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Abstract

With the increasing use of horizontal wells in oil and gas development, measurement-
while-drilling (MWD) systems require higher magnetic azimuth accuracy to ensure precise
trajectory control. This study proposes a three-stage magnetic azimuth error compensation
method based on multi-station analysis (MSA). First, the OPTICS clustering algorithm
is utilized to identify and remove noise points, and ellipse fitting is applied to suppress
radial magnetic interference. Second, an improved MSA model incorporating wellbore
trajectory constraints is developed to minimize axial interference and enhance correction
stability. Finally, a Gaussian Process Regression (GPR) model, using accelerometer and
magnetometer data as features, is introduced to model and compensate for residual nonlin-
ear errors. Experimental validation under simulated complex magnetic conditions shows
that OPTICS-based preprocessing significantly improves ellipse fitting and reduces hard
magnetic interference. The improved MSA lowers the mean azimuth error to approximately
2.5◦, while integrating GPR further decreases it to below 0.04◦. The proposed GPR model
achieves an R2 of 0.99972 and an RMSE of 0.02928◦ on the test set, confirming its strong non-
linear compensation capability. Overall, the proposed framework effectively suppresses
magnetic interference and enhances azimuth accuracy, providing a robust solution for
high-precision MWD applications in horizontal wells.

Keywords: MWD; azimuth; OPTICS algorithm; ellipse fitting; MSA; GPR

1. Introduction
Horizontal well drilling has become a critical technology for enhancing oil and gas

recovery, especially in unconventional reservoir development and old well reconstruc-
tion [1,2]. Precise wellbore trajectory control depends on high-accuracy MWD systems,
and real-time magnetic azimuth determination is particularly crucial [3,4]. However, hori-
zontal wells suffer from more pronounced magnetic interference compared with vertical
or deviated wells. Drill-string magnetization and residual casing magnetization distort
magnetometer readings, while near-horizontal wellbore attitudes weaken geomagnetic
field projections, making azimuth estimation more sensitive to noise [5]. Moreover, varia-
tions in the geomagnetic field can significantly affect drilling efficiency and well placement
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accuracy, especially in reservoir-scale operations where local magnetic anomalies lead
to trajectory deviations and increased positioning uncertainty [6–8]. These challenges
make conventional magnetic interference correction methods insufficient for the stringent
accuracy requirements of horizontal well trajectory control [9].

The key question, therefore, is how to effectively suppress radial and axial magnetic
interference while simultaneously modeling nonlinear residual errors in order to achieve
robust azimuth estimation under complex downhole environments. This paper addresses
the question of how a multi-stage correction framework can be constructed to improve the
accuracy and stability of magnetic azimuth determination in horizontal wells.

To address magnetic interference, various approaches have been explored. For radial
correction, Li et al. applied DBSCAN to remove noise points and enhance ellipse fitting
reliability [10], while Miu et al. incorporated OPTICS into compass ellipse fitting, reducing
parameter sensitivity and improving accuracy [11]. For axial interference, Bulychenkov
proposed an MSA-based correction method that constrains interference values using trajec-
tory functions, thereby improving stability and applicability [12]. Although these methods
improve interference suppression, they still fall short of fully capturing nonlinear error
patterns in complex downhole conditions, limiting the accuracy of azimuth estimation.

Beyond these traditional methods, researchers have also investigated hardware-based
and data-driven strategies. On the hardware side, integrating magnetometers with gyro-
scopes and accelerometers through sensor fusion and Kalman filtering has been shown
to mitigate magnetic distortions [13,14]. However, such solutions often increase system
complexity and cost, limiting their use in drilling tools. On the data-driven side, machine
learning methods such as artificial neural networks (ANNs) and support vector machines
(SVMs) have been applied to magnetometer calibration and error compensation [15,16].
While these approaches show promise, their effectiveness tends to rely heavily on large
training datasets and careful parameter tuning, which constrains their robustness under
highly variable downhole environments.

Among the various learning-based techniques, GPR has attracted particular attention
because of its ability to model nonlinear mappings while providing principled uncertainty
quantification. GPR has been widely adopted in magnetic field modeling and interference
compensation. For example, Solin et al. employed GPR with physical prior constraints
to interpolate and reconstruct environmental magnetic fields [17]; Kuevor et al. applied
GPR to UAV navigation and indoor positioning, achieving improved attitude estimation
under interference [18]; and Edridge and Kok developed a noisy-input GPR formulation to
enhance robustness in magnetic field interpolation [19]. These studies demonstrate that
GPR offers clear advantages for modeling environment-dependent nonlinear disturbances,
making it a promising tool for magnetic azimuth correction in horizontal wells.

