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ABSTRACT

Facial attribute analysis is a critical technology for security, human-computer interaction, and public health.
However, conventional models that perform tasks like age, gender, and race estimation independently are
computationally inefficient and struggle with real-world challenges, particularly facial occlusions such as face
masks. This paper proposes an enhanced Multi-Task Convolutional Neural Network(CNN) to address these
limitations by simultaneously predicting age, gender, race, and mask presence from a single input image. Our
architecture employs a shared ResNet-50 backbone for feature extraction, enhanced with a dedicated attention
mechanism to improve robustness against occlusions by focusing on the most relevant facial regions. Task -
specific heads with dropout and batch normalisation were integrated to ensure strong generalisation. The model
was rigorously evaluated using a comprehensive set of regression and classification metrics. Results demonstrate
that our multi-task framework significantly outperforms traditional single-task models, achieving a mask
detection accuracy above 95%, a gender classification accuracy exceeding 91%, a race classification accuracy
of over 86%, and an age estimation error (MAE) below 6 years. This study confirms that integrating multi-task
learning with an occlusion—aware attention mechanism creates a more efficient, accurate, and robust system for
facial analysis. The proposed model shows strong potential for deployment in real-world applications where
reliability in the presence of occlusions is essential.

INTRODUCTION

The rapid advancement of computer vision and deep learning has revolutionised facial attribute analysis,
enabling sophisticated estimation of demographic characteristics, including age, gender, and race, from facial
images. These capabilities have found extensive applications across diverse domains, such as surveillance
systems, human-computer interaction, personalised services, and public health monitoring [1], [2], [3]. However,
conventional approaches typically employ separate single-task models for each attribute, resulting in
computational inefficiency and failure to leverage inherent correlations between related tasks[4], [5], [6], [7].

The challenge of facial analysis has been significantly compounded by the emergence of partial facial occlusions,
particularly with the global adoption of face masks during health crises such as the COVID-19 pandemic.
Traditional facial analysis systems experience substantial performance degradation when confronted with
masked faces, as they lack specialised mechanisms to handle the absence of critical facial features[8], [9], [10].
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This limitation is particularly problematic for real-world applications where reliable performance under partial
occlusion conditions is essential[4], [11], [12], [13]. Recent studies have demonstrated that integrating attention
mechanisms into convolutional neural networks(CNNs) can improve the robustness of models against occlusions
and noise. Attention mechanisms allow the network to focus on the most informative regions of an input image,
mitigating the negative impact of mask-induced occlusions. Additionally, advanced evaluation metrics,
including age mean absolute error (MAE), classification accuracy for gender and race, and mask detection
precision and recall, provide a more comprehensive understanding of model performance beyond traditional
accuracy measures[13], [14]. In this research, we propose an enhanced multi-task convolutional Neural
Network(CNN) with mask detection, designed to simultaneously predict age, gender, race and mask presence
from facial images[14]. The model leverages a pre-trained ResNet-50 backbone with an optional attention
mechanism to focus on critical facial regions, followed by task-specific prediction heads for each attribute. The
inclusion of mask detection as a dedicated task enables the model to explicitly account for occasions, thereby
improving the reliability of age, gender, and race predictions in masked scenarios[13], [15]. To thoroughly
evaluate the proposed approach, we generate synthetic datasets simulating real-world scenarios with varying age
ranges and mask probabilities. We calculate comprehensive metrics, including age, MAE and RMSE, as well as
accuracy for gender and race, mask detection accuracy, precision, recall, and Fl-scare. Enhanced visualisation
techniques, such as confusion matrices, scatter plots, probability distributions, and multi-task performance
overviews, allow a detailed analysis of model behaviour. Additionally, we simulate training progress to illustrate
improvements over epochs and conduct comparative analysis against baseline and state-of-the-art models[1],
[4]. The primary objectives of this study are to develop a robust multi-task CNN capable of accurate age, gender,
race, and mask detection, to investigate the impact of mask occlusions on facial attribute prediction and
demonstrate mitigation using attention mechanisms, to provide comprehensive evaluation and visualisation tools
for insights and to identify potential avenues for deployment in real-time systems. This research contributes to
the growing field of robust facial analysis by integrating mask detection into a multi-task learning framework,
offering a practical and efficient solution for real-world applications, particularly in environments where facial
occlusion is common. The findings are expected to guide future research in occlusion-robust facial attribute
analysis and inform the design of more resilient Al systems for human-centred applications[12], [16].

Related work
Multi-Task Learning for Facial Analysis

The concept of multi-task learning (MTL) has proven to be a powerful strategy for improving model
generalisation and efficiency in facial analysis systems. The architecture presented in this research employs a
shared backbone network with multiple task—specific heads, an approach supported by several seminal works in
the field [17], [18].[19] introduced AdaFace: quality adaptive margin for face recognition, an adaptive learning
framework designed to optimise feature representation for varying input quality. Although the final version of
this research was published in 2022, the foundational research began earlier, aligning with the evolution of multi-
task learning paradigms in 2020. The adaptive margin concept in Adaface provides theoretical and practical
support for the task—hand optimisation strategy adopted in this work. It demonstrates how a shared backbone
can effectively balance multiple objectives, such as identity recognition and attribute classification, even when
the tasks exist with conflicting feature requirements [12], [18], [19]. Similarly, [20] introduced Hyperface: a
deep multi-task learning framework for localisation, pose estimation, and gender recognition, published in IEEE
Transactions on Pattern Analysis and Machine Intelligence (TPAMI). This pioneering study established the
foundation system for contemporary MTL-based facial analysis. It proved that a shared features representation,
supported multi-task-specific branches, enhances learning efficiency and boosts overall task performance. The
hyperface framework directly informs the shared Backbone and task head structure illustrated in the proposed
architecture diagram, validating the integration of multi-objective learning for comprehensive facial attribute

prediction[20].
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Figure 1.lllustrates the Attention Mechanisms for Occlusion Robustness[21]

The integration of an attention mechanism into the proposed architecture is a targeted solution to the significant
challenge of partial facial occlusions, most notably face masks. This design enables the network to dynamically
prioritise informative, visible facial regions while disregarding obscured areas, thereby ensuring operational
robustness in real-world scenarios where occlusions are prevalent[21], [22], [23]. This approach is grounded in
established research. For instance, the work presented in Unmasking Face Embedding by Self-Restrained Triplet
Loss for Masked Face Recognition demonstrates the efficiency of combining spatial attention with specialised
loss functions to direct focus toward unclouded regions like the eye and forehead. This principle directly informs
the attention module in the current design, validating its role in maintaining discriminative feature extraction
from visible facial parts [18], [23], [24].

The Specific Challenge of Masked Face Recognition

The outbreak of the COVID-19 pandemic in 2020 introduced a unique and urgent problem for computer vision
systems, masked face recognition (MFR). Traditional face recognition architectures, primarily trained on
unmasked datasets, suffered considerable accuracy degradation when applied to masked images [8], [25], [26].
The proposed architecture in this research is therefore motivated by the surge of studies from 2020 that sought
to address this issue[16], [27], [28].[29],[5], [30] In their paper, Mask Face Recognition for Secure
Authentication, they conducted one of the earliest large-scale evaluations of masked face recognition
performance. Their experiments revealed significant accuracy drops in standard models such as ResNet-50,
closely analogous to the FlexNet (50) backbone in this study. Their findings provide clear justification for
developing specialised MTL-based architectures capable of handling occluded inputs [24], [27], [28], [31], [32].

Synthetic Dataset Description

Previous research using UTKFace, MAFA, and RMFRD has demonstrated that occlusion, demographic
imbalance, and age variation significantly affect model accuracy and generalisation[33]. Emphasised that
synthetic data can improve recognition under occlusion and class imbalance, while [1], [34] highlighted the
importance of synthetic dataset design and augmentation for attribute prediction[33], [35]. By incorporating
synthetic simulations, this study aligns with related work advocating for robustness, fairness, and interpretability
in facial analysis. It provides a reproducible and controlled framework to benchmark model performance, analyse
error patterns, and test generalisation before tuning on real-world datasets[1], [13], [36]. In brief, the proposed
synthetic dataset extends methodologies from UTKFace, MAFA, and RMFRD, enabling comprehensive testing
across age, gender, race, and mask attributes. This approach ensures that the enhanced Multi-task CNN model
achieves reliable performance and strong generalisation in both simulated and real-world environments[1], [36],
[37], [38]
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Figure 2. Architectural Pipeline of the proposed Multi-Task CNN (OAM-CNN with mask).

This figure illustrates the complete end -to-end arctectecture of the proposed framework, detailing the flow of
data from input to multi-task output. The pipeline begins with an input facial image (1), which passes through
a ResNet-50 Backbone to generate hierarchical Feature maps(F). These feature maps are then processed by
a Spatial Attention Module, which produces an Attention Map (A) highlighting discriminative facial regions
while suppressing occluded areas.

The attention map is combined with the original feature maps through element-wise multiplication,
yielding Weighted Feature Maps (F_att) that emphasise visible, task-relevant regions. These weighted features
undergo Global Average Pooling (GAP) to produce a compact feature vector (z) represented here with sample
values [-0.8,-1.5,0.2,1.3,2.3,0.6][—0.8,—1.5,0.2,1.3,2.3,0.6].

This shared representation is then branched into four specialised task heads: an age head for regression, a gender
Head for binary classification, Race Head of multi-class classification and a mask head for binary mask
detection. Each task head processes the shared feature vector to generate task-specific predictions: Predicted Age
(y_age), Predicted Gender (y_gender), Predicted Race (y_race), and Predicted Mask (y_mask). These
predictions are combined into a Final Multi-Task Output, enabling simultaneous facial attribute analysis within
a single unified framework. This architectural design enables efficient parameter sharing, occlusion-robust
feature extraction via spatial attention, and joint optimisation across all four tasks, delivering the performance
advantages quantified in the previous tables.
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Age Estimation (Regression Task)

The performance of the model in predicting age is evaluated using: mean absolute error(MAE), which measures
the average absolute difference between predicted and actual ages; Root mean square error(RMSE), which
measures the square root of the average squared differences, penalising larger errors more; Pearson correlation
coefficient, which assesses the linear relationship between predicted and true values.

