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Abstract

Variability in the quality of medical images poses a significant challenge to the reliability
of deep learning models employed for medical image analysis and computer-aided diag-
nostic tasks. Ideally, segmentation and classification networks would be trained on clean,
well-curated datasets, but oftentimes real clinical data exhibits degradations caused by
suboptimal acquisition conditions. To investigate the robustness of popular medical imag-
ing models under such conditions, we synthetically corrupt publicly available X-ray and
dermoscopic datasets with degradations based on real-world medical physics and develop
a comprehensive evaluation framework with multiple segmentation and classification ar-
chitectures. In addition, we introduce a corruption-level prediction objective to quantify
models’ ability to infer image quality directly from degraded inputs. Based on the mod-
els’ performance across these tasks, we analyze how different corruption levels influence
performance and how exposure to physics-informed degradations affects generalizability.
Our results demonstrate that models trained with realistic corruption processes exhibit
improved robustness in both segmentation and classification accuracy, while also achieving
reliable prediction of corruption severity.

Keywords: Data augmentation, Deep learning, Dermoscopy, Image quality, Medical
physics, X-ray

1. Introduction

Deep neural networks (DNNs) are commonly employed in modern medical image analysis,
offering strong performance on tasks ranging from disease classification to organ segmen-
tation. The success of such models, however, depends heavily on the quality of the images
that make up their training data (Imran, 2020). Even slight degradations in image quality
can lead to substantial drops in model performance (Sabottke and Spieler, 2020). This is
problematic because real-world clinical data rarely conforms to the perfect conditions im-
plicitly assumed by many training pipelines (Urbaniak, 2024), be that because of patient
motion, outdated equipment, poor operator technique, or some other suboptimal acquisi-
tion parameter. As a result, this mismatch between common training data distributions and
real-world image quality remains a fundamental obstacle that hampers the deployability of
DNN models in clinical practice.

These concerns are particularly pronounced in X-ray imaging. Unlike natural images,
radiographs are acquired through a chain of physical interactions involving the X-ray tube,
patient anatomy, and detector system, each of which impacts the final quality of the image
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Figure 1: The general workflow of our proposed method. First, we subject both X-ray
and dermoscopic images to a series of physics-based corruptions (visualizations shown in
Appendix A and C, respectively.) Next, we generate auxiliary classification labels based on
these corruptions. Finally, we train our segmentation and classification models on a training
set that contains both corrupted and uncorrupted images to predict the desired task label.

in its own way (Tafti and Byerly, 2020). For example, beam energy determines the balance
between contrast and penetration, detector characteristics, shape resolution and noise, focal
spot size and geometric configuration influence sharpness and magnification, and scatter,
collimation, and exposure alter image appearance in clinically impactful ways (Tompe and
Sargar, 2020). While it has long been established that proper acquisition parameters are
crucial for obtaining high-quality medical images, the influence of suboptimal acquisition
parameters on the behavior of modern DNNs is much less known.

In general, data augmentation is one of the most widely used strategies for enhancing
the robustness of DNNs to poor image quality (Mintun et al., 2021). Conventional aug-
mentation pipelines apply simple transformations such as rotations, flips, random crops,
blur, or brightness adjustments. While effective in enhancing the robustness to corruption
in natural images, such methods struggle to capture the physical properties that can intro-
duce quality defects in medical images (Kebaili et al., 2023). Recent work has shown that
incorporating domain-specific knowledge into augmentation strategies can lead to more ro-
bust models compared to standard approaches (Athalye and Arnaout, 2023), but systematic
investigation of physics-based augmentation in medical imaging remains limited.

