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Abstract—Numerous studies have demonstrated that

numerous animal species are capable of goal-directed navigation
using environmental information for dead reckoning. The stable
magnetic field of the earth provides important information for
the migration of animals over long distances. Inspired by the
goal-directed navigation of animals, a novel Geomagnetic
Navigation with Temporal Attention-based Data-Driven Dead
Reckoning (Attention-DR) method for Autonomous Underwater
Vehicles (AUV) is presented in this article, which only utilizes the
inclination angle (I) and the declination angle (D) of the
Geomagnetic Field (GF) for underwater navigation without any
prior knowledge of the geographical location or geographic map.
This article proposes a Temporal Attention-based Long Short-
Term  Memory  (TA-LSTM)  neural  network  by  combining
history, GF information, and location in time series to achieve the
optimization heading angle of underwater dead reckoning. Due
to its ability to adjust the utilization weights of local and global
temporal information in the path, TA-LSTM possesses the
capability to continually update neural network model
parameters through a data-driven process during the navigation
process. This enables the Attention-DR to achieve efficient
navigation in regions without prior magnetic maps and overcome
navigation failures caused by magnetic field anomalies. The
simulation outcomes confirm the efficiency, precision, and
practicability of the proposed algorithm.

Index Terms—Geomagnetic navigation, autonomous underwater
vehicle, data-driven control, dead reckoning, long short-term
memory
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I. INTRODUCTION
NDERWATER navigation method provided accurate
position, speed, and attitude information  for
Autonomous  Underwater  Vehicles  (AUVs).  Due  to

the rapid attenuation of radio frequencies in the underwater
environment, the Global Navigation Satellite System (GNSS)
is no longer suitable for AUVs. Numerous alternative
methods, such as the Inertial Navigation System (INS),
acoustic navigation, terrain-aided navigation, gravity-aided
navigation, and geomagnetic navigation, have been utilized for
AUV navigation. Despite the fact that INS is a passive method
that does not rely on external information, its positioning error
accumulates with time due to the error drift of inertial devices,
preventing its use for long-distance underwater navigation [1].
Underwater acoustic navigation can provide high precision
location information, but it requires the placement of signal
beacons in advance, which is difficult to achieve in an
unknown environment [2]. Underwater geophysical navigation
methods mainly include terrain matching [3], gravity matching
[4], and geomagnetic matching, with the characteristics of
strong autonomy, good concealment, and area independence.
The terrain contour matching (TERCOM) algorithm [5] for
terrain matching navigation has been implemented in
Tomahawk missiles [6] and gravity aided inertial navigation
for underwater vehicles. TERCOM systems receive constant
corrections throughout the movement processes and, as a
result, do not have any drift. Magnetic contour matching
(MAGCOM),  which  was  the  first  proposed  and  widely  used  in
magnetic navigation engineering practice [7], can only be used to
calibrate the translation error because the initial heading error
would produce a large position error. Therefore, the MAGCOM
method is often used in conjunction with the inertial navigation
system (INS) [8]. Another mainstream method of geomagnetic
matching navigation based on the iterative closest contour
point (ICCP) algorithm is also an important area of research in
underwater navigation technology [9]. It is accomplished by
following an optimal trajectory to match the real-time
measured magnetic sequence desired in the geomagnetic map
and correcting the translation and rotation errors, and it is first
proposed for gravity matching [10][11]. Matching navigation
generally refers to the similarity between the navigation trajectory
sequence and the corresponding reference map, and the accuracy
of navigation is largely depending on the setting of the matching
step configuration. When a priori reference map cannot
accurately reflect the geomagnetic characteristic environment of

U



2
IEEE TRANSACTIONS ON CYBERNETICS

the current navigation area, or when the AUV enters an unknown
environment of the current navigation area without a high-
precision geomagnetic map, the MAGCOM and ICCP methods
will be severely constrained. Thus, traditional geomagnetic
matching algorithms are limited by pre-stored map data,
meaning that the entire route must be pre-planned, including
its starting point, and that the accuracy and completeness of
the maps are difficult to ensure for various reasons. Clearly, it
is distinct from how marine animals navigate. It appears that
marine animals lack a large-scale spatial distribution of the
geographic information and only require the perceived real-time
information while travelling.

