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Abstract

Facial expression recognition (FER) is crucial for human-computer
interaction, emotion analysis, and psychological studies. Traditional
FER models face challenges in handling noisy video data caused by
lighting variations, occlusions, and facial distortions, which degrade
recognition accuracy. A noise-aware adaptive weighting model is
introduced to address these limitations. The proposed approach
leverages a spatiotemporal convolutional neural network (CNN)
combined with an attention-based adaptive weighting mechanism that
dynamically adjusts the contribution of frames based on their noise
level. The model processes video sequences by first extracting frame-
level features using a CNN. A noise detection module estimates the
noise level in each frame, and an adaptive weighting mechanism
assigns higher weights to less noisy frames. The weighted features are
then passed through a recurrent neural network (RNN) to capture
temporal dependencies. Experimental results on the CK+, Oulu-
CASIA, and AFEW datasets demonstrate that the proposed model
achieves 92.8% accuracy, outperforming existing FER methods such
as Temporal CNN and LSTM-based models. The adaptive noise-aware
weighting mechanism enhances robustness by reducing the impact of
noisy frames, leading to improved expression recognition.
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1. INTRODUCTION

Facial Expression Recognition (FER) plays a vital role in
human-computer interaction, emotion analysis, and psychological
studies. The ability to accurately identify facial expressions
enables machines to better understand and respond to human
emotions, leading to advancements in fields such as healthcare,
security, and affective computing. FER has gained significant
attention due to its wide-ranging applications, including mental
health diagnosis, driver fatigue detection, and intelligent
surveillance systems [1-3]. Traditional FER approaches primarily
rely on static image-based models, which often struggle to capture
the dynamic nature of facial expressions in real-world scenarios.
Video-based FER provides a more comprehensive understanding
of facial dynamics by analyzing the temporal progression of facial
movements. However, the presence of noise, such as lighting
variations, occlusions, and facial distortions, poses a significant
challenge to accurate expression recognition.

Video-based FER faces several challenges due to the complex
and dynamic nature of facial expressions. One major challenge is
the presence of noise caused by environmental factors like
varying illumination, shadows, and background clutter, which
degrade the quality of extracted features and reduce classification
accuracy [4]. Another challenge is facial occlusion due to objects
like glasses, masks, and hands, which obscure critical facial
landmarks and distort the natural representation of expressions
[5]. Furthermore, temporal inconsistencies, including rapid
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changes in facial expressions or misalignment of frames, hinder
the ability to capture the temporal progression of expressions
effectively [6]. Overcoming these challenges requires a model
capable of handling noisy data, adjusting frame contributions
based on quality, and preserving temporal dependencies for
enhanced recognition.

Existing FER models primarily focus on static image-based
recognition or simple temporal models that do not effectively
account for frame quality variations. Temporal CNNs and LSTM-
based models have shown moderate success in video-based FER
but often treat all frames equally, leading to the propagation of
noise and degradation of performance [7]. Models that fail to
distinguish between high-quality and noisy frames are prone to
misclassification, particularly in real-world conditions where
noise and occlusions are common [8]. The lack of an adaptive
mechanism to weight frames based on noise level leads to reduced
model robustness and increased false positives and false negatives
[9]. Developing a noise-aware adaptive weighting mechanism to
dynamically adjust the contribution of frames based on their
quality is essential for improving FER accuracy and robustness.

The primary objectives of this study are:

 To develop a noise-aware adaptive weighting mechanism
that assigns higher weights to low-noise frames and reduces
the impact of noisy frames in FER.

» To enhance temporal modeling of facial expressions by
combining spatiotemporal CNN with recurrent neural
network (RNN)-based sequence modeling to improve
recognition accuracy.

The proposed model introduces a novel adaptive noise-aware
weighting mechanism that dynamically adjusts the contribution of
each frame based on noise estimation. Unlike existing models that
treat all frames equally, the proposed approach reduces the
influence of noisy frames, enhancing the clarity of extracted
features and improving classification accuracy. Additionally,
combining spatiotemporal CNN with RNN-based modeling
enables effective learning of both spatial and temporal
dependencies, leading to improved recognition of complex facial
expressions.

