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Abstract 
In this paper we describe a novel approach for introducing true material selectivity as a fourth dimension into cone-beam CT 
(CBCT) imaging by integrating means for energy-dispersive X-ray diffraction (EDXRD) measurements into the system. Our 
imaging sequence comprises a conventional CBCT measurement followed by a diffraction CT scan using pencil beam irradiation 
and energy dispersive X-ray scatter detection under a fixed scattering angle. In order to minimize the acquisition time for the 
diffraction data, a compressed sensing reconstruction scheme requiring only a dilute set of projections has been developed. The 
‘basis’ vectors, enabling a sparse representation of the spatial material distribution, are derived from the conventional CT image 
data set. Thereby a priori information from CBCT is effectively utilized for reduction of measurement time in the diffraction 
scan. To demonstrate the capability of our method, visualizing the local charge distribution inside commercially available Li-ion 
Batteries was chosen as an example. Results from batteries in different conditions and states of charge are presented. 

Keywords: coherent scatter CT, iterative reconstruction, a priori data, multimodal imaging 

1  Introduction 
X-ray applications in research, healthcare, security and industry may be subdivided into imaging methods, delivering 
morphological information, and analytical methods, allowing material characterisation. Although the information gained in the 
latter type of measurement could also be highly useful within imaging applications, only few attempts have been made so far to 
merge the two approaches. During the last decades, acquisition methods for spatially resolved X-ray diffraction measurements 
on extended objects were developed, allowing non-destructive material identification. Meanwhile some of these methods are 
established, e.g. in the field of airport baggage inspection [1]. Others, like energy-dispersive X-ray diffraction CT [2] are still 
subject of research. Although providing valuable additional information, this method of reconstructing CT images from scattered 
radiation, is not widely used, mainly because of its time-consuming acquisition phase. In order to reduce the required number of 
scatter measurements, advanced reconstruction schemes can be helpful. If the spatial material distribution, expressed with respect 
to an appropriate set of basis vectors, can be considered sparse, the number of diffraction data to be acquired may be reduced 
drastically by methods of compressed sensing [3]. Regarding the problem of finding a suitable basis, it is an obvious idea, to use 
the CT image with its high contrast and spatial resolution as a source of information. Our approach, based on the above 
reconstruction scheme, is described in more detail in the following, and an exemplary application based on two-dimensional CT 
image data is given. However, the described procedure may be applied to three spatial dimensions as well.  

2 Experimental Procedure 
2.1 Integrated Acquisition Approach 
The basic idea of our material selective imaging approach is to gain the spatial selectivity from a (high-resolution) CBCT scan 
while letting the (coarse-grained) diffraction CT scan provide the material selectivity. Therefore, an integrated acquisition system 
is required, supporting two different modes of operation, a CBCT and an EDXRD-CT mode. As a result of the relatively simple 
pencil beam acquisition scheme used, however, the limited additional experimental effort enabling scatter measurements may 
be realized as an add-on for future or even already existing CBCT systems, provided there is sufficient space within the beam 
path for placing the complimentary components. 
Our combined imaging system, allowing acquisition of CBCT and EDXRD-CT data by means of a single setup is sketched in 
Figure 1. Some system components solely used by one method are movable while others remain fixed. In both acquisition modes 
an X-ray tube with a tungsten anode (Philips MRC-200, Umax=160kV, Imax=26mA, focal spot size 0.6mm x 0.9mm) serves as a 
polychromatic radiation source. Object positioning is performed by means of a 4-axes (φ,x,y,z)-positioning stage. 

2.2 Cone-Beam CT 
When in CBCT mode, the system features a commonly used acquisition scheme: The object of investigation is rotated stepwise 
in φ-direction by utilizing a precision rotary table (Owis DMT 100), and X-ray transmission images are recorded sequentially by 
a flat panel detector (Thales SiX 650HD). Reconstruction of the collected 3d-sinogram SCB(x,y,φ) is performed on a workstation, 
using a conventional FDK algorithm. 
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Figure 1: Setup of combined EDXRD – CB - CT System with CBCT mode enabled.    

