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Abstract: High-resolution X-ray microscopy is crucial for
non-destructive materials characterization, but achieving
both high resolution and maintaining a wide field of view
often necessitates time-consuming approaches. Deep learn-
ing super-resolution methods based on convolutional neu-
ral networks are bridging this gap to obtain high-resolution
usable data for analysis from low-resolution images. This
study evaluates a novel deep learning-based algorithm
designed to overcome traditional limitations by learning a
spatially varying point spread function from a set of reg-
istered low- and high-resolution image pairs. With a sys-
tematic methodology, we evaluated the algorithm’s supe-
rior performance in recovering features across a wide
range of resolutions with increasing image quality degra-
dation. It was also benchmarked against a classical itera-
tive Richardson-Lucy deconvolution algorithm, and a well-
known deep-learning-based super-resolution convolutional
neural network SRCNN algorithm for the same images. Qual-
itative and quantitative evaluations using simulated foam
phantoms showed that our algorithm shows excellent fea-
ture recovery, within 5% of the ground truth, even for a
large resolution ratio of 7:1 between the high- and low-
resolution image pairs. Multiscale investigations on real
data of porous material and a semiconductor device are also
presented to highlight its feature recovery performance and
versatility in real-world scenarios.
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1 Introduction

3D X-ray Microscopy (XRM) is an indispensable high-reso-
lution Computed Tomography (CT) tool for non-destructive
material analysis, offering insights across broad scien-
tific applications. High-resolution sub-micron imaging with
dual-stage geometrical and optical magnification approa-
ches, such as Resolution-at-a-distance, necessitate a trade-
off with the field of view (FOV), limiting their effectiveness
[1]. This constraint for analyzing larger samples can be
avoided by composite imaging of multiple high-resolution
scans to preserve both resolution and FOV. However, this
approach suffers from a significant drawback of a slow
imaging throughput, hindering its practical implementation
for time-sensitive applications. Moreover, combining multi-
ple images in a single volume may introduce misalignments
in the overlapping regions, complicating the image analysis
workflows.

Besides FOV constraints, image degradation from noise
and blur significantly impacts the image quality of XRM
scans. While longer scan durations and sophisticated recon-
struction algorithms could mitigate these issues to some
extent, they cannot fundamentally overcome the limitations
arising from the inherent point spread function (PSF) of
the imaging system [2]. Iterative deconvolution techniques
such as Richardson-Lucy (RL) can address the noise and
blur by enhancing image quality and reducing the effect
of the PSF [3]-[5]. However, they are tailored to specific
use-case scenarios and noise characteristics, reducing their
generalizability and effectiveness, even when augmented
with regularization [6], [7].

Deep-learning-based algorithms have revolutionized
image restoration, with super-resolution applications exten-
ding into CT and XRM 3D image reconstruction [8], [9]. Sev-
eral techniques utilizing deep-learning methods have been
introduced within the past decade, like Super-Resolution
Convolutional Neural Networks (SRCNN) [10], [11], Effi-
cient Sub-Pixel Convolutional Neural Networks (ESPCN)
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[12], and Super-Resolution Generative Adversarial Net-
works (SRGAN) [13], among others [14]-[19]. These super-
resolution methods showcased the power of convolutional
neural networks to learn complex mappings between low-
resolution (LRES) and high-resolution (HRES) image pairs to
recover finer details from degraded input data.

This study evaluates an automated deep convolutional
neural network (CNN) algorithm, referred to as DeepNet in
this study (the network behind DeepScout, commercially
available from Carl Zeiss X-ray Microscopy, Dublin, CA),
designed to enhance the spatial resolution of low resolution
(LRES) Large-FOV (LFOV) images without compromising the
FOV. It derives a spatially varying effective point spread
function through training a neural network on a registered
pair of LRES and HRES images of the same sample. This
effectively improves the resolution across the entire LFOV
while simultaneously eliminating noise and sampling arti-
facts. The LRES-HRES image pairs for training are readily
facilitated with the Xradia Versa X-ray microscopes (Carl
Zeiss X-ray Microscopy, Dublin, CA) that offer multiple
options for acquiring images at different spatial resolutions
and FOV sizes. This positions DeepScout as a promising
option to alleviate the traditional trade-off between reso-
lutions and FOV while improving its usability with faster
acquisition of high-resolution datasets.

While deep-learning super-resolution methods have
garnered attention with XRM applications in digital rock
analysis [10], [14], [17], [20], materials science [21]-[23], and
medical imaging [24]-[26], concerns regarding their robust-
ness and the uncertainty associated with recovered features
persist [8], [27]. A primary concern lies with the potential for
hallucinations, i.e., high-frequency spurious features that
are absent in either LRES or measured HRES image but
artificially generated in the upsampled resolution recov-
ered LRES image by the trained model during inference
[25], [26], [28]. In the context of 3D imaging, the potential
for erroneous features is further exacerbated by factors
such as limited training data representation of the sample
diversity, significant resolution gaps between the images in
the training pair, angular undersampling artifacts, and poor
quality of the input data [13], [24], [26], [29].

In this study, we systematically evaluate the robustness
of classical and deep learning-based resolution recovery,
focusing on performance as a function of resolution gap
and minimum recoverable feature size. This study extends a
previously published work [30], with further investigations
on simulated image phantoms and a comparative analysis
of DeepNet against established open-source alternatives.
When examining deep learning-based resolution recovery
we study the impact of network depth and complexity by
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using two networks; DeepNet, and SRCNN, described in
Section 3.1. We first assess its efficacy by utilizing a complex
image phantom comprising randomized feature size distri-
bution with simulated noise and blur, considering various
levels of image quality degradation. To provide a compar-
ative benchmark, we also evaluated the performance of a
classical iterative deconvolution method (Richardson-Lucy)
on the same simulated phantom datasets. Our evaluation
implements a multi-faceted approach, incorporating image
quality metrics, quantitative feature recovery analysis, and
identifying potential hallucinatory artifacts. Furthermore,
we discuss DeepNet’s performance on real-world datasets
through two distinct use cases, utilizing multiscale images
acquired at different voxel sizes and FOV.

