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Abstract 
The geometrical system calibration is a fundamental task for using computed tomography for dimensional measurement. Any 
length in the tomogram is based on the geometry taken from the geometrical system parameters, so heavily inflicted by any 
errors of the calibration. On the other hand, full geometry calibration of an industrial CT system can be cost intensive due to a 
variety of calibrated reference objects or cost and time extensive measuring procedures, like using a laser-based reference 
system. Hence, those procedures may be impractical for a laboratory CT where the machine is used for very different kinds of 
test objects. In this paper, we discuss the possibility to use models where we teach uncalibrated objects to extend initial 
calibrations to not calibrated regions in the CT. 
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1  Introduction 
In industrial computed tomography (CT), a basic task is to measure distances, whether those are distances between included 
parts of a scanned object, diameter of voids or distances on the surface [1, 2]. However, this measurement usually is performed 
on the tomogram [2] or a surface which is originally extracted from one, so to be exact, not the scanned object is measured, but 
a tomographic representation which may or may not have respective sizes. In order to achieve this relationship, the system 
needs to be calibrated. 
The calibration introduces the relationship between the voxels of a tomogram and physical dimensions. If we assume a flat 
panel detector (that is a detector for X-rays whose elements are ordered in a two dimensional space) and a point source of X-
rays, we magnify any object in between the source and the detector. In the reconstruction, the gray values are used to 
determine an absorbtion at certain volume elements, the voxels. 
If we have two materials in the CT, for example, the scanned object and air, they are represented by their different absorbtion 
of X-rays in the tomographic voxels. A surface element between those two materials can be optained using the different 
absorbion rates of the voxels. To optain sizes of one object, we can interpolate a layer at those voxel borders and therefore 
extract a representation of the surface. If the distance between the centers of two voxels is incorrect, this leads to a false 
assumption of size of the object. This happens, for example, if the distance between the source and the object is not known 
correctly, or the projection is askew while in the filling of the volume, that is the reconstruction, assumed to be ideal. If we 
knew those kinds of misalignments, we can use their information in the reconstruction. Hence we need to gain information 
about the positions and orientation of the source, the object and the detector. This is done by the calibration of the X-ray 
system. 
A lot of different approaches for system calibration have been proposed [3]. For example, objects with known dimensions are 
scanned [4], or a reference system is used [5]. However, calibrated objects can be expensive and may have to be recalibrated 
regularly, and reference systems like using laser interferometers [5] can be time consuming, hence a validation of a calibration 
of a CT is not repeated regularly, which may be a problem especially for those systems which are not located in a temperature  
controlled room. Those systems are inflicted by external influences; hence any calibration step has to be performed in the same 
situation as the measurement. Usually, that is either perforemd by calibrating the system immediately before the scan of the 
object, or by extracting features from the projection itself. However, using simpler probes than the concrete object provides 
more stable results, which can be important for dimensional measurement. 
In this paper we discuss an approach for producing a cost efficient, not calibrated probe and its use in calibrating a CT system. 
It is simple to use markers of high densities and fixate those on some substrate of lighter density materials, such that the 
markers are identified in an X-ray image easily. But without calibration, the relative positions are unknown, as there is a 
lacking of geometrical information about the CT, too. We discuss the possibility to teach both the unknown calibration object, 
and the unknown intrinsic parameters of the CT, outgoing from a known, calibrated position. The calibration object itself we 
assume is a stick of carbon fiber with spheric markers attatched to it in apploximately a helical order. The markers consist of 
highly absorbing materials. For example, we can use bearing balls made of steel or tungsten. 
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2  Materials and Methods 
The idea of our method is as following. From the X-ray images recorded with a known trajectory of the object, whether we use 
real images or simulated ones, we first extract shadows of markers we fixed on some substrate. From those shadows, we 
construct models for both the calibration object and the CT. In that one for the CT, we include possible misalignments of the 
system. Then we minimize a cost function for both model parameters simultanously. This cost function respects the error 
between the model of the system as well as locations of the markers in the marker model (which are the simulated projections), 
and the measured X-ray images. Because we include grades of freedom for the markers themselves, from that combination, we 
can use unknown, uncalibrated objects to calibrate the system. In principle, any movement the system is capable of can be used 
for this kind of calibration. However, in this paper, we discuss the helix trajectory [6] explicitely for both the application and 
the calibration to analyze this idea. The algorithm can be understood as a form of offline applied tracking of the markers. We 
follow those markers in their simultaneous movement and thereof extract the information of the system misalignment from 
their shadows. 
One problem for this model is the magnification. If the system is unknown in any regard, we cannot teach the correct 
magnification of the object and therefore include the false magnification in the object model. Therefore, we assume that the 
system is calibrated in at least one point, that is, the magnification at that specific location is known. Then we can extend this 
calibration point to other locations. 
The alternative is that we use a calibrated object. The geometrical properties are known. Therefore it is possible to calculate the 
magnification from the object directly. However, this is not necessary feasible in all situations. For example, the the space is 
too small for an object to be calibrated, any calibrated object at hand connot be placed at the location of interest or the 
calibration procedure is too time and cost intensive to be applied to any space within the CT. Our target is to understand if the 
information from the exact relative positions of the markers, that is a calibration of the probe, is really necessary, or if it is 
possible to achive similar results without this information. If this assumption can be droped in favour of a weaker one, that is, 
the system is calibrated in one specific location, we achive a practical relevant scenario. If this is possible, the task for other 
applications is to identify a feasible trajectory for the calibration extension, that is, the method can be transferred to arbitrary 
applications.  
 

