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Abstract. In this paper we present a practical innovation concerning
how to achieve high accuracy of camera positioning, when using a 6
axis industrial robots to generate high quality data sets for computer
vision. This innovation is based on the realization that to a very large
extent the robots positioning error is deterministic, and can as such be
calibrated away. We have successfully used this innovation in our efforts
for creating data sets for computer vision. Since the use of this innovation
has a significant effect on the data set quality, we here present it in some
detail, to better aid others in using robots for image data set generation.

Keywords: Image data set · Performance evaluations robotics for
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1 Introduction

Computer vision has undergone a tremendous development over the last couple
of decades, and from being mainly a pure research topic, it has now found it’s
way into numerous commercial products. Hereby it reflects the large increase in
our abilities to address the issues considered. It could, however, be argued that
the empirical evaluation has not quite kept up. As noted by the group associated
with the PASCAL visual object challenge [4], in relation to this; “A question
often overlooked by the computer vision community when comparing results
on a given data set is whether the difference in performance of two methods is
statistically significant.”. To achieve such significance in empirical investigations,
sufficiently large data sets of good quality are needed, which we assume is also
a motivation for the said PASCAL challenge.

To facilitate such empirical evaluation for other aspects of computer vision,
other data sets have also been compiled e.g. [5,8,9]. In many cases robots are a
great enabler in making such much needed data sets, as done in e.g. [1,2,6,7,10],
where the robot is used to move the camera around an object, whereby a large
number images are taken with well defined and repeatable camera positions.

An issue in using robots in this way is that there is typically a relatively large
error between the position the robot places the camera at, and the position it
is requested to place the camera at. This error is large enough to have practical
influence on the data set quality. In order to address this issue, we here present an
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innovation on how to address this, and thus increasing the accuracy of the camera
positioning. This is a small, but nonetheless very important, detail that makes
a substantial difference in the produced data set quality. As such we used this
innovation in our previous work on robot generated image data sets, [1,2,6,7],
but would here like to take the opportunity to describe it in some detail, such
that other can better reproduce it, as well as describing the experiments that
validates this approach.

The positioning error of the robot has a deterministic and a stochastic part
(the deterministic part is often also referred to as a bias). The innovation pre-
sented here is based on the observation that the stochastic part is very small,
and that the error is almost entirely deterministic. To put it a bit more plainly,
if you run a given positioning script for the robot, you do not get the camera
positions you ask for, but you get the same sequence of positions every time you
run the script. Our validation of this finding is given in Section 4, on our setup
described in Section 2.

Based on this observation, we thus design and run a positioning script in
front of a calibration plate, and find the camera positioning via the Camera
Calibration Toolbox Matlab1 by Jean-Yves Bouguet. The procedure is detailed
in Section 3, and effectively removes the deterministic part of the positioning
error.

2 Our Robot Setup

Even though the innovation of this paper generalize, it is made in a specific con-
text, which is also the context of the experimental evaluation. For completeness
we thus present our robotic setup here, which is the one we also used in [2,6,7].

Our robotic setup includes an industrial 6 axis ABB robot placed in a light
shielded enclosure, and the robot and the interior of the enclosure are painted
black to minimize reflections from the environment. On the robot arm we have
placed a stereo camera setup with structured light for 3D scene reconstruction.
We employ individually controlled LED point light sources to ensure precise
scene illumination. This setup gives a very high flexibility in moving the cam-
eras to a given position and viewing direction for acquiring images under varying
illumination together with a 3D surface reconstruction from precisely that view-
ing direction. The setup is shown in Figure 1.

By using point light sources for illumination and acquiring images with one
light source turned on at the time, we can artificially relight the scene by lin-
ear combining acquired images [3]. Hereby a continuum of illuminations can be
obtained.

This setup enables very accurate data sets of real objects where we know
the exact camera positioning, scene or object surface, and we know the exact
geometry of the light sources. Such data is essential for empirically evaluating
computer vision based on a solid statistical foundation.

1 http://www.vision.caltech.edu/bouguetj/calib doc/

http://www.vision.caltech.edu/bouguetj/calib_doc/
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Fig. 1. The robotic setup. Left shows the full industrial robot and right is a closeup of
the stereo cameras and light projector for structured light scanning.

