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Abstract: Falls represent one of the most critical health hazards for elderly populations globally, accounting for
significant morbidity, mortality, and healthcare expenditure. The Internet of Medical Things (IoMT) has emerged
as a transformative paradigm that interconnects medical devices, sensors, and analytical platforms to enable
continuous, real-time health monitoring. This paper presents a comprehensive analysis of [oMT-based fall
detection and prediction systems leveraging machine learning (ML) models, examining the state-of-the-art
methodologies, sensor modalities, algorithmic frameworks, and deployment challenges that define this rapidly
evolving field. We systematically review wearable inertial measurement units (IMUs), ambient sensor networks,
computer vision approaches, and hybrid sensor fusion strategies, assessing their efficacy in the context of fall
detection and proactive fall risk prediction. A detailed survey of ML techniques—spanning classical algorithms
such as Support Vector Machines (SVM), Random Forests, and k-Nearest Neighbors (k-NN), to deep learning
architectures including Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM) networks,
and Transformer-based models—is conducted to evaluate accuracy, latency, and resource constraints. We further
analyze edge computing and federated learning strategies for privacy-preserving, low-latency deployment in
clinical and home environments. Challenges including dataset scarcity, class imbalance, interoperability, and real-
world generalizability are critically examined. The paper concludes with a synthesis of open research directions,
including multimodal fusion, explainable Al integration, and standardized benchmarking, providing a roadmap
for advancing the next generation of intelligent fall management systems.
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1. INtroduction

Falls constitute a major public health challenge affecting over 684,000 individuals annually worldwide, with
elderly adults aged 65 and above accounting for the majority of fatal and non-fatal fall-related injuries (World
Health Organization, 2021). The consequences of falls extend beyond immediate physical injury, encompassing
long-term functional decline, psychological effects such as the fear of falling, and substantial socioeconomic
burdens on healthcare systems. In the United States alone, medical costs associated with fall-related injuries
surpassed $50 billion in 2022, underscoring the urgency of effective preventive and detection technologies
(Florence et al., 2022).

The emergence of the Internet of Medical Things (IoMT) has created unprecedented opportunities to address fall-
related risks through continuous, non-invasive, and intelligent health monitoring. [oMT integrates a heterogeneous
ecosystem of medical-grade sensors, wearable devices, communication protocols, cloud infrastructure, and
analytical software to enable real-time physiological and behavioral monitoring of individuals in diverse settings,
from smart hospitals to home environments (Manogaran et al., 2021). When combined with machine learning
(ML) algorithms, IoMT platforms can not only detect fall events with high sensitivity but also predict fall risk
proactively, enabling timely interventions that can prevent falls before they occur.
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This research area has seen explosive growth between 2021 and 2025, driven by advances in miniaturized sensor
technology, edge computing capabilities, and sophisticated deep learning architectures. However, the field
remains characterized by significant fragmentation, with disparate sensor modalities, heterogeneous datasets,
incompatible algorithmic frameworks, and inconsistent evaluation protocols that impede systematic comparison
and clinical translation. A comprehensive, up-to-date analysis of this domain is therefore essential to consolidate
knowledge, identify research gaps, and chart productive directions for future investigation.

This paper makes several key contributions to the literature. First, we provide a systematic taxonomy of loMT-
based fall detection and prediction systems, encompassing sensor types, data acquisition strategies,
communication architectures, and ML methodologies. Second, we conduct a rigorous comparative analysis of ML
models applied to fall-related tasks, evaluating performance metrics including accuracy, sensitivity, specificity,
Fl-score, and computational efficiency. Third, we examine critical deployment challenges including privacy
preservation through federated learning, energy efficiency in wearable devices, and real-world generalizability
across diverse populations. Fourth, we synthesize open research challenges and propose a framework for future
investigation that addresses current limitations in the field.

The remainder of this paper is organized as follows. Section 2 provides background on IoMT architecture and fall
biomechanics. Section 3 reviews sensor modalities and data acquisition strategies. Section 4 presents a
comprehensive taxonomy of ML models applied to fall detection and prediction. Section 5 analyzes edge
computing and communication protocols. Section 6 examines datasets and evaluation methodologies. Section 7
discusses deployment challenges and ethical considerations. Section 8 explores emerging trends and future
directions. Section 9 concludes the paper.

