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ABSTRACT

Hyperspectral neutron tomography is an effective method for
analyzing multi-material samples with complex compositions
in a non-destructive manner. Since the counts in the hyper-
spectral neutron radiographs directly depend on the nuclear
cross-sections, materials may exhibit contrasting neutron re-
sponses across wavelengths. Therefore, it is possible to ex-
tract the unique signatures associated with each material and
use the signatures to separate the materials simultaneously.

We introduce a fast and effective algorithm to automati-
cally characterize and localize different materials with con-
trasting neutron responses from the hyperspectral data with-
out prior knowledge. The algorithm estimates the spectra of
linear attenuation coefficients from the measured radiographs.
It further uses these to perform material decomposition on the
data and produces 3D material reconstructions to localize ma-
terials in the spatial domain. We achieved promising results
for both simulated and real data using the proposed algorithm.

Index Terms— neutron computed tomography, material
decomposition, non-negative matrix factorization, clustering,
linear attenuation coefficient

1. INTRODUCTION

Neutron tomography has enormous potential for analyzing el-
emental compositions within objects. It can be particularly
valuable in identifying foreign materials or contamination in-
side a sample [1]. In addition, neutron tomography can be
used to monitor the aging of polymers and study the effect of
environmental factors on material properties [2]. Also, neu-
trons interact directly with the nucleus rather than the electron
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shell. So, neutron tomography provides unique complemen-
tary information about a sample compared to conventional
techniques like X-ray computed tomography (CT) [3].

Pulsed spallation neutron sources [4] and high-efficiency
time-of-flight detectors [5] have enabled us to resolve neutron
radiographs into hyperspectral radiographs. This is achieved
by distinguishing neutrons with different wavelengths based
on their arrival time at the detector. While acquiring hy-
perspectral radiographs for polycrystalline materials within
the thermal and cold neutron wavelength range (0.5 to 10
Angstroms), the incident beams scatter according to Bragg’s
law. So, the neutron transmission spectra exhibit distinct char-
acteristic fluctuations in intensity corresponding to the Bragg
edges for all the crystallographic phases in these materials
[6]. This phenomenon enables us to separate different poly-
crystalline materials in a sample.

Material decomposition for spectral CT is a relatively less
explored territory, and most of the existing approaches in the
literature are dedicated to x-ray CT. A primary difference
among prevailing methods for x-ray CT is in the domain
(sinogram or reconstruction) chosen to perform material de-
composition [7, 8, 9]. For neutron tomography, a few studies
demonstrated material decomposition using neutron absorp-
tion resonances in known cross-section spectra for different
isotopes within epithermal energy region [10, 11]. A recent
work adopted a method of computing linear attenuation coef-
ficients (LAC) for polycrystalline materials utilizing known
material locations in the hyperspectral reconstructions and
using them for material decomposition [12].

In this paper, we present a novel algorithm to perform
automated material decomposition on hyperspectral neutron
data without prior information. The algorithm is primarily
devoted to Bragg edge imaging but can potentially be used
for resonance imaging with minor modifications. Apart from
the traditional hyperspectral tomographic techniques, our
algorithm embodies two critical steps that enable us to auto-
mate material decomposition in a computationally efficient
manner. The first one involves a dimensionality reduction
procedure that transforms the high-dimensional hyperspec-
tral projections into low-dimensional subspace projections,
drastically reducing the volumetric reconstruction require-
ments. The other step includes an unsupervised clustering



procedure that automatically segments the material regions
used for LAC spectra estimation. We implemented our algo-
rithm on both simulated and real data, which allowed us to
conduct quantitative and qualitative performance evaluations.

2. METHODOLOGY

Our algorithm calculates LAC spectra and material recon-
structions from hyperspectral neutron radiographs. It first re-
duces noise from the open beams (also known as blank scans
or flat fields) and uses them to normalize object projections.
The algorithm then decomposes the normalized hyperspec-
tral projections into subspace basis vectors and subspace pro-
jections. After that, it reconstructs the subspaces and per-
forms clustering operation to spatially segment material re-
gions. The algorithm then calculates the individual LAC spec-
trum based on the mean voxel values across the subspaces for
each material region. Once the LAC spectra are computed,
it performs projection domain material decomposition and fi-
nally reconstructions the materials. The entire procedure is
divided into seven steps, as shown in figure 1.

