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ABSTRACT

Facial recognition systems perform reliably in controlled environments but exhibit substantial
degradation when salient facial regions are partially occluded. Previous studies have explored
convolutional neural networks, autoencoders and their combinations for mitigating this problem.
This study does not introduce a new model family but instead it investigated a methodological
optimization consisting of three coordinated elements: occlusion specific data synthesis, contour
based preprocessing and staged joint optimization of an autoencoder CNN pipeline under strict
identity disjoint evaluation. The task was explicitly defined as closed set face identification over 600
individuals. A hybrid autoencoder CNN architecture was trained using subject separated training,
validation and testing splits to prevent identity leakage. Ablation experiments were conducted to
isolate the contributions of data augmentation, autoencoder encoding, Canny based preprocessing
and joint fine tuning. Results showed that the combined strategy yielded consistent improvements
in accuracy, precision, recall and F1 score under multiple occlusion types when compared to a
clearly defined CNN baseline. Inference time evaluation using a fixed hardware protocol showed an
average reduction of approximately 30 percent when preprocessing was excluded from timing. The
findings suggested that disciplined training data modification and optimization strategy selection
rather than architectural novelty, were responsible for the observed robustness improvements.

Introduction

Facial recognition technology has made advanced significant
improvements over the past two decades and is widely deployed
in diverse applications, which include surveillance, access
control, user authentication and personalized services. While
the accuracy of modern systems is generally high under
controlled conditions, their performance declines substantially
in real-world environments where partial occlusions are
common. Occlusions that are caused by masks, sunglasses,
scarves or hand gestures block critical face regions. This
disrupts feature visibility and reduces recognition reliability.
This has become more of a challenge in recent years because
face coverings have become widespread in both daily life and
security-sensitive contexts. Traditional approaches to face
recognition rely on feature extraction methods such as Principal
Component Analysis (PCA) and Local Binary Patterns (LBP),
which provide efficient representations of facial data but
struggle in the presence of occlusions and variable illumination.
The coming of deep learning has made convolutional neural
networks (CNNs) become the dominant framework for facial
recognition, which offers superior capacity to capture complex,
hierarchical facial features. CNNs alone often suffer
performance degradation when large portions of the face are
obscured. Autoencoders provide a complementary solution by
learning compressed, lower-dimensional representations of
input images while retaining essential discriminative features.
Their ability to filter out irrelevant noise and preserve structural
details makes them especially valuable for scenarios where only
partial visibility of facial features is available. When combined
with CNNs, Autoencoders enhance the resilience of recognition
systems which enables robust feature extraction under

challenging conditions. This research proposes an optimised
hybrid algorithm that integrates Autoencoder-based feature
extraction with a CNN recognition framework. The architecture
is supported by data augmentation strategies including
synthetic occlusion generation, rotation, brightness adjustment
and mirroring to simulate real-world variability. By using these
architectural and training optimizations, the model achieves
greater robustness in handling diverse occlusion types while
maintaining computational efficiency suitable for real-time
security and surveillance applications. The contributions of this
research are proposing a hybrid Autoencoder-CNN architecture
tailored for occlusion-robust facial recognition, which makes
use of targeted data augmentation strategies to enrich the
training dataset and improve model generalization and
demonstrating significant improvements in recognition
accuracy, precision, recall and F1-score over baseline algorithms
under occluded conditions.

Literature Review

Optimization techniques in deep learning for facial
recognition

The optimization of deep learning architectures has been
central to facial recognition research, especially in addressing
the limitations caused by occlusions. Convolutional Neural
Networks (CNNs) remain the dominant framework due to their
capacity to extract hierarchical and discriminative features [1,2].
CNNs are heavily dependent on complete feature maps, and
their performance deteriorates when critical facial regions are
obscured. Sen et al. introduced FaceNet, which demonstrated
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strong accuracy under controlled conditions but exhibited
substantial performance drops when partially covered with
masks or other obstructions. Autoencoders also offer an
alternative optimization pathway by compressing high-
dimensional input into compact latent representations that
preserve essential structural features. Autoencoders are based
on feature retention even in incomplete or corrupted images.
Bordoloi and Sarma showed that Autoencoders improve
recognition rates by reconstructing obscured features, while
Ejaz and Islam confirmed their utility in mitigating occlusion
effects. Several studies have also proposed using Autoencoders
as a pre-processing stage to enhance CNN-based recognition
systems [3-5].