Motivated by the limitations of existing approaches and the strengths of GPR, this
paper proposes a multi-stage correction framework that integrates clustering-based denois-
ing, constrained optimization, and nonlinear error compensation. The main contributions
of this work are summarized as follows:

• For the first time, OPTICS clustering is combined with ellipse fitting to suppress radial
magnetic interference, enabling adaptive noise point identification and improved
ellipse fitting accuracy, which significantly enhances azimuth reliability in complex
downhole environments;

• A constrained optimization model based on MSA is proposed for axial interference cor-
rection, where wellbore trajectory constraints are introduced to mitigate cross-coupling
effects, yielding notable improvements in both correction stability and applicability
compared with conventional MSA approaches;
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• GPR is incorporated to model and compensate for residual nonlinear errors, where
multidimensional features from accelerometers and magnetometers enable fine-
grained characterization of error distributions, thereby enhancing robustness and
significantly improving the overall accuracy of magnetic azimuth determination in
horizontal wells.

The remainder of this paper is organized as follows. Section 2 introduces the theoretical
background of multi-station analysis and details the proposed three-stage error correc-
tion framework, including OPTICS-based denoising, ellipse fitting, and GPR modeling.
Section 3 describes the experimental setup and provides a comprehensive analysis of the re-
sults under different azimuth conditions. Section 4 summarizes the findings, highlights the
advantages of the proposed approach compared with conventional methods, and discusses
its engineering implications for high-precision trajectory control in horizontal wells.

2. Methods
This section describes the design and implementation of the proposed multi-stage

magnetic orientation error compensation method. First, the attitude measurement principle
of the measurement while drilling system and the basic theoretical framework of the
multi-point analysis method are explained, laying the foundation for subsequent methods.
Second, a least-squares ellipse fitting method is introduced in the radial plane, combined
with the OPTICS clustering algorithm to denoise and correct the raw data. Finally, based
on the improved multi-point analysis results, a GPR model is constructed to model and
compensate for residual nonlinear errors. Each of these methods will be introduced and
analyzed one by one to form a complete error compensation process.

2.1. Multi-Station Attitude Measurement Principle
2.1.1. Attitude Measurement Principle

In the MWD system, three-axis accelerometers and magnetometers are installed along
the three orthogonal coordinate axes of the carrier coordinate system to form a basic MWD
system [20]. As shown in Figure 1, the accelerometer and magnetometer are used to
measure the gravity field and geomagnetic field components in the three coordinate axis
directions to calculate the real-time attitude of the tool [21].

Figure 1. Schematic diagram of the inclinometer while drilling.

The attitude of the downhole tool is composed of three parameters, namely the inclina-
tion angle (I), the azimuth angle (A) and the tool face angle (T). The attitude measurement
system is shown in Figure 2a. The attitude calculation algorithm often involves the con-
version between the carrier coordinate system and the inertial coordinate system [22].
Downhole drilling attitude measurement predominantly employs the geographic north-
west-sky (O-NWS) coordinate system. The carrier coordinate system is rotated to the inertial
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coordinate system via Z-Y-Z coordinate system rotation [23], as illustrated in Figure 2b. The
rotation matrix of three rotations is recorded as RA, RI and RT respectively, and the rotation
matrix R of the whole coordinate system transformation can be obtained as follows:

R = RARI RT (1)

Figure 2. Principle of attitude measurement in wellbore: (a) definition of inclination, azimuth, and
tool face angle; (b) coordinate system transformation.

As shown in Figure 2, the relationship between the carrier coordinate system O-NWS
and the inertial coordinate system O-N3W3S3 can be expressed as: N

W
S

 = R ·

 N3

W3

S3

 (2)

During the rotation of the coordinate system, the corresponding changes of the ac-
celerometer and magnetometer are given as: Gx Bx

Gy By

Gz Bz

 = R ·

 0 BN

0 BW

−G BS

 (3)

where Gx, Gy, and Gz represent the three-axis components of the measured accelerometer
signal; G is the actual gravity acceleration; Bx, By, and Bz and BN, BW, and BS represent
the three-axis components of the measured fluxgate signal and the components of the
geomagnetic field in the geographic north, west, and sky directions, respectively.