2.1. Open Beam Processing

We aim to achieve the highest signal-to-noise ratio (SNR)
possible for the open beams. So, we first implement aver-
aging over multiple open beam sets to reduce the noise. Then
we filter the open beam images at each wavelength using a
2D normalized hamming window for further smoothing. This
operation can be expressed as 2D convolution given by

yor,c,k =

∞∑
i=−∞

∞∑
j=−∞

ȳoi,j,khr−i,c−j (1)

where yo ∈ RNr×Nc×Nk is the smooth open beam array,
ȳo ∈ RNr×Nc×Nk is the averaged open beam array, Nr is the
number of rows in the detector, Nc is the number of columns
in the detector, and Nk is the number of energies/wavelengths.

2.2. Projection Density Computation

To go from neutron counts to projection densities, we need
to compute the negative log of the ratios of the object projec-
tions and the corresponding open beams. Ideally, the object
projections and the open beams would have the same neutron
dosage rate, and the background counts would match. But in
actual experiments, it can vary inordinately. Let’s assume ob-
ject projections are scaled by αv,k, which depends on view
and energy. Then we can express the relationship as

p̂v,r,c,k = − log

(
αv,kyv,r,c,k

yor,c,k

)
(2)

p̂v,r,c,k = − log

(
yv,r,c,k
yor,c,k

)
− log(αv,k) (3)

p̂v,r,c,k = pv,r,c,k + bv,k (4)
pv,r,c,k = p̂v,r,c,k − bv,k (5)

Fig. 1. Illustration of the autonomous material decomposition
pipeline with sample inputs (hyperspectral neutron counts)
and outputs (LAC, reconstructed materials).

where p ∈ RNv×Nr×Nc×Nk is the ideal projection den-
sity array, p̂ ∈ RNv×Nr×Nc×Nk is the uncalibrated projection
density array, b ∈ RNv×Nk is the background offset array,
y ∈ RNv×Nr×Nc×Nk is the ideal object projection array, and
Nv is the number of projection views. So, these background
offsets need to be separately calculated and subtracted from
the uncalibrated projection densities to make them ideal.

2.3. Subspace Extraction

To acquire a lower dimensional representation of the hyper-
spectral projection densities, we perform subspace extraction
using non-negative matrix factorization (NMF) [13]. NMF
can decompose the normalized projections into a set of sub-
space basis vectors and corresponding subspace projections.
The resulting matrices can be obtained by solving the opti-
mization problem given by

(V s∗ , Ds∗) = arg min
(V s≥0,Ds≥0)

{∥p− V s(Ds)T ∥2} (6)

where p ∈ RNp×Nk is the matrix form of the hyperspec-
tral projection densities, Ds ∈ RNk×Ns is the subspace basis
matrix, V s ∈ RNp×Ns is the corresponding subspace projec-
tion matrix, Np = Nv×Nr×Nc is the number of pixels, and
Ns is the number of subspaces. These subspace projections
and basis vectors combined preserve all the necessary infor-
mation. If Nm is the number of materials, then Ns is chosen
such that Nm < Ns << Nk. So, subspace reconstruction is



significantly faster than hyperspectral reconstruction.

2.4. Subspace Reconstruction

Space domain analysis requires us to perform volumetric re-
constructions. Thanks to the reduced dimensions, we can gen-
erate high-quality subspace reconstructions within a reason-
able time using SVMBIR, a sophisticated python package for
super-voxel-based iterative reconstruction [14]. The recon-
struction works by solving the optimization problem given by

x̂s = argmin
xs

{f(xs) + h(xs)} (7)

where x̂s is the reconstructed subspace image, f(xs) is
the forward model term and h(xs) is the prior model term.
The super-voxel algorithm is then used to efficiently perform
this optimization. The forward model term has the form

f(xs) =
1

2σ2
v

∥V s −Axs∥2Λ (8)

where xs is the unknown subspace image to be recon-
structed, A is the linear projection operator, Λ is the diago-
nal matrix of sinogram weights, and σv is a parameter con-
trolling the assumed standard deviation of the measurement
noise. We used Q-Generalized Gaussian Markov random field
(QGGMRF) as the prior model h(xs).

