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Abstract:

The hospitals around the globe are undergoing a triple transformation driven by digitalization,
resilience, and human-centricity. Hospitals are critical service-delivery sectors, where digital
technologies need to be embedded in clinical operations to protect patients and healthcare workers
(HCWs). This study reviews artificial intelligence (AI) and deep learning (DL)-based facemask
detection techniques, examining how they can be embedded into hospital infrastructure to serve as
personal protective equipment (PPE) compliance for both patients and HCWs. A systematic review
was conducted of deep learning architectures for facemask detection including ResNet-50,
MobileNetV2, CNN, the YOLO family (v1-v5), VGG-19, and Inception-V3 and evaluated against
the transformation dimensions: (i) digitalization, assessed through real-time inference capability and
integration with existing hospital CCTV; (ii) resilience, assessed through robustness to clinical-
environment variability (occlusion, lighting, patient positioning); and (iii) Auman-centricity, assessed
through the system's sensitivity to the differentiated needs of HCWs, patients, and visitors across
hospital zones. The review shows that no single architecture optimally satisfies all three transformation
dimensions simultaneously. YOLOvS5-based models deliver the strongest digitalization and resilience
performance, achieving precision and recall above 97% under occlusion and variable lighting, making
them suitable for high-acuity zones such as ICUs and operating theatres. Embedding Al-based
facemask detection into hospital infrastructure operationalizes the triple transformation at the level of
frontline care delivery: it digitalizes a previously manual compliance process, strengthens institutional
resilience against healthcare-associated infections (HAIs) and focuses on the wellbeing of HCWs and
patients. This study extends the integration of triple transformation to hospital service ecosystems, an
environment where the same transformation pressures apply but have received comparatively little
systematic attention from an Al-engineering perspective. It provides one of the first frameworks to
evaluate facemask detection architectures explicitly against these three transformation dimensions.

Keywords: Human-centricity, resilience, digitalization, facemask detection, deep learning, hospital
ecosystems, healthcare-associated infections, YOLOv8, MobileNetV2, PPE compliance, Industry 4.0-
aligned healthcare systems, SDG 3

1. Introduction

Hospitals have been recognized as the most infection-prone settings, where millions of people are
affected by Healthcare-associated infections (HAIs) spread by patients or hospital staff during
healthcare services. According to the World Health Organization (WHO), out of 100 patients in acute
care in hospitals, 7 in high-income countries and 15 in low and middle-income countries suffer from

at least one HAI during their hospital stay, where one in every 100 patients dies from their HAI [57].



According to CDC guidelines (2024) [9], facemasks are mandated as a personal protection matter
and control in clinical settings, to control the spread of pathogens responsible for HAIs. Despite this
compliance, consistently enforcing mask-wearing across all hospital zones has been a significant
operational challenge.The clinical and non-clinical hospital staff, including doctors, para-medical
staff, and biomedical technicians, should wear appropriate masks on their faces while they are present
in clinical areas, yet the practice of facemask adoption is not being carried out seriously, and the
compliance rates are far below the recommended thresholds, especially in non-clinical areas [42].
Inpatients, outpatients, and visitors present more compliance challenges, as they don’t receive the
same professional training and don’t consider the risks associated with improper mask use (Figure
1). Hospital departments such as reception, emergency departments, and hospital corridors have high
outpatient-to-staff ratios, and infection control is severely compromised manual monitoring of mask

compliance is practically infeasible.

The insistent deficit in facemask compliance across both clinical and non-clinical hospital
environments is not just an operative lapse but a direct obstacle to the realisation of
Sustainable Development Goal 3 (SDG 3), which aims to ensure healthy lives and promote
well-being for all at all ages [55]. Within this principal goal, the control of communicable
and healthcare-associated infections occupies a central position, and the correct, consistent
use of personal protective equipment represents one of its most immediate frontline

instruments [55],[58].

The term “facemask detection” refers to the automated identification of whether someone is wearing
a facemask or ignoring it. A typical face mask detection method involves training a model on face
datasets. The face is then recognized and the final image frames are classified using the mask
detection model. Deep learning models have been generally categorized into six phases. (1) The
image dataset is passed to the system (dataset input), (2) Image pre-processing stage where the input
is pre-processed so that images are arranged in a list, and then that list is converted to an array, (3)
The data augmentation phase where images are rotated and flipped into the vertical or horizontal
format, (4) Feature extraction stage for feature extraction of dataset images, (5) Training and Testing
of images are done using the CNN model [7] and (6) inference using face detector model to identify

whether people have worn the facemask or not.

The Single Shot Detector (SSD) framework is commonly used for object detection. This facemask
detector can be used in various public settings, including hospitals to keep an eye on the public and
monitoring compliance with mask-wearing regulations. DL based facemask detector using
MobileNetV2 is used to for image processing as it offers computationally fast and accurate detection,
making the detector suitable for a range of camera environments [18]. A multi-stage DL (CNN)

framework, integrated with pre-installed security cameras, can discriminate between masked and

2



unmasked individuals. This multi-stage system can help in maintaining the health of the individuals

and promotes facemask use [5].

