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Abstract

The skin lesion classification in medical imaging is a difficult task because of the lack of labelled
samples, which are enumerated with high disease prevalence variance. The knowledge of labelled
samples can be used in conjunction with the discriminative information of unlabeled data, with
the aim of addressing the issue. Nonetheless, the creation of an effective semi-supervised learning
framework for medical image data classification is hindered by two key challenges. The first one is the
estimation of reliable pseudo-labels for the images listed in the unlabeled dataset. The second one is
the alleviation of the biases caused by the class imbalance. Accordingly, this paper introduces a semi-
supervised framework for medical image data classification. Utilising the HAM10000 dataset, our
approach employs a vast EfficientNet-B7 backbone trained on just 2,000 labelled samples, leveraging
information enumerated in over 8000 unlabeled images through self-ensembling on Mean Teacher.
Encouraging the student model to remain consistent with high-confidence pseudo-labels created by
an EMA-based teacher model for strongly augmented inputs. Inspired from FixMatch, the use of focal
loss with dynamic class weights and label smoothing is beneficial for supervised learning as it helps
with severe class imbalance and mining hard examples. The augmenting technique MixUp further
helps provide regularization along with a method called SWA. The convergence occurs within 23
epochs, and achieve an AUC (macro-averaged) of 0.9813 and a macro-averaged F1 score of 0.82. Each
of the seven diagnostic classes has a per-class AUC of over 0.95, including the clinically important
melanoma (AUC 0.977) and the low-prevalence dermatofibroma (AUC 0.996). This project seeks to
design automated diagnostic systems to detect skin cancer in a clinically reliable manner in the early
stages.

Keywords: Medical imaging, Deep learning, Skin lesion classification

1 Introduction

The role of Computer Aided Diagnosis is essen-
tial for the improvement of efficiency diagnostic
and appropriate diagnosis reduction. Hence, it is

something that is of great importance and interest
to researchers. Over the last few years, many deep
learning research works exhibit promising results
in the classification of medical images Zhang et al.
(2019); Huang et al. (2019); Sun et al. (2021).
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But, the performance of models rely heavily on
labelled data He et al. (2016). In practice, man-
ually labelling medical images is an expensive
option for training deep models. High-quality data
which is labelled, is known to be a slow and expert-
requiring process by medical professionals et al.
(2017). Due to this, good-quality labelled data is
scarce for many diseases. However, huge amount
of unlabeled data is readily available in hospitals
and clinical databases. Semi-supervised learning
Rosenberg et al. (2005); Grandvalet and Bengio
(2004); et al. (2019, 2020) is useful in such scenar-
ios where the labelled data is limited and dealing
is with more unlabeled data.

When labelled data is limited, semi-supervised
learning may be able to enhance network perfor-
mance. At present, most semi-supervised methods
that have adopted the consistency enforcing strat-
egy Laine and Aila (2017); Tarvainen and Valpola
(2017), which exploits unlabeled data by control-
ling network predictions consistent under input
or network weight perturbations. Based on an
input sample, consistency enforcing methods cre-
ate various perturbed samples of the same input
(e.g. by adding Gaussian noise), and then encour-
age the model predictions to be similar on these
samples Laine and Aila (2017). Among the exist-
ing methods, former consistency-based methods
majorly utilize pre-trained teacher model to create
high-quality consistency targets, which is reli-
able predictions for perturbed versions of the
same input. The method of Temporal Ensembling
(TE) Laine and Aila (2017), for example, uses
the exponential moving average (EMA) of predic-
tions in various epochs as the consistency targets.
However, to overcome the limitation of creating
consistency targets manually, the Mean Teacher
(MT) Tarvainen and Valpola (2017) framework
builds an ensembled teacher model that can gen-
erate these targets on the fly. This approach has
been empirically proven as state-of-the-art on var-
ious applications Tarvainen and Valpola (2017);
et al. (2019); Perone and Cohen-Adad (2018);
et al. (2019).

