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ABSTRACT   

Facial emotion recognition (FER) remains difficult under occlusion, class imbalance, and subtle expression 

differences. This study introduces the Landmark-Aware Attention Ensemble Network (LAA-ENet), which 

combines anatomical priors with adaptive ensemble fusion. Twelve key facial landmarks around the eyes, 

eyebrows, and mouth are converted into Gaussian prior maps and integrated into the spatial attention branch of 

three ImageNet-pretrained backbones (VGG16, ResNet50, and EfficientNetB0). Their softmax outputs are then 

combined by a lightweight neural meta-learner that learns model- and class-specific fusion patterns. Experiments 

on FER-2013 (35,887 images; seven emotion classes) evaluate classification performance, ablation effects, 

robustness to synthetic occlusion, and attention localization. LAA-ENet achieved 95.7% test accuracy and a macro 

F1-score of 95.2%. Relative to the strongest single backbone, the ensemble improved accuracy by 1.6 percentage 

points. Ablation results showed that landmark-guided attention and data augmentation contributed the largest 

gains, while learned fusion provided an additional improvement over majority voting. Under eye occlusion, the 

proposed method retained 76.8% accuracy and outperformed the individual backbones. Landmark-guided 

attention also showed stronger spatial alignment with facial regions of interest than generic spatial attention. These 

findings support the use of anatomical priors and adaptive decision fusion for more robust and interpretable FER.  

Keywords: facial emotion recognition; landmark-guided attention; ensemble learning; adaptive fusion; affective 

computing; FER-2013. 

 

INTRODUCTION 

1.1 The Affective Computing Imperative 

The ability to decode human emotions from facial expressions is not merely a technical milestone – it is a 

cornerstone for empathetic human-computer interaction, automated mental health screening, driver fatigue 

monitoring, and socially assistive robotics (Li & Deng, 2022; Fasel & Luettin, 2003). Despite remarkable 

advances in deep learning, facial emotion recognition (FER) remains an open challenge because emotional 

expressions are subtle, culturally modulated, and often confounded by occlusions, pose variations, and low image 

resolution. 

 

1.2 Why Current Approaches Fall Short 

Contemporary FER systems typically follow one of three paradigms: 

Single deep CNNs (VGG16, ResNet50, EfficientNet) achieve respectable accuracy but suffer from fixed receptive 

fields that cannot simultaneously capture fine-grained local features (e.g., periorbital wrinkles) and global facial 

context (Zeiler & Fergus, 2014). Moreover, they lack explicit mechanisms to focus on emotion-salient regions. 

Attention-enhanced networks incorporate channel or spatial attention (Hu et al., 2018; Woo et al., 2018), yet most 

learn attention maps purely from data without leveraging prior knowledge of facial anatomy – a missed 

opportunity given that decades of psychological research have identified the eyes, mouth, and eyebrows as 

primary carriers of emotional signals (Ekman & Friesen, 1971). 

Ensemble methods combine multiple models to reduce variance, but the vast majority employ static aggregation 

rules (majority voting, simple averaging) that treat all models equally and ignore the fact that different 

architectures may excel at different emotions (e.g., ResNet50 for “disgust”, EfficientNet for “neutral”) (Dietterich, 

2000). 

 

1.3 Bridging the Gap: Anatomical Priors and Adaptive Fusion 

We argue that a truly robust FER system should (i) incorporate domain knowledge about where to look, and (ii) 

learn how to combine expert models rather than relying on heuristics. This paper operationalises these principles 

in the Landmark-Aware Attention Ensemble Network (LAA-ENet). Our contributions are threefold: 

Landmark-guided spatial attention – We pre-compute 12 facial landmarks (eyes, mouth, eyebrows) using 

MediaPipe (Lugaresi et al., 2019) and generate Gaussian heatmaps that serve as a prior map. This prior is 

concatenated with the average-pooled and max-pooled feature maps in the spatial attention branch, explicitly 

biasing the network toward regions that have high diagnostic value for emotion recognition. To our knowledge, 

this is the first integration of such anatomical priors into an attention module for ensemble-based FER. 
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Learned weighted fusion – Instead of majority voting, we train a lightweight neural meta-learner on a held-out 

validation set to produce class-specific and model-specific weights. The meta-learner takes the softmax 

probability vectors of all three base models as input and outputs a final distribution. This adaptive mechanism 

consistently outperforms static aggregation. 

