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 a b s t r a c t

Photographic imaging is a vital tool for cancer detection and screening, enabling non-invasive visualization of 
abnormal tissues and early-stage malignancies. It is particularly effective for detecting and screening cancers 
that are visually accessible, such as skin, oral, cervical, and certain gastrointestinal cancers. Techniques such 
as dermoscopy, intraoral imaging, and endoscopy leverage high-resolution photographic methods to capture 
detailed views of body tissues. A key advantage of photographic imaging lies in its simplicity and the feasibil-
ity of constructing compact, low-cost systems, making it especially well-suited for large-scale cancer screening 
programs. However, this streamlined approach can lead to variability in image quality due to factors such as 
lighting conditions, focus, and operator handling. These inconsistencies pose challenges for AI-based diagnostic 
systems, where AI model performance can be highly sensitive to input variations. Consequently, ensuring the ro-
bustness of AI algorithms across diverse and degraded image conditions is essential for real-world deployment. In 
this study, we comprehensively evaluate the performance and robustness of state-of-the-art convolutional neural 
networks (CNNs), transformers, and general-purpose foundation models under common system-induced colori-
metric/tonal and capture-induced degradations, and when degradation type combines. These degradations were 
carefully designed to simulate realistic image quality issues frequently encountered in clinical and screening 
settings of photographic imaging. Our findings provide a solid foundation and actionable insights for develop-
ing reliable deep learning classification systems in practical medical environments. We identified how training 
strategies, neural network architectures, and image degradation types individually and jointly influence AI-based 
diagnostic performance in photographic cancer detection. Furthermore, by accurately assessing how variations 
in photographic imaging devices and capture-induced image-quality changes affect AI-integrated diagnostic per-
formance, this work highlights critical considerations for building future AI-integrated imaging systems that are 
resilient to real-world operational challenges.

1.  Introduction

Cancer continues to be a major global health challenge, responsi-
ble for millions of deaths each year and placing a substantial burden 
on healthcare systems (Bray et al., 2024). Early and accurate detec-
tion plays a pivotal role in improving treatment outcomes and survival 
rates, particularly for cancers that are often asymptomatic in their early 
stages (Crosby et al., 2022; Fitzgerald et al., 2022). Traditional diagnos-
tic methods, such as biopsies and laboratory tests, are often invasive, 
time-consuming, and resource intensive. Non-invasive diagnostic tools 
that can support timely screening and diagnosis are thus of significant 
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interest, especially in resource-constrained or high-risk settings (Chacko 
& Ankri, 2024; Narayanamurthy et al., 2018).

Photographic imaging has gained prominence as a practical and non-
invasive tool for cancer detection due to its ability to capture visual char-
acteristics of lesions and tissue abnormalities (Cho et al., 2020; Warin 
et al., 2021). High-resolution intraoral photographs allow clinicians 
to screen for early signs of oral potentially malignant disorders (OP-
MDs) and carcinomas, particularly in high-risk populations (Lin et al., 
2021; Mirfendereski et al., 2025; Song et al., 2021). Dermoscopic and 
standard photographic images are widely used to identify cutaneous 
lesions that may indicate melanoma or non-melanoma skin cancers
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(Marka et al., 2019; Thomas & Puig, 2017). These imaging modalities 
are not only non-invasive and relatively inexpensive, but also scalable 
and suitable for telemedicine applications, making them especially valu-
able in point-of-care, low-resource and remote settings. Furthermore, 
the image-based nature of these modalities lends itself well to computa-
tional analysis, enabling the development of automated diagnostic sys-
tems that can support or augment clinical expertise (Fu et al., 2020; 
Song et al., 2018).

Artificial Intelligence (AI), has revolutionized image-based medi-
cal diagnostics (Chan et al., 2020; Panayides et al., 2020). Convolu-
tional Neural Networks (CNNs) have demonstrated strong performance 
in visual pattern recognition tasks, including cancer classification from 
photographic images (Anwar et al., 2018). More recently, transformer-
based vision models, have introduced new architectures that can cap-
ture global and long-range dependencies in image data (Azad et al., 
2024). These models have shown promising results across a range of 
computer vision benchmarks and are increasingly being explored for 
medical imaging tasks (Shamshad et al., 2023). However, a major limita-
tion of these approaches lies in their sensitivity to image quality (Dodge 
& Karam, 2016). Real-world medical images are often affected by vari-
ous types of degradations, such as motion blur, improper lighting, low 
contrast, and optical glare, arising from factors like patient movement, 
inconsistent imaging conditions, and limitations of portable imaging de-
vices (Lepcha et al., 2023; Pei et al., 2019). These artifacts can sig-
nificantly reduce model performance and undermine clinical trust in 
AI-based systems, especially when deployed outside controlled environ-
ments (Herath et al., 2025; Rajpurkar & Lungren, 2023).

In this study, we systematically investigate the robustness of rep-
resentative deep learning models under various types of image degra-
dation commonly encountered in both clinical and field settings. We 
present a comprehensive comparison of symbolic CNNs, transformers, 
and foundation models applied to two datasets: intraoral images ac-
quired using our custom-built imaging device (Birur N et al., 2022; 
Uthoff et al., 2019, 2018b), and a publicly available skin cancer pho-
tographic image dataset (Wen et al., 2022). The image degradations 
we simulate closely mimic real-world variations in imaging quality, in-
cluding device inconsistencies, capture-induced artifact, and optical dis-
tortions. We evaluated eight distinct types of image degradation across 
various levels of severity to comprehensively assess the robustness of 
different deep learning architectures. Capture induced and optical dis-
tortion degradations, including glare, resolution reduction, motion blur, 
and defocus, were evaluated across 11 severity levels ranging from 0 to 
10. Additionally, colorimetric and tonal degradations, specifically con-
trast, brightness, saturation, and hue, were evaluated across 21 severity 
levels ranging from negative 10 to positive 10. Each type and level of 
degradation was evaluated independently using fivefold cross valida-
tion for both the intraoral and skin image datasets. Additionally, we 
introduced dual-mixed degradations to form a two-dimensional evalu-
ation matrix, enabling the study of combined effects when two types 
of degradation occur simultaneously. This is crucial, as in real-world 
image acquisition, multiple degradations often co-occur in non-linear 
and non-additive ways. Exploring these compound scenarios provides 
valuable insight for designing more robust imaging systems and im-
proving the reliability of AI-assisted diagnostics.We also investigated 
how different augmentation strategies used during the training phase 
affect model performance. Our evaluation spans multiple model fam-
ilies and degradation types, enabling a comprehensive comparison of 
how different architectures handle suboptimal input quality. By bench-
marking model performance across varying levels of distortion, we aim 
to understand the reliability of these models in real-world scenarios, 
where ideal imaging conditions are not always guaranteed. Overall, 
this work contributes by uniquely analyzing (i) the effects of distinct 
and combined image quality degradations that mimic real-world clini-
cal screening, (ii) the impact of state-of-art deep learning architectures 
including CNNs, attention based Transformers, and foundation models, 
and (iii) training strategies and novel evaluation protocols for assessing

diagnostic performance and robustness on photographic oral and skin 
medical images.

The significance of this foundational study is multi-faceted and has 
profound implications for both the development of AI in medicine and 
the design of future diagnostic tools. This study provides a compre-
hensive empirical assessment of how different AI architectures, CNNs, 
Transformer-based models, and multimodal foundation models (Zhang 
& Metaxas, 2024) (CLIP and SigLIP vision models) (Radford et al., 2021; 
Zhai et al., 2023) respond to various forms of image quality degradation 
in the context of photographic-based cancer detection. This nuanced 
understanding is essential for the development and deployment of reli-
able and robust AI systems in clinical settings, ensuring their diagnostic 
performance remains resilient under real-world imaging conditions. An-
other practical significance, the findings offer actionable insights for the 
optimization and future design of AI-integrated medical imaging devices 
and their operational protocols. By systematically identifying which spe-
cific types of degradation individually and jointly impact model perfor-
mance, stakeholders can strategically focus their efforts on mitigating 
the most critical image quality issues. This targeted approach will sup-
port the development of next-generation AI-integrated imaging systems 
that are better aligned with the requirements of AI tools, ultimately im-
proving the accuracy, reliability, and clinical utility of cancer detection 
workflows.

