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Abstract: A fiber-optic gyroscope (FOG) with lower precision but higher cost advantage is typically
selected according to working conditions and engineering budget. Thermal drift is the main factor
affecting FOG precision. External thermal calibration methods by algorithms can effectively weaken
the influence of thermal drift. This paper presents a thermal calibration method of a two-dimensional
N-order polynomial (TDNP) and compares it with artificial neural network (ANN) methods to
determine a software FOG thermal calibration method for landslide displacement monitoring. The
TDNP thermal calibration coefficient matrix was established, and the thermal calibration capability
of the TDNP method with different orders N was evaluated on the basis of error analysis. The
ANN model with 1 to 18 hidden neural layers was established on the basis of LM, BR, and SCG

algorithms to choose a suitable ANN. Finally, the mean absolute errors of FOG thermal calibration
check for

updates through the TDNP with different orders and the LM were compared. This method was applied in
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Gyroscope Thermal Calibration research results can compensate for the lack of adaptability of the FOG thermal calibration method in
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Published: 23 October 2022 Landslides, collapse, debris flow, and ground deformation are common geological

disasters in the field of geotechnical engineering. Among them, the landslide is a highly
destructive geological disaster, which is widely distributed around the globe. Monitoring
the three-dimensional continuous displacement change of a landslide profile can provide
data support for analyzing the landslide formation mechanism, failure mode, sliding
zone identification, and prediction of landslide disasters. The traditional inclinometer for

landslide displacement adopts the point measurement method, which cannot measure
the horizontal continuous displacement below the surface. To obtain the continuous
displacement data, our group coupled landslide displacement and deformation along a
horizontal survey line using a flexible pipe [1]. Figure 1 shows the principle of landslide
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line. Similarly, the vertical displacement can be obtained. P; denotes any sampling point.
The initial attitude at the coupling pipe inlet is measured, and then the sampling interval
distance A L and angle of pitch 8, roll vy, and yaw ¢ are detected while the probe moves;
finally, the three-dimensional trajectory of the coupling pipe is calculated on the basis of
the initial attitude and these four parameters. The angles of pitch and yaw are measured
by accelerometers and gyroscopes, and the distances between two sampling points are
measured by a Hall sensor and a micro-magnetic encoder.
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Figure 1. Principle of landslide displacement measurement.

In the process of landslide displacement measurement, the change in yaw angle is
usually smaller than the change in roll angle, which means that the yaw angular rate is
lower. If a sensor can sense the yaw angular rate, it can satisfy the requirements of landslide
displacement measurement, assuming that the movement of landslide mass causes the
trajectory of a coupling pipe to turn more than one degree, the measurement time is not
more than three minutes, and the requirement for the resolution of an angular rate sensor
is at least 0.005 deg/s.

The diameter of a coupling pipe is limited to ensure its flexibility. To meet the require-
ments of the measurement resolution and coupling pipe diameter, and considering the
cost performance, two fiber-optic gyroscopes (FOGs) were selected, numbered 070076 and
070077. Their bias stability is 2 deg/h, their temperature range is between —40 °C and
60 °C, and their angular rate range is 50 deg/s. The feasibility verification of the thermal
calibration methods in the research process was on the basis of the output data of the two
gyroscopes at different temperatures and rotation speeds. However, it must be emphasized
that the research is not limited to these two gyroscopes. It is suitable for thermal calibration
of any angular rate sensor with random thermal drift characteristics.

The thermal drift of a FOG is random and nonlinear, which is the main factor affecting
the precision of the gyroscope. The monitoring frequency of landslide displacement varies
with seasons and rainfall, which means that the measuring instrument needs to be able to
accurately measure within the temperature variation range of the four seasons. However,
the internal temperature compensation of the FOG is insufficient, and the measurement
result error caused by the temperature drift can completely exceed the change in landslide
displacement. It can easily cause misjudgment of landslide stability and threaten individual
lives and property safety. In addition, landslide displacement monitoring has in situ and
real-time characteristics. Therefore, it is essential to develop a feasible thermal calibration
method that satisfies the requirements of landslide displacement monitoring.
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1.2. Methods of Thermal Calibration

Researchers and manufacturers have improved the FOG temperature performance by
optimizing the fiber material, structure, and winding method and adding electronic compo-
nents to suppress thermal drift [2-4]. However, it is difficult to eliminate the temperature
error physically in engineering applications, and an FOG with lower thermal performance
but higher cost advantage is usually selected according to the working conditions and engi-
neering budget. Consequently, it is more practical to research the thermal characteristics of
an FOG through experiments, to establish a thermal calibration model, and to reduce the
influence of temperature by programming.

