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Abstract

Falls represent a significant global public health issue, particularly among adults over the
age of 60. This comprehensive review aims to provide an in-depth examination of current
fall detection and prevention technologies. The study categorizes fall detection methods
into pre-fall prediction and post-fall detection, using both wearable and unobtrusive sen-
sors. Wearable technologies, such as accelerometers, gyroscopes, and electromyography
(EMG) sensors, are explored for their efficacy in real-time fall prediction and detection.
Unobtrusive methods, including camera-based systems, LiDAR, radar, ultrasonic sensors,
and depth sensors, are evaluated for their ability to monitor falls without intruding on
users’ daily activities. The integration of these technologies into healthcare settings is also
discussed, with an emphasis on the importance of immediate response to fall events. By an-
alyzing the operational principles, technological advancements, and practical applications
of these systems, promising directions for future research and innovation in fall detection
and prevention are identified. The findings highlight the need for multifaceted approaches
combining various sensor technologies to enhance fall detection accuracy and response
times, ultimately improving patient safety and quality of life.

Keywords: fall detection; wearable fall detectors; unobtrusive fall detectors

1. Introduction
Falls represent an important global public health issue and are considered the second

leading cause of fatal unintentional injuries worldwide. Every year, it is estimated that
684,000 people lose their lives due to falls, with more than 80% of these deaths occurring
in low- and middle-income countries [1,2]. Among the affected population, adults over
the age of 60 suffer the highest number of fatal falls. Furthermore, falls among older
people are a pressing issue, and the statistics are alarming. The World Health Organization
reports that about 28–35% of people aged 65 and over experience a fall every year, with
this percentage rising to 32–42% for people over 70 [1]. In addition, without immediate
preventive measures, the number of injuries resulting from falls is expected to double by
2030. These falls not only cause physical injuries but also trigger a cycle of fear of falling,
leading to reduced physical activity, social isolation and a decreased quality of life [1–3].

Brief Pathophysiology of Fall

With aging, declines in muscle strength, proprioception, vision, and vestibular function
impair the ability to generate corrective torques, increasing susceptibility to center-of-mass
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displacement beyond the base of support [4]. Cognitive impairments—most notably di-
minished processing speed and executive function—adversely affect the timely integration
of multisensory information and motor planning, resulting in an increased risk of balance
instability [5]. Gait abnormalities such as decreased speed, increased stride-time variability,
and reduced swing-phase control also signal an unstable locomotor pattern that predis-
poses to trips and slips [6]. Chronic medical conditions (e.g., Parkinson’s disease, peripheral
neuropathy, osteoarthritis) and polypharmacy (especially sedatives and antihypertensives)
exacerbate these physiological deficits by altering neuromuscular coordination and causing
orthostatic hypotension, which together heighten fall risk [5]. Environmental factors—poor
lighting, cluttered walkways, and uneven flooring—act as external triggers that interact
with the individual’s compromised balance system, converting a near-miss into a com-
pleted fall [4,5]. These multifactorial mechanisms underline the need for fall detection and
prevention technologies that capture not only gross body motion, but also subtle changes
in gait, posture, and response latency, motivating the development of both wearable and
unobtrusive sensing approaches.

Preventing falls is of the highest importance and should involve a multifaceted ap-
proach that includes education, training, creating safer environments, prioritizing research
on falls, and establishing effective policies to reduce the risk. Falls are defined as events
that occur when an individual inadvertently comes to rest on the ground, floor, or below.
Although many fall-related injuries are not fatal, they can still have significant conse-
quences [1–3,7–11]. Overall, falls are a major public health concern worldwide, with
significant fatalities and non-lethal injuries. The burden of falls is particularly high in older
adults and in low and middle-income countries [1–11]. This review aims to highlight the
current state of fall research, to investigate prevention strategies and progress in the detec-
tion and prevention of falls. The review is divided as follows: First, the article provides an
in-depth study of wearable sensors, and the second section describes unobtrusive sensors.
Figure 1 shows the classification of fall detection methods, which are divided into fall
prediction and post-fall detection.

Fall prediction is possible through EMG (electromyography) or IMUs (Inertial Mea-
surement Units). Post-fall detection is further divided into two groups: wearable and
unobtrusive devices. Following this extensive sensor analysis, the article moves into a
discussion. Fall risk factors are usually divided into two groups, namely external and
internal risk factors. External risk factors are those influenced by the environment. Internal
risk factors are determined by patient medical history (poor vision, confusion, inability
to maintain balance, etc.) [12,13]. The fall risk assessment provides an objective format
for structured assessments that can be used to identify potential falls. Comprehensive fall
prediction tools can help nurses identify potential threats and reduce their risk. Fall risk
assessment tools are instruments used by the healthcare providers to record and evaluate
risk factors. The determination of a fall prediction is an important factor in prevention.
Regardless of which treatment is chosen, care should be taken to ensure that the treatment
selected for the assessment of the risk of falling is sensitive and specific to the patient. Fall
prevention strategies often start after the fall, not before. This is the main reason why some
fall procedures cannot consistently reduce the overall incidence of fall related injuries over
time [14]. Falls can be evaluated according to scales. Only six scales are mentioned in this
paper, four for adult/elderly patients and two scales for assessing children. The Little
Schmid or Humpty Dumpty scale is used to evaluate fall risk in pediatric patients [14–19]:

• Hendrich II fall risk model
• Morse fall scale
• St. Thomas fall risk assessment
• Schmid fall risk assessment

https://doi.org/10.3390/s26041192

https://doi.org/10.3390/s26041192


Sensors 2026, 26, 1192 3 of 24

• Little Schmid fall risk assessment
• Humpty Dumpty

Individual rating scales indicate the number of points for a given issue, such as confusion,
a history of falling, or frequent trips to the toilet, among others. Each scale has different
but similar factors and different scores. These scores ultimately aim to assist healthcare
professionals in assessing the risk of falling. Fall detection methods are essential for ensuring
the safety and well-being of individuals, particularly the elderly and those with mobility
impairments. As falls can lead to serious injuries, such as fractures and head trauma, the
development of reliable fall detection systems has become a critical area of research. These
systems utilize various technologies and methodologies to promptly identify falls and alert
caregivers or emergency services, thereby reducing response times and potentially mitigating
the consequences of such incidents [10,20,21]. In this review, we explore the various methods
used for fall detection, examining the underlying technologies, methodologies, and practical
applications of each. By jointly analyzing wearable and non-wearable systems across signal
characteristics, commonly employed learning methods, and reported performance limitations,
the review highlights recurring patterns that emerge across different technological classes. The
purpose of this article is to provide a detailed overview of existing fall detection and prevention
technologies, highlighting their unique features and potential for future development. In this
way, we aim to offer valuable insights into the current state of fall detection research and
identify promising directions for future innovation.

 

Figure 1. Distribution of the fall detection system. Abbreviations: EMG, electromyography; IMU,
inertial measurement unit; ECG, electrocardiography; FMCW, frequency-modulated continuous
wave; UWB, Ultrawide band; PIR, passive infrared.
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We searched IEEE Xplore, Scopus, Web of Science, and PubMed for English-language
articles published between 2016 and 2025. In addition to database searching, we performed
backward citation searching by screening the reference lists of relevant articles to identify
further eligible studies. After exporting records from all sources, duplicates were removed.
The remaining records were screened and full texts were assessed for eligibility, with
reasons documented for exclusions at the full-text stage. The study selection process is
summarized using a Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) flow diagram shown in Figure 2.

Figure 2. PRISMA diagram of selection process for review.

2. Pre-Fall Prediction
The aim of this chapter is to explore the concept of pre-fall detection. Fall detection

before the occurrence of an actual fall is a critical aspect in healthcare settings. By identi-
fying the potential risk of a falling before it happens, healthcare workers can proactively
implement preventive measures and provide closer monitoring to ensure patient safety. In
recent years, significant advances in the development of pre-fall detectors have been made,
offering promising solutions for early fall detection and prevention [22].

Detection via Biosignal and IMUs

A way to detect a fall before it occurs is to use a biological signal, namely an EMG
signal. Often, electrodes are connected to leg muscles, allowing healthcare workers to assess
patients’ walking patterns and therefore monitor the probability of a fall [23,24]. The EMG
signal monitoring system employs a threshold-based approach that enables the detection of
imbalance conditions approximately 200 ms after a disturbance stimulus under simulated
and controlled fall conditions [23–25]. Inertial measurement units can be used together
with machine learning to create and track model walking patterns over time. By tracking
walking patterns and their characteristic, typical walks, abnormal walks and falls can be
defined [26,27]. Disposable adhesive electrodes are not always easy to place, particularly
for users without training or experience; therefore, alternative wearable solutions such
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as smart socks can be used. Like disposable electrodes, socks sense muscle activity from
the feet and assess changes in walking [28]. Fall detection can also be performed using
wearable wristbands with gyroscopes, accelerometers and EMG sensors [29–31].

3. Post Fall Detection, Wearable
This chapter explores the various technologies used in post-fall detection systems,

revealing their operational principles and technological advances. Understanding the
capabilities and limitations of these detectors enables healthcare professionals to make
informed decisions to improve fall response and improve the overall safety of patients
in healthcare environments. The rapid response to a fall is the most important factor
in ensuring the safety and well-being of individuals, and the post-fall detector plays a
crucial role in facilitating rapid response and assistance [2–31]. These detectors use several
technologies to detect falls and trigger alert systems. One of these approaches is to use
classical biological signals such as electrocardiography (ECG) to capture physiological
changes associated with fall events.

3.1. Detection by Biosignal

By identifying the potential risks of falling before it occurs, health workers can proac-
tively implement preventive measures and provide closer monitoring to ensure the safety
of patients. One approach that has gained attention in the field of pre-fall detection is the
use of classical biological signals such as electrocardiography (ECG). In a notable study
by F.S. Butt et al. [32], a wearable tape with an ECG sensor connected to an Arduino was
employed for fall detection. By creating a neural network to evaluate the ECG data, sig-
nificant changes in signal amplitude have been observed, which could be attributed to
both fall noise and an increase in heart activity [32]. In a study by R. Castalo et al. [33] an
accelerometer was used in combination with an ECG device. They used an accelerometer
to cut off ECG signals when changes occur, changes such as lying or standing up. This
enabled the trained model to achieve high accuracy [33,34].

3.2. Wearables

Accelerometer-based sensors use wearable devices for detection. Three-axis accelerom-
eters, three-axis gyroscopes and three-axis magnetometers are used to detect falls where
the device is worn on the patient’s waist [35] or ankle [36,37]. The accelerometer records
acceleration data at rate of 50 Hz. Data collection is carried out in real time and information
is processed by the microcontroller. The accelerometer-based data can be transmitted via
Bluetooth Low Energy (BLE) to a computer monitoring application. This allows data visual-
ization and storage in real time. To label the collected data, synchronized video recordings
can be used. A webcam captures the user’s activities while collecting accelerometer data.
Each segment is labeled using the corresponding video recording and classified by a neural
network as background, normal movement, fall or risk [2,10,36,38]. The accelerometer-
based fall detection system can predict an impending fall at least 70 ms in advance and
provides kinematic measurements related to body motion and orientation [39,40]. This
sensor is strategically located near the center of gravity to improve the accuracy of fall detec-
tion. The algorithm used for fall detection relies on a threshold-based approach. The main
variable taken into account in this approach is the vertical velocity of the inertial frame. By
monitoring this variable and applying a threshold, the system aims to distinguish between
non-fall activities and fall events [38,41,42]. Another approach is to use a near-fall detection
system using Hidden Markov Models with data from multiple Inertial Measurement Units
(IMUs) placed on the user’s body, including the torso and thighs. Therefore, it should be
possible to detect near-fall events before they cause injuries [39,40,43,44].
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Wearable devices that detect falls are most often attached to the waist with a device.
With the help of three-axis accelerometers, three-axis gyroscopes, three-axis magnetometers,
and barometer sensors integrated into the device, a very accurate estimate of the position
and height of the patient can be obtained, and a fall is decided using a preset threshold [45].
Wearable devices enable low power consumption and efficient timing signal analysis
and also continuous monitoring, reducing device size and increasing battery life. As a
disadvantage, these devices must be charged regularly and worn by the patient. Deep
learning models based on recurrent neural networks can be used to detect falls in real time
with accelerometer-based signals. The principle of deep learning for fall detection involves
using multiple layers of neurons to process raw input data [2,3,8,46].

