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Abstract

Background: Assessing image quality is critical in medical imaging to ensure diagnostic
reliability. Traditional no-reference image quality assessment (IQA) metrics designed for
natural images often fail to address the complexities of medical images. This study
proposes DermalQA, a novel no-reference metric for dermoscopic images that aligns
quality scores with clinical perception. Methods: We developed a degradation pipeline
simulating realistic artifacts without requiring extensive manual labeling. From 812
expert-classified images, we generated a comprehensive dataset (>125,000 images) using
controlled blur and compression techniques. An iterative ranking procedure converted
these degradations into a continuous quality scale, which was used to train a vision
transformer model. Results: The proposed IQA metric outperformed both heuristic and
deep learning techniques, achieving 92% accuracy in distinguishing high-quality vs. low-
quality images. The approach demonstrated robust generalization when tested on
external datasets with different acquisition characteristics, confirming its relevance across
varied imaging conditions. Conclusions: DermalQA represents the first dermatology-
specific quality metric that minimizes expert annotation requirements while maintaining
clinical relevance. This tool enhances workflows through real-time acquisition feedback
and acts as a gatekeeper for Al diagnostic systems, ensuring only high-quality images are
processed. The trained model and inference scripts are publicly available.

Keywords: image quality assessment; dermoscopy; medical imaging; quality controls;
no-reference metrics

1. Introduction

Evaluating image quality is crucial in medical imaging, where it directly impacts the
reliability of downstream analyses and clinical decisions [1-4]. The challenge is
particularly significant in multi-centric and multi-device studies, where image
harmonization becomes essential for standardizing appearances and ensuring consistent
analysis across varied acquisition protocols and equipment [5]. In dermoscopic imaging,
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image quality encompasses several aspects that directly impact diagnostic reliability: (1)
focus quality, affecting the visibility of fine structures and patterns; (2) presence of artifacts
such as hair, air bubbles, or compression distortions; (3) illumination adequacy, ensuring
proper exposure; and (4) complete lesion visibility with appropriate margins.

Image quality assessment (IQA) metrics can be broadly categorized based on their
reference requirements. Full-reference metrics compare test images against an ideal
reference, providing direct measures of fidelity through methods like peak signal-to-noise
ratio (PSNR) and structural similarity index metric (SSIM). Task-specific metrics, such as
contrast-to-noise ratio (CNR) or signal-to-noise ratio (SNR), evaluate how well an image
supports specific diagnostic tasks. However, these approaches have significant limitations
in medical contexts. Critical evaluations have questioned their suitability [6], as they often
fail to capture subtle yet diagnostically significant distortions across various modalities
including CT, MRI, OCT, X-ray, and dermoscopic images [7]. Moreover, they are limited
by their dependence on manual region of interest (ROI) selection and their lack of
generalizability across different imaging contexts [8,9].

No-reference metrics address these limitations by assessing quality without
requiring any reference image, instead relying on intrinsic statistical properties and
learned features from the test image itself [10]. This capability makes them particularly
valuable for clinical applications, especially in contexts like dermoscopy, where image
acquisition conditions can vary significantly and reference standards are rarely available.
However, developing effective no-reference metrics for medical imaging presents several
challenges. Traditional no-reference metrics designed for natural images often fail to
capture diagnostically relevant features and subtle quality variations that are crucial in
medical contexts. Additionally, training such metrics typically requires extensive manual
quality assessments by experts [11], creating a significant resource bottleneck.

In the specific context of digital dermatology, an emerging field that relies heavily on
photographic imaging for diagnosis and monitoring of skin conditions, quality
assessment becomes particularly crucial. The increasing adoption of varied acquisition
devices, from professional dermoscopes to smartphone adapters used in telemedicine
settings [1,12,13], creates an urgent need for robust quality control mechanisms that can
optimize image acquisition protocols, provide feedback to clinicians, and filter suitable
images for Al model training or inference [3].

To address these challenges, we propose DermalQA, a novel no-reference
methodology specifically designed for dermoscopic image quality assessment. Although
binary classification (high vs. low quality) might seem sufficient, continuous quality
scores offer significant advantages. Such scores enable quantitative assessment of image
improvement or deterioration while providing precise feedback for optimizing
acquisition protocols. Moreover, continuous scores allow for flexible thresholds that can
be adjusted based on specific clinical requirements or downstream analysis needs. Our
approach leverages the predictable relationship between synthetic degradations and
quality perception, eliminating the need for extensive manual scoring by clinical experts.
By combining controlled image degradation with a continuous ranking system, we
generate comprehensive quality comparisons that closely approximate human perception
while requiring minimal expert supervision.

1.1. Related Works on No-Reference IQA Metrics

In this work, we focus on the development of a no-reference IQA metric to evaluate
image quality without requiring a ground-truth reference image. While metrics like
MANIQA [14], MUSIQ [15], and HYPERIQA [16] have shown effectiveness for natural
images by analyzing statistical and perceptual features [17-19]. However, these metrics
fail to address the specific requirements of medical imaging, where domain-specific
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diagnostic features (such as lesions, tissue patterns, and anatomical structures) require
different evaluation criteria. As a result, conventional metrics often produce quality
assessments that do not align with clinical utility.

A significant barrier to developing medical-specific no-reference IQA metrics is the
difficulty in obtaining large-scale quality assessments. Traditional approaches require
extensive manual labeling by domain specialists like radiologists or dermatologists,
creating resource bottlenecks that limit dataset size and diversity. This constraint has
driven recent research toward developing more efficient methodologies that can reduce
dependence on manual annotation while maintaining clinical relevance.