According to the projection relationship between the gravity field and the magnetic
field in the carrier coordinate system, the right-handed coordinate system is used to perform
Euler rotation to obtain the solution relationship between the measurement value of the
three-axis sensor and the azimuth angle [24]:
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

I = arccos(Gz/
√

G2
x + G2

y + G2
z ) =

arcsin(
√
(Gx)

2 + (Gy)
2/
√

G2
x + G2

y + G2
z )

T = −arctan(Gy/Gx) = − sin(Gx/g sin I) =

π − arcsin(Gy/ sin I)

A = arctan(−Bx · sin T + By · cos T/

cos I(Bx cos T + By sin T)− Bz sin I)

(4)

2.1.2. The Basic Principle of MSA

Brooks proposed MSA method, which simultaneously processes magnetic field data
from multiple measurement points, uses the attitude differences between different measure-
ment points, and establishes a set of equations to solve sensor error parameters, thereby
performing magnetic interference correction [25]. Compared to the traditional single-point
calibration method, MSA does not rely on an external reference magnetic field. It uses the
measurement values of multiple measurement points to infer the sensor error by minimiz-
ing the total magnetic field variance (the deviation between the measured value and the
reference value) [26]. The formulas are as follows:

Bxcorri = Bxmeasi − εx

Bycorri = Bymeasi − εy

Bzcorri = Bzmeasi − εz

(5)

Bvref =
1
N

N

∑
i=1

Bvi (6)

Bnref =
1
N

N

∑
i=1

Bni (7)

Bvi =
BxcorriGxi + BycorriGyi + BzcorriGzi√

G2
xi + G2

yi + G2
zi

(8)

Bhi =
√

B2
xcorri + B2

ycorri + B2
zcorri − B2

vi (9)

V =
N

∑
i=1

[(Bhi − Bhref)
2+(Bvi − Bvref)

2)]/(N − 1) (10)

where Bxmeasi, Bymeasi, and Bzmeasi are the magnetic field signal components of the magne-
tometer at the i-th measuring station. Bxcorri, Bycorri, and Bzcorri are the magnetic field values
of the magnetometer after three-axis correction. Gxi, Gyi, and Gzi are the components of
the accelerometer at the i-th measuring station. Bhi and Bvi are the vertical and horizontal
magnetic field components of the Earth’s magnetic field, respectively. Bhref is the reference
value of the vertical component for all measuring stations. Bvref is the reference value of the
horizontal component for all measuring stations. εx, εy, and εz are the interfering magnetic
field values along the x, y, and z axes.

The X-axis and Y-axis data of the magnetic sensor are corrected by ellipse fitting,
and the Z-axis data are further corrected using the single-axis MSA method (hereafter
referred to as the improved MSA method). Compared with the traditional MSA method,
the single-axis MSA method reduces cross-coupling errors caused by sensor inconsistencies,
lowers data dimensionality, and facilitates fast processing. The optimization objective of
the improved MSA method is defined as follows:
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Bvi =
BxradialGxi + ByradialGyi + BzcorriGzi√

G2
xi + G2

yi + G2
zi

(11)

Bhi =
√

B2
xradial + B2

yradial + B2
zcorri − B2

vi (12)

V =
N

∑
i=1

[(Bhi − Bhref)
2+(Bvi − Bvref)

2)]/(N − 1) (13)

Here, Bxradial and Byradial represent the magnetic field components in the X- and
Y-directions after radial correction, which are obtained from the ellipse fitting process.

2.2. Improved MSA Method
2.2.1. Ellipse Fitting Using the Least Squares Method

When there is no external magnetic interference and the instrument rotates at high
speed for one circle, the drilling depth can be ignored, and the two radial components of the
magnetic field Bx and By are output as a circle [27]. However, due to the non-orthogonality
error, sensitivity error and zero error of the magnetic sensor, as well as the interference of
the surrounding magnetic field, the actual output will be close to an ellipse rather than a
standard circle [28]. Therefore, the radial error correction of the magnetic sensor can be
achieved by obtaining its standard parameter equation through ellipse fitting.