3.3. Smartphone

Fall detection with sensor technology in mobile phones offers well-tested and widely
available communication services. The data recorded by accelerometers and gyroscope
sensors automatically evaluate the fall when a threshold is set to a specific threshold
according to predefined parameters or with the help of machine learning. Several fall
detection systems using phones already exist, each using a different mobile phone with
different integrated sensors [2,26,47,48]. A three-axis wearable accelerometer was used as a
reference [49].

4. Post Fall Detection, Unobtrusive
In recent years, the field of post-fall detection has made significant progress thanks

to the advent of non-obtrusive sensor technologies. The chapter explores the fascinating
field of unobtrusive sensors post-fall detection, which plays a key role in ensuring the
safety and well-being of individuals, especially in health and elderly care settings. These
sensors are available in a variety of forms, each with unique capabilities to detect falls
events and potentially life-threatening situations. Among the various sensor technologies,
camera-based detection systems analyze visual data using computer vision techniques
and identify falling patterns. In addition, LiDAR, radar, depth sensors, and ultrasound
technology can detect environmental changes and human presence changes that indicate
falling. Wireless signals, including Wi-Fi and smartphone connections, are used to identify
falls by reviewing interference or signal strength fluctuations. In addition, passive infrared
(PIR) sensors, temperature sensors and vibration detectors provide valuable insights into
sudden movements or abnormal patterns that may indicate falls.

4.1. Camera Based

For the fall detection based on cameras, there may be an issue with sensitive data.
Camera-based fall detection can isolate the person from the background using the deep
learning model and follow them. Through the adaptation of the neural network, it changes
dynamically to match the current visual characteristics of the environment. As a result,
object classification and tracking accuracy is guaranteed. The video is processed to isolate
human figures from the background, and key features of their movements are extracted
using techniques like Convolutional Neural Networks (CNNs) [50,51]. These features are
then analyzed over time with Recurrent Neural Networks (RNNs) or Long Short-Term
Memory (LSTM) networks to detect abnormal movements indicative of a fall. In order
to increase classification efficiency, semi-supervised learning strategies are used [51–55].
Another approach involves the use of the wireless sensor network (WSN) combined with
the k-nearest neighbor algorithm. In this case, falls are detected by identifying characteristic
fall pattern within the data stream [38,51,56].
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4.2. LiDAR

LiDAR is a sensing technology that uses laser light to measure distance and create
high-resolution maps or 3D models of objects, as well as to accurately monitor and detect
falls in fall detection systems. When these laser pulses meet objects in their field of view,
including a person, they bounce back towards the sensor. The sensor consists of components
such as photo-current generation photodiodes on the chip, a transimpedance amplifier
for converting photo-current to voltage, a post amplifier and a digital time converter for
estimating the target distance [57]. This data helps to determine the distance between
the sensor and the object from which the signal is reflected, such as the person. To detect
a fall, the algorithm considers various parameters, including the existence of a person
and their movement patterns. When the algorithm determines a significant change in the
person’s presence or detects an abnormal pattern of movement (a signal of falling), an
alarm or alert is triggered. This makes it suitable for falling detection by analyzing changes
in the presence of a person and movement patterns [58,59] like walking, sitting, standing,
falling [60]. The LiDAR system includes a neural processing unit for motion detection
and decision-making [57]. The system’s ability to operate in areas such as bathrooms is
an important feature because it is not based on cameras, protecting privacy while still
providing essential monitoring and safety benefits [58].

4.3. Radar

Radar technology provides fall detection that ensures privacy. The radar system emits
radio waves (microwaves or radio frequency signals) and measures the time these waves
take to bounce back after hitting an object [1,61,62]. The millimeter-wave-based sensors
operate in the frequency range of 60–64 GHz and provide cloud data points that are usually
analyzed with various machine learning and deep learning algorithms [8,26–63]. The
wavelength of radar electromagnetic waves in this frequency range is about 5 mm [8,26–63].
The radar system emits continuous signals or pulses. Radars can detect not only stationary
objects but also moving ones. When a person is in the radar field and starts moving
or falling, their body reflects the radar wave. The radar system continuously measures
the change in the round-trip time of the wave reflected from the moving person. These
data are then processed using advanced algorithms to analyze the motion patterns. By
distinguishing between normal activities and the rapid changes in movement associated
with falls, the system can accurately detect when a fall occurs [61,63,64].

4.3.1. Doppler Radar

The Doppler radar is used to detect falls by monitoring changes in the Doppler frequen-
cies of radar signals that are reflected from the body of a person. Doppler radar systems
emit continuous or pulse radio waves in the surrounding environment at 5.8 GHz [64,65].
These radar waves move at the speed of light. As a person moves, their body moves,
and the frequency of the radar waves reflects these changes. This frequency change is
called the Doppler effect. When a person is stationary, the reflected radar waves have a
constant frequency. However, when people move, the frequency of the reflected waves
changes [1,65–67]. The radar signature obtained from the reflection wave is calculated in
a spectrogram, then the energy burst curve is calculated on the basis of the spectrogram.
This curve summarizes the energy levels in a specific frequency range of interest for fall
detection. Falls are considered to be events in which several parts of the body move at
relatively high speeds and result in higher energy levels at various frequencies [67,68].