The integration of Al with computer vision for facemask detection offers a transformative solution
to this challenge in hospitals. Automated systems can be developed by integrating with the existing
CCTV infrastructure in hospitals to monitor facemasks compliance in several hospital zones
simultaneously and detect violations in real time. This technique falls under the broader category of
object detection, specifically for human faces (with or without a mask) [40]. Deep Learning models
which are developed by getting trained on large datasets of masked and unmasked faces can be used
in flagging violators in real time who are without masks or not wearing them properly in hospital

premises [45].

This study conducts a systematic literature review of different Al-based detection methods in
varied environment. It takes into account the exhaustive analysis of facemask recognition
approaches and examine the accuracy and efficiency of these methods for clinical deployment.
It examines majority of the deep learning architectures and their application in facemask
detection like ResNet-50, Convolutional Neural Networks (CNN), MobileNetV2, YOLO, VGG-
19, and Inception-V3 along with their hybrid implementation. Finally the study discusses
available open research challenges, and future directions for hospital level Al mask surveillance

systems.

Emergency Dept.
High traffic
High risk zone

ICU
Critical risk zone

AT Facemask
Monitoring

Reception
All visitors/patients
Low-medium risk

Outpatient (OPD)
Medium risk zone

Figure 1: Al-based facemask monitoring across hospital zones (ICU, ED, OPD, and Reception)



The study has been undertaken with the following objectives:

To examine the literature on facemask detection, which uses a variety of techniques like
including ResNet-50, CNN, YOLO, VGG-19, and Inception-V3 and determined and

compared their accuracy, efficiency, and scalability
To discuss the advantages and limitations of each facemask detection techniques

To propose a hospital zone-specific method for mask detection deployment, differentiating

requirements by risk level and user group (Healthcare staff, patients, visitors).

The remaining sections are discussed in below. The research methodology for this work is covered
in Section 2. The current state of the art in facemask detection research is covered in Section 3, along
with recent techniques. The research challenges and issues from earlier studies are presented in

Section 4. Finally, summarize this study and review the article’s future directions.

2. Research methodology

This study conducts a systematic literature review by examining the research papers to extract the

most appropriate techniques used in facemask detection. The proposed research methodology is

divided into three subsections described below.

2.1 Identification of RQ

The following research questions (RQs) are developed to guide the review:

* RQI1: Which facemask detection method demonstrate the highest accuracy and real-time

performance in hospital or healthcare-adjacent environments?

* RQ2: What are the principal technical challenges of deploying facemask detection systems

for patients and HCWs in hospital settings?

* RQ3: What future research directions are needed to advance Al mask detection systems to

hospital deployment readiness?

The exclusion/inclusion criteria for studies are mentioned in Table 1.

Exclusion
Criteria

Studies that don’t have experimental results.
When the dataset is not clear.

Discuss topics beyond facemask detection images.
Studies not related to images.




Inclusion e Facemask detection studies include datasets, problems, topics, and
Criteria techniques used.

e This research consisted of reputed journals/ conferences.

e Discuss topic-related facemask detection images.

e The selection of research articles was studied from 2011 to 2025.

Table 1: Exclusion and Inclusion Criteria for selection of research articles related to facemask

detection
2.2 Search strategy for research articles

The data sources that will be analyzed for facemask detection techniques include research articles
from Elsevier, IEEE Xplore, Scopus, ScienceDirect, Springer, Google Scholar, and ACM. The
search strings for research articles were based on keywords extracted from the research topic:
(facemask recognition OR facemask detection OR 2D facemask recognition OR 3D facemask
recognition OR linear facemask detection OR non-linear facemask detection) AND (methods OR

techniques OR approach).
2.3 Selection of research articles

Once the inititial search fot the research articles is completed, the articles that meet the inclusion
criteria were selected. This was done according to the exclusion and inclusion criteria listed in Table
1. In addition, we applied a PRISMA style mechanism (Figure 2) to collect limited research paper

articles that meet the research topic for further review.
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Fig. 2: Search and selection of research article process

The initial research article search was done on database like IEEE Xplore, ScienceDirect, Scopus,
Google Scholar, Web of Science, and ACM. These resources yielded 1015 research articles. After
reading and reviewing the existing research papers, we discarded 683 research articles out of 1015
articles based on title, 174 research articles out of 332 based on abstract and keywords and 113
research articles based on the main body of the research article. At last, we were left with 45 research

articles suitable for final review.
3. Taxonomy of facemask detection techniques

The taxonomy of facemask detection techniques discussed after conducting review of literature is
classified in several ways as mentioned in Figure 3. These classifications are systematically discussed

for their advantages and disadvantages in the following subsections:

| ResNet-50 | | CNN |M0bileNetV2 | YOLO

® ® ® ®

Facemask Detection Techniques

Y Y Y Y

| VGG-19 | | Inception v3 Hybrid Techniques | Other Techniques

Figure 3: Taxonomy of facemask detection techniques

3.1 ResNet-50

ResNet-50 is a convolutional neural network (CNN) and is widely used to extract features during
object identification and image categorisation. ResNet [51] introduced skip connections which are
used to address the vanishing gradient issues in photos. ResNet enables deep training of DNNs with
more than 150 layers. Prior to ResNet, the issue of disappearing components made it difficult to train
very few DNNS. This is feasible because the connections that ResNet skips prevent the weights from

dropping to a very low value.