2.  Related work

Robustness evaluation has become a critical area of research in med-
ical imaging, especially as deep learning models transition from con-
trolled environments to real-world clinical applications. Prior studies 
have explored the impact of various noise sources, resolution loss, and 
artifact corruptions on model performance, particularly in radiology 
modalities such as CT, X-ray, and MRI (Litjens et al., 2017; Lundervold & 
Lundervold, 2019). As deep learning becomes an increasingly accessible 
and reliable tool for assisting clinical image classification, several bench-
marking efforts have been conducted to evaluate model performance on 
corrupted medical images, particularly in MRI data (Boone et al., 2023). 
However, unlike standard MRI and CT data, photographic medical imag-
ing involves a wider variety of acquisition procedures and more uncon-
trollable environments–such as lighting variations, differences in imag-
ing devices, patient movement, uneven surfaces, image cropping, and 
other factors encountered during the workflow. These challenges are 
particularly evident in fields like dermatology, endoscopy, and intraoral 
imaging, each with its own unique imaging characteristics and difficul-
ties. Studies have examined the robustness of convolutional neural net-
works (CNNs) under various types of image degradation, using datasets 
such as the public available ISIC skin lesion dataset. These evaluations 
often involve adding noise and other commonly encountered artificial 
artifacts to assess and benchmark the brittleness of neural networks un-
der non-ideal imaging conditions (Maron et al., 2021a,b). They provided 
valuable insights into training strategies and neural network architec-
tures for various binary classification tasks. Recent work in endoscopic 
medical imaging has also focused on evaluating and developing train-
ing strategies, as well as exploring network architectures through ro-
bustness analysis (Jaspers et al., 2024). In the work by Kusters et al. 
(2025), the authors presented a state-of-the-art comparison between 
transformer-based architectures and conventional CNN-based classifiers 
for gastrointestinal imaging. There are many intraoral devices for OCT 
probes or CT scanning used in dental assessments. Photographic imag-
ing of oral lesions is extremely important for identifying oral cancers. 
Previous studies have evaluated the performance of conventional neu-
ral networks in classifying cancerous oral lesions (Tanriver et al., 2021; 
Welikala et al., 2020). There has also been work focused on distinguish-
ing between benign and malignant oral cancers using fine-tuned transfer 
learning strategies (Islam et al., 2023). While such previous studies have 
provided valuable insights into how deep learning can assist in training 
classification models, they have not tackled how image quality impacts 
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Fig. 1. Cycle of the next-generation, deep learning-assisted oral photographic device development. Step 1: Large-scale image data is acquired using our custom-
designed and in-house-built mobile oral imaging device. Step 2: Clinical experts annotate, categorize, and verify the images, organizing them into normal and 
cancerous cases for classifier training. Step 3: Comprehensive robustness evaluations are performed using various neural network architectures and training strategies 
under a range of common imaging and device-induced uncertainties. Step 4: Insights from these evaluations guide iterative improvements to both the device design 
and image acquisition protocols–enhancing throughput, sensitivity, cost-effectiveness, and accessibility.

final accuracy and AUC performance. We believe it is crucial to evaluate 
the robustness of different neural network models and benchmark their 
performance under varying conditions.We also demonstrate that multi-
ple image degradations have class dependent effects, differing between 
positive and negative cases. In particular, color and tone degradations 
interact with lesion appearance, creating dependencies between image 
quality and lesion characteristics. As a result, sensitivity and specificity 
can shift asymmetrically depending on the colorimetric and tonal degra-
dations applied. This uncovers an important insight that previous work 
has not addressed, that inappropriate imaging device settings can sig-
nificantly affect outcomes and bias models toward positive or negative 
predictions, with consequences for both clinical decisions and fair eval-
uation. We believe that this can ultimately help advance the field by 
enabling more accurate and reliable early detection of oral cancer using 
deep learning.

3.  Experiments

In this section, we first introduce our oral datasets, which were ac-
quired using an in-house built imaging device, as well as skin datasets 
obtained from the ISIC repository. We then describe the neural network 
architectures used for evaluation, along with the training procedures ap-
plied to each model. Next, we present various types of image degrada-
tion commonly encountered during image capture. These degradations 
are tested across different neural network architectures and are catego-
rized into two main types: (1) colorimetric and tone degradations, and 
(2) capture-induced and optical distortions. Both categories can arise ei-
ther from the imaging device itself or due to user-related factors during 
scene capture. Finally, we describe the evaluation metrics used to assess 
the performance of the trained classifiers for both oral and skin datasets.

3.1.  Datasets

3.1.1.  Oral dataset
The oral image dataset was acquired using a custom-built, portable, 

and cost-effective imaging device specifically designed for intrao-
ral photographic documentation (Uthoff et al., 2018a; Yang et al., 
2023). A total of 3991 clinically sourced images were collected 
from a diverse patient cohort and rigorously curated by experienced 
oral healthcare professionals for the purpose of training and vali-
dating diagnostic models. These images were then separated based 
on the presence of diagnostically relevant features indicative of oral 
potentially malignant disorders (OPMDs) and oral cancers (Birur N 
et al., 2022; Keerthi et al., 2023). Of the total dataset, 2281 im-
ages were classified as normal or non-cancerous, while 1710 were la-
beled as clinically suspicious for OPMDs and oral malignancies, as 
illustrated in Fig. 2. To evaluate model robustness under real-world 
conditions, we further examined the impact of eight distinct types 
of image degradation on intraoral photographs. These degradation 
modes–described in detail in Section 3.4–were designed to reflect com-
mon artifacts encountered during clinical image acquisition, includ-
ing those arising from suboptimal lighting, motion blur, and optical
defocus.

3.1.2.  Skin dataset
The skin image dataset used in this study originates from the Interna-

tional Skin Imaging Collaboration (ISIC) archive (Cassidy et al., 2022), 
which aggregates data from three major sources: BCN20K, HAM10K, 
and the ISIC Challenge 2020 dataset (Hernández-Pérez et al., 2024; 
Tschandl et al., 2018). For this work, we selected only cases correspond-
ing to melanocytic lesions, specifically nevus and melanoma classes, re-
sulting in a total of 12,405 dermoscopic images–comprising 6705 nevus 
cases and 5700 melanoma cases. We present a subset of the selected 
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Fig. 2. Oral Dataset. On the left, we present a sample oral image acquired using our custom-built oral photographic device. From the collected dataset, we selected 
3991 viable images for training and validation. The dataset was categorized into two groups: suspicious/positive cases representing oral potentially malignant 
disorders (OPMDs) and cancerous lesions, and negative cases representing normal and benign oral mucosa. On the right, we present an example reference image 
from the oral dataset. Various types of image degradation were applied to this image to qualitatively illustrate how these alterations can affect visual clarity and 
potentially impact clinical diagnostic accuracy.

Fig. 3. Skin Dataset. On the left, we present representative examples of nevus (negative) and melanoma (positive) cases, selected from a combined dataset of 12,405 
images sourced from three public repositories: BCN20K, HAM10K, and the ISIC Challenge 2020. On the right, we show a reference image from the skin dataset, to 
which we applied various types of image degradation. This visualization qualitatively demonstrates the visual impact of each degradation type and highlights their 
potential influence on skin clinical diagnostic outcomes.

dataset in Fig. 3. Given that photographic images are similarly suscep-
tible to various forms of image degradation, we applied the same set 
of degradation conditions to this skin dataset (Fig. 3). This allows for 
a consistent benchmarking framework across both our intraoral dataset 
and an established public dataset, facilitating a more comprehensive 
evaluation of network robustness under clinically relevant image qual-
ity variations.

3.2.  Neural network architecture and training strategies

To provide a comprehensive and state-of-the-art assessment of var-
ious network architectures and their corresponding training strategies, 
we conducted a comprehensive evaluation across symbolic models, in-
cluding CNNs, transformers, and foundation models. For both CNNs 
and transformers, we used models pretrained on ImageNet-22k as the
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initialization baseline. These models then were trained with different 
data augmentation techniques to evaluate robustness.

3.3.  Architecture

Convolutional Neural Networks (CNNs) have long been regarded as 
foundational and highly effective for image classification tasks. In this 
study, we investigate several widely adopted CNN architectures in ap-
proximate chronological order of their introduction: VGG-19 (Simonyan 
& Zisserman, 2014), ResNet-50 (He et al., 2016), DenseNet-121 (Huang 
et al., 2017), and EfficientNet-B2 (Tan & Le, 2019). These models rep-
resent key milestones in CNN design and continue to serve as strong 
baselines for performance benchmarking.

Transformer-based architectures have recently demonstrated sub-
stantial improvements in image classification tasks, owing to their 
attention-based mechanisms and ability to model long-range depen-
dencies. In our evaluation, we focus on vision transformers that use 
only the encoder component as the backbone for feature extraction. 
The models selected include Vision Transformer (ViT, Dosovitskiy 
et al., 2020), DeiT (Touvron et al., 2021), Swin Transformer (Liu 
et al., 2021), and EfficientFormer-L3 (Li et al., 2022). These mod-
els represent recent advancements in transformer-based image classi-
fiers and are compared directly against CNNs to assess performance
differences.

We also compared the two previous groups with current deep learn-
ing foundation models–Contrastive Language-Image Pre-training (CLIP) 
(Radford et al., 2021) and Sigmoid Loss for Language-Image Pre-training 
(SigLIP) (Zhai et al., 2023)–to evaluate whether these models offer any 
advantages over conventional approaches in standard binary image clas-
sification tasks.

3.3.1.  Training
To ensure consistency and minimize variability in the training pro-

cess, all models were initialized with fixed random seeds, and pretrained 
weights were directly loaded. We used the Adam optimizer with a learn-
ing rate of 1e-4 to perform gradient descent during training. Early stop-
ping was applied when both validation loss and validation accuracy 
did not improve for 10 consecutive epochs. All images from the oral 
and skin datasets were resized to 224×224 pixels, with a patch size 
of 32, and training was performed using the cross-entropy loss func-
tion. All training and validation were conducted using a 5-fold cross-
validation setup, applied uniformly across all augmentation strategies. 
These strategies included: (1) no augmentation (only normalization), 
(2) spatial geometric augmentations such as cropping, flipping, rota-
tion, and scaling, and (3) combined spatial and color augmentations in-
cluding adjustments to contrast, brightness, saturation, and hue. Train-
ing was performed in a Python 3.10.9 environment using PyTorch, 
with all models trained on an NVIDIA V100 GPU using CUDA Toolkit
11.8.

