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ABSTRACT

The rapid advancement of Artificial Intelligence (Al) and medical imaging technologies has significantly improved
computer-aided diagnosis systems for healthcare monitoring and disease prediction. This paper presents a
comprehensive review of a healthcare monitoring framework that utilizes medical image processing, 3D
reconstruction, and machine learning techniques for disease diagnosis and treatment recommendation. The
developed framework processes digital medical scans by taking standard two-dimensional JPEG images and stacking
them into chronological slices. These layered slices are compiled into a compressed NIfT1 (.nii) file structure, which
minimizes storage demands while keeping the underlying anatomical data intact. Once this unified file is uploaded
into the software, clinicians can look through individual cross-sections or view a fully generated three-dimensional
rendering of the patient's internal anatomy, giving them a much clearer view of structural anomalies.To evaluate
these three-dimensional renderings, the platform applies a variety of statistical patterns and structural recognition
models. It utilizes distinct computational frameworks—some tailored for capturing physical details within a single
frame, others designed to trace patterns across a sequential series of images, and some that combine both approaches.
For the sake of validation, these advanced structural models are measured against established statistical sorting
methods like decision-tree ensembles and boundary-separation classifiers. Working together, these tools map out
localized structural features alongside sequential changes across the scan layers to flag specific medical conditions.
After isolating the relevant physical markers, the platform determines the specific medical diagnosis, gauges how far
the condition has advanced, and outlines potential medical interventions for the attending clinical team. Historically,
models focused on grid-based image parsing have proven highly adept at isolating specific physical abnormalities,
whereas sequence-tracking networks excel at tracking how a condition shifts from one scan layer to the next.
Blending these two methods creates a comprehensive evaluation that captures both localized damage and broader
structural trends. While traditional statistical classifiers lack this deep layer-by-layer tracking, they provide a highly
stable baseline to double-check the system's primary findings.

Bringing together multi-dimensional structural rendering and automated diagnostics offers massive benefits, such as
catching hidden anomalies early, tracking the exact path of a disease, and tailoring care directly to an individual's
biology. However, implementing this setup in a live environment requires overcoming several hurdles, including
inconsistent scan clarity, intense hardware processing demands, the difficulty of explaining how the software reached
a conclusion, and the friction of introducing new software to a busy hospital workflow. Ultimately, shifting toward
software-assisted multi-dimensional scan analysis promises to significantly upgrade diagnostic speed, pinpoint the
exact stage of an illness, and optimize treatment pathways, which leads to smarter clinical decisions and better
recovery rates for patients.
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I.INTRODUCTION

Healthcare monitoring and disease diagnosis have become increasingly important with the growing demand for
accurate, efficient, and early detection of medical conditions. Medical imaging technologies such as Magnetic
Resonance Imaging (MRI), Computed Tomography (CT), and X-ray imaging generate large volumes of data
that require advanced computational techniques for effective analysis. Traditional manual examination of
medical images is time-consuming and may be subject to human error, highlighting the need for intelligent
computer-aided diagnostic systems.

Recent advancements in Artificial Intelligence (Al), Machine Learning (ML), and Deep Learning (DL) have
transformed the field of medical image analysis by enabling automated disease detection, classification, and
severity assessment. In particular, image-based healthcare monitoring systems have demonstrated significant
potential in assisting healthcare professionals with accurate diagnosis and treatment planning. The integration of
three-dimensional (3D) visualization further enhances the understanding of anatomical structures and disease
progression, providing valuable support for clinical decision-making.

This study focuses on a healthcare monitoring framework that processes medical scan images in .jpg format and
converts them into standardized Neuroimaging Informatics Technology Initiative (NIfTI) files. The system
compresses and archives the compiled volumetric datasets to minimize storage footprints without sacrificing any
underlying anatomical detail. Once this unified medical file is loaded into the platform, clinicians can scroll
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through individual cross-sectional layers or view a fully rendered three-dimensional simulation of the scanned
area, offering a complete look at the patient's internal structures.

To ensure precise medical evaluations, the platform runs the data through a diverse group of statistical tracking
and shape-recognition frameworks. This includes specialized grid-parsing programs, sequence-monitoring
architectures, blended hybrid setups, decision-tree networks, and boundary-mapping equations. By scrutinizing
the unique physical attributes hidden within the medical scans, these formulas identify specific illnesses, gauge
the progression stage of the condition, and suggest tailored medical interventions.