2 Methods

2.1 Model descriptions

The performance of DeepNet was benchmarked against
Super-Resolution Convolutional Neural Network (referred
to as SRCNN) and classical Richardson-Lucy Deconvolution
model (referred to as RL). Note that both DeepNet and
SRCNN network architectures were trained using the same
workflow, utilizing spatially registered multi-scale corre-
lated XRM data to train a recovery network mapping from
low to high resolution.

2.1.1 DeepNet

DeepScout leverages high-resolution 3D microscopy subvol-
ume datasets to train a neural network model powered
by the DeepNet architecture (part of the ZEISS Advanced
Reconstruction Toolbox [ART]) [31], [32]. DeepNet utilizes a
U-Net-like architecture for super-resolution image volume
reconstruction taking 512 X 512 X 5 image tiles as an input,
hence we sometimes refer to it as 2.5D network. The archi-
tecture comprises a contracting path and an expansive path
with skip connections. The contracting path, consisting of
convolutional and pooling layers, reduces spatial dimen-
sions while increasing channels to capture features at differ-
ent scales. With upsampling and convolutional layers, the
expansive path increases spatial dimensions while reduc-
ing channels and recovering spatial information via skip
connections. After the U-net part the architecture is sup-
plemented by additional convolutional layers which further
improves feature recovery. Final loss function £ is defined
as a weighted sum of squared errors calculated between the
target and intermediate image output (after the U-net) ¢,
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and between the target and final output (after additional
layers) ¢,:
[: = wlfl + le/ﬂz

Loss function is also constrained to the reconstructable
circular field of view defined by the cone-beam geometry.
Since the training input and target images are originating
from independent noise realizations, the network can also
reduce noise in the output image. Note that the input low
resolution image is reconstructed using FDK algorithm with
the matching voxel size and field of view to that of the target
high resolution volume (pre-upsampling).

Model training employs the Adam optimizer for 10,000
iterations with a learning rate of 2 X 10~*. Batch size was
equal to 4. All available data was used for training, the
typical split of the training data into training and validation
sets was not performed, since from the prior experience we
know that 10,000 iterations was sufficient for convergence.

During inference of the whole image volume typically
at least 1,000% voxels or more, the trained model processes
the overlapping patches of the input volume to ensure
smooth transitions, which are then reconstructed into a
full 3D output using a weighted averaging scheme. 576 X
576 image tiles were merged with a 32-pixel overlap on
each side, using a linear blending method with a triangular
weight profile to ensure smooth transitions between the
tiles. In the slice direction, the tiles were processed as stacks
of 5 slices each and combined using an averaging method
with a 1-slice stride, resulting in a 4-slice overlap.

All image reconstructions, model training and infer-
ences in this paper were using dual RTX A6000 GPU
workstation.

2.1.2 SRCNN

Super-resolution convolutional neural network (SRCNN),
first introduced for 2D imaging, was a pioneering method
that significantly advanced super-resolution methods for
image restoration [11]. SRCNN enhances image resolution
by learning to map from low-resolution to high-resolution
images using convolutional neural networks. This approach
addresses the limitations of traditional interpolation tech-
niques by employing a data-driven approach, learning from
a large dataset of low- and high-resolution image pairs.
The modified SRCNN employed in this study utilizes a
fully 3D convolutional neural network with batch normal-
ization layers for improved training stability and employs
the Adam optimizer for more efficient optimization [10]. Its
architecture mainly consists of three convolutional layers:
Patch Extraction and Representation, Non-Linear Mapping,
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and Reconstruction. The training process involves prepar-
ing datasets and generating high- and low-resolution data
polluted by noise. Mean Squared Error (MSE) serves as the
loss function, and the network is trained using the Adam
optimizer to minimize the loss. However, the network’s rela-
tively shallow architecture limits its ability to learn complex
mappings, potentially leading to suboptimal performance
onintricate textures and fine details [33]. It can be quite sen-
sitive to weight initialization, leading to training instability
and potentially suboptimal results [34]. Moreover, it uses a
fixed and relatively small receptive field size (e.g., 13 X 13
pixels in the original paper), limiting its ability to capture a
larger image context, which is particularly problematic for
larger upscaling factors [35].

For SRCNN training, the 3D image datasets were pre-
processed into patches using the ‘create_patches’ function,
with specified patch size and stride. The images were then
split into training and validation sets. The training was
implemented over multiple epochs by processing batches
of input patches through the network, computing the loss,
and updating weights via backpropagation. To monitor gen-
eralization, Tensorboard was utilized for training logs and
losses. The model with the lowest validation loss was saved
as the best model.

2.1.3 Richardson-Lucy

Richardson-Lucy deconvolution algorithm, a classical image
restoration technique, was adopted for various imaging
methods, including XRM [3], [5]. Based on Bayesian statistics,
this iterative algorithm estimates the true object distribu-
tion, which, when convolved with an imaging system’s PSF,
would produce the input blurred image [6]. For 3D imag-
ing, the RL algorithm is applied to the volume data, with
iterative refinements of the initial input [36]. This process
continues until a convergence criterion or the defined num-
ber of iterations is met. However, this technique requires a
careful selection of the parameters, knowledge of the system
PSF, regularization, and stopping criteria to achieve optimal
results. Additional details regarding the technique and the
mathematical framework can be found elsewhere [37], [38].
RL deconvolution was applied to blurred (LRES) images
with noise added at 3, 5, 7, and 9 pm resolutions. In each
case the 3D resolution kernel inside RL deconvolution was
equal to the blurring kernel used for data degradation, for
30 iterations.

2.2 Image phantom

The resolution recovery performance of all the algo-
rithms was evaluated with two foam phantom realizations
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generated using a Python package developed by Pelt et al.
[39]. These phantoms have numerous intricate features (i.e.,
pores within the foam bulk) with randomized sizes and
spatial positions, providing a challenging 3D image to recon-
struct while serving as a better standard for a fair compar-
ison of the algorithms. The complexity of the phantom also
serves as a representative image closer to that of real-world
datasets.

