comparison with wheel odometry, camera
systems are resistant to drifts. The intricacy of cameras is gaining spatial infor-
mation from camera images and its representation for matching the same places
between images. Common environments’ appearance is changing due to variable
lighting, weather and season changes, or moving objects. The robustness to all
mentioned cases is necessary for a long life autonomy of systems.

There is presented a new teach-and-repeat system in this paper. It is based
on the state-of-the-art SLAM (simultaneous localization and mapping) system
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ORB-SLAM2 [9], which is used for creating a map of robot surroundings and its
localization in it. The map is created only during the teaching phase, and in the
navigation phase, the robot is localized in the saved map. Based on the returned
position, the teach-and-repeat system computes an action command to follow
the stored trajectory.

In the experimental part, the precision and robustness of the proposed sys-
tem were tested and compared with a novel teach-and-repeat system SSM-Nav
presented in [3]. SSM-Nav system is built on the visual place recognition [2], and
it uses bearing only navigation. The comparison of this approach with a SLAM-
based one used in the proposed system is one of the paper’s main contributions,
and it extends experiments presented in [3].

Summary of ORB-SLAM2 principles is presented in Sect. 2.1. Basic teach-
and-repeat approaches are described in Sect. 2.2 and the SSM-Nav teach-and-
repeat system is introduced in Sect. 2.3. In Sect. 3, the proposed system is
presented. Experiments comparing the system with SSM-Nav are in Sect. 4.
Finally, the results are discussed in Sect. 5.

2 State of the Art

2.1 ORB-SLAM2

The presented system is built on ORB-SLAM2 [9], which is an advanced open-
source SLAM system. It supports monocular, stereo, and RGB-D cameras. It
follows on from previous system ORB-SLAM [8] designed for a monocular camera
only. It is a feature-based system, which uses ORB features [12] to create a map
and determine a camera position. The system runs in three parallel computing
threads used for localization, mapping, and loop closure detection.

The localization thread returns the current position of the camera. It is iso-
lated from mapping and loop closure to work at a high rate with low delay.
ORB features extracted in a current frame are matched to the features stored
in the map. At the beginning, the features from previous frames are matched to
the features detected in the current frame. The position is estimated from the
previous velocity and refined by a motion-only bundle adjustment. Further, the
position is optimized again based on other visible points in a map, and a motion-
only bundle adjustment is performed again to minimize a reprojection error of
3D points from the map. If the previous position is unknown, a place recognition
based on a bag-of-words approach is used to find a corresponding keyframe from
the map. Besides, new keyframes for the map are selected in the thread.

The selected keyframe is incorporated into the map in the mapping thread.
At first, a co-visibility graph between particular keyframes is updated, and the
bag-of-words description of the frame is computed. New points are added to the
map if they are not matched to an existing locality in the map, and they are
corresponding to an unmatched point in another keyframe. The point’s position
is triangulated, and it is reprojected to other keyframes to find correspondences.
Finally, the map is locally optimized by local bundle adjustment. Besides, the
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points and keyframes are filtered to remove outliers from the map and to main-
tain the map representation efficient.

Every new keyframe is checked for a loop closing (reaching a previously
visited place). Loops are detected by a place-recognition method based on a bag-
of-words approach. If the closure is recognized, the key-frames positions are
refined, and map points representing the same point in space are merged.

The ORB-SLAM2 offers a localization mode, which disables mapping and
loop closure threads. The camera is localized based on a previously created map.
The approach can be used only in previously mapped areas, but it ensures stable
localization and prevents a changing of a position due to a map refinement.

2.2 Teach-and-Repeat

Teach-and-repeat systems are divided into position-based (quantitative) or app-
earance-based (qualitative) ones [14]. Position-based systems directly localize
a robot in a space based on a stored map. The appearance-based approach does
not require creating a map, and stored information about trajectory is used
directly to compute an action. The robot displacement can be determined by
a comparison of current and stored images of the same place.

The system presented in [5] demonstrates that a position-based system can be
used to follow multi-kilometer trajectories. It uses a stereo camera for mapping,
and the map is created during the teaching phase by a SLAM algorithm. Further,
the method was updated about the teaching of new features in a navigation
phase [11] and a selection of features from a map captured in similar weather
and lighting conditions [7] to localize a robot. The similarity is based on a bag-
of-words [13] comparison of the current image with keyframes.

The appearance-based systems do not need a map for localization, and it con-
trols only robots heading reactively. In addition, the approach does not require
camera calibration. The first system computing an action from matched image
features between current and stored images is proposed in [15]. Further, wheel
odometry information was included to improve a place-recognition [4]. A limita-
tion of the system is a requirement to start navigation close to an initial position.
Similar system built on SURF [1] features is presented in [6].