Loey et al. [32] discussed a hybrid design that combined deep and traditional machine learning for
facemask detection. There were two parts to the hybrid model. The first component performs
extracting features using ResNet 50 while the second component identifies facemasks using SVM
ensemble methods and decision trees. The authors used three datasets: The LFW, the SMFD, and the
RMFD and got 100% testing accuracy in LFW, 99.47% in SMFD, and 99.63% in RMFD. Snyder
and Husari [49] further implemented an automated detection system to identify unmasked individuals

in public settings and then provided them with a surgical mask. Three major components make up



the proposed strategy. The first component employs a deep neural network model that combines
Feature Pyramid Network (FPN) with ResNet-50 to recognize people in video feeds. In the second
component, human faces are extracted from these videos using Multi-Task CNN (MT-CNN), which
can identify and recognize faces. The third component creates and trains a CNN classifier to
discriminate between human beings wearing masks and those not. The proposed model was tested
using a collection of videos gathered in public locations. Mandal et al. [34] introduced a domain
specific facemask identification system based on ResNet-50 across source and targeted domain
(unmasked and masked faces). The study was conducted in two components: In the first, the model
was trained and evaluated solely on the source domain. In the second case, the model was evaluated
on the target domain and a part of the given dataset. Thareja et al. [52] discussed facemask detection
using ResNet-50 and developed a transfer learning model. These techniques detect whether people
are wearing facemasks. Deng et al. [13] proposed the MFCosface MFV algorithm based on high-
margin cosine loss and employed an attention-aware technique to distinguish important facial
characteristics. The author created a module to direct the model’s attention to regions not covered by
the mask (also known as the convolution block attention and the Inception-Resnet module). Any
unoccupied area has its weight in the feature map enhanced, which increases its contribution to the
detection stage. Baalaji et al. [56] discussed the ResNet-50 and single-shot multi-box detector for
facemask detection. The model can identity face retrieval based on matching the face through the
deep Siamese neural network. Naseri et al. [39] introduced an optimized face detector-based
intelligent facemask detection model in IoT using DL techniques. These techniques identify accurate
facemask detection of whether people wear face masks or not. Table 2 briefly discusses the existing

work related to ResNet techniques.

Sno | Authors & | Techniques Datasets Performance
References

1 Loey et al. | SVM, DT,EM | RMFD, SMFD, | e For the RMFD dataset: The
[32] LFW accuracy of the SVM classifier

achieved 99.64%.

eFor the SMFD dataset: The
accuracy of the SVM classifier
achieved 99.49%.

eFor LFW dataset: Accuracy of
SVM classifier achieved 100%.

2 Snyder and | CNN COCO, WIDER | e F;-score=87.7%
Husari [49] FACE, CelebA, | e Recall=99.2%.
CMCD
3 Mandal et al. | ResNet-50 RMFRD e The model has achieved the
[34] accuracy of mask and unmask,
44.73% and 88.70%,
respectively.

4 Thareja et al. | ResNet-50 and | Kaggle dataset e The proposed model achieved
[52] transfer 99.70% accuracy.




learning
techniques
5 Deng et al. | Learning large | MFR2, e The model achieved 98.54%
[13] margin cosine | VGGFace2 m, detection accuracy.
loss RMFD
6 Baalaji et al. | ResNet-50 Collected from | e Trained classifier
[56] using single- | RMFD  dataset | accuracy=99.74%.
shot multi-box | and Kaggle | o Identity retrieval model
detector dataset accuracy=98.24%.
7 Naseri et al. | ResNet-50, Three Datasets | ¢ ASMFO-HResMobileNet
[39] ASMFO- (Live create | accuracy exceeded 17.56%,
HResMobileN | dataset’, 18.57%, 19.20% than VGG16-
et Dataset’, ~and | LSTM, SVM, ResNet50-
Dataset®) MobileNetv2

Table 2: ResNet techniques discussed in existing work

Applicability in Hospital Environment: ResNet-50's high accuracy levels make it well-suited
for hospital areas like ICUs where false negatives (missed mask violations) can lead to

significant clinical risk [39].
3.2 CNN

The CNN-based facemask identification system uses a dataset comprising both masked and
unmasked face images of distinct individuals. Rajasekhar et al. [43] discussed facemask detection
using active learning via CNN techniques. Kumar et al. [27] proposed a hybrid DL, ML, and image
processing approach to spot facemasks in a live video broadcast. The model was tested using open
and brand-new (fresh) datasets. The outcomes showed that the CNN classifier performs better than
the DNN classifier; it has an error rate of only 1.12% and almost perfect face-identification abilities
in facemask-wearers. Sambhare et al. [46] developed a binary face classifier unaffected by the faces’
alignment in an image. The authors describe how to create realistic face segmentation masks from
any sized image. This method extracts features using the VGG-16 architecture with predefined
training weights, starting from an RGB image of any size. Fully CNN (FCNN) is utilized in the
training procedure to differentiate the faces in this image semantically applying Gradient Descent as
the training function and Binomial Cross-Entropy (BCE) is the loss function. Kaur et al. [24]
discussed a MobileNet-based model for facemask image classification. Additionally, it can recognize

movement of a human face wearing a mask in a video. This approach has excellent accuracy of 86%.