The methods of software thermal calibration are not significantly different, because
of the gyroscope types. Thus, different types of gyroscopes can use the same methods.
Traditional polynomial thermal calibration cannot achieve sufficient accuracy, and the
parameter interpolation method was proposed to calibrate the deterministic error of a
MEMS gyroscope [5]. The least-squares method (LSM) is commonly used for estimation.
On the basis of the established linear correlation of the thermal drift and IFOG parameters
and the least-squares error (LSE) criterion, a multivariable-combined linear model was
developed to estimate the thermal drift of the IFOG [6]. However, the estimates of the
drifts obtained by the LSM are not sufficiently accurate, because of gyroscope drifts jump
variations. The 11-norm approximation makes it possible to identify the instants of jumps
in the gyro’s readings [7]. The FOG thermal drift is primarily related to the environmental
temperature, temperature gradient, and temperature change rate, which are nonlinear [8,9].
A support vector machine (SVM) was developed to overcome these problems [10]. The
least-squares-support vector machine (LS-SVM) is good at solving nonlinear, small-sample
learning problems and has been used in FOG thermal drift modeling and calibration to
reduce the influence of temperature [9,11]. Parameters affect the calibration effect, and the
artificial fish swarm algorithm (AFSA) was used to tune the parameters and optimize the
LS-SVM [11].

The artificial neural network (ANN) method does not completely depend on a rigorous
model. It has a strong capability to handle random data, complex nonlinear parameters,
and excellent fault tolerance. A back-propagation (BP) neural network is a typical mul-
tilayer feedforward artificial neural network. The corresponding functional relationship
is obtained through self-learning, and the results are stored in a BP network in the form
of the connection weight of each network unit. On the basis of the BP neural network
and adaptive boosting (AdaBoost) learning algorithm, a BP-AdaBoost temperature com-
pensation method was proposed to enhance the FOG bias stability and calibration, and
the results showed that the method has better performance than the traditional linear
regression model, mixed linear regression model, and single BP neural network [12]. A
BP neural network model with the advantage of approximating nonlinear function was
developed to calibrate the FOG and MEMS gyroscope temperature error, and the results
proved that the number of hidden layer neurons plays an important role in the simulation
performance [13,14].

In addition, a multiscale modeling and regression method based on an improved
support vector machine was proposed to improve the accuracy and calibration effect of
the FOG thermal drift [15]. A fuzzy logic controller was used to realize online correction
of the error due to gyroscope bias variation with temperature [16]. A gyroscope thermal
calibration protocol, in that the rotation rate was estimated at any time by selecting the
calibration parameters corresponding to the instantaneous temperature to the nearest
0.5 °C, was performed for human motion analysis and led to an accuracy of 0.7 deg/s [17].
A radial basis function (RBF) neural-network-based method was proposed to evaluate
and compensate for the thermal drift of an FOG [18]. Particle swarm optimization (PSO)
was used to estimate the calibration parameters of gyroscopes to minimize the fitness
function [19].

In summary, the thermal drift of an FOG is related to the local temperature, temper-
ature gradient, and temperature variation. The influence of the latter two factors can be
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ignored, and only the thermal drift caused by local temperature variation needs to be
calibrated because of the limited width of the landslide and the short measurement time
of approximately 3 min per hundred meters. Usually, artificial neural network (ANN)
methods and traditional polynomial fitting methods are exploited in gyroscope thermal
calibration. Many thermal calibration methods based on the ANN have achieved the accu-
racy required by the research objectives. However, the ANN method is time-consuming
and more suitable for processing data through a host computer after measurement, and the
training results are unstable. The traditional polynomial fitting method has a high operat-
ing speed and short time consumption. It is more suitable for directly embedded into the
MCU program to process measurement data in real time and in situ. However, this method
usually focuses on the relationship between the temperature and zero bias in the static state,
and the thermal calibration is one-dimensional. Two-dimensional thermal calibration for
the FOG, which considers the variables of angular rate and temperature simultaneously, is
essential for landslide displacement monitoring. In addition, the relationship between the
order of the polynomial and the calibration effect is unclear. Therefore, there is still a lack
of a FOG thermal calibration method suitable for landslide displacement measurement.