3.4.  Image degradation

We applied four common types of colorimetric degradations: bright-
ness, contrast, saturation, and hue to simulate basic image distortions. 
These distortions may result from device limitations or user errors, such 
as unintentionally using incorrect settings during image acquisition. In 
addition, we introduced four common capture-induced and optical dis-
tortions frequently encountered in clinical trials: motion blur, defocus, 
resolution degradation, and glare. These degradations can arise from 
patient movement due to the use of handheld imaging devices, the 
limited depth of field of the imaging system, as well as environmen-
tal factors and sample-related issues such as uneven and specular sur-
faces. The simulation details for each type of degradation are described
below.

3.4.1.  Colorimetric and tone degradation
For colorimetric and tonal degradations, we tested brightness, con-

trast, saturation, and hue, each across 21 levels ranging from −10 to 
+10. For example, a brightness level of −10 results in a very dark im-
age, while +10 produces a highly brightened image. A level of 0 corre-
sponds to the original, unaltered image.

Each type of degradation was individually applied to a five-fold 
cross-validation dataset. We also tested combinations of two degra-
dation types, resulting in a two-dimensional matrix with 𝑁 ×𝑁 data 
points, where 𝑁 = 21 represents the number of levels tested for each 
degradation type. The chosen levels were qualitatively validated and 
confirmed based on clinical relevance and practical scenarios observed 
in photographic based diagnostics.These four colorimetric and tonal 
degradations capture major issues that arise during clinical image ac-
quisition due to device limitations in camera or sensor control, dynamic 
range, and variable illumination common in photographic clinical set-
tings. These degradations often occur together; For example, saturated 
LED lighting or improper exposure, whether too long or too short, can 
simultaneously alter brightness and saturation, leading to the loss of sub-
tle, diagnostically important features. When contrast is set incorrectly, 
it can also exaggerate irrelevant details, such as saliva in intraoral im-
ages and hair in skin imaging diagnostics. Because clinical photographs 
are typically captured with color cameras, the visual manifestations of 
cancerous or infected tissue in skin and oral imaging are closely tied to 
color appearance, which makes hue control and calibration particularly 
important, yet some devices lack hue adjustment altogether or provide 
poorly tuned defaults for clinical use. These effects can strongly affect 
the final clinical diagnosis, increasing the risk of missed findings or false 
positives.

3.4.2.  Capture-induced and optical distortion
The four common types of frequency-related image degradation we 

aim to simulate for oral photographic imaging devices are: defocus, mo-
tion blur, resolution loss, and glare. These degradations commonly occur 
in clinical practice and can significantly affect image quality and diag-
nostic performance. Defocus is one of the most prevalent issues across 
both conventional photography and optical imaging systems. It typi-
cally results from limitations in depth-of-field relative to the system’s 
resolution. To simulate defocus, we explicitly isolate its effect using the 
theoretical form of optical aberration: the second-order Zernike poly-
nomial (Von F, 1934) corresponding to defocus. This is implemented in 
the Fourier domain (Goodman, 2005) by modulating the pupil function, 
allowing us to simulate pure defocus artifacts without the influence of 
higher-order aberrations. The applied defocus model is expressed as fol-
lows:

𝐼𝑑𝑒𝑓𝑜𝑐𝑢𝑠(𝑥, 𝑦) =
|

|

|

−1[{𝐼𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝑥, 𝑦)} exp (𝑖𝛼𝑍0
2 )]

|

|

|

2
, (1)

where  and −1 denote the 2D Fourier transform and its inverse, re-
spectively. The defocus is modeled using the second-order Zernike poly-
nomial 𝑍0

2 (𝜌, 𝜃) =
√

3(2𝜌2 − 1), which represents the defocus component 
of the wavefront in the pupil function. The parameter 𝛼 is varied to sim-
ulate 10 severity levels of defocus in the image. Motion blur can also 
be simulated in Fourier space as phase shifts across the entire frequency 
domain, using a motion blur kernel (Gonzalez, 2009) expressed as:

𝐻𝑚𝑜𝑡𝑖𝑜𝑛−𝑏𝑙𝑢𝑟(𝑘𝑥, 𝑘𝑦) =
1

𝑘𝜃(𝑘𝑥, 𝑘𝑦)
sin(𝑘𝜃(𝑘𝑥, 𝑘𝑦)) exp(−𝑗(𝑘𝜃(𝑘𝑥, 𝑘𝑦)), (2)

𝑘𝜃 = 𝑘𝑥 + 𝑘𝑦 = 𝑘0(𝜔) ⋅ sin(𝜃) + 𝑘0(𝜔) ⋅ cos(𝜃). (3)

Here, 𝐻 denotes the motion blur kernel in the Fourier domain. The 
severity of the blur can be adjusted using 𝜔, while the direction 
is controlled by 𝜃. We pre-compute this motion blur kernel for 𝜃 ∈
{0◦, 18◦, 36◦, 54◦, 72◦, 90◦} across 10 levels of 𝜔. For each severity level, 
a random direction 𝜃 is applied to the cross-validation dataset. The sim-
ulated motion blur image can be readily expressed by the following
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equation,

𝐼𝑚𝑜𝑡𝑖𝑜𝑛−𝑏𝑙𝑢𝑟 =
|

|

|

−1[{𝐼𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝑥, 𝑦)}𝐻(𝑘𝜃)]
|

|

|

2
. (4)

To simulate resolution degradation, we applied a circular low-pass 
filter in the frequency domain by progressively shrinking its ra-
dius, thereby removing high-frequency components from the original 
captured images. Glare artifacts were simulated by controlling the
number and intensity of saturated regions to mimic the specular re-
flections commonly observed in oral images. These reflections, pri-
marily caused by saliva, often lead to significant local overexposure, 
which can adversely affect image quality and reduce clinical diagnos-
tic accuracy. In our robustness evaluations, we apply image degrada-
tions primarily in the Fourier domain using 2D Fast Fourier Trans-
forms (FFT) followed by element-wise multiplication. This method is 
particularly advantageous for large kernel sizes or global operations, 
where it offers significant computational efficiency compared to di-
rect spatial-domain convolutions. While FFT-based methods may not 
outperform spatial convolutions for small kernel sizes due to trans-
form overhead, they become increasingly efficient for large images and 
batch processing. Furthermore, this approach is highly compatible with 
CUDA acceleration, enabling scalable and fast evaluation across large
datasets.

All of the above capture induced and optical distortion related degra-
dations are common in photographic clinical diagnostics, especially 
when the imaging system is constrained by optical design and the need 
for portability. Limited depth of field increases the risk of defocus, par-
ticularly with handheld devices. This can significantly reduce resolution 
and cause loss of fine details that are critical for diagnosis. There are 
practical trade offs between frame rate and image resolution: although 
higher resolution is desirable, lower frame rates make motion blur more 
likely, which degrades information, introduces artifacts, and elongates 
features that may mislead diagnosis. Unexpected glare from saliva can 
occlude relevant oral structures or be mistaken for important findings. 
The simulated severity levels for these degradations were qualitatively 
validated and thoroughly compared with our collected data, confirming 
that they closely reflect conditions encountered in clinical imaging and 
diagnosis.

3.5.  Evaluation metrics

We evaluate our model’s robustness using four main metrics: sensi-
tivity, specificity, accuracy, and the area under the receiver operating 
characteristic curve (AUC). These metrics offer critical insights into how 
various forms of image degradation influence diagnostic performance. 
In terms of sensitivity and specificity. Our findings indicate that certain 
types of degradation disproportionately affect the detection of abnormal 
cases, likely due to alterations in color and feature representation that 
are more susceptible to quality loss. In the oral imaging datasets, high-
contrast degradation appears to have a greater impact on specificity. 
This may be attributed to the fact that normal oral mucosa typically 
exhibits smoother, more uniform textures with less prominent features, 
making it more susceptible to misclassified as positive case under exces-
sive contrast-enhanced conditions. In contrast, the sensitivity remains 
relatively unaffected, likely because abnormal cases retain distinct mor-
phological characteristics even when image contrast is altered. In ad-
dition to these conditional metrics for positive and negative cases, we 
also utilized top-1 accuracy and AUC as aggregate indicators to provide 
a comprehensive assessment of each model’s ability to distinguish be-
tween normal and abnormal cases. This approach establishes a valuable 
benchmark for understanding the differential impact of image degrada-
tion on diagnostic outcomes. The results have important implications 
for the development of next-generation AI-assisted clinical imaging de-
vices, particularly in guiding design priorities–whether to enhance sen-
sitivity or specificity–based on the degradation profiles most likely to be 
encountered in real-world settings.

