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Identification of Soft Falls based on Falling State

Occurrences

Thein Gi Kyaw!, Anant Choksuriwong?, and Nikom Suvonvorn3

ABSTRACT: Fall detection techniques for helping the elderly have been de-
veloped based on identifying falling states using simulated falls. However, some
real-life falling states were left undetected, which led to this work on analysing
falling states. The aim was to find the differences between active daily living and
soft falls (syncope) where falling states were undetected. Our new fall detection
method is based on threshold-based algorithms using acceleration data stored in
an activity database. This study addresses soft falls in addition to general falls
based on two falling states. Despite the number of false alarms being higher, rising
up to 28%, the accuracy and sensitivity were increased by up to 71%, and 66.5%,
respectively. Our experimental results show the importance of state occurrence
for soft fall detection, and could be used to build a learning model for soft fall
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1. INTRODUCTION

Falling is a significant danger for the elderly. Ap-
proximately 30-50% of people living in long term care
institutions fall each year, and 40% of them experi-
ence recurrent falls [1]. The effect of medication can
generate dizziness or weakness in the balance mecha-
nism [2]. Gait disorders, syncope and dizziness, and
sudden falls without a loss of consciousness account
for 17%, 13%, and 9% of falls respectively [3]. For el-
derly people living alone, the number of non-injured
fallers is around 47% [4]. Those who remain un-
helped for a long time on the floor could die within
six months [5]. In these cases, the elderly people de-
scribe the fall as loss of balance while doctors lead
the search to provide the optimal treatment for this
ill health. The definition of a fall is not only difficult
but also important.

Reliable fall detection is essential within indepen-
dent living facilities for the elderly. By continuously
monitoring their activities, a fall can be quickly de-
tected and an alarm raised. Various fall detection
systems have been proposed using floor vibration sen-
sors [6], acoustic sensors [7], cameras [8], Wi-Fi [9],
and wearable accelerometer sensors [10, 11]. Most of
these approaches are localized and expensive, suffer

from privacy problems, and have a limited range. On
the other hand, low-cost wearable sensors can be used
everywhere for monitoring the elders.

Algorithms for rapid detection have employed
approaches based on thresholds [12] and machine-
learning [13, 14]. Hybrid approaches [9] have applied
a classification scheme based on falling states con-
sisting of a pre-impact stage, fall impact, horizontal
orientation following a fall (post-impact), and static
motion after the fall. Most real-time fall detection
methods use a wireless tri-axial accelerometer, gyro-
scope, and magnetometer together with other sensors
used for sensing on one or more of these falling states
[12-13, 15-21].

Pannurat [12] utilized wireless tri-axial accelerom-
eters placed on different parts of the body to de-
tect the phase of a fall with accuracies of 86.54%,
87.31%, and 91.15% for the pre-impact, impact, and
post-impact stages respectively. However, some high
impact daily activities were misclassified as falls, and
mounting sensors at certain body positions offer less
performance than the thigh and ankle in terms of sen-
sitivity. Nevertheless, this work offered insights into
how to improve performance in terms of specificity
and accuracy.

Kangas [15] has proposed three threshold-based
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fall detection algorithms based on multiple falling
states. They use tri-axial accelerometer sensors at-
tached to multiple body locations including the waist,
head, and wrist. He noted that the start of a fall may
be undetected because of a lower velocity than the
predefined threshold represented by a person falling
first to their knees, and followed by an impact to their
waist or hands. Also, there was minimal impact at
the waist level for backward falls that ended in a soft
landing with a rounded back. However, backward
falls were still correctly detected based on head posi-
tion information.

Bourke [16] developed and tested a threshold-
based detection algorithm using tri-axial accelerom-
eter sensors attached to a person’s trunk and thigh,
and utilizing two falling phases (pre-impact, and im-
pact). Lower impact values were recorded in real life
compared to when elderly people lost control which
led to their fall, highlighting the differences between
real and simulated falls.

