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Alcalá de Henares, Spain
0000-0002-7024-0427

Abstract—Falls are the predominant cause of injury for older
people. How to detect them is being in the last decade the focus
of attention of many projects and researchers.
This paper presents a simulator for recreating triaxial accelerometer measures of people falling in two circumstances:
as a consequence of a loss of conscience or due to bumping
into an obstacle. The objective of the simulator is to generate
falling instances to train Machine Learning algorithms that can
be incorporated into wearable devices. The developed simulator
can generate triaxial accelerometer measures that exhibit similar
patterns compared to falls recorded with real people and mannequins using a commercial device.
Index Terms—Machine Learning, Supervised Learning, wearable devices, triaxial accelerometer

I. I NTRODUCTION
Falls in the elderly are a public health problem [14]. They
are not only a significant source of problems associated with
the elderly for their direct consequences (such as trauma), but
also because falls are a symptom of infirmity (such as heart
attack). For that reason, falls detection has gained importance
and currently, several approaches have been developed to
detect falls by means of image and video processing [3] or
audio detection [6] among others. In our case, in the context
of the LARES project [13]1 , we focus on fall detection by
using the information provided by wireless wearable devices,
such as bracelets and watches. We are currently exploiting triaxial accelerometers incorporated in those devices for motion
detection tasks. We are especially interested in being able to
detect falls in order to, using the LARES architecture, enable
a fast response to fall events of elderly persons in their homes.
Fall detection is a common Machine Learning (ML) task
[11], both for its relevance in general motion recognition and
health monitoring applications. One of the most important
issues that this task faces is the scarce amount of recorded falls
that could be used to train a ML algorithm. Thus, we propose
the use of a video game engine with a realistic physics engine
to simulate falls, obtaining a large amount of simulated, yet
realistic data, tailored to the problem that we are trying to
978-1-7281-6799-2/20/$31.00 ©2020 IEEE
1 An AI-based solution designed to monitor people at home. It is composed
of (i) a Wireless Sensor Network; (ii) a low-cost robot; (iii) a Web-based
system to provide telecare assistance and telepresence via the robot

solve, thanks to the large amount of customization allowed by
the engine. Game engines have been used previously in ML
tasks due to their physics simulation capabilities, namely, the
CARLA simulator [7], used to validate autonomous driving
systems, made using Unreal Engine.
Then, in this paper, we propose a fall simulation environment implemented in a free to use game engine that
allows to automatically generate falls using body dynamics and
configurable physics based on tensors. The proposed simulator
implements the two most commons types of falls that can
occur at home: syncope and forward. The first type is the
consequence of loss of conscience and the second type usually
happens while walking. Based on the information generated
with this simulator and our previous experiments [5], our
intention is to improve our fall detection technique [6] for
its implementation into a wearable device.
The rest of the paper is structured as follows. The next
section presents the related work. Section III provides an
overview of the proposed simulator, presenting the physics
model and the implementation. Following, the experimental
section shows a comparison between the data created using
the simulator and the real data retrieved from an accelerometer
(worn by both a mannequin with human-like characteristics
and real humans). Finally, some conclusions are outlined.
II. R ELATED WORKS
Biomechanics simulation is a common approach to help
investigators in recreating the circumstances that led to an
injury [15], for instance, investigating the consequence of a fall
[2] or a car hit [1]; or to generate useful information without
the risk of injuring people [16].
From the point of view of the physical analysis, we can see
the study of Lau et al. [8] where a model to relate the height of
a fall can be derived by the severity and extent of the injuries is
proposed. The work of Barbuceanu et al [4] presents a physical
analysis of falls associated with sport activities. In this case,
a model of the bones and the muscular groups of the legs are
mathematically modeled and validated through the assessment
of high-speed recordings videos of a falling sportswoman.
Focusing on computer-based simulations, we can highlight
the reconstruction of real-life head injuries as a consequence
of a fall [12]. To do that, the fall is recreated using a multibody

