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Abstract: The exceptional performance advantages of the fiber optic gyroscope (FOG) position it as a
dominant player in middle and high-end inertial navigation systems. To prevent the loss of sensor
precision caused by algorithm design and simplify the complex modeling strategy in traditional
methods. We gradually demonstrate the significant role of Convolutional Neural Network (CNN) in
the navigation system based on FOG, and utilize the particle swarm optimization algorithm (PSO)
to expedite the convergence of the network. The experimental results demonstrate that the initial
alignment method based on deep learning is more accurate than the traditional method. The attitude
angle error is reduced by 81.25%, 92.54% and 36.53% respectively. The research provides support for
the future application of deep learning in optical navigation systems.

Keywords: initial alignment; fiber optic gyroscope; Convolutional neural network; particle swarm
optimization algorithm

1. Introduction

Gyroscopes [1,2] are sensors with varying levels of accuracy that can measure the angular velocity
of a carrier around one or more axes in relation to an inertial reference frame [3]. From the introduction
of the concept of FOG based on the Sagnac effect [4] to its large-scale integrated application [5].
Its performance can meet the requirements of tactical-level applications and can be developed for
navigation-level applications. FOG is a highly desirable component of strap-down inertial navigation
systems (SINS) [6,7]. As it is an inertial sensor with exceptional environmental adaptability [8]. The
simplified construction is shown in Figure 1.
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Figure 1. The structure of interference integration FOG. It mainly consists of the driving module [9]

and the passive sensitive loop. The driving module includes various devices, such as a wide spectrum
light source, a photo detector, a coupler, a wave guide, and micro-detection.

SINS are autonomous dead reckoning (DR) [10,11] systems that utilize inertial measurement
units (IMU) to calculate body navigation parameters. The prominence of FOG has been further
elevated by the advent of SINS, which has enabled FOG to play a critical role in high-precision
navigation and guidance applications. SINS initialization [12,13] is the process of determining initial
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values for the body’s position, velocity, and attitude in navigation coordinates. The initialization of
attitude, also known as alignment, is the process of determining the initial values of the coordinate
transformation matrix from the body frame (b-frame) to the navigation frame (n-frame). The precision
of the initial alignment depends on the accuracy of the system’s calculations, and the speed of the initial
alignment determines the system’s ability to respond rapidly. Some common methods are achieved by
indirect coarse alignment and Kalman Filter: (a) Carrier-phase-based initial yaw alignment, which
is based on the principle of trajectory similarity [14]. (b) State transformation for the Kalman Filter
mechanization with a newly converted velocity error model for SINS [15,16]. The methods mentioned
above primarily use non-collinear vectors to explicitly construct expressions and solve corresponding
values by inputting sensor data. However, it is a challenge to build an accurate model for a complex
high-precision optical navigation system. If the algorithm design is not reasonable, it will result in a
decrease in the accuracy of the entire system.

As a result of the advancement in deep learning [17-20], an increasing number of people have
been trying to utilize neural networks to establish implicit mapping relationships and accomplish
SINS alignment. In the early stages, researchers attempted to address the initial alignment problem by
implementing basic machine learning algorithms, such as the BP neural network [21,22]. Nowadays,
deep learning is widely utilized in navigation. CNNs are a subcategory of deep learning algorithms.
They are designed to process grid-like data, such as images, and automatically learn and extract
relevant features from the input data. For example, in the case of global positioning system outages,
the navigation system can maintain a high level of accuracy by utilizing CNN [23,24]. In this paper,
we introduce CNN as the network architecture to achieve data regression prediction and to perform
the initial alignment of SINS. In the meantime, the intelligent optimization algorithm PSO [25] is used
to facilitate the rapid convergence of the network.

2. Materials and Methods

In this section, we offer a brief overview of the implementation principles of traditional alignment
methods and introduce the initial alignment technique based on deep learning. Additionally, a method
for further optimizing deep learning by incorporating the PSO algorithm is also presented. Finally, we
present the experimental procedure.

2.1. Self-Alignment on a Fixed Platform

Self-alignment [26-28] on a fixed platform is a static alignment process that is carried out while
the vehicle is stationary relative to the Earth. It can be divided into coarse and fine alignment. Coarse
alignment establishes an approximate direction cosine matrix, which forms the foundation for fine
alignment. During fine alignment, the approximate direction cosine matrix obtained from coarse
alignment is refined in real time using a Kalman filter.

2.1.1. Coarse Alignment

Coarse alignment involves two processes: leveling and gyroscope compassing. The output of
the accelerometer is referred to as specific force, which represents the variance between the vehicle’s
acceleration and the local gravity field. When the vehicle is at rest, the acceleration is zero. Therefore,
the output of the accelerometer represents the component of the local gravity on the three axes.

