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We present the first machine learning-based autonomous hyperspectral neutron computed
tomography experiment performed at the Spallation Neutron Source. Hyperspectral neutron
computed tomography allows the characterization of samples by enabling the reconstruction of
crystallographic information and elemental/isotopic composition of objects relevant to materials
science. High quality reconstructions using traditional algorithms such as the filtered back projection
require a high signal-to-noise ratio across a wide wavelength range combined with a large number of
projections. This results in scan times of several days to acquire hundreds of hyperspectral projections,
during which end users have minimal feedback. To address these challenges, a golden ratio scanning
protocol combined with model-based image reconstruction algorithms have been proposed. This
novel approach enables high quality real-time reconstructions from streaming experimental data,
thus providing feedback to users, while requiring fewer yet a fixed number of projections compared

to the filtered back projection method. In this paper, we propose a novel machine learning criterion
that can terminate a streaming neutron tomography scan once sufficient information is obtained
based on the current set of measurements. Our decision criterion uses a quality score which combines
areference-free image quality metric computed using a pre-trained deep neural network with a metric
that measures differences between consecutive reconstructions. The results show that our method
can reduce the measurement time by approximately a factor of five compared to a baseline method
based on filtered back projection for the samples we studied while automatically terminating the
scans.

Since neutrons interact with the nucleus of an atom, they provide a complementary contrast to X-rays which
interact with the atom’s electron cloud. Neutron radiography (nR) utilizes this contrast to measure a plethora of
objects ranging from materials science, energy materials to plant physiology, engineering, archeology and biol-
ogy, to name a few!?. These measurements are often performed at research reactor facilities’®. Recently, with the
advances of accelerator-based neutron sources and detector technology’, wavelength-dependent or hyperspectral
neutron radiography (HSnR) and computed tomography (HSnCT) have grown as essential non-destructive
techniques that complement reactor-based neutron imaging capabilities®!~1*. These novel techniques allow the
measurements of crystalline properties in materials using the so-called Bragg edge imaging method'>!*™!¢, or
the measurement of elements/isotopes in a broad range of samples'” using resonance imaging. Hyperspectral
imaging is performed by measuring the neutron’s wavelength using the time-of-flight (TOF) method.
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Hyperspectral or TOF neutron imaging beamlines have been developed at several neutron facilities around
the world, such as the Energy Resolved Neutron Imaging (ERNI)'® at Los Alamos National Laboratory in the
US, the Imaging and Materials Science and Engineering (IMAT)' at the Rutherford Appleton Laboratory in
the UK, and RADEN? at the Japanese Proton Accelerator Research Complex (J-PARC) in Japan. Several other
beamlines are also under construction including the Versatile Neutron imaging Instrument (VENUS) at the
Spallation Neutron Source (SNS) in the US?!, ERNI?? at the Chinese Spallation Neutron Source (CSNS) in China,
and ODIN at the European Spallation Neutron Source (ESS)*. HSnCT provides the ability to obtain neutron
computed tomography (nCT) reconstructions corresponding to several wavelength bands, each of which is
based on a narrow range of neutron wavelengths. Since the measurement is performed simultaneously across a
broad range of neutron wavelengths, the data corresponding to a narrow wavelength bin has inherently lower
neutron counts than a reactor-based nCT which does not discriminate neutron wavelengths. Therefore one of the
caveats of HSnCT is the low inherent signal-to-noise ratio (SNR) in each wavelength bin when using practical
acquisition times (tens of minutes to hours), thus rendering strong artifacts when using traditional reconstruc-
tion methods?*%, such as the filtered back projection (FBP)*"2,

At the currently operating neutron imaging facilities, data acquisition and computed tomography (CT) recon-
struction are typically performed sequentially. In practice, CT reconstruction is usually done after a pre-decided
total number of projections has been acquired (using a fixed set of orientations) typically using baseline analytic
reconstruction algorithms such as FBP. At the SNS, an HSnCT projection can be acquired in an hour or more
depending on several experimental factors such as neutron flux, sample overall transmission, background at
the instrument, detector performance, wavelength and/or pixel binning of the data, etc. Processing and recon-
struction of the hyperspectral data may require hours of computing time, which makes real-time experimental
decisions challenging. Furthermore, the use of FBP can result in reconstructions with streaks and noise artifacts,
yielding a sub-optimal image quality at the end of the experiment unless the exposure time and total number
of projections are dramatically increased—which is impractical for HSnCTs (i.e., this would mean increasing
the beam time requirements by several days). Moreover, the standard workflow of collecting a fixed number of
projections at pre-decided orientations can also lead to an inadequate use of beam time spent collecting projec-
tions that do not provide relevant information (i.e., sample too opaque in the direction of the measurement) or
do not significantly improve the reconstruction of the sample. Finally, beam time is precious as it is relatively
unusual for a research team to access the facility more than once or twice a year. Such special but plausible cases,
i.e., long measurement times and high incidence of measurement inadequacies, are the central motivation for
real-time monitoring systems designed specifically for neutron imaging facilities, and applicable to other time-
consuming CT imaging facilities.

In order to address the challenges of long scan times and limited user feedback, advanced scanning protocols
based on the golden ratio method” combined with model-based iterative reconstruction (MBIR) algorithms
have recently been proposed® by our team. It was demonstrated that by streaming data to a powerful compute
node, and using a fast implementation of MBIR?!, it was possible to reconstruct CT scans with high image qual-
ity while performing an experiment, thereby paving the way to make real-time decision during an experiment.
However, even workflows that use MBIR in a streaming manner rely on the acquisition of a fixed number of a
priori projections and do not adapt to the specifics of the sample. Therefore, while these workflows help dramati-
cally to reduce scan time compared to the baseline workflows based on FBP, it is challenging to select a fixed
sparsity factor that accounts for measurement conditions and the complexity of the samples, potentially leading
to more measurements than may be required for a high-quality reconstruction. Furthermore, continuously
monitoring an experiment that spans several days and stopping the scan manually based on the visual quality of
the reconstructions, even when using the MBIR based workflows, can be impractical.

In this paper, we propose a novel workflow for HSnCT systems for which (1) the measurements are streamed
and reconstructed in real time using MBIR, (2) the quality of the resulting reconstruction is assessed based on
a machine-learning criterion, and (3) a new sample hyperspectral projection is initiated only if the termination
criterion has not been met. One of the key novelties of our approach is the design of the decision criterion based
on the 3D reconstructed volume thus far. Specifically, we propose a new quantity, termed reconstruction quality
index (rQI), which combines two concepts—a reference-free quality assessment score and a metric that assesses
the change in quality between the two latest consecutive 3D volumes. For the rQI, we use a deep neural network
(DNN) that is pre-trained from previous nCT scans to assign a user-defined score between 1 (lowest) and 5 (high-
est) as a proxy for reconstruction quality. In order to evaluate whether the reconstruction quality has improved
with the latest measurement, we combine the normalized root mean square error (NRMSE)**** and structural
similarity index measure (SSIM)* between the current and previous reconstructions in a principled manner.
Moreover, the reconstruction rQIs from different wavelength bands of interest are computed after each new
measurement, and if the averaged rQI from those disparate bands meets a pre-set threshold, the HSnCT scan is
terminated. Using hyperspectral experimental data, we demonstrate how our method can result in approximately
a factor of 5 reduction in the total number of measurements with a high image quality compared to the baseline
protocol which uses a large number of pre-determined views and the FBP reconstruction algorithm. We call our
proposed system—HyperCT as in Hyperspectral Computed Tomography in the remainder of this manuscript.

