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Abstract

Acne severity grading is an important dermatological task that supports clinical diagno-
sis, treatment planning, and disease monitoring. Although self-supervised learning (SSL)
has gained interest as a means to reduce reliance on large annotated datasets, its effective-
ness for fine-grained and ordinal dermatological tasks remains unclear. This research sys-
tematically evaluates contrastive SSL for acne severity grading by comparing SimCLR-
based pretraining with a diverse set of supervised deep learning models, including Con-
volutional Neural Networks and Vision Transformers, under controlled experimental
conditions. The evaluation considers full-data training, label-scarce scenarios, and tem-
perature tuning of the contrastive loss. The results consistently demonstrate the superior-
ity of supervised transfer learning, which achieves Quadratic Weighted Kappa (QWK)
scores ranging from 0.7616 to 0.8533. In contrast, SimCLR-based models exhibit substan-
tially lower performance, with QWK values between 0.2343 and 0.4548 after fine-tuning.
Although temperature adjustment achieved modest performance gains, it does not close
this gap, with the best configuration attaining a QWK of 0.4548 using a ResNet18 back-
bone. Qualitative analysis using Grad-CAM further reveals that SimCLR-based contras-
tive SSL tends to exhibit diffuse attention patterns and limited localization of clinically
relevant acne regions. Overall, these findings indicate that generic contrastive SSL objec-
tives are poorly aligned with the subtle and localized visual cues required for acne sever-
ity grading. The results highlight the need for domain-aware representation learning in
fine-grained dermatological image analysis.

Keywords: acne severity grading; deep learning; dermatological image analysis;
self-supervised learning; SimCLR

1. Introduction
1.1. Motivation

Acne is one of the most common skin diseases, affecting nearly 90% of the global
population [1], and it occurs more frequently in adolescents and adults. Beyond its high
prevalence, acne is associated with substantial physical and psychosocial burden, includ-
ing permanent scarring, impaired quality of life, and increased risks of anxiety and de-
pression, as consistently reported in clinical and population-based studies [2,3]. Acne pre-
sents in various forms, including whiteheads (closed plugged pores), blackheads (open
plugged pores), small red tender bumps (papules), pimples (pustules), large solid painful
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lumps under the skin (nodules), and painful pus-filled lumps under the skin (cystic le-
sions). These lesions commonly appear on the face, chest, shoulders, and upper back [4].
Acne can cause several negative effects, including severe skin damage and adverse mental
health impacts, which often lead to reduced self-esteem, especially among adolescents [5].
Diagnosing acne typically involves grading severity by counting the number of lesions
based on established criteria such as the Hayashi Criteria [6] and the Global Acne Grading
System (GAGS) [7]. Currently, dermatologists diagnose acne severity by manually count-
ing lesions. However, this method is time-consuming and prone to human errors, which
may result in misdiagnosis.

In recent years, substantial advances in Artificial Intelligence (AI) have led to its ap-
plication across various domains, particularly in healthcare. Within dermatology, deep
learning-based approaches have been increasingly adopted for skin disease classification,
including mobile-based diagnostic systems and population-specific applications under
data-limited conditions [8,9]. Building upon these classification capabilities, more ad-
vanced Al techniques have been developed for object detection and localization, which
are fundamentally rooted in machine learning, particularly deep learning. Such ap-
proaches have also been applied to a wide range of medical diagnostic tasks, including
tumor detection using Raman spectroscopy [10], glaucoma identification from medical
images [11], and prognosis or mortality prediction of COVID-19 using chest X-rays and
electronic health record data [12]. Extending these developments to acne analysis, several
studies have applied deep learning models for acne detection and severity grading to sup-
port individuals with limited access to dermatologists and to streamline clinical work-
flows. For example, regression models and Faster Region-based Convolutional Neural
Networks (Faster-RCNN) have been used to grade acne severity on the ACNE04 dataset
[13]. The Modified Pyramid Scene Parsing Network (PSPNet) [14] has also been applied
to grade acne severity using a private dataset collected from Xiangya Hospital. However,
most existing studies focus on training models on a single dataset and fine-tuning them
to achieve optimal accuracy.

Despite these advances, most existing acne severity grading systems rely on fully
supervised learning, which requires large amounts of expert-annotated data. In dermatol-
ogy, such annotations are costly, time-consuming, and prone to inter-observer variability,
limiting scalability and generalization across datasets and clinical settings. Self-supervised
learning (SSL) [15] has emerged as a potential alternative by enabling representation
learning from unlabeled data. However, its effectiveness for fine-grained acne severity
grading remains unclear. In particular, it is uncertain whether generic contrastive SSL
methods can capture the subtle, localized features and ordinal relationships required for
clinical assessment. This gap motivates a systematic evaluation of SSL in comparison with
established supervised approaches, and an analysis of its limitations and suitability for
dermatological image analysis, which this study aims to address.

1.2. Background

Deep learning is a subset of machine learning and is commonly implemented as neu-
ral networks with three or more layers that simulate the functionality of the human brain.
This structure enables deep learning models to learn meaningful patterns from large da-
tasets. Deep learning has been widely applied in tasks such as voice recognition, text gen-
eration, and object detection. Convolutional Neural Networks (CNNs) are among the
most widely used deep learning architectures, particularly for image recognition and
computer vision tasks. CNNs eliminate the need for manual feature extraction by auto-
matically learning features directly from images. This capability makes CNN-based mod-
els highly effective for computer vision applications and contributes to their strong per-
formance in image classification. For example:
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e VGG [16]is alé-layer CNN architecture characterized by the use of multiple sequen-
tial 3 x 3 convolutional filters. This design emphasizes depth and uniformity in con-
volutional operations, enabling effective hierarchical feature extraction while main-
taining a simple architecture.

e ResNet [17] introduces residual connections to address the increasing error rate as-
sociated with deeper networks, particularly the vanishing gradient problem. These
skip connections enable more stable training of deeper CNNs and significantly im-
prove both accuracy and convergence.

e  EfficientNet [18] incorporates compound scaling, which uniformly scales network
depth, width, and resolution using a single coefficient. This approach achieves a
strong accuracy-efficiency tradeoff, allowing the model to deliver high performance
while maintaining low computational cost.

e ConvNeXt [19] is a modernized CNN architecture inspired by Vision Transformer
design principles. It employs simplified convolutional blocks, larger kernel sizes, and
improved normalization strategies, enabling CNNs to achieve competitive perfor-
mance with Transformer-based models while preserving convolutional efficiency.

e  DenseNet121 [20] is a densely connected architecture in which each layer receives
feature maps from all preceding layers. This connectivity pattern enhances feature
reuse, strengthens gradient flow, reduces parameter redundancy, and improves
overall learning efficiency.

e  Regnet [21] is developed through design-space exploration to identify simple and
regular network patterns that scale predictably. It focuses on constructing architec-
tures with consistent structural rules, achieving strong performance and efficiency
across various computational budgets.

e  MobileNet [22] is a lightweight CNN model optimized for mobile and embedded
devices. It utilizes depthwise separable convolutions to drastically reduce computa-
tional cost and parameter count while maintaining competitive accuracy, making it
suitable for real-time and resource-constrained environments.

