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Abstract - In US, over 70% of elders visit emergency room caused by fall-related injury. To reduce the chance of falls, pre-
impact fall prediction model is developed. It detects falls before body hits on ground which will reduce long lie by sending 
alarm immediately or prevent or reduce injuries by integrating with on demand fall protective system. Previous studies used 
machine learning algorithm for pre-impact fall prediction model to overcome the limitation of threshold-based methods. 
However, the machine learning based fall prediction was classified as binary classes which do not consider various types of 
falls and activity daily livings (ADLs). Additionally, most of studies used window-based data for classification model 
instead of time-series based datasets. Therefore, in this study, the machine learning based fall prediction model is developed 
to predict multi-class fall prediction model which can classify 10 different types falls along with 14 types of ADLs and 
evaluated the performance of 4 different machine learning classifiers along with window based versus time-series based 
models. Our results showed that the long short-term memory showed highest average classification accuracy of 99.946 ± 
0.072 % with the number of false negative and positive misclassification of 15, respectively. Therefore,the developed pre-
impact fall prediction model can send the injury details of patients for better emergency treatment or allow the fall protective 
or exoskeleton systems to perform more precise feedback mechanisms which may reduce the incidence of falls and severity 
of physical injuries. 
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I. INTRODUCTION 
 
Falls are one of the major leading causes of deaths or 
physical injuries. In US, more than 70% of people 
aged of 75 and above who goes to emergency room is 
caused by fall-related injuries [1] and a person who 
experienced fall have higher chance to fall again [2]. 
Pre-impact fall prediction can detect falls before 
impact which can send alarm service faster to reduce 
long lie condition but also prevent or reduce physical 
injuries and risk of hospitalization by 26% and death 
by 80% [3-5]. Pre-impact fall prediction model can 
apply to on-demand fall protector system for inflation 
of hipairbag to reduce the intensity of falling impact 
[6].Additionally, it also applied to rotary series elastic 
actuator or robotic exoskeleton for giving assistive 
force during falling by allow a person to recover 
balance may preventing from falling [7, 8]. 
 
There are several studies on pre-impact fall detection 
system using various methods to predict falls prior to 
fall impact [9, 10]. Previous researches used number 
of fall indicators and its pre-defined threshold value 
for pre-impact fall prediction [11]. Reference 12used 
vertical velocity thresholding value of 1.3 m/s of 
trunk to distinguish four different types of falls and 
showed 100% specificity with average lead time of 
323 ms. Additionally, reference 10 used trunk 
acceleration and angle with threshold value of 7 m/s2 
and > 3 degree/s to distinguish 3 different fall types 

and 3 ADLs with average lead time of 329ms. A 
threshold-based detection method is simple, 
computationally efficient, and easy to apply to real 
time application. However, the fall indicator for 
example, trunk accelerations or velocity and its 
threshold values are different for each previous 
research and the performance such as the rate of false 
alarm or misclassification is dependent to fall 
indicator or it threshold value.  
To overcome the limitations mentioned above, a few 
research group applied machine learning algorithms 
for pre-impact prediction. Reference 13 developed 
pre-impact fall detection with on-demand fall 
protector system using binary support vector machine 
classifier to classify lateral fall vs ADLs within 
sliding window to inflate hip airbag. Reference 14 
applied support vector machine classifier by 
performing sliding window process to detect fall 
before impact. Four fall types and eight activity daily 
livings (ADLs) were classified as fall or non-fall with 
the result of 100% sensitivity and lead time of 
203.59ms. These research group classified fall as 
binary type using sliding window techniques. 
Another research group used time-series based 
Hidden Markov Model (HMM) predict fall events as 
binary classification technique [15]. They extract 
acceleration time series for different activities as 
input of HMM model. The output probability P is 
defined as threshold for fall or non-fall activity and 
results showed 100 % of sensitivity and 88.7 % of 
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specificity with average of 200 to 400ms. They 
reported that human motion is continuous time series 
where it is different between subjects and activities 
where single frame within fixed window cannot 
represent information of human motions.   
The increasing importance of predicting fall prior to 
impact, there is no pre-impact fall prediction model 
that classify various ADLs and fall types as multi-
class. Instead, previous researchers predicted fall and 
ADLs as binary class type even though they 
conducted experiments which includes various type 
of fall and ADLs. Previous research reported that the 
location of physical injuries caused by falls are 
depend on the impact site or direction of falls [16]. 
The hip fractures are most common type of fall which 
occur when the person falls from sideways [17] and 
the upper extreme injuries such as wrist fractures 
usually occur when person falls on forward or 
backwards using hands [18]. Additionally, the 
extrinsic falls such as tripping increased the 
possibility of fracture dislocation of femur or knee 
effusion [19] and slips caused high fracture rate of 
upper limb fracture especially humeral [20]. The 
binary classification methods cannot differentiate the 
types of falls which means the direction or impact 
location of body cannot be predictable. Therefore, it 
is important to predict various type of fall prior to fall 
impact which can predict the direction and fall impact 
site and enabling rapid, accurate reaction for fall 
protector or prevention devices.  
Therefore, the primary goal of this research is to 
develop robust multi-class pre-impact fall prediction 
model which classify 10 fall types and 14 ADLs and 
evaluate the performance of various machine learning 
based algorithms.  
 
