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Abstract

Background: Falls are a leading cause of morbidity and mortality among older adults,
creating a need for technologies that can automatically detect falls and summon timely
assistance. The rapid evolution of sensor technologies and artificial intelligence has led to a
proliferation of fall detection systems (FDS). This systematic review synthesizes the recent
literature to provide a comprehensive overview of the current technological landscape.
Objective: The objective of this review is to systematically analyze and synthesize the
evidence from the academic literature on fall detection technologies. The review focuses
on three primary areas: the sensor modalities used for data acquisition, the computational
models employed for fall classification, and the emerging trend of shifting from reactive
detection to proactive fall risk prediction. Methods: A systematic search of electronic
databases was conducted for studies published between 2008 and 2025. Following the
PRISMA guidelines, 130 studies met the inclusion criteria and were selected for analysis.
Information regarding sensor technology, algorithm type, validation methods, and key
performance outcomes was extracted and thematically synthesized. Results: The analysis
identified three dominant categories of sensor technologies: wearable systems (primarily
Inertial Measurement Units), ambient systems (including vision-based, radar, WiFi, and
LiDAR), and hybrid systems that fuse multiple data sources. Computationally, the field has
shown a progression from threshold-based algorithms to classical machine learning and is
now dominated by deep learning architectures, such as Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), and Transformers. Many studies report
high performance, with accuracy, sensitivity, and specificity often exceeding 95%. An
important trend is the expansion of research from post-fall detection to proactive fall risk
assessment and pre-impact fall prediction, which aim to prevent falls before they cause
injury. Conclusions: The technological capabilities for fall detection are well-developed,
with deep learning models and a variety of sensor modalities demonstrating high accu-
racy in controlled settings. However, a critical gap remains; our analysis reveals that
98.5% of studies rely on simulated falls, with only two studies validating against real-world,
unanticipated falls in the target demographic. Future research should prioritize real-world
validation, address practical implementation challenges such as energy efficiency and user
acceptance, and advance the development of integrated, multi-modal systems for effective
fall risk management.

Keywords: fall detection; older adults; systematic review; wearable sensors; ambient
assisted living; deep learning; pre-impact fall prediction; fall risk assessment
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1. Introduction
Falls among older adults represent a growing public health concern worldwide. The

World Health Organization (WHO) identifies falls as the second leading cause of accidental
injury-related deaths, with adults over 65 years of age experiencing the highest number
of fatal falls [1,2]. The consequences of a fall extend beyond immediate physical injury.
An unassisted fall can lead to functional impairment, reduced mobility, and a decrease in
independence and quality of life [3]. The period following a fall is critical, as a long lie on
the floor can precipitate serious medical complications [4]. Furthermore, the fear of falling
can result in psychological distress and a self-imposed restriction of daily activities [5].

In response to this challenge, the development of automated fall detection systems
(FDS) has become a prominent area of research in health technology and gerontology.
These systems are designed to monitor an individual, detect a fall event, and automatically
summon assistance, thereby reducing the time between the fall and the arrival of medical
help [6,7]. The evolution of these technologies has progressed from single-modality wear-
able devices to systems that incorporate ambient sensors, vision-based monitoring, and
the integration of Internet of Things (IoT) frameworks [8,9]. This technological landscape
is broadly categorized into wearable, ambient, and hybrid systems, each with distinct
advantages and limitations regarding user adoption, installation complexity, and perfor-
mance [10,11].

Recent advancements are increasingly characterized by the application of machine
learning (ML), especially deep learning (DL) algorithms, to analyze sensor data with
high accuracy [12]. Models such as Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), and Transformers are now frequently employed to classify
complex human movements and differentiate falls from other activities of daily living
(ADLs) [13–15]. Concurrently, research has expanded beyond reactive fall detection to
include proactive fall risk assessment and pre-impact fall prediction, which aim to identify
individuals at high risk or to anticipate a fall before impact occurs, opening new possibilities
for injury prevention [16–18].

While several reviews on fall detection technologies exist [19–21], the rapid pace
of technological innovation, evidenced by the sharp increase in publications since 2017
(Figure 1), necessitates a continuous and systematic synthesis of the literature. This increase
in research activity indicates a growing academic interest in fall detection technologies.
Notably, the publication volume peaked in 2020, a trend that coincides with the COVID-
19 pandemic and reflects an intensified focus on remote monitoring solutions for older
adults during a period of social isolation and healthcare system strain, a context explicitly
noted within the reviewed literature [22]. A second peak in 2024 demonstrates sustained
momentum in the field.

This review provides a structured analysis of 130 recent academic papers to map
the current state of sensor technologies and computational models. To synthesize and
evaluate the evidence, this review addresses four specific research questions (RQs): RQ1
examines the prevailing sensor modalities and hardware configurations; RQ2 analyzes
how computational models have evolved from threshold-based methods to Deep Learning;
RQ3 evaluates the reported performance metrics (accuracy, sensitivity, specificity) and the
impact of validation environments (lab vs. real-world); and RQ4 investigates the extent of
the field’s shift from reactive post-fall detection to proactive pre-impact prediction.
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Figure 1. Annual Publication Trend of Included Studies. The bar chart illustrates the distribution of the
130 studies included in this systematic review by their year of publication, spanning from 2008 to 2025.

2. Methodology: A PRISMA-Based Approach
This systematic review was conducted and reported in accordance with the principles

of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
2020 statement. The review protocol was not registered in PROSPERO. The methodology
was designed to systematically identify, screen, and synthesize relevant literature on fall
detection and prevention technologies for older adults.

2.1. Search Strategy

A comprehensive literature search was performed across several electronic databases,
including IEEE Xplore, PubMed, and Scopus, to identify relevant studies. The search strategy
combined keywords related to the population (“older adults”, “elderly”, “geriatric”), the
intervention (“fall detection”, “fall prevention”, “activity monitoring”, “wearable sensor”,
“ambient intelligence”), and the outcome (“accuracy”, “risk assessment”, “prediction”). The
search was limited to articles published between January 2008 and May 2025.

2.2. Inclusion and Exclusion Criteria

Studies were included if they met the following criteria: (1) Original research articles
or systematic reviews published in peer-reviewed journals or conference proceedings. For
review articles, to avoid double-counting of evidence, data regarding system accuracy and
performance metrics were extracted exclusively from original research articles. Included
review papers were utilized solely for the thematic synthesis of technological trends and
historical evolution. (2) Focused on the design, development, validation, or review of
technological systems for fall detection, prevention, or risk assessment. (3) The target
population was older adults. Likewise, to ensure the review captured cutting-edge de-
velopments up to 2025, preprints from sources such as arXiv were included, provided
they met strict quality criteria regarding methodological description. However, editorials,
commentaries, and abstracts without full text were excluded.

2.3. Study Selection

The study selection process followed a multi-stage screening protocol. Initially, all
identified records were collated, and duplicate entries were removed. To ensure consistency
(PRISMA Item 8), two reviewers independently screened the titles and abstracts. Disagree-
ments were resolved through discussion or consultation with a third reviewer. Articles
that clearly did not meet the inclusion criteria were excluded at this stage. Subsequently,
the full text of the remaining articles was retrieved and assessed for final eligibility against
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the predefined criteria. The process is detailed in the PRISMA flow diagram in Figure 2. It
illustrates the systematic identification, screening, and inclusion of studies for the review.
Furthermore, data items extracted (PRISMA Item 10a) included: sensor modality, algorithm
type, validation environment (simulated vs. real-world), and performance metrics. Risk of
bias was assessed by examining the validation method. Specifically, noting the reliance on
young volunteers simulating falls versus real-world data collection.

Figure 2. PRISMA Flow Diagram of the Study Selection Process.