Methods

Proposed HyperCT workflow

HyperCT is an autonomous streaming loop that controls the HSnCT measurements and consists of several stages
(as shown in Fig. 1): at the SNS, neutrons transmitted through the sample are measured using a microchannel
plate (MCP) Timepix (TPX) detector®® which is capable of timestamping neutrons as they arrive, thus providing
TOF or wavelength/energy information of the neutrons. The measured data is transferred between two servers.
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Figure 1. Overall workflow of our streaming HyperCT capability showing the machine learning component of
the autonomous loop: The SNS produces neutrons that are either absorbed or scattered by a sample that sits on a
rotation stage. A TOF position sensitive 2D detector records neutrons that are transmitted through the sample.
As new projections are acquired, they are sent to a GPU server after correction. The reconstruction is performed
every few projections (every 3 projections in the case of the data presented in this manuscript). A machine
learning reconstruction quality score (rQI) is computed based on the reconstruction generated from all previous
projections. Based on this score, the scan either continues or stops. If the scan continues, new projection angles
are sent directly to the experimental setup via the beamline controls interface, along with a trigger to resume
acquisition.

After being collected, the hyperspectral projections (constituting of several hundreds of radiographs) are firstly
recorded, corrected/reduced, and archived on a core-based data server. A separate server configured with Graphic
Processing Units (GPUs) is used for computation and analysis. The GPU server is equipped with four NVIDIA
GPUs (A100-PCIE-40GB). The proposed (Python-based) streaming HyperCT system is embedded in the GPU
server. The hyperspectral projections are sent to the GPU server after automated data normalization where the
super voxel MBIR (svMBIR)?® reconstruction is performed. The svMBIR realizes a fast reconstruction of sparse
and noisy parallel beam data along with an automated choice of parameters that adapt to the SNR ratio of the
measured data. Therefore, the proposed workflow offers an automated real-time reconstruction. The quality
score of a single reconstruction is computed and consecutive reconstructions are compared with each other using
the rQ], i.e., the reconstructed volume quality will be evaluated based on rQIs. If the automated decision is to
continue, HyperCT sends new scanning angles to the rotation stage at the beamline, followed by the command
to acquire new projections. The decision command is sent to the beamline via an Application Programming
Interface (API), which is the communication protocol between the beamline hardware and the GPU server. In
practice, the reconstruction is triggered at a certain frequency and is based on all previously acquired projections.
All processed projections, generated reconstructions and evaluation results are archived in real-time on a specific
data disk mounted on the GPU server and are accessible to the end user at any time during the experiment.
HyperCT allows the end user to choose the projection angles (if preferred), the maximum number of projections,

Scientific Reports |

(2024) 14:15171 | https://doi.org/10.1038/s41598-024-63931-x nature portfolio



www.nature.com/scientificreports/

and the rQI threshold value which directly impacts the automated decision to continue or terminate a scan. The
threshold value selection is empirical. Based on the rQIs of previous experimental data, the threshold could be
set close to the value at which the rQI does not significantly increase with additional projections. Ideally, the
choice of threshold should be sample agnostic, but this can be challenging if we only have limited training data.
The threshold selection for the experimental measurements used in this paper are described in the implementa-
tion section. In summary, HyperCT includes 5 main steps: (1) Projection data acquisition; (2) Automated data
correction/reduction followed by archiving on the data server; (3) Real-time CT reconstruction performed on
the GPU server; (4) Evaluation of the reconstruction quality on the same server; (5) Decision to continue/stop
(GPU server) and new angles submitted to the beamline hardware via an APIL.

Design of the stopping criterion

The design of a sample adaptive autonomous streaming HSnCT system that can be trained to automatically con-
tinue or terminate a scan requires a stopping criterion which determines if the number of acquired projections is
sufficient. To address this challenge, we design a method to assign a quality score to a 3D hyperspectral volume
reconstructed using all the measurements made at any point during the scan. Our overall score is a weighted sum
of a reference-free quality score designed with a convolutional neural network (CNN) with a score that measures
how much the reconstruction changed due to the latest batch of measurements from the streaming system. The
first term objectively evaluates if the current 3D reconstruction is of sufficiently high-quality. The second set
of terms determines if adding new measurements results in a sufficient change in the 3D reconstruction. The
availability of a weighting term allows users to control the fact that if the CNN-based score is not reliable it can
be weighted lower compared to the second set of terms. We provide further examples about why both these sets
of terms, a subjective image quality and a measure of the difference between successive reconstructions, are
important in Appendix A. Next, we present mathematical details for each of these sets of terms followed by a
method to combine them into a comprehensive reconstruction quality index, rQI.

Using convolutional neural network to evaluate the quality of 3D reconstructions

An accurate 3D reconstruction or tomogram has sufficient spatial resolution when the object edges are sharp,
contrast is high, etc., such that the feature(s) of interest can be observed. Reference-free tomogram quality assess-
ments have been proposed in the literature®”*® including a CNN based method®. In order to associate a notion of
user-defined quality score with a 3D reconstructed volume, we propose to use a deep CNN approach. CNN is a
classic machine learning tool for imaging applications, such as object detection, recognition, or classification®*~*.
The ability of CNN models to extract low dimensional features has been used for the quality assessment of 2D
images*~*°. Moreover, 3D CNN models have recently been used for the quality assessment of video data*”45.
Inspired by these efforts and to assess 3D features in a sample, we have implemented a 3D CNN model that can
not only learn 2D spatial features of the object but can also capture the relationships between reconstructed
slices. This 3D CNN model is used as a reconstruction quality indicator which can assign a numerical score to
the reconstructed volume.

The proposed 3D CNN quality assessment network structure is shown in Fig. 2. The input to the network is a
3D volume, and the output is a single integer number between 1 and C corresponding to the user-defined image
quality of the 3D volume, where C> 1 refers to the highest score. There are four convolutional blocks. Each block
consists of a 3D convolution layer, a 3D batch normalization layer, a rectified linear unit (ReLu) layer, and a 3D
maximum(max) pooling layer. For the convolution layer, the first two blocks use 3 x 3 x 3 kernels with a stride
of 1 and the last two blocks use 2 x 2 x 2 kernels with a stride of 1. We reduced the kernel size in the late phase
of the CNN for a better performance because human visualization is more sensitive to smaller spatial regions®.
The batch normalization is applied to accelerate the training by reducing the internal covariate shift*. We use
ReLU as the activation in this structure. Furthermore, the 3D max-pooling layer can preserve quality informa-
tion in a slice by usingal x 2 x 2 kernel. The max-pooling is only performed across 2 x 2 pixels on slices in the
direction of the beam but no pooling between slices is done. The convolutional blocks extract the features of the
3D volume reconstruction at different scales and are followed by three fully connected layers, which flatten the
high-dimensional features and transfer them into the final quality score. The depths (number of filters) in each
convolutional layer are 32, 64, 128 and 256, respectively, which are chosen to limit the total number of trainable
parameters because of the limited availability of training data thus far in its nCT applications. We also utilize
a dropout layer to randomly zero some of the features with a probability of 0.5 using samples from a Bernoulli
distribution. This is an effective technique for regularization of parameters of the neural networks*.

