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Abstract In healthcare facilities, including hospitals,
pathogen transmission can lead to infectious disease
outbreaks, highlighting the need for effective disinfection
protocols. Although disinfection robots offer a promising
solution, their deployment is often hindered by their
inability to accurately recognize human activities within
these environments. Although numerous studies have
addressed Human Activity Recognition (HAR), few have
utilized scene graph features that capture the relationships
between objects in a scene. To address this gap, our study
proposes a novel hybrid multi-classifier information fusion
method that combines scene graph analysis with visual
feature extraction for enhanced HAR in healthcare
settings. We first extract scene graphs, complete with node
and edge attributes, from images and use a graph classifi-
cation network with a graph attention mechanism for
activity recognition. Concurrently, we employ Swin
Transformer and convolutional neural network models to
extract visual features from the same images. The outputs
from these three models are then integrated using a hybrid
information fusion approach based on Dempster-Shafer
theory and a weighted majority vote. Our method is evalu-
ated on a newly compiled hospital activity data set,
consisting of 5,770 images across 25 activity categories.
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The results demonstrate an accuracy of 90.59%, a recall of
90.16%, and a precision of 90.31%, outperforming existing
HAR methods and showing its potential for practical
applications in healthcare environments.
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1 Introduction

Large gatherings, particularly in healthcare settings, are
recognized as critical points for pathogen spread. The
Centers for Disease Control and Prevention (CDC)
reports numerous outbreaks of infectious diseases in
hospitals, exerting significant strain on healthcare
resources and resulting in a high number of fatalities
(CDC, 2024). Annually, approximately 1.7 million
people acquire infections during hospital treatment, leading
to around 99,000 deaths (Haque et al., 2018). Moreover,
hospital-acquired infections incur an estimated annual
direct medical cost of about $30 billion and societal costs
exceeding $10 billion due to premature mortality and
reduced productivity. The recent global COVID-19
pandemic has further emphasized this issue, with over
449 million infections and 6 million deaths worldwide,
and the numbers continue to rise due to more transmissible
variants (Dong et al., 2020). In healthcare settings, main-
taining proper sanitation and implementing effective
disinfection practices are crucial in controlling the spread
of infectious diseases (Assadian et al., 2021). This is
where disinfection robots can play a pivotal role in effec-
tively mitigating disease transmission.

Traditional cleaning and disinfection methods in
healthcare facilities are manual, laborious, time-consum-
ing, and prone to inconsistency due to human fatigue,
potentially resulting in overlooked or insufficiently sani-
tized surfaces (Rutala and Weber, 2016). Robots can
provide a solution to these challenges, operating
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continuously and consistently without endangering
humans (Guettari et al., 2021). The COVID-19 pandemic
has further emphasized the importance of disinfection
robots in performing environmental cleaning tasks
(Zemmar et al., 2020). In our prior research, we developed
algorithms for object detection (Hu et al., 2023), contami-
nated area segmentation (Hu et al., 2020), and material
classification (Hu and Li, 2022) specifically for disinfec-
tion robots in healthcare facilities. However, a significant
limitation remains: current disinfection robots lack the
ability to recognize human activities within healthcare
environments. This limitation undermines their effective-
ness and hinders their widespread implementation.
Healthcare facilities include a wide range of human activ-
ities, each of which influences how a disinfection robot
should operate. For example, if a doctor’s consultation is
in progress, the robot should ideally postpone disinfection
of that area to prevent disruptions. Therefore, the accurate
recognition of human activities is a crucial prerequisite
for the successful integration of disinfection robots into
healthcare environments.

Human Activity Recognition (HAR) has been an area
of study for over 20 years and has produced various
methods for classifying activities from visual data such as
videos or snapshots (Chen et al., 2021). Our study
focuses on the classification of human activities from
static images, aiming to enhance the operational efficiency
of disinfection robots in healthcare environments. While
video data provides a dynamic sequence of spatial and
temporal cues, many actions can be discerned from single
images or selected video frames, enabling prompt situa-
tional analysis (Guo and Lai, 2014). Additionally, the
computational requirements for processing video data are
significantly higher compared to still images (Rodriguez-
Moreno et al., 2019), making image-based recognition
more practical for disinfection robots. However, identify-
ing human activities from a single frame presents distinct
challenges, particularly in the presence of environmental
noise or complex backdrops.

To address these challenges, our research proposes a
novel approach that combines classifier techniques and
leverages both scene structure and visual cues. Specifi-
cally, we have created a specialized image data set for
healthcare environments, carefully annotated with precise
activity labels. This data set serves as a valuable resource
for testing activity classification models in healthcare
settings, addressing the scarcity of specialized data avail-
able for HAR in the healthcare field. Additionally, our
developed process transforms images into scene graphs,
which highlight the contextual relationships within a
scene using nodes and edges. This aids in the effective
execution and evaluation of scene graph classifiers, as it
enables the model to understand and utilize the spatial
and relational context of activities. Furthermore, we inte-
grate the strengths of Convolutional Neural Network
(CNN), Visual Transformer (ViT), and Graph Neural

Network (GNN) to extract a comprehensive range of
features from images. Our fusion strategy combines
Dempster-Shafer theory (DST) and weighted majority
voting, resulting in a significant advancement in multi-
classifier fusion for image classification.

The structure of this paper is as follows: Section 2
provides a literature review on the relevant work in the
HAR field, while Section 3 presents the proposed model
in detail. Section 4 discusses the experiments conducted
and the results obtained, while Section 5 evaluates the
proposed data set and model by comparing them with
state-of-the-art methods. Finally, Section 6 concludes the
study and discusses its potential applications.

2 Literature review

HAR plays a crucial role in studying human behavior and
enhancing human-robot interfaces, including a wide
range of activities from physical movements like jumping
to daily tasks such as watching TV or making phone
calls. There are two primary techniques in activity recog-
nition: visual-based approaches and sensor-based
approaches, each utilizing different types of data (Dang
et al., 2020). Visual-based methodologies rely on image
and video data captured by camera systems, such as RGB
and RGB-D cameras. For instance, Uyguroglu et al.
(2024) investigated Alzheimer’s disease classification
using the fusion of multiple 3D angular orientations
through CNN. On the other hand, sensor-based
approaches employ various sensors like accelerometers,
WiFi, and radar to detect activities. Studies conducted by
Mudiyanselage et al. (2021) and Raza et al. (2023) have
demonstrated the potential of sensors in activity recogni-
tion and related risk control. In the field of robotics,
cameras are commonly used to enable robots to perceive
and interact with their surroundings. Visual-based HAR
can be categorized into three main types: traditional
machine learning techniques, deep learning models, and
the fusion of different data types for feature extraction.