Roll and pitch can be calculated using the following equation:

b % —sinf 0
fo|=f=Cif"=C)(-g")=| * * cosOsing 0 1)
b x % cosfcos¢ -9

where f? and f" represent the projections of the output of the three-axis accelerometer onto the vehicle
coordinate system and the navigation coordinate system, respectively. Cl is the rotation matrix that
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projects the vector from the b-frame to the n-frame, while g denotes the gravity vector in the local area.
Additionally, # and ¢ correspond to the pitch angle and roll angle, respectively.

After determining the horizontal direction by sensing the gravitational acceleration, we continue
to determine the yaw by sensing the Earth’s rotation rate. When SINS is stationary, the principle
underlying gyroscope compassing is that the gyroscope measurements are determined by the Earth’s
rotation vector and the vehicle’s attitudes.

Yaw can be calculated using the following equation:

b

wibbx , , . . Wje €08 Ly
Wiy | = wy, = G, = Cp (wh, +wlfy) = Ci(y,0,9) 0 ()
Wibz —wjpsin Ly

where wf’b represents the output of the gyroscope’s three axes, C} denotes the rotation matrix that
projects the vector from the b-frame to the n-frame, wj, and w, are the angular velocity of the Earth’s
rotation and the associated angular velocity, and ¢, 6, and ¢ respectively represent yaw, pitch, and roll.
Additionally, L, stands for the local latitude.

We can calculate the roll, pitch, and yaw angles using equations (1) and (2), and then derive the
corresponding direction cosine matrix. Coarse alignment enables a small angle error approximation,
which facilitates further fine alignment.

2.1.2. Fine Alignment

After coarse alignment, any remaining errors in the attitude matrix need to be corrected. A
Kalman filter is used to estimate the misalignment angles, velocity errors, and position errors. These
estimates are then utilized to correct the inertial navigation system and reduce the disparity between
the calculated navigation coordinates and the actual navigation coordinates.

The Kalman filter is only suitable for linear systems with precise models and known statistical
characteristics of noise. However, in practical applications, it is often challenging to obtain accurate
mathematical models and statistical characteristics of the noise in the system during dynamic motion.
This can lead to decreased filtering accuracy or even filter divergence. Therefore, the estimation of
the state of nonlinear systems, including Extended Kalman filter (EKF) [29] has received widespread
attention in the field of inertial navigation. Typically, the recursive equations of EKF include prediction
and update steps.

Prediction step:

Rp1=f (ftfl\tflf”tfl) 3
Py = thlpt—l\t—lthil + Qi1 4)
Update step:
-1
Ki = Py;_1H{ (Htpt\t—lHtT + Rt) )
ft“‘ = ft‘t—l + Kt (Zt - h (ft‘t—l)) (6)
Py = (I — KeHy) Pypq 7)

where £;;_; is the prior estimate of the state, £, is the posterior estimate of the state, P;;_; is the prior
estimate of the state covariance matrix, Py is the posterior estimate of the state covariance matrix, ;1
is the control input, z; is the measurement, F;_; is the state transition matrix, Q;_; is the process noise
covariance matrix, H; is the observation matrix, R; is the measurement noise covariance matrix, and
K} is the Kalman gain.

Although performing the above two steps can calculate the initial attitude of SINS, self-alignment
on a fixed platform is an ideal scenario. In real-world applications, it is difficult to achieve absolute static
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conditions. SINS is sensitive to abnormal vibrations, and even slight vibrations that are imperceptible
to humans can have a significant impact on the accuracy of alignment when introduced into the
navigation system. To mitigate the interference caused by these noises, it is typically necessary to
develop an error model. However, due to the complexity and nonlinearity of SINS, this task becomes
challenging, and accurately modeling a specific system is difficult.

2.2. Deep Learning-Based Initial Alignment

We propose a deep learning-based technique for initial alignment, with the aim of improving the
accuracy and speed of the process. This approach leverages the robust adaptability, fault recovery
capability, and advantages in handling nonlinear problems offered by deep learning. While CNN is
primarily utilized for image processing, its parallel computing advantages can be fully harnessed by
linearizing the convolution layer, thereby accelerating the training process. Figure 2 depicts this model
in detail.

32@5x1 32@5%1

Input

/
, Output

Max Pool

Conv Dropout Fc

Figure 2. The architecture of a neural network. The input layer accepts a one-dimensional vector of
length 6 and then connects to the fully connected layer through two sets of convolution. The learnable
parameters of the first convolution layer consist of a weight matrix with dimensions 3x1x1x16 and a
bias vector with dimensions 1x1x16. Similarly, the second convolutional layer consists of a weight
matrix with dimensions 3x1x16x32 and a bias vector with dimensions 1x1x32. There is also a
pooling layer between the two sets of convolutions, adjusting the feature map to 5x1x16. The fully
connected layer produces four outputs, representing the real and imaginary components of the attitude
quaternion. The activation function uses ReLU, without the influence of other complex activation
functions, such as the exponential function.

