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A B S T R A C T
Image registration is a process used to align or register multiple images or volumes to facilitate
comparison or combination of the data. In the context of 3D wet and dry images of rock samples,
it is essential to accurately align these images to analyze and utilize the data in various experiments.
These images can be huge and contain minimal corresponding key points in the wet and dry images. A
lack of these key points makes the registration problem extremely difficult. Traditional intensity-based
optimization-based methods for image registration can be slow, while deep learning-based "one shot"
methods fail due to a lack of key points and training data.

We propose a new optimization-based algorithm for image registration of large 3D wet and
dry images of rock samples to address these issues. Our algorithm can handle extreme rotations
of the samples and even complete inversion along horizontal axes. Additionally, it is optimized for
speed while maintaining high accuracy by utilizing a graphical processing unit (GPU). We have
demonstrated that our algorithm can provide a solution in under a minute for samples of size 10003
cube, compared to the several hours of expert time needed by the current industrial practice. We
provide quantitative and qualitative results and compare our algorithm to the solution time of a human
expert.

1. Introduction
Digital rock analysis is a sub-field in the geology field

that involves using advanced imaging techniques to analyze
rocks and other geological materials at a microscopic level.
These techniques allow geologists to study rocks’ internal
structure and composition in great detail, which can provide
valuable insights into the physical and chemical processes
that have shaped the Earth’s crust over time. Digital rock
analysis can be used to study various rocks, including sedi-
mentary, metamorphic, and igneous rocks. It can be applied
to various research areas, including hydrocarbon reservoirs,
environmental geology, and geomechanics. Some of the
main techniques used in digital rock analysis include X-ray
computed tomography (CT), scanning electron microscopy
(SEM), and micro-computerized tomography (micro-CT).

Digital rock analysis often begins with creating an ac-
curate 3D porosity model based on porous media X-ray
images. This model can calculate various physical and fluid
flow properties through image analysis techniques and flow
simulations. This approach can be faster and less destructive
than traditional laboratory measurements. However, when
working with complex porous materials such as reservoir
rocks, it is often necessary to use multiple X-ray images
due to the wide range of pore sizes present in the sample.
Additionally, it is typical for micro-CT images of rocks to
have a significant portion of the percolating porosity below
the resolution limit, making it challenging to model the pore
network accurately Aarnes et al. (2007). Using a dry-wet
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image pair is common to obtain a more accurate porosity
image in such cases. It can explain how the pore network
changes as the rock absorb fluids. Feali et al. (2012); Long
et al. (2013); Bhattad et al. (2014); Ruspini et al. (2021).

In dry-wet imaging, a sample is first scanned using X-
rays while it is dry and then re-scanned after it has been
saturated with a high X-ray attenuation fluid, such as brine.
Comparing the images taken at these two states makes it
possible to create a map showing the porosity level at each
voxel. However, one of the main challenges of this imaging
technique is the need for image registration, which is the
process of aligning the images taken in the dry and wet
states. This procedure is necessary because the wet sample
must be aligned with the dry sample to compare the two
states accurately.

Dry-wet imaging is a powerful technique in digital rock
analysis, but it also presents several challenges in terms of
image registration. The significant differences between the
dry and wet images, as well as the relatively homogeneous
nature of rock images at the texture level, can make it difficult
to use feature point matching techniques for alignment.
Additionally, the large size of 3D images obtained from
micro CT, which can contain billions of voxels and multiple
gigabytes of data, makes it resource-intensive to load and
manipulate these images. This can hinder the performance of
automated registration algorithms and require a significant
amount of expert labor. Improving the image registration
process for digital rock analysis is therefore important for
streamlining the digital rock workflow and reducing the
amount of labor required.

In this work, we aim to address the unique challenges
associated with image registration in dry-wet imaging for
digital rock analysis. Specifically, we recognize that the

Sarmad et al.: Preprint submitted to Elsevier Page 1 of 9



GPU Assisted Fast and Robust 3D Image Registration

significant textural differences between the dry-wet images,
extreme misalignments, and large image sizes can make it
difficult to align these images quickly using traditional tech-
niques. To address these challenges, we propose a solution
based on a GPU-accelerated implementation of an intensity-
based registration algorithm. This approach allows for fast,
robust and accurate image registration in a practical setting.
Our contributions are summarized as follows:

• Our method accurately performs image registration
for dry-wet image pairs of various textures.

