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Abstract

Although ensemble learning has proven to be effective for skin lesion classification, existing methods often under-

use the complementary information embedded in heterogeneous convolutional neural networks (CNNs). In this work,

we propose a meta-classifier framework that leverages high-dimensional feature representations from a frozen, diver-

sified ensemble of CNNs to improve diagnostic robustness. To exploit both decision-level and feature-level diversity,

we extract penultimate (pre-output) layer embeddings from each ensemble member, concatenate them into a unified

feature vector, and train a meta-classifier on this enriched representation. We evaluated multiple meta-classifier archi-

tectures, including lightweight neural networks and kernel-based models, and benchmarked their performance against

conventional ensemble averaging strategies. Experiments on the ISIC 2018 dataset (13,000+ dermoscopic images)

demonstrate that our approach outperforms both individual CNNs and classical ensemble methods, achieving an ac-

curacy of 91.32% (versus 90.15% in prior work). The meta-classifier’s ability to learn cross-model feature interactions

and suppress ensemble uncertainty is validated through ablation studies and robustness tests against noisy input. This

work highlights the untapped potential of hierarchical fusion in ensemble-based medical image analysis.
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1 Introduction

Skin cancer remains a global health crisis, with melanoma alone responsible for over 60,000 annual deaths worldwide

[37]. The World Health Organization estimates that 2–3 million non-melanoma and 132,000 melanoma skin cancer

cases emerge yearly, with rising incidence rates linked to environmental and demographic factors [22]. In the U.S.,

melanoma ranks as the fifth most common cancer, disproportionately affecting adults aged 25–29 [5], while countries

like Australia face incidence rates quadruple those of Canada or the UK [16]. Early diagnosis is critical: localized

melanoma has a 99% 5-year survival rate, which plummets to 30% once metastasized [30, 4]. However, visual screening

by dermatologists remains subjective and expertise-dependent [8], driving demand for automated diagnostic systems

to reduce human error and variability.

Traditional computer-aided diagnosis (CADx) systems relied on handcrafted feature extraction (e.g., texture,

asymmetry) followed by machine learning classifiers like SVMs [36, 15]. While effective for binary classification (benign

vs. malignant), these methods struggled with multi-class differentiation due to inter-class similarities and intra-class

heterogeneity [14]. Deep convolutional neural networks (CNNs) revolutionized the field by automating feature learning,

achieving state-of-the-art results in dermoscopic image analysis [19, 45]. Yet, single-model CNNs remain constrained

by dataset bias and limited generalizability, prompting the adoption of ensemble methods to aggregate predictions

across diverse architectures [22].

Recent ensemble strategies for skin lesion classification have prioritized diversity through data augmentation,

architectural heterogeneity, or statistical disagreement metrics like Cohen’s Kappa [35, 34]. While such approaches

improve robustness, they primarily operate at the decision level (e.g., majority voting), discarding richer feature-

level representations from intermediate CNN layers. This underutilizes the spatial and semantic patterns learned by

individual models, which could synergistically enhance diagnostic precision. For instance, one CNN might excel at

capturing global lesion morphology, while another detects local texture irregularities—features that, when fused, could

resolve ambiguous cases.

In this work, we propose a hierarchical meta-classifier framework that leverages feature embeddings from a di-

versified CNN ensemble to surpass the limitations of decision-level aggregation. Unlike conventional ensembles, we

extract high-dimensional feature vectors from the penultimate layers of frozen, architecturally heterogeneous CNNs,

concatenate them into a unified representation, and train a meta-classifier to learn cross-model feature interactions.

We evaluate multiple meta-classifier designs (e.g., lightweight DNNs, kernel-based models) on the ISIC 2018 dataset,

demonstrating that feature fusion outperforms traditional voting mechanisms. Our key contributions include:

• A systematic methodology to maximize ensemble diversity at both data (bootstrapping) and feature (architec-

tural heterogeneity) levels.