2.3 SSM-Nav

SSM-Nav [3] is a new teach-and-repeat appearance-based system. It uses a visual
place-recognition method [2] to localize a robot on a trajectory. It is based on
robust features extracted from a convolutional neural network. An estimate of
a current position is used as a sensor model in a particle filter, which returns
a corresponding frame for computing a heading correction. A steering commands
control a robot to minimize the horizontal displacement between current and
matched images.

In a place-recognition [2], a corresponding frame is determined in two stages
- filtering and spatial-matching. In a filtering step, the features from high levels
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of a network are used as descriptors. The dimension of descriptors is reduced
by applying a principal component analysis (PCA) model. A selected number
of the best matching images is returned based on a nearest-neighbor search
and a histogram voting for particular places represented by images. Further,
the selected images are processed in a second stage. The features are extracted
from lower layers than in the previous step, and the dimension is also reduced
by the PCA model. Each candidate is spatially matched with the input image.
Particular features are matched to the closest features from the input image,
and they are used as anchor points. The features in a region around the anchor
points in both images are matched, and they are considered to be a correct
match if they have the same mutual shift between images as the anchor point.
The images are ranked according to a score of its best anchor point.

During the teaching phase, images are processed by the neural network, and
extracted features for both visual place-recognition stages are stored to the
database. Images are captured based on a driven distance, which is updated
online according to a current angular velocity to increase a frame rate in curves.
Further, the system stores odometry information for each image.

Navigation is split into determining a current position and computing an
action command. The final position is gained from a particle filter. Particles rep-
resent positions along the path, and at the beginning, they are distributed uni-
formly. Particles’ positions are updated by the driven distance between two sub-
sequent frames. The current frame is processed by the visual place-recognition,
which returns N best matching places. Weights of the particles matching to the
best N frames positions are increased. Afterward, the weights of all particles
are normalized. 10% of particles with the lowest weights are replaced by new
uniformly distributed particles. The final position is the average position of the
selected number of particles with the highest weight. The image matched to the
computed position is used for the computation of a horizontal offset. The angu-
lar velocity is controlled by action commands to decrease the offset. Besides, a
linear velocity is adjusted based on an angular velocity applied in a previous
step. It is increased on straight paths and decreased in curves.

3 Teach-and-Repeat Method

The presented method is based on ORB-SLAM2 system [9] (Sect. 2.1). It is
used to create a map of an environment and to localize a robot in a map. The
system is used with a monocular camera only. The mapping is performed only
in a teaching phase. It is not used for navigation to prevent recomputing of a
map, which can cause shifts of stored positions.

In a teaching phase, a robot is manually driven along the desired trajectory,
and SLAM is performed. Robot positions on a trajectory are not stored directly
based on localization, but the trajectory is represented by keyframes’ positions.
It is advantageous because keyframes’ positions are updated whenever the map
is refined. Another possible approach is to create a map first and afterward, use
localization only and record the trajectory positions. This approach was not used
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because it requires at least two runs during a teaching phase. Using keyframes’
positions only was verified experimentally to be sufficient for a trajectory rep-
resentation. At the end of the teaching, the map and positions of keyframes are
saved.

A steering command is computed during a navigation phase whenever the
ORB-SLAM2 sends a robot position. The position is represented in 3D Carte-
sian coordinates by six parameters: spatial coordinates x, y, z, and three Euler
angles. The linear velocity is constant, and the position is corrected by con-
trolling a robot’s angular velocity. At first, the closest point pi on a trajectory
to a current position is found. Further, only planar movement in xy plane is
considered and points are represented only in 2D homogeneous coordinates -
pi = [xi, yi, 1]. A line passing by pi and subsequent point on a trajectory pi+1

is computed (Eq. (1)). P regulator only is used to control the angular velocity,
and it is proportional to a distance of a current position pC from a line l. The
formula for a distance d computation is presented in Eq. (2). The representation
of a line incorporates information about the orientation of reference points, so
negative distances on one side from a line are computed, and it can be directly
used as an input to P regulator. The distances are normalized by a distance
between the first two points in a map to reduce a possible difference in dynamics
caused by the scale ambiguity of monocular SLAM.

�l = �pi × �pi+1 (1)

d =
�l · �pC√
l2x + l2y

(2)

The comparison of current and closest point’s orientations is used to prevent
a navigation failure of a robot. If an angular difference is larger than 30◦, only
constant action is applied. The large difference in orientation can lead to a
failure because the robot can see an unknown part of a scene, and it can not
be localized. In addition, it prevents a robot from getting perpendicular to the
trajectory, which is difficulty reduced by a regulator based on a distance.