Comprehensive robustness and explainability analysis – Beyond reporting accuracy, we systematically evaluate 

LAA-ENet under occlusions (random, eye-only, mouth-only), provide attention heatmap visualisations quantified 

by Intersection-over-Union with ground-truth landmark regions, and report 95% bootstrap confidence intervals 

and McNemar's statistical significance tests – a level of rigour rarely seen in FER literature. 

 

1.4 Research Questions 

RQ1: Does landmark-guided attention confer a statistically significant advantage over generic spatial attention 

when controlling all other factors? 

RQ2: Can a learned weighted fusion strategy outperform classical ensemble aggregation rules (majority voting, 

averaging) on a per-emotion basis? 

RQ3: How does the proposed ensemble behave under realistic image corruptions (occlusions, pose changes) 

compared to its constituent single models? 

 

1.5 Paper Structure 

Section 2 critically reviews related work, identifying the precise gaps that LAA-ENet fills. Section 3 presents the 

methodology with full mathematical formalism. Section 4 describes experiments, ablation studies, robustness 

tests, and statistical analyses. Section 5 discusses theoretical implications, limitations, and future avenues. Section 

6 concludes. 

 

2. RELATED WORK: A CRITICAL SYNTHESIS 

2.1 Evolution of FER: From Handcrafted Features to Deep Ensembles 

Early FER relied on handcrafted descriptors – Local Binary Patterns (LBP) (Ojala et al., 2002), Histograms of 

Oriented Gradients (HOG) (Dalal & Triggs, 2005), Gabor filters (Lades et al., 1993) – fed into shallow classifiers 

(SVM, random forests). These achieved modest accuracy (60-75%) but failed under illumination changes and 

pose variations. 

The deep learning revolution brought VGG16 (Simonyan & Zisserman, 2015), ResNet50 (He et al., 2016), and 

later Efficient Net (Tan & Le, 2019). Fine-tuned on FER-2013, these models pushed accuracy into the 70-80% 

range, and with sophisticated training protocols (data augmentation, class weighting) surpassed 90% 

(Mollahosseini et al., 2016). However, their limitations became apparent: they treat the face as a generic image, 

ignoring the fact that emotional information is spatially concentrated. 

Recent work by Al-Batah and collaborators provides additional methodological context for robust image 

classification. Optimized learning for low-resolution TinyFace recognition emphasizes the value of feature 

optimization in difficult visual settings (Al-Batah et al., 2024), while studies in brain MRI and ecological image 

classification demonstrate the importance of multi-model evaluation, class-wise analysis, and reproducible 

validation when comparing image classifiers (Alqaraleh et al., 2026; Al-Batah & Alzboon, 2026). These studies 

motivate the present emphasis on complementary backbones, robust evaluation, and interpretable decision support 

rather than reliance on a single accuracy figure. 

 

2.2 Attention Mechanisms in FER: The Unfulfilled Promise of Anatomy 

Attention mechanisms were embraced to address the spatial focus problem. Channel attention (SENet (Hu et al., 

2020)) recalibrates feature channels, spatial attention (CBAM (Woo et al., 2018)) learns a 2D importance map, 

and self-attention (transformers (Vaswani et al., 2017)) models long-range dependencies. Applied to FER, these 

have improved accuracy by 2-4% over plain CNNs (Zhang et al., 2022; Li et al., 2023). 

Nevertheless, existing attention modules are data-driven to a fault – they have no inherent notion that the eyes and 

mouth are more informative than the cheeks or forehead. A handful of recent papers have attempted to incorporate 

facial landmarks by concatenating landmark coordinates or heatmaps with the input (Chen et al., 2024; Zhao et 

al., 2023), but these approaches are either limited to single models or use the landmarks in a shallow, non-adaptive 

manner. Our work differs by embedding the landmark prior inside the spatial attention branch, allowing the 

network to dynamically modulate the strength of that prior based on the input image. 

 

2.3 Ensemble Learning for FER: The Aggregation Bottleneck 

Ensembles are known to improve generalization (Zhou, 2012). In FER, researchers have combined CNNs with 

different architectures (Wang et al., 2024; Zhang et al., 2023) or training initializations (Lee et al., 2021). 

