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Abstract: Fall events in elderly populations often result in serious injury and may lead to long-term
disability and/or death. While many fall detection systems have been developed using wearable
sensors to distinguish falls from other daily activities, detection sensitivity and specificity decreases
when exposed to more rigorous activities such as running and jumping. This research uses time-
frequency analysis of accelerometer-only activity data to develop a strategy for improving fall detection
accuracy. In this study, a wireless sensor system (WSS) consisting of a three-axis accelerometer,
microprocessor and wireless communications module is used to collect daily activities performed
following a script in the laboratory setting. Experiments were conducted on 36 healthy human
subjects performing four types of falls (i.e., forward, backward, and left/right sideway falls) as well
as normal movements such as standing, walking, stand-to-sit, sit-to-stand, stepping, running and
jumping. In total, 1227 different activities were collected and analyzed. The developed algorithm
computes the magnitude of three-axis accelerometer data to detect if a critical fall threshold is
passed, then analyzes the power spectral density within a critical fall duration window (500 ms) to
differentiate fall events from other rigorous activities. Fall events were observed with high energy
in the 2–3.5 Hz range and distinct from other rigorous activities such as running (3.5–5.5 Hz) and
jumping (1–2 Hz). Preliminary results indicate the power spectral density (PSD)-based algorithm
can detect falls with high sensitivity (98.4%) and specificity (98.6%) using lab-based daily activity
data. The proposed algorithm has the benefit of improved accuracy over existing time-domain only
strategies and multisensor strategies.
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1. Introduction

Fall detection, especially in older populations, has been receiving increasing attention
in recent years. Falls are a significant cause of injury for elderly individuals resulting in
disabling fractures that can potentially lead to death due to complications, such as infection
or pneumonia or lasting disability. More than one-third of elderly individuals over 75 years
old fall each year, 24% of whom experience serious injuries [1]. Accurate and reliable fall
detection is necessary for protecting health and mitigating long-term disability. Automated
recognition of a fall event can provide round-the-clock surveillance for elders living at
home or in nursing homes. Robust, timely alerts to caregivers and family members may
mitigate the lasting, long-term damage resulting from a fall.

Prior research on fall detection has utilized accelerometers for detecting fall events.
Key algorithms monitor changes in body kinematics and critical peak amplitudes to detect
falls and characterize daily activities [2–5]. These systems successfully detect fall events
with sensitivities greater than 85% and specificities between 88–94%. However, focusing
only on large acceleration can result in many false positives from other activities where
large impacts occur, such as running and jumping.

To address these complexities, prior studies have implemented sophisticated ma-
chine learning techniques [6] such as neural networks [7–11], support vector machines
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(SVM) [12,13], Markov models [14], or k-Nearest Neighbors (k-NN) [13,15] to detect the
falls and classify daily activities. However, fall detection accuracy is not substantially
improved over simpler thresholding methods. Additional drawbacks of machine learn-
ing techniques include the excessive computational resources required, lack of real-time
response, and, perhaps most limiting, the need for training with large datasets. In falls
research, ecologically accurate datasets collected in the target population (i.e., elderly) and
in real-world, in-home settings are scarce for safety reasons and, as such, a barrier to a
machine learning approach.

Some fall detection algorithms rely upon detection of the final posture, assuming the
faller ends up lying prone after a fall event [4,16,17]. These strategies are less effective
when a person’s fall posture is not horizontal, e.g., fall happen on stairs.