For this study, two realizations of the foam phantom
were considered. The 512 X 512 X 512 voxel phantoms were
forward projected modeling cone-beam micro-CT acquisi-
tion geometry generating 512 projections over 360° angular
range. The forward-projected images were blurred with a
2D Gaussian filter and introduced a fixed value of Poisson
noise. These datasets were then back-projected using the
FDK algorithm to generate reconstructed images. Varying
levels of image quality degradation were considered by
increasing the strength of the Gaussian filter to simulate
increasing losses in spatial resolutions of the final images.
In this study, these simulated datasets are referred to by
their representative spatial resolutions-1, 3, 5, 7, and 9 pm,
where the number represents the standard deviation of the
Gaussian blurring function (Figure 1).

Both realizations of the foam phantom have a ran-
domized structure, with the same number of total pores
within the bulk volume (~1,400) and a similar distribution
of the pore sizes. However, the structural difference arises
mainly from the spatial positioning and clustering of the
pores within the foam bulk. The ground truth images for

Foam Phantom Ground Truth

100 um

100 pm

100 pm

LRES - 3 ym equiv. LRES - 5 pm equiv.

HRES - 1pm equiv.

LRES - 7 pm equiv.
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both realizations were generated by increasing the number
of image projections to a high quantity, close to 6,000, for
the reconstruction. This allowed for noiseless and realistic
representation of the phantoms, serving as ground truth for
comparison.

2.3 Real-world applications

The performance of DeepNet was also evaluated with
case studies involving real-world datasets. A dried western
sycamore seed with multiscale features was selected as a
candidate sample for a similar analysis to the foam. The
Seed exhibits internal features such as pores, tubules, and
shell-like layers. This sample has a bimodal pore distribu-
tion, with the smaller pores discernable only when imaging
at higher spatial resolutions, as such, it serves as an ideal
sample for assessing the feature recovery performance. An
integrated circuit was also studied to highlight the feature
recoverability and data upscaling.

The Seed and Chip samples were scanned in a cone-
beam imaging geometry with a Zeiss Xradia Versa 630
(Carl Zeiss X-ray Microscopy, Dublin, CA) equipped with a
30-160 kV X-ray source. The images were captured with a
CCD sensor system with interchangeable scintillator-based
objectives for optical magnification. The geometrical magni-
fication from the diverging source X-rays, coupled with the
optical magnification of the detector system, allows scan-
ning images at voxel sizes as low as 0.3 pm. Taking advan-
tage of this multi-resolution imaging capability, data acqui-
sitions were carried out at different voxel sizes to obtain

LRES - 9 pm equiv.

Figure 1: The foam phantom images used to train the DeepNet models in this study. The low-resolution images (LRES - 3, 5,7, and 9 pm) were paired

with the high-resolution (HRES - 1 pm) image for training.
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Table 1: Acquisition parameters of the samples used in this study.
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Sample Voxel Objective Det. pixel Field Source Source to Sample to #of Exposure per
size bin ofview energy sampledist. detector dist. projections projection

LRES 9pm 0.4X 2 18.4X%18.4mm 50 kv 39 mm 110 mm 2,401 5s

Seed MRES 3pm 4X 2 3.1%3.1mm 50 kv 19 mm 23 mm 3,001 15s
HRES 1pm 4X 1 21X21mm 50 kv 19 mm 40 mm 3,501 9s

LRES 6.75 pm 0.4X 1 13.8X13.8mm 10 kV 44 mm 180 mm 2,401 5s

Chip  MRES 2.25pm 4X 2 23X%23mm 110 kv 44 mm 88 mm 2,001 9s
HRES 0.75 pm 4X 1 1.5X1.5mm 110 kV 44 mm 154 mm 2,401 25s

Note: MRES is medium resolution.

different training pairs for DeepScout, while ensuring the
HRES dataset was aligned within the selected LFOV image.
The acquisition parameters were optimized to capture the
relevant features for evaluation and are listed in Table 1.

2.4 Training super-resolution models

The DeepNet training for all the low-resolution simulated
foam phantom volumes (3-1, 5-1, 7-1, and 9-1 pm) was
performed by pairing each with the target HRES 1 pm image.
To highlight the versatility of DeepNet, two randomized
realizations of the foam phantom were utilized. The first set
of images was used to train the neural network models by
pairing the HRES image (1 pm) with different LRES coun-
terparts (3, 5, 7, and 9 pm). The second set of foam images,
referred to as ‘alternate’ images in this study, are not seen
by the model during the training phase. These alternate
datasets are similar to the training counterparts but have
a different spatial distribution of pores within the volume.
The trained models were then used on both the training
and the alternate realizations to infer the respective LRES
images (flowcharts within [30]). The HRES-MRES and MRES-
LRES pairs with a resolution ratio of 3:1 were selected for
the Seed and Chip datasets, where MRES is the medium
resolution image between high and low resolution images.

The seed and the integrated circuit training pairs were
spatially registered to match the corresponding subvolume
of the LFOV low-resolution image with the target high reso-
lution image volume. The spatial coordinates for each image
are derived from the sample stage motor positions, which
aid in coarse registration. The 3D image registration is then
fine-tuned to ensure the perfect superimposition of both
images using a custom FFT-based registration algorithm
based on prior patents [40], [41], expanded to 3D use micro-
CT use case. This is an automated integral part of the Deep-
Scout workflow, requiring only the training images as input
for the registration, after which DeepNet is utilized to initi-
ate the training of the super-resolution model.

2.5 Image processing, segmentation and
evaluation

Image quality metrics such as the means square error (MSE),
structural similarity index (SSIM), and peak signal-to-noise
ratio (PSNR) for the results in comparison to the ground
truth images, were calculated using Dragonfly (Object
Research Systems, Montréal, Canada). The image processing
and segmentation were done with Avizo (Thermo-Fisher Sci-
entific, Waltham, MA). The results for DeepNet and SRCNN
were analyzed without any further denoising step. Some
of the high resolution or low resolution images were addi-
tionally denoised with deep-learning based edge preserving
image denoising method (commercially available from Carl
Zeiss X-ray Microscopy as ZEISS DeepRecon Pro) for compar-
ison [42].