Beyond CNNs, the emergence of Vision Transformers (ViT) [23] represents a newer
approach in computer vision. ViT applies the Transformer architecture, originally de-
signed for natural language processing, to image understanding by dividing images into
fixed-size patches and processing them through self-attention mechanisms. While CNN’s
inherently emphasize local spatial patterns through convolutional filters, ViTs learn long-
range dependencies globally from the outset, enabling them to capture richer contextual
relationships within an image. This global modeling capability, combined with reduced
reliance on handcrafted inductive biases, allows ViTs to scale effectively with large da-
tasets and often surpass CNN performance when trained on a large amount of data. As
deep learning continues to advance, ViTs have become a powerful alternative to tradi-
tional CNN architectures. For example:

e  Swin Transformer [24] is a hierarchical Transformer architecture that processes im-
ages through shifted windows. This approach improves computational efficiency,
preserves spatial locality, and scales effectively to high-resolution inputs.

e Data-efficient Image Transformers (DeiT) [25] is a training-optimized version of ViT
that incorporates knowledge distillation and improved optimization strategies, ena-
bling Transformer models to achieve high accuracy without requiring extremely
large datasets.

SSL has emerged as a powerful alternative to traditional supervised learning, partic-
ularly in domains where labeled data is limited or expensive to obtain. Instead of relying
on manual annotations, SSL trains models by designing pretext tasks that allow the net-
work to learn meaningful representations directly from unlabeled data. In computer
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vision, these tasks typically involve predicting transformations, contrasting image views,
or reconstructing missing information, allowing the model to capture semantic features
without human supervision. By learning robust and generalizable representations, SSL
models can outperform or match supervised counterparts when fine-tuned on down-
stream tasks, especially in scenarios with scarce labeled datasets. As a result, SSL has be-
come an increasingly important technique in modern deep learning pipelines, bridging
the gap between large-scale pretraining and real-world applications with limited data
availability. Specifically, Simple Framework for Contrastive Learning of Visual Represen-
tations (SimCLR) [26] is a contrastive learning framework that trains models by maximiz-
ing the agreement between different augmented views of the same image. It relies on
strong data augmentations and a projection head to learn meaningful visual representa-
tions without requiring labeled data.

1.3. Prior Studies on Acne Detection and Severity Grading

From a previous study, deep learning approaches for acne analysis can generally be
categorized into three groups. The first group focuses on fine-tuning existing deep learn-
ing architectures [27-33]. For example, Ref. [30] adapted Inception V3 for acne detection
and achieved an accuracy of 89.39% through parameter fine-tuning. The second group
introduces newly proposed models that use established architectures as backbones [14,34—
43]. In ref. [41], VGGI6 served as the backbone with an additional skin-patch module,
yielding accuracies of 84.52% on the ACNE04 dataset and 52.85% on the PLSBRACNEO1
dataset. The last group employs ensemble or hybrid models that combine multiple deep
learning architectures [13,36,40,43—45]. In ref. [45], ResNet-50 and YOLOvV5 were em-
ployed to create a hybrid deep learning model, and a fine-tuning process was applied to
both networks. ResNet-50 was used for the classification module, while YOLOvV5 was
used for the localization module, resulting in an accuracy of 99.31% on the ACNE(04 da-
taset.

The conclusions drawn from the 20 selected articles are summarized in Table 1,
which includes the dataset source, severity grading criteria, image processing techniques,
deep learning models used, statistical indicators, and model outcomes. The key points are
as follows:

e The collective findings indicate that 15 studies utilized open datasets, with 80% of
them employing the ACNEO4 dataset. This observation highlights ACNE04 as the
most commonly adopted open dataset for acne severity grading.

e  Notably, only four articles incorporated more than one dataset, and their outcomes
clearly demonstrate a significant accuracy drop on the second dataset. For example,
in ref. [34], Diagnostic Evidence Distillation (DED) was proposed using CNNs as the
backbone for acne severity grading. The precision and accuracy achieved were
86.06% and 85.31% on the ACNE(4 dataset, respectively, but these values decreased
to 69.16% and 67.56% on the PLSBRACNEOQ1 dataset. Similarly, in ref. [37], Prior
Knowledge Guided (PKG) modeling was used with CNN as a backbone, resulting in
an accuracy of 85.27% on the ACNE04 dataset, which dropped to 65.85% on the PLS-
BRACNEO01 dataset.

e All deep learning models reviewed in the literature rely heavily on labeled data,
which is particularly challenging to obtain in dermatology and medical imaging.
Acne severity annotation requires expert dermatologists to manually grade each im-
age, a process that is time-consuming, costly, and prone to inter-observer variability.
Moreover, publicly available acne datasets remain limited in size and diversity, mak-
ing it difficult for supervised models to generalize effectively across variations in skin
tones, lighting conditions, and imaging devices.
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Table 1. Summary of previous studies on acne detection and severity grading.

Statistical
Authors Dataset SGC Image Processing Deep Learning Model 2 ,IS A Outcomes
Indicators
H h
H. Wen et al. [44] ACNEO4 ai’as - R-CNN and YOLOv4 ~ mAP ASGC
. Hayash .
H. Zein et al. [33] ACNE04 : - InceptionResNetv2 Acc ASGC
Hayash ResNet50 and
H. Zhang et al. [45] ACNE04 ; - YOLOVS Acc ASGC
Localization-DL based
J. Wang et al. [14] Private dataset GAGS Background removal on PSPNet and Class- Acc ASGC
Seg based on HRNet
Private Dataset SADH with Mask R-
v
J. Zhang et al. [43] and ACNEO4 - - CNN and ResNet50- AP AD
based
K. Minetal [39]  ACNEO4 - ; ACNet with CNN-— AD
based
K. Naidu et al. [30] DermNet - Background removal Inception V3 Acc AD
K. Rashataprucksa et _ . Acc, Prec,
al. [31] Private Dataset - - R-FCN AP AD
M. S. Junayed et al. . Contrast Enhancement ScarNet with CNN-  Acc, Spec,
[38] Private dataset and Color Conversion based KS AD
N.S. Suriani et al. [32] DermNet - Augmentation MobileNetV2 Acc, F1 -
k-means, Gaussian
N. Yadav et al. [27] DermNet - method, and HSV seg- CNN Acc AS
mentation
ACNEO04 and Hayash Information Fold, Key GLFN with VGG16-  Acc, Sen,
. T. Huynh et al. [4 A
Q uynh et al. [40] PLSBRACNEO1 i area segmentation based Spec, YI SGC
MAE, MSE
H h '’ '’
S. Alzahranietal. [13] ACNE04 0% - UNet denseregressor [, ‘g0 ASGC
i and Faster R-CNN
Sens, Acc
T.Zhao et al. [28] Private dataset Ha}.fash Extract'ed and rolling ResNet RMSE ASGC
skin patches
. Private Dataset DSDH with Mask R-
X Weietal [42] 4 ACNEO4 - CNN-based AP AD
H h LDL R -50-
X. Wu et al. [36] ACNE04 Y - and ResNet-50 Acc ASGC
i based
ACNEO4 and Hayash DED with Efficient- *-¢% LT¢%
Y. Lin et al. [34] PLSBRACNEOL i - Net-based Sensg{fpec, ASGC
. ACNE04 and Hayash SFENet with VGG16-
Y. Lin et al. [35] PLSBRACNEOL i AES based Acc ASGC
. ACNEO04 and Hayash .
Y. Lin et al. [37] PLSBRACNEOL i - PKG with CNN-based Acc ASGC
Information Fold, Key Acc, Prec,
. ACNEO4 and Hayash X
Y. Lin et al. [41] PLSBRACNEO1 area segmente}tlon, VGG16 Sens, Spec, ASGC
Augmentation YI

