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Abstract

X-Ray micro-computed tomography (micro-CT) is a standard method to perform three-dimensional analysis of the internal
structure of a rock sample. 3D X-Ray microscopes, such as those from the XRadia Versa family, provide images of high
resolution and contrast. Medical scanning machines can also be used for scanning rock samples to reduce operational cost
and time, but they generally provide poorer spatial resolution and contrast compared to 3D X-Ray microscopes. Recent
success in implementing deep learning algorithms to enhance image quality demonstrated that, in some cases, the application of
convolutional neural network (CNN) models might significantly enhance the resolution of the micro-CT images. In this research,
a super-resolution technique employing the U-Net 3D CNN architecture is applied to enhance the resolution of granodiorite rock
sample images obtained by two different 3D scanning machines. The high-resolution dataset was obtained using the XRadia
Versa XRM-500 microscope. It contained images with nominal resolutions of 10.3 and 5 microns. The low-resolution scanning
was performed using a Scanco medical uCT 50 machine, and the images from this dataset had a nominal resolution of 10.3
microns. Several models were created to enhance the quality of the low-resolution images, and the results were analysed. It was
observed that super-resolution processing could significantly improve the low-resolution micro-CT image quality and suppress
noise that appeared on medical images. The results presented in this study are of particular interest and value to geoscientists

that use medical scanners to study the structure of rock samples at large scale.
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Abstract

X-Ray micro-computed tomography (micro-CT) is a standard method to perform three-dimensional anal-
ysis of the internal structure of a rock sample. 3D X-Ray microscopes, such as those from the XRadia Versa
family, provide images of high resolution and contrast. Medical scanning machines can also be used for scan-
ning rock samples to reduce operational cost and time, but they generally provide poorer spatial resolution and
contrast compared to 3D X-Ray microscopes. Recent success in implementing deep learning algorithms to en-
hance image quality demonstrated that, in some cases, the application of convolutional neural network (CNN)
models might significantly enhance the resolution of the micro-CT images. In this research, a super-resolution
technique employing the U-Net 3D CNN architecture is applied to enhance the resolution of granodiorite rock
sample images obtained by two different 3D scanning machines. The high-resolution dataset was obtained
using the XRadia Versa XRM-500 microscope. It contained images with nominal resolutions of 10.3 and 5
microns. The low-resolution scanning was performed using a Scanco medical pCT 50 machine, and the images
from this dataset had a nominal resolution of 10.3 microns. Several models were created to enhance the quality
of the low-resolution images, and the results were analysed. It was observed that super-resolution processing
could significantly improve the low-resolution micro-CT image quality and suppress noise that appeared on
medical images. The results presented in this study are of particular interest and value to geoscientists that use

medical scanners to study the structure of rock samples at large scale.
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Plain language summary

In the field of geology, it is common to examine the structure of rocks through X-Ray imaging. It provides
a non-destructive method to estimate the mineral content and other important properties of a rock when consid-
ering the extraction of natural resources. The issue of cost, time, and accessibility to quality X-Ray scanning
equipment often leads geologist to perform this imaging on medical equipment, rather than that designed for the
analysis of earth materials. As a result, the obtained scans can be poor quality leading to large uncertainties in
the properties of interest. In this work, we used deep learning techniques to improve images obtained from the
more accessible, medical X-Ray microscopes such that they were comparable to those obtained from a purpose
built X-Ray machine. This was done by providing a neural network with medical X-Ray images, and training it

to improve them to high-resolution images of the same material. Following this, unseen images were provided
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to the network and the improved output images were observed to accurately correspond to those obtained with

a microscope designed for geomaterials.

1. Introduction

X-Ray micro-computed tomography (micro-CT) is an imaging method that produces three-dimensional
representations of the internal microstructure of materials without destroying the analysed samples [1, 2]. In
order to obtain fine feature details and a representative image of the sample interior, high-resolution micro-
CT images are required. The term “resolution” may seem intuitively clear, but various terminology is used
in the literature to describe the resolution capacity of micro-CT instruments. Spatial resolution is the most
comprehensive metric describing a micro-CT instrument. It measures the output of the system and accounts for
multiple scanning characteristics, including X-ray source spot size, detector resolution, vibrational, electrical
and thermal stability, magnification geometry, and imaging conditions [3]. Contrary to this, nominal resolution
is a theoretical parameter that does not provide evidence of the true performance of a system. It is a resolution
in ideal conditions. While the spatial resolution reflects the system performance, the nominal resolution is
related to the system design. Practically, the term “nominal resolution” is often used to refer to the minimum
achievable voxel size. The voxel size is a geometric calculation referring to a cross-sectional area in the sample
that is imaged onto a single detector pixel. The voxel size accounts for only the detector pixel size and system
geometry but does not consider the imaging conditions. Researchers that work with micro-CT images are often
referencing the voxel size when talking about resolution. In this work, the authors are generally referring to the
voxel size when mentioning the resolution of the micro-CT images and assume that the nominal resolution of
the images is equal to their voxel size.