Radar systems use time-frequency analysis techniques to study the Doppler frequen-
cies of the reflected signals over time. This analysis helps identify patterns and movements.
In order for fall detection to be effective, the radar system must establish a baseline for
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the normal movement patterns of the person. This baseline helps the system distinguish
between regular activities (e.g., walking or sitting) and fall events. The detection algorithm,
often implemented using machine learning and deep learning techniques [55,64,65], or
wavelet transform [65]. The fall detection algorithm is usually designed to trigger alerts
when certain thresholds or predefined criteria are met. These criteria are based on the
rate and magnitude of Doppler frequency changes that indicate a sudden and abnormal
movement change consistent with a fall [67–69]. When the algorithm detects a fall-like
pattern or meets the predefined criteria, it triggers an alert or notification [66].

4.3.2. Frequency-Modulated Continuous Wave (FMCW)

FMCW radar transmits a frequency-modulated signal, by comparing the frequency of
the transmitted signal with the frequency of the received signal, the radar can determine
the time delay, and hence the range, to the target. FMCW makes it possible to distinguish
fall detection from movements in everyday life. In a study by Ding Ch. A et al. [70] who
propose a Dynamic Range-Doppler Trajectory method, they use the FMCW radar system
to extract multi-domain features extracted from the reflected signals. The features are then
used for K-nearest neighbor (KNN) machine learning. The radar in this case operates at
a frequency of around 5.8 GHz. The generated signal is divided into two parts using a
power divider, where one part is used as a reference signal while the other is transmitted
through the antenna. The signal reflected from the object is then received by the receiving
antenna [70,71].

In study by Yao Y. et al. [72], the radar signal undergoes Fast Fourier Transform (FFT) to
extract range and velocity information, with static object removal to isolate moving targets.
The system features a 3-D convolutional autoencoder (ResNet-based) to extract motion features
and a Deep Neural Network (DNN) predictor to learn non-fall action patterns [72,73]. In
study by Liang T. et al. [74] a system consisting of three main components were used: point
cloud enhancement (PCE) for improving point cloud quality, a feature extractor for extracting
human pose parameters, and a classifier for distinguishing between normal and fall events.
The PCE model transforms low-quality point clouds into high-quality ones by reconstructing
their shapes using a novel 3D point-box hybrid regression loss function [74]. Expanding on
potential applications of FMCW radar for fall detection, the system can utilize a 2D Fourier
Transform to generate range-velocity maps, enabling the capture of intricate motion patterns.
It also introduces innovative features like centroid range and range width to effectively
distinguish falls from other motions [75].

4.3.3. Continuous Wave

Monostatic Continuous Wave (CW) radar systems analyze the reflection of continu-
ously transmitted electromagnetic waves that return from objects such as humans. When
these encounter a human body, they scatter and reflect back to the radar receiver, and
the characteristics of the returned signal depend on the motion and physical properties
of the person. CW radar inherently measures the Doppler shift caused by the relative
motion between the radar and a target, which allows velocity information to be inferred
from the frequency shift of the returned signal [68,76,77]. In order to detect falls and
other human activities, radar returns are analyzed in the time-frequency domain (TF). This
analysis involves techniques such as short-time Fourier transformation (STFT) to break
down non-stationary Doppler and microDoppler signals generated by human movements.
The STFT provides a spectrogram showing how the signal power changes over time and
frequency [76–78]. Specific features, such as fall, can be extracted from the spectrogram.
A classification algorithm, often a support vector machine (SVM), is applied to classify
the human activity based on the extracted features. For fall detection, the classifier dis-
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tinguishes between fall events and other activities like sitting, bending, straightening, or
walking [76,77,79].

4.3.4. Ultrawide Band (UWB)

In the study by Diraco G. et al. [61], fall detection is performed by a combination of
micro-Doppler features extracted from radar signals and event detection methodology.
First, the radar-derived signal is filtered and modified to ensure further processing. This
involves the use of filters to remove noise and normalize the data. Micro-Doppler features
are then extracted from the preprocessed signal. These features originate from the micro-
motions of various human body parts occurring during dynamic actions, such as falling. To
extract the micro-Doppler features, Doppler shift spectroscopy is employed to characterize
the signal’s power distribution as a function of velocity and range. This method is based
on the principle of comparison between micro-Doppler features acquired during activities
of daily living (ADL) and those acquired during fall. The fall is then detected as an “event”
or deviation from the usual activities. For a more accurate detection, simple K-means
classifiers are used to vote on whether an event matches normal activities [61,80,81].

4.4. Ultrasonic Sensor

Ultrasonic sensors operate on the basis of the flight time principle, which emits a pulse
signal to an object and then measures the time it takes for the reflected signal to return.
This time measurement is used to calculate the distance to the object. The distance (d) is
calculated using the formula d = c_air × t/2, where c_air is the speed of sound in air, and t
is the measured time. Ultrasonic sensors generally use an approximate frequency of 40 kHz
and an 8-pulse signal waveform. The maximum distance that these sensors can measure is
about 254 inches. The width of the return sound beam is used to determine the position
of the person when compared to the default scenario (empty room). A rapid transition
from standing position to sitting position is classified as a fall. To enhance accuracy, the
system continuously monitors the changes in the distance measurements and the speed
at which these changes occur. When a sudden and significant drop in height is detected,
along with a corresponding shift in the return sound beam’s width, the sensor interprets
this as a fall [1–82].

