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Facial Expression Recognition (FER) is a key 

component of affective computing that enables 

intelligent systems to understand human 

emotions in real-world environments. Despite 

recent advances, FER performance on large-

scale in-the-wild datasets such as AffectNet 

remains challenging due to pose variation, 

illumination changes, occlusion, and annotation 

noise. In this study, a high-capacity 

YOLO11X-CLS architecture is employed for 

FER without using handcrafted modules such 

as facial alignment or landmark extraction. The 

proposed framework achieves 79.50% Top-1 

accuracy on AffectNet-7, outperforming the 

previous state-of-the-art by 10.81%. 

Experimental results demonstrate strong 

robustness against real-world challenges and 

significant improvements across all emotion 

categories. The findings highlight the 

effectiveness of capacity-driven deep 

architectures for large-scale FER tasks.

The proposed Facial Expression 

Recognition (FER) framework is based on the 

YOLO11X-CLS architecture, a high-capacity 

convolutional classification model containing 

28.3 million parameters. Instead, the 

framework performs end-to-end feature 

learning directly from facial images.The model 

was trained and evaluated on the AffectNet-7 

dataset, which contains seven emotion 

categories: Neutral, Happy, Sad, Surprise, Fear, 

Disgust, and Anger. The dataset was 

reorganized into 70% training, 20% validation, 

and 10% testing subsets to ensure balanced 

evaluation.Training was performed using the 

AdamW optimizer with a batch size of 32, an 

initial learning rate of 0.01, and 50 training 

epochs. The high representational capacity and 

enlarged receptive field of YOLO11X-CLS 

enable the model to capture both local facial 

details and global semantic structures, resulting 

in robust performance under pose variation, 

occlusion, illumination changes, and class 

imbalance.

Facial Expression Recognition (FER) 

plays an important role in affective computing 

and intelligent human–computer interaction 

systems. FER applications include healthcare 

monitoring, social robotics, driver assistance 

systems, and intelligent tutoring platforms. 

However, recognizing emotions in 

unconstrained environments remains difficult 

due to variations in lighting, pose, occlusion, 

and facial diversity.AffectNet is one of the 

most challenging FER datasets because it 

contains large-scale real-world facial images 

with significant intra-class variability and inter-

class similarity. Previous FER methods relied 

heavily on attention mechanisms, transformer 

architectures, and landmark-guided 

preprocessing. However, most approaches 

achieved less than 70% accuracy on AffectNet-

7.This study investigates whether increasing 

model capacity alone can improve FER 

performance without requiring handcrafted 

facial analysis modules.

The experimental results demonstrate 

that the proposed YOLO11X-CLS framework 

significantly improves Facial Expression 

Recognition performance on the AffectNet-7 

benchmark. The model achieved 79.50% Top-1 

accuracy and surpassed the strongest previously 

reported method by 10.81%. The deep 

convolutional hierarchy captures both local 

facial micro-patterns and global semantic facial 

structures without relying on handcrafted 

preprocessing modules such as facial alignment 

or landmark-guided attention. The normalized 

confusion matrix confirmed strong 

performance across all emotion categories, 

especially for Happy and Neutral classes, while 

also improving difficult categories such as Fear 

and Disgust. The results indicate that 

architectural depth, expanded receptive fields, 

and representational capacity play a major role 

in improving class separability and robustness 

under pose variation, illumination 

inconsistency, occlusion, and class imbalance 

in large-scale in-the-wild FER datasets.

Fig. 1. Training loss and Top-1 validation accuracy 

over 50 epochs on AffectNet-7
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