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Abstract 
Bringing the Computed Tomography (CT) technology into production lines brings many advantages due to the complete and 
detailed 3D characterization and localization of defects. But compared to laboratory systems, Inline-CT systems must meet 
several challenges, the most significant one is certainly the limited available time for the measurement procedure and data 
evaluation.  
Visual inspection of 3D data sets of complex parts within the production rate is almost impossible, so automated image evaluation 
algorithms are mandatory for that task. Fast measurement procedures often mean short integration times and a lower number of 
projections which are two factors that increase quantum noise and thus decrease image quality significantly. In addition to that, 
scatter artifacts also have a negative influence on the image quality. All these conditions constitute challenges to the image 
evaluation algorithm.  
The Fraunhofer EZRT has developed a method for automated defect detection in cast parts by using reference (that means 
flawless) parts for comparison. The advantage of this method is that image artifacts are considered, since they appear in both 
data sets in the same way and have almost no negative influence on the reliability of the evaluation result. Most recent work took 
this method one step further by using not real flawless parts, but instead using simulations to generate reference data sets in a 
very convenient and quick way for any number of different parts. 
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1    Challenges 
Compared to laboratory CT systems, the measurement time in a typical industrial production environment is very limited due to 
the production rate. Common rates for production and thus 3D inspection of automotive drive parts, either for combustion engines 
or for electric drives, are between 0.5 and 5 parts per minute. This involves a CT scan of the part, the reconstruction of the 
acquired data and the evaluation of the 3D volume. Since the visual inspection of 3D CT volumes with the aim of identifying 
and characterizing typical casting defects such as pores or cavities is very time-consuming, it must be performed automatically 
with the aid of suitable automated defect detection algorithms. A major challenge is the fact that image quality is usually mediocre 
at best due to the limited time available for the CT scan. In addition, in most cases, large parts are placed directly in front of the 
detector, resulting in a high scatter signal that creates significant artifacts in the reconstructed CT volume and further degrades 
the image quality.  
 
The challenge using defect detection algorithms is a reliable detection of cast defects, sometimes even at the surface of parts 
within a noisy and heavily artifact affected 3D CT volume image. The algorithm must be able to distinguish between pseudo 
defects, often caused by artifacts, and real defects. For most inspection tasks, the metrical characterization of defects (e. g. 
volume, form factor, localization, etc.) is crucial in order to decide if a defect is critical or not. 
 

2    Solutions State of the Art 
2.1    Evaluation using local statistics 
From an abstract point of view, in this class of defect detection algorithms, local image processing techniques such as median 
filtering, gray level matching, etc., are used to create a nominal volume that is compared to the original one [1], [2]. In this way, 
defects are blurred while other local image features such as artifacts or part contours are preserved. 
These methods are already established in the 2D evaluation of X-ray projections [1], [2] and allow for a fast adaptation in case 
of varying components. However, in datasets affected by image artifacts like beam-hardening or scattering, these artifacts result 
in a local fluctuation of grey values and can easily be mistaken for real defects. For that reason, performance of these methods 
drops sharply for artifact affected datasets and are usually used with homogeneous images. 
 

2.2    Reference based defect detection (RBDD) 
The Fraunhofer EZRT has developed an algorithm for automated defect detection in castings in which reference parts (i. e. 
defect-free parts) are used as reference for comparison. The CT volume of the part to be inspected is compared to the reference 
volume. Deviations are post-processed and represent the defects within the inspection volume. The advantage of this method is 
that image artifacts are considered, since they appear in both data sets in the same way and have almost no negative influence 
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on the reliability of the evaluation result (Figure 1). Using this method, even the detection of defects which are not enclosed by 
material, so called surface defects can be detected. One crucial requirement is a accurate geometrical registration (matching) of 
inspected and reference volume data. 
 

 
Figure 1: Principle of the reference-based defect detection (RBDD). 

 
The disadvantage of this method is that a defect-free reference part is required and must be measured on the same machine and 
in the same way as inspected parts, so that the image qualities are identical. The identification of a defect-free reference part can 
be very cost intensive, since potential candidates must be manufactured and inspected manually, in most cases with higher image 
quality of e. g. laboratory systems so that overseeing defects by image evaluator experts is unlikely. 
If no defect-free refence part is available for any reason, a reference data set may be generated by averaging a high number of 
normal parts. Both methods imply high effort and costs and thus are often not viable, especially when parts are produced in small 
numbers and a high variety. 
 

 3    Simulation based reference volume 
To overcome the problem of identifying a defect-free reference, Fraunhofer EZRT has developed a method to generate reference 
volumes using X-ray simulations with a digital representation of the inspected part. If no CAD or similar data file is available, 
the part model can be generated by using the CT volume of the object under inspection and extracting the object surface with a 
standard surface extraction algorithm [3]. In order to remove from the extracted surface description those parts of the surface 
that originate from real defects (e. g. pores) within the object, several post-processing steps are applied to it. Based on this mesh, 
X-ray projections are simulated with the same acquisition parameters, e. g. focus-object distance, focus-detector distance, system 
spectrum, etc. as in the real scan. For a reliable defect evaluation, the image properties of the simulated volume must be as 
realistic as possible and correspond to that of the real X-ray device used for the inspection. A simulation tool has to be used 
which is able to take into account several physical and imaging effects: 
 

• X-ray spectrum and filtering 
• Focal spot intensity distribution 
• Scattering 
• Detector blurring (MTF) 
• Detector quantum efficiency 
• Quantum noise 
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For that task, the Fraunhofer EZRT implemented the simulation framework XSimulation [4] into the evaluation software. The 
simulated X-ray projections are then reconstructed using a filtered-backprojection-algorithm [5]. The simulated reference volume 
represents a digital twin of an object free from manufacturing defects and is used for the RBDD algorithm described in chapter 
2.2. We call this procedure, which sketched in Figure 2, simulated reference-based defect detection (SRBDD). Discrepancies 
between the CT volume of the object under inspection and the reference volume are identified, analyzed, and classified. These 
discrepancies represent the defects within the object under inspection. 
 