4.  Results

We present the evaluation results of the trained neural networks, 
which demonstrate state-of-the-art performance. The results are orga-
nized into two main parts for both the oral and skin datasets. First, 
we evaluate the models under isolated image degradation conditions, 
where each type of degradation is applied individually at varying lev-
els. This is followed by evaluations under mixed degradation conditions, 
where multiple degradations are applied simultaneously. In real-world 
clinical settings, it is common for several types of image degradation 
to occur concurrently. These combined effects are often non-linear and 
non-additive, making them more challenging to address. To better re-
flect these realistic conditions, we simulated various combinations of 
degradations and tested the performance of the classification models 
under these scenarios.Importantly, we did not simply apply all possible 
degradations indiscriminately. Instead, our goal was to identify which 
specific types or combinations of degradations have the most significant 
impact on model performance. This insight is essential for designing 
next-generation imaging systems that are optimized for practical use. 
By focusing on the most critical degradation scenarios, we can reduce 
development cost and effort while enhancing classification robustness 
in real-world applications.

4.1.  Oral evaluation results

We evaluated the performance of our oral disease classifier under 
various types of imaging degradation, as illustrated in Fig. 2, with 
severity levels defined in Section 3.4. A five-fold cross-validation was 
conducted across all neural network architectures. Additionally, we 
tested three different augmentation strategies for both VGG-19 and Swin 
Transformer models. To further investigate the combined effects of com-
mon degradations, we applied mixed dual-image degradation scenarios 
for advanced analysis of their impact on classification performance in 
4.1.3.

4.1.1.  Independent image degradation evaluation
We evaluated the robustness of our oral disease classifier using five-

fold cross-validation under various image degradation conditions. For 
each fold, the validation dataset was first subjected to image degra-
dation, followed by normalization, before being input into the trained 
model. The results are presented as line plots showing the mean val-
ues of four evaluation metrics, with standard deviation represented as 
shaded areas around each curve, across all types of image degradation. 
We began by analyzing the performance of convolutional neural net-
works (CNNs), which are widely used as benchmark models for image 
classification tasks. The performance of these representative CNNs is 
shown in Fig. 4. Among the four degradation types–contrast, bright-
ness, saturation, and hue–hue had the least impact on classification per-
formance, likely because subtle color shifts do not significantly alter 
the structural features of the sample images. In contrast, specificity was 
particularly sensitive to changes in contrast, as normal (negative) oral 
mucosa typically exhibits smooth, uniform pink surfaces with minimal 
distinct features. When contrast is excessively enhanced, these subtle 
features may be artificially sharpened, leading to false positives and 
reduced specificity. However, this same enhancement does not signifi-
cantly affect sensitivity, as the features of abnormal cases remain promi-
nent. Interestingly, when contrast is significantly reduced, the opposite 
effect is observed: sensitivity drops sharply while specificity remains 
relatively stable. This suggests that low contrast obscures critical fea-
tures necessary for detecting abnormal cases. Brightness also had a sub-
stantial impact on specificity when either excessively increased or de-
creased. This is expected, as overexposure results in uniformly bright 
images that wash out important features, while underexposure leads to 
dark images where features are obscured–both of which hinder accu-
rate classification. Among the four degradation types, brightness had 
the most pronounced effect on performance. Saturation degradation led 
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Fig. 4. CNN-based oral image robustness evaluation under colorimetric and tonal degradations. The 4×4 grid of plots illustrates how CNN performance varies when 
different types of image degradation are independently applied. Each plot presents one of four evaluation metrics across 21 severity levels (ranging from −10 to 
+10). Solid lines represent the mean values from five-fold cross-validation, while the shaded areas indicate the standard deviation at each severity level. Among the 
models evaluated, VGG-19 demonstrated the most robust performance for oral image classification across all degradation types.

to an increase in false negatives. As color saturation decreased, images 
appeared smoother and less distinct, causing the classifier to misiden-
tify abnormal cases with sharp features as normal. This effect was in-
versely reflected in specificity, which improved under desaturated con-
ditions for the same reason. Among the CNNs we tested on oral dataset, 
VGG-19 maintained better performance under degraded image quality,
particularly in deficient brightness (−10 severity level) conditions, 
where it achieved 15% to 22% higher AUC than the other CNNs.

In the CNN robustness evaluation, we are able to extract several valu-
able insights regarding the effects of the four types of image degradation. 
Among the CNN-based architectures tested, VGG-19 consistently outper-
formed the others, as shown in Fig. 4. Based on this performance, we 
selected VGG-19 as the representative CNN model for comparison with 
recently introduced attention-based transformers, as illustrated in Fig. 5. 
The overall trends in sensitivity and specificity observed in the trans-
former models were consistent with our previous analysis. However, 
Vision Transformers (ViT) did not perform as well as other transformer-
based models or VGG-19 in the oral clinical images classification task. 
ViT demonstrated much stronger performance in the skin dataset clas-
sification task compared to oral, suggesting its potential as a promising 
candidate in a different domain. We will discuss these findings in more 
detail in Section 4.2.1. Overall, transformer-based models demonstrated 
greater robustness compared to VGG-19 and other CNN-based classi-
fiers. Among them, the Swin Transformer achieved the best performance 
with an AUC of 0.92 under original (non-degraded) image conditions. 
It also demonstrated the strongest robustness across all types of image 
degradation. The maximum AUC decreases under contrast, brightness, 
saturation, and hue degradations were −0.07, −0.13, −0.06, and −0.02, 
respectively. The second-best model, DeiT, achieved an AUC of 0.91 

without degradation, with corresponding performance drops of −0.12, 
−0.15, −0.09, and −0.05 under the same conditions. Both worst-case 
performances occurred at the +10 brightness severity level.

We further compared transformer- and CNN-based models with two 
widely used foundation models: CLIP and SigLIP, under the same ro-
bustness evaluation framework. However, these foundation models did 
not outperform the task-specific models across varying levels of image 
degradation or severity in the binary classification of oral images, as 
shown in Fig. 6. We attribute this performance gap to several factors. 
First, both CLIP and SigLIP are primarily trained for image-text align-
ment tasks, whereas in our experiments, we utilized only their image 
encoder components as feature extractors for classification. This limited 
adaptation may hinder performance on specialized tasks. Second, there 
is a significant domain mismatch between the training data of these 
foundation models and our intraoral imaging dataset. CLIP and SigLIP 
are trained on large-scale, general-purpose datasets sourced from the in-
ternet, which differ substantially in content, resolution, and visual pat-
terns from clinical oral photographs. These findings highlight the need 
for open-source, domain-specific foundation models tailored to photo-
graphic medical imaging applications–where subtle visual cues and high 
diagnostic fidelity are essential for accurate disease detection.

We also evaluated the impact of capture-induced image degrada-
tions on oral image classification performance. This is particularly im-
portant for handheld devices, where motion blur frequently occurs in 
clinical settings due to instability from either the patient or the imag-
ing device. Additionally, intraoral imaging often suffers from defocus 
blur caused by uneven surface geometry, making it more challenging 
to acquire diagnostically useful images. A third common issue is glare, 
typically caused by saliva or other fluids in the mouth, which can result 
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Fig. 5. Transformer-based oral image robustness evaluation (4×4 grid of plots). Here, we compares the performance of transformer models with VGG-19, which 
serves as a reference CNN-based classifier for oral image classification. Overall, transformer models demonstrated superior robustness across various types of image 
degradation. The ViT underperformed relative to the other transformer models, which may be attributed to the nature of the oral imaging task and the limited size 
of the dataset. ViT performed better on the skin dataset, and this improved performance points to a possible dependency on data type or domain. Among all models, 
the Swin Transformer achieved the highest overall performance across all evaluation metrics and degradation types.

in saturated reflections that obscure critical tissue features. This is a 
domain-specific degradation frequently encountered with photographic 
imaging for cancer detection. We conducted the same robustness evalu-
ation on these three types of image degradations, motion blur, defocus, 
and glare, as shown in Fig. 7. The Swin-Transformer remained robust 
across most degradation conditions. The Swin Transformer and DeiT 
demonstrated strong robustness across most image degradation condi-
tions, with accuracy decreasing by only about 1% to 2% until a signifi-
cant drop occurred at severity level +7 and beyond. Although CLIP and 
SigLIP generally underperformed compared to CNN- and transformer-
based models, they exhibited considerably smaller performance de-
clines under severe defocus conditions. Specifically, SigLIP’s accuracy 
decreased by only 0.02 to 0.72, and its AUC dropped by just 0.03 
to 0.78, whereas the Swin Transformer experienced a larger decrease, 
with accuracy dropping by 0.20 to 0.64 and AUC dropping by 0.22
to 0.68.