Numerous marine organisms are known to migrate thousands
of kilometers and return to their original environments. The
distribution of water temperature, currents and pressure provides
little information for marine animals to navigate [12][13].
Increasing evidence reveals that these animals use the
Geomagnetic Field (GF) as a "map" to find their position and
orient themselves [14]. "Magnetic displacement" experiments, in
which animals are subjected to the magnetic intensity, inclination,
or declination corresponding to the destination, while all other
potential orientation cues—olfactory, inertial, visual, auditory,
and so forth—are meticulously controlled and held constant [15].
These magnetic displacement experiments have yielded
successful outcomes, illustrating that a diverse array of taxa,
including crustaceans [16], fish [17], amphibians [18], reptiles
[19], and birds [20], derive vital navigational information from
the geomagnetic. Qi et al. [21] proposed an autonomous local
navigation and positioning system without using magnetic field
strength information. They simulated the magnetic dipole of the
earth by using tilted magnets to generate a gradient magnetic field
for navigation and positioning, employing a prediction algorithm
based on the Extended Kalman Filter (EKF). However,
significant changes in the local geomagnetic field, caused by
external factors, may affect the accuracy of heading angle
determination based on the gradient. Taylor et al. [22] proposed
an agent-based computer simulation that uses the inclination of
GF lines as a component of a magnetic compass sense for long-
distance navigation. The results show that the sequential
inclination and sequential inclination complement strategies are
both capable of autonomous transequatorial migrations in both
present-day and reversed magnetic fields. However, when the
magnetic noise is introduced in both the polar and meridional
directions, the strategy is affected to a degree that makes
navigation impossible. So, combining the research of Qi, Taylor
and other important relevant research [23][24], the question that
has been difficult to resolve is how a consistent and reliable
heading angle based on the GF gradient can resist the effects of
the unknown magnetic field anomaly.

Various bionic geomagnetic navigation strategies have been
proposed in research over the years to address this problem.
Zhang et al. [25] proposed a geomagnetic gradient-assisted
evolutionary algorithm for long-range underwater navigation. The
geomagnetic gradient improves the evaluation function by
limiting the evolutionary sample space to optimize navigation in
the geomagnetic anomaly area. Simulations demonstrate that
search efficiency and navigation path straightness are

considerably improved. Sample space constraint reduces
navigation path search unpredictability. However, several
computations during this process were ineffective searches,
highlighting the need for a more thorough method beyond the
monotonic decline of the objective function. Zhang et al. [26]
proposed a long-distance underwater geomagnetic navigation
method using the model predictive control (MPC) algorithm
without any prior knowledge of the geographical location or
geomagnetic map. This method not only showcases the potential
of leveraging declination and inclination components for long-
distance underwater geomagnetic navigation but also highlights
the robustness of the MPC algorithm in mitigating the impact of
various geomagnetic field anomaly. It is worth mentioning that
the reliance on a single calculation of the gradient at the
beginning of the navigation process, coupled with the subsequent
updates based on acquired declination and inclination
measurements, contributes to the adaptability and efficiency of
the proposed approach. However, the impact of fixed Q and R
parameters on the heading angle remains a critical consideration
in achieving precise and accurate navigation in the presence of
magnetic field anomalies. Wang et al. [27] proposed a tightly
coupled integrated navigation model with EKF to fuse the
information of the polarization compass and magnetometer for a
bioinspired integrated navigation system. This method addressed
the heading error of the system and enhanced local geomagnetic
field reconstruction in magnetic anomalies. However, the
complexity and scale of the polarization navigation system may
make implementation difficult, warranting further investigation.

