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ABSTRACT 

This paper presents a method for reducing random noise and zero-bias instability in the signal 

of a fiber optic gyroscope, based on a hybrid algorithm that combines an autoregressive 

mathematical model with an adaptive Kalman filter using a Sage sliding window. The results of 

the study demonstrate that this approach shortens the gyrocompass initialization time while 

maintaining the accuracy of defining initial orientation parameters, particularly the initial 

azimuth angle. Consequently, it enhances the overall performance of the gyrocompass in 

strapdown inertial navigation systems, especially in scenarios requiring rapid startup. 

Keywords: Gyrocompass; Fiber optic gyroscope; Inertial sensor; Strapdown Inertial Navigation System (SINS); 

Adaptive Kalman filter. 

1. INTRODUCTION 

In recent years, the Fiber Optic Gyroscope (FOG) has become a core component in modern 

Strapdown Inertial Navigation Systems (SINS), particularly in gyrocompass applications, due to 

its high accuracy and stable performance under conditions of strong external disturbances. FOG-

based gyrocompasses are widely employed in a range of platforms, including submarines, 

unmanned aerial vehicles (UAVs), cruise missiles, marine navigation systems, and autonomous 

vehicles. Despite these advantages, a major limitation of FOG-based systems is the extended 

initialization time, primarily due to the necessity of filtering random noise (RN) and reducing bias 

instability (BI) in the FOG signal. During the initial alignment (IA) process, particularly in 

gyrocompass applications, FOGs are employed to measure the Earth's rotation rate, which is then 

used to determine the system’s azimuth angle [1]. However, the measured signals are inevitably 

affected by RN and BI, which introduce errors in the computation of the initial azimuth angle. To 

achieve the required accuracy, the system typically requires a sufficiently long convergence time 

to average the signals, resulting in an extended startup duration (usually between 8 and 15 

minutes). Therefore, effective filtering of RN and reduction of BI are critical factors in minimizing 

the startup time while maintaining the accuracy of the gyrocompass system.  

Over the past decade, numerous methods have been researched and developed to reduce RN 

and BI in inertial sensors [2], particularly in FOGs. The main approaches include: Adaptive 

Kalman Filter (AKF) [3]; Statistical models (AR, ARMA, ARIMA, MA) [4]; Machine learning 

techniques (SVR, Deep Learning) [5]; Sage-Husa Kalman Filter (SHKF) [6]. Despite considerable 

advancements in noise reduction techniques for FOGs, several challenges remain unresolved. Most 

existing methods predominantly assume that FOG noise is white noise; however, in practice, the 

measured signals often exhibit both colored noise and zero-bias drift, which degrade filtering 

accuracy and lead to significant errors [2-4]. Machine learning approaches such as Support Vector 

Regression (SVR) demonstrate promising results but suffer from performance degradation under 

varying real-world conditions, thus limiting their effectiveness in real-time applications [5]. 

Furthermore, while some studies account for bias drift, they do not assess the accuracy of the 

filtered and averaged signal, potentially introducing deviations in the estimation of Earth's rotation 

rate critical for gyrocompass alignment [6]. These limitations highlight the urgent need for a novel 
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noise reduction approach capable of simultaneously handling both RN and BI in FOG signals. The 

desired approach should ensure high output accuracy immediately after filtering, thereby 

improving the practical applicability of the system, particularly for dynamic platforms that require 

rapid gyrocompass initialization. This paper presents a noise reduction method aimed at 

minimizing both RN and BI in FOGs, by integrating an Autoregressive (AR) model with an 

Adaptive Kalman Filter utilizing a Sage sliding window referred to as the Sage Window Adaptive 

Kalman Filter (SWAKF). The proposed method shortens the gyrocompass initialization time and 

enhances the accuracy of azimuth angle estimation during the Initial Alignment (IA) phase of the 