Several approaches have emerged to address these challenges across various medical
imaging modalities [20,21]. For instance, the Uno-QA framework [22] demonstrates the
value of modality-specific solutions through its use of multi-scale pyramid pooling for
OCTA image quality assessment. In the field of transvaginal ultrasound, researchers have
shown success by fine-tuning transformers with multi-annotator labels [23]. For X-ray CT,
local keypoint-based methods [24] have proven effective in addressing specific quality
concerns in radiological imaging.

Recent advances have also focused on improving the interpretability of quality
assessment methods. New IQA strategies incorporating saliency maps [25] help highlight
quality-degrading regions. Hybrid frameworks combining subjective and objective
evaluation have shown promise, as demonstrated by tools that integrate expert surveys
with standard metrics to identify degraded medical images [26].

A general methodological framework has begun to emerge for developing domain-
specific no-reference IQA metrics in medical imaging. This pipeline typically involves: (1)
collecting domain-specific images, (2) classifying them by quality level through either
expert annotation or analytical methods, (3) training specialized neural networks on these
examples, and (4) validating the resulting metrics against clinical standards. This
framework is adaptable across medical specialties while maintaining the essential focus
on clinical relevance.

1.2. Proposed Approach and Main Contributions

Our research focuses on digital dermatology, where the increasing diversity of image
acquisition devices (from professional dermoscopes to smartphone adapters) creates the
need for robust quality assessment methods. The heterogeneity in image capture
technology necessitates reliable quality control mechanisms that can:

e  Optimize image acquisition protocols

e  Provide immediate feedback to clinicians

e  Filter suitable images for Al model training or inference

e  Ensure consistency across different imaging devices and settings

For optical imaging modalities like dermoscopy, image quality degradation follows
predictable patterns that can be objectively characterized. When an image exhibits blur,
compression artifacts, or noise, its diagnostic quality is inherently reduced compared to
its original counterpart. We leverage this relationship to develop DermalQA, a no-
reference quality assessment network that evaluates dermoscopic images without
extensive expert supervision. The main contributions of our work are:

e  We propose a novel data preparation methodology combining controlled synthetic
degradation with objective quality scoring to create a comprehensive assessment
system that aligns with clinical perception while capturing critical diagnostic
patterns.

e  We introduce a new training framework using a continuous ranking system that
significantly reduces the need for expert annotations.
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e Our metric achieves 92% accuracy in distinguishing between high- and low-quality
dermoscopic images as classified by expert dermatologists, showing strong
alignment with clinical quality perception.

e We provide a transferable framework that can be extended to other medical imaging
modalities, offering a blueprint for developing domain-specific quality metrics with
limited annotation resources.

The remainder of this paper is organized as follows: Section 2 describes our dataset
collection and the detailed implementation of the proposed metric, including the degra-
dation pipeline and training strategy. Section 3 presents our experimental results, includ-
ing benchmarks on the ISIC test set and comparisons with existing IQA metrics. Section 4
discusses the implications of our findings and current limitations, while Section 5 con-
cludes the paper with final remarks and future directions.

2. Materials and Methods

The complete methodology for developing and validating DermalQA is illustrated
in Figure 1. We begin by collecting dermoscopic images from diverse sources, followed
by expert-guided classification of a subset into high-quality (Do) and low-quality (Dz) cat-
egories. We then apply synthetic degradation techniques to expand the quality spectrum,
creating additional degraded versions (D1 and Ds). Each image is divided into overlapping
patches, and a continuous quality ranking is established using both degradation catego-
ries (Do > D1 > D2 > Ds) and perceptual metrics, specifically Peak Signal-to-Noise Ratio
(PSNR). This hierarchical evaluation is then transformed through an Elo rating system
[27], which provides a continuous quality score for each patch. These scores serve as train-
ing labels for an attention-based Vision Transformer (ViT) architecture [14].

Training dataset

..........................

! HQ HQ ! (" Patch,
1 1
1 ] CATEGORY  PSNR ELO Score
: i hd
P + — —
: ;’ ; ’ : s N - N —
1 1
q 1 1 Patch,
: s : Do D1 : CATEGORY  PSNR ELO Score Q P
— ! D — a o
X LQ LQpecr | Patch extraction - + Cl ' |:|__' J o
election | o atnd " . J
! e ! Characterization Training
| ) Patch, network
1 h ' 1
: : CATEGORY  PSNR ELO Scorj
- ' I + N —
X D D : -
1 1

__________________________

Inference Quality score

Figure 1. Overview of the proposed methodology. (a) Training stage: dermoscopic images are col-
lected and classified by experts into quality categories (Do, Dz2), then undergo synthetic degradation
(D1, Ds). After patch extraction, a continuous quality ranking is computed and used to train an at-
tention-based Vision Transformer (ViT) for no-reference IQA. (b) Testing stage: the trained network

evaluates new dermoscopic images without requiring reference standards.
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In the testing stage, the final model is evaluated through a comprehensive pairwise
comparison against expert dermatologists’ classifications. To promote reproducibility and
facilitate further research in this area, we have made our inference code and test dataset
publicly available through Mendeley Data (10.17632/2ryw3hpb6v.1), including labeled
high-quality and low-quality dermoscopic images used in our evaluation.