Lee [17] proposed a novel fall detection method
based on a pre-impact falling phase using vertical
velocity and a separate two method comparison for
near-falls. The former used accelerometers and gy-
roscopes, and the latter applied accelerometers only.
In certain cases stand-to-sit falls were misidentified
as activities of daily living (ADLs) because the ver-
tical velocity did not reach a predefined threshold
value. Moreover, stand-to-lie ADL was sometimes
mislabeled as falls because of the fast downward ve-
locity of the pre-impact falling state.

Pierleoni [18] used a three-axis accelerometer, a
three-axis gyroscope, a three-axis magnetometer, and
a barometer sensor, all embedded in a waist-mounted
device, which discriminated between falls, falls with
recovery, and ADL, by using threshold-based adopted
testing protocols based on three falling states (e.g.
impact, post-impact (static motion), and body orien-
tation) to solve the problem of identifying the back-
ward falls ending in a sitting position without an ori-
entation change or syncope. This work reduced the
number of false negatives by using information about
the orientation and altitude signal. In particular, it
excluded forward falls involving an attempt to break
the fall, and falls involving leaning against a wall and
slipping to the floor that end with sitting. This work
proves that fusing data from combinations of many
sensors leads to higher performance.

Bagala [19] examined thirteen algorithms for de-
tecting falling states, and found that some of the
falling states detected in simulated falls did not cor-
respond to real-world falls. Also, the performance of
fall detection approaches in real life conditions was
lower than that for simulated falls, which was also a
conclusion by Bourke [16].

Some of the falling states detected in simulated
falls did not correspond to real-world soft falls. This
is a reflection of how it is hard to detect these falling
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states in different situations due to factors such as
number of sensors, positions, and number of falling
states. However, if the differences between soft falls
and daily activities are known, then the fall detection
algorithms and test plans can take these differences
into consideration to achieve better performance.

No previous study has focused on the occurrence
of falling states to detect soft falls with missing falling
states. This raises the question: what are the differ-
ences between these soft falls and daily activities?

The main contribution of this paper is to focus on
the occurrence of falling states to find the differences
between ADLs and soft falls where falling states were
not detected. Specific considerations are:

(1) To detect the full occurrences and number of
both falling states’ occurrences so that general falls
and ADLs can be differentiated.

(2) To detect the full occurrence of one of the
falling states so that soft falls can be classified sepa-
rately from ADLs.

This requires the development of a new type of
fall, and the use of false alarms during the detection.
Then, analysing the occurrence and number of falling
state occurrences, and differences between soft falls
and ADLs could provide the prior knowledge needed
to design the learning model proposed in a previous
study [22] for soft fall detection.

2. SYSTEM DESIGN AND IMPLEMENTA-
TION

When a fall occurs, four falling states can be iden-
tified as loss of balance, unbalanced, posture changes,
and motionless. Loss of balance state occurs at the
start of the fall, before impact. Unbalanced state ap-
pears when a body impacts the ground, and the pos-
ture changes from vertical to horizontal. After the
fall, the motionless state begins.

The lack of falling state occurrences in real falls
[15-17], and their appearance in ADLs, such as jump-
ing, causes the fall detection rate to decrease. In this
work, only the first two falling states were analyzed.
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Fig.1: Fall detection using falling states.

Fig. 1 shows the offline training, testing, and anal-
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ysis phases of our detection model. In the training
phase, data from the fall dataset is read, prepro-
cessed, and features are extracted. In addition, the
first threshold values for the state occurrence and the
number of falling state occurrences used to discrimi-
nate general falls from ADLs are defined. Secondary
threshold values are used to separate soft falls from
ADLs. During the testing phase, the falling states
will be detected.

2.1 Acceleration Data

Although the related methods were applied to data
from different wearable sensors, the acceleration data
collected by the smartphones in a pocket were only
applied to find the differences among general falls,
soft falls, and ADLs.

