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Abstract: Facial expression recognition (FER) remains a challenging problem in computer vision owing to subtle
inter-class visual differences, substantial intra-class variability, and severe class imbalance in commonly adopted
benchmark datasets. In this study, a statistically rigorous comparative evaluation of two pretrained Convolutional
Neural Network (CNN) architectures, MobileNetV2 and EfficientNet-B0, was conducted using the FER2013 dataset.
To ensure methodological fairness and reproducibility, both architectures were fine-tuned and evaluated under strictly
identical experimental conditions. Model performance was systematically assessed using overall classification
accuracy and macro-averaged precision, recall, and Fl-score to account for class imbalance, complemented by
confusion matrix analysis and multi-class receiver operating characteristic area under the curve (ROC-AUC) evaluation.
Beyond conventional performance reporting, the reliability and robustness of the observed differences were examined
through McNemar’s test and paired bootstrap confidence intervals (CIs). The experimental results demonstrate that
EfficientNet-BO0 consistently outperforms MobileNetV2 across all evaluation criteria. Statistical analysis confirms
that the observed performance gains are significant at the 5% significance level. These findings provide empirically
grounded evidence for informed model selection in FER tasks and highlight the importance of integrating statistical
validation into comparative deep learning studies. The results further suggest that EfficientNet-B0 offers a favorable
balance between recognition accuracy and computational efficiency, making it a compelling candidate for real-world
FER applications, including human—computer interaction, affect-aware systems, and assistive computing environments.

Keywords: Facial expression recognition; FER2013; MobileNetV2; EfficientNet-B0; Deep learning; Statistical
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1 Introduction

Facial expressions constitute one of the most fundamental non-verbal communication channels through which
humans convey emotions, intentions, and underlying psychological states. Automatic facial expression recognition
(FER) has therefore emerged as a critical component of intelligent systems designed for human—computer interaction,
affective computing, behavioural analysis, and clinical decision support. In healthcare and assistive technology
domains, FER enables non-invasive assessment of emotional, cognitive, and neurological conditions, making it
particularly valuable for applications such as mental health monitoring, neurocognitive evaluation, and patient-centred
care systems. Recent advancements in deep learning have significantly reshaped the landscape of computer vision
by enabling models to learn discriminative and hierarchical features directly from raw image data. Among these
techniques, Convolutional Neural Network (CNN) architectures have demonstrated remarkable success across a
wide range of large-scale image recognition tasks, motivating their widespread adoption in FER pipelines. However,
FER poses nct challenges compared to generic object recognition, including subtle inter-class variations among
emotions, high intra-class diversity, facial occlusions, and sensitivity to pose and illumination changes. These
challenges are further exacerbated when training data are limited in resolution, quantity, and annotation quality.
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