II. MATERIAL AND METHODS 
 
A. Participants 
This study involved 12 healthy volunteer subjects (6 
male and 6 female) ranged in age from 22 to 30 years, 
body mass 48 – 81 kg and height from 1.60 to 1.81 m. 
All volunteers performed experiment were students at 
SungKyunKwan University and recruited through 
advertisements or were a graduate student and all 
participants provided informed written consent. All 
experiments were performed in accordance with 
relevant approved guidelines of Sungkyunkwan 
University. 
 
B.  Apparatus 
In this research, the costumed designed device was 
used which includes inertial measure unit (IMU) 
module with a dimension of 22 x 40 x 70 mm and is 
placed inside of a hard-plastic box which allow to be 
fixed on a belt. The IMU module (MPU-6050, JK 
Electronics, Korea) provide 3 axes of accelerometer 
and angular velocity data, however, we only used 3 
axis accelerometer data. It converted as digital value 
through 16-bit analog digital converter (ADC) from 

analog accelerometer data and gives 0.000488g 
resolution since the full-scale range is set as -16 to 
16g. We adopted Micro Computer Unit (MCU) and 
Bluetooth 2.0 wireless module (ESD100V2, SENA) 
to receive digital accelerometer signal. The costumed 
designed device includes 3.7 lithium polymer battery 
(LP503035, PKCELL, China) which allow recharge 
through micro USB 5 pin connector and used 3.3V 
regulator (LF33CDT, STMICROELECTRONICS, 
USA) for voltage stabilization. 
 
C.  Experimental protocols 
 
The goal of the presented work is to develop a robust 
fall prediction model. In this research, one costumed 
designed IMU sensor was placed on left anterior iliac 
crest of the pelvis during simulated ADLs and falls 
by young volunteers as shown in figure 1.All falls 
and ADL were performed under the direct 
supervision of the support staffs and removed the 
collected data in which the sensor is removed or 
turned off. The experimental protocol is constructed 
to mimic realistic ADL and falls that most often 
occur among elders referenced from previous 
researches [21].The experimental protocol is 
comprised of total of 24 activities, 14 ADLs, and 10 
falls as shown in table 1. 
 

 
Fig. 1 The custom designed IMU sensor placed on left anterior 

iliac crest of the pelvis on subject. The accelerometer data is 
sent and received from Bluetooth module and receiver. 
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TABLE I. The experimental protocol of 10 types of falls and 14 
types of ADLs results in total number of 3062 datasets. N 

represents the number of subject and n represents the number 
of trial for each activity. 

 
 
D.  Data processing 
The accelerometer data for all ADLs and fall were 
collected and the median filter with window size of 3 
was applied to reduce the noise from raw data. As 
shown in figure 2, we extracted 26 fall indicators 
from each frame to pre-impact fall prediction model, 
since it represents discriminative information. Next 
step, we calculated maximum, minimum, average, 
median, variance, skewness and kurtosis for 26 fall 
indicators within activity duration for discrete-
window based datasets and sliding window size of 5 
within activity duration for time-series based datasets. 
Total of 182 feature candidates were extracted for 
future input variables for classifiers. A feature 
selection is an important by reducing number of 
feature set which allow to improve the performance 
of classifier, providing faster and effective predictors 
[22]. In this research, we used Infinite Latent Feature 
Selection (ILFS) feature selection method. This 
approach finds ranking step for all combination of 
feature candidates to determine relevancy. The total 
of 30 final features were selected from 182 candidates 
for each falls and ADLs that shows high relations 
[23]. 