2.1. Dataset

The initial dataset was collected from a pool of 15,857 dermatoscopic images sourced
from the ISIC Archive [28,29]. We selected only images with a minimum resolution of
1024 x 1024 pixels to ensure adequate spatial resolution and lesion visualization. From this
collection, an experienced dermatologist manually selected 689 high-quality (HQ) images
and 423 low-quality (LQ) images through visual inspection. This curated subset provided
a manageable dataset while minimizing expert annotation requirements, with selection
based on specific quality criteria. Images were labeled as ‘HQ)' if they met all the following
requirements:

e  Complete visualization of the lesion with appropriate margins (minimum 10% bor-
der area around the lesion)

e Absence of significant artifacts (less than 5% of the lesion area affected by hair, air
bubbles, ruler markings, ink)

e  Proper focus throughout the region of interest

¢ Adequate lighting with balanced exposure

On the other hand, images were labeled as ‘LQ’ if they exhibited one or more of the
following deficiencies:

¢  Substantial artifacts obscuring diagnostically relevant features (>10% of lesion area
affected);

e  Poor focus rendering critical patterns indiscernible;

e Improper illumination (>15% pixels under- or overexposed);

¢ Incomplete lesion visualization (lesion extends beyond image boundaries).

Following these clinical criteria, DermalQA was designed to assess specific technical
aspects of image quality that directly impact diagnostic utility. The metric evaluates image
sharpness and detail preservation through blur detection, identifies compression artifacts
and their impact on pattern analysis, and measures overall image fidelity through com-
bined analysis of blur and compression effects.

The remaining images in the ISIC Archive were not included as they represented
borderline quality cases requiring multiple expert evaluations or contained other compli-
cating factors such as non-standard acquisition techniques. This selective approach was
intentional: by training on clearly defined high- and low-quality examples, we aimed to
establish robust and objective quality boundaries.

The selected images (n = 1112) were split into training and testing sets, with the train-
ing set comprising 539 HQ images (Do) and 273 LQ images (D2), and the testing set con-
taining 150 HQ and 150 LQ images. To create a comprehensive quality spectrum, we gen-
erated additional quality levels using our custom degradation pipeline: D1 (degraded ver-
sions of Do images) and Ds (degraded versions of D2 images). The complete composition
of the primary dataset is presented in Table 1.

For external validation, we included three additional datasets:

e  The PH? dataset [30]: 200 dermoscopic images acquired with professional equipment
e  The PAD-UFES-20 dataset [31]: 2044 smartphone-based dermoscopic images (from

an original set of 2298)

e A private dataset from Novara Hospital (Novara, Italy): 149 images collected using

the Nurugo smartphone dermoscope [13]

https://doi.org/10.3390/app16041682
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Table 1. Distribution of dermoscopic images across different quality levels. Do: original HQ images,
D1: degraded versions of Do, D2: original LQ images, Ds: degraded versions of Da.

Subset Quality Level Number of Images
D, (original HQ) 539
Training images Dy (degraded HQ) 539
D, (original LQ) 273
D; (degraded LQ) 273
. . Dy 150
Testing —ISIC Archive D, 150
PH? (dermoscope) 200
External validation PAD-UFES-20 (smartphone) 2044
Novara (smartphone) 149

2.2. Custom Degradation Pipeline

The degradation pipeline was implemented to create a dataset spanning the full spec-
trum of quality levels by simulating typical artifacts encountered in clinical dermoscopy.
Starting from the expert-classified images, we created four quality-based subsets: original
high-quality images (Do), their degraded variants (D), original low-quality images (D2),
and their degraded variants (Ds). The entire degradation process is illustrated in Figure 2.

(@)

)

\

3
Y,

Input image MOTION Degraded image
(D,orD,) J BLUR ‘\L' r_f' compnsssron ] (D, orD,)

;\\A>

High quality images (D) Low quality images (D,)

— L | .

Degraded high quality images (D,) Degraded low quality images (D,)

~

Figure 2. Overview of the synthetic degradation process and its effects. (a) Schematic representation
of the degradation pipeline used to simulate real-world artifacts in dermatoscopic images, creating
additional quality levels D: and Ds from the original Do and D2 images. (b) Examples showing the
visual impact of the degradation pipeline, demonstrating the quality reduction from original to de-

graded images.

We selected defocus blur, motion blur, and JPEG compression as our primary degra-
dation types based on a systematic analysis of common quality issues in clinical dermo-
scopic practice. Defocus blur frequently occurs due to incorrect focal distance or

https://doi.org/10.3390/app16041682
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mechanical instability of handheld dermatoscopes. Motion blur is common in clinical set-
tings where patient movement or operator hand tremor can affect image acquisition. JPEG
compression artifacts are increasingly relevant as telehealth platforms and electronic
health records often automatically compress images for storage and transmission. While
other degradations exist (such as specular reflections, uneven illumination, or color dis-
tortions), these three types of degradation represent fundamental technical issues that can
significantly impact diagnostic quality in dermoscopic imaging.

Using the Albumentation library [32], our pipeline followed a parameter-driven ap-
proach to ensure reproducibility and precise control. For each image, the process began
with either defocus blur or motion blur [33], randomly selected based on configuration
settings. Following this initial degradation, JPEG compression [34] was subsequently ap-
plied with a probability of 0.8, further simulating quality loss introduced during storage
or transmission.

2.2.1. Motion Blur Degradation

Motion blur was applied to simulate image quality loss caused by movement, which
may result from either patient motion or handheld device instability. This effect was im-
plemented by convolving the original image I(x,y) with a linear motion blur kernel

K(x,y):
z L
harred (6, y) = (U * K)(x,y) = 2 Z I(x —u,y —v)K(u,v) (1)

T -

where lyjyed(X,y) represents the resulting blurred image, and k denotes the size of the
blur kernel. The kernel size k was randomly chosen between 9 and 13 pixels, a range
determined through preliminary experiments to simulate realistic motion artifacts ob-
served in clinical dermoscopic imaging while avoiding excessive degradation that would
render images diagnostically unusable.