The initial database search yielded 450 records. After the removal of 65 duplicates,
385 records were screened, leading to the exclusion of 210 based on title and abstract. The
full texts of the remaining 175 papers were sought for retrieval, with 170 assessed for
eligibility. Following a detailed full-text review, 40 papers were excluded for not meeting
the inclusion criteria. This process resulted in a final 130 studies included in the systematic
review, comprising 108 original research articles and 22 systematic reviews/surveys.

To provide an overview of the synthesized literature, the key characteristics of all 130
included studies are detailed in Appendix A. This table summarizes each paper’s reference,
the primary technology or modality investigated, the type of algorithm employed for
classification, and the principal finding or reported accuracy.

2.4. Meta-Analysis Statement

Due to the significant heterogeneity in sensor modalities (wearable vs. ambient),
experimental protocols (simulated vs. real-world), and performance metrics reported
across the 130 studies, a quantitative meta-analysis was not feasible. Consequently, a
narrative synthesis approach was adopted to categorize findings.
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3. Thematic Synthesis
This section synthesizes the findings from the 130 included studies, organized by

the primary technological and methodological themes. While the 22 review papers were
utilized to map the historical evolution of the field, the performance analysis relies primarily
on the 108 original research articles. The analysis is structured to first examine the sensor
technologies, followed by the computational models, the methods for system validation,
and the progression from fall detection to risk prediction. Key characteristics of all included
studies are detailed in Appendix A.

3.1. Sensor Technologies: A Tripartite Classification

The literature on fall detection is predominantly categorized by the type of sensor
technology employed. Figure 3 illustrates the distribution of these technologies across
the reviewed studies. These systems can be classified into three main groups: wearable
sensor-based systems, ambient sensor-based systems, and hybrid systems that integrate
multiple modalities [10,11]. Wearable systems (36.2%) represent the most prevalent research
modality, followed by vision-based systems (20.8%). The ’Ambient (Non-Vision)’ category,
which includes technologies such as radar, WiFi, and LiDAR, constitutes another area
of investigation.

The remaining 26.1% (n = 34) comprises 22 systematic reviews (16.9%, included for
qualitative synthesis only), alongside dataset publications and clinical/EHR risk assessment
models. To avoid redundancy and double-counting of evidence, a concern raised regarding
the inclusion of review papers, quantitative performance metrics were extracted exclusively
from the original research articles. A detailed taxonomy of these modalities, illustrating
the hardware technologies identified within each category, is presented in Figure 4. Each
approach presents a distinct set of capabilities and challenges related to accuracy, user
acceptance, privacy, and implementation complexity.

Figure 3. Distribution of Primary Technology and Methodology. The chart illustrates the classification
of the 130 included studies based on their primary technological or methodological focus.
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Figure 4. Taxonomy of Sensor Modalities for Fall Detection. Based on the thematic synthesis
in Section 3.1, this figure provides a hierarchical classification of the various sensor technologies
identified in the literature. It details the hardware used within the primary categories of wearable,
ambient, and hybrid systems, highlighting the variety of approaches in the field.

3.1.1. Wearable Sensor-Based Systems

Wearable systems are the most frequently investigated modality in the reviewed pa-
pers. These systems involve one or more sensors worn on the user’s body to continuously
monitor movement and posture. The most common sensor is the tri-axial accelerometer,
which measures acceleration along three axes [23]. Many systems advance this by incorpo-
rating a gyroscope and sometimes a magnetometer, creating an Inertial Measurement Unit
(IMU) that provides a complete picture of the body’s orientation and movement [24–26].

The placement of the wearable device is an important factor influencing detection
accuracy. Several studies advocate for waist or trunk placement, arguing it is close to the
body’s center of mass and thus provides a stable reference for movement analysis [22,27].
Other research explores wrist-worn devices, which may offer better user compliance and
comfort, though they present greater challenges in distinguishing falls from rapid arm
movements [28–30]. Thigh placement has also been investigated for its ability to capture
lower-limb dynamics effectively [16]. To improve performance, some wearable systems
incorporate additional sensors, such as barometers to detect rapid changes in altitude
associated with a fall [31]. Figure 5 illustrates the common sensor placements discussed
in the literature and summarizes their respective trade-offs regarding signal accuracy and
user compliance.

The primary advantage of wearable devices is their ability to provide continuous,
person-centric monitoring regardless of the user’s location within a monitored space.
However, their effectiveness is contingent on user adherence; a device that is not worn
cannot detect a fall. This limitation is a frequently cited rationale for the development of
ambient systems [32]. Furthermore, power consumption is a practical constraint, prompting
research into energy-efficient algorithms and hardware [6,33,34]. The development of public
datasets from wearable sensors, such as the SisFall [35] and UP-Fall Detection Dataset [36],
has been instrumental in allowing researchers to benchmark and compare algorithms.
Table 1 provides a summary of the characteristics of these widely used public datasets,
detailing the sensor modalities used and the nature of the activities recorded. These datasets
are crucial for benchmarking algorithms, as noted in Section 3.3.
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Table 1. Key Public Datasets.

Dataset Name Reference Modality Subjects Key Characteristics

KFall [18] Wearable Young Adults
Used specifically for pre-impact fall

detection research; includes extensive
motion data.

SisFall [35] Wearable
(Accel/Gyro) 38 (15 Elderly)

Contains 15 fall types and 19 ADLs.
Includes a significant number of elderly

participants performing ADLs.

UP-Fall [36]
Multimodal

(Wearable + Vision
+ Ambient)

17 (Young)

A comprehensive multimodal dataset
(850 GB) allowing for fair comparison
between vision, wearable, and hybrid

approaches.

URFD [37] Vision (RGB-D) 30 (Young)
Uses Kinect cameras; contains depth and

accelerometer data. Widely used for
vision-based benchmarking.

MobiFall [38] Wearable
(Smartphone) 24 (Young)

Focuses on smartphone-based detection
(accelerometer/orientation) with realistic

simulated falls.

Le2i [39] Vision (Video) Various
Challenges include varied lighting,

occlusion, and textured backgrounds to
simulate real-world difficulties.

Figure 5. Common Wearable Sensor Placements and Associated Trade-offs. This diagram maps
the body locations most frequently cited in the literature. It shows the balance between optimal
signal quality (waist/trunk) and user comfort/compliance (wrist), a critical factor in the real-world
effectiveness of wearable FDS.

3.1.2. Ambient Sensor-Based Systems

Ambient systems utilize sensors integrated into the living environment, offering a
non-intrusive approach that does not require the user to wear a device. This category
encompasses various technologies, with vision-based and radio-frequency-based methods
being the most prominent.

Vision-Based Systems: These systems employ cameras to monitor the environment.
Approaches range from standard RGB cameras [40,41] to RGB-Depth (RGB-D) cameras
like the Microsoft Kinect, which provide depth information to better distinguish a person
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from the background [42,43]. Low-resolution thermal sensors have also been proposed as
a privacy-preserving alternative to traditional cameras [5]. Analysis techniques in these
systems often involve tracking the human silhouette [37,44], identifying skeletal key points
through pose estimation [45–47], or analyzing optical flow to quantify motion [48]. Vision-
based approaches are the subject of several review papers, which show the increasing
application of DL in this domain [21,49]. The principal challenge for vision systems is the
concern for user privacy, alongside technical issues like occlusion and varying illumination
conditions [50].

Radio Frequency (RF)-Based Systems: RF-based systems use signals that can op-
erate without line-of-sight and in various lighting conditions, making them a privacy-
respecting alternative. Radar is a key technology in this sub-category, with studies using
Continuous-Wave (CW) Doppler radar [51,52], Frequency-Modulated Continuous-Wave
(FMCW) radar [53], millimeter-wave (mmWave) radar [54–56], and Ultra-Wideband (UWB)
radar [57]. These systems typically analyze the micro-Doppler signatures reflected from a
moving person to classify activities [58,59]. Another RF-based approach uses commodity
WiFi signals to passively detect falls by analyzing disturbances in the signal patterns caused
by human motion [60]. A review by [61] discusses the complementary nature of radar and
RGB-D sensors.