Addressing this, we systematically explore in this work how physics-based degradations
impact both image quality and DNN performance across various medical imaging tasks.
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Using publicly available chest X-rays and dermoscopic images, we synthetically generate a
variety of realistic, physics-based degradations. We then train and evaluate popular seg-
mentation (U-Net (Ronneberger et al., 2015), Swin-Unet (Cao et al., 2022), SAM (Kirillov
et al., 2023)) and classification (ResNet (He et al., 2016), ConvNeXt (Liu et al., 2022), ViT
(Dosovitskiy, 2020)) networks on both the original and corrupted datasets to assess how
such degradations influence performance. Evaluated tasks include organ and skin lesion
segmentation, classification of lung nodules and skin lesions, and prediction of both image
quality and corruption types. Our contributions are summarized as:

e Custom datasets of high-quality chest radiographs and dermoscopic with corrupted
variants depicting a series of quality degradations inspired by real-world medical
physics.

e Evaluation of the impact these physics-based degradations have on the accuracy and
robustness of deep learning models across various medical imaging tasks.

e A quantitative comparison between the performance of medical imaging models when
trained with traditionally augmented data (blur, noise, brightness) vs. with our
physics-based augmentations.

2. Related Work

Because of the large number of parameters that go into their acquisition, X-ray images are
a natural choice for evaluating medical physics-based approaches. Generative approaches
specifically have shown promise in enhancing the generalizability of medical AT models. For
example, SyntheX (Gao et al., 2023) demonstrated that combining realistically simulated
X-ray images from human models with contemporary domain generalization techniques was
an effective method of teaching ML models to perform reliably on real-world data. This
is reinforced by additional work (Prakash et al., 2025) that demonstrated the use of a la-
tent diffusion model to generate synthetic chest X-rays conditioned on text or segmentation
masks, which were then used as a form of data augmentation to achieve a 15% improvement
on classification tasks, and a 14% improvement on segmentation tasks. Non-generative, but
still physics-based approaches, have also been proven effective. It has been shown that
forward-projecting 3D CT scans to create synthetic X-rays with controlled geometric dis-
tortions improves segmentation performance by 3-15% on real X-rays when these synthetic
images are used as augmentation, outperforming models trained only on the real-world data
(Fok et al., 2024). Other works have simulated specific radiographic artifacts to increase
robustness, such as a realistic pipeline to simulate collimator cut-off and shadows in X-rays
to train models that are unfazed by varying field-of-view restrictions (El-Zein et al., 2023).

Similar synthetic corruption methods have also been used to aid in dermoscopic imag-
ing. EnhanceNet-U (Al Mazed et al., 2025) makes use of synthetic degradation datasets
that model Gaussian noise, brightness/contrast variations, Gaussian blur, and resolution
degradation to better enhance dermoscopic images compared to non-augmented baselines.
Another method, DermaSR-GAN (Branciforti et al., 2025), trained on dermoscopic images
synthetically corrupted with optical aberrations, sensor noise, and JPEG compression ar-
tifacts to improve super-resolution performance. Other work utilized Bézier curves and
conditional GANs to improve dermoscopic imaging via the removal of hair from regions of
interest (Talavera-Martinez et al., 2020).
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As evidenced by the literature, evaluation of synthetically corrupted dermoscopic images
for more standard diagnostic classification or segmentation tasks is underexplored. Also
underexplored is using classification models to predict the type and level of corruption in
X-ray and dermoscopic images. Such predictions could be useful when training generative
models to enhance image quality. In our work, we aim to address these underexplored
challenges.

3. Methods

We propose a rigorous image corruption pipeline (see Fig. 1) that enables evaluation of
model robustness across a variety of downstream tasks. Below, we detail our proposed
approach in full.

3.1. Radiograph Corruptions

We design our radiograph corruptions in a way that exploits common vulnerabilities associ-
ated with the use of X-ray imaging, as identified by (Tompe and Sargar, 2020). Preliminaries
on the physics behind radiograph acquisition which guided our methodology are discussed in
Appendix B. All corruptions were implemented in Python using the NumPy and OpenCV
libraries.