Thus, we introduced a semi-supervised
approach for classifying medical image data by
learning from relationships between different
samples. We built our model based on estab-
lished consistency-based methods Tarvainen and
Valpola (2017) and developed a complete train-
ing system that combines two key techniques:

Mean Teacher consistency and self-regularization.
We use EfficientNet-B7 as our primary feature
extractor to classify skin lesions across multiple
categories using the HAM10000 dermatology
image data Tschandl et al. (2018); Tan and Le
(2019). One major challenge we encountered is
the class imbalance. For addressing it, we used
three integrated strategies: data augmentation,
regularization, and careful filtering of pseudo-
labels during training. Our approach uses MixUp
augmentation et al. (2018), which creates new
training examples by blending pairs of images
and their labels. This technique helps minority
classes to have more influence on the model’s
decision-making process, even when we have
fewer examples of those classes. We also applied
a technique, label smoothing et al. (2016), to pre-
vent the model from becoming overconfident in
its predictions. This acts as a safeguard against
overfitting to the majority classes. Additionally,
we apply various transformations to the images,
rotating, flipping, and adjusting brightness and
contrast, which, combined with our consistency
requirements, help the model learn more diverse
features across all disease types. Our proposed
work includes a Exponential Moving Average
(EMA) teacher model to generate stable pre-
dictions on unlabeled data. We adopt a strict
confidence threshold (τ = 0.95) before accepting
these predictions, which prevents the model from
learning from unreliable guesses, especially in
rare conditions. Then after, we use cosine anneal-
ing Loshchilov and Hutter (2016) for adjusting
the learning rate during training and optionally
apply Stochastic Weight Averaging (SWA) et al.
(2018). These techniques helped the model in
finding better solutions for classes which are rare.

The three main contributions done by our
methodology are:

Semi-supervised learning has good per-
formance when the data is limited: In
this paper, after using supervised learning with
a consistency-based teacher modelTarvainen and
Valpola (2017), there is a significant improve-
ment in classification accuracy even when the
labelled data is limited. For handling class imbal-
ance we used weighted cross-entropy for labelled
data. In case of unlabeled data, the consistency
Tarvainen and Valpola (2017) is enforced when the
teacher model is very confident, which prevents
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Fig. 1 Semi-supervised learning pipeline architecture for HAM10000 skin lesion classification. The framework utilizes dual
networks where (a) data partitioning yields labeled (20%) and unlabeled (80%) subsets, (b) balanced batch sampling feeds
student and teacher networks, (c) supervised loss trains the student on labeled samples while the teacher produces pseudo-
labels for unlabeled samples via EMA weight averaging, and (d) consistency regularization synchronizes student predictions
on strongly-augmented images with teacher predictions on weakly-augmented counterparts.

the model from learning incorrect patterns when
the predictions are uncertain.

The framework we built: We have made
a framework that brings together several tech-
niques. First of all, for blending images together,
we used Mixupet al. (2018) for creating synthetic
training samples. Second, we apply strong aug-
mentations (rotations, flips, colour adjustments)
et al. (2025) to unlabeled images. Third, we use
a confidence-based consistency loss that combines
mean squared error with KL divergence and cross-
entropy. Then, after, the parameters of the teacher
model are progressively updated via exponential
moving average (EMA). When these components
work together, they create reliable training sig-
nals and prevent overfitting, which is crucial when
dealing with limited labelled data and unbalanced
classes in medical imaging.

Based on our work, what others can
do: We have built a pipeline that includes
several improvements for increasing feature learn-
ing and efficiency: mixed-precision training et al.
(2018) for faster computation, cosine annealing
Loshchilov and Hutter (2016) with warm restarts
for the learning rate, and a high exponential mov-
ing average decay rate (0.9999), which keeps the
teacher model stable. At the time of validation,
teacher model is only used for getting consistent
performance during training epochs. This frame-
work give a start to other medical imaging projects
which struggle with scarce labelled data.

2 Related Works

2.1 Semi-Supervised Learning
(SSL) in Medical Imaging

SSL is increasingly used in the area of medical
imaging because of its ability to classify image
samples even when the labelled data is limited.
One important framework given by Tarvainen and
Valpola Tarvainen and Valpola (2017) was Mean
Teacher model, where student and teacher mod-
els where used; the student model was trained
normally, but in the teacher model, weights were
calculated as the average of the student’s weights
over time using EMA. By applying the same con-
cept, the teacher and student models are encour-
aged to give similar predictions, which helps the
network learn useful features even when very few
labelled images are available.