Golwalkar and Mehendale [16] used the FaceMaskNet-21 network to recognize masked faces fast,
which was trained with quadruplets and deep metric learning (DML) [16]. Every person’s facemask
is stored in one dataset, i.e., the live video stream and the input image, and it is encoded with 128

bits. FaceMaskNet-21 translates photos from the dataset (during training) and live video or input

8



images using 128-bit encodings (during testing). The encoding that results (from the test image) is
then contrasted with every other encoding in the dataset. Using the dataset’s minimum error
decoding, the name of the identified person is selected. Chavda et al. [10] presented a multi-stage
CNN Architecture for facemask detection. The authors demonstrated a CNN-based framework for
detecting incorrect facemask use cases. This system can work with CCTV cameras and can recognize
both masked and unmasked faces using CNN architecture. This has aided in maintaining a safety-
focused workplace, encouraging the usage of facemasks, and tracking safety violations. Lin et al.
[31] introduced a real-time technique that automatically combines human posture recognition with a
CNN to distinguish facemask wearers. Images clipped to the ostensibly facemask-covered region are
used to train the CNN. This technology was tested in various scenarios using photographs shot in
public settings at multiple times of day and from various angles. This system has a daytime
recognition accuracy of 95.8% and a nighttime recognition accuracy of 94.6%. Al Amin et al. [3]
discussed facemask detection using CNN techniques. CNN identified the people wear facemasks or
not, where the author used a public dataset, i.e., 1300 images (without facemask 650 images and with
facemask 650 images). Gupta et al. [19] suggested facemask detection based on machine learning
techniques using public surveillance cameras dataset to detect whether peoples wear facemasks or
not. Zhang et al. [61] gave a “context-attention R-CNN” and architecture for detecting facemasks.
This approach enhances intraclass distance while reducing the interclass distance by recognizing
distinctive characteristics. Gathani and Shah [15] examined occluded facemask detection or facial
expression. The author suggested a CNN-based model that detects masked and unmasked faces using
region proposals. There weren’t many datasets available for this project and thus a secondary goal
was to compile a high-resolution “non-facemask and facemask™ dataset for DL architecture. With a
detection accuracy of 98.62% for non-facemask detection, the results are significantly superior to the
68.73% of mAP for facemask detection. Umer et al. [54] proposed facemask detection based on CNN
and multi-stage image processing. Inamdar and Mehendale [21] discussed a real-time facemask
identification method [21]. Rao et al. [44] described a facemask identification system that can be
used to identify someone wearing a facemask by separating them from others who weren’t.
Facemasks were classified using a cascade classifier based on around 1500 pictures, with and without
the facemasks. It was fairly precise, with a 91.25% level of accuracy. Meenpal et al. [36] provided
instructions for building a binary face classifier that can identify every face in the frame despite
alignments. The procedure uses the Predefined Training Weights of the VGG-16 Framework to
extract features from an RGB image of any size. Fully CNN is trained to differentiate the faces visible
in the photograph semantically. BCE is the loss function, and gradient descent is the training function.
The segmented facemasks on the MPH dataset have a mean pixel-level accuracy of 93.88 %. . Table

3 briefly discusses the existing work related to CNN techniques



Sno | Authors & | Techniques | Datasets Performance
References
1 Rajasekharetal. | CNN Kaggle dataset o The model achieved accuracy at
[43] the range of 72% to 79%.
2 Kumar et al. | CNN Kaggle and | e The model has an accuracy rate
[27] Witkowski’s 0f 99% and a 1% error rate.
Medical ~ Mask
datasets, Real-
time dataset
3 Sambhare et al. | VGG-16, Custom dataset e Facemask accuracy is 98.7%.
[46] CNN
4 Kaur et al. [24] | CNN-based | Sample  dataset | e More effective outcomes may be
approach (with and without obtained with a lightweight
facemasks from | DWS-based CNN and gain
Kaggle) accuracy of 86%.
5 Golwalkar and | Deep metric| Collected dataset | e The model has achieved 91.67%
Mehendale [16] | learning accuracy.
6 Chavda et al. | CNN Custom dataset eThe NASNetMobile model
[10] performs slightly better than the
other models.

7 Linetal. [31] | CNN Custom dataset o The system achieves 95.8% and
94.6% accuracy in the daytime
and nighttime recognition.

8 Al Amin et al. | CNN Public dataset eThe proposed approached

[3] achieved an accuracy of 97.5%.
10 Gupta et al. [19] | CNN Public e The proposed system detects
surveillance live facemasks using

cameras surveillance cameras.

11 Zhangetal. [61] | R-CNN Basic dataset eThe model improves the
accuracy from 83.7% to 84.1%.

12 Gathani Region- Custom dataset e Total mAP detection accuracy is

and Shah [15] based CNN 85.84%.
¢ Non-facemask with a detection
accuracy (mAP) is 98.62%,
e Facemask with accurate
detection accuracy (mAP) is
68.712%.
13 Umer et al. [54] | CNN RILFD dataset e Accuracy (Facemask)=97.5%.
14 Inamdar  and | Facemasknetf RWFCD, MFDD, | ¢ The model achieved 98.6%
Mehendale [21] | model SMFRD accuracy.