Acquisition Geometry: We simulated corrupted images, I.(z,y), that had been affected
by suboptimal acquisition geometry by synthetically combining various levels of blurring,
magnification, and contrast attenuation. Mathematically, the process we used can be writ-
ten as:

Ic(x7 y) = EA[QMS((I * hU)(xv y)) + (1 - a) I(xa y)] ) (1)
where h, is a Gaussian point spread function (PSF) with standard deviation o o< Uy repre-
senting focal spot blur; M(-) represents the process of isotropically scaling then cropping
back to original dimensions, simulating varying source-image distances (SIDs) and object-
image distances (OIDs); a modulates global contrast to emulate changes in scatter and
detector response; and £y[-] describes mild edge-enhancement operator parameterized by A
to simulate automatic sharpness correction for mild degradation.

Anti-scatter Grid: In order to simulate a misconfigured anti-scatter grid, we considered
scatter contamination, primary signal attenuation, artifacts, and stochastic noise. As a
function, our simulation process here can be described by:

Ie(z,y) = n|(1 = y)I(2,y) + (I * ho)(x, y)} [1—6Go(x,y)] + N(0,07), (2)

where h, is a broad Gaussian kernel modeling the low-frequency scatter field, v controls
the proportion of scatter mixed with the primary signal, n is a multiplicative attenuation
term representing the absorption of photons by the grid, § controls the amplitude of the
artifact, and N'(0,02) represents Gaussian noise due to dose-related signal-to-noise (SNR)
degradation. Gy(z,y) in Equation 2 is calculated as:

Go(z,y) = sin2(2£(x cosf — ysinf)). (3)
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This function encodes the grid artifact pattern on the images with random orientation and
spatial frequency.

Beam Energy and pKV: To simulate too much penetration by beam energy, we induce
a series of contrast compression, scatter-induced blurring, and brightness scaling. We do
this by:

Le(z,y) = B((I(z,y) — Da+I) * he, (4)
where I(z,y) is the normalized, uncorrupted radiograph and [ is its mean intensity.

Collimation: To emulate suboptimal collimation, we synthetically add low-frequency
scatter contamination, reduce contrast, and inject Gaussian noise. The corrupted image
is defined as:

L(z,y) = [(1 = N(z,y) + 7 * he)(2,y)]a + N(0,07). (5)

Detector Performance: The simulation of declining detector performance consists of
three main components: spatial-resolution reduction, modulation transfer function (MTF)
attenuation, and additive noise. These components and how they influence the final cor-
rupted images can be represented by:

Le(z,y) = [FHF(Ry) L (z, ) )MTF(u, v))] + N (0, 07), (6)

where R, denotes resampling, which simulates enlargement of the detector element;
MTF(u, v)

is a Butterworth low-pass filter, and F/F ! denote forward and inverse Fourier transforms.
Together, these variables capture both the fall-off in spatial frequency and stochastic degra-
dation common in underperforming flat-panel detectors.

Focal Spot Size: We simulate realistic variations in focal spot size by modeling the
corrupted image as a combination of geometric unsharpness, attenuated edge response, and
motion blur:

Le(z,y) = [(I * ho)(z,y) = nV2I(z,y)] * My, (7)

where V21 is a Laplacian operation that models reduction in edge definition, and My is a
motion-blur kernel of length L and direction 6, meant to simulate patient movement from
longer exposure.

Tube Current—Exposure Time Product (mAs): To simulate increased mAs due to
a reduced tube current, we corrupt the images as follows:
Ic(xay) = [P(S I(%‘,y)) +N(0702] *ML, (8)

where s is the signal reduction factor simulation photon flux drop; P(-) denotes Poisson
noise, which approximates photon-counting variation; A’(0, 0?) is additive Gaussian noise,
and M7, is a horizontal motion blur kernel of size L.
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3.2. Dermoscopy Corruptions

As with the radiograph corruptions, we design our dermoscopic corruptions in a manner that
exploits common physics-based degradations in dermoscopic image quality, as identified by
(Avanaki et al., 2020). The corruptions were implemented in Python’s NumPy and OpenCV
libraries, are are discussed below.