2.1.1 The Real-world Daily Activity Database

The tFall dataset [23] consists of acceleration
signal samples collected from sensors embedded in
smartphones located in pockets and handbags, at
50Hz. Daily activities were recorded under real-life
conditions. Eight falls from ten participants, were
collected with each one lasting 6 seconds, and re-
peated three times. We utilize the pocket position
records consisting of 7816 and 503 samples of ADLs
and falls respectively. These were reclassified into two
types of falls: as general falls, and syncope (soft fall).
This allowed the tFall dataset to be applied to detect
soft falls in our work.

2.1.2 MobiFall

The MobiFall dataset [24] is made up of accelerom-
eter and gyroscope phone data sampled at 87 Hz and
200 Hz. 630 examples from 11 volunteers are classi-
fied into falls and ADLs. Even though soft falls were
not included in this dataset, we utilized this dataset
to find the differences between high impact ADLs,
such as jogging, and general falls, and verify whether
ADLs may be confused with soft falls or not.

2.2 Signal Preprocessing

We determined that a sample file of duration 6 sec-
onds would be sufficient to detect falling states during
a fall. As a consequence, MobiFall sample files were
segmented into that length centered around the high-
est peak. Before the adopted features were extracted,
the data was passed through a median filter of length
3, and high-pass and low-pass filtered (25Hz) with a
digital second order Butterworth filter. This removed
noise and extracted static and dynamic motions [25].

2.3 Feature Extraction

After the noise had been filtered from the raw
tri-axial acceleration data, a signal magnitude vec-
tor (SMV) was extracted within each 1 second time

window. Its computation was adopted from the study
[26] and is expressed as:

SMV = /2?2 1 % + 22 (1)

This SMV is made up of acceleration data taken from
the x-, y-, and z-axes. The resulting SM'V values for
syncope type falls are shown in Fig. 2.
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Fig.2: Ezamples of different SMV values from low-
pass filters (a), and high-pass filters (b) for a syncope
fall with an impact and a duration of around 6 sec-
onds.

This SMV feature is related to a Loss of Balance
(LOB), which occurs during the fall. It occurs during
the descending phase, before an impact, and is related
to the lower fall peak. A SMV value was calculated
from the low-pass filter data as shown in Fig. 2(a).
The value decreased to an acceleration of under 0.5
g before impact, and its minimum, called SMVmin,
was used to detect the LOB state for each ADL or
fall.

In addition, an unbalanced (UB) state occurs when
a body hits the ground during a fall, and is related
to the upper fall peak; its SMV value was calculated
from the high-pass filter data, as shown in Fig. 2 (b).
The value increased during the fall and was around
~0g before and after the fall. Its maximum, called
SMVmax, was used to detect the UB state.

2.4 The Soft Fall Detection Model

Two falling states are detected in the soft fall de-
tection model with threshold values.

2.4.1 Defning Threshold Values for checking the
falling state occurrences

The calculated SMVmin and SMVmax were com-
pared with the threshold values to detect both LOB
and UB states during general fall detection. For LOB
state monitoring, the SMVmin values for both fall
and ADL groups were utilized: the mean of each
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group was calculated, and their average used as the
threshold LOB _th. As a consequence, if a signal was
less than the LOB_ th, then the LOB state occurred.
Otherwise, it did not.

For UB state detection, the mean SMVmax values
from both the fall and ADL groups were averaged
to produce the threshold UB _th. If the signal was
greater than the UB _th, then the UB state occurred,
otherwise, it did not.

2.4.2 Defning Threshold Values for counting the
number of falling state occurrences

Both falling states’ occurrence conditions were
considered for general fall detection, but high-impact
ADLs, such as jogging satisfy these conditions. To
discriminate between high-impact ADLs and general
falls, the number of falling states, numFallState, was
counted in the windows, in a way similar to the anal-
ysis of high-impact ADLs [27].
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Fig.3: SMV examples in the LOB and UB states
for a) high-impact ADL (jogging), b) a sideward-lying
fall.