Feature extraction in occluded face recognition

Feature extraction is a fundamental step in recognition pipelines
because it determines the system’s ability to capture unique and
discriminative facial attributes. Traditional approaches such as
Principal Component Analysis (PCA) and Local Binary Patterns
(LBP) has laid the groundwork for early recognition systems but
they are highly sensitive to missing or distorted facial data. PCA
struggles with incomplete datasets while LBP underperforms in
variable lighting and occlusion scenarios [4,6]. The adoption of
deep learning has shifted the paradigm towards more robust
feature extraction methods. Georgescu and Ionescu applied
CNN-based models to prioritize visible facial regions which
improved recognition in occluded conditions [7]. More recent
works by Bordoloi and Sarma and Naik showed that combining
autoencoders with CNNs yields hybrid models that are capable
of maintaining high recognition accuracy despite significant
occlusions [4,8]. Valueva et al. worked in this direction by
optimizing architectures into lightweight variants, which is
suitable for real-time deployment and proving that efficient and
resilient feature extraction is achievable [9-11].

Comparative studies on algorithm optimization

With increased data sovereignty terms of global regulations,
such as GDPR and Digital Markets Act (DMA), it is now possible
to fill the gap between efforts to achieve privacy compliance in
the decentralized architecture. The proposed framework would
minimize the chances of harassment and doxing in federated
contexts by anonymizing consensus processes [11]. It also
provides a scalable system of balancing transparency and
confidentiality, which is a primary aspect in decentralized social
systems [11,12].

Research Questions

Comparative studies reinforce the role of algorithmic
optimization in advancing occlusion-robust recognition.
Badrinarayanan et al. demonstrated that embedding

autoencoder layers within CNN frameworks not only increased
recognition accuracy for occluded images but also reduced
computational complexity [1]. Tefas et al. further evaluated
diverse Autoencoder configurations, showing that task-specific
optimization significantly enhances model generalization [13].
Similarly, Alagarsamy et al. highlighted that Autoencoder-driven
optimization strategies deliver superior recognition outcomes
with lower resource requirements [6,12-14].

Methodology
Hybrid autoencoder-CNN architecture

The task involved is defined as closed set face identification. The
model output represented a probability distribution over 600
known identities. All reported accuracy, precision, recall and F1

score metrics were computed exclusively on classification
outputs. The proposed model for this research integrates an
Autoencoder for dimensionality reduction with a CNN classifier
for robust recognition. The Autoencoder consists of an encoder
with three convolutional layers (kernel sizes 3x3, strides 2, filters
32-64-128) and a decoder with symmetric deconvolutional
layers. Rectified Linear Unit (ReLU) activations were applied to
accelerate convergence, while batch normalization was included
to stabilize training. The encoder compresses each input into a
128-dimensional latent vector, which captures essential
discriminative features while suppressing noise introduced by
occlusions. The latent representation is passed into a CNN
classifier composed of two convolutional layers (filters 64 and
128), a max-pooling layer, and two fully connected layers with
softmax output. This hybrid structure allows the Autoencoder to
retain critical structural features even in partially occluded
images, while the CNN leverages these features for robust
classification. Dropout layers (rate=0.4) were used to reduce
over-fitting. Figure 1 illustrates the hybrid Autoencoder-CNN
pipeline.

Figure 1. Proposed hybrid Autoencoder-CNN model for occlusion-robust
facial recognition.

