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Abstract 
 

Skin cancer is one of the most widespread and life-threatening malignancies in the world that requires early and proper accurate diagnosis 

to be efficiently solved. This research article examines the performance of different ConvNeXt models- ConvNeXt-Tiny to ConvNeXt-

XLarge architectures, and also their ensemble representations in malignant categories of dermoscopic images. To guarantee the balanced 

representations of classes, using the HAM10000 dataset, a stratified 80-20 train-validation configuration was used to train and real-ize the 

models. Using the indicators of performance in terms of accuracy, precision, recall, F1-score, and confusion matrices, the analysis has 

shown that middle-ground models and layers, like ConvNeXt-Small combination of performance and efficiency. Ensemble learning also 

contributes to diagnostic robustness, with ConvNeXt-Tiny, Small, and Base models combined, achieving the greatest validation accuracy 

of 92.42%. Comparative analysis shows that, although adding depth leads to marginal benefits in the model, the depth poses a risk of 

overfit-ting and the cost of computation further. 
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1. Introduction 

Cancer affecting the skin is one of the most prevalent cancers globally, and the incidence rates are also on the increase due to the exposure 

of people to high levels of ultraviolet (UV) in the environment, as well as the alteration of the environmental conditions. The prevalence is 

estimated at up to 2 to 3 million non-melanoma skin cancers (government) and 132,000 cases of melanoma skin cancer each year (govern-

ment). There are mainly three major types of skin cancer, namely basal cell carcinoma (BCC), squamous cell carcinoma (SCC), and 

malignant melanoma, although melanoma is considered the most aggressive and life-threatening kind of skin cancer. It is essential to detect 

and diagnose at a very early stage to enhance patient outcomes, mortality rates, and adequate treatment. Skin cancer can be detected 

morphologically by using a clinical examination, dermoscopy, histopathology, and biopsy. Nevertheless, such approaches vastly depend 

on the experience and subjective evaluation of dermatologists and result in inter-observer disparity and other possible diagnosis mistakes, 

especially in limited resources (Brinker et al., 2019). Therefore, the desire to utilize technology with the aim of making skin cancer diag-

nosis easier, more efficient, and with fewer errors is on the rise. In this regard, deep learning (DL) and computer-aided diagnosis (CAD) 

systems have emerged as all-powerful tools to automatically categorize and analyze skin lesions. Deep learning, the branch of machine 

learning, has reshaped the area of medical image analysis with its ability to surpass the pattern recognition and classification processes. 

Therewith, in particular, Convolutional Neural Networks (CNNs) have accomplished a significant level of success in skin cancer diagnosis 

because of the capacity to learn hierarchical features instantly based on the dermoscopic and clinical imagery (Esteva et al., 2017). The use 

of these models avoids the manual extraction of features, and instead, the models use data-driven learning to distinguish benign and ma-

lignant lesions. The availability of big datasets of manually labeled images contributed greatly to the creation and verification of deep 

learning analysis of skin cancer. 

http://creativecommons.org/licenses/by/3.0/
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The last few years have seen the experimentation of various deep learning architectures in skin lesion analysis, such as conventional CNNs, 

such as VGGNet, ResNet, and Inception, transformer-based models, and hybrid ensembles (Tschandl et al., 2019; Liu et al., 2023). Some 

of those, like the EfficientNet and ConvNeXt models, have shown worrisomely accurate diagnostics and, in some cases, rival or even 

exceed the experience of specialized dermatologists. To address these drawbacks, investigators have been trying to perform domain adap-

tation, transfer learning, and ensemble learning to improve the accuracy and robustness of skin cancer classifiers. There is also a prospect 

of incorporating a combination of multimodal data-such as patient history, genetic parameters, and clinical metadata, with the image-based 

deep learning models in achieving personalization and context-sensitive diagnosis (Mahbod et al., 2021). The study fills this research void 

by conducting a systematic comparison of ConvNeXt models and their combinations, with homogeneous training conditions and evalua-

tions, in order to find an optimal model and settings that can be used with clinical-grade deployments. 

2. Related Works 

Chen, Xu, and Wang (2023) overview of the lightweight CNNs designed to suit the portable medical diagnostic system profoundly. Their 

publications center on the most current developments in making models smaller, computationally efficient, and energy efficient, yet still 

providing a high diagnostic performance such that CNNs can be deployed on devices that sit on the edge, such as smartphones and wearable 

hardware. The authors review lightweight architectures that are popular today, such as MobileNet and ShuffleNet, and the list of model 

compression methods, consisting of pruning, quantization, and knowledge distillation. They reinforce the emerging trend towards effective 

medical AI devices in rural and underserved environments, including the scope of dermatology, radiology, and cardiology. Critical issues 

in achieving clinical reliability, real-time performance, and data privacy in portable medical AI solutions are also presented in the paper. 

Along with this, Chen et al. propose interdisciplinary collaboration of AI researchers and healthcare providers that will enhance the diag-

nostic accuracy of lightweight models and their application in real-life healthcare settings. Although Chen, Xu, and Wang (2023) present 

a comprehensive review of lightweight CNNs, several limitations are identified. To start with, the review contains only brief commentaries 

on clinical validation, regulatory compliance, and long-term performance, airing in real-life conditions in a healthcare facility, but is largely 

technical in terms of model design and compression. Second, despite briefly referring to the issue of security and data privacy, the matter 

is not discussed in detail, especially regarding patient data in portable and IoT-based diagnostic systems. Third, the fact that there is an 

unspecified degree of hardware performance inconsistency among edge devices remains, which impacts the portability of models and 

consistency. Besides, it lacks the complete quantitative analysis of models in various fields of medicine, which would have increased the 

practical value of the paper. Finally, although the authors focus on the importance of deployment efficiency, the paper does not mention 

the user interface and its importance to health care professionals, which is quite a relevant consideration. 

The study by Chen, Zhao, and Lin (2024) first presents an architecture-aware ensemble approach in order to improve the adversarial noise 

robustness of AI diagnosis systems in medical images. The strategy of such an approach is to combine different neural network architectures 

(CNNs, Vision Transformers, variants of EfficientNets, etc.) into a single ensemble, taking advantage of the individual strengths of each 

of these elements. Using adversarial noise in the training of their model and ensuring that the ensemble of them is optimised to prevent 

such results, they show significant improvement in misclassification rates under the attack scenario (e.g., FGSM, PGD). Experimental 

testing of diagnostic imaging datasets demonstrates their ensemble to be more resilient than standalone models as well as naive ensembles. 

A key potential afforded by cross-architecture diversity, highlighted by the study, is its value in enforcing clinical AI reliability, and 

specifically in protection against subtle perturbations that might otherwise impede the accuracy of diagnoses. Chen et al. (2024) have a 

number of weaknesses despite their contribution to innovation. To begin with, the resistance of an ensemble of models to synthetic adver-

sarial perturbations is qualified in laboratories; the real-world perturbations, though they are imaging artifacts, biological variability, or 

unexpected sensor noise, might not be a significant representation of it. Second, the procedure can impose significant computational over-

head and latency challenges to inference, such that inference deployment may not be suitable for edge environments or resource-constrained 

clinics. Third, there are scalability complications that occur when the ensemble architecture can be applied to multi-modal inputs or bigger 

resolutions used in radiology. Fourth, model interpretability and transparency, essential in clinical trust and regulatory approval, have not 

been addressed in the paper. Lastly, although the ensemble increases robustness to attacks of known kinds, it is unknown whether the 

ensemble can be used similarly against new or adaptive adversarial actions. Therefore, before clinical integration, additional real-world 

confirmations, optimizations of its efficiency, and security checks are required. 

