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Abstract. The inspection of complex industrial parts with X-ray computed 
tomography (CT) is of great interest to characterize them and detect potential flaws. 
Classically CT acquisition is based on a circular trajectory and this is by far the most 
frequent case in industrial applications. The use of robotic arms for inspection is 
recent and it is mainly done for accessing specific and difficult views in digital 
radiographic inspection. A new X-ray inspection platform is being installed at CEA 
LIST, which uses two robotic arms for positioning the X-ray source and the 
detector. In parallel to the development of this platform which enables a large 
variety of scanning trajectories, work will focus on developing CT reconstruction 
algorithms that are adapted to non-standard trajectories. We present here new 
challenges brought by these robotized inspections and preliminary results for 
reconstruction on such trajectories. CIVA software is used to simulate these 
complex inspections and our developed methods will be integrated as reconstruction 
tools. 

1. Introduction  

Among the various non-destructive testing (NDT) methods, X-ray computed tomography 
(CT) is a powerful tool to characterize and localize inner flaws and to verify the geometric 
conformity of an object. The number of industrial applications of CT is large and rapidly 
increasing with typical areas of use in the aerospace, automotive and transport industry. To 
support this growth of CT in the industrial field, the identified requirements concern firstly 
software development to improve the reconstruction algorithms, the 3D image resolution 
and the simulation of involved processes, and secondly the automation of the process. 
Indeed, the use of robots gives more flexibility in the acquisition trajectory and allows the 
control of large and complex objects, which cannot be inspected using classical CT 
systems. In this context of new CT trend, a robotic platform is being installed at CEA LIST 
to better understand and solve specific challenges linked to the robotization of the CT 
process. The considered system integrates two high accuracy robots controlled with a 
master-slave strategy that move respectively the X-ray generator and detector. In this work 
we are more particularly interested with the most obvious limitation brought by robotics 
manipulation, which is the impossibility to perform a standard circular trajectory. To deal 
with this limitation, we propose two reconstruction algorithms adapted to limited-angle 
trajectories. 
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2. Robotized Inspection  

2.1 Robotic X-ray CT setup 

X-ray equipment consists of a Viscom 225 kV micro-focus tube with a tungsten target and 
a Perkin Elmer flat panel detector with a pixel size of 200µm. Technical data of these 
elements are given in Table 1.  

Table 1. X-ray source and detector characteristics  

X-ray source XT9225 -TED Flat panel detector XRD0822 
High tension range 10 – 225 kV Pixels 1024 x 1024 

Target material Tungsten Pixel size 200 µm 

Focal spot size ≤ 3 たm Scintillator CsI 

Weight 35.5 kg Weight 3.7 kg 

 
Two robots of KUKA's HA "High Accuracy" series are used to manipulate the X-ray 
source and detector.  Robots are chosen so as to be compatible with these CT elements 
weight and to ensure good performances in terms of stability and repeatability. Their main 
characteristics are given in Table 2. 

Table 2. Robots characteristics  

Robots KUKA KR60HA 

Maximum payload  60 kg 

Maximum range 2258 mm 

Repeatability < 0.05 mm 

 
 

          
 

Fig. 1: The X-ray tomographic platform installed at CEA LIST. 

Fig.1 displays the complete system installed at CEA LIST with both robots equipped with 
X-ray source and detector. The system is used in a so called Master / Slave configuration, 
where both robots are first moved independently to a desired relative position and are then 
coupled. After this coupling, trajectory points are sent to the Master robot only and the 
Slave robot moves automatically to keep the same relative position with respect to the 
Master robot. In our case, we chose the robot equipped with the source as the Master and 
we implemented a step-and-shoot acquisition strategy. Therefore, for each point of the 
trajectory, robots motion is stopped during the image acquisition. 
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2.2 Identified Challenges 

Among the new challenges brought by the robotized tomography, we focus here more 
particularly on the limited access viewpoint imposed by the setup. To deal with this 
limitation, we highly rely on combination of robotics and CT simulation. CSR robotics 
software [1] is used to validate the accessibility of the trajectory and determine the 
maximum angular range we can expect (see Fig. 2). When a new trajectory is loaded, its 
accessibility by each robot is tested and a feedback is given to the user by colouring 
reachable points in green and non-reachable ones in red. Evaluation performed with the 
installed setup allows a maximum angular range of about 160°. CIVA software [2] is then 
used to simulate the X-ray projections corresponding to the defined trajectory and to 
evaluate the capability of the reconstruction algorithm. 
 

 
Fig. 2: Model of the source robot (left) and the detector robot (center) in CSR software and 

an example of the visualization of the accessible trajectory (right). 