4 Experiments

4.1 Hardware and System Implementation

The presented system is implemented on the same platform as SSM-Nav system
presented in [3]. It is Clearpath Husky A200 UGV, which is a four-wheel robotic
platform with differential driving. The robot is equipped with an external com-
puter and Intel R© RealSenseTM Depth Camera D435 with maximal resolution
1920 × 1080 px, but the system uses a resolution 1280 × 720 px and frame
rate 30 fps. The camera is calibrated from the manufacturer, and it has zero dis-
tortion coefficients. The computer contains Nvidia GeForce GTX 1070 graphic
card, processor Intel R© CoreTM i5-7300HQ, and 32 GB RAM. The platform is
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depicted in Fig. 1. Vicon motion capture system was used to evaluate the preci-
sion of tested teach-and-repeat systems.

The presented system is implemented in ROS Kinetic. ORB-SLAM2 runs
in a separate node, performs mapping during a teaching phase, and publishes
messages with the localized position of a robot. A slightly modified version of
ORB-SLAM2 for ROS was used because it directly supports saving a map [10].
The teach-and-repeat system was implemented in Python as a node. It computes
action commands based on received robot’s positions from SLAM and sends them
to a robot. Besides, it includes a GUI for the whole teach-and-repeat system
control.

Fig. 1. Robotic platform Husky used for experiments equipped with Intel R©
RealSenseTM Camera

4.2 Tests of Systems

The presented ORB-SLAM2 based system (ORB2-TaR) was tested together with
SSM-Nav teach-and-repeat system [3] to compare both approaches. The systems
were tested in indoor conditions under the Vicon motion capture system. The
tests were designed to compare the precision of navigation and the robustness
to different lighting conditions. In addition, the systems were tested to starting
in a middle of the taught trajectory, operating in a changing environment and
passing through a corridor with doors.

The teaching was performed for both systems at the same time to ensure
the same conditions. Two different paths were taught for testing precision and
robustness to lighting changes. The shorter path was 21.8 m long without sharp
turns. The second trajectory was longer, it was 37.9 m long, and it contained
sharper curves. Both trajectories were closed so the robot can repeat navigation
several times without interruption. The results from all experiments on the tra-
jectories are presented in Table 1. Particular experiments are described below in
detail.

The first experiment on a short trajectory tested a precision of the navigation
during three consecutive repeats. The robot started with a zero shift from the
initial position. The final trajectories are shown in Fig. 2. The ORB2-TaR was
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Table 1. Average and maximal precision (error) of systems in cm in proposed exper-
iments. The experiments were taken under three different lighting conditions - light,
dim, dark. “Repeats” represents a number of repetitions, and “Shift” is an initial lateral
displacement of a robot in cm.

Experiment ORB2-TaR SSM-Nav

Trajectory Lighting Repeats Shift Avg. err Max. err Avg. err Max. err

Short Light 3 0 0.8 2.9 5.8 19.2

Short Light 1 50 3.2 49.7 16.9 49.7

Short Dim 1 0 1.0 2.7 4.8 15.4

Short Dark 1 0 Fail – 3.9 12.1

Long Light 2 20 5.1 23.8 4.7 21.0

Long Dim 1 0 4.9 23.6 3.0 10.0

Long Dark 1 0 Fail – 3.8 9.7

more precise than SSM-Nav with maximal error 2.9 cm compared to 19.2 cm for
SSM-Nav. Subsequently, the same trajectory was tested with an initial lateral
shift 50 cm. Both systems were able to recover from the initial error, but ORB2-
TaR converged faster. The paths are depicted in Fig. 3. The SLAM approach
benefits from higher image resolution and localization in space. The heading
only correction is less sensitive to a lateral shift. A similar test was performed
on the longer trajectory with two repeats and an initial lateral shift 20 cm -
Fig. 4. Because of the more complicated trajectory, the SLAM could not perfectly
optimize a map, which could lead together with the tuning of a regulator to
higher average error (5.8 cm) compared to the shorter path (3.2 cm) even with
the initial lateral shift. By contrast, higher differences between images caused by
turning improved the precision of the SSM-Nav. All the experiments described in
this paragraph were performed in an artificially well-lighted room. The measured
errors are presented in Table 1.

