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Abstract— The integrity of geomagnetic data is a critical
factor in understanding the evolutionary process of Earth’s
magnetic field, as it provides useful information for near-surface
exploration, unexploded explosive ordnance detection, and so
on. Aimed to reconstruct undersampled geomagnetic data, this
paper presents a geomagnetic data reconstruction approach
based on machine learning techniques. The traditional linear
interpolation approaches are prone to time inefficiency and
high labor cost, while the proposed approach has a significant
improvement. In this paper, three classic machine learning
models, support vector machine, random forests, and gradient
boosting were built. Besides, a deep learning algorithm, recurrent
neural network, was explored to further improve the training
performance. The proposed learning models were used to specify
a continuous regression hyperplane from a training data. The
specified regression hyperplane is a mapping of the relation
between the mock-up missing data and the surrounding intact
data. Afterward, the trained models, essentially the hyperplanes,
were used to reconstruct the missing geomagnetic traces for
validation, and they can be used for reconstructing further
collected new field data. Finally, numerical experiments were
derived. The results showed that the performance of our methods was more competitive in comparison with the traditional
linear method, as the reconstruction accuracy was increased by
approximately 10%∼20%.
Index Terms— Deep neural network, geomagnetic, machine
learning, modeling, reconstruction.
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I. I NTRODUCTION

C

ONTINUOUS observations of the geomagnetic field
are carried out with the characteristic times spanning
from seconds to decades at magnetic observations [1]. However, the integrity of geomagnetic data cannot be guaranteed
consistently, especially when malfunctions of the observing
system happen during the observations [2]. In this case,
undersampled data or missing traces could compromise the
interpretation accuracy of the geomagnetic data [3], which
necessitate the research on the reconstruction of the geomagnetic data.
Up to now, several geomagnetic data reconstruction methods
were developed. In terms of numerical simulations studies, [4]
and [5] investigated how to predict the unknown geomagnetic
field changes based on the data assimilation technique. The
simulation results were encouraging, but they stayed at the
stage of theoretical simulation that has not been adapted for a
real application. The performance remains to be verified. Some
other methods have been applied to practical scenarios. Several
globe geomagnetic data models were proposed in [6]–[9],
and the prediction of the series of models (e.g., CALS3K)
can be adopted as a baseline for evaluation and observation
of geomagnetic field changes [10]. There are some other
well-accepted methods being reported, such as the spherical harmonic method [11] and multiple model fusion [12].
Nonetheless, getting good reconstruction results from these
methods is dependent on certain assumptions. For example,
the geomagnetic records should comprise a limited number
of linear events, and the reconstructed data should be sparser
than the observed data with missing traces, which are posing
considerably restrictions for now.
Nowadays, because machine learning can automatically
explore the hidden features or relationships within the data
set, it has become increasingly used in many scientific fields,
including nondestructive testing [13], objective detection [14],
and classification and linear regression [15]. This is often an
attractive alternative to reduce the manual work in varieties of
fields. A vast array of studies has established the primary tools
of machine learning, such as linear regression [16], decision
trees [17], support vector machine (SVM) [18], artificial neural
networks [19], and instance-based learning [20]. The primary
models performed by machine learning include regression,
classification, clustering, and so on. To sum up, due to its good
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Fig. 1. Pipeline of the proposed geomagnetic data reconstruction framework, which includes four main modules, including data set building, classic machine
learning regression, RNN regression, and the selected model for regression and reconstruction.

performance, machine learning spreads rapidly throughout
multiple fields, suggesting that it is likely to lead the next
wave of innovation in geophysics [21].
How can we process geomagnetic data using machine
learning? Despite the above-mentioned applications, it is
still to be investigated in the improvement of geomagnetic
exploration. The related techniques have been preliminarily
applied in the reservoir parameters characterization [22], [23].
Inspired by machine learning, we consider the geomagnetic
data reconstruction or interpolation as a regression problem
for continuous output. In other words, machine learning can
be used to generate an approximating function (a continuous
hyperplane) to derive the missing traces.
The proposed method mainly consists of three steps. The
first step is the process of building training data set. The
training data set does not contain missing traces, such that
the model later trained by this data set is a mapping of the
previous values, x(t), to the following values, x(t + 1). The
data set is randomly split into three parts: training, validation,
and testing data. The second step is to train a regression model
(classic machine learning and RNN), which fits a hyperplane
from the training data. The third step is to reconstruct the
missing geomagnetic traces of the mock-up defected data set.
Afterward, the reconstructed data are validated and tested, and
the best optimistic model is obtained according to the accuracy.
The proposed machine learning approach only depends on
the characteristics of the originally collected data, which can
overcome some drawbacks, e.g., the previously mentioned
restriction of linear events, the sparsity of reconstruction data,
and so on. In consequence, it not only breaks out the previous
limitations but also shows stronger adaptability in different
kinds of the data set. Furthermore, it can help researchers to
obtain the complete information of Earth’s magnetic field for
near-surface exploration and detection for magnetic materials.

