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ABSTRACT

Improving IMU Yaw Calculation Based on Magnetometer

Reading Neural Network

The accurate determination of a mobile robot's orientation is critical for many
robotic applications, such as navigation, mapping, and localization. Inertial measurement
units (IMUs) are commonly used to estimate the orientation of a robot. However, IMUs
suffer from drift and noise, which can cause errors in the estimation of yaw. In this study,
we propose a method for improving the accuracy of the IMU yaw calculation by
incorporating magnetometer readings and a neural network. The neural network is trained
to learn the relationship between the magnetometer readings and the yaw angle, and the
network is used to correct the IMU yaw estimation. The proposed method is evaluated
using experimental data, and the results demonstrate that the proposed method
significantly improves the accuracy of the IMU yaw calculation. Moreover, the method
is computationally efficient and can be easily integrated into existing robotic systems.
The proposed method has the potential to improve the performance of many robotic
applications that rely on accurate estimation of a robot's orientation. The following
section provides a succinct outline of the extensive corpus of research on robot

orientation.

Keywords: A, Inertial measurement unit (IMU). B, Yaw calculation. C, Position D,

Movement. E, Measurement. F, Neural Network. G, Magnetometer.
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1. INTRODUCTION TO ROBOT LOCALIZATIiON

1.1 Introduction

Robot localization refers to the process of determining the position and orientation of a
mobile robot relative to its environment. Localization is a crucial aspect of robotics and is
necessary for tasks such as navigation, mapping, and exploration. There are various techniques
for robot localization, including landmark-based approaches, feature extraction, and odometry. In
recent years, advances in sensor technology and machine learning have led to the development of

new methods for robot localization that are more accurate and robust.

Recent advances in sensor technology, particularly in the development of low-cost and
miniaturized sensors, have led to the widespread use of IMUs for robot localization. IMUs consist
of accelerometers and gyroscopes that measure the linear and angular acceleration of the robot,
respectively. The data from the IMU can be integrated over time to estimate the robot's position
and orientation. However, IMUs suffer from drift and noise, which can lead to errors in the

estimation of the robot's position and orientation.

To address these issues, researchers have proposed various methods for improving the
accuracy of IMU-based localization, such as incorporating magnetometer readings and neural
networks. These techniques aim to reduce the effects of drift and noise and provide a more

accurate estimation of the robot's position and orientation.

In summary, robot localization is a critical aspect of robotics, and various techniques are
used to estimate the robot's position and orientation accurately. Advances in sensor technology
and machine learning have led to the development of new methods that are more accurate and

robust than traditional techniques.

The remainder of this thesis is organized as follows. Chapter 1 provides Introduction a
review of the relevant problem statement on IMU estimation and Euler angels , Compas
Magnetometer, robot localization, filters, . Chapter 2 describes Letrature revwie, Problem
statement, Related work, Magnetometer Principle , Orientation Source of robot, Gyroscope,
Accelerometer Error, Orientation Reduction Technic. Chapter 3 presents the System Design,
System Diagram, Data Acquisition and Neural Network Training. Chapter 4 experimental setup
and results of the proposed diagram, Data aucuistion, traning stage, testing stag and final result.
Chapter 5 provides a discussion and conclusions. Finally, Chapter 6 outlines the resouce of this

research.



1.2 Robot Localization

Robot localization is the process of determining the position and orientation of a mobile
robot relative to its environment. Accurate localization is essential for robotic applications such

as navigation, mapping, and exploration.

There are various techniques for robot localization, including landmark-based
approaches, feature extraction, odometry, and sensor fusion. Each technique has its own

advantages and disadvantages, and the choice of technique depends on the specific application.

Landmark-based approaches involve the use of sensors such as cameras or laser range
finders to detect and track known features in the environment, such as walls or corners. By
triangulating the position of these features, the robot's position and orientation can be estimated.
However, landmark-based approaches are computationally expensive and can be sensitive to

changes in the environment, such as the addition or removal of objects.

Feature extraction is a technique that involves detecting and extracting features from the
environment, such as edges, corners, or textures. These features are then matched to a map of the
environment, allowing the robot's position and orientation to be estimated. Feature extraction is
less computationally expensive than landmark-based approaches, but it can still be sensitive to
changes in the environment. Thrun, S., Burgard, W., & Fox, D. (2005).

Odometry is a technique that relies on wheel encoders to estimate the robot's position and
orientation. The method assumes that the robot's wheels move without slipping or sliding, and the
distances traveled by each wheel can be used to estimate the robot's motion. However, odometry
suffers from cumulative errors due to wheel slippage, uneven surfaces, and other factors. As a
result, odometry is often used in combination with other techniques, such as inertial measurement

units (IMUs) and GPS, to improve the accuracy of the localization.

IMUs consist of accelerometers and gyroscopes that measure the linear and angular
acceleration of the robot, respectively. The data from the IMU can be integrated over time to
estimate the robot's position and orientation. However, IMUs suffer from drift and noise, which

can lead to errors in the estimation of the robot's position and orientation.

Sensor fusion is a technique that combines data from multiple sensors, such as cameras,
IMUs, and GPS, to estimate the robot's position and orientation. By fusing data from multiple
sources, the accuracy of the localization can be improved. However, sensor fusion can be

computationally expensive and requires careful calibration of the sensors.



Robot localization is a critical aspect of robotics, and it involves a wide range of
techniques and technologies. The goal of robot localization is to accurately determine the position
and orientation of a mobile robot relative to its environment. The process of robot localization
typically involves four main steps: sensor data acquisition, sensor data processing, sensor data

fusion, and estimation.

The first step in robot localization is sensor data acquisition. This involves collecting data
from sensors such as cameras, laser range finders, wheel encoders, IMUs, and GPS. The data
collected from these sensors can be in the form of images, point clouds, inertial measurements,

or location estimates.

The second step in robot localization is sensor data processing. This involves filtering,
smoothing, and preprocessing the sensor data to remove noise, correct for sensor biases, and
extract features that are relevant for localization. Techniques such as Kalman filtering, particle
filtering, and graph optimization are commonly used for sensor data processing.

The third step in robot localization is sensor data fusion. This involves combining data
from multiple sensors to obtain a more accurate estimate of the robot's position and orientation.
Sensor fusion techniques can be classified into two main categories: measurement fusion and state
fusion. Measurement fusion combines data from multiple sensors to obtain a more accurate
estimate of a specific variable, such as position or orientation. State fusion combines data from
multiple sensors to estimate the entire state of the robot, including its position, orientation, and

velocity.

The fourth step in robot localization is estimation. This involves using the processed and
fused sensor data to estimate the robot's position and orientation. Estimation techniques can be
classified into two main categories: deterministic and probabilistic. Deterministic techniques,
such as least-squares estimation and optimization, provide a single estimate of the robot's position
and orientation. Probabilistic techniques, such as Kalman filtering and particle filtering, provide

a probability distribution over the possible positions and orientations of the robot.

In summary, robot localization is a complex process that involves combining data from
multiple sensors and techniques to estimate the robot's position and orientation accurately.
Advances in sensor technology and machine learning have led to the development of new methods

that are more accurate and robust than traditional techniques. Dellaert, F., & Fox, D. (2008).



1.3 Filters

Filters are essential tools for processing and analyzing data in a wide range of
applications, including signal processing, image processing, and sensor data fusion. Filters are
used to remove noise, smooth data, extract features, and separate signal components. In this
section, we will discuss some of the most commonly used filters, including low-pass filters, high-

pass filters, band-pass filters, and Kalman filters.

Low-pass filters are filters that allow low-frequency components of a signal to pass
through while attenuating or blocking high-frequency components. Low-pass filters are
commonly used to remove high-frequency noise from signals, to smooth data, or to extract slow-
changing features from a signal. One of the most commonly used low-pass filters is the moving
average filter, which replaces each sample in the signal with the average of the neighboring

samples.

High-pass filters are filters that allow high-frequency components of a signal to pass
through while attenuating or blocking low-frequency components. High-pass filters are
commonly used to remove low-frequency noise from signals or to extract high-frequency features
from a signal. One of the most commonly used high-pass filters is the derivative filter, which
calculates the rate of change of the signal between two samples. Proakis, J. G., & Manolakis, D.
G. (2006).

Band-pass filters are filters that allow a specific frequency band of a signal to pass through
while attenuating or blocking other frequencies. Band-pass filters are commonly used to extract
specific frequency components from a signal or to remove unwanted frequencies from a signal.
One of the most commonly used band-pass filters is the Butterworth filter, which provides a

maximally flat frequency response in the passband.

Kalman filters are a type of probabilistic filter that is commonly used for sensor data
fusion and state estimation. Kalman filters are based on a mathematical model that describes the
evolution of a system over time, and they use measurements from sensors to estimate the state of
the system. Kalman filters can handle noisy measurements, account for uncertainty in the system
model, and provide estimates of the state of the system that are optimal in a least-squares sense.
Smith, S. W. (2002).

In summary, filters are essential tools for processing and analyzing data in a wide range
of applications. Low-pass filters, high-pass filters, band-pass filters, and Kalman filters are some
of the most commonly used filters, each with its own specific advantages and disadvantages. The
choice of filter depends on the specific application and the properties of the data being analyzed.

Advances in signal processing, machine learning, and sensor technology are continuing to drive



innovation and improvements in filter design and performance. Doucet, A., de Freitas, N., &
Gordon, N. (2001)

1.3.1 Extended Kalman Filter (EKF)

The Extended Kalman Filter (EKF) is a nonlinear extension of the original Kalman filter,
which was designed for linear systems. The EKF is a popular variant of the Kalman filter used
for state estimation in nonlinear systems. In nonlinear systems, the state transition and observation
models are nonlinear functions of the state variables, which makes it impossible to use the original

Kalman filter directly.

The EKF addresses this problem by linearizing the nonlinear models around the current
estimate of the state variables. The linearized models are then used to update the state estimate
and the covariance matrix using the standard Kalman filter equations. The EKF has two main
steps: prediction and update. Haykin, S. (2001).

In the prediction step, the EKF uses the state transition model to predict the next state of
the system given the current state estimate and the control input. The prediction also includes an
estimate of the covariance matrix, which represents the uncertainty in the prediction. Sarkka, S.
(2013).

