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ABSTRACT
In this work, we study data requirements and scaling behavior of super resolution (SR) machine learning networks on computed tomography (CT)
scans of aluminum foam samples. The pipeline consists of pre-training a 3D U-Net model on purely synthetic data and fine-tuning this model on
increasing quantities of real data. Synthetic data is produced by a shallow convolutional neural network (CNN), which learns real CT degradations.
This degraded data is later used for training a 3D U-Net SR network in order to reduce manual alignment labor for training such models. Our
results suggest that only a small fraction of the dataset is required for fine-tuning synthetic models and diminishing returns are observed after a
few pairs. Furthermore, simply increasing the amount of real fine-tuning data does not consistently improve performance across the different data
configurations. These findings indicate that dataset selection may be as important as dataset size when training SR models for CT enhancement.
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1. INTRODUCTION

CT is widely used in industry [1]–[3], archeology [4], cultural
heritage [5], [6], and medicine [7], [8] to obtain detailed insights
into the specimen of interest. CT, however, often suffers from a
limited field of view (FOV) and a trade-off between resolution,
scanning time, and image quality [9].

These limitations can be addressed by SR methods, which
predict a high resolution (HR) image based on a low resolution
(LR) input [10]. In literature, convolutional neural networks like
SRCNN [11], adversarial approaches like SRGAN [12], vision
transformers like SwinIR [13], and diffusion models like LDM
[14] have been proposed over the years. The U-Net architecture
[15] was introduced in 2015 for biomedical image applications and
is still popular today. This is because of reduced data requirements
and high predictive performance due to incorporation of different
image resolutions related to the network. In supervised SR, paired
data is required in order to train a model to learn the mapping
between LR and HR [11]. However, the process of manual volume
alignment on samples from different resolutions in CT is often
expensive and time consuming.

Blind SR is defined as the task of producing a HR prediction
without knowing the image degradation function, and there-
fore addresses this limitation [16]. More specifically, degradation
models are used to create synthetic LR data for SR training. In
literature, degradation models can be subdivided into the categor-
ies of explicit [17]–[21] and implicit [22]–[24] approaches. The
former refer to algorithms that use fixed steps in the process like
down-sampling and blurring, while the latter refer to models that
learn the mapping between input and output implicitly, such as
neural networks. In many works, authors suggest using a simple
degradation process like bicubic down-sampling and Gaussian
blurring followed by a final up-sampling operation [11], [17], [25].
Although efficient and easy to implement, we argue that the de-
gradation in CT image acquisition has to be closely modeled and
has potential to further enhance predictions in terms of image
quality. Some authors use real scans at different resolutions and
register them for SR [26], however, there still exists a lack of de-
gradation methods specifically designed for CT images, which
could have a high potential to further improve realism, efficiency,
and automation. We have compared different degradation meth-
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ods in previous work and found promising results with implicit
degradation approaches [27], which is why we continue to work
on this topic. Synthetic data can provide a realistic LR image for
training SR models, but the image quality of predicted volumes
can still be improved by fine-tuning on real pairs.

Transfer learning is a widely used strategy in machine learning
to adapt a network trained on a source domain to a target do-
main [28]. A common strategy in this field is parameter-sharing
or freezing parameters trained from the source domain. For in-
stance, Yosinski et al. [29] proposed a fine-tuning strategy, in
which the first few layers of the network are frozen while the
deeper layers are reinitialized. The rational behind this approach
is that the earlier layers in a network represent general information
transferable to other domains and tasks. Amiri et al. [30] use a
fine-tuning strategy where shallow layers in a U-Net are retrained
and deeper ones are frozen for magnetic resonance imaging (MRI)
data. Interestingly, they observe that chest x-ray scans perform
better the other way around: freezing shallow weights and retrain-
ing deeper ones. Modern network architectures, such as the vision
transformer (ViT) [31], employ a similar approach of retraining
the last layer and freezing the rest of the transformer weights.
Chen et al. [32] proposed a self-supervised learning paradigm,
in which the pre-trained representations are frozen and the final
multi-layer perceptron (MLP) layer is retrained in a supervised
manner. Analogous to mentioned approaches, we apply a similar
process of freezing earlier layers and retraining later ones.

