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Abstract:

In this paper, a unique approach has been developed to detect drowning by using a chest area belt equipped
with a pressure sensor to monitor the breathing rate of the person wearing the belt. Additionally, MPU6050
module has been used to measure the cumulative displacement to track the swimmer's movement. These
sensors have been integrated with a Remotexy application and a GSM module to create an SMS message
that alerts lifeguards when someone is in danger of drowning. The chest area belt is equipped with carbon
resistors that are sensitive to pressure changes, allowing us to monitor the breathing rate of the person
wearing the belt. By monitoring the breathing rate, we can detect when a swimmer is in distress and alert
lifeguards to the potential drowning. To track the swimmer's movement, an MPU6050 has been used, which
is a motion sensor that measures the cumulative displacement of the person wearing the belt. This data is
then integrated with a Remotexy application and a GSM module to create an SMS message that is sent to
lifeguards when someone is in danger of drowning.
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1. Introduction

Artificial intelligence techniques have
opened up previously unthinkable possibilities
and changed innovation in a number of fields.
Such as applying these techniques in Thyroid
classifications [1], heart conditions detection [2],
facial expression recognition [3], automatic stress
detection [4], level of consciousness detection [5]
and Fatigue state detection [6].

Drowning is the 3 leading cause of
unintentional injury death worldwide, accounting
for 7 percent of all injury-related deaths. There
are an estimated 320,000 drowning deaths each
year worldwide. Globally, the highest drowning
rates are among children 1-4 years, followed by
children 5-9 years.

Drowning is a silent phenomenon, with
victims rarely exhibiting convulsive movements
[7-10]. Instead, they often use all their energy
trying to keep their heads above the surface of the
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water, making it impossible for them to call or
signal for help. If water manages to reach their
larynx or it can trigger a panic response in the
victim that results in spasms, preventing them
from being able to shout for assistance.
Therefore, the only way to spot a potential
drowning victim is by seeing them struggling in
the water.

The wide area of the sea may create many
blind spots. The lifeguard’s view of the
swimming area is obscured [7]. It is the
lifeguard’s responsibility to seek out every blind
spot in the swimming area and to take the
necessary action to reduce the amount of area that
the lifeguard cannot see from his/her lifeguard
station. It might make it difficult for lifeguards to
monitor all the swimmers’ safety in the sea [11].
The chance of drowning among children is the
outcome of this issue. As a result, this deadly
problem has attracted many specialists' attention.

2. Related studies

Drowning detection systems have been
studied in detail in recent years. These systems
can be divided into two primary categories:
sensor-based systems and image processing
systems. Sensor-based systems rely on a variety
of sensors to detect drowning, such as pressure,
heartbeat, motion, and depth. Image processing
systems, on the other hand, use algorithms to
detect drowning by analyzing images or videos.
In both cases, the goal is to detect drowning in a
timely manner and help prevent any further
fatalities.

2.1 Drowning detection using computer-
vision

Video based drowning monitoring
systems have been proposed as an alternative to
traditional drowning prevention systems, but the
technology is very prone to visual and sensor
disturbances [12]. This is especially true when the
pool or waterbody is crowded, as the system is
unable to differentiate between different
individuals. To address this issue, several other
electronic drowning prevention systems have
been proposed. These systems make use of
physiological features to detect a person in
distress, such as a swimming cap that can detect

changes in heart rate or breathing. However,
many users are very selective about the drowning
prevention systems they choose, as they need to
ensure that they are both safe and effective.

Kam et al. [13] proposed a paper about
drowning detection in swimming pools using
computer vision. This paper proposes a drowning
detection system that uses computer vision
techniques to analyze video footage of swimming
pools. The system detects drowning incidents by
analyzing the movement patterns of people in the
water and identifying instances where people are
in distress.

Salehi et al. [12] proposed automated
video-based surveillance systems that are used
for real-time human behavior analysis and help to
provide an effective way of monitoring any
unusual activity in any surroundings. They
noticed that due to the rapid lighting evolvement
in the environment, there are high dynamic
backgrounds and thus vague visibility of targets
is a major difficulty and this continues to be faced
by most advanced systems [8-10].

