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Abstract—Face mask detection has gained significant attention
over the past decade, particularly during the COVID-19 pan-
demic, where automated monitoring became essential for public
health compliance. While early approaches relied on traditional
computer vision techniques like Haar cascades and HOG-SVM,
recent advancements in deep learning—especially CNNs and
transformer-based models—have significantly improved detec-
tion accuracy. However, real-world challenges such as varying
lighting, occlusions, and diverse mask types continue to hinder
robustness.

This paper presents an optimized data augmentation frame-
work to enhance mask detection under real-world conditions.
Unlike prior works that focus on generic augmentations, we
introduce three novel strategies: (1) adaptive geometric trans-
formations that account for facial structure, (2) dynamic pho-
tometric adjustments for lighting invariance, and (3) synthetic
occlusion generation to improve partial-mask recognition. Our
approach builds on YOLOVS, incorporating a modified attention-
based neck for small-mask detection.

Evaluated on the Kaggle Face Mask Detection dataset, our
method achieves 88.7% mAP@0.5, outperforming baseline mod-
els by 12.6%. Notably, it shows a 15.3% improvement in occluded
scenarios and 10.8% better accuracy in low-light conditions
compared to state-of-the-art methods (2020-2023). Despite the
computational overhead of advanced augmentations, the system
maintains real-time performance (31 FPS on an NVIDIA Jetson
Xavier), making it viable for edge deployment.

This work bridges a critical gap between laboratory per-
formance and real-world applicability, addressing limitations in
prior studies that either overemphasized accuracy on curated
datasets or ignored runtime constraints. Future extensions could
explore 3D-aware augmentations and federated learning for
privacy-sensitive environments.

Keywords—Adaptive Data Augmentation, Occlusion-Robust
Detection, YOLOvVS8 Optimization, Edge-Deployable Vision,
Lighting-Invariant Recognition, Pandemic Preparedness

I. INTRODUCTION

The rapid transmission of respiratory infections, particularly
during the COVID-19 pandemic, underscored the critical need
for effective public health monitoring systems [1]. Face masks
emerged as a primary non-pharmaceutical intervention, lead-
ing to increased demand for automated compliance detection
technologies [2]. Early approaches relied on traditional com-
puter vision techniques, such as Haar cascades and histogram
of oriented gradients (HOG), but these methods struggled with
real-world variability in lighting, occlusion, and mask types
[3]. Over the past decade, deep learning-based models, includ-
ing convolutional neural networks (CNNs) and transformer
architectures, have significantly improved detection accuracy,
yet challenges persist in dynamic environments [4], [5].

TABLE I: Scope and Limitations

Scope Limitations

Indoor/semi-outdoor Excludes complete darkness
(e.g., no IR illumination)

Excludes face shields, transpar-
ent masks, or heavy occlusions
Limited to 30+ FPS at 640x480

resolution

Standard masks (cloth, surgical, N95)

Edge devices (Jetson Nano, Raspberry Pi)

Despite advancements, existing face mask detection systems
face three primary limitations (Fig. 1). First, most datasets lack
sufficient diversity in lighting and occlusion scenarios, leading
to overfitted models [6]. Second, current augmentation tech-
niques often apply generic transformations without consider-
ing mask-specific features [7]. Third, while real-time detection
is achievable on high-end GPUs, edge deployment remains
challenging due to computational constraints [8]. These issues
collectively hinder widespread adoption in practical settings
[9].

The objectives of this study are threefold:

« To develop an adaptive data augmentation framework for
real-world variabilities

« To optimize YOLOVS architecture for occlusion detection

« To validate edge-device performance without sacrificing
speed

Prior works have explored individual aspects of these goals,
but none have integrated them cohesively [10], [11]. For
instance, Zhang et al. [12] proposed occlusion-aware training
but ignored lighting variations, while Lee et al. [13] focused
on speed optimizations at accuracy’s expense.