15 Rao et al. [44] DL model | Sample dataset eThe DL achieved 91.21%
accuracy.

16 Meenpal et al. | VGG-16, Multi Human | e The accuracy of segmented

[36] Fully CNN | Parsing Dataset facemasks is 93.884 %.

Insert Table 3: CNN techniques discussed in existing work

10




Applicability in Hospital Environment: The ease of integration of CNN architectures with
CCTYV make it perfectly suited for hospital environment, as they can be integrated with minimal

hardware investment. Thus the key advantage of CNN architecture is its adaptability.

3.3 MobileNetV2

MobileNetV2 enables faster and precise detection of facemask among a bunch of people. As input,
images of people with and without facemasks are provided. As output, the same image is segmented
into multiple images. Hussain et al. [20] proposed a multi sensor Smart Screening and Disinfection
Walkthrough Gate (SSDWG) for public safety based on the Internet of Things (IoT). The SSDWG
is designed for rapid screening by measuring temperature with a contact-free sensor and storing the
suspected individual record for subsequent management and monitoring. Facemask classification
and detection are performed using real-time deep learning models [48] in the proposed loT-based
surveillance system. Shamrat et al. [47] investigated the detection performance of three DNN
approaches for facemask recognition: Average pooling, Max pooling, and MobileNetV2 framework.
A dataset of 1845-images from various sources as well as 120-images of the co-authors taken with a
web camera and a mobile camera was used to train a DNN framework. The accuracy rate was
98.690%, while the accuracy score was 96.490% using max pooling. Additionally, the average
pooling accuracy for training and validation was 95.290% and 96.240%, respectively. The accuracy
of training and testing using the MobileNetV2 framework is 99.74% and 99.840%, respectively.
Chen et al. [11] described a lightweight Face Mask Screening Device (FSSD) using a mobile phone.
The authors presented a cell phone-based detection method. The facemask micro photos were
examined using the Grey Level Co-occurrence Matrixes (GLCMSs) to examine the spatial orientation
of the pixels in the image using texture analysis. Nagrath et al. [37] developed SSDMNV2, a method
for detecting facemasks using the Single Shot Multibox Detector as the face detector and the
MobileNetV?2 framework as the classifier’s framework in the SSDMNV?2 (Figure 4). This works for
both images and real-time datasets. It is reasonably portable and even allows for real-time facemask
detection in embedded systems (such as the Raspberry Pi and NVIDIA Jetson Nano). This model

generated good accuracy score and fj-score i.e., 0.9264 and 0.93, respectively.
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Figure 4: SSDMNV2 model for facemask detection

Addagarla et al. [1] provided several ways for multi-scale facemask categorization and real-time
identification for the medical business. They created two separate detection models using two
different facemask datasets of 1400 and 680 photos. The mean average precision (mAP) was 34%,
and the recall rate was 91.7% on the FM'Y 3 model, while the accuracy and recall rates were 98% and
99%, respectively. Chen et al. [12] created a technique for determining the service stage of a
facemask using a mobile microscope. The proposed methodology extracts four attributes from micro-
photos of facemasks using grey level co-occurrence matrices: correlation, contrast, energy, and
homogeneity (GLCMs). The mask’s service stage is then determined using the k-NN approach.
According to the empirical results, the proposed model detects facemask with 98.6% accuracy. Table

4 briefly discusses the existing work related to MobileNet2 techniques

Sno | Authors & | Techniques | Datasets Performance
References
1 Hussain et al. | SSDWG Masked Face-Net, | o Accuracy (VGG-16) =99.81%
[20] MAFA e Accuracy (MobileNetV2) =
99.6%
2 Shamrat et al. | CNN RMFD, SMFD, | e Accuracy for MobileNetV2
[47] Custom dataset architecture:

@ 99.72% for training
¢ 99.82% for validation

3 Chenetal. [11] k-NN Real-Time Image | e The system (testing dataset) has
an accuracy of 82.87%.

e Precision (Type-I) =92.01% that
is not recommended.

e Recall (Type-III) = 92.58% that
is not recommended.

4 | Nagrath et al. | MobileNet- | Kaggle’s Medical | e The accuracy of deploy
[37] V2 Mask technique is 0.9264%.
e F1- score is 0.93%.
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6 | Addagarla et al. | Real-Time The models were | e The DTL model achieved 98%
[1] DLT model | trained using | accuracy.
1400 and 680
images
7 Chen et al. [12] Noisy Facemask micro- | e The model accuracy is 82.87%
SoftMax photos

Table 4: MobileNetV2 techniques for facemask detection, i.e., used in existing work

Applicability in Hospital Environment: MobileNetV2 is arguably the most hospital-practical
architecture because of its low computational power and its integration with IoT temperature

sensors [20].

3.4 You Only Look Once (YOLO)

One of the quickest object detection techniques, “You only look once” (YOLO) gained widespread
adoption due to its effectiveness and performance. The algorithms used to this point identify items
in the image by selecting specific regions and then classifying the objects within them [6], [28]. This
has been an extra overhead because each region selection must be done separately for each object in
the image. The YOLO approach eliminates this stage by analyzing the entire image once. For each
object in the image, the bounding boxes and class probabilities are predicted in a single forward pass.
Thus in comparison to previous object detection algorithms, the YOLO model is significantly faster

and more effective. Table 5 briefly discusses the existing work related to YOLO techniques.