Heart rate (HR), blood oxygen saturation level
(SpOy), body temperature,
photoplethysmography (PPG) signal,
electrocardiography (ECG) signal, ambient
temperature, and room humidity are just a few of
the medical parameters that the designed system
keeps track of. The measured data is shown on the
built-in display or sent wirelessly to a mobile app
for local monitoring or to cloud storage for distant
monitoring. The proposed system proposed by
Siam et al. [17] may be utilized to watch over the
folks we need to take care of while allowing them
to continue living their regular lives.

Alnaggar et al. [18] developed an architecture
that involves watching a video stream of the
patients while they are being monitored by a
camera to extract the rPPG waveform from their
faces. Eulerian Video Magnification (EVM) is
used to first enlarge the movement and color in
the video. The motion and color are then
examined in two steps, one for HR estimate and
the other for RR estimation.
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2.2 Drowning detection wusing multi-
Sensors

Two systems which are wearable and
used for anti-drowning have already been put in
place:

» SenTAG [11] is an anti-drowning
system that offers a safety solution for swimming
pools which helps to check individual swimmers
via a wristband given to the individual, it is used
to monitor the individual’s depth in water,
motion, and time. Sensors are mounted on the
wall of the pool to check if any swimmer wearing
the wristband is approaching the preset limits for
depth and time. It then evaluates whether the
swimmer is spending a lot of time in water under
a preset depth of field. If so, the wristband then
sends a wireless alert signal through a radio or by
an ultrasonic transmission frequency to a control
unit alarm. At this point, the alarm, which is
situated on the wristband begins to sound, and
then the LED lights come on, which is used to
indicate that the swimmer is to return to a safe
point. If the swimmer fails to respond as
demanded, the unit then sends a full emergency
alert personnel only [19-20]. This really cuts
down the probability of 6 false alarms. The alarm
system is a wristband that triggers an alarm when
a swimmer has been motionless underwater for
twenty seconds.

* WAHOOOQO [5] A headband system was
developed to send an alarm to a receiver if a
swimmer stayed underwater too long. However,
the system did not consider the complexities of in
this case, the alarm could trigger too late, and the
swimmer may not be able to be rescued in time;
or it could trigger too early and create a false
alarm [21]. To address this issue, the system must
be further developed to better understand the
nuanced scenarios of a near-drowning experience
[22-24]. This may require the implementation of
sensors that can judge the swimmer's movements
and breathing patterns, as well as improved
algorithms that are able to accurately assess the
swimmer's well-being. Only then will the system
be able to reliably alert the receiver in the event
of a near-drowning [25-28].

3. Proposed System

The proposed system uses a chest
wearable device that measures the movement of
the chest during inhalation and exhalation. As a
result, we will be able to calculate the number of
breaths produced by the individual. The
MPUG050 sensor will be integrated into the
wearable device to continuously monitor the
movement and orientation of the wearer. Using
this data, we can develop a model to predict
drowning probabilities and then carry out rescue
procedures based on that prediction. The system
will be able to detect abnormal movements
associated with  drowning, alerting first
responders or lifeguards, and allowing them to
respond accordingly. Additionally, this data can
be used to evaluate swimming performance and
provide feedback to the swimmer [29].

Overall, this proposed system demonstrates the
potential of wearable technology and motion
sensors to improve public safety and save lives.
By leveraging the capabilities of the MPU6050
sensor and a wearable device, we will get into
every detail about their components in the
upcoming sections. We can develop innovative
solutions to prevent drowning and keep people
safe in and around water [30-34].

3.1 Materials

(i) ESP32: It is a series of low-cost, low-
power systems on a chip microcontroller
with integrated Wi-Fi and dual-mode
Bluetooth.