Within this setup, grid-parsing designs are highly skilled at pinpointing localized structural abnormalities within
a single frame, whereas sequence-monitoring frameworks are built to trace how features shift from one layer to
the next. The blended architecture unites these two capabilities, boosting diagnostic precision by reviewing
localized shapes and layer-by-layer transitions simultaneously. Meanwhile, the decision-tree and boundary-
mapping methods function as dependable control baselines to verify the accuracy of the primary findings.

The core focus of this study is to explore how automated medical scan evaluation, multi-dimensional rendering,
and advanced data-sorting methods can upgrade patient monitoring, catch conditions in their earliest stages,
measure illness severity, and steer clinical management. By fusing image refinement, volumetric rendering,
clinical forecasting, and therapy mapping into a unified operational pipeline, this strategy aims to sharpen
diagnostic accuracy, ease the paperwork and reading burdens on hospital staff, and ultimately secure better
recovery outcomes for patients. Finally, this academic overview analyzes current publications regarding medical
scan conversion, volume-based health networks, multi-dimensional rendering methods, and advanced statistical
frameworks used for clinical identification.

The review also discusses the advantages, challenges, and future research opportunities in developing intelligent
healthcare monitoring systems based on advanced Al technologies.

II.LLITERATURE SURVEY

Luo et al. [21],(2026) further enhanced precision-cut lung slice methodology by developing an improved
protocol for pulmonary vascular investigations. Their technique incorporated vascular tracing and endothelial
marker identification to accurately distinguish pulmonary arteries from surrounding anatomical structures. The
refined procedure improved experimental reproducibility and facilitated detailed investigation of pulmonary
vasoconstriction and vascular disorders.

Danov et al. [10],(2025) explored the application of human precision-cut lung slices for investigating
respiratory viral infections. Their work established an ex vivo model capable of preserving native lung
architecture and cellular interactions. The study successfully demonstrated viral replication, inflammatory
responses, and therapeutic evaluation within human lung tissue. This approach provides a realistic experimental
platform for studying disease progression and assessing potential treatment strategies.

Parida et al. [23],(2025) presented a three-dimensional segmentation framework for lung cancer detection. The
study combined volumetric image generation and advanced segmentation mechanisms to improve tumour
delineation in CT scans. By enhancing data diversity and incorporating long-range spatial information, the
proposed framework achieved superior segmentation accuracy and demonstrated improved sensitivity for
identifying cancerous regions. The results highlighted the importance of integrating volumetric context into lung
lesion analysis.

Ruikar et al. [24],(2025) introduced a volume-level preprocessing approach for lung CT images using a three-
dimensional region-growing strategy. The proposed method automatically identifies the axial extent of lung
parenchyma and removes slices that do not contain relevant pulmonary structures. By eliminating unnecessary
images, the approach significantly reduces storage and computational requirements while maintaining high
accuracy in identifying lung-containing regions. This preprocessing framework improves the efficiency of
subsequent segmentation and classification procedures.

Tanaka et al. [25], (2025) proposed a framework for lung region detection and three-dimensional image
registration using low-dose CT images. The method combined active contour segmentation, volume alignment,
and free-form deformation techniques to generate accurate temporal subtraction images. Experimental results
demonstrated improved registration performance and enhanced visualization of structural changes across
longitudinal scans, supporting early detection of pulmonary abnormalities. Although significant progress has
been achieved in lung imaging analysis, several limitations remain. Existing approaches often focus on
individual tasks such as preprocessing, segmentation, registration, volumetric reconstruction, or tissue
modelling. The integration of these components into a unified framework capable of providing accurate three-
dimensional visualization, reliable lung region extraction, volumetric assessment, and disease characterization
remains limited. Furthermore, variations in image acquisition protocols, data quality, and anatomical complexity
continue to affect overall performance. Therefore, there is a need for a comprehensive lung imaging framework
that combines robust preprocessing, accurate lung region detection, three-dimensional reconstruction,
volumetric analysis, and advanced lesion identification. Such a framework can improve diagnostic accuracy,
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reduce processing complexity, and provide enhanced support for clinical decision-making in pulmonary disease
management.

Chen et al. [7], (2023) proposed automated recognition of individuals from de-identified video sequences. Their
work focuses on maintaining privacy while performing activity recognition. Machine learning techniques were
used to analyse motion features. The study ensures secure monitoring without exposing personal identity. This
approach is valuable for telemedicine applications.

Aldahoul et al. [3], (2022) compared various human detection techniques and CNN-based feature extractors
using aerial video sequences. Their study evaluates different deep learning architectures for recognizing human
activities. The research highlights the performance improvement using advanced CNN models. It demonstrates
robustness in complex environments. The findings are useful for vision-based monitoring systems.