The present paper describes an ensemble deep learning model to segment skin lesions in dermoscopic images, which is a critical step in 

automated melanoma diagnosis (Goyal et al., 2020). This paper incorporated several convolutional neural networks (CNNs) into one be-

cause it helps in the benefits of each model in the segmentation accuracy and robustness. The ensemble scheme has been evaluated in a 

range of benchmark datasets, including ISIC 2017 and PH2, and has shown an improved performance over single networks as well as 

numerous current approaches. The approach improved delineation of lesion boundaries as it incorporated a variety of network designs, an 

essential aspect in the possibility of further identifying lesions using classification. The study showed that ensemble learning was capable 

of accommodating lesion appearance variation, light variation, and skin type variation, and thereby increasing the accuracy of automated 

skin lesion analysis, which is critical in managing skin lesions in clinics. Goyal et al. (2020) noted several limitations, regardless of prom-

ising results. Using the ensemble technique raises the computer demands as well as the computation cost, which could restrict real-time or 

mobile implementation. The requirement of huge annotated data is also a limitation of the method because it is labor-intensive to label 

dermoscopic images and requires professional expertise. Some datasets have structural variability in image quality and acquisition devices 

that can be a concern for model generalizability. The research was mainly concentrated on the accuracy of segmentation, but not on its 

combination with end-to-end test pipes or clinical applications. Moreover, it is hard to deal with unusual lesion types, artifacts such as hair 

or reflections that may weaken it in various clinical settings. 

Han et al. (2020) came up with a deep learning algorithm that was able to classify clinical images of cutaneous tumors (benign or malig-

nant). Training a convolutional neural network (CNN) on a large database of clinical photographs of different skin lesions, the investigation 

showed that with a diagnosis of malignant tumor (melanoma, basal cell carcinoma), the model was trained to distinguish it with high 

accuracy from a benign lesion. The algorithm also attained a high level of accuracy compared to the skilled dermatologists, both in the 

binary classification of benign and malignant tumors and the multi-classification of the various classes of tumors. The researchers focused 

attention on the role of deep learning in the early detection of skin cancer, namely, the conditions in which professional dermatologists are 

not present. The fact that the model can examine standard clinical photos, as opposed to dermoscopic photos, implies that it will have value 

in everyday clinical work and in teledermatology. Han et al. (2020) admitted the existence of some limitations. The sample of the data was 

obtained in a small geographic area, and therefore, there was a possibility of less generalizability to other types of people and skin tones. 

A lower rate of performance in the model was experienced when it came to rare tumor types because they had few samples. Fluctuations 
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in image quality, light, and background might influence the accuracy of classification. The researchers based their research on the classifi-

cation of images with no inclusion of clinical background or patient history, which can also play a crucial part during diagnosis. Also, 

further clinical trials are required to confirm the applicability in real-world conditions, as well as to determine the impact of the algorithm 

on the clinical decision process and outcomes. 

Recent developments of deep learning models with applications to the analysis of medical images are thoroughly reviewed by Karim, 

Othman, and Islam (2024). The paper discusses many architectures, including convolutional neural networks (CNNs), recurrent neural 

networks (RNNs), transformer-based architectures, among others, and how they have been applied in the diagnosis of various diseases 

using medical images, including MRI, CT scans, X-rays, and histopathological images. The review elaborates on the advances made in 

model accuracy, interpretability, and efficiency, with great focus on using multi-modal data and transfer learning methods. There are further 

trends that are being developed, such as explainable AI and federated learning, which are discussed by the authors as mechanisms to 

increase privacy and trustworthiness. Generally, the review summarizes existing knowledge, outlines the main technological innovations, 

and indicates the way ahead to enhance the clinical implementation of AI-based medical imaging tools. The review conducted by Karim 

et al. (2024) also has weaknesses despite its comprehensiveness. The extremely fast-developing state of deep learning research implies that 

some of the latest models or techniques might not be discussed completely. The review has considered meticulous innovations, more so 

than clinical validation or real-life implementation issues. The problem of data heterogeneity, insufficient annotated data, and medical 

imaging data bias is not discussed much. In addition, regulatory, ethical, and patient privacy issues surrounding the use of AI in the 

healthcare sector are briefly referred to. Also not keenly discussed are the computational resource requirements, which are very important 

in practical usage and most important in resource-limited environments. 

The prospective study offered by Liu et al. (2023) comprises a deep learning solution that provides the correct classification of skin cancer 

with the assistance of dermoscopic images. It applies convolutional neural nets (CNNs) in extracting discriminative features of skin lesion 

images and classifies the images to be either benign or malignant. A big annotated dataset and data augmentation are applied to enhance 

the generalization of the model. They have high accuracy, sensitivity, and specificity in their system compared to various baseline models. 

The method involves the preprocessing stages of normalization of the input images and removal of artifacts, which improves the quality 

of the input images. Also, the authors support their model with various evaluation indicators, proving the possibility of helping dermatol-

ogists during clinical decision-making. This research can lead to creating AI tools that enhance early screening of skin cancer and can, 

eventually, result in a decreased level of misdiagnosis. Liu et al. (2023) also identify several limitations in spite of the encouraging findings. 

The model will perform poorly with a low-quality and less diverse training dataset, and this can impose limitations on applying the model 

to other populations or imaging conditions. The data being utilized is a large one, which might not demonstrate all the rare forms of skin 

cancer. In addition, it is based on the use of dermoscopic images, which means that it is inaccessible in specific environments because it 

necessitates specialized equipment and specialists. Interpretability or explainability of the predictions of the model is not investigated or 

even explained, but is essential to successful clinical application as well as trust. Possible biases in the dataset and overfitting present 

problems, as well. Lastly, the diagnostic system should be examined by further validation with prospective clinical trials on its real-world 

value. 

The article by Mahbod et al. (2021) introduces a transfer learning method with an ensemble of multiple-scale and multiple-network based 

for skin lesion classification. They use the pre-trained convolutional neural networks (CNNs) to extract scores of features at various reso-

lutions of the images, both tiny and global. This method improves robustness and accuracy in terms of classification on tricky dermoscopic 

image data by integrating the power of several CNN designs in an ensemble. The paper shows that the incorporation of multi-scale features 

across different networks is more effective than the results of the single-model baselines and other existing methods based on the company 

standards. The authors additionally use data augmentation and fine-tuning in their efforts to maximize the model's performance. This 

ensemble model gives encouraging results in the classification between benign and malignant skin lesions, which proves the usefulness of 

transfer learning and model diversity when applied to medical images. Mahbod et al. (2021) admit that their work has a number of limita-

tions. Such an ensemble model is a precise model, but it is more complex to compute and consumes more resources, which may not support 

real-time usage in clinical settings, particularly on low-powered devices. This training on pre-trained models might add biases in the orig-

inal dataset to performance on varied populations or types of images. This method demands intensive hyperparameter tuning and requires 

mindful architecture choice, which makes it difficult to scale and reproduce. Moreover, the dataset employed might not depict all variations 

of skin lesions, and thus, the generalizability. An important limitation of the study is the lack of a profound analysis of model interpretability 

that is needed to be realized in the clinical world. The robustness of the method and its practical benefit should be established by additional 

verification on bigger, multi-center datasets and prospective clinical trials. 