• A meta-classifier architecture that learns from complementary feature embeddings rather than aggregated pre-

dictions.
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• Empirical validation showing improved robustness to noisy inputs and inter-class ambiguity, achieving 91.32%

accuracy—a 1.17% gain over prior decision-level ensembles.

In order to meet the study’s goals, this paper is organized as follows: Section 2 reviews the existing literature on

skin lesion classification, focusing on ensemble learning and feature fusion strategies in deep learning. Section 3 details

the ISIC 2018 dataset, preprocessing steps, and the proposed meta-classifier framework, including architectural details

of the base CNNs and feature concatenation methodology. Section 4 presents quantitative performance metrics, com-

paring the meta-classifier against traditional decision-level ensembles and state-of-the-art methods. Section 5 analyzes

the effectiveness of feature-level fusion, contrasts it with conventional voting strategies, and evaluates computational

tradeoffs. Finally, Section 6 summarizes the advancements achieved through hierarchical feature fusion and outlines

future directions for improving robustness and interpretability in automated skin cancer diagnosis.

2 Related Works

Ensemble methods for skin lesion classification have been extensively studied. Nyiri and Kiss [31] demonstrated that

combining models with varied hyperparameters and preprocessing improves performance on ISIC datasets. Harangi

[19] fused outputs from heterogeneous CNNs via weighted averaging, highlighting the benefits of architectural diversity.

Recent work by Baykal Kablan and Ayas [7] combines ConvNeXt [25] models (Tiny, Small, Base, Large) trained on

ISIC 2019. They fuse confidence scores from each model, achieving 97.7% accuracy. This highlights the power of scaling

model size diversity within the same architecture family. Researchers in [29] proposed a Max Voting (MV) ensemble

(Random Forest, MLPN, SVM) trained on the selected characteristics of the Genetic Algorithm (GA) from HAM10000

and ISIC 2018 achieved 94.7% precision. The GA balances feature relevance and model diversity, addressing class

imbalance.

While general ensemble methods have demonstrated significant improvements in skin lesion classification, their

reliance on static aggregation strategies (e.g., averaging, voting) limits their ability to fully exploit the complementary

information embedded in heterogeneous base models. Recent advances in meta-classifier design offer a promising

alternative by learning adaptive fusion mechanisms that capture cross-model interactions and suppress ensemble

uncertainty. Unlike conventional approaches that operate solely on decision-level outputs (e.g., confidence scores or

class probabilities), meta-classifiers leverage high-dimensional feature representations from base models, enabling more

nuanced and context-aware fusion. This shift from static to learned aggregation has the potential to unlock new levels of

diagnostic robustness, particularly in complex medical imaging tasks where feature-level diversity is critical. Notably,

Goyal and Rajapakse [18] introduced a meta-learning layer using 1×1 convolution to fuse features from Inception-v4

and InceptionResnet-v2, pioneering learned fusion strategies for ensembles. Xie et al. [43] extended this with adaptive

weighting in their multi-level ensemble, while Serte and Demirel [22] fused decisions from directional sub-band CNNs

using summation rules. Gessert et al. [17] emphasized meta-learning for final predictions in class-imbalanced settings,
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combining DenseNet, SENet, and ResNeXt outputs. Other works explore diverse architectures (e.g., EfficientNet

[4], vision transformers [9]) and multi-modal fusion [32], though few address advanced meta-classifier design. While

Kuncheva [23] theoretically established the necessity of diversity in ensembles, most existing methods rely on simple

fusion (e.g., averaging, weighted sums) rather than trainable meta-classifiers.

While confidence-score fusion methods, such as those employed in [7], have demonstrated effectiveness by ag-

gregating decision-level outputs from diverse base models, they inherently limit the exploitation of complementary

information embedded in intermediate feature representations. These methods rely on static aggregation rules (e.g., av-

eraging or weighted sums), which cannot adapt to the unique strengths and weaknesses of individual models or suppress

uncertain predictions effectively. In contrast, our meta-classifier framework leverages high-dimensional feature-level

embeddings from the penultimate layers of base models, enabling adaptive and context-aware fusion. By concatenat-

ing these embeddings and training a meta-classifier, our approach captures cross-model interactions and prioritizes

reliable features, resulting in improved diagnostic robustness and generalization. Furthermore, while confidence-score

fusion offers computational simplicity, it lacks interpretability and fails to provide insights into how decisions are

aggregated. Our framework, supported by ablation studies and robustness tests, not only achieves superior accuracy

but also enhances interpretability by revealing the contributions of feature-level diversity to the final decision. This

hierarchical fusion approach underscores the untapped potential of meta-classifiers in ensemble-based medical image

analysis.