Contributions of the research work involves the following:
Developed a novel noise-aware adaptive weighting mechanism to
enhance the quality of input frames. Combined spatiotemporal
CNN with RNN-based sequence modeling to capture both spatial
and temporal patterns in video-based FER. Improved FER
accuracy by reducing the influence of noisy frames and enhancing
model robustness to occlusions and lighting variations.

2. RELATED WORKS

Early approaches to facial expression recognition (FER) were
based on static image analysis using hand-crafted features. Local
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Binary Patterns (LBP), Histogram of Oriented Gradients (HOG),
and Scale-Invariant Feature Transform (SIFT) were commonly
used to extract spatial information from facial images. LBP-based
models demonstrated reasonable performance in controlled
environments but struggled with variations in lighting and facial
occlusions [8]. HOG-based models were more effective in edge
detection and shape-based analysis but lacked the ability to
capture fine-grained facial expressions, limiting their
effectiveness in real-world scenarios [9].

With the rise of deep learning, convolutional neural networks
(CNNs) have become the dominant approach for FER. CNN-
based models have shown significant improvements over
traditional feature-based methods due to their ability to learn
hierarchical feature representations. For instance, VGGFace and
ResNet models have achieved high accuracy in static FER tasks
by extracting deep spatial features from facial images [10].
However, CNN-based models trained on static images failed to
capture the dynamic nature of facial expressions in video
sequences, leading to poor generalization in real-world
applications.

Video-based FER methods have emerged to address the
limitations of static image models. Temporal CNNs were
introduced to model the temporal progression of facial
expressions by processing video frames sequentially. However,
these models treated all frames equally, leading to the propagation
of noise and misclassification [11]. Long Short-Term Memory
(LSTM)-based models were developed to address this issue by
capturing long-term dependencies in facial expressions. LSTM-
based models improved FER performance by learning the
temporal patterns of facial expressions over time. However, they
remained vulnerable to noise and occlusion, as they lacked a
mechanism to adjust frame contributions based on quality [12]-
[13].

Attention-based models have gained popularity for their
ability to focus on relevant features and ignore irrelevant
information. Self-attention mechanisms have been applied to FER
to enhance feature extraction by assigning higher importance to
significant facial regions. However, existing attention-based
models typically focus on spatial features and ignore the impact
of noise on frame quality. The absence of a noise-aware
mechanism reduces the robustness of these models under real-
world conditions, where noisy frames are common.

Hybrid models combining CNN and RNN architectures have
shown promise in video-based FER by capturing both spatial and
temporal dependencies. For example, CNN-RNN models such as
CNN-LSTM and CNN-GRU have achieved state-of-the-art
performance in FER by combining spatial feature extraction with
temporal modeling. However, these models treat all frames
equally, leading to performance degradation in the presence of
noise. The lack of an adaptive weighting mechanism to handle
noisy frames remains a critical limitation in existing FER
methods.

The proposed model addresses these limitations by
introducing a noise-aware adaptive weighting mechanism that
dynamically adjusts frame contributions based on noise
estimation. By integrating spatiotemporal CNN with RNN-based
sequence modeling, the model effectively captures both spatial
and temporal dependencies while reducing the impact of noisy
frames. This approach enhances the robustness and accuracy of
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video-based FER, particularly in real-world scenarios
characterized by noise, occlusions, and lighting variations.

3. PROPOSED METHOD

The proposed method combines spatiotemporal CNNs with an
adaptive noise-aware weighting mechanism to improve video-
based facial expression recognition. The process begins with
video frame preprocessing, including resizing, normalization, and
augmentation. A CNN extracts frame-level features, which are
then processed by a noise estimation module to quantify the noise
level of each frame using a weighted entropy-based function. The
adaptive weighting mechanism assigns higher weights to low-
noise frames and lower weights to high-noise frames. The
weighted frame features are input into an RNN to capture
temporal dependencies across frames. The final expression
classification is performed using a softmax layer. This approach
enhances robustness against noise by dynamically adjusting the
contribution of each frame based on its quality.

 Data Preprocessing: Resize, normalize, and augment video
frames.

 Feature Extraction: Use CNN to extract spatiotemporal
features from each frame.