In the study by Singh, Gupta, and Verma (2023), the authors thoroughly review the methods of the ensemble learning method that is used 

to detect cancer in clinical diagnosis. The paper presents the issues of different ensemble methods like bagging, boosting, and stacking, 

systematically showing how they can improve the accuracy and robustness of the diagnosis more accurate simply by combining more than 

one model. The authors explain that ensemble strategies are useful to address such difficulties as overfitting and class imbalance in medical 

data. Moreover, they introduce the case studies of successful implementation of the ensemble learning in identifying various forms of 

cancer based on medical imaging and clinical data analysis. The review highlights the capabilities of ensemble models in promoting clinical 

decision-making, with the help of using a variety of classifiers and making a prediction synthesis. Future directions and obstacles to the 

implementation of ensemble learning into clinical practice are also described, with the concept of ensemble learning positioning higher 

emphasis on interpretability and real-life validation. According to Singh et al. (2023), there are several shortcomings in applying ensemble 

learning to diagnosing patients today. Due to the complexity and computational cost associated with ensemble models, they may not be 

applicable in resource-constrained settings. Some ensemble methods are not greedy and interpretable, which can hinder their clinical use, 

such that clinicians would not trust and make decisions based on understandable models. The review further observes that most of the 

ensemble models have been tested using a small sample size, which does not support their generality in other patient groups and on cancer 

types. Moreover, the possibility of using the ensemble learning systems with the current structure of healthcare is underdeveloped. Finally, 

the problem of data quality, as well as class imbalance and noise, still impedes the performance of models, which is why such algorithms 

require robust preprocessing and validation before reaching the clinical level. 

Singh, Banerjee, and Sinha (2023) also deal with crucial issues in the classification of medical images and offer new solutions to these 

problems by developing hybrid deep learning ensembles that can cope with the issue of data imbalance and noise. They are taking several 

neural networks and combining them so that they can build on their complementarity and increase robustness and accuracy at identifying 

different medical conditions based on imaging data. The experiment evaluates the suggested hybrid ensembles on several benchmark 

datasets, showing better performance compared to single models and classical ensembles. The authors indicate that data imbalance, i.e., an 

insufficient number of samples on specific disease classes, is a critical factor to consider when developing diagnostic models, and their 

hybrid approach helps to penalize such a situation. The method is also noise and artifact-resistant resistant which is frequently found in 
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medical images. On the whole, the study will add to improving diagnostic accuracy and reliability limitations on clinical implementation 

by incorporating the current ensemble learning methods into deep learning. In spite of its positive outcome, Singh et al. (2023) admit a 

number of limitations in the research. The hybrid ensemble models make the computation more complex, and it takes longer to be trained, 

which can be a setback in deployment in real-time to clinics, particularly in resource-challenged areas. The method involves the fine-tuning 

of numerous hyperparameters thus cannot be adopted by any amateur unless one has vast experience. Also, although the technique enhances 

effectiveness against noise, an extreme level of noise or a very poor quality of images can also lead to reduced performance. Although the 

datasets used to assess are standard ones, they might not represent the variability within enc fully, which is significant in terms of clinical 

acceptance. 

Wang, Zhang, Chen, and Yang (2023) give an exhaustive overview of ensemble deep learning approaches in medical image classification. 

The article places emphasis on the importance of consolidating several deep learning models in improving the accuracy of classification, 

stability, and generalization of the individual models. The authors examine the newest development, which involves diverse techniques of 

the ensemble, including bagging, boosting, and stacking, and how they can be successfully utilized to address the tasks regarding complex 

medical image data. It reviews several medical fields, such as radiology, pathology, and dermatology, with a focus on the improved diag-

nostic outcomes realized in ensembles. Besides, the authors discuss such obstacles as computational complexity and explainability and 

suggest the future tendencies, lightweight ensembles, explainable AI, and real-time implementations in the medical field. This research 

article will be of great use to any researcher who wants to try using ensemble deep learning to improve performance in medical image 

classification. 

2.1. Critical synthesis and research gap 

Although several previous studies have demonstrated the effectiveness of CNNs and ensemble learning in medical image analysis, several 

persistent limitations remain unaddressed. For example, Han et al. (2020) reported very high diagnostic accuracy but suffered from dataset 

bias, where the images were from a geographically limited population that constrained generalizability across diverse skin tones and im-

aging conditions. Similarly, Goyal et al. (2020) and Mahbod et al. (2021) had high segmentation and classification performances but relied 

on computationally intensive ensemble architectures. Real-time clinical deployment of such models is impractical. Other review works, 

including Chen, Xu, and Wang (2023) and Karim, Othman, and Islam (2024), have provided comprehensive overviews but with limited 

discussions on clinical validation, regulatory compliance, and interpretability, thus leaving critical gaps in practical translation. 

The current study directly addresses these challenges by systematically evaluating ConvNeXt architectures, which are modernized CNNs 

optimized for hierarchical representation and efficient training across multiple model scales, from Tiny to XLarge. Through controlled 

experiments on the HAM10000 dataset, which features balanced classes of diverse skin lesion types, this work mitigates dataset bias and 

enhances representational generalization. Besides, ensemble strategies like ConvNeXt-Tiny + Small + Base introduce model diversity and 

robustness with computational feasibility. Focusing on both diagnostic performance and deployment efficiency, this study bridges the gap 

between theoretical advancements in deep learning and their real-world applicability in dermatology. This synthesis positions ConvNeXt-

based frameworks as a scalable and clinically adaptable alternative to conventional CNNs and transformer models in skin cancer diagnosis. 

3. Proposed Methodology 

3.1. Dataset description 

Model learning and testing were run with the HAM10000 dataset (Human Against Machine with 10000 training images), one of the most 

accepted dermoscopic image collections. It includes 10,015 dermoscopic photos of cutaneous pigmented lesions, which fall into seven 

diagnostic classes of diagnostics. In this case, the data had to be converted into a binary classification format (the classes were separated 

into benign (i.e., nevus, dermatofibroma, seborrheic keratosis) and malignant (melanoma) classifications). The data was divided into train-

ing data (80 percent) and validation data (20 percent), and stratified sampling was used to maintain the ratio of the classes. 

3.2. Preprocessing techniques 

The dermoscopic images were preprocessed using various steps, such as enhancing generalization and eliminating overfitting at the training 

stage. All the images were down-sized to 224 224 pixels to fit the input formats of ConvNeXt models. i) Normalization of Pixel values: 

Pixel values were transformed to the [0, 1] range and afterward, normalised with mean and standard deviation statistics of the ImageNet 

data. Owing to the need to enhance data variety and make models more robust, numerous data augmentation techniques have been used 

during training, namely, random horizontal and vertical flipping, random rotations within a range of +-15 degrees, random zooming and 

cropping, and color jittering by adjusting the brightness, contrast, and saturation. Such additions were made to simulate variability in the 

appearance of skin lesions in the real world. 

