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Abstract: The classification of rare skin diseases faces significant data scarcity challenges due to the
difficulty in acquiring clinical samples and the high cost of annotation, which severely hinders the
training of deep neural network—based models. Few-shot learning has emerged as a cutting-edge
solution, with its core capability being the identification of novel disease classes using limited
annotated samples to mitigate data insufficiency. However, most existing methods fail to fully leverage
the statistical information from base classes to calibrate the distribution of few-shot classes, thereby
optimizing classifier inputs. Two critical research challenges remain: (1) accurately estimating the true
distribution of few-shot classes with minimal samples, and (2) selecting appropriate base class
information for effective distribution calibration. To address these challenges, we propose SADC (skin
disease classification via adaptive distribution calibration), a new few-shot learning framework
incorporating multi-scale feature extraction and adaptive sample calibration. First, our multi-scale
feature extraction strategy employs feature descriptor matrices and composite metrics to optimize
multi-dimensional, multi-directional feature representations, enabling precise similarity computation
between base-class and few-shot samples. Second, the adaptive sample calibration strategy constructs
weight matrices based on sample similarity to automatically select optimal base-class samples with
adaptive weights for distribution calibration, ensuring alignment between calibrated distributions and
true unbiased distributions. Experimental results demonstrated that SADC achieves state-of-the-art
performance across three public dermatology datasets (ISIC2018, Derm7pt, and SD198), showing
significant improvements over existing methods. The framework’s innovation lies in its dual-strategy
approach to distribution-aware few-shot learning, advancing the frontier of data-efficient medical
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image analysis.
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1. Introduction

Skin diseases represent a global health concern with profound impacts on patients' quality of life,
where early and accurate diagnosis is critical for effective treatment and improved prognosis [1].
Recent advances in deep learning have demonstrated significant potential in dermatology through
medical image analysis [2—4]. However, privacy concerns and high annotation costs severely limit data
accessibility, particularly for rare skin diseases that exhibit sparse samples typically residing in the
long-tail region of data distributions (Figure 1). This data scarcity demands models with strong
generalization capabilities to rapidly adapt and accurately classify novel disease categories under
limited samples, making rare skin disease classification an unresolved challenge.

B Base Classes
Il Novel Classes

3000

Number of exsamples
- . =
Number of exsamples

NV MEL BEL BCC AKIEC ~ VASC DF 1 23 45678 810111213 1415161718 a 20 40 60 80 100 120 140 160 180 200
Classes Classes Classes

(a)Class distribution of ISIC2018. (b)Class distribution of Derm7pt. (¢)Class distribution of SD198.

Figure 1. Class distribution of three datasets.

Few-shot learning (FSL) has emerged as a promising solution [5—7], with mainstream approaches
falling into two categories: meta-learning and transfer learning. Meta-learning trains models to "learn
how to learn", where model-agnostic meta-learning (MAML) [8] and prototypical networks (ProtoNet)
[9] have been widely adopted and refined [10—15]. Transfer learning [16—20] leverages knowledge
from related tasks or datasets by pretraining on base categories with sufficient samples, enabling quick
adaptation to rare disease categories. Additionally, some studies exploit intra-class substructures to
achieve finer classification in complex scenarios [20,22].

Despite progress, existing methods often underutilize base categories to calibrate few-shot class
distributions for classifier optimization. Research indicates [23,24] that when features follow Gaussian
distributions, similar categories share comparable statistics (e.g., mean and covariance). Transferring
accurate statistics from analogous base categories can thus rectify biased distributions in few-shot
classes. However, two critical challenges persist: (1) estimating true few-shot class distributions from
minimal samples, and (2) selecting optimal base-class information for calibration.

To address these, we propose SADC (skin disease classification via adaptive distribution
calibration), integrating:
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1). The multi-scale feature extraction strategy that extracts multidimensional and multidirectional
features to enhance similarity computation between base and novel classes;

2). The adaptive sample calibration strategy that dynamically selects base-class samples using
similarity-weighted adjustments to align feature distributions with ground-truth
representations.

3). Extensive experiments on three public dermatology datasets (ISIC2018, Derm7pt, and SD198)
to demonstrate that the proposed method achieves state-of-the-art performance.

2. Related work
2.1. Few-shot learning

Few-shot learning (FSL) has emerged as a critical research direction in machine learning,
addressing the challenge of enabling models to rapidly learn and generalize to novel categories with
limited labeled samples [5—7]. This paradigm focuses on extracting prior knowledge from base classes
(categories with abundant labeled samples) and effectively transferring it to novel classes (previously
unseen categories with scarce annotations), thereby achieving accurate recognition even with minimal
novel-class examples. Current FSL methodologies can be broadly categorized into two frameworks:
meta-learning and transfer learning approaches.

2.1.1. Meta-learning-based methods

Inspired by meta-learning principles, these approaches have been widely adopted in FSL.
Foundational models, including MAML [8], Reptile [25], Matching Networks [26], Prototypical
Networks [9], and Relation Networks [27], employ meta-learning frameworks that train models in
episodic batches. These methods enable networks to adapt parameters efficiently with few samples,
achieving competitive accuracy on novel categories. Meta-learning approaches further divide into:

a). Parameter optimization-based methods (e.g., MAML, Reptile) that learn optimal initial

parameters for rapid adaptation to unseen classes within a few gradient steps.

b). Metric-based methods that leverage encoded feature vectors with distance metrics (e.g., cosine

similarity in Matching Networks, Euclidean distance in Prototypical Networks) for nearest-
neighbor classification.