Acc denotes accuracy, AD denotes acne detection, AES denotes Attention Extraction Segmentation,
AP denotes average precision, AS denotes Acne Segmentation, ASGC denotes acne severity grading
classification, DSDH denotes Decoupled Sequential Detection Head, F1 denotes F1-score, GLEN de-

notes global local fusion network, KS denotes Kappa Score, LDL denotes Label Distribution
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Learning, MAE denotes mean absolute error, mAP denotes mean average precision, MSE denotes
mean squared error, Prec denotes precision, SADH denotes Spatial Aware Double Head, Sens de-
notes sensitivity, SGC denotes severity grading criteria, Spec denotes specificity, YI denotes Youden
Index.

1.4. Our Research

This research systematically investigates the applicability of SSL for acne severity
grading by leveraging contrastive pretraining with SImCLR and comparing its effective-
ness against a broad range of supervised deep learning models. The study evaluates mul-
tiple CNN and ViT backbones under consistent experimental settings, including full-data
and label-scarce scenarios, to assess whether SimCLR-based contrastive SSL representa-
tions can provide robust and clinically meaningful performance. In addition, this research
examines the effect of contrastive loss temperature on downstream acne severity classifi-
cation performance and representation behavior, highlighting its influence on both classi-
fication accuracy and spatial attention characteristics. The main contribution of this re-
search is a controlled benchmark of standard contrastive SSL against established super-
vised approaches for acne severity grading with subtle differences between levels, to-
gether with an analysis of temperature sensitivity and representation behavior using PCA,
t-SNE, and Grad-CAM. Through these analyses, this research systematically reveals per-
sistent performance gaps and clarifies the strengths and limitations of SimCLR for derma-
tological image analysis, motivating the need for domain-adapted self-supervised repre-
sentation learning strategies for medical image classification tasks with subtle visual dif-
ferences.

2. Methodology
2.1. Datasets

The datasets used in this research were obtained through a systematic search of pub-
licly available repositories, including widely used data-sharing platforms such as Kaggle
and Roboflow. The preliminary open dataset comprises two widely used acne image da-
tasets collected from different research sources [46]. The ACNEO04 dataset [36] contains
1419 images consisting exclusively of acne images with corresponding labels. Similarly,
the AcneSCU dataset [47] includes 276 images with high-resolution images, precise anno-
tations, and fine-grained lesion categories. These datasets form the initial foundation for
model development and evaluation in this research, where both datasets are combined
and subsequently split into training, validation, and test sets using a random seed of 42.

Severity grading criteria are commonly used to quantify acne severity, yet their def-
initions and grading scales vary across studies. Two widely adopted standards are the
Hayashi Grading Criteria and GAGS. The Hayashi criteria classify acne severity based
solely on the total number of acne lesions, ranging from no acne (0-5 lesions) to moderate
(620 lesions), severe (21-50 lesions), and very severe cases with more than 50 lesions. In
contrast, GAGS determines acne severity using a composite score that accounts for both
the distribution of acne across different facial regions and lesion types, categorizing cases
as none (score 0), mild (1-18), moderate (19-30), severe (31-38), and very severe when the
score exceeds 38. Although GAGS provides a more comprehensive clinical assessment,
this study adopts the Hayashi Grading Criteria due to their simplicity and direct applica-
bility to image-based lesion counting, which facilitates consistent annotation and model
evaluation and has been applied to the AcneSCU dataset for further model training and
evaluation.

https://doi.org/10.3390/technologies14020116
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2.2. System Architecture

SimCLR is an SSL framework designed to learn discriminative and transferable vis-
ual representations without relying on labeled data. Its architecture is intentionally sim-
ple, yet effective, consisting of a backbone encoder, a projection head, and a contrastive
learning objective that together enable representation learning from large collections of
unlabeled images. At the core of SimCLR is a deep convolutional encoder f(-), which
serves as the feature extraction backbone. Common choices for this encoder include Res-
Net-based architectures, where the final classification layer is removed, and the output of
the global average pooling layer is used as the representation h. This encoder is respon-
sible for capturing high-level semantic features such as texture, shape, and structural pat-
terns, which are critical for visual understanding tasks. In practice, the encoder architec-
ture can be adapted to different backbone depths or variants depending on computational
constraints and task complexity.

Following the encoder, SImCLR introduces a projection head g(-), which is typically
implemented as a small multilayer perceptron (MLP) composed of two or three fully con-
nected layers with non-linear activation functions. The projection head maps the encoder
output h into a lower-dimensional latent space z, where the contrastive loss is applied.
Although the projection head is used only during self-supervised pretraining, it plays a
crucial role in improving the quality of learned representations. It allows the encoder to
retain task-relevant information while the contrastive objective is optimized in a separate
representation space.

For each input image x, two stochastic data augmentations are applied to generate
correlated views ¥; and X;. These augmented images are independently processed by the
shared encoder and projection head, producing representations z; and z;. The similarity
between these representations is measured using cosine similarity, and training is driven
by the normalized temperature-scaled cross-entropy (NT-Xent) loss [26]. For a positive
pair (i,j) in a batch of 2N augmented samples, the loss is defined in

exp (sim(zi,2)/ T)

27, Lpeesenp (sim(z,2)/ T g
where sim(-) denotes cosine similarity, T is the temperature parameter, and the denom-

Li,j = — log

inator includes all negative samples within the batch. The overall loss is obtained by av-
eraging over all positive pairs.

After self-supervised pretraining, the projection head g(-) is discarded, and the pre-
trained encoder f () is reused for downstream tasks. A lightweight classifier is then at-
tached to the encoder for tasks such as acne severity grading, either by freezing the en-
coder and training a linear classifier or by fine-tuning the entire network. This architec-
tural design enables SimCLR to learn robust and transferable representations that are par-
ticularly effective in label-scarce medical imaging settings.

