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Abstract

Automatic fall event detection has attracted research attention recently for its potential application
in fall alarming system and wearable fall injury prevention system. Nevertheless, existing fall
detection research is facing various limitations. The current study aimed to develop and validate a
new fall detection algorithm using 2-D information (i.e., trunk angular velocity and trunk angle).
Ten healthy elderly were involved in a laboratory study. Sagittal trunk angular kinematics was
measured using inertial measurement unit during slip-induced backward falls and a variety of daily
activities. The new algorithm was, on average, able to detect backward falls prior to impact, with
100% sensitivity, 95.65% specificity, and 255 ms response time. Therefore, it was concluded that
the new fall detection algorithm was able to effectively detect falls during motion for the elderly
population.

Index Terms
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[. Introduction

FALLS are the leading cause of injury deaths among people 65 years and older. The
National Safety Council reported that in 2007, 21 600 Americans met their death by falling,
and of these deaths, the majority (over 80%) were people over 65 years of age [1]. Among
all the causes leading to falls, slipping was considered as the most frequent unforeseen
triggering event. Foot slippage was found to contribute between 40% and 50% of fall-related
injuries [2], and 55% of the falls on the same level [3].

Among all the fall intervention approaches, automatic fall event detection has attracted
research attention recently [4], for its potential application in fall alarming system and fall
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impact prevention system (e.g., wearable airbag [5], [6]). Nevertheless, the existing
approaches have not satisfied the accuracy and robustness requirements of a satisfactory fall
detection system [7].

Nevertheless, existing fall detection research is facing three major problems. The first
problem is concerned with detection performance, more specifically the balance between
misdetection and false alarms. Due to the heterogeneity of between-subject motion features
and ambiguity of within-subject activity characteristics, higher fall detection sensitivity is
always found to be associated with higher false alarm rates [8]. Almost all of the current fall
detection techniques are facing this issue to a varying degree. The second problem is that the
target of detection is unclear. Different devices may actually detect the impact of a fall, the
incapacity to rise/recover after a fall (postfall impact), or the fall itself (the postural
disturbance prior to the fall impact). From the perspective of preventing fall injuries directly
using a wearable protection system, timely and accurate detection of a fall event prior to an
impact is of utmost importance. Unfortunately, very few studies have been conducted in this
area [8], [9]. Last but not least, most fall detection methods were developed using simulated
falls. Recent research has clearly indicated the performance decrement when testing the
existing detection algorithm with real-world falls [10]. Fall detection research with
naturalistic falls due to balance perturbations is very limited [11], [12].

The rationale behind fall detection is that people often execute voluntary activities [e.g.,
activities of daily living (ADLSs)] in a controlled manner, as suggested by Wu [5]. This is
reflected mainly in terms of motion intensity [5], [9], [13]. In other words, abrupt motion
(with high speed or acceleration) may very likely be an involuntary activity such as falling.
This idea is, explicitly or implicitly, the basis for various detection algorithms and sensors
used by different investigators [7], [14], [15]. However, as evident in these studies, motion
intensity alone is not a sufficient criterion to differentiate between falling and ADLs. For
example, Nyan et al. [14] utilized trunk backward angular velocity to detect fall events.
Though a perfect sensitivity (100%) was demonstrated, frequent false alarms (5 out of 20
trials) were observed during bending down and standing up.

Therefore, the objective of the current study was to develop and validate a fall detection
algorithm using 2-D information (i.e., trunk angular velocity w and trunk angle a).
Unexpected slip-induced falls were used for algorithm development and validation. It was
hypothesized that the new algorithm would have significantly lower response time than the
baseline algorithm [14]. Lower response time would indicate less time delay between the
detected event and the actual fall.

[l. Methods

A. Subjects

Ten elderly participants (age = 75 * 6 years, weight = 74.1 £ 9.1 kg, height = 174 £ 7.5 cm)
were recruited for this study. They were required to be in good physical health and free from
any major musculoskeletal disorders (e.g., knee or hip replacement, osteoporosis, etc.) as
screened by the study physician. Informed consent was approved by the local Institutional
Review Board and obtained from the participants prior to the experiment.
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B. Apparatus

One Inertial Measurement Unit (IMU, Inertia-Link, MicroStrain, Inc., USA) was placed
close to the sternum (see Fig. 1). The inertia link is a miniature orientation sensor, which is
capable of measuring 3-D orientation, 3-D acceleration, and 3-D angular velocity. The
sampling rate was set to be 100 Hz.