2.1.2.  Transfer learning—based methods

Recently, transfer learning approaches have gained prominence in FSL. These methods first
pretrain standard classification networks on base classes and then fine-tune classifier heads using few-
shot batches from novel categories. By focusing on learning transferable feature representations—
crucial for deep learning tasks—such approaches demonstrate remarkable effectiveness. Studies [28-
29] reveal that even simple transfer learning baselines can match or surpass traditional FSL methods
while offering simpler training pipelines. Given their demonstrated efficacy, we employ transfer
learning as our foundational framework for rare skin disease prediction.

Mathematical Biosciences and Engineering Volume 22, Issue 12, 3005-3027.
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2.2. Few-shot learning for rare skin disease classification

In recent years, deep learning—based dermatological diagnostic systems have made significant
strides in medical imaging analysis, demonstrating remarkable capabilities in skin disease
classification. A seminal study by Gamage et al. [47] introduced an explainable melanoma
classification framework that achieved 90.24% accuracy on the HAM 10000 dataset through innovative
modifications to the Xception architecture, incorporating Bayesian hyperparameter optimization and
a strategic batch normalization layer unfreezing approach. Building upon this foundation, the research
team further advanced the field [48] by developing a sophisticated hybrid CNN-ViT system that
combines U2-Net segmentation modules with a novel Saliency Mask-Guided Vision Transformer
architecture, pushing classification performance to an impressive 98.37% accuracy while maintaining
clinical interpretability.

The classification of rare skin diseases presents significant challenges due to imbalanced category
distributions and scarce image data. To address this issue, few-shot learning methods have been
introduced to reduce reliance on large-scale training data while improving classification performance
under limited data conditions.

In the parameter optimization sub-branch of meta-learning approaches, Mahajan et al. [10]
enhanced model robustness to image variations by designing architectures that learn transformation-
invariant features of dermatological images. Li et al. [11] incorporated a task difficulty awareness
mechanism that dynamically adjusts task weights to improve model adaptation efficiency to novel
classes. Furthermore, Singh et al. [12] strengthened model generalization through integration of
advanced data augmentation techniques. In the metric-based sub-branch of meta-learning, Zhu et al. [13]
addressed limitations of traditional cross-entropy loss for few-shot training scenarios by proposing a
query-relative loss mechanism that effectively captures cross-sample correlations. Chowdhury et al. [14]
achieved precise sample distribution modeling through maximum mean discrepancy (MMD)-weighted
prototype networks, while Zhou et al. [15] improved classification performance by constructing
adaptive subspaces incorporating multi-scale similarity metrics.

Under transfer learning approaches, Xiao et al. [16] developed a multi-task framework that
enhances few-shot classification by incorporating contrastive learning as an auxiliary task. Dai et al. [17]
proposed a dual-encoder architecture that combines knowledge from large-scale image datasets and
few-shot medical image datasets. Other studies [18-20] have utilized unlabeled data and self-
supervised learning to mitigate performance degradation in few-shot learners.

Additionally, research has focused on addressing intra-class variations in skin diseases. PCN [20]
and SCAN [22] demonstrated that the same disease may exhibit significant appearance differences
across body regions, achieving finer-grained classification in complex scenarios by discovering sub-
cluster structures within categories.

Notably, in the field of rare skin disease classification, SS-DCN [30] remains one of the few studies
employing distribution calibration to improve performance. SS-DCN calibrates novel class
distributions by transferring statistical features (e.g., mean and covariance) from the most similar k
base classes, leveraging similarity relationships between base and novel classes to achieve more
accurate distribution estimation in few-shot scenarios. However, SS-DCN has a critical limitation: it
focuses solely on determining what to transfer (which distribution information to extract from base
classes) without optimizing how much to transfer (the contribution weights of different base classes to
novel class calibration). Specifically, SS-DCN's equal weighting assumption considers all base classes
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equally important, which overestimates distribution information from less similar base classes while
underestimating more similar ones, potentially generating feature representations that deviate from
true distributions.

To address this limitation, we propose SADC, a rare skin disease classification method based on
adaptive distribution calibration. Our approach introduces two core methodological innovations: (1) a
multi-scale feature extraction strategy that captures inter-dimensional relationships through cross-
product operations to construct richer feature representations, and (2) an adaptive sample calibration
mechanism that employs dynamic weight matrices and k-value selection to identify and leverage only
the most relevant base class samples. These innovations enable three fundamental improvements:
multi-scale representation overcomes the limitations of Euclidean distance in capturing complex
distributions; adaptive calibration ensures utilization of semantically relevant base class information;
and distribution calibration synthesizes more robust and representative feature distributions.