In this study, we propose that the historical geomagnetic data
obtained during the navigation process can be treated as a time
series dataset. From this dataset, it is possible to extract the
changing trends of the magnetic field gradient in the current
region. In this context, neural network-based techniques have
emerged as useful, cutting-edge methods to address the heading
angle error cost of magnetic anomalies. By combining the history
and current GF information, we can estimate the intensity of the
magnetic field anomalies. To accomplish this, we introduce a
data-driven heading angle estimation method based on a
Temporal Attention-based Long Short-Term Memory (TA-
LSTM) neural network. By incorporating a well-designed
heading constraint strategy, we aim to address the limitations of
existing methods such as the EKF, MPC and evolutionary
computation, which are known to be significantly affected by
magnetic field anomalies. Our proposed Attention-DR method
seeks to overcome the gradient disappearance problem caused by
magnetic field anomalies and enhance the reliability and
efficiency of the navigation system by leveraging the predictive
capabilities of the TA-LSTM neural network in estimating the
heading angle.

The rest of this article is organized as follows. In Section II the
mathematical description of the GF information formulates the
problem of bionic geomagnetic navigation. Section III presents a
data-driven model predictive control algorithm to provide the
correct heading angle for AUVs navigating underwater magnetic
field anomalies. And the navigation performance of the proposed
method is analyzed and compared following the simulations in
Section IV. Conclusions are offered in Section V.
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II. FUNDAMENTALS

A. Description of the Geomagnetic Field Information
The Geomagnetic Field (GF) is a basic physical field of the

earth, and it is mainly composed of three parts. The main
magnetic field mB , produced by largescale electric currents in
the liquid outer core of the earth, consisting of conductive
molten irons [28]. The mB  changes very slowly and the time
cycle is measured on the scale of a thousand years. The
magnetic field anomaly eB , mainly generated from
ferrimagnetic minerals, which decaying with height, and
hardly changes with time. The disturbed magnetic field dB ,
originating in the ionosphere and magnetosphere, which varies
dramatically over time and is always associated with solar
activity [29]. It follows that the value of the magnetic field B
at any place on the earth is:

( ) ( ) ( ) ( )m e dB t B t B t B t= + + (1)
There are seven elements that make up the main GF vector

mB . As is shown in Fig. 1, these are the northerly intensity
XB , the easterly intensity YB  and the vertical intensity ZB

derived from XB , YB , ZB : the horizontal intensity H , the total
intensity F , the inclination angle I  and the declination angle
D . The axis of the magnetic pole currently tilts at an angle of
11°  with respect to the axis of rotation, as if a magnetic bar
were  situated  at  that  angle  in  the  center  of  the  earth.
Consequently, the horizontal direction of the GF does not
coincide with the direction of geographic north in most cases.

Fig.  1 Seven elements of the main geomagnetic field vector
mB  associated with an arbitrary point in space.
Various models can be used to characterize the main GF of

the earth, such as the world magnetic model (WMM) [30], the
international geomagnetic reference field model (IGRF) [31],
and the enhanced magnetic model (EMM) [32]. The scientific
community employs these models to investigate space
weather, electromagnetic induction, and local magnetic
anomalies. It is also extensively employed in satellite attitude
determination and control systems, as well as other
applications requiring orientation information. In this article,
instead of measuring GF with a triaxial magnetometer, we
choose the WMM2020 model to get the GF information. In
practical applications, values obtained from both sensors and
theoretical models can be used with proposed method. The
number of inclination angle I  and the declination angle D  are

calculated by feeding the WGS84 coordinates into the
WMM2020 model and transformed to the Universal
Transverse Mercator (UTM) coordinate system using
Gaussian projection for AUV navigation. The transformation
method in this article refers to the research by Wu et al. [33].