2. Background And Foundational Concepts
2.1 IoMT Architecture and Ecosystem

The Internet of Medical Things represents a specialized extension of the broader Internet of Things (IoT) paradigm
tailored to the stringent requirements of healthcare applications, including high reliability, data security, regulatory
compliance, and clinical accuracy. At its core, an IoMT ecosystem comprises four principal layers: the perception
layer (sensors and actuators), the network layer (communication protocols and gateways), the processing layer
(edge, fog, and cloud computing nodes), and the application layer (clinical decision support systems, user
interfaces, and emergency alert mechanisms) (Islam et al., 2021).

In the context of fall detection and prediction, the perception layer encompasses a diverse array of inertial
measurement units (IMUs) containing accelerometers, gyroscopes, and magnetometers; pressure sensors;
electromyography (EMG) sensors; optical sensors; and environmental sensors such as thermistors and passive
infrared detectors. These sensors generate continuous time-series data streams that encode information about body
kinematics, posture, gait dynamics, and environmental conditions relevant to fall risk assessment (Igual et al.,
2021).

The network layer in IoMT deployments typically employs a hierarchical communication architecture. Bluetooth
Low Energy (BLE), Zigbee, and Ultra-Wideband (UWB) protocols facilitate low-power, short-range
communication between wearable sensors and local gateways. Cellular networks (4G LTE and increasingly 5G),
Wi-Fi, and LoRaWAN support medium to long-range connectivity between gateways and cloud platforms. The
advent of 5G networks, with their ultra-low latency characteristics (sub-1 ms theoretical latency) and massive
device connectivity, is particularly transformative for real-time fall alert applications (Qi et al., 2021).

2.2 Biomechanics of Falls and Fall Risk Factors

Understanding the biomechanical characteristics of falls is fundamental to the design of effective detection and
prediction systems. A fall event is typically characterized by a rapid change in the center of mass trajectory that
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exceeds the individual's balance recovery capacity. From an accelerometric perspective, falls produce distinctive
signal patterns: a brief high-acceleration peak (impact phase) often preceded by a period of near-free-fall
acceleration (fall phase) and followed by a prolonged low-acceleration period (lying phase) corresponding to
ground impact and post-fall immobility (Sucerquia et al., 2021).

Fall risk is a multifactorial construct encompassing intrinsic factors (age-related muscle weakness, gait
abnormalities, visual impairment, cognitive decline, medication effects) and extrinsic factors (environmental
hazards such as uneven surfaces, inadequate lighting, and lack of grab bars). The assessment of fall risk, as
opposed to the post-hoc detection of fall events, requires the integration of longitudinal behavioral data,
physiological parameters, and contextual environmental information—a challenge ideally suited to the data fusion
capabilities of [oMT systems (Howcroft et al., 2021).

Gait analysis has emerged as a particularly powerful approach to fall risk prediction, as alterations in gait
parameters such as stride length, step width, gait speed, and variability of these measures are reliable preclinical
indicators of elevated fall risk. Studies have demonstrated that ML models trained on gait features extracted from
IMU data can predict future falls with sensitivities exceeding 80% and specificities above 85% in community-
dwelling older adults (Palumbo et al., 2021).

3. Sensor Modalities And Data Acquisition
3.1 Wearable Inertial Sensors

Wearable IMUs represent the dominant sensor modality in IoMT fall detection research due to their portability,
low cost, and ability to capture continuous kinematic data. Contemporary commercial IMU units, such as the
MPU-9250, ICM-42688-P, and BMI270, integrate three-axis accelerometers, gyroscopes, and magnetometers in
compact packages consuming minimal power. When worn at anatomically strategic locations—the waist, wrist,
chest, ankle, or thigh—these sensors provide comprehensive coverage of body segment kinematics relevant to fall
detection (Abbate et al., 2021).