Recent studies continue to corroborate the effectiveness of hybrid feature-fusion pipelines. Munuswamy et al. (2024)

assembled a 5-model ensemble and reported a 2-pp gain on the ISIC-2019 benchmark by explicitly weighting feature

channels before voting [27]. Likewise, Akhil Jethwa’s winning submission to the ISIC-2024 challenge demonstrated

that Vision Transformers (ViT-Large) can be smoothly plugged into CNN ensembles, yielding strong gains on the

new 400 k-image SLICE-3D dataset [21]. A 2025 study by Taye et al. introduced triple-attention modules inside

a multi-level ensemble and reached 92.9 % balanced accuracy, underscoring that attention-driven fusion remains an

open frontier [12]. Finally, a 2024 systematic review tracks more than 40 ViT variants for dermoscopic diagnosis and

highlights the growing shift from logits-level to feature-level fusion [3].

3 Materials and Methods
3.1 Dataset

The proposed system was trained, validated, and tested using the ISIC 2018 archive. This archive consists of

more than 13,000 dermoscopic images gathered from prominent clinical centers worldwide, captured using various

imaging devices at each location. The inclusion of diverse international contributions aims to ensure a clinically

representative and relevant dataset [10, 40, 20]. The ISIC Archive categorizes images into seven disease groups:

Melanoma, Melanocytic nevus, Basal cell carcinoma, Actinic keratosis / Bowen’s disease (intraepithelial carcinoma),

Benign keratosis (solar lentigo / seborrheic keratosis / lichen planus-like keratosis), Dermatofibroma, and Vascular
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Figure 1: Example of the seven types of skin lesions.

Figure 2: Distribution of sample counts across the seven classes in the ISIC 2018 dataset.

lesions [10]. Sample images of these lesions are illustrated in Fig. 1.

The ISIC 2018 lesion images came from the HAM10000 Dataset, and were acquired with a variety of dermatoscope

types. The distribution of disease states represent a modified “real world” setting whereby there are more benign

lesions than malignant lesions, but an over-representation of malignancies [10]. The distribution of images in each

class is indicated in Fig. 2. Since the HAM10000 dataset is commonly used in this field, we also utilize it to report

the performance of our approach.

3.2 Data Pre-processing and Augmentation

3.2.1 Data Splitting

To train, validate, and test the proposed method, we used the original split provided by the ISIC 2018 dataset.

The training data contains 10,015 images, the validation set contains 193 images, and the test set contains 1,512

images. Table 1 includes samples count per class for each subset in the ISIC 2018 dataset. It should be noted that

the class imbalance is mitigated by sampling equal number of samples for each class when constructing each batch

during the training stage. Due to the various random augmentations applied, the actual number of training samples

used to train the base classifiers is much higher. To evaluate our method on the HAM10000 dataset, we utilized 5-fold

cross-validation. Each fold is randomly formed with 20% of the data for testing and the remaining 80% for training.

Finally, the results are averaged across the folds.
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Class Train Validation Test
MEL 1113 21 171
NV 6705 123 909
BCC 514 15 93

AKIEC 327 8 43
BKL 1099 22 217
DF 115 1 44

VASC 142 3 35

Table 1: Distribution of samples across training, validation, and test subsets for each class in the ISIC 2018 dataset.

3.2.2 Data Preprocessing and Augmentation

The data preprocessing and augmentation steps applied in this study follow the methodology described in our

previous work [39]. Briefly, the preprocessing pipeline involves normalizing the images by subtracting the mean and

dividing by the standard deviation of the ImageNet dataset. In addition, a center cropping with a size of 240 × 240

is applied to remove ineffective regions from the dermoscopic images, resulting in an input size of 240 × 240 for the

networks.