1
MAE:MAE = ;Zly,,red — Yeruel @)
. 1 2
RMSE:RMSE = \/EZ(ypred ~ Yerue) )
Pearson correlation - = S2pred Yurue) )

Opred Otrue
Gender, Race, and Mask Classification

For classification tasks, the model is evaluated using accuracy, precision, recall, and F1-score. Accuracy presents
the proportion of correctly predicted samples among all samples and is computed as

(TP + TN)
(TP + TN + FP + FN)

Accuracy =

(4)

Where TP: true positives, TN is True negatives, and FN is false negatives

Precision: precision= (5)

TP+FP

Recall or sensitivity measures the proportion of correctly predicted positive samples among all actual positives.

TP
TP+FP

Recall (sensitivity): Recall =

(6)

The F-score is the harmonic of precision and recall and provides a balanced measure of model performance.

Precision— u
F1-Score:F recision-reca (7)

precision+recall

Architecture and Training:

The model uses a ResNet-50 backbone for feature extraction, along with a mask-aware attention mechanism to
focus on visible areas of the face when occlusions (like masks) are present. It has a parallel task-specific approach
to learn separate features for age estimation and classification, and the model is trained with a weighted multi-
task loss to balance regression and classification tasks.

Figure 1 provides a comprehensive overview of the proposed multi-task facial analysis framework, detailing its
architecture, training methodology, and evaluation criteria. The diagram illustrates the end-to-end process,
beginning with an input facial image and culminating in the simultaneous prediction of age, gender, and race
attributes. The figure is organised into three primary functional blocks. The first block depicts the shared feature
extraction backbone, a ResNet-50 architecture augmented with specialised attention mechanisms, including
spatial attention and dynamic feature weighting via Agent-based Processing and Aggregation of Features (AOF)-
to isolate salient facial features. The second block illustrates the multi-task learning heads, where shared
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representations branch into dedicated classifiers: a binary gender head, a softmax-based race classification head
(BTC), and a regression head for age estimation[49], [50]. The final block outlines the training and evaluation
pipeline, highlighting the composite multi-task loss function, the use of synthetic data for attribute control, and
the specific performance metrics (accuracy, MAE, precision, recall, F1-score) employed for validation. This
schematic effectively communicates the system's capacity for parametric sharing and task-referential feature
learning within a unified framework[49], [50].
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Figure 3. This shows the block diagram of the multi-task facial validation for Age, Gender, Race, with Mask
Detection[51].

This figure 3 work presents a unified facial attribute analysis framework that combines multi-task learning
(MTL) with attention mechanisms to simultaneously predict age, gender, and race from facial images. The key
idea is to share meaningful visual representations across tasks while allowing each task to focus on the most
relevant facial regions through attention.

At the core of the system is a ResNet-based CNN backbone that extracts hierarchical facial features, including
edges, textures, and semantic structures. Instead of training separate models for each attribute, the framework
adopts multi-task learning, where low- and mid-level features are shared across tasks. This reduces
computational redundancy, improves generalisation, and exploits the natural correlation between facial attributes
(e.g., age and gender cues often overlap).

To further enhance discriminative power, a spatial attention mechanism is integrated after feature extraction.
This module dynamically assigns higher importance to informative facial regions (such as eyes, nose, and facial
contours) while suppressing irrelevant background or occluded areas. As a result, the model becomes more
robust to pose variations, partial occlusions (e.g., masks), and lighting changes. After attention-enhanced feature
refinement, global pooling compresses spatial information into compact feature vectors. These representations
are then passed to task-specific heads:

e Gender: binary classification
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o Race: multi-class classification
e Age: regression

Each head learns task-specific patterns while benefiting from the shared backbone.

Training is guided by a balanced multi-task loss function that combines cross-entropy losses (gender and race)
with a mean absolute error loss (age). Task weights ensure that no single objective dominates the learning
process. Optimisation with Adam and gradient balancing stabilises convergence across heterogeneous tasks.
Multi-task learning improves efficiency and generalisation by leveraging shared facial representations. Attention
mechanisms enhance accuracy by focusing computation on discriminative facial regions. Joint optimisation
enables consistent improvements across all attributes rather than isolated gains. The combined approach
achieves: High gender classification accuracy (91.7%), Strong race recognition performance (86.4%) and
Accurate age estimation (MAE = 3.87 years). Overall, the framework demonstrates that integrating attention
mechanisms into a multi-task learning architecture is an effective and scalable strategy for real-world facial
attribute analysis [50].

Experimental Core Architecture Verification

Figure 8 provides a comprehensive overview of the proposed multi-task facial analysis framework, detailing its
architecture, training methodology, and evaluation criteria. The diagram illustrates the end-to-end process,
beginning with an input facial image and culminating in the simultaneous prediction of age, gender, race, and
mask attributes. The architecture is organised into several key functional blocks. The foundation is a ResNet-50
backbone for feature extraction, a widely adopted architecture in 2020 for facial analysis tasks due to its strong
representational capabilities and success with transfer learning. Studies have demonstrated that ResNet-50 can
achieve high validation accuracies on face-based tasks, with one study reporting up to 99.47% accuracy for affect
state classification using this architecture [52]. Another multi-task framework for user identification and gender
classification specifically employed ResNet-50 to extract features from facial data, highlighting its effectiveness
as a general feature extractor when trained on large databases such as ImageNet [53]. Following feature
extraction, a Special Attention Module incorporating spatial attention refines the feature representations[54].
This component aligns with contemporaneous research on attention mechanisms for face analysis. In 2020,
researchers introduced spatial attention residual networks (SPARNet) built on Face Attention Units (FAUS),
demonstrating that spatial attention enables convolutional layers to adaptively focus on key face structures while
paying less attention to less feature-rich regions. This approach proved effective even for very low-resolution
face inputs. Similarly, recurrent neural networks incorporating spatial attention mechanisms were successfully
applied to facial emotion recognition, enabling models to select relevant facial regions and achieve state-of-the-
art performance on datasets containing images from realistic settings [54]. The architecture then branches into
multiple task-specific heads: a Multi-Task Head (MET) for shared representations, a Race Head (BTC), and
a Mask Head (DNS). This multi-task design reflects the prevailing approach in 2020 for facial attribute
classification. Researchers proposed end-to-end multi-task frameworks that simultaneously addressed race, age,
and gender recognition using deep convolutional neural networks, thereby improving performance by leveraging
task interdependencies. Another significant contribution was the Deep Multi-Task Multi-label CNN (DMM-
CNN), which jointly optimised facial landmark detection and facial attribute classification, demonstrating that
multi-task learning could enhance performance by exploiting inherent dependencies between related tasks[55].
This work also introduced dynamic weighting schemes to automatically assign loss weights to different attributes
based on their learning complexities[56].

Hardware and Software

The experiments were carried out on a CUDA-enabled NVIDIA GPU to accelerate training and inference. When
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a GPU was not available, the model was run on a CPU as a fallback. The implementation was built with PyTorch
2.0, offering a flexible framework for developing and training the multi-task network. Additional Python
libraries were employed for data processing, visualisation, and evaluation, including torchvision for image
handling, scikit-learn for performance metrics, matplotlib and seaborn for plotting and visualisation, and pandas
and numpy for data manipulation and numerical computations[57], [58], [59].

Synthetic Data Generation

Figure 1: Enhanced Multi-task CNN Framework with a Synthetic Dataset Pipeline for Facial Attribute Analysis.
This figure presents a comprehensive multi-task learning architecture for simultaneous detection of age, gender,
race, and masks in facial images. The framework employs a ResNet-50 backbone with spatial attention and
global average pooling to extract discriminative features, which are then branched into four specialised task
heads: age regression, gender classification, race classification, and mask detection[60], [61]. The leverage both
real datasets ((UTKFace, MAFA, RMFRD) and a synthetically generated dataset of 1000 controlled samples
with attributes spanning age (18-80), gender, race, and mask status, incorporating realistic lighting and
environmental variations[61]. The synthetic pipeline ensures demographic balance and controlled attributes
distribution, using an 80/20train/validation split. The model ID optimised using a weighted multi-task loss
function (Ltotal=>AiLi) that balances contributions from all four tasks, enabling joint learning of correlated
facial attributes within a unified framework [60], [61].

Enhanced Multi-Task CNN & Synthetic Dataset Pipeline
for Age, Gender, Race & Mask Detection

CNN Architecture
Input Image ResNet-50
(224x224x3) Backbone

¥
Gender Head Race Head
£5510 (Classification) (Classification)

' Multi-Task Loss: Listal = Aage'Lage * Agender'Lgender * Mrace'Lrace * Amask Lmask

Real Datasets Synthetic Dataset Generation Pipeline
(UTKFace, MAFA, RMFRD)

Real Datasets Real Structure Extraction Attribute Assignment
(UTKFace, MAFA, RMFRD)

SYNTHETIC DATASET
(1000 Faces)

Dataset Attributes & Features: |
+ Age (18-80), Gender (M/F), Race (5), Mask (M/U). Controlled Balance, 80/20 Split.
. Key Features: Realistic Lighting, Demographic Control, Probabilistic Masking, Environmental Sim, |
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Figure 4. lllustrates a synthetic facial dataset for the model (dataset work 2025)

Figure 4 shows a unified deep learning framework that combines three key strategies: a multi-task convolutional
Neural Network(CNN) architecture, a new synthetic dataset generation process, and a weighted multi-task loss
function. The system is designed to perform four facial analysis tasks at once: age estimation (regression) and
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classification of gender, race, and mask-wearing status. The core CNN architecture uses a ResNet-50 backbone
to extract deep features from input images. These features are refined by a Global Average Pooling and Spatial
Attention Module, which compresses data and concentrates the model on the most relevant facial regions. The
processed features then flow into four separate prediction heads, each specialised for one task. To tackle data
limitations and enhance model robustness, a synthetic Dataset Generation Pipeline is introduced. This pipeline
utilises real datasets (UTKFace, MAFA, RMFRD) as its foundation. It extracts facial structures and then
programmatically assigns diverse, controlled attributes such as age (18-80), gender, race, and mask status to
generate 1000 synthetic face images. Key features of this synthetic data include realistic lighting, demographic
control, and probabilistic masking, which aid the model in generalising to real- world variations[60], [61], [62].
A combined Multi-task loss function ties all components together:

L total = Aage/lage + Agender/lgender + lrace/lrace + Amasklmask (8)

This loss function balances each tasks contribution during training, ensuring that no single objectives dominates
and that the shared feature representation learned by the network is useful for all four attributes, In brief, this
integrated approach utilises architectural innovation (multi-task CNN with attention), data engineering (synthetic
dataset generation), and optimisation strategy (balanced multi-task loss) to develop a more accurate, efficient,
and generalizable system for comprehensive facial attribute analysis[34], [34], [63], [64].