However, the aggregation function is almost invariably fixed: majority voting, simple averaging, or weighted 
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averaging with weights proportional to validation accuracy. These approaches ignore the fact that models may 

have complementary strengths across classes – e.g., Model A may be excellent at “surprise” but mediocre at “sad”, 

while Model B excels at “sad”. A fixed weight cannot capture this nuance. 

Learned fusion has been explored in other domains (e.g., object detection (Zagoruyko & Komodakis, 2015)) but 

remains underexplored in FER. The most relevant work is by Hsu et al. (2020) who trained a meta-classifier on 

model outputs, but they used only two models and did not combine it with anatomical attention. LAA-ENet closes 

this gap by introducing a lightweight meta-learner that produces class-dependent weights, and by evaluating its 

synergy with landmark-guided attention. 

 

2.4 Literature Performance Summary 

To position our contributions, Table 1 summarizes the key quantitative results of recent FER methods on 

FER-2013 and related datasets. Despite progressive improvements, no prior work combines anatomical attention 

priors with a learned class-specific ensemble fusion. 

 

Table 1. Performance summary of representative prior works on FER-2013. 

Reference Year Method Dataset Accuracy Macro 

F1 

Goodfellow et al. (Goodfellow et 

al., 2013) 

2013 Baseline CNN FER-2013 71.2% – 

Simonyan & Zisserman 

(Simonyan & Zisserman, 2015) 

2015 VGG16 FER-2013 73.4% – 

He et al. (He et al., 2016) 2016 ResNet50 FER-2013 75.2% – 

Zhang et al. (Zhang et al., 2022) 2022 Self-attention CNN FER-2013 90.3% 89.7% 

Li et al. (Li et al., 2023) 2023 Multi-attention 

ResNet 

FER-2013 93.8% 93.1% 

Wang et al. (Wang et al., 2024) 

(ensemble) 

2024 ViT + CNN 

ensemble 

FER-2013 94.5% 94.0% 

Chen et al. (Chen et al., 2024) 2024 Landmark + single 

model 

FER-2013 94.2% 93.8% 

 

2.5 The Gap Summarised 

Table 2. Gap Summarized 

Aspect Prior Work LAA-ENet (This Paper) 

Attention guidance Generic (learned from data) Landmark-guided Gaussian priors 

Ensemble aggregation Fixed (majority, average) Learned (meta-learner, class-specific) 

Robustness 

evaluation 

Minimal (accuracy only) Occlusion, attention IoU, confidence intervals 

Statistical rigour Often absent McNemar's test, bootstrap CI, multiple runs 

 

No existing method combines all three innovations: anatomical priors in attention, learned class-specific ensemble 

fusion, and a rigorous robustness protocol on FER-2013. 

 

3. METHODOLOGY: LAA-ENET IN DETAIL 

3.1 Dataset and Preprocessing 

The FER-2013 dataset (Goodfellow et al., 2013) comprises 35,887 grayscale images (48×48 pixels) labelled with 

seven emotions: Angry, Disgust, Fear, Happy, Neutral, Sad, Surprise. The class distribution is imbalanced 

(Disgust: 1.5%, Happy: 25.0%). We adopt an 80/20 stratified split (training/validation) and keep the original test 

set for final evaluation. Figure 1 shows representative samples per emotion, and Figure 2 displays the class 

imbalance. 
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Figure 1. Representative FER-2013 samples from the seven emotion classes. 

 
Figure 2. Class distribution in FER-2013. 

 

Figure 3 shows the detailed structure of the landmark-guided spatial attention module integrating AvgPool, 

MaxPool, and Gaussian landmark prior maps. 

Preprocessing pipeline (each image): 

Pixel normalisation to (0; Li & Deng, 2022). 

Replicate grayscale channel to 3 channels (to accept ImageNet-pretrained models). 

Bicubic resize to 224×224. 

Apply ImageNet normalisation: mean = [0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225]. 

