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a b s t r a c t 

We present SIT-SR 3D, a novel self-supervised method for 3D single image super-resolution (SISR). Scaling 

2D SISR networks to 3D SISR requires code redesign, high computing resources, and 3D ground-truth. 

However, we circumvent this by (1) using a pre-trained 2D SISR for indirect supervision and (2) using a 

novel consistency loss to learn frame interpolation. Any pre-trained state of the art 2D SISR method can 

replace the 2D SISR used in SIT-SR 3D, thus transferring the merits of 2D to 3D and ensuring modularity. 

We trained two end-to-end 3D baselines in a supervised setting; a 3D RRDBNet trained only with L1 loss 

and a 3D ESRGAN trained with adversarial and perceptual loss. We show that the proposed pipeline’s 

self-supervised version is qualitatively better than the baselines. When trained in a supervised setting, 

SIT-SR 3D achieves better PSNR than its counterparts. Furthermore, our pipeline uses fewer parameters 

compared to the baselines. We demonstrate our results on an open-source digital rock CT dataset. Our 

code and pre-trained models will be made publicly available. 

© 2023 The Author(s). Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

The future depends on our capacity to minimize the emissions 

f CO2 in the atmosphere while keeping the economy’s wheel in 

otion to reduce poverty and improve the quality of life in de- 

eloping countries. Upcoming technologies such as Carbon diox- 

de Capture and Storage (CCS) and more efficient oil and gas pro- 

uction will play a significant role in achieving carbon neutrality. 

he derivation of rock properties from high-resolution CT images 

Digital Rock) is a disruptive technology in that it can fundamen- 

ally change the way we characterize rocks. High-resolution photos 

an help characterize the properties of rocks and minerals, such 

s porosity, permeability, and flow [1] . Often it is beneficial to en- 

ance or super-resolve a 3D image before usage in other domains, 

.g., medical CT [ 2 , 3 ]. 

Super-resolving a 3D image presents unique challenges com- 

ared to a 2D image because of three prominent reasons. The first 

eason is the lack of high and low-resolution ground-truth image 

airs in 3D. It is often costly and time-consuming to obtain such 

mages. However, recent advances in deep learning [ 4 , 5 ] and single

mage super-resolution (SISR) [6] rely heavily on such paired data, 
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hich is not always available. While 2D image pairs are available 

n abundance, they cannot be used directly to train 3D pipelines. 

Secondly, the advances in 2D image super-resolution techniques 

re not always scalable to 3D images. e.g., a 3D equivalent of 

erceptual loss does not exist to the best of our knowledge [7] . 

imilarly, a 3D version of SRGAN requires a 3D convolutional dis- 

riminator, which adds many training parameters [8] . Some recent 

dvances in 2D SISR have custom operators and layers [9] that 

re not easily adaptable to the 3D domain and require low-level 

ode redesign. Similarly, transfer learning from well-known archi- 

ectures, e.g., ResNet50 [10] is not possible as the state-of-the-art 

ncoders consist of 2D convolution layers. The only option to train 

D variants of deep networks on 3D data is to design from scratch. 

Thirdly, if we design the 3D variants of novel operators from 

he 2D domain by writing custom code, the training cost increases 

ubically with the resolution. For example, the cost of training in- 

reases when enhancing the input size of the 3D convolutional dis- 

riminator in an adversarial setting. Some of the custom loss func- 

ions, such as perceptual loss, need to be applied to individual 2D 

lices of the 3D image and cause additional computation and la- 

ency overhead. To overcome these challenges, we propose an ar- 

hitecture that transfers the benefits of advances in 2D SISR to 3D 

ISR without engineering a 3D version of 2D SISR. We also do not 

equire any paired 3D ground-truth data. 
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Fig. 1. SIT-SR 3D: The architecture of our proposed method. The low-resolution image I ↓ r is upsampled along x , y and z respectively with the pre-trained 2D SISR, as a 

result, the volumes I ↓ r x , I ↓ r y and I ↓ r z are obtained. I x , I y , and I z are the corresponding volumes obtained after the interpolation operation. I x , I y , and I z are passed through 

the Fusion module to get the output volume I. 
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In this work, we present SIT-SR 3D, a novel self-supervised 3D 

olume super-resolution technique. Our architecture is shown in 

ig. 1 . We employ transfer learning by utilizing a 2D SISR model 

rained on 2D feature-rich networks. We use this pre-trained 2D 

ISR to train the 3D SISR model on low-resolution 3D data only. 