Yolo-V;: This is the first generation of YOLO, commonly referred to as YOLO-v1. YOLO-v1 splits
the image into an S x S grid for object detection. However, due to the large localization error in this
method and a relatively low recall rate, it is challenging to locate close objects [28], [29]. The 24
convolutional layers of YOLO-v1 are modified for detection by adding 4 CNN layers and two fully
connected layers. A fully connected layer is used by YOLOvI to regress bounding boxes, which
imposes significant spatial constraints on their predictions and makes it difficult to combine small

items.

Yolo-V,: YOLOvV2 was developed to address the flaws of the previous version, specifically to reduce
localization error and increase recall by leveraging high-resolution classifiers, batch normalization,
and convolutional layers with anchor boxes [28], [29]. Wu et al. [59] proposed the FMD-Y olo model
to detect whether people are wearing facemasks. Im-Res2Net-101, a deep residual network, and deep

residual network Res2Net module hybrid is used by the feature extractor.

Yolo-V;: The network predicts four coordinate values for each bounding box. During the training
phase, predictions are made using binary cross-entropy loss. Bhuiyan et al. [29] measured

performance with a strong GPU, but the “YOLO-v3 darknet” command is suitable for real-time
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computing with minimum memory. The author discovered that pictures of people with and without
facemasks are utilized for training people. After processing real-time video data, the experimental
setup performed detection, localization, and identification. In the following 4000 epochs of training,
the overall average is 0.0730. The mAP score after 4000 epochs of training is 0.96. Vinh and Anh
[57] discussed a real-time facemask detector. It is used the YOLO-v3 algorithm and the HAAR
cascade classifier to distinguish between the face and the mask. Jiang et al. [22] suggested using the
YOLO-v3-slim method, an enhanced version of the original YOLO-v3 technique, for facemask
recognition. Al-Tameemi et al. [4] introduced the Bi-path Combination You Only Look Once (BC-
YOLO) for FSOD. The author categorized into transfer learning and training scheme. Kristo et al.
[26] investigated the issue of human detection in IR thermal images using the model of YOLOV3,
Faster R-CNN, and many more. Here, author conclude that IR thermal images are more effective

than VIS images for detecting objects at night in inclement (bad) weather.

Yolo-V,: This model’s accuracy has increased than the previous versions but the prediction time has
remained the same [62]. In comparison to the third generation YOLO model, the average precision
is 10% higher [29]. Yu and Zhang [61] used YOLO-v4 for facemask identification demonstrating its
effectiveness in the fields of computer vision and image processing (IP). This is extremely light and

might be used in embedded systems to provide real-time facemask detection.

Yolo-Vs: YOLO-Vs brought about the addition of mosaic data and auto learning bounding box
anchors for significant enhancement of speed and accuracy. Zhou et al. [63] demonstrated the strong
performance of YOLOVS over previous versions on facemask detection datasets and found it to be
more accurate with an increase in mean average precision (mAP) of 14.97% and 4.75%, respectively,

as compared to YOLOv3 and YOLOvA4.

Sno | Authors & | Techniques Datasets Performance
References
1 Bhuiyan et al. | YoLov3 Custom dataset | e After training 4000 epochs:
[6] e The mAP score is 0.96.
o The average loss is 0.0730.
2 Wu et al. [48] FMD Yolo Public dataset e AP50 at IoU=0.50, Precision is

88.4% and 92%, respectively.

e AP75 at 1oU=0.75, Improved
the performance by 3.9% and
5.5%, respectively.

3 Yu and Zhang | YOLO-v4 and | Masked Face- | e According to the comparisons,

[61] CSPDarkNet5 | Net and RMFD facemask recognition has a
3 mAP of 98.3% and a frame rate
of 54.57 1ps.
4 Al-Tameemi et | YOLO PASCAL VOC | e The model accuracy’s 82%.
al. [4] 2007, MS
COCO 2014
datasets
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Table 5: YOLO techniques discussed in existing work
Applicability in Hospital Environment: YOLOVS5 is the recommended detection model for
high-priority hospital zones (ICU, operating theatres, and emergency departments) where
detection accuracy is critical. Its architecture provide better handling of partial occlusion of
masks, for example, a mask partially covered by surgical loops, a common scenario in clinical

environments.

3.5 VGG-19

The Visual Geometry Group (VGG) is made up of 2D Convolution and Max Pooling layers. Kim et
al. [25] introduced the edge map and IPN (EIPNet) for face super-resolution networks. It reduced the
distortion by utilizing lightweight identity information and edge block. Xiao et al [60] developed the
upgraded CNN VGG-19 method to identify workers without facemasks in workplaces. They
collected over 3000-photos for model training and testing. Using the VGG-19 network model, three
FC layers are replaced with a single plain layer and two FC layers with fewer features. The SoftMax
classification sheet of the original model has been replaced by a 2-label SoftMax classifier. The
experimental data show that the model has a recall of 96.31% and an accuracy of 97.62% of
identifying employees without masks. Carvalho et al. [8] studied the inconsistencies in the eye region
where graphic design simulation still has to be enhanced using highly realistic computer-generated
images. These differences are identified by investigating the expressive power of features obtained
from the VGG-19 DNN model and a transfer learning (TL) strategy. Two distinct datasets with highly
realistic photos were used in the experiments, and the results showed accuracy of 0.80 and AUC of
0.88, respectively. Diviya et al. [14] discussed the VGG-19 and YOLO. It is helpful for to detect
people wear facemask or not. Marjan et al. [35] described the facemask detection techniques through
extended VGG-19 that performed better than the CNN and VGG-19 variants. Table 6 briefly discuss
existing research papers related VGG-19.