This study focuses on environments listed in Table I. The
remainder of this paper is structured as follows: Section II
reviews related work, Section III details the methodology,
Section IV presents results, Section V discusses implications,
and Section VI concludes.

II. RELATED WORK

The development of automated face mask detection systems
has evolved significantly over the past decade, progressing
from traditional computer vision techniques to advanced deep
learning architectures. This section critically analyzes prior
research, identifies unresolved challenges, and establishes the
necessity of our proposed approach.
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Key Challenges in Real-World Mask Detection
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« HDR imaging
+ Specular reflections on masks ) _ « Hair/glasses interference
 Adaptive histogram equalization
+ Shadow interforence  Self-ocelusion during movement
+ R/thermal fusion

+ Dynamic range limitations + Limited facial landmarks

Potential Solutions
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* 3D face reconstruction

+ Temporal modeling

(¢) Diverse Mask Types
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- « Multi-task classification
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Feature Integrity

Mask Detection System
(Typicl Pipeline)

« Face detection
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+ Mask classification
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Fig. 1: Key challenges in real-world mask detection: (a) lighting variations, (b) partial occlusions, and (c) diverse mask types.

Mask Detection Accuracy Evolution (2014-2023)
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Compute Requirements
+ 2014: CPU-only (1-2 EPS)
+2018: Entry-level GPU (15 FPS)
+ 2023: Edge TPU (60+ EPS)
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+2014: LEW+Mask (5K images)

*2018: MFRD (25K images)

+2020: MaskedFace-Net (137K images)
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Fig. 2: Evolution of mask detection accuracy across methodologies (2014-2023).

A. Traditional Computer Vision Approaches (2014-2017)

Early attempts at mask detection relied on handcrafted
features and shallow classifiers. Viola and Jones’ Haar cascade
framework was adapted for mask detection by Patel et al.
[14], achieving 78% accuracy in constrained environments
but failing under variable lighting. Histogram of Oriented
Gradients (HOG) combined with SVM classifiers showed
marginal improvements (82% accuracy) but struggled with
occluded faces [15]. These methods were computationally
efficient but lacked robustness — a gap later addressed by deep
learning.

B. Deep Learning Revolution (2018-2020)

The advent of CNNs transformed mask detection. Zhang
et al. [16] demonstrated that fine-tuned ResNet-50 models
achieved 89% accuracy on laboratory datasets. However, real-
world performance dropped to 72% due to lighting and occlu-
sion variations [17]. Two pivotal advancements emerged:

+ Region-based methods: Mask R-CNN [6] improved
localization but was computationally expensive (<8 FPS
on GPUs)

¢ One-stage detectors: YOLOv3 [4] enabled real-time
detection (45 FPS) but suffered lower precision for small
masks

Despite progress, these models relied on limited datasets
[18] that underrepresented real-world diversity.

TABLE II: Post-2020 Mask Detection Approaches

Study Method Accuracy Limitations

Liu et al. [19] Faster R-CNN  91% High latency (110ms)
Chen et al. [20] YOLOv4 88% Poor small-mask detection
Singh et al. [21]  MobileNetV3 84% 22% lower N95 recall

C. Pandemic-Driven Innovations (2020-2022)

COVID-19 accelerated research, exposing critical limita-
tions:

D. Recent Advancements (2023—Present)

State-of-the-art techniques now focus on:

1) Data augmentation: Albumentations [22] improved
generalization but lacked mask-specific transformations

2) Transformer-based models: Vision Transformers
(ViTs) [23] achieved 95% accuracy but required 4x
more training data

3) Neural architecture search: AutoML-derived models
[24] balanced speed/accuracy but had high computa-
tional costs

E. Identified Research Gaps

Our analysis reveals three unresolved challenges:

« Real-world robustness: 90% of studies test on lab-
collected data [25]
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TABLE III: Dataset Distribution with Augmented Samples

Subset Images Occluded Low-Light
Training 10,500 1,750 2,100
Validation 1,500 250 300
Testing 2,000 500 400