(if) Custom pressure sensors: A pressure
sensor is an electronic device that
detects, regulates, or monitors pressure,
and converts perceived physical data into
an electronic signal [35]. The chest area
belt is equipped with carbon resistors that
are sensitive to pressure changes. In
figure 1 a carbon resistor is shown.
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Figure 1: Carbon Resistor
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There are many pressure sensors on the
market that work well in a variety of
research and experimental settings, it can
be challenging to find one that meets all
our specific requirements like small size,
ignoring error and more sensitive to
detect chest movement [36].

So, we created a pressure sensor that met
our needs. The same idea of a carbon
resistor but made it a variable resistor has
been used in the proposed method [37].

Metal Wire

Carbaon !

Metal Surface

Figure 2: Custom Pressure Sensor

The general shape of our product, which is based
on a simple idea such as common carbon resistors
has been displayed in Figure 1 and 2. Carbon,
being a resistive material, creates a voltage drop
across it when an electric current is passed
through it. Its ability to withstand high
temperatures and provide stable resistance values
makes it ideal for use. It is also relatively
inexpensive and easy to use. Carbon resistors are
also known for their durability and long-term
performance [39]. The sensor in question is
composed of a metal surface, which is covered by
a layer of carbon powder. Attached to this surface
is a metal pin, which when pressed, decreases the
distance between the two metals. This decrease in
distance alters the resistance of the sensor,
allowing us to calculate the current passing
through. By using this data, we can measure chest
pressure and obtain valuable information
regarding the patient's health. The proposed
circuit diagram is shown in figure 3.

(iii) MPUG050: The MPU6050 is an incredibly
popular accelerometer gyroscope chip,
known for its six axes of sensing and 16-bit
measurement resolution. This combination
of precision and affordability has made it the
go-to choose for the DI'Y community. Many
commercially available products from a

variety of industries are now equipped with
the MPUG6050 as well. In addition, the
combination of gyroscope and
accelerometers is referred to as an Inertial
Measurement Unit (IMU). With its high
accuracy and low cost, the MPUG050 is a
great solution for any application requiring
an IMU.

(iv) SIM800OL GSM/GPRS Module: SIM80OL
is a miniature cellular module which allows
for GPRS transmission, sending and
receiving SMS and making and receiving
voice calls. Low cost and small footprint and
quad band frequency support make this
module perfect solution for any project that
requires long range connectivity.

(v) TP4056 lithium cell charger module: The
TP4056 is a complete constant-
current/constant-voltage linear charger for
lithium-ion batteries. Its SOP package and
low external component count make the
TP4056 ideally suited portable applications.

(vi) Power source: a rechargeable 3.7V
lithium batteries have been used.

Figure 3: Circuit Diagram
3.2 System implementation

(i) Calculating breathing rate

We measure the breathing rate based on
the data of the pressure sensors.
Respiration rate is crucial in determining
the condition of the victim. This
algorithm calculates the breathing rate
every 30 seconds using the data
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generated from the pressure sensors.
these data will be previewed in figure 4.
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Figure 4:The extracted signal depending on
the used sensor

» These data helped in calculation of breathing
rate and do pattern recognition.

» First, the data was classified into 3 categories
(exhalation, inhalation, and hold).

» We create a method that takes a difference
between every two consecutive readings and
checks if the difference is greater than 0.05, then
this is inhalation, if smaller than -0.05, then this
is exhalation, and between two these values there
is hold.

* Think of this method as we are doing a slope for
every Two consecutive points and check the
previous conditions to classify data.

« 1 for inhalation, O for exhalation and 2 for hold

* The result is shown in figure 5
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Figure 5: Data Classification

» There are some vibrations in the data, and this
may negatively affect the calculation of the
respiratory rate correctly, so we clean the data
from these vibrations until it is ready to calculate
the breathing rate.

» After analyzing the vibrations, I noticed that
they are fast and often between 1 to 4 numbers.
Therefore, if | notice a vibration in the data, | set
the vibration values to the values that precede it.
I can delete these vibrations, but | want to keep
the data. | want to see the full breathing story.
Because it will be possible in the future to
calculate the length of the breath, it will be useful
and accurate. Hence, the result after cleaning is
shown in figure 6.
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Figure 6: Data cleaning

* After that, we compile each period with what it
expresses, if it was a group of singles, we take
only one to be expressive of this period, and so on
to calculate the respiratory rate in this step we
have the shape of breathing.