Strapdown Inertial Navigation System (SINS). The subject of this study is the IMU500 inertial 

measurement unit (IMU) developed by Optolink, which consists of a three-axis FOG - TRS500 

and three accelerometers. The proposed solution is implemented in two steps. In the first step, a 

mathematical model of the FOG’s output noise is constructed using an AR model [4]. In the second 

step, a state-space model and measurement equation are formulated for the SWAKF to 

simultaneously minimize RN and BI, thereby improving the accuracy of the output signal. To 

evaluate the effectiveness of the proposed method, the authors conducted a series of experiments 

using the IMU500 installed on a three-axis turntable. The measured signals were processed using 

the proposed approach to estimate the azimuth angle. Key performance indicators, including 

initialization time and azimuth accuracy, were assessed and compared with the reference values 

provided by the manufacturer. 

2. PROBLEM  

2.1. Mathematical modeling of FOG output noise 

The mathematical model of FOG output noise is constructed using an AR model. The structure 

and order of the AR model are determined based on the analysis of the Autocorrelation Function 

(ACF) and the Partial Autocorrelation Function (PACF) derived from the measured FOG signals. 

These statistical tools provide insight into the temporal dependencies within the signal, enabling 

accurate selection of the AR model order. The type and order of the Autoregressive Moving 

Average (ARMA) model are determined based on the analysis of the ACF and PACF plots, 

following the criteria outlined in table 1 [7]. 

Table 1. Criteria for selecting ARMA model based on ACF and PACF plots. 

ACF Plot PACF Plot Model and order 

Gradual decay Sharp cutoff AR(p) 

Sharp cutoff Gradual decay MA(q) 

Gradual decay Gradual decay ARMA(p,q) 

Figure 1 illustrates the ACF and PACF plots of the measured FOG signal from the IMU500 

inertial measurement unit. From figure 1, it can be observed that the ACF plot exhibits a sharp 

cutoff at lag 1 with a negative value for ACF(1), while the PACF plot gradually decays towards 

zero. Therefore, a first-order Moving Average model (MA(1)) is deemed appropriate for modeling 

the noise in the FOG signal of the IMU500 unit. The mathematical representation of the MA(1) 

model is expressed as follows: 

𝑦𝑘 = μ𝑘 + ε𝑘 + θ1ε𝑘−1 (1) 

where 𝑦𝑘  is the measured value from the FOG at time step k, μ𝑘 is a constant proportional to the 

mean value of the effective signal; ε𝑘 and ε𝑘−1 are white noise terms at time steps k, k-1, and θ1 

is the coefficient of the MA(1) model. 
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Figure 1. ACF and PACF plots of FOG 

signal from the IMU500. 

Figure 2. Autocorrelation function plot of the 

FOG signal along the x-axis in the IMU500. 

The autocorrelation function plot of the FOG signal is presented in figure 2. Analysis of figure 

2 reveals oscillatory components within the autocorrelation function of the FOG signal. 

Additionally, equation (1) contains a sum of two white noise terms at time steps 𝑘 and 𝑘 – 1, 

indicating the nonlinear nature of the system. To linearize this nonlinear component and enable 

the application of the Kalman filter, the MA(1) model has been transformed into an infinite-order 

Autoregressive model, AR(∞). The detailed mathematical derivation of this transformation is 

provided in reference [8]. The resulting AR(∞) model equation is expressed as follows: 

𝑦𝑘 = φ1𝑦𝑘−1 + φ2𝑦𝑘−2 +⋯φ𝑛𝑦𝑘−𝑛 + с + ε𝑘  , (2) 

where, φ𝑖 = (−1)
𝑖+1θ1

𝑖, 𝑖 = 1,2, . . ∞; с = μ(1 − φ1 − φ2 −⋯φ𝑛). 

The coefficient 𝜃1 is determined based on the value 𝑟1 of AFC(1) [8]: 

𝑟1 =
θ1

1 + θ1
2 (3) 

Once the value of θ1 is known, the coefficients φ𝑖 , 𝑖 = 1,2, . . ∞. In practice, the order of the 

AR(∞) model is typically truncated to the fifth order for computational feasibility [7]. 