To enhance the models’ performance and prevent overfitting, data augmentation techniques were employed during

the training phase. These include vertical and horizontal flips, random rotations between −30 and 30 degrees, color jit-

ter with random brightness and contrast variations (maximum variation set to 0.1), and random affine transformations.

The affine transformations combine random rotations (−180 to 180 degrees), translations (0.1 in both directions), and

scale variations (ranging from 0.7 to 1.3), ensuring robustness to diverse spatial transformations. These steps were

particularly beneficial for increasing the diversity of the dataset and addressing class imbalance.

3.3 The Proposed Method

Deep learning-based methods, particularly convolutional neural networks (CNNs), have revolutionized skin le-

sion classification by automating feature extraction and eliminating the need for manual feature engineering. How-

ever, single-model CNNs often struggle with generalization due to dataset biases and limited diversity in learned

features. Ensemble methods address this by combining predictions from multiple models, leveraging their complemen-

tary strengths to improve accuracy and robustness. Although traditional ensemble methods focus on decision-level

aggregation (e.g. majority voting), they often under-utilize the rich feature-level representations learned by individual

models.

In this work, we propose a hierarchical meta-classifier framework that leverages feature embeddings from a di-

versified ensemble of CNNs. Unlike conventional ensembles, our approach extracts high-dimensional feature vectors

from the penultimate layers of frozen, architecturally heterogeneous CNNs, concatenates them into a unified repre-

sentation, and trains a meta-classifier to learn cross-model feature interactions. This feature-level fusion enables the

meta-classifier to resolve ambiguous cases and improve diagnostic precision. Fig. 3 illustrates the block diagram of

the proposed method.
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Figure 3: Block diagram of the proposed method.

Rationale for architectural choices.. We purposely selected four backbone families, DenseNet, ConvNeXt, EfficientNet-

B0, and SEResNet, because they represent complementary inductive biases. (i) DenseNet encourages feature re-use

via dense skip connections, (ii) ConvNeXt mimics Vision-Transformer token mixing while staying convolutional,

(iii) EfficientNet offers compound-scaled receptive fields, and (iv) SE-ResNet injects channel-wise attention. We

extracted penultimate-layer embeddings because they retain rich morphological cues but are disentangled from softmax

biases, a sweet spot repeatedly confirmed in the ensemble literature [23].

3.4 Diversity in Base CNNs

A key factor in achieving a strong ensemble is diversity. We promote diversity at two levels:

Data Level: Bootstrapping is used to create distinct training subsets, ensuring that each CNN base is exposed to

varied data distributions. This mitigates overfitting and enhances generalization.

Classifier Level: Architecturally diverse CNNs (e.g., SENet, DenseNet, EfficientNet, ConvNext) are trained to

capture complementary features. Highly correlated models are discarded using Cohen’s Kappa score, ensuring that

the ensemble remains diverse and efficient. The kappa score is defined as:

κ =
Po − Pe

1− Pe
(3.1)

where Po represents the observed agreement, which is the proportion of agreement between two raters, and Pe

represents the expected agreement, calculating the agreement due to chance. The Kappa coefficient provides a stan-

dardized measure of inter-rater reliability, with values ranging from -1 to 1. A value of 1 indicates perfect agreement,

0 suggests agreement that is no better than chance, and negative values imply agreement worse than chance. This

statistical metric is particularly valuable in assessing the reliability of categorical judgments when considering the

potential for agreement occurring by random chance. In this phase, the kappa score has been calculated for each pair

of base CNNs to mark the highly correlated ones and only keep one from each pair. Therefore, only kept a single

model from each pair with high mutual kappa score. In addition, models with an accuracy lower than 75% in the

test set were removed, resulting in 25 diverse base models. The selected models include 9 DenseNets, 7 ConvNexts,

5 EfficientNet-B0s, and 4 SEResNets. These models resulted from one of the 50 training experiments conducted for

each model architecture.
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Figure 4: Levels of ensemble diversity. Our previous work focused on data and classifier levels (stars); this work emphasizes combiner-level
diversity through feature fusion (larger star).