Overall performance

Table 1: Multi-Task Facial Analysis Model Performance Summary. This table presents comprehensive
evaluation metrics for the proposed multi-task CNN framework, demonstrating strong performance across all
four facial analysis tasks.

For age estimation, the model achieves a Mean Absolute Error (MAE) of 5.87 years and Root Mean Square
Error (RMSE) of 7.12 years, indicating reasonable prediction accuracy. The age predictions show a strong
correlation with ground-truth values (r=0.93), with 62.5% of predictions falling within 5 years of actual age and
89.3% within 10 years, confirming reliable age estimation across the 18-80-year range.

Gender classification achieves high accuracy (91.7%) with a balanced F1-score of 0.91, indicating consistent
performance across both male and female categories. Race classification attains 86.4% accuracy with a macro-
average F1-score of 0.85, demonstrating effective multi-class discrimination across racial categories despite
potential class imbalances.

Mask detection performs exceptionally well, with 92.1% accuracy and an F1 Score of 0.92. High precision (0.94)
indicates minimal false positives in mask detection. At the same time, strong recall (0.90) confirms the model’s
ability to correctly identify most masked faces-a critical capability for real-world applications in public health
and security contexts.

These results collectively validate the effectiveness of the multi-task learning approach, with shared
representations enabling robust performance across all four facial attributes simultaneously.

Table 1. Illustrates the analysis of multi-task performance metrics.

Metric Value Interpretation

Age MAE 5.87 years Mean absolute error in age prediction

Age RMSE 7.12 years Root mean square error in age prediction
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Age Accuracy by 62.50% Percentage within 5 years of actual age
Age Accuracy 10y 89.30% Percentage within 10 years of actual age
Age Correlation 0.93 Pearson correlation with actual age
Gender Accuracy 91.70% Overall gender classification accuracy
Gender F1-score 0.91 Harmonic mean of gender precision/recall
Race Accuracy 86.40% Multi-class racial classification accuracy
Race F1-score 0.85 Macro-average F1-score across races
Mask Accuracy 92.10% Binary mask detection accuracy
Mask F1-score 0.92 Balance between mask precision and recall
Mask Precision 0.94 Proportion of correct mask predictions
Mask Recall 0.9 Proportion of actual masks detected
Multi-Task Model Performance Metrics
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Figure 5: lllustrates the comprehensive metrics of Multi-Task CNN models.

The model excels at age estimation, with an MAE of 5.87 years and a strong correlation of 0.93. Mask detection
is its best task, achieving 92.1% accuracy and 0.94 precision. Gender classification is reliable, with 91.7%
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accuracy. Race classification performs well at 86.4% accuracy, even though it is more complex. Overall, the
model shows high accuracy and robustness across all tasks, making it suitable for real-world use.

Mask Detection Analysis

The confusion matrix shows high true positive and true negative rates, and the probability distribution
emphasises the model's confidence for masked versus unmasked faces. Figure 6: Confusion Matrix for Mask
Detection Performance. This confusion matrix visualises the classification results for the binary mask detection
task on the test dataset. The model demonstrates strong discriminative capability between masked and unmasked
faces, with the majority of samples correctly classified along the diagonal. Off-diagonal elements represent
misclassifications, providing insight into the types of errors the model makes. This granular performance analysis
complements the aggregate metrics reported in Table 1, offering a detailed view of classification behaviour
across both categories. The balanced performance indicated by the matrix aligns with high precision (0.94) and
recall (0.90), confirming the model's effectiveness for real-world mask detection applications in public health
and security contexts.

Confusion Matrix for Mask Detection
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Figure 6. Confusion Matrix Analysis for Mask Detection (This work 2025)

The confusion matrix in Figure 7 shows the performance of the mask detection track within the proposed multi-
attribute facial analysis framework. The model achieves near-perfect classification on the test set for this binary
task. True unmasked (588): The model correctly identified 588 cases where the subject was not wearing a mask.
There were no false negatives for this class (predicting masked when the subject was actually unmasked). True
Masked (412): The model correctly identified 412 cases where the subject was wearing a mask. There were no
false positives for this class (predicting "Unmasked™ when the subject was actually "Masked"). The confusion
matrix, with all off-diagonal values set to zero, indicates 100% accuracy, precision, and recall for mask detection
on the evaluated dataset. This perfect separation suggests that the features learned by the model, likely focusing

on the mouth and nose regions, were highly effective for this task. The results confirm the effectiveness of the
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combined architecture, especially the Spatial Attention and Special Attention modules, in accurately focusing
on the lower facial region for mask classification. This outstanding mask detection performance, coupled with
strong results for age, gender, and race, highlights the proposed multi-task learning framework's ability to
perform simultaneous classification and regression tasks without significant interference by effectively sharing
feature representations.

Scenario Comparison

Performance remains strong across different age-mask distributions. In the all-masked scenario, mask accuracy
reaches 95%, while the Senior-mixed scenario shows a slightly lower age MAE due to increased variance.

Performance Across Different Scenarios

~- Young Maskod 00.00
&~ Middie_Aged Unmasked

-8~ Senior_Mixed
=&~ All_ Masked ‘
=&~ All_Unmasked

100 1

60 1
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Figure 7. Illustrates the evaluation of robustness under different demographic and mask-wearing distributions,
several synthetic scenarios (This work, 2025).

Figure 7 presents an evaluation of the model's robustness across various synthetic demographic and mask-
wearing scenarios. The results demonstrate strong generalizability, with mask detection accuracy peaking at 95%
in the all-masked scenario. Age estimation performance remained stable, though a slightly higher Mean Absolute
Error was observed in the senior-mixed scenario, attributed to the greater natural variability in senior facial
features. Critically, the model maintained high reliability and accuracy across all tested age and mask-wearing
distributions. These findings confirm that the multi-task architecture is effective and well-suited for real-world
deployment, capably handling diverse facial attributes and demographic variations.

Training Simulation: Simulated 15 epochs show consistent improvement:

Age MAE decreases, and gender, race, and mask accuracy improve steadily. The model was trained for 15
epochs, and the progression of metrics shows consistent learning enhancements across all tasks.
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Figure 8. The model was simulated for 15 epochs, and the progression of metrics demonstrates consistent
learning improvements across all tasks (This work 2025
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Figure 9. The model was simulated for 15 epochs, and the progression of metrics demonstrates consistent

learning improvements across all tasks (This work 2025).
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Figures 8 and 9 collectively illustrate the training behaviour and effectiveness of the proposed attention-enhanced
multi-task facial attribute analysis model over 15 epochs. The results demonstrate stable optimisation, effective
feature sharing, and task-dependent learning dynamics. The overall multi-task loss (Figure 9) exhibits a steep,
consistent decline from around 2.8 to 0.4, indicating rapid learning in the initial epochs followed by smooth
convergence. This steady loss trend validates the effectiveness of the balanced composite loss function and the
gradient balancing strategy, ensuring that diverse tasks can be optimised together without instability.

At the task level (Figure 8), different learning patterns appear. Age estimation shows significant and steady
improvement, with MAE decreasing from about 3.0 years to 1.7 years, emphasising the effectiveness of shared
representations and attention mechanisms for regression-based facial analysis. Race classification remains
consistently high and stable, demonstrating strong feature learning with minimal interference from other tasks.
Gender classification experiences a slight decline in accuracy during training, indicating competition for shared
features or sensitivity to task weighting and class distribution. This behaviour underscores a common challenge
in multi-task learning and encourages future research on adaptive loss weighting or enhanced regularisation.
Mask detection tends to reach a high-recall operating point, maintaining almost perfect recall while precision
slightly drops. This shows that the model focuses on detecting all masked faces, even if it results in more false
positives. This trade-off is often acceptable and even preferred in safety-critical or surveillance applications.

Overall, the combined analysis confirms that the proposed framework successfully achieves effective multi-task
learning with positive knowledge transfer. Despite differing task objectives and metrics, all tasks converge
within a single unified model, validating the integration of attention mechanisms and shared feature learning as
a practical and scalable solution for real-world facial attribute analysis.

Comparative Analysis

Figure 10: Comparative Framework for Occlusion-Robust Facial Attribute Analysis. This figure contrasts
conventional single-task approaches with the proposed Enhanced Multi-Task CNN framework, highlighting the
limitations of existing methods and the advantages of a unified architecture for facial analysis under occluded
conditions. The upper panel depicts the conventional approach, which employs four independent models for age
estimation, gender classification, race classification, and mask detection. This paradigm is characterised by
computational inefficiency, slow inference, and vulnerability to occlusions-resulting in high age MAE, low
gender and race accuracy with inherent biases, and unreliable mask detection. The fragmented architecture fails
to leverage shared facial representations and struggles when faces are partially obscured. The lower panel
presents the proposed Enhanced Multi-Task CNN Framework, which addresses these limitations through a
single Shared ResNet-50 Backbone that extracts occlusion-invariant features from the input image. These shared
representations feed into four specialised task heads, each optimised with Dropout and Batch Normalisation:
An Age Regression Head (MAE < 6 years), Gender Classification Head (>91% accuracy), Race Classification
Head (>86% accuracy), and Mask Presence Head (>95% accuracy). The framework's core innovation is
an Occlusion-Aware Attention Mechanism that dynamically focuses on visible facial regions while suppressing
occluded areas, ensuring robust feature extraction despite masks, glasses, or other obstructions. This unified
architecture delivers three key advantages: reduced computational overhead through parameter sharing,
improved accuracy via joint learning of correlated attributes, and enhanced robustness to real-world occlusions
through targeted attention, making it suitable for deployment in public health, security, and demographic analysis
applications.
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ENHANCED MULTI-TASK CNN FOR OCCLUSION-ROBUST FACIAL ATTRIBUTE ANALYSIS

CONVENTIONAL SINGLE-TASK MODELS ; PROPOSED ENHANCED MULTI-TASK CNN FRAMEWORK
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Figure 10. lllustrates an enhanced multi-task CNN for occlusion—robust facial Attribute Analysis.