Waist-mounted accelerometers have been extensively validated as primary fall detection sensors, providing high
sensitivity to trunk acceleration changes associated with both forward and lateral falls. Wrist-worn devices,
popularized by consumer smartwatches, offer superior user acceptance but exhibit higher false positive rates due
to hand movement artifacts. Multi-sensor configurations employing sensors at multiple body locations have been
shown to significantly improve detection performance, with studies reporting accuracy improvements of 5-12%
over single-sensor approaches when employing sensor fusion algorithms (Kim et al., 2022).

Recent advances in flexible and textile-integrated electronics have enabled the development of unobtrusive smart
garments embedding distributed sensor networks that seamlessly monitor postural dynamics and muscle activation
patterns without restricting normal daily activities. These e-textile platforms demonstrate particular promise for
long-term fall risk monitoring in populations where acceptance of traditional wearable devices is limited (Bian et
al., 2021).

3.2 Ambient and Environmental Sensors

Ambient sensor networks offer a complementary approach to wearable-based systems by instrumenting the living
environment rather than the individual. Passive infrared (PIR) motion detectors, pressure-sensitive floor mats,
door and cabinet contact sensors, and smart appliance usage monitors collectively generate activity fingerprints
that can reveal behavioral patterns associated with increased fall risk, such as nocturnal wandering, altered toilet
visit frequency, and reduced kitchen activity (Rantz et al., 2021).

Vision-based ambient systems utilizing depth cameras (e.g., Microsoft Azure Kinect, Intel RealSense) and RGB
cameras equipped with pose estimation algorithms have demonstrated high accuracy in detecting falls within
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instrumented environments. The OpenPose and MediaPipe frameworks, combined with 3D skeleton tracking,
enable robust posture estimation that can identify pre-fall postural instability patterns without requiring subjects
to wear any instrumentation. However, these systems are constrained by limited field of view, computational
requirements, and significant privacy concerns that restrict their applicability in home environments (Wang et al.,
2022).

Ultra-Wideband (UWB) radar systems represent an emerging ambient sensing modality that can penetrate walls,
provide high-resolution localization (centimeter-level accuracy), and capture respiration and micro-motion
signatures without any line-of-sight requirement. Recent studies have demonstrated that UWB radar combined
with deep learning models can detect falls through obstructions with accuracy exceeding 95%, offering a
promising approach for privacy-preserving through-wall fall monitoring in home environments (Ali et al., 2022).

3.3 Physiological Sensors

Beyond kinematic sensing, physiological monitoring provides complementary biomarkers of fall risk that reflect
underlying health conditions. Heart rate variability (HRV) analysis using photoplethysmography (PPG) sensors
embedded in wristbands and smartwatches has been correlated with autonomic nervous system function,
orthostatic hypotension risk, and medication-induced dizziness—all established fall risk factors. Continuous blood
pressure monitoring using cuffless technologies (PPG-based or oscillometric) enables real-time detection of
hypotensive episodes that frequently precipitate falls in older adults on antihypertensive medications (Saner et al.,
2021).

Electromyography (EMG) sensors measuring muscle activation patterns in lower extremities provide direct
evidence of postural muscle response quality, a critical determinant of balance recovery following perturbations.
Studies employing surface EMG sensors on tibialis anterior and gastrocnemius muscles have demonstrated that
ML models can distinguish between stable and unstable gait patterns with high accuracy, providing a
physiological basis for fall risk stratification (Noamani et al., 2021).

4. Machine Learning Models For Fall Detection And Prediction
4.1 Classical Machine Learning Approaches
4.1.1 Feature Engineering and Extraction

Classical ML approaches to fall detection and prediction rely on handcrafted feature engineering pipelines that
transform raw sensor time series into informative statistical, frequency-domain, and time-frequency
representations. Time-domain features including mean, standard deviation, root mean square (RMS), signal
magnitude area (SMA), zero-crossing rate, and correlation coefficients capture the gross statistical properties of
acceleration signals. Frequency-domain features derived through Fast Fourier Transform (FFT) analysis capture
periodicity and dominant frequency components characteristic of gait cycles and fall events. Wavelet transform-
based features provide multi-resolution time-frequency representations that are particularly effective for capturing
the transient, non-stationary nature of fall events (Chen et al., 2021).