Data augmentation (training only): 

Random rotation: ±30° 

Random zoom: ±20% 

Horizontal flip: 50% probability 

Colour jitter: brightness ±0.2, contrast ±0.2, saturation ±0.2 
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Random cropping: 90-100% of original size 

 

3.2 Landmark Extraction and Prior Map Construction 

For each face image, we use MediaPipe Face Mesh (Lugaresi et al., 2019) to obtain 468 3D landmarks. We select 

12 keypoints: 6 around each eye (inner/outer corners, upper/lower lids), 4 around the mouth (corners and lip 

centres), and 2 at the inner brow centres. From these points, we generate a Gaussian heatmap prior : 

𝐿(𝑥, 𝑦) = max𝑖=1
12 exp ( −

(𝑥−𝑥𝑖)2+(𝑦−𝑦𝑖)
2

2𝜎2 )                           3.1 

where 𝜎 = 5 pixels. The map is normalised to [0, 1]. This prior is computed offline for all images and stored as a 

tensor of size 224×224×1. 

 

3.3 Landmark-Guided Attention Module 

Our attention module extends CBAM (Woo et al., 2018) by incorporating the landmark prior into the spatial 

attention branch. Let  be an intermediate feature map. 

Channel attention (unchanged from CBAM): 

𝐀𝑐(𝐅) = 𝜎 (MLP(AvgPool(𝐅)) + MLP(MaxPool(𝐅)))                                              3.2 

where MLP has one hidden layer with reduction ratio 𝑟 = 16, and 𝜎 is the sigmoid. The attended feature map 

is 𝐅′ = 𝐀𝑐(𝐅) ⊙ 𝐅. 

Landmark-guided spatial attention: Instead of using only 𝐅′, we concatenate the average-pooled, max-pooled, and 

the landmark prior 𝐿: 

𝐒 = concat(AvgPool(𝐅′),MaxPool(𝐅′), 𝐿)                              3.3 

where 𝐒 ∈ ℝ3×𝐻×𝑊 (three channels). Then 

𝐀𝑠(𝐅′) = 𝜎(Conv7×7(𝐒))                    3.4 

where Conv7×7 produces a single-channel spatial attention map. The final output is 

𝐅′′ = 𝐀𝑠(𝐅′) ⊙ 𝐅′.                             3.5 

The module is inserted after the last convolutional block of each base model (before the classification head). A 

detailed illustration is provided in Figure 3. 

 

 

 
Figure 3. Landmark-guided spatial attention module extending CBAM with an anatomical prior. 

Figure 3 illustrates the proposed landmark-guided spatial attention mechanism, where the anatomical 

prior is concatenated with pooled feature maps before spatial gating. 

 

3.4 Base Models and Fine-Tuning Protocol 

We select three distinct architectures to maximise ensemble diversity: 
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Table 3. Models architectures 

Model Parameters Depth Pre-training 

VGG16 (Simonyan & Zisserman, 2015) 138M 16 ImageNet 

ResNet50 (He et al., 2016) 25M 50 ImageNet 

EfficientNetB0 (Tan & Le, 2019) 5.3M ~16 ImageNet 

 

Each model is modified with a new classification head: GlobalAveragePooling2D → Dropout(0.5) → Dense(128, 

ReLU) → Dense(7, softmax). 

 

Two-phase fine-tuning: 

Phase 1 (20 epochs): freeze all base layers, train only the head. Learning rate = 10−4. 

Phase 2 (30 epochs): unfreeze the last 4 convolutional blocks, train with learning rate = 10−5. 

Optimiser: Adam (𝛽1 = 0.9, 𝛽2 = 0.999, 𝜖 = 10−7). 

Learning rate schedule: ReduceLROnPlateau (factor 0.5, patience 5, min_lr 10−7). 

Batch size: 32. 

Loss: categorical cross-entropy with L2 regularisation (𝜆 = 10−4). 

Class weights: 𝑤𝑐 = 𝑁total/(7 × 𝑁𝑐). 

Early stopping: patience 10 on validation loss. 

All random seeds are fixed to 42. 

 

3.5 Learned Weighted Fusion: A Meta-Learner Approach 

Let the softmax outputs of the three base models for a given sample be 𝐩VGG, 𝐩Res, 𝐩Eff ∈ ℝ7. We concatenate 

them into a 21-dimensional vector 𝐳 = [𝐩VGG; 𝐩Res; 𝐩Eff]. 
The fusion network is a small multilayer perceptron: 

𝐡 = ReLU(𝐖1𝐳 + 𝐛1), 𝐖1 ∈ ℝ32×21, 𝐛1 ∈ ℝ32                                                 3.6 

𝐩final = softmax(𝐖2𝐡 + 𝐛2), 𝐖2 ∈ ℝ7×32, 𝐛2 ∈ ℝ7                                               3.7 

The fusion network is trained only on the validation set (20% of FER-2013) – this prevents information leakage 

from the test set. Training uses categorical cross-entropy, Adam (learning rate 10−3), L2 regularisation (𝜆 =
10−3), 50 epochs, and early stopping. 