Putera et al.[22], (2022) investigated the reconstruction of three-dimensional lung models from two-
dimensional MRI and CT images. Their methodology utilized threshold-based tissue extraction and volumetric
rendering techniques to generate realistic lung structures. Additionally, image metadata was employed to
estimate lung dimensions and volume measurements. The study demonstrated that three-dimensional
reconstruction provides valuable anatomical information that can support clinical assessment and treatment
planning.

Indrakumari et al. [15],(2021) introduced deep learning concepts including CNNs, RNNs, and optimization
techniques. The work explains model training and performance evaluation. It discusses applications in image
and motion recognition. These methods are essential for Al-based health diagnosis systems. The study provides
a foundation for advanced motion classification.

Goddard [13], (2021) discussed benchmarking challenges in human activity recognition. The work analyses
dataset variations and evaluation metrics. It highlights the importance of standardized testing for model
comparison. The study encourages performance optimization of classification algorithms. It contributes to
improving reliability in healthcare applications.

Alpaydin [4], (2021) discussed fundamental concepts of neural networks and deep learning. The book explains
supervised and unsupervised learning techniques. It covers backpropagation, optimization, and model evaluation
methods. These concepts form the foundation for activity recognition and classification models. The work
supports the development of Al-based healthcare diagnosis systems.

Kong et al. [17], (2021) performed exploratory data analysis on smartphone-based activity recognition datasets.
The study focuses on preprocessing and feature engineering. It improves classification performance using
statistical analysis. The work highlights the importance of data quality. It supports wearable-based healthcare
systems.

Wang et al. [25],(2021) addressed the challenge of heterogeneous CT image acquisition parameters in lung
cancer assessment. Variations in slice thickness often influence image characteristics and affect analysis
consistency. To overcome this issue, the authors proposed a domain-adaptive framework capable of extracting
stable pulmonary features from CT scans obtained using different imaging protocols. Their findings indicated
improved robustness and reliability in predicting epidermal growth factor receptor (EGFR) mutation status from
lung imaging data.

Huang et al. [14], (2020) proposed a Two-Stage End-to-End CNN (TSE-CNN) for activity recognition. The
model improves temporal feature learning. It enhances classification accuracy using deep convolutional layers.
The architecture effectively handles sequential motion data. This model is suitable for real-time healthcare
motion analysis.

Kim & Kim [17],(2020) proposed an emergency awareness system using deep neural networks. The model
integrates sound, human activity, and indoor positioning data. It detects emergency situations in real time. The
system enhances situational awareness using contextual information. This approach supports critical healthcare
monitoring.

Li et al. [20], (2020) introduced an Edge and Node Graph Convolutional Neural Network for human action
recognition. The model captures relationships between joints and edges. It enhances spatial feature
representation. The study demonstrates improved accuracy in skeleton-based recognition. The approach is
applicable for Al-driven healthcare monitoring systems.

Bennamoun et al. [5], (2020) introduced RGB-D vision methods and their applications in computer vision. The
study emphasizes the importance of depth information in human pose estimation. RGB-D sensors enhance 3D
scene understanding and motion tracking. The paper discusses challenges and advancements in depth-based
recognition. This technology is essential for 3D motion-based healthcare systems.

Ahad et al. [1], (2020) presented a comprehensive study on IoT sensor-based human activity recognition
systems. The work discusses wearable and ambient sensors used to capture motion and behavioural data.
Various machine learning algorithms were applied for accurate classification of daily activities. The study
emphasizes sensor fusion and real-time monitoring for healthcare applications. Their approach is useful for
remote patient monitoring systems.
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Ahmad et al. [2], (2020) proposed an attention-based Graph Convolutional Neural Network (GCN) for
skeleton-based action recognition. The model focuses on spatial relationships between body joints. By
incorporating attention mechanisms, the system improves recognition accuracy. The approach effectively
captures spatial-temporal features of human motion. This method is highly relevant for 3D human motion
classification in healthcare.

Chen & Nugent [8],(2019) provided an extensive overview of human activity recognition and behaviour
analysis. The work discusses sensor-based and vision-based recognition methods. It highlights applications in
smart homes and healthcare environments. Various classification models were compared for performance
evaluation. The study supports intelligent patient monitoring systems.

Gochoo et al. [12],(2019) developed an unobtrusive activity recognition system for elderly individuals. The
system uses binary sensors and deep convolutional neural networks. It enables continuous monitoring without
affecting privacy. The research demonstrates high classification accuracy. It is beneficial for remote healthcare
supervision.