In the update step, the EKF uses the observation model to update the state estimate and
the covariance matrix based on the measurements obtained from sensors. The update step involves
the computation of the Kalman gain, which determines the weight given to the prediction and the
measurement in the final estimate. The EKF has several advantages over other nonlinear filtering
techniques. Firstly, it is computationally efficient and can be implemented in real-time
applications. Secondly, it provides estimates that are optimal in a least-squares sense, which
means that they minimize the expected squared error between the estimated state and the true
state. Lastly, it provides estimates of the uncertainty in the state estimate, which is important in

many applications such as robotics and autonomous systems. Kalman, R. E. (1960).
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Figure 1: Kalman Filters

The EKF has some limitations, such as sensitivity to the initial state estimate and the
linearization error. The linearization error can be reduced by using higher-order Taylor series
expansions or by using other nonlinear filtering techniques such as the Unscented Kalman Filter
(UKF) or the Particle Filter (PF). The UKF uses a set of sample points to propagate the covariance
matrix and the state estimate through the nonlinear functions, which avoids the linearization error.
The PF uses a set of particles to represent the state estimate, which is updated using importance
sampling and resampling steps. The PF is more flexible than the EKF and the UKF but is
computationally more expensive. Simon, D. (2006).

In summary, the EKF is a powerful tool for state estimation in nonlinear systems. It
linearizes the nonlinear models around the current estimate of the state variables using the first-
order Taylor series expansion and uses the standard Kalman filter equations to update the state
estimate and the covariance matrix. The EKF has some limitations but is computationally efficient
and provides optimal estimates and estimates of the uncertainty in the state estimate, making it a
popular choice in many applications such as robotics, navigation, and control systems. Simon, D.
(2006).

1.3.2 Practical Filters

Practical filters are a type of signal processing technique that is used to modify or extract
specific information from signals. The purpose of practical filters is to remove unwanted noise or
frequencies from signals, or to smooth out signals, so that they can be more easily analyzed or
used for further processing. They are widely used in various applications such as audio

processing, image processing, data analysis, and control systems. Lyons, R. G. (2011).

Practical filters can be either analog or digital. Analog filters operate on continuous
signals and are implemented using analog circuits such as operational amplifiers, resistors, and

capacitors. Digital filters, on the other hand, operate on discrete signals that are represented as

6



digital samples, and are implemented using software algorithms or digital signal processing (DSP)
hardware. Parks, T. W., & Burrus, C. S. (1987)

There are many different types of practical filters, each with its own specific characteristics and

applications. Some of the most common types of filters include:

Low-pass filters: These filters allow low-frequency signals to pass through while attenuating
high-frequency signals.

High-pass filters: These filters allow high-frequency signals to pass through while attenuating

low-frequency signals.

Band-pass filters: These filters allow a specific range of frequencies to pass through while

attenuating frequencies outside that range.

Notch filters: These filters attenuate a specific frequency or range of frequencies while allowing

other frequencies to pass through.

Moving average filters: These filters calculate the average of a set of data points over a sliding

window, which effectively smooths out the signal.

Butterworth filters: These filters are designed to have a flat frequency response in the passband

and a rapid roll-off in the stopband.

Kalman filters: These filters are used for state estimation and are commonly used in control

systems and navigation applications.

Wavelet transforms: These filters analyze signals in both the time and frequency domains and are

used for signal compression and denoising.

Median filters: These filters replace each data point with the median value of its neighboring

points, which effectively removes outliers and noise.

The choice of filter depends on the specific application and the requirements of the system. The
design of practical filters involves a trade-off between signal distortion and noise reduction, and
different filters may be more suitable for certain applications. The effectiveness of a practical
filter can be evaluated based on various metrics such as signal-to-noise ratio (SNR), root-mean-

square error (RMSE), and frequency response. Arulampalam, M. S., Maskell, S., Gordon, N.,
& Clapp, T. (2002).
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Figure 2: Practical Filters
1.3.3 Complementary filters

A complementary filter is a type of signal processing technique that combines two
or more signals to produce an output that is better than the individual signals alone. The
complementary filter is commonly used in control systems and navigation applications to

estimate the state of a system by combining measurements from multiple sensors.

The complementary filter is based on the concept of low-pass and high-pass
filters. The low-pass filter allows low-frequency signals to pass through, while
attenuating high-frequency signals. The high-pass filter allows high-frequency signals to
pass through, while attenuating low-frequency signals. The complementary filter
combines the outputs of these two filters to produce an output that has both the low-
frequency components from the low-pass filter and the high-frequency components from
the high-pass filter. La Hera, P. M. G., Gutiérrez-Galan, D., & Fuentes, O. (2017).

In practice, the complementary filter is implemented using a weighted average of
the low-pass and high-pass filtered signals. The weights of the low-pass and high-pass
filters are chosen such that they add up to one, and the cutoff frequencies of the filters are
chosen based on the characteristics of the system and the sensors being used.

The complementary filter is often used in applications where accurate and reliable
measurements are required, such as in drone and robot navigation, or in control systems

for aerospace and automotive industries. The complementary filter is computationally



efficient and can be implemented in real-time applications, making it a popular choice for
many practical applications. Lua, K. T., & Yahya, W. J. (2015).

One of the main advantages of the complementary filter is its ability to provide
accurate estimates of the state of a system even in the presence of noise and sensor errors.
The complementary filter is also robust to changes in the system dynamics, which makes
it suitable for applications where the system may be subject to disturbances or external

forces.

Overall, the complementary filter is a useful and practical tool for signal
processing and state estimation in a wide range of applications, particularly in control
systems and navigation. Its ability to combine multiple signals to produce a more accurate
and reliable output makes it a valuable tool for engineers and researchers working in
various fields of science and engineering. Mahony, R., Hamel, T., & Pflimlin, J. M.
(2008).

1.4 Euler Angles

Euler angles, named after the Swiss mathematician Leonhard Euler, are a set of
three angles used to describe the orientation of a rigid body in three-dimensional space
with respect to a fixed coordinate system. Euler angles are widely used in many fields,
including robotics, aerospace, and computer graphics.

The three Euler angles are usually denoted as roll (), pitch (0), and yaw (), also
known as the Tait-Bryan angles. They represent a sequence of three rotations that
transform a body-fixed coordinate system to a fixed reference coordinate system. The
sequence of rotations can be either intrinsic (i.e., rotating the body-fixed coordinate
system) or extrinsic (i.e., rotating the reference coordinate system). There are several
conventions for defining the Euler angles, depending on the order of rotations and the
axes of rotation used. The most commonly used convention is the ZY X convention, also
known as the aerospace convention, which corresponds to a sequence of rotations about
the Z-axis (yaw), Y-axis (pitch), and X-axis (roll). To understand the concept of Euler
angles, it is helpful to consider a simple example of a rigid body rotating about a fixed
point in three-dimensional space. The orientation of the body can be described by the

three angles: roll, pitch, and yaw.



Roll (@) is the rotation of the body about its X-axis. This rotation changes the orientation
of the Y-axis and Z-axis relative to the fixed coordinate system. Pitch (0) is the rotation
of the body about its Y-axis. This rotation changes the orientation of the X-axis and Z-
axis relative to the fixed coordinate system. Yaw () is the rotation of the body about its
Z-axis. This rotation changes the orientation of the X-axis and Y-axis relative to the fixed
coordinate system. Euler, L. (1768).
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Figure 3: Euler Angels

The sequence of rotations is important because the resulting orientation of the
body depends on the order in which the rotations are performed. For example, if the body
is first rotated about the X-axis, then about the Y-axis, and then about the Z-axis, the
resulting orientation will be different from the orientation obtained by rotating first about
the Z-axis, then about the Y-axis, and finally about the X-axis. The Euler angles have
several advantages over other methods of describing the orientation of a rigid body. They
are intuitive and easy to understand, and they provide a compact representation of the
orientation using only three numbers. They are also widely used in many applications,

including robotics, aerospace, and computer graphics. Shuster, M. D. (1993).

However, the use of Euler angles also has some disadvantages. One of the main
issues is the problem of gimbal lock, which occurs when the pitch angle approaches +90
degrees. In this case, the roll and yaw angles become coupled, and the rotation matrix
becomes degenerate. This can lead to numerical instability and inaccuracies in the

orientation estimation.
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To overcome this problem, various alternative representations of the orientation
have been proposed, such as quaternions and rotation matrices. These representations
have different advantages and disadvantages and are used in different applications

depending on the specific requirements of the problem. Goldstein, H. (1980).

In summary, Euler angles are a set of three angles used to describe the orientation
of arigid body in three-dimensional space with respect to a fixed coordinate system. They
are intuitive and easy to understand, but they can suffer from gimbal lock and other issues.
Understanding the concept of Euler angles is important in many fields, including robotics,
aerospace, and computer graphics.
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Figure 4: Euler Formula

1.5 Compass Magnetometer

The compass magnetometer is a type of magnetic sensor used to measure the
strength and direction of magnetic fields. It is often used in applications such as
navigation systems, geophysical exploration, and in measuring the magnetic properties
of materials. The Earth's magnetic field is one of the most well-known and widely studied
magnetic fields. The magnetic field of the Earth is generated by the motion of molten iron

in the Earth's outer core.

The Earth's magnetic field has both a strength and a direction. The strength of the
magnetic field is measured in units of tesla (T) or gauss (G). One tesla is equivalent to
10,000 gauss. The Earth's magnetic field has an average strength of about 0.5 gauss or 50
microtesla. However, the strength of the magnetic field varies depending on location and
can range from 0.25 gauss to 0.65 gauss. J. J. Clark and J. W. F. Peirson,( 2007)

The direction of the Earth's magnetic field is described by the magnetic North and South

poles. The magnetic North pole is located in the Canadian Arctic and the magnetic South

11



pole is located in Antarctica. The direction of the magnetic field at any point on the Earth's
surface is determined by the angle between the magnetic field lines and the surface of the

Earth. This angle is called the inclination or dip angle.

The COMPASS magnetometer is designed to measure the strength and direction
of magnetic fields. It uses a sensor made of a material that is sensitive to magnetic fields,

such as a magnetoresistive material or a Hall effect sensor.
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Figure 5: compass magnetometer

When a magnetic field is applied to the sensor, it produces an electrical signal that can be

measured and used to determine the strength and direction of the magnetic field.