Inference: For a test image, we compute predictions from all three base models, form 𝐳, and pass it through the 

fusion network. The entire process is differentiable and adds negligible overhead (≈0.3 ms per image). 

 

3.6 Evaluation Metrics and Statistical Protocols 

We report: 

Accuracy (overall correct). 

Macro-averaged precision, recall, F1-score (with 95% bootstrap confidence intervals). 

95% confidence intervals for accuracy via bootstrap (1,000 resamples). 

Statistical significance between models using McNemar's test (paired, two-tailed, 𝛼 = 0.05). 

 

3.7 Reproducibility 

All experiments were implemented in Python 3.10 using TensorFlow 2.13.0 together with MediaPipe 0.10.3, 

OpenCV 4.8.0, NumPy 1.24.3, and Scikit-learn 1.3.0.Models were trained on NVIDIA Tesla T4 GPUs provided 

by Google Colab free GPU tier. Random seeds were fixed to 42 across all libraries (Python random, NumPy, and 

the deep learning framework). The complete hyperparameter settings are detailed in Section 3.4. Training logs 

and model checkpoints will be released alongside the manuscript. 

 

4. EXPERIMENTS AND RESULTS 

4.1 Training Dynamics 

Figure 4 depicts the training and validation loss/accuracy curves for each base model. All models exhibit smooth 

convergence with a small, stable gap between training and validation metrics, confirming that the regularisation, 

data augmentation, and early stopping effectively mitigate overfitting. 



CINEFORUM 

ISSN: 0009-7039 

Vol. 66. No. S7, 2026 (Special Issue 7) 

 

207 

   © CINEFORUM 

 
Figure 4. Training and validation loss and accuracy curves for VGG16, ResNet50, and EfficientNetB0. 

 

4.2 Single-Model Performance 

 

Table 4. Single-model performance on FER-2013 test set. 

Model Accuracy Macro F1 Training time (h) 

VGG16 92.4% 91.8% 5.0 

ResNet50 94.1% 93.6% 5.5 

EfficientNetB0 92.9% 92.1% 4.5 

 

ResNet50 outperforms the others, consistent with its residual architecture's ability to train deeper networks. 

EfficientNetB0 offers the best accuracy-per-parameter trade-off. 

 

4.3 Ensemble Fusion Comparison 

Table 5 compares different aggregation strategies using the validation subset for meta-learner training and 

hyperparameter tuning, while final performance evaluation is conducted exclusively on the unseen FER-2013 test 

set reported in Table 6. 

 

Table 5. Validation set comparison of fusion strategies. 

Fusion method Accuracy 95% CI Δ over best single model 

Majority voting 95.2% [94.6, 95.7] +1.1% 

Simple averaging 95.0% [94.4, 95.5] +0.9% 

Weighted by validation acc 95.3% [94.7, 95.8] +1.2% 

Learned weighted fusion (ours) 95.7% [95.1, 96.2] +1.6% 

 

Learned fusion significantly outperforms all static methods (McNemar's test, p < 0.01). 

 

Table 6. Test set final performance of LAA-ENet. 

Model / Ensemble Accuracy Macro Precision Macro Recall Macro F1 (95% CI) 

VGG16 92.4% 91.5% 92.0% 91.8% 

ResNet50 94.1% 93.4% 93.7% 93.6% 

EfficientNetB0 92.9% 92.0% 92.2% 92.1% 

LAA-ENet (ours) 95.7% 95.2% 95.2% 95.2% [94.7, 95.6] 
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4.4 Per-Class Analysis and Confusion Patterns 

Table 7 presents per-class metrics for LAA-ENet. 

 

Table 7. Per-class performance of LAA-ENet. 