In this study, we investigate the impact of training SR models
on purely synthetic data and fine-tuning them on different quant-
ities of real pairs. The goal of our work is to empirically discover
scaling behavior in SR for CT data, and to reduce the number
of manually aligned real training pairs. Due to superior perform-
ance of a proposed shallow CNN degradation model from our
previous work, we employ this network and a U-Net as the SR net-
work. The focus of this study is on aspects of data-centric machine
learning [33] rather than architectural model improvements, as
this field is both relevant and underrepresented in literature. The
main contributions of the paper are summarized:

- The effects of pre-training a SR model on synthetic data and

fine-tuning it using real CT-volume pairs are investigated.
- Data-scaling patterns in the fine-tuning of SR models are

empirically analyzed by comparing different dataset config-
urations.

2. METHOD

The proposed workflow consists of three consecutive stages:
(1) degradation model training, (2) synthetic pre-training of the
SR network, and (3) fine-tuning the SR model on real paired data.
A visual summary of the study approach is given in Figure 1.

Firstly, we train a degradation model based on a shallow
CNN network [27], which predicts LR images based on HR
ones. The training set for degradation modeling is defined as
Td = {(H(i)

↓ , L(i))}Nd
i=1, where H(i)

↓ denotes the bicubic down-
sampled HR image and L(i) denotes the corresponding LR
volume of the i-th training pair. In total, there areNd data pairs for
degradation training. In each pair, the first element serves as the
model input, whereas the second element serves as the reference
for loss computation.Td is the training set and the network can be
formulated as the functiond(H(i)

↓ ) = L̂(i), whered is the degrad-
ation network and the input for the model is the down-sampled
HR image. L̂ represents the predicted LR volume from the de-
gradation model. As a loss function for the degradation model,
the learned perceptual image patch similarity (LPIPS) score [34]
is used, which compares similarities between feature maps from
two image inputs. LPIPS is originally implemented using natural
2D RGB images, but can be adapted to grayscale 3D CT images
as well. The loss function from the medical open network for
AI (MONAI) framework [35] is employed, which calculates the
LPIPS on extracted slices of the volume and averages the scores
across all three spatial dimensions. The loss function is defined as

Lossd = LPIPS(L̂(i), L(i)). (1)

Secondly, an adapted 3D U-Net model [36] is used in combina-
tion with the synthesized LR and real HR volumes. A training set

1. Synthetic Degradation Model Training

2. Pre-Train Super Resolution Model on Synthetic Data

Synthetic LR
Prediction

Synthetic LR
(Model Input)

Shallow 3D CNN

3. Fine-Tune U-Net on Real CT Pairs

Real HR (Model
Reference)

Real LR (Model
Input)

Real HR (Model
Reference)

Training Set: 20
Samples

3D U-Net Model

Prediction Higher
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Fine-Tuning 3D U-Net Models
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Models

Training Set: 1
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Training Set: 14
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Figure 1. Overview of the three stages of machine learning experiments used in our work. First, the degradation model is trained using bicubic down-sampled HR and LR
pairs. Secondly, the 3D U-Net is trained with synthetic LR and real HR pairs. Thirdly, the pre-trained network is fine-tuned with different quantities of manually aligned pairs.
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Ts = {(L̂(i)
↑ , H(i))}Ns

i=1 is employed, where L̂(i)
↑ is the bicubic

up-sampled synthetic LR volume on entry i. The model training
can be formulated as s(L̂(i)

↑ ) = Ĥ(i), where s is the SR network
and Ĥ(i) is the predicted sample in higher resolution. This time,
the LR reconstruction serves as the input to the model and the HR
sample as reference. The custom loss function in our method con-
sists of weighted LPIPS and Huber [37] losses. A combined loss
is constructed, because it captures both pixel-based and feature-
based similarities in the volumes. The weights 0.1 and 0.9 were
selected based on empirical experimentation with different para-
meters. The combined loss is formulated as