• Our algorithm can find a solution in under one minute
by utilizing a graphical processing unit (GPU) for
optimization.

• The algorithm can handle extreme rotation along the
vertical axis of cylindrical samples, as well as inver-
sion along the horizontal axes of the sample.

• Evaluations on various datasets demonstrate our algo-
rithm’s performance. We also compare the method to
a human expert who takes more than one hour for the
same task.

2. Related Work
Common techniques for unimodal images include corre-

lation methods, as described in Pratt (1974). These meth-
ods often require additional cleaning steps to ensure the
success of cross-correlation. Althof et al. (1997) demon-
strated that automatic and fast solutions with reasonable
accuracy can be achieved through correlation-based meth-
ods. For multimodal images, Viola and Wells III (1997)
and Maes et al. (1997) proposed the use of mutual in-
formation, which is more robust to such images. Fourier-
based methods, which work with the Fourier representa-
tion of images, are faster than cross-correlation methods
De Castro and Morandi (1987). Jenkinson and Smith (2001)
focused on the optimization algorithm itself and tailored a
global optimization algorithm specifically for registration.
The choice of similarity measure (e.g., correlation vs mutual
information) is crucial for the success of registration, and
Roche et al. (2000) provided guidance on how to select the
correct measure for the best results. While these methods are
effective, they can require a number of iterations to reach
the final result. In this work, we also utilize optimization-
based methods, but leverage the power of graphical process-
ing units (GPUs) through the use of open-source libraries
Pytorch Paszke et al. (2017) and AIRLab Sandkühler et al.
(2018) for gradient calculation required for optimization.

Deep learning has been a popular choice for solving
many registration problems since convolutional neural net-
works (CNN) have become popular Krizhevsky et al. (2012);
LeCun et al. (1990). Learning-based methods have been
used for every stage of the registration process. Haskins
et al. (2019) propose to learn the similarity metric using a
CNN while keeping the classical optimization process. On
the other hand, Miao et al. (2016) and Chee and Wu (2018)

use a synthetic transform-based data generation method to
train a CNN model that predicts the transformation matrix in
one shot.Liao et al. (2017) utilize a reinforcement learning-
based method to train an agent for robust image registration.
These methods mostly use medical image datasets and are
impressive as they are fast at inference time. However, they
do not work well with our dataset due to the lack of enough
distinguishing features in the dry and wet images. There are
unsupervised approaches for deformable image registration
as well Hu et al. (2018). However, we are limited to rigid
transform. Haskins et al. (2020) and Fu et al. (2020) present
a through survey on learning based approaches.

Image registration is the first step in many problems
where the properties of the rock need to be estimated Knack-
stedt et al. (2004); Arns et al. (2002); Padhy et al. (2007);
Prodanović et al. (2007). Even though the problem of image
registration has been solved in the medical image domain by
many methods, that is not the case for wet and dry image
registration. The seminal work of Latham et al. (2008) uses
a correlation-based method coupled with an optimizer to
perform 3D dry image to wet image registration which is
slow due to the iterative nature of the optimization process.
We bring the time from hours to seconds due to using a
graphical processing unit (GPU).

Our work is based on the open-source librarry AIRLab
Sandkühler et al. (2018). However, other toolboxes are also
available, e.g. ITK Yoo et al. (2002), Elastix Klein et al.
(2009), and ANTs Avants et al. (2011). However, these
toolboxes and libraries do not utilise the GPU transparently
and efficiently as AIRlab. Therefore, prototyping in these
methods is time-consuming and error-prone, which can be
problematic in an industrial setting. For a detailed review of
other toolboxes available for the task of registration, we refer
to Keszei et al. (2017).

