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Abstract 
This paper introduces a new automatic object position recognition (AOPR) method to improve the position accuracy of a robot 
assisted computed tomography by using a priori information about fix markers in space. To verify the accuracy of this, we 
have use a prototype of a so-called CT barrel, applied with different markers. The relative position of the markers is 
automatically extracted in a prior learning step once. Afterwards, we determine the actual position under real-time conditions. 
We conclude our article with an overview, concerning the overall performance of the system with and without AOPR. 
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1 Introduction 
The Computed Tomography (CT) is one main imaging technique in the field of non-destructive testing. In a conventional CT-
setup, the object is placed on a turntable between the x-ray source and the detector. To view the object from different angles, 
the turntable rotates the object. The sum of all viewpoints used for the CT-reconstruction of the scanned volume is called 
trajectory and is usually described as the relative path of the source around the object. While the common used Circle-
Trajectory might fit for various applications, the reconstruction is mathematically incomplete [3]. To perform a complete 
trajectory as described by Tuy-Smith [3] additional axes are required. Some systems change the position and orientation of the 
source and the detector or change the height of the turntable to alter the view.  
A promising approach of object manipulation in CT systems is the use of industrial robots to manipulate the object. These 
robots provide a great flexibility and spatial freedom [8]. Existing CT solutions based on robot-manipulators are still rarely 
spread or hybrid setups that still need some conventional axes [5].  
With a common industrial six-axes-robot, the object can be placed in such multiple ways that almost every view angle can be 
performed without changing the position or orientation of the source or the detector. Therefore, complete CT trajectories 
concerning the Tuy-Smith Theorem are applied more easily than using conventional manipulators [2] [3]. Next to its spatial 
freedom, industrial robots can be used to perform various different tasks in addition. The autonomously mount and dismount of 
objects and tools or arbitrary sequences of movement and grabbing commands are only a few examples.  
The robot- as well as the turntable-approach underlies mechanical constraints, which limits the precision of determination of 
the current view-angle. In fact, the precision is decreased by every axis added to the system. Since the precision of this 
positioning information is critical to perform a correct reconstruction of the CT data and for the definition of exact regions of 
interest for automatic defect recognition (ADR), this lack of precision should be kept as low as possible [1].   
In order to fulfill this challenge for a turntable setup with movable source and detector, three independent problems have to be 
solved: source-, object- and detector-positioning. Even if these three tasks have been highly optimized in the past, they are still 
connected to high costs for each axis. Industrial robots can offer a much better costs-per-axis-ratio and their whole lack of 
precision manifests in one place: the object's position. Solving this single issue will push Robot-CT fast forward. 
For applications with a low spatial resolution, a common industrial robot might already be precise enough to perform simple 
trajectories. With an increase of spatial resolution or by performing trajectories that are more complex, the used robot has to 
perform much more accurately.  
The so-called Automatic Object Position Recognition (AOPR), introduced in this paper, offers a new approach on 
compensating this problem. By accepting that the robot will not hit the targeted position correctly, the problem of increasing 
the robots accuracy can be transferred into recognizing the reached position as good as possible. Established reconstruction 
algorithms like CERA can use this information to perform a reconstruction based on these geometry parameters [7]. AOPR 
uses a priori information about a fix, three-dimensional marker model that is (partly) visible inside each single image of a CT-
Scan. The a priori knowledge over the marker model is used to simulate its projection into the image-plane to calculate the 
actual position of the robot at the time the image was acquired. 
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2 Methods 
The geometry of the Robot-CT setup used in this paper is shown in Figure 1. Its geometry is orientated at the Y.MU56 by 
YXLON International GmbH [8]. The detector provides 1024 x 1024 pixel matrix with a pixel pitch of 0,2mm and the x-ray 
provides up to 225kV. The robot used in this paper is a YASKAWA MOTOMAN MH5, a six-axes industrial robot with a 
maximum range of 706mm and a maximum payload of 5kg. Its repeatability is listed at ±0,02mm. For our application, the 
robot is controlled by the YXLON NEXIS Interface and is stopped during image acquisition. 
   

 
Figure 1: Experimental Robot-CT setup, based on the Y.MU56 by YXLON. 

