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Abstract

Face masks, now commonplace in post-pandemic environments, expose critical weaknesses in face
recognition systems trained exclusively on unoccluded faces. This paper presents a systematic end-to-
end evaluation pipeline that combines a fine-tuned YOLOv8 masked face detector with landmark-guided
upper-face cropping and a benchmarking study across three embedding models — FaceNet, ArcFace,
and VGG-Face — on the Real-World Masked Face Recognition Dataset (RMFRD). A balanced 10,000-
image subset (5,000 masked / 5,000 unmasked) was partitioned 80:20 by identity under a closed-set
protocol. The fine-tuned detector achieved an image-level loU = 0.5 success rate (ISR@0.5) of 95.76%
overall and 91.9% on masked faces, statistically validated with 95% confidence intervals and McNemar's
test against MTCNN, RetinaFace, and Dlib. At the recognition stage, FaceNet consistently outperformed
ArcFace and VGG-Face in baseline masked conditions (Rank-1: 46.5%, 45.8%, 34.2% respectively).
Cosine similarity outperformed Euclidean and Manhattan distance across all models and conditions,
while photometric augmentation produced changes within + 2 percentage points. Landmark-guided
cropping with MediaPipe — retaining only eyes, forehead, and upper cheeks — raised FaceNet's Rank-1
accuracy from 46.5% to 70.1% (+ 23.6 pp), with comparable gains for ArcFace (+21.6 pp) and VGG-Face
(+ 8.1 pp). These results establish that multi-stage pipeline optimization, rather than single-model tuning,
is the practical path to robust masked face recognition.

1 Introduction

Face recognition has become a standard component of security cameras, airport gates, and building-
access systems [1]. The COVID-19 pandemic exposed a critical vulnerability: face masks cover the nose,
mouth, and chin — regions that both detection and recognition models rely on heavily — causing systems
trained on fully visible faces to misidentify or miss masked individuals altogether [2, 3]. This gap has
created an urgent demand for recognition solutions that operate reliably under real-world occlusion
without requiring system replacement.

A standard recognition pipeline comprises two linked stages: face detection, followed by identity
matching via embedding comparison. Errors in detection cascade directly into recognition inaccuracies,
underscoring the necessity for robust detectors capable of handling masked occlusions [4, 5]. Classical
methods such as Haar cascades and Histogram of Oriented Gradients (HOG) perform adequately in
controlled settings but fail under partial occlusion, poor lighting, and pose variation [6]. CNN-based
detectors such as Multi-task Cascaded Convolutional Networks (MTCNN) and RetinaFace improved
general-purpose performance but remain underexplored for the specific challenge of masked faces [7].

On the recognition side, models such as FaceNet [8], ArcFace [9], and VGG-Face [10] achieve above 99%
accuracy on unmasked benchmarks such as Labeled Faces in the Wild (LFW). Under mask occlusion,
however, accuracy drops substantially [11]. Most existing studies aggravate this problem by relying on
synthetically overlaid masks [12, 13, 14], which fail to capture real-world variance in fabric, fit, and
wearing style. Ritchie et al. [15] demonstrated empirically that both humans and algorithms perform
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markedly worse on genuinely masked faces than on digitally masked ones, underscoring the need for
real-world evaluation datasets.

A review of the literature reveals five persistent gaps: (i) reliance on synthetic mask datasets that
overestimate real-world performance; (ii) limited benchmarking of modern one-stage detectors such as
YOLOv8 against masked faces; (iii) narrow recognition benchmarking, typically comparing only one or
two models without systematic cross-model analysis; (iv) incomplete evaluation of similarity metrics
beyond cosine similarity; and (v) absence of quantified assessment of landmark-guided cropping within
an integrated end-to-end pipeline. This paper directly addresses all five gaps through the following
contributions:

(1) A fine-tuned YOLOV8 detector achieving ISR@0.5 of 95.76% overall and 91.9% on masked faces,
statistically validated against MTCNN, RetinaFace, and Dlib.

(2) A systematic before/after benchmark of FaceNet, ArcFace, and VGG-Face under real mask occlusion
using three similarity metrics (cosine, Euclidean, Manhattan) and photometric augmentation.

(3) Landmark-guided cropping via MediaPipe that removes occluded lower-face regions and raises
FaceNet Rank-1 accuracy from 46.5% to 70.1%, with comparable gains across all three recognizers.