2.1 Model Training 
The training of the model is the minimization of the difference between the expected shadow center and the measured one. 
Hense these are our residuals, which we show in our results in Section 3 besides other measurements of our method. Because 
we assume the markers to be unknown, the expected shadow center results from an estimated marker. By moving the probe in 
the CT system, movement errors also occur on the marker, so a predicted position in an imperfect system will be at a different 
location in the measurement space than the expected one, so the projection would also be different. Thus, by tracking this 
difference, we obtain the desired information about the system. 
In total, the number of markers, their positions and diameters are assumed to be unknown. Hence, we teach a model by the best 
fit: any marker shadow in the X-ray images is ordered to known markers in a three dimensional model. If there is no candidate, 
a new marker is added such that it may fit to the shadow. Afterwards, the positions of all markers in the three dimensional 
model are adjusted to all their respective shadows. Therefore, the movements have to be small so that a single marker is 
recognized as such and can be tracked, but this is no limitation of the model, because we usually can assume to be free to 
determine the trajectory for this calibration procedure, at least in this regard. This is the assumption that the movement space is 
convex, that is, between two measurement positions, a third one at any interpolated location in between those two is also 
possible. This is usually true for all versatile industrial CT systems where it is not necessary to reduce the radiation exposure of 
the sample. 
The recorded measurements are inflicted by any misalignment that is present in the CT. Hence, the probe model can have 
misalignments itself. However, due to the rigidness of the probe, one can find trajectories that indicate those misalignments. 
Other misalignments may have little to no influences on the reconstruction, or be redundant with those we can measure. From 
a practical point of view, one may state that we can measure any misalignments that influence our scans, because they will 
have the same influence in the marker model. Minimizing the error between simulated and real projections can therefore be 
used to estimate the system parameters. However, we measure changes only because we do not know the exact sizes of the 
probe, therefore we need a position with known magnification; then, this knowledge is extended to other regions of interest in 
the CT. We identify a marker at the calibrated position, track it, and estimate changes in the movement; other markers which 
occur in the visible space are also included, tracked, and so forth. In an initial step, this is performed with assumed ideal 
system geometry. Afterwards, we drop this assumption, and train the geometry parameters. 
This proceeds as follows. For each marker in the model, we have a set of projections recorded from the system at the assumed 
system geometry. The markers are represented by their coordinates in a coordinate system for the object, while the system is 
represented by the coordinates of the detector, its orientation, the position of the source, and the translation and rotation of the 
object. From the geometry, we calculate the projection of a marker onto the detector, thus getting a simulated shadow. In the 
next step, we calculate the center of this shadow, and compare it to the center of the real projection. Using a least squares 
minimizer, we estimate the system geometry by minimizing the described differences between the estimated and real 
projections. 
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This describes the whole procedure of the scan. Obviously it is not necessary to use the same trajectory for the scan of the 
calibration object as for the application with the true sample object, but this provides a starting point where we can initialize 
the development of a suitable trajectory. Thus we concentrate on this scenario in this paper. 

