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Abstract—Hyperspectral neutron computed tomography
(HSnCT) is an effective technique for characterizing
polycrystalline material samples. A typical scan involves
making multiple HS projection measurements by rotating the
sample about a single axis and using a standard algorithm
for tomographic reconstruction. Recently, an autonomous
polycrystalline material decomposition (APMD) algorithm was
proposed to obtain accurate 3D reconstruction of the different
materials or crystallographic phases in the object. However, for
objects with complex compositions and shapes, using data from a
single rotation axis may result in reconstructions with significant
noise and inaccuracies in the material decomposition. In this
paper, we present a multi-pose reconstruction algorithm to
produce a single reconstruction from HSnCT data corresponding
to multiple poses of the object. Our algorithm extends previous
APMD work to incorporate hyperspectral neutron measurements
from multiple poses, utilizing the Multi-Agent Consensus
Equilibrium (MACE) framework to integrate projections from
different rotation axes into a single reconstruction. We apply
our method to simulated data and demonstrate that multi-pose
APMD achieves significantly improved material decomposition
accuracy compared to single-pose APMD.

I. INTRODUCTION

Hyperspectral neutron computed tomography (HSnCT) is a
powerful technique that enables 3D non-destructive imaging
of critical material properties such as crystallographic phases
[1] and isotopic compositions [2]. The typical workflow in-
volves positioning the sample in the path of a hyperspectral
neutron beam, rotating the sample about a single axis, and
capturing projections with a time-of-flight (ToF) detector at
each orientation. The baseline method to get a reconstruction
from such data is to simply process each spectral/ToF bin
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independently using the Filtered Back Projection (FBP) algo-
rithm, followed by a HS segmentation algorithm to separate
the different materials/phases in the sample. However, this
method is computationally expensive because of the presence
of a large number of spectral bins (of the order of a few
thousand) and results in inaccurate reconstructions due to the
low SNR inherent in typical HSnCT data.

In order to address the high computational burden and
low SNR associated with the standard workflows for HSnCT,
various dimensionality reduction approaches have been devel-
oped [3], [4], [5], [6]. Notably, an autonomous polycrystalline
material decomposition (APMD) algorithm has been proposed
in [6], which simplifies the hyperspectral data analysis by
employing a subspace extraction technique. This technique
transforms high-dimensional hyperspectral projections into
lower-dimensional subspace projections, which are then recon-
structed using model-based iterative reconstruction (MBIR)
methods [7]. These low-dimensional subspace reconstructions
are then used to estimate the material-specific linear attenua-
tion coefficients (also referred to as µ-spectra). Final material
decomposition is performed using the estimated µ-spectra.
However, for objects with complex shapes and compositions,
even APMD can result in reconstructions with artifacts. In
such cases, more accurate material decomposition could, in
principle be achieved by collecting hyperspectral neutron
projections corresponding to multiple rotation axes (or poses)
of the object, and then performing a multi-pose reconstruction
similar to what has been demonstrated in X-ray cone-beam
CT [8].

In this paper, we build on the ideas of APMD [6] and Multi-
pose Fusion [8], and propose a multi-pose APMD algorithm.
As shown in Figure 1, the proposed algorithm first transforms
the hyperspectral projections into material projections and then
employs the multi-agent consensus equilibrium (MACE) [9]
to fit the material projections from multiple poses, where
the data fidelity from each pose is promoted with a novel
MACE agent called a conjugate proximal map. The resulting
algorithm has a simple modular implementation using standard
CT reconstruction software. Our results on simulated data
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Fig. 1: Overview of multi-pose APMD algorithm. Multiple sets of hyperspectral projections are acquired from different poses
of the same object. For illustration, the object is made of three materials - Nickel (red), Aluminum (blue) and Copper (green).
The hyperspectral projections are then decomposed into material projections. The material projections from different poses are
finally fused in a MACE framework to form a joint reconstruction of the material volumes.

demonstrate that multi-pose APMD achieves more accurate
material reconstructions compared to APMD from a single
pose.

The rest of this paper is organized as follows. First, we
present the material projection extraction technique for HS
data. Next, we present the multi-pose fusion which uses the
material projections as inputs, followed by results on simulated
data.