3. Methodology
3.1. Problem formulation

Given a standard labeled dataset D = {(x;,y;)}, where x; denotes the i-th image, and y;
represents its corresponding class label, the dataset D is partitioned into a base class dataset D, and
anovel class dataset D,,, with the novel class containing only a limited number of samples. All classes
C are divided into base classes C, and novel classes C,, satisfying C, U C,, = C,C, N C, = @. In the
pre-training phase, a feature encoder Fy is trained on the base class dataset D, to learn generalizable
feature representations while preserving its parameters. In the classifier training phase, few-shot
learning tasks (typically called N-way K-shot tasks) are constructed from D,,, where N represents the
number of randomly selected classes from C,, and K indicates the number of samples per class. Each
task consists of a support set S = {(x;, y;)}=5¥ for training a new classifier C(: |Wj,,) to rapidly adapt
tonovel classes, and a query set Q = {(x))}y! (where q is the number of query samples) for evaluating
model performance. In the inference phase, the model is tested on multiple sampled tasks to calculate
its average classification accuracy on query sets. The core objective of few-shot learning is to transfer
knowledge from base classes to generalize to data-scarce novel classes. By learning general feature
representations during pretraining and rapidly adapting a new classifier during classifier training, the
model can effectively classify unseen categories when provided with only a few samples.

3.2. Overview of the framework

As illustrated in Figure 2, the proposed framework consists of three key phases: pre-training,
classifier training, and inference. During the pre-training phase, a dual-task framework combining
supervised and self-supervised learning enhances the feature encoder's discriminative and
generalization capabilities, enabling it to capture both category labels and data structural information
while providing more robust features for subsequent tasks. In the classifier training phase, the
preserved pretrained feature encoder parameters are utilized to train new classifiers for few-shot tasks,
where features are transformed into class-conditional Gaussian distributions to dynamically calibrate
novel class distributions while generating additional sample features to enrich classifier inputs. The
inference phase freezes both the feature encoder and classifier for efficient query sample classification,
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with a comprehensive assessment of the model's generalization performance in data-scarce scenarios
achieved through multi-task testing and average classification result computation.

Stagel: Pre-training on Base Class Stage2: Training Classifier on Novel Class Support Set Stage3: Inference on
Novel Class Query Set
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Figure 2. Overall framework.
3.3. Pre-training phase

During the pre-training phase, the feature encoder Fy is trained on the base class dataset D, while
preserving its parameters to learn generalizable feature representations. Concurrently, statistical
information from base classes is retained to calibrate the distribution of novel classes, thereby
optimizing classifier inputs during the training phase. Recent studies [31-32] demonstrate that
incorporating self-supervised learning during pretraining represents an efficient approach that
significantly enhances model generalization without requiring additional annotation. As an auxiliary
task, self-supervised learning facilitates the acquisition of more robust feature representations,
consequently improving model performance in image understanding tasks. Building on this advantage,
we integrate a self-supervised learning mechanism with supervised learning to further enhance overall
model performance.

3.3.1.  Supervised learning branch

For an input image x; in the supervised learning branch, its predicted class label y; is computed by:

P(y =clx;)) = Softmax(C(FG(xi)|Wclass)) €9)

?i=argmgxP(y=clxi) (2)

where Fy(-) denotes the feature encoder, C(:|W,,.) represents the classifier, and ¢ indexes classes
in the base dataset D,,.

The supervised classification loss L., 1S obtained by computing the cross-entropy between
predicted probabilities and ground-truth labels:
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N
1
Lejass = _Nz log P(y = Yilxi) (3)
i=1

3.3.2.  Self-supervised learning branch

Rotation prediction [33] serves as an effective self-supervised learning task that enhances a model's
visual feature understanding by requiring it to identify the rotation angle applied to input images. This
approach is particularly beneficial for skin lesion images due to the inherent rotation-invariance of
anatomical structures, where diagnostic characteristics such as asymmetry, border irregularity, and
color variegation remain consistent across rotations. By predicting rotations, the backbone network is
guided to learn robust, low-level structural features (e.g., edges, textures, and shapes) without relying
on manual labels, thereby improving semantic sensitivity and reducing dependence on spurious
correlations. This results in a stronger feature extractor that enhances performance in downstream few-
shot classification tasks, especially when labeled data is scarce.

In this task, input images are randomly rotated by distinct angles (0°, 90°, 180°, or 270°), forcing
the model to recognize both the primary subject and its spatial orientation, thereby improving rotation-
invariant feature learning. The implementation involves (1) extracting rotation-aware features through
encoder Fy that capture both semantic content and orientation cues, followed by (2) angle prediction
via a 4-way linear classifier C(- |W,,.). The rotation loss L,,; (analogous to L) computes the
cross-entropy between predicted and true rotation labels r;:

N
1
Lot = =3 ) log P(r = ilx7) )
i=1

3.4. Classifier training phase

As illustrated in Figure 2, upon completion of pre-training, the feature encoder's parameters are
preserved and subsequently employed to train classifiers for each task sampled from novel classes. To
further enhance model performance, this stage introduces an adaptive distribution calibration strategy
comprising three key components.

3.4.1. Feature preprocessing based on Tukey’s power transformation

Studies [23,24] demonstrated that feature distributions become more calibratable in lower-
dimensional spaces compared to original image spaces. We therefore employ the pre-trained feature
encoder to transform images into feature vectors. This encoder, jointly trained through supervised
learning on base classes and self-supervised pretraining tasks, acquires generalizable representations
suitable for image understanding. For analytical simplicity, we assume these features follow Gaussian
distributions, where the mean and covariance effectively capture distribution characteristics. However,
due to ReLU activation in the encoder, the extracted features may deviate from ideal Gaussian
distributions (Figure 3, left).
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Figure 3. Tukey's power transformation.

