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Abstract—Facial expression recognition (FER) remains a
challenging problem in computer vision due to the
temporal and dynamic nature of human emotions. This
paper presents a novel deep learning framework
leveraging Recurrent Neural Networks (RNNs) to
capture sequential dependencies in facial expressions
across video sequences. We propose a hybrid
architecture combining Convolutional Neural Networks
(CNNs) for spatial feature extraction with Long Short-
Term Memory (LSTM) networks for temporal modeling.
Our approach achieves state-of-the-art performance:
96.2% accuracy on CK+,72.4% on FER2013, and 85.7%
on RAF-DB. Temporal modeling improves recognition
accuracy by 4-8 percentage points over static frame-
based methods. Comprehensive ablation studies examine
network depth, sequence length, bidirectionality, and
variants of the Gated Recurrent Unit (GRU). The system
maintains real-time computational efficiency at 45 fps on
the GPU.

Index Terms—Facial Expression Recognition (FER),
Recurrent Neural Network (RNN), Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU),
Convolutional Neural Network (CNN), Deep Learning,
Affective Computing, Spatiotemporal Modeling,
Human-Computer  Interaction (HCI), Transfer
Learning, Bidirectional RNN, Temporal Attention.

I. INTRODUCTION

Facial expressions constitute a fundamental channel of
nonverbal communication, conveying emotional
states through coordinated muscular activity of the
face [1]. Automatic Facial Expression Recognition
(FER) enables critical applications in Human-
Computer Interaction (HCI), affective computing,
psychological assessment, clinical pain evaluation,
and driver drowsiness detection [2]. Traditional
approaches treat FER as static image classification
applied to individual frames [4]. However, authentic
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emotional expressions exhibit temporal dynamics that
static Convolutional Neural Network (CNN) methods
inherently fail to capture [5]. Ekman’s foundational
research [6] establishes that genuine expressions
unfold with distinct onset, apex, and offset phases—
temporal  structure  that provides  essential
discriminative information, particularly between
visually similar classes such as fear and surprise. Long
Short-Term Memory (LSTM) networks [9] and Gated
Recurrent Units (GRUs) [25] address this limitation by
maintaining internal memory states across sequential
inputs, enabling learning of both short-range and long-
range temporal context within an expression sequence.

This paper makes four contributions: (1) A hybrid
CNN-LSTM/GRU architecture for temporal FER with
bidirectional stacking and temporal attention; (2)
Comprehensive experiments on CK+, FER2013, and
RAF-DB with rigorous evaluation protocols; (3)
Detailed ablation studies over RNN depth, hidden
dimensionality, bidirectionality, and sequence length;
(4) Real-time inference analysis demonstrating
suitability for deployment.

II. RELATED WORK

A. Traditional Feature-Based FER

Early FER systems relied on handcrafted descriptors
including Local Binary Patterns (LBP) [12],
Histogram of Oriented Gradients (HOG) [13], and
Gabor wavelets [14], commonly paired with Support
Vector Machine (SVM) classifiers. The Facial Action
Coding System (FACS) [11] provided a principled
anatomy-based taxonomy through Action Units
(AUs). These methods achieved moderate success on
constrained datasets but were brittle under real-world
illumination, pose, and occlusion variation.
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B. CNN-Based Static FER

Deep architectures—VGGNet [16], ResNet [17], and
DenseNet [18]—achieved significant accuracy gains
through hierarchical feature learning. However, they
process frames independently, discarding all temporal
information. Attention mechanisms over spatial
feature maps improved robustness to partial occlusion
[19], but the fundamental limitation of static frame
processing remained unresolved.

C. Temporal Modeling Approaches

Hidden Markov Models (HMMs) captured expression
state transitions but required manual feature
engineering [20]. Three-Dimensional CNNs (3D-
CNNs) process spatiotemporal volumes but impose
cubic  parameter growth [21]. Two-stream
architectures fuse spatial and optical-flow branches
[22]. RNN-based methods have gained prominence:
Jung et al. [23] combined CNNs with LSTMs, while
Fan et al. [24] introduced attention-weighted temporal
contributions. Our work extends these with stacked
bidirectional GRUs, temporal self-attention, and
systematic ablation.