2.1 Machine learning for HAR

For several years, machine learning techniques like
Support Vector Machine (SVM) and Random Forest have
been widely used in the field of identifying human
actions from images. SVM aims to find the optimal
hyperplane for classification, whereas Random Forest
utilizes an ensemble of decision trees. These methods
have shown success in less complex scenarios with a
smaller number of samples. Earlier studies, such as Wang
etal. (2006), employed unsupervised methods to categorize
actions by comparing silhouettes in images. Building
upon this work, Ikizler et al. (2008) refined the approach
by evaluating human poses through shape histograms and
reducing data before classification. Yao et al. (2011)
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proposed the “Stanford 40 Action” benchmark data set
and proposed a method that simultaneously models action
attributes and parts using Locality-constrained Linear
Coding (LLC) on dense SIFT features and a linear SVM
classifier. In a study by Yun et al. (2013), hand-centered
image patches were the focal point in classifying activities
using SVMs. However, SVM encounters challenges with
large-scale data sets due to increasing computational
complexity, while the effectiveness of Random Forest
may diminish due to the complex nature of decision trees
and resource-intensive computational demands. Although
these approaches have been effective, they often struggle
with larger data sets because of their computational
requirements and reliance on manually designed features,
which may not scale well (Rashidi Nasab and Elzarka,
2023).

2.2 Advances in deep learning for HAR

With the availability of better computational resources,
deep learning has emerged as a prominent method for
image-based activity recognition, reducing the need for
manual feature engineering (Yao et al., 2022). Oquab
et al. (2014) found that CNNs trained on general images
could enhance HAR. Following this trend, Gkioxari et al.
(2015a) and Zhao et al. (2017b) advanced the field by
incorporating contextual information and body part
details. However, these methods often require additional
manual annotations, which might limit their applicability
in real-world scenarios.

To overcome limitations in HAR that arise from manu-
ally annotating bounding boxes around individuals,
researchers have proposed innovative solutions. Khan
et al. (2015) proposed a detection technique that utilizes
features extracted by CNNs. Another approach, presented
by Siyal et al. (2020), employed CNNs for feature extrac-
tion alongside SVMs for classification. Bera et al. (2021)
took this further by integrating a CNN that specifically
focuses on key areas of an image. They generated
keypoints using a SIFT algorithm, grouped them using a
Gaussian Mixture Model (GMM) to create salient
regions, and then processed these regions with an atten-
tional module for activity classification. Bas and Ikizler-
Cinbis (2022) proposed an attentional deep multiple-
instance learning network that identifies action-related
regions and generates a pixel-level action map without
irrelevant pixels. While these methodologies yield
promising results, they primarily focus on visual features
and neglect the valuable object and relationship informa-
tion present in images. To address this, our study utilizes
scene graphs extracted from images to capture complex
relationships and object-specific information. We process
these scene graphs using a GNN, a technique that has
shown effectiveness in hyperspectral image classification
(Hong et al., 2021, Ding et al., 2022, 2023). By combining
visual aspects with the complex interplay of objects and

relationships, our approach aims for a more holistic and
accurate HAR.

2.3 Integrating multiple data types for HAR

Incorporating data from multiple sources has proven
beneficial in interpreting complex human activities, as it
provides rich semantic knowledge (Dang et al., 2020).
Khaire et al. (2018) merged visual, depth, and structural
data to classify actions, demonstrating improved
resilience to suboptimal lighting conditions compared to
using visual data alone. Guo et al. (2018) developed a
technique that combines signals from WiFi and cameras
to detect activities, proving particularly useful in chal-
lenging indoor environments with low light and obstruc-
tions. Singh et al. (2020) proposed a multi-view CNN
approach that utilizes motion and depth information to
enhance HAR, achieving high accuracy on demanding
data sets such as MSR Daily Activity, UTD MHAD, and
CAD 60. Although these methods have made significant
advancements, they heavily rely on data from supplemen-
tary sensors. There is still a gap in leveraging the rela-
tionships between objects within an image for activity
classification. A method that considers these relationships
would provide a more comprehensive understanding of
visual content and ultimately enhance the overall perfor-
mance of HAR.

3 Methodology

This research presents a novel approach to decision
fusion that combines visual cues and scene graph data to
identify human actions within healthcare settings. The
methodology, depicted in Fig. 1, consists of four main
steps. First, the robot’s camera acquires images. Second,
three classifiers are utilized: a CNN using ConvNext (Liu
et al., 2022), a ViT employing Swin Transformer (Liu
et al., 2021), and a GNN based on an unbiased scene
graph generation approach (Tang et al., 2020). These
classifiers aim to recognize features from the image,
focusing on spatial patterns, global context, and object
relationships, respectively. Third, a hybrid decision
fusion stage combines the probability distributions (PDs)
of the activity categories output by these three classifiers
using the DST and weighted majority vote, taking into
account the level of conflict among the classifiers’
outputs. Finally, the fused output is used to recognize and
classify the human activity depicted in the images,
providing valuable insights for monitoring and managing
healthcare facilities.

3.1 Scene graph-based activity classification

Scene graph features offer a more comprehensive contex-
tual understanding by capturing the relationships between
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Fig. 1 Methodology overview.

objects. This is crucial for distinguishing relevant activities
from background clutter and representing the complex
interactions commonly found in healthcare environments.
To achieve this, we leverage the unbiased scene graph
generation method developed by Tang et al. (2020). This
method employs counterfactual causality to identify and
mitigate unwanted biases. It integrates with existing
scene graph generation models such as MOTIFS (Zellers
et al., 2018), Iterative Message Passing (IMP) (Xu et al.,
2017), and VCTree (Tang et al., 2019). In our approach,
we specifically utilize the MOTIFS model, which has
been trained on the extensive Visual Genome data set
(Krishna et al., 2017), to generate scene graphs. By
combining MOTIFS with causal inference methods, we
enhance our ability to accurately detect and interpret
scene graphs, allowing us to understand complex visual
content without pre-existing biases.

For the construction of scene graphs, we establish
connections and define nodes using pairs with confidence
levels above 0.5. This approach ensures a balance
between detail and computational load. The selection of
this threshold is based on common practices in the field
and preliminary experiments, which have shown that a
threshold of 0.5 effectively filters out less reliable rela-
tionships while preserving valuable information.

However, it is important to note that our experiments
and training were conducted on a workstation, not on the
actual disinfection robots. These robots have significantly
lower computational power, and therefore the 0.5 threshold
may need to be reconfigured when transferring the
system to accommodate their limited capabilities.