It has already been demonstrated that the same voxel size of the images produced by different CT instru-
ments does not guarantee similar image quality. Figure 1 compares two images of a carbon fibre composite
material. Both images were taken with the same voxel size (1 um), but using different micro-CT systems (simi-
lar to the instruments used in the current research). However, only the image on the right can adequately resolve
the carbon fibres. Another problem related to high-quality scanning is that a higher resolution requires physical
reduction of the sample size, which reduces the possible volume of investigation [4]. Thus, the scanning system
hardware, as well as the physical characteristics of the sample, often limit the ability to obtain high-resolution
micro-CT images. In these circumstances, the potential to combine the output of different scanners and enhance
the image resolution to maintain a large field of view (FOV) and sample size may have a significant practical
value.

To enhance the quality of low-resolution images, super-resolution algorithms that employ neural networks
can be applied to the image data [5—10]. As opposed to the convenient interpolation methods (nearest neigh-
bour [11], random forest [12], linear [13], and bicubic [14] interpolation), the convolutional neural network
(CNN) methods, which are built within a deep learning framework [15], may use the real high-resolution im-
age data for training to enhance the quality of the low-resolution data [16, 17].

Various CNN architectures have been built for super-resolution processing, and their performance tested on
the most common sedimentary rocks — sandstone, limestone, and coal. The effectiveness of super-resolution
(SR) CNN models (SRCNN), such as the SR-Resnet, Enhanced Deep SR (EDSR), and Wide-Activation Deep
SR (WDSR), for enhancing the quality of digital rock images has been demonstrated in the literature [10]. Most
of these architectures are currently available for the users in 2D and 3D, along with the U-Net architecture which

was used in this research. The U-Net architecture was first introduced by Ronneberger et al. [18] for medical
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Figure 1: Illustration of the difference between the voxel size and spatial resolution metrics for (a) a non-ZEISS commercially available
micro-CT system at 1 um and (b) a ZEISS Xradia Versa at 1 um. Although the same carbon fibre composite sample was imaged at the
same voxel size of 1 um, the resulting image quality differs greatly (reproduced from [3]).

image segmentation. Since its introduction, the architecture and its modifications [19, 20] has become known
as one of the most successful and reliable CNN architectures for segmentation purposes. It is presumably
explained by the U-shape organisation of the structural blocks and the presence of concatenation blocks that
combine the low-layer and high-layer features [21]. Although the U-Net is widely used for image segmentation,
the architecture is not commonly used for super-resolution. However, the architectures that were built based on
the U-Net, were previously used for SR [22, 23].

This research logically continues the work which was reported in Roslin et al. [24]. In the authors’ earlier
research, the U-Net 3D architecture was used to build a SRCNN model. The model was trained on two triplexes
of micro-CT XRadia Versa image data, and it was demonstrated that the U-Net 3D architecture significantly
enhanced the quality of the lower resolution images. The work also demonstrated how the enhanced image
quality influences the segmentation results. This work investigates the validity and performance of the U-Net
3D model when trained on a combination of Scanco Medical and XRadia Versa datasets. It studies how the
different training parameters are related to the quality of the processed images and presents the results for each.
It is also discussed in this paper how SR processing can be optimised to reduce the time required for CNN
model training.

To summarise, since the introduction of artificial intelligence methods for image processing, the evolution of
these methods has gone in three main directions, namely: creating new techniques and architectures; improving
the performance of the existing methods and complicating the architectures, and; applying the current methods
for new materials and finding the practical application of the existing methods in the applied sciences.

The authors consider all the above-mentioned research areas as equally important and contributing to the
field of science. The research described in this work can be classified as related to the third research area and
is aimed at applying the previously written convolutional neural network architecture to explore how Al image
processing may help improve the resolution of the rock images made by the low-resolution scanning machine.

