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Abstract
Elderly falls are a growing phenomenon observed within the world.
According to World Health Organization (WHO), it is the second
leading cause of unintentional or accidental deaths among the
elderly. Thus, the need for research regarding the development of fall
prevention, detection, and gait analysis systems is eminent. The
research aims to detect and prevent falls as well as analyse elderly
gait. An evaluation of the efficiency of six machine learning
algorithms on a publicly available joint fall detection dataset is
performed. The current state-of-the-art provides a robust deep
neural network for fall detection (FD-DNN) to detect falls. However,
the accuracy of the fall prediction was increased from 99.17% to
99.88% by using the K-nearest Neighbor providing the future
research with the most optimal machine learning algorithm. An
extensive literature review of factors aiding fall prevention is
performed to aid in the creation of a fall prevention system.
Additionally, an exploration of extracting gait dynamics and
categorization of physical intensity from acceleration data obtained
from a tri-axial accelerometer was undertaken. The key findings of
this study are further utilised in phase 2 of the research project.

The research evaluates the efficiency of six machine learning algorithms
including Decision Tree, Logistic Regression, Naïve Bayes classifier, Support
Vector Machines, Random Forest, and K-nearest Neighbor. From the
dataset, Figure 3 showcases an ADL and Figure 4 showcases a Fall.

Figure 3: ADL
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Figure 5: Factors impacting fall prediction
Figure 4: Fall

• Pre-processing: The joint dataset was down sampled to 100 Hz and
Step 2 normalised followed by removal of noise using moving average filter.
• Cross-validation: Application of 10 fold cross validation for training and
Step 3 testing.
• Fall detection simulations: Training and testing of six machine learning
Step 4 algorithms
• Selection of optimal machine learning algorithm based on sensitivity,
Step 5 specificity, and accuracy.
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Using the literature review undertaken this semester, next phase we
will build a system or tool that enables relatively easy classification of
people to determine if they are ‘high risk fallers’ who can then be
referred where appropriate.

Gait Analysis
Gait analysis was performed using a simulated movement signal via
tri-axial accelerometer data. It was found that the Physical Activity
(PA) monitoring using accelerometry techniques enables automatic
and continuous measurement of subjects in a free-living
environment. Similar PA counts and intensity were used to estimate
the energy expenditure to evaluate one’s risk of falling and mobility
level. Gait phase detection was performed in MATLAB and the model
recognized activities as either climbing, walking, or descending.
Dataset Selection
• Simulated 10s of noisy walking data from a triaxial accelerometer i.e., raw acceleration data
from the sensor
Pre-processing
• The noise frequency components were filtered using a 4th order lowpass Butterworth filter.
Gait Extraction
• Gait metrics are derived from the filtered acceleration signals. Autocorrelation of the vertical
signal was calculated to derive metrics such as step regularity, stride regularity, and step
symmetry.
Categorization
• Calculation of vector magnitude of counts is done by rectifying the signal and using
numerical integration to calculate the Physical Activity count that are then categorized using
cut-point sets.
Descriptive statistics
Maximum, Mean,
Standard deviation of
acceleration

Table 1: Sensitivity, Specificity and accuracy of six machine learning classifiers
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• Dataset selection: A combination of SisFall, MobiFall and self-developed
Step 1 sensor data from SMIEES were used to construct a joint dataset.

As highlighted in Figure 1, 1 in 3 people aged over 65 have a fall each year
and falls cost healthcare in Australia over $600 million. According to the
World Health Organization (WHO), it is the second leading cause of
unintentional or accidental deaths among the elderly. Falls impact both the
physical and mental health of the user. The psychological effects include
depression, anxiety, fear of falling, and restricting activities of daily living
(ADL). The fear of falling has caused an estimated 60% of the elderly
people to restrict their ADLs creating a negative cycle of not performing
ADLs which impacted their gait imbalance and deteriorating muscles
leading to falls. Figure 2 depicts a vicious fall cycle that may repeatedly
happen due to the fear of falling in the elderly. Thus, the need for research
regarding the development of fall detection systems is eminent. This
research aims to exploration the use of wearable devices to prevent and
detect falls and monitor gait.

Due to the serious implications caused by falls, It is vital to develop
mitigation strategies to reduce the likelihood and severity of falls. One
such way is to predict if a person will have a fall in the future. Figure 5
illustrates that Predicting falls uses a range of different factors.
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The methodology utilized to obtain the most optimal machine learning
algorithm for fall detection.
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Figure 2: Fall Life Cycle

The current state-of-the-art provides a robust deep neural network
for fall detection (FD-DNN) to detect falls using the self-built sensor
while consuming low power. However, KNN was able to achieve a
higher accuracy and outperform the state-of-the-art .
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With falls having a widespread impact in most communities, it is
imperative that prevention and detection systems are continually
developed and improved to help mitigate the negative effects of falls.
Not only does it affect a person’s quality of life, but it could also
restrict their ability to function independently. Our research across
phase 1 of this project has indicated various analysis methodologies,
including gait analysis, fall detection, and fall prevention. These
methodologies can be used to assist in improving a person’s quality of
life. Gait analysis can be utilised to infer what action a person is
completing. Fall detection can be used to monitor and alert a support
network should a person have a fall. Fall prevention can be used to
identify those at ‘high risk’ of falling and refer those identified to falls
clinics for further education on falls. The research aims to help the
elderly live free from injuries caused by falls that may impede their
everyday life.

Future Developments
During the timeframe of this research, there are several key areas for
future developments that may possibly be undertaken. We would
outline a set of comprehensive falls and ADLs that may be performed
by the subjects. Wearable devices will be used to perform identified
falls and ADLs to collect novel data that may aid fall prevention,
detection, and gait analysis. To increase the extent and effectiveness
of data collection, we may collaborate with the health faculty to
obtain live data for analysing ADLs and falls. Most importantly, we
would seek to publish either raw data or pre-processed data, perform
feature extraction from the collected data and possibly develop a
Fuzzy Expert System to assist in identifying ‘high risk’ falls patients.
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