To improve the representation of our graph elements
and conserve time and computational effort, we utilize
the Skip-gram model from Word2Vec. This model is
trained on the extensive Google News data set and
creates 300-dimensional vectors that capture nuanced
language patterns for a wide range of words and phrases.
The embeddings derived from Word2Vec enrich our
node and edge features, providing a strong foundation for
classifying the scene graphs with image categories as
labels.

Figure 2 presents sample scene graphs generated from
our image data. These examples are limited to the top 10

most confident objects and relationships for clarity.
However, our method allows for more comprehensive
extraction when necessary. This graph-based approach
captures essential interaction data within images, providing
valuable insights for effective HAR, such as identifying a
group of medical professionals gathered for a conference.

The purpose of our study is to develop a graph classifi-
cation network that can accurately classify human activity
based on generated scene graphs. Figure 3 provides an
overview of the flowchart for the GNN, which includes
feature encoding and feature classification stages. We
have utilized the graph attention mechanism in our
network to effectively learn from graph-structured data
by focusing on the neighboring nodes of each node. The
Graph Attention Network (GAN), proposed by
Velickovi¢ et al. (2017), has emerged as a popular archi-
tecture for representation learning with graphs. The GAN
computes node similarity within a graph to uncover the
hidden features of the graph nodes. A recent innovation is
the dynamic graph attention variant proposed by Brody
et al. (2021), which proposes a simple modification to
enhance the model’s ability to fit the training data. In our
study, we have employed the proposed graph attention
mechanism to encode the graph features. The GAN oper-
ator operates by attending to a node’s neighbors to learn a
representation that captures the node’s local graph struc-
ture. This attention mechanism allows the network to
focus on the most pertinent components of the graph,
thereby facilitating more effective feature learning and
classification. The details of the GAN operator are as
follows:

The GAN takes node features, h={h;,h,,...,hy},
h; € R", and edge features, ¢;; € R” as inputs, where N is
the total nodes, F is the node feature count, and D is the
edge feature count. e;; are considered only when connect-
ing node i and node j. The GAN’s output is an enhanced
node feature set, h' = {h),h,,...,h,},h, =R". The GAN
process begins with a shared linear transformation
applied to each node. In Eq. (1), attention coefficients p;,
signifying the influence of node j’s feature on node i, are
computed through concatenation and weighted by
W c RF’X(2F+D) .
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By employing a multi-head attention approach, the
model calculates and averages distinct attention outputs
to enhance performance and stabilize learning. Equation
(3) defines this process, where K represents the attention
count and o signifies the ReLU function:

’ 1 K k k
hi=0 E ket ZjEM aijW h;l. (3)

After the GAN operations, global average pooling is
applied to aggregate node features, and a dense layer is
used for classification. With a mere 0.11 million parame-

ters, the GNN ensures efficiency in both training and
inference times.

3.2 Transformer-based activity classification

Our research utilizes the Swin Transformer model, which
is widely recognized for its effectiveness in visual feature
learning for activity recognition tasks (Liu et al., 2021).
The Swin_L architecture, an expanded version of the
Swin Transformer, is summarized in Fig. 4. It follows a
patch partitioning mechanism to divide the input image
into distinct patches. Each patch’s raw pixels form a 48-
dimensional vector when using a 4 x 4 patch size. These
vectors are then refined through a series of transformer
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stages. The first stage consists of a linear embedding
layer that converts the 48-dimensional vectors into 192-
dimensional vectors, followed by two Swin Transformer
blocks. Stages 2 through 4 incorporate a patch merging
step, which combines features from neighboring patches
and reduces dimensions before entering additional trans-
former blocks. Each stage includes 2, 18, and 2 Swin
Transformer blocks, respectively. Swin Transformer
blocks utilize a shifted window Mechanism for Self-
Attention (MSA) and contain dual integrated Multilayer
Perceptron (MLP) layers with GELU activations, all
preceded by layer normalization. This hierarchical struc-
ture enables comprehensive activity classification
through tiered feature synthesis.

3.3 CNN-based activity classification

For activity classification using CNN, we have chosen
the State-of-the-Art (SotA) ConvNeXt model. Based on
the well-established ResNet framework, ConvNeXt
incorporates several refinements to improve performance.
Figure 5 presents the ConvNeXt L setup, which includes
an initial convolution, successive stages of ConvNeXt
units, and a classification layer. The process begins with
a 4 X 4 convolution to reduce the feature map size,
followed by four tiers of ConvNeXt units, each consisting

224 x 224 x 3
Stage 1 56 x 56 x 192 Stage 2 28 x 28 x 384
56 x 56 x 48 1536
£ A Patch Linear L Transformer ) Patch Ll Transformer ) Adaptive
(T partition embedding block merging block pooling
N
NP x2 x2
Stage 3 14 x 14 x 768 Stage 4 7 x7 %1536 25
Patch Transformer Patch Transformer Classifier
—| <o—>| < o> o—
merging block merging block
x 18 x2

Fig. 4 Architecture of the Swin_L architecture.
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Fig. 5 Architecture of the ConvNeXt_L architecture.
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of 3, 3, 27, and 3 units. As the layers deepen, the feature
map’s resolution decreases while the channel count
increases. After the final stage, an adaptive pooling layer
condenses the feature map to 1 x 1, leading to a dense
layer that performs the final activity classification. For a
detailed explanation of the network, please refer to (Liu
etal., 2022).

3.4 Decision fusion

This section presents our decision fusion strategy, which
effectively combines the outputs of the GNN, Swin L,
and ConvNeXt L models to enhance robustness, accu-
racy, and adaptability in varying lighting conditions. The
integration of multiple classifiers through multi-classifier
fusion leverages their respective strengths. Specifically,
this approach capitalizes on the CNN’s proficiency in
identifying spatial patterns, the ViT’s ability to capture
global context, and the GNN'’s effectiveness in under-
standing object relationships and interactions. We
propose a novel fusion method that combines DST with a
weighted majority voting system to establish a coherent
decision framework. This hybrid methodology incorpo-
rates a weighted majority vote mechanism to enhance the
decision fusion process by capitalizing on the advantages
of both DST and majority voting.

To tailor our decision fusion framework, we have
adapted the DST (Rogova, 2008), considering the unique
classification strengths of individual classifiers to gauge
the reliability of their decisions. Decision templates based
on typical classification patterns observed during training
are utilized as reference points for evaluating new data.
Equation (4) defines the decision template DT ; for class
w;, where Z represents the data set, N; denotes the
number of elements of Z from w;, DP signifies the deci-
sion outputs from the classifier with probabilities, and ¢
represents the total number of classes.