Training and testing of the 3D CNN quality score

The proposed model can be trained using previous reconstructions with user-assigned quality scores. Due to
the limited amount of hyperspectral data available at the SNS (and in general in the scientific community),
we applied a data augmentation scheme to train the deep 3D CNN model using two diametrically opposite
samples, i.e., an energy material (cathode) and a bioengineered material (scaffold). The samples are described
below. Data augmentation is a technique that artificially increases the training set by creating modified copies
of a dataset using existing data. Our general training strategy to generate reconstructions of varying quality is to
use previously collected datasets (using a large number of projections), sub-sample the projection data, obtain a
sparse-view reconstruction using svMBIR and assign it a quality score. The model is trained using small cuboids
(sub-sampling voxels from the reconstruction) instead of full-size reconstructions. Each cuboid can be treated
as a small reconstruction with the same score as the original full-size reconstruction. Figure 3a displays how we
performed the sub-sampling for data augmentation by using splitting stride sets to 10 and 4 in the x-y plane and
along the z-axis, respectively. All reconstructions are split into small cuboids with a size of 100 x 100 x 8 pixels>.
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Figure 2. 3D CNN network structure (the squares are inner feature examples, and the chevrons are multiple
operation layers): Patches from the 3D reconstruction are input to the network and go through 4 convolutional
stages I. At each stage, m convolutional filters are first applied. Then the filtered features are normalized, and all
negative values are replaced by 0. The features are finally output to the next block after maximum (max) pooling.
The convolutional features are in 2D format. Next, they are flattened into 1D vectors and projected to the final
quality score via stage II, which includes a fully connected layer, a ReLU layer and a random dropout layer
(which randomly drops half of neutrons to contribute to the next layer output).
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Figure 3. (a) Data augmentation scheme: each reconstruction is split into cuboids with a size of 100 x 100 x 8
pixels®. The x-y and z strides between two cuboids are 10 and 4 pixels, respectively; (b) Illustration of the
quality score, qi, attributed to the training data: small cuboids are used to train the quality score evaluator. A
few cuboids corresponding to the NMC-cathode (top row) the polymer scaffold (bottom row) reconstructions,
respectively. These cuboids are given an integer quality score value between 1 and 5 (where 1 represents a low-
quality score and 5 represents the highest).

Our model is trained using a sub-selection of the number of projections such that different quality recon-
structions are obtained. For this research 5, 10, 20, 45, and 60 projections were used. Therefore, a total of 10
reconstructions (5 from each sample) is used for training. Additionally, a quality score is defined between 1 to
5 for each reconstruction, where 1 indicates the poorest quality and 5 the highest. Figure 3b shows examples of
cuboids and their labels, i.e., scores, g;, for the cathode and scaffold, respectively.

The performance testing of the quality score evaluator is assessed based on the accuracy of the predicted
score of the training data cuboids. In this case, there are 107,760 cuboids created evenly, and 80% are randomly
selected as training data while the remainder of the 21,552 cuboids are utilized as test samples. The selected
testing cuboids were not used for the training. Moreover, the quality score of the cuboid-based reconstructions
is different from a complete 3D reconstructed volume at the time of deployment. The full-size reconstruction is
firstly equally split into non-overlapping cuboids with a size of 100 x 100 x 8 pixels®. To avoid testing the models
using the same cuboid sampling pattern used for the training phase, the stride size has a different value from the
training dataset. Then, the cuboid scores, g;, are transformed by the trained CNN model. Lastly, the final quality
score, g; of the corresponding reconstruction, is the averaged quality scores of the cuboids.
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Improvement evaluation of consecutive 3D reconstructions

Beside the quality of a single reconstruction, the improvement between sequential reconstructions is also an
essential evaluation of a streaming system. In this paper, we measure the quality improvement between two suc-
cessive reconstructions by evaluating the differences between their respective NRMSE and SSIM.

Next, we define the notation that describes our improvement evaluation. Let xy, be the current Kt streaming
reconstruction from kn projections using svMBIR, where 7, an integer, is the evaluation frequency for which
the reconstructions are triggered and k is the incremental number given to each reconstruction. We normalize
the root mean square error (RMSE) between xy,, and x(x—1), by the Euclidean norm of the previous (k — Dt
reconstruction x(x—1),. Thus, the NRMSE between xx, and x(_1), is defined as Eq. (1):

_ Hx(kfl)n — Xkn H

NRMSEj. (-1 = (1)
(S|

where || (-) || refers to the [, norm. In addition to the NRMSE, we also use the SSIM between subsequent recon-
structions because it better accounts for texture (i.e., features) of the image, and is not sensitive to the constant
shifts of the pixel value of the image*!. We define the SSIM between xx, and xk—1), as SSIMj; k_1.

As the number of projections increases, the difference between two reconstructions should decrease and
gradually converge to zero. Conversely, the structural similarity should increase as more projections are added.
In general, when the scan covers enough angles, the changes in the reconstruction are minimal. The resulting
SSIM is a decimal value between 0 and 1, where 1 indicates perfect similarity, 0 indicates no similarity. However,
the NRMSE value range varies among the different samples.

To make all metrics correspond to the same range (so they can be later combined in a single metric, rQI), we
assume the first NRMSE obtained during streaming is the largest and denote it as NRMS,.;. We save NRMS;.;
as the reference, i.e. NRMS;1 = NRMS, .. Then, the following NRMSE values are compared to this reference to
generate a NRMSE index, NI, as defined in equation (2). Thus, NI values are between 0 and 1, similarly to SSIM.
Assuming NI, is the NI between xi,, and x(x—1),, then NI,.;=0 and NIi.x_1 converges to 1 as k increases:

NRMSEj. k1
NIy =1 -~ il 2)
NRMSE, f
Finally, we use the average of SSIM and NI to represent the improvement between subsequent reconstructions
which we refer to as the change index (CI) between two consecutive reconstructions. Clj.x_1 refers to the primary
CI between reconstructions xx, and x(x—1), and is defined as Eq. (3), where C (C > 0) is defined as a constant to
scale SSIM and NI to the same range as the output of 3DCNN.

Clg;k—1 = C - S8IMy;k—1 + C - Nl k-1 (3)

Comprehensive reconstruction quality index (rQI)

We set g to be the quality score for reconstruction xy, from kn projections using svMBIR. It is an output of the
deep learning network. Since a change of the quality score reflects a reconstruction improvement, Eq. (4) defines
the difference index (DI) which represents the quantified changes between consecutive reconstructions xy, and
X(k—1)n- Therefore, DI contains two terms: the scaled NI and the quality score difference corrector which is a
weighted difference between consecutive quality scores gx and Gi—_:

Dlxj—1 = C - Nlsk—1 + ¥ - (3k — Gr—1) (4)

wherey (y > 0) is defined as a scalar weight controlling the influence of the score difference corrector. We can use
DI to represent improvement between consecutive reconstructions instead of NI itself. Then CI can be rewritten
as Cly.x—1 = C - SSIMj.x—1 + DIi.—1. The overall averaged CI (ACI) becomes:
C - SSIMy.x—1 + DI k-1

2

ACl k-1 = (5)
Finally, rQI is the weighted average of the sum of the reconstruction quality score and subsequent index. For the
reconstruction xi, rQI is defined as:

QI =a-qr + (1 —a) - AClk—1 (6)

where « is a scalar between 0 and 1 that controls the importance of the quality score and improvement index in
the evaluation. Furthermore, multiple QI are computed in real time for reconstructions at various wavelength

N . . —A/i. . e e
bands, A/;, and averaged to get a comprehensive quality score. The final averaged rQI ™ is the stopping criterion
of the newly developed HyperCT.