(4) An integrated end-to-end pipeline (YOLOv8 — MediaPipe cropping — FaceNet — cosine similarity)
evaluated on the RMFRD real-world masked dataset.

2 Related Work
2.1 Deep Learning Face Recognition Under Occlusion

FaceNet [8], introduced by Schroff et al. (2015), uses triplet-loss training to produce compact 128-
dimensional embeddings that maximize inter-class separation. Its strong performance on LFW (99.63%)
established it as a de-facto benchmark. Deng et al. introduced ArcFace [9] with an additive angular
margin loss, achieving 99.83% on LFW via 512-dimensional embeddings and enhanced intra-class
compactness. VGG-Face [10], based on the VGG-16 architecture, was among the first deep models
trained for face recognition at scale, achieving 98.95% on LFW, though its softmax-based training is less
suited to angular similarity metrics. Despite these gains, Jeevan et al. [11] demonstrated that all three
architectures degrade substantially under mask occlusion: ArcFace dropped from ~ 99% to 71.9% on real
masked faces. Huang et al. [16] further quantified this on the WebFace-OCC benchmark, finding ArcFace
accuracy reduced specifically when lower-face regions (mouth and chin) were occluded.

2.2 Synthetic vs. Real-World Masked Evaluation

Most prior work on masked face recognition uses synthetically overlaid masks [12, 13, 14]. Mishra and
Reza [13] achieved 96% accuracy using Inception ResNet V1 on synthetically masked CASIA-WebFace,
while Cheng et al. [14] used a genetic algorithm with FaceNet on VGGFace2 to improve from 55% to 65%
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under synthetic occlusion. Ritchie et al. [15] provided the critical empirical correction: both human
observers and algorithms perform significantly worse on genuine masks than on digitally superimposed
ones, invalidating synthetic results as proxies for real-world deployment. This finding directly motivates
the use of RMFRD in the present study.

2.3 Masked Face Detection

MTCNN [17] and RetinaFace [18] remain the standard baselines for face detection. MTCNN's three-stage
cascade provides five-point landmark alignment but struggles under heavy lower-face occlusion.
RetinaFace offers single-pass multi-scale detection using a Feature Pyramid Network (FPN),
demonstrating strong performance on the WIDER dataset but degrading under partial occlusion.
YOLOVS, validated by Li et al. [19] for helmet detection and Dewi et al. [20] for mask-wearing compliance,
has demonstrated accuracy up to 99.1% on specific detection tasks when fine-tuned on domain-
appropriate data. Its decoupled head and C2f backbone enable effective localization of partially visible
facial regions. Systematic comparison of YOLOv8 against MTCNN and RetinaFace specifically on
masked faces from a real-world dataset has not been previously published.

2.4 Similarity Metrics and Preprocessing Strategies

Huzaimi and Mazalan [21] demonstrated that the choice of similarity metric significantly impacts
masked face matching, with cosine similarity generally outperforming Euclidean distance. However, Shi
and Jain [22] cautioned that cosine similarity can yield misleadingly high scores under severe occlusion,
and Pham et al. [23] showed that learned similarity functions such as Siamese networks with contrastive
loss can outperform fixed metrics. Arif et al. [24] employed MTCNN and VGG-Face with cosine similarity
and achieved approximately 87% on a mixed dataset, though no comparison of similarity metrics was
conducted. Salim and Surantha [25] demonstrated that zeroing the masked lower-facial region improved
recognition without model retraining. The present work extends this by using dynamic landmark-guided
cropping (rather than fixed masking) and evaluating across all three major recognizers.

3 Methodology

The experimental pipeline follows the sequence: (i) dataset preparation and annotation; (ii) YOLOvS fine-
tuning and benchmarking; (iii) face recognition baseline across three embedding models; (iv) similarity
metric and augmentation analysis; and (v) landmark-guided cropping (Fig. 1). All stages are evaluated on
the RMFRD real-world masked dataset to ensure ecological validity.

3.1 Dataset

Real-World Masked Face Recognition Dataset (RMFRD) [26] contains approximately 95,000 images of 525
identities, with ~ 5,000 genuinely masked and ~ 90,000 unmasked images (Fig. 2). A balanced subset of
10,000 images (5,000 masked / 5,000 unmasked) was constructed and partitioned 80:20 by identity
using stratified grouping to prevent identity leakage between training and testing sets. All images were
standardized to 640x640 pixels in RGB format. Duplicates, corrupt files, and low-quality images (blurred,
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poorly lit, or with occluded landmarks beyond the mask) were removed via automated Python scripts
followed by manual review.