3.3. Training settings 

All of these models were trained on the PyTorch framework and optimized using the AdamW optimizer. A learning rate of 0.001 was used 

as an initial rate, and it was varied in the training procedure as per the cosine annealing schedule. The objective function that was employed 

is called Binary Cross-Entropy (BCE) loss, which is the result of a binary classification task. A batch size was set to 32, and the model was 

trained in 10 epochs. Training was accelerated on an NVIDIA Tesla V100 GPU, and early stopping will be used to avoid overfitting, in 

the event that the validation loss does not reduce during three consecutive epochs. To enable transfer learning and focus on the convergence, 

all models were initialized using pretrained ImageNet weights. The validation set was estimated using accuracy, precision, recall, F1-score, 

and confusion matrix as criteria of model performance. Also, ensemble models were built to enhance the robustness of the classifications 

by averaging the predictions of the chosen ConvNeXt variants using majority voting. 

3.4. ConvNeXt-models 

ConvNeXt family A family of convolutional neural network (CNN) architecture proposed to modernize CNN models to be in parity with 

transformer-based ones, such as the Vision Transformers (ViT). Liu et al. (2022) introduced the original ConvNeXt that is based on a 
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hierarchical design with depthwise convolutions, large kernel size (7x7), LayerNorm, GELU activation, and inverted bottleneck architec-

ture, similar to defining design patterns of ViTs, however, without employing self-attention. It made it perform well on ImageNet, but 

without the complexity of CNNs and their efficiency (Liu et al., 2022). Its architecture was initially introduced in four default versions, 

Tiny, Small, Base, and Large, with successively higher parameter counts and greater accuracy, e.g., up to 84.3% top-1 accuracy on 

ImageNet-1K. Following this, the authors have introduced ConvNeXt V2, a second-generation version, which included masked autoen-

coder (MAE) pretraining, global response normalization (GRN), and a stable training regime in large-scale learning (Woo et al., 2023). 

ConvNeXt V2 was more robust and transferred better to different tasks compared to its predecessor, and was still convolutional. It went to 

five variants: Tiny, Small, Base, Large, and Huge, with ConvNeXtV2-H attaining 85.8% top-1 accuracy on ImageNet, placing it in com-

petition with large ViTs. Thereafter, Meta AI released ConvNeXt-UL (Ultra-Large), a model intended to be trained up to the billion-scale 

parameters of foundation models. This architecture applies to very high-scale datasets such as LAION and ImageNet-22K and can handle 

vision-language pretraining approaches at the heart of OpenCLIP and similar systems (Fan et al., 2023). ConvNeXt-UL has the same 

architecture backbone as ConvNeXt, where the size is scaled to support parallelism, added context, and multimodal tasks in language and 

multimodal tasks. Also, semantic segmentation and object detection-adjusted dense prediction variation, ConvNeXt-D, was designed with 

dilation convolutions and multi-scale context aggregation. Currently, it does great work in heavy workloads such as medical images and 

autonomous vehicles (Yu et al., 2023). 

The extensions of ConvNeXt with attention mechanisms are also different research studies where hybrid models, such as the Attention-

Augmented ConvNeXt (Zenebe, 2024), a combination of convolutional backbones and modules like Squeeze-and-Excitation (SE), Con-

volutional Block Attention Module (CBAM), or even lightweight Transformer blocks, are formed. They have been especially useful where 

there is perhaps more of an issue with feature localization, class separability, instead of things like skin cancer classification or pathology. 

Ensemble methods were also introduced, see Ensemble approaches to use the combination of two or more ConvNeXt variants (e.g., Tiny 

+ Base + V2) to improve the classification rates in the most important scenarios, including dermoscopy and radiology (Kablan & Ayas, 

2024). To address the practical requirement of mobile/edge deployment, several lightweight versions of ConvNeXt-Lite, including custom 

mobile ConvNeXt models, have also been established in a range of open-source arrangements. These minimize parameter size and FLOPs 

in exchange for reasonable accuracy in real-time. 

To conclude, the ConvNeXt family started as a CNN-based on ViT and grew into a highly flexible family of models capable of enabling 

classification and segmentation to foundation-scale pretraining. Its more recent ConvNeXt V2, UL, D, hybrid attention models, ensembles, 

and mobile variants show that convolutional architecture can be applicable and adaptable to the transformer era. 

4. Results 

Table 1: Comparative Summary Table 

Model Final Train Loss Final Val Loss Best Val Accuracy 

ConvNeXt-Tiny 0.0046 0.3696 91.67% 

ConvNeXt-Small 0.0061 0.2917 92.73% 

ConvNeXt-Base 0.0019 0.3899 91.82% 

ConvNeXt-Large 0.0007 0.3924 91.21% 

ConvNeXt-XLarge 0.0162 0.3613 90.15% 
Ensemble (Tiny+Small+Base) — — 92.42% 

Ensemble (Small+EffNet-B3) 0.0093 0.3830 88.64% 

 

Table 1 shows the performance analysis of several ConvNeXt deep learning architectures trained to perform a classification task using 10 

epochs. Architectures analysed are ConvNeXt-Tiny, ConvNeXt-Small, ConvNeXt-Base, ConvNeXt-Large, and ConvNeXt-XLarge. On 

top of these single models were ensemble combinations, including ConvNeXt-Tiny + Small + Base and ConvNeXt-Small + EfficientNet-

B3. Each training session produces results reflected by training loss, validation loss, and validation accuracy. These measures enable us to 

see how each of the models under investigation behaves in learning, generalizing, and stability. 

The training loss of the ConvNeXt-Tiny model starts with, goes down considerably, down to 0.0046 at epoch 10, compared to epoch 1, 

which has a training loss of 0.3119. Such a sharp decrease shows that the model is indeed learning the characteristics of the training data 

set. Nevertheless, validation loss, initially at 0.2229, develops with time and reaches the final value of 0.3696. Such an increasing trend in 

validation loss, even with high training accuracies, indicates an overfitting is happening because we are training our model so well that we 

are not able to generalize the model to unseen data. However, the accuracy of validation is high, growing at the rates of 0.8879 to 0.9152, 

which indicates that although the model overfits, it is still suitable in the validation dataset. 

The model ConvNeXt-Small shows a more consistent training and testing process. Its training loss has improved greatly in terms of devi-

ation during the training codes, with the reduction of 0.3476 to 0.0061 per 10 epochs. Surprisingly, there is no significant change in the 

validation loss, and it is largely confined within an arguably acceptable range of 0.2240 and 0.2942. In this model, the significant factor is 

the fact that the accuracy concerning validation is steadily increasing, going up to 0.8833 in the first epoch and jumping to an incredible 

0.9273 in the last epoch. These outcomes indicate that ConvNeXt-Small, in addition to learning as quickly as possible learning with the 

training information, is also performing effectively externally on unseen validation information. This model is not overfitting much because 

the validation accuracy is high and, thus, there is an optimal balance between complexity and performance. 

Secondly, the ConvNeXt-Base model has a great training ability, and the training loss reduces to 0.3175 in the initial epoch and to an 

insignificant 0.0019 during the final one. Nevertheless, the pattern of validation loss increases; the beginning of training is 0.2278, and it 

reaches 0.3899 at the end. The degree of validation, in turn, retains a steady increase from 0.8985 to 0.9182. Such divergence between a 

rising validation loss and a constant validation accuracy can be explained by the fact that the accuracy of the model on most of the examples 

remained high in terms of overall accuracy, whereas the model is more certain about its predictions when it comes to the training data. 