To better approximate Gaussian distributions, we apply Tukey's power transformation [34] to both
base and novel class features:

N x4, a+0

x= {log (x), a=0 ®)

where a controls distribution skewness (reducing a decreases positive skew). The transformed

distributions (Figure 3, right) yield calibrated features X. For base class j, the mean and covariance are
computed as:

Hj=—> X (6)

2

I G w)Gimw) )

where X; denotes the transformed feature of the i-th sample in class j (n; =sample count). For N-way
K-shot tasks, %; and X, represent transformed support and query features, respectively, enabling
analogous mean/covariance calculation for novel classes.

3.4.2. Multi-scale feature extraction strategy

The process of selecting and transferring statistical information from base to novel classes requires
appropriate sample characterization and relationship measurement. Since sample features are
multidimensional, characterizing distributions from multiple directional perspectives provides richer
distributional and positional information compared to limited dimensional views. Existing distribution
calibration methods typically rely on Euclidean distance as a similarity metric, yet this point-to-point
measurement may exhibit limitations in capturing complex distribution characteristics. To overcome
this limitation, we propose a multi-scale feature extraction strategy based on feature description
matrices and composite metrics (Figure 4). Specifically, the feature description matrix is constructed
through the cross-product of feature vectors and their transposes, establishing inter-dimensional
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relationships that replace the original features for similarity computation. This enables comprehensive
representation of features across global, local, and fine-grained scales, ultimately providing a more
robust basis for estimating true distributions in the embedding space.

flod
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Figure 4. Multi-scale feature extraction strategy.

To more comprehensively characterize feature distributions, we introduce a feature descriptor
matrix [35]. This approach captures feature distributions not only along original dimensions but also
across other directional perspectives, thereby acquiring more comprehensive distributional
information. The feature descriptor matrix is constructed through the outer product of a feature vector
and its transpose:

M; = %; - &7 ®)

where M; denotes the feature descriptor matrix, %; represents the i-th feature vector, and % is its
transpose. Given the larger sample size in base classes, we simplify computation by approximating the
base class descriptor matrix as the mean matrix:

Mj = ;- uj 9

where M; indicates the feature descriptor matrix for the j-th base class, and y; is its mean matrix.
For support sets with limited samples, we retain the original computation from Equation (8).

For selecting statistically relevant base classes and transferring their information, we introduce a
composite metric approach [36] that combines multiple measurement modalities:

Dem(MuMj) =B -W+e-F+n-JS (10)

Here, B, €, and n are tunable hyperparameters, while W, F, and JS, respectively denote the
Wasserstein distance [37], Frobenius norm [38], and Jensen-Shannon (JS) divergence [39].
Specifically:

The Wasserstein distance quantifies distribution dissimilarity:
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W= inf Egyyllx—yll (11)
y~TI(MiMj)

The Frobenius norm serves as a generalized Euclidean norm for matrices:

F=—|M— M|, (12)

The JS divergence evaluates distribution similarity:

s=2xn (M MM L Ly (g g MM 13
JS = > i > > J > (13)
where KL represents Kullback—Leibler divergence. This composite metric framework enables
comprehensive similarity measurement between base and novel classes, significantly improving
distribution calibration accuracy through multidimensional relationship characterization.

3.4.3. Adaptive sample calibration strategy and sample augmentation

Following similarity computation via multi-scale feature extraction, conventional approaches
typically select the top-k most similar base class samples, which may inadvertently incorporate low-
similarity samples and compromise calibration accuracy. To address this, inspired by [40], we propose
an adaptive sample calibration strategy consisting of two core components: an adaptive weight matrix
and dynamic k-selection (Figure 5), which adaptively selects optimal base class samples for calibrating
novel class statistics. The adaptive weight matrix dynamically calculates relevance scores between
target novel classes and base classes, while the dynamic k-mechanism determines the optimal number
of base samples based on semantic similarity thresholds. This ensures that only the most semantically
relevant base class information is utilized for distribution calibration, effectively avoiding noise from
irrelevant categories and addressing the challenge of selecting appropriate base class information.
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I | . \ |
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Figure 5. Adaptive sample calibration strategy.

First, based on multi-scale similarity results, the dynamic weight matrix generates normalized
weighting coefficients. This matrix adaptively allocates contribution weights to base class samples
according to their similarity, avoiding calibration bias caused by fixed weights. Second, to overcome
the limitation of fixed k values, we introduce a similarity threshold T for sample screening: only
samples with weights exceeding T are retained for calibration. The threshold T is initially set to 0.5
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and dynamically adjusted to ensure available samples.
Adaptive weight matrix first constructs a normalized similarity weight matrix that automatically
assigns contribution weights to base class samples based on their relevance to each novel class:

1
A = —- 1 ~=T
714 Do (M, M) (1+Dm@hMﬂ )

(14)

where 1; denotes the weight factor for the j-th base class, and 1(-) is an indicator function activated
only when the weight exceeds threshold T (typically initialized at 0.5).

Dynamic k-selection dynamically determines the optimal number of base samples by excluding
those with similarity weights below T, ensuring that only highly relevant samples participate in
calibration.