The direction of the motion was controlled by an angle 6 that was uniformly sam-
pled from a range:

6 ~ U(0°360°) 2)

This random angle enabled the simulation of movement in any direction, effectively
representing various clinical scenarios where hand tremors or patient movements can de-
grade image quality.

2.2.2. Defocus Blur Degradation

Defocus blur simulated the artifacts caused by incorrect focal distance during der-
moscopic image capture. This degradation was implemented by convolving the original
image with a disc-shaped kernel:

Idefocus(xvY) = (I * Dr)(xvY) 3)

The disk kernel with radius r (D,) was randomly chosen between 3 and 10, with
smaller values producing subtle blurring that mimics minor focus issues, while larger val-
ues approximate more significant defocus artifacts commonly encountered during
handheld dermoscopic imaging.

To ensure natural appearance and reduce aliasing artifacts, a Gaussian kernel was
applied with standard deviation:

Oalias ~ U(Umin: Jmax) 4)

https://doi.org/10.3390/app16041682
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where 0,,,;, = 0.1 and g,,,,, = 0.5, controlling the level of smoothing applied to the edges
of the defocus effect.

2.2.3. JPEG Compression Artifacts

JPEG compression was applied to simulate artifacts commonly introduced during
image storage or transmission in clinical settings. The degradation applied compression
at a randomly selected quality level Q between 80 and 90, intentionally focused on the
higher quality range to simulate the compression artifacts typically present in clinical im-
ages rather than severely compressed images that would be immediately rejected in prac-
tice. This JPEG compression process involves five primary steps:

1. Color Space Transformation: The image, originally in RGB format, is first trans-
formed into the YCbCr color space. This separates luminance (Y) from chrominance
(Cb and Cr), allowing for more efficient compression since the human visual system
is less sensitive to changes in chrominance compared to luminance.

2. Block Splitting and Discrete Cosine Transform (DCT): The image is divided into non-
overlapping 8 x 8 blocks, and each block undergoes the Discrete Cosine Transform
(DCT) [35] to convert spatial pixel information into frequency components:

7 7
Clu,v) = %2 2 I(x, y) cos [(Zx 41_61)11”] cos [(Zy :61)17”] (5)
x=0 y=0

3. Quantization: The DCT coefficients are quantized by dividing each coefficient by a
corresponding value from a quantization matrix @Q,,,, followed by rounding;:

C(u, v))

u,v

Cq(u,v) = round( (6)
Lower quality values of Q lead to more aggressive quantization, which results in
significant information loss and visible compression artifacts.

4. Entropy Coding: The quantized coefficients are then compressed through entropy
coding techniques. In JPEG terminology, the first coefficient of each block (represent-
ing the average value) is called the DC coefficient, while the remaining 63 coefficients
(representing increasingly fine details) are called AC coefficients. These coefficients
are encoded differently: DC coefficients using Differential Pulse Code Modulation
(DPCM) [36], and the AC coefficient using run-length encoding and Huffman coding
[37] based on their patterns of zeros.

5. Reconstruction: During decompression, this process is reversed. The encoded data is
decoded and then dequantized by multiplying with the same quantization matrix:

Cdequantized (u: 1]) = Cq (u, U) : Qu,v (7)

The Inverse Discrete Cosine Transform (IDCT) is then applied to reconstruct the pixel
values, and the image is transformed back to the RGB color space. The complete process
introduces three characteristic artifacts: blocking (visible grid-like patterns at block
boundaries), blurring (loss of fine details), and ringing (oscillations near sharp edges).
These artifacts realistically simulate the quality degradation seen in compressed clinical
images.

2.3. Patch Extraction and Characterization

Following the degradation process, we characterized image quality through local
analysis. We first cropped 5% from each edge of all images to eliminate potential border
artifacts. Using the Patchify library [38], each image was then divided into 384 x 384 pixel

https://doi.org/10.3390/app16041682
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patches with 50% overlap, ensuring continuity and minimizing information loss at bound-

aries. This process yielded 125,202 patches distributed across our quality levels: 45,168

from Do images, 45,168 from D1 images, 17,433 from D2 images, and 17,433 from Ds images.
To quantify degradation between original and synthetically degraded pairs (Do vs.

D1 and D: vs. Ds), we calculated the Peak Signal-to-Noise Ratio (PSNR) [39] for each cor-

responding patch pair:

MAX pixel )

MSE

where MAX,;.e; = 255 for 8-bit images and MSE represents the mean squared error be-

PSNR =20 X logw( ®)

tween the original and degraded patches. Each PSNR value calculated for a given pair of
patches was subsequently assigned to both the original and degraded patches.

Elo Rating System for Quality Ranking

While traditional IQA metrics rely on thousands of human visual scores for training,
our approach introduces a novel methodology that significantly reduces dependency on
subjective evaluations. By adapting the Elo rating system [27] (originally developed for
chess player rankings) to image quality assessment, we generate several quality compar-
isons from a limited set of expert-classified images. This represents a significant advance
from conventional IQA training paradigms that require extensive human scoring datasets.