4.5. Wi-Fi Detection

The introduction of fall detection by Wi-Fi technology represents a groundbreaking
advancement in elderly care, enabling real-time monitoring and rapid response to potential
accidents, ultimately enhancing the safety and well-being of seniors living independently.
The wearable fall detection device is based on the acquisition of Wi-Fi Channel State
Information (CSI) [83]. The fall detection solution is based on time-frequency analysis,
which is also used in radar fall detection. STFT (conventional short-time Fourier transform)
is used to extract time-frequency features along with a sequential forward feature selection
algorithm to select features robust to environmental changes [84,85]. In the paper by Y.
Wang et al., a correlation between different radio signals and radio propagation model
analysis was investigated. Based on the observations, the WiFall was proposed. It is a fall
detection system that utilizes a CSI -based activity indicator [83]. WiFall can detect falls
without requiring any hardware modifications or the use of wearable devices. The system
was implemented on a desktop computer and demonstrated high accuracy in detecting
the fall of a single individual [83–86]. Technology system with deep neural architectures
enables continuous, unobtrusive monitoring for seniors living independently, providing
rapid alerts that can dramatically improve emergency response and overall well-being [85].
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4.6. Depth Sensor

Depth sensors emit infrared patterns and compute a per-pixel distance map at ≈30 fps,
producing synchronized RGB-depth (RGB-D) frames. This 3-D information enables robust
pose estimation even in low-light or completely dark environments because the infrared signal
is independent of visible illumination [87,88]. Fall detection uses a fuzzy inference system,
whereas the disadvantage of this system is that tracking is possible only in limited areas. To
complement areas that are not recognized by the camera, wearable motion detection devices such
as accelerometers and gyroscopes can be added [88,89]. The Kinect is a depth-sensing camera
originally designed for gaming that has become a popular low-cost platform for monitoring
human motion in healthcare applications. It emits an infrared (IR) pattern (structured-light
projector in Kinect v1, time-of-flight sensor in Kinect v2) and records the reflected pattern with
an IR camera. By triangulating the deformation of the pattern (or measuring the round-trip
time of IR pulses) [88]. From the depth map, the built-in software development kit extracts
a 3-D skeletal model (≈25 joints) using machine-learning–based body-part classification. Fall
detection algorithms then monitor joint trajectories, velocities, and postural angles (e.g., rapid
increase in torso-to-ground distance followed by a sudden vertical drop) [90]. When a potential
fall is detected, typically indicated by unusual acceleration, the system processes the depth data
to confirm the event. Algorithms analyze features such as body orientation and velocity to
distinguish falls from other activities [86,88,89,91].

4.7. InfraRed Camera Based

Infrared cameras can be used as fall detectors (thermal/infrared cameras). The sensor
outputs were converted to images and supervised deep learning was applied to the images.
The deep learning network included convolutional neural networks for automatically
extracting features from infrared images [92,93]. In an article by J. Nogas et al. [94] the
DeepFall system was proposed to test publicly available sensing modalities, namely ther-
mal cameras and depth cameras. The system uses deep spatial-temporal convolutional
autoencoders to determine spatial and temporal characteristics of common activities to
detect falls. A depth-autoencoder that ignores 2D image structures is also used to find
features of everyday life activities [94].

4.8. Acoustic

Using three antenna microphones and a floor acoustic sensor, acoustic information
can be monitored in the room. The data obtained from the microphone and floor sensor are
used to infer whether a fall occurred. The acoustic characteristics (energy, spectral centroid,
spectral flow, transmission rate, and frequency cepstral coefficients) are extracted from the
acoustic signal [95,96]. The data can be processed by support vector machines (SVM) or
deep learning neural network with a reduced feature set obtained by principal component
analysis (PCA) from the acoustic features. These characteristics help in identifying and
distinguishing fall events from other sounds in the environment [95,96].

4.9. Vibration

In general, vibration-based fall detection systems can be implemented using the
floor. Vibrations from footsteps and falls are analyzed. It is possible to work in real time,
allowing the system to detect a fall immediately and identify a person based on one or
two footsteps. A method of collaborative network location is used, in which sensors work
together to recognize a person if they move or if a fall has occurred. The state of walking
can be estimated by means of sound source estimation methods with multiple microphone
sensors. When a fall occurs, it generates distinct vibration patterns or sudden spikes in the
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sensor data. The system processes these vibrations to identify characteristic fall signatures,
distinguishing them from normal activity or other disturbances [97–100].

4.10. PIR Sensors

Passive infrared (PIR) sensors offer the great advantage of being placed in bathrooms
where falls are very common. The sensor is then connected to a device to send information
to the family or medical staff about the patient’s condition [101]. PIR sensors are passive
devices that can detect the presence of objects (including humans) based on the heat
(infrared radiation) they emit [102,103]. They are composed of two pyroelectric sensors
placed side by side. When objects, such as humans, move in the sensor field of view,
the temperature difference between objects and their surroundings causes the sensor to
recognize these changes in infrared radiation. The fall processing and evaluation algorithm
extracts statistical characteristics such as average, area temperature and duration, as well
as fall symptoms. A neural network is used to distinguish between a fall and a normal
non-fall event [103–105]. Each sensor is characterized by a specific field of view and a
corresponding detection area. In the context of the detection of falls, these sensors are
usually mounted on walls near the patient’s bed and are used to cover the area where a fall
can occur. When fall occurs or the patient makes a sudden and significant movement, its
body temperature change triggers the PIR sensor [101]. This change in infrared radiation
is detected by the PIR sensor as a high-intensity signal. To distinguish falls from regular
movements, the system analyzes the signal properties. Falls generally involve sudden and
fast movements, which leads to a distinctive pattern in the output signal of the PIR sensor.
The system compares the signal intensity, speed and other characteristics with predefined
thresholds and patterns to identify fall events [101].