3. Method
In this section, we provide the detailed working of our

registration algorithm. The problem overview is shown in
Fig. 1. We solve the problem of Dry-Wet Image registration.
Consider a dry image 𝐼𝑚𝐷𝑟𝑦. This image is a micro CT scan
of a rock sample. This sample can then be imbibed with
liquid, e.g. brine or mercury, to obtain a wet image 𝐼𝑚𝑊 𝑒𝑡 of
the same rock sample. The injection of liquid in this sample
changes the visual characteristics of this sample to a large
extent under a micro CT. This phenomenon can be seen in
the figure.

Fig. 1 shows a perfectly registered dry and wet image
pair as the output of the registration process on the right
side of the image. A close examination of the registered
images reveals that the regions in the Dry-Wet image pair
that correspond well are sparse. Secondly, the regions that
correspond to each other in both samples reside in different
colour spaces. This input setting can lead to a problem
for intensity-based methods since they rely on these visual
cues to determine a feasible solution through optimization.
Therefore, we utilize pre-processing steps before registration
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Figure 1: We solve the problem of Dry-Wet rock Image registration. Our Registration Method (Blue box) can register Image pairs
efficiently and accurately. In this figure, the Fixed 3D Image is the Dry Image, whereas the Moving 3D Image is the Wet Image.
The registration method finds the transformation required to warp the Moving 3D image to register it to the Fixed 3D Image.

to ensure that the optimization-based registration algorithm
works robustly. The pre-processing steps are gives as fol-
lows:
Color Inversion and Histogram Matching We observe
from Fig. 1 that the wet image and dry image correspond
with each other. However, the colours seem inverted. There-
fore, we invert the colours of the wet image to ensure that it
corresponds well with the dry image. We note that a simple
inversion of the images is not sufficient. The histogram of the
wet-dry image pair must be matched prior to the execution of
the registration algorithm. The raw images from the CT scan
are provided in a 16-bit unsigned raw format. This format
means that the possible values can range from 0 to 65535.
Metallic regions with a high atomic number have high pixel
values associated with them in the 3D image, whereas the
material with a low atomic number has a lower value. In
the case of the rock sample of concern, metal objects often
shine very bright and distort the colour of the remaining
vital regions, such as pores and solids in the rock samples.
Therefore to get the best possible match between the dry-wet
images, we match the histogram of the wet image to the dry
image.

Table 1 shows a thorough comparison between dry and
wet images before and after the operation of colour inver-
sion and histogram matching. This comparison has been
performed on all datasets used in this work. The details of
each dataset will be provided in the experiment section. It
can be seen that the colour shift between dry-wet pairs is
a colour inversion in all cases. The matching regions are
made more prominent after an inversion of colours. We
always perform this procedure for the Wet image only. After
the inversion, the results of this operation are shown in the
column ‘Inverted W’ in Table 1. It can be seen that in the
row ‘ST C14’, the ‘Wet Image (W)’ seems washed out after
inversion. This is because of the metallic regions (white

Figure 2: Deadzone: A microCT image of a sample contains
dead-zones of variable length due to padding material placed
at the end to hold sample in place.

spots) in the ‘Dry Image (D)’. Therefore, we apply histogram
matching to solve this problem. After applying histogram
matching, we observed that the ‘Histogram Matched (W)’
image corresponds well with the ‘Dry Image (D)’.
Dead Zones A special consideration for image registration
in digital rock analysis is the existence of so-called ‘dead
zones’ as shown in Fig. 2. These exist since the cylindrical
sample is padded on top and bottom before putting the
sample inside a CT scan. This extra padding leads to blank
regions included in the final image. These regions must be
considered to ensure that they do not negatively affect the
automatic registration process.
Extreme Transformation Another aspect that makes our
problem different from typical 3D image registration is the
characteristic of the transformation. The transformation is a
similarity transformation in nature. This setting means that
there are nine elements in the transformation. These include
translation, rotation and scaling for their respective axes. Of
particular importance are the rotations as shown in Fig. 3.
Along z-axis, this rotation can be ±180 ◦ Since the wet
sample can be placed at any angle. The second important
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Table 1
Image Samples from each of the dataset used have been shown in this table. The Dry Image (D) and Wet Image (W) do not
correspond with eachother. The Colors of Wet Image are inverted and shown in Column ’Inverted W’. The Inverted W image’s
histogram is matched to Dry Image (D) to create ’Histogram Matched W’ Image.