Chen et al. [9],(2018) focused on robust activity recognition systems for elderly healthcare monitoring. The
study uses wearable sensors and machine learning algorithms. It improves detection accuracy for daily and
abnormal activities. The system supports aging societies by enabling remote health supervision. The work
contributes to fall detection and emergency response systems.

Li et al. [19], (2018) proposed dynamic skeleton-based feature representation from RGB-D images. The method
analyses sequential joint movements. It improves classification using temporal matching techniques. The
research enhances 3D action recognition performance. It is highly relevant for motion-based healthcare
diagnostics.

Lee et al. [18], (2017) applied convolutional neural networks to accelerometer data for activity recognition. The
study demonstrates automatic feature extraction using CNNs. It improves recognition accuracy compared to
traditional methods. The approach is suitable for wearable healthcare devices. It contributes to real-time motion
monitoring systems

Fu [11], (2016) discussed structured methodologies for human activity recognition. The book presents
frameworks for activity modelling and monitoring. It explains feature extraction and classification techniques.
The work introduces the concept of activity monitoring systems in healthcare. It provides a theoretical base for
motion classification research.

Bramer [6], (2016) provided an introduction to data mining techniques. The book discusses classification,
clustering, and predictive modelling approaches. It explains data preprocessing and feature selection strategies.
These techniques are important for extracting meaningful patterns from healthcare motion data. The concepts
are applicable in Al-enabled diagnosis systems.

Gaglio et al. [11], (2015) proposed a human activity recognition system using 3D posture data. The model
analyses skeletal joint movements captured from depth sensors. It emphasizes spatial modeling of body joints
for accurate classification. The study demonstrates improved performance in recognizing complex movements.
This approach is directly applicable to 3D healthcare monitoring.
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Table 3.1 Literature Review

IV.RESULTS AND DISCUSSIONS

Results

The reviewed literature demonstrates significant advancements in Human Activity Recognition (HAR),
healthcare monitoring, and intelligent disease diagnosis through the integration of Artificial Intelligence, Deep
Learning, 10T sensors, and 3D vision technologies. Most
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studies reported improved recognition accuracy through the use of deep neural networks, skeletal motion
analysis, RGB-D imaging, and graph-based learning approaches.

Research by Ahad et al. (2020) and Chen & Nugent (2019) highlighted the effectiveness of sensor-based activity
recognition systems for continuous healthcare monitoring. These systems successfully identified daily activities
and abnormal behavior patterns using wearable and ambient sensors.

Several studies focused on deep learning techniques for activity recognition. Huang et al. (2020) proposed a
Two-Stage End-to-End CNN (TSE-CNN) architecture that achieved superior recognition performance by
automatically extracting discriminative features from activity data. Similarly, Lee et al. (2017) demonstrated
that CNN-based approaches outperform traditional machine learning methods in recognizing human activities
from accelerometer signals.

Graph-based learning methods showed promising results for complex motion analysis. Ahmad et al. (2020)
introduced Attention-Joints Graph Convolutional Neural Networks (AJ-GCNN), which effectively modeled
relationships among human joints and improved action recognition accuracy. Li et al. (2020) further enhanced
performance using Edge and Node Graph Convolutional Neural Networks for human action recognition.

RGB-D and 3D skeletal data significantly improved activity recognition performance. Gaglio et al. (2015)
utilized 3D posture information to achieve reliable activity classification, while Li et al. (2018) demonstrated
robust recognition using dynamic skeleton feature sequences extracted from RGB-D images. Bennamoun et al.
(2020) emphasized the importance of RGB-D vision in capturing depth information that is unavailable in
conventional RGB images.

Healthcare-specific studies revealed the importance of HAR systems in monitoring elderly individuals and
patients. Chen et al. (2018) developed robust activity recognition techniques for aging populations, while
Gochoo et al. (2019) successfully recognized activities of elderly people living alone using unobtrusive sensors
and deep convolutional neural networks. Kim and Kim (2020) incorporated contextual information such as
sound, location, and activity data to improve emergency awareness systems.

Machine learning approaches including Support Vector Machines, Random Forests, and data mining techniques
were also widely adopted. Bramer (2016) demonstrated the effectiveness of data mining methodologies in
extracting useful knowledge from large healthcare datasets. Random Forest and SVM classifiers consistently
provided reliable classification performance and served as strong baseline models in many studies.