e super-resolve the 3D image using this 2D SISR model along 

ach of the three possible dimensions. We obtain the final volume 

y merging the three images using a Fusion module. This slice 

nterpolation network’s weights can be learned in an entirely 

elf-supervised manner or with high-resolution ground-truth, if 

vailable. We introduce a consistency loss to train our method in 

 self-supervised manner. Our pipeline’s self-supervised version 

ompares well to the supervised baseline. We perform ablation 

tudies and also compare the qualitative and quantitative results 

ith multiple baselines. Our key contributions are the following: 

• We present SIT-SR 3D, a novel self-supervised interpolation and 

transfer learning framework for 3D volume super-resolution. 

• Our method can use any pre-trained 2D SISR model with de- 

sired qualities to transfer the merits of 2D SISR to the 3D 

pipeline. 

• We propose a novel consistency loss for training SIT-SR 3D 

without 3D ground-truth. 

• The approach is data-efficient, uses fewer parameters. More- 

over, training converges fast and does not require 3D high- 

resolution ground truth. 

. Related works 

.1. Super resolution 

The advent of convolutional neural networks (CNNs) [4] led 

o applications of deep learning for various computer vision 

roblems. Single image super-resolution (SISR) is one such task 

hat has benefited from the progress in deep learning. Initially, 

ong et al. [11] proposed to perform end-to-end SISR using SR- 

NN. They established state of the art by outperforming con- 

entional methods such as the sparse coding-based method by 

ang et al. [12] . Kim et al. [13] added skip connections and de-

igned a lightweight recursive CNN architecture. Generative ad- 

ersarial networks [14] can produce photo-realistic images but 

re hard to train due to the adversarial nature of training. Ledig 

t al. [15] utilized adversarial training in conjunction with the 

ontent loss to obtain photo-realistic SISR. Lim et al. [16] im- 
98 
roved a ResNet based architecture [10] by removing batch nor- 

alization layers and introduced a multi-scale architecture to 

urther enhance performance. Zhang et al. [17] applied an im- 

roved DenseNet [18] for SISR by removing batch normaliza- 

ion layers, pooling layers, and introduced a global feature 

usion. 

Various super-resolution quality measures have been devel- 

ped, such as peak signal-to-noise ratio (PSNR) and structural 

imilarity index (SSIM). There is no single metric that is con- 

idered better than the other, and both have their merits as 

hown in various work [ 19 , 20 ]. Both of these metrics have their

hortcomings since they do not model human perception. There- 

ore, some works have employed human-based perceptual evalua- 

ion [15] . However, such measures are costly and time-consuming 

o obtain. We can extend state of the art 2D SISR methods 

or 3D images with significant customized code changes. How- 

ver, we propose to utilize 2D SISR without extending them to 

D. 

.2. 3D s uper resolution 

Previous works which super resolve 3D data are of two distinct 

ypes. The first one treats the entire 3D image as a collection of 

D slices and then performs SISR on individual slices. Therefore, 

e can utilize any traditional 2D SISR methods applicable to col- 

red images. However, such methods can only super-resolve a 3D 

mage along two dimensions, and the third dimension is still of 

ower resolution. 3D images contain contextual information in all 

imensions, and we must consider all three dimensions to upsam- 

le such images. There are many examples of using CT data to train 

D SISR networks for super resolving 2D slices of a 3D image in 

oth the medical and digital rock domain [21–23] . 

The other type trains end-to-end 3D networks to super-resolve 

olumes. These methods are more challenging to design; hence 

nly a few works exist, but they provide a complete solution [ 2 , 3 ].

hen et al. [2] proposed mDSCRN for 3D volume super-resolution 

nspired by DenseNet [18] . Peng et al. [3] proposed SAINT and 

emonstrated that mDCSRN suffers from sub-optimal results and 

lso has a higher memory and compute footprint. However, their 

ethod needs ground truth high-resolution data for supervised 

raining. The approach has been applied to medical CT data that 

equires upsampling in one dimension. Therefore, they perform a 

rame interpolation method. However, our data requires upsam- 
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Fig. 2. 2D SISR slices overlap: I ↓ r x , I ↓ r y and I ↓ r z can be superimposed to obtain I xyz . 