While SimCLR was originally designed for generic natural image representation
learning, applying it to acne severity grading introduces additional challenges. As illus-
trated in Figure 1, SimCLR is used as a standard self-supervised baseline to examine how
instance-level contrastive objectives interact with dermatological image characteristics,
where discriminative features are often localized, and severity labels exhibit ordinal struc-
ture. No task-specific modifications are introduced to the SimCLR objective, allowing the
observed performance and representation behavior to be attributed to the intrinsic prop-
erties of the contrastive formulation rather than architectural customization. This design
enables a controlled assessment of the suitability and limitations of standard contrastive
SSL for medical image classification with subtle visual differences between severity levels.
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Figure 1. System architecture for SimCLR-based self-supervised pretraining and acne severity clas-

sification.

2.3. Evaluation Metrics

To provide a comprehensive and clinically meaningful evaluation of acne severity
grading performance, we report metrics that capture ordinal agreement, class-balanced
accuracy, discriminative ability, and probabilistic calibration. Acne severity is an ordinal
task; misclassifying “Severe” as “Moderate” is less harmful than misclassifying “Severe”
as “Clear.” Therefore, accuracy alone is insufficient to quantify model reliability.

Quadratic Weighted Kappa (QWK) [48], originally introduced for assessing human
rater agreement, quantifies ordinal consistency between the prediction models and the
ground-truth acne severity labels. QWK is particularly appropriate when the target vari-
able exhibits an ordered progression, as is typical in acne grading. QWK (k) is calculated
from
Zév=1 Z?I=1 w;j O

i Z}V=1 wij Eij

where N is the number of classes. There are three related variables. Firstly, O

k= 1-— 2)

ij is the ob-
served agreement matrix representing the proportion of examples with true class i and
predicted class j. Secondly, Ej; is the expected agreement matrix under chance agree-

ment, calculated from
T X c j (3)
T

where 7; is the number of samples in row i of the confusion matrix, ¢; is the number of

Eij =

samples in column j of the confusion matrix, T is the number of samples in the confu-
sion matrix. Finally, w;; is the quadratic weight calculated by
(i—))?
“0 = o1 X
Balanced Accuracy (BalAcc) [49] mitigates class imbalance by computing the mean
recall across all classes, giving equal weight to underrepresented categories, calculated by
N

BlA—lg Th 5
arce = N LTP +FN, ®)
i=

where TP; is a true positive for class i and FN; is a false negative for class i. Acne se-
verity datasets are naturally imbalanced; most real-world samples fall into “Mild” and
“Moderate” categories, while “Severe” cases are far less common.

Macro-Averaged F1 Score (Macro-F1) [50] emphasizes per-class performance, sum-
marizing the harmonic mean of precision and recall per class and averaging them equally.
Macro-F1 is sensitive to both incorrect predictions and missed detections. Macro-F1 is cal-
culated from
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y o L S 2PR; ;
acro _N‘1Pi+Ri 6)
i=
where FP; is a false positive for class i, P; is a precision for class i calculated from
TP,
pp= ——M—
“~ TP, +FP; @
and R; is a recall for class i calculated from
R = TP; g
"7 TP, +FN; ®

This metric is particularly important for acne severity grading, where misclassifying
“Severe” as “Mild” and vice versa carries different clinical implications.

Unlike accuracy or F1-score, Macro-Averaged AUROC (Macro-AUROC) [51] is cal-
culated from

N
1
Macro — AUROC = ﬁz AUC; 9)
i=1
where AUC; is an area under the curve of class i, evaluates discrimination independent

of classification threshold, measuring how well the model can rank samples by severity
likelihood.

3. Experiments

This research conducted a comprehensive series of experiments to evaluate the effec-
tiveness and limitations of SimCLR-based SSL for acne severity grading under varying
annotation budgets. The experimental design investigates three main experiments, in-
cluding whether learned representations improve ordinal classification performance com-
pared with supervised transfer learning, how performance scales under label scarcity, and
how fine-tuning affects the SimCLR model. This research benchmarks SimCLR models
against strong supervised baselines, evaluates performance using linear probing, and as-
sesses calibration, robustness, and subgroup fairness. All experiments are conducted on
identical train-validation-test splits with subject-level separation. The subsections below
describe the experimental setup, baselines, ablation configurations, implementation de-
tails, and evaluation protocols.

3.1. Experiment Setup

All models are trained using the combination of ACNE(04 and AcneSCU dataset split
with 70%, 15%, and 15% allocated for training, validation, and testing, respectively. This
partitioning strategy has also been used in prior dermatology-related medical image anal-
ysis studies to support robust model selection and unbiased performance evaluation
[52,53]. To evaluate label efficiency, this research creates four additional training subsets
containing 1%, 5%, 10%, and 25% of the labeled training samples. These subsets are sam-
pled using a fixed random seed to ensure reproducibility. All experiments are conducted
on a single NVIDIA A4000 GPU with 16 GB VRAM using PyTorch with version 2.6.0 and
automatic mixed precision (AMP). All reported metrics, including QWK, Balanced Accu-
racy, Macro-F1, and Macro-AUROC, are computed on the testing dataset.

SimCLR is trained on the entire unlabeled image pool using two augmented views
per image. Unless otherwise specified, this research uses ResNet-18 as the backbone, an
input image size of 224 x 224, a temperature value of 0.1, an MLP-2 projection head with
a 128-dimensional output, and LARS (Layer-wise Adaptive Rate Scaling) as the optimizer.
Training is conducted for 100 epochs using the default SimCLR augmentations, including
random crops, flip, color jitter, Gaussian blur.

To provide evidence of training stability, Figure 2 presents a representative SimCLR
pretraining loss curve using ResNet18 with a temperature value of 1.5 over 8f00 epochs.

https://doi.org/10.3390/technologies14020116
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The figure shows both training and validation contrastive loss curves, which follow the
same decreasing trajectory and converge with a consistently small gap across epochs, sug-
gesting stable optimization with no clear signs of severe overfitting. The absence of diver-
gence between the curves supports the interpretation that the downstream performance
limitations are more likely related to the contrastive objective than to training instability.
The contrastive loss decreases rapidly in the early phase and transitions into a slow-con-
verging regime with diminishing improvements well before 100 epochs. Due to compu-
tational resource and training time constraints, 100 epochs were therefore selected as the
default SImCLR pretraining length across the experimental grid, providing a practical bal-
ance between training stability and computational feasibility. Although longer pretrain-
ing can further reduce the contrastive loss, extending all configurations in the full grid to
600-800 epochs was not feasible given the scale of the experiments. Moreover, no down-
stream performance trends were observed to suggest that substantially longer pretraining
would materially change the study’s conclusions. Under extended pretraining, the
achieved macro precision, macro recall, Macro-F1, QWK, balanced accuracy, and Macro-
AUROC were 0.4494, 0.4365, 0.4419, 0.4752, 0.4365, and 0.6655, respectively, which are
consistent with the reported results.

4.1+

4.0 1

3.8 1

3.7 A

= Training Loss
—— Validation Loss

0 100

200 300 400 500 600 700 800
Epoch

Figure 2. SImCLR pretraining loss curve for ResNet18 at temperature = 1.5 over 800 epochs.