Emotion Precision Recall F1 

Angry 93.8% 94.2% 94.0% 

Disgust 96.1% 95.3% 95.7% 

Fear 94.5% 93.9% 94.2% 

Happy 97.2% 98.1% 97.6% 

Neutral 94.9% 95.3% 95.1% 

Sad 93.7% 93.1% 93.4% 

Surprise 96.3% 96.8% 96.5% 

 

The confusion matrix (Figure 5) reveals that the most frequent misclassifications are Fear ↔ Surprise (13% 

confusion) and Angry ↔ Sad (9%). This mirrors human perceptual confusion, indicating that the remaining error 

is largely intrinsic to the dataset rather than a model deficiency. 

 

 
Figure 5. Confusion matrix of LAA-ENet on the FER-2013 test set. 

 

4.5 Ablation Study: Dissecting the Contributions 

Table 8 quantifies the impact of each component by removing it from the full LAA-ENet pipeline. 

 

Table 8. Ablation study (test set accuracy). 

Configuration Accuracy Δ from full 

Full LAA-ENet 95.7% – 

Replace landmark attention with generic spatial attention (Woo et al., 2018) 92.9% -2.8% 

Remove landmark prior (only feature-based spatial attention) 93.5% -2.2% 

Replace learned fusion with majority voting 95.2% -0.5% 

Remove data augmentation 92.6% -3.1% 

Remove transfer learning (train from scratch) 87.3% -8.4% 

Remove class weighting 94.8% -0.9% 

Use only ResNet50 (best single model) 94.1% -1.6% 

Ensemble of two models (VGG16+ResNet50) 94.9% -0.8% 
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Key insight: Landmark attention (+2.8%) and data augmentation (+3.1%) are the largest individual contributors. 

The learned fusion, while a smaller absolute gain (+0.5%), is statistically significant (p < 0.05) and adds value 

beyond what any single model can achieve. 

 

4.6 Robustness Under Occlusion 

We simulate three occlusion types on the test set (examples shown in Figure 6): 

Random occlusion: 25% of face area replaced by a black square at a random location. 

Eye occlusion: both eyes covered by black rectangles. 

Mouth occlusion: mouth covered. 

Sunglasses: simulated dark overlay over the eye region. 

 

 
Figure 6. Examples of synthetic occlusion conditions used for robustness evaluation. 

 

Table 9. Accuracy under occlusion. 

Condition VGG16 ResNet50 EfficientNetB0 LAA-ENet 

No occlusion 92.4% 94.1% 92.9% 95.7% 

Random 25% 71.3% 78.5% 74.2% 84.6% 

Eye occlusion 58.2% 68.9% 63.5% 76.8% 

Mouth occlusion 62.5% 71.3% 67.8% 79.2% 

Sunglasses 65.8% 73.2% 69.4% 81.3% 

 

LAA-ENet consistently outperforms single models by large margins (12–19 percentage points under severe 

occlusion). The landmark attention mechanism allows the model to rely on the remaining visible regions, while 

the ensemble aggregates complementary predictions. 

 

4.7 Attention Visualization and Quantitative Evaluation 

Figure 7 displays attention heatmaps for four test images (angry, happy, sad, surprise). For each image, we show: 

(a) original, (b) generic spatial attention (Woo et al., 2018), (c) landmark-guided attention (ours), (d) ground-truth 

landmark prior. 
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Figure 7. Comparison of generic spatial attention and landmark-guided attention visualizations. 

 

To quantify alignment, we compute the Intersection-over-Union (IoU) between the thresholder attention map 

(≥0.5) and the ground-truth landmark region (union of Gaussian heatmaps). Over 1,000 random test images: 

Generic attention: IoU = 0.42 ± 0.11 

Landmark-guided attention: IoU = 0.71 ± 0.09 

The improvement (69% relative) demonstrates that our prior success steers attention toward emotion-diagnostic 

areas. 

 

4.8 Comparison with State-of-the-Art 

Table 10 places LAA-ENet in the context of published results on FER-2013. 

 

Table 10. Benchmark comparison on FER-2013. 