In this diagram, the batch normalization layer is hidden, and its role is to stabilize the data
segment and alleviate the problem of vanishing gradients. The output layer of the network contains a
quaternion that describes the attitude. The expression for the quaternion is as follows:

q:[qw 9x Gy gz ]T (8)

T
q=10s+qy 4s=qw€R, 4, = [4x,qy,9:] €R° 9)

where gy, qx, gy and g, denote the real and imaginary parts of the quaternion.

The error correction of the estimate of the quaternion g can be represented by multiplying the
true value of g by the inverse of the estimated value of 4. This correction factor can be used to adjust
the estimated value of the quaternion, bringing it closer to the true value:

[gu(t) ax() qy(t) q:(8)]" = q(t) @ 4(t) " (10)
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The error in attitude towards the truth value is presented as follows:
e(t) = 2arccos y/qw(t)? + g2 (t)? (11)
1 nT
ERMS — — 6(1’)2 (12)
=y

where 4(t)~! represents the sequence of estimates, ¢(t) denotes the horizontal error, T stands for
discrete time, and 7 indicates the sample size. The estimated quaternion output should have minimal
attitude error.

The loss function of the model is represented by the following formula:

E(t) =1—1/qu(t)? +4:(t)? (13)

where the issue of gradient explosion caused by the arccos function can be circumvented by using
linear terms instead. This approach makes the gradient smoother and prevents it from exploding.
PSO is a population-based stochastic optimization technique proposed by Eberhart and Kennedy
[30]. Each individual in the swarm adjusts its search pattern based on its own experience and the
collective experience of the group.
The particle update process is primarily based on the following two formulas:

Xit =Xk, + Vi (14)

Vi’fjl = w%’fd +c1r (Pbestfﬁd — Xffd> + corp (Gbestf’d — Xf-fd) (15)

where Xf"’ & Vil,(d' Pbesté‘, ; and Gbestf, 4 are the positions, the velocities, the current optimal location and
the global optimal location of the i particle in the k generation and d dimensions, respectively; r1 and
1y are random number between 0.1 and 0.9; And c; and c; are the parameters that adjust the balance of
Pbestﬁ.‘, g and Gbestf’ P

The network framework proposed in this paper is implemented using MATLAB. We use an
RTX-3060 GPU to train the network. Moreover, we utilize the stochastic gradient descent with
momentum optimizer for 6400 iterations and incorporate PSO algorithm to dynamically adjust the
learning rate [31-33]. Figure 3 illustrates the flow diagram of PSO-CNN.
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Figure 3. The flowchart of PSO-CNN. After multiple iterations, PSO generates the optimal initial
values for CNN. PSO mainly process [30]: (1) Initialize population in hyperspace. (2) Evalue fitness of
individual particles. (3) Modify velocities based on previous best and global (or neighborhood) best.
(4) Terminate on some condition. (5) Go to step 2.

2.3. Experiment Description

The alignment methods mentioned above have been evaluated and verified through experiments
conducted in laboratory static environments and simulated open-sky areas. The IMU static data was
collected on a laboratory static base platform to minimize external interference on the system. The
IMU was placed on a stationary base platform for four hours with a sampling frequency of 100 Hz. In
these tests, we used a mid-precision FOG called LKF-FS050 (Wuhan Liocrebif Technologies Co., Ltd) to
collect the data. Table 1 lists the main parameters of the FOG.

Table 1. Parameters of FOG.

Parameters LKF-FS050
Gyro zero bias repeatability (°/h) <0.30
Gyro zero bias stability (°/h) <0.30
Time for stabilization (s) <10
Gyro angular random walk (°/ V'h) <0.02
Dynamic range (°/s) £500
Magnetic sensitivity (°/h/Gs) <0.10

As we utilize supervised learning [34], we need to label the dataset with the corresponding unit
quaternions, which serve as the ground truth. The raw IMU outputs consist of seven parameters,
including the gyroscope outputs for the three axes, accelerometer outputs for the three axes, and the
timestamp of each measurement. Figure 4 shows the raw data from the sensor.
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Figure 4. 4(a), 4(b) and 4(c) are the 3-axis outputs of the gyroscope. And 4(e), 4(d) and 4(f) are the 3-axis
outputs of the accelerometer.

The Euler angle describes the orientation of an object using three angles in an intuitive manner.
On the other hand, a quaternion is a representation that facilitates computer understanding and
computation. In navigation, it is often necessary to convert between these two formats. Converting
real-valued Euler angles to quaternions can make attitude calculations more convenient. Here is the
formula for Euler’s angular rotation quaternion.

