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Evaluation of ConvNeXtV?2 Classification Performance Across
Diverse Medical Imaging Domains Compared with Existing Deep
Learning Models
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Abstract

This study compared ConvNeXtV2-B with CNN-based EfficientNetV2-M and Transformer-based ViT-B on the
Kvasir-v2, HAM10000, and ChestXrayl4 datasets. ConvNeXtV2-B achieved the highest average performance across
the major metrics on all three datasets, demonstrating stable performance across diverse image characteristics and label
structures. Confusion matrices, Grad-CAM, class-wise F1 scores, and computational efficiency were also analyzed to
compare misclassification patterns, decision evidence, and computational costs. These results demonstrate that
ConvNeXtV2-B is a competitive modern CNN for various medical image classification tasks.
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Table 1. Comparison of classification performance across
medical image datasets
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