An image-agnostic route was critical to evaluate the
ease of feature recovery without manual intervention to
highlight the usability of the images in realistic use-case
scenarios for data quantification. Therefore, an automated
image analysis workflow was used to evaluate the feature
recovery — (a) automated thresholding to identify the pore
space and create a binary image, (b) fill small holes using a
closing operation, (c) separate merged objects, and (d) fol-
lowed by object analysis for quantitative measures. For the
quantitative analysis, the segmented pores connected to the
top and bottom slices were removed using an edge-kill script
to avoid considering dissected pores at the ends of the Foam
images, to ensure morphological analysis was not affected
(see Supplementary Material; Figures S1, S2 and Section S1).
Anon-local means filter (NLM) was used for the Richardson-
Lucy images only before the automated thresholding step to
reduce noise and prevent over-segmentation.

2.5.1 Gaussian fit analysis

A Gaussian fit method was employed to provide a quantita-
tive measure of spatial resolution loss when using different
imaging setups. The higher-resolution image was repeatedly
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convolved with a 3D Gaussian kernel until the best least
squares fit was identified between the convolved image and
the lower-resolution volume. The FWHM of the Gaussian
kernel that provided the best fit would then serve as the
measure of spatial resolution difference. This method is
insensitive to hallucinations and evaluates the spatial res-
olution of the images.

2.5.2 Multiscale-SSIM

Multiscale-SSIM (3D) index was used to generate quality
maps for the processed images with respect to the ground
truth phantoms as a reference, with an in-built MATLAB
(Ver.R2024a) function (multissim3) [43]. The multiscale-SSIM
index for the quality maps combines the SSIM index of
several image versions at different scales (i.e., downscaled
resolutions) to output a local value for each voxel within
the 3D volume. Similar to SSIM, a value closer to 1 indicates
a good match with the ground truth, while a value closer
to 0 indicates poor quality. The clustered voxels with lower
values, therefore, correspond to regions with a higher prob-
ability of hallucinatory features to be present.

LRES - 3 pm equiv. LRES - 5 pm equiv.

Training images

100 um

Inference on training images

Inference on alternate images
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3 Results and discussion

3.1 Foam phantom

A visual comparison of DeepNet results on the Foam real-
izations showed excellent noise-free and detailed images
when the trained models were applied both on the training
datasets and a separate realization of the same phantom
dataset that was not seen by the training process (Figure 2).
Notably, this highlights the robustness of the algorithm,
demonstrating its capability to effectively process images
beyond its immediate training domain, if the features in
the targeted images are similar and comparable to training
datasets.

3.1.1 Image quality

The feature recovery performance of Richardson-Lucy,
SRCNN, and DeepNet algorithms was evaluated quantita-
tively by comparing them with the generated ground-truth
foam phantom image. The Foam datasets shown in Figure 1
were used to train both DeepNet and the SRCNN models,

LRES - 7 pm equiv. LRES - 9 pm equiv.

Figure 2: A comparison of the DeepNet inference results on both the training and an alternate realization of the foam phantom. Note: Refer to

Figure 8 for the ground truth of alternate dataset.
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which were then applied to the alternate realization of the
Foam. For consistency, the quantitative metrics were com-
pared between the results from the alternate realization of
the Foam for all three algorithms.

Figure 3 presents a quantitative assessment of the
image quality using three widely adopted metrics: mean
square error (MSE), peak signal-to-noise ratio (PSNR), and
structural similarity index measure (SSIM). Along with
unique insights into image quality, these metrics also pro-
vide an objective comparison of the images with respect to
the ground truth, avoiding human subjectivity. However, it
should be noted that they have their limitations. MSE and
PSNR are insensitive to structural changes and, therefore,
lack correlation with perceived image quality [44]. Lower
MSE values and higher PSNR signify a closer representation
of the ground truth in terms of pixel intensity distribution
and signal strength to the noise, which might not be a com-
plete representation of the actual image quality [45]. The
SSIM instead aids in assessing the preservation of structural
details, with higher image quality corresponding to values
closer to 1.
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With the deterioration in spatial resolution, the image
quality metrics worsened for all methods. This is expected
because of the increasing resolution ratio between the
ground truth and the input images. DeepNet consistently
outperformed the other two methods across all metrics and
resolutions. The lower MSE, higher SSIM, and high PSNR val-
ues suggest its effectiveness at pixel-level accuracy and over-
all structural preservation. The SRCNN followed slightly
behind but with a steeper drop in image quality at lower res-
olutions, especially lacking in feature preservation. While
SRCNN and DeepNet inference on the alternate foam real-
ization for 3 pm, show comparable MSE and PSNR perfor-
mance, the following results diverge as the shallow network
of SRCNN cannot compensate for larger resolution losses.
Furthermore, the deeper network architecture of DeepNet
ensured a higher SSIM and, therefore, a lower probability
of hallucinatory artifacts. Richardson-Lucy demonstrates
reasonably good performance as a classical deconvolution
method, at least according to these quantified metrics. The
low SSIM (~0.94), even for the 3 pm image, suggests that
it fails to recover certain structural features, which is only
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Figure 3: Image quality metrics (a) mean square error (MSE, lower is better), (b) peak signal-to-noise ratio (PSNR, higher is better), and (c) structural
similarity index measure (SSIM, closer to 1is better), of all the images analyzed in this study.
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exacerbated with increasing resolution ratios. In the end,
both CNN algorithms show better recovery than RL, from
the learned correlations between the LRES and HRES pairs
during the training step.

A qualitative comparison of the central XY slice of
the results for the alternate Foam realization with each
algorithm, along with the noisy input images with varying
degrees of image degradation, is shown in Figure 4. Visual
assessment of the images provided additional information
for evaluating these algorithms. The classical RL deconvolu-
tion method severely underperformed, with blurry images,
lowered brightness, and reduced edge contrast. The smaller
features become unrecoverable at lower resolutions (i.e., 7
and 9 pm), while the larger features were reduced in size

3 pm equiv.

5 pm equiv.

DeepNet Alternate images

SRCNN

100 um

Richardson-Lucy Deconvolution
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due to edge blurring. Clusters of small pores were either
lost or incorrectly recovered as fused irregular, larger-sized
pores. Additionally, speckling artifacts were apparent in the
bright phase despite good noise reduction in the darker
regions.