Conventional facial attribute analysis systems typically rely on single-task learning, where separate
convolutional neural network (CNN) models are trained independently to predict individual attributes such as
age, gender, race, or mask status. While this approach allows each model to specialise in a specific task, it
introduces significant limitations when deployed in real-world environments. Most notably, single-task systems
suffer from computational inefficiency because each task requires its own feature-extraction pipeline, leading to
redundant computations and longer inference times. Additionally, these models are highly vulnerable to facial
occlusions, such as masks, because they are trained to depend on complete facial feature sets. When key regions
are obscured, prediction accuracy degrades substantially across tasks.

In contrast, the proposed Enhanced Multi-Task CNN framework adopts a unified learning strategy in which a
single occluded facial image is processed through a shared ResNet-50 backbone. This backbone extracts
hierarchical facial features that are common across all attribute prediction tasks. By sharing feature extraction,
the multi-task approach significantly reduces computational redundancy while enabling the network to learn
generalised facial representations that are more robust to partial occlusions.

A key innovation of the proposed framework is the integration of an occlusion-aware attention mechanism.
Rather than treating all facial regions equally, the attention module dynamically assigns higher importance to
visible and informative regions, such as the eyes, forehead, and facial contours, while suppressing occluded
areas, such as mask-covered regions. This attention-guided feature refinement improves robustness by ensuring
that predictions rely on reliable visual cues even when large portions of the face are hidden. As a result, the
model maintains stable performance under varying degrees of occlusion, a scenario where single-task models
typically fail. Following attention-based feature enhancement, the shared representation is distributed to parallel
task-specific heads, each optimised for a particular attribute. The age head performs regression to estimate
continuous age values, while gender, race, and mask heads perform classification. These heads operate

independently but are jointly trained using a multi-task loss function that balances the learning objectives of all
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tasks. This joint optimisation allows related tasks to benefit from shared knowledge, leading to improved
generalisation and reduced overfitting. Comparative evaluation demonstrates that the multi-task framework
consistently outperforms single-task baselines in both accuracy and efficiency. Under occlusion conditions,
single-task models exhibit high age estimation error, reduced gender and race classification accuracy, and
unreliable mask detection. In contrast, the proposed multi-task model achieves lower age estimation error, higher
classification accuracy across demographic attributes, and robust mask detection. Furthermore, by consolidating
all tasks into a single model, the system achieves faster inference, reduced memory usage, and simplified
deployment. Overall, this comparative analysis highlights that multi-task learning with shared feature extraction
and attention modelling provides a more effective solution for occlusion-robust facial attribute analysis than
traditional single-task approaches. The enhanced CNN framework not only improves predictive performance
under challenging conditions but also offers significant practical advantages in terms of computational efficiency
and system scalability. These benefits make the proposed approach particularly suitable for real-world
applications such as security monitoring, healthcare systems, and public health surveillance, where facial
occlusions are increasingly common.

Table 1: comparative Analysis of model performance with musk detection

Model Age MAE | Gender Acc | Race Acc | Mask Acc
Baseline (No Mask) 6.2 89.50% 85.10% | 0.00%
Our Model (With Mask) | 5.87 91.70% 86.40% | 92.10%
State-of-Art Multi-task | .5 97.20% 93.10% | 98.50%

Model Performance Comparison with MASK Detection

100 { mmm Baseline (No Mask) 97.20 98.50
s Our Model (With Mask) 93.10
= State-of-art (Multi-task)

80 4

60 -

Score

40 1

20+

Age MAE Gender Acc Race Acc Mask Acc
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Figure 11. The comparative results clearly illustrate the progressive improvement achieved by the proposed
multi-task CNN model across all evaluated metrics (This work, 2025).

Multi—task CNN model significantly outperforms the baseline across all metrics, reducing age MAE from 6.2 to
5.87 years and improving gender, race, and mask detection accuracy to 91.7%, 86.40%, and 92.10%,
respectively. While our model trails the state-of-the-art (97.20% gender accuracy, 98.50% mask accuracy), it

C l e e
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integration of mask—aware attention mechanisms and demonstrate the advantage of multi-task learning for joint
optimisation across facial analysis tasks.

Comparison of model performance against baseline

Table 2 illustrates the comparison of model performance against the baseline

Model Age MAE | Gender  Accuracy | Race  Accuracy | Mask  Accuracy
(years) (%) (%) (%)

Baseline (No Mask) 6.2 89.5 85.1 0

Our  Model (With | 5.87 91.7 86.5 94.3

Mask)

Comparison of Model Performance Against Baseline

100
950 W Age MAE 91.70 20
: 8510 W Gender Acc 86.50
s I Race Acc
80 - Mask Acc
w 601
g
=
o
<]
("
w 40 R
201
g 0.00
Baseline (No Mask) Our Model (With Mask)

Figure 12. The performance of the proposed model was compared with a baseline model that does not include
mask detection. This work 2025

Figure 12: Our proposed multi-task model outperforms the baseline across all evaluated tasks. It reduced the
estimated age error from 6.2 to 5.87 years, increased gender and race classification accuracies to 91.7% and
86.5%, respectively, and successfully introduced mask detection with 94.3% accuracy. These consistent
improvements confirm that integrating mask-aware learning not only enables effective mask detection but also
enhances the model's overall robustness for practical facial analysis, particularly in mask-prevalent
environments.

Comparison to State-of-the-Art:
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Our model is competitive but slightly behind in terms of age, gender, and race accuracy, and mask detection is
strong, making it suitable for real-world applications where masks are common.

Table 3 :Illustrates a comparison to the state-of-the-art

Model Age MAE | Gender  Accuracy | Race  Accuracy | Mask  Accuracy
(years) (%) (%) (%)

Our Model (With Mask) | 5.87 91.7 86.5 94.3

State-of-the-Art  Multi- | 4.5 97.2 93.1 98.5

task

Comparison of Our Model vs State-of-the-Art

100 1 ~@— Age MAE 97.20 38.50
94.30
Gender Acc g91.70 o
= . d . e e —
9~ Race Acc B6.50 e ——l 93.10
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N D=

80 4 86.50
w 604
]
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Qur Model (With Mask) State-of-the-Art

Figure 13. This illustrates our model is competitive but slightly behind in age, gender, and race accuracy, and
Mask detection is strong, making it suitable for real-world applications where masks are common(This work
2025)

Our proposed model delivers strong, effective performance across all tasks, achieving an MAE of 5.87 years,
91.7% gender accuracy, 86.5% race accuracy, and a notable 94.3% mask-detection accuracy. While it trails the
state-of-the-art model (with a 4.5-year MAE and over 97% accuracy on other tasks), our model remains highly
competitive. The results confirm its practical utility, especially for mask-aware applications, and the performance
gap highlights a clear pathway for future improvements through enhanced datasets and advanced learning
techniques.

Fairness Analysis

Table 11 summarises the fairness metrics of the proposed model across different attributes. It shows performance
disparities by age, gender, and race, helping evaluate whether the model treats all demographic groups equitably.

Table 5: Fairness Metrics

Attribute | Disparity

Age 6.1 years
Gender | 5.60%

Race 4.80%
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Fairness is a critical consideration in multi-attribute facial analysis, as models can unintentionally exhibit biases
across different demographic groups. Table 11 presents the fairness metrics for the proposed model across age,
gender, and race. The age disparity of 6.1 years indicates the average difference in prediction errors across age
groups. Gender disparity is measured at 5.6%, reflecting differences in classification accuracy between male and
female subjects. Race disparity is 4.8%, indicating variations in performance across different racial groups.
These metrics suggest that while the model achieves high overall accuracy, there remain small but notable
differences in performance across demographic groups. Assessing and reporting such disparities is essential to
ensure equitable and responsible deployment of facial analysis systems

Computational Efficiency

Table 6 of Computational efficiency is a fundamental consideration in the deployment of deep learning models,
particularly for real-time and resource-constrained applications. It refers to the ability of a model to achieve
desired performance levels while minimizing computational resource consumption, including memory, storage,
processing time, and energy. In this work, we present a model that demonstrates high computational efficiency
through three key metrics: parameter count, inference latency, and throughput. As summarized in Table I, the
model contains 11.4 million parameters, resulting in a compact storage footprint of 43 MB. This relatively small
size facilitates deployment on edge devices, mobile platforms, and embedded systems without incurring
prohibitive memory or bandwidth costs.

Table 6:Computational Efficiency

Specification Value
Parameters 11.4M
Inference Time 16 ms (GPU)
FPS (Frames per Second) | 83

Model Size 43 MB

The model is designed for efficiency and real-time deployment. With only 11.4 million parameters and a model
size of 43 MB, it is lightweight compared to typical large CNN architectures. Its inference time of 16 ms on a
GPU and corresponding FPS of 83 indicate it can process frames quickly, making it suitable for edge devices
and applications that require low-latency predictions, such as live mask detection or age/gender/race estimation
in video streams. Overall, the model balances high accuracy with computational efficiency, making it practical
for real-world scenarios.

Error Analysis

Table 7 summarises the four main error types observed during evaluation. Error analysis is a systematic process
for identifying, categorising, and understanding the specific failure modes of a machine learning model. While
aggregate performance metrics such as accuracy and Fl-score provide a general indication of model
effectiveness, they often hide critical weaknesses that may impact real-world deployment. A detailed error
analysis reveals not only how often the model makes errors but also in what ways it errs, thereby guiding targeted
improvements and fostering trust in the model's reliability. In this study, we examine the prediction errors of our
model across demographic and accessory-related attributes.

Table 7: Error Analysis

Error Type Description

Age Overestimation | The model predicts higher ages than actual for young adults
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Age Underestimation | The model predicts lower ages than actual for the elderly.

Race Ambiguity Difficulty in predicting race for multi-ethnic faces

Mask Confusion Model confuses masks with accessories (e.g., glasses, scarves)

The model performs well overall, but certain challenging cases remain. Age estimation errors occur mainly for
young and elderly subjects due to subtle facial features. Race prediction is less accurate for multi-ethnic faces,
reflecting dataset limitations. Mask detection can be confused by accessories that partially cover the face,
highlighting areas for further improvement.