The empty regions are missing information that SIT-SR 3D learns. 
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ling in all three dimensions. They do not provide any code for 

omparison. 

. Method 

.1. Problem formulation 

The proposed work provides a solution to 3D volumetric super- 

esolution. We demonstrate our method on 3D CT Images. Consider 

 3D image I → I( x , y , z ) ∈ R X × Y × Z which represents a densely 

ampled CT image. For I, the corresponding sparsely sampled vol- 

me I ↓ r is defined as: 

 ↓ r = I ( r · x, r · y, r · z ) (1) 

here I ↓ r ∈ R 
X×Y×Z 

r , and r is the sparsity factor along the x , y and z

xis from I to I ↓ r and the up-sampling factor from I ↓ r to I . 

Along each axis, there can be three kinds of slices which are 

eferred to as follows: 

• The down sampled slices along x-axis are given as: I ↓ r x = 

I( r · x , y , z ) , ∼ ∀ x . Interpolated version of I ↓ r x is given as I x . 

• The down sampled slices along y-axis are given as: I ↓ r y = 

I( x , r · y , z ) , ∼ ∀ y . Interpolated version of I ↓ r y is given as I y . 

• The down sampled slice along z-axis are given as: I ↓ r z = 

I( x , y , r · z ) , ∼ ∀ z . Interpolated version of I ↓ r z is given as I z . 

The objective of SIT-SR 3D is to find a mapping F : R 

X × Y × Z 
r →

 

X × Y × Z that can convert I ↓ r back to I for a given resolution fac- 

or r . 

.2. Overview of the proposed approach 

Fig. 1 : shows the overview of SIT-SR 3D. The low-resolution im- 

ge I ↓ r is upsampled along x , y , and z respectively, using a pre-

rained SISR network trained on 2D images. After this operation, 

e obtain I ↓ r x , I ↓ r y and I ↓ r z . These anisotropic 3D volumes are 

onverted to isotropic volumes using an interpolation operation. 

fter the interpolation, we obtain the volumes I x , I y , and I z , which

re stacked to form a single volume with three channels. We then 

rocess this volume by a 3D convolution-based 3D EDSR [16] . The 

verage of I x , I y , and I z is also added to the output of the 3D EDSR

o form I . We can supervise the output of 3D EDSR using the high-

esolution ground-truth I GT with L 1 loss to learn how to combine 

 

x , I y and I z . We can also train it in a self-supervised manner using

 

x , I y and I z and a novel consistency loss. One can also combine

oth loss functions to obtain a hybrid loss formulation that pro- 

ides control over the network’s output. We demonstrate results 

ith all three loss function settings. Next, we will describe each of 

he modules in SIT-SR 3D in detail. 

. Single image super-resolution 

This module’s objective is to super-resolve 3D images efficiently 

sing transfer learning based on models trained on 2D single 

mage super-resolution (SISR). The proposed pipeline is modular, 

hich means we can train it with any domain-specific dataset, e.g., 

D CT images, or it can also be trained on colored image datasets 

o learn useful features depending on the objective. Recent work of 

sano et al. [24] demonstrated that a single image contains enough 

nformation to train the initial layers of a neural network given 

nough data augmentation. Our fundamental motivation is to en- 

ble rapid prototyping by selecting any 2D SISR trained on a cus- 

om dataset. 

We process the low-resolution image I ↓ r using a state-of-the- 

rt 2D SISR pipeline. The selection of a 2D SISR pipeline is cru- 

ial for transfer learning and self-supervised learning of the sub- 

equent module, i.e., the Fusion module. The Fusion module relies 
99 
n the pre-trained 2D SISR model in the self-supervised case. We 

se ESRGAN [25] trained on 2D CT images to demonstrate that the 

roperties such as realism and sharpness, inherited from a pre- 

rained 2D SISR, can be transferred to the Fusion module. ESRGAN 

s an encoder-decoder-based architecture trained using L 1 , adver- 

arial and perceptual loss. 