Although the image quality metrics were suboptimal
for SRCNN (Figure 3), visual inspection reveals a good
improvement over RL deconvolution, especially for 3 and
5 pm images. On closer examination, these images had cer-
tain textural artifacts in both dark and bright phases of
Foam, confirming these small differences at a pixel level
largely impacted the image quality metrics. Furthermore,
SRCNN was ineffective in preserving smaller pores at lower
resolutions (i.e., 7 and 9 pm), while the larger pores were

7 pm equiv. 9 pm equiv.

Figure 4: A qualitative comparison (slice # 256/512) of the resolution recovery performance with DeepNet, SRCNN and Richarson-Lucy deconvolution
models with the degrading image quality of the alternate foam realization. The input images are shown in the top row. Note: Refer to Figure 8 for the

ground truth of alternate dataset.
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mostly preserved. Similar to RL, clusters of small pores were
recovered as merged irregular pores. The 9 pmimage exhib-
ited a severe recovery loss, with distinct textural artifacts
near the edges of larger pores and the bulk phases. These
artifacts are most likely due to the image hallucinations
during the model inference step, exacerbated by larger res-
olution ratios.

DeepNet showed excellent recovery across all four
resolution scales along with edge preservation. Similar to
SRCNN, it inherently denoises the images during training
since the training pair contains two independent noise real-
izations but results in very few textural artifacts, even for
the recovered 9 pm image. However, some visual discrepan-
cies were observed for the 9-1 pm images, particularly for
the smaller pore sizes. These are most likely due to the large
resolution gap between LRES-HRES training pairs, poten-
tially resulting in image hallucinations during inference.

3.1.2 Quantitative feature evaluation

To quantitatively assess the performance of the algorithms
in recovering the structural details, the foam images were
analyzed as porous materials, enabling the comparison of
porosity and pore size distributions with the ground truth.
The same automated image processing workflow, initially
optimized for the ground truth images, was applied to all
the results. It allowed a comparison of the results from
each recovered image to the ground truth, which serves as
baseline. The quality of the results could have a minor effect
on the segmentation and the separation of pores that are
closer to each other, due to noise, lack of contrast or blurred
edges.

The pore recovery performance, presented as the per-
centage of pores identified relative to ground truth (1,380
pores for both realizations) with automated segmentation,
is shown in Figure 5. DeepNet recovered over 95 % of the
pores detected for low resolutions (3, 5, and 7 pm) when
applied to both the training and the alternate datasets
(Figure 5). Even with a high-resolution ratio at 9 pm, it recov-
ered over 85 % of the pores, demonstrating strong recov-
erability performance. In contrast, the SRCNN model per-
formed well for the 3 and 5 pm images but showed a linear
decline in recovery for reducing resolutions, to only 60 % at
9 pm. Richardson-Lucy method exhibited the poorest per-
formance with suboptimal recovery even for the highest
resolution (3 pm) image, followed by a sharp decrease at
lower resolutions.

While pore recovery performance shows the effect
of the recovered image quality on quantification, further
analysis was carried out to study recovery of pores based
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Figure 5: The percent pore recovery performance of the algorithms
evaluated in this study, with respect to the ground truth. The baseline
count for the ground truth was calculated to be 1,380 pores, which was
used as a reference.

on their total volume, sizes and shape. Figure 6 shows a
quantitative comparison of porosity and pore size distribu-
tions between the processed images and the ground truth.
The porosities, calculated as the ratio of pore volume to the
foam’s bulk volume mask, are indicated within the label
boxes. The pore size distributions are plotted as histograms
with a5 pm bin width, where the spherical equivalent diam-
eter of the volume of each segmented pore represents the
sizes.

Although the total pore recovery with the RL algorithm
was below 90 % for the 3 pm image, the porosity estimate
was higher than that of the ground truth (Figure 6d). This
was primarily due to the insufficient edge contrast affecting
the segmentation of large pores (diameters greater than
25 pm), resulting in larger diameters than those from the
ground truth. In contrast, the lower pore count was mainly
due to the loss of small pores with diameters below 20 pum.
The porosities and the recovered pores declined sharply,
with a decrease in the spatial resolution of the input images.

The SRCNN results for the 3 ym image exhibited an
excellent match with the ground truth both for pore recov-
ery and size distributions. The porosity estimates for all
resolutions were within 10 % of the actual value, mainly due
to the recovery of large pores (Figure 6c). However, lower
resolutions negatively affected the smaller pores (diameters
below 25 pm).

DeepNet shows superior pore recovery across multiple
resolutions (Figure 6a and b), with recovered porosities for
both Foam realizations within 6 % of the ground truth base-
line. The pore size distributions indicate that the trained



192 = V.V.R.Bukka et al.: Assessment of deep-learning-based resolution recovery algorithm

DE GRUYTER

550 550
GT [¢=57.0%) GT [¢=156.0%]
500 - 341 pm [$ = 56.6 %] 500 - 341 pm [¢ = 55.9 %)
5-1 pm [¢ = 56.6 %] 5-1 pm [¢ = 56.0 %]
450 + 074 um (4= 56.1 %) 450 + 274 pm [¢=55.7 %)
91 =53.3% 91 pm [¢=55.9 %
400 } um [¢ 23 6] 400] pm [¢ 6]
| (a) DeepNet - Training (b) DeepNet - Alternate
350 - : 350 -
T 300+ £ 300
3 3
O 250 O 250
2001 IR (VR (N 200 -
150 N | 150
100 - i N i ' 100 -
50 B NVE N E (e N 50
0 - — . T T T T 0 r T At R T
10 20 30 40 50 60 70 10 20 30 40 50 60 70

Eq.Diameter (pm)

Eq.Diameter (pm)