 

2.3 Energy-Dispersive X-Ray Diffraction CT 
For applying EDXRD-CT mode, a primary collimator is placed between source and object to form an incident pencil beam. 
Scatter occurring inside the object along this beam path is observed under a fixed scatter angle Θ of 3.5° by means of a specially 
designed collimator, consisting of a concentric arrangement of conical lamellae made from lead sheet [4]. Measuring the  
energy E of each coherently scattered photon with a high purity germanium detector and appropriate pulse processing electronics 
yields access to its momentum transfer q via Braggs equation: 
 � = 怠態鳥 = 帳 sin �ℎ頂  ,      (1) 

 
where d denotes the materials lattice spacing, h describes Planck’s constant and c is the speed of light. In order to eliminate 
influences of the energy dependent emission characteristic of the X-ray tube as well as sample attenuation on the result, the 
measured scatter pattern is divided by a transmission spectrum acquired in a second measurement. For that purpose, the conical 
collimator apertures are covered, and instead a center hole is opened, to enable registration of the transmitted photons. Whereas 
this procedure is causing an unwanted increase in acquisition time for the measurements presented here, this may easily be 
circumvented by using an additional (transmission) detector and thereby acquiring both scatter and transmission spectra in 
parallel. The described experimental arrangement supports several modes of operation. First of all, if the sample position is left 
unchanged, time resolved scatter measurements can be made for a fixed object region by continuous data acquisition. Moving 
the object with respect to the incident beam path, on the other hand, allows to perform point-by-point scans (raster scanning), as 
demonstrated below. Finally, scatter CT imaging is accomplished by alternately line scanning the object along the x-axis and 
rotating it around the φ-axis as indicated in Figure 1. For each beam path a scatter pattern and a transmission spectrum are 
collected, yielding an absorption corrected energy-dispersive sinogram SED(x,φ,E) after the total scan. This acquisition process, 
representing a first generation CT probing scheme, was used to measure the raw data for the scatter CT reconstructions presented 
in this work. 

3 Reconstruction Approach 
The above measurement process implies, that in contrast to other EDXRD acquisition schemes for industrial and security 
applications [5-7] our spatially selective diffraction data used for material identification is gained by reconstruction instead of 
being acquired straightforwardly. 
As a result of this procedure, the dimensionality of the data is increased by one (spectral) dimension with respect to conventional 
transmission imaging. Together with the two spatial dimensions (x,φ) of a single slice CT acquisition scheme, a three-
dimensional data set (x,φ,E) is to be gathered and reconstructed, to yield a material selective set of two-dimensional tomographic 
images. Since during acquisition spatial and spectral information usually mingle with one another instead of being measured 
separately, reconstruction has to disentangle the two, taking into account the specific way the data was gathered. Different 
acquisition/reconstruction schemes of that type are described in literature [2,8,9]. In contrast to other methods our measured raw 
data already represents valid and readable material information, and the main purpose of the reconstruction is to assign this 
information to the correct points of origin in space. The resulting possibility of retrieving material information directly from the 
raw data is demonstrated in Section 4.2.  
Our reconstruction algorithm is essentially treating each data point on the energy axis separately, but besides taking into account 
a priori knowledge on the spatial material distribution, it also considers some spectral constraints, e.g. the demand for continuity 
of the scatter spectra on the energy axis, to improve the result. Mathematically a complete EDXRD-CT scan, as described in 
Section 2.3, is equal to a 2d Radon transform of the objects scattering power for the given scatter angle. Treating each energy 
channel individually, a large number of reconstruction algorithms known from conventional CT is applicable. Nevertheless, 
since even EDXRD-CT scans with low spatial resolution may require excessive acquisition times, sophisticated acquisition and 
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reconstruction schemes are mandatory for time efficient data gathering. It is a key concept of our approach, to utilize the CBCT 
scan in order to generate constraints, allowing reconstruction of an EDXRD-CT image from an incomplete set of projections and 
thus effectively reducing acquisition time. This concept of undersampling the input data in the (x,φ) domain represents a specific 
example of a compressed sensing method [10], in which the required sparsity of the data is induced by using a basis derived 
from the CBCT image.  