Perone and Cohen-Adad Perone and Cohen-
Adad (2018) formulated weight-averaged consis-
tency targets for 3D medical imagery, whereas
Cui et al. (2019) adapted MT for brain lesion
analysis by addressing instabilities in 3D volumet-
ric predictions. Our methodology extends these
insights by augmenting teacher reliability through
intensified augmentations and adaptive weighting,
ensuring the teacher preserves global structural
priors despite severe transformations.

Recently, Zhang et al. (2025) developed a Dual
Teacher Student system that generates pseudo-
labels from two different sources: one on the basis
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of temporal averaging and another based on agree-
ment between different model architectures. Using
two teachers instead of one, helps reduce a com-
mon problem called confirmation bias, where the
model keeps reinforcing its own mistakes during
self-training. Drawing inspiration from this idea,
we encouraged the model to produce consistent
outputs for different augmentations of the same
image while also stabilising the features the model
learns. This dual approach is particularly valuable
for skin lesion images, which can look quite dif-
ferent depending on lighting conditions and how
zoomed in the camera is, even when it’s the same
lesion. In the field of histopathology (microscopic
tissue analysis), Jiang et al. (2023) showed that
iteratively refining pseudo-labels while enforcing
consistency can make much better use of unla-
beled data. The key was setting strict confidence
thresholds to avoid accepting low-quality predic-
tions. From this, we applied a similar philosophy
in our work. When we create heavily augmented
versions of images with extreme rotations, colour
shifts, or crops—the model might make less confi-
dent predictions. After the removal of predictions
for which the model is not confident, the training
process relies totally on reliable pseudo-labels. So
that the model learns from better and more accu-
rate samples, ultimately improving the training
accuracy in our approach.

2.2 Consistency Regularization
Strategies

Consistency regularization is an important con-
cept in modern semi-supervised learning. The
idea of consistency regularization is such that the
model must give similar predictions even when
perturbations are applied for example, rotated,
brightened, or blurred). A work by Laine and
Aila Laine and Aila (2017) stated Temporal
Ensembling, where predictions were collected over
time to guide learning process. Later, FixMatch
et al. (2020) by Sohn combined the idea with
confidence-based pseudo-labels, which states that
only confident predictions are used during the
training process, which consequently showed that
good quality teacher predictions are important
when the labelled data is scarce. By following
this same approach, the model produces consis-
tent predictions for weakly as well as strongly
augmented versions of the same image, ultimately

helping the model to learn strong and reliable
features from dermoscopic images, which vary in
texture, lighting, and lesion shape. However, cur-
rent studies showed like Fan et al. (2021) stated,
that enforcing predictions to be consistent under
perturbations is not always ideal; instead, adapt-
ing the model to changes can lead to better
feature learning. For example, some methodologies
focus on preserving relative spatial relationships
instead of similar outputs. Whereas, Mai stated
RankMatch et al. (2023), which applied ranking-
based constraints at the pixel level to improve
segmentation quality. From the above ideas, our
framework uses augmentation-aware consistency
losses, which helped our model to keep lesion
structure and spatial relationships intact, even
though still producing stable predictions under
perturbations. As stated by Wang in PE-MT et al.
(2024) showed that using stronger and more varied
augmentations improved learning. By adopting a
similar approach, we applied geometric and colour
transformations which helped in expanding the
decision boundary of the model, reducing overfit-
ting and ultimately improving model performance
even when the labelled data is scarce.