4.11. Angle Pose System

With the help of OpenPose, it is possible to obtain information about the skeleton of
the human body and to identify the fall using three parameters. The rate of descent at the
center of the hip joint, the angles of the axis of the human body with the ground and the
height of the human body, indicate whether or not a fall is occurring [106,107].

5. Discussion
Taken together, current evidence indicates that the main bottleneck in fall monitor-

ing is no longer the availability of sensing modalities, but the practical balance between
sensitivity, robustness, and deployability in real care environments. Pre-fall detection is
conceptually attractive because it targets prevention rather than reaction; nonetheless, its
reliability depends on capturing subtle, person-specific deviations in gait and neuromus-
cular control. In this context, combining EMG with IMUs is frequently presented as a
stronger strategy than either modality alone, yet the clinical value is tempered by opera-
tional burdens such as electrode placement, recurring maintenance, and cost, which can
reduce long-term adherence outside controlled studies. Post-fall detection via wearables
and smartphones remains comparatively mature and scalable, but performance reported in
laboratory datasets may not translate directly to routine practice when battery constraints,
inconsistent wearing behavior, and heterogeneous movement patterns are considered.
Unobtrusive sensing addresses compliance and enables continuous observation, but shifts
the challenges to privacy, coverage, and environmental variability; camera-based pipelines
can achieve high precision with modern pose-estimation models, yet their acceptability and
reliability in low-light settings remain critical limitations. Privacy-preserving alternatives
(e.g., radar, LiDAR, Wi-Fi, acoustic, vibration, PIR, and depth sensing) broaden deploy-
ment options, but often require careful calibration and context-aware modeling to manage
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interference and reduce false alarms, suggesting that successful implementations will likely
rely on adaptive fusion and clinically meaningful validation rather than single-modality
benchmarks. Table 1 provides a brief comparison of the discussed methods, and Table 2
summarizes their limitations.

Table 1. Brief comparison of methods.

Methods Pros Limitations References

Pre-fall detection

Creating models of typical
walking patterns and
identifying deviations

indicative of a potential fall

Require careful calibration,
Sensor placement strongly

influence outcome
[108–110]

Post-Fall Detection
(Wearable)

Real-time monitoring and
fall detection

Battery life and patient
compliance

Sensor placement-affect
precision

[111,112]

Post-Fall Detection
(Unobtrusive)

Privacy-preserving
monitoring

Limited range
Dependence on fixed sensor

placement
[60,75,76,88,113,114]

Struggle to distinguish
between lying due fall and

sleep/rest/exercise

False alarms—careful
calibration and optimization
Multiple occupants in room

5.1. Algorithmic Trajectory Beyond Sensors

Across sensing modalities, the reviewed fall-detection literature follows a converging
algorithmic trajectory that is not captured by sensor-based taxonomies alone. Early and
resource-efficient systems typically rely on thresholding and rule-based triggers (e.g., in-
ertial sensing or ultrasound height-change heuristics), which are attractive for real-time
operation but are strongly sensitive to calibration, device placement, and user compliance.
A second wave replaces fixed rules with classical machine-learning pipelines: domain
experts design time- or frequency-domain descriptors (including time–frequency represen-
tations such as spectrograms), followed by conventional classifiers such as k-NN or SVM.
Notably, this pattern appears across domains—radar and Wi-Fi both exploit time–frequency
analysis, while several radar studies further combine engineered multi-domain features
with k-NN or event-detection strategies. More recent work increasingly shifts toward
representation learning, where models learn discriminative motion or pose representations
directly from raw or minimally processed inputs. Examples include temporal deep net-
works for accelerometer streams, CNN/RNN hybrids for video-based analysis, and radar
pipelines that learn motion features via autoencoders or improve sensing fidelity through
point-cloud enhancement before classification. In vision-based approaches, algorithmic
progress is also driven by stronger structural priors: skeleton-cue encodings, limb-direction
modeling, and transformer formulations that capture global bone–point relations, illus-
trating how core concepts evolve from appearance-based cues to explicit geometry and
relational reasoning.

Advanced deep learning architectures such as Transformers, foundation models, and
large language model (LLM)-inspired networks are indeed emerging for time-series and
spatio-temporal data analysis, including fall detection. These models leverage self-attention
to capture complex sequential patterns and long-range temporal dependencies, which can
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improve recognition of falls and activities [115,116]. For example, transformer-based
approaches in wearable-sensor fall detection have outperformed traditional CNN/LSTM
models, achieving higher accuracy and reducing false alarms by better modeling subtle
motion differences [116,117]. The potential benefits—improved sequence modeling, multi-
sensor integration, and rapid adaptation to new conditions—suggest that Transformers and
other foundation model approaches could significantly advance fall detection capabilities
as this research area evolves.

5.2. Human Activity Recognition

Human activity recognition (HAR) is the computational task of automatically iden-
tifying human actions from raw sensor data, enabling machines to understand and react
to everyday moments [118]. HAR draws on a wide variety of modalities, including RGB
video, depth or infrared imaging, skeletal data, and, most prominently, inertial measure-
ment units (IMUs) that capture acceleration, angular velocity, and magnetic fields [119,120].
Wearable IMUs placed on the waist, wrist, or neck provide continuous kinematic streams
that, when processed with threshold-based, support-vector-machine, or deep-learning
classifiers, can alert caregivers in real time [111–121]. In traditional HAR, each window
is passed to a feature-extraction stage where domain experts craft statistical, frequency-
domain, or biomechanical descriptors (hand-crafted features) [122]. These features are fed
to conventional machine-learning classifiers—k-NN, SVM, Random Forest, etc.—that are
trained on annotated examples [123]. Overall, HAR’s principle is to convert multimodal
sensor streams into informative representations—either engineered or learned—and ap-
ply supervised learning to map them to activity labels, enabling applications in health
monitoring, smart environments, and beyond. From this perspective, fall detection can be
considered a specialized subset of human activity recognition that focuses on special events.
The sensing modalities and processing pipelines reviewed for fall detection—particularly
IMU-based motion analysis and temporal deep-learning models—are largely transferable
to broader HAR tasks such as daily activity classification or posture transitions [108–130].