Implementation of HyperCT

Sample and dataset descriptions

We utilized two datasets to train the proposed rQI. These two data sets were satisfactory in terms of signal-to-
noise ratio (SNR) and overall number of acquired projections. One dataset consists of reconstructions from the
measurement of a lithium-ion battery cathode sample at Spallation Neutron Source (SNS) SNAP beamline®'.
Another dataset corresponds to the reconstructions of a polymer-based scaffold which was measured at the
High Flux Isotope Reactor (HFIR) Multimodal Advanced Radiography Station (MARS)*% The cathodes were

Scientific Reports |

(2024) 14:15171 | https://doi.org/10.1038/s41598-024-63931-x nature portfolio



www.nature.com/scientificreports/

fabricated with Li (NiggMng 1 Cop.1)O2 (NMC811) from MSE Supplies LLC as the active material (AM) in an
80:10:10 wt% dry mixture of AM:Carbon Black (MSE Supplies LLC):Polyvinylidene fluoride (PVDF) (Sigma
Aldrich) (see Appendix B for more information about the cathode samples). The cathode sample was meas-
ured using a microchannel plate (MCP) Timepix detector with a field-of-view of 28 x 28mm? developed by
A. Tremsin at U.C. Berkeley®. The collimation ratio at SNAP was L/D ~ 245, where L = 7.6 m is the distance
from the pinhole of diameter, D = 31 mm, and the MCP detector. Neutrons were transported from the pinhole
to the detector using helium-filled flight tubes to minimize the loss of neutrons due to air scatter. The detector
array is 512 x 512, with an effective pixel size of 55 x 55um?. The scaffold sample is made of polyurethane and
demineralized de-acellularized bone particles (see Appendix B for more information about the scaffold sam-
ple). The scaffold was held in place at MARS using aluminum foil. For these measurements, the L/D ratio was
approximately 800 (= 6.559 m and D = 8.2 mm). The large ANDOR DW936 charge coupled device (CCD) with
a pixel area of 2048 x 2048 and an effective pixel size of 29 x 29uum? was used to measure the scaffold sample.
We used the same number of projections for each sample (60 projections) so that not to introduce a new variable
to the training. Each reconstruction produces a 3D volume where a series of slices (x—y plane) are stacked along
the z-axis. The NMC811 cathode and scaffold volume sizes are 512 x 512 x 200 and 600 x 600 x 160 pixels3,
respectively. The ideal number of projection measurements®” based on the footprint of the sample on the detec-
tor are about 250 and 200 scans respectively. Figure 4a and b displays reconstructed attenuation slices from the
cathode and the scaffold, respectively, used for the training. A few selected reconstructed slices with the highest
attainable image quality (i.e., using both the total number of projections for the reconstruction and svMBIR) are
shown along the sample height or z-axis.

Implementation of HyperCT using a simulated experiment

We firstly implemented the software of the proposed HyperCT using a simulated experiment. We simulated
the neutron imaging CT procedure by fetching the existing scanned projections acquired using the golden
ratio method®. The frequency at which the quality indices are calculated is set to 5, which means a real-time
reconstruction is generated every 5 projections. HyperCT is triggered when the reconstruction is completed.
Then, the quality score g™ of this full-size reconstruction is evaluated by the proposed 3D CNN model with n
= 5. Each full-size reconstruction is split into small cuboids with a size of 100 x 100 x 8 pixels>. The ACI.x_ is
computed according to Eq. (5) with C = 5, where C is the highest score of the CNN training dataset that scales
the SSIM to values between 1 and 5. The 3D CNN k" rQls (rQI CNNYy are generated based on Eq. (6) (with «
=0.6). The value of « is empirical. We weighted quality score g;; CNV larger than ACI.x_ to increase the influence
of the CNN based quality score.

In the model training stage, we assigned 5 quality scores from 1 to 5 to reconstructions generated by 5, 10,
20, 45, and 60 projections. Since there is no quality score based on ground -truth reconstructlons generated by
different numbers of projections, a 3rd degree polynomial regression g’ Z: o Bi(k - n)* was applied for
each dataset and correlated to quality scores, where B; is the weight for each polynomial term. With this func-
tion, we estimated the ideal/ground-truth score of a reconstruction generated by kn projections even though

Linear attenuation coefficient(cm™1) Linear attenuation coefficient(cm™1)
0.0 0.5 1.0 1.5 2.0 0 2 4
(a) (b)

Figure 4. Attenuation-based reconstructed slices in the x-y plane used to train our CNN method; the z-axis
corresponds to the sample height: reconstructed slices of (a) the NMC cathode and (b) the polymer scaffold,
respectively. The NMC cathodes are inserted into a Teflon cylinder with a 12.7 mm diameter. The scaffold’s
length and width are 9 and 3 mm, respectively.
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we did not set it during training. The rQIs ground truth (rQIFT) is computed by plugging ground truth quality
scores, q,fT, and ACI.k_1, into Eq. (6). By plugging g of the reconstruction into the simulated experiment, we
can generate the simulated rQI). We also compute the root mean squared error (RMSE) to illustrate the overall
difference between computed and ground truth values. The RMSE between the model-generated rQIx and the
ground truth rQJ, ,? T is defined as:

(rQIx — rQIET)? %)
2

1 K
RMSE = , | =
Kk—

where K is the total number of reconstructions. A representative reconstructed slice is displayed for each sample
reconstruction on Fig. 4.

Implementation of HyperCT using real-time experimental datasets

Finally, we implemented both the HyperCT hardware and software at the SNS SNAP beamline. The sample
consisted of two common elements used in materials science: 2.738 g of nickel (Ni) and 2.337g copper (Cu)
powders, respectively. Each powder is poured in an aluminum (Al) holder with dimensions indicated in Fig. 1.
The detector array is 512 x 512 with an effective pixel size of 55 x 55um? and the ideal number of projections?’
for a high-quality reconstruction using the FBP-based workflow for this sample is about 150—which at the rate
of about 2 hours per projection is not practical to measure due to the limited availability of beamtime. The sample
was mounted on a double stack goniometer purchased from PI*%. This allowed the sample rotation axis to be
tilted and thus provide complementary CT scans with different SNRs since the neutron path through the sample
differed from the original scan. Three experiments were therefore performed with the Ni-Cu sample: Experi-
ment I with the sample mounted vertically, Experiments I and III with the sample’s vertical axis tilted by 8° and
15°, respectively. These orientations were chosen to further develop a novel reconstruction algorithm for future
optimization of scans using multiple sample tilts (not discussed in this manuscript). However, for the purpose
of this paper, we treated each experiment as an individual measurement that we used to test our autonomous
stopping criteria algorithm. For these experiments, rQI is computed in real time such that autonomous decisions,
i.e., comparison of consecutive reconstructions followed by the decision to stop or continue the scan, are made
without human intervention. The neutron wavelengths varied from 1.40 to 4.54 A, with individual wavelength
bands of approximately 2.2 x 1073 A for each projection, thus creating 1426 radiographs per projection angle.
The previously mentioned MCP detector was also used for these measurements. An evaluation frequency n =
3 was chosen for the experiments. The rQI was computed in real-time at n = 2 (i.e., after 2 x 3 = 6 projections)
since a baseline reconstruction is initially required. We selected a stopping value rQI*?of 3.88 based on the
averaged simulated rQIS™YN, i.e. with 25 hyperspectral projections in total (i.e., a 50 hour experimental time),
for the NMC cathode and scaffold. The selection of the rQI value of 3.88 is discussed in the “Results” section.