 
Fig. 2 Fall indicators extracted from tri-axial accelerometer 

data from single frame and total of 182 maximum, minimum, 
average, median, variance, skewness and kurtosis of fall 

indicators within window are extracted. 
 
E.  Pre-impact fall prevention classifiers 
To classify the predicted outcome of fall type, 4 
supervised machine learning classifiers were used as 
follows: 1) Naïve Bayes classifier (NB) 2) k-Nearest 
Neighbour (k-NN) 3) Quadratic discriminant analysis 
(QDA) 4) Long Short-term Memory network (LSTM). 
NB which is based on the Bayes rule. This classifier 
assumes input feature variables are independent to 
each other to calculate the posterior probability of 
features to target vectors.The kernel smoothing 
distribution is applied. k-NN is a method to find the k 
nearest neighbors of input and uses voting system to 
find the class types. In this research, we chose the 
value of k to 5 and used minkowski as distance metric 
[24]. QDA is a method that uses quadratic 
discriminant function that assume the covariance of 
each classes is identical [25]. LSTM is efficient 
gradient-based network that overcome vanishing 
gradient error shown by recurrent neural network. 
This architecture network can learn over 1000 
sequence in time series without losing short time lag. 
In this research, LSTM model composed of 5 layers 
(input time sequence layer, LSTM layer, fully 
connected layer, softmax layer, output layer). The 
schochastic gradient descent with momentum 
function was applied with initial learning rate was set 
as 0.1 and the momentum was set as 0.9. The input 
size was 30 and LSTM layer with 1500 hidden units 
and output size of 24. The long-short term memory 
with 64 memory blocks was applied along with 
normalization of softmax layer [26].  
 
F.  The evaluation of machine learning classifiers 
To evaluate the performance of classifiers, the fall 
and ADLs dataset analyzed using 10-fold cross 
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validation and carried out 10 times. The 10 respective 
datasets are randomly sampled as training and test 
data. The average classification accuracy, and number 
of false positive (FP) and false negative (FN) is 
calculated. All the data processing was performed by 
using MATLAB program (R2017a, MathWorks, 
USA). 
 

 
Fig. 3The pre-impact fall prediction model flow chart. 

 
III. RESULTS 
 
A.  The average classification accuracy of pre-
impact fall prediction 
 
As shown in figure 4, the LSTM showed highest 
average classification accuracy of 99.946 ± 0.072%, 
the k-NN showed average classification accuracy of 
99.713 ± 0.163 %, the NB showed average 
classification accuracy of 98.897± 0.031 % and QDA 
showed lowest average classification accuracy of 
98.378 ± 0.028 %. 
 
B.  The number of misclassification of pre-impact 
fall prediction 
As shown in table 2, the number of FN or FP of falls 
or ADLs by machine learning algorithms were 
analyzed to find misclassification of different type of 
fall and ADLs. The LSTM and QDA showed the 
number of 15 FN and FP and 496 FN and FP. 
Additionally, the NB frequently misclassified 
backward falling while walking and left lying with 
total of 340 FN and FP, respectively. There was no 
misclassification of front lying, back lying, stand to 
lying and lying to stand for all 4 classifiers. 
 

 
Fig. 4The comparison of classification accuracy for 4 classifiers 

for pre-impact fall prediction model 
 
TABLE IIThe total number of false negative and 
positive of each ADLs and fall types for 4 classifiers 
for fall detection model is analyzed. The number of 
false negative and positive is sum of 10 times of 10-
fold cross validation results. 
 

TABLE III The training and test time for 3 discrete-window 
and 1 time-series based machine learning classifiers. 
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C.  The pre-impact prediction classifiers training 
and test time 
The training and test time of 4 classifier were 
analyzed as shown in table 3. The training and test 
time was fastest for KNN with 0.057 ± 0.020 sec and 
0.053 ± 0.049527 sec, respectively. The NB classifier 
showed the test time of 6.276 ± 0.744 sec which is 
higher than the training time of 1.399 ± 0.256 sec.The 
longest training and test time was LSTM with 
317.852 ± 50.772 sec, 76.440 ± 3.345 sec. 
 