The sliding window segmentation approach is universally employed in real-time fall detection systems,
partitioning continuous sensor streams into fixed-length overlapping windows (typically 0.5-5 seconds) from
which features are extracted and classified. Window size selection involves a fundamental tradeoff between
detection latency (shorter windows enable faster response) and classification accuracy (longer windows capture
more contextual information). Adaptive window sizing approaches that dynamically adjust window length based
on detected motion intensity have been proposed to optimize this tradeoff (Sucerquia et al., 2021).
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4.1.2 Support Vector Machines

Support Vector Machines (SVM) have been extensively applied to fall detection due to their strong theoretical
foundations, ability to handle high-dimensional feature spaces, and robust performance with limited training
samples. SVMs seek to find an optimal hyperplane that maximally separates fall events from activities of daily
living (ADLs) in the feature space. Kernel functions including radial basis function (RBF), polynomial, and
sigmoid kernels enable SVMs to model non-linear decision boundaries in complex sensor data. Studies have
reported SVM-based fall detection accuracy ranging from 87% to 97% across various sensor configurations and
datasets, with Radial Basis Function kernels consistently outperforming linear kernels by 3-8% (Ojetola et al.,
2021).

4.1.3 Random Forests and Ensemble Methods

Random Forest classifiers have emerged as particularly robust fall detection models owing to their inherent feature
selection capability, resistance to overfitting, and ability to quantify feature importance. By constructing an
ensemble of decision trees on bootstrap samples of training data with random feature subset selection, Random
Forests achieve superior generalization performance and naturally handle class imbalance common in fall datasets
where fall events are significantly underrepresented relative to ADLs. Gradient Boosted Decision Trees (GBDT)
and XGBoost variants have demonstrated further improvements, with studies reporting 94-98% accuracy on
benchmark fall datasets (Rastogi & Singh, 2021).

4.1.4 k-Nearest Neighbors and Naive Bayes

k-Nearest Neighbor (k-NN) classifiers offer computational simplicity and interpretability, classifying new sensor
windows based on their proximity to labeled training examples in the feature space. While computationally
intensive at inference time due to the need to search the entire training set, approximate nearest neighbor
algorithms and dimensionality reduction techniques have made k-NN viable for real-time fall detection on edge
devices. Naive Bayes classifiers, while limited by their conditional independence assumption, offer extremely low
computational overhead and have been successfully deployed on resource-constrained microcontrollers for offline
fall detection analytics (Shany et al., 2021).

4.2 Deep Learning Architectures
4.2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) have revolutionized fall detection by enabling automatic feature learning
directly from raw sensor time series, eliminating the need for manual feature engineering. 1D CNNs applied to
multi-axis accelerometer and gyroscope time series have demonstrated superior performance to handcrafted
feature-based approaches, achieving accuracies of 96-99% on benchmark datasets. The convolutional layers
automatically learn hierarchical representations capturing local temporal patterns (impulse characteristics) and
global contextual information (pre-fall postural changes) relevant to fall classification (Mauldin et al., 2021).

2D CNN architectures applied to spectrogram or wavelet scaleogram representations of sensor signals have
demonstrated particular effectiveness by leveraging the spatial-temporal structure of time-frequency
representations. Architectures including ResNet, VGG, and DenseNet adapted for 1D temporal signals have been
benchmarked on fall detection tasks, with residual connections proving especially beneficial for preventing
gradient vanishing in deep temporal networks (Liu et al., 2022).

4.2.2 Recurrent Neural Networks and LSTM

The temporal dependency structure of fall-related sensor data is naturally captured by recurrent neural
architectures. Long Short-Term Memory (LSTM) networks, with their gated memory cells that selectively retain
and discard information over extended time horizons, are particularly well-suited for modeling the sequential
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dynamics of pre-fall posture transitions, fall kinematics, and post-fall immobility patterns. Bidirectional LSTM
(BiLSTM) architectures that process sequences in both temporal directions have been shown to improve fall
detection sensitivity by capturing bidirectional context around potential fall events (Zhang et al., 2022).