The ellipse can be expressed by a general quadratic polynomial, as shown in For-
mula (13):

F(k, x) = a · x2 + b · x · y + c · y2 + d · x + e · y + f (14)

where k = [a b c d e f ]T is the parameter vector. D (k,xi) is the distance from point (xi,yi)
to the curve F (k,x) = 0. The ellipse fitting problem is actually to find a set of parameter
vectors that minimizes the sum of the squares of the distances from all experimental data
to the curve F (k,x) = 0, that is:

min
k

n

∑
i=1

D(k, xi)
2 (15)

The corrected radial magnetic field intensity can be obtained by passing the elliptic
parameters through Equations (16) and (17).

θ = arccot((a − c)/b) (16)[
Bxcorri

Bycorri

]
=

[
cos θ sin θ

− sin θ cos θ

][
Bxmeasi

Bymeasi

]
(17)

2.2.2. OPTICS Clustering Algorithm

Although the ellipse fitting algorithm based on the minimum algebraic distance is
simple to implement and has high computational efficiency, the fitting accuracy decreases
significantly, and the recognition rate is low when noise exists. Therefore, the original data
needs to be denoised before using the ellipse fitting algorithm [29]. The OPTICS algorithm
starts from a random object point and expands towards the area with the densest data,
generating an ordered sequence containing reachable distance information for all object
points, effectively solving the parameter sensitivity problem of the traditional density
clustering algorithm DBSCAN [30].

In the clustering process, if the number of points in the domain of object point p is not
less than the set MinPts, then p is called a core object, and the minimum domain radius ε

required for it to become a core object is defined as its core distance. For an object point m
and a core point p, if the distance from point m to point p is greater than the core distance
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of point p, then the reachable distance of point m is the actual distance between point p and
point m. Otherwise, the reachable distance of point m is the core distance of point p. If an
object point q is within the domain of the core object p, then point q is a directly density-
reachable object of point p. The ordered queue stores the core objects and their directly
density-reachable objects in ascending order of reachable distance, and the result queue
is used to record the final data output order [31]. D represents the dataset, Q represents
the ordered sequence, and R represents the result sequence. The OPTICS algorithm flow is
shown in Figure 3.

 

Figure 3. OPTICS algorithm flow chart.

Firstly, the OPTICS clustering algorithm is employed to preprocess the raw data
by identifying and eliminating noise points, followed by ellipse fitting. This procedure
effectively guarantees the accuracy of the ellipse fitting and mitigates radial magnetic
interference errors.

2.2.3. Gaussian Process Regression

Due to interference from multiple factors, the error distribution of magnetic fields is
often difficult to model. Magnetic field data are usually continuous in space and have a
certain correlation. GPR is very suitable for compensating for such spatially continuous
errors. It is a non-parametric Bayesian method that expresses the correlation between
different input points using a covariance function [32]. If x is an m-dimensional parameter
with x∈Rm, the corresponding Gaussian process is denoted as {f (x), x∈Rm}. Its properties
are determined by the mean function µ(x) and the covariance function k(xi, xj). If the joint
distribution is Gaussian, then the resulting stochastic process is referred to as a Gaussian
process, which is defined as follows [33]:

µ(x) = E[ f (x)] (17)

k(xi, xj) = E[( f (xi)− µ(xi))× ( f (xj)− µ(xj))
]

(18)

f (x) ∼ GP
[
µ(x), k(xi, xj)

]
(20)
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If the Gaussian white noise n with a mean of 0 and a variance of σn
2 is taken into

account in the observed target value y, a Gaussian process regression model can be estab-
lished [34], which is defined as follows:{

y = f (x) + n
n ∼ N(0, σ2

nIn)
(21)

Since f (x) follows a Gaussian distribution, y also follows a Gaussian distribution.
Therefore, the collection of all observed target values y in the sample set forms a new
Gaussian process, which can be expressed as:

y ∼ GP(µ(x), k(xi, xj) + σ2
Nδi,j) (22)

In the formula, δ is the Kronecker delta function, where δi,j = 1 if i = j, and δi,j = 0
otherwise.