An adapted biomechanical model [16] with one additional marker on the sternum was used
in this study. A six-camera infrared motion capture system (ProReflex MCU 240, Qualisys,
Gothenburg, Sweden) was used to measure the 3-D position of the reflective markers. The
sampling frequency was 100 Hz. The vertical position of the marker on the sternum was
used to identify the motion phases of falling.

A linear walking track with movable floor surfaces was used to create slip-induced falls. An
overhead harness system was used to prevent the participants’ other body parts except feet
from hitting the ground. Typical household furniture (i.e., bed, desk, chair, etc.) was used to
allow the participant to perform daily activities in a seminaturalistic living environment.

C. Procedure

Participants were required to change into experimental attire (e.g., short, sleeveless shirt, and
athletic shoes) to facilitate the attachment of IMUs and reflective markers. An ADL protocol
composing of five activities (i.e., bending over, lying down, sitting down on a normal chair,
sitting into a rocking chair, sitting into a bucket seat) was performed by all the participants.
Each ADL activity was performed three times. The order of all the ADLSs activities was
randomized using a balanced Latin-square design. The participants were instructed to
perform these ADLs “as naturally as possible” at their own pace.

After the ADL session, a separate walking and fall session was conducted. Details on the
walking and slip-induced fall-protocol can be found in our previous publications [17].
Briefly, unexpected slips were induced by having the participants walk over a slippery
surface (covered with 3:1 personal lubricant and water mixture) without their awareness.
The overhead harness was adjusted to allow the participants to fall up to 20 cm vertically in
case they lost balance.

D. Data Reduction

All of the participants were randomly assigned into two groups. The data from the first
group (four participants) were used as the training dataset to construct the new detection
algorithm. The data from the second group (six participants) were used as the validation
dataset to validate the detection performance.

The logic flow of the new detection algorithm is illustrated in Fig. 2. The quadratic form of
predictive discriminant analysis [18] was performed on the training dataset in order to derive
the discriminant function, F(a, w), for the new algorithm (Algorithm I). The discriminant
function provides a numerical way to differentiate fall trials from ADL trials. As a
composite score integrating both a and w, the detection threshold is not associated with any
physical meaning. The optimal detection threshold for Algorithm I was determined based on
the relationship between threshold and sensitivity/specificity [12], and the following rules.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2017 November 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Liu and Lockhart

Page 4

If a specific threshold (or a range of thresholds) could achieve the highest sensitivity and the
highest specificity simultaneously, this threshold (or the midpoint of that range of
thresholds) was selected as the optimal detection threshold for the new algorithm.

If no threshold could achieve the highest sensitivity and the highest specificity
simultaneously, the optimal threshold for that algorithm had to satisfy: 1) specificity over
95% and 2) the highest sensitivity. In case that no threshold could achieve specificity over
95%, the optimal threshold for the algorithm was set to be a threshold associated with the
highest specificity with nonzero sensitivity.

The baseline algorithm (Algorithm I1) was formulated from the literature [14]. The
associated discriminant function, F(w), is in the form of

Flw)=-w (1)

where w is the trunk sagittal angular velocity.
The optimal threshold for the baseline algorithm is set to be —130°/s [14].

To facilitate the description of the fall dynamics, the following events (i.e., fall initiation, fall
detection, fall completion) were defined and are illustrated in Fig. 2. Fall initiation was
defined similar to slip start [16], which is the instant when the forward heel velocity
occurred after heel contact. Fall detection was defined as the instant when the fall detection
algorithm first recognized a fall trial. Fall completion was defined as the instant when the
trunk center-of-mass reached its lowest vertical position.

The response time (a detection performance measure) was defined as the duration between
fall initiation and fall detection (see Fig. 3). This variable was used to quantify how much
time would be required for a fall to be detected after it was initiated.

Receiver operating characteristic (ROC) analysis was performed at the activity level to
quantify the overall performance of the new algorithm and the baseline algorithm. Briefly,
one data trial (i.e., a group of data points) was associated with one group attribute (i.e., fall
or ADL). During detection, if a fall was detected at any instant within one trial, then the
detection outcome for this data trial was assigned as fall. Otherwise, the detection outcome
for that data trial was assigned as ADL. Sensitivity and specificity were calculated to
quantify the rate of correctly detected falls relative to the total amount of actual falls, and the
rate of correctly detected ADLS relative to the total amount of ADLSs, respectively. Both
sensitivity and specificity were computed at the trial level. Subsequently, area under curve
(AUC) was calculated to quantify the overall detection performance of both the baseline and
the new algorithms.