Dataset and augmentation setup

The experiment was conducted on datasets of 12,000 facial
images collected from publicly available benchmarks (CelebA,
LFW, and a custom occlusion dataset) and a custom occlusion
enriched subset derived from the same identities. No external
identities were introduced. Additional images were generated
synthetically through augmentation rather than dataset
expansion. Synthetic occlusions included masks, sunglasses,
scarves, and random foreground blocks. These transformations
preserved identity while altering visibility. To simulate real-
world variability, occlusion categories were introduced which
included:

o Masks (covering lower half of the face)

» Sunglasses (obscuring the eye region)

o Scarves and head coverings (partial lower or side occlusions)

« Random hand/foreground occlusions

To improve generalization, the training set was augmented

with transformations which were applied at a ratio of 1.3
(original: augmented images):

o Rotation (+15°)

o Horizontal flipping

o Zooming (+10%)

» Brightness variation (+20%)

« Synthetic occlusion overlays

J. Mach. Learn. Applicat., 2025, 1, 1-5

(@O

© Reseapro Journals 2025
https://doi.org/10.61577/jmla.2025.100007


https://doi.org/10.61577/ohmr.2025.100009
https://doi.org/10.61577/jmla.2025.100007

RESEAPRO

JOURNALS

JOURNAL OF MACHINE LEARNING AND APPLICATION
2025, VOL. 1, ISSUE 2

This augmentation increased the effective dataset size to
36,000 samples and ensured balanced exposure to both clean
and occluded faces. Data was also divided into training (70%),
validation (15%) and test (15%) sets, with augmentation applied
only to training images.

Feature extraction and preprocessing

All images were first resized to 128x128 pixels and then
normalized to [1]. To improve robustness to occlusion, the
Canny edge detector was applied during pre-processing to
emphasize facial contours and visible landmarks such as eye
regions and jawlines (Figure 2). This ensured that even when
occlusions concealed large facial areas, the remaining features
were emphasized for reliable encoding.

Figure 2. Example of contour-based pre-processing highlighting visible eye
regions.

The Autoencoder encodes these pre-processed inputs into
latent representations, which were then classified by the
CNN. This joint feature extraction and classification pipeline
ensures resilience under occlusion by combining structural
reconstruction with discriminative learning.

Training protocol

The autoencoder encoder consisted of three convolutional
layers with 32, 64, and 128 filters, kernel size 3 by 3, and stride 2.
The resulting feature map was flattened and projected into a
128-dimensional latent vector. The decoder mirrored this
structure and was used solely for reconstruction loss
computation. The latent vector was reshaped into an 8 by 8 by 2
tensors before being passed into the CNN classifier, which
consisted of two convolutional layers, max pooling, and two fully
connected layers with softmax output. The training was
conducted in three phases:

o Phase 1 (Autoencoder Pre-training): The Autoencoder was
trained independently to minimize reconstruction loss
(mean squared error).

o Phase 2 (CNN Training on Latent Features): Extracted latent

Table 2. Comparative performance across metrics and occlusion types.

vectors were used to train the CNN with categorical cross-
entropy loss.

e Phase 3 (Joint Fine-Tuning): The Autoencoder and CNN
were fine-tuned end-to-end using a combined loss (0.7
reconstruction + 0.3  classification) to  balance
reconstruction and recognition objectives.

The Adam optimizer (learning rate = 0.001, decay factor = 0.95)
was employed with early stopping (patience = 15 epochs). Each
training run spanned 100 epochs, with the best-performing
model selected based on validation accuracy.

Results and Discussion
Optimization effects on recognition accuracy

The optimized Autoencoder-CNN hybrid algorithm was
evaluated on occluded datasets containing face masks,
sunglasses and scarves. The optimized model consistently
outperformed the baseline CNN model across all categories.

o Face Mask Occlusion: The optimized model achieved 88.7%
accuracy compared to 71.5% for the baseline model.

o Sunglasses Occlusion: Accuracy increased from 69.3%
(baseline) to 85.2% (optimized).

o Scarf Occlusion: Accuracy improved from 66.5% (baseline)
to 84.1% (optimized).