The literature indicates that hybrid deep learning models combining CNN and LSTM architectures achieve the
highest performance because they simultaneously capture spatial and temporal features. These models are
particularly effective when analyzing sequential medical image slices and human motion data.

The reviewed studies demonstrate significant advancements in lung disease diagnosis and analysis through both
biological and computational approaches. Precision-Cut Lung Slice (PCLS) technology has proven to be a
reliable ex-vivo model for studying respiratory infections, pulmonary vascular disorders, and drug responses.
The work by Danov et al. showed that PCLS effectively replicates viral infection mechanisms and enables
antiviral drug evaluation, while Luo et al. improved PCLS-based vascular identification through CX40 staining,
enhancing pulmonary hypertension research. Furthermore, Parida et al. introduced a deep learning-based 3D-
FusionNet framework that achieved high segmentation accuracy for lung cancer detection by integrating
synthetic image generation and advanced neural network architectures. Together, these studies indicate that
combining advanced medical imaging techniques, precision lung tissue models, and artificial intelligence can
significantly improve disease diagnosis, treatment evaluation, and clinical decision-making in modern
healthcare.

Recent reviews and meta-analyses also support the growing effectiveness of deep-learning-based lung
segmentation, reporting strong improvements in accuracy and early-stage lung cancer detection, while
highlighting the importance of advanced architectures and high-quality datasets.

Discussion

The reviewed studies collectively demonstrate that Human Activity Recognition has evolved from traditional
machine learning approaches to advanced deep learning frameworks capable of handling complex healthcare
monitoring tasks.
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Initial methodologies in this field depended heavily on manual feature extraction and traditional sorting
algorithms, whereas contemporary frameworks inherently discover distinguishing patterns directly from raw
data via multi-layered neural networks. Grid-parsing networks have emerged as the primary tool for extracting
physical characteristics due to their proficiency in mapping structural configurations within static frames and
sensor feeds. However, acting alone, these grid-focused models struggle to track how features shift across
chronological frames or sequential data layers. To bridge this gap, sequence-monitoring networks are introduced
to trace long-term step-by-step relationships. Consequently, blended architectures uniting grid-parsing and
sequence-tracking components consistently outperform standalone designs across various human movement
tracking applications.

Network models that treat data points as interconnected nodes represent another major leap forward. By
mapping the human skeleton as a web of interconnected joints, these structural network models map the
physical relationships between moving body parts and substantially sharpen movement recognition. This
capability proves exceptionally valuable for clinical tracking setups focused on posture evaluation, gait analysis,
physical rehabilitation, and accidental fall detection. Furthermore, combining color-depth sensors with three-
dimensional skeletal mapping has minimized visual ambiguity triggered by shifting light, busy backgrounds, or
physical obstructions. This makes depth-sensing setups highly reliable for clinical environments, with research
consistently showing that layering depth metrics over standard color feeds drastically improves motion tracking.
For clinical monitoring, automated motion tracking serves as a powerful utility in elder care, physical recovery
tracking, neurological health observation, and crisis detection. Continuous tracking allows for the immediate
spotting of anomalous behaviors, which protects vulnerable individuals and cuts operational healthcare
expenses. These findings validate the creation of the current clinical monitoring system, which unifies standard-
to-volumetric file conversion, three-dimensional modeling, immersive simulated interfaces, and an array of
advanced statistical sorting frameworks. The collective research confirms that pairing multi-dimensional
anatomical analysis with deep structural learning models sharpens diagnostic precision, evaluates illness
severity, and maps out targeted recovery plans. Furthermore, immersive simulated realities offer clinicians a
deeper look into internal structures by allowing them to virtually explore the patient's anatomy and trace the
physical path of a disease.

Moving toward automated, data-driven scan analysis optimizes hospital workflows, assists in customized
treatment scheduling, and elevates overall patient recovery rates. Future engineering must prioritize immediate,
real-time data processing, transparent models that clearly explain their computational logic, the fusion of diverse
data streams, and massive hospital-wide testing to ensure flawless real-world deployment. Parallel biological
research highlights the utility of precision-cut lung tissue slices as live experimental baselines for studying
respiratory viral tracks. These tissue slices mimic living human lung mechanics during an infection, allowing
researchers to track viral replication, immune responses, localized swelling, and the true impact of antiviral
medication while maintaining a realistic biological environment.