 
2.1 Requirements and System Concept 
The AOPR presented in this paper is performed on single projections and depends on the visibility of markers inside the image. 
Therefore, the markers, or at least a sufficient subset of them, have to be visible in each projection of a CT-scan. The marker 
positions and orientations have to be static, related to the object. Therefore, an object-mount with markers attached to it is 
required. For our approach, only a subset of the markers has to be visible inside the image. This allows the marker-mount-
structure to have any size or shape. We have chosen a so-called CT-Barrel (as shown in Figure 2) as a prototype for our 
application. The CT-Barrel is a cylindrical container that encloses the object inside. It is made out of a thin carbon-plate that 
was bent into a cylindrical shape.  One end of the prototype stays open and is stabilized with a short brass cylinder, placed on 
the inside. The opposite end of the prototype is closed by a robot-mount made out of brass. Both brass structures are visible 
inside the projection images and can be seen inside the upper and lower regions of Figure 3. Different markers materials were 
used in this paper: zirconium oxide spheres with a diameter of 3mm and tungsten carbine spheres with a diameter of 1mm. The 
markers were randomly placed on the surface of the CT-Barrel. 
 

 
Figure 2: CT-Barrel prototype with 3mm zirconium markers, mounted on a YASKAWA MOTOMAN MH5 industrial robot. 

 
Since the size of the CT-Barrel determines the size of the scanable objects, it also defines the volume that needs to be scanned 
and reconstructed. To perform a trajectory that allows a mathematical complete reconstruction according to Tuy-Smith, each 
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plane through the reconstructed volume must cut the trajectory of the source at least in one point [3]. As long as the trajectory 
is designed to cover the whole CT-Barrel, the object inside the barrel is automatically fully covered by the trajectory. Another 
consequence of the CT-Barrel’s design is the visibility of the markers inside the image, as long as the CT-Barrel is visible.  
 By ensuring the visibility of the markers inside each projection image, the difference between their expected position and their 
real position in the image can be used to calculate the actual position of the markers in space, and therefore the actual position 
of the object. To determine the expected position of the markers inside a projection image, the a priori knowledge of the 
marker-setup's geometry is used. Therefore, the relative positions of the markers will be extracted in a prior learning step once. 
Knowing their relative position to each other and to the robot's reference point allows a simulated projection into the image 
plane from every object position inside the beam path. 
  
2.2 Marker Recognition 
A fundamental part of the AOPR is the recognition of the markers inside the projections. To achieve sub-pixel accuracy, only 
the location of the center of each marker is used for further calculations [6]. To determine the center of all markers inside an 
image, a foreground extraction algorithm is used to extract the structures of the whole CT-Barrel. For each object found in this 
step, a size- and roundness- check is performed to determine if the object is a marker or a different structure of the CT-Barrel. 
In a last step, the unweight center of each marker-sphere is calculated. The positions of the marker’s centers are further 
referred as their positions. 
   
2.3 Prior Learning Step 
To achieve the geometry of the marker-setup, which means the relative position of each marker to the robots reference point, a 
onetime learning step is performed for each CT-Barrel. In a cone-beam X-ray setup, the magnification of the object's 
projection depends on the ratio between the Focus-Object-Distance (FOD) and the Focus-Detector-Distance (FDD). Given a 
fixed FDD, the FOD of a single marker can be determined by its magnification and vice versa. By moving the CT-Barrel 
parallel to the detector-plane, all markers are moved into the same direction and for the same distance. Since the distance of the 
projected movement of each marker is depending on its magnification, the ratio between real movement and projected 
movement can be used to calculate the marker’s FOD. Afterwards, the total position of each marker can be achieved, by 
projecting its position in the image back into the corresponding plane at its FOD. 
To achieve more accurate results for this initial learning step, the procedure is performed multiple times and for multiple 
positions to average the robot's repeatability. 
  
2.4 Object Position Recognition 
For each projection acquired during a CT-Scan, the positions of the visible markers inside the image are extracted as described 
in Chapter 2.2.  Simultaneously, the a priori information about the marker geometry is used to simulate a projection of the 
markers into the image plane, based on the robot’s targeted position in space. Since the deviation between targeted and actual 
position of the object is very small, the matching of each simulated and real marker position in the projection can be performed 
by a simple nearest-neighbor approach. The position of the markers achieved by the simulated projection can be modified by 
changing the robot's position that was used for the simulation. This reference position includes the position in space as well as 
the orientation of the robot. The full position can be described by six parameters: the translation along the X-, Y- and Z-axis, as 
well as the rotation angle around each of these three axes. The robot’s real position for each projection can then be found by 
optimizing these parameters to minimize the sum of square difference of the distances between the corresponding marker 
positions of the real and the simulated projection.  