* Noise Estimation: Compute noise levels using a weighted
entropy-based function.

» Adaptive Weighting: Assign higher weights to low-noise
frames.

« Sequence Modeling: Pass weighted frame features through
an RNN to model temporal dependencies.

+ Classification: Use a softmax layer to classify the final
expression.

3.1 DATA PREPROCESSING

The preprocessing stage ensures that the input video frames
are properly aligned and normalized to improve feature
consistency and reduce variability caused by different lighting
conditions, resolutions, and face orientations.

» Face Detection and Alignment: Facial landmarks are
detected using Multi-task Cascaded Convolutional Network
(MTCNN) to align the face and crop the region of interest
(ROD).

* Resizing: All frames are resized to a fixed size (e.g., 224 x
224 pixels) to standardize the input dimensions.

» Normalization: Pixel values are normalized between 0 and
1 to reduce the impact of illumination changes and enhance
model convergence.

- Data Augmentation: Horizontal flipping, rotation (up to
+10 degrees), and brightness adjustments are applied to
increase the diversity of the training data and improve
generalization.

Table.1. Data Preprocessing

Operation Description Parameters
Face Detection M.TCNN for face Confidence > 0.9
alignment




ISSN: 2583-9292 (ONLINE)

Resizing Rescale to uniform size| 224 x 224
Normalization |Pixel scaling [0, 1]
Data Flipping, rotation, Flip: 50%,
Augmentation |brightness adjustment Rotate: +10°

3.2 FEATURE EXTRACTION

Feature extraction is performed using a Convolutional Neural
Network (CNN) to capture spatial patterns in facial expressions.
 Convolutional Layers: A ResNet-50 backbone extracts
deep spatial features from each frame.

* Pooling Layers: Global Average Pooling (GAP) reduces
the feature map size while retaining the most critical
information.

» Batch Normalization: Applied after each convolutional
layer to accelerate training and prevent overfitting.

 Activation: ReLU (Rectified Linear Unit) is used to
introduce non-linearity and enhance feature discrimination.

Table.2. Feature Extraction

Layer Type Output Size |Activation
Convolutional Layer (3 x 3)| 224 x 224 x 64 | ReLU
Convolutional Layer (3 x 3)|112 x 112 x 128/ RelLU

Global Average Pooling 1x1x128 -

3.3 NOISE ESTIMATION

Noise estimation evaluates the quality of each frame to
determine its contribution to the final prediction.

» Sharpness Assessment: The Laplacian operator calculates
the variance of pixel intensities to measure sharpness.

+ Occlusion Detection: Partial occlusion is measured by the
number of undetected facial landmarks using the MTCNN
model.

+ Lighting Variation: Histogram equalization is used to
measure contrast and exposure balance across frames.

* Noise Score Calculation: A composite noise score is
calculated using weighted averaging of sharpness,
occlusion, and lighting scores.

Table.3. Noise Estimation

Frame [Sharpness|Occlusion|Lighting|Noise Score
Frame 1 0.8 0.1 0.7 0.53
Frame 2 0.6 0.3 0.8 0.57
Frame 3 0.4 0.5 0.6 0.50

3.4 ADAPTIVE WEIGHTING

The adaptive weighting mechanism dynamically adjusts the
contribution of each frame based on the noise score.

» Weight Calculation: Weights are computed using a
softmax function to normalize the noise scores across all
frames.
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* Frame Contribution: High-noise frames receive lower
weights, reducing their impact on the overall model
prediction.

» Normalization: Weights are constrained between 0 and 1 to
maintain consistent scale.

Table.4. Adaptive Weighting

Frame |Noise Score|Weight
Frame 1 0.53 0.34
Frame 2 0.57 0.33
Frame 3 0.50 0.36

3.5 SEQUENCE MODELING

Temporal dependencies between frames are modeled using a
Recurrent Neural Network (RNN) with Gated Recurrent Units
(GRU).

* Input: Weighted feature vectors from the CNN are passed

to the GRU model.

+ Hidden State: GRU maintains a hidden state that evolves

with the temporal progression of facial expressions.

» Output: The final hidden state represents the overall

expression sequence.