If the observed data samples are divided into a training set R = {xi, xj} and a test set
T = {xi, xj}, the prior probability distribution of the training set is given as [35]:

yR ∼ N(µ(XR)), K(XR, XR) + σ2
nIn) (23)

The test set also follows a Gaussian distribution, and the outputs of the training set
yR together with the outputs of the test set yT constitute the prior of the joint probability
distribution: [

yR
yT

]
∼
([

µ(XR)

µ(XT)

]
,[

K(XR, XR) + σ2
R,nIn K(XR, XT)

K(XT, XR) K(XT, XT)

]) (24)

where K(XR, XR) and K(XT, XT) are symmetric positive-definite covariance matrices of the
training set and the test set, respectively. The matrix elements kij = k(xi, xj) measure the
correlation between inputs xi and xj. K(XT, XR) = K(XR, XT)T denotes the covariance matrix
between the training set R and the test set T, and In is the identity matrix. According to
Bayes’ theorem, given the training samples and the test inputs, the posterior distribution of
the test set can be inferred as:

yT|XR, yR, XT ∼ N(yT, cov(yT)) (19)

where ȳT is the mean of the test set outputs, and cov(yT) is the variance of the test set,
which are given as follows:

yT = K(XT, XR)×
[
K(XR, XR) + σ2

nIn
]−1yR

cov(yT) = K(XT, XT)− K(XT, XR)×
[
K(XR, XR) + σ2

nIn
]−1K(XR, XT)

(26)

During the prediction process of the GPR model, an appropriate kernel function can
be selected based on sample attributes to transform nonlinear relationships between data
points into linear ones. This simplifies the solution of nonlinear problems by solving prior
problems [36]. The Automatic Relevance Determination kernel (ARD) incorporates an
automatic relevance assessment mechanism, assigning an independent length scale to each
input feature. This enables effective identification and suppression of redundant features
with minimal predictive impact, thereby enhancing the model’s generalization capability
and prediction accuracy [37]. In contrast, the Matern kernel is more suitable for non-smooth
or high-noise data. The standard Gaussian kernel assumes equal importance for all features,
which may limit its modeling capability in high-dimensional or unevenly contributing
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scenarios [38]. Therefore, the use of the ARD kernel in this method is more conducive to
fully extracting the feature information of each input variable, thereby achieving more
precise error modeling and compensation. The ARD kernel is formulated as:

K(xi, xj) = σ2
f × exp(−1

2

D

∑
d=1

(xi,d − xj,d)
2

(l2
d)

) (27)

where xi and xj are the i-th and j-th samples in the input space, D denotes the dimension
of the input features, l2

d represents the length scale of the d-th input feature, and σ2
f is the

output variance of the kernel function.
The root mean square error (RMSE), mean absolute error (MAE), and coefficient of

determination (R2) are used to evaluate the model performance, and are defined as follows:

RMSE =

√√√√ 1
N

N

∑
1
(Ai −

∧
Ai)

2
(28)

MAE =
1
n

N

∑
i=1

|Ai −
∧
Ai| (29)

R2 = 1 − ∑N
i=1 (Ai −

∧
Ai)

∑N
i=1 (Ai − Ai)

(30)

where Ai is the experimental ideal azimuth, Â is the compensated azimuth, and Āi is the
mean of the experimental ideal azimuth.

Using the triaxial measurement data from accelerometers and magnetometers as input,
and the residuals from the improved MSA method as model data, a Gaussian Process
Regression (GPR) model was constructed to compensate for the remaining nonlinear errors.
The overall workflow of the multi-station magnetic azimuth error correction based on
Gaussian process fusion is illustrated in Figure 4. All model training and computations in
this study were performed on a desktop computer equipped with a 12th Generation Intel
Core i5-12490F CPU (6 cores and 12 threads, base frequency 3.00 GHz), 16 GB of RAM, and
a 64-bit Windows operating system.

 

Figure 4. Algorithm flowchart.
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3. Results and Discussion
3.1. Experimental Setup

The experimental device mainly includes a DX-4C inclinometer directional sensor,
a 3 m long and 150 mm diameter magnetized casing, an aluminum alloy casing bracket
and a wooden placement rack, a digital collector, and a power supply. The experiment
introduced a magnetized casing to simulate the complex magnetic field conditions faced
by actual downhole magnetic sensors, thereby verifying the attitude measurement and
error correction capabilities of the proposed MSA method fused with the Gaussian process
under magnetic interference conditions.