Similar to its small counterparts, ConvNeXt-Base demonstrates overfitting tendencies, yet reaches high validation accuracy, indicating that 

it is a good model to use in moderately complex classification problems. 

The ConvNeXt-Large model further continues this trend of increasing model capacity, leading to higher susceptibility to overfitting. Its 

training loss drops from 0.2958 to a remarkably low 0.0007, indicating very efficient learning on the training data. The validation loss, 

however, is less encouraging: starting at 0.2734, it goes up to 0.3924 over the course of training. On the other hand, validation accuracy 

for the network increases from 0.8364 to 0.9076 over the epochs, but doesn't peak as high as ConvNeXt-Small or Base. This large gap 

between training and validation metrics indicates that this model may be too complex for the dataset size, and would benefit from regular-

ization techniques or a larger dataset so it can better exploit its capacity. 
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Among all the independent models, ConvNeXt-XLarge is the most volatile in its training and validation results. Its training loss decreases 

from 0.4250 to 0.0162, but the validation loss fluctuates greatly, peaking at 0.5439 in the third epoch before ultimately converging to 

0.3613. Similarly, the validation accuracy also shows a fluctuating trend and finally converges to 0.9000. This clearly indicates that though 

the model is perfectly capable of learning, it has glitches as far as generalization is concerned. This unsteadiness might be because the 

number of parameters in the model is too large compared to the total number of images in the training set, leading to overfitting and 

consequent poor performance on the validation set. Limitations in individual models motivate the research to study ensembles of models. 

The first ensemble considers combining ConvNeXt-Tiny, Small, and Base. This ensemble highlights excellent performance, wherein its 

training accuracy grows from 0.8500 in the first epoch to almost perfect 0.9985 in the tenth. Its validation accuracy also ranges from very 

good to excellent, between 0.8818 and 0.9242. Though there is some fluctuation during the last epochs, the overall performance of this 

ensemble on the validation set remains high. This implies that through a judicious combination of different capacity models, the ensemble 

is at an advantage to demonstrate improved generalization than any of the individual models comprising it, since it enjoys the benefits of 

each of the models it ensembles while curbing their respective disadvantages. 

The second ensemble is the combination of models ConvNeXt-Small and EfficientNet-B3. The EfficientNet architecture is recognized for 

compound scaling, along with efficiency regarding parameters, so the decision to combine it with ConvNeXt-Small was very deliberate. 

In this configuration, training loss drops from 0.6195 to 0.0093, hence reflecting a very good learning process. Validation loss is a little 

stable, standing at 0.3830 in the end. The validation accuracy varies from 0.8682 to 0.8864. While respectable, these values did not out-

perform either the previous ensemble or the single model ConvNeXt-Small. That would suggest that this combination is indeed good, but 

perhaps not as synergistic as the trio of the ConvNeXt models. Comparing these models across, ConvNeXt-Small comes off as one of the 

more robust models. It provides excellent training and validation accuracy, with minimum overfitting and consistent performance across 

epochs. This model seems to provide the best trade-off between complexity and generalization. While larger models like ConvNeXt-Large 

and XLarge provided high training accuracy, their validation metrics indicated they might not be ideally suited for the size of the dataset 

used for this evaluation. Instead, they might perform better on much larger datasets, where their parameter count could be fully utilized 

without overfitting. 

Ensemble models, as expected, outperform individual models in terms of validation accuracy, demonstrating the power of combining 

diverse models. The ensemble of ConvNeXt-Tiny, Small, and Base achieves one of the highest validation accuracies at 92.42%, a result 

that is difficult for any individual model to match. This gelds the established theory of machine learning that ensembles have the effect of 

reducing generalization error through an average of the idiosyncratic errors of the individual models. There are certain obstacles despite 

their success. Many of the models are subject to overfitting, especially the bigger ones. These problems might be reduced by regularization: 

by dropout, by batch normalization, and by early stopping. Furthermore, by enlarging the size of the dataset or using data augmentation 

techniques, such as rotation, scaling, and color jittering, the overall performance of the generalization of all models might be significantly 

enhanced; however, particularly of larger ones. 

Finally, the ConvNeXt family of architectures can be discussed as an effective and versatile tool in image classification. Though all the 

variants are stronger in something, ConvNeXt-Small can also be considered efficient and stable. The bigger models indicate overfitting, 

implying they will work well in complex or larger issues. The problem of ensemble learning is an area of significant improvement, which 

means that an efficient direction should be further researched. These findings discuss the significance of modeling with dataset features 

and the possibility of ensemble methods defeating the weaknesses of individual models. Whenever tuned and scaled well, the ConvNeXt 

models and their ensembles will make brilliantly effective subcomponents of deep learning pipelines used to recognize images and to 

complete similar tasks. As shown in Table 1, the ConvNeXt-Tiny model delivers 92 percent accuracy. This is an impressive number 

because this is the smallest model within the ConvNeXt family. The Tiny version is efficient in CPU computation and tends to be used in 

low-resource settings where the model size and latency are important. Surpassing 92 percent accuracy is indicative of the fact that even 

with a lower number of parameters and a simple architecture, ConvNeXt-Tiny can be trained on more complex patterns. This finding 

reflects on how robust the ConvNeXt architecture is even at low resolutions and indicates that ConvNeXt-Tiny can be adopted as an 

alternative where real-time and low-compute capabilities are needed. 

On the higher end of the scale, the performance of the ConvNeXt-Small model exceeds that of the Tiny model by a slight accuracy rate of 

93%. This is the most accurate out of all the ConvNeXt models within the table on individual models. The Small variant is a balanced 

architecture with a larger capacity than the Tiny model and, by comparison, still rather lightweight when opposed to Base, Large, or XLarge 

models. The fact that the addition of depth and complexity to ConvNeXt-Small achieved a marginal improvement (92% to 93%) is evidence 

of the increased capacity to extract more peculiarities of the data. The model is also likely to be sensitive to more representational power 

with little to no issue of overfitting, and can be a very desirable option when wanting an operation to have an adequate tradeoff between 

accuracy and computational expense. The ConvNeXt-Base is a model a little bit larger than the Small one, with the accuracy of 92 percent, 

the same as the Tiny model, and a little less than the Small one. This result is rather shocking as Base must have more advantages over its 

smaller competitors because of the higher capacity. The similar performance, however, signals reaching a point of diminishing returns as 

we simply add more layers or parameters to the model; it does not necessarily mean higher accuracy, especially when the model starts to 

overfit, or when the given task does not require as many parameters as the proposed model. This outcome reiterates one of the cardinal 

rules in machine learning, that is, model complexity should be equated to data complexity and volume, to attain the optimal performance. 