3.2. Comparison Between SimCLR-Based Contrastive Self-Supervised and Supervised Models

The first experiment evaluates whether SimCLR-based self-supervised pretraining
provides any measurable advantage over conventional supervised transfer learning for
acne severity grading. This experiment compares a SimCLR-pretrained ResNet-50 en-
coder, evaluated using linear probing, against a diverse suite of ten supervised baselines.
In addition, cross-dataset generalization is assessed by training on ACNE04 (80% for train-
ing and 20% for validation) and testing on AcneSCU, and vice versa, as summarized in
Table 2. The supervised baselines include seven CNN architectures, namely VGG16, Res-
Net50, EfficientNetV2-S, ConvNeXt-Tiny, DenseNet121, RegNetY-8GF, MobileNetV3-
Large, and three ViT models, including ViT-Small, Swin-Tiny, and DeiT-Small. All models
share identical data splits, input resolutions, and training hyperparameters to ensure
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comparability. The comparative performance of self-supervised and supervised models
is summarized in Table 3.

Table 2 reports cross-dataset performance when training on ACNE04 and testing on
AcneSCU, and vice versa. When trained on ACNE04, ConvNeXt-Tiny achieves the high-
est performance among CNNs with a QWK of 0.5439, Balanced Accuracy of 0.5303,
Macro-F1 of 0.3927, and Macro-AUROC of 0.7389, while most other CNNs remain below
a QWK of 0.27 and a Macro-F1 of 0.31. When trained on AcneSCU and tested on ACNE04,
transformer-based models outperform CNNs, with Swin-Tiny achieving a QWK of 0.5483,
Balanced Accuracy of 0.4554, Macro-F1 of 0.4650, and Macro-AUROC of 0.7892, and DeiT-
Small achieving a QWK of 0.5589, Balanced Accuracy of 0.4584, Macro-F1 of 0.4711, and
Macro-AUROC of 0.7564. Overall, the consistently low performance of most models
across both directions highlights limited cross-dataset generalization when trained on a
single dataset, likely due to domain shifts in acquisition conditions and annotation char-
acteristics between datasets.

Table 2. Comparative performance of models under cross-dataset testing.

Model

Training on ACNE04 and Testing on AnceSCU Training on AnceSCU and Testing on ACNE04

QWK BalAcc Macro-F1 Macro-AUROC QWK BalAcc Macro-F1 Macro-AUROC

CNN
VGG16 0.2669 0.3352 0.1426 0.6659 0.2970 0.3106  0.3072 0.6539
ResNet50 0.0116 0.3750 0.1607 0.5672 0.0070 0.2618  0.2032 0.6065
EfficientNetV2-S  0.0443 0.3750 0.1655 0.6008 0.0538 0.2665  0.1968 0.5676
ConvNeXt-Tiny  0.5439 0.5303 0.3927 0.7389 0.1853 0.2881  0.2814 0.6173
DenseNet121 0.1797 0.4640 0.3130 0.5367 0.0733 0.2745  0.2092 0.6138
RegNetY-8GF 0.0000 0.2500 0.1622 0.6675 0.1640 0.3129  0.2655 0.6485
MOb]ilaezEtV} 0.0690 0.3390 0.1776 0.5032 0.1627 0.3026  0.2906 0.6695

ViTs
Swin-Tiny 0.3553 0.3769 0.1958 0.6547 0.5483 0.4554  0.4650 0.7892
DeiT-Small 0.3284 0.4413 0.2916 0.7076 0.5589 0.4584 04711 0.7564
ViT-Small 0.1115 0.3163 0.1341 0.6733 0.3024 0.3776  0.3142 0.6753

Table 3 shows that SimCLR representations are substantially weaker than those of all
supervised baselines. Linear probing shows limited feature separability, and full fine-tun-
ing fails to match the performance of even mid-sized supervised CNNs. Using QWK as
the primary metric, SimCLR underperforms across all evaluation criteria, including Bal-
anced Accuracy, Macro-F1, and Macro-AUROC. These results indicate that contrastive
pretraining does not yield clinically meaningful ordinal representations for this task. Alt-
hough negative, this finding is scientifically valuable because it highlights the limitations
of standard contrastive self-supervision for dermatological image analysis and motivates
the need for domain-adapted SSL strategies or alternative pretraining frameworks better
suited to subtle and localized skin-lesion features.
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Table 3. Comparative performance of SimCLR models and supervised CNN and ViT models.

Models QWK BalAcc  Macro-F1 Macro-AUROC Inference (ms)

CNN
VGG16 0.8115 0.7202 0.7272 0.9178 2.61
ResNet50 0.8011 0.7067 0.7033 0.9102 2.00
EfficientNetV2-S 0.8533 0.7535 0.7396 0.9158 1.85
ConvNeXt-Tiny 0.7990 0.7162 0.7157 0.9025 1.79
DenseNet121 0.8066 0.7211 0.7174 0.9257 2.27
RegNetY-8GF 0.8169 0.6839 0.7179 0.9292 0.90
MobileNetV3-Large 0.7616 0.7095 0.6906 0.8994 1.10

ViTs
Swin-Tiny 0.8714 0.7880 0.8038 0.9445 0.31
DeiT-Small 0.8411 0.7682 0.7566 0.9382 1.57
ViT-Small 0.8694 0.7904 0.7960 0.9432 0.13

SSL
SimCLR + ResNet18  0.3501 0.3721 0.3902 0.6310 3.49
SimCLR + ResNet50 0.2773 0.3443 0.3567 0.6348 9.86

The comparative results demonstrate a significant performance gap between self-su-
pervised SimCLR pretraining and conventional supervised transfer learning for acne se-
verity grading. All supervised models, across both CNN and ViT families, achieve con-
sistently high agreement with dermatologist labels, with QWK scores ranging from 0.7616
to 0.8533, indicating strong ordinal consistency and clinical relevance. ViT models, partic-
ularly Swin Transformer, achieved 0.8714 in QWK, exhibit the best overall performance,
suggesting an advantage in modeling global context and fine-grained visual patterns pre-
sent in dermatological images.

In contrast, SimCLR-based models perform substantially worse across all evaluation
metrics. Both SimCLR + ResNet18 and SimCLR + ResNet50 yield very low QWK scores of
0.3501 and 0.2773, respectively, along with near-random Balanced Accuracy and Macro-
F1 values. These results indicate poor feature separability and an inability of contrastive
pretraining to capture the subtle and localized cues required for ordinal acne severity as-
sessment. Notably, increasing backbone capacity from ResNet18 to ResNet50 does not im-
prove performance, suggesting that the primary limitation lies in the learned representa-
tion rather than model size or inference capability.

The uniformly low Macro-AUROC values observed for SimCLR further imply weak
class discrimination, reinforcing that generic instance-level contrastive objectives are not
well suited to dermatology tasks, where intra-class visual variation is limited and clini-
cally meaningful differences are often subtle and localized. Overall, these findings suggest
that standard SimCLR pretraining does not provide clinically meaningful representations
for acne severity grading. While negative, this result is informative and underscores the
need for domain-adapted self- supervised objectives, lesion-aware augmentation, or al-
ternative pretraining paradigms that better align with the visual characteristics of medical
skin images.

