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ABSTRACT 
 

The problem addressed in this project is the variability in fall detection accuracy due to 

different room layouts in homes. Traditional fall detection systems often fail to account for 

diverse environments, leading to false positives or missed detections. To solve this, the 
project integrates an Adafruit microcontroller with an accelerometer to monitor movement 

and detect falls, using a threshold-based algorithm for accuracy. The key components 

include the microcontroller, battery, and casing, which allow for wearable, real-time 

monitoring. Challenges included ensuring consistent performance across various room 

setups. These were addressed through controlled experiments simulating different living 

room and kitchen layouts. Results demonstrated that the device could accurately detect falls 

in various environments, with minimal false positives. This solution offers a reliable and 

adaptable fall detection system, making it highly useful for elderly individuals or those at 

risk of falls, ultimately enhancing safety in diverse home environments. 
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1. INTRODUCTION 
 

When I witnessed my grandmother suffer a fall, only narrowly escaping major injuries, I tried 

searching online for products that could help prevent or detect another fall. The only products I 

found were either too large, too costly, or dependent on online services and subscriptions. The lack 
of availability of items to help old people like my grandmother is very serious. More than 3 million 

people ages 65 and above in the United States are treated for fall injuries, with more than 800,000 

of them being hospitalized for such injuries [1]. In fact, over one in four older adults, 
approximately 14 million, experience such falls. While most do not lead to significant long-term 

consequences, more than one in five of these incidents result in serious injuries [2]. These include 

broken bones and even head injuries. Indeed, most traumatic brain injury cases among the elderly 
are directly caused by falls. In addition, even if those who fall are not injured, the trauma from 

falling may cause them to lessen their daily activities. Being less active, they will become weaker 

and ultimately be more susceptible to worse falls. Falls in the elderly also cause about 95% of hip 

fractures, with over 300,000 old people hospitalized for such problems every year. 
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The first methodology uses a sensor floor that monitors an elder’s movements to detect falls. Since 
these sensors must be installed directly beneath the floor, it can be very difficult to place them 

under outdoor areas, where many elderly go about their daily activities [5]. My solution addresses 

this issue by enabling a wearable device that can be used continuously, regardless of an elder’s 

location, whether inside or outside their home. 
 

While other products are expensive, costing between $50 and $100, and require subscriptions to 

outside services, affecting one’s privacy, my product is cheap, costing $20 at most, small and 
compact enough to fit on one’s waist, and overall, more convenient. In terms of hardware, the 

device only contains two major parts, the microprocessor and the battery, enclosed by a small 

white casing [6]. The microprocessor is the core piece of hardware that uses Bluetooth to process 
all the major lines of code and helps transmit the data for the app onto a phone. The battery simply 

helps power the microprocessor. In the future, more installments may be added to the device, 

including the option to call emergency services when serious falls do occur. 

 
In Section 4, the experiments aimed to test the accuracy and reliability of a fall detection system 

using an Adafruit microcontroller. The first experiment aimed to evaluate the sensitivity of the fall 

detection threshold by testing various values to identify the optimal setting that reduced false 
positives while ensuring accurate detection. The second experiment evaluated the system's 

performance across different room layouts, simulating various living room and kitchen 

configurations to observe how obstacles and room size impact detection accuracy. Significant 
findings include the identification of an optimal threshold value that balances sensitivity and 

accuracy, and the realization that cluttered or confined spaces may slightly reduce detection 

reliability. These results were expected, as the threshold value directly influences sensitivity, and 

room layouts with obstacles challenge the system's ability to differentiate between normal 
movement and falls. Overall, the experiments confirmed the system's effectiveness while 

highlighting areas for further refinement to improve reliability in diverse environments. 

 

2. CHALLENGES 
 
To build the project, a few challenges have been identified as follows. 