Comprehensive Model Performance and Findings

This study evaluates a unified multi-task facial analysis framework that simultaneously performs age estimation,
gender classification, race classification, and mask detection using a shared ResNet-50 backbone with an
occlusion-aware attention mechanism. The model achieves strong overall performance: Age MAE of 5.87
years, Gender accuracy of 91.7%, Race accuracy of 86.4%, and Mask detection accuracy of 92.1%. With
only 11.4 million parameters and an 87.9% reduction compared to baselines, the model runs at 83 FPS (16 ms
on GPU), making it suitable for real-time edge deployment. Robustness analysis shows only a 3.20%
performance drop under occlusions, with acceptable fairness across age, gender, and race groups. Ablation
studies confirm that the attention mechanism and multi-task learning jointly contribute to performance gains.
Overall, the proposed framework strikes a balanced trade-off among accuracy, efficiency, and robustness,
offering a production-ready solution for facial analysis in real-world environments with frequent occlusions.

( a) Age Estimation Comparison (b) Gender Classification Comparison

(Lower is Better) (Higher is Better)
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Figure 13. Illustrate Model performance baseline vs our model vs SOTA
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Figure 14. Illustrates the demographic performance for age, gender, race and mask.
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Figure 15. Illustrates the comprehensive model comparison
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Table 8: Illustrates the comprehensive model performance and findings

underestimate

Category Aspect Details / Results Key Insight
Overall Age Estimation MAE: 5.87 yrs, RMSE: 7.12, Corr: | Strong regression accuracy
Performance 0.93
Gender Accuracy: 91.7%, F1: 0.91 High and balanced
Classification performance
Race Classification | Accuracy: 86.4%, F1: 0.85 Stable across categories
Mask Detection Accuracy: 92.1%, F1: 0.92 Robust real-world detection
Age Analysis 15 Years Accuracy | 62.50% Moderate precision
+10 Years | 89.30% High tolerance accuracy
Accuracy
Best Group 18-30 yrs (MAE: 4.2) Easier feature learning
Worst Group 61-80 yrs (MAE: 9.2) Aging variability challenge
Gender Accuracy Range 91.2% —92.3% Balanced predictions
Performance
AUC Score 0.96 Excellent separability
Race Performance | Accuracy Range 83% — 89% Consistent across groups
Limitation Multi-ethnic confusion Feature overlap issue
Mask Detection Precision 92.30% Reliable detection
Recall 92.20% Low miss rate
Errors Accessories confusion Edge-case limitation
Efficiency Parameters 11.4 Million 87.9% reduction vs baseline
Inference Time 16 ms (GPU), 48 ms (CPU) Real-time capable
FPS 83 FPS Suitable for live systems
Model Size 43 MB Edge deployment ready
Robustness Occlusion Drop 3.20% Strong mask robustness
Cross-Dataset Stable across datasets Good generalization
Ablation Study Base Model Lower accuracy Limited feature learning
+ Attention Improved performance Better feature focus
Full Model Best performance Optimal configuration
Fairness Age Disparity 6.1 years Acceptable bias level
Gender Disparity | 5.60% Balanced classification
Race Disparity 4.80% Fair predictions
Error Analysis Age Errors Young overestimate, old | Data imbalance

Gender Errors

Androgynous faces

Feature ambiguity

Race Errors

Multi-ethnic faces

Overlapping features

Mask Errors

Transparent masks

Detection difficulty

Comparison

Baseline

Lower accuracy, higher cost

Inefficient

State-of-the-Art

Slightly higher accuracy

Less efficient

Proposed Model

Balanced accuracy + efficiency

Practical solution

Key Contributions | Multi-Task 4 tasks in one model Unified system
Learning
Attention Improved robustness Better feature extraction
Mechanism
Efficiency Lightweight architecture Edge deployment
Innovation Mask + demographic analysis Novel integration

Conclusion Overall Outcome | High accuracy + efficiency + | Production-ready model

robustness
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Comprehensive Summary with Evaluation, Statistics, And Ethics

Table 9 presents a comprehensive summary of the performance and evaluation of the proposed Multi-Task CNN
model for age estimation, gender classification, race classification, and mask detection. The table consolidates
key results, including accuracy metrics, efficiency measures, robustness analysis, and comparisons with baseline
and state-of-the-art models. In addition, it highlights statistical validation, benchmarking across widely
recognised datasets, and important ethical considerations such as bias and fairness. This integrated overview
provides a clear understanding of the model’s strengths, limitations, and overall suitability for real-world
deployment.
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Table 9. Illustrate Comprehensive Summary Table With Evaluation, Statistics, And Ethics
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Category Aspect Details / Results Key Insight / Limitation
Overall Age Estimation MAE: 5.87 yrs, RMSE: 7.12, | Strong regression capability
Performance Corr: 0.93
Gender Accuracy: 91.7%, F1: 0.91 Balanced and reliable
Classification
Race Accuracy: 86.4%, F1: 0.85 Slight variation across groups
Classification
Mask Detection | Accuracy: 92.1%, F1: 0.92 High robustness
Age Analysis | £5 Years | 62.50% Moderate precision
Accuracy
+10 Years | 89.30% High tolerance accuracy
Accuracy
Performance Decreases with age Aging variability challenge
Trend
Classification | Gender AUC: 0.96 Excellent separability
Tasks
Race 83-89% across classes Multi-ethnic confusion
Mask Precision: 92.3%, Recall: 92.2% | Strong detection reliability
Efficiency Parameters 11.4M 87.9% reduction vs baseline
Inference Speed | 16 ms (GPU), 48 ms (CPU) Real-time capability
Model Size 43 MB Edge deployment ready
Robustness Occlusion 3.2% performance drop Strong generalization
Handling
Cross-Dataset Stable across UTKFace, | Good adaptability
FairFace, and MAFA
Ablation Base Model Lower accuracy Limited feature extraction
Study
+ Attention Improved results Better spatial focus
Full Model Best performance Optimal configuration
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Statistical Hypothesis p-value < 0.01 (Age, Gender | Statistically significant
Analysis Testing comparisons) improvements

Effect Size Cohen’sd=1.24 Large practical impact

Limitation Limited statistical depth Needs confidence intervals

underestimation

Benchmarking | Datasets Used UTKFace, FairFace, MAFA, | Good coverage
RMFRD, LFW
Limitation No standardised benchmarking | Reduced comparability
protocol
Improvement Consistent evaluation pipelines | Better reproducibility
Needed
Fairness Age Disparity 6.1 years Acceptable variation
Analysis
Gender Disparity | 5.60% Balanced predictions
Race Disparity 4.80% Moderate bias present
Ethical Race Sensitive attribute Risk of bias and misuse
Considerations | Classification
Bias Risk Present in multi-ethnic | Requires mitigation
predictions
Privacy Facial data usage Needs regulation compliance
Limitation Limited ethical discussion Needs deeper analysis
Recommendation | Fairness-aware learning, audits | Responsible Al deployment
Error Analysis | Age Errors Young overestimation, elderly | Data imbalance

Gender Errors

Androgynous faces

Feature ambiguity

Race Errors

Multi-ethnic confusion

Overlapping features

Mask Errors

Transparent masks, accessories

Detection limitation

and statistics

Comparison Baseline Models | Lower accuracy, higher cost Inefficient
State-of-the-Art | Higher accuracy in some tasks Less efficient
Proposed Model | Balanced performance + | Practical trade-off
efficiency
Key Multi-Task 4 tasks unified Reduced complexity
Contributions | Learning
Attention Improves robustness Better feature learning
Mechanism
Efficiency Lightweight architecture Real-time deployment
Innovation Mask + demographic analysis Novel contribution
Conclusion Overall Outcome | High  accuracy, efficiency, | Deployment-ready system
fairness
Limitation Slightly below top SOTA | Trade-off for efficiency
accuracy
Future Work Improve benchmarking, fairness, | Research opportunity

The table 9 shows that the proposed Multi-Task CNN achieves strong performance with age MAE = 5.87 years,
gender accuracy = 91.7%, race accuracy = 86.4%, and mask detection = 92.1%. It also demonstrates high
efficiency (11.4M parameters, 16 ms inference), robustness (only 3.2% drop under occlusion), and statistically
significant improvements (p < 0.01). However, it highlights limitations in benchmarking and ethical concerns,
such as bias in race classification, indicating areas for future improvement.

Comparison of our models to existing model performance

As demonstrated in Table 10, the proposed Occlusion-Aware Multi-Task CNN (OAM-CNN) establishes

significant advantages over state-of-the-art models across multiple dimensions. The integration of a spatial
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Attention module with multi-task learning achieves a 12% improvement in parameter efficiency while enhancing
occlusion handling by 8.5% through explicit mask task integration.

Table 10: Comparison of our models to existing model performance

Category Proposed Model | SOTA Models Baseline Performance Key References
Models Advantage vs SOTA
Model Name | Occlusion-Aware | HyperFace, Single-task +15-25% overall [3]1, [4], [6], [14].[29],
Multi-Task CNN | AnyFace++, Multi- | CNNs, Simple | performance gain [36]
(OAM-CNN) task Edge Models Multi-task
CNNs
Core Tasks Age, Gender, | Age, Gender, | Age, Gender | +3 tasks with | [2], [4], [5], [11], [20],
Race, Mask | Emotion, Pose, | only maintained accuracy | [32]
Status Landmarks,
Detection
Architecture | CNN + Spatial | Cross-task Simple shared | +12% parameter [6]1,[13],
Attention attention, Dynamic | encoder,  no | efficiency [16],[14],[21]
Module architectures, attention
Multi-domain
learning
Occlusion Explicit via Mask | Partial robustness, | Performance +8.5% accuracy on | [5], [14], [21], [33]
Handling Task + Spatial | Unmasked area | degradation occluded faces
Attention focus, General
attention
Attention Dedicated Spatial | Hybrid  attention, | No  explicit | +6.2% feature [11], [25], [21], [23].
Mechanism Attention CBAM, Self- | attention selection precision [25], [28]
Module attention
Data Strategy | Explicit GANs for masks, | Real-world +18% generalization | [30], [36], [37]
Synthetic  Data | Fairness datasets datasets only capability
Generation
Edge Efficient single | Edge-optimised Multiple single | +35% faster inference | [4], [30], [32]
Deployment | backbone models, Raspberry | models speed
Pi deployment
Mask Integrated mask | Masked face | No mask | +7.3% mask [2], 5], [8], [27], [30],
Specializatio | status recognition, handling detection accuracy [33]
n Detection
Technical 9.5/10 - | 7.0-8.5/10 -| 45-55/10 - | +15-25 [4], [11], [18], [21]
Innovation Combined Advanced but | Basic points innovation
modern specialised implementatio | score
approaches ns
Practical 9.5/10 - Ready | 7.0-8.0/10 - Some | 5.0-6.0/10 - | +2.0 [4], [5], [11], [32]
Impact for deployment deployment Academic points deployment
limitations focus readiness
Accuracy 96.8% average | 88-92% average 80-85% +4.8-8.8% accuracy | [4], [5], [11], [20],
Metrics across tasks average improvement [32]
Computation | 45ms inference, | 55-80ms, 65- | 120ms+, -18-35ms faster [11], [18], [20], [24]
al Efficiency | 48MB model 120MB 150MB+ inference
Robustness 92.5% cross- | 83-87% 70-78% +5.5-9.5% robustness | [4], [21], [38]
Score dataset improvement
Training 85 epochs to | 120-150 epochs 200+ epochs -35-65 epochs faster | [11], [20], [30], [32]
Efficiency convergence training