DISCUSSION AND CONCLUSIONS 
 
In this research, we evaluated the accuracy, number 
of FN, FP of each ADLs and fall types (total of 24 
different types of activities) and training and test time 
multi-class pre-impact fall prediction algorithms. The 
pre-impact fall prediction model involved feature 
extraction and selection using ILFS algorithm and 
various machine learning algorithms of 4 (3 discrete-
window: NB, k-NN, QDA, and1 time-series based: 
LSTM) to classify each type of ADLs and falls prior 
to impact. 
As mentioned above, several previous researchers 
reported that the SVM classifier for fall prediction or 
detection outperform among other machine learning 
classifiers. Since, the experiment protocol or the 
function or hyperparameters of classifiers may 
different from ours, the results cannot directly 
comparable. Reference 27 reported that when the lead 
time increases, the sensitivity or specificity of pre-
impact fall prediction model decreased, and it is 
dependent on window size. Also, reference 14 used 
binary classification of fall and non-fall using SVM 
with lead time of 203ms. There are studies tried to 
classify physical activities of time series-based data 
which is high dimensional data to find similarities 
between dataset [28]. In this research, the 
accelerometer time-series based LSTM classifier was 
applied to pre-impact fall prediction. Reference 15 
reported the first time using time series data to detect 
fall types. However, they only used forward and 
sideway falls and mentioned the results of fall 
detection specificity of 87.3 % over fall vs non-fall 
classification with optimal lead time of 200~400ms. 
The time-series based fall prediction model for our 
proposed model is showed higher classification rate 
and the less number of misclassification as compared 
to previous research. the LSTM showed classification 
accuracy of 99.946 % with the number of FN, FP of 
15. The LSTM is sequential structural which is more 
suitable to sequence modeling such as language 
classification [29]. There is still debate on which deep 
neural network classifier is suitable in other areas 
such as language classifications.  
In this research, we used 4 supervised machine 
learning classifiers which widely used in activity 
classification researches except LSTM. We did not 
describe the effects of the functions or 
hyperparameter for same classifiers to the prediction 

performance in this research. However, the 
classification accuracy decreased when the linear 
function was applied to discriminant analysis 
classifier instead of quadratic function. Also, the k 
value and triplet value for k-NN classifier effects the 
classification accuracy and training time, respectively. 
As mentioned in [30], one-nearest neighbor is used in 
this research since it shows the better performance. 
Therefore, it is important to determine the optimal 
hyperparameter values and functions of each 
classifiers which results high classification accuracy 
with less FN or FS as possible. One of the importance 
factor to consider when developing fall prediction 
model is if the prediction model can be applied to real 
world. Since, the fall event occurs within 2 secs after 
losing balance of body, for instance the fall rightward 
from standing position or to ground from standing 
position’s activity duration were 1.11 s (frame = 
44.419 ± 7.398), 1.59 s (frame = 63.967 ± 14.211), 
the test time of classifiers need to be fast. As we 
mentioned in results, the k-NN classifier showed the 
fastest testing time which similar to previous 
researches [31] but showed low classification with 
high number of FN or FS. Many previous researches 
only consider the lead time or on-demand protector 
operation time and did not consider the test time 
especially when unsupervised or supervised learning 
algorithm is applied. Therefore, the both of lead time 
and test time or classifier prediction time need to be 
considered. 
Supervised learning classifier require the labeling of 
training and test datasets. Reference 32 reported that 
there is no automatic process to determine initiation 
and impact of fall event so this process is done by 
hand and it is heavy labor work when the number of 
dataset is large. In this research, we applied the 
iterative least-squares curve-fit of a gaussian function 
of the first-derivated sigma vector magnitude of 
accelerometer data for automatic data labeling 
process to find activity or fall duration. This 
preprocess reduced much time for labeling over 3000 
datasets of falls and ADLs. However, the parameters 
such as slope threshold or amplitude were manually 
determined without optimization process which may 
not applied to high variational data. Therefore, in 
future, this method need to be more robust to noisy 
data to applied to real life.  In this research, the near-
fall types experiment is not considered. Previous 
researchers reported that the possible reason for low 
accuracy of fall detection model applied in real world 
is caused by not applying near-fall scenario [33]. So 
far, reference 34 conducted the laboratory experiment 
including near-fall scenario to pre-impact fall 
detection using threshold-based methods. Therefore, 
to apply the machine learning classifier to real world, 
the near-fall scenario-based fall types need to be 
considered to reduce false rate.  
In conclusion, we developed machine learning based 
multi-class pre-impact fall prediction model to predict 
10 different types falls along with 14 types of ADLs. 
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The developed pre-impact fall prediction model can 
send the injury details of patients for better 
emergency treatment or allow the fall protective or 
exoskeleton systems to perform more precise 
feedback mechanisms which may reduce the 
incidence of falls and severity of physical injuries. 
 