550 550
GT [¢=56.0%] GT [¢=56.0%]
500 - 341 pm [¢= 56.4 %) 500 - 31 um [4 = 60.6 %)
5.1 um [ = 55.7 %) 5-1 pm [¢=53.9 %)
450 4 T 741 um [¢ = 54.0 %) 450 71 pm [¢ = 44.5 %)
-1 =50.59 X =36.0%
400 91 ym [¢ %) 400 -9 1 pm [¢ = 36.0 %)
(c) SRCNN (d) Richardson-Lucy
350 - 350 -
£ 300 € 300
3 3
© 250 © 250 -
200 - 200
150 - 150 -
100 | il 100
50 BN NV ‘ 50
0 — ey : — 0 : : — -
10 20 30 40 50 60 70 10 20 30 40 50 60 70

Eq.Diameter (pm)

Eq.Diameter (um)

Figure 6: Quantitative comparison of the porosity and the pore size distributions of the foam datasets with the ground truth as a reference. The
porosities (¢b) are highlighted in the label boxes. Note: Panel (a) shows results of DeepNet model on the training data, while (b), (c) and (d) show the

results of DeepNet, SRCNN, RL for the alternate foam realization.

models accurately recover the medium to large-sized pores
(i.e., between 25 and 70 pm), while the losses were primarily
from the smaller pores. Additionally, the results from the
inference images indicate that pore recovery of smaller
pores was better than that on the training images. This
is most likely the reason for the slightly higher percent
pore recovery with the application of trained models on
the alternate Foam realization shown in Figure 5. Notably,
the remarkable recovery of pores larger than 60 pm for all
images highlights the ability of DeepNet to recover large
features accurately, provided the loss in spatial resolution
does not overshadow the feature sizes.

While the pore size distributions show how the mod-
els recover the segmented pores, they fail to identify how
accurately the features are recovered. This is especially
important for lower spatial resolution images, where some
of the smaller pores have sizes comparable to the standard
deviation of the applied Gaussian blurring function. For
low-resolution data, clusters of tiny pores could be inferred
as voids with irregular shapes, which cannot be identified

with equivalent diameters. To address this, the sphericity
parameter was analyzed, with values ranging between 0
and 1, which defines how closely the shape of a feature
resembles a perfect sphere (with 1 representing a perfect
sphere):
Sphericity = M

A
where V and A are the volume and boundary surface area
of the segmented pore.

The average sphericity of the pores for the ground
truth Foam images was found to be 0.990. While smaller
pores have a pixelated irregular surface area, resulting in
values slightly lower than 1, the majority of the segmented
pores were within an acceptable range of 0.975 and 1 (refer
to Figure 7). Due to stochasticity in the pore shapes and
sizes, the surface area estimates for the segmented pores,
although accurate, might not be precise. In our study, this
resulted in sphericity values greater than 1 (in the third
decimal), which were treated as outliers and rounded to 1.
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Figure 7: The box plots of the sphericity parameter as a metric to evaluate the accuracy of the recovered features compared to the ground truth. The
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points are shown as an overlay for visual reference. Note: Panel (a) shows results of DeepNet model on the training data, while (b), (c) and (d) show the

results of DeepNet, SRCNN, RL for the alternate foam realization.

The sphericities of the recovered pores with different
models are presented as box plots in Figure 7. The aver-
age sphericities with RL deviated considerably from the
ground truth, even for the 3 pm image (Figure 7d). For lower
resolutions, the averages decreased further before increas-
ing again. This is primarily due to the inability of the RL
method to recover most pores (as can be observed visually
in Figure 4), while the increased sphericity for the 7 and
9 pm images was due to the large, rounded pores being
recovered, skewing the averages.

The SRCNN models fared better for the 3 and 5 pm
images, with the averages closer to the ground truth. How-
ever, lowered average sphericities and larger standard devi-
ations were observed for the 7 and 9 pm images. Although
SRCNN recovered up to 60 percent of the total pores, the
lowered sphericity indicates that most were poorly defined.
This is most likely due to the hallucinatory effects that are
exacerbated by noise and low spatial resolution.

The DeepNet models exhibit a remarkable recovery
in pore shapes for resolution ratios up to 7:1. Notably, the

average sphericities for all images were within 5 % of the
ground truth. Although most data points were clustered
closer to 1, deviations as low as 0.75 were found for the 9 pm
images. Further investigation revealed this was primarily
due to hallucinatory artifacts propagating into the image
during model inference.

3.1.3 Image artifacts and spatial resolution

The comparative study utilizing the simulated foam phan-
toms demonstrates that DeepNet excels in recovering both
feature size and shape while inherently denoising the
images. The selection of the HRES-LRES pairs and the mag-
nitude of the resolution gap impacted the outcome. How-
ever, results support that excellent and reliable results are
achievable, even with spatial resolution ratios of up to 7:1
between the input training images.

In real-world scenarios, image quality is influenced
by a complex interplay of acquisition parameters such as
source voltage (impacting contrast and beam hardening),
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number of projections and their exposure time (affecting
the signal-to-noise), and voxel size (affecting the minimum
resolvable feature size). Additional losses may arise from
mechanical limitations of the instrument itself. Therefore,
the loss in spatial resolution in the acquired image is due to
a cumulative point spread function that is a combination of
various effects that is challenging to address with conven-
tional image restoration methods such as the Richardson-
Lucy iterative deconvolution.

The complexity of this problem naturally pivots
towards the reliance on advanced deep learning-based con-
volutional neural network approaches. While SRCNN shows
excellent feature recovery with small resolution differences
between the HRES and LRES images, DeepNet leverages its
deeper network architecture and a much larger number of
trained parameters. It recovers image sharpness over wider
resolution differences and retains the features within the
phantom. This result aligns well with the findings of the
previous work [46], [47].

Multiscale-SSIM (MS-SSIM) quality maps were gener-
ated for the 3 and 9 pm images of the alternate foam real-
ization (Figure 8) to provide a spatially resolved assessment
of localized image fidelity relative to ground truth. In these
maps, darker regions correspond to higher MS-SSIM values
(close to 1), indicating strong structural similarity, while the
brighter areas signify lower values, highlighting regions of
potential structural dissimilarity and possible hallucination
artifacts.

