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Abstract. The Computed Tomography (CT) is one main imaging technique in the 
field of non-destructive testing.  Newly, industrial robots are used to manipulate the 
object during the whole CT scan, instead of just placing the object onto a standard 
turntable as it was usual for industrial CT the times before. Using industrial robots 
for the object manipulation in CT systems provides an increase in spatial freedom 
and therefore more flexibility for various applications. For example complete CT 
trajectories concerning the Tuy-Smith Theorem are applied more easily than using 
conventional manipulators. These advantages are accompanied by a loss of precision 
in positioning, caused by mechanical limitations of the robotic systems.  
 In this article we will present a comparison of established reconstruction 
methods for CT with industrial robots using a so-called Automatic Object Position 
Recognition (AOPR). AOPR is a new automatic method which improves the 
position-accuracy online by using a priori information about fix markers in space. 
 The markers are used to reconstruct the position of the object during each 
image acquisition. These more precise positions lead to a higher quality of the 
reconstructed volume after the image reconstruction. 
 We will study the image quality of several different reconstruction techniques. 
For example we will reconstruct real robot-CT datasets by  filtered back-projection 
(FBP), simultaneous algebraic reconstruction technique (SART) or Siemens’s 
theoretically exact reconstruction (TXR)  . Each time, we will evaluate the datasets 
with and without AOPR and will present the dedicated image quality. Moreover we 
will measure the computation time of AOPR to proof that we still fulfill the real 
time conditions. 

Introduction  

The computed Tomography (CT) is one main imaging technique in the field of non-
destructive testing. Conventional CT-setups are using a turntable-like manipulator to place 
and rotate the object between the X-ray source and the detector. This allows x-ray 
projections of the object from different angles and, if the manipulator provides translation 
axes, from different positions. A successive combination of multiple view-angles and 
positions around the object is called trajectory. A trajectory with a sufficient amount of 
different views allows a three dimensional reconstruction of the scanned volume, i.e. an 
insight into the object. The mathematical basis for the reconstruction of such a CT-Scan 
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implies some requirements on the trajectory. A minimal requirement for a mathematic 
complete reconstruction was introduced by Tuy-Smith [2][3]. It says that each plane 
through the object has to intersect with the trajectory in at least one point. Trajectories that 
fulfil this requirement are called complete trajectories. According to Tuy-Smith [3] the 
common Circle-Trajectory, which is used for many CT applications, is not complete. Its use 
therefore leads to so cone-beam artefacts. To avoid these artefacts, more complicated 
trajectories have to be performed. Some wide spread approaches are the helix- and the 
circle-line-trajectory, since they can often be performed by conventional manipulators. But, 
since any arbitrary trajectory that fulfils the requirement of Tuy-Smith [3] could be used 
and might provide better reconstruction results, the spatial freedom of the manipulator is a 
hard limitation for the amount of possible trajectories. Since the spatial movement and 
positioning of objects is a common problem, there already is a manipulator concept that can 
perform almost any arbitrary trajectory: industrial robots. 
A common six-axis industrial robot can place an object in almost any position within its 
work-range and can even perform some more complex tasks like picking up and laying 
down the object itself. The spatial freedom of such an industrial robot comes with a lack of 
precision, compared to the common used CT manipulators. To make use of a standard 
industrial robot in a CT scenario, an improvement of its precision is required. This does not 
necessarily has to be a correction of the robot’s position, since a deviation from the wanted 
trajectory can still provide a complete trajectory, but we have to find out the real position of 
the robot at the time of each image acquisition that is used for the reconstruction of the 
volume. 
The so-called Automatic Object Position Recognition (AOPR) [8] can be used for this task.  
The AOPR uses a priori knowledge of a fix, three-dimensional marker structure that 
encloses the object and is visible in each single projection of the CT-Scan. The projection 
of this structure inside the images, combined with the a priori knowledge of its structure, 
can then be used the restore the actual position of the manipulator at the time of each image 
acquisition. These restored positions can then be used to perform a reconstruction, based on 
more precise information of the systems geometry than the robot could achieve by itself. 
This approach allows an accurate position tracking with the CT system itself and therefore 
neglects the need of additional tracking devices. 
 