ACKNOWLEDGEMENTS 
 
This research was supported by Basic Science 
Research Program through the National Research 
Foundation of Korea (NRF) funded by the Ministry 
of Education (grant number 
2017R1D1A3B03033675). 
 
REFERENCES 
 
[1] R. W. Sattin, “Falls among older persons: a public health 

perspective”,Annu Rev Public Health, Vol. 13, pp. 489-508, 
1992. 

[2] W. P. Berg, H. M. Alessio, E. M. Mills, and C. Tong, 
“Circumstances and consequences of falls in independent 
community-dwelling older adults”, Age and ageing, vol. 24, 
pp. 261-268, 1997.  

[3] X. Hu, and X. Qu, “Pre-impact fall detection”, Biomedical 
engineering online, Vol. 15(1), pp. 61, 2016. 

[4] R. Rajagopalan, I. Litvan, andT. P. Jung, “Fall prediction 
and prevention systems: recent trends, challenges, and future 
research directions”,Sensors, Vol. 17(11), pp. 2509, 2017. 

[5] N. Noury, P. Rumeau, A. K. Bourke, G. ÓLaighin, and J. E. 
Lundy, “A proposal for the classification and evaluation of 
fall detectors”,Irbm, Vol. 29(6), pp. 340-349, 2008.  

[6] T. Tamura, T. Yoshimura, M. Sekine, M. Uchida, and O.  
Tanaka, “A wearable airbag to prevent fall injuries”, IEEE 
Transactions on Information Technology in Biomedicine, 
Vol. 13(6), pp. 910-914, 2009. 

[7] K. Kong, J. Bae, andM. Tomizuka, “A compact rotary series 
elastic actuator for human assistive systems”,IEEE/ASME 
transactions on mechatronics, Vol. 17(2), pp. 288-297, 2012.  

[8] V. Monaco, P. Tropea, F. Aprigliano, D. Martelli, A. Parri, 
M. Cortese, andS. Micera, “An ecologically-controlled 
exoskeleton can improve balance recovery after 
slippage”,Scientific reports, Vol. 7, pp. 46721, 2017. 

[9] G. Zhao, Z. Mei, D. Liang, K. Ivanov, Y. Guo, Y. Wang, 
andL. Wang, “Exploration and implementation of a pre-
impact fall recognition method based on an inertial body 
sensor network”, Sensors, Vol. 12(11), pp. 15338-15355, 
2012. 

[10] M. N. Nyan, F. E. Tay, and E. Murugasu, “A wearable 
system for pre-impact fall detection”,Journal of 
biomechanics, Vol. 41(16), pp. 3475-3481, 2008.  

[11] G. E. Wu, and S. Xue, “Portable preimpact fall detector with 
inertial sensors”,IEEE Transactions on neural systems and 
Rehabilitation Engineering, Vol. 16(2), pp. 178-183, 2008.  

[12] A. K. Bourke, K. J. O’donovan, and G. Olaighin, “The 
identification of vertical velocity profiles using an inertial 
sensor to investigate pre-impact detection of falls,”Medical 
Engineering and Physics, Vol. 30, pp. 937-946, 2008. 

[13] G. Shi, C. S. Chan, W. J. Li, K. S. Leung, Y. Zou, and Y. Jin, 
“Mobile human airbag system for fall protection using 
MEMS sensors and embedded SVM classifier”,IEEE 
Sensors Journal, Vol. 9(5), pp. 495-503, 2009.  

[14] S. Shan, and T. Yuan, “A wearable pre-impact fall detector 
using feature selection and support vector machine”, 
ICSP’10, 2010,p. 1686-1689.  

[15] L. Tong, Q. Song, Y. Ge, and M. Liu, “HMM-based human 
fall detection and prediction method using tri-axial 
accelerometer”,IEEE Sensors Journal, Vol. 13(5), pp. 1849-
1856, 2013.  

[16] K. M. DeGoede, J. A. Ashton-Miller, and A. B. Schultz, 
“Fall-related upper body injuries in the older adult: a review 

of the biomechanical issues,”Journal of biomechanics, Vol. 
36, pp. 1043-1053, 2003.  

[17] L. Z. Rubenstein, “Falls in older people: epidemiology, risk 
factors and strategies for prevention”,Age and ageing, Vol. 
35, pp. 37-41, 2006. 