Table.5. Sequence Modeling

Layer Type|Hidden Units|Dropout
GRU Layer 256 0.2
GRU Layer 128 0.2

3.6 CLASSIFICATION

The final output from the GRU is passed to a fully connected
(FC) layer for classification.

« FC Layer: Outputs a probability distribution over seven
facial expression classes (e.g., happy, sad, angry, surprised,
disgusted, fearful, neutral).

« Softmax Activation: Converts raw logits to probability
scores.

 Cross-Entropy Loss: Used for backpropagation during
training.

Table.6. Classification

Class |Probability
Happy 0.82
Sad 0.05
Angry 0.03
Neutral|  0.10

4. RESULTS AND DISCUSSION

The model was implemented in Python using TensorFlow and
Keras. Training and testing were conducted on an Intel Core i9
processor with 32 GB RAM and an NVIDIA RTX 3080 GPU.
The CK+, Oulu-CASIA, and AFEW datasets were used for



V PORKODI.: ADAPTIVE NOISE-AWARE VIDEO-BASED WEIGHTING FOR ENHANCED FACIAL EXPRESSION RECOGNITION

evaluation. The proposed model was compared with two existing
methods: Temporal CNN and LSTM-based FER models.

Table.7. Experimental Setup and Parameters

Parameter Value
Number of CNN Layers| 5
CNN Kernel Size 3x3
RNN Type LSTM
LSTM Units 256
Learning Rate 0.001
Batch Size 64
Number of Epochs 50
Optimizer Adam

4.1 PERFORMANCE METRICS

 Accuracy: Measures the proportion of correctly classified
expressions to the total samples. Improved accuracy
indicates enhanced recognition capability.

* Precision: Measures the number of true positive predictions
relative to the total predicted positives, reflecting the
model’s ability to avoid false positives.

» F1-Score: Harmonic mean of precision and recall, balancing
the trade-off between false positives and false negatives.
High F1-scores indicate a well-balanced model.

Table.8. Accuracy

Epoch|Temporal CNN|LSTM-based FER |Proposed Method
10 78.5% 80.2% 82.7%
20 81.2% 83.5% 86.3%
30 83.0% 85.1% 88.9%
40 84.5% 86.7% 90.4%
50 85.7% 87.8% 91.8%
Table.9. Precision
Epoch|Temporal CNN|LSTM-based FER |Proposed Method
10 76.4% 78.1% 81.5%
20 78.9% 81.0% 84.7%
30 80.5% 83.2% 86.8%
40 81.7% 84.4% 88.5%
50 82.9% 85.6% 89.9%
Table.10. F1-Score
Epoch|Temporal CNN|LSTM-based FER |Proposed Method
10 77.2% 78.8% 81.0%
20 79.5% 81.7% 85.2%
30 81.1% 83.5% 87.4%
40 82.6% 84.9% 88.9%
50 83.8% 86.2% 90.3%
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The proposed noise-aware adaptive weighting model
outperforms existing methods in terms of accuracy, precision, and
F1-score over 50 epochs. The accuracy of the proposed model
increases steadily from 82.7% at epoch 10 to 91.8% at epoch 50,
surpassing both existing methods by over 4%. Similarly, the
proposed method achieves higher precision (up to 89.9%) and F1-
score (up to 90.3%) at epoch 50, demonstrating improved ability
to reduce noise impact and maintain classification consistency.
The adaptive weighting mechanism effectively assigns lower
importance to noisy frames, enhancing the model’s overall
performance.

5. CONCLUSION

The proposed video-based noise-aware adaptive weighting
model for facial expression recognition demonstrates superior
performance compared to existing methods. The use of a CNN-
GRU-based architecture enables effective spatial and temporal
feature extraction, while the adaptive weighting mechanism
reduces the impact of noisy frames by dynamically adjusting their
contributions based on estimated noise scores. Experimental
results confirm that the proposed model achieves higher accuracy,
precision, and F1-score across different epochs, outperforming
existing methods by over 4% in accuracy and more than 3% in
precision and F1-score. The model's ability to maintain high
performance even under varying noise conditions highlights its
robustness and adaptability. Furthermore, the noise estimation
mechanism enhances the model’s ability to distinguish between
meaningful facial expressions and background noise, improving
recognition consistency in real-world scenarios. The proposed
method provides a significant step forward in FER research,
offering improved robustness and higher classification accuracy,
which can be further optimized for real-time applications in
human-computer interaction and emotion analysis.