Blur: Oftentimes in dermoscopy images, blur can arise due to the camera being out of
focus or because of the dermatoscope or skin motion. To simulate this, we do:

I(z,y) = ol * he)(z,y) + (1 — a)(I * My 1(z,y). (9)

For higher severity levels, we also introduce a spatially varying blur field by defining a
radial mask w(z,y) that increases towards the periphery, which reflects degradation from
focal-plane curvature.

Color Reproduction Accuracy: In dermoscopic imaging, color reproduction accuracy
is defined as the differences between the colors directly measured on the skin and the
corresponding colors rendered on the visualization device in CIE AE2000. To corrupt the
dermoscopic images around this fact, we introduce controlled shifts to hue, saturation,
lightness, and channel mixing to simulate deviations between true skin color and device-
rendered appearance. The transformations we employ are expressed:

I. =Thrsv(MIrgB), (10)

where Trgy encodes nonlinear hue and saturation shifts, M represents a linear color trans-
formation to the RGB channels of the original image (IgrgB).

Focal Plane Flatness: To enforce regions with differing sharpness due to curvature or
irregularity in the focal surface, we model the corrupted image as:

Ic(xvy) - (I * ho(x,y) (.’E, y)' (11)

At mild and moderate levels of corruption, o(z,y) follows a radial profile that increases
with normalized distance d(z,y) from the image center, simulating a smoothly curved focal
place with a focused central region. At higher levels of corruption, o(z,y) incorporates a
stochastic component n(z, y) blended with the radial baseline to produce uneven focal zones,
and a locally focused mask reduces blur within a random region to emulate nonuniform lens-
to-skin distance.

Resolution: To model reduced spatial resolution, we first downsample the original image
by a severity-dependent factor r, then upsample back to the original dimensions. Mathe-
matically, the operation is represented as:

where D, (-) reduces the image size by r, and U resotres it to the original resolution via
bilinear interpolation. Doing this emulates loss of fine details associated with the limited
sensor pixel density of optical resolving power.
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Figure 2: Visual comparison of the segmentation performance of physics-based augmenta-
tion vs. standard data augmentation on the JSRT chest x-ray dataset. Acronyms —GB:
Gaussian blur, GN: Gaussian noise, HB: High brightness, LB: Low brightness, AcGe: Ac-
quisition geometry, AnGr: Antiscatter grid, BE: Beam energy, C: Collimation, DP: Detector
performance, F'S: Focal spot, TC: Tube current.
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Figure 3: Visual comparison of the classification performance of physics-based augmenta-
tion vs. standard data augmentation on the JSRT chest x-ray dataset. Acronyms —GB:
Gaussian blur, GN: Gaussian noise, HB: High brightness, LB: Low brightness, AcGe: Ac-
quisition geometry, AnGr: Antiscatter grid, BE: Beam energy, C: Collimation, DP: Detector
performance, F'S: Focal spot, TC: Tube current.
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Table 1: Performance evaluation of the classifiers in predicting corruption severity and type
on the JSRT dataset.

Corruption Severity Prediction

Corruption Severity ResNet-18 ConvNeXt-tiny ViT-bl6

No Corruption 0.5466 0.000 0.0000
Level 1 0.8034 0.9451 0.6850
Level 2 0.8670 0.5289 0.2659
Level 3 0.8797 0.7139 0.2052
Level 4 0.9983 0.6734 0.5434
Overall 0.8190 0.5723 0.3399
Corruption Type Prediction
Corruption Type ResNet-18 ConvNeXt-tiny ViT-bl6
No Corruption 0.5466 0.0000 0.0000
Acquisition Geometry 0.8745 0.7650 0.4750
Antiscatter Grid 1.0000 0.9742 0.5515
Beam Energy 0.9585 0.9594 0.4924
Collimation 0.8654 0.8594 0.3177
Detector Performance 0.2398 0.8594 0.2500
Focal Spot 0.7702 0.2537 0.2780
Tube Current 0.8016 0.9750 0.6100
Overall 0.8445 0.6283 0.3718

4. Experimental Evaluation

4.1. Implementation Details

We validate our proposed approach on the publicly available Standard Digital Image Database
of chest radiographs with and without a lung nodule from the Japanese Society of Radi-
ological Technology (JSRT) (Shiraishi et al., 2000), as well as the 2016 International Skin
Imaging Collaboration (ISIC) Challenge Dataset (Gutman et al., 2016). Additional dataset
details can be found in Appendix D.To evaluate the robustness of medical imaging models
with physics-based image quality degradations, we trained a variety of popular segmentation
and classification models.