1
N.

J

szew,,zkel DP(Zk), j= 192""’C' (4)

The decision profile DP(x) and decision template DT
are Lxc-dimensional matrices. L is the number of classi-
fiers. Let DT denote the ith row the decision template
DT;. Let D;(x) = [d;,(x),...,d;.(x)] denote the ith row of
the decision profile DP(x) from the classifier D;. The
proximity between DT; and the output of classifier D; for
the input x is given in Eq. (5), where ||-|| represents L,
norm, and ¢;,(x) is the proximity for class j=1,2,...,c
and classifier i=1,2,...,L.

(1+1DT: - D, oll)
o, (1+1DT, - Dol

Equation (6) calculates the belief degree.

¢ i (%)=

¢j,i (X) Hk#j (1 - ¢k.i (X))
1=, 00 Ty (1= 4, 0)

Equation (7) calculates the final degrees of support,
where [ is the normalizing constant.

1, (%) = Bl 11, b; (D; (x)). )

For high-conflict scenarios within our decision fusion
process, we shift to a weighted majority vote to bolster
the dependability of our fusion method. The conflict
value K is defined in Eq. (8), where D} denotes the ith
row and k;ith column of the decision profile DP(x).

b;(D;(x)) = (6)

K = Yinnimo D) (%) D5 () -+ Dy (X). @®)

Under the assumption that a conflict value (K) greater
than 0.6 indicates a significant conflict between different
classifiers (Daniel and Lauffenburger, 2011), the
weighted majority vote is given by Eq. (9), where M
represents the 1 XL weight matrix calculated based on
the accuracy of the classifier on the validation set,
DP*(x) represents the kth column of the decision profile
DP(x). The threshold of 0.6 was determined empirically
through extensive experimentation, balancing sensitivity
and accuracy. The weighted vote is calibrated based on
each classifier’s validation set accuracy, with classifiers
demonstrating higher accuracy receiving greater influence
in the final fusion decision.

11;(X) = Mx DP* (x). ©)

In a demonstrative scenario using synthetic data, we
present three decision templates (given in Eq. (10)) to
clarify the fusion approach.

[ 0.6 03 0.1 | 02 06 02
DT,=| 07 02 01| DT,=|01 07 02 |,
| 08 0.1 0.1 | 02 07 0.1
[ 0.1 03 06 |
DT;=| 02 02 06
02 0.1 07 |
(10)

The decision profile for input x the three classifiers is
described in Eq. (11)
04 04 02
03 06 0.1
04 0.1 05

DP(x) = (11)

0.55 is the calculated result of the conflict value K
using Eq. (8), which is smaller than 0.6 where DST will
be used. Using Eq. (5), the proximities for each decision
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template are calculated and shown in Table 1.

Table 2 shows the belief degrees and final degree of
supports calculated using the Egs. (6) and (7). In this
example, w, performs slightly better on the fusion
method.

4 Experiment and results

4.1 Data set description

Our data set creation involved two stages: downloading

Table 1 Proximity measures

Front. Eng. Manag. 2025, 12(1): 99-116

images and cleaning the data. We identified 25 common
activities in healthcare settings, each with implications
for robotic disinfection, as detailed in Table 3. For exam-
ple, the activity of “comforting” involves close physical
contact, indicating a need for thorough disinfection in
areas where such interactions are frequent. In contrast,
during “doctor meetings,” the disinfection robot could
focus on other high-risk areas due to the gathering of
multiple individuals. Similarly, “infusing,” a routine
procedure, requires regular disinfection in the areas
where it takes place to maintain hygiene standards.
Images were sourced from Getty and Shutterstock,

Table 2 Belief and final degrees of support

Class ) 4,200 $j3(x) Class b DI®)  biDry®)  bi(D3) )
Wi 0.3600 0.3139 0.3222 Wi 0.2058 0.1637 0.1701 0.3352
W) 0.3600 0.4036 0.2636 W2 0.2058 0.2499 0.1244 0.3741
w3 0.2800 0.2825 0.4142 w3 0.1374 0.1388 0.2609 0.2907

Table 3 Selection and implications of activities in healthcare facilities for robot disinfection

Activity

Selection reason

Implication for robot disinfection

Measuring blood pressure
Comforting

Carrying patients
Consulting

Scanning

Doctor meeting
Analyzing samples
Doctor sleeping

Eating

Family visiting

Cleaning

Patient sitting in a
wheelchair

Patient sitting in a
wheelchair with assistance
Infusing

Injecting

Lying in a bed

Online meeting

Performing surgery

Patient walking
Working in pharmacy
Sitting on a bed

Discussing

High frequency activity with close patient interaction

Involves close physical contact between healthcare
workers and patients

High-risk activity due to physical contact when
transporting through various parts of the facility

Universal healthcare interaction, potentially involving
multiple parties

High frequency activity involving use of shared
equipment

Regular occurrence for patient updates and care planning
Crucial activity for diagnosis and treatment planning
Necessary for healthcare providers in settings with

extended shifts
Universal activity with potential for droplet spread

Frequent activity that brings in external individuals

Essential activity for maintaining a healthy environment

Common scenario for mobility-impaired individuals
High-risk activity due to physical contact

Regular occurrence in hospital settings

High frequency activity in many healthcare contexts
Universal scenario for hospitalized patients

Common occurrence for remote consultations or internal

discussions
High-risk activity with strict disinfection standards

Common activity in physical therapy or recovery phases
Regular activity for medication management
Common scenario for patients or visitors

Universal activity with potential for droplet spread

Areas where this activity is performed need frequent disinfection
due to potential for pathogen transmission

Increased risk of pathogen transmission requires careful
disinfection

Frequent disinfection needed in pathways and patient handling
areas

Regular disinfection of consulting rooms needed due to consistent
human presence

Equipment and surrounding areas need regular disinfection

Meeting rooms need regular disinfection due to the number of
individuals present

Laboratories require stringent disinfection due to potential for
pathogen presence in samples

Living quarters require regular disinfection to ensure providers'
health

Cafeterias or eating areas require frequent disinfection

Visiting areas require regular disinfection due to the number of
different individuals present

Avoiding cleaning overlap and improving overall efficiency

Wheelchairs and associated areas require frequent disinfection
Assistive devices and associated areas need frequent disinfection