Theoretically, the geomagnetic vector at any given location
corresponds to its geographical position in the earth, one by
one [34]. On the ground, the GF intensity ranges from
approximately 25000 to 65000 nT [35]. Given that three of the
seven elements can be calculated by using (2). In this article,
the TA-LSTM method uses the geomagnetic information
provided by D and I. By convention, the D is positive when
the magnetic north is to the east of the geographic north, and
the  negative  when  it  is  to  the  west.  The  positive  values  of I
indicate that the GF at the site of measurement is pointing
downward into the earth, while negative values indicate that it
is pointing upward [30]. Therefore, when using D and I to
calculate the geomagnetic gradient, it is necessary to change
the positive or negative values according to the direction of
travel to find the correct heading angle.
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B. Problem Description
The  GF  is  comprised  of  multiple  elements,  and  the  GF

information corresponds to the geographical location, providing
solid physical foundation for bionic underwater navigation. In this
article, the geomagnetic elements at a position in the trajectory are
described as:

1 1 1{ , ,... , , ... }o k k k dS S S S S S S- += (3)
where the D and I at the kth sampling location are denoted by

[ , ]T
k k kS D I= . Simultaneous, the [ , ]T

o o oS D I=  and the
[ , ]T

d d dS D I=  represent the D and I at the starting location and the
destination, respectively. The underwater navigation for AUV
process is the parameter convergence process from the starting
location to the destination. During the navigation, the kS  can be
obtained by magnetometer while arriving a new sampling
location kL . The trajectory of navigation is described as:

1 1 1{ , ,... , , ... }o k k k dL L L L L L L- += (4)
where [ , ]T

o o oL lx ly=  and [ , ]T
d d dL lx ly=  represents the starting

location and the destination. The klx  and kly  are represents
the coordinates in the xoy  coordinate frame, and the values
can be obtained by assuming a motion model:

1

1

cos

sin

k
k k N k

k
k k N k

lx lx y V

ly ly y V
+

+

ì = + ×ï
í

= + ×ïî
(5)

where k
Ny  is the heading angle at kth sampling time of 1 second

movement with velocity kV . The heading angle, which
determines the movement direction of the AUV, and the
velocity determines the distance traveled in this direction, are
the key factor for navigating and have some connection in
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time sequence. To correlate GF information with heading
angle, the geomagnetic gradient information is used to
calculate two adjacent moments D and I by the following
equation:

1

1

cos sin

cos sin
k k Dxk k Dyk k

k k Ixk k Iyk k
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I I g g

q q
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(6)

where Dxkg , Dykg , Dxkg , Dxkg  are the gradients of D and I. The kth
gradients are obtained through a simple decomposition of the
changes of D and I in the East and North directions [25][26].
The geomagnetic gradient of can be calculated by the k+1th,
kth and k-1th geomagnetic elements measured by
magnetometer or bring the WGS84 geographic coordinates
into the WMM model for solution:
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The calculate heading angles can be obtained as follows:
( ) ( )' arctan( )
( ) ( )

k k d Dxk k d Ixk
N

k d Iyk k d Dyk

I I g D D gy
D D g I I g

- - -
=

- - -
(8)

where the gradients Dxkg , Dykg , Dxkg , Dxkg  can be calculated by (7).
Therefore, by constructing a reasonable objective function and
describing its convergence process can determine whether the
AUV reaches its destination:

2
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(9)

where, ( )i kf S  is the ith geomagnetic elements at kth time and
destination. To exclude differences of magnitude and units,
the objective function is normalized to:

1

1( ) ( )
n

k i k
i

F S f S
n =

= å (10)

When the AUV arrives at the destination, theoretically, the
objective function is zero. However, to prevent the search for
unique solutions from taking too much time, the navigation
process is terminated when the error converges to e
considered the AUV to have reached the destination. This is
expressed as:

( )kF S e£ (11)
Marine organisms can use GF information to discover

magnetic field abnormalities in navigation routes and change
their heading angle. The theoretical model shows that heading
angle and velocity are the most important geomagnetic
navigation parameters. The GF information and position
sequence strongly correlate with the history data of the
navigation phase. Therefore, based on this idea, this article
proposes an Attention-DR navigation method based on
Temporal Attention-based LSTM (TA-LSTM) neural network
that utilizes a period of sample data during the navigation
process to predict the GF information and compare it with the

actual GF information, as shown in Fig. 2. By determining
whether a given navigational region is within an abnormal
zone and using a data-driven method to adjust the actual
heading angle by predicting the heading angle, the proposed
approach is able to achieve stable, fast, and accurate
convergence of multiple geomagnetic parameters during the
navigation process.