The input image I ↓ r is processed along three axes x , y , and z

sing a pre-trained 2D SISR. Consider the dimensions of I ↓ r given 

y Eq. (2) . 

 ↓ r : c × X × Y × Z (2) 

here c are the number of channels of greyscale or RGB image. 

e need to process I ↓ r along each dimension x , y , and z . However,

D SISR can process images of the form I 2D : B × c × H × W 

nly, where B is the batch size, H and W are the dimensions of 

he 2D image. Therefore, in order to process I ↓ r , we first need to 

ranspose it to obtain three copies I ↓ rcx , I ↓ rcy and I ↓ rcz as shown in

qs. (3) , (4) and (5) . 

 ↓ rcx : X × c × Y × Z (3) 

 ↓ rcy : Y × c × X × Z (4) 

 ↓ rcz : Z × c × X × Y (5) 

e transpose I ↓ r such that the considered axis is along the first 

imension, whereas the remaining axes are on the third and the 

ourth dimension. We then process images I ↓ rcx , I ↓ rcy and I ↓ rcz by 

D SISR by considering the first dimension as the batch size. We 

gain transpose the output of 2D SISR to restore the axes to normal 

or all three inputs. This operation’s output gives us three upsam- 

led anisotropic volumes I ↓ r x , I ↓ r y and I ↓ r z . All three inputs I ↓ rcx , 

 ↓ rcy and I ↓ rcz share the weights of 2D SISR, i.e., we use the same 

etwork for upsampling along axes x , y , and z . 

.1. Anisotropic volume interpolation 

Three anisotropic volumes I ↓ r x , I ↓ r y and I ↓ r z contain unique in- 

ormation. If they are overlayed on each other to fit in a isotropic 

ube, they result in a sparsely populated cube I xyz which contains 

everal empty and filled regions as shown in Fig. 2 . One can treat 

he transformation from I xyz to I as an inpainting problem. How- 

ver, We first interpolate I ↓ r x , I ↓ r y and I ↓ r z to form I x , I y and I z . To

chieve this, we employ a trilinear interpolation operation. The in- 

erpolated volumes, I y and I z are now isotropic and still contain all 

he useful information which was present in I ↓ r x , I ↓ r y and I ↓ r z . We

eed these three volumes to the Fusion module as input. 

.2. Fusion module 

We combine the information contained in the isotropic volumes 

 

x , I y , and I z into a single volume I using the Fusion module. The

usion module’s goal is to learn how to combine this information 
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Fig. 3. Consistency Loss: I x , I y , and I z are compared with I based on L 1 distance. 

This leads to unsupervised training compared to L 1 loss between I and I GT . 
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Fig. 4. 3D EDSR Architecture: We modify EDSR [16] and add 3D convolutional lay- 

ers instead of 2D. This 3D EDSR is the part of the fusion module of our SIT-SR 3D 

model. 

Fig. 5. 3D RRDB: The 3D residual in residual dense block contain 3D convolutional 

layers instead of 2D. We use this as the building block of our 3D RRDB-Net and 3D 

ESRGAN baselines [25] . 
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l

o

n the best possible way. The Fusion module stacks the three inputs 

n the channel dimension such that we obtain a three-channel vol- 

me I stack : 3 ∗c × X × Y × Z . This volume passes through a 3D

onvolutional neural network. We adapt EDSR [16] architecture to 

D for our purposes by converting all operations such as convolu- 

ion and batch normalization to 3D to form 3D EDSR. We also take 

he average of the three input cubes and add it to the output of 

he 3D EDSR as shown in Eq. (6) . 

 avg = 

I x + I y + I z 

3 

(6) 

ote that the input to the 3D EDSR has three channels, whereas 

his module’s output is a 3D volume with a single channel. The in- 

ut and output of the average module is a 3D volume with a sin-

le channel. The Fusion module’s output is I with a single channel, 

hich is the upsampled version of I ↓ r by a factor r . 