GDR framework is presented in Algorithms 1 and 2. As shown
in Fig. 1, the framework is composed of four modules:
1) database building module (refer to Fig. 5), which aims
to transform 2-D or 3-D data to a 1-D time-series spaced
data; 2) classic machine learning regression module, which
is used for extracting pattern representations from the timeseries data and establishing deterministic models (refer to
Algorithm 1); 3) recurrent neural network (RNN) regression
module, which manipulates on time-series data, and it is
utilized for generating candidate memory cells to build a
feedforward neural network (refer to Algorithm 2); and 4) one
of the models is selected based on customized requirement,
which is accurate in most instances.
From the perspective of statistics, the reconstruction of
geomagnetic data can be modeled as a regression problem.
The logic of regression can be explained in the following
descriptions. Suppose that the training data set with n data
pairs as {(x i , yi ), i = 1, 2, . . . , n}, where x i is the feature
vector. The feature vector is an array of data that contains
the values of the points that surrounding a target sample
point. On the other hand, the value of the target sample
point is to be calculated from the feature vector during the
testing or reconstructing step. And yi (the true value of the
sample point) is the corresponding label of x i , and it is used
to compare with the calculated target sample point value,
so an accuracy is derived. One should note that yi is a
continuous value. Solving a regression problem requires the
construction of an approximate function f (x) mapping from
x to y (y ≈ f (x)). It is expected that when an independent
variable vector x i is known, the dependent variable yi can be
predicted. In the procedure of training a model, the features
with missing geomagnetic data traces are considered as the
vector x i , which is to be fed into a model. And the missing data
are predicted to be ŷi , which is compared with the completed
magnetic field strength as the ground truth yi .

II. T HEORY
As a recently vastly developed technology, machine learning
methods have not been used to reconstruct the undersampled
geomagnetic data. A framework, geomagnetic data reconstructor (GDR) based on machine learning, is proposed, while an
overview of the algorithms for training and inference in the

A. Classic Machine Learning Methods
In this reconstruction case, three classic machine learning
models were built for this regression problem, i.e., SVM,
gradient boosting, and random forests. The brief introduction
of each model is described as follows.
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1) Support Vector Machine: SVM was originally invented
as a classification system and operates by maximizing the margin of decision boundary, but in terms of its regression algorithm, it also contains all the main features that characterize the
maximum margin algorithm: a nonlinear function is learned by
linear learning machine mapping into high-dimensional kernelinduced feature space [24]. The capacity of the system is
controlled by the parameters that do not depend on the dimensionality of feature space. In a regression model of SVM,
first, the input variables x = {x 1 , x 2 , . . . , x n } are mapped into
an n-dimensional space using a fixed mapping method [25].
Afterward, a linear regression model is constructed in this
n-dimensional space [18]. Hence, the linear regression model
can be described using mathematical notation as
f (x) =

n


yˆi gi (x) + b

(1)

Algorithm 1 Reconstruction Based on Classic Machine
Learning
Result: Geomagnetic data reconstruction.
Input : Experimental geomagnetic data x, missing
geomagnetic data y.
Output: Predicted geomagnetic data.
1
2

3
4
5
6
7

i=1

where gi (x) stands for a set of nonlinear transformation, yˆi
stands for the predicted value, and b denotes the predicted
“bias" value. SVM regression uses ε-insensitive loss as loss
function for training. Further information can be found in [24].
2) Gradient Boosting: Gradient boosting can produce an
ensemble regression model in the form of several weak
models [26]. It not only optimizes the differential of loss
functions, but also sets up additional models in a forwardlooking way. It uses a training sample {(x i , yi )}n1 of known (x,
y) values to obtain an approximation function f (x) mapping
x to y. In addition, it minimizes the value of some specified
loss function L(y, f (x)) over the joint distribution of all (x,
y) values. The frequently employed loss function L(y, f (x))
includes squared-error (y − f (x))2 and absolute error
|y − f (x)|, depending on the type of problem being solved.
In this paper, the squared-error function is applied as the
loss function. For a given loss function, a regression tree is
fit on the negative gradient in each of the training stages.
Thus, the approximation value can be predicted using the
vector of x with known values and corresponding values of y.
In the regression model of gradient boosting, it assumes that
there exists an actual value, and a weighted sum of function
h i (x) can be explored approximately [26], which is called base
learners as
f (x) =