modeling software with varying initial conditions in order
to find the best fit with the real conditions. The work of
Wach and Unarski [17] presents a simulation for helping
forensic investigators to determine from where a person fell
in a stairwell. They implemented the simulation in PC-Crash2 ,
reconstructing the fall using the final point of the body by
means of a multibody dynamics model.
Meanwhile, human motion and fall assessment are mostly
covered by mathematical models and simulations using licensed software, to our knowledge, there are no free to
use solutions that allow to easily generate multiple instances
of falls. Also, current simulations do not provide enough
information about the acceleration during the fall, with the
exception of the work of O’Riordain et al. [12], which provides
the acceleration at the head.
However, there are some exceptions that have used physics
simulations to recreate fall events, such as the work by
Mastorakis et al. [10] started in 2007 using OpenSim to
simulate a myoskeletal model, further developed in a later
work [9] which added the usage of ML to simulate the fall
with a higher degree of precision.
Nevertheless, since our objective is to train ML algorithms
to detect falls that not necessarily start from a static position,
those simulators do not fit our purposes, we need a highly
customizable fall simulator from which we can record the
measurements that wearable devices such as bracelets or
watches would have.

•

conscience happened. Thus we applied a similar kind of
force onto the simulator, introducing some noise in both
the direction of the force and its intensity to achieve a
higher variability over our recorded data, yet discarding
every instance that would be unnatural. The development
of this kind of falls on the dummy can be observed in Fig.
1. In this scenario, in our opinion, is better to obtain the
data by the use of a non-human source, either a dummy
or our simulator, since human reflexes could contaminate
the data recordings by trying to protect themselves from
the damage of the fall. The use of our approach makes
the application of the necessary force more consistent and
greatly reduces the required human effort to record the
data compared to the use of a dummy.
Forward falls are originated by the collision of a foot
with an object while the person is walking, losing balance
and falling over. The trunk in this type of falls moves
forward, while the arms and hands try to cushion the fall
in order the prevent further damage.

III. T HE FALL S IMULATOR
Since the most important issue for most ML applications
may be the gathering of high quality data to train and test
the classifiers, our goal is to simulate falls in order to obtain
artificial, yet realistic, accelerometer values to circumvent the
inherent difficulties in the acquisition of real falls data. This is
due to the health risks that implies the involvement of people
falling numerous times. Also, from our previous experience,
using dummies to generate this data is not feasible due to the
time required and personnel involved.
We have simulated two types of falls, which we have named
syncope and forward falls. Those kinds of falls follow different
dynamics in their development, making their implementation
needs significantly different in both the starting points and the
human reaction during the fall.
• Syncope falls are those falls consequence of a loss of
conscience or heart condition that prevents using the
limbs to control the fall. It results in a vertical motion and
a two stages fall: first, the knees impact on the ground,
and then the trunk moves forward until it hits the ground.
For this kind of falls, we did some testing on a dummy
[5] under the supervision of infirmary experts that helped
us to understand how this kind of fall would develop on
a real person. We established the need to apply a small
forward force onto the dummy for it to fall properly
in case the person was standing still when the loss of
2 https://pc-crash.com/

Fig. 1: Recreation of a syncope fall using a dummy.
The next subsections describe the physics and the implementation of these falls in our simulator.
A. Physics
The simulation of the process of tripping and falling was
provided by the already built physics engine employed. The
result said simulation was a set of 3D coordinates at different
points in time. It was, then, necessary to establish the physical
significance of this data in order to properly parse and use it.
For that purpose, we first studied the analytical implications
of the generated data. The simulated accelerometer, in charge
of providing these discretized positions, could be interpreted
as a particle moving in a 3D space. Given that this movement
is continuous in time and space, we can describe it using the
generalized tensor function presented in Eq. 1. Therefore, we
establish a correlation between the position of the particle or
accelerometer at any given point in time with its position in
the time step immediately preceding it and the variation of
said position between both times, always expressed as a 3dimensional tensor.
∂ P~
P~ (t) = P~ (t − 1) +
(t)
(1)
∂t
Following this reasoning, it stands to reason that we can use
the physical definition of velocity in order to further simplify

the problem. We know it to equal the variation of position
over time, and can, therefore, describe it as the gradient of
the function P~(t). Moreover, provided that velocity is not
static, we can approximate its value by adding its variation
~
at any given time, ∂∂tV (t), to its value in the previous time
step, resulting in the relationship described in Eq. 2.