Many previous studies investigated image quality enhancement using high-resolution images and downsampled
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images to demonstrate the performance of the algorithms. Low-resolution images are generally downsampled
using the predefined coefficient, as discussed in the literature review. Studies focused on combining real images
of different origins, and thus, which resolution is not directly correlated, are not widely presented in the liter-
ature but, based on the authors’ experience, present significant importance for the industry. Another key point
highlighted in this work is the application of deep learning methods for solid ore rocks. Some attempts were
made to apply deep learning segmentation for ore rocks, but ore rocks are still out of the scope of the majority
of the researchers, although successful deep learning implementation examples may encourage the industry to
adapt the described practices.

This paper is structured to, first, introduce the applied methodology and the rock samples used for the
research (Section 2). This includes a description of the analysed samples, low- and high-resolution micro-CT
imaging and an explanation of the U-Net architecture. Following this, the results of the application of super-
resolution processing are demonstrated, different combinations of XRadia and Scanco micro-CT images are
tested and the results are validated using several image quality assessment criteria (Section 3). The obtained
results are discussed (Section 4), and conclusions (Section 5) are drawn on how the research can be used in

practice.

2. Methodology

In this research, the 3D U-Net architecture was used for super-resolution processing. The structure of this
CNN architecture is presented and described in this section. The input data for SR were obtained by micro-
CT scanning of a granodiorite sample. The sample was scanned with different resolutions using two different

micro-CT scans, namely XRadia for high-resolution scanning and Scanco for low-resolution imaging.

2.1. Samples

Figure 2 shows the sample of subvolcanic igneous rock that was used in this study. The mineral composition
of the sample corresponds to granodiorite. The sample has a porphyritic texture and contains pores, partly-
healed fractures, and grains of accessory minerals such as pyrite, rutile, sphalerite, molybdenite, and corundum.
Some signs of hydrothermal alteration, such as quartzification and sericitisation, were observed. The sample
was subjected to stress induced by a blast wave before the scanning. The blast wave produced several fractures
which crossed the entire sample. The sample has a cuboidal shape with dimensions of approximately 18 x 18 X

34 mm.

2.2. Low-resolution micro-CT scanning

The rock sample was analysed with a micro-computed tomography medical tool (uCT50, SCANCO Med-
ical AG, Briitisellen, Switzerland). The sample was positioned, and stabilised with foam padding, in 34 mm

tubes before being scanned with an isotropic voxel size of 10.3 um?

. The sample was scanned in air at an
energy of 90 kV p and a current of 155 uA. The integration time was set at 1320 ms, once averaged, resulting in
a 1.32 s sample time. A 0.1 mm copper filter was used. The images were exported as a DICOM stack to allow

for further processing. Characteristics of the micro-CT Scanco dataset are listed in Table 1.

2.3. High-resolution micro-CT scanning

Three resolutions were used to scan the sample to provide sufficient data for training and validation of the

deep learning algorithms applied in this study. The sample was scanned at nominal resolutions of 5, 10.3 and 36
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Figure 2: Photographic images of the cuboidal rock sample used to examine SR processing of images obtained from medical scanners.

Table 1: Characteristics of the micro-CT data obtained with Scanco and XRadia scanners.

Width | Height | Depth | Voxel size
Image set [px] [px] [px] [pm]
Scanco 10.3 | 3388 | 3304 | 3000 10.3000
XRadia 5.0 | 988 1012 994 5.0000
XRadia 10.3 | 1000 | 1024 | 1009 10.3000
XRadia 36.0 | 1004 | 1024 | 1016 | 36.0002

microns (um). The VersaXRM-500 can potentially achieve a true spatial resolution of 0.9 um with a minimum
achievable voxel size of 0.3 um. Advanced absorption and phase contrast (for soft or transparent materials)
provide greater versatility in overcoming the limitations of traditional computed tomography. Characteristics
of the micro-CT XRadia dataset are additionally listed in Table 1. The parameters of the micro-CT scanning are

summarised in Table 2. After scanning, the images were exported in a .txm file format for further processing.
Table 2: Scanning parameters used for the three resolutions obtained from the XRadia 3D microscope.

Lens | Voltage | Filter | Voxel size
Image set [kV] [m]
XRadia 5.0 | 0.4x 80 Air 5.0
XRadia 10.3 | 0.4x 80 Air 10.3
XRadia 36.0 | 0.4x 80 Air 36.0

2.4. Convolutional neural network architecture

The current research employed a CNN architecture which is called U-Net 3D. The U-Net architecture was
introduced by Ronneberger [18] to segment large medical images. This architecture can be described as a
U-shape architecture consisting of two networks, namely the encoder and the decoder (Figure 3).