In our previous study [18], we proposed a multisensor combination of accelerometer
and gyroscope to improve fall detection accuracy (i.e., sensitivity, specificity). Whereas
the accelerometer detects impacts, the gyroscope adds complementary information related
to biomechanical movement. The addition of angular velocity information reduces false
positives resulting from rigorous activity such as running. However, the angular velocity
of jumping occasionally overlaps with fall events slightly reducing system specificity.
The disadvantages of a multisensor approach include increased sensor cost, but more
importantly additional computational, storage, and data communication costs. Energy
consumption and battery requirements are key drawbacks of gyroscope inclusion in a fall
detection strategy that is implemented on a wearable device. Power requirements for a
gyroscope can be several hundred times greater than that for an accelerometer [19]

Several studies have studied frequency domain characteristics of daily activities. Attal
et al. [20] demonstrated the usefulness of the power spectral density (PSD) to recognize
activities such as walking, cycling, running and driving. Critical frequency correspond-
ing to the highest computed PSD values have been used in several studies for activity
recognition [21–23]. Bersch et al. used frequency information of the accelerometer signal
to distinguish falls from low-rigor activities such as walking and sitting; however, the
accuracy of their algorithm was not reported [24]. Shin et al. developed a fall detection
algorithm using Short Time Fourier Transform (STFT) [25]. High accuracy was achieved
with 96.9% sensitivity and 97.1% specificity for classifying fall events from low-rigor activi-
ties with low impact forces such as walking, sit-to-stand, stand-to-sit, sit-to-lie activities.
A key limitation is the algorithm was not evaluated in comparison to activities with high
impact forces such as running or jumping.

Unlike our previous study, the purpose of this study to analyze daily activities and fall
events using both time and frequency domains, especially from more rigorous activities.
Further, this study proposes a fall detection algorithm using only the acceleration signal,
eliminating the need for a gyroscope to confirm fall events. This method reduces the
overall cost of a sensor unit, amount data collected, data storage requirements, but, perhaps
most importantly, battery consumption and size requirements, all critical for a commercial
system.

2. Materials and Methods

In our prior study [2], a wireless sensor system (WSS) was developed to collect real-
time, three-axis acceleration data of daily activities and fall events. The WSS consists of a
three-axis digital accelerometer sensor (ADXL345), a 32-bit ARM M3 microprocessor (MCU
LPC17680 M3), and Wi-Fi module (RN131). The WSS is used to sense body biomechanics,
control the flow of data, and transmit/receive data to a remote server for analysis. The WSS
is placed at the center of chest during data collection for optimal activity detection [16].
As shown in Figure 1, the orientation of data collected include superior-inferior (x-axis),
lateral (y-axis), and anterior-posterior (z-axis) directions. The data was collected with a
sampling rate of 100 Hz.
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Once received, daily collected activity data is analyzed using Matlab (Mathworks,
Inc., Natick, MA, USA). The program receives and displays real-time data from the WSS. It
continuously plots the acceleration and angular velocity values of each activity.

2.1. Experimental Protocol

Due to potential safety and injury concerns resulting from fall experiments conducted
on elderly subjects, 36 healthy subjects (age from 19–28 years, weight from 50–90 kg, and
height from 154.5–180.0 cm) were enrolled in this study. Each subject performed various
daily activities following a script in a laboratory setting while wearing the WSS. Subjects
repeated performance of activities three times to assess reproducibility of sensor signals.
Activities performed included standing, walking, sitting down/standing up, walking up
and down stairs, running, lying down/sitting up and four different types of fall tests:
forward fall, backward fall, right sideways fall, and left sideways fall. Activities that gener-
ated multiple occurrences in a single data collection (i.e., walking up/down stairs, running,
walking) were not collected in all subjects as there was ample data generated from testing
for algorithm development and validation. To ensure safety and reduce risk of injury, falls
were performed onto a 24-inch high-jump cushioned surface. Experiment protocols were
approved by the IRB (protocol #16-038) at The Catholic University of America (Washington,
DC). All subjects participating in the study provided informed consent.

2.2. Data Analysis

The most common and simple method for fall detection uses a triaxial accelerometer
to detect a fall event [4,26]. In these algorithms, the magnitude of acceleration is computed
following Equation (1):

Acc =

√
(Ax)

2 +
(
Ay
)2

+ (Az)
2 (1)

where Ax, Ay, Az are the acceleration (g) in the x, y, z axes, respectively. If Acc surpasses a
predetermined critical threshold, the activity is designated as a fall event. While simple,
sensitivity and specificity of these fall algorithms range between 80–95%. To achieve high
detection rates, the critical threshold is lowered. However, this results in increased false
positives. Clearly, there is a trade-off between high sensitivity (i.e., correctly detecting a fall
event) and high specificity (i.e., false positives). We analyze collected data to characterize
the range of peak accelerations for each activity using Equation (1).