Our implementation evaluates relative quality through pairwise comparisons, with
each image patch starting at a neutral rating of 3000. For any two images A and B with
ratings R,(t) and Rp(t) atiteration t, the expected match outcome probabilities are cal-
culated as:

1
Eq(t) =20 X 10910< RB(t)—RA(t)> 9
1+10° 400

Ep(t) =1—Eu(t)

After comparing the images, the ratings are updated for the next iteration (t + 1):

{RA(t + 1) = Ry(t) + K X (S4 — E4(t))

Rp(t+1) = Rz(t) + K x (S — Ez(t)) (10)

where K = 32 is a scaling factor controlling adjustment sensitivity, and S, Sp € {0,0.5,1}
represent the match results (loss, draw, win). Our implementation followed a systematic
iterative process:

1. Initialization: All image patches were assigned an initial Elo rating of 3000.

2. Pairing: Image patches were paired using an adaptive strategy throughout the train-
ing process. In early iterations, patches were matched across broader rating differ-
ences to establish initial hierarchies. The pairing range then progressively narrowed
as training advanced, starting from +100 points and gradually decreasing to +50
points in later iterations. This approach helped establish a stable global ranking while
preventing local ranking cycles that could emerge from fixed-range comparisons.

3. Outcome determination: For each pair, we first compared their degradation category
(Do, D1, D2, Ds), with the established quality hierarchy Do > D1 > D2 > Ds. When com-
paring patches within the same degradation level, we employed PSNR as the final
quality indicator. If all metrics showed differences below 0.1%, the match was de-
clared a draw.

4. Rating update: After each comparison, we updated the Elo ratings using equation
(10).

5. Convergence: We repeated steps 2—4 until the maximum absolute change in Elo rat-
ings across all images fell below 103, indicating stable relative quality rankings. We

https://doi.org/10.3390/app16041682
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repeated steps 2—4 until meeting two criteria: maximum absolute change in Elo rat-
ings across all images below 10-% and no rating inversions in the last 500 comparisons.
This ensured convergence to a stable and reliable ranking system.

This approach transformed our discrete quality levels (Do, D1, D>, Ds) into a continu-
ous quality spectrum, with Elo scores ranging from 2000 to 4000. These scores were then
min-max normalized to [0, 1] range for training the ViT network. The continuous nature
of these normalized scores enabled the network to learn fine-grained quality distinctions
that aligned well with human perception of image quality.

2.4. No-Reference Metric Network Training

Our implementation builds upon the ViT architecture provided by the GitHub re-
pository of MANIQA (Multi-dimensional Attention Neural IQA) [14]. This framework of-
fers a complete pipeline for training IQA models on continuous quality scores. The model
uses a transformer-based architecture with a Swin Transformer [40] backbone, modified
with a multi-dimensional attention mechanism that analyzes both spatial and channel re-
lationships in feature maps.

Our dataset partitioning strategy was designed to optimize model performance and
generalization. The training set included samples from all quality categories (Do, D1, D2,
Ds). Including degraded variants in the training set acted as an effective augmentation
technique, exposing the model to a broader spectrum of quality variations. The validation
set, instead, contained only original high-quality (Do) and low-quality (Dz) image patches,
ensuring specific assessment of the network’s ability to distinguish between genuine qual-
ity differences.

The network was trained with a learning rate of 2 x 105 using cosine annealing, a
batch size of 8, and the AdamW optimizer with weight decay 0.01. Training was set for 50
epochs with early stopping if no improvement was observed after 5 epochs. The training
process concluded at epoch 15, with both correlation coefficients reaching their peak val-
ues at epoch 7 on the validation set: Spearman’s Rank Correlation Coefficient (SRCC) at
0.82 and Pearson Linear Correlation Coefficient (PLCC) at 0.89. These results determined
the selection of the final model weights (Figure 3). The entire training process was con-
ducted on an NVIDIA A6000 GPU and required approximately 3 h to complete.

(a) SRCC per epoch (b) PLCC per epoch
0.95 0.95
0.90 0.90
V085 !
Y085 Y :
& os0 - T 080 .
0.75 1 0.75 ! —
| = Trainii | = Training
0.70 I —_ \Zli?i::iggn 0.70 I —— Validation
0 2 4 6 ! 8 10 12 14 0 2 4 6 8 10 12 14
Epoch Epoch
© Losslper epoch
0.030 | — Training
’ | —— Validation
o 0.025 |
2
S 0020 I
@ 0015 '
Zo.
0.010 |
0.005 .
o 32 4 c  ® 10 12 14
Epoch

Figure 3. Training and validation metrics across epochs. The plots show (a) Spearman’s Rank Cor-
relation Coefficient (SRCC), (b) Pearson Linear Correlation Coefficient (PLCC), and (c¢) Mean
Squared Error (MSE) loss for both training and validation sets. Both correlation coefficients reached
their maximum values at the seventh epoch, after which they maintained consistent performance.
Green circles highlight the chosen epoch (7th).
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2.5. Inference Strategy

Our method employs a patch-based approach for dermoscopic image quality evalu-
ation. Each input image is decomposed into overlapping 384 x 384 pixel patches with 50%
stride. The trained ViT network processes each patch independently, generating patch-
level quality scores that are then aggregated through arithmetic mean to produce a single
image-level quality score.

Unlike the training phase, where 5% border regions were excluded to eliminate po-
tential artifacts, our inference strategy intentionally includes these border areas. This de-
sign choice ensures that no clinically relevant information at image boundaries is over-
looked, particularly important when lesions extend to the edges of the frame. The patch-
based approach provides three key advantages: (i) it captures localized quality variations
across the image, (ii) enables processing of dermoscopic images of arbitrary dimensions
without relying on resizing operations, and (iii) remains computationally efficient even
for high-resolution images. The inference procedure of DermalQA, implemented in Py-
thon 3.9.16 using PyTorch 2.2.1, follows a systematic approach (Algorithm 1) that ensures
efficient processing of dermoscopic images of any size.

Algorithm 1. DermalQA Inference Strategy.