The U-Net architecture consists of a convolution operation, max pooling, rectified linear unit (ReLU) acti-
vation, concatenation, and upsampling layers. These blocks form a contracting path (left side) and expansive
path (right side) [18]. The contracting path (encoder) is composed of the repeated convolutional layers in which

the filters slide along the input data and produce specific feature maps, thus, extracting the key features from
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Figure 3: The 3D U-Net architecture in which blue boxes represent feature maps. The number of channels is denoted above each
feature map (reproduced from [19]).

the input dataset. The size of the filters is 3 X 3 x 3. The process of sliding the filter along the data is referred
to as a stride. For example, a stride of one means that the filter moves one unit along the data matrix. Each
convolution layer is followed by an activation function. The activation function defines how the weighted sum
of the input from the previous layer is transformed into an output from a node or nodes in the next layer of the
network. The U-Net uses the ReLLU activation function, which is one of the most popular activation functions
in deep learning due to its simplicity and effectiveness. The ReLLU function is calculated as the maximum of
zero and x, which means that if the input value, x, is negative, the function returns a value of zero, otherwise,

the value x is returned,

0, ifx<0
fx) = €]
x, ifx>0.

The activation function is followed by the pooling layer. This layer is used to downsample the feature
maps by summarising the presence of the elements in the feature map’s patches while preserving the essential
structure of the data [25]. The U-Net uses a 2 X 2 X 2 maximum pooling operation with a stride of two for
downsampling.

The second part of the architecture is the decoder. The decoder consists of upsampling and concatenation
blocks followed by convolution operations. The upsampling procedure expands the feature dimensions and
halves the number of feature channels, restoring the feature map to the original size of the input image. It is
required to meet the same size with the corresponding concatenation blocks from the encoder part. The 3D

U-Net architecture has a similar organisation, but an extra depth dimension is added.

3. Results

The real micro-CT rock images were utilised to enhance the quality of the low-resolution input data using
the 3D U-Net architecture. The training parameters are presented in this section, as well as the quality assess-
ment criteria used to analyse the accuracy of the SR processing. A combination of the micro-CT images with
different resolutions from two micro-CT scanners was used. Several configurations were tested, and the results
were analysed. Conclusions about the most accurate combination were drawn, and different combinations of

micro-CT data were analysed to estimate the most optimal model training time.
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3.1. Training

The input dataset consisted of micro-CT images obtained at different resolutions, as given in Table 1. Those
datasets were aligned and registered on the XRadia 36.0 image set and resampled to correspond to the resolution
of the XRadia 5.0 set. Figure 4 shows the area of investigation for the low-resolution input (Scanco 10.3 dataset)
and the high-resolution ground truth images (Xradia 5.0 and XRadia 10.3 image sets). The XRadia 36.0 image
set was used only for data registration. After registering, the same volume of investigation was clipped from
each set for training. The clipped volume consisted of 690 x 651 x 875 voxels. The model was trained with and
without a mask. When the mask was used, only one out of four slices was kept for training. The total number
of voxels for the input dataset was 393,041,250 without the mask and 98,372,610 with the mask. The volumes
contained only the rock material, while the background (air and the sample holder material) was excluded.

(a) (b) (©

Figure 4: Comparison of the (a) 5 um XRadia set (ground truth), (b) the 10.3 yum XRadia set (second ground truth), and (c) the 10.3 um
Scanco set (input dataset). The same area of investigation is shown. Each image size is 690 x 651 voxels, or 3,450 x 3,255 voxels.

The next step was to create the U-Net 3D models. This was done using the Deep Learning Tool in the
software package, Dragonfly (Object Research Systems Inc.). The default model architecture parameters were
used, including a depth level of four, patch size of 32 x 32 x 32, and initial filter count of 32. The models
were trained with the Adadelta optimiser using a default learning rate parameter of 1.0. The learning rate was
reduced by a decay factor of 0.1 once the learning stagnated, given a patience of 10 epochs. The models were
trained for 100 epochs, using mini-batch stochastic gradient descent on a mean square error loss function, with
a batch size of 128.

Several U-Net models were created to enhance the resolution of the Scanco images. The input image set was
the same for all models (for one of the models, XRadia 10.3 set was added as a second set). The output image
set was XRadia 10.3 or XRadia 5.0. These datasets were also used as ground truth, as shown in Figure 4. The
models were trained with and without augmentation. When augmentation was used, two times augmentation
with default flip, rotate, shear, and scale parameters was chosen. Augmentation was used together with a mask

for model training. The models which were used and the configurations specified are summarised in Table 3.