Dataset
Image

Dry Image (D) Wet Image (W) Inverted W Histogram Matched W

Wang et al. (2021)

ST C14

Spurin et al. (2021)

Figure 3: Extreme Rotation: A microCT image of a wet and
dry sample are shown. Note that The wet sample can have
extreme rotation of ±180◦ along z-axis and a 180◦ inversion
around the x or y axes.

aspect is the possible inversion of the sample along the x or
y axes. This means that a 180◦ inversion of the sample is also
possible.
3.1. Registration Algorithm

After the pre-processing steps mentioned before, the
samples are ready for registration. We use the normalized
cross correlation between the dry and wet image to find
the perfect matching. The details are given in algorithm

1. We utilize the similarity transformation along with the
normalized cross-correlation similarity objective which is
given as follows:

NCC ∶=
∑

𝐼𝑚𝐷𝑟𝑦 ⋅ (𝐼𝑚𝑊 𝑒𝑡◦𝑓 ) −
∑E(𝐼𝑚𝐷𝑟𝑦)E(𝐼𝑚𝑊 𝑒𝑡◦𝑓 )

|| ⋅
∑Var(𝐼𝑚𝐷𝑟𝑦)Var(𝐼𝑚𝑊 𝑒𝑡◦𝑓 )

(1)
The sum in the above mentioned equation is over over the

image domain  , E is the expectation value (or mean) and
Var is the variance of the respective image. The registration
algorithm aims to find the best match between the two 3D
images. For the scope of this work, the dry and we image
can contain translation of about 40 pixels in the x and y axes.
Only 5 pixels in the z axis. A uniform scaling factor of 0.95 to
1.05 can also be present along any of the three axes. Rotation
along x-axis and y axis can be about ± 5◦. If the samples
are inverted about x-axis or y-axis, the rotation can still be
about ±5◦. The rotation along z axis can be a ±180◦. We
design our method to be suitable for the worst case scenario.
It assumes two worst case scenarios i.e. it contains a rotation
of ±180◦ about the z axis and the second is that the sample
to be registered is inverted about the x or y axis as shown in
Fig. 3.
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Algorithm 1: How to write algorithms
𝐿𝑏𝑒𝑠𝑡 = ∞ ;
𝛿𝜃 = 20 deg ;
𝑆𝑏𝑒𝑠𝑡 = 0 ;
𝐼𝑡𝑒𝑟𝑖𝑛𝑖𝑡 = 25 ;
𝐼𝑡𝑒𝑟𝑓𝑖𝑛𝑎𝑙 = 100 ;
𝐿𝑟𝑖𝑛𝑖𝑡 = 0.01 ;
𝐿𝑟𝑓𝑖𝑛𝑎𝑙 = 0.0005
𝐼𝑚𝐷𝑟𝑦𝑎𝑛𝑑 ̃𝐼𝑚𝑊 𝑒𝑡 ;
𝐿, 𝑆𝑗 = 𝐿𝑜𝑐𝑎𝑙𝑅𝑒𝑔𝑖𝑠𝑡𝑟𝑎𝑡𝑖𝑜𝑛(𝐹𝐼𝑛𝑣𝑒𝑟𝑡 = 𝐹𝑎𝑙𝑠𝑒);
𝐿̃, 𝑆̃𝑗 = 𝐿𝑜𝑐𝑎𝑙𝑅𝑒𝑔𝑖𝑠𝑡𝑟𝑎𝑡𝑖𝑜𝑛(𝐹𝐼𝑛𝑣𝑒𝑟𝑡 = 𝑇 𝑟𝑢𝑒)
if 𝐿 ≦ 𝐿̃ then