Input: Dermoscopic image I of arbitrary size
Output: Quality score Q and optional patch-level analysis

1. Image preprocessing:
o Load and normalize image to [0, 1] range

o Convert to RGB format
2. Patch extraction:

o Splitimage into overlapping patches (384x384 pixels, 50% overlap)

o  Process patches regardless of input image dimensions
3. Quality assessment:

o For each patch:
- Apply trained Vision Transformer model

- Compute patch-level quality score
4. Score aggregation:

o Compute final image quality as mean of patch scores

2.6. Evaluation Criteria

We structured our evaluation to assess both the performance and generalization ca-
pabilities of DermalQA through four main analyses. First, we evaluated the metric’s abil-
ity to distinguish between quality levels using the ISIC testing set described in Section 2.1,
comprising 150 HQ and 150 LQ dermoscopic images classified by experienced dermatol-
ogists. We analyzed the distribution of quality scores across both classes to assess the met-
ric’s ability to create separable quality distributions.

Second, we performed a thorough pairwise evaluation, generating all possible com-
binations between LQ and HQ images (150 x 150 = 22,500 unique pairs). For each pair
(HQ, LQ), we calculated quality scores for both images and determined if the metric cor-
rectly ranked the HQ image higher. This ‘discrimination accuracy’ represents the percent-
age of correct rankings, directly assessing the metric’s alignment with expert clinical judg-
ment.

Third, we compared DermalQA with existing approaches to evaluate the advantages
of our domain-specific training. We evaluated state-of-the-art no-reference IQA metrics
including MANIQA [14], TRES [17], MUSIQ [15], HYPERIQA [16], UNIQUE [41], ILNIQE
[19], and NIQE [18], using pre-trained weights from the PyIQA library [42]. We also in-
cluded established heuristic methods that assess different image quality aspects:
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Tenengrad [43] (measuring sharpness through gradient magnitude), Laplacian Variance
[44] (capturing focus quality), Entropy [45] (quantifying information content), and Edge
Density [46] (evaluating structural clarity).

Finally, we assessed generalization capabilities across different acquisition devices
and settings using three external datasets. Specifically, we evaluated performance on pro-
fessional dermoscopic images using the PH? dataset [30], containing 200 high-quality der-
moscopic images. To assess generalization to smartphone-based dermoscopy, we used
two additional datasets: the public PAD-UFES-20 dataset [31] comprising 2298 images,
and a private dataset of 149 images acquired at Novara Hospital using the Nurugo
smartphone dermoscope [13].

3. Results
3.1. Benchmark on the ISIC Test Set

Figure 4 illustrates the performance of DermalQA in distinguishing between LQ and
HQ dermoscopic images on the ISIC test set. The Kernel Density Estimate (KDE) plots in
Figure 4a show the distribution of metric scores for both LQ (n = 150) and HQ (n = 150)
images. The metric achieves an Area Under the ROC Curve (AUC) of 0.91. Based on the
ROC analysis on the validation set, we selected a threshold of 0.4 as the operating point,
balancing sensitivity and specificity. When applied to the test set, this threshold effectively
separates the two quality groups, with 84.00% of LQ images scoring below it and 89.33%
of HQ images scoring above it (Figure 4b).

(@) (b) Confusion Matrix (Threshold = 0.40)
&l EIHQ
/\ LQ
a4l LQ
2
23r - 5
c \ )
g, | E
HQ
1L /
0 02 04 06 08 10 LQ HQ

Score Predicted Class

Figure 4. Performance evaluation on the ISIC test set. (a) Kernel Density Estimate (KDE) plots of the
proposed no-reference IQA metric scores for LQ and HQ images. (b) Confusion matrix computed

using a threshold of 0.4, which differentiates the two distributions.

Figure 5 presents qualitative examples of the metric’s performance. Figure 5a shows
correctly classified cases where the metric assigns appropriate scores to both LQ and HQ
images, demonstrating alignment with expert dermatologists’ assessments. Figure 5b
shows misclassification examples, where an LQ image received a high-quality score and
an HQ image received a low-quality score. These cases highlight specific scenarios where
the metric could benefit from further refinement to improve its reliability across the full
spectrum of image qualities.
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&
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Figure 5. Performance evaluation on the ISIC test set. (a) Examples of correct classifications. (b)

Examples of misclassifications by the proposed metric.

To validate our degradation pipeline and evaluate the consistency of quality ordering
across our four-level classification (Do, D1, D2, Ds), we performed a detailed analysis of the
quality score distributions. Figure 6 illustrates how our metric responds to synthetic deg-
radations. The KDE plots (Figure 6a) demonstrate a good level of separation between the
four quality levels, with Do and D1 distributions showing similar shapes but distinct shifts
in quality scores, mirroring the pattern observed between D2 and Ds. Quantitative analysis
of these relationships (Figure 6b) confirms the statistical significance of quality differences
between adjacent levels. Paired t-tests revealed significant differences between Do (mean
score: 0.59 + 0.13) and D1 (mean score: 0.38 + 0.14) with p < 0.001, and between D2 (mean
score: 0.33 + 0.11) and Ds (mean score: 0.27 + 0.09) with p <0.001.

@) Distribution of quality scores (b) Distribution of quality scores by category
[0 DO (original HQ) 0.9

*

[1D1 (degraded HQ) 0.8
1 D2 (original LQ) ’

* |
D3 (degraded LQ) | 07 .
506 b .
&
>05 .
©0.4
>
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DO D! D3
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Figure 6. Validation of quality level separation and degradation effects. (a) Kernel density estima-
tion plots showing the distribution of quality scores across all four quality levels (Do, D1, D2, Ds). (b)
Box plots with overlaid data points showing the distribution of quality scores for each quality level.