This paper presents a two-dimensional N-order polynomial (TDNP) method and
compares it with ANN methods to compensate for the lack of adaptability of the FOG
thermal calibration method in the field of landslide displacement monitoring.

2. Thermal Calibration Experiment

Although manufacturers have also carried out thermal compensation inside the FOG
and marked the scale coefficient of each gyroscope, the accuracy of the measurements
calculated on the basis of the scale coefficient still cannot satisfy the above measurement
conditions. Consequently, thermal calibration and other data-processing methods are required.

The soak and ramp methods are the two main approaches for thermal calibration [8].
The soak method works on the basis of the premise of stable sensor temperature, whereas
the ramp method works on the basis of time-varying sensor temperature [20]. To meet the
relatively high accuracy requirement of landslide monitoring, our group chose the soak
method. In this way, the relationship between the real speed and the measured speed of
the gyroscopes at different temperatures was obtained through experiments.

The single-axis temperature control turntable shown in Figure 2 can provide a constant-
temperature environment in addition to the resolution of the angular rate up to 0.0001 deg/s.
The FOGs were installed on the installation platform and rotated with the turntable at the
set angular rates regarded as the true value, and the mean output of the FOGs was taken as
the measurement. The site of the field test was located in the Huangtupo landslide area
in Badong County, Hubei Province, China, where the temperature is generally between
—10 °C and 45 °C. Considering that the temperature inside a coupling pipe is usually
higher than the ambient temperature when it is close to the ground in summer, 55 °C
was selected as the maximum working temperature. Accordingly, the temperatures of the
experiment were controlled at —10, 10, 25, 45, and 55 °C. At the same time, the experiment
was carried out at ambient temperature measured as 28 °C after natural cooling. The
holding time for each temperature was set as 2 h to ensure that the internal temperature of
the sensors was consistent with the set temperature during the experiment. Considering
that the coupling pipe laid in advance deforms at a low level when a landslide is in the
creep stage, the experimental points at around 0 deg/s were increased. The output angular
rates of the turntable were controlled in the order —50, —40, —30, —20, —10, -5, —1, —0,
0,1,5,10, 20, 30, 40, and 50 deg/s within the full measurement range. The minor spindle
eccentricity error of the turntable affects the precision of FOG calibration. Taking the output
of FOG 070076 at ambient temperature as an example, this error causes the sample data at
the same angular rate to vary in the sinusoidal waveform presented in Figure 3. Therefore,
sample data from at least one full turn should be collected to reduce the influence of spindle
eccentricity error by offsetting the positive and negative.
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Figure 3. Influence of turntable spindle eccentricity error on FOG 070076 output.

Figure 4 shows the relationship between the input angular rate of the turntable and
the output mean angular rate of the two gyroscopes calculated at different temperatures
according to the scale coefficient given by the manufacturer and their mean error. In the
process of calculation, the amount of data collected during one rotation of the turntable at
each angular rate were taken to reduce the error caused by the eccentricity of the spindle. It
can be seen that the higher the input angular rate and the farther the deviation from 25 °C,
the greater the measurement deviation, with the maximum deviation close to 0.8 deg/s.
Such values are unacceptable for general space trajectory measurement and should be
further calibrated. In addition, the degree of thermal drift is not only related to temperature,
but also related to angular rate. Therefore, both temperature and angular rate should be
taken into consideration in thermal calibration.
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Figure 4. Input angular rate of the turntable vs. output of the gyroscopes.