For segmentation, we utilized U-Net (Ronneberger et al., 2015) and a successful variant,
Swin-Unet (Cao et al., 2022) to represent segmentation models based on CNNs and trans-
formers, respectively. We also explored the performance of segmentation foundation models
via the use of SAM (Kirillov et al., 2023). For classification, to showcase the performance of
CNN-based methods, we trained ResNet (He et al., 2016) and ConvNeXt (Liu et al., 2022).
To gauge the performance of transformers, we used ViT (Dosovitskiy, 2020).

All classification models as well as the non-SAM segmentation models were trained for
25 epochs. For the experiment with SAM, we trained for just 10 epochs due to the demon-
strated ability of SAM to converge faster than non-foundation models (Ward and Imran,
2025; Ward et al., 2025). The models are trained on an Intel (R) Xeon (R) w7-2475X,
2600MHz machine with a dual NVIDIA A4000X2 GPU (32GB). For the segmentation
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Figure 4: Visual comparison of the segmentation performance of physics-based augmenta-

tion vs. standard data augmentation on the ISIC dermoscopy dataset. Acronyms

—GB:

Gaussian blur, GN: Gaussian noise, HB: High brightness, LB: Low brightness, B: Blur, CR:
Color reproduction, FP: Focal plane, R: Resolution.
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Figure 5: Visual comparison of the classification performance of physics-based augmenta-
tion vs. standard data augmentation on the ISIC dermoscopy dataset. Acronyms —GB:
Gaussian blur, GN: Gaussian noise, HB: High brightness, LB: Low brightness, B: Blur, CR:
Color reproduction, FP: Focal plane, R: Resolution.

tasks, we employ the Dice-Sgrensen coefficient as the evaluation metric. For the classifica-
tion tasks, accuracy is used as the evaluation metric.
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4.2. Results and Discussion

Segmentation Performance: To evaluate the influence of physics-based degradations
on segmentation robustness, we examined the multi-class segmentation performance on the
JSRT dataset of the three segmentation models previously discussed. Figure 2 provides a
visual depiction of the impact of adding corrupted images to the training data compared
to when only uncorrupted images are used in the training set. When no corrupted images
are present, the model achieves average Dice scores of 0.8520 (U-Net), 0.7988 (Swin-Unet),
and 0.9496 (SAM).

As evidenced by Figure 2, the performance of the model generally increases as corrupted
data is added to the training set, even as the corruption level increases. The performance
improvements offered by our physics-based augmentations are most apparent for Swin-Unet,
although that is also the case for the traditional augmentations. The difference between tra-
ditional augmentation and physics-based augmentation is clearer on U-Net and SAM, where
the physics-based augmentation generally outperforms traditional augmentation, particu-
larly on SAM, where three out of four of the traditional augmentations fail even to surpass
the baseline model trained on only uncorrupted images. These results are validated by the
performance of physics-based augmentation vs. traditional methods on the dermoscopic
dataset, whose results are shown in Figure 4.

Classification Performance: Figure 3 shows the performance of ResNet-18, ConvNeXt-
tiny, and ViT-b16 when trained on uncorrupted, traditional, and physics-augmented x-ray
images. Adding corrupted images to the training set boosts the accuracy of the models,
especially for ResNet-18, which performs the best. However, the physics-based augmenta-
tions struggle compared to traditional methods on ConvNeXt-tiny, probably because the
traditional methods’ corruptions are so slight that the model is essentially just being fed
additional training samples it has already seen. Table 1 shows the performance of the clas-
sifiers on the auxiliary classification tasks. ResNet-18 demonstrates strong performance on
both tasks, while ConvNeXt-tiny and ViT-b16 struggle. Our hypothesis for this is that the
latter two models are much bigger than ResNet-18, and they may struggle to converge as
quickly as a result. Figure 5 shows the performance of the classifiers on the ISIC dataset.
Performance is remarkably consistent across all of the experiments, with no clear winner
among the models. The reason for this is the heavy class imbalance, with there being far
more benign samples in the dataset than malignant, so each of the models performs very
well on the benign samples, and very poorly on the malignant ones.