.3. Loss function formulation 

We train the Fusion module in a supervised or self-supervised 

anner. We achieve this by employing various loss functions. Next, 

e describe these loss functions in detail. 

.4.1. Supervised training with L 1 loss 

If ground truth paired images are available, Fusion module can 

e trained in a supervised setting by using L 1 loss. We calculate 

he L 1 distance between I and the ground-truth high-resolution 

mage I GT by using the Eq. (7) : 

 1 = ‖ 

I − I GT ‖ 1 (7) 

The L 1 loss has a smoothing effect on the output, which is a 

nown property of L 1 loss [ 15 , 25 ]. If we train 2D SISR on the ad-

ersarial loss, training the Fusion module with L 1 loss alone can 

ead to over smoothing of the output image I . This formulation 

eads to an inadequate transfer of properties of 2D SISR to I , but

his method achieves the highest possible PSNR. This method also 

equires ground truth that is either not available or is expensive to 

btain in medical CT or digital rock domains. 

.4.2. Self-Supervised training with consistency loss 

We propose a unique formulation of loss to transfer the 2D SISR 

roperties to the Fusion model. We call this formulation the con- 

istency loss. The loss is given in Fig. 3 and Eq. (8) : 

 c = ‖ 

I x − I ‖ 1 + ‖ 

I y − I ‖ 1 + ‖ 

I z − I ‖ 1 (8) 

This loss calculates the L 1 distance of I from each of the three 

nterpolated volumes I x , I y and I z . It does not require ground truth 

mage I GT . In our experiments, we note that consistency loss main- 

ains the desirable properties of preceding 2D SISR in the output 

mage I . It can also filter out some high-frequency noise due to the 

 1 nature of the three terms. The resulting image is sharp and also 

as lower noise levels than the real image. This noise filtering is 
100 
n added advantage as CT images often suffer from high-frequency 

oise. 

.4.3. Hybrid loss 

We also propose to use L 1 loss in tandem with consistency loss 

hat allows controlling the quality of the output. We, therefore, in- 

roduce a hybrid loss. The hybrid loss is given in Eq. (9) . 

 〈 = αL 1 + ( 1 − α) L 
 (9) 

The parameter α serves as a tuning parameter that can control 

he contribution of each loss. By changing the parameter α, we can 

btain the desired quality in the output image I . We can set the α
alue closer to 1 to achieve a higher PSNR. On the other hand, if 

he output needs to be closer to the 2D SISR model, a lower value 

an be used. 

. Experiments 

.1. Data 

We utilize the digital rock dataset provided by Wang et al. 

21] since it is the largest dataset available for this study. This 

ork uses the default train, validation, and test split. This dataset 

onsists of paired 2D (12,0 0 0 images) and 3D (30 0 0 images) low

nd high-resolution images of various rock types. We use the in- 

ut (x4 downsampled) and output image pairs for this study while 

sing all rock types they provide. We used the 2D image pairs 

o train 2D ESRGAN while using 3D image pairs to train the 3D 

aselines and the Fusion module in supervised mode. They pro- 

ide low-resolution images by downsampling high-resolution im- 

ges using various downsampling operations such as box, triangle, 

anczos2, lanczos3, and Lanczos. We use this dataset to ensure that 

he model is robust to the type of down-sampling operation used. 

.2. Training and testing details 

We used PyTorch for all our models, and experiments. We uti- 

ize two RTX Titan GPUs for training our models. We build upon 

pen-source Github repositories [ 26 , 27 ]. 
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Fig. 6. Why the Fusion module is necessary? The first slice of cubes I GT , I 
x , I y , I z from all three faces, i.e., xz, xy, and yz, is shown. Only one of the frames for each I x , I y , and 

I z contains sharp details. To form I , all three frames should be super-resolved. The Fusion module helps to combine the best of I x , I y , and I z . 
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.2.1. 2D SR image pipeline 

We train a 2D ESRGAN [25] for the image super-resolution us- 

ng 2D paired images provided by Wang et al. [21] . We modify the

enerator of ESRGAN to have 23 residual blocks. We use a batch 

ize of 16. The image size used for training was 128 × 128. We use 

otation and flipping to augment the training data. We first train 

he generator for 50 epochs with L 1 loss. Then we use the weights 

f this generator to train it further for 15 epochs with adversarial 

nd VGG loss to obtain the final 2D ESRGAN configuration. More 

raining details are in the supplementary section. 