3.1 Algebraic Reconstruction 
Well-known CT reconstruction algorithms may be divided into filtered back projection (FPB) based methods and algebraic 
reconstruction techniques (ART). While the first ones are still common in commercially available CT systems, the latter ones 
allow for straightforward introduction of a priori knowledge on the image, leading to enhanced reconstruction quality.  
Considering ART, image reconstruction is equivalent to solving a linear equation system, i.e. ��⃗ = �⃗⃗, where � ∈ ℝ陳×津 is known 
as the system matrix, �⃗ ∈ ℝ津×� is the image to be reconstructed and �⃗⃗ ∈ ℝ陳×� is the vector of measurements (mapped 
sinogram), with m: number of measurements, n: number of voxels, p: number of energy channels. The resulting ill-posed problem 

is usually solved by regularization, minimizing the residual sum ‖��⃗ − �⃗⃗‖ with respect to a given norm. 

3.2 System Matrix Generation - A Priori Information     

The mathematical formulation via ART offers the opportunity of utilizing constraints derived from a priori knowledge about the 
object and/or the system for enhancement of reconstruction quality. Versatile information may be incorporated into the system 
matrix A. On the one hand, construction of the system matrix is performed using Monte-Carlo based simulations [4], to account 
for realistic beam path modeling by considering relevant information on the setup (focal spot, collimators, etc.). On the other 
hand, object based information is introduced into the system matrix by adding further equality constraints. This knowledge is 
readily made available from the reconstructed CBCT image by means of image processing. It may range from rather trivial 
information, such as object dimensions or homogeneous gray level areas to more sophisticated features as complex boundaries, 
forms or gradients.  

3.3 Compressed Sensing - Sparse Reconstruction 
In addition to the a priori information to be incorporated into the system matrix directly, a more general concept of common 
properties of the CBCT- and the EDXRD-images is utilized. By using a different representation of the vectorized EDXRD-image �⃗ in the manner that 経�⃗ = �⃗, where �⃗ ∈ ℝ鎮×� and 経 ∈ ℝ津×鎮 is a so-called dictionary matrix, sparse data representation may be 
achieved, i.e. �⃗ may contain much less non-zero coefficients compared to �⃗, referring to the canonical basis. Then reconstruction 
can be performed by enforcing sparsity on the solution via l1 regularized minimization, i.e.   
 min 迭鉄‖�⃗⃗ − �経�⃗‖態態 + �‖�⃗‖怠,     (2) 

 
where λ is a parameter to control the influence of noise introduced by the measured data �⃗⃗, as used in various compressed sensing 
approaches [11]. This enables significant undersampling of the EDXRD sinogram, realized here by randomly probing along the  
x-axis. From the image processing perspective reconstruction can be seen as ‘noise’ removal from the sinogram SED(x,φ,E).  
In order to enforce a sparse representation on �⃗, an appropriate dictionary has to be chosen. Using the readily available high-
resolution CBCT image ICB(x,y,z) of the object under investigation to train a problem adapted dictionary D, is the way pursued 
here. Hereby, features of the image are extracted to form a dictionary containing spatially compact, oriented and bandpass [12] 
entries. The underlying problem can be written as a minimization problem,   
 min帖,�� ∑ ‖�⃗� − 経�⃗�‖態態津��=怠  , s.t. ‖�⃗�‖待 ≤ �,     (3)  

 
where �⃗� denote the training data vectors (extracted from nT patches of ICB), and K is a parameter to set the level of sparsity.  
Problem (3) can be solved iteratively by first determining the coefficients �⃗�, given an initial dictionary D0, and then estimating 
D by solving a least squares problem using the new coefficient vectors. Here the well-known K-SVD based dictionary-learning 
algorithm [13] is used to train the dictionary. 