Table 2. Comparison of limitation across methods. Abbreviations: SVM, support vector machine;
PCA, principal component analysis; CSI, channel state information; LSTM, long short-term memory;
GRU, gated recurrent unit; DeFall and SIFall denote method names reported in the referenced studies.

Technology Usage Limitation Precision References

Inertial measurement
units (IMUs) Pre-fall detection

Sensor placement
strongly influence

outcome
High false alarm rates

in real world use
Algorithmic

generalization
Latency—detection

before fall
User comfort—wearing

multiple units,
discomfort

Reduced precision
(drop to ≈60% when

applied on actual falls)
Wide specificity

variation
(≈83% ± 30%)

[108,109,131,132]

Biosignal Pre-fall detection

Quality may vary
widely across subjects

(weight, height, another
anthropometric)

Tight skin contact or
multiple sites

High false detection

Sensitivity ≈ 19% [24,25,29,131]
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Table 2. Cont.

Technology Usage Limitation Precision References

Camera

Post-Fall detection,
unobtrusive

Light (no/visibility)
Multiple occupants
Privacy-preserving

Precision typically
70–80%

High cost [56–107,122,124–
126,133]

False alarms—careful
calibration and
optimization

Biosignal Post-Fall detection,
wearable

Skin irritation,
differences in body

shape

Real world precision
57–80% [29,32,132]

Wearables Post-Fall detection,
wearable

Skin irritation, skin
contacts, sensor
placement, often
occurring of false

alarms, lack of real
world datasets

In laboratory tests
precision ≈ 90% [29,109,123,131]

Smartphone Post-Fall detection,
wearable

Skin irritation, privacy
concerns, miss low

impact falls

Precision
range ≈ 60–90% [48,134,135]

Inertial measurement
units (IMUs) wearable

Post-Fall detection,
wearable

Skin irritation, sensor
placement, high false

positive rates

Good results in
laboratory environment
(90% precision), in real

world ≈ 60%

[124,125,136]

Lidar Post-Fall detection,
unobtrusive

Limited range,
environmental

sensitivity

2D-lidar 98% combined
with CNNs [57,58,60]

Radar Post-Fall detection,
unobtrusive

Reflective surface,
performance varies

markedly with radar
height

Precision ≈ 90%,
multiple LiDAR

increase precision
(98%)

[68,76,77,137]

Ultrasonic sensor Post-Fall detection,
unobtrusive

Objects that are close
together can be

indistinguishable,
environmental

sensitivity
Objects closer than a

few centimeters cannot
be measured

Accuracy ≈ 90–98% [114,137,138]

Wi-Fi Post-Fall detection,
unobtrusive

Antenna orientation
Occlusion and blockage

Signal ambiguity

DeFall 95%
SIFall 98% accuracy
Deep learning CSI
systems reach 96%

[83,85,139,140]

Depth sensor Post-Fall detection,
unobtrusive

Occlusion—inaccurate
depth

Accuracy degrades
beyond ≈4.5 m

Single person tracking

Typical precision of
±1–3 mm within its

optimal range
(0.5–4.5 m for v2)

Accuracy above 90% in
laboratory studies

[88,90,141]

InfraRed camera Post-Fall detection,
unobtrusive

Occlusion
Light, Similar

temperature object

95% accuracy
With use of CNNs 96% [93,102,142]

https://doi.org/10.3390/s26041192

https://doi.org/10.3390/s26041192


Sensors 2026, 26, 1192 15 of 24

Table 2. Cont.

Technology Usage Limitation Precision References

Acoustic Post-Fall detection,
unobtrusive

Ambient sound
interference

Walls, furniture or a
person’s body can

block or attenuate the
wave,

precision is bounded by
ambient noise

Precision
reaches ≈ 86%

SVM classifiers on
PCA-reduced acoustic

features typically
achieve 80–90%

accuracy, but sensitivity
can drop below 70% in

noisy rooms

[29,58,60,96–143]

Vibration Post-Fall detection,
unobtrusive

Occlusion
Environmental noise
(footsteps, dropping

object)

90% accuracy
Combination with

k-means 100%
[97,100,144]

Passive infrared (PIR)
sensor

Post-Fall detection,
unobtrusive

High temperature, pets
can activate, multiple

people in room, Sensor
detect just movement

In controlled lab test
75–85% precision

Use of two sensors
≈95% sensitivity

[101,102,104,105,113]

Angle pose system Post-Fall detection,
unobtrusive

Occlusion
Light, visual noise

Misclassifying rapid
sitting

OpenPose +
LSTM/GRU 98% [106,145,146]

Table 2 highlights that, across sensing modalities, the dominant bottleneck is not
achieving high performance under controlled conditions but maintaining robustness and
generalization in real-world deployments. A recurring pattern is the pronounced perfor-
mance drop outside laboratory settings, driven by domain shift (differences in subjects,
fall types, and activities of daily living), deployment variability (sensor placement and
orientation), and environmental confounders.

For wearable IMU-based approaches, Table 2 indicates that strong laboratory results
do not consistently translate to practice, where studies report substantially reduced ac-
curacy and highly variable specificity. This suggests that model decision boundaries are
frequently entangled with subject-specific movement patterns and with ADL events that
mimic falls (rapid sitting, kneeling, lying down, abrupt turns). Importantly, wearables
also face adoption barriers—compliance, comfort, and battery dependence—which can
introduce missing data and decrease long-term reliability. From a deployment perspec-
tive, these limitations imply that reporting only accuracy is insufficient; studies should
emphasize false-alarm rate (e.g., false alarms/day), robustness to unconstrained ADL, and
performance stratified by subject and context.