3. Thermal Calibration Based on Two-Dimensional N-Order Polynomial (TDNP)

The polynomial calibration method can reflect the drift with random and nonlinear
characteristics and weaken the random error caused by the drift. The traditional polynomial
fitting method focuses on the relationship between the temperature and zero bias in
the static state, and the thermal calibration is one-dimensional, which cannot meet the
requirement of FOG thermal calibration in landslide displacement monitoring.

The TDNP is two-dimensional. It means that the order of the polynomial is N, and
the polynomial coefficient is determined by two parameters, angular rate and temperature,
which are suitable for landslide survey conditions. Research on the relationship between
the order of the TDNP and the thermal calibration effect is helpful in determining a TDNP
model scheme with better performance.

3.1. TDNP Calibration Algorithm

The set temperature and angular rate, as described in Section 1.2, are numbered as i
and j, respectively. At the set temperature TS;, the turntable is controlled to rotate at an
angular rate w;;. The mean angular rate of the FOG output X;; indicates the measurements
at the same temperature and angular rate. A curve of order n is fit using w;; and X;;. Then:

wij = koi + k1i%ij + kai¥g; 4+ + kX (1)

where k,; is the fitting coefficient of the nth term at the temperature TS;.
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The FOG was equipped with a temperature sensor, and the mean output was recorded
as TM; at the set temperature TS;. Then, TM,; is fitted with ko;, kyj, koj, ..., and ky;
respectively, so n + 1 curves with order N can be obtained as

ko agp g1 -+ Aon 1
k1 alp a1, T™;

= . . x| )
ki ano An1 - Ann TM?

1
where a,,,, is the temperature coefficient, a total of (n + 1)2.

3.2. Results and Discussion of the TDNP Method

The root-mean-square error (RMSE) reflects the degree of fluctuation of the fitting
data. The error when the order is 1 is calculated by:

RMSEnZ Z(yl]” — a)l']')z (3)

Figures 5 and 6 show the relationship between the polynomial order and RMSE of
FOG 070076 and 070077, respectively, on the basis of the data measured at an ambient
temperature of 28 °C. The RMSE of the two gyroscopes increased when the polynomial
order was 3. However, the error decreased rapidly with an increase in the polynomial
order before order 5, and then tended to be stable. For FOG 070076, the RMSE calculated
with polynomial order 5 was reduced by 98.74% compared with the results calculated with
polynomial order 1. For FOG 070076, the RMSE calculated with polynomial order 5 was
reduced by 95.57% compared with the results calculated with polynomial order 1.

It can be observed that the TDNP method effectively reduced the fluctuation of the
fitting data, even if the order was 2. If the orders exceed 5, the error will continue to
decrease, but the amount of calculation will increase, which is not conducive to landslide
monitoring. The TDNP with order 5 had a better comprehensive performance.

004 | .

0.03

Root mean square error (deg/s)

0.02

0.01 | 3 '\ -

R

Polynomial order

Figure 5. Root-mean-square error vs. polynomial order (070076).
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Figure 6. Root-mean-square error vs. polynomial order (070077).

Mean absolute percentage error (MAPE) reflects the reliability of measurements. When
alandslide is in the creep stage, the angle of the coupling pipe changes slowly. Consequently,
it is necessary to determine the calibration capability of the algorithm for small-angular-rate
measurements. Therefore, it is necessary to analyze the MAPE of the measurements when
fitting using the TDNP with different orders. The error when the order is n and the angular
rate at temperature T'S; is wj is calculated by

Z:(yijn - C‘)]')

MAPE,= =
j

x 100% 4)

where y;j,, is the angular rate calculated by the TDNP algorithm with order n at temperature
TS;. Figures 7 and 8 present the MAPE curves of FOG 070076 and 070077, respectively. For
FOG 070076, when the polynomial order exceeded 2, the MAPE was less than 1%, in the
angular rate range of £10 deg/s, and when it was away from £10 deg/s, the MAPE was
close to 0. However, for FOG 070077, the negative rate part was similar, but the positive
rate part was slightly different. Between 0 and 20 deg/s, the MAPE was less than 1 %o,
and when it was greater than 20 deg/s, the MAPE was close to 0. When the polynomial
order was 1 or 2, the MAPE of the two FOGs was between —3%o. and 9 %o, which increased
significantly with a decrease in the angular rate.