n


γi h i (x) + b

(2)

i=1

where γi = arg minγ L(yi , f (x i ) + γ ) is a separate optimal
multiplier, which can be selected using line search [27].
3) Random Forests: Random forest is a famous machine
learning algorithm, which is constructed by numerous decision
trees. When a regression model is trained, the output predicted
value depends on the mean prediction of all the trees, rather
than each individual tree. Using a multitude of decision trees
can eliminate overfitting. Furthermore, the precision of the
predicted value can be improved.
In the procedure of training a random forests model,
the general bagging techniques are always applied to tree
learners [28]. To be specific, given a training variable
x = {x 1 , x 2 , . . . , x n } with ground truth y = {y1 , y2 , . . . , yn },

3

8
9

10

Training:
A data set is built where x stand for the strength of
magnetic field at time (t) and y stands for the strength of
magnetic field at time (t + 1);
Building different independent regression models:
cl f 1 = svr ()
cl f 2 = Random For est Regr essi on()
cl f 3 = Gr adi ent Boosti ng Regr essi on()
Input all the pairs of (x t , x t +1) to each of the models to
train.
Testing:
The trained models are applied to the geomagnetic data
x with missing traces and obtain the predicted missing
data y  ;
Evaluating the results to obtain the most optimist model.

bagging repeatedly selects a random sample with replacement
of the training set and fits trees to these samples, for b =
1, 2, . . . , B, as follows.
1) Replace n training variables from input data x and output
ground truth y to B samples, which called xb and yb ,
respectively.
2) Train a regression tree f b on xb and yb .
In this procedure, the model should be regarded as an
ensemble of B trees { f 1 (x), f 2 (x), . . . , f B (x)}, where x is
an n-dimensional vector which is defined to be numerical
properties and can be calculated from each tree. The ensemble
produces B outputs { fˆ1 (x), fˆ2 (x), . . . , fˆB (x)}, where fˆb (x) is
the prediction by Bth tree, which implies that the outputs of
all trees are aggregated to produce one final prediction fˆ.
Consequently, the predictions from samples x that should
not be seen can be obtained by calculating the mean of the
predictions from all the individual decision trees on x as [29]
fˆ = 1/B

B


fˆb (x).

(3)