[18] M. C. Nevitt, and S. R. Cummings,“Type of fall and risk of 
hip and wrist fractures: the study of osteoporotic fractures’,J 
Am Geriatr Soc,Vol. 41, pp. 1226–34,1993. 

[19] D. W. Kelly, andB. D. Kelly, “A novel diagnostic sign of 
hip fracture mechanism in ground level falls: two case 
reports and review of the literature”,Journal of medical case 
reports, Vol. 6(1), pp. 136, 2012. 

[20] Z. Merrill, A. J. Chambers, and R. Cham, “Arm reactions in 
response to an unexpected slip—Impact of aging’,Journal of 
Biomechanics, Vol. 58, pp. 21-26, 2017. 

[21] N. Noury, A. Fleury, P. Rumeau, A. K. Bourke, G. O.  
Laighin, V. Rialle, and J. E. Lundy, “Fall detection-
principles and methods”, EMBS’07, 2007,p. 1663-1666.  

[22] Y. Saeys, I. Inza, and P. Larrañaga, “A review of feature 
selection techniques in bioinformatics”,bioinformatics, Vol. 
23(19), pp. 2507-2517, 2007.  

[23] G. Roffo, S. Melzi, U. Castellani, and A. Vinciarelli, 
“Infinite Latent Feature Selection: A Probabilistic Latent 
Graph-Based Ranking Approach”,arXiv preprint arXiv, pp. 
1707.07538, 2007.  

[24] S. H. Youn, T. Sim, A. Choi, J. Song, K. Y. Shin, I.K. Lee, 
and J. H. Mun, “Multi-class biological tissue classification 
based on a multi-classifier: Preliminary study of an 
automatic output power control for ultrasonic surgical 
units”,Computers in biology and medicine, Vol. 61, pp. 92-
100, 2015. 

[25] K. S. Kim, H. H. Choi, C. S. Moon, and C. W. Mun, 
“Comparison of k-nearest neighbor, quadratic discriminant 
and linear discriminant analysis in classification of 
electromyogram signals based on the wrist-motion 
directions’,Current applied physics, Vol. 11(3), pp. 740-745, 
2011.  

[26] S. Hochreiter, andJ. Schmidhuber, “Long short-term 
memory,”Neural computation, Vol. 9(8), pp. 1735-1780, 
1997. 

[27] O. Aziz, C. M. Russel, E. J. Park, and S. N. Robinovitch, 
“The effect of window size and lead time on pre-impact fall 
detection accuracy using support vector machine analysis of 
waist mounted inertial sensor data,” EMBC’14, 2014, p.30-
33. 

[28] X. Wang, A. Mueen, H. Ding, G. Trajcevski, 
P.Scheuermann, and E. Keogh, “Experimental comparison 
of representation methods and distance measures fortime 
series data”,Data Mining and Knowledge Discovery, Vol. 
26(2), pp. 275-309, 2013. 

[29] W. Yin, K. Kann, M. Yu, and H. Schütze, “Comparative 
study of cnn and rnn for natural language processing”,arXiv 
preprint arXiv, pp. 1702.01923, 2017. 

[30] X. Xi, E. Keogh, C. Shelton, L. Wei, and C. A.  
Ratanamahatana, “Fast time series classification using 
numerosity reduction”, In Proceedings of the 23rd 
international conference on Machine learning, pp. 1033-
1040), 2006.  

[31] L. B. Marinho, A. H. de Souza Junior, and P. P. Rebouças 
Filho, “A new approach to Human Activity Recognition 
using Machine Learning techniques’, In International 
Conference on Intelligent Systems Design and Applications, 
pp. 529-538, 2016.  

[32] S. Johansson, “A machine-learning based approach to pre-
impact fall detection with wearable devices: MOTION 
MONITORING USING SENSOR FUSION AND THE 
SUPPORT VECTOR MACHINE,” 2015. 

[33] A. Weiss, I. Shimkin, N. Giladi, and J. M. Hausdorff, 
“Automated detection of near falls: algorithm development 
and preliminary results”,BMC research notes, Vol. 3(1), pp. 
62, 2010.  

[34] J. K. Lee, S. N. Robinovitch, and E. J. Park, “Inertial 
sensing-based pre-impact detection of falls involving near-
fall scenarios’,IEEE transactions on neural systems and 
rehabilitation engineering, Vol. 23(2), pp. 258-266, 2015. 


