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Abstract

This is a report investigating fall detection using inertial measurement
units. The report consists of a background and problem statement, the
scope of the research, methodology, and theoretical framework. The pro-
posed method consists of using a setup made up of a microcontroller and
an IMU. We have determined a theoretical threshold, tested and adjusted
it to verify the fall detection system’s accuracy, allowing us to uncover the
possibilities of threshold-based fall detection.
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1 Introduction

1.1 Problem statement

Until recently, reports on isolated incidents involving elderly people have in-
creased. Approximately 28-35% of elderly people fall at least once a year [5].
When these incidents occur, elderly people cannot self-report these incidents
due to severe injuries and/or being immobile. Elderly individuals may suffer
severe injuries and/or loss of consciousness from falling [2]. In many cases the
delay of treatment for falls increases risk of complications over time and emo-
tional trauma such as fear of falling again. Which could lead to reduced social
and physical activity [29].

Traditional solutions like emergency buttons are often inadequate because they
rely on the individual being conscious and mobile which may not always be the
case [30]. Some additional downsides of using emergency buttons are that the
user might not want to wear them because of the appearance or discomfort.
This is a big problem worldwide, as falls have shown to be the second most
common cause of fatal injuries among the global elderly population [1]. A good
and reliable way to detect falls could be integrated into a reporting system and
make sure that the patient receives help as soon as possible. Combining sensor
technology and a microcontroller to effectively determine that a fall has hap-
pened.

These sensors can monitor body movement through analysis of acceleration and
angular velocity data. Despite the rise of technical solutions nowadays, many
fall detection systems suffer from issues related to accuracy, false positives, lim-
ited mobility, and hardware implementations. This study will go in depth about
how we will analyze the sensor technology to detect falls accurately and then
evaluate the methods in order to detect falls. The ultimate goal is to contribute
to the development of a safer living for individuals who may suffer the most
when a fall incident becomes unreported.

1.2 Purpose and research questions

1.2.1 Purpose

As the elderly population continues to grow, it is our duty to protect them
using the resources available. Therefore, utilizing technology to enhance the
self-reporting system is essential. Sensor technology has been an important as-
pect for FD (fall detection) [10]. The goal is to research and explore how sensor
surveillance can improve incident reporting. This includes identifying effective
ways to use sensor technology while also analyzing their limitations in terms of
accuracy related to falls. The purpose is to find the more accurate sensors and
compare them to each other, considering both the advantages and disadvantages
of each sensor technology.
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Additionally, by analyzing falls, we can detect and categorize different type
of falls. Different types of falls might also lead to different types of injuries [9].
Our vision is to effectively identify these falls using sensor technology to provide
more detailed reports. This would lead to a more informative report in the end
node of the reporting chain.
By detecting a fall we can obtain information regarding changes in sensor data
that could lead to the possibility of an injury.

We have opted to use an Inertial Measurement Unit (IMU), which is a sen-
sor module that can measure acceleration and orientation using embedded gy-
roscopes and accelerometers. An IMU combined with a compact, low-power
microcontroller will hopefully be a satisfactory solution to detect when a person
is falling.
Wearable device-based fall detection is the second least researched fall detection
method, with only about 4% of published research papers being on this method
[31]. This shows that there is probably more knowledge to be uncovered in this
field, and it is a reason to make some additional research on it.

We will do a comparison of the different available techniques that could be used
for fall detection. And rate the efficiency of our deemed technique compared to
the others.

1.2.2 Research questions

RQ1: How accurate is the identification of falls using an Inertial Measurement
Unit?

This research question covers how effective this technology would be at solving
the issues we have stated. It also looks at what the limitations and challenges
are, and how we can use this technology to acquire the most accurate data.

RQ2: What fall detection methods are possible to use and what are their limi-
tations?

After obtaining the data, we will also need a way to process it and determine a
fall event. This research question will make us explore the different possibilities
and venture into their pros and cons. Eventually, we will decide on one that fits
our application and discover its possibilities through testing and evaluation.

1.3 Scope and limitations

The research aims to discover the overall possibilities to accurately identify and
report different type of falls. This includes researching and experimenting with
different types of technologies, in different type of settings. To acquire the nec-
essary knowledge to identify falls, we have tied engineering knowledge with ab-
stract medical knowledge to effectively communicate between professions. Since
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this research is about using sensor technology to detect falls, we have not been
researching deeply into the medical aspect of the study. Yet we have strived to
understand surface-level medical terms to effectively communicate.

The goal of this research is finding a FD method that is relatively simple, com-
pact, and has a low power consumption, and evaluating its effectiveness. We
will not go out of our way to find the most effective method for detecting falls.
We do have in mind that the technology we are researching should have a real
world use case. For example, it should be possible to integrate the hardware
into a wearable device, and when a fall is detected, it should be possible to
send a report (hence, our focus on low power consumption and compactness).
However, we will not implement this kind of functionality ourselves.

1.4 Disposition

This chapter provides an overview of the structure of the report. The report is
organized as follows:

1. Introduction
The first chapter describes the problem we are aiming to solve. It also
includes purpose, research questions as well as the scope of what is to be
included in the research.

2. Method and implementation
This section describes the methodology that is to be used for this research.
It covers data collection and analysis techniques and discusses the choice
of hardware and software. It includes a subsection about validity and
reliability.

3. Theoretical framework
This section discusses in detail how our hardware and software setups
are implemented. It also explains our choice of components and overall
architecture.

4. Analysis
This section we’ll analyze and evaluate our hardware setup, practical
methods, and discrepancy in data performance.

5. Results
This section reveals the results regarding our work, It also includes dis-
cussions on the results and the methods that were used.

6. Conclusion and recommendations
In this section we’ll uncover the practical and scientific implications of
our work, and the further research that could be done to extend the the
knowledge on the thesis subject.