1. METHODOLOGY

A. Problem Formulation

Let V={I, I, ..., I;} denote a video sequence of T
frames, I, € RAN(HxWx3). The goal is to learn ®:
V —vy, where y € {happiness, sadness, anger, fear,
disgust, surprise, neutral}. We decompose @ into a
spatial encoder F_CNN: I; — x; € R"d and a temporal
model F RNN: {xi,....xi} = §.

B. Spatial Feature Extraction

Each frame is first processed by MTCNN [26] for face
detection and 68-point landmark alignment, then
resized to 224x224 and normalized. A ResNet-50 pre-
trained on VGGFace2 serves as the spatial encoder;
the 2048-d Global Average Pooling (GAP) output
forms x.. During training, residual blocks layer3 and
layer4 are fine-tuned while earlier layers remain
frozen balancing expressiveness with regularization.

C. LSTM and GRU Temporal Models
The LSTM [9] mitigates the vanishing gradient via
learnable gates. Given he-1 and x¢:
it = 6o(W[he1, xJ+bY) fi= o(WThe, x(]+bf)
0t = 6(Wo[he1, X +bo) ¢ = tanh(We[he1, X,]+b¢)
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¢ = iQcer +i®OC  h = oOtanh(c,)

The GRU [25] reduces parameters by merging
input/forget gates into a single update gate z:
z=0(W_z[hi-1,x]) 1=c(W_r1[h-1,X(])
h=tanh(W[r.®Ohe1,x.]) h=(1-z)Ohr1+zOh

We stack L=3 bidirectional layers (512
units/direction), yielding h;=[h—; h«—] € R"1024.
Dropout (p =0.4) is applied between layers.

D. Temporal Attention
A self-attention module selectively weights
informative  timesteps (apex frames). Given
H={hy,... h:
oy = softmax(v™-tanh(W_att-h+b_att))
c=2% arh, —» FC(1024—5120—7)—2y

E. Training Strategy & Loss

Training proceeds in two stages: (1) Fine-tune ResNet-
50 for 30 epochs (n=107*); (2) Freeze CNN, train
RNN-+attention for 100 epochs with Adam (B1=0.9,
f2=0.999, n=10% and early stopping
(patience =15). Weighted cross-entropy with L2
regularization:

Z= -3 wi-yilog() + MO (:=0.001)

Class weights are inverse-frequency; label smoothing
€=0.1 reduces overconfidence. Augmentation:
horizontal flip (p=0.5), brightness +20%, Gaussian
noise 6=0.01, random frame drop (p=0.1), and
temporal jitter.

IV. EXPERIMENTAL SETUP

A. Datasets

Three standard benchmarks are used. CK+ [27]
contains 593 video sequences from 123 subjects with
seven FACS-coded expression labels; we apply 10-
fold subject-independent cross-validation. FER2013
[28] provides 35,887 grayscale images (28,709 train /
3,589 val / 3,589 test) gathered from internet sources.
RAF-DB [29] offers 29,672 images with diverse real-
world conditions annotated by multiple coders,
making it the most challenging benchmark.
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Table 1. Dataset characteristics

Dataset Samples | Subjects | Classes | Type
CK+ 593 123 7 Video
FER2013 35,887 — 7 Static
RAF-DB 29,672 — 7 Static

B. Implementation Details

All models are implemented in PyTorch 1.12 on an
NVIDIA RTX3090 (24GB). Batch size=32
sequences; CK + clips sampled at T=25 frames at
25 fps. Inference: 45 fps on GPU, 12 fps on CPU (Intel
Core 19-12900K). McNemar’s test (p < 0.05) assesses
statistical significance.

V. RESULTS AND DISCUSSION

A. Comparison with State-of-the-Art

Table I compares our CNN-GRU (Bi, 3-layer +
Attention) against baselines. On CK+, we achieve
96.2% vs. 92.1% for static ResNet-50 (+4.1 pp). On
FER2013 and RAF-DB we gain + 3.5 pp and +4.4 pp
respectively empirically validating the benefit of
sequence-level temporal reasoning over all three
benchmarks.