b=1

In addition, taking the majority vote of all the decision trees
can also get the predicted values.
The main steps in our reconstruction method using classic
machine learning techniques are given in Algorithm 1. Once
all the following steps have been successfully completed,
the output associative function f (x) of each model will be
obtained. In practical application, the prediction procedures
are as follows.
1) Input a new geomagnetic data vector x ∗ with missing
traces and transpose it into a 1-D vector. It contains
the magnetic field strength values varying with respect
to time. The strength of magnetic field from time (t) to
(t + j ) is unknown, j ≥ 1, while that from time (t −i ) to
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(t−1) is available, i > 1. Ideally, i is large enough, but in
bad conditions, it would be relatively smaller compared
with the total number of t.
2) Input x t∗−i to the model function, and there is x t∗−i+1 =
f (x t∗−i ).
3) Input x t∗−i+1 to obtain x t∗−i+2 = f (x t∗−i+1 ).
4) Repeat steps 2) and 3) until x t∗ is predicted as x t∗ =
f (x t∗−1).
5) Input the predicted value x t∗ to obtain x t∗+1 = f (x t∗ ).
6) Repeat step 5) until x t∗+ j is predicted as x t∗+ j =
f (x t∗+ j −1).
Generally, x t∗ could be directly obtained based on x t∗ =
f (x t∗−1) if x t∗−1 is known when using the classic machine
learning methods. In this case, we assume that all inputs
and outputs are independent of each other. However, in the
reconstruction task, if we want to predict the next value,
it would be better known which values came before it. RNNs
(refer to Section II-B) are recurrent because they perform
the same task for every element of a time-series vector,
with the output being statistically dependent on the previous
computations. Thus, x t∗−i , x t∗−i+1 , . . . , x t∗−1 are known, and
we should input them to the model function sequentially,
to generate a long short-time memory (LSTM) when using
RNNs. In this case, x t∗ not only depends on x t∗−1 but also
depends on the previous inputs. Likewise, input the predicted
value x t∗ into the network, and x t∗+1 can be predicted based on
the LSTM formed by x t∗−i , x t∗−i+1 , . . . , x t∗−1 and x t∗ . The rest
can also be done iteratively in the same manner. The more the
number of known values, the higher the accuracy of predicted
values.
B. Deep Neural Network Method
To be specific, the reconstruction of the geomagnetic data
is a time- and spatial-series prediction problem, which is also
regarded as a type of regressive modeling problem, but it adds
a degree of complexity of time. The sequence dependence
from the input variables are considered in series in terms of
both space and time, which is unlike that of a simple regression
predictive model. Since the classic machine learning models
have drawbacks in reflecting temporal dependence, a kind of
deep neural network named RNN was adopted to make the
reconstruction results more efficiently.
1) Recurrent Neural Network: RNN is a powerful neural
network structure that is designed to handle sequence dependence [30]. It is also the extension of feedforward neural
networks but adds a feedback connection [31]. The feedback
connection means that the outputs of the model can be fed
back into itself. To some extent, this kind of neural network
has the ability to memorize.
As in Fig. 2, this is the general architecture of RNN. Fig. 2
(left) shows the original format of RNN. There is a loop around
the hidden layer, which means that the output parameters of
the hidden layer can be fed into not only output layer but also
itself. This kind of loop structure allows the neural network
to pass the information from the last step to current step. The
loop format of the computational graph is tricky to understand,
but this loop graph can be unfolded to a chaining of neurons,
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Fig. 2.

Flow structure of RNN.

which has a repetitive structure as shown in Fig. 2 (right).
In the unfolded graph, each repetitive unit represents a time
step, and the length of total time steps is T . One should note
that there is an output node at each time step, but the node
is not necessary for some tasks. In our experiments, the final
one output is our only concern, because the network should
return a single regression value. Thus, there is only one output
node in the last time step in this case. Each node in the middle
denotes the status (a set of parameters) of the hidden layer at
time t. The status of the hidden layer will be updated across
all time steps, and the update function can be abstracted by
the following equation [32]:
h(t) = f (W · [h t −1 , x t ])

(4)

the inputs of this update function are input data x t and the
state of last time step h t −1 , and it will output the state of the
hidden layer of the current step. W stands for the set of weight
parameters in different time steps of RNN.
There are several types of RNN. The main difference among
them is the update function. In this paper, we adopted the most
typical variants called the LSTM network.
2) Long Short-Term Memory: LSTM is a typical kind of
RNN [33], which has the capacity of learning dependences
within long term. The main reason for LSTM owing the ability
to remember long-term information is that there is an extra
state conveyor in addition to the memory block across the
entire time series [34]. Therefore, it has the ability to transfer
information from past time step to future time step. The update
function of LSTM is obviously more complicated than that in
basic RNN, as shown in Fig. 3.
The upstate function is composed of three functions, including input gate f i , forget gate f f , and output gate f o .
In f f , first, it concatenates the current input vector x =
(x 1 ; x 2 ; . . . ; x t ) and the output vector of hidden layer h =
(h 1 ; h 2 ; . . . ; h t ), which is equal to the cell’s output for the last
time step, i.e., h t = x t −1. After this, each entry will go through
σ ) function [35]. The sigmoid function outputs
a sigmoid (σ
numbers between zero and one, describing how much of each
component should be let through. Therefore, if a pointwise
multiplication operator (refer to ⊗) is done to them with the
global state (the top horizontal conveyor from Ht −1 to Ht +1,
that is labeled as st −1 and st +1 ) from the last time step, it will
be a forgetlike gate which can decide what information in the
global state should be forgot. Here is the formula of the forget
gate [36]
f

f

= s t −1 ⊗ σ (W f · [h t −1 , x t ] + b f )

(5)
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Algorithm 2 Reconstruction Based on RNN
Result: Geomagnetic data reconstruction.
Input : Experimental geomagnetic data x, missing
geomagnetic data y.
Output: Predicted geomagnetic data.
1
2

3
4
5
6
7

Fig. 3.