Results

The novel HyperCT workflow (see illustration in Fig. 1) is the main contribution of this research. HyperCT uses
a 3D CNN model to convert the abstract CT reconstruction quality into a numerical index, and simultaneously
considers the consecutive reconstruction changes to generate a quantifiable rQIL. HyperCT uses rQI as a criterion
to conduct high-efficiency autonomous HSnCT experiment.

Optimization of the rQl threshold (i.e., stopping criterion) based on simulated workflows
(using experimental data)

Figure 5 displays the quality indices, i.e., g, ACIy.k—1 and rQIy for the corresponding reconstruction, k, as a
function of the projections number, kn. These indices are compared to the ground truth results. (We also included
details about the performance evaluation in generating gx in Appendix C.) Once rQIS™Y goes over 3.5, adding
projections to the reconstruction only increases the rQI value by 1.5 while requiring 20 projections more. In first
approximation, changes in the reconstructed data after x5 are almost indistinguishable by human eye inspection,
as illustrated in Fig. 6 (results discussed below). Therefore, we selected an rQI of 3.88 as the stopping threshold
value. Specifically, this value is close to the mid-point of the rQISNN values (i.e. the score when we have about
25 projections and sufficiently high visual quality) for each of the simulated datasets. We note that, the chosen
threshold is heuristic and we foresee designing better ways to select the threshold based on a more extensive
and representative training data set in future work. Moreover, the cathode rQI is in good agreement with rQI°T,
while the scaffold rQI exhibits larger deviations from its respective ground truth. The scaffold RMSE value is
approximate 4 times higher than that of the cathode. The indices Z;,? and AClIy.,_; also increase as a function
of the number of projections used to reconstruct the data. For the cathode (Fig. 5a), the g¢™N values are lower
than the corresponding ACI ones. The opposite behavior is observed for the scaffold (Fig. 5b).

Figure 6 displays the 3D reconstructed sample volume, along with a representative reconstructed slice at a 3.41
and a 2.29 mm elevation from the bottom of the battery and scaffold samples, respectively. The corresponding
rQIENN of the entire object is shown above each slice. As illustrated in Fig. 6, the image quality improves with
more projections, artifacts decrease, and the rQI value increases concomitantly for both samples. For the battery
sample, the improvement of the image quality of the reconstructed slice between 35 (rQI7) and 60 projections
(rQI12) is visually insignificant which is in agreement with a minimum change in the rQI value. However, for
the scaffold sample, the image quality visually improves while the rQI value does not increase significantly. This
is due to the bias in training the 3D CNN and the heuristic assignment of quality score values, gx.
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Figure 5. Quality indices (rQl.x—1, gk» and ACIj.x_) as a function of the number of projections used for
reconstruction during the simulated experiment. Solid lines represent rQIs, and dashed lines are quality scores,
qk, and subsequent indices, ACL The red crosses correspond to the (user-defined) ground truth rQI°Ts. Indices
are computed using the 3DCNN model for the (a) NMC battery electrode and (b) polymer scaffold. An example
slice from the corresponding reconstruction is also displayed in the plot.
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Figure 6. Representative reconstructed slices obtained from the simulated streaming CT for (a) the NMC
cathode and (b) the scaffold samples, respectively: the corresponding estimated rQI of the entire reconstructed
object is displayed above each slice. As anticipated, rQI values and slice image quality increase as more
projections are utilized for the reconstruction of each object. Slices are extracted from an elevation of 3.41 and
2.29 mm from the bottom of the battery and scaffold samples, respectively.
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Performance of rQl values during real-time experimental measurements

We implemented and tested HyperCT (both hardware and software algorithms) during three experiments at the
SNS SNAP beamline using the Nickel-Copper sample displayed in Fig. 1: Experiment I for which the sample was
mounted vertically, Experiments II and III with the sample tilted by 8° and 15°, respectively. Once the preset
threshold value is reached, the autonomous experiment will stop without human intervention. HyperCT com-
putes a single reconstruction quality score using our 3D CNN model, along with the corresponding average
change indices during the measurement. Specifically, rQIs (rQI; “land rQI,.*?) from multiple neutron wavelength
bandwidths, where A/; = 2.1508 +/— 0.0415A and A/, = 4. 1858 +/=0. O415A) are computed. The selection of
these two bandwidths is informed by the Bragg edges distributions of the two distinct powders. A A; encompasses
the wavelength range where the Ni and Cu Bragg edges are both present. Conversely, A4, is limited to the wave-
length range exclusively showcasing the Cu Bragg edge. Since we only applied a 3D CNN model for the beamline
experiments, all rQIs are from our 3D CNN model, thus we omit the “CNN” notations in this section. Projection
data from 40 neutron wavelengths bandwidths were blnnedAand used to generate the individual reconstructions.

2

Qlk “ +rQI

The average rQ * corresponds to an average , and is the reference value for the autonomous

stopping criterion. Utilizing the average rQI prov1des a representation of the overall quality across all bands.
The inclusion of lower quahty bands 1ntent10nally prevents a premature termination of the experiment by limit-
ing the increase of QIS . 1. Simultaneously, higher quality bands help avoid redundant projections. This strategy
provides a trade-oft between image quality and the number of projections.

Discussion

In materials science, as in other fields of research, the ability to scan a sample during in-situ experiments is
essential in understanding the response of a novel material to stimuli. Although 2D radiographs provide some
insights in the material’s behavior, they lack 3D information that is indispensable to understand the response of a
material through its thickness and to also validate models which are often 3-dimensional. Hyperspectral neutron
CT at spallation neutron sources provide unique wavelength-dependent contrast of crystalline and amorphous
materials alike that is not common at reactor sources. However, spallation sources have lower integrated flux
compared to their sister reactor facilities, making hyperspectral neutron CT a challenging task to accomplish in a
few hours, let alone in minutes. Machine learning is an obvious technique for spallation sources due to the sheer
amount of 3D hyperspectral neutron data that have less than desirable statistics. The focus of this manuscript
was to develop an autonomous nCT workflow called HyperCT as the novel tool that not only decides projec-
tion angles to measure based on previous reconstruction knowledge® but can also autonomously decide when
a hyperspectral neutron CT scan has sufficient quality based on the selected region of interest of a sample (this
manuscript). In the future, the automatic sample change or environmental parameter changes can be added
into this autonomous workflow thereby expanding the utility of the proposed method to novel scientific studies.