We have used a human-like 3D model, downloaded from
mixamo6 and imported into Unity. Then, Unity’s ragdoll wizard was used as a starting point; however, some adjustments
were needed, such as the addition of colliders in the feet, as
well as the hands, with their respective articulations and the
subsequent redistribution of the humanoid weight. Finally, the
rotation capabilities of each articulation were restricted so they
~
~
∂
P
∂
V
were similar to a human’s.
~ (t) =
~ (t − 1) +
V
(t) = V
(t)
(2)
To simulate both types of falls, we have started from an
∂t
∂t
animation
not influenced by physics. In the case of forward
Finally, classical dynamics describe the variation of velocity
falls,
the
starting animation was one of several possible
over time as acceleration. We can, therefore, apply the same
walking
animation
towards an obstacle; and for syncope falls
reasoning we used to mathematically describe acceleration,
the
starting
animation
could be of any kind. Used animations
by assuming its value to be the variation in speed. Given the
range
from
walking
animations
to usual everyday actions such
nature of the physical system in question, this value will not be
as
talking
or
manipulating
objects,
and idle animations where
constant, so we must, therefore, take into account its variation
the
humanoid
is
mostly
standing
still
with minimal motions.
in regards to time, as well as its value in the immediately
Since Unity’s physics engine works in a non-deterministic
preceding time step, as described in Eq. 3.
way, each fall is different from the rest even if the starting
~
~
∂
A
∂
V
parameters, such as the position of the obstacle with which
~ − 1) +
~ =
(t) = A(t
(t)
(3)
A(t)
the humanoid will collide or the last pose of the animation
∂t
∂t
P~ (t) may be approximated using an interpolation over a before the physics are activated, are the same.
In the case of a forward fall, while the animation is being
sufficiently large dataset, and serve as a base for further
played,
we simulate the fall. We start playing one of several
analysis. Whilst this method will inherently cause an error
different
walking animations until the humanoid collides with
to appear, said error is minute enough to be affordable for
the
obstacle
placed in front of it, randomizing its distance,
the purpose of this simulation, that is, to generate significant
height,
and
orientation
in each fall. At that moment the physics
enough data to extract acceleration patterns related to the
engine
takes
over.
We
apply forces on the arm and hands,
process of a human being tripping and falling down.
considering
their
natural
movement capabilities, to simulate
Having established these considerations, it is now possible
the
response
that
a
person
would have in this situation trying
to analytically describe the state of the system using discrete
to
cushion
the
impact.
Those
forces are applied for a few
data, sampled from the accelerometer’s state. It is important
milliseconds
(randomized
between
two limits) after the foot
to consider that the simulation provides us with the location
collides
with
the
obstacle
in
order
to simulate the reaction
of the accelerometer at a given point in time, and not the
time
of
the
person.
In
addition,
since
the walking animations
values actually registered for the device. In order to extract
are
all
different
from
each
other
and
the
starting point of each
this information, we can use the properties described in Eqs.
fall
is
also
affected
by
the
randomized
position
of the obstacle,
1-3, as presented in Eq. 4.
we can be sure that each simulated fall will be different from
the rest. In order to simulate the force that the person would
∂ P~
have in the moment of the fall due to walking, a forward force
~
~
P (t) = P (t − 1) +
(t) =
∂t
is applied to each limb. An example sequence of the forward
~
∂
V
fall in the simulator can be observed in Fig. 2.
~ (t) = P~ (t − 1) + V
~ (t − 1) +
(t) =
P~ (t − 1) + V
∂t
Regarding the simulation of syncope falls, we started from
~ (t − 1) + A(t)
~
animations of different activities, such as talking, walking,
P~ (t − 1) + V
~ = P~ (t) − P~ (t − 1) − V
~ (t − 1) = V
~ (t) − V
~ (t − 1) (4) jumping, moving objects, and several other usual tasks as well
⇒ A(t)
as instances where the humanoid was standing still playing an
Having established these theoretical considerations, it was idle animation. Then, we stop playing the animation and let
possible to devise a proper, computationally efficient software the physics engine take over, simulating the loss of conscience,
approximation, that would provide reliable, accurate data, and the subsequent fall of the humanoid. In this case, it
without sacrificing excessive resources in the process.
is required to apply a small forward force in order for the
humanoid to fall like a person would in this kind of situation.
B. Implementation
An example of a syncope fall recreated in the simulator can
For the implementation of the simulator3 we have decided to be seen in Fig. 4.
use Unity3d4 game engine which incorporates NVidia’s Physx
To obtain a higher degree of variability in the recorded data
System Software5 for complex physics calculations.
we decided to add some randomness to every force that was
3 https://github.com/ISG-UAH/ISG FallSimulator
applied to the humanoid with the objective to make the falls
4 https://unity.com
5 https://developer.nvidia.com/gameworks-physx-overview