7. References
The references section includes all references used in the report.
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2 Method

2.1 Theoretical method description

The methodological approach for this thesis follows a structured, quantitative
research process designed to evaluate the feasibility of using IMU-based thresh-
old methods for fall detection. The work combines theoretical analysis, hardware
selection, experimentation, evaluation. In broad terms, the method consists of
four overarching steps:

1. Theoretical review
A literature review was conducted to identify relevant fall properties,
biomechanical metrics, sensor technologies, and previously suggested thresh-
olds for acceleration and angular velocity. This established a theoretical
foundation for selecting appropriate hardware and estimating an initial
fall-detection threshold.

2. System design
Based on the theoretical review, a prototype system was constructed con-
sisting of a microcontroller and an IMU. The purpose of this stage was to
make a proof-of-concept, not to build a finalized wearable device.

3. Experimental data collection
A quantitative research method was applied where fall and non-fall events
were performed in a controlled environment using a realistic humanoid
dummy. Each test event produced time-series sensor data that could later
be classified into true positives, false positives, true negatives, and false
negatives. This process generated the dataset used for threshold evalua-
tion.

4. Data analysis and threshold evaluation
The theoretical thresholds identified in the literature review were com-
pared against measured data, and alternative thresholds were tested to
balance sensitivity and specificity. The analysis focused on determining
how well a simple threshold-based method can distinguish between fall
and non-fall events.

2.2 Data collection

2.2.1 Medical

The data collection of the research work include acquiring knowledge about
used technology in the industry and the medical implementations our work
could have. This includes finding the different categories of falls to be able to
determine possible injuries, which could help sending a more informative report.
Slips and trips are most common causes of falls among the elderly. These types
of falls has all the different orientation outcomes. The different directional ori-
entations are forward, backwards and lateral (sideways) [9].
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Studies have shown that falls can be classified by different metrics. When mea-
suring a high trunks movement by degrees per second (°/s), studies has shown
that ADL’s (activities of daily living) for e.g sitting down and lying down, the
biomechanical metrics such as degrees per second seem to differentiate to a slip-
induced backwards fall. Where ADL activities peaked at peak average 84.1°/s
compared to the studied falls of 139.7°/s.[25] Other studies have shown different
outcomes. Nyan [27] Observed high-trunk falling movements, the peak velocity
was approximately 450°/s. which is a vast difference between the two studies.
Such discrepancy in angular velocity could be due to different factors. Like envi-
ronmental, angular momentum, and placement of the sensor. This study shows
the potential to detect falls using metrics that depend on body movement.

2.2.2 Sensor Technologies

Discovering the potential technologies we could use was our top priority. The
main method we used to uncover the more accurate sensor was quantitative.
Therefore, by using potential technologies already used in the industry regarding
object and accelerator tracking, we unveiled the sensor with the more accurate
result. [12] States how important it is to select and manage different sensors.
IMUs (Inertial measurement units) are widely used in the medical-engineering
sector. An IMU is a device used to measure the acceleration and angular velocity
of an object. Another option was using acoustic sensors [4]. These sensors can
detect sounds of impacts. FD can also be done with the help of body part
tracking using a depth camera [6]. With consistent camera setups, surveillance
is always active. PIR (Passive infrared) sensor is another sensor technology used
for human detection among many surveillance systems and has potential for FD
[13].

2.2.3 Microcontroller

The system we have developed involves networks. When testing, it was appro-
priate to use technology that was able to communicate over a network. However,
our main purpose was not to involve ourselves in the reporting over a network.
Rather, our main objective was to detect falls and determine whether a person
had fallen. Nonetheless, we needed to use appropriate hardware that was com-
pact and capable of network communication.
These devices are usually called IoT (Internet of Things) devices. There are
many development boards that are applicable for IoT development. The ESP32
is a fitting example for IoT systems [14]. Other boards such as the STM32 have
a wide variety of boards to select from with network capabilities and they are
well used in industry today.

2.2.4 Detection Method

These are the type of technologies used to collect data. There are different
approaches to analyze readings to determine whether or not a fall has occurred.
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These are a 1) threshold-based, 2) conventional machine learning-based, and 3)
deep learning-based [16].

2.3 Hardware Methods

Our components were assembled on a smaller breadboard, even though we had
other options such as designing and printing a PCB with an ESP32 as the SoC
or using a perfboard to solder our components. However, we chose the simplicity
of the breadboard so that we could spend more time evaluating test falls and
determining a threshold, rather than optimizing the compactness of the system,
something that isn’t particularly relevant to the research aspect on FD.
We were also concerned about whether the test dummy was going to fall onto the
system, resulting in the system becoming pressured and destroyed. Therefore
we mounted the system in a more consistent and safe way to avoid collisions.
For the non-falls that were tested, the system was simply held the same way it
was mounted onto the dummy simply going from a standing position to a sitting
position causing light knee flexion. And also testing a free fall down onto the
sitting position causing variety in speed and positioning in non-fall data.

2.4 Data analysis

2.4.1 IMU & Sensor Evaluation

We have found the different technologies used in FD have different advantages
and disadvantages. Acoustic sensors can be used to detect falls [4]. A drawback
of using an acoustic system to detect falls is that it is difficult to obtain realistic
fall sounds. Therefore it can be challenging to train and test the system. The
sensors ability to detect fall sounds can also be obstructed by background noise.
FD can also be done with the help of body part tracking using a depth camera
[6]. The problem with this however, is that it can be very invasive to set up
cameras in people’s homes and similar areas.
Camera surveillance is rather inconsistent, also due to how they are placed.
They also have less accuracy than other technologies. PIR sensors undergo the
same fate as camera technologies. They are advantageous for detecting humans
but disadvantageous at identifying human behavior [13].

This left us with IMU sensors left to be reviewed. Since the device is wear-
able, we could be more consistent at tracking events compared to PIR and
camera technologies, as we could follow the body and measure at the edge.