Other Ambient Modalities: Researchers have also explored other novel ambient
sensors. These include systems based on floor vibrations and acoustic signals [62], smart
flooring with integrated force sensors [63], pyroelectric infrared (PIR) sensors for motion
detection [64], and smart carpets with RFID technology [65]. More recently, LiDAR has
been investigated for its ability to create a 3D point cloud of the environment, enabling fall
detection while preserving anonymity [66,67].

3.1.3. Hybrid Systems

Hybrid systems, also known as multi-sensor fusion systems, combine two or more
sensor modalities to overcome the limitations of any single approach [11,68]. The ratio-
nale is to improve the reliability and accuracy of the FDS. For example, a system might
use a wearable accelerometer for initial fall detection and a camera for confirmation, a
“double-check” method that can reduce false alarms [69]. Other examples include the
fusion of RGB images with accelerometer data [70], the combination of video and audio
streams [71], and the integration of a wearable accelerometer with a time-of-flight camera
and a microphone [72]. These multimodal approaches aim to create a context-aware system
by employing complementary data sources.

3.2. Computational Models: From Thresholds to Deep Learning

The classification of a fall event from sensor data is the central task of the computa-
tional model within an FDS. The sophistication of these models has evolved from simple,
threshold-based algorithms to complex DL architectures. The choice of model is often
linked to the sensor modality and the desired trade-off between accuracy, computational
cost, and energy efficiency [12].

3.2.1. Threshold-Based and Rule-Based Algorithms

Early and some current FDS implementations rely on threshold-based algorithms.
These methods typically extract simple features from sensor data, such as the peak resultant
acceleration or changes in posture angle, and compare them against predefined thresholds
to trigger a fall alarm [28]. While computationally inexpensive and easy to implement
on low-power devices, these systems can be prone to false alarms as they may struggle
to differentiate falls from vigorous ADLs that exhibit similar signal characteristics [73].
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Some studies propose more complex rule-based systems or finite state machines (FSM) that
combine multiple conditions to improve specificity [67].

3.2.2. Classical Machine Learning

ML models represent an advancement over simple thresholding. These supervised
learning approaches are trained on labeled datasets containing examples of both falls and
ADLs. Common algorithms reported in the literature include Support Vector Machines
(SVM) [4,37,45], K-Nearest Neighbors (KNN) [65], Decision Trees [74], and ensemble
methods like Random Forest [39,64] and Boosted Decision Trees [8]. These models often
achieve high accuracy by learning complex decision boundaries from engineered features
extracted from the raw sensor signals [75,76]. For example, a Multiple Kernel Learning SVM
in a smartphone-based system has been used in [77], and in [6] the authors developed a
low-cost ML algorithm with novel feature extraction that achieved over 99.9% accuracy. The
performance of these models is heavily dependent on the quality and representativeness of
the feature engineering process.

3.2.3. Deep Learning Architectures

The most recent trend, and a dominant theme in the reviewed papers, is the application
of DL models. Figure 6 illustrates this evolution over three distinct periods, identifying
the rapid displacement of classical ML and threshold-based methods by DL architectures
since 2021. The data reveals a marked shift over time. In the initial period (2008–2015),
research was based on threshold-based and classical ML models. The middle period
(2016–2020) shows a transition, with a near-even split between classical ML (n = 23) and
the rapidly emerging DL approaches (n = 21). In the most recent period (2021–2025),
DL has become the dominant paradigm (n = 41), outnumbering classical ML (n = 9) and
nearly displacing threshold-based methods. This trend reflects the field’s progression
from reliance on manually engineered features to the adoption of end-to-end learning
architectures capable of automatically deriving complex feature representations from raw
sensor data. DL architectures can automatically learn hierarchical feature representations
from raw or minimally processed data, eliminating the need for manual feature engineering.
Several reviews are dedicated to this topic, underscoring the transformative impact of DL
on fall detection [13,49,78].

Convolutional Neural Networks: CNNs are widely used, particularly for vision-
based systems where they excel at processing image data [48,79,80]. They are also applied
to time-series data from wearable sensors by treating the signal as a one-dimensional
array [81–83]. Variants like 3D CNNs are used to capture spatiotemporal features from
video sequences [84].

Recurrent Neural Networks: RNNs, particularly their advanced variants like Long
Short-Term Memory (LSTM) [5,85] and Gated Recurrent Units (GRU) [86], are well-suited
for modeling sequential data. They are commonly used with wearable sensor data to
capture the temporal dynamics of movement leading up to, during, and after a fall [87].

Hybrid Models: Many of the highest-performing systems use hybrid DL architectures.
CNN-LSTM models combine the feature extraction power of CNNs with the sequence
modeling capabilities of LSTMs [17,18,33,88]. Transformer-based models, which use at-
tention mechanisms to weigh the importance of different parts of the input sequence, are
an emerging alternative, showing strong performance in both vision-based [15,89,90] and
wearable systems [25].

Other DL Approaches: The literature also reports on other DL techniques, including
Deep Belief Networks (DBN) [38], Autoencoders for anomaly detection [34,54], and Fed-
erated Learning to train models on decentralized data while preserving privacy [91]. To
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clarify the varied range of computational strategies employed, Figure 7 presents a taxon-
omy of the deep learning architectures identified in this review, categorized by their data
processing focus.

Figure 6. Evolution of Computational Models in Fall Detection Research. The stacked bar chart
illustrates the distribution of primary computational model types across the included studies, grouped
into three distinct publication periods.

The use of DL has consistently led to high reported accuracy rates, often exceeding
95%. However, these models require large amounts of labeled training data and are com-
putationally more intensive, which can be a challenge for real-time implementation on
low-power, edge-computing devices [92]. Table 2 synthesizes the findings from Section 3.2,
and summarizes the comparative strengths and limitations of these computational ap-
proaches, showing the trade-offs between accuracy and resource consumption. It also
shows the trade-offs between the three dominant algorithmic paradigms regarding feature
extraction, performance, and hardware requirements.

Table 2. Comparative Analysis of Computational Approaches.

Approach Representative
Algorithms

Feature
Extraction Strengths Limitations

Threshold-
Based

Fixed
Thresholds,
Finite State

Machines (FSM)

Manual (Peak
acceleration,

angles)

• Low computational cost.
• High energy efficiency.
• Easy to implement on ba-

sic MCUs.

• High False Alarm Rate
(FAR).

• Struggles to distinguish vig-
orous ADLs from falls.

• Not adaptive to different
users.

Classical
Machine
Learning

(ML)

SVM, Decision
Trees, KNN,

Random Forest

Manual
(Hand-crafted

features)

• Good balance of accu-
racy and efficiency.

• Requires less training
data than DL.

• Interpretable models
(Decision Trees).

• Performance depends heav-
ily on feature engineering.

• May struggle with complex,
raw data streams.

• Less effective at modeling
temporal dependencies.

Deep
Learning

(DL)

CNN, LSTM,
GRU,

Transformers

Automatic
(Learned from

raw data)

• State-of-the-art accuracy
(>99%).

• No manual feature engi-
neering required.

• Handles complex/noisy
data well.

• High computational and
memory cost.

• Requires large labeled
datasets.

• “Black box” nature (low in-
terpretability).

• High energy consumption.
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Figure 7. A Taxonomy of Deep Learning Models in Fall Detection Systems. This hierarchical diagram
classifies the various DL architectures found in the review. It categorizes models based on their
primary function: spatial feature extraction (CNNs for vision), temporal sequence modeling (RNNs
for time-series data), and hybrid approaches that integrate both capabilities.