3.3. Evaluation Under Label Scarcity

The second experiment investigates how the performance of SimCLR changes when
the amount of labeled data is progressively reduced, focusing on how each model behaves
relative to its fully supervised performance at 100% labels. In theory, self-supervised pre-
training should mitigate the impact of label scarcity by providing strong initialization,
allowing downstream fine-tuning to remain stable even when only a small fraction of la-
bels is available. However, our results show that SImCLR exhibits only minimal
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degradation between the 100% labels setting and the 1-25% label settings, suggesting that
model performance is relatively insensitive to annotation volume. Importantly, this sta-
bility does not arise from particularly strong representations but rather, overall perfor-
mance of SIMCLR remains consistently low across all label budgets. The small perfor-
mance gap among the 1%, 5%, 10%, 25%, and 100% labels settings, therefore, indicates
that the limiting factor is representation quality rather than label quantity. This finding
implies that if a stronger or domain-adapted self-supervised feature extractor were avail-
able, a similar pattern of label-insensitive fine-tuning could allow the model to achieve
clinically competitive accuracy, even with limited labeled data. Thus, although SImCLR
does not yield high performance for this task, the observed robustness across label budg-
ets highlights the potential value of improved SSL methods specifically designed for der-
matological imagery.

Across all label budgets, from 1% to 25%, and up to 100%, SimCLR shows only mar-
ginal differences in performance. Metrics such as QWK, balanced accuracy, and Macro-F1
remain clustered within a narrow range, indicating that fine-tuning is surprisingly stable
even when labels are extremely limited. The detailed quantitative results across different
label budgets are summarized in Table 4. At first glance, such invariance might appear
beneficial, but the underlying cause is more concerning. The overall performance of
SimCLR remains consistently low, regardless of label availability. In other words, the pri-
mary bottleneck is not labeled quantity but the quality of the learned representations.

Table 4. Comparative performance of SimCLR models across label budget conditions.

Model Label QWK Accuracy Macro-F1 = Macro-AUROC Inference (ms)
0% 0.3225 03061 0.3028 0.5669 3.49
1% 03008 03095 0.3257 0.5577 3.49
. 5% 03519 0.3226 0.3317 0.5683 3.49
SImCLR + ResNetl8 10% 0.2888 0.3053 0.3094 0.6124 3.49
25% 0.4116 03756 0.3892 0.6279 3.49
100% 0.3501 0.3721 0.3902 0.6310 3.49
0% 0.0964 0.2546 0.2213 0.4900 9.86
1% 0.0772 0.2418 0.2152 0.5253 9.86
. 5% 0.2142 03010 0.2961 0.6376 9.86
SImCLR + ResNet50 10% 0.2751 03170 0.3280 0.6037 9.86
25% 0.2186 03578 0.3770 0.6346 9.86
100% 0.2773 0.3443 0.3567 0.6348 9.86

The PCA visualizations of SimCLR embeddings using both ResNet18 and ResNet50
backbones reveal limited severity-aware structure in the learned feature space. Figure 3a
and Figure 3b show the 2D PCA projections of SimCLR feature representations using Res-
Net18 and ResNet50 backbones, respectively, where Levels 0-3 correspond to mild, mod-
erate, severe, and very severe acne. For SimCLR + ResNet18, the 2D PCA projection ex-
plains 87.0% of the total variance (PC1: 83.0%, PC2: 4.0%), while the 3D projection in-
creases this slightly to 88.4%, as shown in Figure 4a. The dominance of PC1 indicates that
the learned representations capture a strong underlying feature direction aligned with
acne severity. As shown in Figure 3a, Level 0 and Level 3 samples form relatively distinct
regions along PC1, suggesting clearer separation between the extreme severity cases. In
contrast, Level 1 and Level 2 samples show substantial overlap, which is consistent with
the visual and clinical similarity of intermediate severity cases. Notably, the samples ex-
hibit an ordinal progression from Level 0 to Level 3 along the principal axis, consistent
with clinical severity ordering.
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Figure 3. 2D PCA visualization of SimCLR feature representations: (a) ResNet-18 and (b) ResNet-
50.
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For SImCLR + ResNet50, the variance explained by the 2D PCA projection is slightly
lower at 83.8% (PC1: 82.5%, PC2: 1.3%), increasing to 84.6% in 3D, as shown in Figure 4b.
The feature space exhibits an even stronger concentration of variance along PC1, with
higher components contributing only marginally. As shown in Figure 3b, although this
indicates highly aligned representations, the severity levels, particularly Levels 1 and 2,
still overlap substantially. Compared to ResNet18, ResNet50 shows a more compressed
variance distribution across principal components, implying that increased representa-
tional capacity does not directly yield improved low-dimensional separability. Overall,
both backbones capture clinically meaningful severity ordering, with clearer separation
at severity extremes and overlap among moderate cases, while adding a third principal
component achieved only marginal representational gains.
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Figure 4. 3D PCA visualization of SImCLR feature representations: (a) ResNet-18 and (b) ResNet-
50.

The t-SNE visualizations provide complementary insights into the local structure of
the learned representations and further support the severity-aware trends observed in the
PCA analysis. As shown in Figure 5a,b, the 2D t-SNE projections of SImCLR embeddings
obtained with ResNet18 and ResNet50 backbones reveal the emergence of localized, se-
verity-consistent neighborhoods. For SimCLR + ResNet18, the embeddings form discern-
ible clusters corresponding to the four acne severity levels. Level 0 and Level 3 samples
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exhibit the most compact and well-separated clusters, suggesting strong discriminative
features for extreme severity cases. In contrast, Level 1 and Level 2 samples show partial
overlap and transitional regions between clusters, reflecting the visual ambiguity and
gradual progression typical of moderate acne severity.

SimCLR + ResNet50 exhibits a similar clustering structure, with slightly tighter and
smoother local neighborhoods, suggesting more aligned feature representations due to
the deeper backbone. However, overlap between the intermediate severity levels persists,
and the global arrangement of clusters follows an approximate ordinal progression from
Level 0 to Level 3 rather than forming strictly isolated groups. This behavior indicates that
the learned representations encode acne severity as a continuum rather than as independ-
ent categorical classes. Overall, the t-SNE results highlight clear separation at the severity
extremes and clinically meaningful transition zones among moderate cases, reinforcing
the conclusion that SimCLR captures relevant disease progression patterns while still
struggling to distinguish fine-grained boundaries between adjacent severity levels.
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Figure 5. 2D t-SNE Visualization of SimCLR with (a) ResNet-18 and (b) ResNet-50.