Gated Recurrent Unit (GRU) networks offer a computationally efficient alternative to LSTM with comparable
performance on fall detection tasks. Studies comparing LSTM, GRU, and standard RNN architectures consistently
demonstrate the superiority of gated architectures for capturing the multi-scale temporal dependencies in IMU
data, with LSTM and GRU achieving 2-5% higher F1-scores than vanilla RNNs (Hassan et al., 2021).

4.2.3 Hybrid CNN-LSTM Architectures

Hybrid CNN-LSTM architectures that combine the local feature extraction capabilities of CNNs with the
sequential modeling power of LSTMs have emerged as a leading approach for fall detection and prediction. The
canonical architecture employs CNN layers to extract spatial features from temporal windows of sensor data,
followed by LSTM layers to model the sequential evolution of these features across time. Studies have consistently
demonstrated that CNN-LSTM hybrids outperform either component architecture in isolation, achieving state-of-
the-art accuracy of 97-99.5% on benchmark fall datasets while maintaining reasonable computational
requirements for edge deployment (Mondal et al., 2021).

4.2.4 Transformer-Based Models

The success of Transformer architectures with self-attention mechanisms in natural language processing has
prompted their adaptation for time-series fall detection tasks. Temporal Transformer networks apply multi-head
self-attention to capture long-range dependencies in sensor time series, addressing a key limitation of CNN-LSTM
architectures that struggle with dependencies spanning multiple seconds. The Transformer's parallelizable
attention computation also enables significantly faster training relative to sequential LSTM processing. Recent
studies report that Temporal Transformer models achieve 98.2-99.7% accuracy on fall detection benchmarks,
outperforming CNN-LSTM hybrids by 0.5-1.5% while providing better interpretability through attention weight
visualization (Nho et al., 2022).

4.2.5 Graph Neural Networks

Graph Neural Networks (GNNs) represent an emerging approach that models the spatial relationships between
multiple sensor nodes attached to different body segments as a graph structure. Spatial-Temporal Graph
Convolutional Networks (ST-GCN) propagate information along both spatial graph edges (representing
biomechanical joint connections) and temporal edges (representing sequential dependencies), enabling
coordinated analysis of multi-segment body motion. Studies applying ST-GCN to skeleton pose data extracted
from video or multi-IMU configurations have demonstrated superior fall detection performance by explicitly
modeling the biomechanical constraints of human movement (Zhou et al., 2022).

4.3 Federated Learning for Privacy-Preserving Fall Detection

Federated learning (FL) has emerged as a critical enabler for training robust fall detection models across
distributed patient populations without centralizing sensitive health data. In the FL paradigm, each IoMT device
or local gateway trains a model update on local data and shares only model gradients with a central aggregation
server, which combines updates using algorithms such as FedAvg or FedProx to produce improved global model
iterations. This approach addresses the fundamental privacy tension between the need for large, diverse training
datasets and the regulatory requirements of healthcare data protection frameworks such as HIPAA and GDPR (Li
et al., 2022).

Studies implementing federated learning for fall detection across hospital networks and home monitoring
platforms have demonstrated convergence behaviors and final model performance comparable to centralized
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training while providing formal privacy guarantees through differential privacy mechanisms. The communication
overhead of federated learning—a primary practical challenge—has been addressed through model compression
techniques including gradient quantization, sparsification, and knowledge distillation applied prior to gradient
transmission (Nguyen et al., 2022).

5. Edge Computing And Communication Architectures
5.1 Edge Intelligence in Fall Detection Systems

The deployment of ML models for real-time fall detection at the network edge—directly on wearable devices,
smartphones, or local gateways—is essential to meet the latency, privacy, and reliability requirements of
emergency applications. Cloud-based inference, while computationally unlimited, introduces unacceptable
latency (typically 50-500 ms round-trip) and has single points of failure that could delay emergency alerts during
network outages. Edge inference achieves typical classification latencies below 20 ms on modern microcontrollers
and sub-5 ms on dedicated neural processing units (NPUs) embedded in mobile system-on-chips (SoCs)
(Ciabattoni et al., 2021).