3.3. System Validation and Performance Metrics

Validating the performance of FDS is an important step, yet it presents considerable
challenges. The gold standard would be to test systems on real-world, unanticipated falls
in older adults. However, such events are rare and unpredictable, making data collection
difficult. As a result, the vast majority of studies in this review rely on simulated falls
performed by healthy young or older adult volunteers [35,36]. While this provides a controlled
environment for testing, it is acknowledged that simulated falls may not accurately replicate
the biomechanics of genuine falls [4]. Only a few studies, such as those by [4,43], were able to
include a small number of naturally occurring falls in their validation datasets.

A stratified analysis of the 130 reviewed studies reveals a sharp distinction in vali-
dation protocols between active detection and proactive risk assessment. While research
focused on Fall Risk Assessment frequently utilized real-world clinical data or continuous
monitoring of older adults [93–95], the validation of Fall Detection systems remains heavily
reliant on laboratory simulation. Of the detection-focused studies reviewed, 128 (98.5%)
validated their algorithms using simulated falls performed by volunteers or standardized
public datasets. Only 2 studies (1.5%) [4,43] explicitly reported validating their detection
performance against naturally occurring, unanticipated falls captured in the target demo-
graphic. This lack of ecological validity in detection algorithms remains the field’s most
significant methodological hurdle.

The most common performance metrics used to evaluate FDS are accuracy, sensitivity
(recall), and specificity.

• Accuracy: The proportion of total classifications that are correct.
• Sensitivity: The ability of the system to correctly identify true falls (true posi-

tives/(true positives+false negatives)). High sensitivity is important to ensure that
actual falls are not missed.

• Specificity: The ability of the system to correctly identify non-fall events (true nega-
tives/(true negatives + false positives)). High specificity is essential for minimizing
false alarms, which can lead to user frustration and alarm fatigue for caregivers.

Many studies report high values for these metrics, frequently exceeding 95% or even
99% [6,79,96]. However, a quantitative meta-analysis, such as pooled sensitivity/specificity,
was not performed in this review due to the high heterogeneity of the included studies.
The wide variation in sensor modalities (wearable vs. ambient), experimental protocols
(scripted ADLs vs. continuous monitoring), and study populations (young actors vs. older
adults) precludes a valid statistical comparison of aggregate performance metrics.

Nevertheless, as noted by [81], performance can be vastly dataset-dependent, and
models that perform well on one dataset may not generalize to others. This dependency
indicates a risk of overfitting, where deep learning models may memorize background noise
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or subject kinematics rather than learning generalized fall features. Public benchmarks
like SisFall and UP-Fall are invaluable, yet few studies perform cross-dataset validation
(training on one, testing on another) to prove model robustness. The use of publicly
available datasets like SisFall, URFD, and MobiFall is a positive trend that facilitates more
direct comparison between different algorithmic approaches [38,97,98]. Validation often
involves cross-validation techniques to ensure that the model’s performance is not an
artifact of some train-test split [99].

3.4. From Detection to Prediction: Assessing and Anticipating Falls

While the majority of the literature focuses on the reactive detection of fall events
after they have occurred, a growing sub-field is dedicated to the proactive prediction and
prevention of falls. This paradigm shift involves two primary approaches: long-term fall
risk assessment and short-term, pre-impact fall prediction. This distinction is visualized in
Figure 8, which maps the spectrum of fall management technologies against the timeline
of a fall event, distinguishing between long-range risk assessment, immediate pre-impact
prediction, and post-fall detection.

Figure 8. The Spectrum of Fall Management Technologies. This figure illustrates the evolving
technological landscape described in Section 3.4, moving from reactive post-fall detection to proactive
approaches. It categorizes technologies based on their intervention timing relative to a fall event, from
long-term risk assessment based on gait and clinical data to the immediate pre-impact prediction
aimed at injury prevention.

3.4.1. Fall Risk Assessment

Fall risk assessment aims to identify individuals who are at a high risk of falling in the
future, allowing for timely clinical or lifestyle interventions. This approach moves away from
event detection and towards continuous, passive monitoring of physiological and behavioral
biomarkers. Several studies use wearable sensors to analyze gait parameters extracted from
daily-life activities. Parameters such as gait speed, stride time, and trunk stability have been
identified as important indicators of fall risk [100]. The authors in [93] employed DL models
on trunk accelerometry data to assess fall risk, while Ref. [101] used fully convolutional neural
networks with transfer learning on smartphone sensor data for the same purpose.

Other risk prediction models integrate a wider range of data sources. The authors
in [95] combined geriatric assessments (Activities of Daily Living scores), gait measure-
ments, and fall history to predict 6-month fall risk with good accuracy. Similarly, Ref. [102]
demonstrated that ML algorithms applied to statewide electronic health records could
effectively identify older adults at a higher risk of falling. In [103], the authors developed
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a simplified decision-tree algorithm using easily measurable clinical predictors. These
models provide a holistic view of an individual’s risk profile. However, some reviews
caution that while sensing technology shows promise, many clinical tests of balance, when
used in isolation, demonstrate low diagnostic accuracy for predicting future falls [104,105].
The development of validated, multimodal prediction tools remains an active area of re-
search [106,107]. The Oldfry device, for example, is a technological tool designed to detect
frailty and assess fall risk [94].

3.4.2. Pre-Impact Fall Prediction

Pre-impact fall prediction represents an immediate form of prevention, aiming to
detect a fall while it is in progress but before the body makes contact with the ground.
A successful pre-impact detection could, in theory, trigger a protective device, such as a
wearable airbag, to mitigate injury. This requires an algorithm with low latency and high
accuracy to make a classification within a fraction of a second after the loss of balance.

This challenging task is addressed by several studies, almost exclusively using wearable
inertial sensors and DL models. Researchers [17] developed a hybrid ConvLSTM model to
classify the “pre-impact fall” stage, achieving high sensitivity and a latency of just over 1
millisecond. Similarly, Ref. [18] presented a system that could detect a fall within 0.5 s of its
initiation, providing a sufficient lead time for a protective response. Studies [108,109] also
proposed DL frameworks that classify movement into non-fall, pre-fall, and fall stages. The
feasibility of implementing these computationally intensive models on low-power microcon-
trollers for real-time execution is a key research question, with studies like [92] analyzing
the trade-offs between accuracy, inference speed, and energy consumption. Other work has
focused on detecting “near-falls,” or stumbles, as key indicators of balance impairment and
future fall risk [24]. The ability to accurately and rapidly predict an imminent fall remains one
of the most advanced and impactful areas of fall detection research.

4. Discussion and Analysis
The thematic synthesis of the 130 reviewed studies reveals a dynamic and rapidly

evolving field of research dedicated to fall detection and prevention in older adults, as
emphasized by the accelerating publication rate over the last decade (Figure 1). The body of
literature demonstrates a trajectory of increasing technological and algorithmic complexity.
This progression moves from single-sensor, threshold-based wearable devices toward multi-
modal, environmentally integrated systems powered by advanced DL architectures. This
discussion critically analyzes the dominant trends, evaluates the strength of the reported
performance claims, and identifies persistent challenges and research gaps.

A primary trend is the diversification of sensor modalities instead of exclusively
relying on wearable devices. While wearables, particularly those incorporating IMUs,
remain the most common platform [23,110], their fundamental limitation is user adher-
ence. In response, a portion of the literature explores ambient sensing technologies that
offer passive, non-intrusive monitoring. Vision-based systems, that use RGB, RGB-D,
and thermal cameras, have shown high performance by observing human posture and
movement [5,43,49]. However, privacy concerns remain a considerable barrier to their
widespread adoption. Consequently, radio-frequency technologies such as radar and WiFi
have emerged as compelling alternatives, capable of detecting motion through walls and in
varied lighting without collecting personally identifiable images [58,60,61].