The experiments on the shorter and longer trajectory were repeated under
dimmed and completely turned off lights in the room. The room was not com-
pletely dark because lights in adjacent corridors illuminated it. The comparison
of images taken in the tested lighting conditions is presented in Fig. 11. The auto-
matic exposure setting compensated the difference between dimmed and normal
lighting significantly. The tests were performed exactly from the initial position,
and the robot repeated original trajectories captured under normal lighting. The
results under dimmed lighting are similar to the original one presented in the
previous paragraph, and both systems were able to repeat the shorter trajectory
(Fig. 5) and the longer trajectory (Fig. 6) as well. Whereas SSM-Nav success-
fully repeated the trajectory with turned off lights on both trajectories without
impacting a system precision, the ORB2-TaR completely failed. The failure was
caused by a lack of stable features detected in the environment. The trajectories
are depicted in Fig. 7 and Fig. 8. The measured errors are presented in Table 1.
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ORB2-TaR SSM-Nav

Fig. 2. Test of three times subsequently repeated navigation along the shorter trajec-
tory from the initial position.

ORB2-TaR SSM-Nav

Fig. 3. Test of navigation along the shorter trajectory from a starting position with
lateral shift 50 cm from the initial position.

ORB2-TaR SSM-Nav

Fig. 4. Test of two times subsequently repeated navigation along the longer trajectory
from a starting position with lateral shift 20 cm from the initial position.
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ORB2-TaR SSM-Nav

Fig. 5. Test of navigation along the shorter trajectory from the initial position under
dimmed lights.

ORB2-TaR SSM-Nav

Fig. 6. Test of navigation along the longer trajectory from the initial position under
dimmed lights.

ORB2-TaR SSM-Nav

Fig. 7. Test of navigation along the shorter trajectory from the initial position under
turned off lights with lighting from adjacent corridors. The ORB2-TaR failed due to a
lack of detected features.
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ORB2-TaR SSM-Nav

Fig. 8. Test of navigation along the longer trajectory from the initial position under
turned off lights with lighting from adjacent corridors. The ORB2-TaR failed due to a
lack of detected features as well.

ORB2-TaR SSM-Nav

Fig. 9. Test of navigation along the shorter trajectory starting from a middle position.

ORB2-TaR SSM-Nav

Fig. 10. Test of navigation in the environment with small changes.
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Lights on Dimmed Lights off

Fig. 11. Images taken under three different lighting conditions used for testing.

Further, both systems were tested to the capability of starting in the middle
of the taught trajectory. Both systems were successful (Fig. 9), but it was possible
to observe fluctuations of the position in the ORB-SLAM2 at the beginning. It
was not caused directly by starting in the middle but by an initial orientation
to a part of a scene with a lower number of features.

In the next experiment, the ability to work in a changing environment was
tested. In an environment, there were placed a few extra objects (boxes, chair,
etc.), and a new trajectory was taught. Afterward, the objects’ positions were
changed, and navigation was tested. The images of the environments for teaching
and repeating are shown in Fig. 12. Both systems cooped well with the changes,
and they followed the trajectory without any significant errors. On the other
hand, most of the environment remained unchanged, so the experiment verified
only an elemental resistance to small changes.

All previous tests were performed in a lab, which is an environment with
many visual features. In the last experiment, navigation in a low features envi-
ronment was tested. The trajectory was learned in a corridor with two passages
through doors. The images of a scene captured by the robot are presented in
Fig. 13. The ORB2-TaR failed already in a teaching phase, because of a sharp
turn close to a matt glass wall. The SSM-Nav repeated the whole path with
passing through doors successfully. The shorter path starting in the corridor
and passing by the second doors was taught for ORB2-TaR again to test nav-
igation starting in a corridor and passing through the second door, and in this
case, the system followed the new path correctly.
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Teaching Navigation

Fig. 12. Pictures of a scene for teaching and repeating with changed positions of some
objects.

Corridor Second door ORB2-TaR failure

Fig. 13. Pictures of a scene from the corridor test captured by the robot camera.

5 Conclusions

The position-based teach-and-repeat system using ORB-SLAM2 [9] was pro-
posed in this paper. In the experimental part, the system was compared with
the novel appearance-based teach-and-repeat system SSM-Nav [3]. Both the sys-
tems were implemented on the same platform; therefore, their properties could
be directly compared. Besides the presented system, the comparison of SSM-
Nav with SLAM-based approach is the main contribution of the paper, and it
extends experiments presented in [3].

The main advantage of the SLAM based system was higher precision and
better resistance to a lateral shifts. But at more curved trajectory the precision
decreased, which can be caused by worse optimization in a map. The map was
not perfectly refined and it contained duplicated points of the same place. On the
contrary, the SSM-Nav was much more precise on a curved trajectory, because
there are more significant shifts between images and images of a places are more
distinctive. The SSM-Nav is also more robust the changes of lighting and it is
able to work in darker environment, where the ORB2-TaR does not have enough
stable features.