4.1.2.  Augmentation impact in training phase
For all previous assessments and evaluations, models were trained 

using both geometric and color-space augmentations. In this section, we 
investigate how different augmentation strategies used during the train-
ing phase affect model performance (Liu et al., 2024; Martínez-Martínez 
et al., 2025). Geometric augmentations included random rotations, flips, 
cropping, and scaling, applied consistently across the training data us-
ing a fixed random seed for all five-fold cross-validation splits. Color 
augmentations involved random changes in contrast, brightness, satu-
ration, and hue, also applied with a fixed seed to ensure consistency 

across folds. To illustrate the impact of these augmentation strategies, 
we compare the performance of two representative models: VGG-19 and 
Swin Transformer, under three conditions: (1) no augmentation (base-
line with only normalization), (2) geometric augmentation only, and 
(3) geometric plus color augmentation. The results are summarized in 
Fig. 7. We observed that adding more augmentation during training 
does not necessarily lead to improved robustness when evaluated under 
different types of image degradation. In fact, training with only geo-
metric augmentations sometimes confused the model, reducing its abil-
ity to handle colorimetric degradations and resulting in overall worse 
performance compared to training without any augmentation, partic-
ularly on the oral image dataset. However, incorporating colorimet-
ric augmentations during training made the Swin Transformer model 
more robust to saturation and hue degradations compared to the no-
augmentation baseline. On the other hand, the model trained without 
any augmentation still performed better under brightness and contrast 
degradations. This demonstrates the need to carefully tailor augmen-
tation strategies to the specific degradation types likely to be encoun-
tered in the target domain. To conclude, implementing both geometric 
and colorimetric augmentations improves overall performance. In a few 
cases, the mean accuracy was slightly lower than with non augmented 
training. However, the standard deviation across five fold cross vali-
dation was consistently smaller with augmentation. We also observed 
more uniform improvements in AUC across all models and across all 
degradation categories. For our in house oral dataset, which is relatively 
small, performance can be inconsistent, but augmentation still reduces
variance.
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Fig. 6. Robustness evaluation of foundation models (CLIP and SigLIP). We present a 4×4 grid of classification performance plots for CLIP and SigLIP under various 
image degradation types and severity levels, compared against VGG-19 and Swin Transformer. The foundation models consistently underperformed relative to both 
the transformer- and CNN-based task-specific models across all conditions. We attribute this to two main factors: (1) only the image encoder components of CLIP 
and SigLIP were used for classification, and (2) the training datasets for these models primarily consist of natural, everyday scenes, which differ substantially from 
photographic medical images. These results highlight the importance and growing need for foundation models specifically designed for medical imaging tasks.

Fig. 7. Oral robustness evaluation on capture-induced and optical distortion image degradation. The 4×4 grid plots depict the performance of different neural 
network architectures under four evaluation metrics when 10 levels of glare, motion blur, and defocus are applied to the images.
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Fig. 8. Comparison of VGG-19 and Swin transformer performance under different training augmentation strategies for oral image classification. The plots depict the 
impact of different data augmentation strategies during training: no augmentation, geometric augmentation only, and combined geometric and color augmentation. 
Darker lines represent models trained with more extensive augmentation. The comparison highlights how augmentation influences robustness and classification 
performance on oral images.

4.1.3.  Mixed image degradation evaluation
In most clinical settings, image degradation is often complex and 

typically involves multiple types of degradation occurring simultane-
ously. To analyze this, we conducted an advanced evaluation of mixed 
colorimetric degradations by testing combinations of two degradation 
types across a 121-point (11×11) grid. This evaluation was performed 
across all five cross-validation folds, as shown in Fig. 9. The correspond-
ing standard deviation plot is presented in Fig. A.16. This analysis pro-
vides valuable insights into how classifier performance changes when 
two degradations occur together at varying levels. In our experiments, 
the order of applying image degradations was fixed: brightness, followed 
by contrast, saturation, and then hue. In Fig. 9, the degradation labeled 
on the x-axis is applied first, followed by the one on the y-axis. We report 
the mean AUC (in percentage) across five-fold cross-validation using the 
Swin Transformer model, which consistently outperformed other archi-
tectures in previous evaluations. From earlier single-degradation exper-
iments, we observed that excessively increasing brightness reduces clas-
sification accuracy and AUC more than decreasing it. However, in the 
brightness-contrast matrix, we found that when contrast was enhanced, 
the negative effects of low brightness were significantly amplified, es-
pecially in the lower left corner of the matrix. This suggests a nonlin-
ear interaction between brightness and contrast, where one degradation 
can exacerbate the effect of the other.A similar behavior was observed 
in the contrast-saturation matrix: performance was notably worse when 
contrast was at its maximum positive level compared to when it was 
reduced. These results indicate that under conditions of excessive con-
trast enhancement, the model becomes highly sensitive to additional 
degradations, leading to a significant drop in classification performance. 

We also observed an interesting effect when saturation and hue were 
applied simultaneously: the classification performance dropped signif-
icantly when saturation was enhanced, and the performance variation 
across different hue levels also increased markedly across all severity 
levels.
4.2.  Skin evaluation results

We evaluated the performance of our skin classifier in distinguishing 
nevus (negative) from melanoma (positive) using a robustness evalua-
tion approach similar to that used for the oral dataset. We explored 
different model architectures–including CNNs, transformers, and foun-
dation models–and evaluated their performance under individual im-
age degradations. The skin dataset belongs to a different domain and 
contains a larger number of training samples compared to our in-house 
collected oral dataset. We believe this not only serves as a valuable 
reference for comparing model performance across domains, but also 
broadens the relevance of our findings to a wider audience interested in 
skin cancer diagnostics. For the skin images, we additionally simulated 
resolution degradation, as high spatial resolution is often critical for ac-
curately analyzing skin lesions. Examples showing how various image 
degradations visually affect skin images compared to a clean reference 
image are presented in Fig. 2. These results offer a meaningful point of 
comparison for evaluating data acquired using our in-house oral imag-
ing device.

4.2.1.  Independent image degradation evaluation
In this section, we conducted a similar analysis to that presented 

in Section 4.1.1. We compared different model architectures under
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Fig. 9. AUC performance metrics for swin transformer under dual image degradations. The values represent the mean AUC (in percentage) across five-fold cross-
validation. The black circled value in the first matrix indicates the reference AUC for the 2D matrix (no image degradation). In each subsequent matrix, the center 
value also denotes the reference (no-degradation) AUC for that matrix. The blue arrows highlight the decreasing AUC trend as the two degradation types are combined 
at higher severities. Each matrix shows results for 11 severity levels, ranging from −10 to +10, applied across different types of image degradations. The degradation 
on the x-axis is always applied first, followed by the one on the y-axis. Color maps are individually scaled for each matrix, with bright yellow indicating the maximum 
AUC value and black indicating the minimum. The corresponding standard deviation for each matrix is shown in Fig. A.16.

individual image degradations and evaluated performance using four 
standard metrics, forming a 4×4 grid of plots. Fig. 10 shows the results 
for CNN-based models. Overall, the relative performance across CNN ar-
chitectures is consistent with our observations on the oral dataset. How-
ever, VGG-19 did not stand out as strongly as it did in the oral imaging 
task. The standard deviations across all evaluation metrics were slightly 
narrower compared to those from the oral dataset, and the models’ per-
formances were more closely aligned. Notably, sensitivity and specificity 
appeared more stable and more consistent with accuracy, in contrast to 
the greater variability observed in the oral dataset. We attribute this 
improved consistency to two main factors: (1) the skin dataset con-
tains a larger number of training samples, which improves general-
ization across models, and (2) skin images exhibit less structural and 
background variation compared to oral images. Oral photographs are 

typically captured within the entire mouth cavity, often including com-
plex geometries, occlusions, and varying viewpoints due to 3D tilt and 
uneven surfaces. In contrast, skin images are predominantly 2D, with 
more uniform backgrounds and simpler visual structures, contributing 
to greater consistency in model performance across degradations.

Given the relatively similar performance among CNN models, we se-
lected VGG-19 as the representative CNN baseline for comparison with 
transformer-based models, as shown in Fig. 11. Overall, most trans-
former models outperformed VGG-19 across the various image degra-
dation types. Notably, the Vision Transformer (ViT) performed sig-
nificantly better on the skin dataset than it did on the oral dataset, 
where its performance had been closer to that of VGG-19. For exam-
ple, under the highest brightness degradation level (+10), ViT achieved 
an AUC of approximately 0.85, compared to 0.76 for VGG-19 and 
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Fig. 10. CNN-based robustness evaluation on skin dataset under colorimetric and tonal degradations. The 4×4 grid of plots illustrates CNN performance when 
different types of image degradation are independently applied. Each plot shows one of four evaluation metrics across 21 severity levels (ranging from −10 to +10). 
Solid lines represent mean values obtained from five-fold cross-validation, and shaded regions indicate the corresponding standard deviations at each severity level.

0.84 for Swin Transformer. This suggests that ViT is more robust in 
the skin dataset. We believe this highlights the importance of do-
main characteristics–beyond dataset size–in influencing model perfor-
mance. While ViT showed notable improvement, Swin Transformer still 
achieved the best overall performance, consistently outperforming other 
transformers by a margin of 1% to 3% across all types of image degra-
dations.

We also compared the previously discussed models with founda-
tion models on the skin dataset, following the same evaluation ap-
proach used in Section 4.1.1. Similar to our observations with ViT, 
both CLIP and SigLIP narrowed the performance gap with VGG-19 com-
pared to what was observed in the oral dataset. This resulted in a 
more comparable performance between foundation models and VGG-
19 on the skin classification task. However, Swin Transformer still 
showed a clear performance advantage over both foundation models 
across most degradation scenarios. These results are consistent with 
our findings from the oral dataset and support the expectation that 
general-purpose foundation models may not offer superior robustness 
for domain-specific tasks such as photographic clinical imaging. This 
highlights the need for tailored models that are better aligned with the 
characteristics of medical image data. We also observed that for capture-
induced image degradations–specifically resolution, defocus, and mo-
tion blur–CLIP and SigLIP slightly outperformed other models under ex-
treme defocus conditions (e.g., at the +10 severity level), achieving 
1–2% higher performance, as shown in Fig. 13. In contrast, ResNet-50 
was highly sensitive to resolution degradation, exhibiting a significant 
drop in specificity–indicating an increase in false positive detections 
on the skin dataset–starting around severity level 7 of the resolution
degradation.