 

2.1. Wirelessly Connect 
 

The biggest challenge in my project occurred while I tried to open the app on my phone, as there 

were major problems with trying to wirelessly connect my phone to the components. The first big 

trouble was that I could not get the phone to connect to Android Studio, which I used to open the 
app that was coded through Visual Studio Code. Even after managing to connect to Android Studio 

with a code, I was unable to open the application on my phone. To fix this, I could try changing 

the settings of my phone so that they would be compatible with the other components. 
 

2.2. 3D Model 
 
Another major challenge in my project was creating a 3D model for a hardware casing that could 

accommodate both the microprocessor and the battery. As this was my first time doing 3D 

modeling, it took some time to get used to working with Tinkercad. Even with a simple design, it 
was especially annoying to fix some small edges and errors along the way that would otherwise 

ruin the structure of the model. Eventually, I finally managed to make a good casing model that 

could fit both hardware components. Next time, I will try adding features that accommodate more 

pieces of hardware I want to implement later. 
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2.3. The Code 
 

The third challenge in my project was trying to build the code for the app using Visual Studio 

Code. To make the app, I had to use the programming language Dart to write the code and Flutter 
to import the libraries used in the code. Until then, my experience was limited to Python and Java, 

so it took some time to adjust. Additionally, I had to write numerous scripts for each main app 

page: the main page, the homepage, the device page, and the scan screen. This meant I had to write a 
lot of complicated code in a language that I was completely new to. 

 

3. SOLUTION 
 
This project consisted of three major components: the hardware, the mobile application, and the 

code from the Mu Editor. My hardware was composed mainly of the microprocessor, the battery, 

and the casing. The microprocessor helps connect all parts of the code by creating a Bluefruit 

connect server for the phone and the app to connect to [8]. The battery helped charge the 
microprocessor, and the casing contained these two parts so one could wear it on their waist. The 

code from the Mu Editor on my computer directly changes the code on the microprocessor so that 

it can detect potential falls. At the start of the code, a variable “fallen” is set as false, as there has 
not been a fall yet. The code contains an accelerometer with set x, y, and z, values for the 

benchmark of acceleration. If the microprocessor exceeds those values, the program identifies it 

as a sudden fall. The code also uses shake detection, where a shake threshold of 15 or greater is 
recognized as a fall. If the threshold were 10 or less, the program would be far too sensitive and 

would detect falls too frequently and inaccurately. Once these factors are identified as falls, the 

Mu Editor sets the “fallen” variable to true, as a fall has now occurred. This then changes the LED 

lights on the microprocessor [9]. Blue LEDs are lit when the microprocessor is not connected, 
green LEDs when it is connected, and red LEDs when the program detects a fall and “fallen” is 

set to true. 
 

 
Figure 1. Overview of the solution 

 

The initial part of the code involves configuring and connecting the Bluetooth server [10]. This 
part of the code uses the microprocessor to help create a UART server on the Bluefruit Connect 

app, where the user’s phone will connect to the server. Through this server, the microprocessor 

can detect any falls and relay the information to the main app. 
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Figure 2. Screenshot of the modules 
 

 
Figure 3. Screenshot of code 1 

 
The screenshot above displays the code that builds the UART server for the phone to connect 
through the Bluefruit Connect app [11]. The code runs after setting the “fallen” variable to false 

and creating the I2C Accelerometer board, and right before creating the methods to broadcast the 

microprocessor's acceleration and shake factor and to see if it is falling. Lines 12-15 depict the 
libraries imported from Bluefruit or adafruit_ble. These include BLE Radio, which helps connect 

the devices using Bluetooth, Provide Services Advertisement, which helps to advertise the UART 

server onto the Bluefruit Connect app, and UART Service, which transmits data between the 
devices. Some variables are made throughout lines 30-32, like BLE, which is a substitute for the 

BLERadio() and connects the devices, or ble.name which sets the name (‘CodingMinds’) of the 

ble. The UART Server is then made with UART Service() and set to uart_server and is advertised 

using Provide Services Advertisement (the variable is simply called advertisement). The program 
then displays the name of the BLE and the server’s UUID, both of which appear in the server 

advertisement on the Bluefruit Connect App. 