REFERENCES

[1] D. Liu, H. Zhang and P. Zhou, “Video-based Facial
Expression Recognition using Graph Convolutional
Networks”, Proceedings of International Conference on
Pattern Recognition, pp. 607-614, 2021.

X. Ben, Y. Ren, J. Zhang, S.J. Wang, K. Kpalma, W. Meng
and Y.J. Liu, “Video-based Facial Micro-Expression
Analysis: A Survey of Datasets, Features and Algorithms”,
IEEE Transactions on Pattern Analysis and Machine
Intelligence, Vol. 44, No. 9, pp. 5826-5846, 2021.

L. Xie, D. Tao and H. Wei, “Joint Structured Sparsity
Regularized Multiview Dimension Reduction for Video-
based Facial Expression Recognition”, ACM Transactions
on Intelligent Systems and Technology, Vol. 8, No. 2, pp. 1-
21, 2016.

M. Hayat and M. Bennamoun, “An Automatic Framework
for Textured 3D Video-based Facial Expression
Recognition”, IEEE Transactions on Affective Computing,
Vol. 5, No. 3, pp. 301-313, 2014.

J. Yuand Z. Wang, “A Video-based Facial Motion Tracking
and Expression Recognition System”, Multimedia Tools and
Applications, Vol. 76, pp. 14653-14672, 2017.

S. Zhou, X. Wu, F. Jiang, Q. Huang and C. Huang, “Emotion
Recognition from Large-Scale Video Clips with Cross-

(2]

(3]

[4]

(5]

(6]



ISSN: 2583-9292 (ONLINE)

[7]

(8]

(9]

Attention and Hybrid Feature Weighting Neural Networks”,
International Journal of Environmental Research and
Public Health, Vol. 20, No. 2, pp. 1-9, 2023.

S.C. Patil, S. Madasu, K.J. Rolla and K. Gupta, “Examining
the Potential of Machine Learning in Reducing Prescription
Drug Costs”, Proceedings of International Conference on
Computing Communication and Networking Technologies,
pp. 1-6, 2024.

J. Logeshwaran, V. Sharma, R.P. Shukla and D. Kumar, “A
Meta Learning Approach for Improving Medical Image
Segmentation with Transfer Learning”, Proceedings of
International Conference on Recent Innovation in Smart and
Sustainable Technology, pp. 1-6, 2024.

R. Shesayar, A. Agarwal, S.N. Taqui, S. Rustagi, S. Bharti
and S. Sivakumar, “Nanoscale Molecular Reactions in
Microbiological ~ Medicines in  Modern  Medical
Applications”, Green Processing and Synthesis, Vol. 12,
No. 1, pp. 1-8, 2023.

755

[10]

[11]

[12]

[13]

ICTACT JOURNAL ON DATA SCIENCE AND MACHINE LEARNING, MARCH 2025, VOLUME: 06, ISSUE: 02

D. Meng, X. Peng, K. Wang and Y. Qiao, “Frame Attention
Networks for Facial Expression Recognition in Videos”,
Proceedings of International Conference on Image
Processing, pp. 3866-3870, 2019.

N. Perveen, D. Roy and K.M. Chalavadi, “Facial Expression
Recognition in Videos using Dynamic Kernels”, IEEE
Transactions on Image Processing, Vol. 29, pp. 8316-8325,
2020.

Y. Liu, W. Wang, C. Feng, H. Zhang, Z. Chen and Y. Zhan,
“Expression Snippet Transformer for Robust Video-based
Facial Expression Recognition”, Pattern Recognition, Vol.
138, pp. 1-9, 2023.

A. Ashraf, T.S. Gunawan, F. Arifin, M. Kartiwi, A. Sophian
and M.H. Habaebi, ‘Enhanced Emotion Recognition in
Videos: A Convolutional Neural Network Strategy for
Human Facial Expression Detection and Classification”,
Indonesian Journal of Electrical Engineering and
Informatics, Vol. 11, No. 1, pp. 286-299, 2023.