The second major challenge is the localization of the source and the detector for each point 
of the trajectory. Indeed, due to the position error of the robots, projection matrices used in 
the reconstruction algorithm slightly differ from the reality, which can introduce visible 
artefacts in the reconstruction. To overcome this known limitation of robotized CT, we 
have chosen robots with high repeatability. In addition, we are implementing a calibration 
method [3] which is based on a separate scan of a calibration object. 

3. CT Algorithms for Limited Angle Helical Trajectory  

As reconstruction algorithms, we have chosen the Simultaneous Algebraic Reconstruction 
Technique (SART) [4] for the iterative case and a Feldkamp-Davis-Kress (FDK) [5], [6] 
type algorithm for the analytic case. We explain in this section the steps performed in each 
algorithm for reconstruction on a reverse helical trajectory in super-short-scan mode.  

3.1 FDK-type Algorithm   

The majority of commercial CT scanners use the FDK algorithm due to its simplicity and 
high efficiency. Recently, three FDK-type reconstruction algorithms adapted to the reverse 
helical trajectory were proposed by Yu et al. [7]. In 2003, Kudo et al. [8] developed fan-
beam and CB reconstruction algorithms for super-short scan on a circular trajectory. In this 
paper, we have extended one of the algorithms proposed by Kudo et al. [8] for 
reconstruction on a reverse helical trajectory using the same idea proposed in [7]. The 
structure of this algorithm to reconstruct the 3D object attenuation function f from its cone-
beam (CB) projection data g consists of the following steps: 
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1) Cosine weighting: 訣′岫憲� , 懸� , �岻 =  �√�鉄+ 通�鉄+ 塚�鉄 訣岫憲� , 懸� , �岻. 

 
2) Filtering weighted data and dealing with redundancy:  

 訣�岫憲�, 懸� , �岻 = � 訣′岫憲�, 懸� , �岻 訣�岫憲� , 懸� , �岻 = � 訣′岫憲� , 懸� , �岻 訣�岫憲�, 懸� , �岻 =  訣�岫憲�, 懸� , �岻�岫憲� , 懸� , �岻 + 訣�岫憲�, 懸� , �岻 ��通� 岫�岫憲� , 懸� , �岻. 

 

3) Back-projection: 血+岫堅⃗岻 =  ∫  ��|� −  堅⃗ .  結栂⃗⃗ ⃗⃗ ⃗岫�岻|態�尿待  訣�岫憲� , 懸� , �岻穴�, 
血−岫堅⃗岻 =  ∫  ��|� −  堅⃗ .  結栂⃗⃗ ⃗⃗ ⃗岫�岻|態待

−�尿  訣�岫憲�, 懸� , �岻穴�. 
4) Fusion: 

 血(堅⃗⃗⃗) = 血+岫堅⃗岻�+岫�岻 +   血−岫堅⃗岻�−岫�岻. 
 

In these equations, � and � represent the ramp and Hilbert row-wise filtering operations, 
respectively, and  �岫憲� , 懸� , �岻 is a weighting function used to handle redundant data (see 
[8]). As illustrated in Fig. 3, � is the rotation angle of the X-ray source S moving on the 
reverse helix of radius R. Each point M located on the object is projected onto the detector 
on the pixel of coordinates岫憲� , 懸�岻. The detector is placed at a fixed distance D from the 
source with its normal 結栂⃗⃗ ⃗⃗ ⃗ is the unit vector joining S and Od (detector origin). For each 
point M defined by the position vector 堅⃗⃗, −�� and �� are the endpoints of the lower and 
upper helical turns corresponding to M. 

 
Fig. 3: Reverse helical cone-beam scanning geometry. 

Using data from these lower and upper helices, respectively, we can reconstruct two 
functions 血−岫堅⃗岻 and 血+岫堅⃗岻 and merge them to obtain 血(堅⃗⃗) (see [7] for more details). The 
two fusion weighting functions �−岫�岻 and �+岫�岻 are defined by: 
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�−岫�岻 = { な                                        − � ≤ � ≤ −ど.5��  潔剣嫌に 岾�岫�+ど.5 ��岻に�� 峇               − ど.5�� < � ≤ ど.5��ど                                                剣建ℎ結堅拳�嫌結,  

 �+岫�岻 = { な                                         ど.5�� ≤ � ≤ �  嫌�券に 岾�岫�+ど.5 ��岻に�� 峇               − ど.5�� ≤ � < ど.5��ど                                                剣建ℎ結堅拳�嫌結,  

 
where LF is the length of the zone within which fusion is performed. 
 