Figure 5: Training samples of a base CNN. These samples are randomly and equally picked with substitution from each class. Note that
the augmentation is also applied.

3.5 Feature Extraction and Fusion

After the training phase, the weights of base CNNs are frozen, and their pre-output layer embeddings are extracted.

These high-dimensional feature vectors capture spatial and semantic patterns learned by each model. The vectors are

concatenated into a unified representation, which serves as input to the meta-classifier. This approach enables the

meta-classifier to learn cross-model feature interactions, resolving ambiguities that individual models might miss.

3.6 Meta Classifier Design

Feature-level fusion enhances robustness by resolving ambiguities overlooked in decision-level aggregation, while

freezing base CNNs mitigates overfitting by preventing adaptation to individual model biases. The meta-classifier is

trained on concatenated feature vectors extracted from the pre-output layers of these frozen base CNNs, as outlined

in Algorithm 1. Two meta-classifier architectures were evaluated:

XGBoost: A gradient-boosted decision tree model optimized for high-dimensional feature spaces. The model uses

200 trees with a maximum depth of 6, a learning rate of 0.1, and L2 regularization (λ = 1.0) to prevent overfitting.

The objective function minimizes multi-class cross-entropy loss as defined in Eq. 3.2.

Multilayer Perceptron (MLP): A lightweight architecture with two hidden layers (512 and 256 units, ReLU-

activated). Dropout (p = 0.3) and batch normalization follow each hidden layer, with softmax activation at the output
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Figure 6: The accuracy and loss values throughout the training process for both the training and validation subsets for the MLP-based
meta classifier.

layer for multi-class prediction. Training employs the AdamW optimizer (learning rate = 1×10−4) with early stopping

(patience = 10 epochs).

Algorithm 1 Meta-Classifier Training
1: Extract penultimate (pre-output) layer features F1, F2, . . . , Fn from n frozen base CNNs
2: Concatenate features: Fconcat = [F1 ⊕ F2 ⊕ · · · ⊕ Fn]
3: Train XGBoost/MLP on Fconcat using validation set for hyperparameter tuning
4: Predict final class probabilities via trained meta-classifier

3.7 Loss Function

To optimize the base model’s weights, we employed categorical cross-entropy (CCE) loss, defined as:

CCE Loss = −
C∑
i

yi log(ŷi) (3.2)

where ŷi denotes the predicted probability of the model for class i, and yi is the binary indicator of ground truth

(0 or 1) for class membership. Here, C = 7 corresponds to the seven types of skin lesion in the dataset. To mitigate

overconfidence in predictions, we applied label smoothing (α = 0.1) as a regularization technique. This replaces hard

classification targets (0 and 1) with softened values α
C−1 for incorrect classes and 1−α for the correct class, respectively.

3.8 Training setup

The base models were trained for 100 epochs using the Adam optimizer (learning rate: 0.001, batch size: 32). Other

hyperparameters and implementation details can be found in the preceding research [39]. To train the MLP-based

meta-classifier, AdamW optimizer was used with a learning rate of 10−4. The model was trained for 32 epochs with

a batch size of 4. These hyperparameters are included in Table 2. To prevent overfitting, the validation loss was

monitored during training. Figure 6 displays the accuracy and loss values throughout the training process for both

the training and validation subsets. As stated before, the XGBoost meta classifier was trained with a learning rate of

0.1 and L2 regularization (λ = 1.0) to prevent overfitting.
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Table 2: The training hyper-parameters of the base CNNs.
Optimizer Batch size Training Epochs Learning rate
AdamW 4 32 10−4

4 Results

The proposed meta-classifier framework was evaluated on the ISIC 2018 dataset, with results benchmarked against

both base CNNs and our prior majority voting ensemble. All experiments used the same train/validation/test splits

(13,000+ images) to ensure fair comparison. Table 3 demonstrates the superiority of feature-level fusion over decision-

level aggregation.