Infusion areas require stringent disinfection due to direct
pathogen entry risk

Injection areas require stringent disinfection due to direct
pathogen entry risk

Patient rooms require regular disinfection due to continuous
patient presence

Devices used for online meetings need regular disinfection

Operating rooms require stringent disinfection protocols
Walkways need frequent disinfection due to potential for droplet
spread

Pharmacies need regular disinfection due to the handling of
shared items

Patient rooms require regular disinfection due to potential for
pathogen transmission

Meeting or discussion areas require regular disinfection
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which offer extensive image libraries with textual
descriptions corresponding to visual content. Approxi-
mately 1,000 images were acquired for each hospital
activity. The data set was further refined through a verifi-
cation process, where mislabeled images were either
removed or reassigned to the correct categories. We also
discarded images of poor quality, such as blurry or
unclear ones that did not clearly depict the intended
human activity. Despite these exclusions, our data set
retains substantial diversity in terms of background,
human pose, and appearance within each category. To
improve the data set, the final selection of images was
reviewed by an independent human labeler. The
completed data set contains between 180 and 396 images
per class, totaling 5,770 images.

Table 4 provides a comprehensive breakdown of the

Table 4 Activity description and statistics

data set used in this research. It categorizes the images
into different classes, along with the quantity of images
in each class. Additionally, brief descriptions are
included for each class to highlight their unique charac-
teristics and attributes. This detailed breakdown enhances
the reader’s understanding of the data set’s scope and
diversity.

Figure 6 shows a curated collection of images that
represent the wide range of activities taking place in
healthcare settings. Each of the 25 identified activities is
depicted by a carefully chosen representative image from
our data set. These selected images vividly portray the
specific environments and scenarios associated with each
activity, emphasizing the diversity and nuances captured
in our study.

In our analysis of activity patterns, we employed the

Activity Description Shortened Number of people Count

Measuring blood pressure Medical staff is helping a patient to measure blood pressure. Measuring 2 250

Comforting Medical staff is comforting or expressing concern to patients. Comforting 2 and above 189

Carrying patients Critically ill patients are being carried by first responders, Carrying 2 and above 231

doctors, or nurses.
Consulting Patients are consulting a professional doctor or nurse about Consulting 2 and above 197
their condition.
Scanning Doctors are helping patients with MRIs or full-body scans in Scanning 1 and above 220
large instruments.
Doctor meeting Doctors are having an in-person academic meeting around the Meeting 2 and above 203
table
Analyzing samples Doctors are analyzing blood or drug sample in hospital Analyzing 1 and above 247
laboratory analysis room.
Doctor sleeping Doctors or first responders are temporarily sleeping and Sleeping 1 and above 293
resting in the hospital.
Eating Inpatients in wheelchairs or beds are eating. Eating 1 and 2 198
Family visiting Family members are visiting a patient who lying or sitting on Visiting 3 and above 202
the bed.

Cleaning Cleaning staff is disinfecting and cleaning within a hospital. Cleaning 1 and above 262

Patient sitting in a wheelchair A patient is sitting alone in a wheelchair. Wheelchair 1 1 253

Patient sitting in a wheelchair A patient is sitting in a wheelchair with an or multiple Wheelchair 2 2 and above 202

with assistance assistant or nurse next to it.

Infusing A patient is being infused while lying or sitting on the bed. Infusing 1 and above 165

Injecting A patient is being injected by a doctor. Injecting 2 and above 197

Lying in a bed Patients are lying in the nursing bed. Lying 1 and above 203

Online meeting A doctor or paramedic is meeting online using a computer. O-meeting 1 205

Performing surgery Doctors and nurses are performing surgery for a patient in a Operating 2 and above 193
professional operating room.

Patient walking A patient is walking alone in hospital hallway or with Walking 1 and above 180
one/couple of nursing staft.

Working in pharmacy Doctors in pharmacy are sorting, helping clients, or recording. Pharmacy 1 and above 248

Sitting on a bed Patients are sitting on the nursing bed. Sitting 1 194

Discussing A group of doctors or paramedics is standing together and Discussing 2 and above 181

discussing.

Checking temperature Nursing staff is using thermometer guns to measure the Checking 2 and above 343
temperature of the patients.

Patient waiting Patients are waiting in a waiting room or hallway for Waiting 1 and above 396

treatment or examination.
Examining X-ray Doctors are examining the X-ray pictures by himself/herself Examining 1 and 2 318

or with a colleague or nurse.
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Fig. 6 Example images in the proposed data set.

Barnes-Hut t-SNE method (Maaten and Hinton, 2008) to
visualize the raw image data in a two-dimensional plane.
t-SNE is widely recognized for its effectiveness in reducing
the dimensionality of high-dimensional data and projecting
it onto a lower-dimensional space. The process involves
transforming the similarity between image samples into
conditional probabilities and minimizing the Kullback-
Leibler divergence between these low-dimensional
embedding conditional probabilities and the high-dimen-
sional data. Considering the large number of image
features, we initially used Principal Component Analysis
(PCA) to reduce the dimensionality to 50, following the
recommendation of Kobak and Berens (2019). These 50-
dimensional features were then inputted into the t-SNE
algorithm to convert them into a two-dimensional repre-
sentation. It is important to note that the input images
were resized to 224 x 224 pixels with three channels,
resulting in a total of 150,528 features for each image.
The perplexity value for the t-SNE analysis was set at 30.

Figure 7 illustrates the t-SNE visualization, which
displays the two-dimensional distribution of image data
from a hospital setting. It reveals a convergence of
features from different activities, indicating similarities in
human activities that could pose challenges for automated
recognition systems. This similarity is primarily
attributed to the images being captured within healthcare
facilities, which often share similar environmental back-
grounds.

4.2 Implementation details

Our deep learning models were developed using the
PyTorch framework (Paszke et al., 2019) and trained on
an Ubuntu workstation equipped with two NVIDIA
Quadro P5000 graphics cards. We initialized the Swin L
and ConvNeXt L models by using pretrained weights
from ImageNet. To ensure consistency, we employed a
uniform set of training parameters for all models, including
the GNN. The Stochastic Gradient Descent (SGD) opti-
mizer (Ruder, 2017) was used for network optimization,
with a weight decay of 5e-4 and a momentum of 0.9.
These parameter values were chosen based on a combina-
tion of recommendations from the literature and empirical
testing to achieve optimal performance. The initial learning
rate for SGD was set at le-3, and it was reduced by half
every 20 epochs to strike a balance between training
convergence speed and stability. Considering hardware
limitations, we set the batch size to 24 and trained the
networks for a total of 50 epochs. During training, model
weights were adjusted using cross-entropy loss, a
commonly employed choice for classification models.
The hospital activity data set was randomly divided into
training (80%), validation (10%), and testing (10%) sets.
To assess the effectiveness of our method, we generated
five random splits and selected the most promising
results from the validation phase to inform decision
fusion. Finally, the performance of the fusion model was
evaluated on the test set using standard evaluation
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Fig. 7 t-SNE visualization of hospital activity data sets. Each point represents an image, and its associated color represents activity cate-

gory.

metrics, including accuracy, recall, precision, and the F1
score (Powers, 2010).