Table II. Comparative Performance Analysis

CK+ FER2013 RAF-DB
Method %) %) (%)
LBP + SVM [12] 84.3 58.7 —
HOG + SVM
[13] 86.9 60.4 —
VGG-16 [16] 90.7 66.4 78.9
ResNet-50 [17] 92.1 68.9 81.3
3D-CNN [21] 93.8 70.1 834
Attention-LSTM
[24] 95.1 71.2 84.6
Ours (CNN-
LSTM, Bi) 95.8 71.9 85.1
Ours (CNN-
GRU, Bi) 96.2 72.4 85.7

B. Per-Class Performance on CK+

Table III reports per-class metrics. Happiness achieves
perfect F1=1.000 owing to its bilateral lip-corner
elevation. Neutral scores F1 =0.983. Fear and surprise
yield the lowest scores (0.921, 0.925) due to shared
AU1/AU2/AUS activations (raised inner/outer brows
+ eyelid widening), causing 8.3% inter-class
confusion.
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Table I11. per-class metrics on ck+ dataset

Expression Precision Recall F1-Score
Happiness 1.000 1.000 1.000
Neutral 0.979 0.987 0.983
Sadness 0.967 0.953 0.960
Disgust 0.952 0.941 0.946
Anger 0.941 0.947 0.944
Surprise 0.933 0.917 0.925
Fear 0.917 0.925 0.921

C. Ablation Study

Table IV isolates each component’s contribution.
Bidirectionality adds +2.3% by exposing anti-causal
context from future frames. Depth 1—3 layers yields
+2.4%; performance degrades at 4 layers due to
diminishing returns. The attention module adds +0.8%
over mean-pooling. GRU marginally outperforms
LSTM (96.2% vs. 95.8%) with 12% fewer parameters,
consistent with prior observations on moderate-size
sequence datasets.

Table IV. ablation study results on ck+

A P
Configuration CE;Z)aCy ZE;ZI)HS
CNN only (ResNet-50) 92.1 735
+
o LSTM 93.8 26.2
(1-layer, uni)
NN + LSTM
¢ > : 954 28.9
(3-layer, uni)
+ -
CNN LST.M (3-layer, 05 3 2
Bi)
+ _
CNN GRU (3-layer, 96.0 154
Bi)
Ours: CNN+GRU
2 1
(3L, Bi) +Attn 96 39
CNN + GRU
N 45.
(4-layer, Bi) +Attn 96 5.8

D. Computational Analysis

Processing time scales linearly with T. GPU inference
achieves >45 fps for T <30 frames, satisfying real-time
requirements. Structured pruning reduces parameters
by 35% (accuracy loss: —0.4%). INTS post-training
quantization achieves 3x CPU speedup at —0.8%
accuracy cost.
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VI. FAILURE ANALYSIS AND LIMITATIONS

Three primary failure modes were identified. (1)
Severe occlusion (>40% face coverage) reduces
accuracy to 61.2% as MTCNN detection quality
degrades. (2) Extreme head pose (£45°) reduces
accuracy by 18%, since ResNet-50 was trained on
near-frontal crops. (3) Low resolution (<64x64 px)
degrades performance by 24% due to loss of fine-
grained muscle texture information.

The discrete emotion paradigm cannot represent
compound emotions, continuous valence-arousal-
dominance states [30], or cultural variation in
expression intensity. Cross-dataset generalization
yields 68.3% (CK+—RAF-DB, zero-shot), rising to
82.1% with 20% target-domain fine-tuning.

VII. APPLICATIONS

Emotion-aware HCI interfaces adapt content and
pacing to inferred user affect. In clinical settings,
automated FER supports depression screening, pain
assessment in non-verbal patients, and neurological
disorder monitoring. Driver assistance systems exploit
FER for fatigue and distraction detection. Educational
platforms leverage continuous expression monitoring
to dynamically adapt instructional strategies in real
time.

VIII. CONCLUSION

We presented a deep bidirectional GRU architecture
with temporal attention for video-based FER,
achieving 96.2% on CK+, 72.4% on FER2013, and
85.7% on RAF-DB—surpassing CNN-only baselines
by 4-8 percentage points. Ablation studies confirm
that RNN depth, bidirectionality, and attention each
contribute meaningfully. The system operates at
45 fps, satisfying real-time requirements. Future work
will explore transformer-based long-range modeling,
multimodal fusion (audio + physiological signals),
continuous valence-arousal prediction, and federated
learning for privacy-sensitive deployment.
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