In addition to examining the time-domain signal, acceleration data is also analyzed
in the frequency domain to characterize spectral information of various daily activities
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including falls. For this, the power spectral density (PSD) of the acceleration signal is
computed for each activity using:

PSD = ∑
|FFT(A)|2

Length(A)
(2)

2.3. Fall Detection Strategy

Using the time and frequency information obtained from the accelerometer signal,
a fall detection algorithm is proposed. This proposed algorithm utilizes a hierarchical
classification strategy following two stages. Figure 2 illustrates the fall detection schema.
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frequency domain analysis to differentiate fall events from other high impact activities.

In the first stage (Stage A), acceleration data from daily activities are analyzed in
the time-domain to distinguish between low-impact, non-rigorous (i.e., standing, sitting,
walking, stepping) and more rigorous activities exhibiting high impacts (i.e., running,
jumping, falls). Non-rigorous activities are easily distinguished from activities that are
more rigorous by setting a critical acceleration threshold (TH1). In the literature, TH1
ranges from 2–3 g and has tremendous effect on sensitivity and specificity of fall detection
algorithms. Additionally, because more rigorous activities such as running, jumping, and
falls exhibit overlapping peak acceleration magnitudes in the time domain, the specificity
of time domain analysis is reduced.

To improve fall detection accuracy, improved classifiers to differentiate fall events
from other rigorous activities are needed. Analyzing data in the frequency domain may
provide additional unique information to improve detection. Thus, rigorous activities
identified in Stage A exhibiting high impacts and exceeding TH1 are further analyzed in
the frequency domain using PSD calculations in Stage B. Once a potential fall event is
identified in Stage B, the algorithm performs a posture validation procedure to confirm the
fall event. As falls occur in either the anterior-posterior (z-axis) or lateral (y-axis) directions,
this results in a change in sensor orientation and hence, which sensor axis is aligned with
the direction of gravity. Following a forward/backward fall, the z-axis will be oriented
in the direction of gravity; in a lateral fall, the y-axis will be reoriented in the direction of
gravity. Thus, to confirm a fall event, the detection algorithm checks if the acceleration
magnitude of the y–z plane, Accyz, exceeds a critical threshold (TH2), where:

Accyz =

√(
Ay
)2

+ (Az)
2 (3)
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Finally, the proposed fall detection algorithm is tested for sensitivity and specificity
using the half of the dataset not utilized for algorithm development and optimization.
Sensitivity and specificity are calculated as follows:

Sensitivity =
# TP

# TP + # FN
(4)

Specificity =
# TN

# TN + # FP
(5)

where:

• # TP: true positive. fall event is correctly detected
• # FP: false positive, non-fall event incorrectly identified as fall
• # TN: true negative, non-fall event correctly not identified as fall
• # FN: false negative, fall event incorrectly identified as non-fall

3. Results

From the activities tested, a sample time-domain waveform for various activities is
provided in Figure 3. These can be coarsely grouped into two categories, low-rigor (i.e.,
stand, walk, sit, step) and high-rigor (i.e., run, jump, falls) activities, as observed by their
peak (maximum) acceleration levels in the time-domain. Further, certain activities (i.e.,
walking, running) exhibit periodicity which can be characterized in the frequency domain.
Table 1 summarizes the time and frequency analysis results of acceleration data for all
subjects. This table provides a range of peak accelerations (time domain) and peak PSD
(frequency domain) for each activity across all subjects tested.
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Figure 3. Sample acceleration waveform for various daily activities. Peak accelerations for rigorous activities (i.e., run, jump,
falls) overlap. Red lines indicate critical upper fall (UFT) and lower fall thresholds (LFT) typically used for fall detection.
Peak accelerations for low-rigor activities such as standing, walking, sitting down/standing up from a chair are well below
UFT and LFT thresholds.