* Then, the rate of breathing has been calculated
by summing the array of breathing except
2(hold). Then the breathing array was used to
check drowning patterns, | proposed two
drowning patterns first: [2,0,1,2] which means
hold> exhalation > inhalation > hold, the second
is [2,1,2] which means hold > inhalation > hold.

» The number of times any of these breathing
patterns occurred has been counted and
previewed in Figure 7 as an example.
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Figure 7: Aggregation
- Why this method?

There are several methods that we can use to
calculate the respiratory rate, such as the average
method as a threshold, and then if the number is
greater than the threshold, we can measure it as
inhalation and other exhalations. The data
depends on the pressure of the sensors on the
chest [18], and that can change every time a
person wears these sensors, so relying on the
threshold was very difficult and would lead to
very bad results, so | preferred this method and |
believe that God willing, it will work in all cases.

MPUG6050 for
Displacement

(i) Implementing
Cumulative
Measurement

In this section, the steps of using the
MPUG050 to measure cumulative displacement,
specifically detection of cumulative displacement
the MPUG050 involves several steps.

The first step is data collection. This involves
collecting data from the accelerometer and
gyroscope sensors on the MPU6050. This data
can be collected using a microcontroller or a
computer.

Once the data has been collected, the next step is
to filter and process the data. This involves using
algorithms to remove noise and extract
information from the data. The filtered data can
then be used to calculate time.

In the context of drowning detection, the
MPUG050 can be used to measure breathing rate.

- Data Collection and Processing

The first step involves acquiring a substantial
amount of data from the MPU6050. We collected
1000 values using Pyserial and logged them in an
Excel sheet. This data was then processed by
applying mathematical equations and filters to the
acceleration data, providing us with displacement
values. It was observed that these values were
cumulative, meaning that as we traversed further
along the axis, the displacement increased. To
measure cumulative displacement, we need to
follow these steps.

A) Collect stable acceleration values

To begin with, we need to gather roughly 1000
samples of acceleration values from the
MPUG050 device when it is in a stable position.
To achieve this, we will focus on one axis and
calculate the distance using its acceleration. We
will select the most accurate axis to work with.
To collect the data, we will utilize the Pyserial
library in Python. This library allows us to
connect our ESP32 port with Python and store the
data in a format that is easily accessible for
analysis. Once we have chosen the axis to work
with, we will use the MPUG6050 to measure the
acceleration values. the Pyserial library has been
used to transfer these values to our Python
program. With the data collected, we can begin
analyzing the results. By examining the
acceleration values, we can determine the
stability of the device and make any necessary
adjustments. We can also use the collected data
to calculate the distance traveled by the device. In
summary, to gather approximately 1000 samples
of MPUG6050 acceleration values, we will focus
on one axis to calculate distance using its
acceleration. We will select the most accurate
axis to work with and use the Pyserial library in
Python to connect our ESP32 port with Python to
store the data. With the data collected, we can
analyze the results to determine the stability of
the device and calculate the distance traveled.

B) Python Modules for Data Collection

To perform this step, we uploaded the MPU6050
code that calculates acceleration on ESP32, and
then coded the following python modules:

» mpu_serial2.py: Connects our ESP32 with the
same bandwidth as defined in the uploaded
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ESP32 code and creates a text file containing our
MPUG050 read accelerations on the three axes.

* Read txt.py: Defines a function to loop on data
saved in our text file, allowing us to apply regular
expression on each line.

* re_and_csv_file.py: Contains a defined regular

expression function for pattern extraction for the
created text file, converting it to an Excel table
that contains the three-axis acceleration as three
columns.

 Pattern_matching_txt to csv.py: Applies the
last two steps, ultimately providing us with a
clean Excel sheet.