3.2. Validation

The first round of validation is performed during the model training. The training process was controlled
using a mean squared error (MSE) loss function, and the output model was validated against 20% of the total
training data that had been reserved for this purpose. When the models were trained, they were applied to

the whole volume of investigation of the studied samples and several metrics were analysed to estimate the
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Table 3: The 3D U-Net models created for comparison of performance in SR processing of Scanco data.

Model Input dataset Output dataset | Mask used | Augmentation used | Resulted dataset
#1 Scanco 10.3 XRadia 10.3 no no Processed #1
#2 Scanco 10.3 XRadia 5.0 no no Processed #2
#3 Scanco 10.3, XRadia 10.3 | XRadia 5.0 no no Processed #3
#4 Scanco 10.3 XRadia 10.3 yes yes Processed #4
#5 Scanco 10.3 XRadia 5.0 yes yes Processed #5
#6 Scanco 10.3 XRadia 10.3 yes no Processed #6
#7 Scanco 10.3 XRadia 5.0 yes no Processed #7

quality of the processed and input image data. This volume of investigation contained the overlapping volumes
from each dataset. The first parameter was the peak signal-to-noise ratio (PSNR). PSNR is expressed as the
ratio between the maximum possible value (power) of a signal and the power of distorting noise that affects
the quality of its representation. The second parameter was the structural similarity index measure (SSIM)
which is a perceptual metric that quantifies image quality degradation caused by processing. SSIM measures
the perceptual difference between two similar images. In this case, these are the ground truth and processed
input image, and the ground truth and resampled input image. In other words, SSIM looks for similarities
within pixels (if the pixels in the two images line up and or have similar pixel density values). SSIM is a
standardised quality metric and is often considered one of the most objective criteria to estimate the quality of
image reconstruction. The analysed parameters are summarised in Table 4 for each U-Net model created, as
well as the raw Scanco images. For models which used the XRadia 5.0 image set, solely or together with the
XRadia 10.3 set, as an output dataset (Table 3), the Xradia 5.0 set was used as a ground truth (Table 4). For the
models trained using the XRadia 10.3 dataset only, the processed images were assessed using the XRadia 10.3
set.

As soon as the quality control parameters are analysed, the models were also applied to the whole volumes
of data (for which the ground truth high-resolution data were not available). When the entire input datasets are
reprocessed, the images were also analysed visually to estimate the quality of the reconstruction in the areas

where ground truth high-quality images were not available.

Table 4: Image quality assessment criteria for datasets compared with the ground truth sets (XRadia 5.0 and XRadia 10.3 image sets).

Processed dataset | Ground truth dataset | PSNR (dB) | SSIM
Processed #1 XRadia 10.3 32.74 0.85
Processed #2 XRadia 5.0 35.35 0.86
Processed #3 XRadia 5.0 35.14 0.87
Processed #4 XRadia 10.3 33.02 0.86
Processed #5 XRadia 5.0 35.31 0.86
Processed #6 XRadia 10.3 21.02 0.78
Processed #7 XRadia 5.0 35.15 0.86
Scanco 10.3 XRadia 10.3 9.28 0.57

Table 4 also contains the quality metrics for the input Scanco 10.3 image set. It can be seen that the PSNR

of the Scanco set is much lower than that of the processed datasets. PSNR (in dB) is defined as,

PSNR = 20log10(Vinax) — 10log1o(MS E),

2
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where V., 1s the maximum possible voxel value. For the analysed images (16-bit images), it is 65,535.

As the MSE approaches zero, the PSNR tends to infinity. It is usually supposed that the higher the PSNR,
the better the quality of the reconstructed images. Wang et al. [10] demonstrated good super-resolution pro-
cessing results and the reported average PSNR was in the range of approximately 23 — 29 dB depending on the
rock type. For the SR processing of the XRadia triplexes, the PSNR was reported in the range of 34 — 36 dB
[24].

The SSIM ranges between zero and one. For good reconstruction techniques, the SSIM should be close to
one. The reported values of the SSIM for the XRadia triplexes were in the range 0.81-0.91.

Figure 4 supports the conclusion that the input medical image set is characterised by a significant noise level
(grain effect). Figure 5 compares the processed datasets with the input Scanco image set. Both Figure 5 and
Table 4 show that SR processing can significantly enhance the resolution of the micro-CT data by sharpening
the contrast and suppressing background noise. The grain noise which was present on the input images is not
observed on the reconstructed images, while the appearance of the image features is improved. The importance
of this observation will be discussed in the next section. Figure 6 demonstrates an example of 3D cube and
three orthogonal projections for the processed #2 set. In turn, Figure 7 shows an example of the processed
masked dataset (processed #7).