The distance between the magnetized casing and the inclinometer sensor axis is
referred to as the relative distance, which was fixed at 1 m, while the well inclination
was maintained at 90◦. The angle between the line connecting the magnetic casing and
the inclinometer sensor axis and the magnetic north is defined as the relative azimuth.
Eight azimuths of 30, 60, 120, 150, 210, 240, 300, and 330◦ are selected for experimental
measurements. The tool face angle started from 0◦ and rotated at 5◦ intervals up to 360◦.
Each measuring point was repeatedly sampled eight times to obtain the average value. The
experimental setup is illustrated in Figure 5.

Figure 5. Experimental setup: (a) experimental environment setting; (b) experimental instruments
and equipment.

After a single uniform magnetization, the internal magnetic flux density of the steel
casing was approximately 3 mT. No subsequent magnetization or demagnetization was
performed during the experiments. Because the magnetometer was positioned at different
azimuthal angles around the casing, the measured magnetic field components varied with
direction, which reflects the spatial characteristics of the magnetic dipole field rather than
any change in the magnetization strength of the casing.

3.2. Experimental Results Analysis
3.2.1. OPTICS Denoising and Ellipse Fitting

The azimuth angles of 60, 150, 240, and 330◦ are analyzed. OPTICS clustering is
performed on the raw data of the X-axis and Y-axis of the magnetometer. The noise data
in the raw data is deleted, and then the radial error is corrected using the least squares
ellipse fitting. The results of the raw data fitting ellipse and the noise removal fitting ellipse
are shown in Figure 6. As can be seen from Figure 6, OPTICS can effectively identify and
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eliminate singular values in the original data. After removing the noise, the fitted ellipse is
more centralized (The enlarged image in the upper right corner is more intuitive), reducing
the hard magnetic interference error.

 

Figure 6. OPTICS-based radial denoising and ellipse fitting results at different azimuth angles:
(a) 60◦, (b) 150◦, (c) 240◦, and (d) 330◦.

The parameters of the fitted ellipse after noise removal are shown in Table 1. Parame-
ters d and e determine the position of the ellipse center and characterize the presence of
hard magnetic interference in the radial direction. Parameters a and c primarily control
the length and ratio of the ellipse’s major axes, determining the ellipse’s shape. Parameter
b reflects the ellipse’s tilt relative to the coordinate axis. Parameters a, b, and c together
characterize the effect of soft magnetic interference on the magnetic field distribution.
Parameter f controls the overall offset of the ellipse in the coordinate plane. Since the el-
lipse’s center deviates from the origin and its major axis direction and proportions vary, the
elliptical parameters obtained after noise removal indicate significant magnetic interference
in the radial direction of the magnetic field data. Using these elliptical parameters and
Equation (16), radial correction can be applied to the original data.

Table 1. Ellipse fitting parameters.

Angle a b c d e f

60◦ 0.1625 0.0048 0.1554 0.0045 0.0017 0.9741
150◦ 0.2791 0.0076 0.2600 0.0061 0.0022 0.9244
240◦ 0.1290 0.0067 0.1360 0.0167 0.0109 0.9821
330◦ 0.2317 0.0174 0.2283 0.0069 0.0075 0.9454
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3.2.2. Magnetic Interference Correction for the Single-Axis MSA Method

Since the single-axis MSA method is a one-dimensional optimization problem that
only requires solving for the sensor error of the Z-axis, the Brent method is employed to
address this problem. The optimization objective is to minimize the value of Equation (30),
which represents the total variance of the vertical and horizontal magnetic field components.
The Brent algorithm performs parabolic interpolation with a fallback to golden-section
search, allowing efficient convergence without requiring gradient information. The search
range for the optimization was set to [−5, 5], and the convergence tolerance was defined
as 1 × 10−6 to ensure both stability and precision of the solution. The maximum num-
ber of iterations was set to 100 to guarantee sufficient convergence while maintaining
computational efficiency.

Taking the data at an azimuth angle of 60◦ as an example, the azimuth is calculated
based on the raw data, the ellipse-fitted data, the MSA method, and the improved MSA
method. The resulting azimuth polyline and error bar plots are shown in Figure 7.

 

Figure 7. Azimuth error analysis at 60◦: (a) azimuth calculation error; (b) error metrics analysis.