As demonstrated in Fig. 5 and for the scoring system fed to the 3D CNN model during the “simulated”
experiment (i.e., the values attributed to g based on the reconstructed data), there is no drastic improvement
in the representative reconstructed slice after 25 projections for the NMC battery. In Appendix D, we assessed
the reconstructed features by plotting the linear attenuation coefficient histogram of the object. As illustrated in
the appendix, the distribution differences between the modeled and ground truth histograms decrease after 25
projections. This is the reason why the changes in the reconstructed data after x5 (generated via 25 projections)
become indistinguishable for the cathode. This observation serves as a potential basis to finish the hyperspectral
neutron CT early. Further projections can be omitted as a pragmatic trade-off between measurement time and
reconstruction quality. However, the scaffold slice continues to improve even though its rQI does not significantly
change. (see Appendix D also for the histograms of the scaffold data with different number of projections.) This
is due to the bias in training the 3D CNN and subjective assignment of quality score values. While a total num-
ber of 60 projections is sufficient to reconstruct a “solid” sample such as the NMC cathodes, it is insufficient to
reconstruct a complex geometry such as the scaffold. This is also reflected by the fact that all quality indices for
the cathodes are closer to each other (the ACI follows the rQI°T closer) than that of the scaffold. The ACIi.x_;
plot shows a more “volatile” behavior than the g¢™N plot (see Fig. 5). This demonstrates why the individual qual-
ity indices (7f™Y and ACIjx_1) cannot represent well the changes in image quality for samples with different
microstructures, thus the importance of our novel comprehensive quality index (rQI) to accurately reflect the
image quality of a reconstructed data set while data is still being acquired, providing real time feedback to the
user at the beamline. This is also further discussed in Appendix C. As demonstrated in Fig. 6, the reconstruction
quality results are in good agreement with rQI values for the battery sample. However, improvement continues for
the scaffold even though the rQI does not increase significantly, demonstrating that when samples have a more
complex geometry (like the scaffold with its intricate and tortuous pathways), 60 projections are insufficient to
be associated with a maximum score of g-¥N = 5. In another words, we need to include more training data for
objects with complex structures.

Finally, Fig. 7 illustrates the performance of HyperCT for the real time hyperspectral neutron CT of a sample
made of Ni and Cu powder. For the first time, a fully autonomous neutron CT experiment was performed at
the SNS. The 0° tilt experiment I reaches the stopping criterion (rQI threshold), i.e. an acceptable image quality
of the reconstructed data, in approximately 24 projections. This result is unparalleled in the field of hyperspec-
tral neutron CT. Compared to the naive scanning method (i.e. equally spaced projection angles and filtered-
back projection algorithm for reconstruction) which may require several hundreds of projections to provide
an acceptable reconstructed object, the proposed workflow drastically improves the efficiency of hyperspectral
neutron CT. Moreover, experiment I requires less projections than the samples in the simulated experiments,
i.e., the battery and scaffold. This may be due to the simpler geometry and higher homogeneity of the Ni-Cu, as
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Figure 7. 3D CNN rQIs values as a function of the number of projections for experiments I, II and IIL In each
figure, dashed lines are QIs of reconstructions at 2.11 A and 4.19 A; the solid lines correspond to the averaged
rQI. The red dashed horizontal lines are the rQI stopping value. (a) 3D reconstructed model of the Ni-Cu
powder sample; (b) Exp. I: 0° tilt; (c) Exp. II 8° tilt; (d) Exp. III: 15° tilt.

compared to the previously mentioned samples. As the tilt increases, more projections are required due to the
increase in neutron path length through the sample, thus reducing the overall transmission and thus increasing
the measurement noise (see supplementary Appendix E for more details). Although SNS produces less intensity
at longer wavelengths, such as A/, = 4.2 A, than shorter wavelengths such as A1} =2.2 A, the rQl is never reached
with the reconstruction performed at A ;. This is due to the lack of contrast at AA;, as compared to A, = 4.2 A
for which samples exhibit significant contrast changes in transmission due to Bragg edges, thus yielding higher
quality reconstructions and higher rQI values. (see Appendix E for more details).

Conclusion
We have demonstrated the novel high-efficiency hyperspectral neutron CT workflow, HyperCT, which consists
of several carefully designed features. We used svMBIR to complete a fast reconstruction with sparse projections.
Specifically, syMBIR can complete a 5123 reconstruction within minutes using a multi-core computer consisting
of 56 cores with hyper-threading. Such a high-speed reconstruction relative to the measurement times of a few
hours per projection on commodity computing hardware is a critical piece of the autonomous loop. Compared
to conventional FBP method, the reconstruction generated with svMBIR has much higher quality when using
the same number of projections along with a intuitive way to set various parameters (see Appendix F).
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The achieved HSnCT streaming system enables the design of measurement monitoring, quality evaluation
and autonomous control for hyperspectral neutron CT experiments. This is a highly integrated system with a
minimized learning curve for the end user. The users only need to choose an rQI threshold value and can launch
the autonomous hyperspectral CT scan. The rQI not only evaluates the quality of a single real-time reconstruc-
tion using a 3D CNN model, but also measures the quality improvement between subsequent streaming recon-
structions using the SSIM and NRMSE. This system also demonstrates the ability to increase the throughput at
a neutron imaging beamline. Theoretically, a complete neutron CT that uses the ideal sampling rate?’ requires a
number of projections that is equal to 1.5x the number of detector pixels across the sample width on a radiograph.
Thus, 200 projections are required to match the ideal sampling rate for the Ni-Cu At the SNS SNAP beamline, the
neutron CT would require approximately 200-400 h, depending on the time spent for each hyperspectral projec-
tion. Using HyperCT, we were able to reduce to approximately 1/5 of the ideal sampling rate. This constitutes a
“game changing” improvement of a factor> 5 in measurement time. In conclusion, HyperCT was successfully
developed and implemented at the SNS, and can readily be demonstrated at other user facilities such as X-ray
imaging beamlines at synchrotron sources.

Data availability
The experimental data that support the findings of this work are available from the corresponding authors upon
reasonable request.

Received: 16 February 2024; Accepted: 3 June 2024
Published online: 02 July 2024

References

1. Anderson, I. S., McGreevy, R. L. & Bilheux, H. Z. Neutron Imaging and Applications Vol. 200 (Springer Science + Business Media,
2009).

2. Nelson, R. O. et al. Neutron imaging at LANSCE-from cold to ultrafast. J. Imaging 4, 45 (2018).

3. Lehmann, E. H. et al. The XTRA option at the NEUTRA facility-more than 10 years of bi-modal neutron and x-ray imaging at
PSI. Appl. Sci. 11, 3825 (2021).

4. Kuhne, G, Frei, G., Lehmann, E. & Vontobel, P. Cnr—the new beamline for cold neutron imaging at the Swiss spallation neutron
source SINQ. Nuclear Instr. Methods Phys. Res. Sect. A-Acceler. Spectrom. Detect. Assoc. Equipment 542, 264-270. https://doi.org/
10.1016/j.nima.2005.01.146 (2005).

5. Schillinger, B., Calzada, E., Grunauer, . & Steichele, E. The design of the neutron radiography and tomography facility at the new
research reactor FRM-II at technical university Munich. Appl. Radiat. Isot. 61, 653-657. https://doi.org/10.1016/j.apradiso.2004.
03.091 (2004).