8

Update function cell of LSTM.

where W f are the weight matrices of f f for its connection to
x and h. st −1 stands for the cell state and b f stands for the bias
term. In f i , it is the same as f f , which also need to combine
the input vector and the output vector of last time step,
applying σ function to decide which value will be updated.
The only difference from f f is that it has another branch
which applies tanh activation function to create a vector of
new candidate values [37]. Then, a pointwise multiplication
operator will be used to combine the two branches, and the
result will be a vector of update information as
i s = σ (Wis · [h t −1 , x t ] + bis )
i t = tanh
tanh(Wit · [h t −1 , x t ] + bit )
f i = (i s ⊗ i t ) ⊕ f f .

9

10
11

Training:
A data set is built where x stand for the strength of
magnetic field at time (t) and y stands for the strength of
magnetic field at time (t + 1);
Building a LSTM neural network:
model = Sequenti al()
model.add (L ST M(hi dden layer, i nput_shape =
(vi si ble layer, look_back)))
model. f i t (x, y, epochs = 100)
The i nput vi si ble layer is set as 1 while the
hi dden layer contains 10 LSTM blocks. The
out put layer makes value predictions based on the
look_back, which it defaulted to 1; epochs stands for
the number of overall times for the training vectors;
Fit all pairs of (x t , x t +1 ) to the network, which is
trained for a epochs of 100.
Testing:
Input the missing geomagnetic data x to the trained
LSTM network to obtain the predicted missing data y  ;

(6)
(7)
(8)

The update information will be added to the global state
conveyor by pointwise addition operator, which at this point
of time, is the result of f f . The updated global state will be
transferred to f o and the next time step. Finally, in f o , it needs
to produce the logic gates by σ function. Then, it will apply
tanh function to create the candidate vector for outputting at
one branch of the global state conveyor, which at the point
of time, is the result of f i . At last, a pointwise multiplication
operator will be used to decide what information needs to be
output. The resulting vector of f o can be fed not only to the
output neural layer but also to the hidden layers at the next
time step [38].
The main steps using the deep neural network method are
given in Algorithm 2, where look_back denotes the number of
previous time series, which is regarded as the input variables to
predict the values of next time period. Fig. 4 shows the LSTM
RNN architecture used in this application. The network is built
by stacking multiple LSTM blocks, which can be considered
as a feedforward neural network unrolled in time where each
block shares the same update cell as shown in Fig. 3. The
input to the network at a given time step goes through multiple
LSTMs in addition to propagation through time and LSTMs.
In addition, the prediction procedures using this algorithm are
the same as Algorithm 1.

Fig. 4.

LSTM RNN architecture.

To sum up, for the training geomagnetic data set in Algorithms 1 and 2, the point pairs (variable x and ground truth
y) with completed data are known, and the GDR framework
combined with our algorithms is used to create a best practice
regression model y = f (x) hidden in these training point
pairs. Other missing data y ∗ in (x ∗ , y ∗ ) can be predicted after
feeding x ∗ into this trained model.
In the training stage, we selected several examples without
missing traces, whose geomorphological structures are similar
to those of the reconstructed geomagnetic data. Once the
database is built, we feed all point pairs from the experimental training data into each of the regression models (SVM,
gradient boosting, random forests, and LSTM) to train. Then,
four continuous regression models can be generated, and they
also could be saved for future use for reconstruction. In the
prediction stage, the values of missing geomagnetic data are
unknown, but they could be predicted using the values that are
before or after them in a period of time. All variables x with
missing traces are input consecutively to the regression models
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Fig. 5.
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Procedure of preprocess geomagnetic time-series data.

that have been trained in the previous stage, thus allowing us
to obtain the missing geomagnetic data.
III. E XPERIMENTAL R ESULTS AND D ISCUSSION
The proposed model framework for the reconstruction of
geomagnetic data consists of four steps, including: 1) building
data set; 2) training regression model; 3) reconstructing the
missing geomagnetic traces; and 4) evaluating the results using
new data sets. For all the experiments, the root mean square
error (RMSE) and R-squared [39] were used to evaluate the
prediction performance of different modeling methods. Their
equations are as follows [13]:

⎧
 
⎪
1 n
⎪
⎪
⎪
RMSE
=
(yi − yˆi )2
⎨
n
i=1
(9)
⎪
n
2
⎪
(y
−
ŷ
)
⎪
i
i
⎪
⎩ R−squared = 1 − i=1
n
2
i=1 (yi − yi )
where yi denotes the practical value, ŷi denotes the predicted
value, and yi denotes the mean value of all the predictions.

