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Abstract

The COVID-19 pandemic has highlighted the critical role of face mask classification in
safeguarding public health. While existing computer vision approaches primarily focus on binary
mask detection, limited attention has been given to fine-grained multi-class face mask
classification, which is more representative of real-world scenarios. In this work, we propose a
robust and efficient YOLOv8-CBAM based deep learning framework for classifying three mask-
wearing conditions: with mask, without mask, and incorrectly worn mask. Experiments on the
MaskedFace-Net dataset demonstrate that the proposed YOLOvE-CBAM model achieves a macro
Fl-score of 99.71%, with ablation and comparative studies confirming the effectiveness of
attention mechanisms, enabling accurate real-time face mask classification for surveillance and
edge applications.

Keywords: YOLOv8, MaskedFace-Net, CBAM, Face Mask Classification, Deep Learning,
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1. Introduction

The emergence of the COVID-19 pandemic in late 2019 extremely altered the routine of daily
life across the globe [1]. As the virus spread speedily, extraordinary efforts were organized to slow
down and control its spread [2]. Global health authorities like WHO and CDC emphasized
mandatory mask-wearing and distancing [3,4] to reduce virus spread, while Al and deep learning
played a key role in automated pandemic solutions. These innovations helped the improvement of
highly accurate and efficient face mask detection [5] and classification systems, a crucial need for
automated systems in encouraging adherence with safety rules. By combining CNNs with real-time
detectors like YOLO (You Only Look Once), these models identify correctly masked, incorrectly
masked, and unmasked individuals in both images and live video streams [6]. CNN-based
frameworks are the backbone of face mask classification [7] due to their proven efficiency, while
transfer learning [8] with pre-trained models like Inception, MobileNet, VGG, and ResNet. SSD,
Fast R-CNN, and YOLO enable accurate, efficient real-time mask detection [9,10] whereas
traditional methods like K-NN and SVM [11,12] offer comparatively lower flexibility and
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performance. The model’s contribution lies in enhancing real-time face mask classification through
an efficient and attention-guided deep learning framework.
e A novel attention-guided YOLOVS framework with CBAM is proposed to enhance
spatial and channel feature learning for precise face mask classification.

e The model achieves 99.7% accuracy with fast convergence using optimized training.

e Batch-optimized training maintains high accuracy with improved efficiency.

2. Related Work

DeepMaskNet [13] introduced an AlexNet-based framework for face mask detection and
recognition on a custom MDMFR dataset, achieving 93.33% accuracy. Building on this, [14]
proposed a CNN-based real-time system on the Face Mask 12K dataset, reaching 99% test and
98.83% real-time accuracy for reliable COVID-19 mask monitoring. In [15], a YOLOv3-based
approach was implemented with a custom two-class mask dataset in the Darknet framework,
achieving 96% real-time detection accuracy. In the post-COVID-19 context, [16] used
MobileNetV2 for mask detection, achieving 96.85% accuracy, while [17] combined HSV texture
and portrait line features with CNNs to reach 93.64%. The study in [18] applied MobileNetV2 with
SVM and K-NN on 1,376 images, achieving 97.1%, and [19] reported 97% accuracy for real-time
mask detection using a CNN-based model. The RRFMDS system in [20] combines SSD detection
with MobileNetV2 for real-time mask classification on 14,535 images, achieving 99.15% accuracy
rate.

3. Methodology
3.1. Dataset

The framework is evaluated on the MaskedFace-Net dataset [21] with 8,982 images evenly split
across three mask conditions, featuring diverse illumination, poses, backgrounds, and mask styles
for robust real-world generalization. All images are provided in the RGB color space and resized
to 128 x 128 pixels for model training. Sample images from each class are shown in Fig. A.

Figure A: Dataset showing face images categorized as masked, incorrectly masked, and without mask.

3.2. Pre Processing

A) Face-centering Cropping
To eliminate background bias and focus learning a lightweight face detector is used to localize

facial regions, which are then cropped and aligned before being passed to the classifier. This
ensures that critical facial features such as the nose, mouth, and chin are consistently emphasized.