3.1. Characteristics of Low-Rigor Activities

Low-rigor activities, such as standing, walking, sitting down, standing up, lying
down, sitting up, and walking up steps, had peak acceleration magnitudes between 1 to
2.1 g, whereas high-rigor activities such as jumping, running, and falls exhibited peak
acceleration magnitudes from 2–5.4 g. As expected, standing resulted in 1 g (downward
direction) due to gravity. Walking resulted in peak acceleration between 1.5–1.8 g and peak
frequency between 2.5–3.5 Hz. Interestingly, walking up/down stairs resulted in higher
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peak acceleration (1.8–2.1 g) and lower peak frequencies (1.5–2.5 Hz), likely due to more
careful deliberate motions compared to walking.

Table 1. Summary of acceleration data for various activities in the time and frequency domains.

Activities Peak Acceleration (g) Frequency Range (Hz)

Low-rigor
Activities

Standing 1 -

Walking 1.5–1.8 2.5–3.5

Sitting down/Standing up 1.6–2.0 1–2

Lying down/sitting up 1.4–1.8 0.5–3

Stepping 1.8–2.1 1.5–2.5

High-rigor
Activities

Running 2.2–2.8 3.5–5.5

Jumping forward 2.0–4.0 1–2

Jumping up/down 2.0–4.0 2.5–3.5

Falling 2.5–5.4 2–3.5

Biomechanically, sitting-from-stand and stand-from-sit are seemingly opposing activi-
ties, but are a result of different body motions. When sitting down, the body initially moves
downward with the gravitational acceleration vector resulting in the acceleration signal
decreasing below 1 g. In the second phase, the acceleration vector acts in the opposite
direction to the gravitational acceleration vector and the acceleration signal returns to 1 g
when the subject is seated. A stand-from-sit motion produces the reverse observation with
an initial increase in acceleration followed by a decrease to 1 g. In the frequency domain,
peak PSD was observed between 1–2 Hz.

Similarly, lying down and sitting-up from a lie produces low peak accelerations
(1.4–1.8 g) and a wider range of peak frequencies (0.5–3 Hz) across subjects.

3.2. Characteristics of Rigorous Activities and Falls

As previously shown in Figure 3, rigorous activities such as running, jumping and
falling exhibit peak acceleration ranges that overlap with one another in the time domain.
Therefore, traditional thresholding-only methods for fall detection in the time-domain
experience low specificity unless when thresholds are set too low. However, when these
critical thresholds are raised to eliminate false positive detection, sensitivity (i.e., detection
of true positives) decrease as some falls may be missed.

To resolve this, we perform additional analysis of the acceleration data in the frequency
domain. Sample time, time-frequency, and PSD plots of the acceleration signal are shown
in Figure 4 for rigorous activities. For each activity, time-domain waveforms for Acc and
(Acc)yz are provided in the first and second rows, respectively. Time-frequency and PSD
information are given in the third and fourth rows for each activity. These results are also
summarized in Table 1.

For running, peak acceleration ranged between 2.2–2.8 g, with peak PSD ranging
between 3.5–5.5 Hz. Energy spectra below 3.5 Hz were appreciably lower. For jumps
occurring in the forward and vertical direction, peak acceleration was observed between
2–4 g with distinctly different peak energy ranges, 1–2 Hz for forward jump; 2.5–3.5 Hz for
vertical jump). Finally, for fall events, we observed peak acceleration between 2.5–5.4 g
while peak energy occurred between 2–3.5 Hz.