The Earth's magnetic field is generated by the motion of molten iron in the Earth's outer
core. This motion creates a self-sustaining loop of electric current, which in turn generates
a magnetic field. The magnetic field of the Earth is therefore a dipole field, which means
it has a North and a South pole, just like a bar magnet. M. G. Barth and A. C. Fraser-
Smith,(1999).
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Figure 6: magnetometer personal navigation

However, unlike a bar magnet, the Earth's magnetic field is not perfectly aligned
with the Earth's rotational axis. Instead, it is tilted at an angle of approximately 11 degrees.
This means that the magnetic North pole and the geographic North pole are not located
at the same point on the Earth's surface.The strength of the Earth's magnetic field varies
depending on location, and it is strongest near the magnetic poles and weakest near the
equator. In addition to its directional and strength variations, the Earth's magnetic field
also undergoes periodic reversals, during which the North and South magnetic poles
switch places. The COMPASS magnetometer is a device used to measure the strength
and direction of magnetic fields, such as the Earth's magnetic field. The Earth's magnetic
field is generated by the motion of molten iron in the Earth's outer core and has both a
strength and direction. The strength of the Earth's magnetic field varies depending on
location and ranges from 0.25 gauss to 0.65 gauss. The direction of the Earth's magnetic
field is described by the magnetic North and South poles and is determined by the angle
between the magnetic field lines and the surface of the Earth. Williams, B., & Heafner, J.
(2013).

1.6 Project Objective

The overall objective of the project is to improve the accuracy and reliability of the yaw
angle estimate in an IMU. This is important because yaw is an essential orientation parameter for
many applications, including robotics, drones, and navigation systems. However, traditional
IMUs based solely on gyroscopes and accelerometers can be prone to drift over time, leading to

errors in the yaw angle estimate. By incorporating magnetometer readings into the estimation
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process using a neural network, it is possible to reduce the effects of drift and improve the

accuracy of the yaw estimate.

To ensure accurate results, several IMU devices and filters were used in the project, as
detailed in the upcoming chapters. The goal of incorporating these additional tools was to
minimize measurement errors and reduce noise in the data. By using multiple IMUs, it was
possible to compare the accuracy and consistency of the readings across devices and identify any
outliers or discrepancies. In addition, various filtering techniques were employed to further
improve the quality of the data, such as low-pass filters to remove high-frequency noise and
complementary filters to combine data from multiple sensors.

The use of these additional tools reflects the importance of obtaining high-quality data in
the development of a neural network-based solution for improving IMU yaw calculation.
Accurate and reliable data is critical in both the training and evaluation of the neural network, as
well as in the real-world application of the resulting solution. Therefore, the inclusion of multiple
IMUs and filters can help to ensure that the project achieves its overall objective of improving the
accuracy and reliability of the yaw angle estimate in an IMU.
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2. LITERATURE REVIEW

2.1 Literature Review

The literature review is an essential component of any research project, as it provides an
overview of the existing knowledge and research related to the topic. In the case of this
project, the literature review would focus on previous research and developments related
to IMUs, yaw estimation, and the use of neural networks for improving IMU

performance.

One important area of research related to IMUs is the development of advanced
sensor fusion algorithms that combine data from multiple sensors to improve orientation
estimation. Several studies have explored the use of complementary filters, Kalman
filters, and other advanced algorithms to fuse data from accelerometers, gyroscopes, and
magnetometers. These algorithms have been shown to improve the accuracy and

reliability of orientation estimation in IMUs.

Another important area of research related to IMUs is the use of neural networks
for sensor fusion and orientation estimation. Several studies have explored the use of
artificial neural networks, deep learning algorithms, and other machine learning
techniques for improving IMU Yaw calculation based on magnetometer readings and
neural network. These approaches have shown promising results, particularly for

applications in robotics and navigation systems.

In terms of yaw estimation specifically, several studies have explored the use of
magnetometers to improve accuracy and reduce drift in IMU-based yaw estimation.
These studies have shown that incorporating magnetometer readings into the estimation

process can significantly improve the accuracy and reliability of yaw estimation.

The literature review for this project would focus on these and other relevant areas
of research related to IMUs, yaw estimation, and the use of neural networks for improving
IMU performance. By identifying and analyzing the existing research in these areas, the
project can build on previous work and develop a more advanced and effective solution
for improving IMU Yaw calculation based on magnetometer readings and neural

network.
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2.2 Problem Statement

Inertial Measurement Units (IMUs) are widely used in applications such as
robotics, navigation, and virtual reality to measure acceleration and rotation rates to
determine an object's orientation and motion. One of the major challenges in using IMUs
is accurately determining the yaw angle, which is the angle of rotation around the vertical
axis. The accuracy of the yaw calculation can be significantly affected by magnetic
interference, which can lead to errors in the measurement. Magnetometer readings can be
used to improve the accuracy of the yaw calculation. However, magnetometer readings
are also affected by magnetic interference, which can lead to further errors. To address
this problem, a neural network can be used to improve the accuracy of the IMU yaw
calculation based on magnetometer readings, while mitigating the effects of magnetic
interference. The problem statement is how to design and train a neural network to correct
for the effects of magnetic interference and improve the accuracy of the IMU yaw
calculation based on magnetometer readings. This has significant implications for a wide
range of applications that rely on IMUs, such as autonomous vehicles and drones, where

precise orientation and motion tracking are essential.

There have been various studies on improving the accuracy of IMU-based
navigation and orientation, with different approaches such as using complementary
filters, Kalman filters, and machine learning techniques. One previous study used a
complementary filter to fuse data from an accelerometer, gyroscope, and magnetometer
to estimate the orientation of the device. Although the results were satisfactory, the filter

was computationally expensive and required significant power consumption.

In comparison, the present study focuses on using a neural network to improve the
yaw calculation based on magnetometer readings, resulting in a more accurate and
computationally efficient solution. By using a neural network, the device's orientation can
be accurately estimated in real-time, and the power consumption is significantly reduced.
Additionally, this approach can handle non-linear relationships between the inputs and
outputs, making it more adaptable to various scenarios. Overall, the use of a neural
network offers a more accurate and efficient solution for IMU-based navigation and

orientation.
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2.3 Related Works

Several studies have explored the use of neural networks and magnetometer readings for
improving IMU-based orientation estimation, including yaw estimation. Here are some examples

of related works and their results:

"Deep Neural Networks for Sensor Fusion in Robotics: A Comparison Study" by M.
Atzori et al. This study compared the performance of several deep neural network architectures
for sensor fusion in a robotics application. The results showed that a convolutional neural network
combined with a long short-term memory network achieved the best performance, with an error

reduction of up to 50% compared to traditional methods.

"A Study on Using Magnetometer in Reducing Gyroscopic Drift in Orientation
Estimation” by N. Naseri and M. Tavakoli. This study investigated the use of magnetometer
readings to reduce gyroscopic drift in orientation estimation. The results showed that
incorporating magnetometer readings can significantly improve the accuracy of yaw estimation,
with a reduction in drift of up to 80%. N. Naseri and M. Tavakoli (2013).

"Improving IMU-Based Heading Estimation for Marine Navigation Applications Using
Neural Networks" by Guillermo Valbuena and Fernando J. Alvarez Franco. This study explored
the use of neural networks for improving heading estimation in marine navigation applications.
The results showed that a neural network-based approach achieved significantly better
performance than traditional methods, with a reduction in error of up to 40%. Valbuena, G.;
Alvarez, F.J.(2018).

"Combining Kalman Filter and Neural Network for Accurate Orientation Estimation
using Low-cost MEMS Sensors" by S. Zhang et al. This study proposed a hybrid approach
combining a Kalman filter and a neural network for orientation estimation using low-cost MEMS
sensors. The results showed that the hybrid approach achieved better performance than either
method alone, with a reduction in error of up to 60%. Zhang, S.; Wang, W.; Wang, X.; Zhang, X.
(2018).

These studies demonstrate the potential benefits of using neural networks and
magnetometer readings for improving IMU-based orientation estimation, including yaw
estimation. By incorporating these techniques, it is possible to achieve significantly better
accuracy and reliability in a range of applications, including robotics, drones, and navigation

systems.
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2.4 Magnetometer Principle

A magnetometer is a sensor that measures magnetic fields. It can be used to detect the
presence, strength, and direction of a magnetic field, and is commonly used in a variety of
applications, including navigation, geophysics, and scientific research. The principle behind the
operation of a magnetometer is based on the interaction between magnetic fields and conductive
materials and can be explained using the principles of electromagnetic induction. Sharma, S., &
Singh, A. (2019)

Principle of Electromagnetic Induction:

Electromagnetic induction is the process by which a changing magnetic field induces an
electric current in a conductor. When a conductor is placed in a magnetic field and the magnetic
field changes, it induces a current in the conductor. This current generates a magnetic field that
opposes the change in the original magnetic field, according to Lenz's law. The strength and
direction of the induced current depend on the rate of change of the magnetic field, the orientation

of the conductor with respect to the magnetic field, and the properties of the conductor.

Magnetometer Sensor Types: There are several types of sensors that can be used in a
magnetometer, including Hall effect sensors and magneto resistive sensors. Hall effect sensors
measure the voltage generated by the movement of charged particles in a magnetic field, while
magneto resistive sensors measure changes in the resistance of a material in response to a
magnetic field. Both types of sensors can be used to measure the strength and direction of a

magnetic field and are commonly used in modern magnetometers.
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Magnetometer Operation:

To measure the strength and direction of a magnetic field, a magnetometer sensor is
placed in the field. When the magnetic field changes, it induces a current in the sensor, which
generates a voltage signal that can be measured. The voltage signal is proportional to the strength
of the magnetic field and can be used to determine the direction of the field.

Magnetometer Calibration:

To ensure accurate measurements, magnetometers must be calibrated. Calibration
involves determining the sensitivity and offset of the sensor and adjusting these parameters to
account for any errors. Sensitivity is the ratio of the output voltage to the strength of the magnetic
field, while offset is the voltage output when no magnetic field is present. Calibration is typically
performed by applying known magnetic fields to the sensor and comparing the measured output
to the expected value. Chao, Y. Y., & Yeh, C. H . (2018).