The lab where the tests were performed was an almost ideal environment
for a feature based method. Performance of the systems in a more challenging
environment was tested on a setup with a corridor that contained matte glass
walls and a lot of repetitive structures. The taught path included two doorways.
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The SSM-Nav succeeded without any failure. The ORB2-TaR failed with the
glass wall, but it was successful on a shorter trajectory with one doorway only.
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6. Krajńık, T., Majer, F., Halodová, L., Vintr, T.: Navigation without localisation:
reliable teach and repeat based on the convergence theorem. In: 2018 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS), pp. 1657–
1664. IEEE (2018). https://doi.org/10.1109/IROS.2018.8593803

7. MacTavish, K., Paton, M., Barfoot, T.D.: Visual triage: a bag-of-words experience
selector for long-term visual route following. In: 2017 IEEE International Confer-
ence on Robotics and Automation (ICRA), pp. 2065–2072, May 2017. https://doi.
org/10.1109/ICRA.2017.7989238

8. Mur-Artal, R., Montiel, J.M.M., Tardós, J.D.: ORB-SLAM: a versatile and accu-
rate monocular SLAM system. IEEE Trans. Robot. 31(5), 1147–1163 (2015).
https://doi.org/10.1109/TRO.2015.2463671

9. Mur-Artal, R., Tardós, J.D.: ORB-SLAM2: an open-source SLAM system for
monocular, stereo and RGB-D cameras. IEEE Trans. Robot. 33(5), 1255–1262
(2017). https://doi.org/10.1109/TRO.2017.2705103

10. Orb slam 2 ros. https://github.com/appliedAI-Initiative/orb slam 2 ros
11. Paton, M., MacTavish, K., Warren, M., Barfoot, T.D.: Bridging the appearance

gap: multi-experience localization for long-term visual teach and repeat. In: 2016
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),
pp. 1918–1925, October 2016. https://doi.org/10.1109/IROS.2016.7759303

12. Rublee, E., Rabaud, V., Konolige, K., Bradski, G.: ORB: an efficient alternative
to SIFT or SURF. In: Proceedings of the IEEE International Conference on Com-
puter Vision, pp. 2564–2571, November 2011. https://doi.org/10.1109/ICCV.2011.
6126544

13. Sivic, Z.: Video google: a text retrieval approach to object matching in videos. In:
Proceedings Ninth IEEE International Conference on Computer Vision, vol. 2, pp.
1470–1477, October 2003. https://doi.org/10.1109/ICCV.2003.1238663

https://doi.org/10.1007/11744023_32
https://doi.org/10.1016/j.robot.2020.103625
https://doi.org/10.1016/j.robot.2020.103625
https://doi.org/10.1109/TRO.2009.2017140
https://doi.org/10.1109/ROBOT.2010.5509133
https://doi.org/10.1109/ROBOT.2010.5509133
https://doi.org/10.1109/IROS.2018.8593803
https://doi.org/10.1109/ICRA.2017.7989238
https://doi.org/10.1109/ICRA.2017.7989238
https://doi.org/10.1109/TRO.2015.2463671
https://doi.org/10.1109/TRO.2017.2705103
https://github.com/appliedAI-Initiative/orb_slam_2_ros
https://doi.org/10.1109/IROS.2016.7759303
https://doi.org/10.1109/ICCV.2011.6126544
https://doi.org/10.1109/ICCV.2011.6126544
https://doi.org/10.1109/ICCV.2003.1238663


ORB-SLAM2 Based Teach-and-Repeat System 307

14. Vardy, A.: Using feature scale change for robot localization along a route. In: 2010
IEEE/RSJ International Conference on Intelligent Robots and Systems, pp. 4830–
4835, October 2010. https://doi.org/10.1109/IROS.2010.5649557

15. Chen, Z., Birchfield, S.T.: Qualitative vision-based mobile robot navigation. In:
Proceedings 2006 IEEE International Conference on Robotics and Automation,
2006. ICRA 2006, pp. 2686–2692, May 2006. https://doi.org/10.1109/ROBOT.
2006.1642107

https://doi.org/10.1109/IROS.2010.5649557
https://doi.org/10.1109/ROBOT.2006.1642107
https://doi.org/10.1109/ROBOT.2006.1642107

	ORB-SLAM2 Based Teach-and-Repeat System
	1 Introduction
	2 State of the Art
	2.1 ORB-SLAM2
	2.2 Teach-and-Repeat
	2.3 SSM-Nav

	3 Teach-and-Repeat Method
	4 Experiments
	4.1 Hardware and System Implementation
	4.2 Tests of Systems

	5 Conclusions
	References