6. Jacobson, D. et al. Neutron imaging facility at BT-2 and tomography of fuel cells. Accomplish. Opport. 2006, 89 (2006).

7. Tengattini, A. et al. NeXT-Grenoble, the neutron and X-ray tomograph in grenoble. Nuclear Instr. Methods Phys. Res. Sect. A-Acceler.
Spectrom. Detect. Assoc. Equipment 968, 163939 (2020).

8. Salvemini, E, Bevitt, J., Liss, K. & Garbe, U. DINGO-the neutron imaging station at ANSTO: Embracing material science, palae-
ontology, and cultural heritage. Neutron News 27, 14-19 (2016).

9. Tremsin, A. S. et al. High-resolution strain mapping through time-of-flight neutron transmission diffraction with a microchannel
plate neutron counting detector. Strain 48, 296-305. https://doi.org/10.1111/j.1475-1305.2011.00823.x (2012).

10. Kockelmann, W,, Frei, G., Lehmann, E. H., Vontobel, P. & Santisteban, J. R. Energy-selective neutron transmission imaging at a
pulsed source. Nuclear Instr. Methods Phys. Res. Sect. A-Acceler. Spectrom. Detect. Assoc. Equipment 578, 421-434. https://doi.org/
10.1016/j.nima.2007.05.207 (2007).

11. Shinohara, T. & Kai, T. Commissioning start of energy-resolved neutron imaging system. RADEN J.-PARC. Neutron News 26,
11-14 (2015).

12. Santisteban, J. R., Edwards, L., Fizpatrick, M. E., Steuwer, A. & Withers, P. ]. Engineering applications of Bragg-edge neutron
transmission. Appl. Phys. A-Mater. Sci. Process. 74, S1433-S1436. https://doi.org/10.1007/s003390101241 (2002).

13. Woracek, R. et al. 3D mapping of crystallographic phase distribution using energy-selective neutron tomography. Adv. Mater. 26,
4069-4073 (2014).

14. Song, G. et al. Characterization of crystallographic structures using Bragg-edge neutron imaging at the spallation neutron source.
J. Imaging 3, 65 (2017).

15. Tremsin, A. et al. Monitoring residual strain relaxation and preferred grain orientation of additively manufactured Inconel 625 by
in-situ neutron imaging. Additive Manufact. 46, 102130 (2021).

16. Ramadhan, R. S. et al. Characterization and application of Bragg-edge transmission imaging for strain measurement and crystal-
lographic analysis on the IMAT beamline. J. Appl. Crystallogr. 52, 351-368 (2019).

17. Tremsin, A. S. et al. High resolution neutron resonance absorption imaging at a pulsed neutron beamline. IEEE Trans. Nucl. Sci.
59, 3272-3277. https://doi.org/10.1109/Tns.2012.2215627 (2012).

18. Long, A. M. & Vogel, S. C. Neutron radiography at LANSCE: Interrogating and characterizing materials for next generation nuclear
reactor designs. https://www.osti.gov/biblio/ 1607902 (2020).

19. Kockelmann, W. et al. Time-of-Flight neutron imaging on IMAT@ISIS: A new user facility for materials science. J. Immaging 4, 47
(2018).

20. Shinohara, T. et al. Final design of the energy-resolved neutron imaging system RADEN at j-parc. J. Phys. Conf. Ser. 746, 012007.
https://doi.org/10.1088/1742-6596/746/1/012007 (2016).

21. Bilheux, H., Herwig, K., Keener, S. & Davis, L. Overview of the conceptual design of the future VENUS neutron imaging beam
line at the Spallation Neutron Source. Phys. Procedia 69, 55-59. https://doi.org/10.1016/j.phpro.2015.07.007 (2015).

22. Chen, J. et al. First neutron Bragg-edge imaging experimental results at CSNS. Chin. Phys. B 30, 096106. https://doi.org/10.1088/
1674-1056/ac0da7 (2021).

23. Morgano, M., Lehmann, E. & Strobl, M. Detectors requirements for the ODIN beamline at ess. Phys. Procedia 69, 152-160 (2015).

24. Walden, J. Analysis of the direct fourier method for computer tomography. IEEE Trans. Med. Imaging 19, 211-222 (2000).

25. Gottleib, D., Gustafsson, B. & Forssén, P. On the direct fourier method for computer tomography. IEEE Trans. Med. Imaging 19,
223-232 (2000).

26. Marone, F. & Stampanoni, M. Regridding reconstruction algorithm for real-time tomographic imaging. J. Synchrotron Radiat. 19,
1029-1037 (2012).

27. Kak, A. C. & Slaney, M. Principles of computerized tomographic imaging (Society for Industrial and Applied Mathematics (SIAM),
2001).

Scientific Reports |

(2024) 14:15171 | https://doi.org/10.1038/s41598-024-63931-x nature portfolio


https://doi.org/10.1016/j.nima.2005.01.146
https://doi.org/10.1016/j.nima.2005.01.146
https://doi.org/10.1016/j.apradiso.2004.03.091
https://doi.org/10.1016/j.apradiso.2004.03.091
https://doi.org/10.1111/j.1475-1305.2011.00823.x
https://doi.org/10.1016/j.nima.2007.05.207
https://doi.org/10.1016/j.nima.2007.05.207
https://doi.org/10.1007/s003390101241
https://doi.org/10.1109/Tns.2012.2215627
https://www.osti.gov/biblio/1607902
https://doi.org/10.1088/1742-6596/746/1/012007
https://doi.org/10.1016/j.phpro.2015.07.007
https://doi.org/10.1088/1674-1056/ac0da7
https://doi.org/10.1088/1674-1056/ac0da7

www.nature.com/scientificreports/

28. Hsieh, J. Computed Tomography: Principles, Design, Artifacts, and Recent Advances (SPIE and Wiley, 2003).

29. Kaestner, A., Miinch, B., Trtik, P. & Butler, L. Spatiotemporal computed tomography of dynamic processes. Opt. Eng. 50, 123201
123209 (2011).

30. Venkatakrishnan, S. et al. Improved acquisition and reconstruction for wavelength-resolved neutron tomography. J. Imaging 7, 10
(2021).

31. Venkatakrishnan, S. V. & USDOE. pyMBIR. https://www.osti.gov//servlets/purl/1550791, 10.11578/dc.20210521.116 (2019).

32. van der Walt, S. et al. scikit-image: Image processing in Python. Peer] 2, e453. https://doi.org/10.7717/peerj.453 (2014).

33. James, G. et al. An Introduction to Statistical Learning (Springer, 2013).

34. Zhou, W,, Bovik, A. C., Sheikh, H. R. & Simoncelli, E. P. Image quality assessment: from error visibility to structural similarity.
IEEE Trans. Image Process. 13, 600-612. https://doi.org/10.1109/TIP.2003.819861 (2004).

35. Tremsin, A. S. & Vallerga, J. V. Unique capabilities and applications of Microchannel Plate (MCP) detectors with medipix/timepix
readout. Radiat. Meas. 130, 106228. https://doi.org/10.1016/j.radmeas.2019.106228 (2020).

36. SVMBIR Development Team. Super-Voxel Model Based Iterative Reconstruction (SVMBIR). Software library available from
https://github.com/cabouman/svmbir (2024).