 
The second component of the code is the app development process, done through Visual Studio 

Code. There are four main scripts for the app: the device page script, the homepage script, the main 
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page script, and the scan screen script. The device page, the focus of this component, converts the 
data from the UART server on Bluefruit Connect and checks if there has been a fall detected in 

the microprocessor. 
 

 

 
Figure 4. Screenshot of code 2 

 
The screenshots above display how the device page communicates with the microprocessor and 

the UART server. In the first image, the function by tes To Double List inputs the list of the byte 

data from the UART service and converts each index to create and return a list of doubles. The 

code then gets the incoming data from the Bluetooth device using the method get Value Change 
from Characteristics and inputting the Bluetooth service. The variable made, characteristics, then 

has one of its values extracted and converted into a string of data to determine if it reads “fallen.” If 

it does, then the fallen variable is set to true, and the program detects a fall. After building and 
applying all these functions, if the app thinks the device has fallen, then a fallen message will show 

up on the screen. There will also be a dismiss button on the side, prompting the user to close the 

message and the fallen variable will be set back to false, knowing that the user acknowledges the 

current fall. 
 

The third component of the code uses the microprocessor to connect to all other parts of the code. 

The microprocessor is used to draw out information regarding whether the device has fallen based 
on shake and acceleration factors. The microprocessor then relays this information to the main app 

through the UART server (made with Mu Editor) on the Bluefruit Connect app. 
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Figure 5. Screenshot of code 3 

 

The screenshots above display the key factors that contribute to fall detection in the microprocessor 

and how the microprocessor reacts to such. The first screenshot shows two methods: broadcast 

Accel() and broad cast Shake(). broad cast Accel() gets the acceleration values from all three axes 
of the falling device and broadcasts them over Bluetooth. broad cast Shake() takes a shake 

threshold (set to 12 in the code), and if the device starts to shake at that threshold, the code will 

assume a fall has been detected. This information will be written on the uart_server around 
 

0.5 seconds after printing “fall detected” in the main module. If no fall has been detected, the code 

will keep checking every 0.5 seconds. The second screenshot shows how the microprocessor 
displays different color LED lights. In the while loop (while connected to the server), if there has 

been a fall, the pixels on the microprocessor will flash a bright red color. If there is no fall, the 

pixels will flash green. 

 

4. EXPERIMENT 
 

4.1. Experiment 1 

 
A potential blind spot to my program is based on the accuracy that it detects falls. It is important 

that the program detects falls accurately, especially in areas where elderly are most likely to or 
most commonly fall, to ensure its success. 

 

To test the program’s accuracy in detecting falls, I have decided to test the device in some of the 

most common areas or most dangerous areas where elderly can fall. Most falls in older people 
occur on flat terrain, with elderly women tending to fall in the house and elderly men in the garden 

[3]. This means I will test this device in the living room, the backyard, the kitchen, and also the 

stairs and the bathroom, though falls are not as common in these places. The experiment is set up 
this way to see whether differences in terrain, with stairs being uneven while living rooms are 

mostly flat open space, will account for the program’s accuracy in detection. 

 
The data revealed that the fall detection algorithm had a mean threshold of 12 and a median of 13, 

with the lowest value at 10 and the highest at 15. Surprisingly, lower thresholds resulted in 

excessive false positives, indicating that the threshold’s sensitivity greatly impacted accuracy. 

 

4.2. Experiment 2 
 
To test the potential blind spot related to the varying layouts of living rooms and kitchens, I will 

set up an experiment that simulates different common room configurations. This experiment will 

involve placing the fall detection device in various environments that mimic typical living room 

and kitchen layouts, such as open floor plans, cluttered spaces, and areas with obstacles like 
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furniture or appliances. Research shows that the environment greatly influences fall risk among 
the elderly, making it crucial to evaluate how various layouts impact the device's accuracy [4]. 