.2.2. Interpolation of anisotropic 3D volumes 

The anisotropic volumes produced after the 2D operation are 

onverted to isotropic volumes using an interpolation operation. 

e used trilinear interpolation for this purpose due to its low 

omputational cost. We also considered the consistency loss vari- 

nt, which works with anisotropic volumes directly without the in- 

erpolation. However, this leads to checkerboard artifacts since the 

etwork is not motivated to learn anything meaningful or spatial 

onsistent in the empty 3D regions. 

.2.3. Fusion module 

Fig. 6 shows the importance of the Fusion module to combine 

 

x , I y and I z to formulate I . We train SIT-SR 3D in three differ-

nt configurations (supervised, self-supervised and hybrid) as de- 

cribed in the method section. We can train the hybrid configu- 

ation with various values of the parameter α. We document the 

esult with α set to 0.5, but in our experiments, we found that this 

arameter can control the output quality. Choosing a high value for 

leads to smooth output and high PSNR, while low values drive 

he results closer to the underlying pipeline’s properties. The train- 

ng converges in about 12 h with a batch size of 2. We use a 3D

DSR architecture for the Fusion module as shown in Fig. 4 . This 

ustom 3D EDSR contains 16 residual blocks. 3D EDSR is the only 

omponent in the Fusion module that needs to be learned. 
101 
.2.4. 3D baseline 

To perform a comparison, we create our own 3D baseline net- 

orks. The baseline of choice is ESRGAN [25] due to its good per- 

ormance in 2D domain. We designed the baseline network by con- 

erting all 2D operations such as convolution, batch normalization, 

tc., into 3D versions. The basic building block of our baselines 

s the 3D residual in residual dense block (3D RRDB) as shown 

n Fig. 5 . Similarly, the 3D version of adversarial loss is obtained 

y converting the 2D convolution-based discriminator model to a 

D convolution-based model. However, a 3D version of VGG loss 

7] does not exist. Therefore, we apply a 2D VGG loss frame by 

rame on the complete 3D volume along all three dimensions such 

hat we obtain three-loss values along each dimension. We take 

he average of the three VGG loss terms to ensure the best possi- 

le training for the network. 

3D ESRGAN uses 3D RRDBNet as the generator architecture. We 

rst train 3D RRDBNet with L 1 loss. We then use this 3D RRDB- 

et as one of the baselines. We train 3D RRDBNet with the L 1 loss

s 3D RRDBNet for reference in the quantitative and qualitative 

esults. We then train the 3D ESRGAN by using weights of pre- 

rained 3D RRDBNet as initial weights. This network formulates the 

econd baseline, and we call it 3D ESRGAN in results. This work 

ses the default test, and train splits provided by [21] . 3D RRDB- 

et was trained with the batch size 6, while we train the 3D ES- 

GAN with the batch size two due to the GPU memory constraint 

aused by an additional discriminator network. The input channel 

ize for both networks was one instead of three due to the train- 

ng set’s greyscale nature. We flip and rotate the training images 

or data augmentation. The size of the high-resolution image used 

or training was 92 3 . 

.3. Quantitative results 

Table 1 summarizes the quantitative results. SIT-SR 3D per- 

orms well in both supervised and self-supervised settings. It out- 
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Fig. 7. This figure shows a visual comparison of different methods. HR, LR indicates high-resolution and low-resolution images. 3D RRDBNet is a 3D convolution-based 

network supervised with L 1 loss. 3D ESRGAN is trained with GAN and VGG loss using pre-trained weights of 3D RRDBNet. SIT-SR 3D is trained in an utterly self-supervised 

setting using only the consistency loss. 
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Fig. 8. Effect of α: This figure shows the ablation study with various values of α in Eq. (9) . The values are 1, 0.5, and 0 for supervised ( L 1 Loss), hybrid, and self-supervised 

(consistency loss) respectively of SIT-SR 3D. 