However, the deployment of vision-based systems in private spaces, such as bath-
rooms where falls frequently occur, raises critical ethical and legal concerns. While technical
solutions like depth-sensing and thermal imaging obscure facial features, adherence to
regulations such as the General Data Protection Regulation (GDPR) requires more than just
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anonymization, it demands explicit informed consent and transparent data processing pro-
tocols. Future frameworks must ensure that video data is processed at the edge (on-device)
so that sensitive footage never leaves the user’s local network. Novel approaches using
LiDAR, smart flooring, and even floor vibrations further underscore the innovative drive
toward creating effective yet acceptable monitoring solutions [62,63,67].

Concurrent with this hardware evolution is the shift in computational models. The
literature shows a path from simple threshold-based algorithms to classical ML and, most
recently, to the widespread adoption of DL [12]. DL models, including CNNs, LSTMs, and
Transformers, now dominate the field, largely because of their ability to learn relevant
features from raw sensor data, obviating the need for manual feature engineering [13].
This has enabled the development of end-to-end systems that report high performance
metrics. Despite these high metrics, the ’black-box’ nature of Deep Learning models poses
a barrier to clinical adoption. Clinicians require interpretability to understand why a model
classified a particular movement as a fall or a high-risk event. The current literature lacks
sufficient focus on Explainable AI (XAI) approaches, such as SHAP (SHapley Additive
exPlanations), which could visualize which gait parameters or image features triggered an
alert, thereby fostering trust among medical practitioners and users.

However, the performance claims within the literature warrant critical examination.
As summarized in Table 3, many studies report accuracy, sensitivity, and specificity values
exceeding 99% [6,53,79]. While notable, these results are almost universally derived from
experiments using simulated falls performed by healthy, and often young, volunteers
in controlled laboratory settings. Furthermore, such near-perfect scores often suggest a
lack of subject-independent cross-validation, meaning the models may be overfitting to
certain movement patterns of the test subjects rather than learning generalized fall features.
An identified gap is the lack of validation with real-world, unanticipated falls from the
target elderly population. The few studies that do include such data report modest but
realistic performance figures and show the discrepancy between simulated and actual
fall dynamics [4,43]. This suggests that the reported near-perfect accuracy may not be
generalizable to real-world conditions, where the variability of human movement and
environmental contexts is far greater. The dataset-dependent nature of model performance,
as emphasized by [81], further complicates the comparison of results across studies.

The movement from reactive detection to proactive prediction is another key finding.
The development of fall risk assessment models using continuous monitoring data from
wearables or periodic clinical assessments offers a pathway to prevention [95,102]. This
approach integrates gerontological knowledge with technological monitoring. Even more
ambitious are the pre-impact detection systems, which aim to anticipate a fall milliseconds
before impact [17,18]. While technologically demanding, this research direction holds the
promise of transforming fall detection from an alert system into an active injury prevention
tool. The primary challenges in this domain are achieving the requisite low latency for
real-time intervention while managing the high computational and energy costs of the
underlying DL models on wearable devices [92].

Finally, the practical implementation of these systems at scale is a recurring theme. The
integration of IoT architectures is frequently proposed to create connected health ecosystems
that can monitor numerous individuals and seamlessly alert caregivers [3,8]. This necessitates
a focus on device-type invariance [111], energy efficiency [33], and the use of edge or fog
computing to process data locally, reducing latency and preserving privacy [25,112].

Furthermore, while multimodal fusion offers superior accuracy, it introduces practical
limitations often overlooked in performance-centric studies. These include the high cost of
instrumenting homes with ambient sensors, the technical difficulty of synchronizing time-
series data from heterogeneous sources, such as aligning video frames with accelerometer
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timestamps, and the increased energy consumption required for continuous data trans-
mission. To synthesize these implementation requirements, Figure 9 depicts a generalized
architecture for a modern, scalable fall detection system.

Table 3. Comparison of Reported Accuracy by Sensor Modality.

Sensor Modality Reported Accuracy
Range (%) Key Algorithms Representative Studies

Wearable
(IMU/Accelerometer) 90.3–99.9

ML (SVM, Random Forest),
DL (CNN, LSTM,

Transformers)
[6,22,99]

Vision-based (RGB/RGB-D) 79.6–99.98 DL (CNN, Transformers,
YOLO), ML (SVM) [79,113,114]

Ambient (Radar/RF) 90 (Recall)–99.77 DL (CNN, LSTM), Signal
Processing [52,53,55]

Ambient (Other) 93 (Accuracy)–99 ML (KNN, FSM), Pattern
Recognition [5,62,65]

Hybrid/Multi-modal 100 (in lab) DL (RNN, CNN),
Sensor Fusion [69,70,72]

Figure 9. A Generalized IoT-Enabled Fall Detection System Architecture. Synthesizing the implemen-
tation themes discussed in this review, this diagram illustrates the data flow from different sensor
modalities through the Edge/Fog layer for local processing, to the Cloud for advanced analysis, and
finally to the Application layer for alerting caregivers.

5. Conclusions and Future Directions
This systematic review has synthesized and analyzed 130 academic papers on fall

detection and prevention technologies for older adults. The findings demonstrate a field
characterized by noteworthy innovation in both sensor technology and computational
methods. The research landscape has matured from foundational wearable systems to an
ecosystem of ambient, vision-based, and hybrid solutions. Concurrently, the analytical core
of these systems has transitioned from simple threshold-based logic to advanced ML and
DL architectures, which now represent the state of the art. The literature reports high levels
of accuracy for these systems, often exceeding 95%, underscoring the technical feasibility
of automated fall detection.

The analysis reveals three primary conclusions. First, there is no single superior sensor
modality. Instead, a trade-off exists between the continuous, person-centric monitoring of
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wearables and the non-intrusive, privacy-preserving nature of ambient systems like radar
and LiDAR. The choice of technology is context-dependent, balancing user acceptance,
environmental constraints, and desired performance. Second, DL has become the dominant
computational paradigm, with hybrid models like CNN-LSTMs and Transformers showing
better performance in classifying complex human movements. Third, a promising evolution
is underway from reactive, post-fall detection to proactive fall risk assessment and pre-
impact prediction, signaling a shift toward preventative health technology. It should
be noted that while this review covers literature up to early 2025, the rapid pace of AI
development implies that recent preprints and emerging trials may already be addressing
some identified gaps.

Despite these advancements, several gaps and areas for future research have been
identified. The most pressing need is for the validation of FDS in real-world environ-
ments with the target elderly population. The near-universal reliance on simulated falls in
laboratory settings limits the generalizability of the extraordinary accuracy claims found
throughout the literature. Our analysis indicates that less than 2% of the reviewed studies
validated their systems using naturally occurring falls in the target demographic, leaving a
significant gap between laboratory success and real-world reliability. Future studies must
prioritize the collection and analysis of data from naturally occurring falls to develop better
and more reliable systems.

Second, further research is required to address the practical challenges of deployment.
This includes improving the energy efficiency of wearable devices to extend battery life,
reducing the computational footprint of DL models for viable edge computing, and en-
suring the seamless integration of these systems into existing healthcare and smart-home
infrastructures via scalable IoT frameworks.

Third, the issue of user acceptance and privacy must be thoroughly addressed. While
technologies like radar and thermal sensors offer privacy-preserving alternatives to cam-
eras, the long-term adoption of any monitoring system hinges on user comfort, trust, and
the perceived benefit. Co-design methodologies involving older adults, caregivers, and clin-
icians could lead to systems that are not only technologically sound but also user-centered.