The calibrated statistics for novel classes are computed as:

1
A+ 1

i (le#j + %) (15)

1
(4% +6) (16)

b
YA+ 1

where X; comes from the novel class support set S, u;/Z; represent base class statistics, and &
compensates for intra-class variation.
The calibrated feature distribution is expressed as:

Ny, = {V(@E, 2)lie (1, ..., K)} (17)

where fi; and X; are calibrated statistics, and K corresponds to the support set size in N-way K-shot
settings. The generated feature vectors are:

Dy, = {Ce yi)lx; ~ N (@, £), YN ([, 5) €N, } (18)

The new classifier is trained by minimizing cross-entropy loss:
Dy,
1
Lnew = ==Y logP(y = yilx) (19)
Yii=1

3.5. Inference phase

Upon completion of the task-specific classifier training, all parameters are frozen for inference on
the query set Q, with the classification probability computed as:

P(y = n|x]-) = Softmax (C(Fg(x]-)|WneW)),x]- EQ (20)

where Fg(x;) denotes the query feature representation, and C(:;Wj,,,) represents the optimized novel-
class classifier. The complete workflow of the proposed method is summarized in Algorithm 1.

Mathematical Biosciences and Engineering Volume 22, Issue 12, 3005-3027.
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Algorithm 1  Procedure of SADC

Input: base dataset D,,novel dataset D,,, Various hyperparameters
Output: Average accuracy and Average AUC for n;,qs few-shot tasks
/* Pre-training phase:

1. Randomly initialize model weights 6

2. For each epoch n from 1 to ngpcn

3 For each batch i from 1 to batchsize

4 Randomly sample(x;, y;) from D,

5. Obtain rotation set R;

6 Compute total Loss: Liota=LeiassTLrot

7 End for

8 Update model weights 0: 6 « 6 — o - VgLiorar
9. End for

/* Classifier-training phase:

10. Frozen backbone’s parameter 6

11. Extract base classes and novel classes features: x,=Fg(D},), x,=Fg(Dy)

12. Apply Tukey transform to x;, Obtain the statistics of base classes:%,«—Tukey transform (x;)
13. For each task i from 1 to n;q

14. Randomly sample task(xs,, xo,) from x,
15. Apply Tukey transform to task(xs,, xo,) Obtain the statistics of task:
X5, <Tukey transform (xg,), X,,<Tukey transform (x,),
16. N,,=Adaptive Distribution Calibration(Xs,, X;,)
17. Generate Ngenerqate samples for each class n, denoted as D,,,.
18. Trained a new classifier on Dy, = {(x;, yi)|x; ~ N (@, £), YN ([, ) €N, }
/* Inference phase:
19. Frozen the classifier's parameters
20. Calculate accuracy and AUC on query set X,
21. End for

22. Compute the average accuracy and average AUC for n.,q, few-shot tasks

4. Experiments
4.1. Datasets

To validate the effectiveness of the proposed method, comprehensive experiments were conducted
on three publicly available dermatology datasets. The datasets were carefully selected to represent
diverse clinical scenarios and diagnostic challenges in skin disease recognition.

ISIC2018: The ISIC2018 dataset [41] comprises 10,015 dermatological images across 7 disease
categories, with each image originally sized at 600x450 pixels. Following established protocols [10,30],
we partitioned the dataset into four base classes (containing more abundant samples) and three novel
classes (with fewer samples) as illustrated in Figure 1(a). This partitioning scheme enables rigorous
evaluation of few-shot learning performance on clinically relevant but data-scarce conditions.

Derm7pt. Containing 2005 high-resolution images (768x512 pixels) spanning 20 diagnostic
categories [42], the Derm7pt dataset was processed by excluding the "Miscellaneous" (as it represents
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random skin conditions not belonging to any defined disease class) and "Melanoma" (due to having
only a single sample, which prevents a meaningful train-test split) categories per prior research [10,30].
From the remaining 18 clinically distinct conditions, we designated 13 well-represented classes as base
categories and 5 sparsely sampled classes as novel categories [Figure 1(b)], creating a challenging
testbed for evaluating diagnostic generalization.

SD-198: As one of the most comprehensive dermatology resources, the SD-198 dataset [43]
includes 6584 high-definition images (1640x1130 pixels) across 198 fine-grained skin disease
categories. Maintaining consistency with benchmark studies [10,30], we established 128 base classes
and 70 novel classes [Figure 1(c)], providing an extensive evaluation framework for assessing model
performance across a wide spectrum of dermatological conditions with varying prevalence.

4.2. Implementation details

The experiments were conducted in the following environment: an NVIDIA GeForce RTX 4090
GPU (24GB VRAM), PyTorch 2.1.0 deep learning framework, Python 3.10 programming language,
and CUDA 12.1. To maintain input consistency, all images were uniformly resized to 80x80 pixels.
The WRN28 network [44] with integrated rotation prediction was employed as the feature encoder
during pretraining. The Adam optimizer [45] was utilized for parameter updates with an initial learning
rate ¢=0.001 and weight decay of le-4 to prevent overfitting. The model underwent 100 training
epochs with a fixed batch size of 32, with optimal weights preserved for transfer to subsequent
classifier training phases. For classifier training, a novel logistic regression classifier was trained and
evaluated on new categories. All models were evaluated under the same category-wise data splitting
scheme to ensure a fair comparison, following the standard evaluation protocol established in few-shot
learning literature. To evaluate computational efficiency, we measured the runtime of our complete
method under standard 2-way 1-shot settings, which processes individual tasks in 0.931 seconds on an
NVIDIA GeForce RTX 4090 GPU. The adaptive feature distribution calibration employed the
following hyperparameters: Tukey power transformation exponent a=0.5, Wasserstein distance
weight B=1, Frobenius norm weight e=1, JS divergence weight 1n=0.5, similarity threshold T=0.4,
and intra-class variation compensation §=0.01. Note that these hyperparameters (a=0.5, p=1, e=I,
n=0.5, and T=0.4) were selected through grid search, as detailed in Section 4.5. Following established
methodologies [10,30], 600 tasks were randomly sampled from the novel class dataset for testing to
ensure experimental fairness and comparability. Model performance was comprehensively evaluated
through mean accuracy and average AUC calculations.