 

The experiment will be set up in a controlled environment where I can manipulate the layout of 

the rooms. I will create different room setups by rearranging furniture, adding or removing 
obstacles, and adjusting the spacing between objects. These setups will include scenarios like a 

spacious living room with minimal furniture, a crowded kitchen with multiple appliances and 

obstacles, and a small, confined space with limited movement. This approach is supported by 
studies showing that environmental factors, such as clutter and space constraints, significantly 

impact fall risks [7]. 

 

 
Figure 6. Experiment Data 2 

 
The purpose of this experiment is to evaluate how the device’s accuracy is affected by different 

room layouts. For example, a cluttered room with many obstacles might cause the device to register 

false positives, while an open space might result in missed detections if the device is not properly 

calibrated. To guarantee accurate and reliable results, I will obtain control data from a baseline 
room layout featuring minimal obstacles and an unobstructed movement path [12]. By analyzing 

the data collected from each setup, I can determine how different layouts impact the device’s 

accuracy and identify areas for improvement. This experiment is set up to provide a comprehensive 
assessment of the device’s functionality in real-world scenarios, ensuring that it can perform 

reliably in diverse home environments. 
 

5. RELATED WORK 
 

The first source presents a sensor floor that can monitor an elder’s movements within a room and 

detect for falls or other “abnormal behavioral patterns.” This floor contains a grid network of 

sensors on a piezoelectric material, allowing for a voltage signal to be transferred when a force is 
applied [13]. However, these sensors must be installed directly beneath floor tiles, making them 

extremely inconvenient to place in outdoor yards and restricting them to the elder’s own property. 

This means that elderly going about their favorite outdoor activities, including jogging and outdoor 
maintenance, cannot be able to get help if their falls cannot be detected in the first place [14]. On 

the other hand, my fall detection device can be conveniently worn and always used. 

 

The second source presents a “home camera-based fall detection system.” This system consists of 
a compact camera integrated with an embedded computer to identify and detect moving objects 

through machine learning. The camera itself “can be installed into walls or ceilings” and “is 

capable of 24 h monitoring.” While the device is very accurate, with a sensitivity and “detection 
ratio of over 96%,” it is not exactly inexpensive. The first prototype for the device, which already 

uses an inexpensive Raspberry Pi 2 board, has an estimated price of 91€, or USD $98.33 [15]. If 

several of these devices are required for each room around the house as well as outside yards and 
garages, that would make for a very expensive fall detection system. Luckily, my device costs at 
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most $20, offering a much cheaper alternative compared to the hundreds of dollars for multiple 
devices. 

 

The third source presents a microphone array system that can “capture sounds in a room.” This 

array consists of eight microphones positioned around a circle of radius 0.25 meters. After 120 test 
falls and 120 nonfalls, this system yields a sensitivity of 100% and specificity of 97%, making for 

an extremely accurate fall detection system [16]. However, this device shares the same limitations 

as the sensor floor system, as it can only detect falls within a certain range and cannot be used 
outdoors when an elder is jogging or going about other common physical activities. To account 

for this problem, my device can be worn and always used and is not limited to indoors. 

 

6. CONCLUSIONS 
 
While it has its advantages for being inexpensive, lightweight, and very convenient, my device 

still has its limitations. The microprocessor could break depending on the height of the fall and the 

material on which it falls on. To prevent this problem, I could add some sort of protective padding 
inside the device casing, but that could potentially interfere with how the current would flow in 

the device. If that does not work, the padding could be placed outside the casing. Another limitation 

is that many elderly are likely to forget to put the device back on after taking it off before sleeping. 
In this case, I could add a daily alarm onto my device to remind them to wear it. This alarm could 

be adjusted to sound off at any time the wearer chooses just like an alarm clock. There could also 

be another alarm for when a fall is detected. As of right now, my device can only flash a red signal 

when a fall occurs, so adding an alarm to alert that a person has fallen makes it more helpful. 
 

In conclusion, this project highlights the importance of adaptable fall detection systems that 

account for diverse living environments. By thoroughly testing the device in various room layouts, 
we can ensure its reliability and accuracy, ultimately enhancing safety for elderly individuals at 

risk of falls in their homes. 
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