The DeepNet reconstructions demonstrated high fide-
lity, as evidenced by the predominantly dark MS-SSIM maps

DeepNet

Ground Truth

DE GRUYTER

for both 3 pm and 9 pm resolutions. In the 3 pm image, sub-
tle brighter regions are primarily observed at pore bound-
aries, likely attributed to minor discrepancies in edge sharp-
ness. However, in the 9 pm image, more pronounced bright
hotspots emerge, particularly in areas with smaller pores.
These localized reductions in MS-SSIM suggest either the
presence of spurious pores (hallucinations) or the absence
of actual pores in the reconstruction, leading to structural
mismatches with the ground truth.

In contrast, the RL and SRCNN reconstructions exhi-
bit more extensive regions of brightness in their MS-
SSIM maps, especially at 9 pm resolution. This indicates
widespread structural dissimilarity and a higher prevalence
of artifacts or distortions. Among the CNN algorithms, the
SRCNN images show regions of extreme brightness, suggest-
ing a greater probability of generating hallucinatory fea-
tures. Textural inconsistencies (shown in Figure 4) present
for both SRCNN and RL further support this observation.

Figure 9 shows the results for the Gaussian fit analysis
for the alternate Foam images, highlighting the mean square
error (MSE) when compared to the ground truth image con-
volved with increasing Gaussian blur kernel size from 0 to
10. The calculated MSE quantifies the discrepancy between
the blurred ground truth image and the images processed
using different algorithms. A higher error at lower kernel
sizes arises from the high-frequency features or hallucina-
tions present in the image compared to the blurred ground
truth. At higher kernel sizes, the image becomes dominated
by over-blurred features, resulting in a significantly larger
MSE. Generally, the Gaussian kernel size corresponding to

SRCNN Richardson-Lucy

3pm

9 pm

Figure 8: A comparison of the multiscale-SSIM quality maps of the 3 and 9 pum results for the alternate foam realization. The brighter hotspots
represent the pixels with low SSIM values, highlighting the uncertainty of the recovered structural features. Note: The SSIM scale for the colormap

varies for each quality map.
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Figure 9: A comparison of the effective spatial resolution of results from each algorithm on the alternate foam realization, with the Gaussian fit
analysis. The lowest point of error for each curve (highlighted with droplines) corresponds to the Gaussian kernel size of the convolved ground truth

image, with the best match.

the lowest error for each curve can be considered the effec-
tive spatial resolution of the recovered images.

These findings suggest that CNN based algorithms show
large improvements in the effective spatial resolution com-
pared to classical methods. While RL shows a reasonably
good outcome for the 3 pm image, it fails for images with
more severe image quality degradation. Among the CNN
models, DeepNet outperforms significantly, with the effec-
tive spatial resolution of its images closely matching the
ground truth. The SRCNN models perform well at lower
degradation levels but exhibit a faster decline with increas-
ing image quality loss. With deeper neural network architec-
tures like DeepNet, it is possible to recover image resolution
that closely matches the ground truth, even with severe
degradation.

The multi-faceted image analysis conducted on the sim-
ulated foam phantoms comprehensively evaluated the per-
formance of each algorithm from different perspectives.
While DeepNet demonstrates remarkable feature recovery

capabilities, as evidenced by the quantitative analysis, the
MS-SSIM quality maps reveal the potential for hallucina-
tions, particularly at higher resolution ratios, which can
compromise data reliability. However, within the recom-
mended resolution limits (up to 7:1, depending on the
sample’s fine features), DeepNet exhibits exceptional per-
formance. It is crucial to acknowledge that imaging artifacts,
such as photon starvation or phase artifacts, can negatively
impact the training process. These artifacts may be misinter-
preted as genuine features during training, leading to erro-
neous propagation into processed images during inference.

3.2 Applications in real-world scenarios

Some recent publications focusing on additive manufac-
turing [48], materials science [49], [50], batteries [51], elec-
tronics [1], and packaging failure analysis [52], describe
DeepNet’s practical applications for high-resolution LFOV
and feature recovery as part of the DeepScout workflow. In
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a specific use case, Cognigni et al. leveraged the utility of
DeepNet, for a resolution ratio as high as 6:1 to investi-
gate fungal distribution on polyethylene terephthalate (PET)
fragments [49].

Figure 10 shows a realistic use case scenario for Deep-
Net for resolution upscaling with LRES-MRES (6.75-2.25 pm)
and MRES-HRES (2.25-0.75 pm) training pairs of an inte-
grated circuit. The FDK reconstructions (Figure 10 top row)
show magnified (for LRES and MRES) subvolume slices of
the micro bumps generally found in these semiconductor
devices. Although the LRES image has LFOV, the image is
unusable for defect analysis and metrology due to the lack
of spatial resolution. The defects in the same location can

LRES
6.75 pm

MRES
2.25pm

DeepNet
6.75 t0 2.25 pm
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be identified with the MRES image, albeit with a smaller
FOV. When trained with DeepNet, the model successfully
recovered the image quality over the entire LFOV scan,
enabling easier defect recognition and failure analysis. With
the higher resolution pair (MRES-HRES), increased sharp-
ness and details of the defects were recovered, along with
finer details closely matching the 0.75 pm image.

Although this sample benefits more from a higher
resolution ratio for recovering even finer details with
the LRES-HRES pair (i.e., 6.75-0.75 um), it results in an
extremely large upsampled image size after the inference.
For example, with the resolution upscaling from 6.75 to
2.25 pm is performed, the image file size increases by 27

HRES
0.75 pm

DeepNet
2.25t0 0.75 pm

DeepNet
6.75 to 2.25 pm

Figure 10: A comparison between the FDK reconstruction images and the DeepNet inference results for the integrated circuit acquired at three
different voxel sizes. The large field of view (wide aspect ratio) subvolume comparison between the FDK reconstruction and DeepNet result is shown at

the bottom.
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times, with exponentially higher values for increasing res-
olution ratios. To overcome this, the model can instead
be applied to a smaller region of interest to ensure the
imaging data is still practical to use and store on a regular
workstation.