Applications:

Magnetometers are used in a variety of applications, including navigation, geophysics,
and scientific research. In navigation, magnetometers are used to measure the Earth's magnetic
field and determine direction. In geophysics, magnetometers are used to map the magnetic
properties of rocks and minerals in the Earth's crust. In scientific research, magnetometers are

used to study magnetic fields in materials, such as superconductors and ferromagnetic materials.
Conclusion:

The principle behind the operation of a magnetometer is based on electromagnetic
induction. The sensor generates a voltage signal when placed in a magnetic field, which can be
used to determine the strength and direction of the field. Magnetometers are used in a variety of

applications, and calibration is necessary to ensure accurate measurements.
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2.5 Orientation Determination Error

Orientation determination error refers to the difference between the actual
orientation of an object and the estimated orientation calculated by an orientation
estimation system, such as an inertial measurement unit (IMU). The orientation
determination error can be caused by various factors, such as sensor noise, gyro drift,
magnetic interference, calibration errors, and vibration. These factors can have a
significant impact on the accuracy and reliability of the estimated orientation, especially
in applications that require high precision, such as robotics, drones, and navigation
systems. Kuipers, J. B. (2002).

Gyro Drift:

One of the main sources of orientation determination error is gyro drift. Gyro drift
is a gradual change in the output of gyroscopes over time, which can lead to significant
errors in the estimated orientation. Gyro drift can occur due to various factors, such as
temperature changes, mechanical stress, and aging of the gyroscopes. To reduce the
impact of gyro drift, various techniques can be used, such as gyro bias estimation and

compensation, temperature compensation, and frequent calibration.
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Magnetic Interference:

Another source of orientation determination error is magnetic interference.
Magnetic interference can cause the magnetometer readings to be distorted, leading to
errors in the estimation of orientation, especially in the yaw axis. Magnetic interference
can arise due to various factors, such as nearby magnetic objects, magnetic fields
generated by electrical devices, and environmental magnetic fields. To reduce the impact
of magnetic interference, various techniques can be used, such as magnetic calibration,
magnetic field modeling, and magnetic anomaly detection. Crassidis, J. L., & Junkins, J.
L. (2011)

Sensor Noise:

Sensor noise is another factor that can contribute to orientation determination
error. Sensor noise can cause random fluctuations in the sensor output, which can lead to
errors in the estimated orientation. Sensor noise can arise due to various factors, such as
electronic noise, thermal noise, and quantization noise. To reduce the impact of sensor
noise, various techniques can be used, such as low pass filtering, smoothing, and
averaging. Chao, Y. Y., & Yeh, C. H. (2018).

Calibration Errors:

Calibration errors can arise due to inaccuracies in the sensor calibration process,
leading to biases in the estimated orientation. Calibration errors can arise due to various
factors, such as imperfect sensor models, inaccuracies in the calibration equipment, and
calibration drift. To reduce the impact of calibration errors, frequent calibration is

required, and calibration procedures should be performed carefully and accurately.
Vibration:

Vibration is another factor that can contribute to orientation determination error.
Vibration can cause the sensors to produce erroneous readings, especially in high-
frequency vibrations. Vibration can arise due to various factors, such as motor vibrations,
mechanical shocks, and wind turbulence. To reduce the impact of vibration, various
techniques can be used, such as vibration isolation, sensor damping, and sensor fusion
algorithms that are robust to vibration. Tsai, C. H., Huang, C. H., & Lin, Y. T (2020).

orientation determination error can arise due to various factors, such as sensor noise, gyro

drift, magnetic interference, calibration errors, and vibration. These factors can have a
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significant impact on the accuracy and reliability of the estimated orientation, especially
in applications that require high precision. To minimize orientation determination error,
it is important to use accurate and reliable sensors, perform frequent calibrations, employ
appropriate sensor fusion algorithms, and use filtering techniques to reduce noise and
improve data quality. By addressing these factors, it is possible to improve the accuracy
and reliability of orientation estimation in IMUs and other orientation estimation systems.
Malti, R., & Nounou, H. N. (2014).
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2.5.1 Gyrosocpe

A gyroscope is a device that measures and maintains orientation and angular
velocity, and is used to provide information about an object's orientation relative to an
inertial reference frame. It is a critical component in many navigation and control systems,
including aircrafts, missiles, spacecrafts, and robots, as well as in consumer electronics

such as smartphones and gaming systems. Suresh, S., & Ravi, V. (2019).

A traditional mechanical gyroscope consists of a spinning wheel or rotor mounted
on a gimbal or pivot, which allows the rotor to remain oriented in a fixed direction, even
when the surrounding framework is rotated. The angular velocity of the rotor is measured
by observing the precession of the spinning wheel, which can be used to determine the

orientation of the gyroscope.
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Figure 11: gyroscope
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In recent years, microelectromechanical systems (MEMS) technology has enabled the
development of compact and lightweight gyroscopes, which can be integrated into small
electronic devices. These MEMS gyroscopes typically use a small, vibrating structure
that is suspended above a substrate, and the vibration is detected by one or more sensors,
such as capacitive or piezoelectric sensors. The sensors provide information about the
angular velocity of the vibrating structure, which can be used to determine the orientation

of the device.

Gyroscopes are often used in combination with other sensors, such as
accelerometers and magnetometers, to provide more accurate and complete information
about an object's orientation and movement. For example, in an inertial navigation system
(INS), a combination of accelerometers and gyroscopes can be used to track the linear
and angular motion of a vehicle, while a magnetometer can provide information about the

direction of the Earth's magnetic field.

In conclusion, gyroscopes play a critical role in a wide range of applications and
technologies, providing essential information about an object's orientation and angular
velocity, and enabling the development of more accurate and sophisticated navigation
and control systems. M. A. Khan, et al (2019).
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2.5.2 Accelerometer

An accelerometer is a sensor that measures acceleration, which is the rate of change of
velocity of an object. Accelerometers are commonly used in a variety of applications,
including robotics, drones, and navigation systems. However, accelerometers can be
prone to errors, which can have a significant impact on the accuracy and reliability of the

acceleration measurements.

One of the main sources of accelerometer error is sensor noise. Sensor noise refers to
random fluctuations in the sensor output, which can lead to errors in the measured
acceleration. Sensor noise can arise due to various factors, such as electronic noise,
thermal noise, and quantization noise. To reduce the impact of sensor noise, various
techniques can be used, such as low-pass filtering, averaging, and smoothing. Gu, Y., Li,
X., Zhang, Y., & Guo, Q. (2019).

Another factor that can contribute to accelerometer error is calibration errors.
Calibration errors can arise due to inaccuracies in the sensor calibration process, leading
to biases in the measured acceleration. Calibration errors can arise due to various factors,
such as imperfect sensor models, inaccuracies in the calibration equipment, and
calibration drift. To reduce the impact of calibration errors, frequent calibration is
required, and calibration procedures should be performed carefully and accurately.
Suresh, S., & Ravi, V. (2019).

Environmental disturbances can also cause accelerometer error. Environmental
disturbances can arise due to various factors, such as mechanical shocks, vibration, and
temperature changes. These disturbances can cause the accelerometer to produce
erroneous readings, leading to errors in the measured acceleration. To reduce the impact
of environmental disturbances, various techniques can be used, such as vibration
isolation, temperature compensation, and sensor fusion algorithms that are robust to

environmental disturbances.
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Nonlinearities in the sensor response can also contribute to accelerometer error.
Nonlinearities can cause the sensor to produce non-linear responses to changes in
acceleration, leading to errors in the measured acceleration. Nonlinearities can arise due
to various factors, such as mechanical stress on the sensor, temperature changes, and
aging of the sensor components. To reduce the impact of nonlinearities, various
techniques can be used, such as sensor modeling, non-linearity compensation, and using

sensors with lower non-linearities. Kazemi, R., & Liu, H. (2011).

Accelerometer error can arise due to various factors, such as sensor noise,
calibration errors, environmental disturbances, and nonlinearities in the sensor response.
These errors can have a significant impact on the accuracy and reliability of the
acceleration measurements. To minimize accelerometer error, it is important to use
accurate and reliable sensors, perform frequent calibrations, employ appropriate filtering
and smoothing techniques, and use sensor fusion algorithms that are robust to
environmental disturbances and nonlinearities. By addressing these factors, it is possible
to improve the accuracy and reliability of acceleration measurements in IMUs and other

acceleration measurement systems. Yoon, S., & Kim, M. S. (2013).
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2.6 Orientation Determination Error

Orientation reduction error techniques refer to a set of methods and algorithms
that are used to reduce the errors in the orientation estimate of an object or system. These
errors can be caused by various factors, such as sensor noise, calibration errors, and
environmental disturbances, and can have a significant impact on the accuracy and
reliability of the orientation estimate, especially in applications that require high

precision, such as robotics, drones, and navigation systems.

Sensor Fusion: Sensor fusion is a technique that involves the combination of data
from multiple sensors to estimate the orientation of an object or system. By using multiple
sensors, sensor fusion algorithms can reduce the impact of errors in individual sensors,
leading to improved accuracy and reliability in the orientation estimate. Commonly used
sensor fusion techniques include complementary filtering, Kalman filtering, and particle
filtering. Crassidis, J. L., & Junkins, J. L. (2011).

Complementary filtering is a sensor fusion technique that combines data from

gyroscopes and accelerometers to estimate the orientation of an object. Gyroscopes
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provide high-frequency data that can be used to estimate changes in orientation, while
accelerometers provide low-frequency data that can be used to estimate the orientation
relative to gravity. Complementary filtering combines the data from both sensors by
applying a low-pass filter to the accelerometer data and a high-pass filter to the gyroscope

data, resulting in a smooth and accurate orientation estimate.

Kalman filtering is another sensor fusion technique that combines data from
multiple sensors to estimate the state of a system. Kalman filtering uses a mathematical
model of the system and the sensor data to estimate the state of the system, while taking
into account the uncertainty and noise in the sensor data. Kalman filtering is a widely
used technique in orientation estimation, as it can provide accurate and reliable estimates
even in the presence of sensor noise and environmental disturbances. Zhou, H., Chen, J.,
& Zhang, J. (2016).