It can be inferred that when a landslide is in the creep stage and the angle of the
coupling pipe change is close to 0 deg/s, the reliability of the thermal calibration results is
likely to be relatively low, especially when the order of the TDNP is less than 3. However,
the reliability is very high when the angle of the coupling pipe change is away from 0 deg/s
using the TDNP thermal calibration method, especially when the order of the TDNP is
equal to or greater than 3.
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Figure 8. Mean absolute percentage error vs. input angular rate (070077).

Figure 9 presents the fitting curves drawn on the basis of the TDNP with order 5 at
different temperatures. The fitting curves of the two sensors generally exhibited a similar
coincidence state. Compared with the standard value, the higher the absolute angular rate,
the greater the deviation. Taking 070076 as an example, the drawing of partial enlargement
showed that the input and output curves at different temperatures did not completely
coincide. When the turntable output the standard rate of 50 deg/s, the measurement
error was maximum at —10 °C, 0.06 deg/s, and the smallest appeared around 25 °C,
approximately 0.02 deg/s.

It can be seen that after thermal calibration, the TDNP method still had risks for
landslide monitoring conditions at different temperatures when the angular rate was higher.
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4. Thermal Calibration Based on Artificial Neural Network (ANN)

ANN can be trained to approach various linear and nonlinear relationships. Although
the ANN thermal calibration method is not suitable for processing measurement data in
real time and in situ due to time-consuming, unstable training results and other reasons,
the method has reached the accuracy of gyroscopes thermal calibration in some application
fields [12-14]. Therefore, the ANN method is applied for comparison with the TDNP.

The BPNN is a multilayer feedforward ANN trained according to the error back-
propagation algorithm, which adopts the Widrow—Hoff learning algorithm and multilayer
network with a nonlinear differentiable transfer function. With continuous in-depth study;,
many more effective and faster algorithms have been developed. Our group selected the
Levenberg-Marquardt (LM), Bayesian regulation (BR), and scaled conjugate gradient (SCG)
algorithms to explore the application feasibility of ANN algorithms in landslide monitoring
data processing.

The LM algorithm solves the extreme value of a function by iteration, which combines
the characteristics of the Newton and gradient methods [21]. It is relatively fast to train a
medium-sized feedforward ANN. The SCG is a proportional conjugate gradient algorithm
that combines a modular trust region algorithm with a conjugate gradient algorithm to
reduce the time required to search the network when adjusting the direction [22]. The
SCG algorithm does not require a linear search and requires more iterations than other
conjugate gradient algorithms, but the amount of calculation per iteration is smaller;
therefore, its calculation cost is lower, and it is very useful in dealing with some large-scale
problems [23]. BR is an optimal algorithm for solving the learning problems of ANNSs,
which can automatically select the regularization parameters and has the characteristics of
the high convergence rate of traditional BP neural networks [24].

The ANN model was established on the basis of the LM, SCG, and BR algorithms using
the same data as in the former TDNP fitting. The structure of the neural network is shown
in Figure 10, where ws is the angular rate measured by the FOG, T; is the temperature
measured by the temperature sensor in the FOG, w is the expected angular rate, and T
is the expected temperature. A total of 70% of the data were used for training, 15% for
practice, and 15% for testing. The number of hidden neuron layers was set from 1 to 18.
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Figure 10. Structure of the neural network adopted for thermal calibration.

Seventy percent of the data were randomly selected for the training. The actual
trainings showed that using the same training method may lead to different results for the
same set of data. To obtain a high-quality training network, multiple trainings were carried
out, and better data were chosen to calculate the root-mean-square error, as shown in
Figures 11 and 12. The root-mean-square error fluctuation using the SCG neutral network
was obvious and more unsatisfactory compared to the LM and BR neutral networks. The
error using the LM neutral network was slightly smaller and more stable than that of
the BR neutral network when the number of hidden neural layers was greater than one.
Consequently, the LM neutral network was selected as the final ANN algorithm and
compared with the TDNP.