 
Figure 2: Sketch of the proposed method. The surface of the part to be inspected is extracted from its CT-volume and then used to simulate 

X-ray projections. 

 

4    Results 
The first evaluation was made using an aluminium test cube where boreholes and grooves were drilled into some of its surfaces 
that correspond to part defects (Figure 3). Another cube without defects was used as reference. Both types of cubes are available 
as CAD models and real parts. The CT of the flawless reference cube was simulated while the defect cube was measures using 
a Micro-CT system. 
      

 
Figure 3: Test cube for automated defect detection using the SRBDD method. Left: CAD-model with holes and grooves (defects). Middle: 

Simulated CT slice image of flawless (reference) cube. Right: Measured CT slice image of defect cube. 

The CT slice images show that ring artifacts cannot be simulated accordingly. The reason is that these types of artifacts originate 
from degraded hardware, e. g. defect detector pixels, which cannot be considered in the simulation tool. 
   
On the other hand, artifacts caused by physics or mathematical sampling like beam hardening or Feldkamp artifacts are very 
well modelled by the simulation (Figure 4). 
  
The result after applying the SRBDD on both volumes is shown in Figure 5, where defects are shown as 3D renderings. In that 
case, the CT rotation axis runs through the middle of the side with the two concentric grooves, which is the bottom side, while 
the opposite is the top side. Most defects can be detected, but the detection performance heavily depends on the orientation of 
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the surface. While the defects on the left and right sides are detected perfectly, the grooves on the bottom surface and the small 
boreholes on the top surface are partially not detected. In addition, some pseudo defects appear in the evaluation result.  
In this scenario, all defects have been modelled as surface defects which are in most cases very challenging to detect. Using 
reference-based methods, regardless of how the reference was generated, a very accurate registration usually is needed. The top 
and bottom sides are affected by Feldkamp artifacts, so the surfaces are blurred to some extent which leads to a reduction of the 
detection performance. On the other hand, inner defects are usually easier to detect.   
     

 
Figure 4: CT slices of the test cubes from side view. Left: Simulated reference. Right: Measured defect part. 

 
 

 
Figure 5: Visualization of all real (left) and detected (right) defects using SRBDD. 

For evaluating the proposed method on inner defects, 3D printed cubes, one of which is shown in Figure 2 were used. The cubes 
were printed with partially varying parameters to provoke a decent number of defects. For comparing the results of different 
defect detection algorithms, ground truth labels had to be created, which are realized as segmentation masks of the defects (Figure 
6). Four different experts and one random forest segmentation algorithm [6] were asked to analyse the CT volumes and therefore 
to create defect segmentation masks. By majority vote, it was then decided which voxels of the volume should be counted as a 
defect, which is a common procedure in publications from the medical technology domain [7].  
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Figure 6: CT slice of defect within a cube (left), color coded by the number of annotations per voxel (middle) and result of the majority vote 

(right). 

The simulated reference-based defect detection (SRBDD) was then tested and compared to ground truth data, one image 
evaluation expert and one method using local statistical analysis. 
 

 Ground Truth Expert Local statistics SRBDD 

True Positive 312 246 (78.8%) 285 (91.3%) 307 (98.4%) 

False Positive 0 6 (2.4%) 195 (40.6%) 15 (4.7%) 

False Negative 0 66 (21.2%) 27 (8.7%) 5 (1.6%) 

Table 1: Automated defect detection with SRBDD compared to expert and local statistics analysis. 

 
The result shows that the SRBDD detects more defects than the expert with a relatively low number of pseudos / false positives 
and especially outmatches local statistics methods. This shows that even in a simple scenario, image artifacts are not to be 
underestimated. 
 
In most inspection tasks, aside from just detecting defects it is also important to measure their size, so the detection of the correct 
shape is also a quality criterion for the detection algorithm. One indicator is the dice similarity coefficient [8] describing the 
similarity of the detected defect shape to the ground truth data. To better understand the numbers, Figure 7 shows the identified 
defect shapes by the local statistics method and SRBDD on an example, while Table 2 shows the average dice similarity 
coefficient over all defects. 
 

 
Figure 7: From left to right: defect image, ground truth, local statistics, SRBDD. 
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 Local statistics SRBDD 

Dice similarity coefficient 61.2% 58.9% 

Table 2: Dice similarity coefficients. 

Determining the shape of defects, the local statistics analysis performs slightly better than the SRBDD, where defects appear in 
most cases larger than the ground truth. 

5 Conclusion and Outlook 
Although the tests were done with relatively simple test objects, the SRBDD appears to be far more reliable than local statistics 
analysis and even as an expert regarding the defect identification, although the defect sizes are in general slightly overestimated. 
It can be expected that image artifacts increase with the complexity of the specimens shifting the advantage even more towards 
the (S)RBDD compared to local statistics methods. The study showed that the SRBDD can be a viable alternative for the 
automated inspection of parts with the CT technique using deterministic and comprehensive methods in scenarios where few 
number or individual parts have to be inspected.  
In principle, any specimen can be simulated and analysed that way, even parts consisting of different materials. However, further 
studies on real inspection scenarios have yet to be made in order to evaluate the performance of the proposed method compared 
to state-of-the-art alternatives. 
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