4.2.2.  Augmentation impact in training phase
We compared the performance of VGG-19 and Swin Transformer un-

der different training augmentation strategies. Overall, the results are 
consistent with those observed in the oral dataset. However, excluding 
colorimetric augmentation during training led to a substantial perfor-
mance drop–up to 30% (under a +10 severity level in hue) for both 
VGG-19 and Swin Transformer–compared to models trained with full 
augmentation. Interestingly, the Swin Transformer trained without any 
augmentation outperformed the version trained with geometric aug-
mentation alone. This suggests a potential interaction between model 
architecture and the type of augmentation used, highlighting that aug-
mentation strategies may have degradation-specific effects. Given that 
subtle differences in skin color are important for accurate diagnosis, hue-
based augmentation during training may be particularly beneficial for 
improving robustness in skin imaging tasks. Overall, when both geomet-
ric and color augmentations are applied, performance improves in both 
accuracy and AUC. Although the mean performance across the valida-
tion dataset is marginal in some cases, the standard deviation is signif-
icantly narrower than in models trained without augmentation for the 
skin datasets.

4.2.3.  Mixed image degradation evaluation
We also used the Swin Transformer–identified as the best-performing 

model for the skin dataset–to conduct an advanced dual-image degra-
dation evaluation, following the same approach used for the oral 
dataset (Section 4.1.3). The overall AUC performance of the Swin 
Transformer across the degradation matrix remained stable. Among 
the combinations tested, brightness and contrast were the most
impactful, as shown in Fig. 15, while saturation and hue had a 

Expert Systems With Applications 303 (2026) 130569 

12 



R. You et al.

Fig. 11. Transformer-based model performance evaluation on skin dataset. Similarly, we compared the CNN-based VGG-19 model with several recent transformer 
architectures to evaluate their robustness under colorimetric image degradations.

comparatively minor effect on classification performance. The cor-
responding standard deviation map is presented in Fig. A.17, high-
lighting the consistency of the model under different degradation
conditions.

5.  Discussion

The rapid development of deep learning architectures has shown sig-
nificant promise in image classification and pattern recognition tasks. 
Photographic imaging is emerging as an important tool in current and 
future clinical diagnostics, particularly in cancer detection (Bi et al., 
2019; Song & Liang, 2025), as advances in low-cost sensors and 3D print-
ing technologies (Hong et al., 2025; You et al., 2025a,b) make imaging 
devices more affordable and accessible. Accurate interpretation of these 
images has traditionally relied on the clinician’s expertise and experi-
ence. However, assessing imaging outputs can be challenging, especially 
in the presence of variability across devices and imaging conditions. 
Deep learning models offer the potential to support and standardize this 
diagnostic process, reducing reliance on individual experience. System-
atic distortions or artifacts introduced by the device–often due to limita-
tions in its optical components or sensor design–can influence interpre-
tation. Such device-specific variations may lead to misinterpretation if 
not properly accounted for. Therefore, it is equally critical for clinicians 
to be aware of these limitations and how they may vary between de-
vices. These factors motivated our comprehensive robustness evaluation 
across a variety of image degradation types and model architectures. We 
believe this work provides valuable insights into how different neural 
network models respond to real-world imaging imperfections. Beyond 
model benchmarking, our findings also offer practical guidance for the 

development of next-generation AI-assisted photographic devices, par-
ticularly in clinical applications.

One of the key findings in our study is that recent attention-based 
transformer architectures consistently demonstrate greater robustness 
than conventional CNNs when handling photographic medical images. 
On average, transformers outperform CNNs by 1–5% in terms of AUC 
and Top-1 accuracy under original image quality. When image degrada-
tion is introduced, this performance gap can widen significantly–up to 
25% in some cases. This improved robustness can be attributed to the 
self-attention mechanisms in transformer architectures, which enable 
the model to capture long-range dependencies and contextual features 
more effectively than the local receptive fields used in CNNs (Bai et al., 
2021; Zhou et al., 2022). Our results in the photographic clinical imag-
ing setting are well-aligned with previous findings in general computer 
vision tasks. Another important observation is the dependency of sen-
sitivity and specificity on the type of image degradation, as well as the 
underlying medical image morphology and colorimetric properties. This 
highlights the critical importance of considering the visual and physi-
cal characteristics of the targeted tissue structures when designing an 
imaging device, especially when it is intended to use AI-assist diagno-
sis. as these factors can significantly influence final AUC and accuracy 
outcomes.

The results from the general-purpose image-text foundation models, 
CLIP and SigLIP, highlight the need for open-source foundation models 
specifically designed for photographic medical imaging tasks. While sev-
eral foundation models have been developed for radiology (Azad et al., 
2023; Ma et al., 2025) and pathology imaging (Wang et al., 2024), there 
is currently no unified foundation model tailored for photographic med-
ical images. In particular, there is a lack of publicly available models 
that address site-specific needs in skin, oral, and endoscopic imaging. 
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Fig. 12. Robustness evaluation of foundation models compared with VGG-19 and Swin Transformer. The same 4×4 grid of plots illustrates model performance 
across various degradations. Compared to results on the oral dataset, the foundation models narrowed the performance gap with VGG-19 but still underperformed 
relative to the Swin Transformer.

Fig. 13. Skin dataset robustness evaluation under capture-induced image degradations: resolution, defocus, and motion blur. In contrast to the oral imaging dataset, 
glare was not included here, as skin imaging typically does not suffer significantly from glare-related degradation due to the absence of highly reflective liquid 
environments. However, resolution remains critically important, as dermatologists typically require higher magnification and greater detail to accurately assess 
subtle skin features during diagnosis.
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Fig. 14. Comparison of VGG-19 and Swin Transformer performance under different augmentation strategies on the skin dataset. Plots show results with no augmen-
tation, geometric augmentation, and combined geometric and color augmentation. Darker lines indicate more extensive augmentation during the training phase.

Our findings underscore the importance of developing domain-specific 
photographic approaches to support diagnostic accuracy and robustness 
in these clinical applications.

In addition, we acknowledge that our findings may be limited by 
the datasets used in the experiments. Although intraoral and skin imag-
ing make up a large portion of photographic medical imaging, other
clinical environments exist, such as gastrointestinal and endoscopic 
imaging. For our own in house oral imaging data, the patient pool is 
further limited. Even so, our study provides a useful perspective on the 
robustness of models and device design when only small datasets are 
available, compared with the much larger skin dataset. The general-
izability of these robustness conclusions can be strengthened through 
further analysis and by incorporating larger, more diverse photographic 
datasets, extending applicability to a broader range of clinical environ-
ments, including underrepresented settings. With the current data, we 
believe the study offers a comprehensive and reasonably general view 
for skin cancer screening and a useful baseline for the oral dataset we 
are building.

The primary goal of this paper is not to identify the best-performing 
neural network model for classifying oral or skin images. Instead, the 
motivation lies in systematically characterizing how image classification 
tasks, imaging devices, and potential degradations affect the final accu-
racy of the results. To provide a more comprehensive understanding, we 

investigate how AI-assisted photographic model choices and variations 
in image quality influence performance at different levels. All the im-
age degradations that we introduced, as noted in the previous section, 
are common in standard clinical practice. By analyzing the robustness 
of different deep learning models, we are able to identify how external 
factors such as illumination conditions, camera settings, and user oper-
ation affect results. This supports practical guidelines for clinicians to 
adjust image quality to a level that maximizes AI assisted accuracy, in-
cluding ensuring adequate illumination, choosing appropriate exposure 
times, and applying hue or white balance correction. These recommen-
dations can be applied to our in house oral imaging device, to general 
skin imaging environments, and potentially to other photographic imag-
ing systems with similar imaging acquisition workflow. These findings 
also serve as a reference, setting expectations for how each imaging fac-
tor can affect the final results during operations. For capture induced 
artifacts and optical aberrations, such as defocus, motion blur, and lim-
ited resolution, this robustness analysis can greatly benefit research on 
developing AI assisted medical devices by helping to make informed 
trade offs in optical system design, balancing between portability, af-
fordability, and effectiveness. Our aim is to use these findings to inform 
the selection and training of effective classifiers, promote best practices 
in image acquisition, and guide the design of photographic imaging
devices.
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Fig. 15. Mean AUC of Swin Transformer under dual image degradations on the skin dataset. Each matrix shows the average AUC (%) over five-fold cross-validation 
for 11 severity levels (−10 to +10). The x-axis degradation is applied first, followed by the y-axis. Color maps are individually scaled, with bright yellow indicating 
the highest AUC and black the lowest. Corresponding standard deviations are shown in Fig. A.17.