¢ 0 v P .0 Y

fuw = COS 5 COS 5 COS + sin o sin 7 sin o (16)
gx = sin%cosgcos% —cos%singsin% (17)
gy = cos % sin g cos % + sin % cos g sin % (18)
4z = cos % cos g sin% —sin % sin g cos % (19)

where ¢, 6 and  represent the rotation angles around the x, y and z axes, respectively. While gy, qx, gy
and g, denote the real and imaginary parts of the quaternion. It should be noted that Euler angles are
rotated in ZY X order, i.e., first rotated around the z axis by ¢ degrees, then rotated around the rotated
y axis by 0 degrees, and finally rotated around the rotated x axis by ¢ degrees.

To further validate the effectiveness of the algorithm, we simulated error-free flight data and
substituted the initial alighment stage with a trained model.

3. Results and Discussion

This section should offer a brief and accurate description of the experimental results, their
interpretation, and the conclusions that can be drawn from the experiment. Figure 4 illustrates that in
a navigation system, the gyroscope values are typically more erratic, indicating a greater influence of
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noise. Therefore, more advanced processing of the gyroscope is necessary at every stage of calibration
and alignment to guarantee the overall accuracy of the INS. Based on the origin data, we compare the
results of two initial alignment methods: (a) SAFP: self-alignment on a fixed platform; (b) PSO-CNN: a
network-based alignment method.

Table 2. Angel error of initial alignment.

PSO-CNN SAFP

Pitch error (°) 0.0030 0.0162
Roll error (°) 0.0017 0.0228
Yaw error (°) 0.0033 0.0052

As can be seen from the above table 2, the initial alignment pitch, roll and yaw errors are reduced
by an average of 81.25%, 92.54% and 36.53% respectively. For manual modeling calculations, many
preconditions are often set in advance, such as assuming that the error contains only white noise. The
actual situation is more complicated than assumed, and when reality fails to meet these assumptions,
the entire system will perform poorly. One advantage of deep learning is that it does not require the
construction of a model in advance; instead, it learns to automatically adapt to the corresponding
input-output mapping relationship. The following figure 5 depicts some of the training processes
discussed in this article.
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Figure 5. 5(a) is fitness tends to stabilize after several iterations. 5(b) and 5(c) describe the loss and
root-mean-square error of the neural network. 5(d), 5(e) and 5(f) are comparison of test set prediction
results.

Finally, a dataset of UAV inertial navigation flight data was simulated at a flight speed of 1001/,
covering a distance of approximately 100km over a collection time of 4000s with a sampling frequency
of 200Hz. The initial stationary period lasted for the first 200s. Subsequently, by using an INS/GNSS
combination for smoothing, accurate IMU and AVP reference values were obtained through inversion.
We utilized the initial alignment method outlined in this article to aid in the initialization of INS. The
calculation results and errors are depicted in the figure 6. By observing the figure 6(a), it can be found
that the solution based on neural network alignment closely matches the reference truth curve. This
confirms the feasibility of the proposed method. In addition, the figure 6(b) illustrates the divergence
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of INS errors over time, which is a normal phenomenon. In practical applications, the cumulative error
is typically calibrated in conjunction with satellite navigation.
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Figure 6. On the top side, the comparison shows the results of the actual solution for 30 minutes
alongside the reference truth value. The bottom side shows the corresponding attitude error curve.

Future research could expand to include model selection and optimization. As we all know, the
development of neural networks has already resulted in various types. In this paper, we endeavored
to apply CNN to the alignment of INS, however, there are still limitations. For example, we did not
compare it with other networks such as RNN [35] and BP [36]. A more complex model does not
necessarily guarantee better performance. Frequently, it is essential to modify the model according to
practical applications in order to maximize its value. Therefore, our primary focus will be on selecting
the appropriate neural network model and conducting targeted fine-tuning.

4. Conclusions

FOG occupies an important position in the middle and high-end market of inertial navigation. The
incorporation of an outstanding initial alignment method improves the establishment and calibration
of the navigation system, thereby optimizing the performance of the FOG. This paper investigates an
initial alignment method for FOG using CNN based on PSO. The proposed method utilizes a neural
network to facilitate the alignment process and leverages optimization techniques to expedite the
convergence of the network. The results show that the proposed method is more accurate than certain
traditional alignment methods. Furthermore, the approach successfully achieved orbit matching in
the simulated flight data, where the attitude, velocity, and position are obtained using an Integrated
Navigation System combination for smoothing. The experimental results demonstrate that this method
can also contribute to the field of integrated navigation and has practical value.
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Overall, we have confirmed the feasibility and practicality of using deep learning for the initial
alignment of the navigation system through the above experiments. This research provides insight
into future work on INS initial alignment.
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