2.3 Addressing Class Imbalance

Class imbalance is a difficult task in medical imag-
ing. In datasets such as HAM10000, some classes,
such as akiec, vasc and df, have very few sam-
ples compared to nv. Due to which model focuses
more on the majority samples rather than the
minority samples. For handling this, we used Focal
loss as stated by Lin et al. (2017), which helps
the model to focus more on minority samples
rather than majority ones. This helps improve the
detection of minority classes such as vasc and df,
which are often missed when using standard cross-
entropy loss. Even some augmentation strategies
such as rotation, flipping and shearing, increase
the number of training examples, but doesn’t
address the class imbalance problem fully. But
some techniques like MixUp et al. (2018), com-
bine two images to create new training samples,
which helps the model generalize better. From
this, we used MixUp et al. (2018) and colour jit-
tering during training process. These techniques
help the model learn smoother decision bound-
aries, thereby reducing the tendency of overfitting
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Fig. 2 Class distribution in the HAM10000 dataset show-
ing severe class imbalance. Melanocytic Nevi (NV) com-
prises 66.9% of the dataset with 6,705 images, while minor-
ity classes include Vascular Lesions (VASC) at 1.4% (142
images) and Dermatofibroma (DF) at 1.1% (115 images).

to visual patterns of the majority classes. Addi-
tionally, FixMatch-LS et al. (2023) demonstrated
that label smoothing mitigates overconfidence in
pseudo-labels, especially for scarce classes. Build-
ing upon this, our proposed method utilizes
an adaptive confidence thresholding mechanism,
ensuring that pseudo-labels for minority cate-
gories are neither ignored nor excessively trusted
during early training phases.

2.4 Optimization and
Regularization Techniques

Contemporary optimization strategies play criti-
cal roles in stabilizing semi-supervised pipelines.
Izmailov et al. (2018) introduced Stochastic
Weight Averaging (SWA), which averages model
weights across training trajectories to converge to
wider optima, yielding superior generalization. We
employ SWA in the terminal training stages of
our method, enabling robust convergence despite
noisy pseudo-label supervision. Parallelized adap-
tations of SWA and cosine annealing learn ing rate
schedules further accelerate convergence while pre
serving generalization. In this paper, we used
cosine learning rate decay with warm restarts to
keep training stable. This was useful when the
quality of pseudo-labels changes during training,
preventing the model from learning too fast or too
quickly. We have also used mixed-precision train-
ing allowing us to train larger and deeper models
more efficiently without losing accuracy. Mixed-
precision also reduces GPU memory usage, allow-
ing to process high-resolution dermoscopic images

and also capturing fine lesion details. From all
these techniques we effectively handle the problem
of class imbalance, improving pseudo-labelling,
and also achieving stronger generalization even
when labelled data is scarce.

3 METHODOLOGY

3.1 Dataset Description and
Preprocessing

The HAM10000 dataset (Human Against Machine
with 10000 training images) spans seven diagnos-
tic categories: akiec, bcc, bkl, df, mel, nv, and vasc.
(Fig. 2) presents the number and percentage dis-
tribution of images across each diagnostic class. A
significant class imbalance is observed, with more
than two-thirds of the samples belonging to the
nv category. The dataset is partitioned into 80%
training, 10% validation, and 10% testing sets.
The HAM10000 repository Tschandl et al. (2018)
contains 10,015 dermatoscopic images across seven
diagnostic categories (mel, nv, bcc, akiec, bkl,
df, vasc), exhibiting significant class imbalance
(e.g., melanocytic nevus ∼ 67%, dermatofibroma
∼ 1.15%). A subset comprising 2,000 annotated
images was designated for supervised learning,
while the remaining training data was treated
as unannotated for semi-supervised training. All
imagery underwent resizing to 480 × 480 pix-
els to preserve high-resolution details, with pixel
values normalized using ImageNet mean and stan-
dard deviation (µ = [0.485, 0.456, 0.406], σ =
[0.229, 0.224, 0.225]). To counteract class imbal-
ance, class weights were computed from the anno-
tated training set via a balanced-weighting scheme
(e.g., inversely proportional to class frequency).

3.2 Model Architecture

EfficientNet-B7 with adversarial training
(AdvProp) pre-trained on ImageNet-1K served
as the feature extraction backbone, as illustrated
in 1. This compound-scaled architecture employs
depth coefficient α = 2.0, width coefficient
β = 1.4, and resolution coefficient γ = 1.5, opti-
mizing the relationship between network capacity
and computational efficiency. The terminal fully-
connected classification layer was modified to
output C = 7 class logits corresponding to
HAM10000 diagnostic categories, initialized with
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Xavier uniform initialization. Dropout regulariza-
tion with rate p = 0.3 was applied preceding the
classification head to prevent overfitting during
fine-tuning.