Then the model of ConvNeXt-Large (ConvNeXt-L) scores an accuracy of 91% which is a bit less than the ones before. The decrease in 

the accuracy, however, indicates that overfitting might be in action, even though the number of features is twice as many as that of Tiny, 

Small, and Base, and they are very simple. The performance of the Large model might as well be limited by the insufficiency constraints 

of the dataset size or diversity, which might not offer enough information to help the model exploit its full potential. Moreover, the large 

training of the models needs a highly complicated hyperparameter fine-tuning process to regulate the regularization method to ensure the 

generalization performance. In the absence of such tuning,  the model could perform splendidly with the training data yet fail to generalise 

to unknown data, resulting in lower accuracy on test or validation data. The ConvNeXt-XLarge model has the second lowest accuracy of 

90% which is registered in the table. This performance trend reinforces the observation that scaling up model size beyond a certain point 

can lead to diminishing or even negative returns in terms of classification accuracy. ConvNeXt-XLarge likely has tens or hundreds of 

millions of parameters, making it extremely powerful in theory, but this potential can only be harnessed with extensive training data and 

advanced regularization. If these conditions are not met, the model may suffer from severe overfitting or unstable training dynamics that 

would justify the relatively low accuracy. Thus, while ConvNeXt-XLarge might excel in large-scale industrial or research settings where 

massive datasets are readily available, it may not be the best choice for typical classification tasks dealing with smaller or medium-sized 

datasets. 

The table also includes results from ensemble learning strategies. The first ensemble combines ConvNeXt-Tiny, Small, and Base, and 

achieves an accuracy of 91%. Interestingly, this is slightly lower than the accuracy of the ConvNeXt-Small model alone. This result may 
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seem counterintuitive because ensemble learning is generally expected to enhance model performance by aggregating the strengths of 

multiple models. However, ensemble performance depends heavily on the diversity and complementary nature of the models being com-

bined. If the models are too similar in their predictions or suffer from shared biases, the ensemble might not provide significant improve-

ments.  

Moreover, when ensemble techniques such as majority voting or simple averaging are applied without adequate weighting or calibration, 

they can actually deweight the contribution of the most accurate model, dropping the overall accuracy of the ensemble a bit. 

The second ensemble model of the table is the combination of ConvNeXt-Small with EfficientNet-B3, with the accuracy being noticeably 

lower 87% than the rest of the configurations. EfficientNet-B3 is the model that has demonstrated its effectiveness in terms of image 

classification and can also be regarded as a potent model. But its architecture philosophy is quite different from ConvNeXt. Whereas 

ConvNeXt is more of an information CNN with transformer know-how, EfficientNet offers to optimize depth, width, and resolution with 

the concept of compound scaling. This, of course, makes it possible to combine the two dissimilar architectures, but in the absence of 

proper fusion methods, this can result in suboptimal performance. Variation in the pattern of feature extraction, confidence calibration, and 

response to noise in data may lead to disparate predictions that decrease the strength of the ensembling. This poor accuracy suggests that 

naive combination methods are not always successful, especially where the component models have substantially divergent behaviors or 

feature representations. 

Analysis of ConvNeXt-Small + EfficientNet-B3 Ensemble Underperformance and Alternative Fusion Strategies 

The suboptimal performance of the ConvNeXt-Small + EfficientNet-B3 ensemble is due mostly to architectural heterogeneity and insuffi-

cient calibration between these two models. ConvNeXt utilizes a pure convolutional design, modernized for hierarchical feature extraction 

with large kernel depthwise convolutions. On the other hand, EfficientNet makes use of compound scaling of depth, width, and resolution, 

optimized through neural architecture search. Such very different feature representations and activation dynamics thus result in non-com-

plementary prediction patterns, and the ensemble's majority-voting approach dilutes the confidence of the stronger base model. Moreover, 

without any probability calibration, such as temperature scaling or Platt scaling, inconsistent confidence distributions might have emerged, 

which simple averaging could not resolve. 

This limitation may be overcome by more refined ensemble strategies. Weighted averaging, for instance, assigns greater weights to more 

reliable models like the ConvNeXt-Small and better balances their contributions. Alternatively, stacking ensembles using a meta-learner 

learn optimal combinations of prediction outputs, or architecture-specific fusion methods such as feature-level concatenation, attention-

based fusion, or late-fusion networks could exploit the complementary aspects of heterogeneous architectures. Other perspectives are ex-

ploring cross-validation-based weighting or Bayesian model averaging that could lead to more robust improvements by dynamically ad-

justing the weights across different architectures during validation. These techniques would enable more synergistic interactions among 

diverse architectures for maximized diagnostic accuracy while minimizing redundancy. 

Considerations of this table also bring out the underlying trade-offs concerning the processes of the model size, accuracy, and the distribu-

tion of the computational efficiency. Variants like ConvNeXt-Tiny and Small are smaller but have very high performance with low com-

putational costs and memory demands. They can easily be deployed on edge machines or mobile. On the other hand, ConvNeXt-L and 

XLarge have greater theoretical power but fail to demonstrate that advantage in accuracy on the present experimental regime. The high 

resources required by these models and the propensity to overfitting require large-scale datasets and diligent regularization to train the 

models. 

Furthermore, the results of the ensemble confirm that adding models does not necessarily lead to better accuracy. The list of factors affecting 

ensemble effectiveness includes the diversity of provided models, the aggregation method, and the strengths of component models in 

relation to each other. In this case, the ensemble of ConvNeXt-Small + EfficientNet-B3 performed worse compared to a single model of 

ConvNeXt-Small and even worse than the performance of an individual layer. That means ensemble construction should be done with 

much care regarding the compatibility, calibration, and validation of models concerning different sets of data. In sum, the accuracy table 

depicts some useful information on the performance landscape of individual models, ConvNeXt architectures, and ensembles. By looking 

at accuracy and efficiency, the ConvNeXt-Small model was the most successful individual model. Another fact is that the over-the-top 

complexities only help point out that overfitting masks as performance, even under more complex versions such as ConvNeXt-Large and 

XLarge. The results are mixed for ensemble models, outlining the need to be strategic in model selection and aggregation. On the whole, 

this discussion indicates that the most complex model is not the best, and there is a need to employ the model that works very well with 

the scale of the problem, data distribution, and the resources available. These are some observations that still need to be kept while deep 

learning develops, so as to ensure that the models developed are not only effective but practical and efficient in real-life scenarios. 

 
Table 3: Classification Report 

  Precision Recall F1-score Support 

ConvNeXt-Tiny 
Benign 0.92 0.92 0.92 360 

Malignant 0.90 0.91 0.91 300 

ConvNeXt-Small 
Benign 0.94 0.93 0.93 360 
Malignant 0.91 0.93 0.92 300 

ConvNeXt-Base 
Benign 0.94 0.91 0.92 360 

Malignant 0.89 0.93 0.91 300 

ConvNeXt-L 
Benign 0.92 0.91 0.91 360 

Malignant 0.89 0.90 0.90 300 

ConvNeXt-XLarge 
Benign 0.90 0.92 0.91 360 
Malignant 0.90 0.88 0.89 300 

Ensemble model 

ConvNeXt-Tiny + 
ConvNeXt-Small + 

ConvNeXt-Base 

Benign 0.94 0.89 0.92 360 

Malignant 0.88 0.93 0.90 300 

Convnetxt small + ef-
ficeintnet b3 

Benign 0.86 0.90 0.88 360 
Malignant 0.87 0.83 0.85 300 

 

Table 3 provides a comprehensive evaluation of the performance of multiple ConvNeXt deep learning architectures and their ensemble 

variants across two classes: benign and malignant. Starting with the ConvNeXt-Tiny model, it seems to do a commendable job with preci-

sion at 0.92, recall at 0.92, and an F1-score of 0.92 for the benign class. For the malignant class, these values are a bit lower: precision at 

0.90, recall at 0.91, and an F1-score of 0.91. This model seems very well calibrated for both classes, as it only has minor variations between 

the metrics of each, signifying consistent results. Given that this is the smallest in the ConvNeXt family, getting high scores across all 
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metrics signifies that it is very strong at learning discriminative features even with fewer parameters. This makes it particularly valuable 

for use in low-resource settings where computational efficiency is an important consideration. 