For biosignal-based methods (e.g., EMG/ECG), Table 2 underscores two central con-
straints: strong inter-subject variability and dependence on signal quality/contact condi-
tions, and limited standalone robustness for fall-related dynamics, particularly when distin-
guishing fall-like transitions from benign physiological fluctuations. This makes biosignals
more suitable as complementary inputs (e.g., for decision refinement or confirmation) rather
than universal single-sensor solutions, especially in unconstrained environments. Among
unobtrusive modalities, Table 2 reveals a clear trade-off between privacy, robustness, and
practical feasibility. Vision-based solutions can achieve good performance, but are con-
strained by privacy concerns, sensitivity to illumination, and susceptibility to occlusion and
multi-person interference. Depth/IR mitigates some lighting issues but still suffers from
occlusion and distance-related degradation. LiDAR often reaches high reported accuracy
in controlled experiments yet is limited by cost and installation constraints. In contrast,
radar stands out as a privacy-preserving option with strong potential for in-home use,
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while Table 2 makes explicit that radar performance can be strongly affected by installation
geometry (height, angle), multipath reflections, and environmental clutter.

Several low-cost alternatives (e.g., ultrasonic sensing, Wi-Fi/CSI-based methods, PIR,
acoustics, vibration sensors) can yield impressive metrics in selective scenarios, but their
limitations tend to be deployment-critical: signal blockage, orientation sensitivity, am-
biguous signatures, and strong dependence on environmental conditions. In practice,
these systems can be prone to confusion (e.g., falls vs. dropped objects, footsteps, pets, or
furniture interaction).

Overall, Table 2 supports the conclusion that no single modality simultaneously
optimizes accuracy, privacy, robustness, cost, and user acceptability. These observations
naturally point to future directions with higher translational value: multimodal fusion
(to reduce ambiguity and false alarms), domain adaptation/personalization (to address
inter-subject and inter-environment variability), and standardized evaluation frameworks
that consistently include latency, false alarms/day, multi-person scenarios, and clinically
relevant confounders such as fall and lying/rest transitions.

5.3. Impact of ML Model Hyperparameters on Fall Detection Performance

Threshold-based fall detection methods are very sensitive to the chosen threshold
value. A tight threshold can reduce false alarms but at the cost of missed falls, whereas
a looser threshold catches more falls but generates more false alerts. Thresholds do not
generalize well, using higher thresholds to improve specificity often misses subtler falls,
whereas lower thresholds improve sensitivity at the expense of more false alarms. Fine-
tuning threshold hyperparameters is crucial, and can secure 96% sensitivity [147,148].

Compared to static thresholds, machine learning (ML) models (e.g., SVMs, CNNs)
generally achieve higher accuracy and better generalization, but their performance still
depends on model hyperparameters [147,149,150]. Studies have shown that even basic ML
models outperform threshold rules in fall detection. For instance, an Internet of Things
(IoT) fall detector optimized with ML achieved ~90–95% sensitivity using a Support Vector
Machine (SVM) or k-NN classifier, whereas a tuned threshold method yielded noticeably
lower precision and adaptability [147–150]. For example, threshold-based detectors often
falter on varied motions (e.g., quick sit-to-stand) that trigger false alarms, whereas data-
driven models can learn to distinguish such patterns [56,147–150].

Deeper neural networks (CNNs) can capture more complex fall features, but their
architecture hyperparameters (e.g., number of layers, neurons per layer) critically influence
performance. In the context of fall detection, this means an overly complex CNN might
perfectly classify falls in lab data but misclassify unusual activities as falls in real life (raising
false alarms). One analysis notes that expanding a model’s complexity (adding layers or
a huge reservoir) improves its fit on training data but can severely harm generalization,
causing erratic performance on unseen activities [56,149–151].

A key hyperparameter for Echo state networks (ESNs) is the reservoir size (number
of recurrent nodes), which strongly affects the model’s memory capacity and pattern
recognition ability. ESN performance is highly sensitive to its hyperparameters. For
instance, increasing the reservoir size tends to boost an ESN’s accuracy by improving its
nonlinear mapping capability, but if the reservoir is too large it may overfit noise, harming
generalization [151].

Across all fall detection modalities—wearable sensors (accelerometers, gyroscopes,
EMG), prefall predictors, and ambient/unobtrusive sensors (camera vision, radar, depth,
etc.)—there is a notable gap in the literature regarding hyperparameter sensitivity analyses.
Most studies introduce a single model with a fixed configuration and report its accuracy on
a given dataset.
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6. Conclusions
This review surveyed the current landscape of fall-detection and fall-prevention tech-

nologies, contrasting wearable solutions (IMUs, EMG, ECG, smartphone-based systems)
with a broad set of unobtrusive modalities (camera/RGB-D, LiDAR, radar, FMCW/UWB,
Wi-Fi/CSI, thermal, acoustic, vibration and PIR systems). Across modalities, laboratory
performance is often encouraging, but real-world deployment repeatedly exposes gaps:
high false alarm rates, limited generalization across subjects and environments, occlusion
and multi-occupant challenges, privacy and acceptability concerns, and a shortage of rep-
resentative, annotated real world datasets. Importantly, no single sensor class uniformly
solves accuracy, privacy, robustness and cost. Instead, complementary fusions and system
level design choices appear to offer the most practical path forward.

In summary, the most impactful near term progress will come from studies that
combine multimodal sensing chosen to satisfy privacy/cost constraints, rigorous real world
validation and standardized reporting of operational metrics, and attention to human
factors, explainability and deployment pathways. If researchers and funders reorient
toward standardized datasets, prospective trials, privacy first approaches, and reproducible
evaluation, fall detection systems will more rapidly mature from promising prototypes
to reliable, accepted tools that reduce injury and improve outcomes for older adults and
vulnerable populations.
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