All of the data processing was performed in a local computer using a custom-designed
MATLAB program (R2012 a, MathWorks, USA).

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2017 November 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Liu and Lockhart

Page 5

E. Statistical Analysis

A one-way within-subject ANOVA was conducted with the algorithm (Algorithms I and I1)
as the within-subject independent variable and the response time (from all ten subjects) as
the dependent variable. A significant level of p< 0.05 was used for hypothesis testing. All
the statistical analyses were performed in JMP 10.0 (SAS Institute, USA).

[1l. Results

Totally, 179 ADL trials and 13 backward falls were collected and analyzed in the current
study. The trunk sagittal angular kinematics from all the ADL trials and backward falls are
illustrated in Fig. 4. The data points in this phase plot were the basis for the discriminant
analysis. As shown, backward falls were characterized by a simultaneous occurrence of an
extremely high trunk extension angular velocity and a slight trunk extension angle, which
were clearly distinguishable from ADLs.

For the purpose of algorithm generation, four participants’ data (69 ADL trials and 6 slip-
induced backward falls) were used as the training dataset and analyzed for deriving the fall
discriminant function. The discriminant function for the new algorithm was found to be:

—1
L a ) [ —0.0586 o\ [ 00246 —0.0010 ) [ a
Fatgorionm 1= 0-5251+ < w ) < —0.0070 ) T\ w —0.0010 —0.0004 w

@

where a specific data trial was detected as a fall if any joint instantaneous values (a and w)
of this trial was less than a predetermined detection threshold. Otherwise, this data trial was
detected as nonfall. The optimal detection threshold was determined to be —4.994, as this
threshold satisfied the requirements of achieving the highest sensitivity while maintaining
specificity over 95%. The effect of detection threshold on sensitivity and specificity can be
found in our previous publication [12]. In particular, the sensitivity and specificity associated
with this algorithm configuration were 100% and 95.65%, respectively.

The overall discrimination performance of the new algorithm and the baseline algorithm is
illustrated in Fig. 5. As shown, the new algorithm achieved a very high discrimination
performance, with an AUC of 0.9952, approaching an ideal performance level (AUC = 1.0).
Though being slightly lower than that of new algorithm, the performance of baseline
algorithm was also very high, with an AUC of 0.9855.

For the purpose of validation, the remaining six participants’ data (105 ADL trials and 7
slip-induced backward fall trials) were used as the validation dataset and processed by the
new algorithm and the baseline algorithm.

The overall discrimination performances of the Algorithms | and 11 for the validation dataset
are illustrated in Fig. 6. The performance of the Algorithm | using the validation dataset
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(AUC = 1.0) was slightly higher than that using the training dataset (AUC = 0.9952). For
Algorithm 11, the performance with the validation dataset (0.9743) was slightly lower than
that with the training dataset (0.9855).

The new algorithm achieved a slightly lower specificity with the validation dataset (95%)
than with the training dataset (95.65%). In addition, the new algorithm achieved the same
level of high sensitivity (100%) with both datasets. Similarly, the baseline algorithm resulted
in a lower specificity with the validation dataset (90%) than with the training dataset
(92.75%). However, the baseline algorithm achieved a higher sensitivity with the validation
dataset (85.71%) than with the training dataset (83.33%).

Comparing the performance of different algorithms, Algorithm | was found to outperform
Algorithm 11 by 14.29% in sensitivity, and 5% in specificity. In other words, the new
algorithm using 2-D information (a and w) resulted in better detection performance over the
baseline algorithm using just one-dimension information (w) in terms of higher sensitivity
and specificity.

Response time was calculated by processing all the fall trials with both the new algorithm
and the baseline algorithm. The ANOVA test indicated that the new algorithm was able to
detect backward falls significantly faster than the baseline algorithm (o = 0.0002). On
average, the response time from the new algorithm (Mean = 255 ms, SD = 22 ms) was 29 ms
faster than that from the baseline algorithm (Mean = 284 ms, SD = 34 ms).

V. Discussions

Fall event detection is an important fall intervention solution as it helps reducing the fall-
related injuries in an indirect manner and possibly in a direct manner (e.g., wearable
protection system). Therefore, a prior-to-impact type of fall detection algorithm was
developed and evaluated in the current study and was hypothesized to provide detection
performance superior to those existing in research.