Assessment of all processed images demonstrates that the models that used the XRadia 5.0 dataset per-
formed better than the models trained on the XRadia 10.3 set (see Table 4). The performance of the model built
on the XRadia 10.3 set can be slightly improved by adding a second set of XRadia 10.3 images (processed #3
dataset). However, using two image datasets increases the training time (from approximately 18 hours to 26
hours). To optimise the training process, masked datasets can be used instead of the original image datasets.
In this study, masked datasets were used with and without augmentation. Augmentation did not influence the
performance of the models built on the XRadia 5.0 set, but in the case of the model trained with the XRadia 10.3
set, the absence of augmentation significantly degraded the processed images. These results will be discussed
in more detail in the next section.

This paper is primarily focused on combining two different scanners, and the detailed analysis of the influ-
ence of the SR on the permeability and porosity estimation. However, it has been done in the previous paper of
the authors [24].

4. Discussion

The current research builds on the work of Roslin et al. [24], which investigated the application of SR
processing to granodiorite rock samples. In this earlier work, super-resolution techniques were applied to
the combination of XRadia micro-CT images obtained with different resolutions using the same minicores and
instrument. The performance of the SRCNN models was analysed, as well as the manner in which the enhanced
quality of the processed images influenced the segmentation results, and how to choose the resolutions of the
image pair to get the optimal improvement of the image quality. In this research, SR processing was employed
for a dataset comprised of Scanco and XRadia images of the same rock sample.

SR processing of micro-CT images of rocks is an actively developing area of research. However, the ongo-
ing published research studies have primarily focused on creating and testing the performance of different CNN
architectures. The images which are usually utilised for SR processing are the downsampled high-resolution
XRadia images. To the best of the authors’ knowledge, only a few attempts have been made to combine real

rock images obtained from different instruments. However, combining the images from different instruments to
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Figure 5: Comparison of the processed and input image sets, showing (a) the processed #1 set, (b) the processed #2 set, (c) the processed
#3 set, (d) the processed set #4, (e) the processed set #5, (f) the processed set #6, (g) the processed set #7, (h) the input Scanco 10.3 set,
(i) the 5 um XRadia set (ground truth), and (j) the 10.3 wm XRadia set (second ground truth). The same area of investigation is shown.
Each image size is 690 x 651 voxels, or 3,450 x 3,255 voxels.

increase the resolution of low-resolution images may have significant practical value. It could make it possible
to revise previously acquired image datasets to enhance their quality, or scan large volumes of cores faster due
to the opportunity to reprocess low-resolution images rather than physically scanning entire samples with high
resolution.

The research conducted in this study and previously published work [24] was preceded by a literature survey
of existing CNN architectures used to enhance image quality. The literature review section demonstrates the
overview of the different super-resolution methods which were also considered for image enhancement. U-Net
is not the most modern deep learning architecture, but the performance of this architecture is sufficient to make
the U-Net acceptable for rock image resolution enhancement. This particular research and some other studies
mentioned in the literature review show that the U-Net architecture and its modifications may significantly
improve the image resolution, and there are no objective reasons not to use this architecture (as well as any

other CNN architecture) for image processing. As a part of the CNN exploratory process, the performance of
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Figure 6: 3D cube and three orthogonal projections for the processed #2 set.

available CNN architectures (2D and 3D U-Net, EDSR, WDSR) was analysed and the outcomes from 2D and
3D architectures was compared using a small image dataset. As demonstrated, the performance of the U-Net is
comparable to or better than that of the other most popular CNN models (e.g., WDSR and EDSR). Other CNNs
were also tested in a similar manner (the workflow is presented in the paper). Generally, they demonstrated
lower PSNR and especially SSIM values for the studied samples, but still comparable to the results published in
the literature [9, 10, 17]. The methods which were used to compare with the U-Net architectures are explained
in more detail in the papers cited in the literature review (e.g. [9, 10]).

In turn, GAN architectures consist of two neural networks — one of which is a convolutional neural network.
The generator creates an image, and the discriminator evaluates it. The GANs may produce images of superior
quality, however, the generator is basically not trained to minimise the distance to the ground truth image but
rather to create the image which will be recognised by the discriminator as realistic. The GANs are often used to
enhance the quality of the images when the purpose is to create realistic textures rather than optimise for a pixel-
accurate reproduction of ground truth images during training. The purpose of the authors was to enhance the
image quality but to ensure that the resulting images are pixel-accurate and close to the real ground truth since
the images are used to calculate porosity and mineral content. Thus, the authors find it essential to improve the
quality of the images by focusing on preserving the input images rather than indefinite improvement of texture
resolution. So, the GANs were not chosen for the super-resolution processing and the main focus was on the
CNN architectures.