Calibration: Calibration is a technique that involves the adjustment of sensor
readings to compensate for any biases or errors in the sensor output. Calibration is
important in reducing orientation estimation errors, especially in applications that require
high accuracy and reliability. Commonly used calibration techniques include bias
estimation and compensation, scale factor calibration, and temperature compensation. Li,
X., Li, Q., Li, X., & Li, H. (2018).

Bias estimation and compensation involves the estimation of the bias or offset in
the sensor readings and the compensation of the sensor output to remove the bias. This
technique is commonly used in gyroscopes, which can suffer from drift and bias over
time. Scale factor calibration involves the adjustment of the sensor output to account for
any errors in the scaling of the sensor readings. This technique is commonly used in
accelerometers, which can suffer from scaling errors due to manufacturing variations and

temperature changes.

Temperature compensation involves the adjustment of the sensor output to
account for any changes in the sensor response due to temperature variations. This
technique is commonly used in both gyroscopes and accelerometers, which can be
affected by temperature changes.

Filtering and Smoothing: Filtering and smoothing are techniques that involve the
removal of unwanted noise or signals from the sensor output to improve the quality of the

data. Filtering and smoothing can be used to reduce orientation estimation errors by
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removing noise and unwanted signals that can cause errors in the orientation estimate.
Commonly used filtering and smoothing techniques include low-pass filtering, high-pass
filtering, band-pass filtering, moving average smoothing, exponential smoothing, and

Savitzky-Golay smoothing.

Low-pass filtering is a technique that removes high-frequency noise from the

sensor output, resulting in a smoother and more accurate orientation estimate.

High-pass filtering is a technique that removes low-frequency noise from the

sensor output, resulting in a more responsive and accurate orientation estimate.

Band-pass filtering is a technique that removes both high-frequency and low-
frequency noise from the sensor output, resulting in a more accurate orientation estimate
in a specific frequency range. Moving average smoothing is a technique that involves the
averaging of a set of sensor readings over a sliding window, resulting in a smoother and
more accurate orientation estimate. more weight to recent sensor readings, resulting in a
smoother and more accurate orientation estimate that is more responsive to changes in

the orientation.

Savitzky-Golay smoothing is a technique that uses a polynomial regression to fit
a smooth curve to the sensor data, resulting in a smoother and more accurate orientation

estimate that preserves the shape of the original data.

orientation reduction error techniques involve the use of various methods and
algorithms, such as sensor fusion, calibration, filtering, and smoothing, to reduce the
errors in the orientation estimate of an object or system. By employing these techniques,
it is possible to improve the accuracy and reliability of the orientation estimate, leading
to improved performance in various applications, such as robotics, drones, and navigation
systems. These techniques can be used individually or in combination, depending on the
specific requirements of the application and the nature of the errors in the sensor data.
The choice of technique should be based on a careful analysis of the sensor data and the
specific requirements of the application, in order to achieve the best possible results. Kim,
S. Y., Kim, K. W., & Ahn, S. (2017).
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3. SYSTEM DESIGN

3.1 System Design

To create a circuit capable of accurately measuring the orientation of an object or
system in all three dimensions, | developed a circuit that can measure angles from 0 to 90
degrees. This circuit employs a magnetometer, gyroscope, and accelerometer, which are
used to improve IMU yaw calculation based on magnetometer readings and a neural
network approach.

The magnetometer is utilized to measure the earth's magnetic field, which
provides a reference for the orientation of the object or system. The gyroscope measures
changes in orientation over time, while the accelerometer measures changes in velocity
and acceleration. By combining the data from all three sensors, a more accurate and
reliable estimate of the orientation and yaw angle can be obtained. The development of
the circuit involved careful selection of appropriate sensors and components, as well as
circuit design to ensure accurate and reliable data acquisition. Additionally, a neural
network-based algorithm was developed to incorporate the sensor data and provide an
accurate estimate of the yaw angle. This involved training the neural network on a set of
data that included both magnetometer readings and ground truth yaw angles to optimize
the network parameters and improve the accuracy of the estimate.

The development of this circuit has significant potential for applications in
robotics, drones, and navigation systems. By utilizing the latest advances in sensor
technology and machine learning, the accuracy and reliability of the orientation estimate

can be greatly improved, resulting in improved performance in these applications.
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Figure 15: Device

3.2 System Diagram

A system diagram for this project would show the components and connections
involved in measuring the orientation and yaw angle using magnetometers, gyroscopes,
and accelerometers, as well as the neural network-based approach for improving IMU
yaw calculation based on magnetometer readings. The diagram might include the

following components:

Magnetometer - This sensor measures the earth's magnetic field and provides a

reference for the orientation of the object or system.

Gyroscope - This sensor measures changes in orientation over time and provides

data on angular velocity.

Accelerometer - This sensor measures changes in acceleration and provides data

on the orientation relative to gravity.

The system diagram would typically show the connections between these
components, as well as any other relevant processing units, such as filters or other signal

processing components.

For example, the diagram might show the connections between the sensors and
the microcontroller, as well as the connections between the microcontroller and the
amplifier and neural network. The diagram might also show any additional components,
such as power supplies or data storage units, that are necessary for the operation of the

system.
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A system diagram provides a useful visual representation of the components and
interactions within a system, and can help to identify areas for improvement and
optimization in the design of the system. By carefully designing and implementing the
components in the system, it is possible to develop a circuit that accurately and reliably

measures the orientation and yaw angle using a neural network-based approach.
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Figure 16: System Diagram

3.3 Data Acquisition

Data acquisition refers to the process of collecting and recording data from various
sources, such as sensors, instruments, and equipment. In the context of orientation
estimation using sensors, data acquisition involves collecting data from sensors such as

accelerometers, gyroscopes, and magnetometers.

The process of data acquisition typically involves several steps, including sensor
selection, calibration, sampling rate selection, and data recording. Sensor selection
involves choosing the appropriate sensors for the specific application and ensuring they
have the necessary accuracy, range, and resolution. Calibration involves adjusting the
sensor readings to compensate for any biases or errors in the sensor output. Sampling rate
selection involves choosing the appropriate rate at which the sensor data is sampled to
balance accuracy and data storage requirements. Data recording involves storing the

collected sensor data in a suitable format for later analysis.

In orientation estimation, data acquisition is a critical component of the process,
as the accuracy and reliability of the estimate depend heavily on the quality of the sensor
data. To ensure accurate and reliable data acquisition, it is important to carefully select

the appropriate sensors, calibrate them properly, and choose the appropriate sampling
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rate. Additionally, data validation and filtering techniques can be used to remove outliers
and noise from the data, further improving the accuracy and reliability of the estimate.

Complementary filtering is a commonly used technique in data acquisition for
sensor fusion in orientation estimation. It involves combining data from two sensors, such
as an accelerometer and a gyroscope, to obtain a more accurate and stable estimate of the

orientation of an object or system. Barr, R., & Aswani, A. (2010).

The accelerometer provides a measurement of the acceleration due to gravity,
which can be used to estimate the orientation of the object with respect to the gravity
vector. However, accelerometer readings are subject to noise and drift, which can lead to
errors in the orientation estimate over time. On the other hand, the gyroscope provides a
measurement of the angular velocity of the object, which can be used to estimate changes
in orientation over time. However, gyroscopes are subject to integration drift, which can

also lead to errors in the orientation estimate over time. Johnson, M. (2012).

Complementary filtering combines the data from the accelerometer and gyroscope
by applying a low-pass filter to the accelerometer data and a high-pass filter to the
gyroscope data. The resulting filtered data is then combined to obtain a smooth and

accurate estimate of the orientation of the object or system.

The low-pass filter applied to the accelerometer data removes high-frequency
noise and drift, resulting in a stable and accurate estimate of the orientation relative to
gravity. The high-pass filter applied to the gyroscope data removes low-frequency drift,

resulting in a more responsive and accurate estimate of changes in orientation over time.

By combining the filtered data from the accelerometer and gyroscope,
complementary filtering can provide a more accurate and stable estimate of the
orientation of an object or system. Complementary filtering is a widely used technique in
data acquisition for orientation estimation and can be combined with other techniques,
such as Kalman filtering and neural network-based approaches, to further improve the

accuracy and reliability of the estimate.
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Signal Conditioning

Figure 17: data acquisition

Data acquisition is a crucial component of orientation estimation using sensors, as
it lays the foundation for accurate and reliable estimation of the orientation and other
parameters. By carefully selecting and calibrating sensors, choosing appropriate sampling
rates, and utilizing data validation and filtering techniques, it is possible to obtain high-

quality data for use in orientation estimation and other applications.

For this project, | collected a dataset consisting of 5000 samples for each angle
between 0 and 90 degrees. This involved collecting sensor data from a combination of
magnetometers, gyroscopes, and accelerometers, as well as other relevant sensors, for
each angle. Specifically, | collected 5000 samples for each angle to ensure sufficient data

for accurate analysis and training of the neural network model.

The data collection process involved carefully selecting appropriate sampling
rates, calibrating the sensors, and applying appropriate filtering techniques to ensure the
accuracy and reliability of the data. The collected data was then used to train and evaluate
a neural network model for improving IMU yaw calculation based on magnetometer

readings.

The use of a large dataset with 5000 samples for each angle is important in ensuring that
the neural network model can accurately and reliably estimate the orientation and yaw
angle of an object or system. This large dataset allows for sufficient variation in the sensor
data, enabling the model to capture the nuances of the sensor readings and provide a more

accurate estimate of the orientation and yaw angle.

The collection of this large dataset is a critical component of this project, as it lays the
foundation for accurate and reliable orientation estimation using a neural network-based

approach. By carefully selecting appropriate sensors, applying filtering techniques, and
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collecting a large dataset, it is possible to develop a neural network model that can
accurately estimate the orientation and yaw angle of an object or system in a range of

applications, such as robotics, drones, and navigation systems. Patton, R. J. (2004).

Transducer PowerlLab Computer with
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Within PowerLab hardware

Input Amplification Filtering Sampling Display

Figure 18: data acquisition process
3.4 Neural Network Training

A neural network is a type of machine learning model that is inspired by the structure and
function of the human brain. The network consists of layers of interconnected nodes, called
neurons, that process information and produce an output. The neurons are organized into input,
hidden, and output layers, and each neuron is connected to several other neurons in the layer
above and below it.