Table 1 

Quantitative comparison of SIT-SR 3D with 3D baselines. The 

best supervised case is underlined . The self-supervised case 

is shown in bold . We perform all experiments with x4 down- 

sampled image as input. 

Arch Loss Params PSNR (dB) SSIM 

3D RRDBNet L 1 50.05 M 30.84 0.71 

3D ESRGAN GAN 101.15 M 28.41 0.60 

SIT-SR 3D sup L 1 31.44 M 30.98 0.69 

SIT-SR 3D self L c 31.44 M 29.78 0.64 

Table 2 

Effect of α and Average Module: We performed an ablation 

study to see the effect of α and average module on the PSNR 

and SSIM. The value of α is 1, 0.5 and 0. The best supervised 

case is underlined , whereas the best self-supervised case is in 

bold . 

Scale Loss Average Module PSNR (dB) SSIM 

x4 L 1 Yes 30.987 0.6921 

L c Yes 29.789 0.6441 

L h Yes 30.932 0.6846 

L 1 No 30.932 0.6935 

L c No 29.788 0.6440 

L h No 30.90 0.6844 
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erforms the end-to-end 3D learning methods such as 3D RRDBNet 

n purely supervised settings. In the self-supervised setting, it has 

 higher PSNR than the 3D ESRGAN. The number of training pa- 

ameters used by SIT-SR 3D are lesser than both 3D RRDBNet and 

D ESRGAN, demonstrating the merit of this approach. 

.4. Qualitative results 

Fig. 7 shows the qualitative performance of SIT-SR 3D on the 

est set of 3D image pairs provided by Wang et al. [21] . The figure

hows that SIT-SR 3D learns sharp details in the self-supervised 

etting well, and it also transfers the properties of the underly- 

ng 2D ESRGAN to the 3D SISR. The output of SIT-SR 3D is sharper

han the one produced in a wholly supervised 3D RRDBNet (with 

 1 loss). The produced result has less noise and artifact than the 

T data and 3D ESRGAN’s output due to the L 1 loss formulation of 

he consistency loss. Unfortunately, all the slices of the 3D image 

annot be shown here due to presentation constraints. We have 

ttached 3D images in the supplementary with the section and in- 

tructions on how to view them. 

.5. Ablation study 

We performed ablations as shown in Fig. 8 and Table 2 to see 

he effect of α and the average module on the performance of SIT- 

R 3D. The hybrid loss allows us to control the quality of the out- 
103 
ut, i.e., higher α leads to more blurry images with high PSNR re- 

ults, and lower α favors the consistency loss and produces sharper 

esults with lower PSNR. In this work, we only used α value of 0.5, 

hich can be changed based on the required output. We also note 

hat the average module has a relatively small effect on the PSNR, 

ut since it consistently improves PSNR values in all experiments, 

e choose to keep it in the pipeline. 

. Discussion and future work 

We have presented SIT-SR 3D, a modular and efficient network 

or super-resolution of 3D images. The proposed approach learns to 

uper-resolve 3D low-resolution images in a self-supervised man- 

er. We achieved this task by utilizing a 2D SISR pipeline trained 

ith adversarial and VGG loss on 2D image pairs. We applied this 

D SISR along three dimensions of the 3D image to obtain three 

symmetric cubes. We interpolated these anisotropic volumes us- 

ng trilinear interpolation to obtain isotropic volumes. Then these 

ymmetric cubes were fused to form a single cube. The fusion op- 

ration was learned by a 3D CNN using a novel consistency loss. 

he proposed approach outperformed the end-to-end 3D baseline 

hen trained in a supervised manner in quantitative and qualita- 

ive metrics while using fewer parameters. We can use any 2D SISR 

ipeline depending on the desired output characteristics. SIT SR-3D 

s especially useful when 3D ground-truth is not available, but 2D 

round-truth is available. In the case of digital rocks, it is often the 

ase that 3D high-resolution ground truth is not available. We can 

o beyond a particular resolution using backscattered electrons in 

 scanning electron microscope (BSEM) [28] to obtain 2D images. 

e can then train a 2D SISR on 2D SEM images in these scenar- 

os and transfer the knowledge to upsample low-resolution 3D CT 

mages. However, this will be a subject of future study. 
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