2.2. Development of the SWAKF algorithm  

Based on equation (2), the state-space model can be formulated, where the state vector is 

defined as follows: 𝒙𝒌 = [𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5,𝑥6]
𝑇 = [𝑦𝑘 , 𝑦𝑘−1, 𝑦𝑘−2, 𝑦𝑘−3, 𝑦𝑘−4, 𝑐]

𝑇 

The state-space equation is expressed as follows:  

𝒙𝒌 = 𝐹𝒙𝒌−𝟏  + 𝐺𝛆𝑘 (4) 

where 

𝒙𝒌−𝟏 = [𝑦𝑘−1, 𝑦𝑘−2, 𝑦𝑘−3, 𝑦𝑘−4, 𝑦𝑘−5, 𝑐]
𝑇 

𝐹 =

[
 
 
 
 
 
𝜑1 𝜑2 𝜑3
1 0 0
0 1 0

𝜑4 𝜑5 1
0 0 0
0 0 0

0  0 1
0  0 0
0  0 0

0  0 0
1  0 0
0  0 1 ]

 
 
 
 
 

 

𝐺 = 𝑑𝑖𝑎𝑔([1 0 0 0 0 0]) 
 𝛆𝑘  - White noise. 

In this case, the sensor output at time step 𝑘 is used as the measurement input to the Kalman 

filter, and the state vector includes the filtered estimates of the measured values as described in 

(2), along with a constant 𝑐. By linearizing the system, this approach employs the Optimal Kalman 

Filter (OKF). However, unlike existing methods, the measurement equation of the filter accounts 
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for low-frequency noise components with non-zero mean present in the measurement signal, which 

are identified using the Sage sliding window technique [9] and subsequently removed during the 

filter’s state update phase. Consequently, the measurement covariance matrix 𝑅𝑘 can also be 

estimated in real-time, enhancing the accuracy of the filter’s output parameter estimation. Based 

on this, the proposed method is referred to as the SWAKF. In the proposed filter, the expected 

value of the noise in the measurement equation is non-zero; therefore, the measurement equation 

takes the following form: 

𝒛𝒌 = 𝑯 ∗ 𝒙𝒌  + 𝑣𝑘 (5) 

where 𝒛𝒌 = 𝑦𝑘 ;  𝐻 = [1 0 0 0 0 0]; 

𝑣𝑘 = 𝑟𝑘 +𝑤𝑘 (6) 

where 𝑟𝑘 – Zero-bias drift at time step k; 𝑤𝑘 – White noise of the measured signal. 

Process covariance matrix: 𝑸6x6 = 𝑑𝑖𝑎𝑔([σ
2 σ2 σ2σ2 σ2 0]), where σ – Angle Random Walk 

(ARW) is determined based on the Allan variance. Measurement covariance matrix 𝑹1x1 is 

updated at each step of the filter. From equations (5) and (6), we obtain: 

{
𝑟𝑘 = M[𝑣𝑘] = M[𝒛𝑘 −𝑯𝒙𝒌 −𝑤𝑘]

𝑅𝑘 =  cov(𝑤𝑘, 𝑤𝑘) = 𝑀[(𝒛𝑘 −𝑯𝒙𝒌 − 𝑟𝑘)(𝒛𝑘 −𝑯𝒙𝒌 − 𝑟𝑘)
𝑇]

 

→ {
𝑟𝑘 =  M[𝑧𝑘 −𝑯𝒙𝒌], due to M[𝑤𝑘] = 0 

𝑅𝑘 =  cov(𝑤𝑘, 𝑤𝑘) = 𝑀[(𝑧𝑘 −𝑯𝒙𝒌 − 𝑟𝑘)(𝑧𝑘 −𝑯𝒙𝒌 − 𝑟𝑘)
𝑇]

 (7) 

where M[. ] denotes the expectation operator; 𝑐𝑜𝑣(. ) represents the covariance function. 