Finally, the fusion of data from multiple sources presents another avenue for future
work. This includes not only the combination of different environmental and wearable
sensors but also the integration of clinical data from electronic health records. Such holistic
models could provide a comprehensive, personalized assessment of an individual’s fall
risk, enabling targeted interventions and moving the field closer to the ultimate goal of
fall prevention. In conclusion, while the technological components of fall detection are
well-established, the next phase of research must focus on real-world validation, prac-
tical implementation, and the integration of various data sources to create systems that
can be effectively and acceptably deployed to improve the safety and independence of
older adults.
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Appendix A

Table A1. Summary of Included Studies.

Ref. Technology
or Modality Algorithm Type Validation Setting Key Findings or

Reported Accuracy

[53] Ambient
(FMCW Radar)

CNN, Canonical
Correlation Analysis
(CCA)

Lab/Dataset
Radar micro-Doppler features
with CNNs achieve 99.77% test
accuracy.

[93]
Wearable
(Trunk
Accelerometer)

DL (CNN, LSTM,
ConvLSTM)

Real-world (Daily
Life)

DL, particularly with multi-task
learning, effectively assesses fall
risk (AUC = 0.75).

[14] Vision-based Transformer, CNN Public Datasets
PCNN–Transformer model
accurately recognizes human
actions and falls.

[45]
Vision-based
(Surveillance
Cameras)

ML (SVM, Decision
Tree, Random Forest,
KNN)

Lab/Dataset
Spatiotemporal method using
human skeleton key points
achieves 98.5% accuracy.
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Table A1. Cont.

Ref. Technology
or Modality Algorithm Type Validation Setting Key Findings or

Reported Accuracy

[49] Vision-based
(Review) DL (Review) N/A

(Review)
Review of DL-based vision
techniques for fall detection.

[115]
IoT, Wearable
(Accelerometer,
Gyroscope)

TriNet (LSTM,
optimized CNN,
RNN), Blockchain

Lab
(Simulation)

IoT-blockchain Trinet system
outperforms existing models in
accuracy and security.

[65]
Ambient
(Smart Flooring with
RFID)

ML (KNN, Random
Forest, XGBoost)

Lab
(Simulation)

IoT-enabled smart flooring with
KNN achieves 99% accuracy in fall
identification.

[58] Ambient (Radar)
Signal Processing
(Time-frequency
analysis)

Lab
(Real Fall Data)

Radar signal processing is
effective for elderly fall detection
in assisted living.

[51] Ambient
(CW Radar)

Signal Processing
(Short Time Fourier
Transform)

Lab (Motion Capture
Comparison)

Non-contact radar method using
effective acceleration effectively
detects falls.

[4] Wearable
(Accelerometer) ML (SVM) Real-world (Daily

Living)

SVM-based system detected 8 of
10 real-world falls with a low false
positive rate.

[27]

Wearable
(Accelerometer,
Gyroscope,
Magnetometer)

Data Fusion Lab
(Simulation)

Waist-worn inertial unit with data
fusion achieves excellent accuracy,
sensitivity, and specificity.

[92] Wearable
(Accelerometer)

DL (CNN, LSTM,
GRU variants) Lab/Dataset

CNN DENSE model provides best
pre-impact detection accuracy
(94.70%) with a lead time of 176.91
ms.

[116] Vision-based (RGB
videos) DL Lab/Public Dataset

Deep-learning approach for
automatic fall detection achieves a
mean recall of 0.916.

[23] Wearable
(Review) ML (Review) N/A (Review)

Review finds accelerometers
effective for fall detection but calls
for more research.

[81] Wearable
(Accelerometer) DL (CNN) Public Datasets

CNNs can effectively detect falls
but performance is dependent on
the training dataset.

[73]
IoT, Wearable
(Accelerometer,
Gyroscope)

Threshold-based
Algorithm

Lab
(Simulation)

Algorithm using accelerometer
and gyroscope data improves
accuracy and reduces false
positives.

[75] Wearable ML (QSVM, EBT) Public Datasets
QSVM and EBT algorithms
achieve up to 100% fall detection
accuracy.

[22] Wearable
(IMU, barometer) DL (DNN) Lab

(Simulation)

IMU–barometer design with DNN
outperforms traditional ML for
slow fall detection
(90.33% accuracy).

[97] Vision-based DL (Improved
YOLOv5s)

Public Dataset
(URFD)

Improved YOLOv5s algorithm
achieves 97.2% average accuracy
for fall detection.
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Table A1. Cont.

Ref. Technology
or Modality Algorithm Type Validation Setting Key Findings or

Reported Accuracy

[98] Wearable
(Review)

Data Processing
(Review) N/A (Review)

Review on wearable sensor-based
fall risk assessment for older
adults.

[24] Wearable (IMU)
DL
(Modified
DAG-CNN)

Lab
(Simulation)

Modified DAG-CNN algorithm
accurately predicts near-falls with
over 98% accuracy.

[40] Vision-based
(Camera) Image Processing Lab/Prototype

Fall detection system developed
using open-source hardware and
image tracking.

[61] Ambient
(Review)

Signal/Image
Processing
(Review)

N/A (Review)
Review on contactless fall
detection using Radar and RGB-D
sensors.

[63]
Ambient (Smart Tiles
with Force Sensors,
Accelerometers)

Sensor Fusion Real-world
(Living Lab)

Fusion of force sensors and
accelerometers under smart tiles
improves fall detection accuracy.

[117] Wearable
(BLE) CNN Public Dataset

BLE-based fall detection system
for nursing homes shows excellent
accuracy.

[113] Vision-based DL Public Datasets Dataset-independent DL model
detects falls with 79.6% accuracy.

[60] Ambient
(WiFi signals) RNN Lab/Smart Home

Env.

WiFi-based, device-free FDS uses
RNN to classify human motions
and detect falls.

[25] Wearable
(IMU)

Transformer,
Threshold-based
Algorithm

Lab/Dataset
Edge computing system with
Transformer architecture achieves
95.29% accuracy.

[70]
Hybrid
(RGB images,
accelerometers)

DL (CNN) Lab/Dataset
Multimodal CNN effectively
detects falls using combined
vision and wearable sensor data.

[85] Wearable
(Accelerometer) DL (LSTM) Lab/Dataset

LSTM model combined with data
augmentation effectively detects
elderly falls.

[21] Vision-based
(Review) DL (Review) N/A (Review)

Systematic review of DL for
vision-based HAR and fall
detection.

[118] Wireless Sensor
Network

Artificial Neural
Network (ANN) Lab/Controlled Env.

FDS improves fall detection (100%
LOS accuracy) and localization
accuracy.

[72]

Hybrid
(ToF camera,
accelerometer,
microphone)

Multi-sensor Fusion Lab/Dataset
Hardware–software framework
for reliable fall detection using a
multi-sensor approach.

[119]
IoT, Wearable
(Accelerometer,
Gyroscope)

Sensor Fusion Lab/Prototype
Wearable IoT device with
advanced sensors improves
precision of fall detection.

[84] Vision-based DL (Mixture of
Experts CNN3D)

Public Dataset
(UP-Fall)

MoE with CNN3D models
achieves 99.67% weighted average
F1 score.
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Table A1. Cont.

Ref. Technology
or Modality Algorithm Type Validation Setting Key Findings or

Reported Accuracy

[52] Ambient
(CW Doppler Radar) ML Lab/Prototype

Radar system detects falls
(90% recall) and monitors vital
signs (respiration, heartbeat).

[37] Vision-based
ML
(MEWMA-based
SVM)

Public Datasets
(URFD, FDD)

MEWMA-based SVM effectively
detects and classifies falls from
human silhouette shape.

[120] Smartphone
(Accelerometer) DL Public Dataset

(MobiAct)

Smartphone framework detects
falls from streaming data and
sends alerts.