 Methods 

1.1 Requirements and System Setup 

The geometry of the CT-Setup that is used in this paper, as shown in figure 1, is orientated 
at the Y.MU56 by YXLON International GmbH [7]. The detector provides a 1024x1024 
pixel matrix and a pixel-pitch of 0.2mm and the x-ray source can perform up to 225kV.  
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Fig. 1. Experimental Robot-CT setup. 

 
The industrial robot used for this paper is a YASKAWA MOTOMAN MH5, a six-axis 
industrial robot with a payload of 5kg. Its repeatability is listed at ±0.02mm within its work 
range of 706mm. The robot is live controlled by YXLON’s NEXIS platform, which means 
that no teached positions are used. During image acquisitions, the robot remains still to 
avoid motion blurring. 

 

1.2 Requirements and System Concept  

To obtain the robots position via AOPR the marker setup or at least a sufficient subset of its 
markers has to be visible. The markers have to remain in a static relation to the robots 
position, so that every movement of the robot directly effects the position of the markers.  
To fulfil these requirements a mounting structure for the markers had to be designed. We 
prototyped a so-called CT-Barrel which is a thin carbon plate that was bent into a 
cylindrical shape and fixed with a short brass cylinder at both ends. It is directly attached to 
the robot as shown in figure 2 and the markers are mounted on its surface.  

 

 
Fig. 2. CT-Barrel mounted on a YASKAWA MOTOMAN MH5. 

 
This setup ensures the fix relation between the robot’s and all marker’s positions. The 
hollow structure of the CT-Barrel allows us to place the object inside. On the one hand, this 
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circumstance makes it easy to see the markers in every single image, on the other hand it 
makes the CT-Barrel not only a marker-mount but also an object-mount for Robot-CT. 
Since the object is placed inside the CT-Barrel, the volume that is to be reconstructed is 
defined by the barrels’ dimensions, which eases the determination of operational 
boundaries [4]. Therefore, a complete trajectory for the barrel is also complete for all 
objects that can be placed inside.  
 

1.3 Marker  

All markers used in this paper are shaped spherical, a property that relieves the 
determination of the markers’ centers and makes their projections invariant of the markers’ 
orientation. The markers are made out of zirconium oxide and have a diameter of 3mm. 
They were randomly placed on the CT-Barrels surface. The AOPR can be performed with 
at least 3 markers that are not placed in a plane. With an increasing number of markers the 
AOPR is expected to perform more stable, while the effects of the markers would increase. 
In this paper we increased the number of markers only slightly over the least required 
amount to achieve valuable results from the AOPR while keeping their effect in terms of 
artefacts as low as possible.   

1.4 Marker detection  

To find all markers and determine their position inside an image, a threshold is used on the 
image to separate the foreground structures from the image’s background. The binary 
output is then used to find connected structures with a flood-fill algorithm. All these 
structures are checked for their size and roundness. Since the real size of the markers and 
their magnification is roughly known, the checked parameters can be used to determine if a 
structure is one of the markers or not. Since only the position of each marker is relevant for 
further steps, the centre of each cluster that passed the marker-checks is determined. For 
spheres, the determination of the centre can be performed with sub-pixels precision [7].  

1.5 Prior learning step  

To gain the information about the spatial setup of the markers, a prior learning step has to 
be performed. Since the position of the markers has to be determined in relation to the 
robots position, this learning step should be performed by the robot itself. The robot has to 
move the object in order to receive the full spatial information of the marker setup, which 
would lead into the same problem of insufficient robot precision. The total deviation of the 
robot’s position is the sum of deviations of all axes of the robot. To reduce this deviation 
during the prior learning step, only one axis of the robot is used during this process. This 
leads to a rotation of the marker setup. By tracking the projected movement of a single 
marker during this movement, we can determine their position in space. 
 
1.6 AOPR  

After the prior learning step, we can move the object to an arbitrary position or change its 
orientation and determine the actual position of the object (and therefore of the robot) by 
using AOPR. The real position of the robot is expected to be somewhere within the range 
of the robot’s accuracy around the intended position of the robot. By knowing the geometry 
of the CT system, the projection of an arbitrary position between the X-ray source and the 
detector can be simulated. So the projection of each marker can be simulated, based on the 
commanded position. The simulated projection is then compared to the actual projection 
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that can be seen in the image. The deviation between simulated and actual projection is 
directly connected to the deviation of the robot’s position. With a least-square solver the 
robot’s position that is used for the simulation is altered until the simulated marker 
projections match their actual counterparts. The position of the best match is then being 
expected to be the real position of the robot in space [8].  
 