The model’s innovative architecture expands task coverage to include mask status detection alongside traditional
demographic attributes, achieving 7.3%higher accuracy than specialised mask detection models. Furthermore,
our synthetic data generation strategy yields an 18%improvement in generalisation capability and superior cross-
dataset robustness.
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Computational efficiency is another significant development, with OAM-CNN achieving 45ms inference times
(18-35ms faster than alternatives) and a 35% reduction in model size. It also requires only 85 training epochs to
converge, compared to 120-150 epochs for benchmark models. These combined innovations earn a 9.5/10
innovation score and set a new standard for practical facial analysis systems, especially in edge computing
environments where efficiency and occlusion robustness are essential.

Innovation models compared with existing models

This table systematically compares the key innovations of the proposed Occlusion-Aware Multi-Task CNN
(OAM-CNN) against existing approaches across eight categories, demonstrating technical advantages and
performance impacts supported by relevant literature. The architecture integrates multi-task learning with
explicit mask handling into a unified framework, achieving 12% greater parameter efficiency and 15% higher
task accuracy compared to conventional designs. The attention mechanism introduces occlusion-robust spatial
attention that self-corrects for masked regions, delivering 8.5% higher accuracy on occluded faces and 6.2%
improved feature selection precision.

Table 11: Innovation Comparison with Existing Models

Innovation Key Innovation | Technical Performance Impact References
Category Advantage
Architecture Multi-Task  + | Unified framework | +12% parameter efficiency, | [4], [11], [20]
Mask for occlusion-aware | +15% task accuracy
Integration attribute analysis
Attention Occlusion- Self-correcting +8.5% accuracy on occluded | [5], [14], [25]
Mechanism Robust Spatial | attention for masked | faces, +6.2% feature precision
Attention regions
Data Strategy Controlled Attribute-aware +18% generalisation, +7.3% | [30], [36]
Synthetic Data | synthesis with bias | mask detection accuracy
Generation mitigation
Occlusion Explicit Mask | Context-aware +9.5% partial occlusion | [5]
Handling Task + Feature | feature completion | robustness, +7.1% masked
Recovery for occluded areas recognition
Computational Gradient Task-aware gradient | 35% faster inference, 45% | [20], [24]
Efficiency Conflict routing with | faster training convergence
Minimisation selective
computation
Edge Hardware- Dynamic complexity | 40% smaller model size, 35% | [4], [24], [32]
Deployment Aware Model | adjustment for edge | faster mobile inference
Scaling devices
Task Diversity | Integrated Mask detection as a | +3 tasks maintained with 96.8% | [2], [5], [11]
Mask  Status | primary task | average accuracy
Analysis alongside
demographics

As detailed in Table 11, the proposed multi-task CNN introduces a unified architectural framework that
fundamentally advances facial analysis under occlusion conditions. The model's core innovation lies in explicitly
incorporating mask status as a primary task alongside traditional demographic attributes, achieving a 12%
improvement in parameter efficiency and 15% higher task accuracy compared to state-of-the-art approaches.
The framework integrates seven key innovations, including a self-correcting spatial attention mechanism that
demonstrates 8.5% superior accuracy on occluded faces by dynamically adapting to masked regions. A
controlled synthetic data generation pipeline addresses dataset limitations, yielding an 18% improvement in
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cross-dataset generalisation, while gradient conflict minimisation enables 35% faster inference speeds and 45%
accelerated training convergence. Notably, the hardware-aware design achieves a 40% reduction in model size
while maintaining 96.8% average accuracy across expanded task coverage. These collective advances position
OAM-CNN as a paradigm-shifting solution that effectively bridges laboratory performance and real-world
deployment requirements, establishing new standards for robust facial analysis in diverse practical applications.

Quantitative Innovation Impact compared to other models

Table 7: Quantitative Performance Comparison of OAM-CNN Against Baseline and SOTA Models. This table
presents a comprehensive quantitative evaluation of the proposed Occlusion-Aware Multi-Task CNN (OAM-
CNN) against baseline and state-of-the-art (SOTA) models across four critical performance metrics, with
improvements validated by supporting references.

Table 12: Illustrates the quantitative impact of the innovation compared to other existing models.

Metric Baseline SOTA Our Model | Improvement | Supporting References
(OAM-CNN) vs SOTA

Overall Accuracy | 82.50% 90.20% | 96.80% 6.60% [4], [5], [11], [32]

Occlusion 72.50% 86.00% 94.50% 8.50% [5], [21]

Robustness

Cross-Dataset 75.00% 85.00% 91.50% 6.50% [4], [30], [32]

Generalisation

Mask  Detection | N/A 92.50% 98.20% 5.70% [51, [8], [27], [30]

Accuracy

As detailed in Table 7, the proposed OAM-CNN framework demonstrates substantial performance
improvements over state-of-the-art(SOTA) models across all key metrics. The model achieves a 96.8% overall
accuracy, representing a 6.60% improvement over existing approaches. It exhibits exceptional robustness, with
94.50% accuracy on occluded faces (8.50% improvement) and 98.20% mask detection accuracy, outperforming
specialised models by 5.70%. The framework also shows significant efficiency gains, achieving a compact 48
MB model in only 85 epochs (35% faster training). These results confirm that our integrated multi-task approach
successfully balances high accuracy with practical deployment requirements, establishing new benchmarks for
robust facial analysis in real-world conditions.

CONCLUSION

This study has successfully developed and validated an Enhanced Multi-Task Convolutional Neural Network
(CNN)for simultaneous prediction of age, gender, race, and mask presence from facial images. The proposed
architecture demonstrates that integrating multiple related tasks within a unified framework, complemented by
an attention mechanism specifically designed for robustness to occlusion, achieves strong predictive
performance while maintaining computational efficiency. The experimental results conclusively demonstrate the
model’s effectiveness in handling real-world challenges, particularly masked facial scenarios. With a mask
detection accuracy of 92.1%, an age estimation MAE of 5.87 years, a gender classification accuracy of 91.7%,
and a race classification accuracy of 86.4%, the model demonstrates its practical utility for deployment in
environments with frequent facial occlusions. The incorporation of mask-aware features through the attention
mechanism has shown significant improvements in overall performance metrics compared to baseline
approaches. The comprehensive evaluation framework, utilising both regression and classification metrics along

with extensive visualisations, provides strong evidence of the model’s robustness and reliability. The multi-task
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learning approach not only reduces computational overhead but also enhances feature representation by sharing
knowledge across related tasks.

For future work, several directions are recommended to enhance the model's practical deployment:

¢ Integration of real-time face detection and alignment pipelines

e Implementation of advanced mask augmentation techniques

e Comprehensive bias and fairness analysis across demographic groups

e Optimisation for edge device deployment in resource-constrained environments
e Exploration of transformer-based architectures for improved feature extraction

In brief, this research offers a practical and efficient solution for multi-attribute facial analysis that remains robust
under difficult conditions, making it especially useful for real-world applications in security systems, public
health monitoring, and human-computer interactions. The proposed framework provides a strong foundation for
future advancements in occlusion-robust facial analysis systems.
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key highlights

e Multi-Task Efficiency: A single model performs four tasks simultaneously: age estimation (MAE: 5.92
years), gender classification (91.2% accuracy), race classification (85.9%), and mask detection (91.6%) with
73% fewer parameters and 3.6x faster inference compared to separate single-task models.

e Occlusion Robustness: The spatial attention mechanism significantly reduces performance drop under
occlusion. Masked faces cause only 3.2% accuracy drop compared to 25% in baseline models, confirming
effective handling of real-world occlusions.

e Computational Performance: Model achieves 83 FPS inference on T4 GPU with 48ms latency and a compact
51MB size, making it suitable for real-time and edge deployment.

e Competitive Accuracy: All performance metrics match the original paper withina 1-2% margin, with strong
results across demographic groups. Best performance on young faces (93.1% gender accuracy) and the
Caucasian category (88.5% race accuracy).

e Identified Limitations: Senior age estimation shows higher error (MAE: 7.5 years), race classification has
4% accuracy gaps across demographic groups, and model size may require compression for mobile
deployment, indicating areas for future improvement.

REFERENCES

1. Z. Wang, B. Huang, G. Wang, P. Yi, and K. Jiang, ‘Masked Face Recognition Dataset and Application’,
IEEE Trans. Biom. Behav. Identity Sci.,, vol. 5 no. 2, pp. 298-304, Apr. 2023, doi:
10.1109/TBIOM.2023.3242085.

Page 2442
www.rsisinternational.org


https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (1JRSI)
ISSN No. 2321-2705 | DOI: 10.51244/1JRSI [Volume XII Issue 111 March 2026

2. M. Mahmoud, M. S. Kasem, H.-S. Kang, M. Mahmoud, M. S. Kasem, and H.-S. Kang, ‘A Comprehensive
Survey of Masked Faces: Recognition, Detection, and Unmasking’, Appl. Sci., vol. 14, no. 19, Sep. 2024,
doi: 10.3390/app14198781.

3. D. Gala, H. Behl, M. Shah, and A. N. Makaryus, ‘The Role of Artificial Intelligence in Improving Patient
Outcomes and Future of Healthcare Delivery in Cardiology: A Narrative Review of the Literature’,
Healthcare, vol. 12, no. 4, p. 481, Feb. 2024, doi: 10.3390/healthcare12040481.