II. MATERIAL PROJECTION EXTRACTION

In this step, we estimate material projections, which in-
volves first determining the µ-spectra for all materials using
single-pose data and then leveraging these spectra to extract
material projections for all poses. To ensure fast and accurate
estimation of the material µ-spectra, we adopt the subspace
extraction-based approach from [6]. Let K be the number of
measurement poses, Np be the number of CT measurements
per pose, Nλ be the number of wavelength bins, and Nm

be the number of materials. We define pk ∈ RNp×Nλ as the
hyperspectral projection measurements from the kth pose. The
objective is to estimate material projections Vk ∈ RNp×Nm by
approximating pk = VkD

t, where D ∈ RNλ×Nm is a material
basis matrix with each column containing the estimated µ-
spectra for a specific material [5] (see Figure 2). The material
projections are obtained by solving the NMF problem for all
the poses with a fixed D:

Vk = argmin
Vk≥0

{
∥pk − VkD

t∥2
}
, k = 0, ...,K − 1 (1)

These material projections from different poses are then used
to form a joint tomographic reconstruction of the underlying
materials.

III. MULTI-POSE FUSION

A. Problem formulation

As illustrated in Figure 1, Multi-pose Fusion takes the
material projections from different poses as inputs, and per-
forms a joint reconstruction that fits the projection data
from all the poses. Let Nvox be the number of voxels of
the sample to be recovered. We define x ∈ RNvox×Nm as
the image vector containing attenuation coefficients to be
recovered in the reconstruction coordinate system. For each
pose k ∈ {0, ...,K − 1}, we also define a transformation
function xk = Tkx where x is the object represented in the
common reconstruction coordinate system and xk is the object
represented in the kth pose. Tk transforms the object from
the common reconstruction coordinate system to the posed
coordinate system. In practice, Tk typically implements a rigid
body transformation [10], so it requires that the discretized
function be resampled on the transformed sampling grid. This
process requires some form of typically spline-based interpo-
lation algorithm [11]. We will also require an approximate
inverse transformation T−1

k . Since both transforms require
interpolation and resampling, we note that they will not in
general be exact inverses of each other.
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Fig. 2: Overview of material projection extraction. The hyperspectral projections (pk), in this illustration having 1200 bins,
are decomposed into low-dimensional (3 in this illustration) material projections (Vk) using the corresponding material basis
vectors (D). The Vk from each pose is used for subsequent multi-pose fusion.

Using this notation, the forward model for each pose has
the form

Vk = AkTkx+ wk , (2)

where Vk ∈ RNp×Nm are the material projections, Ak ∈
RNp×Nvox is the scanner system matrix and wk ∼
N(0, αΛ−1

k ) is independent additive noise for the kth pose.
The joint MBIR reconstruction for the multi-pose problem is
then given by

x∗ = argmin
x

{
K−1∑
k=0

fk(x) + h(x)

}
(3)

with data fidelity terms given by

fk(x) =
1

2
∥Vk −AkTkx∥2Λk

, (4)

and a regularization term given by h(x). Notice that direct
implementation of (3) is difficult since it requires that soft-
ware be written to minimize a sum of complex tomographic
reconstruction terms each with a different transformation Tk.
Instead, we propose to find a solution for the HS reconstruction
from multiple poses using the MACE [9] framework.

B. MACE formulation of Multi-pose Fusion

In this section, we introduce the MACE framework for
solving the multi-pose reconstruction problem [12], [13]. The
MACE framework formulates the reconstruction as a con-
sensus solution of multiple competing agents each of which
transforms an initial solution to a more desirable solution. The
definition of what a more desirable solution means differs -
some agents will find solutions that match the measurements
better under the appropriate forward model, while others will
ensure that any solution to the inverse problem satisfies certain
desirable properties such as lying on the mainfold of 3D

volumes. We start by describing the agents in our approach.
Let x′ = Fk(x) be a data-fitting agent for the kth pose.
Intuitively, this agent should take a reconstruction x and return
a reconstruction x′ that better fits the material projections Vk

from pose k. One approach would be to use the data-fitting
terms from (4) directly in a proximal map. However, this
would be computationally expensive and difficult to compute
since it requires that the transformation Tk be integrated into
the reconstruction software. Alternatively, we propose to use
a conjugate proximal map given by

Fk(w) = T−1
k F (Tkw;Vk) , (5)

where F (w;Vk) is the standard proximal map in reconstruc-
tion coordinates given by

F (w;Vk) = argmin
x

{
1

2
∥Vk −Akx∥2Λk

+
1

2σ2
∥x− w∥22

}
.