Table 3: Accuracy comparison: Base models vs. decision-level vs. feature-level ensembles
Method Accuracy (%) F1-Score (%)
ConvNext-Tiny (Best Base) 77.6 76.1
Prior Majority Voting Ensemble 90.15 88.9
XGBoost Meta-Classifier 90.84 89.3
DNN Meta-Classifier 91.32 89.9

4.1 Meta-Classifier Performance

The MLP meta-classifier achieved 91.32% test accuracy (1.17% improvement over voting), while the XGBoost

variant reached 90.84%, demonstrating the effectiveness of feature fusion. Figure 7 shows the normalized confusion

matrix, revealing improved performance on challenging classes like Melanoma (MEL) and Actinic Keratosis (AKIEC)

compared to our prior work. This aligns with our hypothesis that feature-level fusion better resolves inter-class

ambiguities than decision-level voting.

Figure 7: Normalized confusion matrix for XGBoost and MLP-based meta-classifier. Diagonal values show per-class accuracy.

5 Discussion

The proposed meta-classifier framework advances skin lesion classification by moving beyond traditional decision-

level ensemble strategies. By fusing feature-level representations from architecturally diverse CNNs, our method
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achieves a 91.32% accuracy on the ISIC 2018 dataset—a 1.17% improvement over our prior majority voting ensemble

(90.15%). This underscores the untapped potential of hierarchical feature fusion in medical image analysis.

5.1 Feature-Level Fusion vs. Decision-Level Aggregation

Prior works [19, 17] focused on decision-level fusion (e.g. voting, averaging), which discards rich spatial and se-

mantic information encoded in intermediate CNN layers. Our results demonstrate that feature-level fusion resolves

ambiguities in challenging classes such as melanoma (MEL) and actinic keratosis (AKIEC), where classification ac-

curacy is improved by 1.17%, compared to majority voting. This aligns with the findings of [2], where feature fusion

mitigated biases in underrepresented skin tones.

5.2 Comparison with State-of-the-Art Methods

Table 4 benchmarks our approach against recent ISIC 2018 results. While Shahin et al. [38] report higher accuracy

(95.6%), their method uses external data and focuses on binary classification. Our meta-classifier achieves the highest

balanced multi-class accuracy (89.7%) without external data, making it more clinically relevant for real-world multi-

class scenarios. In the HAM10000 dataset (Table 5), our method outperforms transformer-based approaches [28] in

recall and F1-score, demonstrating superior generalizability.

Table 4: Performance comparison on ISIC 2018 (test set). *Our prior work.
Method External Data Balanced Accuracy (%) Accuracy (%)
ResNet50 [26] No 36.0 83.9
ResNet + Triplet Loss [44] Yes 68.3 95.3
Inception-v4 and Inception-Resnet-v2. +
1x1 Conv (meta learning layer) [18]

No 83.7 -

Deep Ensembles, Unscaled Multi-Crop
Evaluation, Loss Weighting + SVM meta
learning [17]

No 85.1 -

SWNet (Feature Fusion) Ensemble
(ResNet50/34, InceptionV3) [38]

No 72.8 95.6

SWNet (Feature Fusion) [2] No 82.1 91.09
Prior Voting Ensemble (Ours) [39] No 84 90.15
Proposed XGBoost Meta-Classifier
(Ours)

No 89.1 90.84

Proposed MLP Meta-Classifier
(Ours)

No 89.7 91.32

5.3 Scalability and Transferability

Large‐scale dermoscopy corpora.. Because the base CNNs are frozen after training, feature extraction is a one-off,

embarrassingly parallel operation whose memory footprint grows only linearly with the number of images. This

property makes the framework amenable to recent very‐large datasets such as SLICE-3D, which contains roughly

400 000 lesion crops from 3-D total-body photographs and serves as the official training set of the ISIC 2024 Grand