3 Results 
The marker recognition algorithm described in section 2.2 was used during the prior learning step and for the comparison of 
simulated and real projections. Figure 3 shows an image of the CT-Barrel where the markers centers are highlighted. By 
scaling up the image to view a single pixel as shown in Figure 3, the sub-pixel accuracy of the marker recognition becomes 
visible. 
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Figure 3: The marker centers found in the projection (left). A zoomed view on one of the projected markers (middle), and a single pixel of it 

with the sub-pixel accurate location of its center (right).   

 
Figure 4 shows an image sequence that was used for the reconstruction of the marker geometry. The deviation of marker 
centers between different images from the same object positions reveals a repeatability of the robot's positioning of ±0.009mm, 
under consideration of the given magnification at this position. Since the CT-Barrel itself is relatively lightweight and 
symmetric, a better repeatability than the one specified by the manufacturer was expected. We found out that the repeatability 
measures up with this expectation in the end. 
 

    
Figure 4: A sequence of projections, parallel to the detector plane that is used for the prior learning step. 

 
The reconstruction of the tungsten carbon marker geometry is shown in Figure 5. The spatial positions of the markers are 
related to the robot's reference point. 
 

 
Figure 5: A three-dimensional representation of the markers positions (in mm), in relation to the robots reference point. 
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We used a sequence of random positions to show the deviation between targeted (evaluated by a simulated projection of the 
reconstructed marker geometry) and the actual marker position inside the projection image. The sequence was recorded 
immediate after the prior learning step. Some samples of these projections are shown in Figure 6 and 7. The positions 
highlighted inside these images are the simulated projections of the marker geometry.  
 
 

     
 

     
Figure 6: Simulated marker projections on real images, acquired at different positions (left) after linear movements and an enlarged section 

of each image (right). 

 
 

The projections in Figure 6 were acquired after a linear movement towards the source and a linear movement parallel to the 
detector plane. No rotation was used in relation to the reconstruction sequence of Figure 4. The absolute deviation between the 
expected and the actual marker positions in the images lies between 0,810mm and 1,144mm at a magnification of 1,343 (see 
Table 1). 
After a rotation of the object, the deviation increases to a maximum of 4,966mm at a magnification of 1,343, and at up to 
6,141mm at a magnification of 2,361 as shown in Figure 7 (see Table 1). The comparison of the two marker materials and 
setups shows no significant difference in deviation.  
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Figure 7: Simulated marker projections on real images, acquired at different positions (left) after rotational movements and an enlarged 

section of each image (right). 

Marker Figure 6 (upper) Figure 6 (lower) Figure 7 (upper) Figure 7 (lower) 
1 1.144mm 1.211mm 4.899mm 5.479mm 
2 0.938mm 1.022mm 4.688mm 5.343mm 
3 0.990mm 0.995mm 4.966mm 6.141mm 
4 0.885mm     0.810mm 4.200mm 4.984mm 
5 0.984mm   0.966mm 4.363mm - 

Magnification 1,343 1,343 1,343 2,316 

Table 1: Deviation between expected and actual marker positions of the projections, shown in Figure 6 and Figure 7. 

 

4. Conclusions 

By decoupling the quality of image reconstruction in Robot-CT from the positioning accuracy of the used robot manipulator, a 
huge step towards more flexible and more economic Robot-CT systems is taken. The combination of a CT-Barrel and a marker 
model simplifies the usage of AOPR for the end-user [4]. We have introduced a method to determine the deviation between a 
robot’s targeted position and the position he actually reached as well as an algorithm to reconstruct a three-dimensional marker 
setup in a prior learning step. 
We have shown that we can predict the targeted marker positions and evaluate their deviation in relation to the robot’s real 
position (Table 1). This knowledge allows the computation of the robot’s real position with a least squares optimization.  
The method is not only independent from the robots accuracy, it also scales with the resolution of the imaging system and can 
be transferred to every 2D or 3D X-ray system. To improve the accuracy of the geometry reconstruction, further studies will be 
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performed on the reconstruction algorithm and image-sequences as well as the impact of different markers on the overall 
image quality.  
For further analysis, the optimization algorithm will be implemented and the impact on the quality of CT reconstructions will 
be evaluated. Overall, the AOPR allows an easy application of arbitrary and complete trajectories, by using industrial robots as 
manipulators, without having to compromise in matters of accuracy.  
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