Losss =0.9× LPIPS(Ĥ(i), H(i))+

0.1× Huber(Ĥ(i), H(i)).
(2)

Thirdly, the trained U-Net model is fine-tuned using different
quantities of real LR-HR pairs in order to observe data scaling
patterns in SR networks. The main focus of our work is the iden-
tification of these patterns in order to minimize the requirements
for manually aligned training pairs, as this process is time consum-
ing and prone to alignment errors. For fine-tuning, we employ a
strategy in which the weights of the encoder blocks of the U-Net
are frozen and the weights from the decoder are retrained. Since
encoder layers are expected to capture general image representa-
tions learned during synthetic pre-training, only decoder layers
are updated. The training set sizes 1, 2, 4, 8, and 14 are evaluated,
with the set sizes increasing exponentially. By increasing the data-
set size exponentially, we emphasize on smaller quantities as they
have the most value for reducing manual labor and computational
costs. To enable a consistent and unbiased comparison of model
performance, each SR experiment uses the same validation and
test sets.

3. EXPERIMENTS

3.1. Datasets

An in-house dataset comprising 32 paired CT-scans from 10
aluminum foam specimen in 30 and 120 μm resolution was ac-
quired using a Procon CT-Alpha system. This device is equipped
with an X-Ray WorX XWT-240-CT source and a PerkinElmer
2048 detector. All scans were performed at a tube voltage of
230 kV using a 0.6mm copper filter and reconstructed as 16-bit
volumetric datasets. A detailed summary of scanning paramet-
ers is given in Table 1. The aluminum foam samples are chosen
because of their porous microstructure and relatively homogen-
eous material properties. In previous work, we investigated more
complex materials, such as human bones [8], and extend on this
by analyzing the impact on more homogeneous structures with
detailed pores.

For training the degradation model, 8 pairs of LR-HR scans,
two pairs for validation and two pairs for the test set are used.
For super resolution training, a data split with 14 training pairs,
three validation and three test pairs are selected. To avoid inform-
ation leakage between degradation learning and SR training, two
disjoint subsets of aluminum foam samples with different pore
structures were used. Across the experiments for SR, all of the
trainings share the same validation set in order to compare the
validation losses effectively across the models.

An overview of the different datasets is given in Table 2. Here,
the Base Real setting represents a 3D U-Net trained only on real
data and serves as a comparison against results from fine-tuned
networks. Base Synth is the model trained purely on synthetic

Table 1. Scanning parameters for CT-acquisition and reconstruction of the alu-
minum foam dataset.

Parameter High Resolution Low Resolution
CT-System Procon CT-Alpha Procon CT-Alpha
Source X-Ray WorX XWT-

240-CT
X-Ray WorX XWT-
240-CT

Detector PerkinElmer 2048 PerkinElmer 2048
Tube voltage 230kV 230kV
Source-object dist.
(SOD)

140mm 390mm

Source-detector
dist. (SDD)

1200mm 400mm

Projections 1440 1040
Detector exposure
time

800ms 800ms

Filter 0.6mm Cu 0.6mm Cu
Voxel size 29μm 119μm

Table 2. Data splits used in the study. The Base Synth model is pre-trained on
synthetic data generated by the degradation model and fine-tuned on different
quantities of real pairs, see Fine 1s to Fine 14s.

Model Train Set Validation Set Test Set
Degradation 8 2 2
Base Synth 14 3 3
Fine 1s 1 3 3
Fine 2s 2 3 3
Fine 4s 4 3 3
Fine 8s 8 3 3
Fine 14s 14 3 3
Base Real 14 3 3

data generated from Degradation and Fine 1s, Fine 2s, Fine 4s,
Fine 8s, and Fine 14s are the configurations for fine-tuning the
Base Synth model.