3.5 Reconstruction Algorithm 
Varieties of available methods facilitate solving the stated reconstruction problem (2). Due to the scale of the problem, the class 
of iterative solvers, operating by simple Matrix-Vector multiplication are of special interest. Additionally, implementation of 
image processing tasks in between two iteration steps significantly improves reconstruction quality and allows to introduce 
further a priori knowledge (e.g. by filtering, thresholding, etc.) in a straightforward manner [14]. The input for the algorithm 
presented, consists of the system matrix A, a learned dictionary D, the CBCT Image ICB and the measured energy-dispersive 
sinogram SED(x, φ, E).  
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Figure 2: Flowchart of the reconstruction approach  
 
We utilize the fast iterative shrinkage thresholding algorithm (FISTA) [15] to calculate iterates of the solution �⃗�岫継岻. This 

solution is then transformed to the image domain, yielding �⃗�岫継岻, to apply the non-negativity constraint and perform image 
processing steps. Moreover, the 3d data structure of �⃗�岫継岻 is used to account for correlations between adjacent energy channels. 
In a last step the temporary image is transferred back to the sparse domain by sparse coding. This modified FISTA routine is 
repeated until some stopping criterion is met (e.g. sparsity of solution, change of solution vector, number of iterates). Figure 2 
illustrates the complete reconstruction procedure, particularly visualizing usage of the a priori data. 

4 Application - Non-destructive Validation of Li-ion Battery Performance 

4.1 Principle of Measurement 

The EDXRD imaging technique described here is capable of determining the spatial distribution of crystalline materials inside 
extended objects in a non-destructive way. Therefore, it is particularly sensitive to phase transitions, temperature dependent 
lattice changes, internal strain/stress, the degree of crystallinity, etc., resulting in many conceivable applications. As an example, 
non-destructive measurements on commercially available cylindrical Li-ion batteries of type 18650 (Panasonic 18650DA) have 
been performed, gaining access to spatially resolved information on their state of charge. This type of battery consists of a 
positive electrode made of lithium cobalt oxide and a crystallized carbon based negative electrode. During charging, the positive 
electrode is getting ionized, and Li -ions moving through an electrolytic separator are being intercalated inside the graphite 
electrode. During discharge, Li -ions are traveling back to the positive electrode, forming the original Li-Co-O compound.  

 

 

 

    

 

 

 

 
 

 
 

Figure 3: 3d-rendered CBCT reconstruction of  Figure 4: Reconstructed scatter spectra (summed over slice), the q-window used 
cylindrical 18650 type Li-ion battery from 720   for visualizing the state of charging (cf. Section 4.2) is indicated.  
projections. 

 

Graphite (0 0 2) 
peak shift 

CBCT Sinogram SCB 

FDK 
Reconstruction 

3d Tomogram ICB 
 

K-SVD 
Dict. Learning 

Dictionary Matrix D 
 

System Geometry 

Monte-Carlo 
Simulation 

System Matrix A 
 

Input 

Reconstruction Model 
 

Image 
Processing 

Input 

Input 

EDXRD Tomogram IED 
 

EDXRD Sinogram SED 
 

Modified FISTA 
Reconstruction 

 

Input 



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

www.iCT2017.org 

In Figure 3 a 3d-rendered reconstruction of a data set taken from a battery of the above type by operating our setup in CBCT 
mode is shown. The wound-up electrode structure of the internal battery construction is clearly visible in the transmission based 
tomogram. The changes with respect to the crystalline lattice induced by the charging and discharging processes are described 
in literature [16,17].  
In order to explain the procedure of visualizing the local state of battery charge, the corresponding scatter spectra are displayed 
in Figure 4. The scatter intensities, reconstructed from the EDXRD-CT scans, as described in more detail in Section 4.2, are 
plotted against the momentum transfer q (cf. Section 2.3). The two scatter patterns shown represent the sum over all reconstructed 
voxel spectra within the image slice, which belong to the electrode structure. As indicated, a peak shift of the graphite (0 0 2) 
peak in the region from 1.2 to 1.6 nm-1 is observed between the charged and discharged state (displayed in different colors), 
which is consistent with the aforementioned X-ray diffraction studies on the crystalline structures of the chemical states of the 
graphite electrode. The q-window around 1.5 nm-1 lends itself for calculating images reflecting the local state of battery charge 
within the slice. 