4.3 Results

In this section, we present the results of our experiments.
Figure 8 illustrates the progression of loss values for the
Swin_L, ConvNeXt L, and GNN models during training
and validation. The loss trends for ConvNeXt L and
Swin_L converge, reaching low loss values by the 30th
epoch, indicating successful learning of activity represen-
tation features. To enhance this learning process and
improve model generalizability, we incorporated data
augmentation techniques such as varying crops and
image transformations to diversify the training data. The
GNN, although initially exhibiting higher loss, consistently
improved over the course of 50 epochs, suggesting poten-
tial benefits from extending the training duration. During
the validation phase, ConvNeXt L attained lower loss
values earlier than Swin L, with GNN stabilizing slightly
later. This indicates an opportunity for performance opti-
mization in the GNN when compared to the other
models.

Table 5 presents the performance metrics of each clas-
sifier, including our proposed method, on the testing set.
These metrics, such as mean and standard deviation, are
derived from the results of five random splits. The
provided metrics are calculated from five random splits
of the data set to ensure robust cross-validation. Among

the classifiers, ConvNeXt L stands out in performance,
exhibiting high scores across accuracy, F1, precision, and
recall metrics of 89.51%, 89.50%, 90.17%, and 89.30%,
respectively. However, the GNN records lower scores in
comparison, with F1 score, precision, and recall of
63.84%, 62.78%, 63.54%, and 63.16%, respectively. This
difference may be attributed to the similar environmental
contexts across different categories in healthcare facili-
ties, leading to similarities in the scene graphs representing
these images.

Figure 9 displays the confusion matrix for the three
classifiers on the testing data set. The confusion matrix
aggregates the results across five random splits to account
for variability among different splits. It is row-normal-
ized, with the diagonal representing the predictive power
of the model for positive classes. For the GNN, recall
varies significantly across different human activities, with
‘measuring blood pressure’ and ‘comforting patients’
being the most frequently misclassified activities, having
recalls of 0.26 and 0.33, respectively. In contrast, ‘online
meeting’ shows the best performance under GNN, with a
recall of 0.95. Swin_L’s classifier stands out, showing
perfect recall in activities like ‘infusing,” ‘operating,” and
several others, demonstrating its robustness in accurate
activity classification. Similarly, ConvNeXt L achieves a
recall of 1 in a broad range of activities, from ‘infusing’
to ‘analyzing,” exhibiting its capability in consistently
recognizing varied actions within healthcare settings.

Table 4 illustrates the average performance of our
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Fig. 8 Training and validation loss trends during model training. Solid lines represent the mean loss across five data set shuffles, with

shaded areas showing the variance: (a) Training; (b) Validation.

Table 5 Classifier performance on the test data for hospital activity recognition

Model Accuracy F1 Precision Recall
mean st.d. mean st.d. mean st.d. mean st.d.
GNN 63.84 2.33 62.78 221 63.54 2.02 63.16 2.20
Swin L 89.34 1.19 89.27 1.25 90.00 1.06 89.00 1.36
ConvNeXt L 89.51 0.91 89.50 0.98 90.17 1.01 89.30 0.94
Proposed 90.59 1.18 90.54 1.33 91.16 1.22 90.31 1.38
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Fig. 9 Confusion matrix of three classifiers: (a) GNN; (b) Swin_L; and (c) ConvNeXt L.

proposed approach, surpassing 90% in accuracy, F1
score, precision, and recall, as computed from test data
across different splits. This reflects a slight but consistent
enhancement in all metrics compared to the ConvNeXt L
model. Figure 10 displays the confusion matrix of our
proposed method, revealing a recall spectrum ranging
from moderate to perfect across activities, with ‘comforting
patients’ being on the lower end. This suggests that activ-
ities involving close patient interaction, such as ‘comfort-
ing,” are more challenging to distinguish due to their
contextual similarity to other patient-care actions.

4.4 Ablation study

In the conducted ablation study, we evaluated the individ-
ual and collective contributions of classifier pairs using
our fusion method. The results in Table 6 demonstrate
that combining Swin_L and ConvNeXt L achieves an
impressive accuracy rate of 90.49%, outperforming each
classifier alone by a margin of 0.98%. The introduction
of GNN to either Swin_L or ConvNeXt L leads to slight
accuracy gains, indicating the complementary nature of
these classifiers. Moreover, the combined use of all three
classifiers highlights the strength of collaborative fusion
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Table 6 Results of ablation study
Model Accuracy F1 Precision Recall Infer. (ms)
mean st.d. mean st.d. mean st.d. mean st.d.
GNN 63.84 2.33 62.78 2.21 63.54 2.02 63.16 2.20 1.46
Swin_L 89.34 1.19 89.27 1.25 90.00 1.06 89.00 1.36 31.97
ConvNeXt L 89.51 0.91 89.50 0.98 90.17 1.01 89.30 0.94 27.16
GNN + Swin_L 89.47 1.00 89.43 1.07 90.16 0.95 89.12 1.17 46.17
GNN + ConvNeXt L 89.61 0.93 89.54 0.98 90.09 1.05 89.36 0.95 41.36
Swin_L + ConvNeXt L 90.49 1.16 90.44 1.30 91.11 1.15 90.21 1.35 71.87
Proposed 90.59 1.18 90.54 1.33 91.16 1.22 90.31 1.38 73.33

in improving classification results.

However, it is important to note that despite GNN’s
fast inference time of 1.46 ms, the scene graph generation
process takes approximately 100 ms, making the overall
process slower compared to other methods. Nevertheless,
the enhanced representation of scenes provided by GNN
justifies its inclusion. This study demonstrates the potential
of combining diverse classifier types in a hybrid model,
where each classifier captures unique aspects of image
data, resulting in a more comprehensive scene analysis.
Furthermore, this research could serve as a foundation for
future efforts to refine and optimize this approach, poten-
tially leading to notable accuracy enhancements. The
balance between accuracy and processing time can be
adjusted to cater to specific use case requirements. Addi-
tionally, future work could explore faster scene graph
generation methods, such as CV-SGG (Jin et al., 2023),
to enhance the overall efficiency of the system.