𝐿𝑏𝑒𝑠𝑡 = 𝐿;
𝑆𝑏𝑒𝑠𝑡 = 𝑆𝑗 ;

else
𝐿𝑏𝑒𝑠𝑡 = 𝐿̃;
𝑆𝑏𝑒𝑠𝑡 = 𝑆̃𝑗 ;

end
Rotate ̃𝐼𝑚𝑤𝑒𝑡 by 𝛿𝜃 × 𝑆𝑏𝑒𝑠𝑡 along z-axis ;
𝐿𝑜𝑠𝑠𝑁𝐶𝐶 ;
Optimizer(𝐿𝑟𝑓𝑖𝑛𝑎𝑙);
Similarity Transformation Registration(𝐼𝑡𝑒𝑟𝑓𝑖𝑛𝑎𝑙);
Function 𝐿𝑏𝑒𝑠𝑡, 𝑆𝑏𝑒𝑠𝑡 =

LocalRegistration(𝐹𝐼𝑛𝑣𝑒𝑟𝑡):
𝐿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 0
𝑆𝑗 = 0
for 𝑆𝑗 ≦

360
𝛿𝜃

do
Rotate ̃𝐼𝑚𝑤𝑒𝑡 by 𝛿𝜃 × 𝑆𝑗 along z-axis ;
𝐿𝑜𝑠𝑠𝑁𝐶𝐶 ;
Optimizer(𝐿𝑟𝑖𝑛𝑖𝑡);Rigid Transformation Registration(𝐼𝑡𝑒𝑟𝑖𝑛𝑖𝑡);Update 𝐿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ;
if 𝐿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 is less than 𝐿𝑏𝑒𝑠𝑡 then

𝐿𝑏𝑒𝑠𝑡 ⟵ 𝐿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ;
𝑆𝑏𝑒𝑠𝑡 ⟵ 𝑆𝑗 ;

else
pass;

end
𝑆𝑗 = 𝑆𝑗 + 1

end

Sector Search For Rotation about Vertical Axis We
first describe how to deal with the first scenario i.e. rotation
about the z axis. . This scenario can occur if the operator
places the sample after rotating it in the CT chamber for
obtaining the Wet image. The rotation about the z-axis can be
determined by the NCC loss based optimization. However,
we notice that if the rotation in the z-axis is more than ±
10◦ then the algorithm starts to fail. Therefore we propose a
localized registration check, where we divide the image to be
registered into sectors. The chunk of each sector corresponds
to a angle 𝛿𝜃 . We set this angle empirically to a value that
does not break the algorithm. We then check all sectors until
a 360◦ rotation is complete about the z axis. We also log the

scores of matching of each sector using the NCC loss. At
the end of this process, we get a best sector. We use the best
sector ID to rotate the image to be registered to the best sector
for a more fine registration for 𝐼𝑡𝑒𝑟𝑓𝑖𝑛𝑎𝑙 iteration. Note that
since this is an initial step therefore we do not perform a lot of
iteration and only use 𝐼𝑡𝑒𝑟𝑖𝑛𝑖𝑡. Where as in the final iteration
step we use 𝐼𝑡𝑒𝑟𝑓𝑖𝑛𝑎𝑙 such that 𝐼𝑡𝑒𝑟𝑖𝑛𝑖𝑡 are significantly less
than 𝐼𝑡𝑒𝑟𝑓𝑖𝑛𝑎𝑙. We call this step a ’sector search’.
Sector Search Inversion about Horizontal Axis The
second extreme scenario is that the image to be registered
is inverted along the horizontal axis (i.e. x or y axis). This
scenario can occur if the operator places the sample upside
down in the CT chamber for obtaining the Wet image. To
handle this we first perform sector search without invert-
ing the image to be registered and log the best loss value
achieved. Later we perform a sector search after inverting
the image to be registered and again log the best loss. Finally
we compare the loss value achieved by both the inverted and
original sector search to determine the correct sector and if
inversion is needed or not.