4.2 Raster Scanning 
For a first judgement on the feasibility of our imaging technique with respect to the chosen application, simple point-by-point 
raster scans of Li-ion batteries were performed, displaying the integrated scatter intensity within the q-window around 1.5 nm-1 
discussed before. The results are shown in Figure 5. In contrast to the slice images obtained by EDXRD-CT reconstruction  
(cf. Section 4.3), which provide true three-dimensional resolution of the scatter data, here the spatial resolution is two-
dimensional only. 
Due to the construction of our scatter collimator (cf. Figure 1), signals from all object points sharing the same x,y-coordinates 
but differing in their position on the z-axis are (equally) contributing to an image pixel value. The images thus represent (parallel) 
projections without spatial resolution in the direction of the beam, and are in this respect comparable to conventional 
(transmission) radiographs.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5: Raster scans from four Li-ion batteries (horizontal orientation) are displayed for different measured 
output voltages, reflecting their state of charge during the discharging process. A1, A2: Two new specimens. 
B1, B2: Two older ones showing different degrees of deterioration. The vertical dashed lines inside the left- 
and the rightmost columns indicate the slice positions for the EDXRD-CT scans shown in Figures 6 and 7. 

 
 
Within the figure, raster scans from two new specimens (A1, A2) are displayed together with those from two others (B1, B2), 
which underwent a different number of charging cycles before. The one on the rightmost column (B2) appeared exhausted and 
close to the end of its life-cycle. Within each column, spectra taken for different output voltages during the discharging process 
are shown for comparison. The differences in the scatter image content (color coded total scatter intensity within the selected 
momentum transfer window) reflecting the degree of deterioration of the batteries are clearly visible.  
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4.3 EDXRD 2D Tomographic Imaging 
EDXRC-CT scans have been performed for slices perpendicular to the symmetry axis of a new battery in fully charged and 
discharged conditions (cf. Figure 5, left column, slice positions indicated). From a CBCT reconstruction of the whole battery the 
a priori information allowing to undersample the sinogram was extracted by dictionary learning as described in Section 3.3. The 
results are shown in Figure 6. Comparing the images 6a and 6b for the charged and discharged situation clearly confirms the 
findings already presented in Section 4.2. However, due to the CT reconstruction scheme the charge distribution is visualized 
for each separate voxel within the image slice and local inhomogeneities can be identified.   
In Figure 7a,b results from a deteriorated battery are displayed for comparison. Contrasting Figures 7b and 7c for the discharged 
situation observed at two different slice positions, on the other hand, allows to draw conclusions on the charging performance of 
the battery with respect to the axial position of the electrode section observed. Here, obviously the left/middle part is performing 
worse compared with the right section. This information and the non-destructive way it is acquired might be useful for 
understanding the behaviour of newly developed battery types and help in the process of optimizing their internal structures. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6: EDXRD-CT reconstructions, from two slices of a new Li -ion battery, slice positions indicated  
in Figure 5, q-window for views: 1.5±0.05nm-1, same color scale used for all images.   
a: (slice pos.- left half, fully charged), b: (slice pos.- left half, fully discharged). 15 views (φ) and 200 sample 
points along the x-axis were needed to perform the reconstruction on a 400x400 pixel grid with 50µm pixel 
size; 4s acquisition time for each scatter spectrum at 1.5kW tube power (U=150kV and I= 10mA) chosen. 

                 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7: EDXRD-CT reconstructions, from two slices of a deteriorated Li-ion battery, slice positions indicated 
in Figure 5, q-window for views: 1.5±0.05nm-1, same color scale used for all images. 
a: (slice pos.- left half, charged), b: (slice pos.- left half, discharged),  
c: (slice pos.- right half, discharged). Same acquisition parameters chosen as for Figure 6. 
 