5 Discussion

5.1 Comparison with state-of-the-arts

This study proposes a novel approach for recognizing

human activities in hospitals. We achieved this by con-
structing a comprehensive data set and generating scene
graphs from images. Our approach includes a specialized
GNN for scene graph analysis and an innovative amalga-
mated multi-classifier fusion approach that synthesizes
results from GNN, Swin L, and ConvNeXt L. The
system demonstrates promising results on a dedicated
hospital activity data set. Furthermore, we evaluated our
model’s performance using two benchmark data sets:

Stanford 40 action data set. This data set consists of
9,532 images across 40 action categories, depicting various
everyday human activities such as running, walking, and
applauding. Each category contains 180 to 300 images,
ensuring a diverse and extensive collection. The data set
provides a predefined train-test split, with each training
set comprising 100 images per action category.

PASCAL VOC 2012. This data set includes 10 human
actions, such as playing an instrument, riding a bike, and
using a computer. It consists of 2,296 training images and
2,292 validation images. To align with the methods being
compared against, we evaluate our model’s performance
on the validation set. Notably, images depicting multiple
actions are excluded from both the training and validation
sets, ensuring that our networks are trained and tested on
images associated with a single action.
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Performance on Stanford 40 action data set. Table 7
compares our method with SotA approaches on the Stan-
ford 40 action data set. Many existing action recognition
methods rely on bounding-box annotations, as provided
by data sets like Stanford 40, to enhance their perfor-
mance. These methods utilize contextual information and
semantic parts around or within person bounding boxes
to improve results. In contrast, our method does not
require bounding-box annotations or the detection of
humans and objects in images. Instead, it autonomously
learns visual and graph features for action representation.
Our model achieves the highest performance on the Stan-
ford 40 data set, with a mean average precision (mAP) of
96.6%, surpassing the SotA Attend and Guide method by
0.4%. The Multi-Scale Context Network (MSCNet),
which employs learning human bodies and action-
specific semantic parts, achieves the second-best perfor-
mance with a mAP of 94.6%. Notably, our approach
shows a significant improvement over MSCNet, with a
2% increase in mAP. Furthermore, our model outperforms
other methods by a substantial margin, ranging from
5.4% upwards.

Performance on PASCAL VOC 2012 action data
set. Table 8 presents a comparison between our method

Table 7 Comparison to SotA methods on Stanford 40 action data set

Method mAP (%)
R*CNN (Gkioxari et al., 2015b) 90.9
Person Detection (Khan et al., 2015) 75.4
Action Masks (Zhang et al., 2016) 82.6
Top-Down Pyramid (Zhao et al., 2016) 80.6
AttSPP-Net (Feng et al., 2017) 81.6
Semantic Part Action (Zhao et al., 2017a) 91.2
Multi-Branch Attention (Yan et al., 2018) 85.2
Attend and Guide (Bera et al., 2021) 96.2
Top-Down + Bottom-Up Attention (Bas and Ikizler-Cinbis, 2022)  91.0
MSCNet (Zheng et al., 2022) 94.6
This work 96.6

Table 8 Comparison to SotA methods on PASCAL VOC 2012
action data set

Method mAP (%)
R*CNN (Gkioxari et al., 2015b) 87.9
Action Part (Gkioxari et al., 2015a) 80.4
Action Masks (Zhang et al., 2016) 82.2
AttSPP-Net (Feng et al., 2017) 76.2
Semantic Part Action (Zhao et al., 2017b) 90.0
Generalized Symmetric Pair Model (Zhao et al., 2017a) 71.1
Multi-Branch Attention Network (Yan et al., 2018) 87.1
Top-Down + Bottom-Up Attention (Bas and Ikizler-Cinbis, 2022)  95.0
This work 95.0

and SotA approaches. Many existing action recognition
methods heavily rely on manually annotated bounding
boxes to enhance their predictive power. For example,
R*CNN achieves a mAP of 87.9% by incorporating
annotated human bounding boxes, but its performance
drops to 84.9% without such annotations. However,
depending on manual annotations is impractical in real-
world applications. Significant improvements in perfor-
mance on the PASCAL VOC 2012 data set were only
achieved with the introduction of the Top-Down -+
Bottom-Up Attention network (Bas and Ikizler-Cinbis,
2022), which achieves a mAP of 95.0%. Our method
matches the performance of this network, placing it
among the SotA methods. Notably, our approach outper-
forms the Top-Down + Bottom-Up Attention network by
5.6% on the Stanford 40 action data set. This comparison
with SotA methods highlights the effectiveness and effi-
ciency of our approach for human action recognition
tasks.

5.2 Performance of GNN

The performance of GNN is significantly lower
compared to the other two classifiers, Swin L and
ConvNeXt L. Specifically, GNN achieves accuracies of
63.84%, 59.38%, and 66.15% on our hospital activity
data set, Stanford 40, and PASCAL VOC 2012, respec-
tively. The relatively lower performance on our hospital
activity data set can be attributed to the similarities in the
environment of certain activities. For instance, activities
such as “Infusing” and “Injecting” occur in similar
healthcare settings, where a healthcare professional inter-
acts with a patient near a bed or medical workstation,
with essential medical equipment present like an IV
stand, needles, or syringes. These common elements are
captured by the scene graph, posing a challenge for the
GNN model to differentiate between these activities. To
demonstrate this, we specifically selected ‘scanning’,
‘Eating’, ‘Operating’, ‘Carrying’, ‘Analyzing’, and
‘Wheelchair 1’ for classification, as they have distinct
environmental backgrounds. The results indicate that
GNN achieves an average accuracy of 88.81% on this
subset of activities. The relatively lower performance on
the Stanford 40 data set is due to certain inherent charac-
teristics of this data set. Actions like ‘blowing bubbles’,
‘smoking’, ‘running’, or ‘waving hands’ mainly focus on
a single human with minimal background context. From
the perspective of the scene graph, these scenarios
primarily capture the human figure, providing limited
additional contextual information for effective classifica-
tion. The same issue is observed with the PASCAL VOC
2012 data set, where the lack of contextual information in
many images similarly hampers the performance of the
GNN model.