4.3. Results
4.3.1. Results on ISIC2018

Table 1 presents the comparative results of 2-way classification tasks on the ISIC2018 dataset. The
proposed SADC method demonstrates superior performance over current state-of-the-art approaches,
achieving significant improvements in both AUC and accuracy metrics. Specifically, for 2-way 1-shot,
3-shot, and 5-shot tasks, SADC yields AUC improvements of 2.6%, 1.64%, and 1.68% respectively,
while corresponding accuracy gains reach 1.67%, 2.75%, and 1.16%.

Table 2 further illustrates the method's robustness in more challenging 3-way classification
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scenarios. Following established evaluation protocols, performance was assessed on 400 randomly
sampled tasks from novel classes, with classification accuracy as the primary metric. Compared to
existing state-of-the-art methods, SADC achieves accuracy improvements of 1.19%, 0.66%, and 0.5%
for 3-shot, 5-shot, and 10-shot tasks, respectively, consistently demonstrating its competitive
advantage across varying difficulty levels.

Table 1. Performance comparison of 2-way classification tasks on ISIC2018.

Method 2-way 1-shot 2-way 3-shot 2-way 5-shot
Avg. AUC Avg. Acc Avg. AUC Avg. Acc Avg. AUC Avg. Acc

Reptile 60.3 58.0 73.1 73.4 79.6 76.2

ProtoNet 61.6 59.3 70.2 67.9 75.4 73.0
Meta-Derm 68.1 64.3 81.2 76.7 86.8 82.1
Meta-Rep 72.6 65.9 77.4 76.5 80.1 79.6

MAML 61.72 60.16 73.38 74.56 78.29 79.16

ST-Meta 65.27 65.78 76.32 76.38 80.59 81.38

SS-DCN 75.77 68.45 85.94 79.22 88.88 82.63

Ours 78.371+0.75 70.1210.66 87.581+0.67 81.9710.33 90.561+0.72 83.791+0.43

Table 2. Performance comparison of 3-way classification tasks on ISIC2018.

Method  3-way 3-shot 3-way 5-shot 3-way 10-shot

Avg. Acc Avg. Acc Avg. Acc

MetaMed 58.50 61.25 71.00
Transfer 55.67 59.67 65.92
PT-MAP 53.17 55.61 59.57
Baseline 56.80 59.20 65.22
PFEMed 66.94 69.78 73.81
ST-Meta 59.79 64.59 -

SS-DCN 66.34 70.69 74.79

Ours 68.13+1.17 71.35+£1.09 75.29+1.01

4.3.2.  Results on Derm7pt

Table 3 presents the comparative results of 2-way classification tasks on the Derm7pt dataset. The
proposed SADC method achieves state-of-the-art performance across all experimental settings.
Specifically, for 2-way 1-shot, 3-shot, and 5-shot tasks, SADC demonstrates AUC improvements of
0.36%, 0.51%, and 0.16%, respectively, while achieving corresponding accuracy gains of 0.61%,
1.14%, and 1.18%.

The limited scale of the Derm7pt dataset makes models particularly susceptible to overfitting.
SADC effectively addresses this challenge through its innovative integration of self-supervised
learning as a regularizer. Notably, compared to SCAN, SADC delivers substantial accuracy
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improvements of 6.51% and 13.2% for 2-way 1-shot and 5-shot tasks, respectively. While SCAN
enhances performance by learning sub-cluster structures within datasets, its effectiveness remains
highly dependent on dataset characteristics, showing limited generalization on Derm7pt. In contrast,
SADC's architecture demonstrates superior adaptability to diverse dataset properties, exhibiting more
robust generalization capabilities across different diagnostic scenarios.

Table 3. Performance comparison of 2-way classification tasks on Derm7pt.

Method 2-way 1-shot 2-way 3-shot 2-way 5-shot
Avg. AUC  Avg. Acc Avg. AUC Avg. Acc Avg. AUC Avg. Acc

Reptile 59.7 60.2 64.1 65.7 71.4 70.5
ProtoNet 60.6 62.5 65.8 63.9 68.2 66.7
Meta-Derm 62.1 61.8 68.7 69.9 77.2 76.9
Meta-Rep 72.9 64.0 78.6 74.3 83.2 78.1
PCN - 59.98 - - - 70.62
SCAN - 61.42 - - - 72.58
SS-DCN 74.89 67.32 86.83 78.13 92.87 84.60

Ours 75.25+0.42 67.931+0.3 87.341+0.36 79.2710.24 93.031+0.31 85.78+0.48

4.3.3. Results on SD-198

Table 4 presents the comparative results of 2-way classification tasks on the SD-198 dermatology
dataset. The experimental results demonstrate that SADC outperforms previous state-of-the-art
methods in both AUC and accuracy metrics. Specifically, for 2-way 1-shot, 3-shot, and 5-shot tasks,
SADC achieves AUC improvements of 1.16%, 1.02%, and 1.25%, respectively, along with
corresponding accuracy gains of 1.71%, 0.83%, and 0.92%.