An IMU is made up of an accelerometer and a gyro sensor. The accelerom-
eter tracks sudden movements and changes in acceleration, therefore tracking
the sudden changes in body positioning. The gyro, on the other hand, tracks
the positioning of the system-for example, comparing the differences between
lying down and standing up. The IMU can draw conclusions regarding whether
a fall has happened or not.
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2.4.2 Detection Analysis

After doing a theoretical analysis of different possible IMUs, we decided on one
that we thought was superior according to some set metrics.
In the event of an emergency, the system will conclude an FD based on IMU
sensor readings.

1. A: threshold-based
Threshold-based is a method used to define fall events. It is not com-
putationally intensive, very dynamic and it has a fast response time. It
would analyze the sensor readings and if it passes over the pre-determined
threshold, the system would self-report in the event of an emergency. Us-
ing training data, a predetermined threshold would be implemented with
the aim of accurately filter events. [16] While this method is not complex
compared to other methods it also has disadvantages in terms of accuracy.
Due to it having a certain predetermined threshold, many false alarms or
unreported incidents may occur depending on how you set the threshold.
Adjustments and experiments must be done before establishing a thresh-
old. Sensitivity and specificity values may be still be affected negatively.

2. B: conventional machine learning-based
Conventional machine learning-based utilizes supervised learning there-
fore trains on data to categorize data received. Upon suspicion an event
triggers that will analyze the sensor readings in a heuristic function deter-
mining the potential event. The disadvantage with this technique is the
slow response time. And that it is computationally intensive which makes
it unreliable to run at the edge which would not suit a small wearable
device.

3. C: deep learning-based deep learning-based explores the potential of
deep neural networks to detect falls. [17] Introduced a deep learning
method called CMFALL. Which is a complete FD system built from
ground up using deep learning. This technique shows the best accu-
racy rate [16]. However, it is computationally intensive compared to a
threshold-based approach, but it is still capable of running on certain
MCU’s (microcontrollers). The downside is that such a system needs
large training sets, which require a lot of memory and a long training time
on those data sets.

2.5 Threshold

This study aims to investigate further into the possibilities of using a threshold
to determine a fall. The biggest reason being that the subject is not researched
enough compared to the other techniques. It also has many developing bene-
fits, such as simplicity, adaptability, and fast response time. While it has its
downsides we strive to complete and evaluate a threshold-based FD algorithm
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to acquire the most accurate results as possible. There are many ways to set
up thresholds. We will primarily be looking at the gyroscope and accelerometer
values and if they reach a certain threshold - the system will simply categorize
a fall. The threshold will be set according to past studies and the data that has
shown to categorize a fall. This way we can theoretically determine a threshold
and therefore also test it out practically resulting in determining a threshold
based on theory but also make it fit the real world.

2.5.1 Gyroscope

Like mentioned, passed studies have shown that the high-trunk in GLF (ground-
level fall) reaches an angular velocity high of 139.7°/s. While other ADL reached
a high of 84.1 [25]. We also observed a study on which the angular velocity
reached a high of 450°/s. In theory regarding the threshold we can never re-
ally be secure about our choice of it. Which highly suggest the importance in
practical testing. Considering the difference in values over a period of time we
can extract the substantial temporal change over a set period. If we consider
a threshold to not include ADL, according to [25]. We will need to effectively
filter out events that are less than 84.1°/s. Since values are returned as a signed
integer meaning the values can be extracted the positive limit down to the neg-
ative limit in each axis. Meaning the difference in angular velocity exceeds the
polarities. That is, the effective threshold to filter out ADL would be:

168.2°/s = 84.1°/s * 2

This is our estimated gyroscope threshold based on theory.

2.5.2 Accelerometer

Likewise for the accelerometer, we are in need of a set threshold to effectively
categorize falls. [27] suggest that past studies have shown to prove a falling

speed of a range of 4–11m/s
2
and that backwards fall has an increased speed of

25 percent compared to others. With that data in mind, the estimated threshold
difference factor would be 8m/s

2
. With backwards fall to be 10m/s

2
with an

increase in speed of 25 percent.

2.6 Software Methods

To capture a fall using an IMU we must process the data that we receive. We
will use Espressif’s own extension in Visual Studio Code (ESP-IDF) [32], which
will simplify the development process since it is made by the same creator. Here,
we will also use the programming language C, since it is what ESP-IDF is built
upon and it is often used in other fall detection systems [33]. We will develop
our system by interacting with the sensor registers.

The software will be built to interact with the IMU. There are two ways the
ESP32 can interact with the IMU: reading and writing data. We will write our
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software based on the foundations of the serial protocols. We will separate our
software into interface and implementation. Which is a typical setup often used
in C programming, that contains header and source files [34].

We will also need to process the data acquired and represent it to the thresh-
old determining algorithm. Since this research focuses on threshold-based fall
detection, the determining algorithm is not complex. We will use a simple logic
statement that monitors two values, the gyro value and the accelerometer value.

To verify and judge the data manually, we will also need a way to read the
data ourselves after a simulated fall. Therefore we will need to print out the
values for representation, and this will be done using Python. It is simple to
use for user interaction and is a powerful language used for simplicity and tests
[35].

2.7 Validity and reliability

The aim of the thesis project was to correctly identify different types of falls
according to data. Having acknowledged the possible outcomes was extremely
crucial. We had to consider the potential miscalculations and the setbacks of the
project. Identifying the issues we may encounter and make choices accordingly.
In high accelerative activity false alarms may happen. We might have had to
consider other activities and work our way around those.

By exploring the different ways one could fall, we could also in the process
have identified other periods of accelerative events that may have led to false
alarms. E.g if a person involved themselves in a certain behavior that triggered
a front fall report. We may even have been able to identify the false alarm
behavior more clearly. Detection of falls on its own without directional analysis
may not be possible to research.
In the aspects of reliability, we needed to ensure consistent training data, and
acquire a clear understanding of the human body’s motion when suffering a fall.
Ensure that the IMU operates under the same condition to not collect data
which is categorized faulty, such as the position of the IMU.

2.8 Considerations

Hence, using body measurements of a dummy, we have certain things to take
into account regarding our data. There are many ways to alter or miscalculate
test results. Due to the fact that we are using a dummy instead of real people,
we need to create the most realistic falling scenarios possible to accurately test
a real fall.