Fig. 3 (a, b) gives SMV values for both states of a
high impact ADL involving jogging and a sideward-
lying fall. Both states occur in all the windows for jog-
ging with the numFallState (numLOB and numUB)
at 100%. However, for the fall, the numFallState is
less than 50%. Even though both falling states’ oc-
currence conditions can be found in both activities,
the numFallState value can be used to discriminate
between them.

SMYV values for both states for a chair-sitting ADL
and a back sitting chair fall are shown in Fig. 4 (a,
b), with the LOB state disappearing and the UB state
occurring in both activities. The same numUB value
(40%) was calculated for all the windows. Therefore,
if both falling states did occur, then the number of
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state occurrences would be compared with the thresh-
olds, where the maximum number of falls was set at
the thresholds. The thresholds were calculated as fol-
lows:
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Fig.4: SMV examples in the LOB and UB states
for a) a chair-sitting ADL, and b) a back sitting chair
fall.
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Fig.5: Computation distance between LOB_th and
UB_th for a) the LOB state, and b) the UB state.
(Dashed lines show the threshold wvalues for each
state).

numLOB_ Percent = numLOB/totalWindow  (2)
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numUB_ Percent = numUB /totalWindow (3)
numLOBTh = max(numLOB_ Percent fall) (4)
numUBTh = max(numUB_ Percent _fall) (5)

The totalWindow value is the total number of
windows, and numLOB_Percent fall is the num-
LOB_ Percent value for all the fall signals.

2.4.3 Defning Adaptive Threshold Values for
checking the falling state occurrences

The adaptive ratio of distances was used to iden-
tify soft falls, as shown in Fig. 5. Fig. 5 (a) shows
how the syncope fall signal with a disappearing LOB
state and a UB state occurrence were found. In Fig.
5 (b), a fall signal includes a LOB state and the UB
state disappears. In these cases, a state disappears
when its signal does not reach the threshold. The
adaptive distance ratio based on the threshold was
calculated for each state, making it possible to dis-
tinguish between soft falls and ADL signals.

Some soft falls would be undetected if the mini-
mum fall distance was chosen as a threshold, so the
maximum distance of fall groups was selected instead,
and the signals were checked using adaptive distance
thresholds. The equations employed to calculate the
adaptive ratios of the distance and adaptive distance
thresholds for each state were defined as follows:

adpt_ ratioDistanceLOB = ((SMVmin — LOB_th)/LOB_th) x 100 (6)

adpt_LOB_ Th = max(adpt_ratioDistanceLOB_ fall) (7)

adpt_ratioDistanceUB = ((UB_th — SMVmax)/UB_th) x 100 (8)

adpt_UB_Th = max(adpt_ratioDistanceUB_fall) (9)

The adpt_ ratioDistanceLOB_ fall and adpt_ ratio
DistanceUB _fall are the adaptive distance ratios for
the LOB and UB states for a fall group.

2.5 CLASSIFICATION

Two Soft Fall Detection algorithms based on the
Occurrence of falling States (SFDOS) (a, b) were em-
ployed in our model, as shown in Fig. 6. SFDOS (a)
was used to discriminate between general falls and
ADLs, where SFDOS (b) distinguished general falls
and soft falls from ADLs. The LOB and UB states
each have possible values for falling state occurrence
and disappearance, allowing four possible conditions
to be defined, as shown in Fig. 7.
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Fig.6: Soft Fall Detection.
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SFDOS (b)

If SMVmin < LOB_th and SMVmax > UB_th Then
fall = detected
Else If SMVmin < LOB_th and SMVmax < UB_th Then
Call function calculateRatioDistanceUB with input SMVmax, UB_th
calculateRatioDistanceUB returns adpt_ratioDistanceUB
If adpt_ratioDistanceUB < adpt_UB_Th Then
fall = detected
End If
Else If SMVmin > LOB_th and SMVmax > UB_th Then
Call function calculateRatioDistancel.OB with input SMVmin, LOB_th
calculateRatioDistanceLOB retumns adpt_ratioDistanceLOB
If adpt_ratioDistanceLOB < adpt LOB_Th Then
fall = detected
End If
End If

Fig.8: Soft Fall Detection Algorithm.