RMFRD was chosen specifically because it contains genuine masks in varied styles, fabrics, and wearing
conditions — unlike MLFW and MFR2 which use synthetic overlays.

Table 1
Dataset partition structure (RMFRD balanced
subset).
Subset Masked Unmasked Total
Train (80%) 4,000 4,000 8,000
Test (20%) 1,000 1,000 2,000
Total 5,000 5,000 10,000

Bounding-box annotations for the YOLO detection task were created with Labellmg in YOLO format using
two classes: Class 0 (unmasked) and Class 1 (masked). Each annotation was manually verified for
bounding-box accuracy.

3.2 Face Detection
3.2.1 YOLOv8 Architecture and Fine-tuning

YOLOv8 (Ultralytics, v8.1) was selected due to its anchor-free decoupled prediction heads, C2f cross-
stage feature fusion module, and Spatial Pyramid Pooling Fast (SPPF) layer — all of which support
effective localization of partially visible facial regions. Transfer learning from pre-trained yolov8n.pt
weights (COCO) was used, with the detection head retrained on the RMFRD training split. Table 2
summarizes the hyperparameters.
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Table 2

YOLOvVS8 training hyperparameters.

Hyperparameter
Pre-trained weights
Optimizer

Learning rate

Value
yolov8n.pt (COCO)
Adam

0.01 (constant)

Batch size 32
Max epochs 1,000 (early stopping enabled)
Input size 640 x 640 px

Deployed confidence threshold  0.524
Hardware Apple M1 Pro, 16 GB RAM (MPS backend)

3.2.2 Baseline Detectors

Three detectors were benchmarked against YOLOv8 using the 1,000-image masked test subset, with no
retraining applied to any baseline: (a) Dlib HOG + SVM — a classical gradient-based detector providing a
non-CNN baseline; (b) MTCNN [17] — a three-stage cascaded CNN providing five-point landmarks,
representing the most widely used benchmark in the masked face literature; and (c) RetinaFace [18] — a
single-stage FPN-based detector trained on WIDER. A detection was considered correct if the predicted
bounding box achieved loU = 0.5 with the ground-truth face annotation.

3.3 Face Recognition Models

FaceNet [8] — 128-dimensional triplet-loss embeddings (Inception-ResNet backbone); ArcFace [9] — 512-
dimensional additive angular margin embeddings (ResNet backbone); and VGG-Face [10] — 512-
dimensional softmax-trained embeddings (VGG-16 backbone). All three models were used as pre-trained
feature extractors without further fine-tuning on RMFRD, following a zero-shot embedding evaluation
protocol. Each test face embedding was compared against a reference gallery containing one
embedding per identity extracted from the training set. This constitutes a closed-set identification
protocol.

3.4 Similarity Metrics

Cosine similarity (Eq. 1) — angular distance, scale-invariant; Euclidean distance (L2 norm, Eq. 2); and
Manhattan distance (L1 norm, Eq. 3). A test image is assigned the gallery identity yielding the highest
cosine similarity (or lowest distance for L2/L1) above a fixed threshold.

3.5 Data Augmentation
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To assess whether photometric augmentation improves robustness, the following randomized
transforms were applied during training-gallery embedding extraction: rotation ( 15°),
brightness/contrast jitter (+ 20%), Gaussian blur (o € [0.5, 1.5]), translation (+ 5%), and scaling (£ 10%).
Augmentation was not applied during test embedding extraction to avoid artificially inflating results.

3.6 Landmark-Guided Cropping

MediaPipe FaceMesh was used to extract 468 facial landmarks per image. Only the subset of landmarks
corresponding to the upper facial region — eyes, eyebrows, forehead, and upper cheeks — was retained,
deliberately excluding mouth, chin, and nose bridge coordinates. A tight bounding crop was then applied
to this upper-face region before embedding extraction. This strategy converts the full masked face into
an occlusion-free upper-face image, providing cleaner input to the embedding model. The deployed
confidence threshold of MediaPipe was set to 0.5; images where landmark detection failed were
excluded.