3.3. Fall Detection Algorithm Development

From the results of the daily activity analysis in both the time and frequency domain,
we propose a hierarchical strategy to identify fall events. Following the protocol described
in Section 2.1, a total of 1227 activities were collected across 36 subjects. Half the experi-
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mental dataset was used to develop and optimize the algorithm, while the other half was
used for validation and accuracy testing.
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Figure 5 summarizes the proposed fall detection algorithm. Using the two-stage
schema proposed in Figure 2, we differentiate between low- and high-rigor activities in the
time domain (Stage A). The acceleration signal is collected and analyzed in real-time in
500 ms intervals, a period referred to as fall window [27,28]. In this window, we look to
see if Acc surpasses a critical threshold, upper fall threshold (UFT), representing the fall
impact. From our previous work in time-domain analyses of acceleration data, the UFT is
used for TH1 in our algorithm (e.g., 2.5 g) [29].

Using only TH1 results in high fall detection, but also identification of many false pos-
itives from rigorous activities such as running and jumping (sensitivity = 97.9%; specificity
= 58.6%).

As evidenced by the data in Table 1, fall events have distinct peak energy levels
between 2–3.5 Hz that are distinct from other rigorous activities. To improve accuracy, we
further analyze the acceleration signal in frequency domain. In Stage B, we calculate and
identify the peak PSD for each activity. If the peak PSD value is not between 2–3.5 Hz,
we rule out a fall occurrence. Otherwise, a potential fall may have occurred. Using this
algorithm, we achieved sensitivity and specificity of 97.8% and 85.8%, respectively. Clearly,
Stage B had the added benefit of improving specificity by decreasing false positive detection
resulting from rigorous activities.

Further analysis of the remaining false positives show jumping (up/down) results
in the same peak energy spectra as fall events. To further improve specificity, a check for
sensor axes reorientation is conducted using Accyz with threshold TH2 set at 1.7 g. After
fall confirmation using Accyz, sensitivity and specificity were 97.3% and 98.3%, respectively.
Specificity is further improved with this additional step.

3.4. Fall Algorithm Testing & Validation

To evaluate the algorithm’s performance, a confusion matrix is used to summarize
the results. Table 2 provides a confusion matrix for half the dataset use for optimizing
the algorithm (i.e., determining key thresholds, etc.). Falls were accurately detected with
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only seven falls incorrectly classified out of 261 fall events (sensitivity = 97.3%). Similarly,
daily activities (i.e., standing, sitting, stepping, running, jumping or lying) were accurately
recognized with only six misclassified as fall out of 357 daily activities (specificity = 98.3%).
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Table 2. Confusion matrix for algorithm development and optimization dataset.

Detected

Fall Daily Activities

Actual
Fall (n = 261) 254 7

Daily activities
(n = 357) 6 351

Once critical thresholds for the algorithm were optimized, the remaining half of the
dataset was used to validate the developed algorithm. Table 3 provides a summary of this
validation analysis. Only four out of 254 falls were not detected (sensitivity = 98.4%) and
only five out of 355 daily activities were identified as falls (specificity = 98.6%).

Table 3. Confusion matrix for validation dataset.

Detected

Fall Daily Activities

Actual
Fall (n = 254) 250 4

Daily activities
(n = 355) 5 350
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4. Discussion

Tolkiehn et al. [30] reported results of accelerometer-based algorithm to detect falls of
83.3% sensitivity and 79.1% specificity in experimental studies. Chen et al. [31] developed
similar studies achieving 94% specificity, but with low sensitivity (76%). Bourke and col-
leagues [32] recently proposed an algorithm that provides a good trade-off both in terms
of sensitivity (83%) and specificity (97%). Other studies using accelerometer-only thresh-
olding algorithms in the time-domain report similar sensitivity (>85%) and specificities
(88–94%) [3–5]. Accuracy of these algorithms is affected by peak accelerations of many
rigorous activities overlapping with those achieved during a fall event. To achieve higher
sensitivity (i.e., reduction of false positives), one must increase the threshold levels (UFT)
for fall detection. However, when this occurs, specificity, the detection of false positive fall
events increases. In fall detection applications, these false positives may lead to increase
alerts to first responders and caregivers creating increase burden on health care systems.
Clearly, peak acceleration in the time-domain is an insufficient feature to classify a fall
event accurately.