Model compression and optimization techniques are essential for deploying ML models on resource-constrained
edge hardware. Weight pruning removes redundant neural network connections, achieving 50-90% model size
reduction with minimal accuracy degradation. Knowledge distillation transfers the learned representations of a
large teacher model to a compact student model optimized for edge deployment. Post-training quantization
converts 32-bit floating-point weights to 8-bit integers, reducing model size by 4x and inference latency by 2-4x
with less than 1% accuracy loss on fall detection tasks. Hardware-specific optimization frameworks including
TensorFlow Lite, PyTorch Mobile, and ONNX Runtime enable efficient deployment across diverse edge
hardware platforms (Santoyo-Ramon et al., 2021).

5.2 Communication Protocols and 5G Integration

The integration of 5G cellular networks into IoMT fall detection systems opens transformative possibilities
through ultra-low latency (sub-1 ms), high bandwidth (multi-Gbps), and massive machine-type connectivity (up
to 1 million devices/km?). 5G network slicing enables the creation of dedicated virtual network instances with
quality-of-service parameters tailored to fall detection requirements, guaranteeing minimum bandwidth and
maximum latency for emergency alert transmission even during network congestion (Zhang et al., 2021). Multi-
access edge computing (MEC) servers co-located with 5G base stations extend edge intelligence capabilities with
server-grade computational resources positioned within one network hop of IoMT devices, enabling more
sophisticated ML model inference than is feasible on wearable hardware alone.

6. Datasets And Evaluation Methodologies
6.1 Benchmark Fall Detection Datasets

The availability of high-quality, annotated datasets is a foundational prerequisite for developing and evaluating
fall detection and prediction algorithms. Several benchmark datasets have been widely adopted in the research
community. The SisFall dataset, collected from 38 participants performing 19 ADLs and 15 fall types using waist-
mounted accelerometers, has been extensively used for algorithm benchmarking. The UMAFall dataset provides
multi-sensor data from three body locations across diverse fall types and ADLs. The MobiFall and MobiAct
datasets capture fall events using smartphone sensors, reflecting realistic deployment scenarios with built-in noise
and variability (Sucerquia et al., 2021).

A critical limitation shared by most existing datasets is the use of simulated falls performed by healthy young
volunteers in controlled laboratory settings, which may not accurately represent the spontaneous falls experienced
by elderly individuals with compromised balance and muscle strength. The few datasets containing real-world
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falls collected using passive monitoring systems provide limited sample sizes due to the rarity of fall events in
continuous monitoring streams. This challenge, often termed the 'simulated vs. real fall' validity problem, is a
central concern for the clinical translation of laboratory-validated algorithms (Igual et al., 2021).

6.2 Evaluation Metrics and Protocols

Standardized evaluation metrics are essential for meaningful cross-study comparison. Sensitivity (true positive
rate) and specificity (true negative rate) are fundamental metrics for fall detection systems, with high sensitivity
prioritized in clinical applications to minimize missed falls despite accepting some false alarms. The F1-score,
computed as the harmonic mean of precision and recall, provides a balanced performance measure particularly
informative in the class-imbalanced fall detection context. Area Under the Receiver Operating Characteristic
Curve (AUC-ROC) characterizes algorithm performance across all operating threshold values.

Leave-One-Subject-Out (LOSO) cross-validation has emerged as the preferred evaluation protocol for fall
detection algorithms, as it provides an unbiased estimate of generalization performance to new subjects unseen
during training—a critical property for clinical deployment. Studies employing LOSO validation consistently
report lower performance than subject-dependent cross-validation schemes, with typical accuracy reductions of
3-10%, underscoring the importance of rigorous evaluation protocols that reflect real-world deployment
conditions (Rastogi & Singh, 2021).

7. Challenges And Ethical Considerations
7.1 Technical Challenges

Despite significant advances, oM T-based fall detection and prediction systems face multiple unresolved technical
challenges. Class imbalance is a pervasive problem in fall detection datasets, as fall events constitute less than 1%
of continuous monitoring data in typical community-dwelling settings, severely biasing classifier training toward
the majority ADL class. Strategies to address this challenge include oversampling techniques (SMOTE,
ADASYN), cost-sensitive learning with elevated penalties for missed falls, and generative adversarial networks
(GANSs) for synthetic fall data augmentation (Nho et al., 2022).