6.  Conclusion

In this study, we present a comprehensive and systematic robust-
ness evaluation of AI-assisted photographic image classification using 
supervised deep learning. We investigated how various types of im-
age degradation impact model performance, revealing several criti-
cal insights. Beyond overall correlations with accuracy and AUC, we 
found that sensitivity and specificity are also strongly affected by im-
age degradations–particularly due to how different degradation types 
alter the visibility and color properties of diagnostic features. From 
an architectural perspective, recently developed transformer models 
consistently outperformed CNN-based models in most scenarios. How-
ever, foundation models such as CLIP and SigLIP, when used solely 
as image encoders, did not demonstrate the same level of robust-
ness as CNNs or transformers in either the oral or skin imaging tasks. 
We believe this highlights both a current limitation and an important

opportunity: there is a growing need for foundation models specifi-
cally designed and trained for photographic medical imaging tasks. We 
also show that, with well-designed augmentation strategies, robustness 
improves and variance narrows for both convolutional networks and 
attention-based networks. Most importantly, our systematic evaluation 
of how individual image degradations influence model performance pro-
vides a valuable benchmark and reference standard for future develop-
ment. To conclude, Our robustness analysis shows that recently devel-
oped attention-based architectures achieve promising results on photo-
graphic medical imaging classification tasks. We also observe asymmet-
ric effects on sensitivity and specificity across degradation types and 
severities, providing informative guidance for imaging-hardware de-
sign and data-augmentation strategies. Together, these findings inform 
the development of next-generation AI-assisted clinical imaging systems 
for photographic modalities, particularly in oral and dermatological
diagnostics.
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Appendix A.  Supporting information

A.1.  Oral and skin mixed-image degradation matrix standard deviation

Here, we present the standard deviation matrices for mixed image 
degradations on the oral and skin datasets, as discussed in Sections 4.1.3 
and 4.2.3.

A.2.  Tabular results of robustness performance across all models on oral 
and skin datasets

We organized the results into a numerical comparison between mod-
els and image degradations. The tables provide an accessible and ac-
curate reference for assessing the robustness of different models under 
various image degradation conditions (Tables A.1, A.2, A.3, A.4, A.5, 
A.6, A.7 and A.8).
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Fig. A.16. AUC standard deviation for swin transformer. Standard deviations from Fig. 9 show performance variability across five-fold cross-validation. Higher 
values indicate less consistency under specific degradation combinations.
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Fig. A.17. AUC standard deviation for Swin Transformer on the skin dataset. Standard deviations from Fig. 15 indicate performance variability across five-fold 
cross-validation.
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Table A.1 
Oral dataset robustness evaluation: Top-1 accuracy (mean± standard deviation) under reference and degraded conditions. Bold text indicates the highest mean 
accuracy at each degradation level within each model category.
 Model  Reference 0  Brightness −10  Brightness +10  Contrast −10  Contrast +10  Saturation −10  Saturation +10  Hue −10  Hue +10
 CNNs
 ResNet50  0.82±0.01  0.59±0.01  0.58±0.03  0.65±0.05  0.66±0.03  0.65±0.06  0.70±0.04  0.78±0.01  0.79±0.01
 VGG19  0.82±0.01 𝟎.𝟕𝟑 ± 𝟎.𝟎𝟔  0.58±0.06 𝟎.𝟕𝟎 ± 𝟎.𝟎𝟐  0.73±0.02  0.68±0.05  0.75±0.03 𝟎.𝟕𝟗 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟐
 EfficientNet-B2  0.82±0.01  0.64±0.02 𝟎.𝟔𝟓 ± 𝟎.𝟎𝟑 𝟎.𝟔𝟑 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟓 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟑 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟏
 DenseNet121 𝟎.𝟖𝟑 ± 𝟎.𝟎𝟏  0.58±0.08  0.52±0.05  0.69±0.02  0.69±0.03  0.73±0.02 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟐  0.78±0.01  0.79±0.01
 Transformers
 Swin Transformer 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟕𝟕 ± 𝟎.𝟎𝟑 𝟎.𝟔𝟗 ± 𝟎.𝟎𝟏 𝟎.𝟕𝟗 ± 𝟎.𝟎𝟐  0.74±0.03 𝟎.𝟕𝟗 ± 𝟎.𝟎𝟑 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟑 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟓 ± 𝟎.𝟎𝟏
 DeiT  0.84±0.00  0.66±0.05  0.63±0.04  0.68±0.03  0.64±0.02 𝟎.𝟕𝟗 ± 𝟎.𝟎𝟐  0.75±0.01  0.78±0.01  0.80±0.01
 EfficientFormer-L3  0.85±0.01  0.61±0.02  0.65±0.03  0.65±0.03 𝟎.𝟕𝟓 ± 𝟎.𝟎𝟏  0.78±0.03  0.76±0.01  0.77±0.02  0.79±0.01
 ViT  0.80±0.02  0.55±0.07  0.49±0.05  0.60±0.02  0.52±0.07  0.55±0.07  0.69±0.02  0.70±0.04  0.68±0.03
 Foundation Models
 CLIP  0.75±0.02  0.53±0.07  0.54±0.02  0.57±0.07  0.56±0.03  0.49±0.06  0.65±0.02  0.70±0.02  0.70±0.02
 SigLIP 𝟎.𝟕𝟓 ± 𝟎.𝟎𝟐 𝟎.𝟓𝟕 ± 𝟎.𝟎𝟕 𝟎.𝟓𝟓 ± 𝟎.𝟎𝟑 𝟎.𝟓𝟗 ± 𝟎.𝟎𝟏 𝟎.𝟓𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟓𝟐 ± 𝟎.𝟎𝟑 𝟎.𝟔𝟓 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟐 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟏 ± 𝟎.𝟎𝟏

Table A.2 
Oral dataset robustness evaluation: AUC (mean± standard deviation) under reference and degraded conditions. Bold text indicates the highest mean accuracy at each 
degradation level within each model category.
 Model  Reference 0  Brightness −10  Brightness +10  Contrast −10  Contrast +10  Saturation −10  Saturation +10  Hue −10  Hue +10
 CNNs
 ResNet50  0.90±0.01  0.58±0.11  0.54±0.06  0.76±0.03  0.76±0.04  0.81±0.05  0.77±0.04  0.86±0.01  0.87±0.01
 VGG19  0.90±0.01 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟖 𝟎.𝟕𝟒 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟐  0.81±0.03 𝟎.𝟖𝟖 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟖 ± 𝟎.𝟎𝟐
 EfficientNet-B2  0.89±0.01  0.67±0.04  0.69±0.04  0.65±0.03  0.83±0.03 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟐 ± 𝟎.𝟎𝟐  0.85±0.02  0.87±0.01
 DenseNet121 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏  0.64±0.06  0.63±0.06  0.75±0.04  0.83±0.01  0.86±0.01 𝟎.𝟖𝟐 ± 𝟎.𝟎𝟐  0.85±0.02  0.86±0.01
 Transformers
 Swin Transformer 𝟎.𝟗𝟐 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟑 ± 𝟎.𝟎𝟓 𝟎.𝟕𝟗 ± 𝟎.𝟎𝟑 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟒 𝟎.𝟖𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏
 DeiT  0.91±0.01  0.76±0.10  0.76±0.03  0.79±0.09  0.83±0.05  0.89±0.01  0.82±0.01  0.86±0.02  0.88±0.02
 EfficientFormer-L3  0.90±0.01  0.57±0.07  0.73±0.03  0.70±0.05  0.84±0.01  0.87±0.02  0.82±0.01  0.81±0.03  0.86±0.02
 ViT  0.87±0.01  0.63±0.05  0.62±0.08  0.67±0.04  0.73±0.04  0.74±0.04  0.76±0.03  0.80±0.02  0.77±0.02
 Foundation Models
 CLIP  0.81±0.02  0.60±0.04  0.63±0.02  0.59±0.05 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟐  0.56±0.05  0.68±0.02  0.78±0.02  0.78±0.02
 SigLIP 𝟎.𝟖𝟏 ± 𝟎.𝟎𝟐 𝟎.𝟔𝟒 ± 𝟎.𝟎𝟑 𝟎.𝟔𝟑 ± 𝟎.𝟎𝟏 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟑  0.65±0.03 𝟎.𝟔𝟗 ± 𝟎.𝟎𝟓 𝟎.𝟕𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟏

Table A.3 
Top-1 Accuracy (mean± std) under reference and severity levels (+5, +10) for spatial degradations. Bold indicates 
the highest mean per degradation level within each model category.
 Model  Reference  Glare  Defocus  Motion

 0  +5  +10  +5  +10  +5  +10
 CNNs
 ResNet50  0.82±0.01  0.80±0.02  0.69±0.08  0.77±0.02  0.59±0.04  0.74±0.03  0.68±0.02
 VGG19 𝟎.𝟖𝟐 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟏 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟑 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟔𝟎 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟎 ± 𝟎.𝟎𝟐

 Transformers
 Swin Transformer 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟒 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟒 ± 𝟎.𝟎𝟏  0.64±0.03 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟐  0.70±0.03
 DeiT  0.84±0.00  0.84±0.01  0.82±0.00 𝟎.𝟖𝟒 ± 𝟎.𝟎𝟏 𝟎.𝟔𝟓 ± 𝟎.𝟎𝟐  0.75±0.01 𝟎.𝟕𝟏 ± 𝟎.𝟎𝟐
 ViT  0.80±0.02  0.78±0.01  0.74±0.02  0.79±0.02  0.64±0.02  0.72±0.01  0.68±0.00
 Foundation Models
 CLIP  0.75±0.02  0.72±0.02  0.63±0.03 𝟎.𝟕𝟒 ± 𝟎.𝟎𝟐  0.69±0.03  0.66±0.01 𝟎.𝟔𝟐 ± 𝟎.𝟎𝟏
 SigLIP  0.75±0.02 𝟎.𝟕𝟐 ± 𝟎.𝟎𝟏 𝟎.𝟔𝟔 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟒 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟐 ± 𝟎.𝟎𝟐 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟏  0.61±0.03
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Table A.4 
AUC (mean± std) under reference and severity levels (+5, +10) for spatial degradations. Bold indicates the highest 
mean per degradation level within each model category.
 Model  Reference  Glare  Defocus  Motion