Other investigators have attempted to increase fall detection accuracy using additional
sensors (i.e., gyroscope, pressure sensor, tilt sensors) to detect biomechanical movement
and posture during falls. Our previous work utilized a combined accelerometer and
gyroscope strategy to increase sensitivity and specificity by additionally measuring peak
body rotation during fall events. With the addition of a gyroscope, we achieved high
sensitivity (96.5%) and specificity (97.4%). However, the additional sensors proposed by us
and others come with additional drawbacks including sensor costs, power consumption,
storage requirements, and size. For wearable devices, many of these drawbacks may be
sufficient to affect usability and practicality of these systems in real-world applications.

In several recent studies, frequency features are used as input for machine learning
strategies to improve fall detection accuracy. Eyobu et al. [10] developed Deep Long Term
Short Term Memory (LSTM) neural network architecture to classify falls with 88.7% accu-
racy. Mauldin et al. [11] used time and frequency domain features to train a deep learning
network achieving 86% overall accuracy. With three deep learning models, Convolutional
Neural Network (CNN), LSTM, and combination of these two models, Aicha et al. [6] was
able to improve fall detection accuracy to approximately 94%. Use of Recurrent Neural
Network is presented in [10,33] with accuracy of 98.57%. Despite machine learning algo-
rithms outperforming alternative techniques, they still have several limitations that are not
conducive to deployment in wearable systems. They require a large amount of computing
resources, cannot respond in real time, and are difficult to deploy in wearable devices
that require small form factors, high data storage and low power consumption in order to
improve user acceptance and usability.

Compared to prior algorithms, the uniqueness of the time-frequency approach pro-
posed is that it utilizes only one sensor (i.e., accelerometer) and can be easily implemented
in wearable sensor systems without suffering in system accuracy. Sensitivity (98.4%) and
specificity (98.6%) are improved compared to even our prior multisensor (i.e., accelerometer
plus gyroscope) approach. Analysis of the accelerometer signal in the frequency domain
provides additional key features differentiating falls from other rigorous events.

Validation performed using a blinded dataset demonstrates the effectiveness of the
proposed hierarchical time-frequency approach in accurately detecting falls from other
daily activities. False alarm rate of the system was low (4/250 for false negative and 5/350
for false positive). In addition, this strategy can be extended to develop algorithms for
classification of different daily activities.

One key limitation of this study is that for practical and safety reasons, testing was
conducted only on young, healthy subjects who performed scripted activities in a laboratory
setting. These subjects may not reflect actual data in elderly individuals. Further, actual
activities in real-world settings may be quite different from simulated, laboratory tests.
Therefore, the threshold values of the real condition may be different.
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5. Conclusions

Many existing fall detection systems and algorithms are based upon accelerometry
measures and have been investigated in previous studies. However, many of these strate-
gies are unable to accurately differentiate between rigorous activities and falls as critical
peak acceleration threshold values overlap. This work expands upon prior efforts by us
and others to increase sensitivity and specificity of fall detection algorithms by proposing a
hierarchical approach utilizing both time and frequency analyses of accelerometer data.

This research effort demonstrates that the frequency domain may provide additional
key features useful for improving reliability and accuracy of fall detection strategies. This
work characterizes critical time-domain and frequency-domain parameters and uses these
parameters to develop a reliable fall detection algorithm. Validation of this algorithm
demonstrates the improved sensitivity and specificity of fall detection over prior work by
others using time-domain accelerometer-only strategies as well as multisensor approaches
to fall detection. The inclusion of frequency-based information can reduce false positives
from more rigorous activities.

Future development will evaluate the proposed time-frequency fall detection algo-
rithm on existing fall databases such as those identified by Calisari and colleagues [34,35].
Additional efforts will investigate a system to include GPS and Internet of Things (IoT)
strategies for alerting and communicating with external caregivers, both formal and infor-
mal. Additionally, effective fall detection may serve as a precursor to implementation of
a fall injury mitigation system that can activate safety devices that may minimize injury
to fallers.
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