Another important point to consider regarding the test data is the risk of over-
fitting. We may acquire high accuracy within our dataset by developing specif-
ically around those tests. This can lead to poor performance when the system
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is exposed to new, unseen data, due to overfitting. To avoid this, we need to
gain knowledge about biomechanical metrics related to the body’s movement
during a fall and form thresholds based on these values, rather than tailoring
the system to the specific test data we have collected.

We need to perform tests with different types of falls and outcomes, such as
varying directions of fall, different degrees of impact, and landing positions.
Other considerations regarding the data include the fact that the falls are repli-
cated and tested on a dummy. Although it is a realistic human dummy, it can
still not fully replicate all aspects of a real human fall, and data may have been
lost due to untested mispredictions.

3 Theoretical framework

3.1 Theoretical background of fall detection

Fall detection is a well-studied area within medical engineering, and the theoret-
ical basis is important to understand how sensor-based systems can distinguish
fall events from normal activities. A fall is commonly defined as an uninten-
tional event where a person ends up on a lower level than intended, often due
to slips, trips, or balance loss [3]. Among elderly individuals, falls are one of
the most frequent and dangerous types of injuries, making reliable detection
methods highly relevant [5][29].

3.1.1 Fall types

Previous research shows that falls can be categorized based on their direction,
cause, and body orientation. Common fall types include forward falls, backward
falls, and sideways falls [9]. These categories differ in trunk rotation, acceleration
patterns, and impact profiles. Slip-induced backward falls, for example, usually
involve a rapid increase in angular velocity, while forward and side falls often
show higher linear acceleration values during impact.

Several biomechanical studies have quantified these movements. Liu & Lock-
hart [25] recorded trunk angular velocity during backward falls and found av-
erage peak values around 139.7 dps, which differ significantly from activities of
daily living such as sitting or lying down, which peaked at around 84.1 dps.
Other studies have reported even higher angular velocity up to 450 dps during
rapid fall events [27].

3.1.2 Sensor based fall detection

A variety of sensor technologies have been explored for fall detection. Acoustic
sensors can recognize impact sounds but suffer from high noise sensitivity and
difficulty collecting realistic fall sounds [4]. Depth cameras and vision-based
systems can track body posture and motion [6], but raise privacy concerns.
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PIR motion sensors can detect human presence but cannot classify behavior or
distinguish fall events [13].

Wearable sensors combining accelerometers and gyroscopes are among the
most promising technologies because they allow direct measurement of body mo-
tion in real time and operate independently of the environment [12][31]. IMUs
capture:

• Linear acceleration

• Angular velocity

• Motion patterns

3.2 Classification outcomes

A quantitative method for the research was used, where we examined the data
we obtained from a large number of test falls.

Either a fall is detected or not. These were divided into four sub cases [15]:

1. True positive (TP) - a fall is correctly identified.

2. False positive (FP) - the device detects a fall that did not happen.

3. True negative (TN) - no fall occurred and no fall was detected.

4. False negative (FN) - a fall occurred but was not identified by the device.

The following two metrics will be evaluated:

• Sensitivity - the devices capacity to detect a fall.

TP

TP + FN

• Specificity - the devices capacity to not detect a fall when there is not one.

TN

TN + FP

3.3 Hardware setup

The hardware setup features an ESP32 [21] microcontroller. The ESP32 was
chosen because it is small and compact. This would potentially make it more
user friendly and allow us to embed it inside of a compact device. It also has in-
tegrated Wi-Fi and Bluetooth capabilities. This would in theory allow a smooth
way to implement a self-reporting system that could send an alert if a fall was
detected. However, a self-reporting system is outside of our scope, but may be
viable for future research.

The properties we need in an IMU are the following:
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• Low power consumption

• Accelerometer and gyroscope

• Small size/compactness

The IMUs that were considered are ICM-20948, BMI160 [19], LSM9DS1 [20],
and MPU-6050 [23].

3.3.1 ICM-20948

A valuable of the ICM-20948 is its low noise floor, which means that it can
detect movement more precisely. This is a valuable property for fall detection,
as a slight change in acceleration patterns could push its output values over the
threshold of what counts as a fall.

3.3.2 BMI160

The BMI160 has a 3-axis accelerometer and a 3-axis gyroscope. It has an ex-
tremely small power consumption which makes it suitable for wearable devices.
It is a small piece of hardware, which would make it suitable for use inside of a
bracelet for example.

3.3.3 LSM9DS1

The LSM9DS1 also includes a 3-axis magnetometer in addition to a 3-axis ac-
celerometer and a 3-axis gyroscope. The magnetometer gives us the possibility
to measure absolute orientation which allows us to better detect rotational falls.
However, the magnetometer has a low data output of 80 hz which might not be
ideal for fast motion tracking.

3.3.4 MPU6050

The MPU6050 was excluded early in our evaluation. The only benefits of it are
that it is affordable and widely supported. It has a power consumption of 500µA
which is the highest among the candidates, and it is also the largest of them.
It contains outdated sensors with inferior noise performance and accuracy than
its competitors.

3.3.5 Conclusion

Specification ICM-20948 BMI160 LSM9DS1
Power Consumption 8µA 18µA 450µA
Components Accel., Gyro., Magnetometer Accel., Gyro. Accel., Gyro.
Size 3x3x1 mm 3x2.5x0.8 mm 3.5x3x1 mm

Table 1: Comparison of IMUs for Fall Detection
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Our decision landed on the BMI160. It stood out as the best all-round choice
due to its balance between power consumption, performance, and size. Its
power consumption of 18µA is far superior to the LSM9DS1’s 450µA, and not
far behind the ICM-20948’s 8µA. It is the smallest of the three which makes
it easier to seamlessly integrate into a wearable device. It does not feature a
magnetometer, however. We have come to the conclusion that a magnetometer
will not be able to contribute much to the fall detection system, and we value
other aspects over it.