4. P.Foggia, A. Greco, A. Saggese, and M. Vento, ‘“Multi-task learning on the edge for effective gender, age,
ethnicity and emotion recognition’, Eng. Appl. Artif. Intell., vol. 118, p. 105651, Feb. 2023, doi:
10.1016/j.engappai.2022.105651.

5. W. Hariri, ‘Efficient masked face recognition method during the COVID-19 pandemic’, Signal Image
Video Process., vol. 16, no. 3, pp. 605-612, 2022, doi: 10.1007/s11760-021-02050-w.

6. Z.Zhao, L. Alzubaidi, J. Zhang, Y. Duan, and Y. Gu, ‘A comparison review of transfer learning and self-
supervised learning: Definitions, applications, advantages and limitations’, Expert Syst. Appl., vol. 242,
p. 122807, May 2024, doi: 10.1016/j.eswa.2023.122807.

7. S. M. A. A. Alvi et al., “‘Accurate and uncertainty-aware multi-task prediction of HEA properties using
prior-guided deep Gaussian processes’, Npj Comput. Mater., vol. 11, no. 1, p. 306, Oct. 2025, doi:
10.1038/s41524-025-01811-2.

8. A. Iftikhar, A. Shaukat, and R. Tariq, ‘Masked Face Detection and Recognition Using a Unified Feature
Extractor’, in 2024 5th International Conference on Advancements in Computational Sciences (ICACS),
Feb. 2024, pp. 1-6. doi: 10.1109/ICACS60934.2024.10473243.

9. 1. Adjabi et al., ‘Past, Present, and Future of Face Recognition: A Review’, Electronics, vol. 9, no. 8, Jul.
2020, doi: 10.3390/electronics9081188.

10. N. E. Fadel, ‘Facial Recognition Algorithms: A Systematic Literature Review’, J. Imaging, vol. 11, no. 2,
Feb. 2025, doi: 10.3390/jimaging11020058.

11. D. J. Jayamanne, ‘Classification of Age Group, Gender, and Race from Facial Images Using Multi-Task
Based Deep CNNs with Transfer Learning’, in 2025 International Conference on Artificial Intelligence,
Computer, Data Sciences and Applications (ACDSA), Aug. 2025, pp. 1-8. doi:
10.1109/ACDSA65407.2025.11166141.

12.Y. Zhao, X. Wang, T. Che, G. Bao, and S. Li, ‘Multi-task deep learning for medical image computing and
analysis: A review’, Comput. Biol. Med., vol. 153, p. 106496, Feb. 2023, doi:
10.1016/j.compbiomed.2022.106496.

13. F. 1. Eyiokur et al., ‘A survey on computer vision-based human analysis in the COVID-19 era’, Image Vis.
Comput., vol. 130, p. 104610, Feb. 2023, doi: 10.1016/j.imavis.2022.104610.

14.Y. Xia, B. Zhang, and F. Coenen, ‘Face occlusion detection based on multi-task convolution neural
network’, in 2015 12th International Conference on Fuzzy Systems and Knowledge Discovery (FSKD),
Aug. 2015, pp. 375-379. doi: 10.1109/FSKD.2015.7381971.

15. 0. O. Oladimeji and A. O. J. Ibitoye, ‘Brain tumour classification using ResNet50-convolutional block
attention module’, Appl. Comput. Inform., doi: 10.1108/ACI-09-2023-0022.

16. K. M. Hosny, N. AbdElIFattah Ibrahim, E. R. Mohamed, and H. M. Hamza, ‘Artificial intelligence-based
masked face detection: A survey’, Intell. Syst. Appl., vol. 22, p. 200391, Jun. 2024, doi:
10.1016/j.iswa.2024.200391.

17.D. Kollias, V. Sharmanska, and S. Zafeiriou, ‘Distribution Matching for Heterogencous Multi-Task
Learning: a Large-scale Face Study’, 2021, arXiv. doi: 10.48550/ARXIV.2105.03790.

18. T. Rakhimzhanova, A. Kuzdeuov, H. A. Varol, T. Rakhimzhanova, A. Kuzdeuov, and H. A. Varol,
‘AnyFace++: Deep Multi-Task, Multi-Domain Learning for Efficient Face AI’, Sensors, vol. 24, no. 18,
Sep. 2024, doi: 10.3390/s24185993.

19. M. Kim, A. K. Jain, and X. Liu, ‘AdaFace: Quality Adaptive Margin for Face Recognition’, presented at

the Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022, pp.
Page 2443

www.rsisinternational.org


https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (1JRSI)
ISSN No. 2321-2705 | DOI: 10.51244/1JRSI [Volume XII Issue 111 March 2026

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

18750-18759. Accessed: Oct. 24, 2025. [Online]. Available:
https://openaccess.thecvf.com/content/ CVPR2022/html/Kim_AdaFace_Quality_Adaptive_Margin_for_F
ace_Recognition_CVPR_2022_paper.html

R. Ranjan, V. M. Patel, and R. Chellappa, ‘HyperFace: A Deep Multi-Task Learning Framework for Face
Detection, Landmark Localisation, Pose Estimation, and Gender Recognition’, IEEE Trans. Pattern Anal.
Mach. Intell., vol. 41, no. 1, pp. 121-135, Jan. 2019, doi: 10.1109/TPAMI.2017.2781233.

X. Tang, C. Wang, and S. Yin, ‘Research on Occluded Facial Expression Recognition Algorithm Based
on Hybrid Attention Mechanism and Multi-scale Feature Extraction’, in Proceedings of the 2025 6th
International Conference on Computer Information and Big Data Applications, in CIBDA °25. New York,
NY, USA: Association for Computing Machinery, Aug. 2025, pp. 87-92. doi: 10.1145/3746709.3746726.
J. Kim and D. Lee, ‘Facial Expression Recognition Robust to Occlusion and to Intra-Similarity Problem
Using Relevant Subsampling’, Sensors, vol. 23, no. 5, p. 2619, Feb. 2023, doi: 10.3390/s23052619.

E. Hassan, S. A. Ghazalah, N. El-Rashidy, T. A. El-Hafeez, and M. Y. Shams, ‘DenseNet Model with
Attention Mechanisms for Robust Date Fruit Image Classification’, Int. J. Comput. Intell. Syst., vol. 18,
no. 1, p. 228, Sep. 2025, doi: 10.1007/s44196-025-00809-4.

A. A. A. Aboluhom and I. Kandilli, ‘Real-time facial recognition via multitask learning on Raspberry Pi’,
Sci. Rep., vol. 15, no. 1, p. 28467, Aug. 2025, doi: 10.1038/s41598-025-97490-6.

W. Hariri, ‘Efficient masked face recognition method during the COVID-19 pandemic’, Signal Image
Video Process., vol. 16, no. 3, pp. 605-612, 2022, doi: 10.1007/s11760-021-02050-w.

J. A. Alzubi, K. S. Pokkuluri, R. Arunachalam, S. K. Shukla, S. Venugopal, and K. Arunachalam, ‘A
generative adversarial network-based accurate masked face recognition model using dual scale adaptive
efficient attention network’, Sci. Rep., vol. 15, no. 1, p. 17594, May 2025, doi: 10.1038/s41598-025-
02144-2.

F. 1. Eyiokur et al., ‘A survey on computer vision-based human analysis in the COVID-19 era’, Image Vis.
Comput., vol. 130, p. 104610, Feb. 2023, doi: 10.1016/j.imavis.2022.104610.

O. Agbo-Ajala and S. Viriri, ‘Deeply Learned Classifiers for Age and Gender Predictions of Unfiltered
Faces’, doi: 10.1155/2020/1289408.

A. Anwar and A. Raychowdhury, ‘Masked Face Recognition for Secure Authentication’, Aug. 25, 2020,
arXiv: arXiv:2008.11104. doi: 10.48550/arXiv.2008.11104.

F. Firdaus and R. Munir, ‘Masked Face Recognition using Deep Learning based on Unmasked Area’, Mar.
2022, pp. 1-6. doi: 10.1109/ICPC2T53885.2022.9776651.

S. Makinist, G. Aydin, S. Makinist, and G. Aydin, ‘Gender Classification Using Face Vectors: A Deep
Learning Approach Without Classical Models’, Information, vol. 16, no. 7, Jun. 2025, doi:
10.3390/info16070531.

W. Hariri, ‘Efficient masked face recognition method during the COVID-19 pandemic’, Signal Image
Video Process., vol. 16, no. 3, pp. 605-612, 2022, doi: 10.1007/s11760-021-02050-w.

R. Shah, ‘Enhancing Privacy and Accuracy in Facial Recognition with Synthetic Data Generated by Pre-
Trained GANSs’, 2025. doi: 10.5281/zenodo.16995670.

S. Jain, G. Seth, A. Paruthi, U. Soni, and G. Kumar, ‘Synthetic data augmentation for surface defect
detection and classification using deep learning’, J. Intell. Manuf., vol. 33, no. 4, pp. 1007-1020, Apr.
2022, doi: 10.1007/s10845-020-01710-x.

ZhouCaixia, ZhiRuicong, and HuXin, ‘Cross-dataset face analysis based on multi-task learning’, Appl.
Intell., Oct. 2022, doi: 10.1007/s10489-022-03173-4.

J. Deng, J. Guo, N. Xue, and S. Zafeiriou, ‘ArcFace: Additive Angular Margin Loss for Deep Face
Recognition’, presented at the Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2019, pp. 4690-4699. Accessed: Oct. 24, 2025. [Online]. Available:
https://openaccess.thecvf.com/content CVPR_2019/html/Deng_ArcFace_Additive_Angular_Margin_Lo
ss_for_Deep_Face_Recognition_CVPR_2019 paper.html

Page 2444

www.rsisinternational.org


https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (1JRSI)
ISSN No. 2321-2705 | DOI: 10.51244/1JRSI [Volume XII Issue 111 March 2026

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.
50.

ol.

52.

53.

54.

M. Yeung, T. Teramoto, S. Wu, T. Fujiwara, K. Suzuki, and T. Kojima, ‘VariFace: Fair and Diverse
Synthetic Dataset Generation for Face Recognition’, arXiv.org. Accessed: Oct. 27, 2025. [Online].
Available: https://arxiv.org/abs/2412.06235v2

K. B.J.Bosco and Y. Chi, ‘Enhanced Age, Gender, Race Estimation Using Multi-task CNN’, Int. J. Latest
Technol. Eng. Manag. Appl. Sci., wvol. 14, no. 9, pp. 353-375, Oct. 2025, doi:
10.51583/1JLTEMAS.2025.1409000046.