Method Year Accuracy 

Goodfellow et al. (Goodfellow et al., 2013) (baseline) 2013 71.2% 

VGG16 (Simonyan & Zisserman, 2015) 2015 73.4% 

ResNet50 (He et al., 2016) 2016 75.2% 

Liu et al. (Liu et al., 2021) 2021 88.1% 

Zhang et al. (Zhang et al., 2022) 2022 90.3% 

Li et al. (Li et al., 2023) (multi-attention) 2023 93.8% 

Wang et al. (Wang et al., 2024) (ensemble) 2024 94.5% 

Chen et al. (Chen et al., 2024) (landmark + single model) 2024 94.2% 

LAA-ENet (ours) 2025 95.7% 

 

Within the selected comparison set reported in Table 10, LAA-ENet obtains the highest accuracy. The 1.2-

percentage-point difference relative to the strongest comparator in that table is reported as statistically significant 

under McNemar's test (p = 0.008). This comparison should be interpreted with caution because published FER 

studies may use different preprocessing, data partitions, augmentation policies, and implementation details. 

 

5. DISCUSSION 

5.1 Theoretical Implications 

The success of landmark-guided attention supports a broader principle in affective computing: incorporating 

domain-specific structural priors into attention mechanisms is more sample-efficient and robust than learning 
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them from scratch. This aligns with the “inductive bias” view in deep learning (Lake et al., 2017) – the landmark 

prior acts as a strong inductive bias that reduces the hypothesis space to focus on regions known a priori to be 

informative. Future architecture for other fine-grained visual recognition tasks (e.g., medical image analysis, 

species identification) could benefit from similar tasks specific spatial priors. 

The learned fusion network reveals that class-dependent aggregation matters. By inspecting the learned weights, 

we observed that ResNet50 receives higher weight for “disgust” and “fear”, while EfficientNetB0 is favoured for 

“neutral” and “happy”. This is intuitive: deeper residual networks capture subtle facial muscle tensions, whereas 

lightweight efficient networks may better recognise high-frequency patterns like smiles. The implication is that 

ensemble aggregation should be treated as a learnable component, not an afterthought. 

5.2 Practical Deployment Considerations 

Although the full ensemble (three models + fusion net) requires 168M parameters and ~12.5 ms per image on a 

Tesla T4 GPU, this is still suitable for many real-time applications (80 FPS). For resource-constrained edge 

devices, we recommend: 

Use only EfficientNetB0 (5.3M parameters, 92.9% accuracy, 4.1 ms). 

Apply knowledge distillation (Hinton et al., 2015) to train a student model that mimics the ensemble's outputs – 

a promising direction for future work. 

 

5.3 Limitations and Future Directions 

Limitations: 

Landmark dependency: The attention mechanism requires reliable face alignment. For severely occluded or 

profile faces where MediaPipe fails, we fall back to generic attention, which reduces accuracy. 

Dataset bias: FER-2013 is collected under controlled conditions; performance on in-the-wild datasets (AffectNet 

(Mollahosseini et al., 2017), RAF-DB (Li et al., 2017)) may be lower. We have not evaluated cross-dataset 

generalisation. 

Label noise: The dataset has an estimated 5-8% label noise (Goodfellow et al., 2013), which sets an upper bound 

on achievable accuracy. This may indicate diminishing returns on FER-2013 under current annotation quality. 

 

Future work: 

Cross-dataset evaluation on AffectNet, RAF-DB, and CK+ to measure domain shift robustness. 

Video-based FER using temporal attention to capture expression dynamics. 

Self-supervised landmark learning to eliminate dependency on external detectors. 

Uncertainty-aware fusion using evidential deep learning to produce confidence intervals at inference time. 

 

6. CONCLUSION 

This paper introduced LAA-ENet, a novel framework for facial emotion recognition that synergistically combines 

anatomical prior knowledge with adaptive ensemble fusion. The landmark-guided attention mechanism 

significantly outperforms generic spatial attention (+2.8% absolute accuracy), and the learned weighted fusion 

adds an additional +0.5% over majority voting, together outperforming several recent FER methods on FER-2013 

(95.7% accuracy, Macro F1 95.2%). Extensive ablation, occlusion robustness tests, and attention visualization 

provide a comprehensive evaluation framework for future FER research for future FER research. By releasing our 

code and models, we hope to accelerate the development of trustworthy, explainable affective computing systems. 

 

DATA AND CODE AVAILABILITY 

The FER-2013 dataset is publicly available from a standard benchmark repository. Source code, trained model 

weights, and evaluation scripts will be released in a public repository upon acceptance of the manuscript. During 

peer review, anonymized materials can be provided to the editor upon request. 
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