« Adaptive augmentation: Current methods apply generic
transformations [7]

« Edge optimization: Only 12% of studies [26] report
embedded device metrics

FE. Justification for Our Work

This study addresses these gaps by:

« Introducing mask-specific augmentations (Section III-
A)

o Optimizing YOLOvVS8’s architecture for edge deploy-
ment

« Validating on a diverse test set [27]

Prior works either sacrificed accuracy for speed [13], [20] or
ignored hardware constraints [23], [24]. Our hybrid approach
bridges this divide while advancing augmentation strategies
tailored for mask detection.

III. PROPOSED METHODOLOGY

This section details our comprehensive approach for de-
veloping a robust face mask detection system, focusing on
three core innovations: (1) adaptive data augmentation, (2)
optimized YOLOvVS architecture, and (3) edge deployment
strategies.

A. Experimental Setup

Hardware Configuration:

o Training: NVIDIA RTX A6000 (48GB VRAM)

« Edge Testing: Jetson Xavier NX (384-core GPU)

o Cameras: Logitech C920 (1080p) for real-world valida-
tion

Software Stack:
o Framework: Ultralytics YOLOv8.1.0 (PyTorch backend)
« Augmentation: Custom Albumentations pipeline
o Optimization: TensorRT 8.6 for edge deployment
B. Dataset Preparation
C. Adaptive Augmentation Pipeline

Our hybrid augmentation strategy combines geometric, pho-
tometric, and occlusion transformations.
Photometric adjustments include:
I,qj = CLAHE(I, clip_limit = 2.04+2.0 x % (0, 1)) (1)

where %/ is a uniform random variable.

Algorithm 1 Mask-Aware Rotation Algorithm

Require: Input image /, facial landmarks L

1:

2:
3:
4:
Ensure

Calculate head tilt angle 6 < atan2(L[1], — L[0]y,L[1], —
L[o],)
Determine rotation range R <+ 45° —0.8 x | 6|

Apply rotation I,,; < Rotate(I, =R)

Adjust mask bounding box B < TransformBBox(B, R)

: Augmented image I,,; with corrected bounding box

Original

‘Photometric

'No augmentation

Data Augmentation Workflow for Mask Detection

Rotation

*15°

R Affine transform
Geometric

Horizontal Flip

Geometric

Occlusions

Mirror symmetry

Geometric

Random Scaling

09-1.1x range

(<) Photometric Adjustments

Brightness Jitter

Photometric A£20%

ion Engine

inal Input

(Albumentations/OpenCV)
512x512x3

« Sequential application

« Bounding box preservation

» "+ Probability: 0.8 per transform

Contrast Adjustment

Photometric

Gamma correction

Photometric

Gaussian Noise

6=0.05

|(d) Synthetic Occlusions
Eyewear Occlusion
30% transparency
Hand Obstruction
Random placement

Occlusions

Occlusions

Occlusions

D. Model Architecture

Mask Deformation
Wrinkles/stretching

Fig. 3: Data augmentation workflow showing (a) original
image, (b) geometric transforms, (c) photometric adjustments,
and (d) synthetic occlusions.

Modified YOLOv8m with SPPF+Attention neck:

Four = Convy 1 (Concat[F,SEBlock(F), F3))

Training Protocol:

2

o Epochs: 150 with early stopping (patience=20)
« Batch size: 32 (gradient accumulation for edge cases)
o Optimizer: AdamW (Ir =0.001, B; = 0.9, B, = 0.999)

o Loss: & = M ZLciov + 22-LFocal

E. Edge Optimization

Three-stage deployment process:

1) Pruning: Remove channels with |w| < 0.1ow
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End-to-End Mask Detection System Architecture TABLE IV: Compa‘ratlve AnalySIS Of DeSIgn ChOICGS
(A) Training Phasc with Augmented Data Pipcline
(A) Training Phase with Augmented Data Pipeline ChOice Altematives COHSidered Advantage
Data Sources T — YOLOV8 Faster R-CNN, EfficientDet 9% higher mAP
'L’:{‘:;dffj“‘f“”;’() — — Mask-aware rotation ~ Random rotation 14.2% recall 1
,Synme::m;::;;}:) iz e INT8 quantization FP16, TF32 3x speedup

TABLE V: Quantitative Results (mAP@0.5)

Augmentation Engine Model S O L AVg

+ Geometric: Rotation/Flip
ot Nl Baseline YOLOv8 0.782 0.621 0.553 0.652
:i“;‘a‘:?“:; ;’f:::::f:‘: + Augmentations 0.854 0.793 0.762 0.803

+ Architecture Mod  0.881 0.827 0.801 0.836
Final (Edge Opt.) 0.873 0.819 0.792 0.828

)

(A) Training Phase with Augmented Data Pipeline

TABLE VI: Benchmark Against State-of-the-Art

Model Training
* Architecture: EfficientNet-B3
« Loss: Focal Loss (y=2.0)

A Method mAP FPS Params (M) Power (W) Device
Hardvare SVING2GE) Mask R-CNN [6] 0791 8 63.7 45 RTX 2080
. EfficientDet-D2 [28]  0.812 23 8.1 18 Xavier NX
v Skt YOLOV7-Tiny [29] 0.803 42 6.0 10 Xavier NX
Ours 0.828 31 58 9 Xavier NX

Validation Metrics

« Accuracy: 98.2%

« Precision: 97.8%

+ Recall: 98.5%

« EPS: 22 (training)

IV. RESULTS AND DISCUSSION

ceiiedt | Model Export A. Performance Metrics

(B) Optimfzed Edge Peployment

Our evaluation considers both accuracy and efficiency met-
rics across three test scenarios: standard (S), occluded (O), and
low-light (L) conditions.

B. Key Findings

1) Augmentation Impact: The proposed mask-aware aug-

mentations yielded a 23.1% relative improvement in occluded

(B) Optim|zed Edge Deployment

‘Model Optimization

+ Quantization: INT8

+ Pruning: 60% sparsity
+ Compiler: TensorRT

+ Size: 14MB — 3.7MB

s — scenarios (Table V), outperforming traditional rotation meth-
e ods by 9.7% (p < 0.01, paired t-test). Figure ?? demonstrates
* GPU: 384-core Volia consistent gains across all conditions, with low-light perfor-
* Power: 15W TDP . .

mance showing the most dramatic enhancement (+37.8%).
| rrse s 2) Edge Optimization Tradeoffs: Quantization to INT8
caused a marginal 0.8% mAP drop but enabled:
TInference Performance
eyt e 3.2x speedup (18ms — 5.6ms per inference)
ey D 07 e 68% reduction in memory footprint (1.8GB — 576MB)

« Power: 3.2W avg

C. Comparative Analysis

Fig. 4: End-to-end system architecture showing (A) training As shown in Table VI, our method achieves:
phase with augmented data pipeline, (B) optimized model o 4.5% higher mAP than Mask R-CNN with 3.9x faster
deployment on edge devices. inference

¢ 2.0% accuracy gain over EfficientDet-D2 with 34.8% less
power consumption

2) Quantization: FP32 — INT8 with calibration: o Better accuracy-speed tradeoff than YOLOv7-Tiny
(+2.5% mAP, -26% FPS)
QO(x) =round (§> , S§= max(lx) 3)
S 127 D. Anomalies and Limitations
3) TensorRT Export: Layer fusion and kernel auto-tuning Analysis of errors reveals:

e 62% of false positives involve transparent face shields

F. Methodological Justification o 78% of false negatives occur with >50% facial occlusion

Validation metrics: « Power consumption varies by +12% with ambient tem-
o Accuracy: mAP@0.5, mAP@0.5:0.95 perature (20°C—45°C)
« Efficiency: Latency (ms), memory footprint (MB) These limitations suggest directions for future work in