3.4 Hardware implementation

3.4.1 Interface

The BMI160 comes with two different serial interfaces: SPI and I2C. When
choosing a serial protocol, we considered a key factor. Which was hardware
space. While I2C only requires 2 wires compared to SPI’s requirement of at
least 4. I2C was the obvious superior.

3.4.2 Hardware

After we have determined MCU, IMU and serial interface. It was time to as-
semble the circuit (Fig 1). Where the Vin, Ground, SDA (I2C serial data) and
SCL (I2C serial clock) connect to each component respectively
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Figure 1: Breadboard wiring

3.5 Software Implementation

We did not only need a hardware setup, but also a software implementation
that goes appropriately along with the hardware. The implementation can be
broken down into different steps:

1. Writing to the IMU

2. Reading from the IMU

3. Processing sensor data

4. Threshold check for falls

5. Data visualization

The IMU operates by communicating over a serial protocol, and in our case it is
over I2C. Both writing and reading to the IMU involve data registers, which can
be found in the BMI160 datasheet [19]. ESP-IDF has a complete I2C peripheral
API [36], which we use to both write and read to interact with the BMI160.
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There are different registers within the BMI160, and they store different types
of information. First, in the software, we initialize the BMI160 by powering
it on using a specified register. We also specify our settings regarding the
accelerometer and gyro values, such as which sensitivity and g-range we want
to acquire. These are covered in the data processing chapter. A header file was
developed to keep track of all the registers that the BMI160 has, along with the
function definitions for the communication used when writing to and reading
from the IMU. A source file was also created where the implementations of these
functions were done. They worked as follows:

• BMI160 Init - Executes during initialization of the fall detection system,
ensuring power-on settings and sensor configurations.

• BMI160 WriteRegister - Writes data to a specific register address on
the BMI160 sensor.

• BMI160 ReadRegister - Reads data from a specific register address on
the BMI160 into a buffer.

• BMI160 ReadAccel - Reads accelerometer data from a selected axis.

• BMI160 ReadGyro - Reads gyroscope data from a selected axis.

Now that the fundemental functions were implemented for the system regarding
system initializing and data retrieval. We call these function in our main loop.

The function detector task is our main loop. This function manages the
continuous operation of the fall detection system. It begins by initializing the
I2C bus and creating a device handle for the BMI160, followed by sensor ini-
tialization. The function then enters an infinite loop where accelerometer and
gyroscope values are read from all axes and converted into real physical units.
These processed values are printed for evaluation during testing, and a short
delay is applied before repeating the cycle.

By reading the printed values with a Python program called ser, which is short
for serial, we are able to format the readings in a more readable manner, where
the sensor logs have timestamps included. This file also converts the values into
a file with a CSV format. These CSV files were evaluated and analyzed using
matplotlib to create graphs that visually represented the test falls. All the code
could be found on the fall detection GitHub repository. [37]

3.5.1 Data Processing

The BMI160 provides raw accelerometer and gyroscope readings as 16-bit signed
integers through its ADC. To interpret these readings, the raw values must be
converted into physical units according to the sensitivity parameters defined in
the BMI160 datasheet [19].
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After reading the accelerometer registers of every axis on the BMI160 with
ADC, we receive a 16-bit signed integer. Then we set this value to be in a range
of ±2g. Which is a higher precision compared to other ranges. The accelerom-
eter is calculated as follows:

areal =
Raw Value

Sensitivity (LSB/g)

The sensitivity is calculated as the 16-bit integer range (32768) divided by the
set range (±2g), which returns acceleration values between ±2g.

Sensitivity =
32768LSB

2g
= 16384LSB/g

For a complete analysis, we also calculate the SI units (m/s2) value:

am/s2 = areal × 9.81m/s
2

The use of g → m/s² scaling follows standard inertial sensor practice as de-
scribed by Zhou et al. [12] and Nyan et al. [27].

The BMI160 gyroscope values from the ADC are also stored in 16 bit signed
integer values for angular velocity for each axis as followed:

• Roll (ωx): Rotation around the X-axis

• Pitch (ωy): Rotation around the Y-axis

• Yaw (ωz): Rotation around the Z-axis

The sensitivity is determined by the precision required to track the human
body’s angular movements. The BMI160 gyroscope has a default range of
±250°/s, which is commonly used in IMUs. This range offers a resolution of
0.0076°/s, which is higher than that of wider ranges such as ±500°/s or ±1000°/s.
Although narrower ranges like ±125°/s appear more precise, they may result in
data loss. This is because slip-induced falls have been observed to peak at an
average of 139.7°/s [25], potentially exceeding the ±125°/s range and causing
values to clip. The sensitivity setting of 131 is used to convert raw sensor data
into degrees per second. This is based on the fact that 131 multiplied by the
resolution (0.00763) equals approximately 1.0°/s. Therefore, angular velocity
is calculated using this sensitivity value. So, the real °/s value is calculated as
follows:

areal =
raw value

Sensitivity
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3.6 Testing And Visualization

3.6.1 Testing

Initially, we performed 30 test falls. The tests would be performed by a human
replicate dummy and we placed the hardware on its high-trunk. The threshold
values were then evaluated on these data sets.

The dummy is a realistic human dummy that we were fortunate enough to
borrow to collect falling data (Fig 2). It is roughly 170cm tall and 70kg in
weight, so it perfectly replicates the human body movement during a fall. The
dummy was held up and dropped in a simulated way. we strived to replicate a
real scenario fall.
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Figure 2: Dummy
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The system was mounted along the high-trunk of the replicates body. Ensuring
the system stays intact using silver tape and soft plastics around it (Fig 3).