37. Tseng, H.-W,, Fan, J. & Kupinski, M. A. Design of a practical model-observer-based image quality assessment method for x-ray
computed tomography imaging systems. J. Med. Imaging 3, 035503-035503 (2016).

38. Verdun, F. et al. Image quality in CT: From physical measurements to model observers. Phys. Med. 31, 823-843 (2015).

39. Kopp, E. K. et al. CNN as model observer in a liver lesion detection task for x-ray computed tomography: A phantom study. Med.
Phys. 45, 4439-4447 (2018).

40. Ren, S., He, K., Girshick, R. & Sun, J. Faster R-CNN: Towards real-time object detection with region proposal networks. Adv. Neural
Inf. Process. Syst. 28, 859 (2015).

41. Simonyan, K. & Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv:1409.1556 (2014).

42. He, K., Zhang, X,, Ren, S. & Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition 770-778 (2016).

43. Krizhevsky, A., Sutskever, I. & Hinton, G. E. Imagenet classification with deep convolutional neural networks. Adv. Neural Inf.
Process. Syst. 25, 85 (2012).

44. Amirshahi, S. A., Pedersen, M. & Yu, S. X. Image quality assessment by comparing CNN features between images. J. Imaging Sci.
Technol. 60, 604101-6041010 (2016).

45. Kang, L., Ye, P, Li, Y. & Doermann, D. Convolutional neural networks for no-reference image quality assessment. In 2014 IEEE
Conference on Computer Vision and Pattern Recognition 1733-1740. https://doi.org/10.1109/CVPR.2014.224 (2014).

46. Kim, J., Nguyen, A.-D. & Lee, S. Deep CNN-based blind image quality predictor. IEEE Trans. Neural Netw. Learn. Syst. 30, 11-24
(2018).

47. You, J. & Korhonen, J. Deep neural networks for no-reference video quality assessment. In 2019 IEEE International Conference on
Image Processing (ICIP) 2349-2353. https://doi.org/10.1109/ICIP.2019.8803395 (2019).

48. Xu, M. et al. C3DVQA: Full-reference video quality assessment with 3D convolutional neural network. In ICASSP 2020-2020 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP) 4447-4451. https://doi.org/10.1109/ICASSP40776.
2020.9053031 (2020).

49. Iofte, S. & Szegedy, C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. In Proceedings
of the 32nd International Conference on Machine Learning, vol. 37 of Proceedings of Machine Learning Research (eds. Bach, F. & Blei,
D.) 448-456 (PMLR, 2015).

50. Hinton, G. E., Srivastava, N., Krizhevsky, A., Sutskever, I. & Salakhutdinov, R. R. Improving neural networks by preventing co-
adaptation of feature detectors. arXiv:1207.0580 (2012).

51. Calder, S. et al. A suite-level review of the neutron powder diffraction instruments at Oak Ridge National Laboratory. Rev. Sci.
Instrum. 89, 148. https://doi.org/10.1063/1.5033906 (2018).

52. Santodonato, L. et al. The CG-1D neutron imaging beamline at the Oak Ridge National Laboratory High Flux Isotope Reactor.
Phys. Procedia 69, 104-108. https://doi.org/10.1016/j.phpro.2015.07.015 (2015).

53. Kohler, T. A projection access scheme for iterative reconstruction based on the golden section. In IEEE Symposium Conference
Record Nuclear Science, vol. 6 3961-3965. https://doi.org/10.1109/NSSMIC.2004.1466745 (2004).

54. PIEngineer. home. https://www.pi-usa.us/ (2024).

55. Yang, D. et al. An edge alignment-based orientation selection method for neutron tomography. In ICASSP 2023—2023 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP) 1-5. https://doi.org/10.1109/ICASSP49357.2023.
10097185 (2023).

Acknowledgements

A portion of this research used resources at the High Flux Isotope Reactor and Spallation Neutron Source, DOE
Office of Science User Facilities operated by the Oak Ridge National Laboratory. Oak Ridge National Laboratory
is managed by UT-Battelle, LLC, for the U.S. DOE under contract DE- AC05-000R22725. This material is also
based upon work that was supported in part by the Shull Wollan Center at the University of Tennessee and the
National Science Foundation through Award CBET-1454437.

Author contributions

S.T.: developed, debugged, and tested the main algorithm, participated to the experiments at the SNS, wrote and
revised the manuscript. S.V: helped with the conception of HyperCT, contributed to the design of the algorithms
and the manuscript. M.S.N.C. contributed to the data preprocessing code and reviewed the manuscript. D.Y.
helped contributed to the reconstruction algorithm and reviewed the manuscript. M.G. prepared the NMC
cathode samples. G.J.N. contributed to the NMC cathode sample preparation. M.C. performed the scaffold
computed tomography scans. A.S.B prepared the scaffold samples. G.T.B. contributed to the reconstruction
algorithm and reviewed the manuscript. C.A.B. contributed to the reconstruction algorithm and reviewed the
manuscript. H.D.S. prepared the experimental setup and the Ni-Cu samples and participated to the experiments
at the SNS. H.Z.B: provided the funds for this research, conceived, and developed the experimental apparatus
for the experiments, performed all experiments, reviewed, and revised the manuscript.

Competing interests
The authors declare no competing interests.

Scientific Reports |

(2024) 14:15171 | https://doi.org/10.1038/s41598-024-63931-x nature portfolio


https://www.osti.gov//servlets/purl/1550791
https://doi.org/10.7717/peerj.453
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1016/j.radmeas.2019.106228
https://github.com/cabouman/svmbir
http://arxiv.org/abs/1409.1556
https://doi.org/10.1109/CVPR.2014.224
https://doi.org/10.1109/ICIP.2019.8803395
https://doi.org/10.1109/ICASSP40776.2020.9053031
https://doi.org/10.1109/ICASSP40776.2020.9053031
http://arxiv.org/abs/1207.0580
https://doi.org/10.1063/1.5033906
https://doi.org/10.1016/j.phpro.2015.07.015
https://doi.org/10.1109/NSSMIC.2004.1466745
https://www.pi-usa.us/
https://doi.org/10.1109/ICASSP49357.2023.10097185
https://doi.org/10.1109/ICASSP49357.2023.10097185

www.nature.com/scientificreports/

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-63931-x.

Correspondence and requests for materials should be addressed to S.T. or H.Z.B.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© UT-Battelle, LLC 2024

Scientific Reports |

(2024) 14:15171 | https://doi.org/10.1038/s41598-024-63931-x nature portfolio


https://doi.org/10.1038/s41598-024-63931-x
https://doi.org/10.1038/s41598-024-63931-x
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A machine learning decision criterion for reducing scan time for hyperspectral neutron computed tomography systems
	Methods
	Proposed HyperCT workflow
	Design of the stopping criterion
	Using convolutional neural network to evaluate the quality of 3D reconstructions
	Training and testing of the 3D CNN quality score
	Improvement evaluation of consecutive 3D reconstructions
	Comprehensive reconstruction quality index (rQI)

	Implementation of HyperCT
	Sample and dataset descriptions
	Implementation of HyperCT using a simulated experiment
	Implementation of HyperCT using real-time experimental datasets


	Results
	Optimization of the rQI threshold (i.e., stopping criterion) based on simulated workflows (using experimental data)
	Performance of rQI values during real-time experimental measurements

	Discussion
	Conclusion
	References
	Acknowledgements