Asterisks indicate statistical significance (* p <0.001) in paired t-tests between adjacent quality levels
(Do-D1 and D2-Ds3).
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3.2. Comparison with IQA Metrics

We compared our metric against both traditional heuristic methods and state-of-the-
art (SOA) IQA metrics using all 22,500 possible LQ-HQ image pairs from our test set. All
SOA metrics were used with their pre-trained weights from the PyIQA library, allowing
us to assess how general-purpose IQA solutions perform when directly applied to dermo-
scopic images. This comprehensive evaluation assessed each metric’s ability to correctly
rank image quality across diverse dermoscopic characteristics.

The comparison with heuristic methods (Figure 7a) shows that DermalQA achieves
92% accuracy in correctly ranking image pairs, significantly outperforming traditional ap-
proaches. The closest competitor, Tenengrad, achieves 85% accuracy, while other heuristic
methods like Laplacian Variance, Entropy, and Edge Density show lower performance.
Similarly, when compared to SOA no-reference IQA metrics (Figure 7b), our approach
maintains its 92% accuracy, substantially exceeding the performance of established met-
rics like ILNIQE (80%), NIQE (83%), and TRES (72%).

To better understand these performance differences, we analyzed four representative
image pairs of increasing complexity (Figure 7c). For the first pair, showing obvious qual-
ity differences, most metrics (7 out of 11) correctly identified the higher quality image.
However, metric performance degraded significantly with more challenging cases. The
second pair, featuring red-toned images, was correctly classified by only three metrics.
For the third pair, containing subtle artifacts, only the Entropy metric among competitors
succeeded in correct classification. The fourth and most challenging pair, where the low-
quality image contained sharp hairs that could be misinterpreted as high-quality features,
was correctly classified only by our proposed method.

a) b)
1F 1F
0.85 092, 0.92
. 0.83
0.8} 08} 0.80
> b > L
g os g 0.6
3 3
L 04r o4k
0.2 02L
0 N 0 <
Q & K & 2 © 2 RZ & & R
P @é&o é&%\d o S <R \,9 *Qé‘* \)@o o S 9
© ¥ Metric Metric
HQ image LQ image HQ image LQ image HQ image LQ image

Figure 7. Performance comparison with existing metrics. (a) Accuracy of heuristic methods versus
our proposed metric. (b) Accuracy of state-of-the-art no-reference IQA methods. (c¢) Four LQ-HQ
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image pairs with quality scores from all compared metrics. Arrows indicate score interpretation: 1
(higher scores = better quality) or | (lower scores = better quality). L.V.: Laplacian Variance; E.D.:
Edge Density.

3.3. Validation on the External Test Sets

We first evaluated our metric’s generalization capabilities on the PH? dataset, con-
taining 200 dermoscopic images acquired with professional equipment. Our team of der-
matologists (F.V., E.Z., and P.S.) confirmed through visual inspection that these images
consistently exhibited high and uniform quality, comparable to the HQ category of our
ISIC test set.

The performance of DermalQA on this external dataset aligned well with expert as-
sessment. Figure 8a shows the quality score distributions for the PH? dataset alongside
the ISIC test set’'s HQ and LQ distributions. The PH? images received consistently high
scores with a narrow distribution centered at 0.58, positioned between the ISIC HQ (cen-
tered at 0.74) and LQ (centered at 0.42) distributions. The PH2 distribution’s standard de-
viation of 0.07 was notably smaller than both ISIC distributions (HQ: 0.12, LQ: 0.14), re-
flecting the uniform high quality of these images.

Figure 8b provides a visual validation through representative examples. We show a
PH? image and an ISIC HQ image that received identical quality scores (0.64), demonstrat-
ing their comparable visual quality. For contrast, we included an ISIC LQ image that re-
ceived a similarly high score (0.63), despite most LQ images scoring around 0.3. Magnified
sections highlight the similar visual characteristics that led to comparable scores, confirm-
ing the metric’s consistency across different image sources.

(b)

5 PH? image ISIC HQ image ISIC LQ image
EmHaIsIC .

ciLaisic ]
= A Y

(@,

»

15+

Density

10 -

Tl

Figure 8. Validation of the proposed IQA metric on the PH2 Dataset. (a) Distribution of quality
scores for the PH2 dataset compared to the ISIC testing set’s high-quality (HQ) and low-quality (LQ)
distributions. (b) Visual comparison of three dermoscopic images: one from the PH2 dataset, one
HQ image from the ISIC test set, and one LQ image from the ISIC test set.

After validating DermalQA on professional dermoscopic images, we extended our
evaluation to smartphone-based dermoscopy datasets (Figure 9). From the original PAD-
UFES-20 dataset of 2298 images, we processed 2044 images that met our minimum input
size requirement (384 x 384 pixels). This subset shows a broad distribution of quality
scores ranging from 0.226 to 0.841, with a mean score of 0.524. The Novara dataset, despite
using a specific smartphone dermoscope (Nurugo), also exhibits significant quality varia-
tions, with scores ranging from 0.303 to 0.749 and a mean of 0.625. These distributions
demonstrate how smartphone-based acquisition introduces greater variability compared
to professional dermoscopic imaging (PH2 dataset). Figure 9 illustrates this variability
through examples of high- and low-scoring images from each dataset, highlighting how
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DermalQA captures quality differences across different smartphone-based acquisition
systems.
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Figure 9. Evaluation of smartphone-based dermoscopy datasets. (a) Distribution of quality scores
for the PAD-UFES-20 dataset with examples of low and high-scoring images (magnified sections
shown). (b) Distribution of quality scores for the Novara dataset with representative low and high-
quality examples (magnified sections shown). The wide range of scores in both datasets reflects the

quality variability inherent in smartphone-based dermoscopic imaging.