3.7 Evaluation Metrics

ISR@0.5 (Image-level Success Rate at loU = 0.5) as the primary metric, plus precision, recall, and F1 at
the deployed confidence threshold; 95% confidence intervals (Wilson method); and McNemar's test (X2
statistic, 1 d.f.) for pairwise significance. For recognition: Rank-1 accuracy — the proportion of test
images where the top-1 gallery match corresponds to the true identity.

4 Results
4.1 YOLOvS8 Detection Performance

Evaluated on the full 2,000-image test set (masked + unmasked), YOLOvS8 at the deployed threshold
(conf =0.524) achieved ISR@0.5 = 95.76%. Class-level analysis shows 98.66% recall on masked faces
and 92.86% on unmasked faces, with a 7.14% rate of unmasked faces misclassified as masked

(Table 3). The F1-confidence curve peaks at F1 =0.99 at conf = 0.90, confirming the model can trade
recall for very high precision at stricter thresholds. Performance degraded appreciably only above conf =
0.91, indicating the deployed threshold is well-placed.
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Table 3
YOLOVv8 classification metrics at deployed threshold (conf =0.524, n =

2,000).
Metric Value (%) Note
Precision 93.2 Low false-positive rate
Recall 98.66 High sensitivity to masked faces
F1-Score 95.9 Strong precision—recall balance
ISR@O0.5 (overall) 95.76 n =2,000 (masked + unmasked)
ISR@0.5 (masked only)  91.9 n=1,000 (benchmarking subset)

Note: ISR@0.5 =95.76% is the overall metric on the 2,000-image test set; ISR@0.5=91.9% is the
masked-only ISR used for baseline comparisons in Table 4 (n = 1,000). These two values are not
contradictory and reflect different evaluation subsets.

4.2 Detection Benchmarking and Statistical Validation

Table 4 reports ISR@O0.5 for all four detectors on the 1,000-image masked test subset with 95%
confidence intervals and McNemar's test results (YOLO vs. each baseline).

Table 4
Detection benchmarking results on 1,000 masked face images.
Model ISR@0.5 (%) 95%ClLower 95% ClUpper McNemar vs. YOLOv8
YOLOvS8 (proposed) 91.9 90.1% 93.5% —
MTCNN 47.3 44.2% 50.5% X2=444,p <0.001
RetinaFace 14.7 12.4% 17.5% p <0.001
Dlib (HOG + SVM) 4.7 3.1% 6.9% p<0.001

YOLOvV8's 91.9% ISR@O0.5 is separated from the next-best detector (MTCNN, 47.3%) by a non-overlapping
confidence interval gap of approximately 41 percentage points. The McNemar contingency table for
YOLO vs. MTCNN yielded A = 446 (YOLO correct, MTCNN incorrect) and B =0 (MTCNN correct, YOLO
incorrect), giving x2 = 444.00 (p < 0.001). RetinaFace and Dlib, both trained on full-face datasets, perform
near chance levels on masked faces, confirming that domain-specific fine-tuning is essential.

4.3 Baseline Face Recognition

Table 5 reports Rank-1 accuracy for all three recognizers under full masked faces using cosine similarity.
FaceNet achieves the highest accuracy at 46.5%, closely followed by ArcFace at 45.8%. VGG-Face
performs considerably worse at 34.2%. All three values represent substantial drops from the models'
reported LFW accuracies (> 99%), quantifying the severity of mask occlusion on current state-of-the-art
embeddings.
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4.4 Similarity Metrics Comparison

Table 5

Rank-1 accuracy (%) by model and similarity metric on 1,000
masked test faces.

Model Cosine (%) Euclidean (%) Manhattan (%)
FaceNet 46.5 35.2 24.8
ArcFace 45.8 34.7 23.9
VGG-Face 34.2 13.5 22.1

Cosine similarity is the dominant metric across all models and conditions, typically outperforming
Euclidean by approximately 11 percentage points for FaceNet and ArcFace. Manhattan distance
generally performs worst, with the notable exception of VGG-Face where it outperforms Euclidean — an
anomaly attributed to VGG-Face's unnormalized embedding space, where L1 norms are more stable than
L2 under high-dimensional redundancy.

4.5 Effect of Photometric Augmentation

Augmentation produced minimal effects across all models: FaceNet + 0.3 pp (46.5% — 46.8%), ArcFace
+0.1 pp (45.8% — 45.9%), VGG-Face - 2.1 pp (34.2% — 32.1%). All changes fall within + 2 percentage
points of baseline, consistent with the thesis prediction. The negative effect on VGG-Face suggests that
photometric transforms introduce noise that disrupts its already-fragile embedding consistency under
occlusion.