 0  +5  +10  +5  +10  +5  +10
 CNNs
 ResNet50  0.90±0.01 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟏  0.83±0.03  0.86±0.01 𝟎.𝟔𝟑 ± 𝟎.𝟎𝟓  0.81±0.03  0.76±0.03
 VGG19 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏  0.87±0.03 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟓 𝟎.𝟖𝟖 ± 𝟎.𝟎𝟐  0.61±0.05 𝟎.𝟖𝟒 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟕 ± 𝟎.𝟎𝟐

 Transformers
 Swin Transformer 𝟎.𝟗𝟐 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟐  0.90±0.01  0.68±0.05  0.81±0.05  0.75±0.05
 DeiT  0.91±0.01  0.91±0.01  0.90±0.01 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏  0.71±0.03 𝟎.𝟖𝟒 ± 𝟎.𝟎𝟒 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟓
 ViT  0.87±0.01  0.86±0.01  0.85±0.01  0.87±0.01 𝟎.𝟕𝟑 ± 𝟎.𝟎𝟓  0.81±0.01  0.75±0.01
 Foundation Models
 CLIP 𝟎.𝟖𝟏 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟏 ± 𝟎.𝟎𝟐  0.76±0.02 𝟎.𝟕𝟓 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟐 ± 𝟎.𝟎𝟒
 SigLIP 𝟎.𝟖𝟏 ± 𝟎.𝟎𝟐  0.79±0.02 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟑 𝟎.𝟖𝟏 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟓 ± 𝟎.𝟎𝟑 𝟎.𝟕𝟐 ± 𝟎.𝟎𝟔

Table A.5 
Skin dataset robustness evaluation: Top-1 accuracy (mean± standard deviation) under reference and degraded conditions. Bold text indicates the highest mean 
accuracy at each degradation level within each model category.
 Model  Reference  Brightness −10  Brightness +10  Contrast −10  Contrast +10  Saturation −10  Saturation +10  Hue −10  Hue +10
 CNNs
 ResNet50  0.91±0.00  0.61±0.11  0.69±0.04  0.74±0.10  0.75±0.03  0.75±0.07  0.86±0.01  0.90±0.01  0.90±0.01
 VGG19  0.91±0.01  0.52±0.06 𝟎.𝟕𝟒 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟑 ± 𝟎.𝟎𝟒  0.78±0.04  0.66±0.12 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟏  0.89±0.00  0.90±0.00
 EfficientNet-B2  0.92±0.01 𝟎.𝟕𝟏 ± 𝟎.𝟎𝟔  0.72±0.03  0.74±0.05 𝟎.𝟕𝟗 ± 𝟎.𝟎𝟐 𝟎.𝟖𝟖 ± 𝟎.𝟎𝟏  0.89±0.01 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟎
 DenseNet121 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟏  0.55±0.12  0.63±0.10  0.75±0.10  0.72±0.04  0.87±0.01  0.88±0.01 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏

 Transformers
 Swin Transformer 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟎 𝟎.𝟖𝟖 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏  0.86±0.04 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟑 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟒 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟒 ± 𝟎.𝟎𝟎
 DeiT  0.93±0.00  0.86±0.03  0.77±0.02  0.87±0.02  0.78±0.05  0.85±0.03  0.89±0.01  0.92±0.00  0.92±0.01
 EfficientFormer-L3  0.93±0.00  0.70±0.12  0.72±0.08  0.69±0.07  0.80±0.02  0.78±0.05  0.90±0.01  0.92±0.00  0.92±0.01
 ViT  0.92±0.00  0.52±0.09 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟐  0.85±0.01  0.67±0.04  0.85±0.03  0.87±0.01  0.90±0.01  0.91±0.01
 Foundation Models
 CLIP  0.89±0.00 𝟎.𝟒𝟖 ± 𝟎.𝟎𝟓  0.67±0.08  0.72±0.06  0.56±0.04  0.73±0.08  0.81±0.01  0.88±0.01  0.87±0.01
 SigLIP 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟎  0.46±0.01 𝟎.𝟕𝟏 ± 𝟎.𝟎𝟐 𝟎.𝟕𝟑 ± 𝟎.𝟎𝟕 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟒 𝟎.𝟕𝟕 ± 𝟎.𝟎𝟕 𝟎.𝟖𝟑 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟏

Table A.6 
Skin dataset robustness evaluation: AUC (mean± standard deviation) under reference and degraded conditions. Bold text indicates the highest mean accuracy at each 
degradation level within each model category.
 Model  Reference  Brightness −10  Brightness +10  Contrast −10  Contrast +10  Saturation −10  Saturation +10  Hue −10  Hue +10
 CNNs
 ResNet50  0.95±0.00  0.68±0.13 𝟎.𝟕𝟕 ± 𝟎.𝟎𝟑  0.84±0.06  0.87±0.02  0.87±0.03  0.93±0.01 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟏  0.95±0.01
 VGG19  0.95±0.01  0.66±0.07  0.76±0.01 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏  0.89±0.02  0.78±0.12  0.92±0.02  0.94±0.02  0.94±0.01
 EfficientNet-B2 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟑  0.75±0.02  0.85±0.03 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟎
 DenseNet121 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟎  0.82±0.03  0.72±0.11  0.89±0.01  0.87±0.02  0.92±0.01 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟎

 Transformers
 Swin Transformer 𝟎.𝟗𝟖 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟐  0.84±0.03 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟖 ± 𝟎.𝟎𝟏
 DeiT  0.97±0.00  0.92±0.02  0.83±0.02  0.94±0.01  0.93±0.02  0.93±0.01  0.96±0.01 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎  0.97±0.01
 EfficientFormer-L3  0.97±0.00  0.84±0.07  0.81±0.03  0.87±0.02  0.89±0.01  0.91±0.03  0.95±0.00  0.96±0.01  0.96±0.01
 ViT  0.97±0.01  0.91±0.01 𝟎.𝟖𝟓 ± 𝟎.𝟎𝟐  0.92±0.01  0.91±0.03  0.93±0.02  0.95±0.01  0.96±0.01  0.96±0.01
 Foundation Models
 CLIP  0.96±0.01  0.59±0.26  0.69±0.08 𝟎.𝟖𝟕 ± 𝟎.𝟎𝟕  0.85±0.09 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟐  0.95±0.01  0.95±0.01
 SigLIP 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎 𝟎.𝟕𝟔 ± 𝟎.𝟏𝟒 𝟎.𝟕𝟒 ± 𝟎.𝟎𝟑  0.85±0.04 𝟎.𝟗𝟐 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟑 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟎

Table A.7 
AUC (mean± std) under reference and severity levels (+5, +10) for spatial degradations (Resolution, Defocus, and 
Motion). Bold indicates the highest mean per degradation level within each model category.
 Model  Reference  Resolution  Defocus  Motion

 0  +5  +10  +5  +10  +5  +10
 CNNs
 ResNet50  0.95±0.00 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟎  0.79±0.06 𝟎.𝟗𝟒 ± 𝟎.𝟎𝟏  0.88±0.01 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟐  0.87±0.07
 VGG19 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟑  0.94±0.02 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟑 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏

 Transformers
 Swin Transformer 𝟎.𝟗𝟖 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟐 𝟎.𝟗𝟒 ± 𝟎.𝟎𝟐
 DeiT  0.97±0.00  0.97±0.01  0.95±0.01 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟏  0.93±0.01  0.94±0.01  0.93±0.01
 Foundation Models
 CLIP  0.96±0.01  0.96±0.01  0.96±0.01  0.96±0.01 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟏  0.94±0.01 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟏
 SigLIP 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟎  0.93±0.01  0.92±0.01
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Table A.8 
Accuracy (mean± std) under reference and severity levels (+5, +10) for spatial degradations (Resolution, Defocus, and 
Motion). Bold indicates the highest mean per degradation level within each model category.
 Model  Reference  Resolution  Defocus  Motion

 0  +5  +10  +5  +10  +5  +10
 CNNs
 ResNet50 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟎  0.90±0.01  0.60±0.08  0.89±0.01  0.81±0.03 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟐  0.80±0.08
 VGG19 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟐 ± 𝟎.𝟎𝟔 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟏

 Transformers
 Swin Transformer 𝟎.𝟗𝟒 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏 𝟎.𝟗𝟒 ± 𝟎.𝟎𝟎  0.87±0.01 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟎  0.87±0.02
 DeiT  0.93±0.00 𝟎.𝟗𝟑 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟏  0.93±0.00 𝟎.𝟖𝟖 ± 𝟎.𝟎𝟏  0.89±0.01 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟏

 Foundation Models
 CLIP  0.89±0.00  0.89±0.00  0.89±0.01  0.89±0.00  0.88±0.01  0.83±0.02  0.80±0.03
 SigLIP 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟗𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟏 𝟎.𝟖𝟔 ± 𝟎.𝟎𝟏  0.84±0.01
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