Figure 3: Mounting

3.6.2 Visualization

Upon our choice of hardware, we will evaluate our results and adjust accord-
ingly. With the help of Python libraries, we can ensure graphical visualization
of the fall, therefore, obtain an idea of how the fall has occurred. By creating a
virtual space and a rectangular block representing the falling body that visual-
izes the sensor readings when they are altered, we can deepen our understanding
of how sensor reading is interpreted in the digital world (Fig 4). Now we have
two representations of our fall and if they are equivalent we can ensure that
the real world fall is interpreted correctly by the digital threshold. Since it is
a Python library, it will be easy to interpret and use during our research, and
it will not cause unnecessary time spent solely on visualization due to the low
entry barrier of Python.
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Figure 4: Visualization

We obtained data for roll, pitch and yaw from the IMU. These values corre-
spond to the x-, y-, and z-axes. The following matrices are then constructed:

Rx(ϕ) =

1 0 0
0 cos(ϕ) − sin(ϕ)
0 sin(ϕ) cos(ϕ)



Ry(θ) =

 cos(θ) 0 sin(θ)
0 1 0

− sin(θ) 0 cos(θ)



Rz(ψ) =

cos(ψ) − sin(ψ) 0
sin(ψ) cos(ψ) 0

0 0 1


In this example, ϕ is the roll angle, θ is the pitch angle, and ψ is the yaw

angle. To obtain the final rotation matrix R, we multiply the matrices in the
order:

R = Rz(ψ)Ry(θ)Rx(ϕ)

Given a vector v =

xy
z

, we rotate it by applying:

24



vrotated = Rv

The acceleration vector is:

a =

axay
az


where ax, ay, az represent the acceleration in the respective coordinate di-

rections.
The total acceleration is calculated as the Euclidean length of the accelera-

tion vector:

|a| =
√
a2x + a2y + a2z

This shows the overall amount of acceleration regardless of direction.

These calculations are incorporated into a python script that visualizes the
rotation of the IMU in real time. The purpose of this kind of visualization is
partly to demonstrate the accuracy of the system. Seeing a digital represen-
tation of the IMU accurately mimicking the IMUs real world movements is a
convincing demonstration of the system’s accuracy.

Vpython [26] was chosen for the visualization as it is a lightweight framework
that is easy to set up and modify. This approach focuses on simplicity and
performance and therefore uses a very bare bones design.
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4 Analysis

4.1 Hardware Setup Analysis

After conducting our test we can confirm that the hardware in terms of space
and performance was efficient enough to collect data from our dummy test falls.
We wanted to venture into the different ways the dummy could fall, as the
theoretical analysis described, to avoid overfitting the algorithm. Overfitting
means specifically tailoring the system to work accurately with the tests that
have been done. This means that new data sets are handled by a system that is
engineered for a specific test. This will result in an inaccurate system, because
it is not developed for the processing of new tests but for a specific case. This
is highly relevant for the fall detection subject. Since every fall is different, we
cannot tailor our system to a few certain test falls. Instead, we need to develop
our system to determine a fall event for all types of falls, because no fall is
identical to another. A way of avoiding overfitting is basing our approach on
theoretical analysis along with the results that we unveil from the test falls to
determine a threshold. While we could try to protect the system more effectively
using extensive protection but the risk to reward ratio wasn’t worth the attempt.
So in summary, we could extend the data collected with more varied data but
that would come with sacrifices.

4.2 Sensor Performance Evaluation

IMU’s are a great way to detect and trigger certain events like in our case FD.
As earlier discussed we have chosen the BMI160 due to the low power con-
sumption and its small size. And after the tests have been conducted we can
explore whether it was accurate in terms of readings and performance. Which
will play a crucial role in determining how accurate the threshold-based ap-
proach is when it comes to FD. Initially when we performed unit tests with the
BMI160 it showed stable and consistent sensor readings within expected ranges.

Our next test round was performed with the dummy, where we carefully looked
into each test round evaluating wether the data looked reasonable which it did
to a degree. Initially we set a certain threshold according to other past studies.
But as we kept testing we found out that the °/s exceeds the threshold past
our limit of 250 °/s. According to this study the max °/s a high-trunk body
could have was 139.7. But from our experimentation the values exceeds this to
a staggering 250.1 °/s which is the max value set by the BMI160 configuration.
But when we compare ADL’s tests, such as sitting, with actual falls we can still
depict differences in the metrics but threshold have to be shifted to fit actual
IMU values while the ratio that we had before is still relevant. It still needs
to be determined whether the issue stems from errors in past studies or from a
faulty IMU setup.
Overall the BMI160 performs well with appropriate proportions and it doesn’t
seem to pick up unnecessary noise.

26



4.3 Environmental and Practical Limitations

The tests were performed on ground level onto flat surface, but in real life sce-
narios this might not always be the case. We need to consider the different
outcomes and causes for a fall and that they may not always compare to our
tests. Such as falling into a higher surface such as the stairs or falls off a tile or
over a carpet on the ground. Which is hard to test and catch all of the different
outcomes.

There are many different ways to places to mount the sensor, such as the
high-trunk, wrists, ankles and many more. While legacy studies has focused
on different mounting points of the body and sometimes multiple at the same
time. Values may also differ due to how the sensor is placed.

4.4 Data Discrepancy

Some test files got corrupted or totally ignored leading the system to not include
these files for final accuracy calculations, therefore we only obtained 28 tests falls
instead of the intended 30. This may affect the percentages across accuracy
metrics and inconsistency in fall to non fall comparisons. For some test files,
the fall may have happened at a later time compared to the others. Which could
cause confusion but the only time extended at that point is the time holding
the dummy before letting it fall or waiting to sit down.

4.5 Difficulties

Initially there were difficulties to get IMU to work. The IMU was faulty and
tests had to be conducted with a backup IMU of another model (MPU6050), to
obtain some start-up testing while waiting for the delivery of a new BMI160.

There was also a confusion regarding which exact calculations to be used with
the input data to conduct accurate measurements. We also had to understand
how to interpret the measurement data in the visualization part of the code,
and what formulas to use to make it easily viewable and understandable.