4.6 Landmark-Guided Cropping

Table 6

Rank-1 accuracy (%) before and after landmark-guided
upper-face cropping (cosine similarity).

Model Baseline (%) Cropped (%) Gain (pp)
FaceNet 46.5 70.1 +23.6
ArcFace 45.8 67.4 +21.6
VGG-Face 34.2 42.3 +8.1

Landmark-guided cropping yields the largest accuracy improvement of any technique tested. FaceNet's
23.6 pp gain is the most pronounced, reflecting the benefit of its compact 128-dimensional embedding
space when upper-face features are cleanly isolated. ArcFace's 21.6 pp gain confirms the technique
generalizes beyond a single architecture. VGG-Face's smaller gain (+ 8.1 pp) is consistent with its
architectural limitations under partial occlusion; its softmax-trained embeddings are less suited to the
angular structure that upper-face cropping preserves. The FaceNet-cropped result of 70.1% is

Page 9/18



comparable to results reported by Wang et al. [26] on RMFRD (~ 65%), achieved here without any model
retraining — a practically significant finding for deployment scenarios where fine-tuning is not feasible.

4.7 Consolidated Pipeline Summary

Table 7
Summary of all experiments and key results.
Exp. Focus Key Result Takeaway
E1 YOLOV8 fine-tuning ISR@0.5 =95.76% (overall) Domailn-speciﬂc fine-tuning
critica

E2 Detector benchmarking YOLOvV8: 91.9% vs. MTCNN: YOLOv8 dominates; p < 0.001

(masked) 47.3%

E3 Recognition baseline FaceNet: 46.5%, ArcFace: All models degrade severely
(masked) 45.8%, VGG: 34.2% under occlusion

E4 Similarity metric Cosine best across all Angular metrics preferred for
comparison models these embeddings

E5 Photometric Changes within =2 pp Negligible benefit; VGG-Face
augmentation degraded

E6 Landmark-guided FaceNet: 46.5% — 70.1% (+ Largest single improvement in
cropping 23.6 pp) the pipeline

5 Discussion

5.1 Detection

The YOLOVS8 result of 91.9% ISR@0.5 on masked faces, validated with confidence intervals and
McNemar's test, directly confirms the hypothesis that fine-tuning a modern one-stage detector on real-
world masked data yields significant gains over models trained on full-face corpora. MTCNN's 47.3%
mirrors the finding of Yurtkan and Hamdi [27], who reported MTCNN performance dropping under real-
world masked inputs, while RetinaFace's collapse to 14.7% is consistent with its training objective on the
WIDER dataset which emphasizes full-face scenarios. The 91.9% figure also aligns with Li et al. [19]
(94.7% precision on occluded industrial workers) and Dewi et al. [20] (99.1% on synthetic masked
compliance detection), lending external validity to the fine-tuning approach.

YOLOv8's 7.14% rate of unmasked faces misclassified as masked reflects a precision—recall trade-off at
the deployed threshold. In security contexts where false negatives (missed masked faces) are more
costly than false positives (unmasked faces flagged as masked), this asymmetric error profile is
acceptable. Future work should evaluate whether raising the confidence threshold or integrating image
quality assessment (IQA) via BRISQUE [28] can reduce this without sacrificing recall.

5.2 Face Recognition
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FaceNet's superiority over ArcFace under masked conditions is counterintuitive given ArcFace's superior
LFW benchmark. We attribute this to the curse of dimensionality: ArcFace's 512-dimensional
embeddings encode fine-grained feature distributions that rely on lower-face completeness. When 30—
40% of the face is occluded, these dimensions become noisy, reducing cosine separability. FaceNet's
128-dimensional triplet-loss embeddings are more compact and regularized, maintaining discriminability
even with incomplete inputs. This explanation is supported by Huang et al. [16], who found ArcFace
accuracy specifically sensitive to mouth and chin occlusion. VGG-Face's poor performance (34.2%) is
consistent with Li et al. [29], who reported its accuracy dropping by over 50% under mask-like conditions,
attributable to its softmax-based training objective which is misaligned with cosine similarity at
inference time.