B) Illumination Normalization

To address variations in lighting conditions, a contrast-limited adaptive histogram equalization
(CLAHE) is applied to the cropped face images. CLAHE improves local contrast and preserves
fine facial details without introducing noise amplification.
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C) Image Resizing and Normalization

All preprocessed face images are uniformly resized to 128x128 pixels, balancing spatial detail
preservation and memory efficiency. Pixel intensity values are normalized to stabilize gradient
updates and improve convergence during training.

D) Compliance-Aware Data Augmentation

A data augmentation approach specific to the task is adopted to enhance generalization and balance
classes. Horizontal flips vary viewpoints, while partial occlusion introduces realistic coverage
scenarios. This augmentation shifts mask regions to expose the nose or chin, helping the model
learn subtle cues of improper mask wearing often underrepresented in real data.

3.3. Proposed Framework

As illustrated in Fig. B, the proposed framework adopts YOLOVS in classification mode as the
backbone network due to its favorable balance between accuracy and computational efficiency.
YOLOvVS8 employs a hierarchical feature extraction backbone and multi-scale feature aggregation,
enabling effective representation learning while supporting real-time inference requirements. To
enhance fine-grained mask classification, the backbone integrates CBAM, which applies channel
and spatial attention to emphasize key facial patterns and regions like the nose and mouth,
improving accuracy with minimal computational overhead.
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Figure B: Overall framework of the proposed YOLOv8-CBAM-based face mask classification system.

A) Yolov8 Backbone and Neck Module

In the proposed framework, YOLOVS serves as the core feature extraction network, consisting of
a backbone followed by a neck module, as illustrated in Fig. C.

| |

Figure C: Detailed architecture of YOLOvVS-based architecture for multi-class face mask classification.

Given a preprocessed input image in Equation.1. The backbone generates deep feature maps in
Equation 2 where B(-) denotes the YOLOVS backbone. The output of the neck in Equation.3 is
represented as where N(.) denotes the FPN—PAN neck.

I € RH<C (1)
Fy=B(1), 2)
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Fn = N(Fb), 3)

B) Attention-Guided Feature Refinement

While YOLOVS effectively extracts discriminative facial features, to enhance sensitivity to such
fine-grained patterns, CBAM refines the YOLOVS8 feature maps by sequentially applying channel
attention followed by spatial attention shown in Fig D.

F
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Input !~ Anention - = Attention “ 1
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Figure D: CBAM structure illustrating sequential channel and spatial attention for feature refinement.

In Equation. 4 Given an input feature map F, channel attention produces, where Mc represents the
channel attention map and , spatial attention highlights discriminative facial regions in Equation 5.

Fc=McQF, 4)
Fcs = Ms @ Fc, (%)

C) Classification Head and Output

The classification head is designed to be lightweight while enabling effective multi-class
discrimination. Let Fcs denote the refined feature representation obtained after CBAM
processing. In Equation. 6 Global average pooling (GAP) is first applied to reduce spatial
dimensions and obtain a compact feature vector z, The pooled feature vector is then passed through
a fully connected layer followed by a softmax activation in Equation.7 to compute class
probabilities.

z=GAP(Fcs) (6)
Y=softmax(Wz+b) (7

Where ¥ denotes the predicted probabilities for “with mask,” “incorrect mask,” and “without
mask,”. This classification strategy enables efficient making the proposed framework suitable for
face mask classification

3.4. Trainable Parameters

The YOLOvV8-CBAM model, with 99 layers and 1.44M parameters, uses convolutional and C2f
blocks for efficient feature extraction and classifies face masks into three classes with 3.4 GFLOPs,
enabling real-time, high-accuracy inference. As reported in Table I, the attention-enhanced
architecture achieves high classification accuracy across all classes.

Table I: Configuration of essential hyperparameters used across all face mask classification models including

learning rate, batch size, optimizer, and epoch settings.

From Layer Arguments Params Module
-1 0 [3, 16, 3, 2] 464 Conv
-1 1 [16,32,3,2] 4672 Conv
-1 2 [32,32, 1, True] 7360 C2f

-1 3 [32,64,3,2] 18560 Conv

-1 4 [64, 64, 2, True] 49664 C2f
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-1 5 [64, 128, 3, 2] 73984 Conv
-1 6 [128, 128, 2, True] 197632 Cc2f
-1 7 [128, 256, 3, 2] 295424 Conv
-1 8 [256, 256, 1, True] 460288 C2f
33 9 [256, 3] 334083 Classify

Systems and Packages Details
The face mask model is implemented with Ultralytics YOLOv8 (v8.3.70) in Python 3.11.11 using

PyTorch 2.0.1 and CUDA 11.8 on an NVIDIA Tesla T4 GPU (15 GB), enabling efficient, real-
time, and accurate classification.