4.4 Resolution Requirements and Acquisition Time 
Data acquisition for an EDXRD-CT slice image as shown in Figures 6 and 7 comprised 15 views (φ) and 200 sample points 
along the x-axis. In this case, reducing the number of angles to a value as low as 15 is facilitated by the rotational symmetry of 
the investigated object. The undersampled data set allowed to perform the reconstruction on a 400x400 pixel grid with 50µm 
pixel size; 4s acquisition time for each scatter spectrum at 1.5kW tube power (U=150kV and I= 10mA) were chosen. 
Although the number of sample points required for reconstruction is drastically reduced by compressed sensing, the mere 
acquisition time (i.e. without taking into account the hardware dependent positioning times between points) for the scatter data 
of a single slice image is still about 3.5h. Considering this result as well as the fact, that additional time is to be spent for 
measuring the transmission data needed for normalization (cf. Section 2.3), careful balancing the spatial resolution of the scan 
with the requirements imposed by the application is mandatory. In order to demonstrate, to what extent the necessary scan time 
may be reduced, maintaining the gathered material information in its essence, a scan with a faster acquisition scheme was 
performed. The acquisition parameters for this scan were: 15 views (φ) and 50 sample points along the x-axis. The results 

c b 
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presented in Figure 8 create an idea of the sacrifice in resolution to be tolerated if  a reduction in scan time by a factor of four is 
necessary.  
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 8: EDXRD-CT reconstructions, from two slices of a deteriorated Li-ion battery, q-window as  
in Figure 7 - a slice position as in Figure 7b, b slice position as in Figure 7c. 15 views (φ) and 50 sample points 
along the x-axis were needed to perform the reconstruction on a 100x100 pixel grid with 0.5mm pixel size; 4s 
acquisition time for each scatter spectrum at 1.5kW tube power (U=150kV and I= 10mA) chosen. 

5  Summary and Outlook 
A new imaging modality combining cone-beam CT with energy-dispersive X-ray diffraction tomography has been presented. 
Within a novel iterated l1-based reconstruction technique the CBCT image is used as a priori information, minimizing the 
required diffraction scan time due to sparse sinogram data. The method was applied to Li-ion batteries (cylindrical type, 18650) 
to assess their local energy distribution by visualizing their state of charge in an image. Clear differences in the performance of 
new and exhausted cells were observed, allowing, e.g., to investigate aging effects. Our method is of interest for medium 
resolution imaging applications, in which mere X-ray attenuation data are insufficient to answer the given question, and means 
for characterizing the observed materials, e.g. with respect to their chemical composition, texture, degree of crystallinity or 
crystalline phases, are essential. In general, the measurement time required for a single slice EDXRD-CT image using our 
compressed sensing approach depends on the object under investigation as well as the given inspection task. For the battery cell 
example presented here, it turned out, that very few (15) angular scan positions were sufficient for appropriate reconstruction 
quality due to the cylindrical symmetry of the device. For objects without that symmetry the number of projections may have to 
be increased significantly, in order to avoid artefacts. Therefore, potential improvements of the method aiming at further 
enhancing its efficiency are to be discussed.  
Up to this point sparsity was considered merely in the spatial domain, and reconstructions from different energy channels of the 
same data set are only loosely coupled. In a next step, the energy dimension could be integrated into the approach to yield a true 
three-dimensional treatment, using the terms sparsity and sparse representation in a more generalized sense. It is to be expected, 
that this would further enhance the performance of our method, especially for investigation of objects with known material 
compositions, or if specific materials are to be detected. In addition, acquisition time may be reduced by several technical 
measures. First, by employing available high performance X-ray sources, the tube power could be increased by a factor of up to 
ten compared with what was used within this study (1.5kW), provided the photon flux encountered within the application lies 
within the count rate limit of the used detection chain. Second, parallelization can further speed up data sampling. For that 
purpose, multiple detectors, like arrays or segmented crystals have to be combined with customized collimators in order to 
increase the yield of acquired scatter data for a given object position. A simple measure of that kind is the simultaneous 
acquisition of energy resolved scatter and transmission data within a single scan by means of a second detector. In this context 
it is worth mentioning, that the transmission scan, required for normalization of the scatter data within our method, may further 
be used to reconstruct energy resolved CT images (of low resolution). Their additional information content could then be utilized 
to enhance the significance of the (high resolution) CBCT images, e.g. by incorporating the material data available from the 
observed characteristic radiation and absorption edges, or by using this data for accurate beam hardening correction.  
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