3.2 SART Algorithm 

Unlike analytic methods which perform reconstruction within a single step using a specific 
inversion formula, iterative methods perform reconstruction within multiple iterations. 
Each iteration consists of the following three main steps:  
(a) Forward projection of the current image.  
(b) Estimation of the difference between the computed projections and the experimentally 
acquired projections.  
(c) Back-projection of the weighted difference to update the 3D volume. 
The iteration process is ended when a fixed number of iterations is reached or when there is 
a good agreement between the projections computed during the current iteration and the 
projections measured during acquisition. SART [4] is an algebraic method which represents 
the reconstruction problem as a linear system of equations P =  A. f where P represents the 
projection data, A refers to the projection system model and f defines the voxel values in 
the object. It is a pure iterative algorithm without any modeling and which was introduced 
as an improvement of ART [9]. The reconstruction process of this algorithm is defined by: 
 血珍岫賃+怠岻 = 血珍賃 + そ . 

∑ �日− ∑ �日韮�韮入 �韮=迭∑ �日韮�韮=迭  . �日乳 �日 ∈ �� ∑  �日乳 �日 ��  .  

 
Here, a辿棚 represents an element in the matrix A with i is the index of a pixel in the 
projection matrix P and j is the index of a voxel in the image function f. For each iteration 
number k, the update of the voxel values in f are based on a whole 2D projection matrix 
computed at a specific angle of view θ.   λ is a relaxation parameter between ど and に. In 
this work, we have adapted this algorithm to support any type of trajectory. As a 
regularization technique, we have applied a median filter of ぬ × ぬ kernel size on the 
reconstructed image after each iteration which has the advantage of reducing noise without 
affecting the spatial resolution. 

4. Results and Evaluation  

We present in this section SART and FDK reconstruction results from simulated (CIVA) 
and primary experimental acquisitions on a reverse helical trajectory in super-short-scan 
mode. For the first simulation, the defined object is a butt weld with additional flaws shown 
in red (see Fig. 4). Firstly, the helical trajectory was chosen to deal with the long-object 
problem of the inspected object. In addition, as explained previously in section 2, the scan 
range of the rotation of the robots around the object is limited to 160°. Thus, the defined 
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trajectory consists of three reverse helical turns limited to 160° and that corresponds to the 
volume of interest (VOI) containing the flaws as illustrated in Fig. 4. We show in Fig. 5 
FDK reconstruction results from noisy data (Gaussian noise was added) and using 160 
projections per helical turn. The 1D profiles along the red lines demonstrate that the 
reconstructed values agree well with the original ones. 

 
 
               (a) CIVA CT scene                                       (b) VOI of the object 

Fig. 4: Data acquisition of a butt weld. 

            
                 (a) horizontal slice                                           (b) vertical slice 

Fig. 5: FDK-type reconstruction from noisy projections. 
 
Then, we studied the performance of the FDK-type algorithm in case of a small number of 
projections. In this case, the reconstruction is affected by severe artifacts as we can see in 
Fig. 6 which shows reconstruction results using 32 projections per helical turn.  

           
                 (a) horizontal slice                                           (b) vertical slice 

Fig. 6: FDK-type reconstruction from few number of projections. 

 
Fig. 7: CIVA acquisition of the multi-disk phantom. 

 
To tackle this problem, iterative reconstruction is the proposed solution. We aim to 
compare the performance of SART and the FDK-type algorithm from small number of 
projections. Another CIVA simulation was performed using a multi-disk phantom which 
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was scanned along a reverse helical trajectory limited to 150° with 30 projections per 
helical turn (see Fig. 7). 
       

                                      
(a) FDK-type                              (b) SART                             (c) 1D profile 

Fig. 8: Comparison of FDK and SART in case of few number of projections. 
 

The reconstruction results are displayed in Fig. 8 with the yellow rectangle defining the 
region-of-interest. It is clear that SART performs much better in case of reconstruction 
from few view projections. The only drawback of SART is that it is more time consuming 
than FDK. In summary, we can say that the FDK-type algorithm is computationally more 
efficient whereas SART can improve the image quality in case of sparse data. Finally, we 
show reconstruction results from primary experimental acquisitions of the robotic platform. 
The sample object is a cylinder which was scanned along a reverse helical trajectory limited 
to 150°. As we can see in Fig. 9, the cylinder is reconstructed correctly despite the angular 
limitation on the scanning trajectory. However, this first reconstruction contains some 
artifacts which can be reduced by a geometric calibration of the CT system.  

 

   
           (a) test object                              (b) 2D projection               (c) reconstructed image 

Fig. 9: Experimental data acquisition and 3D SART reconstruction. 

5. Conclusion and Future Work 

In this work, we have developed two CT reconstruction algorithms adapted to reverse 
helical trajectory in super-short scan mode. The two algorithms were validated with 
realistic data simulated by CIVA software. Primary experimental acquisitions were 
performed by the robotic platform.  Now, we are working on the calibration of the CT 
system to deal with misalignment errors during data acquisition which introduced some 
artifacts in the reconstructed image. In addition, a correction method for beam-hardening 
artifacts will be developed. In the near future, we will show reconstruction results with this 
robotic inspection platform using more complex industrial objects. 
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