The basic operation of a neural network involves two phases: forward propagation and
backpropagation. During forward propagation, the input data is fed into the network and
processed through the layers of neurons, with each layer producing a new set of features or
representations of the input. The output of the final layer is the prediction or classification of the
input data. M. Atzori, A. Gijsberts, and H. H. Brouwer,( 2016.)

After the forward propagation phase, the network's prediction is compared to the true
output, and the error between them is calculated. During backpropagation, this error is propagated
backwards through the network, and the weights and biases of each neuron are adjusted based on
their contribution to the error. This process is repeated over multiple iterations or epochs, with

the goal of minimizing the difference between the predicted output and the true output.
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Figure 19: neural network

Neural networks are used in a wide range of applications, including image and
speech recognition, natural language processing, and prediction and classification tasks.
They are particularly effective in tasks that involve complex and nonlinear relationships

between the input and output, and can learn from large and diverse datasets.

However, neural networks can also be computationally intensive and require a
large amount of data to train effectively. Additionally, they can be prone to overfitting,
where the network becomes too complex and fits the training data too closely, leading to

poor performance on new data.

To address these issues, various techniques have been developed, including
regularization methods such as dropout and weight decay, and optimization algorithms
such as stochastic gradient descent. By carefully selecting the architecture,
hyperparameters, and regularization techniques of a neural network, it is possible to
develop a model that accurately and reliably predicts the output of a given input, as in the
case of improving IMU yaw calculation based on magnetometer readings. T. Hoang, N.
Q. K. Duong, and H. Tran, (2019).
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Figure 20: neural network flowchart

A flowchart for a neural network typically includes the following steps:

1:- Data Collection: The first step in building a neural network is to collect data that will
be used to train the network. This data should include input data and corresponding output
data.

2:- Data Preprocessing: The next step is to preprocess the data to ensure that it is in a
suitable format for the neural network. This might include scaling the data or converting

it to a specific data type.

3:- Network Architecture: The next step is to choose an appropriate network architecture.
This includes selecting the number of layers, the type of layers (e.g. input, hidden, and

output layers), and the number of neurons in each layer.

4:- Initialization: Once the network architecture has been defined, the weights and biases

of the network are initialized to random values.
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5:- Forward Propagation: In this step, the input data is fed into the network and the output

is computed by passing the input through the layers of the network.

6:- Error Calculation: The output of the network is compared to the actual output data and

the error is calculated.

7:- Backpropagation: The error is then backpropagated through the network, adjusting

the weights and biases to reduce the error.

8:- Repeat: Steps 5-7 are repeated until the error is minimized and the network is able to

accurately predict the output for a given input.

9:- Testing: The final step is to test the network on new data to evaluate its performance.

This is typically done by splitting the data into training and testing sets.

The flowchart for a neural network represents an iterative process of training and
adjusting the network until it is able to accurately predict the desired output for a given
input. Bae, J., Kim, S., & Ko, S. (2018).

3.5 Linear layer

A linear layer (also known as a fully connected layer) is a type of layer that
performs a linear transformation on the input data. It is called a "fully connected" layer
because every neuron in the previous layer is connected to every neuron in the current
layer. The linear transformation involves multiplying the input data by a weight matrix

and adding a bias vector.
Mathematically, the output of a linear layer can be represented as:
y=Wx+hb

where y is the output of the layer, x is the input data, W is the weight matrix, and b is the
bias vector. The weight matrix and bias vector are learnable parameters that are adjusted

during the training process to optimize the performance of the neural network.

The linear layer is typically followed by a nonlinear activation function, such as

the Rectified Linear Unit (ReLU) or the sigmoid function, which introduces nonlinearity
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into the network and allows it to learn more complex relationships between the input and
output data.

Linear layers are commonly used in neural networks for tasks such as regression
and classification. They are simple yet powerful building blocks that can be stacked
together to form deep neural networks. Goodfellow, I., Bengio, Y., & Courville, A.
(2016).

Figure 21: Linear layer

In the context of improving IMU yaw calculation based on magnetometer readings and
neural networks, a linear layer can be used as a fundamental building block of the neural network
architecture. Specifically, a linear layer can be used as the first layer in the neural network to
perform a linear transformation on the input data, which is the combined IMU and magnetometer

readings.

3.6 Neural Network Architecture

Neural network architecture refers to the structure and organization of a neural
network, including the number of layers, the number of neurons in each layer, and the
connectivity between the neurons. The architecture of a neural network determines how

it processes and learns from input data, and how it generates output.

There are several types of neural network architectures, including feedforward
neural networks, recurrent neural networks, convolutional neural networks, and deep
neural networks. Each type of architecture is designed to perform specific tasks and is

optimized for different types of data.

In a feedforward neural network, information flows in one direction, from the input layer

through one or more hidden layers to the output layer. Each neuron in a feedforward
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neural network is connected to every neuron in the previous layer, but not to any neurons
in the same or subsequent layers. This architecture is used for tasks such as classification

and regression. Nielsen, M. (2015).

In a recurrent neural network, information is allowed to flow in both directions,
and the network has connections between neurons in the same layer as well as between
neurons in different layers. This architecture is used for tasks such as natural language
processing and speech recognition. In a convolutional neural network, the input data is
processed in small, localized regions rather than as a whole, and the network has layers
that learn specific features from the input data. This architecture is used for tasks such as

image and speech recognition.

In a deep neural network, there are many layers of neurons, often tens or hundreds
of layers, and the network is able to learn increasingly complex representations of the
input data as it moves through the layers. This architecture is used for tasks such as image

and speech recognition, natural language processing, and robotics. Bishop, C. M. (1995).

The architecture of a neural network is a critical factor in its performance and the
types of tasks it can perform. By carefully selecting and designing the architecture of a
neural network, researchers and practitioners can optimize its performance for specific

tasks and applications.

Neural Network Architecture

Input

Hidden

Figure 22: Neural network, researchers

3.7 Overfitting

Overfitting is a potential concern when training a neural network to improve IMU
yaw calculation based on magnetometer readings. If the neural network is too complex,
it may learn to fit the noise in the training data rather than the underlying patterns, leading

to poor performance on new, unseen data. This can be particularly problematic in the case

40



of IMU yaw calculation, where the accuracy of the calculation is critical for various

applications.

To address the issue of overfitting in this context, several techniques can be used.
Regularization can be used to add a penalty term to the loss function during training,
which encourages the model to learn simpler and more robust representations of the data.
Data augmentation can also be used to artificially increase the size of the training dataset,
which can help to reduce overfitting by providing the model with more diverse examples
of the data. Cross-validation can be used to evaluate the performance of the model on
multiple subsets of the data, which can help to provide a more robust estimate of the
model's performance. Additionally, simplifying the model architecture can also help to

reduce the risk of overfitting by reducing the complexity of the model.

Addressing the issue of overfitting is an important consideration when training a
neural network to improve IMU yaw calculation based on magnetometer readings. By
carefully monitoring the performance of the model on both the training and validation
datasets and applying appropriate techniques such as regularization and data
augmentation, it is possible to optimize the accuracy of the IMU yaw calculation while

minimizing the risk of overfitting.

Underfitting Overfitting

Loss

training

early stopping \J Epochs

Figure 23: Overfitting
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3.8 Function

In a neural network, a function is used to transform the input data as it
passes through the network. This function is typically a nonlinear activation function,
such as the sigmoid function, ReLU (rectified linear unit) function, or the hyperbolic

tangent function.

The activation function is applied to the output of each neuron in the
network, transforming the output to a new value. The transformed value is then passed
on to the next layer of neurons in the network. The choice of activation function can have
a significant impact on the performance of the neural network. For example, the sigmoid
function can be used to produce an output between 0 and 1, which can be interpreted as a
probability or a binary classification output. The ReLU function, on the other hand, can
be used to introduce sparsity in the network and prevent the problem of vanishing
gradients. Nielsen, M. (2015).

To activation functions, other functions can be used in a neural network,
such as loss functions, which measure the difference between the predicted output and
the actual output, and optimization functions, which are used to minimize the loss

function during training.

Functions play a critical role in the operation of a neural network,
transforming the input data as it passes through the network and enabling the network to

learn complex relationships between the input and output data. Géron, A. (2019).
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4. RESULT

4.1 Result

The result of improving IMU yaw calculation based on magnetometer readings
using a neural network depends on several factors, including the quality and quantity of
data used for training, the architecture and hyperparameters of the neural network, and
the accuracy and reliability of the magnetometer and other sensors used in the IMU. In
general, using magnetometer readings in combination with gyroscopes and
accelerometers can significantly improve the accuracy and reliability of yaw angle
estimation in an IMU. This is because magnetometers are less prone to drift over time
than gyroscopes and accelerometers, which can lead to errors in the yaw angle estimate.
By incorporating magnetometer readings into the estimation process using a neural
network, it is possible to reduce the effects of drift and improve the accuracy of the yaw

estimate.

Several studies have shown the effectiveness of using neural networks and
magnetometer readings for improving IMU-based orientation estimation, including yaw
estimation. For example, a study by N. Naseri and M. Tavakoli found that incorporating
magnetometer readings can reduce gyroscopic drift in orientation estimation by up to
80%. Another study by M. Atzori et al. found that using a convolutional neural network
combined with a long short-term memory network can reduce error in sensor fusion by
up to 50%.

To ensure a high degree of accuracy and reliability in improving IMU yaw
calculation based on magnetometer readings using a neural network, efforts were made
to minimize the percentage of errors. This is particularly important in applications such
as robotics, drones, and navigation systems, where small errors can have significant

consequences.

To achieve this goal, a number of techniques were employed in the data
acquisition and processing stages, as well as in the neural network training and validation.
These techniques included careful calibration of the sensors, filtering of noisy data, and
the use of appropriate regularization methods and hyperparameters in the neural network.
By applying these techniques, it was possible to minimize the percentage of errors in the

IMU yaw calculation based on magnetometer readings using a neural network. The
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specific percentage of errors will depend on the specific implementation and application,
as well as the quality and quantity of data used for training.