As seen in Fig. 6, SFDOS (a) is based on a con-
sideration of occurrences of both falling states. In
general fall detection, a signal like the one shown in
Fig. 7 (a) displays occurrences of both falling states.
In the other cases, this signal will be identified as
ADL. The signals shown in Fig. 7 (b, c) display just
a single falling state occurrence, and so are consid-
ered to be soft fall. Signals with no falling state oc-
currences, as in Fig. 7 (d), are identified as ADLs.
SFDOS (b) detects a soft fall by adding in a consid-
eration of one falling state occurrence to SFDOS (a).
If the ratios of the distances of the signals in Fig.
7 (b, ¢) are less than the adaptive distance thresh-
olds adpt LOB_Th and adpt UB_Th, then they
are identified as soft falls. Otherwise, these signals
will be classified as ADLs. The pseudo code for SF-
DOS (b) is described in Fig. 8.

3. RESULTS AND DISCUSSION

To distinguish general and soft falls from ADLs
based on the LOB and UB states, two conditions were
considered. The first condition discriminates between
general falls and ADLs by using both falling states’
occurrences in SFDOS (a). The second condition sep-
arates soft falls from undetected falls and ADLs based
on only single falling state occurrence. Both condi-
tions are included in SFDOS (b).

All of the signals from both datasets were analysed
in terms of falling state occurrences. In order to study
the effect of new dataset, the average performance
was calculated after eight-fold cross-validation. Seven
falls and 90% of ADL samples were utilized in the
training, and one fall and 10% of ADL samples of the
tFall dataset and all samples of the MobiFall dataset
were utilized in the testing.

In tFall, the number of signals having occurrences
of both falling states is the lowest for ADLs, and the
highest for general and soft falls. Therefore, both
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falling states’ occurrences were considered in SEDOS
(a). In contrast, the number of signals having no
falling state occurrences is the highest for ADLs, and
lowest for general and soft falls. Therefore, no falling
state occurrence was not considered in soft fall de-
tection, leaving only signals with one falling state oc-
currence. However, in the MobiFall dataset, a single
UB state occurrence is mostly found in ADLs, which
shows how considering just falling state occurrence
can confuse ADLs and falls. This issue was solved
by applying numFallState because jogging ADLs of-
ten register UB state occurrences, as shown in Fig.
3. When both falling states’ occurrence condition is
met, and the numFallState value for tested signals
is lower than the thresholds, then these signals are
identified as falls.

To identify differences between undetected soft
falls and ADLs, the ratios of the distances for all the
activities were calculated. The maximum, minimum,
and mean distance values were extracted to test the
condition that the tested signals had one falling state
occurrence, as shown in Tables 1 and 2.

The minimum ratio distances for soft falls in the
tFall dataset are the highest among all the activities,
and the minimum ratio distances of the ADLs are the
lowest. This leads to confusion between soft falls and
ADLs because the minimum distance ratio for falls
is higher than the maximum distance ratio of ADLs.
In contrast in MobiFall, the maximum and mean ra-
tios distance of ADLs are higher than those of falls,
which leads to confusion between general falls and
high-impact ADLs.

Table 1: Ratio of distance from UB_th of signals
having a LOB state occurrence.

Dataset Activity Maximum Minimum Mean
distance distance distance
(%) (%) (%)
tFall GF 43.45 0.06 3.68
SF 34.33 1.7 15.88
ADL 0.06 0.01 0.03
MobiFall GF 20.7 0 0.07
ADL 88.5 0 0.59

GF = general fall, SF = soft fall, ADL = activity of
daily living

Table 2: Ratio of distance from LOB_th of signals
having a UB state occurrence.