C) Calculate standard deviation:

After data has been collected on an Excel sheet,
the next step is to calculate the standard deviation
of all the readings. Fortunately, Excel provides
mathematical formulas that make this calculation
quick and easy. For our purposes, we will use the
sample standard deviation formula to calculate
the standard deviation of all acceleration
readings. To perform this calculation, follow
these steps: 1. Select the cell where you want to
display the standard deviation. 2. Type
"=STDEV.S(" into the cell. 3. Highlight the range
of data you want to calculate the standard
deviation for. 4. Type ")" and hit enter. Excel will
then display the sample standard deviation for all
the selected readings. This calculation can be
performed quickly and accurately using Excel's
built-in formulas.

After collecting 1000 values and calculating the
standard deviation using the appropriate formula,
we utilized the mathematical formulas provided
by Excel to carry out the remaining steps. Upon
completion, we found that the cumulative
distance results were remarkably accurate.
Encouraged by this outcome, we decided to put
our findings into practice in real-time scenarios as
the following.

D) Attaching the MPU6050 to a moving
object:

To attach the MPU6050 to a moving object, first,
fix the sensor to the object or person whose
displacement you want to measure. In this case,

we will send the MPU6050 to the chest of the
person. To ensure accurate measurement, we will
the chest so that the y-axis in the MPU mimics
the altitude. This is because, through processing
simulation with the MPU, it was found that the z-
axis of the MPU is not accurate when in motion
and can lead to a significant error in
measurement. Therefore, to achieve accurate
measurements, we will be rotating the chest to
ensure that the y-axis in the MPU6050 mimics the
altitude. This will help to minimize errors and
ensure that the measurements are as accurate as
possible. Once the MPUG050 is attached to the
moving object and correctly positioned, it can be
used to measure the displacement of the object
accurately. With this information, you can
analyze the motion of the object and use it for
various applications, including tracking the
movement of athletes or monitoring the
movement of machinery.

E) Record acceleration and time:

In order to add acceleration values to array
sample [2], we utilized the fillArray() function.
This function was designed to populate the array
with the necessary values. By calling the function
and passing the appropriate parameters, we were
able to successfully add the acceleration values to
the desired location within the array. It is
important to note that this process was crucial to
properly analyze and interpret the data that was
collected. The fillArray() function allowed us to
efficiently and accurately store the acceleration
values that were necessary for our analysis.

F) Calculate change in acceleration:

In this task, we will be working with the previous
acceleration and the current acceleration. The
main objective is to calculate the difference
between these two values. However, we will only
consider this difference if it is greater than the
STD value that we calculated in step 2.
Otherwise, we will neglect it. It is important to
note that the acceleration values are critical in
many applications. Therefore, we need to ensure
that we are working with accurate and reliable
data. The STD value that we calculated in step 2
provides us with a benchmark for the expected
range of acceleration values. Any difference
between the previous and current acceleration
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values that falls within this range can be
considered normal and will be neglected. On the
other hand, if the difference between the previous
and current acceleration values exceeds the STD
value, we will consider this as an anomaly. This
could indicate a problem or an unexpected event.
In such a case, we will take appropriate action to
investigate the cause of the anomaly and address
itaccordingly. In conclusion, by working with the
previous and current acceleration values and
utilizing the STD value calculated in step 2, we
can effectively monitor and detect anomalies in
the acceleration data. This will help us ensure the
accuracy and reliability of our applications.

G) Filter acceleration values:

Filter the acceleration values using the standard
deviation calculated in step 2. Only consider the
changes in acceleration that are greater than the
standard deviation as true acceleration values.

H) Convert acceleration to m/s"2:

The MPUG6050's output unit is in g, where 1g =
9.8 m/s"2. Multiply the change in acceleration
value by 9.8 to convert it to m/s"2.

1) Calculate displacement:

Compute the displacement (d) using the below
formula d = 0.5 * a = t 2 (EQ 3.1) where a =
acceleration (from step 7) and t = time in seconds.