Inter-individual variability in fall biomechanics poses significant generalizability challenges. Fall kinematics vary
substantially across individuals based on height, weight, age-related muscle characteristics, fall direction, and fall
type. Transfer learning approaches that fine-tune pre-trained models on small amounts of individual-specific data
have been proposed to adapt general models to individual motion profiles, demonstrating significant performance
improvements over purely population-level models (Chen et al., 2021).

Sensor placement and attachment variability introduce artifacts that degrade classification performance in real-
world deployments. Sensor orientation changes due to loose attachment, clothing movement, and battery
replacement result in coordinate frame misalignments that can severely impact orientation-dependent feature
extraction. Sensor fusion algorithms employing orientation-independent signal representations (e.g., vector
magnitude) and automatic calibration routines are essential to maintain robustness across realistic deployment
conditions (Abbate et al., 2021).

7.2 Ethical, Legal, and Social Considerations

The deployment of continuous health monitoring systems raises profound ethical considerations regarding
privacy, autonomy, and consent. Continuous accelerometric monitoring can reveal sensitive behavioral patterns
beyond fall-related information, including religious practices (e.g., prayer positions), sexual activity, and health
conditions discernible from movement signatures. Informed consent processes for IoMT deployment must
comprehensively address all potential data uses and limitations of algorithmic systems. Data minimization
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principles, storing only processed features rather than raw sensor streams, can substantially reduce privacy risks
while maintaining analytical utility (Naik et al., 2021).

Algorithmic fairness across demographic subgroups is a critical concern rarely addressed in the fall detection
literature. The majority of benchmark datasets are collected from predominantly white, English-speaking
populations in high-income countries, raising questions about performance equity across individuals of different
ethnic backgrounds, body compositions, and cultural movement patterns. Prospective studies explicitly designed
to assess and ensure equitable performance across diverse populations are an urgent research priority as these
systems move toward clinical deployment (Li et al., 2022).

8. Emerging Trends And Future Directions
8.1 Multimodal Sensor Fusion

The integration of heterogeneous sensor modalities—combining wearable kinematic sensors, physiological
monitors, ambient sensors, and vision-based systems—represents a primary avenue for performance improvement
beyond what any single modality can achieve. Attention-based fusion architectures that dynamically weight the
contribution of each modality based on their informational content and reliability in the current context have
demonstrated superior performance to fixed-weight or early fusion approaches. The emerging framework of
Multimodal Large Models (MLMs) adapted for healthcare sensor data offers particular promise for learning rich,
contextually-aware representations that naturally integrate diverse data streams (Wang et al., 2022).

8.2 Explainable AI in Clinical Fall Detection

The clinical adoption of ML-based fall detection systems requires interpretable model outputs that clinicians can
understand, validate, and act upon. Explainable Al (XAI) techniques including SHAP (SHapley Additive
exPlanations) values, LIME (Local Interpretable Model-agnostic Explanations), and attention visualization for
deep learning models provide post-hoc explanations of individual predictions that identify which sensor features
and time periods drove a specific fall detection or risk prediction decision. These explanations not only build
clinical trust but also provide actionable insights that can guide targeted fall prevention interventions addressing
the specific risk factors identified as most predictive for an individual patient (Demir & Kose, 2022).

8.3 Digital Twins for Personalized Fall Risk Assessment

Digital twin technology—creating personalized virtual replicas of individual patients that simulate physiological
and biomechanical responses to interventions—represents an emerging paradigm for individualized fall risk
assessment and prevention planning. Patient-specific digital twins can be trained on longitudinal loMT monitoring
data and used to simulate the effects of medication changes, exercise interventions, or environmental
modifications on fall risk, enabling predictive optimization of fall prevention strategies without requiring real-
world experimentation. Early implementations of biomechanical digital twins for gait and balance simulation have
demonstrated promising results in predicting individual fall risk trajectories under simulated interventions (Zhou
et al., 2022).