0.20

0.05

Root mean square error (deg/s)

0.00

0 2 4 6 8 10 12 14 16 18 20
Hidden neural layer number

Figure 11. Root-mean-square error of FOG 070076 (28 °C).
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Figure 12. Root-mean-square of FOG 070077 (28 °C).

5. Discussion of Thermal Calibration Methods and Field Test
5.1. Discussion of Thermal Calibration Methods

Accuracy, speed suitable for in situ and real-time measurement, and stability are the
main requirements that determine whether a thermal calibration method is adaptive for
landslide displacement measurement. To determine a suitable thermal calibration method
for landslide displacement measurement, the mean absolute error was used to compare
the thermal calibration capability of the TDNP algorithm with different orders with that
of the LM neural network. According to the experimental results shown in Section 3,
when the ambient temperature was 28 °C and the order of the TDNP was 2, the RMSE
decreased significantly, and the error curve was approximately horizontal when the order
exceeded 5. In addition, the smaller the polynomial order, the faster the calculation speed.
Therefore, the order of the TDNP was set from 2 to 5. On the basis of the experimental
results displayed in Section 4, the LM neural network showed better performance, and the
data calculated using the neural network showed that the accuracy was higher when the
number of hidden layers was between four and nine. Thus, an LM neural network with
five hidden neuron layers and 1000 fitting steps was performed.

Tables 1 and 2 list the comparison results at the experimental temperatures. The mean
absolute error difference between the calibrated and uncalibrated data was not obvious at
room temperature, but it was approximately an order of magnitude larger for the TDNP
with order 2. Compared with the other methods in the list, the calibration capability of
the TDNP with order 2 was inferior, but it had the fastest calculation speed, owing to
the minimum amount of calculation. The mean absolute error of data measured by the
same kind of gyroscope presented different calibration capabilities for the TDNP with
order 3, and gyroscope 070076 was better, especially away from room temperature. The
overall calibration effect of the TDNP with order 3 and the LM neural network was similar,
and the mean absolute error was reduced by more than 100 times when it was far away
from room temperature. When the order was greater than three, the thermal calibration
capability of the TDNP was obviously better than that of the ANN. This capability can
potentially be improved by using a more advanced ANN. However, the processing speed
of the ANN methods is insufficient for realizing real-time and in situ thermal calibration,
and the training results are unstable for landslide displacement monitoring.
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For the entire measuring temperature range, the accuracy of the TDNP with order 5
always satisfied the requirements of landslide displacement measurement on the basis of

the assumptions described in Section 1.1.

Table 1. Mean absolute error of different methods (070076).

Mean Absolute Error (deg/s) at Different Temperature (°C)

Calibration Method
-10 10 25 45 55 28

TDNP with order 2 0.011373  0.011447  0.012076 0.01003 0.010347  0.012687
TDNP with order 3 0.000743  0.002532  0.002108  0.004028 0.00264 0.005805
TDNP with order 4 0.00034 0.001882  0.001163  0.000709  0.000589  0.002796
TDNP with order 5 0.000889  0.001114  0.000915  0.000462  0.000974  0.001188
LM neural network 0.001082  0.002558  0.001082  0.003173  0.004114  0.001792

Non-calibration 0.223736  0.095983  0.016316  0.192403  0.290746  0.010637

Table 2. Mean absolute error of different methods (070077).

Mean Absolute Error (deg/s) at Different Temperature (°C)

Calibration Method
—-10 10 25 45 55 28

TDNP with order 2 0.011686 0.016497 0.010989 0.01013 0.008835 0.021398
TDNP with order 3 0.002712  0.008964  0.001602  0.008816  0.004879  0.016571
TDNP with order 4 0.001196  0.000226  0.008231  0.001189  0.000319  0.010137
TDNP with order 5 0.002548 0.002247 0.002027 0.000254 0.002102 0.001769
LM neural network 0.006423  0.021577  0.003437  0.005033  0.007666  0.016903

Non-calibration 0.20987 0.079078  0.013834  0.172659 0.27238 0.025315

5.2. Field Test

A field test of the TDNP thermal calibration effect was conducted in the tunnel group
at the Badong field test site. The Badong field test site is located in the Huangtupo landslide
area, one of the largest and most harmful landslides in the Three Gorges Reservoir area
of China. Figure 13 shows the internal layout of the tunnel group and the position of the
test coupling pipe. Twenty meters of the coupling pipe was fixed to the bedrock, and the
remaining 114 m of the coupling pipe was fixed to a sliding mass.
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Figure 13. Tunnel group and the position of coupling pipe.