3  Experiments and Results 
In order to validate the model, we use simulations where we know the actual system misalignment. Therefore we can compare 
the results with the (simulated) CT. Further, we can test very different misalignments which would be difficult in an actual 
system. All tests are performed with a focus detector distance of 1000mm and a focus object distance of 150mm; hence the 
magnification is 6.67, while the detector provides a pixel pitch of 0.139mm. These are parameters which can be observed in 
real systems and are therefore valid system properties. The experiments consecutively include more possible errors of the used 
axes, until we simulate a system where the helix is performed by rotating the object and moving detector and source 
orthogonally to the rotation plane. 
The idea for the tests is as follows. A reconstruction of a CT scan qualifies the relationship of the voxels with the X-ray 
absorption at corresponding locations [6], that is, a volume element of the scanned object.  For this, it uses the information 
where on the detector this volume element is projected. A misalignment may cause that the volume element may projected on a 
different location on the detector. If this misalignment was known, the reconstruction algorithm can incorporate it in order to 
reestablish the relationship between the absorption and the gray value of the projection. That is, the object can be reconstructed 
correctly. Therefore, in our experiments, we target to calculate the true location of our markers. Hence we reestablish the 
locations in the reconstruction. If the markers are positioned correctly, the projection for the geometry is also correct; hence we 
can use this geometry for the reconstruction of a “real” object. However, we have this information in simulations only, so we 
focus on these results to qualify our method. We perform simulations for different movements where the helix CT is performed 
by rotating the object and moving the detector and the source vertically to the rotation plane. That gives us the possible 
misalignments of the detector and source as well, rather than of the object alone, hence it is the more challenging task. The 
situation where the object is moved vertically is a simplified version; hence the experiments are also valid for this geometry. 
We assume that the error is not just a simple misplacement, but a false movement. That is, if we want to move an axis from 
location � to another one, say � + Δ�, the axis truly is at � + � ⋅ Δ� where �	 ≈ 1, but not exact. Further, the movement error 
of the source and detector is not only in the direction of the axes, but also in other directions, that is, we assume in several tests 
those axes to be also skew. We analyze the errors thoroughly in order to see the different influences on the results, especially to 
see if the nonlinearities introduced by the different axis misplacements have certain side effects. 
To summarize the test scenario, the test trajectory is a helical scan [6]: we combine a rotation with a vertical translation. With 
this, we extend the initial calibration vertically. We than simulate different kinds of misalignments and observe which are 
estimated accordingly, especially in combination. We assume that for the helix CT, a system where the detector and X-ray 
source are moved vertically, not the object. We therefore simulate that the detector moves sideways and with a slightly 
different speed than the tube as erroneous properties. Tilting of the object is much easier obtained by simply rotating an 
eccentric marker [3]; hence we exclude this error in our tests. Note that we optimize on the residuals of the shadow difference 
only. The position of the markers is unknown for the model until we start the comparison with the known locations of the 
markers. However, those are the more important results, not that the model estimation has converged. 
In Figure 1 and 2, we show the results with an “ideal” system, that is, without any geometrical misalignment. That test is the 
ground truth of our model. Due to the use of digital images, the error between the estimated and true marker shadows is not 0. 
This results in slight differences in the positioning of the markers. However, including the model did not change this 
positioning significantly, which is what we expected in this test. 
In Figure 3 and 4, we changed the positioning of the detector in direction of the helical movement by including an artificial 
error, but kept other movements in place. This is a very simplified assumption, but demonstrates how the algorithm performs. 
The positions of the markers are estimated at a false location if an ideal system is assumed (Figure 4, blue) and is very different 
to the case where we truly have an ideal system. The algorithm optimizes that location estimation such that we are close to the 
ideal case (Figure 4, red, and Figure 2, red, respectively). 
We proceeded including errors in placement in a plane orthogonal to the magnification axis in another simulation. Those 
results can be seen in Figure 5 (residuals for the parameter estimation) and Figure 6 (marker misplacement), respectively. Here 
we introduce two possible errors, in comparison to one in the experiment before. Again, the parameter optimization converged, 
and the positions of the markers were correctly positioned. Hence, if the system contains similar misalignments without errors 
in the magnification, this method is sufficient. 
In Figure 7, the residuals if we have imperfect placements of the detector in all three possible directions are shown. This has 
large influence on the initial residuals, which are the differences observed if an ideal geometry is assumed (blue). With this we 
can see that the model of the markers cannot explain such misplacements, unless we assume an imperfect geometry; that is the 
foundation of our method. Introducing the model for the system largely reduces the error (red). Also, the marker misplacement 
before and after the model training is largely improved (Figure 8). 
So far we discussed misplacements of the detector only. This is similar to an imperfect system where we have a CT where we 
keep the detector and source fixed, but rotate and shift the object, because we have the same grades of freedom in both of those 
systems. Hence, for those simple systems, the model and a rigid probe can be used for the calibration extension. However, the 