Figure 7 presents the comparative results of azimuth error analysis at 60◦. As shown in
Figure 7a, both the raw solution and the radial correction exhibit large errors exceeding 10◦,
indicating that simple radial compensation cannot effectively suppress axial interference. By
contrast, the MSA introduces a constrained optimization model that incorporates wellbore
trajectory constraints to mitigate cross-coupling effects, reducing the azimuth error to
approximately 1◦. Building upon this, the improved MSA further enhances correction
stability and accuracy through adaptive weighting of multi-station data, yielding more
consistent error control. Figure 7b quantitatively compares the mean azimuth errors at
30◦, showing that MSA and the improved MSA reduce the errors from 11.0499◦ and
10.7486◦ to 1.5623◦ and 1.2878◦, respectively. These results demonstrate that introducing
trajectory constraints and optimization in MSA significantly improves the robustness and
applicability of azimuth correction.

3.2.3. MSA Method Integrated with GPR

The error data from the improved MSA method is used as the dataset, containing
error data at 30, 60, 120, 150, 210, 240, and 300◦, for a total of N = 582 data samples. The
triaxial accelerometer and triaxial magnetometer data Gx, Gy, Gz, Bx, By and Bz measured
by the inclinometer are selected as the input feature matrix X∈Rnx6. The measurement error
Aerror∈Rn calculated by the corresponding improved MSA method is selected as the output
target vector. The predicted error is then used to compensate for the azimuth. The dataset
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is split into training and test sets with a 7:3 ratio, and the input features and output targets
are standardized. The ARD kernel function is used to automatically learn the importance
of different input features, achieving feature screening and weighting.

Specifically, after training the data using GPR, the prediction results for both the
training and test sets are compared. As shown in Figure 8, the predicted values closely
match the experimental values, indicating that the model accurately captures the error
distribution patterns. As can be seen from Table 2, on the test set, the RMSE is only 0.02928,
while the RMSE of the training set is 0.02449, both at very low levels. This demonstrates
that the model not only fits the training data well but also exhibits excellent generalization
performance on unseen data. Overall, the results confirm that the proposed method
achieves high accuracy and robustness in the error compensation task.

Figure 8. Prediction results of the proposed model: (a) test set; (b) training set.

Table 2. Comparison of test set and training set indicators.

Dataset R2 MAE

Test set 0.99972 0.02001
Train set 0.99991 0.01637

Moreover, to gain deeper insight into the prediction stability and uncertainty, the
consistency between the predicted and experimental values is further analyzed. Figure 9a
presents a scatter plot comparing the predicted and experimental values, where the data
points lie almost entirely along the ideal diagonal, indicating that the model achieves very
high overall fitting accuracy. Figure 9b shows a comparison of the first 100 test samples,
demonstrating that the predicted curve nearly coincides with the experimental values curve
and that the 95% confidence interval is extremely narrow. This indicates that the model
can stably correct nonlinear errors and provides reliable uncertainty quantification for the
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predictions. These results further confirm the applicability and robustness of the proposed
method under complex magnetic interference conditions.

(a) (b) 

Figure 9. Prediction performance and uncertainty analysis of the proposed model: (a) predicted vs.
experimental values; (b) prediction results with 95% confidence interval (first 100 samples).

By extracting the weights of the ARD kernel, as shown in Table 3, it is observed that the
weight of the Bz feature is significantly lower than those of the other five input features. This
indicates that this feature plays a key role in the model and fully confirms that the magnetic
interference from the magnetized casing mainly originates from the axial component.

Table 3. Length dimensions of different features.

Gx Gy Gz Bx By Bz

7.93 6.52 13.38 7.88 10.23 0.068

To further verify the generalization capability of the GPR model and rule out the pos-
sibility of overfitting, a five-fold group cross-validation was conducted using the complete
dataset (N = 582). Each fold contained approximately 116 samples, with group partition-
ing performed according to the measurement azimuths to prevent data leakage between
neighboring samples. The results of the five-fold cross-validation yielded an average
RMSE = 0.17 ± 0.07◦, MAE = 0.13 ± 0.06◦, and R2 = 0.98 ± 0.02. These results indicate that
the GPR model maintains high accuracy and strong generalization capability without signs
of overfitting.

The narrow interquartile ranges in the corresponding box-plot statistics, as shown in
Figure 10, further confirm that the model effectively captures the nonlinear error distribu-
tion in complex magnetic environments. Meanwhile, the consistently low RMSE and MAE
values demonstrate that the proposed GPR model achieves high prediction accuracy and
strong generalization capability without any signs of overfitting.
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Figure 10. Statistical evaluation of the GPR model performance based on 5-fold group cross-validation:
(a) RMSE; (b) MAE; (c) R2.