[64] Ambient
(PIR sensors)

ML (Random Forest,
AdaBoost)

Lab
(Simulation)

Low-cost motion-based technique
using PIR sensors achieves
99% accuracy with Random Forest
and AdaBoost.

[106]
Wearable
(Accelerometers,
Insoles)

Neural Network,
Naïve Bayesian,
SVM

Clinical/
Prospective Study

Neural network with dual-task
gait data from multiple sensors
best predicts fall risk.

[13] Vision/Sensor-based
(Review) DL (Review) N/A (Review)

Review concludes 3D CNN and
LSTM with CNN perform best for
fall detection.

[18] Wearable DL (CNN-LSTM
Ensemble)

Public Datasets
(SisFall, KFall)

Pre-impact FDS detects a fall
within 0.5s of initiation with
99.24% sensitivity.

[38] Smartphone
(Accelerometer)

Deep Belief Network
(DBN)

Public Datasets
(TFall, MobiFall)

Smartphone-based framework
using DBN achieves 97.56%
sensitivity and 97.03% specificity.

[54] Ambient (mmWave
Radar)

Hybrid Variational
RNN Autoencoder
(HVRAE)

Lab/
Apartment Testbed

mmFall system using mmWave
radar and HVRAE achieves a 98%
detection rate.

[89]
Vision-based
(Surveillance
Cameras)

Transformer
Network

Dataset/
Synthetic

Transformer network with
synthetic data improves fall
detection, outperforming
LSTM networks.

[108]
Wearable
(Accelerometer,
Gyroscope)

DL (CNN, LSTM) Public Datasets
(SisFall, UMAFall)

Class ensemble framework
achieves better accuracy in
classifying non-fall, pre-fall,
and fall.

[50] Vision-based DL
(CGNS-YOLO)

Public Datasets
(Multicam, Le2i)

Lightweight CGNS-YOLO
approach improves fall detection
accuracy and reduces model size.

[99] Wearable
(Accelerometer)

ML (SVM, k-NN,
Random Forest,
ANN)

Public Dataset
(SisFall)

Optimal window size for fall
detection is 3 s, SVM and Random
Forest achieve >99% accuracy.

[96]
Wearable
(Shimmer
devices)

Compressive Sensing Lab
(Simulation)

System using compressive sensing
achieves up to 99.8% accuracy in
detecting falls and ADLs.

[121] Wearable Compressive Sensing Lab/Prototype
Proposes a hardware framework
for fall detection integrating
compressed sensing.
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Ref. Technology
or Modality Algorithm Type Validation Setting Key Findings or

Reported Accuracy

[28]
Wearable
(Wrist
Accelerometer)

Threshold-based, ML Public Datasets
(Simulated)

On-wrist accelerometer can
improve fall detection, with
rule-based systems
being promising.

[42] Vision-based (RGB-D
Cameras)

DL (Multi-stream
CNN) Public Datasets

Weighted multi-stream CNN
exploits RGB, depth, and motion
data for accurate detection.

[55] Ambient (mmWave
Radar) DL (LSTM) Lab

(Simulation)

Technique using 1D point clouds
and doppler velocity with LSTM
achieves 99.50% accuracy.

[122] Digital Tech
(Review) N/A N/A (Review)

Review on emerging digital
technologies for fall detection in
aged care.

[123] Technologies
(Review) N/A N/A (Review)

Scoping review finds current fall
detection technologies have low
Technology Readiness Levels.

[69]

Wearable
(IMU-L sensor),
Vision
(RGB Camera)

DL (RNN, CNN) Lab/Prototype
Double-check method using
IMU-L and RGB camera achieves
100% fall detection accuracy.

[79] Vision-based (Video
Surveillance) DL (CNN) Lab/Dataset

CNN applied to video frames
achieves 99.98% average accuracy
for fall detection.

[107] Clinical Assessment/
Questionnaire-based

Logistic Regression,
Nomogram

Database/
Longitudinal Study
(CHARLS)

Validated fall risk prediction
model for Chinese older
individuals based on
CHARLS database.

[33] Wearable DL (FD-DNN:
CNN-LSTM) Lab/Dataset

Energy-efficient sensor with
FD-DNN achieves 99.17% fall
detection accuracy.

[44] Vision-based
Neural Network
(Multilayer
Perceptron)

Public Dataset
(URFD)

Visual-based approach analyzing
motion and shape achieves 99.60%
detection rate.

[87] Wearable
(Accelerometer) RNN Public Dataset

(SisFall)

RNN models can be implemented
in low-power microcontrollers for
real-time fall detection.

[57] Ambient
(UWB Radar) DL (ConvLSTM) Lab/Testbed

UWB radar with ConvLSTM
achieves good sensitivity for
room-level fall detection.

[103]
Clinical
Assessments/
Interviews

Decision Tree Community
Cohort Study

Simplified decision-tree algorithm
outperforms logistic regression in
predicting falls.

[94] Device-based
Assessment N/A Real-world

(Residential Care)
Oldfry device effectively detects
frailty and fall risk in older adults.

[101] Smartphone
(Inertial Sensors)

DL (FCNN), Transfer
Learning Public Dataset

FCNNs with transfer learning
effectively classify fall risk
(AUC 93.3%).
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Ref. Technology
or Modality Algorithm Type Validation Setting Key Findings or

Reported Accuracy

[36] Multimodal Dataset N/A Public Dataset
Creation

Presents the UP-Fall Detection
Dataset, a multimodal resource for
comparing FDS.

[32] Vision-based (Home
Camera)

ML (Kalman filtering,
Optical Flow) Lab/Video Dataset

Low-cost vision-based detector for
smart homes achieves a detection
ratio >96%.

[95]
Clinical Assess-
ment/Electronic
Walkway Systems

ML
Real-world
(Senior Care
Facilities)

Geriatric assessments, GAITRite
data, and fall history predict
6-month fall risk (AUC 0.80).

[109] Wearable DL (Ensemble
CNN-RNN)

Public Dataset
(SisFall)

Ensemble deep neural network
effectively predicts and detects
falls (98% accuracy for Fall).

[26] Wearable
(IMU sensors) Kinematic Model Public Dataset

Mathematical model predicts falls
using human body kinematics
from three IMU sensors.

[20] AI-IoT (Review) AI, IoT (Review) N/A (Review)
Review concludes AI-IoT
technology provides the best
solution for real-time monitoring.

[8] IoT, Mobile ML (Boosted
Decision Trees)

Lab
(Simulation)

Scalable architecture for
monitoring older adults, using
Boosted Decision Trees for
classification.

[1] Literature Review N/A N/A (Review)
Review stressing the need for
low-cost, early fall detection
mechanisms.

[76] Wearable
(Accelerometer) ML Public Datasets

Proposes fall detection system
using cross-disciplinary time
series features.

[111] IoT, Wearable N/A Lab/Prototype
Device-type invariant FDS
achieves 99.7% accuracy,
96.3% sensitivity.

[124] Sensor-based
(Review) N/A N/A (Review)

Review of sensor-based systems,
noting single-sensor accuracy and
multi-sensor efficiency.

[48] Vision-based DL (CNN) Public Datasets
Vision-based method using CNNs
on optical flow images achieves
state-of-the-art results.

[15] Vision-based
(Videos) Transformer Lab/Video Dataset

Transformer-based model
effectively recognizes falls
in videos.

[104] Clinical Tests
(Review) N/A N/A (Review)

Systematic review finds clinical
tests alone (FRT, SLST, POMA)
have low accuracy for fall
prediction.

[88] Wearable DL (CNN-LSTM
with attention) Lab/Prototype

AI-based wearable device
effectively detects and prevents
falls in elderly.
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[125] Vision-based DL (Transfer
Learning) Lab/Dataset

Fall detection methodology using
deep neural networks achieves
98.15% test accuracy.