7th Conference on Industrial Computed Tomography, Leuven, Belgium (iCT 2017) 

www.iCT2017.org 

more challenging task is to calibrate a system where we move both the detector and source, which is what we discuss in the 
following. 
The first experiments where we also introduced misplacements for the source axis can be seen in Figure 9 (residuals) and 
Figure 10 (marker misplacement). In those experiments, we kept the focus object distance and the focus detector distance 
constant, but had erroneous placements in both the direction of the helix CT as well as orthogonally to this axis and the 
magnification axis. Again, we observe a large improvement applying the model. This simulation is relevant because the last 
axis, that is the magnification, the orthogonally of the system, which can be easier to calibrate, because it is a movement 
rectangular to the magnification axis. There we usually have free space because we do not want any further objects to distract 
the CT, thus we may find it easier to place a calibration device like a laser tracker in the system, rather than to the left or right 
of the axis. Because we discuss extension of existing calibrations, this is an important aspect of the method. 
In the experiments for Figure 11 and Figure 12 respectively, we used misplacements for both the detector and the source in all 
three dimensions. This is the most realistic experiment, because real systems can be considered to always have similar errors. 
In Figure 11, we show the residuals before (blue) and after (red) the parameter estimation of the model. The residuals show 
that the model training has converged as expected. In Figure 12 we can see the distance to the real markers. We see that the 
model introduces great improvements to the recalculation of the positions. 
In total, the experiments show that we were able to obtain information about the misplacements in all simulations. Those 
results show that it is possible to obtain information about the system geometry even without calibrated objects. The most 
important aspect even of calibrated ones is that it is rigid. This is simple to fulfill in many circumstances, but it is not always 
necessary to calibrate the object. 

 

Figure 1: Residuals from a simulation with 15 markers, with ideal geometry. This is the starting point which show that the algorithm make no 
significant changes in the system if it has no errors. Blue: before the optimization of the model parameters are applied, red afterwards. The 

differences can be explained by the digital images. 

 

Figure 2: Estimated location of the markers, in comparison to the simulation. In the ideal geometry, there is close to no error with and 
without the geometrical optimization. Blue: an assumed ideal geometry, red: with the training of the system parameters. 
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Figure 3: Residuals from a simulation with 15 markers. In this simulation, the movement of the detector in vertical direction (the direction of 
the helix movement) is misplaced by 5%. Shown in blue are the initial differences between the shadows obtained by the simulation and an 

assumed ideal trajectory. The model then is adapted to allow the errors in the system, this are the residuals in red. 