6 https://www.mixamo.com

Fig. 2: Recreation of a forward fall in the simulator. Triaxial accelerometer measures are provided in the top-right.

steps, and dt represents the time difference between time steps,
then Eq. 5 can be used to calculate the resulting velocity vector
from the simulator’s raw data.
∆~
p
(5)
dt
Likewise, provided that we can obtain the velocity vector
between time steps, let ~a represents the acceleration vector
for the accelerometer in a given time step, ∆~v the velocity
difference between time steps, represented as a vector, and dt
the time difference between time steps, we can calculate the
acceleration vector, and therefore the simulated accelerometer
output, for any given time step using Eq. 6.
~v =

Fig. 3: Forces decomposition in the simulator. In blue, original
force; cyan: random point added to the original force; yellow:
normalized addition of previous forces (final force applied).

more natural. We slightly modified both the direction and the
intensity of the forces, which can be thought of as a vector.
The module of the vector will be multiplied by a random
value between two limits, and the direction will be modified by
adding a random point inside a small sphere and normalizing it
afterwards as shown in Fig. 3, where the blue vector represents
the original force, the cyan one the random force applied,
and the yellow one the final force applied to the fall. This
modification, in addition to the non-deterministic nature of
Unity’s physics engine, gives us a rich variety of recorded
falls.
For data acquisition, in both cases, we have recorded the
position that a smartwatch would have when placed on the
wrist of the humanoid at fixed time steps of 20ms. This
is the usual maximum frequency that a commercial-grade
accelerometer operates at. In addition, to simulate gravity, we
have calculated the direction of a vector pointing towards
the ground in the local space of the wrist in each time
step. Those positions and directions are later processed as
explained in III-A and transformed into the values that a reallife accelerometer would have obtained if it followed the same
motions.
In order to perform said values transformation, it is necessary to adapt the logic applied in Eq. 1 through 4 to a
discrete, sampled system. Provided that the simulation would
be outputting specific positions, as measured by the simulated
accelerometer, as well as the time between different measures
being taken, it is possible to calculate the displacement vector
between individual time steps and obtain the velocity the
simulated accelerometer was subjected to during it.
Let ~v represent the resulting velocity vector, ∆~
p represents
the displacement vector of the accelerometer between time

∆~v
(6)
dt
It should be noted that the resulting dataset will present
clean data. Therefore, actual sensor readings must be filtered in
order to be properly compared. Likewise, in order to simulate
actual, noisy sensor data, a noise function, such as a Gaussian
noise function, must be applied over the result.
~a =