Once the registered image is catered for extreme ro-
tations. We perform a final set of iterations 𝐼𝑡𝑒𝑟𝑓𝑖𝑛𝑎𝑙 to
find all elements of the similarity transformation namely 3
translation, 3 rotations and 3 scaling factors. The detailed
steps of our method are given in the algorithm 1. Please note
that 𝐿𝑏𝑒𝑠𝑡 is the best loss value achieved, 𝛿𝜃 is the angle in
degree that , 𝑆𝑏𝑒𝑠𝑡 is the best sector, 𝐼𝑡𝑒𝑟𝑖𝑛𝑖𝑡 are the initial
iterations used for sector search and inversion, 𝐿𝑟 is the
learning rate used for optimization algorithm.

4. Experiments and Results
4.1. Open Source Libraries

We utilize AIRLab Sandkühler et al. (2018) for the reg-
istration algorithm. It allows for fast prototyping and utiliza-
tion of GPUs since it utilizes Pytorch Paszke et al. (2017).
Our program’s execution is finished in under a minute due
to the utilization of GPU. We also use Pytorch Paszke et al.
(2017) and MONAI Consortium (2020) libraries for creating
transformations in the dataloader on the moving Image for
validation of our approach.
4.2. Dataset

This work considers various types of dry and wet 3D
images of rocks. We use two open-source datasets freely
available from Wang et al. (2021) and Spurin et al. (2021).
In addition, we utilize an in-house dataset of rock samples
which we call the ST C14 dataset. The dimensions of images
in these datasets are shown in the Table. 2. All samples are
imbibed with fluids such as water or brine to obtain the wet
image. For each sample, we have two perfectly registered dry
and wet 3D image pairs of the same dimension.

Table Table. 1 shows the detailed pre-processing steps
for images. As shown in the Table, we only process the
Wet Image by first inverting the colour of the Wet Image.
However, this is not enough, and we additionally perform
Histogram matching by matching the histogram of the Wet
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Table 2
DataSet: Dimensions (in Pixels) and Properties Of the Dataset
used

Data-set x y z
Wang et al. (2021) 630 630 1087
ST C14 1300 1300 2500
Spurin et al. (2021) 445 445 445

Image with the Dry Image. The corresponding image is
shown in the column ‘Histogram Matched W’.
4.3. Dataset Generation for Evaluation

To evaluate the effectiveness of our algorithm, we need
to create many possible combinations of three translations,
three rotations and one scaling. Please note that the three
rotations about x and y can include a possible inversion of
the image. At the same time, the rotation about the z-axis
can be a 360-degree rotation. We use the three perfectly
registered samples in our dataset and transform the wet
image randomly on the fly using the a custom Pytorch data
loader Paszke et al. (2017). This provides us with a large
number of transformations to evaluate our dataset. We limit
the randomly generated data transformations to 200 for each
of the three datasets.
Padding Requirement: Padding the moving image is es-
sential before transforming the image with the data loader
since every transformation causes some amount of image
information loss near the image border. The padding require-
ment for synthetic translation and scaling is linearly related
to each parameter’s value. However, a unique challenge
from a rotation can be observed in Fig. 4a. Consider an
original image as shown in red lines. Upon rotation, the
image becomes an image shown in yellow lines. However,
the image we can utilize after rotation is in green lines due to
information loss due to rotation. This image is smaller than
the intended size of the image. In order to get an image of
the size shown in red lines. We need to start with an image
of the size shown in blue lines.

Consider the Fig. 4b, where the image with red lines of
size 𝑥 has been rotated by 45; then we can extract the image
with blue lines of size ℎ from this square. It can be seen that
when we rotate an image by a certain angle, some parts of
the image are permanently lost due to the rotation operation.
Therefore, we must calculate the padding value 𝑝 needed to
add to the original image of size ℎ such that when starting
with an image of size 𝑥 = ℎ + 𝑝, we obtain a rotated image
which can be cropped by 𝑝 to obtain a final image of size ℎ
such that no loss of information occurs. The calculation of
this pad factor 𝑝 will be maximum when 𝜃 is 45◦ as shown
in Fig. 4b. It can be seen that ℎ = 𝑥 ∗ sin (45◦). Then since
𝑥 = ℎ + 𝑝, the pad factor 𝑝 can be given as follows:

𝑝 = ℎ × ( 1
sin (45◦)

− 1) (2)