 

Figure 4: Estimated location of the markers, in comparison to the simulation. Blue: assumed ideal geometry, red: with the estimation of the 
system parameters. The estimated location of the markers is significantly closer to the true marker locations. 

 

 

Figure 5: Residuals from a simulation with 15 markers. In this simulation, the movement of the detector in vertical direction (the direction of 
the helix movement), and orthogonal to both the helix direction and the magnification axis is used to simulate a non-perfect system. In blue, 

the initial residuals can be seen. A significant improvement can be observed when we introduce the model of the system (red). 
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Figure 6: Movement of the detector in the helix direction and orthogonal to both the helix direction and the magnification axis. Without the 
calibration step, none of the markers is estimated at the correct location (blue). After the calibration of the system, the marker position is 

estimated correctly (red). 

 

Figure 7: Misplacement of the detector in all three dimensions. In this simulation, the error of the marker placement is even larger than the 
misplacement without the magnification. Blue: initial residuals, red: final residuals. 

 

Figure 8: Misplacement of the detector in all three dimensions, estimation of the marker position. The difference with an assumed ideal 
geometry leads to a major error in the estimated positioning of the markers (blue). After the model parameter estimation, the error of the 

estimated location of the markers is negligible (red). 
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Figure 9: Residuals simulating both the source and the detector to have misalignments in a plane orthogonal to the magnification axis, but not 
changing focus object distance and focus detector distance. Blue: initial residuals, red: residuals after the model parameter estimation. 

 

Figure 10: Positioning error when we have wrong movements in a plane orthogonal to magnification axis. After the estimation of the 
parameters, the positions of the markers are estimated with significantly less offsets. Blue: initial residuals, red: residuals after the model 

parameter estimation. 

 

Figure 11: Residuals if we assume false movements in all three dimensions for both the detector and the source. Blue: initial residuals, red: 
residuals with the estimated misalignments. 
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Figure 12: Errors between the initial estimation of the markers (blue) and after optimizing the model (red) where we assume misplacements 
in all three directions for both the detector and the source axes. The errors were largely compensated. 

 

4  Summary and Outlook 
In this study, we analyzed the application of using uncalibrated measuring tools in order to achieve higher measurement 
precisions. We hereby focus on the helix scan, because it is a practical applied trajectory for different applications. The models 
of the calibration object and the CT are measured online in the scan, so little assumptions are used for this method. It is certain 
that not all system parameters can be obtained from a model situation where there is close to no known information about any 
sizes of the system or the model. Hence our study targets to see if at least all relevant parameters are estimated to provide an 
acceptable dimensional conservation in the process of acquiring the tomogram. The target is to reconstruct the location of each 
element of the object, and our method shows to be capable of this. 
The assumption in our model might be very optimistic. For example, the system might move in a more complex order than we 
anticipated in our simulations. For those, we can adapt our model to those movements. However, in praxis, misplacements of 
higher order might have lower influence, thus this method might be a major improvement for the application of the system. 
The results show that it is possible to obtain several geometrical properties from uncalibrated objects. Therefore, it is only 
necessary to calibrate the system in a limited space, say, where the most applications are performed. We than can extend this 
calibration to other regions using uncalibrated, yet simple to produce objects. We therefore can extend the space where we 
want to measure a sample, which is especially interesting in a helical trajectory, where it is not possible to include a calibrated 
object in the scan, and it may not be feasible to use a calibrated object to measure the system for any possible trajectory. 
In the future, we want to test this method on further trajectories. There exists a vast quantity of different complete trajectories 
for CT [6], so it is not possible to consider all at once. But because the objects we can use for the calibration extension are easy 
to produce and not cost intensive, we can adapt those to the specific application. 
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