Fig. 2. An example image of a calibration plate used for camera position calibration

3 Robot Positioning Procedeure

For completeness we here describe the procedure we apply to get high accuracy
camera positions from the system described in Section 2 is as follows:

1. Design a robot positioning script In making a data set we almost always want
an identically repeating camera movement (composed of discreet camera
positions) over a sequence of different scenes, i.e. different objects depicted.
This camera movement is designed via a positioning script.

2. This script is run with a scene consisting of a calibration plate, c.f. Figure 2.
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Fig. 3. An image of placing the robot positioning tool at the origo of the calibration
plate

3. The discreet positions of the camera movement are found via camera calibra-
tion, in our case via the Camera Calibration Toolbox Matlab2 by Jean-Yves
Bouguet.

4. The camera positions estimated in point 3. are used as camera positions for
the data set generation, where the calibration plate is substituted with the
scene or objects for a given data set.

Is noted, that the information of the requested camera positions of the script
is not directly propagated to the positions used for evaluation. Also even though
these camera positions might be generated by a mathematical equation, e.g.
located on a sphere, this is not exactly where the cameras are positioned.

4 Experiential Results

To validate the proposed approach as outlined in Section 3, we first validated
that there was a significant error between the camera positions requested and
the camera positions achieved. We did this by placing a calibration sheet flat
in the robot cage and aligning the robots coordinate system to that calibration
plate, c.f. Figure 3. The result is that any camera calibration made from this
calibration plate would be in the same global coordinate system as the robot.
2 http://www.vision.caltech.edu/bouguetj/calib doc/

http://www.vision.caltech.edu/bouguetj/calib_doc/
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Fig. 4. Difference between requested positions, red circles, and achieved positions, blue
stars. Note that the difference can not be made up from a rigid transformation. The
black square denotes the origo.

This was verified by having the robot go back to various places on the calibration
plate. We then requested the robot to go to eight different positions, where the
camera took images of the calibration plate. These images were subsequently
used to estimate the camera positions via camera calibration. The result and
the discrepancy between the requested and the achieved camera positions is
shown in Figure 4. Initially we performed this experiment to calibrate the rigid
transformation between the robot tool and the camera, but the was not possible
with sufficient accuracy as seen from Figure 4. This was the empirical data that
made us realize, that we needed an alternative method of determining accurate
camera positions, whereby we came of with the innovation presented in this
paper.

Next we wanted to validate the low stochastic element of this error, and
thus the applicability of our innovation presented here. A property of the robot
indicated in its specification. To do this we made a script for the robot to take
the image of Figure 5, move well away and go back to the same position. The
result was that we got almost identical images as illustrated in Figure 6, where
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Fig. 5. Image of a calibration plate that was taken by the robot, for the robot to move
well away and the move back and repeat the image. The red line is drawn in, to indicate
the positions of the two scan lines of Figure 6.

it is seen that the stochastic positioning error is small compared to the image
noise. In this regard it should be noticed, that it is having an camera model
that describes the relative movement between camera that matter, as such if the
positioning error is small compared to the imaging noise a success is achieved.

To further validate that the camera positions were highly repeatable, also
over the one to two months it took to record a complete data set, we performed
regular recalibrations of the camera positions in the two data sets of [2,6]. As an
example in [6], this resulted in “Over the two months of data acquisition period
we performed 10 calibrations, and the average standard deviation of the camera
positions were 0.0031 mm. The reprojection error here was 0.067 pixels.” Most of
this drift could be explained by temperature variations, and resulting changing
of the robot arms dimensions. Thus also this aspect of the described approach
was validated.

5 Discussion and Conclusion

In this paper we have presented the method we have used to achieve high camera
positioning accuracy when using robots for generating large image data sets for
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Fig. 6. The pixel intensities of the scan line denoted in red in Figure 5. One for each of
the two images. Here it is seen that the transition between black and white happens at
the exact same place, given the accuracy achievable due to image noise. (this is a scan
line from a checker board, so ideally the curves should have straight top and bottom
parts.)

computer vision. This method is based on the observation that the robots posit-
ing error is almost entirely deterministic, why it can be corrected by calibration.

This innovation has very important practical implications and provide a solu-
tion to a problem when compiling data sets. A problem we have struggled some-
what with, and are aware that others have too. As computer vision mature we
believe through empirical evaluations will play a more significant role, and as
such that many other will want to use robotics for this endeavor. As such we
believe it relevant to share this practical innovation here with sufficient detail
that it is easy to reproduce.
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