3.4. Fine-Tuning the SimCLR Model

The final experiment investigates whether refining the contrastive learning formula-
tion, specifically by adjusting the temperature parameter in the SimCLR loss, can improve
representation quality and downstream acne severity grading performance. The temper-
ature parameter controls the softness of the contrastive softmax distribution and directly
affects the degree of separation between positive and negative sample pairs during self-
supervised pretraining. To evaluate its impact, SimCLR models are pretrained using mul-
tiple temperature values (t = 0.5, 0.7, 1.0, 1.2, and 1.5) and subsequently fine-tuned end-
to-end on the supervised acne severity classification task. This experiment aims to assess
whether suboptimal temperature selection contributes to the poor performance observed
in previous SimCLR evaluations and whether careful tuning can narrow the gap with su-
pervised transfer learning baselines.

The comparative results across different temperature settings are summarized in Ta-
ble 5. The results indicate that temperature tuning has a measurable but limited effect on
SimCLR performance. For both ResNet18 and ResNet50 backbones, moderate tempera-
ture values, including T = 0.5, 0.7 and T = 1.2, consistently outperform the default setting
of © = 1.0, achieving improvements in QWK, Macro-F1, and Macro-AUROC. The best-
performing configurations achieve QWK scores of 0.4548 for SImCLR + ResNet18 at T =
1.5 and 0.3881 for SImCLR + ResNet50 t = 0.5. Although these results represent relative
gains over the baseline configuration, they remain substantially lower than those achieved
by supervised models.
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Table 5. Comparative performance of SimCLR models under different temperature settings.

Model T QWK Accuracy Macro-F1  Macro-AUROC Inference (ms)
0.5 0.4055 0.4018 0.4012 0.6657 3.23
0.7 0.4258 0.3835 0.3901 0.6389 3.30
SimCLR + ResNet18 1.0 0.3501 0.3721 0.3902 0.6310 3.49
1.2 0.3520 0.3952 0.4060 0.6681 3.29
1.5 0.4548 0.4223 0.4299 0.6418 3.30
0.5 0.3881 0.4254 0.4337 0.6794 9.66
0.7 0.2343 0.3661 0.3727 0.6447 9.86
SimCLR + ResNet50 1.0 0.2773 0.3443 0.3567 0.6348 9.86
1.2 0.3772 0.3725 0.3893 0.6435 9.96
1.5 0.3255 0.3554 0.3687 0.6464 11.02

From a class-balanced perspective, the Macro-F1 scores remain in the range of 0.35—
0.43, indicating limited per-class consistency even after temperature tuning. Similarly, the
Macro-AUROC values range from 0.63 to 0.68 across all settings, reflecting only moderate
discriminative ability across acne severity levels. These results suggest that although ad-
justing the temperature can modestly improve representation quality, it does not substan-
tially enhance the ability of model to separate fine-grained and ordinal severity grades in
a clinically meaningful feature.

Notably, higher temperature values (e.g., T = 1.5) do not yield uniform gains across
backbones, with improvements observed for ResNet18 but not consistently for ResNet50,
indicating sensitivity to backbone capacity. Conversely, very low temperature settings fail
to produce robust improvements in Macro-F1 or Macro-AUROC, potentially due to over-
sharpening effects that amplify noise and intra-class variability in dermatological images
where visual differences are subtle. Overall, despite modest gains over the baseline con-
figuration, SimCLR-based models remain substantially inferior to supervised counter-
parts in both class-balanced performance and discriminative ability.

Figure 6 further contextualizes these findings by visualizing the class-wise error dis-
tribution of the best-performing SimCLR configuration under the full-label setting. The
confusion matrix reveals substantial misclassification between adjacent acne severity lev-
els, particularly between mild and moderate classes. Only 42.42% of mild cases are cor-
rectly predicted, while 50.0% are misclassified as moderate. Similarly, 45.3% of moderate
cases are correctly predicted, while 40.00% are misclassified as mild. Although the very
severe class exhibits a higher recall at 52.63%, it is still confused with the neighboring
severe class at 21.05%. In contrast, the severe class shows the lowest recall at 34.29% and
is frequently confused with moderate at 28.57% and very severe at 17.14%, indicating lim-
ited ordinal discrimination. This pattern helps explain why improvements in aggregate
metrics from temperature tuning do not translate into clinically reliable severity separa-
tion. Moreover, the confusion matrix exposes a tendency toward majority-class predic-
tions and reduced sensitivity for intermediate severity levels, which are both clinically
important and visually subtle.
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Figure 6. Row-normalized confusion matrix of the best-performing SimCLR model.

As shown in Table 6, moderate temperature settings result in Grad-CAM visualiza-
tions that are relatively more concentrated over acne-prone facial regions, such as the
cheek and jawline. In contrast, higher temperature values result in more diffuse attention
patterns that extend to non-diagnostic regions, including hair and background areas. Clin-
ically, acne lesions may be distributed across multiple facial regions. However, the Grad-
CAM results indicate that the model often concentrates its attention on a subset of repre-
sentative acne-prone areas rather than uniformly covering all affected regions. This be-
havior suggests that the model may rely on salient regions that are sufficient for severity
discrimination, although it does not provide quantitative validation against dermatolo-
gist-annotated lesion regions. Quantitative attention evaluation is an important direction
for future work. This qualitative trend is consistently observed across both ResNet18 and
ResNet50 backbones, indicating limited improvement in spatial feature localization with
increased model capacity. Notably, increasing backbone capacity from ResNet18 to Res-
Net50 does not yield systematic improvements, reinforcing the conclusion that represen-
tation quality is constrained primarily by the contrastive objective rather than model ex-
pressiveness.

Table 6. Grad-CAM visualization comparison of ResNet-18 and ResNet-50 models under different

Temperature settings.

Original Image T Grad-Cam ResNet-18 Grad-Cam ResNet-50
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Overall, while temperature is confirmed to be a meaningful hyperparameter for der-
matology-focused SSL, its optimization alone is insufficient to achieve clinically relevant
ordinal representations. These findings suggest that closing the performance gap will
likely require more fundamental changes, such as lesion-aware data augmentations, spa-
tially localized contrastive objectives, or hybrid self-supervised and supervised frame-
works tailored to fine-grained medical image analysis.

4. Discussion

This research presents a comprehensive evaluation of self-supervised learning for
acne severity grading and provides critical insights into its applicability and limitations
within dermatological image analysis. Through a series of controlled experiments, this
research examined whether contrastive self-supervised pretraining using SimCLR can
provide meaningful advantages over supervised transfer learning, particularly under la-
bel-scarce conditions, and whether modifications to the contrastive formulation could im-
prove downstream performance. Across all experimental settings, supervised models
consistently outperformed SimCLR-based contrastive SSL approaches by a substantial
margin, highlighting the continued effectiveness of supervised transfer learning and the
current limitations of generic contrastive self-supervision for medical image classification
with subtle visual differences. In addition, although no explicit class imbalance mitigation
techniques were applied, the impact of class imbalance was examined using class-bal-
anced evaluation metrics and confusion matrices. As shown in Figure 6, all severity clas-
ses, including the minority severe class, were detected and were not collapsed into major-
ity categories. However, the confusion matrix reveals class-dependent performance
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variations, including reduced recall for intermediate severity levels and a tendency to-
ward majority-class predictions. These observations suggest that class imbalance influ-
ences the error distribution even when balanced metrics are reported. While this analysis
improves transparency, explicitly addressing class imbalance through data rebalancing or
cost-sensitive learning remains important future work.