3.6. Training Configuration and Optimizers Details

The YOLOv8s-cls model trains for 50 epochs on 128x128 images with a batch size of 16,
leveraging 8 data loader workers and AMP for efficient, memory-optimized training, while a
validation split monitors generalization. The model is fine-tuned using AdamW with 0.0005 weight
decay, 0.9 momentum, and a 0.001429 learning rate, promoting rapid convergence, stable learning,
and improved generalization.

4. Results and Discussion
4.1. Quantitative Results

A) Class-wise performance evaluation

Table IV compares the proposed YOLOv8-CBAM framework with existing models on the
MaskedFace-Net dataset. Conventional CNNs such as MobileNetV2 and EfficientNet-BO perform
well but struggle with fine-grained incorrect mask detection. YOLO-based models improve feature
extraction, and YOLOv8-CBAM achieves the highest macro F1-score of 0.9971, demonstrating
the benefit of attention-guided feature refinement.

Table II: Class-wise Precision, Recall, and F1 for face mask classification.

Class Precision (AP) Recall (AR) F1-Score
Incorrect Mask 0.9978 0.9978 0.9978
With Mask 0.9978 0.9933 0.9956
Without Mask 0.9955 1.0000 0.9978
Macro Avg. 0.9970 0.9970 0.9971

B) Training Convergence Analysis

Figure E shows the YOLOv8-CBAM training and performance where E(a) presents training and
validation loss converge steadily, indicating stable learning and good generalization, with Top-1
accuracy reaching 99.7% and Top-5 at 100% and E(b) higlights the confusion matrix confirms
reliable class-wise performance.
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Figure E: YOLOVS evaluation: (a) training/validation loss, (b) confusion matrix.

4.2. Ablation Study Interpretation

Table III shows the ablation study: the baseline YOLOVS achieves 0.9912 macro F1, improved by
face-aware cropping (0.9936) and task-specific augmentation (0.9951). The full YOLOv8-CBAM
model reaches 0.9971, highlighting the incremental benefits of each component.

Table III: Ablation study illustrating the contribution of face-aware preprocessing, task-specific data

augmentation, and CBAM-based attention to overall performance.

Configuration Face-Aware Task-Specific CBAM Macro
Cropping Augmentation Attention F1-Score
Baseline YOLOvV8 X X X 0.9912
YOLOVS + Face Cropping v X X 0.9936
YOLOVS + Task-Specific Augmentation v v X 0.9951
YOLOVS8-CBAM (Proposed) v v v 0.9971

4.3. Comparative Performance Analysis

Table IV compares YOLOv8-CBAM with existing models on MaskedFace-Net. While CNNs like
MobileNetV2 and EfficientNet-BO perform well, YOLO-based models excel at detecting fine-
grained incorrect mask patterns, with YOLOvS-CBAM achieving the highest macro F1 of 0.9971
through attention-guided feature refinement.

Table IV: Comparative Performance Analysis on MaskedFace-Net

Method Architecture Classes Macro
F1-Score
MobileNetV2 [22] CNN 3 97%
EfficientNet-B0 [23] CNN 3 99%
YOLOV5-Cls [24] YOLO-based 3 99.1%
YOLOVS (Baseline) YOLO-based 3 99.4%
YOLOVS-CBAM (Proposed) Attention-Enhanced YOLO 3 99.71%

5. Conclusions

In this study, we presented a deep learning—based face mask classification system built on the
YOLOvV8-CBAM architecture and evaluated using the MaskedFace-Net dataset. The proposed
model classifies facial images into three practical categories: with mask, incorrectly worn mask,
and without mask. By integrating efficient feature extraction, multi-scale fusion, and attention-
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guided refinement, the system achieves accurate and fast predictions while preserving important
facial details. Experimental results demonstrate strong generalization across variations in pose,
illumination, and mask placement. The proposed framework offers an effective solution for real-
time face mask classification and provides a foundation for future extensions toward video-based
monitoring and large-scale deployment in public safety applications.
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