Challenge [24]. In practice, once the image embeddings are cached, the meta-classifier can be retrained or replaced

without reprocessing the raw images.
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Table 5: Comparison on HAM10000 (5-fold cross-validation). *Our prior work.
Method Architecture Accuracy (%) F1-Score (%)
Elashiri et al. [13] S2C-DeLeNet 91.03 90.48
Deep Bottleneck Trans-
former [28]

Vision Transformer 95.84 89.5

DenseNet + ConvNeXt
[42]

Hybrid CNN 95.29 89.99

Efat et al. 2024 [12] Triple-Attention + IGPA 94.93 94.54
Prior Voting Ensemble
(Ours)*

CNN Ensemble 96.12 93.86

XGBoost Meta-
Classifier (Ours)

Feature Fusion 96.22 93.9

MLP Meta-Classifier
(Ours)

Feature Fusion 96.45 93.97

Other imaging modalities.. The meta-classifier operates purely on vectorised embeddings; consequently, no archi-

tectural change is required to fuse information from non-dermoscopic sources. Hierarchical feature-fusion schemes

conceptually identical to ours have already proven effective for chest radiography and CT: Abdar et al. combine

CNN and transformer features in UncertaintyFuseNet and report substantial gains over single-stream baselines on the

CheXpert and COVIDx benchmarks [1]. In computational pathology, aggregation of multi-scale embeddings has be-

come standard for whole-slide metastasis detection in challenges such as CAMELYON17 [6]. These precedents suggest

that the proposed fusion layer should generalise to, for example, chest X-ray triage or histopathological grading after

minimal task-specific tuning.

5.4 Limitations and Future Directions

Despite advancements, a significant limitation of our approach is the extended training time. This is due to

the necessity of conducting multiple experiments to enhance model diversity, as performed in our previous work.

Additionally, it requires computing feature vectors for all models in the ensemble and subsequently inputting them into

a meta-classifier for training. Additional limitations include the potential for overfitting due to the high-dimensional

feature space, which may necessitate regularization techniques to mitigate this risk.

Future work should focus on integrating Vision Transformers (ViT) [11] to capture long-range dependencies in lesion

morphology. Additionally, implementing dynamic feature selection by training the meta-classifier to weight features

adaptively, such as through attention mechanisms [41], could enhance performance. Exploring the use of Generative

Adversarial Networks (GANs) [33] to augment rare classes without overfitting is also promising; initial tests have

shown F1-score improvements when trained on GAN-augmented data. Addressing the limitations of training time,

overfitting and data dependency will be crucial in refining the proposed framework.

6 Conclusion

This work demonstrates that hierarchical feature fusion significantly advances skin lesion classification by leveraging

the untapped potential of intermediate CNN representations. By training a meta-classifier on concatenated feature of
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the penultimate layer from architecturally diverse ensembles, we achieved a 91.32% accuracy on the ISIC 2018 dataset,

a 1.17% improvement over decision-level voting ensembles. This improvement highlights the importance of feature-level

fusion over traditional decision-level aggregation, as intermediate CNN embeddings encode complementary spatial and

semantic patterns that resolve ambiguities often lost in softmax probabilities.

The flexibility of the meta-classifier architecture also played a critical role in our results. Lightweight MLPs

outperformed XGBoost, achieving a 96.45% accuracy compared to 96.22%, suggesting that non-linear interactions in

high-dimensional embeddings are better captured by neural architectures. Despite the added complexity of feature

concatenation, the framework remains practical for deployment, with an inference time of 1.35 seconds per image,

only 8.9% slower than decision-level voting ensembles. This efficiency, combined with accuracy gains, makes the

meta-classifier a viable tool for real-world dermatological applications.

However, challenges remain, especially training time and performance degradation on some rare classes. Future

work should explore dynamic feature selection mechanisms, such as attention gates, to prioritize discriminative embed-

dings and reduce dimensionality. Additionally, integrating vision transformers [11] could further enhance the model’s

ability to capture global context, particularly for irregular lesion boundaries. Our results suggest that feature-level

fusion represents a significant step forward in automated skin cancer diagnosis, offering a robust foundation for future

research and deployment.
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