Refining these tissue slicing techniques has also advanced vascular research. Specialized staining and physical
tracing methods have made it much easier to separate and identify pulmonary arteries, veins, and airways. This
upgrade in tissue preservation and vessel mapping ensures greater consistency when studying pulmonary
hypertension and low-oxygen blood vessel constriction. Similarly, leveraging synthetic image generation has
dramatically advanced the automated boundary isolation of lung malignancies in chest scans. Merging simulated
image expansion with three-dimensional volumetric partitioning overcomes the classic bottleneck of scarce
medical data, granting clinical software higher sensitivity when flagging hidden lesions and assisting
radiologists with rapid, objective calculations.

Recent innovations in chest scan evaluation focus on upgrading low-dosage imaging by utilizing localized lung
discovery, scan alignment, and time-lapse subtraction. These methods erase image distortion, showcase
structural shifts over time, and catch early warning signs while protecting the patient from excessive radiation.
Advanced layer alignment makes automated diagnostic assistance incredibly stable for daily hospital use.
Modern deep learning architectures easily isolate both localized details and broad structural trends across lung
regions, while specialized data-adaptation techniques ensure the software remains accurate regardless of
variations in scan thickness or machine brand.

Ultimately, combining simulated data expansion, advanced partitioning networks, and feature-pooling strategies
eliminates false positives and simplifies the reading of highly complex medical scans. Fusing careful image
preparation, precise region isolation, and deep computational analysis forms a strong foundation for future
clinical monitoring tools. Precision-cut tissue models provide the authentic biological environments needed to
test treatment responses, while advanced software swiftly isolates diseased tissues. Together, these dual
breakthroughs pave the way for highly accurate evaluations, customized healthcare pathways, fewer diagnostic
oversights, and far better patient recovery rates.
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V. CONCLUSION AND FUTURE WORKS

Patient tracking frameworks have advanced drastically by merging multi-layered neural parsing, automated medical
scan refinement, and human movement tracking. An extensive analysis of current academic literature shows that
automated tracking infrastructures offer vital support for clinical identification, continuous patient observation,
physical rehabilitation tracing, elderly care, and hospital decision-making. The compiled data reveals that multi-
layered structural networks—specifically grid-parsing frameworks, sequence-monitoring architectures, and blended
dual-layered systems—deliver exceptional results when isolating physical features and sorting medical data. Grid-
parsing networks seamlessly map physical dimensions and structural layouts from static scans, whereas sequence-
monitoring systems trace the time-dependent transitions across layered image slices or physical movement patterns.
Blended dual-layered configurations maximize diagnostic accuracy by tracking localized shapes and sequential
progressions simultaneously. Furthermore, traditional statistical frameworks like decision-tree ensembles and
boundary-separation formulas remain highly dependable classification tools for routine clinical tasks.

The academic consensus emphasizes the surging value of multi-dimensional scan analysis and spatial rendering.
Converting standard digital images into a volumetric NIfT1 format allows for an organized layer-by-layer review
and the generation of a fully realized three-dimensional simulation of internal anatomical regions. Merging these
files with immersive simulated realities and virtual projection environments gives medical teams interactive
workspaces that drastically improve the pinpointing of anomalies, pre-operative mapping, clinical education, and
patient communication. Relying on these verified breakthroughs, the newly structured tracking platform ingests
standard digital scan files, executes volumetric file conversions, builds three-dimensional structural models, projects
them through interactive virtual interfaces, and runs advanced statistical sorting models to flag specific medical
conditions, gauge illness severity, and outline targeted treatment plans.

Uniting rigorous scan refinement with advanced computational formulas provides an all-inclusive strategy for
automated clinical tracking and swift diagnostic assistance. Shifting toward data-driven monitoring frameworks
promises to sharpen diagnostic precision, minimize the daily administrative and reading burdens placed on medical
staff, flag internal anomalies in their earliest stages, and optimize treatment planning. Fusing multi-dimensional
rendering, immersive simulation environments, and blended neural networks establishes a highly capable foundation
for next-generation clinical software. Future engineering initiatives must focus on live hospital implementation,
transparent computational processes that clearly explain their underlying logic, the merging of varied clinical data
streams, massive validation testing across multiple hospital networks, and automated custom therapy
recommendations to continuously elevate the standard of patient care and long-term recovery.