The ConvNeXt-Small model demonstrates enhanced performance compared to its predecessor, showing improvements across nearly all 

evaluation metrics. For benign cases, it delivers a precision of 0.94, a recall of 0.93, and an F1-score of 0.93. In the malignancy classifica-

tion, the precision, recall, and F1-score are 0.91, 0.93, and 0.92, respectively. Although the improvements are small, they would amount to 

significant progress regarding the capacity of the model in differentiating both diagnostic groups. This increased memory of the malignant 

cases is especially important in the medical environment, in which the failure to report a malignant tumor has significant clinical implica-

tions. The small variant, therefore, provides an optimal balance between computational efficiency and diagnostic accuracy, demonstrating 

superior generalization capabilities compared to the tiny model. 

The ConvNeXt-Base model follows closely, showing high accuracy with a slight variation in performance. For benign classification, its 

precision is 0.94, recall is 0.91, and f1-score is 0.92. For malignant classification, the precision is 0.89, the recall is 0.93, and the F1-score 

is 0.91. While it shares the same precision for benign cases as the small model, it shows a slight drop in recall for that class. However, it 

compensates for high recall for malignant cases. This suggests that ConvNeXt-Base is more aggressive in identifying potential malignant 

cases, prioritizing recall at the cost of a few more false positives—an acceptable trade-off in clinical diagnostics, where missing a malignant 

case is more dangerous than over-predicting it. 

We find that when using the ConvNeXt-Large (L) model, there is a modest decline in performance. The Precision and recall for benign 

classification are 0.92 and 0.91, respectively, with an f1-score of 0.91, while the malignant cases have a precision of 0.89, a recall of 0.90, 

and an f1-score of 0.90. Although these results are still quite competent, this model failed to outperform its smaller variants. Such a result 

represents a plateau in performance-the increase in the number of parameters is not reflected in higher accuracy. The probable reasons are 

overfitting due to too high model capacity relative to the size of the data or too little regularization during training. 

Considering that it is the largest of all the variants, ConvNeXt-XLarge performs slightly worse than expected. It reports a precision of 0.90 

and a recall of 0.92 for the benign cases, with an F1-score of 0.91. For the malignant cases, precision and recall are 0.90 and 0.88, respec-

tively, giving an F1-score of 0.89. What is particularly of concern, in a medical context, is the reduced recall for the malignant class. Its 

generalization seems poor despite its size, reinforcing the trend that larger models are not necessarily better on datasets that do not warrant 

their complexity. The training of such a large model effectively requires more careful hyperparameter tuning, learning rate scheduling, and 

possibly more advanced regularization strategies. 

One of the most striking comparisons in this report is the ensemble model that merges the outputs of ConvNeXt-Tiny, Small, and Base. 

The ensemble achieves a precision of 0.94, a recall of 0.89, and an F1-score of 0.92 for benign classification, while it scores a precision of 

0.88, a recall of 0.93, and an F1-score of 0.90 for malignant classification. These figures are particularly noteworthy. While the overall 

precision and F1-scores remain high for the ensemble, it boasts the highest recall for malignant cases at 0.93 (shared with ConvNeXt-Small 

and ConvNeXt-Base). This qualifies it to be a high requirement where omission of a malignant case is something to be reduced. The 

decrease in the recall with benign cases indicates moving conservatively over to the side of caution, the same logical method in medical 

diagnoses. On the whole, this ensemble setup comprehensively employs the advantages of other models that lead to a stable classification 

outcome with a well-balanced result. 

Lastly, ConvNeXt-Small and EfficientNet-B3 have a combination that shows no promise, as do other combinations in the report. In order 

to get a benign classification, it has a precision of 0.86, a recall of 0.90, and an F1-score of 0.88. With respect to malignant classification, 

it is 0.87, 0.83, and 0.85 precision, recall, and F1-score, respectively. All these measurements show that the model lacks sensitivity in terms 

of detecting malignant cases, which is the most significant flaw of healthcare applications. This low recall of 0.83 indicates that quite 

possibly a great number of malignant cases will not be detected. The precision and F1-score are also lower in both classes in comparison 

to other models. This performance gap may be the lack of synergy between ConvNeXt and EfficientNet, where they are rooted in highly 

different architectural principles and therefore do not necessarily have complementary predictions when naively combined. 

Concluding based on the classification report, it becomes evident that ConvNeXt-Small is the most powerful and efficient on a single 

model level. It shows the best trade-off in the measures of precision, recall, and F1-measure in the two classes, indicating that it has the 

most appropriate model capacity with the dataset in question. ConvNeXt-Tiny, Small, and Base ensemble is another powerful competitor 

due to its high recall rates in the malignant category, which makes it suitable to use in a safety-critical area, such as the domain of cancer 

diagnosis. Conversely, the ConvNeXt-Large and XLarge models also prove that complexity is not necessarily associated with a superior 

classification. These models could be suitably applied to bigger and more representative data, where their representational capacity could 

be utilized to the full extent. 

As a methodological perspective, the report highlights the importance of selecting models carefully and focusing on the metrics that should 

be used in evaluating the given problem domain. Recall of malignant cases is perhaps most important in the field of healthcare since false 

negativity could end up resulting in missed diagnoses, which would have mortal effects. Although accuracy gives a general idea of how a 

model works, it is inaccurate in imbalanced datasets or when the costs of various forms of misclassification are different. It is thus important 

to consider precision, recall, and F1-score per class. 

Overall, this classification report not only points to the high accuracy of the ConvNeXt backbone but also highlights the essential points 

that need to be taken into consideration when choosing and implementing models in practical settings. ConvNeXt-Small has the most 

standalone performance available, and the Tiny + Small + Base ensemble was able to serve as a safety net, improving recall in malignant 

cases. The poor performance of ConvNeXt-XLarge and the ConvNeXt-Small + EfficientNet-B3 ensemble shows that not everything ben-

efits when it is larger, and suggests that the ensemble strategy should be properly crafted. These results highlight the significance of 

accuracy and recall measures of healthcare tasks and open the prospect of context-activated and more focused development of healthcare 

AI models. 

5. Discussion 

Comparing all models, a clear trend emerges: performance improves with increasing model complexity. However, the marginal gains tend 

to plateau at higher scales. For example, while ConvNeXt-Large and XLarge perform exceptionally well, their gains over ConvNeXt-Base 

may not always justify the resource cost, especially in resource-constrained settings. Ensemble approaches, especially hybrid combinations, 

offer an excellent middle ground by combining the strengths of various models without dramatically increasing computational demand. 