The main driver and research question for this thesis work was to establish
a set threshold based on theory and test result. While digging into theory
was an effective start to determine a threshold the values didn’t hold up to the
expectation. With the use of practical test falls, we were able to identify miscal-
culations on our behalf regarding the pre-test thresholds. While it might seem
effective to establish a threshold based on the test data. This method would be
inefficient over time due to overfitting.
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5 Results

5.1 Results discussion

We conducted some initial tests with the IMU to make sure it is working. We
have concluded that the results roughly correspond to the IMUs movement, and
therefore our setup works as intended. We can successfully measure acceleration
in m/s2 and the angular velocity in degrees per second.
A unit test was performed to confirm the IMU functionality (Fig. 5). The
output shows accelerometer and gyroscope data in each axis. During the time
of the first few printouts, the IMU was resting on a stable surface. Then we
altered the IMU’s position and angles, perfectly showcasing the change in the
IMU’s values—confirming the functionality of the IMU.

Figure 5: Output data from initial tests

Before we started conducting the tests we calculated a threshold to test.
After we did the tests, we calculated a new threshold that would work better
for the data we obtained. The goal was finding thresholds that:

• Most or all frontfalls and sidefalls exceed at least one threshold (or ideally
both).

• Most or all sitfalls stay below both of the thresholds.

”Frontfalls” refers to the person falling forward, ”sidefalls” is falling sideways,
and ”sitfalls” refers to the recorded data from a person going from a standing
to a sitting position, and should therefore not count as a fall.

Threshold A (Theoretical threshold)
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Acceleration: 8 m/s2

Angular velocity: 168.2 °/s

This is the threshold that we determined before conducting the experiments.
It proved to be a good balance between detecting real falls and avoiding false
positives. Using this threshold, you will capture most frontfalls and sidefalls. It
is also relatively good at filtering out the sitfalls, as both the acceleration and
angular velocity thresholds are also requirements. It correctly misses sitfalls
like:

• Sitfall #8: acc = 22.39 (passes acc), °/s = 33.1 (fails °/s) → Not counted

We’ve plotted the different tests and determined a horizontal line representing
the threshold for both the gyro (Fig. 6) and the accelerometer (Fig. 7):

Figure 6: Threshold 1: ∆ Angular Velocity over time
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Figure 7: Threshold 1: ∆ Acceleration over time

Threshold B (Adjusted for increased sensitivity and specificity)
Acceleration: 12 m/s2

Angular velocity: 168.2 degrees/second
(Fig 8.)

Figure 8: Threshold 2: ∆ Acceleration over time

Threshold Gyro Sensitivity Gyro Specificity Acc Sensitivity Acc Specificity Average
A 0.6316 0.8889 0.9474 0.1111 0.6448
B 0.6316 0.8889 0.8947 0.4444 0.7149

Table 2: Threshold comparison

Threshold B performs slightly better overall, as seen in the table above. It
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is significantly better in terms of specificity but slightly worse sensitivity.

5.2 Method discussion

We built a system consisting of a microcontroller and an IMU. Along with this,
we chose a threshold-based approach for the fall detection. A lot of focus was
on simplicity, low power consumption, and small size. Hence, our choice of
hardware and fall detection method.

Using a threshold is a simple but moderately effective method. A threshold-
based model will probably never be able to filter out all false positives and false
negatives. When making something as serious as a fall detection system that
could be used by elderly people, a threshold-based system might not be enough.
In these cases it could perhaps be better to use something like machine learning,
deep learning, or even a manually triggered system.

The tests were done with a realistic humanoid dummy. The hardware was
attached to the back of the dummy. We then lifted it up to a standing posi-
tion, and pushed it over whilst running our software to measure the acceleration
and angular velocity values. The dummy was very heavy and it was difficult
to consistently hold it still in the same position. Using a person to hold it
up and throw it on the ground might not be very consistent either. The tests
were conducted on both concrete and laminate flooring. These things factor in
when evaluating the reliability of this study. On the other hand, it makes every
fall unique, which could arguably be more realistic and therefore generate more
valuable data. Another thing is that, while realistic in terms of size and weight,
the dummy behaves like an unconscious person, which is likely far from reality.
If a person were to fall, the person would likely try to soften the fall with their
hands, or perform some other kind of movements. This difference could greatly
impact output values from the IMU. The dummy is also made to mimic the
average person in terms of weight and size. This means that we only get one
”person” to conduct the tests on. It would have been better to have a diverse
array of dummies of different sizes and weights to test on to get more accurate
measurements.

Due to a lack of time and slow communication with the rescue service, we
did not get as much time to conduct experiments and test our system as we
hoped for. As a consequence of that, we did not get data from as many test
falls as we had hoped for. A small sample size can make a dataset less accurate,
and it makes the extremes have a greater impact on the dataset as a whole.
Ideally, we should have done hundreds of test falls to get as accurate results as
we possibly could.
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6 Conclusions and recommendations

6.1 Practical implications

Our findings carry several practical implications for the development and de-
ployment of fall detection systems. First, the use of threshold-based methods
demonstrates that a fall detection system can be implemented with relatively
small and cheap hardware. The microcontroller and IMU used in this study are
both compact and energy-efficient, which means they could be integrated into
existing wearable devices such as smartwatches. This lowers the barrier for in-
troducing fall detection features into consumer devices, making the technology
accessible to a wider audience.

When starting this research, what we had in mind was developing a fall de-
tection system that would be easy to implement in a wearable device. This is
so it could be used in devices intended for old people, for example. This way
you could make a small and compact piece of hardware that detects if the per-
son wearing it is falling. It could then send a report to emergency services for
example, over wifi or bluetooth. The device would be small and would not get
in the way, and the user would not have to change batteries or charge it that
often, as it has a very low power consumption.

This technology could be implemented in a device that is adapted for non-
technical users, which is fitting for use among the elderly population. Theoret-
ically, you could make a wrist or waistband with the IMU and MCU embedded
into it, and it would work completely by itself except for the occasional charging
or battery change. Many smart watches on the market already feature IMUs,
which would potentially make it possible to implement the proposed fall de-
tection method through just an app or a software update. Early fall detection
could also reduce time spent laying on the floor, and therefore perhaps prevent
unnecessary health risks or injuries.