3.2. Training details

For degradation model training, the entire LR-HR samples are
processed, which have an average dimension of 418× 414× 289
voxels. Here, the HR images are bicubic down-sampled and serve
as input to the model while the real LR samples serve as reference.
The model is trained for 100 epochs with a batch size of one
and 8 sample pairs as train set. The total amount of training
iterations amounts to 800 steps. A learning rate of 0.001 and the
AdamW [38] optimizer are used.

During training the SR models, a pre-processing pipeline is
executed, where first the LR samples are bicubic up-sampled and
a number of 512 sub-volumes of voxel size 128× 128× 128 are
extracted from random positions of the larger volume. These sub-
volumes are augmented with a chance of10%per pair by rotation,
flipping, brightness and contrast adaptions in 3D. The rotation
and flipping operations are utilized from the MONAI framework,
while the brightness and contrast adaptions are implemented in
Python by element-wise multiplication and addition

A(I) = I × c+ b. (3)

The intensity augmentation function A with input image I is
defined as the element-wise multiplication with contrast factor c
and addition with brightness constant b. We use random numbers
for c in interval [0.85; 1.15] and for b in interval [−0.05; 0.05].
The model is trained for 20 epochs with a batch size of three using
all six GPUs in parallel. In total, the training consists of 2389
steps. The learning rate used is 0.001 and the AdamW optimizer
is employed.

The training of the fine-tuning experiments stays almost same
compared to the settings used for the synthetic SR model. We use
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the pre-trained weights from the encoder of the SR U-Net and
retrain the decoder weights. An early stopping strategy is employed
from Pytorch Lightning [39], in which the training run is stopped
if the validation loss does not decrease significantly for four epochs.
A threshold of 0.0001 is defined for the validation loss to count as
improvement. By utilizing early stopping and varying the number
of training steps/epochs, we can easily compare the validation
and test metrics of different models. This is because models with
less data converge faster than those trained with more data, which
often require more training steps.

3.3. Testing details

The testing process of the degradation model consists of using
a down-sampled HR image, which was not seen by the model
during training and applying the pre-trained degradation model.

Similarly for SR testing, a sample pair from the test set is used
to evaluate the model. Due to larger volume dimensions, the pre-
trained model is applied on 128×128×128 sub-volumes, which
are overlapping by25% in a sliding window fashion using theSlid-
ingWindowInferer from MONAI. The predicted sub-volumes
are combined afterwards by weighting the overlapping pixel val-
ues using a Gaussian distribution. Test metrics are calculated on
a 640× 640× 640 voxel center crop extracted from the pairs.

3.4. Image quality assessment

Classic image quality metrics such as peak signal-to-noise ra-
tio (PSNR) and structural similarity (SSIM) [40] are employed.
PSNR calculates a pixel-wise similarity between prediction and
reference image, and can be defined using the mean squared error
(MSE):

MSE(Y, Ŷ ) =
1

n×m× o

m−1∑
i=0

n−1∑
j=0

o−1∑
k=0

(Yi,j,k − Ŷi,j,k)
2

PSNR(Y, Ŷ ) =20× log10(MAXY )−
10× log10(MSE(Y, Ŷ )).

(4)

Here, Y represents the reference image and Ŷ the prediction
with dimensions n × m × o. MAXY is the maximum pixel
value of the reference image. The formulation is adapted from
the PSNRMetric class from MONAI.

SSIM on the other hand takes into account the structural,
brightness and contrast aspects of the two images. It can be defined
as

SSIM(Y, Ŷ ) =
(2µY µŶ + c1)(2σY Ŷ + c2)

(µ2
Y + µ2

Ŷ
+ c1)(σ2

Y + σ2
Ŷ
+ c2)

. (5)

µ denotes the mean pixel and σ the sample variance value. c1
and c2 are small constant values to prevent zero-division issues.

Feature similarity (FSIM) [41] further extends the concepts of
SSIM by focusing on low-level image features, as they represent
the human visual system (HVS) more closely. The phase congru-
ency (PC) and gradient magnitude (GM) from both images are
extracted as main features for FSIM calculation. First, a similarity
between the PC features SPC and then a similarity between GM
features SG is calculated

Table 3. Average image quality metrics of the degradation model on the test set.
Bicubic down-sampling of the HR volume serves as performance baseline. Best
scores are highlighted bold.