(a) Why padding is needed? (b) Padding factor
Figure 4: Fig.4a demonstrates that loss of image information
occurs due to rotation. Fig.4b shows how to derive a padding
factor 𝑝 such that starting from image of size 𝑥 = ℎ + 𝑝 we
obtain ℎ after cropping with 𝑝 without loss of any information

To scale this value to be dynamic from 0◦ to 45◦. We use
a scale factor based on the angle 𝜃 as follows:

𝑝 = ℎ × ( 1
sin (45◦)

− 1) × sin (2𝜃) (3)

4.4. Metric
We use the root mean square error (RMSE) metric be-

tween the ground truth and the predicted transformations to
report our algorithm’s performance in registering various
dry and wet rock images on the dataset. The formula of
RMSE is

√

1
𝑛
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦𝑖)2.
4.5. Quantitative Results

We used the synthetic data described in the previous
section to generate various transformations, including ex-
treme transformations such as rotation about the z-axis and
complete inversion about the x-axis and y-axis. We com-
pare each transformation prediction’s root mean square er-
ror (RMSE) and ground truth transformation. We use 200
random transformations for each rock dataset to find the
predicted transformation parameters for the registration task.
The results in Table 4 demonstrate the RMSE value for each
transformation quantity. It can be noted that ST C14 is a
relatively tricky sample. It is not surprising, as it can be seen
from Table 1 that ST C14 contains fewer correspondences
and therefore is naturally a complex sample to register. From
the table, it can be observed that our algorithm performs
robustly. This method is robust enough to be deployed in the
industry to solve the registration of wet and dry images.
4.6. Qualitative Results

Table 3 shows the qualitative results of our method. It
should be noted that both qualitative and quantitative values
for each example are given. This gives a good idea of real-
term performance. e.g. note that for ST C14, the error seems
more significant for specific transformation parameters com-
pared to the rest of the samples from other data set. However,
visual inspection reveals that the results are very accurate in
reality.
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Table 3
The performance of our method on image samples from each dataset is shown in the table. The algorithm calculates the
transformation needed to warp the ’Moving Image’ and align it with the ’Fixed Image’. The table compares the warped moving
image with the ’Ground Truth (GT) Moving Image’ and displays the quantitative parameters of the transformation: translation
in x, y, and z in pixels (Trans X, Trans Y, Trans Z), rotation in x, y, and z respectively in degrees (Angle X, Angle Y, Angle Z),
and scaling in x, y, and z respectively (Scale X, Scale Y, Scale Z).

Dataset
Image

Fixed Image Moving Image Warped Moving Image GT Moving Image Parameter Prediction Ground Truth

Aarnes et al. (2007)

Trans X : -27.73 -28.00
Trans Y : 1.04 1.00
Trans Z : -16.20 -16.00
Angle X : -4.83 -4.82
Angle Y : 177.09 177.06
Angle Z : 80.91 80.88
Scale X : 1.05 1.04
Scale Y : 1.05 1.04
Scale Z : 1.04 1.04
Trans X : 10.22 10.00
Trans Y : -27.92 -28.00
Trans Z : -16.92 -17.00
Angle X : -1.93 -1.93
Angle Y : 1.15 1.13
Angle Z : -57.06 -57.00
Scale X : 1.03 1.02
Scale Y : 1.03 1.02
Scale Z : 1.03 1.02
Trans X : 27.89 28.00
Trans Y : -12.35 -12.0
Trans Z : 3.15 3.00
Angle X : -4.74 -4.74
Angle Y : -3.36 -3.36
Angle Z : 162.23 162.23
Scale X : 1.02 1.02
Scale Y : 1.02 1.02
Scale Z : 1.03 1.02

Aarnes et al. (2007)