3.3 Semi-Supervised Learning
Framework

A dual-model student-teacher framework et al.
(2025) constitutes our implementation:

• Student model parameters denoted as θs and
teacher parameters as θt.

• Teacher updates occur at each iteration via
exponential moving average (EMA):

θ
(t)
t = αθ

(t−1)
t + (1− α)θ(t)s , (1)

with EMA decay α = 0.9999. For each labeled
sample xi with ground-truth label yi, we gener-
ate two views: a weakly augmented view xw

i and
a strongly augmented view xs

i . The teacher pro-
cesses xw

i while the student processes xs
i . Super-

vised loss computation occurs on student output
versus ground truth. For each unlabeled sample
xj :

1. Calculate teacher softmax probabilities pt(c |
xw
j ).

2. When maxc pt(c | x
w
j ) ≥ τ (with threshold τ =

0.95), establish a pseudo-label

ŷj = argmax
c

pt(c | x
w
j ). (2)

3. Otherwise, exclude the sample (omit from
unsupervised loss).

4. Calculate student predictions on xs
j and enforce

consistency et al. (2020) between student out-
put and pseudo-label/teacher distribution.

3.4 Loss Functions

Supervised loss (incorporating class balanc-
ing and label smoothing): We employ a Focal
Loss variant with label smoothing et al. (2024).
Let pi = p(yi | xi; θs) represent the student’s
predicted probability for the true class of labeled
sample xi. Let wyi

represent the class weight for
class yi. With smoothing factor ε = 0.1 and C = 7
classes, we define the smoothed target qi as:

qi(c) =

{

1− ε, if c = yi,
ε

C−1 , otherwise.
(3)

The supervised loss becomes:

Lsupervised = −
1

N

N
∑

i=1

wyi
(1− pi)

γ log pi (4)

with a smoothing penalty (KL divergence)
et al. (2023) between student output and qi. The
combined formulation:

Lsmooth = (1− αs)Lfocal + αsKL(ps ∥ qi), (5)

where αs = 0.1 balances focal loss and label
smoothing.

Unsupervised consistency loss: For high-
confidence unlabeled samples (set M = {j :
maxc pt(c | xw

j ) ≥ τ}), the loss becomes et al.
(2021):

Lcons =
1

|M |

∑

j∈M

[

CE(fs(x
s
j),

ŷj) +
1

2
MSE(ps(x

s
j),

+ pt(x
w
j ))

1

2
KL(ps(x

s
j)

∥ pt(x
w
j ))

]

,

(6)

where fs represents student logits, ps and pt
represent student and teacher softmax outputs,
CE denotes cross-entropy with the pseudo-label,
MSE represents mean-squared error between soft
distributions, and KL denotes Kullback-Leibler
divergence.

Complete Training Objective: The com-
prehensive objective combines supervised and
unsupervised losses:

Ltotal = Lsmooth + λcons(t) · Lcons (7)

where λcons(t) increases from 0 to λmax over
the first Tramp epochs (e.g., linear ramp-up over
80 epochs), then remains constant.
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Fig. 3 Data augmentation strategies for skin lesion
images, encompassing random crop, horizontal flip, vertical
flip, rotation, affine transformation (shear), colour jitter,
and Gaussian blur.

3.5 Data Augmentation and MixUp

• Intensive augmentation (for student inputs)
et al. (2021, 2025) encompasses random resized
crop (scale [0.08, 1.0]), random horizontal and
vertical flips, random rotation (0–360◦), random
affine (shear ±20◦, scale [0.8, 1.2]), color jit-
ter (brightness, contrast, saturation ±0.4; hue
±0.1), and Gaussian blur (kernel 5×5, σ from
Uniform(0.1, 2.0)).

• Minimal augmentation (for teacher inputs and
validation) encompasses resizing to 512×512,
centre crop to 480×480, and standard normal-
ization.