[31] Wearable
(IMU, Barometer)

Data Fusion
Algorithm

Lab
(Simulation)

Waist-mounted device using four
sensors reaches 100% sensitivity.

[67] Ambient
(LiDAR) FSM Lab/Prototype

Low-cost LIDAR system uses FSM
for privacy-preserving,
interpretable fall detection.

[9] FDS
(Review) N/A N/A (Review)

Systematic review on FDS,
emphasizing potential of new
technologies like DL and IoT.

[29]

Wearable (Wrist:
Accelerometer,
Gyroscope,
Magnetometer)

ML Lab
(Simulation)

Wrist-worn device with
movement decomposition and ML
achieves 99.0% accuracy.

[68] Data Fusion
(Review) N/A N/A (Review) Survey on data fusion approaches

for fall detection.

[19] FDS
(Review) N/A N/A (Review) Systematic review on fall detection

and prevention technologies.

[100] Wearable
(Review) N/A N/A (Review)

Survey identifies key gait
parameters from inertial sensors
for frailty and fall risk detection.

[16]
Wearable
(Thigh
Accelerometer)

ML (NLSVM) Lab/Public Dataset
(MobiFall)

Patient-specific system predicts
and detects falls with >97%
sensitivity and >99% specificity.

[59] Ambient (Radar) ML (NLSVM) Lab/Testbed
Radar-based method with
time-frequency analysis and CNN
achieves 98.37% precision.

[6] Wearable ML Public Dataset
Low-cost ML-based algorithm for
wearables achieves
>99.9% accuracy.

[46] Vision-based DL (TD-CNN-LSTM,
1D-CNN) Lab/Dataset

Pose estimation-based solution
achieves high accuracy (98% with
1D-CNN) for fall detection.

[90] Vision-based
DL (YOLOv8,
Time-Space
Transformers)

Public Datasets
Hybrid approach using YOLOv8
and Transformers achieves high
mAP on benchmark datasets.

[2] Wearable N/A Lab/Prototype
Wearable device communicates
with a cell phone to alert contacts
after a fall.

[112] Fog-based AAL DL Lab
(Simulation)

Fog-based DL system provides
timely and accurate fall detection
(98.75% accuracy).

[126] Ambient
(Force-Plate)

DL (One-One-One
DNN) Public Dataset

One-One-One DNN model
predicts fall-risk from force-plate
data with 99.9% accuracy.
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[77] Smartphone
(Accelerometer)

ML (Multiple Kernel
Learning SVM) Lab/Prototype

FallDroid system on smartphones
detects falls with better accuracy
(>97% at waist).

[41] Vision-based
(8-camera system) ML Lab/Prototype House-wide FDS using ML can

detect falls at 60 m and beyond.

[10] Sensor Tech
(Review) N/A N/A (Review)

Wide-ranging review of sensor
technologies for fall
detection systems.

[127] Vision-based DL (CABMNet) Lab/Dataset
Adaptive two-stage DL network
(CABMNet) optimizes spatial and
temporal analysis.

[43] Vision-based
(Microsoft Kinect)

ML (Ensemble of
Decision Trees)

Real-world (Home
deployment)

Two-stage fall detection system
using Kinect significantly
improves performance in
real homes.

[35] Dataset N/A Lab/Dataset
Creation (SisFall)

Presents the SisFall dataset of falls
and ADLs from wearable sensors.

[7] Wearable
(Accelerometer)

Non-linear
Classification,
Kalman filter

Public Dataset
(SisFall)/Lab

Fall detection methodology tested
on SisFall dataset achieves 99.4%
accuracy.

[105] Sensor Tech
(Review) N/A N/A (Review)

Review on novel sensing
technology for fall
risk assessment.

[78] FDS
(Review) DL (Review) N/A (Review) Comprehensive review on DL

based fall detection.

[110] Wearable
Fractal Dynamics,
Linear Discriminant
Analysis

Lab/Hardware
Validation

Wearable FDS using fractal
dynamics achieves 99.38% fall
detection accuracy.

[5]
Ambient
(Low-resolution
Thermal Sensors)

RNN (Bi-LSTM) Lab/Test Subjects
Bi-LSTM approach with thermal
sensors achieves 93% accuracy
while preserving privacy.

[82] Wearable DL (CNN) Lab/Hardware
Ultra-low-power wearable sensor
uses CNN and FPGA for fall
detection.

[114] Vision-based
DL (Modified
NASNet), Transfer
Learning

Lab/Dataset
Modified NASNet model with
LBP features and transfer learning
achieves 99% accuracy.

[12] FDS
(Review) ML (Review) N/A (Review)

Systematic review of latest
research trends in fall detection
using ML.

[80] IoT, Vision-based DL (ODCNN) Public Datasets
IoT-enabled model using an
optimal DCNN achieves >99%
accuracy on two datasets.

[66] Ambient
(LiDAR) N/A Lab/Prototype

LiDAR technology effectively
detects falls while maintaining
user privacy.
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[39] Vision-based ML (MLP, Random
Forest) Public Datasets

Dual-Channel Feature Integration
approach achieves >96% accuracy
on two datasets.

[11] Sensor Fusion
(Review) N/A N/A (Review) Literature survey on elderly fall

detection using sensor fusion.

[56] Ambient (mmWave
Radar) ML (LightGBM) Lab/Prototype

Fusion of radar imaging and
trajectory features predicts fall risk
with 93.36% accuracy.

[128] Literature Review N/A N/A (Review)
Review of fall detection
technologies, noting challenges
and trends.

[86] Smartphone
(Mobile Sensors) DL (GRU) Lab/Dataset GRU architecture outperforms

other models for fall detection.

[74] IoT, Big Data ML (Decision Trees) Lab/Prototype
IoT system with decision
trees-based Big Data model
effectively detects falls.

[3] IoT, Wearable
(Accelerometer) Ensemble ML Lab/Prototype

IoT E-Fall system achieves over
94% accuracy, precision,
sensitivity, and specificity.

[102] Electronic Health
Records (EHR) ML Database (EHR)

EHR-based fall risk predictive tool
accurately identifies elders at
higher risk of falls.

[34] Wearable DL (Denoising
LSTM-based CVAE) Lab/Dataset

Unsupervised CVAE model
detects falls and is suitable for
integration into wearable devices.

[30] Wearable (Wrist
Sensor) DL (ANN) Lab/Prototype

Artificial Neural Network-based
method accurately detects falls
from wrist sensors.

[17] Wearable
(Inertial Sensors)

DL (Hybrid
ConvLSTM) Public Dataset

Hybrid ConvLSTM model
accurately predicts pre-impact
falls in older people.

[91] FDS
Federated Learning,
Extreme Learning
Machine (Fed-ELM)

Lab
(Simulation)

Fed-ELM algorithm improves
accuracy for both young and
elderly individuals
(>96% accuracy).

[83] Wearable DL (TinyCNN) Lab/Prototype
TinyCNN with two-stage feature
extraction offers real-time
performance for fall detection.

[129] Vision-based
(Skeleton)

DL (TCN,
Transformer
Encoder)

Lab/Prototype
Real-time skeleton-based
algorithm (TCNTE) achieves high
accuracy for fall detection.

[130] Vision-based DL (YOLO, Pose
Estimation) Lab/Testbed

DL model detects and classifies
elderly abnormal behaviors
including falls.

[71] Hybrid
(Video, Audio)

Masked Mamba,
Cross-Attention Public Datasets

Fall-Mamba model fuses video
and audio data, achieving
99.63% accuracy.
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[47] Vision-based DL (OpenPose) Lab/Public Dataset DL algorithm based on bone key
points achieves 99.4% accuracy.

[62]
Ambient
(Floor Vibration,
Sound)

Pattern Recognition Lab
(Simulation)

System using floor vibrations and
sound detects falls with
97.5% sensitivity.
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