VI. REFERENCES

Ahad, A. R., Antar, A. D., & Ahmed, M. (2020). loT sensor-based activity recognition. In Human activity
recognition (p. 214). Springer. https://doi.org/10.1007/978-3-030-51379-5

Ahmad, T., Mao, H., Lin, L., & Tang, G. (2020). Action recognition using attention-joints graph convolutional
neural networks. IEEE Access, 8, 305-313. https://doi.org/10.1109/ACCESS.2019.2961770

Aldahoul, N., Karim, H. A., Sabri, A. Q. M., Tan, M. J. T., Momo, M. A., & Fermin, J. L. (2022). A comparison
between various human detectors and CNN-based feature extractors for human activity recognition via aerial
captured video sequences. IEEE Access, 10, 63532-63553. https://doi.org/10.1109/ACCESS.2022.3182315
Alpaydin, E. (2021). Neural networks and deep learning. MIT Press.
https://doi.org/10.7551/mitpress/13811.003.0007

Bennamoun, M., Guo, Y., Tombari, F., Youcef-Toumi, K., & Nishino, K. (2020). Guest editors’ introduction to
the special issue on RGB-D vision: Methods and applications. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 42(10), 2329-2332. https://doi.org/10.1109/TPAMI.2020.2976227

Bramer, M. (2016). Introduction to data mining. In Principles of data mining (pp. 1-8). Springer.
https://doi.org/10.1007/978-1-4471-7307-6_1

Chen, Z., Czarnuch, S., Dove, E., & Astell, A. (2023). Automated recognition of individual performers from de-
identified video  sequences. Machine Learning with  Applications, 11, Article  100450.
https://doi.org/10.1016/j.mlwa.2023.100450

Chen, L., & Nugent, C. D. (2019). Human activity recognition and behaviour analysis. Springer International
Publishing. https://doi.org/10.1007/978-3-030-19408-6

Chen, Y., Yu, L., Ota, K., & Dong, M. (2018). Robust activity recognition for aging society. IEEE Journal of
Biomedical and Health Informatics, 22(6), 1754-1764. https://doi.org/10.1109/JBH1.2018.2819182

Danov, O., Barbosa, P. V., Obernolte, H., Fuchs, M., Guillon, P., Dirr, L., El-Deeb, I., Kunz, M., Hose, L.,
Martin, G., Ropken, F., Zimmer, A., Neubert, L., Jonigk, D., Fieguth, H.-G., Dahlmann, F., Wronski, S., von
Itzstein, M., Tschernig, T., Braun, A., & Sewald, K. (2025). Leveraging human precision-cut lung slices for the

www.jsrtjournal.com ISSN: 2583-8660



https://doi.org/10.1007/978-3-030-51379-5
https://doi.org/10.1109/ACCESS.2019.2961770
https://doi.org/10.1109/ACCESS.2022.3182315
https://doi.org/10.7551/mitpress/13811.003.0007
https://doi.org/10.1109/TPAMI.2020.2976227
https://doi.org/10.1007/978-1-4471-7307-6_1
https://doi.org/10.1016/j.mlwa.2023.100450
https://doi.org/10.1007/978-3-030-19408-6
https://doi.org/10.1109/JBHI.2018.2819182

e B

.LSR'I‘.:IOU!)i{NA‘I;.. PAGES: 84-93
ISRT JOURNAL 07/06/26
JOURNAL OF SCIENTIFIC RESEARCH AND TECHNOLOGY VOLUME-4 ISSUE-6 JUNE

study of human parainfluenza virus 3 infection. Respiratory Research, 26. https://doi.org/10.1186/s12931-025-
03335-1

Fu, Y. (2016). Human activity recognition and the activities holter. Springer International Publishing.
https://doi.org/10.1007/978-3-319-27004-3

Gochoo, M., Tan, T. H., Liu, S. H., Jean, F. R., Alnajjar, F. S., & Huang, S. C. (2019). Unobtrusive activity
recognition of elderly people living alone using anonymous binary sensors and DCNN. IEEE Journal of
Biomedical and Health Informatics, 23(2), 693—702. https://doi.org/10.1109/JBHI.2018.2833618

Goddard, N. H. (2021). Human activity recognition challenge. In Advances in intelligent systems and computing
(Vol. 199, pp. 147-170). Springer. https://doi.org/10.1007/978-981-15-8269-1

Huang, J., Lin, S., Wang, N., Dai, G., Xie, Y., & Zhou, J. (2020). TSE-CNN: A two-stage end-to-end CNN for
human activity recognition. IEEE Journal of Biomedical and Health Informatics, 24(1), 292-299.
https://doi.org/10.1109/JBHI.2019.2909688

Indrakumari, R., Poongodi, T., & Singh, K. (2021). Introduction to deep learning. In Deep learning applications
(pp. 1-22). Springer. https://doi.org/10.1007/978-3-030-66519-7_1