Dataset Activity Maximum Minimum Mean
distance distance distance
(%) (%) (%)
tFall GF 149 0.24 3.9
SF 179 30.2 74.6
ADL 0.24 1.37e-5 0.08
MobiFall GF 149 0 21
ADL 167 0 53.6

As a consequence, if the maximum fall values were
set as thresholds, some of the ADLs would be wrongly
classed as falls, and if the minimum fall values were
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used instead then some falls would be missed. This
led to our use of adaptive distance threshold val-
ues stored in adpt LOB_Th and adpt UB_Th as
the maximum fall values for each state, which are
shown in Tables 1 and 2. This meant that a LOB
fall state having a UB state occurrence was detected
using adpt LOB_Th, and UB fall states having a
LOB state occurrence were observed by applying
adpt UB_ Th. In general, if one falling state dis-
appears and the distance ratio of the tested signal is
less than the threshold, then a fall will be identified.

To determine the pattern of falling states for ac-
tivities, the distance ratios of the tested signals were
compared with the adaptive distance thresholds. Fig.
9 lists the comparison of all the falls to indicate how
the testing of the new dataset effects the performance.
It shows that the performance of SFDOS (a) could be
degraded when different types of falls occur in real
life. When the proposed soft fall detection model
SFDOS (a, b) was combined with the numFallState
value, soft falls were better detected.

Fig. 10 presents information about the percentage
of false alarms generated in ADLs, and the sensitivity
(SE) rates before and after evaluating SFDOS with
falling state occurrences by utilizing testing samples
from the tFall dataset and all samples from the Mob-
iFall datasets. Overall, the results indicate that the
average SE is increased by up to 66.5%. Although
the number of falls detected is increased, the average
accuracy is increased by up to 71%, and the aver-
age number of false alarms also increases by up to
28%. It shows that SFDOS (b) increases the sensi-
tivity, and the number of false alarms for one falling
state occurrence. However, SFDOS (a, b) combined
with the numFallState value reduces the number of
false alarms for both falling states’ occurrences. Al-
though SFDOS (a) combined with the numFallState
value has fewer false alarms than SFDOS(b) com-
bined with the numFallState value as shown in the
Fig. 10(b), the SFDOS (b) combination is better in
real-life conditions when different falls and ADLs are
detected.
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Although our work increases the performance of
SEFDOS in terms of sensitivity and accuracy, it only
employs two falling states. If other falling states were
added, the detection performance could be increased
further in terms of specificity, as considered in [12].
Also, knowing the types of daily activities, and in-
cluding more types of falls could better explain the
differences between falls (general falls and soft falls)
and ADLs.

Our work uses acceleration data from a single sen-
sor, while some other approach [17] utilized multiple
sensors to handle syncope falls. These soft falls can
be detected by adding two features utilizing a sin-
gle sensor with a higher performance. Therefore, our
work suggests that decreasing the number of sensors
may not be a disadvantage.

4. CONCLUSIONS

The main contribution of this paper is to develop
a technique to identify soft falls even when some of
their associated falling states were not detected in real
life. Two classification techniques were tested upon
the tFall and MobiFall datasets.

This study showed that SFDOS (b) combined with
the numFallState value increased fall detection accu-
racy by up to 71%. We recommend the testing of
the algorithms for analysing falling state occurrences,
especially SFDOS (b) combined with the numFall-
State value, which should be trained and tested with
real soft falls and activities. Also, more falling states
should be detected with the aim of reducing the sim-
ilarity between them. To the best of our knowledge,
there is no analysis on falling state occurrences for



Identification of Soft Falls based on Falling State Occurrences

fall detection algorithms under real-life conditions.

As aresult, a single sensor may not efficient enough
to present sufficient data about soft falls, although
our approach does not affect a user’s daily life. There-
fore, a multi-sensors fusion technique will be utilized
in our future work. The results from this current
work could act as prior knowledge to build the learn-
ing model.
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