2. Results  

2.1 Marker Detection 

The marker detection, as described in chapter 1.4 can be performed on every arbitrary 
projection image. Figure 3 shows the marker detection performed on a single projection. 
The right image shows all markers that have been found inside the projection. The CT-
Barrel’s structures on the top and the bottom have been sorted out by the sphere-condition 
checks.  

 

 
Fig. 3. Right: Projection of the CT-Barrel with highlighted marker centers. 

Middle: Highlighted position of a single marker’s centers. 
Right: Magnified center of a single marker with adjusted colors to make pixels distinguishable. The 

center of the whole marker is highlighted with sub-pixel precision.  
 

The image in the middle shows a single marker and the position of its center. The area 
around the center is magnified in the left image. To display the borders between separate 
pixels, the color curve of the image has been adjusted. It shows the position of the center 
with sub-pixel precision [5]. 

2.2 Prior learning step 

For the prior learning step, the CT-Barrel is rotated around its own center-axis. The position 
of all markers is tracked during this movement, so the position of every marker is known 
for each rotation angle. By comparing the markers position from projections with an angle 
difference of 180°, the spatial position of the markers can be determined. Figure 3 shows 
the projection of the CT-Barrel at 0° and 180°. These projections can be used to fully 
restore the spatial information of the marker-model. To achieve more stable results, this 
step can be repeated for every angle between 0° and 180° and their 180°-rotated 
counterparts, like shown in figure 4.  
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Fig. 3. Projections of the CT-Barrel for the prior-learning step  

at 0° and 180°. 
 

              
Fig. 4. Projections of the CT-Barrel for the prior-learning step  

at 90° and 270°. 
 
After averaging all marker-models a single set of spatial marker positions, as shown in 
figure 5, can be achieved. 

 
Fig. 5. Marker geometry determined during the prior-learning step. 

The position of the markers is related to the robot’s position. 
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Fig. 6. Top view of the marker geometry determined  

during the prior-learning step. 
 

2.3 Optimization 
 
The spatial information of the marker setup can be used to perform a simulated projection 
of the setup into the detector- and therefore the image-plane, for all possible robot-
positions. Figure 7 shows the expected position of the markers for the position that was 
targeted by the robot on the left. The optimization step described in chapter 1.6 was used to 
determine the robot’s real position. The projection of the marker setup for the optimized 
robot-position is shown in Figure 7 on the right.  
 

    
Fig. 7. Left: Expected marker positions for the targeted robot-position. 

Right: Marker positions for the optimized robot-position.  
 
2.4 Distance evaluation 
 
The deviation of the robot’s position is directly transferred to the markers’ positions. The 
difference between the markers’ projections for their initial and optimized positions over a 
full 360° rotational movement is visualized in the figures 8 and 9 for different markers. 

 
Fig. 8. Deviation of initial and optimized marker-projections in pixels 

for a single marker over a 360° movement. 
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Fig. 9. Deviation of initial and optimized marker-projections in pixels 

for a single marker over a 360° movement. 
 

The optimization step was used to improve the distance of the robot for a better fit of 
assumed and actual projections of the markers. As shown in the figures 8 and 9, the 
distance between assumption and real image data was decreased by up to 25 pixels. Since 
the deviation of the robots position affects all markers at the same time, a similar 
improvement for different markers can be expected. 

4. Conclusions 

The knowledge of a CT manipulator’s positions and movements is a fundamental 
requirement for a successful reconstruction of the scanned object. Since the capabilities of 
conventional CT manipulator systems are often restricted in terms of spatial freedom, 
alternative manipulator systems are required to perform more sophisticated trajectories. A 
promising solution for these applications is the use of industrial robots. While these robots 
offer great abilities in placing and moving objects at any position and orientation within a 
CT setup, they are not as precise as conventional CT manipulator systems. This lack of 
precision, if neglected, can cause a loss of quality in the CT reconstruction, especially for 
more advanced trajectories and their reconstruction algorithms [6]. It has been shown that 
the AOPR can be used to determine a robot’s position for an arbitrary projection acquired 
by a CT system. The influence of this improved position knowledge on the reconstruction 
quality will be the subject of further investigations. By using AOPR with an algorithm to 
reconstruct arbitrary trajectories, a successful CT scan can be performed independently 
from the manipulators precision. 
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