Method PSNR ↑ SSIM ↑ FSIM ↑ LPIPS ↓
Bicubic 30.00 0.878 0.976 0.398
Degradation 32.88 0.945 0.984 0.047

SPC(x) =
2PC1(x)× PC2(x) + T1

PC2
1 (x) + PC2

2 (x) + T1

SG(x) =
2G1(x)×G2(x) + T2

G2
1(x) +G2

2(x) + T2

SL(x) = SPC(x)× SG(x)

PCm(x) = max(PC1(x), PC2(x))

FSIM =

∑
x∈Ω SL(x)× PCm(x)∑

x∈Ω PCm(x)
.

(6)

Here, PC1, PC2, G1 and G2 are the PC and GM values from
both images. T1 and T2 represent constant small values for sta-
bilizing the terms. Ω is defined as the image space and x is a pixel
value.

LPIPS is defined as the L2 distance of feature representations
produced by a neural network between two images [34]. The
network is pre-trained on the ImageNet [42] dataset and extracts
abstract features to compare the similarity of two images. The
metric is calculated by the equation

LPIPS =
∑
l

1

HlWl

∑
h,w

∥wl ⊙ (ŷlhw − ŷl0hw)∥22, (7)

where ŷl and ŷl0 denote the feature activations extracted from
a pre-trained network at layer l. Each feature map has spatial
dimensions Hl ×Wl. The vector wl represents learned channel-
wise weights and ⊙ is an element-wise multiplication. LPIPS is
originally designed for 2D images, but can be adapted to 3D as
well. We use the implementation from the MONAI framework,
where 50% of 2D slices in one axis are randomly selected, and
the results from three axis are averaged afterwards to get the final
score.

We report image quality metrics that focus on different im-
age features in order to provide a robust evaluation of machine
learning models.

4. RESULTS AND DISCUSSION

4.1. Degradation model

Table 3 summarizes the image quality metrics obtained on
the test set from the degradation model. Here, we compare the
prediction L̂ from the degradation network with the real LR
images. The learned degradation model produces LR images that
more closely match the real LR distribution compared to simple
bicubic down-sampling, as indicated by improved image similarity
scores.

Figure 2 shows snapshots from slices of the model prediction,
input and reference samples. It can be seen that the predicted
LR samples from the degradation model include structures that
are very similar to those in the real LR images. However, one
limitation of this approach is that occasional duplication artifacts
appear in fine structural regions.
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HR (30μm) Prediction L̂ LR (120μm)

Figure 2. HR input and LR reference used for degradation model training. A zoomed
region of the first row is shown in the second row of images.

Figure 3. The validation loss curves from the fine-tuning runs. Smaller datasets tend
to overfit faster while larger ones require more training steps and early stopping is
triggered later. The validation loss used is our weighted combination of LPIPS and
Huber loss.

4.2. Data efficiency study

In Figure 3, we plot the validation loss curves on double log-
arithmic scales for the fine-tuning experiments. As stated in the
experiments section, we executed every run with the same early
stopping strategy and the validation set stays identical across the
runs. The early stopping strategy is chosen over a fixed number of
epochs/steps because models trained with smaller datasets tend
to overfit faster compared to larger datasets. With early stopping,
every run terminates before overfitting occurs, which is visible in
the plot. Additionally, a general trend can be observed that the
validation loss values decline if the model is fine-tuned with more
data. However, the Fine 4s model shows slightly worse loss values,
which indicates that some pairs can also have a negative impact
on fine-tuning.

Test similarity scores are calculated and visualized as boxplots
in Figure 4. The first entry on the x-axis of the boxplot is a simple
bicubic up-sampling of the real LR sample, which serves as a
baseline for model performance comparison. Average test metric
values are listed in the table on the right side.