8.4 Continual and Lifelong Learning

Static ML models trained on fixed datasets suffer from concept drift as the physiological and behavioral
characteristics of monitored individuals change over time due to aging, disease progression, medication changes,
and seasonal behavioral variations. Continual learning frameworks that enable models to incorporate new data
streams while retaining previously learned knowledge—without the catastrophic forgetting problem that afflicts
standard neural network updates—are essential for maintaining detection performance over the extended
deployment periods characteristic of elderly care applications. Elastic Weight Consolidation (EWC) and
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Progressive Neural Networks have been proposed as continual learning strategies applicable to evolving IoMT
data streams (Hassan et al., 2021).

9. Comparative Analysis Of Ml Approaches

Table 1 presents a comparative summary of key ML approaches applied to IoMT-based fall detection,
summarizing sensor modalities, algorithms, datasets, and reported performance metrics across selected studies
from 2021-2025.

Table 1: Comparative Summary of ML Models for loMT-Based Fall Detection (2021-2025)

Study/Year Sensor Algorithm Dataset Accuracy (%) Key
Modality Contribution
Kim et al., IMU CNN-LSTM MobiAct 98.7 Multi-location
2022 (waist+wrist) sensor fusion
Liu et al., Depth Camera 3D CNN Custom 97.2 Vision-based
2022 ADL
discrimination
Zhang et al., IMU (waist) BiLSTM SisFall 97.9 Bidirectional
2022 temporal
modeling
Nho et al., IMU (ankle) Transformer UMAFall 99.1 Self-attention
2022 fall dynamics
Mondal et IMU (chest) CNN-LSTM SisFall 98.3 Hybrid
al., 2021 architecture
evaluation
Mauldin et Smartwatch 1D CNN Custom 96.5 Wrist-based
al., 2021 IMU real-time
system
Hassan et IMU (waist) GRU MobiFall 95.8 Efficient
al., 2021 recurrent
learning
Rastogi & IMU (multi) XGBoost SisFall 96.2 Ensemble
Singh, 2021 feature
selection
Zhou et al., | Skeleton (video) ST-GCN Custom 98.5 Graph-based
2022 pose
modeling

Available online at https://psvmkendra.com

2595




LW
ANUSANDHANVALLARI

ISSN: 2229-3388

v

Study/Year Sensor Algorithm Dataset Accuracy (%) Key
Modality Contribution
Lietal, IMU Federated Multi-site 96.8 Privacy-
2022 (distributed) CNN preserving
training

10. Conclusion

This paper has presented a comprehensive analysis of IoMT-based fall detection and prediction systems
employing machine learning models, spanning sensor technologies, algorithmic approaches, deployment
architectures, evaluation methodologies, and emerging research directions. The field has witnessed remarkable
progress between 2021 and 2025, driven by the convergence of miniaturized sensor technology, edge computing
capabilities, and sophisticated deep learning architectures that collectively enable highly accurate, low-latency
fall detection in real-world settings.

Key findings from this analysis indicate that hybrid CNN-LSTM and Transformer-based architectures currently
represent the state-of-the-art for fall detection accuracy, consistently achieving performance above 97% on
benchmark datasets. However, significant performance gaps persist between controlled laboratory benchmarks
and real-world deployments due to the limitations of simulated fall datasets, inter-individual variability, and
environmental noise. Federated learning has emerged as an essential approach for training robust models across
distributed patient populations while preserving the stringent privacy requirements of medical data.

Critical research gaps that must be addressed to accelerate clinical translation include: (1) development of large-
scale, diverse real-world fall datasets capturing spontaneous falls across heterogeneous populations; (2)
standardized evaluation benchmarks and protocols enabling rigorous cross-study comparison; (3) prospective
clinical trials demonstrating that IoMT fall detection and prediction systems reduce fall incidence and adverse
outcomes in real-world deployments; (4) integration of explainable Al techniques to build clinician trust and
enable actionable insights; and (5) investigation of algorithmic fairness across demographic subgroups to ensure
equitable performance.

The confluence of 5G connectivity, edge Al capabilities, advanced sensor miniaturization, and sophisticated
machine learning methodologies positions IoMT-based fall management systems as a transformative technology
for elderly care. Realizing this potential will require sustained interdisciplinary collaboration between engineers,
clinicians, data scientists, ethicists, and patient advocates to develop systems that are not only technically
sophisticated but also clinically validated, ethically sound, and genuinely beneficial to the populations they serve.
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