4. Discussion

Reliable image quality assessment is crucial in dermatological imaging, yet to the best
of our knowledge, no specialized no-reference IQA metric has been developed for dermo-
scopic images. Our research introduces both a novel IQA metric specifically designed for
dermoscopic images and a methodological framework that can be extended to other med-
ical imaging domains.

The key innovation in our framework lies in our approach to training data prepara-
tion and the adaptation of the Elo rating system for generating quality rankings. Unlike
several IQA metrics that require thousands of human-provided scores, our methodology
generates comprehensive quality comparisons through an iterative process requiring
minimal human intervention. Starting with just 539 high-quality and 273 low-quality im-
ages classified by dermatologists, we developed a custom degradation pipeline that cre-
ates controlled quality variations among the images in our dataset. This combination of
synthetic degradation and Elo-based ranking enabled us to create a comprehensive train-
ing dataset with over 125,000 images that closely approximates human perception. The
approach reduced our data requirements from potentially millions of human evaluations
to just over 800 binary classifications, representing orders of magnitude improvement in
annotation efficiency.

The effectiveness of domain-specific training is particularly evident when comparing
our results with existing approaches. While traditional heuristic methods and state-of-the-
art no-reference IQA metrics achieved accuracies between 72% and 85% in our pairwise
evaluations, DermalQA reached 92% accuracy.

From a computational perspective, DermalQA operates efficiently, processing full
dermoscopic images in less than one second on standard GPU hardware. This near real-
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time performance makes it suitable for integration into clinical workflows and Al pipe-
lines for dermatological image analysis [47,48]. While we implemented our framework
using an existing transformer-based architecture, our primary contribution lies in the
novel combination of synthetic degradation with Elo-based quality ranking—an approach
that could be applied with various neural network architectures.

Despite these promising results, our current implementation has several limitations
that suggest directions for future improvement. First, our degradation pipeline relies on
empirically determined probability parameters (0.5 for initial blur selection and 0.8 for
JPEG compression) to create a diverse quality spectrum. While these values proved effec-
tive, a systematic optimization of these parameters could potentially enhance the
method’s performance. Furthermore, our patch-based approach uses simple arithmetic
mean for aggregating local quality scores, treating all image regions equally. In clinical
practice, however, the lesion itself is the primary focus of diagnostic attention [49]. This
limitation becomes particularly relevant in cases where critical diagnostic features (such
as border irregularities, color variations, or dermoscopic structures) are concentrated in
specific regions of the image. Integrating a lesion segmentation network to weight patch
scores based on their diagnostic relevance could provide more clinically meaningful qual-
ity assessments. Such an approach could assign higher importance to patches containing
the lesion boundary or distinctive dermoscopic patterns, better aligning the quality as-
sessment with clinical requirements. Additionally, our overlapping patch strategy could
be leveraged to generate saliency heatmaps, providing dermatologists with visual feed-
back on spatial quality variations and guiding image acquisition improvements.

As shown in Figure 4, we observed some overlap between LQ and HQ score distri-
butions, with occasional cases where LQ lesions received higher scores than HQ ones (e.g.,
Figure 5b). This phenomenon typically occurs when evaluating images with different le-
sion-to-background ratios or varying image dimensions. The simple arithmetic mean ag-
gregation currently employed may not fully capture these complexities, particularly when
critical diagnostic features are concentrated in specific regions. The decision to minimize
expert supervision requirements led us to rely on quality assessment from a single der-
matologist, which may have introduced inherent biases in the labeling process (i.e., the
definition of LQ and HQ image) that propagate through the network’s learning process.
Future implementations would benefit from a multi-expert consensus approach for qual-
ity labeling, potentially reducing these classification inconsistencies.

Further developments could also explore the relationship between image resolution
and quality scores, potentially establishing minimum size requirements for reliable qual-
ity assessment. Expanding validation on other datasets would enhance generalization ca-
pabilities, particularly important given the growing adoption of mobile dermoscopy in
clinical practice.

While our degradation pipeline was specifically designed for dermoscopic imaging,
the underlying framework could be extended to other medical imaging domains where
artifacts can be reliably simulated. For example, in digital pathology, scanning artifacts
such as blur, compression, and color shifts similarly affect diagnostic quality and could be
quantitatively modeled. This approach offers significant advantages over methods requir-
ing extensive manual scoring [21,22].

5. Conclusions

In this work, we have developed DermalQA, a novel no-reference image quality as-
sessment metric specifically tailored for dermoscopic images. Our approach demonstrates
that domain-specific quality assessment substantially outperforms general-purpose met-
rics in specialized medical imaging contexts. By achieving 92% accuracy in distinguishing
between high- and low-quality images and demonstrating robust generalization across
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both professional and smartphone-based dermoscopy datasets, our metric provides a re-
liable tool for quality control in dermatological workflows. The methodological frame-
work, combining limited expert assessment with synthetic degradation and Elo-based
quality ranking, dramatically reduces manual labeling requirements while maintaining
high performance. DermalQA could enhance both clinical workflows and Al-based diag-
nostic systems by ensuring only high-quality images enter diagnostic pipelines. Future
work will focus on generating quality heatmaps for visual feedback, prioritizing lesion
regions through integration with automated segmentation, and extending the framework
to additional medical imaging modalities.
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DCT Discrete Cosine Transform
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