2.5. Material Basis Estimation

The subspace basis vectors can be transformed into the ma-
terial basis vectors using a simple transformation matrix T ∈
RNm×Ns that contains the material weights across the sub-
space reconstructions. To understand the concept better, we
have to go backward. Let’s assume that the reconstructed ma-
terial images xm are in units of the fraction of volume. That
means a voxel fully containing the material is one and is zero
if the material is absent. So, each reconstruction in xs can be
represented as a weighted combination of all the reconstruc-
tions in xm. If we store these weights in T , then multiplying
xm with T gives us xs. From this, we can deduce

xmT = xs (9)

A−1V mT = A−1V s (10)
V mT = V s (11)

where V m ∈ RNp×Nm is the material projection matrix.
Now both subspace decomposition and material decomposi-
tion represent the same hyperspectral projection densities. So,
we can say

V s(Ds)T = p = V m(Dm)T (12)

V mT (Ds)T = V m(Dm)T (13)

(Dm)T = T (Ds)T (14)

Dm = DsTT (15)

Table 1. NRMSE values for the outputs.

Output Type NRMSE
Ni Cu Al

LAC 0.005 0.01 0.205
Reconstruction 0.056 0.07 0.765

where Dm ∈ RNk×Nm is the material basis matrix. How-
ever, to compute T , we first need to know the material regions
in xs. In our algorithm, we used GMCluster, a Gaussian mix-
ture model-based clustering package, to estimate the cluster
parameters and segment the material regions. Then we can
compute the mean voxel values across the subspaces for each
region and calculate T . Once we estimate Dm using Ds and
T , we can have the LAC spectra by scaling Dm with a factor
of 1

δ , where δ is the voxel thickness/pixel pitch.

2.6. Material Decomposition

To perform material decomposition, we need to rerun NMF
on the projection densities. However, this time, we calculate
only V m using fixed Dm. The optimization problem is given
by

V m∗
= arg min

V m≥0
{∥p− V m(Dm)T ∥2} (16)

2.7. Material Reconstruction

Using the same reconstruction method from section 2.4, the
algorithm finally reconstructs our material volumes using the
decomposed material projections.

3. RESULTS

Both simulated and real data contain neutron radiographs
from 1200 wavelength bins between 1.5 to 4.5 Angstroms,
representing a sample with nickel (Ni), copper (Cu), and alu-
minum (Al). We used 64× 64 radiographs for simulated data
and 512×512 for real data. The numbers of projection angles
are 32 and 27 for simulated and real data, respectively.

Data simulation was performed by combining theoretical
LAC spectra with pre-defined material volumes. We com-
puted the theoretical LAC spectra using the Bragg-edge mod-
eling (bem) library [15]. Also, we used the Poisson noise
model to make the data realistic. Figures 2 and 3 compare
ground truths with estimated outputs (LAC spectra and volu-
metric slices) for Ni, Cu, and Al. Table 1 provides a quanti-
tative performance analysis in terms of normalized root mean
square errors (NRMSE). Finally, 3D visualizations of the re-
constructed materials are shown in figure 4.

LAC spectra and reconstructed material slices estimated
from the real data are shown in figures 2 (c) and 5. Unfor-
tunately, we can’t perform any quantitative analysis on these
results as the ground truths are unavailable. Figure 6 shows
3D visualizations of the reconstructed materials.



Fig. 2. LAC spectra for Ni, Cu, and Al: (a) used as ground
truth for data simulation, (b) estimated by our algorithm from
simulated data, (c) estimated by our algorithm from real data.

(a) (b)

Fig. 3. Different slices for Ni, Cu, and Al in the space domain:
(a) used as ground truth for data simulation, (b) estimated by
our algorithm from simulated data.

Fig. 4. 3D visualization of the reconstructed Ni, Cu, and Al
estimated by our algorithm from simulated data.

4. CONCLUSION

The dimension reduction procedure and the unsupervised
clustering approach introduced in our algorithm enabled fast
and automated material decomposition for hyperspectral neu-
tron data. Our algorithm produced close to accurate LAC
spectra and material volumes for Ni and Cu from both qual-
itative and quantitative perspectives. The outputs for Al are
not as good in comparison, which is expected as Al has a

Fig. 5. Different slices for Ni, Cu, and Al in the space domain
estimated by our algorithm from real data.

Fig. 6. 3D visualization of the reconstructed Ni, Cu, and Al
estimated by our algorithm from real data.

weak presence in neutron radiographs. However, our ap-
proach also has some limitations. For the algorithm to work
best, the samples’ materials must be well separated, i.e., each
voxel has to represent a single material. In addition, the den-
sity of each material has to be uniform across the sample to
make the clustering work properly. Also, the algorithm’s per-
formance may vary based on the hyper-parameter values used
in different steps. We plan to work on these shortcomings and
make the algorithm more generalized.
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