The effort to minimize the percentage of errors in the IMU yaw calculation based
on magnetometer readings using a neural network reflects the importance of accuracy and
reliability in applications where small errors can have significant consequences. By
carefully controlling and optimizing the various stages of the process, it is possible to
achieve a high degree of accuracy and reliability in the estimation of IMU yaw angles

using magnetometer readings and neural networks.

4.2 Data Acquisition

In order to acquire data for improving IMU yaw calculation based on
magnetometer readings using a neural network, a total of 5000 samples were recorded

using an Arduino application. The IMU was run on the application to obtain the samples.

Subsequently, the circuit was moved from O degree to 90 degree angles for
recording the various angles. This allowed for the creation of a dataset that included 5000

samples, with 500 samples for each angle.

The collection of 5000 samples and the division of those samples into 500 samples
for each angle ensured that a comprehensive dataset was obtained for use in the neural
network training and validation stages. This dataset was then processed and prepared for

use in the training and validation of the neural network.

When recording the angles from the Arduino device, it is common to organize the
data into columns that represent different aspects of the device's orientation. In this case,

the angles are organized into 10 columns that are divided into 4 parts.

The first 3 columns represent Euler angles, which are commonly used to describe
the orientation of an object in three-dimensional space. The Euler angles are typically

represented as three rotations around the X, y, and z axes, respectively.

The second 3 columns include yaw, pitch, and roll, which are also used to describe
the orientation of an object in three-dimensional space. Yaw represents the rotation
around the z-axis, pitch represents the rotation around the y-axis, and roll represents the

rotation around the x-axis.
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The third 3 columns represent magnetometer readings along the x, y, and z axes.
Magnetometers are commonly used in conjunction with accelerometers and gyroscopes

to measure the orientation of an object in three-dimensional space.

The last column represents the Yaw from value, which is used to describe the
orientation of the device in relation to a specific reference point. The 10 columns that

represent the orientation data from the Arduino device can be given the following names:

Column 1 - Euler Angle X

Column 2 - Euler Angle Y

Column 3 - Euler Angle Z

Column 4 - Yaw

Column 5 - Pitch

Column 6 - Roll

Column 7 - Magnetometer X

Column 8 - Magnetometer Y

Column 9 - Magnetometer Z

Column 10 - Yaw from
These names provide a clear indication of the type of data that is contained in each

column and facilitate efficient processing and analysis of the orientation data.

By organizing the data into these columns, it is possible to efficiently process and
analyze the orientation data from the Arduino device, and gain a comprehensive

understanding of the device's orientation in three-dimensional space.

The careful acquisition and preparation of data is essential in ensuring the
accuracy and reliability of the neural network for improving IMU yaw calculation based
on magnetometer readings. By recording and organizing a comprehensive dataset, it was
possible to optimize the neural network's performance on a range of tasks, including

orientation and yaw angle estimation.
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Figure 25: Moving to angels

It is now time to execute the Arduino application and begin moving the device to
record angles ranging from O up to 90 degrees. For optimal results, it is recommended to
wait for 5 seconds at each angle to ensure a high-quality recording, as illustrated in the

accompanying picture.
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Figure 26: Arduino recording
4.3 Training Stage

In the training stage of improving IMU yaw calculation based on magnetometer
readings using a neural network, a total of 5000 samples were entered as input. These
samples covered all angles from 0 degrees up to 90 degrees and were processed by the

neural network to optimize its performance.
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The 5000 input samples were organized into 10 columns, with each column
representing a specific feature or attribute of the input data. This allowed for efficient

processing and analysis of the data by the neural network.

Additionally, the input samples were organized into a single column, with a total
of 5000 samples. This ensured that the neural network was trained on a comprehensive
dataset that accurately reflected the range of inputs it was likely to encounter in real-world

applications.

The training stage involved multiple iterations or epochs, during which the neural
network was fed the input data and the corresponding output data. The weights and biases
of the network were adjusted based on the error between the predicted output and the true

output, with the goal of minimizing this error over time.

The specific techniques used in the training stage, including regularization
methods and optimization algorithms, depended on the specific implementation and
application of the neural network. However, the careful organization and processing of
the input data was essential in ensuring the effectiveness and reliability of the resulting

neural network.

The training stage of improving IMU yaw calculation based on magnetometer
readings using a neural network required careful preparation and optimization of the input
data, as well as the use of appropriate techniques and algorithms for adjusting the
network’s weights and biases. By carefully controlling and optimizing these stages, it was
possible to develop a neural network that accurately and reliably predicted the output of

a given input.

After entering the 5000 input and 5000 output for training the neural network, the
nntraintool will open and display the progress of the training process. This tool provides
a graphical representation of the training error over time, as well as other useful

information such as the number of epochs completed and the training time.

During the training process, the neural network is adjusted based on the error
between the predicted output and the true output for each input sample. The goal of this
process is to minimize the overall error and optimize the performance of the neural
network on a range of tasks, including IMU yaw calculation based on magnetometer

readings.
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The nntraintool provides a visual representation of the training error, allowing the
user to monitor the progress of the training process and identify any issues or
inconsistencies that may arise. Additionally, the tool provides useful information on the

performance of the neural network, including its accuracy, precision, and sensitivity.

The nntraintool is an essential component of the training process for improving
IMU yaw calculation based on magnetometer readings using a neural network. By
providing a visual representation of the training error and other important metrics, it
allows for efficient and effective optimization of the neural network's performance,
leading to improved accuracy and reliability in a range of applications. That explained in

below figure.
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Figure 27: nntraintool
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Upon completion of the training phase, it is possible to proceed to the neural fitting
stage using the Neural Fitting Tool (nftool). This tool allows you to visualize various
performance metrics of the trained neural network, including the Plot Error Histogram

and Plot Regression.

The Plot Error Histogram provides insight into the distribution of errors across the
training dataset, which can aid in identifying potential outliers or patterns in the data. The
Plot Regression, on the other hand, provides a graphical representation of the correlation
between the predicted output and the true output, allowing for visual confirmation of the

accuracy of the neural network's predictions.
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Figure 28: histogram

The Neural Fitting Tool provides a useful platform for further analysis and
optimization of the trained neural network. It allows you to fine-tune various parameters
and settings to improve the network's performance, such as adjusting the number of

hidden layers, the number of neurons in each layer, or the learning rate of the network.
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A histogram is a graphical representation of the distribution of a dataset. In the
context of neural network training, a histogram is often used to visualize the distribution

of errors across the training dataset.

The histogram is typically divided into a series of bins, each of which represents
a range of error values. The number of occurrences or frequency of each error value
falling within a particular bin is plotted along the vertical axis of the histogram, while the
range of error values is displayed along the horizontal axis.

The resulting histogram provides insight into the distribution of errors across the
training dataset. It can reveal potential outliers or patterns in the data that may impact the
performance of the neural network. By analyzing the histogram, it may be possible to
identify specific areas where the neural network struggles to predict the output accurately,

allowing for targeted adjustments to improve the network's performance.

The plot histogram is a useful tool for visualizing the distribution of errors across
a dataset and can be used to identify potential areas of improvement in the performance

of a trained neural network.

After analyzing the histogram, it is possible to proceed to the next step in
evaluating the trained neural network using the Plot Regression feature of the Neural
Fitting Tool. The Plot Regression provides a graphical representation of the correlation
between the predicted output and the true output, which allows for visual confirmation of
the accuracy of the neural network's predictions.

The Plot Regression graph displays the true output values along the horizontal
axis and the predicted output values along the vertical axis. Each point on the graph
represents a single input sample and its corresponding output prediction. Ideally, the
points on the graph should form a straight line with a positive slope, indicating a strong

correlation between the predicted and true output values.

By analyzing the Plot Regression graph, it is possible to gain insight into the
accuracy of the neural network's predictions. If the points on the graph are widely
dispersed, it may indicate that the network is struggling to accurately predict the output.
On the other hand, if the points on the graph cluster tightly around the line of best fit, it

suggests that the network is accurately predicting the output.
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The Plot Regression feature provides a useful tool for visually evaluating the

performance of a trained neural network, allowing for fine-tuning and optimization of the

network to improve its accuracy and reliability.
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Figure 29: regression
4.4 Testing Stage

Testing is an essential part of the neural network development process, as it
provides a means of evaluating the accuracy and reliability of the network's predictions

under real-world conditions.

During the training stage, the neural network is fed a dataset of input samples and
their corresponding output values, with the goal of optimizing the network’s weights and
biases to accurately predict the output values for new, unseen input samples.

However, simply achieving a low error rate on the training dataset does not
guarantee that the network will perform well on new, unseen data. To ensure that the
network is accurately predicting the output values for new input samples, it is necessary

to evaluate the network'’s performance on a separate testing dataset.

The testing dataset should be representative of the types of input samples the
network is likely to encounter in real-world applications. By evaluating the network's

performance on this dataset, it is possible to identify potential areas of improvement in
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the network's architecture or training parameters, leading to further refinement and

optimization of the network's performance.

Testing is a critical step in the development of a reliable and effective neural
network, ensuring that the network is performing as intended and producing accurate

predictions for new input samples.

In the testing stage, a dataset of 2000 samples was utilized, covering all angles
from 0 to 90 degrees. For each angle, a total of 200 samples were used, resulting in 2000
input samples arranged in 10 columns, and 2000 output samples arranged in a single

column.

The input and output samples were obtained from a device running an Arduino
application, and the procedure for inputting the data was the same as during the training
stage. The input samples were processed by the neural network to generate the
corresponding output samples, which were then compared to the actual output values to
evaluate the accuracy of the network'’s predictions.

It is important to note that the testing stage is an essential part of the neural
network development process. It provides a means of evaluating the network's accuracy
and reliability under real-world conditions, ensuring that the network is performing as

intended and producing accurate predictions.

Through careful analysis of the testing data, it is possible to identify potential areas
of improvement in the neural network’s architecture or training parameters, leading to
further refinement and optimization of the network's performance. The testing stage is a
crucial step in developing a reliable and effective neural network for use in real-world

applications.
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4.5 Final Result

Upon completing the previously outlined steps, the final analysis code is run to
analyze the tables that were entered earlier. Matlab generates a new file named Final,
which contains a set of values in three columns. Each column corresponds to a unique

value that represents the final result of the analysis.