R-squared is a relative measure of fitting, and RMSE is an
absolute measure of fitting. The lower the RMSE, the better
the model. For R-squared, it ranges from zero to one, and
the higher value it is (close to one), the better the model.
The experiments and the corresponding numerical analysis
were implemented using Python scikit-learn and Keras with
Windows 10, Intel Core i7, 3.2-GHz CPU, and 16-GB random
access memory (RAM).
A. Geomagnetic Data Preprocessing
For using machine learning models in geomagnetic data
reconstruction, it is necessary to include a rule to transform the
geomagnetic data into the form of data pairs (feature, ground
truth), which should be suitable for the input of each model.
The overall data preprocessing flowchart of our proposed
method is shown in Fig. 5. Typically, for a set of 2-D data,
first, the input variables x = {x 1 , x 2 , . . . , x t } whose t subscript
indicates the order of the data collected. The values in it
are the magnetic field strength values varying with respect
to time. Then, x can be transposed into a 1-D column vector
[x 1 , x 2 , . . . , x t ]T directly.
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TABLE I
M ACHINE L EARNING PARAMETERS U SED FOR E ACH OF THE D IFFERENT M ODELS

Fig. 6.

Flowchart of training a regression model.

The method of establishing the database for 3-D is different
with that of 2-D because it has two spatial dimensions (refer
to i and j ) describing all locations of the data sources. The
original data can be expressed as a sequence of images where
each magnetic field strength in each position is represented
by the corresponding sequential pixels along the time axis,
while i and j are the number of pixels along the row and
column axes, respectively. In this case, the input variables
x = {{x 11, x 21 , . . . , x i1 }; . . . ; {x 1 j , x 2 j , . . . , x i j }}. First, the
3-D sequential data are reshaped into numerous 1-D vectors.
After this, transform x to a 1-D space sorted from x 11 to
x i j , and a 1-D column vector [x 11, x 12 , . . . , x i j ]T is obtained.
Hence, each sample of reshaped data is an ensemble of pixels
from original data. And the number of samples is the width i
multiplied by the height j of the image.
Consequently, the original 2-D or 3-D geomagnetic data
are converted into an array, where the feature x stands for the
value (refer to Bt ) of magnetic field at a given location and
the ground truth y is the value (refer to Bt +1 ) of magnetic
field at the next location. Each array is a set of adjacent data
value. In addition, one thing needs to be emphasized is that
the 2-D or 3-D geomagnetic data have their own database B
(training separately), which is built based on their own time
sequential t during measurement.
B. Training Model
For reconstruction of missing geomagnetic traces, we utilized three classic machine learning models and one typical

Fig. 7. 2-D field geomagnetic data for test. (a) Original 2-D field geomagnetic
data. (b) Decimated data with 30% regular missing traces.

deep learning model to learn from the data instances with multiple labels. The instances with a particular event were labeled
as input variables based on machine learning models. Four
different regression models mentioned before were used and
evaluated in order to find a relative optimist model with better
performance. Moreover, numerous comparison experiments
using different geomagnetic data sets were conducted to these
trained models. All parameter definitions for each machine
learning model using Python are summarized in Table I.
1) Training: In general, the training procedure is the critical
stage in machine learning models. In this case, 70% of the
geomagnetic data set was used for training that as input variables to the regression model for intrinsic parameters selection.
Meanwhile, 15% of the geomagnetic data set was reserved for
cross validation and the last 15% for testing the performance of
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Fig. 8. Six 2-D field geomagnetic data used to feed into the training model. (a) 1st dataset. (b) 2nd dataset. (c) 3rd dataset. (d) 4th dataset. (e) 5th dataset.
(f) 6th dataset.

Fig. 9.

Reconstruction results of different models. (a) Linear. (b) SVM. (c) Random forests. (d) Gradient boosting. (e) LSTM.

each model. The relation between the missing and completed
traces in this training data set could be learned by utilizing
machine learning algorithms. Then, a trained model could be
used to predict the values of missing traces.
2) Validation: Basically, after the model training has been
finished based on the training data set, a cross validation was implemented to eliminate the overfitting problem.
As mentioned before, 15% of the geomagnetic data set was
used as the validation data set. The efficacy of the model
could be seen by using this data set to cross validate each
trained model. If the performance of the trained models
was not adequate on the validation data set, a set of parameters should be further modified in order to improve the

performance of these models. Then, each of the trained
models was retrained, and the revalidations were implemented on the same data sets of the retrained models,
respectively. This validation process would be stopped as
long as the machine learning models reached an adequate
performance.
3) Testing: When the process of training and validation was
finished, all the regression models mentioned before could be
obtained. Thus, the testing data set was used to further evaluate
the performance of each model. 15% of the geomagnetic data
set was reserved for testing. Since the testing data were never
used, this is an honest and efficient measure to ensure all the
trained models’ predictive capacity.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
LIU et al.: NONLINEAR REGRESSION APPLICATION VIA MACHINE LEARNING TECHNIQUES