The 3D U-Net architecture, which was ultimately chosen for super-resolution processing, is one of the most
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Figure 7: 3D cube and three orthogonal projections for the processed #7 set.

popular architectures for image segmentation. However, it is rarely used for SR processing of rock images even
though it was reported that U-shape architectures demonstrated successful outcomes for SR enhancement of
image quality [22, 23]. The 3D U-Net demonstrated more accurate detection of boundaries of the rock features
(voids and mineral grains) and more robust results when the trained model was applied to unseen image data.
This can be explained by the nature of the micro-CT images. The signal from the actual materials within a
single voxel is partially distributed across neighbouring voxels as defined by the point spread function (PSF),
which can be represented as a Gaussian smoothing kernel. In turn, each micro-CT slide is not a static photo
of the object but rather an attenuation of the material spread over the 3D grid, where a grid step is equal to the
voxel size. Thus, it is important to take into account the third (depth) dimension for SR processing of micro-CT
images.

In the current research, the 3D U-Net CNN architecture was used to train the models and enhance the
quality of Scanco images using XRadia images. The XRadia micro-CT tool is generally preferred for digital
rock analysis, however geoscientists also use medical scanners, such as Scanco, for rock analysis [26]. The
outcomes of different instruments may have the same voxel size, but different spatial resolution. The spatial
resolution determines the feature separation (see Figure 8). If the same pair of features is separated by spacing
smaller than the resolution of the scanning system, it becomes indistinguishable as a pair on the image [3].
Consequently, poor spatial resolution may influence segmentation accuracy [24]. The comparison of Scanco
and XRadia images showed that the spatial resolution of the XRadia system is higher than that of the Scanco

system, even when the voxel size of both image sets is similar (10.3 microns). For this research, SRCNN
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processing was used to enhance the resolution of the Scanco 10.3-micron images using the XRadia 10.3- and
5.0-micron image data. All processed images had quality comparable with the ground truth images (see Table 4

and Figure 5).

Figure 8: Spatial resolution as a function of feature separation (reproduced from [3]).

The models trained using the XRadia 5.0-micron images outperformed those trained only on the XRadia
10.3-micron data (for comparison, Model #2 and Model #1). However, adding 10.3-micron images as the
second training dataset improved the quality of the processed images (see Table 4 Model #3 compared to Model
#1). The models built on 5.0-micron data produce nearly similar results for the masked dataset. Augmentation
was also found to have minimal impact on the processing results. For the models built only on 10.3-micron data,
it is recommended to use the masked dataset with augmentation since the masked dataset without augmentation
produced the least accurate, yet still acceptable, results (the PSNR values are comparable to that reported in the
literature [10]).

After the comparison of the processed results, it was concluded that the training process could be optimised
by masking. For the analysed data, the training dataset was reduced by choosing every fourth slide. The results
of SR processing were not degraded, but the training time was significantly reduced (from approximately 18 to
eight hours without augmentation and 14 hours with augmentation).

As observed, SRCNN processing performed very well for the combination of images with the exact voxel
sizes, and also for the pair of the datasets with aliquant voxel sizes. In the case of image sets with different
nominal resolutions, the lower resolution datasets should be resampled to correspond to the higher resolution
image set. In this work, a linear interpolation function was employed, but based on the empirical experience in
some cases, other interpolation functions (such as the nearest neighbour) can be used for resampling.

Another procedure, which is required before model training, is image registration. The registration was
done manually on the fixed 36-micron dataset followed by automatic registration using an initial step of V.S/10
microns and smallest step of 0.01 micron (for translation) and initial step of 1° and smallest step of 0.2°
(for rotation), where VS is the voxel size of the registered image set (in microns). Linear interpolation and
sum square differences (SSD) functions were employed for image registration. Registration and resampling
are usually not mentioned in literature studies discussing SRCNN, although these are necessary pre-training
procedures. For example, even a shift in one voxel significantly degrades the processing results and introduces
errors in image resampling.

The images presented in the manuscript were primarily chosen for illustration to visually demonstrate the

input quality and processed images. The model was trained on 3D volumes and applied to the large 3D volumes
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of images. The validation results were also obtained for the whole 3D volumes, and the validation results are
presented in Table 4. This approach assures that the quality assessment is more unbiased and repeatable, and the
results can be compared to outcomes of the performance of other neural network models. The images presented
in the manuscript were chosen randomly, and it should be noted that these are not the only successful examples
but rather the typical examples of the model performance.