The results demonstrate that supervised CNN and ViT models achieve strong and
consistent performance across all evaluation metrics, including QWK, Balanced Accuracy,
Macro-F1, and Macro-AUROC. Vision transformer-based architectures, such as Swin
Transformer and DeiT, exhibit particularly high ordinal agreement with expert annota-
tions. Future work should further investigate Transformer-based architectures for acne
severity grading, as their self-attention mechanisms can model global contextual relation-
ships and lesion distribution patterns that are clinically relevant for dermatological assess-
ment. Although not evaluated in this study, such models may be better aligned with the
spatial and ordinal nature of acne severity. This observation suggests that the ability to
model global context while preserving detailed spatial information is beneficial for acne
severity grading. These findings also indicate that supervised pretraining on large-scale
natural image datasets provides transferable representations that align well with derma-
tological severity assessment, despite domain differences between natural and medical
images.

In contrast, SImCLR-based self-supervised models consistently exhibit weak perfor-
mance, even after fine-tuning. Low ordinal agreement and near-random class discrimina-
tion indicate that the learned representations lack clinically meaningful structure. Increas-
ing backbone capacity from ResNet18 to ResNet50 does not lead to systematic improve-
ments, suggesting that representation quality is constrained primarily by the contrastive
learning objective rather than model expressiveness. The instance-level invariance en-
couraged by SimCLR may suppress subtle but clinically important variations in lesion
appearance, density, and spatial distribution, which are critical for accurate severity grad-
ing. Importantly, this performance gap likely reflects a mismatch between the generic
SimCLR-style contrastive objective and dermatological visual characteristics, rather than
an inherent limitation of self-supervised learning in general.

The label-scarcity experiments further reinforce these observations. Although self-
supervised learning is often proposed as a solution for reducing reliance on annotated
data, SimCLR does not demonstrate a clear advantage over supervised transfer learning
when the amount of labeled data is reduced. Supervised models degrade more gracefully
under limited supervision, indicating stronger inductive biases for dermatological image
interpretation. This finding challenges the assumption that generic self-supervised pre-
training alone can compensate for annotation scarcity in medical imaging tasks character-
ized by subtle inter-class differences and ordinal relationships.

Adjusting the temperature parameter of the SimCLR contrastive loss yields measur-
able but limited improvements in downstream performance, confirming that representa-
tion quality is sensitive to contrastive formulation. Moderate temperature values consist-
ently outperform the default setting, while higher temperatures degrade performance due
to insufficient separation between feature clusters. Overall, the observed gains are modest
and do not change the overall performance trend. However, even the best-performing
temperature configurations fail to approach supervised baselines, indicating that hy-
perparameter tuning alone is insufficient to address the fundamental mismatch between
generic contrastive objectives and the requirements of acne severity grading.

Recent self-supervised frameworks such as DINO, which rely on self-distillation and
teacher-student training paradigms, have demonstrated promising representation learn-
ing capabilities, particularly when paired with vision transformer architectures. Such ap-
proaches may better capture global structural relationships without relying on explicit
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negative pairs. However, due to computational resource limitations and the substantial
training cost associated with large-scale transformer-based self-supervised pretraining, a
direct evaluation of DINO was not feasible within the scope of this research. Therefore,
the limitations observed here should be interpreted as specific to the evaluated SimCLR-
based contrastive self-supervised setting rather than representative of self-supervised
learning methods in general (e.g., DINO or other teacher—student frameworks), which
were not evaluated in this research. Consequently, while DINO is a promising alternative,
its effectiveness for fine-grained acne severity grading, where localized lesion features and
ordinal severity relationships are critical, remains to be systematically validated.

Overall, the findings of this research underscore the importance of domain-specific
adaptation in self-supervised learning for medical image analysis. Dermatological images
present unique challenges, including high intra-class similarity, subtle inter-class varia-
tion, and strong dependence on localized visual cues. Generic self-supervised objectives
designed for natural images may not capture these characteristics. Effective representa-
tion learning for acne severity grading is likely to require lesion-aware augmentations,
spatially localized learning objectives, or hybrid frameworks that integrate self-supervi-
sion with weak or partial supervision and ordinal constraints. While the self-supervised
approaches evaluated in this research do not yet achieve clinically meaningful perfor-
mance, the systematic negative findings reported here provide valuable guidance for fu-
ture research and highlight key directions for developing more effective self-supervised
models in dermatology.

5. Conclusions

This research presents a systematic evaluation of SSL for acne severity grading by
benchmarking SimCLR against a diverse set of supervised deep learning models under
controlled experimental conditions. Across full-data training, label-scarce settings, and
temperature-tuned contrastive learning experiments, supervised transfer learning con-
sistently demonstrated superior performance. These results indicate that supervised mod-
els are more effective at capturing the subtle visual cues required for clinically meaningful
acne assessment. In contrast, standard SimCLR pretraining yielded only limited perfor-
mance gains and remains below supervised baselines, even after fine-tuning.

Future research should therefore explore domain-aware representation learning
strategies that explicitly incorporate dermatological knowledge into the training process,
including Transformer-based architectures such as ViT and Swin Transformer. This may
include pretraining on large-scale skin-disease datasets; designing contrastive objectives
that emphasize lesion boundaries and inflammatory patterns; integrating clinical
metadata such as lesion type, anatomical location, or severity information; or adopting
weakly supervised and multi-task learning frameworks that jointly predict acne severity
alongside auxiliary dermatological attributes. Such domain-aligned objectives may help
bridge the performance gap observed with generic contrastive self-supervised learning
and provide deeper insights into how self-supervised methods can be effectively adapted
for fine-grained dermatological image analysis.

In addition, qualitative analysis suggests that the current models focus on a limited
subset of salient acne-prone regions rather than comprehensively attending to all affected
facial areas. While such behavior may be sufficient for coarse severity discrimination, it
limits interpretability and clinical trust. Future work should incorporate quantitative at-
tention evaluation, ideally using dermatologist-annotated lesion regions, to assess
whether the learned attention patterns align with clinical assessment criteria and to guide
the development of more spatially faithful representation learning strategies.

Although SSL offers a promising solution for reducing reliance on annotated data,
these findings suggest that generic contrastive learning objectives are not well aligned
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with the subtle, localized, and severity-dependent patterns in dermatological imagery.
While temperature adjustment influenced SimCLR performance, the observed improve-
ments were modest and insufficient to close the performance gap. Collectively, these re-
sults highlight the limitations of generic contrastive SSL for acne severity grading and
motivate further investigation into domain-adapted self-supervised strategies. Moreover,
this research provides negative evidence that can inform future methodological develop-
ment and help prevent overgeneralization of SSL effectiveness in clinical image analysis.
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