The boxplots show that the bicubic baseline performance some-
times improves upon model predictions in terms of SSIM and
LPIPS scores. This is likely due to small misalignments between
the LR-HR pairs and the sensitivity on pixel-wise errors related to
these metrics. However, the table with average test metrics show
that Fine 2s generally yields the best image quality performance.
Across the evaluation metrics for the fine-tuning experiments,

the model trained with four pairs Fine 4s performs slightly worse
compared to models with fewer data pairs, Fine 1s and Fine 2s. A
possible explanation is that when using less samples overall, indi-
vidual training pairs have a comparatively large influence on model
adaptation. Some samples are less representative of the overall data
distribution and may affect the optimization disproportionally,
such that adding further training pairs does not necessarily im-
prove model generalization. In our case, the image quality metrics
indicate diminishing returns after two sample-pairs. Addition-
ally, Base Synth scores similarly in image quality metrics to Base
Real, which further suggests that synthetic LR data already can
produce strong SR predictions in this setting.

Figure 5 shows a qualitative comparison of the SR model pre-
dictions on 2D slices extracted from the reconstructed volumes.
The results highlight the effectiveness of the Synth Base model,
as the model captures a high contrast and sharp edges trained
purely with synthetic data. There are some slight structural dif-
ferences and noise patterns introduced in Fine 1s, but the images
remain relatively similar. The other model predictions observe
minor differences, only slight adaptations to contrast or bright-
ness. Compared to the input LR image, all model predictions
show enhanced sharpness and contrast. The visual results further
suggest that even a purely synthetic training-set or a fine-tuned
model on a small number of real paired samples can significantly
improve the image quality.

5. CONCLUSION AND OUTLOOK

In this work, a three-stage study is applied consisting of de-
gradation model learning, pre-training a SR model with synthetic
degraded data, and fine-tuning it on different amounts of real
data. Within the scope of the investigated aluminum foam data-
set, the results suggest that even without real LR samples, the
model seems to produce a strong baseline for improving the image
quality of CT-data. Additionally, a small number of real training
pairs can further improve the synthetically pre-trained SR model,
thereby reducing the need for manually aligned datasets. Experi-
ments also revealed that increasing the amount of training data
does not necessarily lead to consistent improvements in perform-
ance. This observation suggests that dataset selection may be as
important as dataset size when adapting SR models to real CT
acquisitions.

The limitations of our study are the use of a relatively small in-
house dataset consisting of a single material system and an identical
scanning setup with reduced CT-artefacts. Consequently, the ob-
served data efficiency and fine-tuning behavior may depend on the
structural characteristics of the material, as well as the employed
CT-acquisition setup. Future work will improve the generaliz-
ability of the findings by extending the dataset with different
material systems, CT-artefacts, geometries, and imaging settings.
In addition, data selection and sample importance methods are a
promising direction for further reduction of data requirements
and an improvement of image quality.
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PSNR ↑ SSIM ↑ FSIM ↑ LPIPS ↓
Bicubic 18.56 0.717 0.807 0.901
Base Synth 16.55 0.752 0.781 0.516
Fine 1s 17.35 0.758 0.799 0.406
Fine 2s 18.89 0.796 0.831 0.352
Fine 4s 17.51 0.771 0.822 0.418
Fine 8s 17.74 0.786 0.821 0.421
Fine 14s 18.17 0.796 0.835 0.383
Base Real 17.29 0.777 0.806 0.456

Figure 4. Image quality assessment on the test set. A single boxplot shows the distribution of values across the three pairs and uses Bicubic and Base Real as comparison
to SR predictions and synthetic data. On the right side, average values are shown for a more detailed numerical comparison of results. The best scores per metric are
highlighted bold.

LR (120μm) Synth Base Fine 1s Fine 2s Fine 4s

Fine 8s Fine 14s Base Real HR (30μm)

Figure 5. 2D slices extracted form the reconstructed scans and model predictions.
Second rows depict a zoomed in area of the images in the first row. Synth Base is
the model trained only on synthetic data and is used for fine-tuning. Base Real is
completely trained with real data and serves to compare the fine-tuned models.
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