They are especially applicable where one of the models works well on one subset of the data and the other on another subset, thereby 

gaining an element of robustness. Clinically, the models with high true positive rates are vital since the failure to identify the malignancy 



262 International Journal of Basic and Applied Sciences 

 
cases can be life-altering. The less dangerous false positives are also the cause of patient worry and excessive tests. The choice of the model 

or ensemble should thus rely on the operational priorities of the environment in which the operation is deployed. 

Mitigation of Overfitting and Enhancement of Model Interpretability 

The observed overfitting in higher-capacity ConvNeXt variants such as ConvNeXt-Large and XLarge indicates that their representational 

power exceeds the effective capacity required by the dataset. To alleviate this, several advanced techniques in regularization and optimi-

zation can be explored: weight decay and label smoothing for stable learning with reduced variance; stochastic depth and drop path regu-

larization, which randomly turn off layers during training to encourage better generalization without compromising on depth; mixup and 

cutmix data augmentation strategies to increase diversity in training samples and reduce class boundary overfitting; and cosine learning 

rate schedules along with warm restarts to improve convergence stability across epochs. 

Beyond model generalization, there is a need for more interpretability in building clinician trust. Post-hoc visualization using saliency 

techniques like Grad-CAM, LRP, and SHAP explains which regions of a dermoscopic image drive a model's decision. These heatmap-

based explanations provide clinicians with visual evidence that aligns AI predictions with dermatological reasoning, thus increasing trans-

parency and confidence in AI-assisted diagnostics. Inclusion of such interpretability mechanisms, though imperative for purposes of regu-

latory compliance, is also necessary in real-world acceptance for this class of ConvNeXt-based diagnostic systems, acting as reliable 

decision-support tools and not as "black boxes." 

The above discussion of some ConvNeXt variants and ensemble architectures really shows the revolutionary power of deep learning in 

medical diagnostics. Given specific confusion matrices, we have seen how model complexity, architecture design, and ensembling strate-

gies have affected the accuracy of classification, as shown in Figure 1. While deeper models like ConvNeXt-XLarge could be regarded as 

the most promising concerning their best results, the ensemble-based alternatives, and more so those combining EfficientNet and Con-

vNeXt, give good trade-offs that can be used in practice. There is a big chance, with further AI development, that these models can lead to 

a significant change in diagnostics: the inclusion of these models in the process of diagnosis should be very accurate, reduce diagnosis 

time, and improve patient outcomes, which, of course, must be done with consideration of their computational requirements and clinical 

significance. 

Clinical Integration and Real-World Deployment Considerations 

For clinical translation of ConvNeXt-based diagnostic models, focus should shift beyond algorithmic accuracy onto usability, interopera-

bility, and compliance requirements. Intuitive interface design should allow dermatologists to interact with AI outputs in a nonoverwhelm-

ing way while viewing lesion heatmaps, probability scores, and explanations for each prediction without replacing clinical judgment. This 

would be possible if the models were integrated within EHR systems that enable seamless data retrieval, automated documentation, and 

longitudinal tracking of patient skin lesions. However, this has to be in conformance with data protection laws, including but not limited 

to GDPR, HIPAA, and regional health regulations related to AI-assisted medical devices. 

 
ConvNeXt-Tiny ConvNeXt-Small ConvNeXt-Base 

   
   

ConvNeXt-L ConvNeXt-XLarge 
Ensemble model (ConvNeXt-Tiny + Con-

vNeXt-Small + ConvNeXt-Base) 

   

   

Convnetxt small + efficeintnet b3 

 
Fig. 1: Comparisons of All ConvNext Models' Confusion Matrix. 
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In resource-constrained or remote environments, lightweight versions such as ConvNeXt-Tiny or ConvNeXt-Small could be deployed on 

mobile or edge devices to support community health workers and teledermatology services. Furthermore, offline inference with local data 

caching and cloud synchronization when connectivity allows may provide diagnostic capability extension to reach regions where specialist 

access is not possible. Extensive clinical validation and regulatory approval are necessary before real-world adoption. Prospective multi-

center studies with diverse populations and varied imaging devices are required to ensure generalizability with reduced bias. Finally, 

continuing collaboration among clinicians, AI developers, and policymakers will be crucial for ensuring trustworthy, explainable, and 

ethically compliant deployment of these models in real-world dermatology practice. The confusion matrices for each ConvNeXt model 

represent classification strengths and weaknesses across benign and malignant categories. Amongst them, ConvNeXt-Small and Con-

vNeXt-Base had the highest true positive rate for malignant lesions, indicating reliable sensitivity. ConvNeXt-Tiny also did not have highly 

imbalanced predictions, having very few false negatives. Larger variants, such as the ConvNeXt-Large and XLarge models, had a slightly 

higher false-positive rate for benign cases, which could indicate mild overfitting. The ensemble model (Tiny + Small + Base) had the most 

balanced confusion distribution, reducing both false negatives and false positives, which is clinically important in the context of cancer 

screening. 

 
ConvNeXt-Tiny ConvNeXt-Small 

  
  

ConvNeXt-Base ConvNeXt-L 

  
  

ConvNeXt-XLarge 
Ensemble model (ConvNeXt-Tiny + ConvNeXt-Small + ConvNeXt-

Base) 

  
  

ConvNetXt Small + Efficeintnet B3 

 
Fig. 2: Comparisons of All ConvNeXt Models Train, Validation, and Accuracy Graphs 

 

The training and validation accuracy graphs show steady convergence for all ConvNeXt variants within 10 epochs. ConvNeXt-Small 

demonstrated the smoothest learning curve with minimal gap between training and validation accuracy, reflecting strong generalization. 

ConvNeXt-Large and XLarge achieved rapid training accuracy but diverged in validation, confirming overfitting tendencies. The ensemble 

model exhibited consistent validation improvement with minimal fluctuations, suggesting stability and robustness in performance. Figure 

2 shows the results of this research reflect the high potential of the deep learning models with ConvNeXt in the process of automated skin 

cancer diagnosis. ConvNeXt-Small, among the tested architectures, exhibited a relatively agreeable accuracy, generalization quality, and 

computation economy, which is suitable for use in real-life applications in the clinical sphere. Ensemble models also increased robustness 
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and classification stability, especially on borderline cases, thus stating the value of model aggregation in augmenting reliability in making 

diagnoses.  

6. Conclusion 

The present work aims to provide a thorough in-depth analysis of deep learning frameworks based on ConvNeXt to perform a binary lesion 

classification of skin lesions into benign or malignant lesions with the help of dermoscopic images. The ConvNeXt-Small model was found 

to possess the best performance in standalone terms, in that it outperformed in terms of generalization and accuracy of classification, as 

well as preserving computational efficiency. Ensemble models, especially the one achieved with a combination of ConvNeXt-Tiny, Con-

vNeXt-Small, and ConvNeXt-Base also enhanced to have the best performance in diagnosis robustness and partly neutralized the bias 

associated with the individual models. These results indicate incorporating ConvNeXt models into clinical decision support software and 

especially in low dermatological expertise settings. Nevertheless, there is no way that these models will be implemented in real life with 

ease. Problems like the class imbalance, the lack of homogeneity in datasets, overfitting in high-capacity models, and the issue of model 

interpretability still represent the key obstacles. To fill these gaps, it is necessary to find a prolonged cooperation between AI researchers, 

clinicians, and regulatory stakeholders. 
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