Kim, H. G., & Kim, G. Y. (2020). Deep neural network-based indoor emergency awareness using contextual
information from sound, human activity, and indoor position on mobile device. IEEE Transactions on
Consumer Electronics, 66(4), 271-278. https://doi.org/10.1109/TCE.2020.3015197

Kong, W., He, L., & Wang, H. (2021). Exploratory data analysis of human activity recognition based on smart
phone. IEEE Access, 9, 73355-73364. https://doi.org/10.1109/ACCESS.2021.3079434

Lee, S. M., Yoon, S. M., & Cho, H. (2017). Human activity recognition from accelerometer data using
convolutional neural network. In 2017 IEEE International Conference on Big Data and Smart Computing (pp.
131-134). IEEE. https://doi.org/10.1109/BIGCOMP.2017.7881728

Li, Q., Lin, W., & Li, J. (2018). Human activity recognition using dynamic representation and matching of
skeleton feature sequences from RGB-D images. Signal Processing: Image Communication, 68, 265-272.
https://doi.org/10.1016/j.image.2018.06.013

Li, G., Yang, S., & Li, J. (2020). Edge and node graph convolutional neural network for human action
recognition. In Proceedings of the 32nd Chinese Control and Decision Conference (pp. 4630-4635). IEEE.
https://doi.org/10.1109/CCDC49329.2020.9163951

Luo, S., Liao, P., Song, X., Yue, X., Wu, X., Xiao, R., Zhu, L., & Hu, Q. (2026). An improved precision-cut
lung slices technique for pulmonary vasoconstriction. Respiratory Research. https://doi.org/10.1186/s12931-
026-03600-x

Putera, S. H. B. I., Dzulkifli, M. R. B., Sidek, N. B., Abu Bakar, Z. B., & Mohammad, N. N. B. (2022).
Simulation of three-dimensional images and estimation of lung volumes from two-dimensional MRI and CT
images. In 2022 IEEE International Conference on Computer Systems and Communication Engineering. IEEE.
https://doi.org/10.1109/ICCSCE54767.2022.9935628

Parida, C., Bilgaiyan, S., Sagnika, S., Roy, S., & Pandey, A. (2025). 3D FusionNet for synthetic CT-based lung
cancer segmentation. Scientific Reports, 15. https://doi.org/10.1038/s41598-025-29703-x

Ruikar, A. D., Vibhute, A. D., Ruikar, D. D., & Tapdia, J. K. (2025). Volume-level preprocessing for lung CT:
A 3D region growing method to remove irrelevant slices. In Proceedings of the 1st International Conference on
Advancement in Futuristic Technologies (ICAFT). IEEE. https://doi.org/10.1109/ICAFT66710.2025.11453116
Tanaka, C., Kamiya, T., Terasawa, T., & Aoki, T. (2025). Detection of lung regions from LDCT images and 3D
image registration using FFD. In International Conference on Biomedical Engineering and Applications. IEEE.
https://doi.org/10.1109/ICBEA66055.2025.00013

Wang, L., Wang, S., Yu, H., Zhu, Y., Li, W., & Tian, J. (2021). A quarter-split domain-adaptive network for
EGFR gene mutation prediction in lung cancer by standardizing heterogeneous CT images. In 2021 Annual
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). IEEE.
https://doi.org/10.1109/EMBC46164.2021.9630395

www.jsrtjournal.com ISSN: 2583-8660



https://doi.org/10.1186/s12931-025-03335-1
https://doi.org/10.1186/s12931-025-03335-1
https://doi.org/10.1007/978-3-319-27004-3
https://doi.org/10.1109/JBHI.2018.2833618
https://doi.org/10.1007/978-981-15-8269-1
https://doi.org/10.1109/JBHI.2019.2909688
https://doi.org/10.1007/978-3-030-66519-7_1
https://doi.org/10.1109/TCE.2020.3015197
https://doi.org/10.1109/ACCESS.2021.3079434
https://doi.org/10.1109/BIGCOMP.2017.7881728
https://doi.org/10.1016/j.image.2018.06.013
https://doi.org/10.1109/CCDC49329.2020.9163951
https://doi.org/10.1186/s12931-026-03600-x
https://doi.org/10.1186/s12931-026-03600-x
https://doi.org/10.1109/ICCSCE54767.2022.9935628
https://doi.org/10.1038/s41598-025-29703-x
https://doi.org/10.1109/ICAFT66710.2025.11453116
https://doi.org/10.1109/ICBEA66055.2025.00013
https://doi.org/10.1109/EMBC46164.2021.9630395