Energies 2022, 15, 7845

14 of 17

Figure 14 presents the probe and the PE material coupling pipe with suitable flexibility
and rigidity to ensure its capability to be coupled with landslide displacement.

et

. The coupling pipe

Figure 14. Field test.

Point measurement is a static measurement method with higher accuracy, but the
measurement time is more than two hours per hundred meters. We statically measured
the pitch and yaw angle of the coupling pipe at an interval of 0.5 m, and calculated its
trajectory, which was taken as the standard trajectory by substituting the mean angle data
into the formula of the coupling pipe trajectory. The trajectory of the coupling pipe was
also measured by the probe, as described in Section 1.1, whose measurement time was
approximately two minutes per hundred meters. TDNP thermal calibration with orders 2
and 5 was carried out for the output data of the gyroscopes that measured the pitch, roll,
and yaw angle. Then, combined with the data measured by the inclination sensors in the
probe, pitch and yaw angles were calculated after complementary filtering. On the basis of
the data of the angles and sample distance, we calculated the coupling pipe trajectories by
the same algorithm and compared them with the standard trajectory. Figure 15 presents
the field test results that show that compared with TDNP thermal calibration with order 2,
the trajectory curve after TDNP thermal calibration with order 5 obviously coincided with
the standard one with a higher degree of coincidence and smaller deviation. Comparing
the two curves obtained by the TDNP calibration with order 5 and the point measurement
method, the horizontal deviation around 85 m in the x-axis direction was larger, up to
approximately 50 cm. The coupling pipe was laid smoothly along the tunnel wall, and,
thus, the abnormal magnetic field encountered during the point measurement could be the
reason for the deviation in this section. The maximum deviation in the vertical direction
was 12 cm.
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6. Conclusions

A solution to map the calibration of the FOG thermal drift using the TDNP with dif-
ferent orders is presented. A comparative analysis was performed considering the method
of the ANN. First, an experiment that represents the relationship between the FOG output
and temperature changes was reported, highlighting that the higher the input angular rate
and the farther the deviation from 25 °C, the greater the measurement deviation, with a
maximum deviation close to 0.8 deg/s. Then, the thermal calibration processes of TDNP
and ANN methods were presented for comparative research. Subsequently, the mean
absolute errors of the different methods were listed. The analysis and field test results
showed that the method of the TDNP with order 5 had better performance and satisfied the
requirements of landslide displacement monitoring for the entire measuring temperature
range, when the trajectory angle of a coupling pipe change exceeded one degree within
the time interval between two measurements. The detailed conclusions are summarized
as follows:

(1) For landslide displacement monitoring, the TDNP method had stable thermal
calibration results and higher calculation speed.

(2) When the order of the TDNP was more than three, the thermal calibration capability
of the TDNP was better than that of the ANN, as shown in Section 4, especially when the
temperature was away from 25 °C.

(3) When the order of the TDNP was equal to or greater than five, there was no obvious
difference in thermal calibration accuracy.

(4) The method of the TDNP with order 5 had better comprehensive performance and
was adaptive for landslide displacement measurement.
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(5) The random thermal drift was reduced by the TDNP method. It is not only
applicable to FOG thermal calibration, but also applicable to MEMS and other angular rate
sensors with the same thermal drift characteristics.

This research is based on the assumption that the change in the angular rate during the
measurement of a coupling pipe trajectory is greater than 0.005 deg/s. If calibrated only by
the TDNP method, the angular rate measurement accuracy is unlikely to be sufficient for
landslide monitoring when the angular rate is less than that. Comprehensive consideration
of various factors and methods could be the way to solve this problem, including analysis
of instrument errors, sensor layout optimization, filtering methods, trajectory algorithms,
and displacement evaluation methods.
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