Table 4. Performance comparison of 2-way classification tasks on SD-198.

Method 2-way 1-shot 2-way 3-shot 2-way 5-shot
Avg. AUC Avg. Acc Avg. AUC Avg. Acc Avg. AUC Avg. Acc

Reptile 64.1 63.0 77.4 72.9 84.6 80.4
ProtoNet 59.4 59.8 70.6 66.6 80.7 78.3
Meta-Derm 68.6 65.3 79.1 75.8 89.5 83.7
IPNet - - 83.00 78.41 87.00 84.20
Baseline - 73.98 - - - 88.67
SCAN - 77.12 - - - 90.22
SS-DCN 85.63 78.52 93.69 87.53 95.81 90.43

Ours 86.791+0.79 80.2310.47 94.71+0.42 88.361+0.38 97.061+0.38 91.351+0.26

Overall, SADC demonstrates significantly superior accuracy compared to SS-DCN. As discussed
earlier, SS-DCN focuses solely on determining what to transfer (the content of distribution information)
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while neglecting how much to transfer (the adaptive weighting of base class contributions). In contrast,
SADC's adaptive distribution calibration strategy generates feature distributions that better
approximate the true underlying distributions, thereby achieving enhanced classification performance.

4.4. Ablation study

This section conducts systematic ablation experiments on the ISIC2018 dataset, performing in-
depth investigations from multiple perspectives, including module effectiveness validation, feature
encoder verification, and classifier performance analysis. Through these comprehensive experiments,
we thoroughly evaluate the impact of each component on model performance and deeply analyze their
respective contributions and operational mechanisms.

4.4.1. Module effectiveness verification

Table 5 presents comprehensive ablation results evaluating the performance contributions of key
components in the SADC method. The study specifically examines the impacts of: (1) Tukey's power
transformation, (2) multi-scale feature extraction strategy, and (3) adaptive sample calibration strategy
on the ISIC2018 dataset.

The baseline model (without any SADC components) achieves fundamental performance metrics.
Comparative analysis reveals that for 2-way 1-shot tasks:

a). Tukey transformation yields AUC/accuracy improvements of 4.4%/3.93%.

b). Multi-scale feature extraction contributes with 0.96%/0.95% gains.

c). Adaptive sample calibration provides 1.89%/1.94% enhancements.

Notably, Tukey's transformation demonstrates particularly significant accuracy improvements,
confirming its effectiveness in distribution normalization. The experimental results further establish
that combined module integration produces substantially better outcomes than individual component
usage. The complete SADC framework (integrating all three modules) achieves remarkable
performance boosts of 10.84% AUC and 6.44% accuracy for 2-way 1-shot tasks.

Table 5. Module effectiveness validation.

Tukey transform Multi-scale feature Adaptive sample 2-way 1-shot
extraction calibration Avg. AUC Avg. Acc
X X X 67.531£0.55 63.68+0.3
v X X 71.93£0.67 67.61£0.48
X v X 68.491t0.46 64.6310.35
X X v 69.421+0.41 65.6210.61
v v X 74.97+£0.58 68.55+£0.39
X v v 71.85£0.49 67.4410.37
v X v 75.341£0.59 68.84+0.4
v v v 78.37£0.34 70.12+0.29

The findings quantitatively validate each module's effectiveness while demonstrating critical
synergistic effects between components, substantiating the proposed method's architectural superiority.
The ablation study provides conclusive evidence that SADC's performance gains stem from strategic
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feature space transformation, comprehensive distribution characterization, and adaptive calibration
mechanisms, with this systematic verification confirming that our methodological innovations
collectively address key challenges in few-shot dermatological image analysis.

4.4.2. Feature encoder effectiveness verification

The SADC method demonstrates strong compatibility with various feature encoders. To investigate
the impact of encoder selection, Table 6 presents 2-way 1-shot classification results on the ISIC2018
dataset using five distinct architectures: a 4-layer CNN (conv4), 6-layer CNN (conv6), ResNet18,
WRN28, and WRN28 enhanced with rotation prediction pretraining. Experimental results reveal two
key findings: (1) more sophisticated encoders significantly boost downstream classification
performance, and (2) self-supervised learning through rotation prediction enables encoders to extract
more discriminative and generalizable features by leveraging inherent structures in unlabeled data.
Specifically, the rotation-pretrained WRN28 achieves remarkable improvements over other encoders,
with AUC gains of 9.84%, 7.69%, 6.64%, and 3.76% respectively, alongside corresponding accuracy
improvements of 5.43%, 4.35%, 3.56%, and 1.89% in comparative evaluations.

Table 6. Feature encoder effectiveness validation.