9

TABLE II
C OMPARISON R ESULTS U SING D IFFERENT M ETHODS FOR 2-D D ATA

Fig. 10.
3-D field geomagnetic data for test. (a) Original 3-D field
geomagnetic data. (b) Decimated data with 50% regular missing traces.

4) Performance Evaluation: Aimed to further evaluate the
adaptability of the trained models, several new field geomagnetic data sets that were not trained before were selected to
further test, and were fed into each of the obtained regression
models, respectively. Unlike the testing sets mentioned before,
these data sets have not been trained before. Therefore, this
is a strong way to compare and evaluate the performance of
different regression models. All the general procedure of training a regression model are summarized in Fig. 6. We observe
that the different steps, including attribute extraction, training,
testing, and evaluation, were conducted in developing the
reconstruction machine learning models. Once the models
were identified and validated, the experimental data should
be fed into each of the trained machine learning models for
reconstruction and subsequent interpolation.
C. 2-D Example
A 2-D completed field geomagnetic data are shown
in Fig. 7(a), which is a subset of the data set that was

recorded by a commercial magnetometer in the field for 24 h.
In this case, we implemented a comparison of our results
with the commonly used linear reconstruction method in a
case of 30% regular missing traces (blank spaces), as shown
in Fig. 7(b). Fig. 8 shows another six geomagnetic data sets
without missing traces, from which 29 728 training point pairs
of feature vectors and labels can be extracted. These are six
patches from a large-field data set.
The original geomagnetic data are a time-series data that can
be perceived as a sequence. After the preprocessing mentioned
in Fig. 5, each sample of pairwise data is an ensemble of
variables along the time axis from the original data. As a
consequence, we got 29 728 pairwise samples totally. In this
case, each sample is a 1-D vector, which is a suitable data
form for the input of each model.
Fig. 9 shows the reconstruction results of the geomagnetic
data from Fig. 7(b). By observing the comparison results using
traditional linear, SVM, random forests, gradient boosting, and
LSTM methods, we can conclude that the proposed machine
learning and deep learning-based methods were slightly better
than the commonly used linear regression method, and the
predicted data followed approximately the same trend as
the experimental data in all cases, especially using SVM
and LSTM. The predicted values were almost the same as
the experimental values. However, the predictions were not
accurate in every corresponding measurement point, such as
using random forest and gradient boosting methods.
To make the results in reconstruction quality more convincing, the RMSE and R-squared by using different methods
were recorded in Table II, where the best and worst results
were both highlighted in bold font. Among these five methods,
LSTM got the best quality with training, validation, and testing
data sets. The R-square and RMSE gave better results. The
calculated values of R-square and RMSE in training phase
by LSTM were 0.988 and 0.094, respectively. The cross
validation was used to eliminate the overfitting problem. The
calculated values of R-square and RMSE in testing phase by
LSTM were 0.978 and 0.122, respectively. The results are
worse than the training data set; however, when compared
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Fig. 11. Six 3-D field geomagnetic data used to feed into the training model. (a) 1st dataset. (b) 2nd dataset. (c) 3rd dataset. (d) 4th dataset. (e) 5th dataset.
(f) 6th dataset.

with linear, SVM, and so on, it demonstrated a significant
improvement.