Trans X : -6.10 -5.00
Trans Y : 3.80 3.00
Trans Z : -9.88 -10.00
Angle X : -3.34 -4.38
Angle Y : 0.16 -0.78
Angle Z : 93.23 94.17
Scale X : 1.08 0.97
Scale Y : 1.01 0.97
Scale Z : 1.00 0.97
Trans X : -4.49 -3.00
Trans Y : -0.50 -1.00
Trans Z : 2.06 3.00
Angle X : -0.69 -1.59
Angle Y : 179.69 178.57
Angle Z : -90.27 -87.77
Scale X : 1.03 1.00
Scale Y : 1.07 1.00
Scale Z : 1.14 1.00
Trans X : -7.92435 -10.0
Trans Y : 10.66 11.00
Trans Z : -2.86 -2.00
Angle X : 3.33 3.94
Angle Y : 0.34 0.85
Angle Z : -7.11 -7.87
Scale X : 1.00 0.98
Scale Y : 1.00 0.98
Scale Z : 1.03 0.98

Aarnes et al. (2007)

Trans X : -10.71 -10.00
Trans Y : -8.17 -9.00
Trans Z : 9.45 10.00
Angle X : 2.70 2.23
Angle Y : 184.28 184.14
Angle Z : -35.39 -35.77
Scale X : 1.06 0.99
Scale Y : 1.02 0.99
Scale Z : 1.02 0.99
Trans X : -13.29754 -13.0
Trans Y : -16.31 -16.00
Trans Z : -5.65 -6.00
Angle X : -1.14 -1.76
Angle Y : -1.25 -1.75
Angle Z : 128.61 128.53
Scale X : 1.02 0.98
Scale Y : 0.98 0.98
Scale Z : 0.99 0.98
Trans X : 0.70478 1.0
Trans Y : 1.92 2.00
Trans Z : 10.57 11.00
Angle X : -2.82 -2.83
Angle Y : 4.28 4.44
Angle Z : -20.30 -20.25
Scale X : 0.97 0.96
Scale Y : 0.97 0.96
Scale Z : 0.97 0.96
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Table 4
Root mean square error (RMSE) of the Registration Algorithm

Dataset
Error Angle x Angle y Anlge z Translation x Translation y Translation z Scale x Scale y Scale z

Wang et al. (2021) 0.989 0.473 0.432 0.876 0.415 0.670 0.016 0.030 0.046
ST C14 1.411 1.201 1.297 1.501 1.136 1.826 0.102 0.075 0.051
Spurin et al. (2021) 0.345 0.337 0.466 0.429 0.218 0.179 0.039 0.017 0.014

Figure 5: The trade-off between Computational time (sec) vs
Registration Error (RMSE) and the Number of Optimization
Steps is shown in the figure.

4.7. Timing and Efficiency Analysis
Computational Time We compare the effect of steps in the
optimization algorithm in the form of a scatter plot. From
the scatter plot in Fig. 5, we can observe that increasing the
number of optimization steps generally leads to a better reg-
istration error up to a certain point, whereas the computation
times needed also increases. This experiment was performed
for the dataset provided by Wang et al. (2021) et al.. For
each data point in the figure, the average RMSE is calculated
for all transformation parameters (translation, rotations and
scalings) and multiple runs (50 runs). Using multiple runs
ensures that noisy data points are removed.
Human Expert Time Comparison: We compare the
speed of our method with those of a human expert in terms
of time. The human performance data was only available
for ST C14 dataset. Our method takes under 1 minute for
most examples. On the other hand, the human expert uses a
combination of manual labour and expert tools to achieve the
task in 120 minutes. It is also pertinent to note that the human
expert performed this transformation for just one case. It was
relatively easy, as no inversion of the sample was present in
the unregistered image.

5. Conclusion
In this work, we have presented an algorithm for fast and

accurate registration of 3D dry and wet digital rock images.
We have used a cross-correlation-based optimization pro-
cess for this task. The process of 3D registration based on op-
timization is considered slow and usually shunned in many
cases due to the advent of one-shot methods. However, one-
shot methods either do not provide a robust enough solution
or sometimes do not provide a solution at all. Therefore, this
work demonstrated that the optimization process could be
sped up considerably using GPU. In addition, we provide an
algorithm that is robust enough to ensure the high accuracy
of the registration solution. We demonstrate the effectiveness
of our results under plausible industrial scenarios, such as
extreme rotation along the vertical axis and inversion of the
sample.
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