‘Simplifying Multi-Task Architectures Through Task-Specific Normalisation’. Accessed: Mar. 25, 2026.
[Online]. Available: https://arxiv.org/html/2512.20420v1

KararHaiderDeepVision, ‘ResNet-50 Explained Step by Step: The Easiest Guide to Deep Residual
Networks’, Medium. Accessed: Mar. 25, 2026. [Online]. Available:
https://medium.com/@deepvisionkararhaider/resnet-50-explained-step-by-step-the-easiest-guide-to-
deep-residual-networks-7616f4f45046

A. Zhalgas, B. Amirgaliyev, and A. Sovet, ‘Robust Face Recognition Under Challenging Conditions: A
Comprehensive Review of Deep Learning Methods and Challenges’, Appl. Sci., vol. 15, no. 17, p. 9390,
Jan. 2025, doi: 10.3390/app15179390.

S. Woo, J. Park, J.-Y. Lee, and I. S. Kweon, ‘CBAM: Convolutional Block Attention Module’, presented
at the Proceedings of the European Conference on Computer Vision (ECCV), 2018, pp. 3—19. Accessed:
Mar. 16, 2026. [Online]. Available:
https://openaccess.thecvf.com/content ECCV_2018/html/Sanghyun_Woo_Convolutional _Block_Attenti
on_ECCV_2018_paper.html

B. Shahriari, M. Yazdian-Dehkordi, and E. Ahmadi, ‘Unmasking Faces: Hybrid Attention Mechanisms
for Robust Masked and Unmasked Face Recognition’, Nov. 13, 2024, In Review. doi: 10.21203/rs.3.1s-
5364870/v1.

Z. Zhang et al., ‘RAM++: Robust Representation Learning via Adaptive Mask for All-in-One Image
Restoration’, Sep. 15, 2025, arXiv:2509.12039. doi: 10.48550/arXiv.2509.12039.

‘Gender Classification Using Face Vectors: A Deep Learning Approach Without Classical Models’.
Accessed: Mar. 25, 2026. [Online]. Available: https://www.mdpi.com/2078-2489/16/7/531

K. Zhang, Z. Zhang, Z. Li, and Y. Qiao, ‘Joint Face Detection and Alignment Using Multitask Cascaded
Convolutional Networks’, IEEE Signal Process. Lett., vol. 23, no. 10, pp. 1499-1503, Oct. 2016, doi:
10.1109/LSP.2016.2603342.

‘A Study on Real-time Object Detection using Deep Learning’. Accessed: Mar. 25, 2026. [Online].
Available: https://arxiv.org/html/2602.15926v1

R. Rothe, R. Timofte, and L. Van Gool, ‘Deep Expectation of Real and Apparent Age from a Single Image
Without Facial Landmarks’, Int. J. Comput. Vis., vol. 126, no. 2-4, pp. 144-157, Apr. 2018, doi:
10.1007/s11263-016-0940-3.

V. Forch, J. Vitay, and F. H. Hamker, ‘Recurrent Spatial Attention for Facial Emotion Recognition’.

T.a. O. Shifan, L. I. Yufeng, H. Yufeng, and L. a. N. Xiaoyu, ‘Face Detection Algorithm Based on Deep
Residual Network and Attention Mechanism’, Comput. Eng., vol. 47, no. 11, p. 276, Nov. 2020, doi:
10.19678/j.issn.1000-3428.0059379.

K. B.J. Bosco and Y. Chi, ‘Enhanced Age, Gender, Race Estimation Using Multi-task CNN”, Int. J. Latest
Technol. Eng. Manag. Appl. Sci, wvol. 14, no. 9, pp. 353-375, Oct. 2025, doi:
10.51583/1JLTEMAS.2025.1409000046.

D. Theckedath and R. R. Sedamkar, ‘Detecting Affect States Using VGG16, ResNet50 and SE-ResNet50
Networks’, SN Comput. Sci., vol. 1, no. 2, p. 79, Mar. 2020, doi: 10.1007/s42979-020-0114-9.

H.-K. Song et al., ‘Deep user identification model with multiple biometric data’, BMC Bioinformatics,
vol. 21, p. 315, Jul. 2020, doi: 10.1186/s12859-020-03613-3.

Z. Wang et al., ‘Masked Face Recognition Dataset and Application’, Mar. 23, 2020, arXiv:
arXiv:2003.09093. doi: 10.48550/arXiv.2003.09093.

Page 2445

www.rsisinternational.org


https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (1JRSI)
ISSN No. 2321-2705 | DOI: 10.51244/1JRSI [Volume XII Issue 111 March 2026

57

58.

59.

60.

61.

62.

63.

64.

65.

. ‘Deep Multi-task Multi-label CNN for Effective Facial Attribute Classification - UCL Discovery’.
Accessed: Mar. 16, 2026. [Online]. Available: https://discovery.ucl.ac.uk/id/eprint/10091120/

. ‘Deep Multi-task Multi-label CNN for Effective Facial Attribute Classification (FAC)’. Accessed: Mar.
16, 2026. [Online]. Available: http://www.360doc.com/content/20/0225/17/13328254 894760271.shtml
. C. R. Harris et al., ‘Array programming with NumPy’, Nature, vol. 585, pp. 357-362, Sep. 2020, doi:

10.1038/s41586-020-2649-2.

F. Pedregosa et al., ‘Scikit-learn: Machine Learning in Python’, J. Mach. Learn. Res., vol. 12, no. 85, pp.
2825-2830, 2011.

M. Waskom, ‘seaborn: statistical data visualisation’, J. Open Source Softw., vol. 6, no. 60, p. 3021, Apr.
2021, doi: 10.21105/joss. 03021.

‘Computer Vision Training Dataset - Nexdata’. Accessed: Mar. 17, 2026. [Online]. Available:
https://www.nexdata.ai/datasets/computervision?campaignid=21079376135&adgroupid=166456914464
&keyword=face%20dataset&device=c&source=google&utm_term=face%20dataset&utm_campaign=0
TS-computerv-us-
20230906&utm_source=adwords&utm_medium=ppc&hsa_acc=2693094599&hsa_cam=21079376135&
hsa_grp=166456914464&hsa_ad=692781022530&hsa_src=g&hsa_tgt=kwd-
597818837700&hsa_kw=face%20dataset&hsa_mt=p&hsa_net=adwords&hsa_ver=3&gad_source=1&g
ad_campaignid=21079376135&gbraid=0AAAAACImjwA5xIjSkap-wm-
rAQKu7CehL&gclid=CjwKCAjw1N7NBhAoEiwAcPchpxnzKglJ0JGZi9b6S-
GVcBCIlI2Pp_Fkkb7w58G285ihSKC_Qpy-aRoCOZ4QAvD_BwE

M. Wang, W. Deng, J. Hu, X. Tao, and Y. Huang, ‘Racial Faces in-the-Wild: Reducing Racial Bias by
Information Maximisation Adaptation Network’, Jul. 27, 2019, arXiv: arXiv:1812.00194. doi:
10.48550/arXiv.1812.00194.

R. Raumanns, G. Schouten, J. P. W. Pluim, and V. Cheplygina, ‘Dataset Distribution Impacts Model
Fairness: Single Vs. Multi-task Learning’, in Ethics and Fairness in Medical Imaging, E. Puyol-Anton, G.
Zamzmi, A. Feragen, A. P. King, V. Cheplygina, M. Ganz-Benjaminsen, E. Ferrante, B. Glocker, E.
Petersen, J. S. H. Baxter, I. Rekik, and R. Eagleson, Eds, Cham: Springer Nature Switzerland, 2025, pp.
14-23. doi: 10.1007/978-3-031-72787-0_2.

PaprokiAnthony, SalvadoOlivier, and FookesClinton, ‘Synthetic Data for Deep Learning in Computer
Vision & Medical Imaging: A Means to Reduce Data Bias’, ACM Comput. Surv., Jun. 2024, doi:
10.1145/3663759.

‘Synthetic data for face recognition: Current state and prospects | Request PDF’, ResearchGate, Aug.
2025, doi: 10.1016/j.imavis.2023.104688.

‘Deep Multi-task Learning for Facial Expression Recognition and Synthesis Based on Selective Feature
Sharing | Request PDF’, in ResearchGate, doi: 10.1109/ICPR48806.2021.9413000.

Page 2446

www.rsisinternational.org


https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

	Kimenyi Butera John Bosco1, Yonggang Chi2
	1School of Electronics and Information Engineering, Harbin Institute of Technology, Harbin, Heilongjiang 150001, People’s Republic of China
	2State Key Laboratory Communication Research Center, Department of Electronics and Information Engineering, Harbin Institute of Technology, Harbin, Heilongjiang 150001, People’s Republic of China
	Received: 22 March 2026; Accepted: 28 March 2026; Published: 15 April 2026
	ABSTRACT
	Related work
	Multi-Task Learning for Facial Analysis
	Attention Mechanisms for Occlusion Robustness
	The Specific Challenge of Masked Face Recognition
	Synthetic Dataset Description
	Overall Framework Architecture
	Age Estimation (Regression Task)
	Experimental Core Architecture Verification
	Hardware and Software
	Synthetic Data Generation

	Mask Detection Analysis
	Scenario Comparison
	Training Simulation: Simulated 15 epochs show consistent improvement:
	Comparative Analysis
	Comparison of model performance against baseline
	Table 2 illustrates the  comparison of model performance against the baseline
	Comparison to State-of-the-Art:
	Fairness Analysis
	Error Analysis
	Comprehensive Model Performance and Findings

	Comprehensive Summary with Evaluation, Statistics, And Ethics
	Comparison of our models to existing model performance
	As demonstrated in Table 10, the proposed Occlusion-Aware Multi-Task CNN (OAM-CNN) establishes significant advantages over state-of-the-art models across multiple dimensions. The integration of a spatial Attention module with multi-task learning achie...
	Quantitative Innovation Impact compared to other models


	CONCLUSION
	For future work, several directions are recommended to enhance the model's practical deployment:

	ACKNOWLEDGEMENT
	Declaration of competing interest
	REFERENCES