It should be noted that equation (7) cannot be directly applied in filtering since the true state 𝒙𝒌 

is unobservable. Since the bias instability 𝑟𝑘 is a form of low-frequency noise, the proposed 

approach considers a sliding window of 𝑁 measurement steps, assuming that 𝑟𝑘 remains constant 

or varies insignificantly within the window. Under this assumption, by replacing the true state 𝒙𝒌 

with its filtered estimate 𝒙̂𝑘  and applying averaging within each window, the optimal estimate 𝒓̂𝑘 

can be obtained, which in turn allows real-time determination of the covariance matrix 𝑅̂𝑘. 

Consequently, the optimal estimate is given by: 

{
 
 

 
 𝑟̂𝑘 =

1

𝑁
∑(𝑧𝑘−𝑗 −𝑯𝒙̂𝑘−𝑗)

𝑁

𝑗=1

𝑅̂𝑘 =
1

𝑁
∑(𝑧𝑘−𝑗 −𝑯𝒙̂𝑘−𝑗 − 𝑟̂𝑘)(𝑧𝑘−𝑗 −𝑯𝒙̂𝑘−𝑗 − 𝑟̂𝑘)

𝑇

𝑁

𝑗=1

 (8) 

The algorithm flowchart of the SWAKF is illustrated in figure 3. It is important to note that the 

estimation of 𝑟̂𝑘 , 𝑅̂𝑘 begins only after the filter reaches a stable state, which is assumed to occur 

after 𝑁_start steps from initialization. In the diagram, 𝑁_window denotes the size of the Sage sliding 

window, and 𝑁_start represents the step index at which the filter is considered stable. In this way, 

𝑟̂𝑘 , 𝑅̂𝑘 are updated at each filter step, thereby improving the accuracy of the filter’s output signal. 

3. EXPERIMENTS AND DISCUSSION 

3.1. Experimental results evaluating the effectiveness of the proposed method in reducing the 

output noise of FOG 

To verify the effectiveness of the proposed method, the authors conducted a series of 

experiments using the IMU500 measurement unit mounted on a КПА-5 turntable, which allows 

variation of both pitch and azimuth angles (figure 4). Based on the analysis of the graphs in figure 

1 and equations (2) and (3), the coefficients of the AR(5) model for the output noise of the FOG 
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were determined, as shown in table 2. The suitability of the AR model for modeling FOG output 

noise was validated by: consistency between the statistical characteristics of the simulated and 

original sensor signals; Allan variance plots; Power spectral density analysis; Autocorrelation 

functions. Following equations (4) and (5), the state and measurement equations for the SWAKF 

filter applied to the FOG were then constructed. The effectiveness of the proposed method is 

evaluated by comparing two key parameters of the FOG output noise before and after filtering: 

bias instability and white noise intensity. This evaluation is conducted using Allan variance 

analysis, output signal plots, and statistical result tables. For comparison, the authors applied two 

filtering approaches to reduce the output noise of the FOG signal: the conventional method using 

the OKF, and the proposed method using the SWAKF.  

Figure 5 illustrates the FOG signals before and after applying different filtering methods, along 

with the corresponding Allan variance. Based on the Allan variance curves, the characteristics of 

the output noise components in the FOG signals, both before and after filtering, were identified 

and are summarized in table 3. 

  
Figure 3. SWAKF algorithm flowchart. Figure 4. Experimental setup with 

IMU500 mounted on КПА-5 

turntable. 

Table 2. Coefficients of the mathematical model for the FOG signal in the IMU500. 

Coefficient 𝝋𝟏 𝝋𝟐 𝝋𝟑 𝝋𝟒 𝝋𝟓 

Value 0.0576 -0.0033 0.00019 -0.000011 6.34.10-7 

Table 3. Comparison of allan variance characteristics before and after applying filters. 