Sno Authors & Techniques Datasets Performance
References
1 Kim et al. [25] | EIPNet VGGFace2 and | eIt outperforms preliminary
elebA approaches in terms of FPS

while yielding promising
quantitative findings.
e [t improves the perceived

quality of SR images.
2 Xiao et al. [60] | VGG-19 3000 images eThe model achieved
accuracy is 96.31%.
3 Carvalho et al. | VGG-19 and DSCG1 and | e Accuracy=80%
[8] CNN DSCG2 e AUC=88%
4 Diviya et al. | YOLO and VGG- | Image dataset e Accuracy (VGG-19) =
[14] 19 99.80%
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5 Marjan et al. | Extended VGG- LFW and CASIA | e Accuracy=96%
[35] 19

Table 6: VGG-19 techniques discussed in existing work

Applicability in Hospital Environment: VGG-19 is developed for highly secured areas where
hospital deployments with centralised computing is available, for example, server-based
monitoring of operating theatre entrances or secured entrances of pharmaceutical areas where

computational resources are available and vigilance of false negative rates must be determined.

3.6 Inception-v3

Inception-V3 model is a popular image recognition model which is architectured using various
inception blocks containing diverse layer combinations: convolution, concatenation, dropout,

AvgPool, MaxPool, fully connected, and SoftMax output.(Figure 5)

Figure 5: The architecture of Inception-V3 Model
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Li [30] talked about facemask detection through Inception-V3. These methods detect three types of
classes without facemasks, with facemasks, and masks worn incorrectly. Nainan et al. [38] explained
the real time facemask detection based on two techniques like Inception-v3 and MobileNetV2.
Agarwal and Susan [2] described the Emotion Recognition from facemasks using Inception-v3
techniques. Nyarko et al. [41] discussed the hybrid techniques analysis of facemask recognition.
These techniques identified many types of masks, such as N95, fabric, and surgical masks. Chowdary
et al. [23] talked about Google-Net. It is an alternative CNN model built on the Inception framework.
It uses “Inception modules” which allow the network to analyze visuals at different scales within
each frame. These modules are stacked by Google-Net using a feed-forward framework with sporadic
max-pooling layers to minimize the dimensionality of the data. Tabl7¢ briefly discusses the existing

work related to InceptionV3 techniques.

Sno Authors & Techniques Datasets Performance
References
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1 Li [30] Inception-v3 | Public area | e Accuracy (Without mask) =
dataset 97.11%
o Accuracy (With mask) =94.52%
e Accuracy (Wear mask incorrect)
=94.26%
2 Nainan et al. [38] | CNN model | Real-time e Accuracy (With mask) = 97%
dataset e Accuracy (Without mask) = 98%
3 Agarwal and | Inception-v3 | FER-2013 e Accuracy (With mask) = 54.82%
Susan [2] dataset e Accuracy (without mask) =
68.80%
4 Nyarko et al. [41] | Inception- Statistical e Accuracy (AlexNet)= 95.7%,
V3, Resnet- | dataset e Accuracy (Resnet-50) = 97.5%
50, and e Accuracy (Inception-V3) =
AlexNet 95.5%,
5 Chowdary et al. | CNN Model | Kaggle eThe model achieved 96%
[23] Dataset detection accuracy.

Table 7: InceptionV3 techniques discussed in existing work
Applicability in Hospital Environment: Inception-V3's capability of determining multi-type
mask and its ability to distinguish between different types of masks makes it uniquely valuable
for hospital areas requiring compliance of specific mask types (e.g., ensuring N95 masks are

used in ICUs instead of surgical masks).
3.7 Hybrid Techniques

Hybrid techniques incorporates two more techniques (including MobileNet-V2, VGG-19, DenseNet-
121, Inception-V3, and numerous others) to recognize people who are wearing a facemask. Table 8
briefly discuss the Hybrid techniques for facemask detection. Goyal et al. [17] introduced a facemask
identification algorithm for static images and real-time videos, categorizing the images as “without
a mask” or “with a mask”. The acquired data set consists of around 4,000 images and has a 98%
performance accuracy rate. When compared to MobileNet-V2, VGG-19, DenseNet-121, and
Inception-V3, the newly proposed model outperforms them in terms of effectiveness and accuracy.
Tamang et al. [50] described YOLOvVS5 and DL techniques for facemask detection that may be used
to test hybrid dataset (without facemask, improper/partial mask, and with facemask). In the hybrid
dataset used, there are 1000 images of each class which means a total of 3000 images. Loey et al.
[33] developed a special paradigm for medical facemask identification that focuses on the medical-
mask. To get incredibly good image detection results, the author used the ResNet-50 model, which
is based on YOLO v2, i.e., represented in Figure 6. The developed model improves detection
performance by using mean loU to calculate the ideal number of anchor boxes. The author combines

two publicly accessible facemask datasets to generate a brand-new dataset used to train and test
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detectors in a supervised setting. The author demonstrated the developed framework strategy of

YOLOV2 with ResNet-50 to be a successful model for detecting a medically masked face.