IV. E XPERIMENTAL RESULTS
In this section, we show a comparison of our simulated
data falls and the real data falls used in a previous work [5].
Those falls were supervised by geriatric experts that ensured
the correct development of the fall (from an elder perspective),
discarding those that were not natural.
Fig. 5 presents a comparison between a syncope fall using
a realistically built dummy humanoid to simulate falls of
an elderly person (left) and one recreated in our simulator
(right). Numerous factors impact the readings gathered from
both accelerometers. On the one hand, the force exerted on
the dummies, as well as their not fully reacting as a human
body, cause readings to look more abrupt. On the other hand,
the fact that the simulated fall presents an initial pose causes
additional differences in the readings prior to the fall proper.
Moreover, the initial rotation of the accelerometer further alters
the resulting readings. Despite these differences, it is our belief
that a sufficient amount of samples generated by the simulator
may still provide insight into the acceleration patterns involved
in a syncope fall.
In Fig. 6 we can see that the synthetic data gathered from
the simulator (right) presents some common patterns to that
obtained from an actual accelerometer (left) during a forward
fall. Nevertheless, there are some notable differences between

Fig. 4: Recreation of a syncope fall in the simulator. Triaxial accelerometer measures are provided in the top-right.

Fig. 5: Comparison between triaxial accelerometer data of a syncope fall retrieved from our experiments with dummies (left)
and the generated in the simulator (right) for a syncope fall. Y axis has been normalized for all figures in order to facilitate
results comparison.

real and simulated data. This is due to the method employed
to gather said data.
Namely, these differences come from the inability to fully
replicate human gait and reactions when tripping. It should
be noted that the data from real sensors was gathered in a

cushioned environment. It is to be expected that some major
differences will surface in the readings after the fall is complete. Another notable source of differences is the presence
of random forces exerted by the falling subject instinctively in
response to falling. Finally, human gait presents a wider swing

Fig. 6: Comparison between triaxial accelerometer data of a forward fall retrieved from our experiments with real people
falling over a soft ground (left) and the generated in the simulator (right) for a forward fall. Y axis has been normalized for
all figures in order to facilitate results comparison.

than the animations present in the simulator, thus resulting in
the more ample data present prior to the fall when compared
to the simulated readings.
The nature of a fall as a time series might be enough to
offset the deviations in simulated data. Further refinement of
the simulator itself ought to lead to a more robust simulation
platform to generate synthetic fall data.
There are some important considerations regarding the specific problem of working with fall events and using accelerometers as the only source of information. Namely, fall events do
not have a fixed duration, and the starting pose plays a major
role in the resulting series of vectors. These characteristics,
make the usage of traditional time series similarity metrics,
such as the Pearson Correlation Coefficient or Dynamic Time
Warping, that evaluate each axis separately of little value.

Instead, the usage of ML classifiers offers a better approach
to evaluate the degree of fidelity achieved by the simulator.
In order to validate the simulator’s performance, we classified 40 fall instances (30 forward and 10 syncope) using the
classifiers from our previous experiment [6] trained with real
fall data. Over 94% accuracy was achieved running a Random
Forest classifier, asserting its performance.
V. C ONCLUSIONS
In this paper, we have presented a fall simulator capable of
recreating accelerometer fall samples of two of the most common and important types of falls, syncope and forward. Those
simulated samples are pretty similar to real falls recorded in
order to use them later as input for ML applications.

This can be considered a starting point for simulating other
motion detection tasks using the same procedure, as well as
expanding further in the usage of accelerometers by either
increasing the number of sensors or attaching them to other
parts of the body. By increasing the customization possibilities
of the dummy, other kinds of falls, or behaviors during
them, could be simulated, further improving the simulator
capabilities. Likewise, the physics engine could be further
refined in order to provide more accurate, realistic data to be
used in training algorithms.
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