The trained GPR model is used to predict the original data, and the prediction results
are denormalized. The resulting error value curve is shown in Figure 11. It can be clearly
seen that the trained model can well predict the experimental value’s error value, and the
curve fluctuation trends are basically consistent.

Figure 11. Comparison between predicted and experimental values at different azimuth angles:
(a) 30◦, (b) 60◦, (c) 120◦, (d) 150◦, (e) 210◦, (f) 240◦, (g) 300◦, and (h) 330◦.



Processes 2025, 13, 3591 16 of 19

The specific error metrics are presented in Tables 4 and 5. It can be observed that the
GPR method achieves mean errors below 0.04◦ and standard deviations within 0.03◦ across
all eight azimuth angles, significantly outperforming the other methods and demonstrating
high accuracy and stability. In comparison, the improved MSA shows slight improvement
over the original MSA at certain azimuths, but the mean errors remain between 0.4◦ and
2.5◦, with noticeably larger standard deviations. The radial correction and raw calculation
methods generally exhibit errors above 5◦ with considerable fluctuations. Overall, these
results indicate that GPR possesses clear advantages in both accuracy and stability.”

Table 4. Comparison of eight azimuth error means.

Solution Method 30◦ 60◦ 120◦ 150◦ 210◦ 240◦ 300◦ 330◦

GPR 0.0350◦ 0.0037◦ 0.00293◦ 0.0078◦ 0.0031◦ 0.0260◦ 0.0223◦ 0.0096◦

Improved MSA 1.5157◦ 1.2878◦ 1.9505◦ 1.2257◦ 1.9586◦ 0.4194◦ 1.3017◦ 2.5343◦

MSA 1.9215◦ 1.5623◦ 2.1958◦ 1.4746◦ 1.6175◦ 0.3548◦ 1.1524◦ 2.2698◦

Radial correction 6.4126◦ 10.7486◦ 9.2150◦ 5.1922◦ 9.1233◦ 10.2753◦ 8.6803◦ 2.8303◦

Original solution 6.7684◦ 11.0499◦ 9.5347◦ 5.7332◦ 9.2485◦ 11.2113◦ 8.8511◦ 3.0654◦

Table 5. Comparison of eight azimuth error standard deviations.

Solution Method 30◦ 60◦ 120◦ 150◦ 210◦ 240◦ 300◦ 330◦

GPR 0.0272◦ 0.0028◦ 0.0204◦ 0.0056◦ 0.0024◦ 0.0167◦ 0.0153◦ 0.0079◦

Improved MSA 0.9443 0.4490 0.5118 0.8297 0.8759 0.2741 0.9364 0.7381
MSA 0.5695 0.3331 0.3659 0.5787 0.6401 0.2389 0.9580 0.5931

Radial correction 0.8328 0.5152 0.4107 1.1350 0.9596 0.2683 0.5867 0.6621
Original solution 0.4965 0.3639 0.3044 0.6627 0.7040 0.2530 0.5491 0.5313

4. Conclusions
During the Measurement-While-Drilling process in horizontal wells, the raw data

often contain outliers and noise due to the complex downhole geomagnetic environment
and the magnetization effects of the drilling tools. In this work, the Ordering Points to
Identify the Clustering Structure clustering algorithm is combined with ellipse fitting to
identify and remove outliers, effectively suppressing radial magnetic interference and
enhancing azimuth stability under complex well conditions.

Building upon this, a constrained optimization model based on the improved Multi-
Station Analysis method is proposed to mitigate axial interference by introducing wellbore
trajectory constraints and reducing cross-coupling effects, thereby controlling the mean
azimuth error within 2.5◦ and ensuring high stability and applicability.

Furthermore, Gaussian Process Regression is employed to model and compensate for
residual nonlinear errors. By leveraging its advantages in nonlinear fitting and uncertainty
quantification, the method accurately captures the error distribution and achieves robust
compensation across various azimuths.

From an engineering perspective, the proposed three-stage correction framework
comprising noise suppression, constrained optimization, and nonlinear compensation
can be seamlessly integrated with existing Measurement-While-Drilling tools without
additional hardware modification, enabling real-time azimuth correction and trajectory
monitoring. By improving trajectory accuracy and reducing recalibration requirements,
the method enhances operational efficiency and provides practical value for directional
drilling applications in complex magnetic environments.
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