.
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\ 4
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Figure 6: Facemask detector model used to YOLOv2 with ResNet-50
Sno Authors & Techniques Datasets Performance
References
1 Goyal et al. | CNN Kaggle e Around 98.2% of the time, the
[17] dataset trained model is accurate.
2 | Tamang et al. | YOLOVS5 hybrid e Accuracy = 90%.
[50] and DL datasets
(3000-
images)
4 | Loeyetal. [72] | YOLOvV2 FMD, MMD | e Accuracy (precision) = 81%.
with ResNet- | dataset
50

Table 8: Hybrid techniques discussed in existing work

Table 9 depicts the hospital suitability assessment of each reviewed facemask detection

technique, providing recommendations of their deployment in hospital zone.

Architectur Best Inference Multi-Mask Recom
e Accu Speed Type mended
racy Hospital
Zone
MobileNetV 99.63 Real-time Partial Ward
2 % entrance
s, OPD,
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Receptio
n
ResNet-50 100% Near  real- Partial ICU,
(Hybrid) (LF time Isolation
W) Wards
VGG-16/19 99.85 Moderate Partial OT,

% High-
security
zones

CNN (Multi- 98.62 Real-time Partial Wards,
stage) % Corridor
s, ED
Inception-V3 ~96— Moderate Yes ICU,
98% (N95/Surgica Isolation
1) , OPD
YOLOVS ~97—- Fast Yes (3-class) ED,

98% OPD,
General
Wards

Table 9: Facemask detection technique for hospital deployment

4. Open issues and research challenges of facemask detection
The deployment of facemask detection in different hospital departments introduces a set of
challenges that are not otherwise encountered in general public places. These challenges are

listed below:

4.1 Technical Challenges
* Medical Equipment Occlusion: Hospital subjects are often required to wear additional
medical equipment like oxygen masks, surgical loupes, and head covering layers that can
effect mask detection. The facemask detection models are still not trained on these occlusion

patterns and thus these models require fine-tuning on hospital-specific datasets.

* Variable Clinical Lighting: Hospital subjects are sometimes exposed to bright operating
theatres with surgical lights and sometimes they have to stay in dim ICU rooms. Thus the
facemask detection models in hospitals should maintain sufficient accuracy and performance

across this luminance range.
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* Correct vs. Incorrect Mask Wear: It is very important in hospital environment that the
facemask detection technique mask worn correctly (covering nose and mouth) and
incorrectly (below nose, at chin, on forehead) is clinically critical — particularly for HCWs
in high-risk zones. This requires fine-grained detection models that assess mask positioning

relative to facial landmarks, a more demanding task than binary presence/absence detection.

4.2 Operational and Ethical Challenges
» Patient Privacy: Hospital-based detection architectures need to comply with healthcare data
protection agencies that impose strict regulations on analysing the biometric data collected
from patients and staff. Thus facemask detection systems that perform only facial
recognition (detection-only, without individual identity linkage) can be conducted with
existing regulatory frameworks, but detection systems that timestamp and zone-identify

individuals require stringent privacy impact assessment.

* Clinical Dataset Scarcity: There has been no publicly available dataset that has been
collected in a hospital environment with patients. Thus there is a critical need of developing

a robust training datasets in hospital environment.

6. Conclusion and Future Directions

This study presents a systematic review of Al-based facemask detection techniques evaluated
specifically in the context of hospital environments, addressing the needs of both healthcare
workers (HCWs) and patients. Healthcare-associated infections remain a profound global
burden, and facemask compliance is one of the most evidence-based interventions for their

reduction.

The review demonstrates that significant progress has been made in Al facemask detection, with
the latest architectures particularly YOLOVS [58a], [9] and hybrid MobileNetV2-based systems
[20], [37] achieving precision and recall rates exceeding 97% in real-time configurations
compatible with embedded clinical deployment. MobileNetV2-based systems, by contrast, offer
the most favourable accuracy-to-deployment-cost ratio for distributed hospital-wide monitoring

across ward entrances, reception areas, and outpatient facilities.

Critical gaps identified include the absence of hospital-specific annotated training datasets, and
the challenge of detecting correct versus incorrect mask usage under the complex occlusion
conditions of clinical environments. Future research should prioritise the development of
ethically cleared, institution-specific hospital datasets; the integration of mask detection with
complementary clinical sensor data (temperature, personnel ID); and the evaluation of Al mask
detection systems in live clinical environments through randomised controlled trials measuring

HAI incidence as a primary outcome.
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As hospitals invest in Al-driven clinical intelligence platforms, facemask detection represents
an immediately deployable, evidence-based application of computer vision technology with a
measurable impact on patient safety. The integration of Al mask monitoring into hospital
infection control protocols offers the prospect of continuous, objective, and scalable enforcement
of PPE compliance — a capability that could meaningfully reduce the global burden of

healthcare-associated infections.
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