This paper demonstrated that super-resolution can successfully be used for micro-CT image resolution
enhancement. It was shown that SRCNN processing improves the recognition of feature boundaries and sup-
presses unwanted noise associated with images obtained from medical CT equipment. However, it was ob-
served that some types of noise, particularly ring artefacts, could not be removed solely by SRCNN and may
require a deep learning denoising procedure or massaging of the input images before SR model training. This
is one of the limitations of the proposed CNN super-resolution model (Figure 9). However, the ring artefacts
can removed during the post-scanning stage. The images used in the research were not processed to remove the
ring artefacts and some artifacts are still present on the SR processed images. Other limitations are discussed
in more detail in another paper by the authors [24], where that question was analysed more thoroughly. The
main limitations are related to the size of the features, which resolution should be enhanced. Since the CNN
model enhances the resolution of the input images using the real high-resolution images rather than creating
high-resolution unpaired images which are not voxel-accurate, the features which are not present on the input

images won’t appear on the processed images.

(a) input Scanco 10.3 set (b) processed #2 set

Figure 9: Comparison of the processed and input image sets, showing (a) the input Scanco 10.3 set, and (b) the processed #2 set. The
same area of investigation is shown. The image artefacts are observed very well on the input image, and slightly removed but still
presented on the processed images.

SR processing has been shown to be a powerful tool for digital rock analysis, which has a straightforward,
practical application for rock characterisation. If SRCNN processing is appropriately applied, namely, pre-
training stages are accurately conducted, it has been shown in this study that it can improve low resolution
images to a level comparable to that of high resolution scans. Only a small dataset of the high-resolution

images is required for the training to ensure that the model relies on the real data. Having this ground truth
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dataset can be compared to using the reference standard for calibration. Some research studies demonstrated
that unpaired images could be used to train and apply neural network models. Still, the authors’ position is
that some high-resolution images should always exist for low-resolution datasets to claim that the result can be
reliable and not purely mathematical.

The main practical advantage of applying the proposed method is saving time which is required to scan
large volumes of rocks with high-resolution settings. Only one high-resolution image set is needed to use a
deep learning algorithm to receive quite decent processed images. If the model is trained on a high-resolution
dataset, it can be applied to a large volume of the low-resolution data without re-training. Only image normal-
isation could be required, which is performed easily. In the future, work targeted at SRCNN processing of a
combination of micro-CT images with a focus on the practical application of this method for geosciences will

be continued.

5. Conclusions

This research investigated the application of SRCNN processing techniques to enhance the resolution of
medical micro-CT images of granodiorite rock samples and analysed the processed image quality. The training
dataset consisted of Scanco 10.3-micron and XRadia 10.3- and 5.0-micron image sets. The CNN was trained
by taking 80% of the images from the ground truth scan, leaving 20% for validation. Several SRCNN models
were trained to assess the performance of the 3D U-Net architecture and the influence of different parameters
on the resultant image quality. It was concluded that the best models were those trained on the XRadia 5.0-
micron images, and the training process could be expedited if masking was utilised. Masking assumed using
every fourth slide from the image dataset and reduced the model training time. In turn, augmentation did
not significantly improve the quality of the processed images. However, in the case of models trained only
on the XRadia 10.3-micron images, masked datasets without augmentation demonstrated the worst results of
the processed image quality. It was concluded that augmentation might be necessary for masked datasets of
lower image resolution. Another method to improve the results of the XRadia 10.3 models was to add XRadia
5.0-micron images as a second training dataset.

In this research, it was observed that SR processing improves the image quality not only due to better de-
tection of feature boundaries but also by noise suppression which is especially important for medical images.
This research demonstrated that the quality of the rock images obtained by the medical scanners could success-
fully be improved by SRCNN processing which opens new opportunities for practical implementation of deep

learning techniques for rock analysis.
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7. Data availability

The software used for the research is Dragonfly (Object Research Systems (ORS) Inc.). Object Research

Systems (ORS) Inc. provides researchers with a free academic licence for their software. The licence covers all

modules used in the research. The software can be found at https://www.theobjects.com/company/products.html

The deep learning architectures used for the research are available in the software, all parameters for model

training and the workflow are explained and illustrated in the manuscript.

The datasets used for this research are available here:

https://cloud.rdm.uq.edu.au/index.php/s/RizHetaY4JPLsxE (the password is "Open Access").
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