Method ARW (𝑫𝒆𝒈/√𝒉) Bias instability (𝑫𝒆𝒈/𝒉) 

Input Signal 0.8523 0.0781 

Output signal after OKF 0.0086 0.003 

Output signal after SWAKF 0.0048 1.05E-04 

The data presented in table 3 demonstrate the effectiveness of the filtering methods in reducing 

the stochastic noise components in the FOG signal. Specifically, the application of the OKF and 

the proposed SWAKF resulted in a reduction of Angular Random Walk (ARW) by 98.9% and 

99.4%, respectively. Furthermore, the bias instability was reduced by 96.1% using OKF and by 

99.8% with the SWAKF method. These results clearly indicate that the SWAKF approach 

outperforms the conventional OKF in reducing stochastic noise in the FOG signal, especially in 

the suppression of bias instability, a critical factor affecting the accuracy of azimuth estimation in 

gyrocompass systems. 
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a) Zoomed-in view of the FOG signal 

before and after applying filters. 

b) Comparison of allan variance plots. 

Figure 5. Characteristics of the FOG signal before and after applying filters. 

3.2. Experimental results evaluating the effectiveness of the proposed method in reducing 

initial alignment time in gyrocompass mode 

The initial alignment time in gyrocompass mode depends on the bias instability of the FOG. 

This bias instability varies with the sampling duration used for averaging. The evaluation of bias 

instability was carried out as follows: Based on a 20-minute data acquisition session 

(corresponding to the minimum point of the Allan variance curve), 500 separate datasets were 

generated for each averaging duration of 1, 2, 3, 4, 5, 6, 7, 8, and 9 minutes. The mean value of 

each dataset was then calculated. By comparing these means to a reference value (defined as the 

mean of the full 20-minute dataset), the bias instability for each averaging duration was 

determined. The reference system used to evaluate the effectiveness of the proposed method is the 

strapdown inertial navigation system SINS500K, developed by Optolink, which incorporates the 

IMU500 unit. According to the technical specifications provided by the manufacturer, the 

initialization time of the SINS500K in static mode is 10 minutes [10]. The proposed method is 

considered effective if it can reduce the required initial alignment time to below 10 minutes while 

maintaining the required level of bias instability. The relationship between the bias instability of 

the FOG signal's mean value and the sampling duration is illustrated in figure 6. 

  

a) Dependence of bias instability 

on sampling duration. 

 

b) Bias Instability of the mean FOG signal 

value for 1-minute sample sets before and after 

applying different filtering methods. 

Figure 6. Graph Evaluating the bias instability of the mean FOG signal. 

Based on the graphs in figure 6, it is evident that the longer the data collection period for 
averaging, the lower the bias instability of the mean FOG signal. Specifically, for a 10-minute 
dataset, the bias instability of the raw FOG data’s mean value reaches 0.0795 °/h. To achieve this 
level of instability, using the OKF method requires only 4 minutes of data collection, while the 
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proposed SWAKF method requires only 1 minute (excluding the time needed to reach filter 
convergence). According to the output signal graphs of the filters (figure 5a), the stabilization time 
for both OKF and SWAKF filters is determined to be 2 minutes. Therefore, the total time required 
from IMU500 startup until achieving a bias instability of 0.0795 °/h is 3 minutes when using the 
proposed algorithm. These results demonstrate the effectiveness of the proposed method in 
significantly reducing random noise. 

3.3. Experimental results on azimuth angle determination error of the gyrocompass 

In automatic mode, the initial azimuth angle is determined by the following formula [1]: 

𝜓0 = 𝑎𝑐𝑜𝑠
𝑊𝑥 −𝑈𝑠𝑖𝑛𝜃0𝑠𝑖𝑛𝜑

𝑈𝑐𝑜𝑠𝜃0𝑐𝑜𝑠𝜑
 (9) 