5. Conclusions

In this work, we have systematically evaluated how physics-based image degradations af-
fect the robustness of segmentation foundation models in medical imaging. By generating
synthetic corruptions that mimic real-world variations in image quality across both chest ra-
diographs and dermoscopic images, we have demonstrated that degradation-aware training
can enhance the generalization ability of both segmentation and classification models.

10
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Appendix A. JSRT Dataset Corruptions
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Figure 6: Examples of the physics-based image quality degradations applied to chest ra-
diographs. The first row shows the original high-quality image, followed by four levels of
increasing corruption severity (1-4) for each degradation.
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Figure 7: Example class-wise visualizations from the JSRT dataset, showing both uncor-
rupted and corrupted variants of the images. The corrupted images represent the effects of
the most severe acquisition geometry corruption, arbitrarily selected because it is the most
visually apparent.
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Appendix B. Preliminaries — X-Ray Corruptions
B.1. Physical Properties of X-Ray Radiographs

B.1.1. FUNDAMENTALS

X-ray projection imaging is governed by the Beer—Lambert law, which describes exponential
photon attenuation as X-rays traverse matter:

I(z,y) = Iexp [— / w(z,y, 2) dz] : (13)

where Iy is the incident photon fluence, and p(z,y, z) is the linear attenuation coefficient
of the tissue at location (z,y,z) (Macovski, 1983). Detectors measure the cumulative at-
tenuation along each ray path, forming a two-dimensional projection image. Image quality
depends on multiple physical parameters, including the beam geometry, spectrum, scatter
control, and detector response, which jointly influence the spatial resolution, contrast, and
signal-to-noise ratio (SNR) of the resulting image (Macovski, 1983; Williams et al., 2007).

B.1.2. IMAGING PARAMETERS

Acquisition Geometry: The geometric configuration of an X-ray system determines
the image’s magnification, spatial resolution, and geometric distortion (Schueler, 1998).
Important metrics in the geometry of the system are the object-image distance (OID),
source-image distance (SID), and source-object distance (SOD), which are the distances
between the patient and the image receptor, focal spot and image receptor, and focal spot
and the patient, respectively. The magnification, M, of the image is defined as the quotient
of the SID and SOD:

SID
M= 14
0D’ (14)
while the amount of blur, Bf;, in the image is defined by:
OID
Bfi=F x ——. 15
i=F> 56D (15)

In clinical practice, the goal is to achieve the best balance between these factors to achieve
the best image quality possible.

Anti-scatter Grid: During imaging, X-ray photons undergo Compton scattering within
the patient, producing secondary photons that reach the detector from off-axis directions
(Macovski, 1983). This scatter degrades image contrast by introducing a nearly uniform
background intensity. It can be mitigated via the use of an anti-scatter grid, which prefer-
entially transmits primary radiation and absorbs obliquely scattered photons.

The ability of this grid to reduce scatter is characterized by the grid ratio (R):

h
R=— 16
w? ( )

where h and w are the grid height and width, respectively (Lee et al., 2017). A contrast
improvement factor (CIF), defined by:
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CIF:M% (17)

L+ gsg/dapg Cp’
quantifies the gain in subject contrast achieved by the grid (Carlsson et al., 1986). Here,
C represents contrast, ¢ is a physical quantity, p and s refer to primary and scattered
radiation, and g refers to the grid. Improper alignment of the grid can introduce artifacts
and quantum mottle to the images.

