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Introduction

In the last few years, the make industry is getting increasingly interested in 3D computed tomography (CT). This non-destructive
method permits to reconstruct a detailed profile of the volumetric internal structure of a complex object starting from a collection
of 2D X-ray projection images. Its main, but not unique, application in the manufacturing process is inspection, preferably inline,
to detect possible material defects or dimensional deviations. For this purpose, the acquired projection images can be compared
to the nominal geometry using computer aided design (CAD) models. Conventional CAD-based X-ray inspection requires 3D
reconstruction and voxelization of an object, starting from its radiographs, before comparing it to the nominal geometry [1-3].
With this methodology, the quality of the final reconstruction is crucial to guarantee an accurate analysis and typically requires
hundreds of X-ray projection images from a large number of viewing angles. Even so, the 3D reconstructed images may suffer
from numerous artefacts due to misalignment in the measurement setup, beam hardening, undersampling, etc.
We recently developed a CAD projector [4] capable of simulating projection images of the CAD model. The CAD projector is
efficiently implemented on the GPU and integrated with our flexible reconstruction software, the ASTRA Toolbox [5]. In this
paper, we propose CAD based inspection directly performed in projection space, comparing the 2D simulated projections directly
to the measured ones. Our method allows to avoid inspection based on CT images suffering from artefacts using only a very
limited amount of projections. Furthermore, since the position and extent of the possible defects that may occur in the object
under consideration are assumed to be known a-priori, we optimize the region of interest (ROI) where to perform the comparison.
Once the region to inspect has been defined, the difference between the measured projections and the simulated projections is
evaluated in terms of the peak signal-to-noise ratio (SNR) and the mean squared error (MSE), and through linear discriminant
analysis we classify the samples. Results on simulated and real data are shown that demonstrate the effectiveness of such an
approach.
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Methodology
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Figure 1: Flowchart of the methodology.
projection images to the measured
data, it is necessary that the acquisition parameters, such as the position of the source, the detector and the rotation axis with
respect to the reference system centered in the center of mass of the sample and the detector and pixel dimensions, are known.
Also, to adequately simulate the behaviour of the beam when intersecting the sample, the materials of all the components must
be known in advance.
Two optimization processes are needed: (1) estimation of the spectrum of the source and geometric calibration and (2) estimation
of the position and rotation of the object. The spectrum estimation was developed earlier [4] and is performed by minimizing the
discrepancy between the intensity values of the measured and simulated data. We extended this approach to allow geometric
calibration using CAD data of a calibration phantom in terms of position and orientation of the rotation axis, the detector, the
phantom and the position of the source (Fig.2). These parameters are optimized using the Hill climbing algorithm [6]. Although
this alignment procedure returns an accurate result, it is not applicable to in line quality control due to its long execution time.
To work around this problem, we built up three different libraries, all of them with simulated images from different projection
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angles: the first one contains only a window of simulated images that will be used during inspection for a fast alignment; the
second one contains the ROI where quality control need to be performed; the last one contains only the component subject of
inspection.
The choice of the ROI plays a fundamental role in our methodology. In case of a missing component, the ROI can easily be
defined by projection only this component along with components whose contribution needs to be avoided. Otherwise, supposing
that the position of the defective part is known, simple CAD volumes are defined around the identified position and projected.
In the latter case the ROI can be optimized in order to best discriminate between defective and non-defective samples.
During the inline inspection, after the original projections have been aligned to the window, the so-called visibility angles, i.e.
the projection angles where the part to inspect is most visible, have to be identified. For this aim we use a criterion that finds the
maximum contrast of the component compared to its surrounding background. In order to exclude the possibility of choosing
visibility angles where the part is hidden by other components, our method weights the contrast calculated when only projecting
this part with the overall contrast of a full projection. The values of the weigthed contrast for each projection angle can be
precalculated and stored in a matrix: in the inspection phase, the visibility angles will be choosen as the maximum values among
those corresponding to the projection angles selected during the alignment step. Finally, we use the peak signal-to-noise ratio
and the mean squared error as measures to quantify differences between the images and discriminant analysis is performed.
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Results and discussion

In Fig. 3, a plot of the variation of the weighted contrast in function of the projection
angle for simulated data, in a ROI containing an inspected component, clearly shows
peaks when the component is most visible. We also validated our methodology with
measured inline scans of medical devices. For each inline scan 21 projection angles were
acquired. The result of the window alignment process is shown in Fig. 4, and the
component under inspection is highlighted. Finally, in Fig. 5 we show the canonical plot
of linear discriminant analysis (LDA) performed on a group of 30 samples. The LDA
shows the performance of the proposed methodology to separate the ok samples from the
defective ones (p = 0.027). In the full paper we intend to insert results that test the
robustness of our inspection method by adding noise to simulated data and by validating
on a larger dataset of measured inline scans.
Figure 4: The result of the library based
window alignment process. A cutting of a
measured projection is shown (top) along
with the simulated window in the library
(middle) and a difference image after their
alignment (bottom). Also, the component
where inspection is performed is
highlighted.

Figure 3: The contrast in the ROI per projection
angle. Peaks are evident when the visibility of the
components is maximum.

Figure 5: The canonical plot for 30 samples. The
MSE and SNR are used to classify the samples into
ok and defective ones.

Acknowledgements
This research is funded by the imec ICON project iXCon (Agentschap Innoveren en Ondernemen project nr. HBC.2016.0164)
and the FWO SBO project MetroFlex (S004217N). The authors would like to thank XRE NV for acquiring the projection data.
This work is partially supported by the European Commission through the INTERREG Vlaanderen Nederland program project
Smart*Light (0386).
References
[1] K. Kiekens et al., A test object with parallel grooves for calibration and accuracy assessment of industrial computed
tomography (CT) metrology, Measurement Science and Technology, 22 (2011), 115502
[2] J.P. Kruth et al., Computed tomography for dimensional metrology, CIRP Annals, 60 (2011), 821-842
[3] O. Brunke, Fully-Automated 3D Metrology and Defect Analysis with High-Resolution 300 kV Microfocus Computed
Tomography, 18th World Conference on Nondestructive Testing, Durban, South Africa (2012)
[4] A. Marinovszki et al., An efficient CAD projector for X-ray projection based 3D inspection with the ASTRA Toolbox,
8th Conference on Industrial Computed Tomography, Wels, Austria (2018)
[5] W. van Aarle et al., Fast and Flexible X-ray Tomography Using the ASTRA Toolbox, Optics Express, 24(22), pp.
25129-25147, (2016)
[6] S. Miao et al., Real-time 6DoF pose recovery from X-ray images using library-based DRR and hybrid optimization,
International Journal of Computer Assisted Radiology and Surgery, vol. 11, pp. 1211-1220, (2016).

2