Inference speed evaluation was conducted under fixed
hardware conditions. Timing excluded preprocessing to
isolate architectural efficiency. The hybrid model
demonstrated reduced inference time relative to the baseline
due to lower-dimensional classifier inputs.

Table 1 summarizes recognition accuracy across occlusion
categories. These improvements indicate that the
Autoencoder effectively preserves critical structural features
even when substantial regions of the face are obscured.

Table 1. Recognition accuracy under occlusion types.

Occlusion Type Optimized Model Baseline Model
Mask 88.7% 71.5%
Sunglasses 85.2% 69.3%
Scarf 84.1% 66.5%

Performance metrics across occlusion types

Precision, recall and Fl-score were computed to evaluate
robustness in addition to accuracy. The results demonstrate
consistent gains in all metrics for the optimized model
compared to the baseline.

Occlusion Type Model Precision Recall F1-score
Mask Optimized 87.9% 89.2% 88.5%
Baseline 70.1% 72.6% 71.3%
Sunglasses Optimized 84.5% 86.0% 85.2%
Baseline 68.4% 70.1% 69.2%
Scarf Optimized 82.8% 85.3% 84.0%
Baseline 65.1% 67.9% 66.5%
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The optimized model achieved a 15 to 18 percentage point
improvement in Fl-score across all occlusion categories.
These findings corroborate prior work by Georgescu and
Ionescu and Alagarsamy et al, who also demonstrated
improved robustness when feature-preserving optimization
was applied [6,7].

Effect of data augmentation on robustness

To assess the contribution of dataset augmentation, two
versions of the optimised model were trained: one with
occlusion-specific augmentation (rotation, mirroring, brightness
variation and synthetic block occlusions) and one without.
Augmentation consistently improved recognition performance.

Table 3. Impact of augmentation on optimized model performance.

Metric With Augmentation =~ Without Augmentation
Accuracy 91.4% 84.6%
Precision 90.2% 82.8%
Recall 92.1% 83.9%
F1-score 91.1% 83.3%

The 6.5 to 8 percentage point gains highlight the importance of
augmentation in preparing the model for unseen occlusion
scenarios. These results align with Naik and Shan et al., who
emphasized the benefits of enriched datasets for improving
generalization [8,15].

Computational efficiency

The optimised Autoencoder-CNN model demonstrated a 30%
reduction in inference time compared to the baseline CNN,
which is in addition to accuracy gains. This improvement was
primarily attributed to the dimensionality reduction performed
in the Autoencoder stage, which effectively minimized
redundant computations while preserving critical facial features
[16,17]. The reduction in processing overhead makes the model
suitable for real-time applications where rapid decision-making
is essential. These results also align with prior studies by
Badrinarayanan et al. and Valueva et al. who reported similar
efficiency benefits from integrating Autoencoders into
recognition frameworks [1,9]. The findings confirm that model
optimization can simultaneously enhance recognition
robustness and computational efficiency, which addresses one
of the key barriers to large-scale deployment in surveillance and
security systems [18-20].

Discussion and Conclusions

The findings demonstrate that the optimised Autoencoder-CNN
hybrid model consistently outperforms the baseline approach in
occlusion-heavy scenarios. The model achieved superior
recognition accuracy while maintaining balanced performance
across precision, recall and F1-score. This balance is particularly
important for reducing both false acceptance and false rejection
rates and ensuring reliability in high-stakes applications such as
surveillance, access control and biometric authentication. The
integration of dataset augmentation also enhanced robustness,
improving recognition under diverse occlusion conditions and
variable environments. These results confirm the critical role of
enriched training data in strengthening generalization
capabilities; this is a point also emphasized in prior studies on
occlusion-aware recognition models. The combination of
improved recognition accuracy and reduced inference time
highlights the practicality of the proposed algorithm. By

addressing both performance and efficiency, the Autoencoder-
CNN framework represents a scalable solution for real-time
deployments where resilience against partial face visibility is
essential.
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