• MixUp augmentation et al. (2022) applies with
probability pmix = 0.5 on labeled data. For two
samples (xi, yi) and (xj , yj), the mixed sample
becomes

x̃ = λxi+(1−λ)xj , ỹ = λyi+(1−λ)yj , (8)

with λ ∼ Beta(α, α), α = 0.4 (Fig. 3).

3.6 Optimization and Training
Protocol

• Batch sampler extracts per iteration: Bℓ = 64
labeled samples + Bu = 64 unlabeled samples
→ total batch size B = 128.

• Optimizer: AdamW with learning rate η0 = 3×
10−4, weight decay λwd = 1 × 10−4, β1 = 0.9,
β2 = 0.999.

• Mixed-precision training (autocast) diminishes
memory and accelerates training.

Fig. 4 Train and validation loss trajectories over 41
epochs demonstrating convergence near epoch 25, with ter-
minal training loss approximately 0.5 and validation loss
stabilizing at 0.45-0.50.

• Learning rate schedule: Cosine Annealing with
Warm Restarts (SGDR) —

ηt = ηmin+
1

2
(ηmax−ηmin)(1+cos(

Tcur

Ti

π)), (9)

with ηmax = 3 × 10−4, ηmin = 0, initial cycle
T0 = 10 epochs, and cycle multiplier Tmult = 2.

• Following epoch tSWA = 120, we apply Stochas-
tic Weight Averaging et al. (2018): at each
epoch t ≥ tSWA, update SWA parameters θSWA

by averaging student weights:

θ
(t)
SWA =

nmodelsθ
(t−1)
SWA + θ

(t)
s

nmodels + 1
, (10)

where nmodels increments per snapshot. For
final evaluation, we utilize the SWA-averaged
model (optionally with teacher-student ensem-
bling) for enhanced robustness and generalization.

4 Results and Discussion

4.1 Training and Validation Loss
Behaviour

The model demonstrates stable loss characteristics
throughout training (Fig. 4).

Initial Phase (Epochs 1–10): Training Loss
(TrL) and Validation Loss (ValL) undergo rapid
descent. TrL declines from 1.6969 to 0.7483, and
ValL declines from 1.0309 to 0.5431. Validation
loss maintains lower values than training loss
during this phase, suggesting favourable generali-
sation without substantial overfitting.
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Fig. 5 Macro F1-score trajectory over 41 training epochs,
demonstrating steady improvement from 0.62 at epoch 0
to 0.82 at epoch 40, with most gains by epoch 25.

Mid-Training Stability (Epochs 11–30):
Following the first learning rate reset at Epoch
11, losses stabilize and continue gradual descent.
ValL fluctuates but generally remains around 0.45
to 0.55.

Optimal Performance (Epochs 31–41):
Substantial improvement characterizes this phase.
Minimum Validation Loss of 0.4086 occurs at
Epoch 37, indicating optimal generalization.
Training loss decreases consistently to 0.4964 by
Epoch 41, while validation loss remains low, sug-
gesting a well-trained model without severe over-
fitting. Terminal ValL reaches 0.4665 at Epoch
41.

4.2 F1 Score Performance

The F1 score (Fig. 5), critical for imbal-
anced classification, demonstrates strong consis-
tent improvement, reflecting improved precision-
recall balance.

Overall F1 Trend: F1 score increases rapidly
in early epochs, from 0.6095 (Epoch 1) to above
0.70 by Epoch 4. The model continues to improve
steadily, crossing 0.80 around Epoch 21 and then
reaching the best performance of 0.83 at epoch 41.

Per-Class F1: Per-class analysis reveals high
performance across most classes, with several
exceeding 0.80. The highest F1 scores belong to
Nevus (NV) and Dermatofibroma (DF), approach-
ing or exceeding 0.85, indicating robust classifica-
tion across different categories.

Fig. 6 Per-class AUC-ROC scores demonstrating excel-
lent classification performance across all seven categories.
BCC, DF, and VASC attain perfect scores of 1.00, while
AKIEC achieves the lowest at 0.95.

4.3 AUC-ROC Analysis

The ROC curve shows how sensitivity and false
positive rate change across all thresholds. AUC-
ROC quantifies overall discriminative ability (Fig.
6).