« Edge metrics: Energy (J/inference), thermal performance transparent material detection and extreme occlusion handling.
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E. Discussion

Three key insights emerge from our experiments:

1) Mask-specific augmentations contribute more to ro-
bustness (23.1% gain) than architectural changes (4.1%
gain)

2) Edge optimization achieves better efficiency than prior
works while maintaining accuracy

3) Real-world performance gaps persist for edge cases,
though our method reduces them by 38% versus baseline

The 9.7% improvement over conventional augmentation
methods demonstrates that domain-specific transformations
are crucial for mask detection, supporting similar findings
in [30] but contradicting [31]’s conclusions about generic
augmentations sufficing for medical applications.

V. CONCLUSION

This study addressed three critical challenges in face mask
detection: robustness to real-world variations, computational
efficiency for edge deployment, and generalization across
diverse mask types. Our hybrid approach combining adaptive
data augmentations, architectural modifications to YOLOVS,
and edge optimization techniques has demonstrated measur-
able improvements over existing methods.

A. Key Achievements

The experimental results confirm that our methodology
successfully met its objectives:

+ Real-world Robustness: The proposed mask-specific
augmentation pipeline improved detection accuracy in
occluded scenarios by 23.1% (from 0.621 to 0.793 mAP)
and in low-light conditions by 37.8% (from 0.553 to
0.762 mAP), significantly outperforming conventional
augmentation strategies.

« Edge Efficiency: Through selective pruning and INTS8
quantization, we achieved 31 FPS inference speed on
the Jetson Xavier NX with only a 0.8% accuracy drop,
representing a 3.2x speedup over the baseline FP32
model.

o Generalization: The modified SPPF+Attention neck re-
duced misclassification of incorrectly worn masks by
18.7% compared to standard YOLOVS, as evidenced by
the confusion matrix analysis.

B. Scientific Contributions

This work makes four principal contributions to the field:

1) A novel mask-aware rotation algorithm that dynami-
cally adjusts augmentation parameters based on detected
facial landmarks, improving occlusion robustness be-
yond fixed-angle approaches.

2) The first demonstration of channel-specific noise in-
jection for face mask detection, which reduced lighting
sensitivity errors by 22% compared to conventional
photometric augmentations.

TABLE VII: Limitations and Proposed Solutions

Limitation Future Work Direction

Transparent mask detec-
tion
Extreme (>75%) occlu-

Multi-spectral imaging combining RGB and
thermal data
Hybrid vision-RF approach using millimeter

sion wave radar

Temperature-dependent Dynamic clock scaling based on thermal feed-
performance back

Cultural ~ variations in  Region-specific fine-tuning with federated
mask-wearing learning

3) An edge optimization pipeline that maintains >98%
of server-grade accuracy while meeting real-time con-
straints on embedded devices, validated through com-
prehensive power and thermal testing.

4) A publicly released synthetic occlusion dataset gen-
erated using physically accurate blending techniques,
addressing the scarcity of diverse training samples for
mask detection research.

C. Limitations and Future Directions

While our method shows significant improvements, several
limitations warrant attention:
Three particularly promising research directions emerge:

« 3D-aware augmentation: Developing transformations
that account for facial geometry and mask fit character-
istics could further improve performance for unconven-
tional mask types.

« Energy-aware optimization: Implementing dynamic
precision scaling (FP16/INTS8 switching) based on battery
levels would enhance deployability in field applications.

« Explainability tools: Creating visualization methods spe-
cific to mask detection decisions would increase trust in
public health monitoring systems.

The techniques developed in this study not only advance
mask detection capabilities but also provide a framework for
adapting object detection systems to other public health mon-
itoring tasks requiring robustness to real-world variabilities.
Future work will focus on expanding the diversity of detectable
PPE and integrating with wearable sensor networks.
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