A similar application on the western sycamore seed
improved the resolution of a 9 pm LFOV scan with a 3 pm
HRES pair (Figure 11) with DeepNet training. The learned
model improved features such as the pores, tubules, and
porous outer shell, greatly enhancing the finer details.
These use cases show the versatility of DeepScout work-
flow, where small subvolumes can be upscaled rather
than the entire LFOV for targeted investigations. Figure 11
shows a magnified slice-to-slice comparison between results
for three scans acquired at 9, 3, and 1um voxel size,
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reconstructed with classical FDK reconstruction in the bot-
tom row. Although these reconstructed images are noisy and
have varying contrasts (due to the differing CT acquisition
parameters), the large features, such as pores, can be corre-
lated with a manual inspection.

The LRES-LFOV 9 pm scan shows blurred features
where only the large pores are distinguishable. A medium-
resolution scan with 3 pm voxel size improves the image
quality and detects additional smaller pores (top left of the
slices) with higher spatial resolution. These smaller pores
are resolved better at an even smaller voxel size (1 pm)
due to higher spatial resolution. This is a common scenario
for most microscopy use cases, where spatial resolution
governs the detectability of the finer features, acting as a
bottleneck.

FDK reconstruction
9um voxel size

DeepNet
3um-Tum

Figure 11: The inset shows (red square) the medium resolution subvolume (3 pm) within the large field of view (9 pm) micro-CT scan of the dried
western sycamore seed. A direct side-by-side comparison of the image quality improvement with DeepNet with respect to the standard FDK
reconstructions of the seed with intricate internal features is shown in the bottom grid at high magpnification.
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The top row of the slice comparison shows the corre-
sponding results from two DeepNet-trained models using
the 9-3 pm and the 3-1pm image pairs. Besides noise
reduction, a large improvement in the sharpness of the
images is evident from both models. Compared to the
FDK reconstructions, the pores have better contrast and
improved sharpness of the pore walls in the recovered
images. The minor variations in the overall image con-
trast were mainly from the learned intensity correlations
between the utilized input images. However, they have no
direct effect on the usability of the images for segmentation.

Therefore, the reliance on mappable features between
the input training images affects DeepNet training. This is
also observed for the smaller pores in the result from the

1 um (denoised)

3-1pum DeepNet

3 um (denoised)

250 pm 250 ym
250um 250 um

DE GRUYTER

9-3 pm model. DeepNet failed to create a reliable mapping
during the training phase due to obscured finer details in
the LRES (9 pm) image, as higher spatial resolutions were
necessary to resolve the small pores.

A multiscale investigation was carried out on a small
subvolume of the seed sample for quantitative comparison,
leveraging its porous structure (Figure 12). The 1 pm scan
wasreconstructed with a deep learning denoising algorithm
(DeepRecon Pro) to generate a sharp, noise-free image as a
representative ground truth [42], [53]. Subsequently, 3 pm
and 9 pm scans were also reconstructed with DeepRecon
Pro to facilitate comparative evaluation at different reso-
lutions. The slice-to-slice comparison of the analyzed sub-
volume (Figure 12) shows the differences in the denoised
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9-3 um DeepNet
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Figure 12: A comparison of the reconstructed slices of the seed datasets with DL-denoising (top row) and DeepNet training (bottom row). The (a) pore
size distributions show that the smaller pores were recovered with the 3-1 um training due to better feature correlation but were absent for the 9-3
um training. A similar behavior can be found for the (b) total pore volume. The (c) Gaussian fit analysis shows the improvement in the effective spatial

resolution because of DeepNet training.



DE GRUYTER

images (top row) and the DeepNet upscaled images (bottom
row). Visual inspection demonstrates how DeepNet lever-
ages both low- and high-resolution images to correlate and
enhance features, which is evident in the subtle contrast
differences and improved pore definition.

For quantitative analysis, all images were resampled
to the 1 pm voxel grid and segmented using the same auto-
mated workflow employed for the simulated foam phantom.
The pore size distributions and cumulative pore volumes
show a large improvement in the quantitative informa-
tion, with each model closely matching its corresponding
high-resolution target image. The trained 9-3 pm model
improves the 9 um image to match the pore size distribu-
tions and the pore volumes of the 3 pm image (Figure 12a).
While smaller pores (<10 pm) remain undetectable, pore
walls exhibiting strong correlation between the training
images are significantly recovered, showcasing improved
contrast and structural clarity. The 3-1 pm model further
refines the reconstruction, recovering even the smaller
pores to match the 1 pm ground truth closely.

The Gaussian fit analysis (Figure 12c), comparing the
MSE between the ground truth and progressively blurred
versions of the reconstructions, demonstrates a significant
improvement in effective spatial resolution with the Deep-
Net models. This analysis, coupled with the pore quan-
tification, highlights the reliability of DeepNet in recover-
ing image quality without overinterpreting features when
clear correlations are absent in the LRES image. By selec-
tively enhancing features with high correlation between the
training pairs, it minimizes the potential for hallucinations,
ensuring the fidelity and usability of the recovered images.

4 Conclusions

A novel automatic convolutional neural network resolu-
tion recovery algorithm, DeepNet, designed to enhance the
spatial resolution of large field-of-view micro-CT images,
was evaluated. Its robustness lies in its ability to learn a
spatially varying point spread function from pre-registered
low and high-resolution image volumes. This facilitates res-
olution recovery across the entire LFOV while mitigating
noise and sampling artifacts. The efficacy of DeepNet was
rigorously evaluated with simulated phantom images that
had increasing degrees of image degradation. The results
were benchmarked against a classical iterative Richardson-
Lucy deconvolution algorithm, and a deep-learning-based
super-resolution CNN (SRCNN) algorithm.

The simulated phantom results demonstrated the supe-
rior performance of DeepNet in recovering features across
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awide range of resolution gaps and in the presence of noise.
It consistently performed better against the other two meth-
odsin terms of resolution and feature recovery, the accuracy
of the recovered features, and lowered hallucinatory arti-
facts. Extending its application to real-world datasets with
two different sample types further highlighted its practical
utility in improving image quality and recovering complex
features within the samples from low-resolution LFOV vol-
umes based on feature correlation with a high-resolution
subvolume image. Furthermore, its automated end-to-end
imaging framework is highly versatile and user-friendly,
only requiring the selection of image pairs for model train-
ing as the input. It is a promising approach for improving
micro-CT workflows with potential applications in different
use case scenarios and handling resolution ratios up to 7:1
between training pairs.
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