TABLE III
C OMPARISON R ESULTS U SING D IFFERENT M ETHODS FOR 3-D D ATA

D. 3-D Example
To better demonstrate the reconstructive capacity of our
new methods, a series of experiments was conducted on 3-D
field geomagnetic data sets. We chose different grounds of the
measurement region to make sure the diversity and stochastic
of the data. The length and width of the experiment region
were all 10 m, and the measure step distance was 0.1 m,
which means that 100 points should be measured in each
region. Fig. 10(a) shows a 3-D completed field geomagnetic
data with size 10 m × 10 m. The geomagnetic data have
been downsampled with a regular 50% missing traces, which
is shown in Fig. 10(b). To construct the regression model,
we selected another six field geomagnetic data sets that have
different morphological structures, as shown in Fig. 11. As a
consequence, we got 100 × 100 × 6 pairwise samples as the
training data set. Each sample is a 1-D vector, which is a
suitable data form for the input of each model.
Fig. 12 shows the reconstruction results and their trace
comparison obtained using linear, SVM, gradient boosting,
random forests, and LSTM methods. Our proposed machine
learning and deep learning-based methods were also better
than the linear regression method as a whole, especially in the
area around coordinate (7, 6). However, for these proposed
approaches, the reconstructions were not accurate in each
corresponding missing data, such as the area around coordinate
(4, 7) in Fig. 12(b), (9, 2) and (9, 9) in Fig. 12(c), (4, 8)
in Fig. 12(d), and so on. These predicted errors could be
due to the different features of each training model. Overall,
the predicted deviations using linear reconstruction were larger

than others, while the predictions using LSTM were almost the
same as the experimental values, as shown in Fig. 10(a).
Table III shows the quantitative comparison in this case.
Both the best and worst results were highlighted in bold font.
For all these five methods, LSTM got the best quality with
training, validation, as well as testing data sets, which were
consistent with the results of 2-D example. The calculated
values of R-square and RMSE in training phase by LSTM
were 0.972 and 0.124, respectively, while in testing phase were
0.958 and 0.162, respectively. The results were worse than that
of 2-D example overall because the proportional of missing
traces in 3-D data was larger. However, it demonstrated
the better performance significantly by using the machine
learning or deep learning method compared with the linear
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Reconstruction results of different models. (a) Linear. (b) SVM. (c) Random forests. (d) Gradient boosting. (e) LSTM.

TABLE IV
C OMPARISON OF C OMPUTATIONAL T IME AND RAM C ONSUMPTION
E XAMINED U SING D IFFERENT M ETHODS FOR T RAINING AND T ESTING

RAM (126.79 MB), while gradient boosting took the least
(3.33 ± 0.03 s and 2.11 MB, respectively) in the training
procedure. In terms of testing, the SVM took the most running
time (0.76 ± 0.02 s), while gradient boosting took the least
(0.014 ± 0.002 s). Because the consumed RAM in the testing
stage was trivial, we do not show the results here. To sum up,
the running time was all no more than one second in the testing
procedure. In general, when the regression model has been
trained, it can be saved for future use in analyzing geomagnetic
data. Therefore, although training models, especially LSTM,
cost extensive computing resources, this factor can be ignored
if a set of regression models is completed and saved.
IV. C ONCLUSION

regression method, especially LSTM. In addition, our method
can deal with reconstruction problems of real field data more
intelligently without setting complex parameters.
The most significant advantage of machine learning is that
it can intelligently accomplish tasks assigned by a human,
thereby reducing the time cost and manual workloads dramatically. However, in a practical situation, the machine
learning or deep learning training step is extremely timeand memory-consuming. To be specific, in 3-D example,
if all of the training pairs (60 000) are used in the training
stage, the reconstruction experiment takes around 900 s and
130-MB RAM when using the LSTM method. Table IV
shows the comparison of computational time and RAM consumption examined using different reconstruction models. The
most and least running time for training, testing, as well as
the RAM were highlighted in bold font, respectively. The
LSTM took the most running time (913.94 ± 74.32 s) and

In this paper, we proposed both the machine learning
and deep learning methods for geomagnetic data reconstruction. A hidden relationship (continuous hyperplane) can be
determined using sufficient exemplified training sets, from
which the missing data can also be derived. We present
the RNN method to improve the performance of the classic machine learning method (SVM, gradient boosting, and
random forests). Besides, the LSTM-based approach allowed
us to avoid previous drawbacks in the existing reconstruction
methods, and it is generally applicable to different data sets.
Furthermore, the trained regression model can be saved for
future use to reconstruct the geomagnetic data with similar
geomorphological structure. Overall, the experimental results
showed that the proposed method can achieve a reconstruction
accuracy higher than 90%, which showed an increased by
about 20% than the traditional method. The deep learning
methods showed the high accuracy, while it still can be
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improved as they are being further developed and many
interesting ideas are emerging.
In the future work, we will also investigate the application of
ensemble methods for geomagnetic data processing, which can
integrate multiple machine learning models and assign each
model with a weighting factor, such that different methods
are assigned to apply on their better performed data, so the
accuracy can be improved.
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