This work shows the importance of sensor placement and calibration. A de-
vice that is not consistently mounted in the same way and on the same place
on the body risks producing both false positives and negatives. This implies
that wearable devices must also consider things like comfort, and not disrupt-
ing everyday activities. This might mean integrating hardware into clothing or
accessories that users are already wearing, like smartwatches or belts.

A drawback of using this technology is the power consumption. The user would
have to either charge the hardware every once in a while, or change batteries. It
would also have to be embedded into some compact wearable device that would
be comfortable to wear and that would not get in the way of everyday activities.
Another drawback is the inaccuracy of the measurements. No matter where you
place the thresholds, you are either going to get false positives or false negatives,
or a bit of both.
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6.2 Ethical and Legal Implications

As fall detection systems become more integrated in everyday life, especially
among the elderly space, ethical and legal considerations must be taken into
account. One major concern would be the false positives. This might prompt
unnecessary involvement of rescue services and confusion between the victim and
the paramedic workers. Over time, when these types of false alarms have been
alarmed repeatedly the rescue service might ignore the alerts, reducing overall
system reliability. This raises the question of balancing sensitivity (catching as
many falls as possible) against specificity (avoiding false alarms). A takeaway
from this is that developers must carefully tune thresholds or implement mech-
anisms for users to confirm the fall, to prevent alarm fatigue.

Another important aspect is the autonomy of the users. Elderly users might not
want to wear monitoring devices that might feel intrusive and that they do not
understand. It is important to manufacture a device that is small, comfortable,
and not too intrusive. At the same time, it must be ensured that users fully
understand how their data will be collected, stored, and shared with medical
personnel.

There are also legal implications regarding the system. If there were to be
a system failure, whose fault is it? The developers, the manufacturers, or the
users? Furthermore, data privacy and security is important for many. As data
is collected regarding body movement, while IMU’s are less invasive than other
technologies- legal and ethical actions are determined by how this data is han-
dled since it is often also communicated via a network, while it is measuring
body movements. Future research should consider how to design systems that
are not only effective and accurate but also legally and ethically appropriate to
the best degree.

6.3 Scientific implications

This study contributes to the scientific field of fall detection in several ways. It
provides empirical evidence on the limitations of threshold-based methods when
applied to realistic fall scenarios. Previous literature [16][17] has often presented
threshold methods as either too simplistic or prone to false alarms, but few stud-
ies have tested them under realistic conditions with full size humanoid dummies.
Our findings confirm that while thresholds can capture general fall tendencies,
they fail to adapt to variations such as fall speed, direction, or environmental
conditions. This shows the need for more adaptive approaches, such as hybrid
models or machine learning-based systems, and provides future researchers with
a better idea of what threshold methods can and cannot achieve.

By using a realistic humanoid dummy in combination with an IMU setup, we
introduced a testing method that allows for reproducible experiments without
risking human injury. Unlike other studies that rely on low-risk volunteer falls,
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our approach better mimics the conditions of unconscious or uncontrolled falls.
This provides a valuable tool for researchers who want to validate algorithms in
a way that bridges the gap between controlled laboratory tests and real world
conditions.

Studies made on fall detection for elderly people usually involve experiments
in controlled settings, where the person doing the fall is in no risk of hurting
themselves. Therefore, it can actually be good that we are using a realistic
dummy that we are not afraid to damage, and it could yield better results in
areas where other studies have lacked.

Our specific fall detection method, where we measure certain data from a gyro-
scope and an accelerometer, has not been done before. We have contributed to
the scientific field by testing and evaluating this method. Even if it is not that
effective compared to other methods then at least we know not to use it and
chose a better method instead.

The main thing that this study lacks is large quantities of data. Something
that would improve this research would be to conduct a very large amount of
tests (several hundreds perhaps), calculate the optimal thresholds, and then do
a similar amount of tests again whilst fine tuning the thresholds. This would
likely provide more reliable results.

6.4 Further research

This research could be expanded upon by improving the datasets used. One
aspect is increasing the sheer amount of data collected. However, the quality
of data could also be improved by conducting tests with real people of vary-
ing physical attributes. An evaluation of sensor placements could perhaps also
make the data more accurate. We placed the sensors on the waist for conve-
nience, but maybe the optimal placement is on the wrist, for example. The best
way to do it could also be to have multiple sensors in different parts of the body.

Algorithm improvements could also be researched. One idea is to determine
a personal threshold that is unique for every user. This could be based off of
parameters such as the user’s age, weight, and height. Another idea is to include
further context in the measurements. For example, the fall detection could in-
clude looking at the posture of the person before the fall takes place, or look at
how the person moves right after the fall. Machine learning could be used on a
large dataset to determine thresholds.

The setup could be tested in a real setting to optimize things like power con-
sumption, latency, and accuracy. A reliable way to collect fall data is to deploy
such a FD system in elderly peoples homes. Over a long time data would be
collected under different circumstances during the everyday life. Even more ef-
fective would be the collection of data to prevent false positives. The everyday
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life of residents of elderly care homes includes different ADL’s which could be
analyzed to categorize the ADL that are most prone to activate false positives.
The system would receive feedback in terms of hardware mounting and placing
as well.

A study could also be done on false alarm reduction. You could look at move-
ment patterns after a fall is detected to determine if it actually was a real fall
or a false alarm. Another way to do it is to give the user some way to confirm
or cancel a registered fall after it has happened.

Taking extensive data sets in different environments and settings could also
increase the possibility to analyze and form a more informative report. For e.g
the prediction of what type of fall was executed, such as slip induced fall, trip
induced fall, etc. A directional analysis could also be conducted. One of the
most common fatal falls are caused by a cardiac arrest, By evaluating both fall
and post-fall data, further studies may be able to categorize pathological falls
into different medical conditions such as strokes or cardiac arrest or any other
condition. By combining and studying the characteristics of falls - future system
would be able to provide more information to the rescue service regarding the
fall.
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