J) Calculate cumulative displacement:

Finally, compute the cumulative displacement (c)
using the formula c¢(n) = C(n — 1) + d(n)

K) Improving the Accuracy of MPUG6050

Measurements  After  implementing  the
mathematical equations and steps mentioned
above, it's essential to take additional measures to
enhance the accuracy of the MPU6050
measurements.

e Use High Thresholds to Cancel
Unwanted Axes: To measure the
displacement in a specific axis, such as
the vertical (y) axis for detecting if a
person is drowning, use high thresholds

to cancel the readings from the x and z
axes.

e Implement Calibration Techniques:
Calibrate the MPUG6050 regularly to
ensure accurate and reliable readings. For
instance, combine your code with a
calibration sketch, like the one developed
by Luis Rodenas, to perform calibration
at the beginning of your code.

e Adopt Filtering Techniques: Use
filtering techniques, such as averaging
multiple  acceleration  values  or
implementing a first-in, first-out (FIFO)
buffer, to reduce the impact of outlier
acceleration values on your data.

e Maintain a Controlled Environment:
Ensure a controlled environment for your
MPUG6050 by using fans or other
temperature control methods to maintain
the accelerometer at room temperature
(25°C). Utilize the
mpu.getTemperature() function from the
Jeff Rowberg MPUG6050 library to
monitor the temperature.

e Increase the Data Stream Frequency:
Increase the frequency of the MPU data
stream to receive more data in a shorter
period, allowing for more accurate
readings. The Jeff Rowberg library
provides functions to adjust the data
stream frequency.

Measuring cumulative displacement accurately
with an MPUB050 requires a detailed
understanding of the sensor's capabilities,
mathematical equations, and filtering techniques.
By following the steps outlined in this article and
implementing the best practices for calibration,
filtering, and maintaining a controlled
environment, you can enhance the accuracy of
MPU6050 measurements for various
applications.

(iii) Software Integration

If an abnormality in breathing or vertical
movement of a person is detected, is to alert
the swimmer that the device has detected a
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potential danger. If the swimmer presses a
button next to the vibration element, then he
denies the device. Otherwise, text messages
are sent to the person to save him. All these
steps are showed in figure 8.

Start

Figure 8: Flowchart of the algorithm
(iv) RemoteXY app
- Why this app has been used?

To display the value of the sensor in
application rather than the serial and show
swimmer information like breathing rate
and drowning probability.

- What is RemoteXY ?

RemoteXY is a platform that allows you to
create custom mobile applications for
controlling your electronic projects
remotely. The final form of application was
displayed in figure 9.

A Low-Cost Approach for Drowning Detection and Alertness

RemoteXY

phone number: Breathing Rate: s drowning

-

Figure 9: The final graphical user interface of
the proposed application

4. Results

-The paper has successfully demonstrated the use
of pressure sensors and theMPUG050 in detecting
drowning, but we need to increase the accuracy
and efficiency of the model in detecting drowning
and add an airbag that inflates when drowning
cases are detected.

To further enhance the capabilities of the belt, it
is integrated with a RemoteXY application and a
GSM module.

The proposed system can be further developed
and implemented in various water-based
activities to enhance safety and prevent accidents.

5. Conclusion

The has successfully demonstrated the use of
pressure sensors and the MPUG050 in detecting
drowning. By using pressure sensors to monitor
the breathing rate of the person wearing the belt,
we were able to identify if the person is in danger
of drowning. Additionally, the MPU6050
enabled us to measure the cumulative
displacement of the swimmer and track their
movement in the water, and we hope that it can
be further developed and implemented in real-
world settings. To further enhance the
capabilities of the belt, we integrated it with a
Remotexy application and a GSM module. This
allowed us to create an SMS message that alerts
lifeguards when someone is in danger of
drowning. This integration of advanced
technology with the chest area belt has the
potential to revolutionize water safety and
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prevent drowning accidents. We believe that our
system can be further developed and
implemented in various water-based activities to
enhance safety and prevent accidents. The
combination of multiple sensors, advanced
algorithms, and communication technology has
opened new possibilities for improving water
safety. We hope that our system will inspire
further research and development in this area,
ultimately leading to a reduction in the number of
drowning incidents around the world.
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