Where: 𝜓0 is the initial azimuth angle, Wx is the FOG signal along the x-axis of the gyrocompass, 
measuring the projection of Earth's angular velocity, U is the Earth's rotation rate, φ is the latitude 
at the gyrocompass installation location, θ0 is the pitch angle determined by the accelerometer in 
the IMU500. Since there was no reference device available for calibration, the authors used a 
turntable (figure 4) to evaluate the azimuth angle error of the gyrocompass. First, the turntable was 
leveled to a horizontal plane with an accuracy of 1 arcminute. The reference azimuth angle was 
taken from the turntable’s angular position. Using the turntable’s scale, the table was rotated through 
36 positions, each separated by 10°, to complete a full 360° azimuth rotation. Sensor signals from 
the gyrocompass were collected at each position, and the azimuth angle was calculated using three 
methods: Averaging the raw sensor signals without any noise filtering; Filtering sensor data with 
the OKF before calculating the azimuth; Filtering sensor data with the proposed SWAKF before 
calculating the azimuth. The Earth’s rotation rate was 15.0412 °/h, and the test location latitude was 
21.0278°, corresponding to the laboratory in the Institute of Missile. After determining the azimuth 
angles at each position, the angular deviations to the reference position at 0° were compared with 
the expected reference deviations (i.e., 10°, 20°, ..., 350°) to calculate the azimuth determination 
error. The error results are illustrated in figure 7. 

 

Figure 7. Azimuth determination error before and after applying different filtering. 

The results indicate that, when using a 3-minute data collection window after powering on the 
IMU500, the maximum azimuth angle error reached: 38.6 arcminutes when using the OKF, and 
18.2 arcminutes when applying the proposed SWAKF method. These findings demonstrate that 
the SWAKF significantly improves azimuth determination accuracy compared to the conventional 
OKF approach. Furthermore, compared to the error obtained using raw FOG data, which resulted 
in a maximum azimuth error of 56.3 arcminutes, the SWAKF reduced the error to 18.2 arcminutes. 
This represents a substantial improvement and confirms that the proposed method achieves higher 
accuracy than the azimuth error specification provided by the manufacturer (heading accuracy = 
19.29 arcminutes [10]) for the gyrocompass mode. 
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4. CONCLUSIONS  

Based on the theoretical foundation and the experimental results presented above, it can be 
concluded that the proposed SWAKF method demonstrates superior performance in random noise 
reduction compared to traditional approaches. Specifically, through the processing of experimental 
data from the FOG in the IMU500, the results show that the time required for initial azimuth 
determination was reduced from 10 minutes (as specified by the manufacturer [10]) to only 3 
minutes. These results can be widely applied to improve the performance and accuracy of SINS. In 
the next phase of research, the authors will continue to investigate the feasibility of gyrocompass 
initialization in dynamic conditions using FOG. 

Acknowledgement: This research was funded by the Development Fund of the Military Science and 
Technology Academy for Young Researchers. 
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TÓM TẮT 

Phương pháp giảm nhiễu ngẫu nhiên con quay sợi quang 
nâng cao hiệu quả cho gyrocompass 

Bài báo này trình bày một phương pháp giảm nhiễu ngẫu nhiên và độ bất ổn định độ trôi 
điểm 0 trong tín hiệu của con quay sợi quang trên cơ sở thuật toán kết hợp mô hình toán tự 
hồi quy với bộ lọc Kalman thích nghi và sử dụng cửa sổ trượt Sage. Kết quả của bài báo 
giúp rút ngắn được thời gian khởi động của gyrocompass mà vẫn bảo đảm độ chính xác của 
các tham số định hướng ban đầu, đặc biệt là góc phương vị ban đầu. Trên cơ sở đó nâng 
cao hiệu quả cho gyrocompass trong hệ thống dẫn đường quán tính không đế, đặc biệt trong 
các trường hợp cần khởi động nhanh. 

Từ khoá: Gyrocompass; Con quay sợi quang (Fiber Optic Gyroscope – FOG); Cảm biến quán tính; Hệ thống dẫn đường 
quán tính không đế; Bộ lọc Kalman thích nghi. 