Backbones 2-way 1-shot
Avg. AUC Avg. Acc
Conv4 68.5310.34 64.6910.27
Conv6 70.681+0.38 65.7710.31
Resnet18 71731034 66.561-0.24
WRN28 74.6110.44 68.7310.37

WRN28+Rotation Loss  78.3710.47 70.1210.38

4.43. Classifier effectiveness verification

The SADC method demonstrates classifier-agnostic characteristics due to its feature-level
operations, while still exhibiting significant performance variations across different classifier choices.
Our comprehensive ablation study on classifier selection reveals that the logistic regression classifier
employed in SADC outperforms alternative approaches, including support vector machines (with both
RBF and Linear kernels) and Naive Bayes classifiers (Table 7). Quantitative results from 2-way 1-shot
tasks show that the logistic regression classifier achieves superior performance with AUC
improvements of 6.16%, 2.78%, and 7.59% compared with RBF-SVM, linear-SVM, and Naive Bayes
classifiers, respectively, accompanied by corresponding accuracy gains of 3.16%, 0.9%, and 3.93%.
These findings not only validate the effectiveness of logistic regression within the SADC framework
but also highlight its crucial role in enhancing overall model performance through optimal feature
space utilization.
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Table 7. Classifier effectiveness validation.

Classifiers 2-way 1-shot
Avg. AUC Avg. Acc
SVM (kernel =rbf)  72.214+0.55 66.96£0.36
SVM (kernel = linear) 75.594+0.42 69.224+0.4
Naive Bayes 70.78%£0.36 66.1940.29
Logistic regression ~ 78.37+0.34 70.12+0.3

4.5. Hyperparameter tuning

To investigate the impact of hyperparameter settings on model performance, we conducted
systematic hyperparameter tuning experiments on the ISIC2018 dataset to identify the optimal
configuration that maximizes classification accuracy. Figure 6 presents the tuning results for 2-way 1-
shot tasks, evaluating five critical hyperparameters: the exponent « in Tukey's power transformation,
weighting coefficients S (Wasserstein distance), e (Frobenius norm), n (JS divergence), and
similarity threshold T.

The experimental results demonstrate that SADC achieves peak accuracy in 2-way 1-shot tasks
when configured with a=0.5, p=I1, e=1, n=0.5, and T=0.4. Notably, Figure 6 reveals that among the
three distance metrics, JS divergence (n) contributes relatively less to performance improvement, as
evidenced by its lowest optimal weight. Furthermore, this hyperparameter configuration enables
SADC to surpass state-of-the-art results across all three benchmark datasets, confirming both the

stability of the parameter optimization process and the robustness of the proposed method under
different evaluation scenarios.
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4.6. Generate feature visualization

Figure 7 presents t-SNE [46] visualization results for a randomly selected 2-way 1-shot task from
the ISIC2018 dataset, comparing ground-truth distributions with feature samples generated by different
methods. The analysis focuses on four key scenarios: (a) the original support set distribution
(containing only 2 samples), (b) features generated by our adaptive distribution calibration (ADC)
approach, (c) features produced by conventional distribution calibration (DC), and (d) the actual
ground-truth feature distribution.

The visualization clearly demonstrates that while DC-generated features exhibit noticeable
deviation from the true distribution [Figure 7(c)], our ADC method achieves significantly better
alignment with the ground-truth characteristics (Figure 7(b)). This compelling visual evidence
validates ADC's ability to reconstruct more authentic feature distributions, which directly explains the
method's superior performance in few-shot classification tasks while simultaneously revealing the
fundamental limitations of conventional DC approaches that fail to maintain comparable
distributional fidelity.

Support set Generated features by ADC Generated features by DC Ground-truth distribution
* B * *
* 1-9,-' * *
(a) (b) () (d)

Figure 7. t-SNE visualization of 2-way 1-shot tasks on ISIC-2018.
5. Conclusions

This paper proposes SADC, an adaptive distribution calibration-based few-shot learning method
for dermatological classification, which significantly improves diagnostic accuracy for rare skin
conditions in data-scarce scenarios. The framework incorporates two key innovations: (1) a multi-scale
feature extraction strategy that enhances base-to-novel class similarity measurement through
multidimensional feature extraction, and (2) an adaptive sample calibration mechanism that
intelligently selects relevant base samples and optimizes feature distribution generation to better
approximate the true data distribution. Comprehensive experiments demonstrate that SADC achieves
substantial performance improvements over state-of-the-art approaches across multiple evaluation metrics.

This study acknowledges several limitations: model performance requires further improvement for
disease categories with fundamentally novel pathological characteristics, and validation currently
relies primarily on public datasets rather than real-world clinical data. This study adopted the category-
wise data splitting protocol consistent with prior works. However, since patient identifiers were
unavailable in the datasets used, patient-wise data splitting could not be performed. Consequently,
images from the same patient might exist in both training and testing sets, potentially introducing
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patient-specific biases and overestimating the model’s generalization performance. Therefore, the
results should be interpreted with caution. Future research should seek datasets with patient-level
annotations to enable more rigorous validation.

Our future work will implement a two-stage validation pathway: first, conducting in-depth
technical validation through generalized meta-learning strategies, followed by clinical validation in
collaboration with partner hospitals. Dermatologists will perform comparative assessments to quantify
the model's actual effectiveness in improving diagnostic accuracy and efficiency for rare diseases.
Furthermore, we will advance integration with clinical decision support systems by developing HIS-
compliant API interfaces, conducting rigorous FDA/CE certification testing, and creating explainable
Al interfaces, ultimately culminating in clinical pilots at local tertiary hospitals.
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