(6)
Notice that the conjugate proximal map of (5) can be computed
easily since it requires only the computation of the standard
proximal map of (6) in the standard coordinates and pre- and
post-composition with the spline-based maps Tk and T−1

k . In
fact, software for computing the proximal map in (6) is openly
available [14], [15]. For the prior model, we will use a BM4D
denoiser [16]. We denote this agent by FK .

For notational simplicity, we define the stacked set of agents
as

F(w) = [F0(w0), · · · , FK(wK)] (7)

where w is the stacked input vector given by

w = [w0, · · · , wK ] .

We also define an averaging operator

G(w) = [w̄, · · · , w̄] , (8)
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where w̄ is a weighted average of the input vector components
given by

w̄ =

K∑
k=0

µkwk, (9)

and µk is the weight for each agent, computed as

µk =

{
1

K(1+β) , 0 ≤ k ≤ K − 1
β

(1+β) , k = K
.

β provides a means to weight the amount of regularization
relative to the data-fitting agents. Using this notation, the
MACE equilibrium equation is

F(w) = G(w) . (10)

This equation enforces that all agents have the same output
value (consensus) and that the vectors δk = wk − Fk(wk)
satisfy

∑K
k=0 µkδk = 0 (equilibrium) [12].

C. Computing the MACE Solution

Algorithm 1 MACE Algorithm for Multi-pose Fusion

Input: Initial Reconstruction: x(0) ∈ RN

Output: Final Reconstruction: x∗ ∈ RN

1: w← [x(0), ..., x(0)]
2: while not converged do
3: x← F(w)
4: z← G(2x−w)
5: w← w + 2ρ(z− x)

6: return x∗ ←
∑K

k=0 µkxk

It is shown in [12] that the solution to (10) is also the fixed
point of the operator T = (2G − I)(2F − I). One popular
method of finding such a fixed point is Mann iteration

w← (1− ρ)w + ρTw, (11)

where ρ ∈ (0, 1) controls the convergence speed. Algorithm
1 shows the general method of solving MACE with Mann
iterations. The algorithm starts from an initial reconstruction
x(0), and uses Mann iterations to find the equilibrium point
between the prior and forward model terms. From [12], when
the agents Fk are all proximal maps of associated cost func-
tions fk and h, this equilibrium point is exactly the solution
to the optimization problem of (3).

IV. RESULTS

We implemented our multi-pose APMD algorithm and eval-
uated it on simulated hyperspectral neutron data. Fig. 3 shows
the digital phantom used to generate the synthetic hyperspec-
tral measurements. The digital phantom (size 64 × 64 × 64)
is formed from nickel (Ni) and copper (Cu) in an aluminum
(Al) structure. The phantom is rotated to three different mea-
surement poses (see Figure 4), and the hyperspectral neutron
measurements are generated for each pose respectively, using a
Poisson noise model and attenuation calculations based on the
object geometry and the theoretically known material spectra
computed using the Bragg-edge modeling (BEM) library [17].

Fig. 3: 3D visualization of the digital phantom. The phantom
is composed of three distinct materials: Ni, Cu, Al. The size
of the phantom is 64× 64× 64

Fig. 4: 3D visualization of the measurement poses. The digital
phantom is rotated by 0, 45, 90 degrees respectively. CT
measurements are simulated by rotating the phantom at each
pose about a single axis from 0 − 180 degrees. While the
data from each pose can be processed as a independent CT
data set, we process all the data jointly to produce a single
reconstruction.

The multi-pose APMD results are obtained with data from all
three poses. Figure 5(a) shows the ground truth slices, Figure
5(b)-(d) shows the APMD results using data from a single
pose (rotated to match the orientation of pose 0), and Figure
5(e) shows the multi-pose APMD using data from all three
poses. The results indicate that multi-pose APMD results in
more accurate material volume reconstructions with reduced
noise.

V. CONCLUSION

In this paper, we introduced a novel autonomous poly-
crystalline material decomposition (APMD) approach that
characterizes and localizes the polycrystalline structures from
multiple poses of a single object. The proposed algorithm first
decomposes the hyperspectral projection measurements into
low-dimensional material projections and then uses MACE
to fit the material projections from multiple poses, where
the data fidelity from each pose is promoted with a novel
MACE agent called a conjugate proximal map. The resulting
algorithm has a simple modular implementation using standard
CT reconstruction software. Our results on simulated data
demonstrate that multi-pose APMD achieves more accurate
material reconstructions compared to APMD from a single
pose.
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