Aggregate Performance: Overall, AUC-
ROC stability remains high, achieving a maximum
of 0.9853 at epoch 37 and stabilising near 0.9816
by the final epoch. This confirms excellent discrim-
inative ability across the dataset.

Per-Class Performance: One-versus-rest
ROC curves demonstrate excellent performance
across all seven classes. All class-specific AUC
values remain very high, with most surpassing
0.96. The model achieves near-perfect discrimi-
nation for Dermatofibroma (DF) with an AUC
of 0.998, and high scores for Nevus (NV), 0.978
and Basal Cell Carcinoma (BCC), 1.000. Curves
cluster near the upper-left corner, indicating high
TPR(True Positive rate) at very low FPR(False
Positive Rate), confirming high-quality probabil-
ity outputs.

4.4 PR Curve Analysis

(Fig. 7) presents the Precision–Recall curve, which
is especially well suited for evaluating imbalanced
multi-class classification tasks, highlighting the
relationship between precision and recall.

High Average Precision: The model
demonstrates outstanding AP for nearly all
classes, with values exceeding 0.95. NV achieves
the highest AP at 0.989. Other stable classes
include BCC (0.960), DF (0.974), and BKL
(0.941).
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Table 1 Analysis with 20% labeled data.

Epochs F1 Score Training Loss Validation Loss

1 0.6095 1.6969 1.0309
10 0.7230 0.7483 0.5431
30 0.8074 0.4348 0.5139
40 0.8208 0.5061 0.4376
41 0.8252 0.4964 0.4665

Table 2 Performance Comparison with State-of-the-Art Methods

Method Precision Recall F1-Score Accuracy

STFL et al. (2024) 80.67% 81.37% 80.93% 81.37%
EfficientNet TL et al. (2022) 88.00% 88.00% 87.00% 88.00%
MWNL-CLS et al. (2021) — 81.90% — 87.50%
Ours 91.38% 89.90% 82.52% 90.75%

Fig. 7 Precision–recall curves for all skin lesion classes,
highlighting strong model performance with high average
precision across categories.

Curve Shape: PR curves position high on the
plot, meaning the model maintains very high pre-
cision even as recall approaches 1.000. This proves
critical—most positive predictions remain correct
(high precision), and the model identifies a large
proportion of true positives (high recall).

Class-Specific Results: Slightly lower AP
appears for MEL (0.871) and AKIEC (0.789).
While still strong, this suggests the model faces
relative challenges balancing Precision and Recall
for the least represented or most complex classes.
Nevertheless, these high AP values still indicate
robust real-world performance for these critical
diagnostic categories.

4.5 Training Statistics

Table 1 Epoch-wise analysis of Training loss, Val-
idation loss and F1 score of our method on the
HAM10000 dataset.

4.6 Comparative Performance
Analysis

The model achieved a maximum area in the
(AUC-ROC) curve of 0.9853 on the validation
set. This result is superior to several promi-
nent state-of-the-art models applied to the 7-class
HAM10000 classification task, which typically
report AUC-ROC values in the range of 0.94
to 0.97 for similar multi-class settings. Table 2
compares our method against state-of-the-art
approaches on HAM10000.

5 Conclusion

This investigation presented a semi-supervised
learning framework integrating Mean Teacher con-
sistency regularization with self-regularized con-
sistency for dermatological lesion classification on
the HAM10000 dataset. Leveraging EfficientNet-
B7 as the feature extraction backbone, the
approach addressed class imbalance through focal
loss, label smoothing, and MixUp augmentation
while utilizing only 2,000 annotated instances
alongside unannotated data. The methodology
demonstrated strong performance across diagnos-
tic metrics, including macro-averaged AUC-ROC,
precision, recall, F1-score, and specificity, vali-
dating the effectiveness of consistency regulariza-
tion in medical imaging applications with limited
annotations. However, overall classification accu-
racy remains a critical target for improvement

9



to achieve clinical deployment standards, par-
ticularly for challenging minority classes where
morphological similarities create diagnostic ambi-
guity.
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