Beam Energy and Peak Kilovoltage (kVp): The beam energy spectrum of an X-ray
system is primarily determined by the applied kVp (Williams et al., 2007; McCollough,
1997). Higher kVp increases photon energy, enhancing tissue penetration but reducing
contrast because the attenuation coefficients of different tissues become similar at higher
energies (Schueler, 1998). Conversely, lower kVp produces stronger differential attenuation
and higher contrast at the expense of dose and noise. In practice, the beam spectrum is
filtered to remove low-energy photons that contribute to dose but not diagnostic signal.
The optimal kVp depends on the anatomical region, balancing penetration, contrast, and
patient exposure.

Collimation: Beam collimation confines the X-ray field to the region of diagnostic inter-
est. By restricting the irradiated area, collimation reduces patient dose and the amount of
scatter reaching the detector (Schueler, 1998). Scatter intensity approximately scales with
the irradiated volume, meaning that tighter collimation also improves contrast-to-noise ratio
(CNR), defined as:

CONR = M,

Oo

(18)

where S4 and Sp are signal intensities for signal producing structures A and B in the region
of interest and o, is the standard deviation of pure image noise (Desai et al., 2010; Timischl,
2015).

Detector Performance: Detectors convert incident X-ray photons into measurable elec-
tronic signals. Such detectors govern both the spatial resolution and noise characteristics
of the image. Achieving the optimal performance of a detector relies on several factors,
including the size of the detector element, the resolution of the detector, and the detector’s
SNR performance (Tompe and Sargar, 2020). Smaller detector elements improve sampling
resolution, but may reduce the photon capture efficiency, which in turn has a detrimental
effect on SNR. Maintaining a high SNR is preferred because it indicates a clearer signal
compared to background noise (Ziabari et al., 2025). The MTF, which can be expressed as
the image contrast values for spatial frequencies over the native object contrast (Gumbrell
et al., 2018), is the primary measure of detector resolution. Higher MTF values at larger
frequencies indicate stronger abilities of the detector to reproduce fine details.

Focal Spot Size: The focal spot is the region on the anode where electrons strike to
produce X-rays. Larger focal spots increase geometric unsharpness and degrade spatial
resolution, while smaller focal spots improve sharpness but limit tube loading capacity, at
the same time increasing susceptibility to motion blur (Schueler, 1998).
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Tube Current—Exposure Time Product (mAs): The mAs product determines the
total number of photons contributing to image formation. The detected signal follows
Poisson statistics, where photon noise variance scales with photon fluence (Hannequin and
Mas, 2002). Reducing mAs decreases radiation dose but increases noise, producing grainier
images. When tube current is limited, longer exposure times may be used to maintain
photon fluence, at the risk of motion blur due to patient movement (Schueler, 1998).
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Appendix C. ISIC Dataset Corruptions
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Figure 8: Examples of the physics-based image quality degradations applied to dermoscopic
images. The first row shows the original high-quality image, followed by four levels of
increasing corruption severity (1-4) for each degradation.
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Benign (Uncorrupted)  Benign (Corrupted) — Malignant (Uncorrupted) — Level 4 (Corrupted)

Figure 9: Example class-wise visualizations from the ISIC dataset, showing both uncor-
rupted and corrupted variants of the images. The corrupted images represent the effects
of the most severe color reproduction corruption, arbitrarily selected because it is the most
visually apparent.
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Appendix D. Additional Data Details

The JSRT dataset contains a total of 247 chest radiographs with expert-labeled annotations
that can be used to train both classification (no lesion, benign lesion, malignant lesion) and
segmentation (heart, left clavicle, left lung, right clavicle, right lung) models. We separate
these radiographs into train/val/test sets using a split of 200/7/40, employing a simple
sequential split for the segmentation task, and a balanced stratified sampling strategy for
the classification task to ensure that each class is represented in each split. The ISIC
2016 dataset contains a total of 1,279 demoscopic lesion images in JPEG format, which
we divided into train/val/test sets using a 895/128/256 split. These dermoscopic images
came with ground truth segmentation masks for the lesions, as well as image-level benign
vs. malignant information.
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