The findings from the current study indicated that the new algorithm achieved a high
detection performance in terms of sensitivity and specificity. The performance was also
validated by the validation dataset. Both sensitivity and specificity are important quantitative
performance measures to evaluate the effectiveness of a fall detection algorithm [7]. Hence,
these two measures were reported in most of the previous studies [4]. The performance of
the new algorithm in the current study compared favorably to those in the literature [4]. The
current study also evaluated the performance of the new detection algorithm side-by-side
with a baseline algorithm from the literature [14], and found that the new algorithm
performed better than the baseline algorithm.

The performance gain of the new algorithm can be attributed to its unique design that
utilizes 2-D information. Previous studies [15], [19], [20] have also employed a multicriteria
algorithm to detect a fall. Nevertheless, such multicriteria algorithms process the
multidimensional measurements discretely, in a way that multiple 1-D measurements were
processed either in a sequential manner, or in a parallel manner. In contrast, the 2-D
measurements in the current study were utilized in an integrative manner. All of the

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2017 November 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Liu and Lockhart

Page 7

information was analyzed in one discriminant function to generate one processed signal to
be compared against one detection threshold.

Beside the detection performance improvements, the current study also has several
methodological advantages over the previous studies. First, the elderly participants, instead
of the young adults, were involved in the fall testing protocol in the current study. As
reported in the literature [21], [22], the motion characteristics between young and elderly
populations are expected to be different. Therefore, generalization of the testing results
obtained from young participants to the elderly population should be made with caution.
Second, the current study induced slip-induced backward falls during walking. For most of
the previous studies [13], [15], [23], various types of falls were performed by the
participants voluntarily falling from standing posture. More recently, more naturalistic falls
due to balance perturbation have been incorporated in a few fall detection studies [11], [12].
The current study represents another effort to evaluate an algorithm in falls initiated during
dynamic activity.

The new algorithm was also found to be able to successfully detect the fall event prior to the
impact, with an average response time to be 255 ms. Response time has great implications in
designing a wearable injury protection system. Being able to detect falls faster (i.e., shorter
response time) or in other words, being able to provide more time (i.e., more lead-time) for a
wearable protection system to function before the fall impact occurs is very critical to
prevent/reduce impact-related injuries. Due to the safety concerns, no actual fall impact was
allowed in the current study. Thus, the actual lead-time was not available from the current
study.

The trunk segment was selected as the focus of the current study based on the practical
consideration that trunk segment was an ideal site of ambulatory sensor attachment. It is
agreed by many researchers that the trunk segment is the optimal location for a fall detector
due to its proximity to the body’s center of mass and acceptable user compliance [13], [24].
Nevertheless, the upper arms, shanks, and head could also be desirable body sites for fall
detectors attachment [25].

The new algorithm, in essence, is a threshold technique. It may be argued that other
classification techniques should be adopted in developing a fall detection algorithm. These
techniques may include neural networks [26], wavelet technique [27], [28], and so on.
However, as explained in details by Karantonis et al. [29], the real-time and prior-to-impact
nature of fall detection task imposed several constraints on choosing a classification
technique and dictates the choice of threshold technique in the algorithm design.

As a proof of the concept, the current study was associated with various limitations and
simplifications. First, the detection algorithm was developed specifically for backward falls.
The backward falls were chosen in the current study mainly due to the fact that slipping was
considered the most frequent unforeseen triggering event leading to majority of the falls on
the same level [3]. In the future, it is certainly desirable to further enhance the detection
algorithm for as many different types of falls as possible. Second, the fall dynamics in the
current study was not complete due to the adoption of safety harness. In addition, the current
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study is also limited by small sample size and healthy elderly participants only. Future
studies with a larger sample size and diverse participant populations would certainly
enhance the external validity of the new fall detection algorithm. In addition, a fall detection
with generic detection threshold may not be able to achieve the optimal performance at
individual user level, which could be addressed by adopting an individual-specific detection
model [11] or an automatic individual calibration concept [12].

In conclusion, the current study developed and validated a new fall detection algorithm,
which is able to detect slip-induced backward falls prior to impact with high sensitivity and
specificity. Such algorithm would be extremely useful toward developing a wearable fall
injury protection system.
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Fig. 1.
Ilustration of fall experiment setup (IMU: inertial measurement unit).
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Iustration of slip-induced backward fall.
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Composite illustration of trunk angular phase plots from all the ADL trials (indicated by
dots) and all the backward fall trials (indicated by lines).
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