5.3 Similarity Metrics and Augmentation

Cosine similarity's consistent superiority aligns with Huzaimi and Mazalan [21]. Its angular invariance
makes it robust to the magnitude distortions that occlusion introduces into embedding vectors.
However, the 70.1% ceiling for FaceNet with cropping suggests a residual limitation under severe or
multi-type occlusion, consistent with the caution raised by Shi and Jain [22]. The minimal augmentation
effect reinforces findings by Yang et al. [30]: RMFRD's inherent real-world diversity (varied lighting, pose,
mask styles) acts as implicit augmentation, reducing marginal value from additional synthetic
transforms. Generic photometric transforms may also introduce asymmetries that confuse models —
particularly for VGG-Face, whose - 2.1 pp drop under augmentation highlights the risk of applying
indiscriminate augmentation to pre-trained models under occlusion.

5.4 Landmark-Guided Cropping

The landmark-guided cropping result (+ 23.6 pp for FaceNet) is the most practically significant finding of
this study. It demonstrates that removing occluded image regions — without any model retraining — is
more effective than any other technique evaluated, including augmentation and metric selection. The
principle echoes findings from adjacent domains: Yao et al. [31] improved flood mapping accuracy by
isolating flood-prone regions in satellite imagery, and Pham and Ghimire [32] improved water
segmentation by cropping out urban noise. In each case, spatial exclusion of irrelevant or obstructed
content improved downstream model performance. Unlike the static lower-face masking approach of
Salim and Surantha [25], this study uses MediaPipe's 468-landmark dense mesh for adaptive, per-image
cropping, and evaluates it across three recognizers — establishing broader generalizability.

5.5 Limitations

This study has several limitations that constrain generalizability. First, all experiments are conducted on
a single dataset (RMFRD), which is demographically narrow (predominantly East Asian subjects); cross-
dataset validation on more diverse corpora such as LFW, MFR2, or AgeDB is needed. Second, the
evaluation does not include compound occlusions (masks combined with eyewear, hats, or scarves),
which are common in practice. Third, head pose variation and image resolution effects on the cropping
strategy were not systematically studied — MediaPipe's landmark detection degrades under extreme
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angles. Fourth, recognition significance testing was not conducted for all pairwise comparisons, which
should be addressed in follow-on work. Finally, the pipeline was implemented and benchmarked on a
consumer-grade Apple M1 Pro; inference speed and latency at scale were not measured.

6 Conclusion

This paper presented a systematic end-to-end evaluation of masked face recognition, yielding four key
findings. (1) A fine-tuned YOLOV8 detector achieves 95.76% ISR@0.5 overall and 91.9% on masked faces
— a statistically significant (p < 0.001) improvement over MTCNN (47.3%), RetinaFace (14.7%), and Dlib
(4.7%), confirming that domain-specific fine-tuning is essential. (2) Among three recognizers, FaceNet's
compact 128-dimensional triplet-loss embeddings prove more resilient to occlusion than ArcFace's 512-
dimensional angular embeddings or VGG-Face's softmax-trained features. (3) Cosine similarity is the
preferred matching metric for all three recognizers under masked conditions; photometric augmentation
yields minimal benefit when training data already reflects real-world variation. (4) Landmark-guided
cropping via MediaPipe — retaining only the unoccluded upper face — is the single most effective
enhancement, raising FaceNet Rank-1 accuracy from 46.5% to 70.1% without model retraining.

The practical implication is clear: reliable masked face recognition is achievable through multi-stage
pipeline optimization (detector fine-tuning + preprocessing + metric selection) rather than through end-to-
end model replacement. The proposed pipeline has direct applications in access control, healthcare
screening, and surveillance systems where mask occlusion is persistent. Future work should validate the
pipeline on demographically diverse cross-dataset benchmarks, extend evaluation to compound
occlusions, explore learned similarity functions (Siamese networks, contrastive loss), and integrate
image quality assessment to handle degraded inputs.
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1. Dataset Preparation (RMFRD) 2. YOLO-V8 Fine-Tuning (Detection) 3. Detection Benchmarking 4. Embedding Extraction & Recognition Baseline
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Figure 1

Methodology pipeline for end-to-end masked face recognition

Figure 2

Sample Images from the RMFRD Dataset
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Figure 4

Indexed Facial Landmark Map Generated by MediaPipe
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Examples Of Augmented Images
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