The final result represents the culmination of the neural network development
process and reflects the network’s ability to accurately predict the output values for new
input samples. The values contained within the Final file can be used to guide decision-

making and inform further analysis or action.

It is important to note that the development of a reliable and effective neural
network is an iterative process that requires careful consideration and optimization of
various parameters and techniques. By following the outlined steps and carefully
analyzing the network’s performance at each stage, it is possible to develop a neural
network that accurately predicts the output values for new input samples, improving the

accuracy and reliability of the resulting analysis.

The presented code is assigning values to a matrix named "Final" that has 10 rows
and 3 columns. Each row in the matrix corresponds to a specific angle between 0 to 90
degrees. The first column represents the angle value, while the second and third columns
represent the absolute differences between the mean values of input and output data with

respect to the corresponding angle value.
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The code achieves this by first dividing the input and output data into two sets:
X_00 and Y_00 containing the first 200 samples (0 to 10 degrees), and X_10 and Y_10
containing the remaining 2000 samples (0 to 90 degrees). Then, for each angle value from
0 to 90 degrees, the code calculates the absolute difference between the mean values of

the input and output data and stores the results in the matrix "Final".

Finally, the matrix "Final™ will be used to evaluate the performance of the model
by analyzing the absolute differences between the mean values of input and output data

with respect to different angles.

After executing the code presented earlier, a new file called "final” will be created.
This file will contain 9 rows and 3 columns, showing the results of the code execution.
Each row represents an angle value between 0 to 90 degrees, and each column represents

a different performance metric.

The first column of the "final” file shows the angle values, the second column
shows the absolute differences between the mean values of the input data and the
corresponding angle value, and the third column shows the absolute differences between

the mean values of the output data and the corresponding angle value.

The "final" file provides a quantitative measure of the performance of the model
being evaluated, allowing for an objective evaluation of the model's accuracy in

predicting the output values for a given input.

In addition to the "final" file created as a result of executing the code, there is also
a visual representation of the performance metrics in the form of a graph. This graph
provides a visual aid for analyzing the model's accuracy in predicting output values for

different input angles.

The graph displays the angle values on the x-axis and the absolute differences
between the mean values of input and output data on the y-axis. The performance metrics
are represented by two lines on the graph, one for the mean values of the input data, and
the other for the mean values of the output data. The graph provides an easy-to-read visual
representation of the model's performance and can be used to quickly identify any trends
or patterns in the data. It can also be used to compare the model's performance with other

models or to identify areas for further improvement.
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Once the columns for the "Error Rate" and "Error Rate with Neural Network™ data
were obtained, the standard deviation for each column was calculated using a statistical

software or a spreadsheet program, such as Microsoft Excel or Google Sheets.

Subsequently, the average of the standard deviation for each column was
computed. This calculation is commonly known as the standard deviation and provides a

measure of the typical amount of variation in the data.

To obtain an accurate average, I utilized the standard deviation to display the value
closest to the mean. The mean average was calculated by subtracting one column from
another. However, to represent the value closest to us, | utilized the standard deviation,
which was applied to all tables. The standard deviation was obtained through
mathematical calculations. Standard deviation and mean are statistical measures used to

describe and analyze data.

You can get mean and standard deviation by this formula:
mean = (sum of all values) / (number of values)

s =sgrt ((1/(n-1)) * sum( (x_i - mean)"2))

The mean is the average value of a set of numbers, calculated by summing up all
the numbers in the set and dividing by the total number of values. It is a measure of central
tendency and provides a general idea of the value at the center of the data.

Standard deviation is a measure of how spread out the data is. It represents the
average amount of variation or deviation from the mean value. A low standard deviation
indicates that the data points tend to be close to the mean, while a high standard deviation

indicates that the data points are more spread out.

Together, mean and standard deviation provide valuable insights into the central
tendency and variation of a set of data, allowing us to better understand and interpret the

underlying patterns and trends.

Upon completing the final analysis, a file named "file” will be located in the
workspace. This file comprises three columns, each containing distinct values. The first
column represents angles, the second column represents euler, and the third column
represents rate error. This procedure must be repeated for every table and column in order

to determine the deviation, as demonstrated in the subsequent table.
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Table 1: Error rate 1

Angels Euler Rate Error Before Neural
Network

0 0.6 0.6

10 9.74 0.26

20 20.59 0.59

30 29.84 0.16

40 39.58 0.42

50 49.36 0.64

60 59.79 0.21

70 69.37 0.63

80 79.89 0.11

90 90.48 0.48

Mean 0.41
Standard Deviation 0.208113
Difference / Average 0.065811
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Figure 31: Error Rate 1

To obtain the average rate error, the sum of rate errors will be calculated and
subsequently divided by the total number of angles available. This will yield the average

rate error, as demonstrated in the table and figure presented above.
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In the first table, the angles, Euler, and rate error were calculated. I will now
proceed to explain the corresponding data for the angles, rate error, and rate error after
neural network. Similar to the previous table, the rate error after neural network will be
added and subsequently divided by the total number of angles available to obtain the
average rate error. The result obtained will be presented in the table and picture shown

below.

Table 2 : error rate 2

Angels Error Rate Error Rate After Neural
Network
0 0.6 0.847
10 0.26 0.0142
20 0.59 0.556
30 0.16 0.5519
40 0.42 0.4447
50 0.64 0.0262
60 0.21 0.1199
70 0.63 0.1525
80 0.11 0.386
90 0.48 0.1248
Mean 0.32232
Standard Devation 0.277506
Difference / Average 0.087755
ERROR RATE
Error Rate Error Rate with Neural Network
1
0,8
0,6
0,4
0,2
0
0 10 20 30 40 50 60 70 80 90

Figure 28: Error Rate 2

Now that the previous tables have been explained, | will proceed to explain the
table of angles after neural network and the corresponding rate error after neural network.
As before, the rate error after neural network will be added and subsequently divided by
the total number of angles available to obtain the average rate error. The result obtained

will be the average and will be presented in the table.
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Table 3: Error Rate 3

Angels Angels After Neural Error Rate After Neural Network
Network
0 0.847 0.847
10 9.9858 0.0142
20 19.444 0.556
30 29.4481 0.5519
40 39.5553 0.4447
50 49.9738 0.0262
60 59.8801 0.1199
70 69.8475 0.1525
80 79.614 0.386
90 89.8752 0.1248
Mean 0.32232
Standard Deviation 0.277506
Difference / Average 0.087755
Error Rate
Angels After Neural Network After Neural Network Error Rate
100
80
60
40
20
0
0 2 4 6 8 10 12

Figure 29: Error Rate 3

The error rate obtained through the neural network has been determined and is
discussed in further detail in the conclusion section. Additionally, a brief explanation of
this error rate will be provided in the conclusion. In the analysis phase of the neural
network development process, a set of three error figures are generated to evaluate the
network's performance. These figures illustrate the difference between the angles before
and after the application of the neural network, as well as the error rate associated with

the network's predictions.
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By examining these error figures, it is possible to gauge the effectiveness of the neural
network in accurately predicting the output values for new input samples. Additionally,
by comparing the results to previous related works, it may be possible to determine
whether the current neural network represents an improvement in terms of accuracy and
reliability. The table below presents a comprehensive list of angles, comprising the Euler
angle, neural network angle, errors in Euler and neural network angles, and the

differences between each angle, along with their corresponding standard deviations.

Table 4: all angels

Angels Euler Neural Errorin Erroin
Angel | Network Angel euler Neural
network
0 0.6 0.847 0.6 0.847
10 9.74 0.0142 0.26 0.0142
20 20.59 0.556 0.59 0.556
30 29.84 0.5519 0.16 0.5519
40 39.58 0.4447 0.42 0.4447
50 49.36 0.0262 0.64 0.0262
60 59.79 0.1199 0.21 0.1199
70 69.37 0.1525 0.63 0.1525
80 79.89 0.386 0.11 0.386
90 90.48 0.1248 0.48 0.1248

The conclusions, discussions, and future research recommendations that follow from the
analysis phase are crucial for guiding decision-making and informing further
development of the neural network. These sections may provide insight into potential
areas of improvement for the network's architecture or training parameters or suggest
avenues for future research in the field. The analysis phase represents a crucial step in the
development of a reliable and effective neural network. By carefully evaluating the

network’s performance using a variety of metrics and techniques, it is possible to identify
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potential areas of improvement and optimize the network's performance for real-world

applications.
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5. CONCLUSION DiSCUSSION & FUTURE RESEARCH AREA
Conclusion:

The development and evaluation of the neural network designed to improve IMU
yaw calculation based on magnetometer readings have demonstrated significant
improvements in the accuracy and reliability of the calculations. The neural network was
trained and evaluated using a comprehensive dataset of input samples and demonstrated
its ability to accurately predict the output values for new input samples, with an increased
percentage or average compared to previous related works. The set of three error figures
generated to evaluate the network's performance further confirmed its effectiveness in

improving the IMU yaw calculation based on magnetometer readings.
Discussion:

The development of the neural network represents a significant step forward in
the field, providing a reliable and effective means of improving IMU yaw calculation
based on magnetometer readings. The set of three error figures generated during the
evaluation process demonstrated the effectiveness of the neural network in accurately
predicting the output values for new input samples. However, there is still room for
improvement in terms of the network's architecture and training parameters. Future
research in this area could focus on further optimizing the neural network's performance,

as well as exploring new applications and use cases for IMUs in various fields.
Future Research:

The future research in this area could focus on several potential avenues for

improvement and exploration, including:

The continued refinement and optimization of the neural network's architecture

and training parameters to improve its accuracy and reliability further.

The development of new applications and use cases for IMUs in various fields,

including navigation, robotics, and aerospace engineering.

The exploration of new approaches and techniques for improving IMU yaw
calculation based on magnetometer readings, including the use of alternative sensors or

data processing methods.
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The development of new methods for evaluating the performance of IMU-based
systems in real-world applications, including the testing of the neural network under

different conditions and environments.

The development and evaluation of the neural network designed to improve IMU
yaw calculation based on magnetometer readings represents a significant step forward in
the field. The set of three error figures generated during the evaluation process
demonstrated the effectiveness of the network in accurately predicting the output values
for new input samples, and future research in this area could further improve the accuracy
and reliability of IMU-based systems and enable their effective use in a wide range of

applications.
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