In summary, the lower performance of the GNN model
across different data sets can be attributed to various
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factors. For our hospital activity data set, the GNN model
struggles to effectively differentiate certain activities due
to their environmental similarities. Similarly, the Stanford
40 and PASCAL VOC 2012 data sets pose challenges
because they often feature images with a single human
figure and minimal background context, which deprives
the scene graph of crucial additional information for
accurate classification. Moving forward, our work
suggests potential avenues for future research. Exploring
methods to improve activity differentiation in similar
environments and enhancing the handling of images with
minimal background information could lead to better
performance of scene-graph based HAR models. Addi-
tionally, developing and integrating advanced techniques
for interpreting and contextualizing human figures and
their actions in scene graphs holds promise for future
research. Despite some limitations, incorporating scene
graph analysis into activity recognition presents a promis-
ing research direction that offers a structured approach to
understanding and interpreting complex visual data. With
further refinement and development, these techniques
have the potential to significantly advance the field of
automated activity recognition.

5.3 Model performance under varied lighting conditions

To assess the robustness of our HAR system, it is crucial
to evaluate its sensitivity to varying lighting conditions.
Hence, we extended our evaluation to examine the impact
of lighting on our proposed model. To assess the model’s
performance in different lighting scenarios, we conducted
tests on the first split of our data set, which was originally
one of five random splits used to calculate the mean
performance value. This split was modified with gamma
correction, which changes the pixel values of an image
using a power-law expression (Eq. (12)) to simulate
different lighting conditions.

Lo =1, (12)

y =1 (Original)

y = 0.3 (Lighter)
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Where [, is the input value (ranges from 0 to 1), I, is
the adjusted value, and y represents the gamma value. If
the gamma value is less than 1, the image becomes
lighter, while the image becomes darker if the gamma
value is greater than 1. Figure 11 shows the example test
images under different gamma values.

The results, presented in Table 9, demonstrate the confu-
sion matrix of our system’s performance across various
altered scenarios. The confusion matrix provides valuable
insight into the model’s accuracy in processing images
affected by different gamma adjustments, thereby simulat-
ing a wide range of realistic lighting environments. By
systematically modifying the gamma settings and analyzing
the resulting changes in the confusion matrix, we can
derive conclusions about the model’s robustness to lighting
variations. This experimental setup enables us to identify
any potential degradation in recognition performance
caused by changes in image brightness and contrast, both
of which are critical factors for practical applications in
diverse and dynamic real-world conditions.

5.4 Future work

This study has made significant advancements in HAR
for healthcare applications. However, there are several
areas for future research that could enhance system
performance. One such area is the refinement of scene
graph extraction. Currently, our scene graphs contain
unnecessary details that may impact the performance of
the GNN. Developing a more sophisticated method to
filter out these details could enhance the accuracy and
speed of our system. Additionally, expanding our existing
graph classification network to a multi-layer network
could improve our ability to recognize activities.
However, this expansion may give rise to challenges such
as nodes becoming too similar and a learning bottleneck
resulting from excessive information compression (Li
et al.,, 2018, Alon and Yahav, 2020). Therefore, future
work could focus on addressing these issues to strike a

y =2 (Dark) y = 3(Darker)

Example of test images under different lighting.
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Table 9 Testing of proposed model on images with different lighting

Gamma Accuracy F1 Precision Recall
1 91.17 91.35 91.99 91.13
0.3 87.95 88.0 88.5 88.01
0.5 90.15 90.25 90.93 90.02
2 90.32 90.37 90.9 90.22
3 89.13 89.22 89.9 88.99

balance between network depth and learning efficiency.

In conclusion, addressing the challenges of variation
and noise in images used for HAR is crucial. To tackle
these challenges, we propose adapting techniques from
other fields, such as the Augmented Linear Mixing
Model (Hong et al., 2019), and applying them to enhance
the stability of recognition algorithms. Testing and imple-
menting our proposed methods in real-world, uncontrolled
environments, particularly in healthcare settings, could
lead to more efficient procedures, including cleaning and
disinfecting. To validate and refine our method for live
environments, we emphasize the importance of enhancing
our data set with real images from healthcare settings.
Additionally, we are exploring methods for robots to
accurately determine their location (Aggarwal, 2020a),
using a variety of evaluation measures (Aggarwal, 2020b,
Xiao et al., 2023). Implementing these systems in real-
time within healthcare facilities will provide practical
insights and opportunities for improvement. To enhance
computational efficiency, we propose applying optimiza-
tion techniques such as structured pruning, model quanti-
zation, and knowledge distillation to our Swin Transformer
and CNN models. These techniques have the potential to
reduce computational load without significant performance
loss. Furthermore, we suggest utilizing sparse computa-
tions for graph analysis, Fast Fourier Transforms, transfer
learning, and specialized hardware such as GPUs and
TPUs to improve efficiency. In summary, our research
aims to advance HAR systems, making them more
precise, efficient, and applicable in various settings,
particularly in complex environments like healthcare
facilities.

6 Conclusions

In this study, we present a composite decision fusion strategy
for HAR that effectively integrates information from scene
graphs and visual data. We have created a comprehensive
hospital activity data set comprising 5,770 images, including
25 diverse categories of activities. To analyze these
images, we have applied a technique to transform them
into scene graphs and utilized a GNN for accurate classifi-
cation. Simultaneously, we have utilized two advanced
deep learning architectures, namely Swin L and
ConvNeXt L, for visual feature-based HAR. Our decision

fusion method combines the DST with a weighted majority
vote to consolidate the decisions obtained from the GNN,
Swin L, and ConvNeXt L models. This approach has
yielded an overall accuracy of 90.59%, with a precision of
90.31% and similar metrics for F1 score and recall.
However, the significance of our approach goes beyond
these performance metrics. By accurately recognizing
human activities, our system can be seamlessly integrated
with existing medical interventions, forming a comprehen-
sive strategy to mitigate pathogen transmission in healthcare
facilities. This integration enables enhanced infection
control measures by providing healthcare professionals
with detailed insights into patient and staff movements and
interactions. Ultimately, our approach has the potential to
play a crucial role in reducing the spread of infections and
improving patient safety in healthcare environments,
thereby demonstrating its extensive practical implications.
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Appendix

Abbreviation Meaning

CDC US Centers for Disease Control and Prevention
HAR Human activity recognition

CNN Convolutional neural network

ViT Visual transformer

GNN Graph neural network

DST Dempster-shafer theory

SVM Support vector machine

LLC Locality-constrained linear coding
GMM Gaussian mixture model

PDs Probability distributions

GAN Graph attention network

MSA Multi-head self-attention

MLP Multilayer perceptron

PCA Principal component analysis

SGD Stochastic gradient descent

mAP Mean average precision

SotA State-of-the-art

MSCNet Multi-scale context network

R*CNN Region-based convolutional neural network
CV-SGG Computer vision scene graph generation
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