Fig.  2 Schematic diagram of geomagnetic navigation with
temporal attention-based data-driven dead reckoning.

III. PROPOSED ATTENTION-DR NAVIGATION METHOD

To achieve the Temporal Attention-based Data-Driven Dead
Reckoning (Attention-DR) navigation method, the Declination
Component (D) and Inclination Component (I) of the destination
have been known before the navigation. The D and I at any
location on the earth can be known by the magnetometer in real
time. The hypotheses here are the same as [26][27]. Unlike
[26][27], we not only use the D and I measured in real  time to
compare with the D and I at the destination to determine whether
the destination is reached or not, but also use the sequence of D
and I to train the TA-LSTM network model for the prediction of
GF information and heading angle. The heading angel and
attitude of the AUV relative motion can be obtained by the
precise inertial navigation system (INS), which has been studied
and widely used in aviation, aerospace and underwater navigation
for several years [36][37][38].

First of all, the process of Attention-DR is described. The
gradient of D and I at the origin is required at the beginning of
the navigation. As is shown in Fig. 3, the AUV moves towards
x  from starting location oL  for the velocity 1V  in the xoy
coordinate to 1L . Then move towards y  from 1L  for the
velocity 2V . This process is designed to be utilized (7) to
compute the initial gradient. The historic sequence of D and I
at each location is saved and used to calculate the heading
angle and train the TA-LSTM network. Until the training
process is complete, the heading angle can be generated using
inertial navigation, or the WMM geomagnetic model without
anomaly. The geomagnetic navigation iterates until the
objective function converges (10) less than the pre-set value.
The Attention-DR method proposed in this article uses
historical geomagnetic data and the heading angle training
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TA-LSTM network and fuses the predicted heading angle with
the calculate heading angle, which can effectively resist the
great influence of magnetic field anomalies on navigation. In
the following, the method will be introduced in detail.

Fig.  3 The geomagnetic navigation process with temporal
attention-based data-driven dead reckoning.

A. Description of the Long Short-Term Memory.
Long  Short-Term  Memory  (LSTM)  neural  network,  as

described by [39], is a type of Recurrent Neural Network (RNN)
that addresses the problem of disappearing gradient in RNNs by
introducing gating mechanism. With the help of memory unit and
gate mechanism. LSTM is capable of extracting the inherent
patterns within a series that exhibit longer intervals and delays,
thanks to its utilization of cell memory and hidden state
mechanisms [40]. The LSTM consists of hidden state kh  and cell
memory kc , that respectively stores the summary of the past
input sequence and controls the information flow between the
input and output through gating mechanism. The LSTM
computes as follows:

1( [ , ] )k f k k ff W h x bs -= × + (12)

1( [ , ] )k i k k ii W h x bs -= × + (13)

1( [ , ] )k o k k oo W h x bs -= × + (14)

1tanh( [ , ] )k g k k gg W h x b-= × + (15)

1k k k k kc f c i g-= +e e (16)
tanh( )k k kh o c= e (17)

where, kf , ki and ko are gating vectors, that respectively control
how much information for the cell memory to forget, update and
output. s is a logistic sigmoid function, e is element wise
product and kx  is the input vector. Where fW , iW , oW  and gW
are linear transformation matrices whose parameters need to be
learned, while fb , ib , ob  and gb  are corresponding bias vectors.
We simplify the basic LSTM representations as follows:

1 1( , ) ( , , )k k k k kh c LSTM x h c- -= (18)

B. Description of the GF information encoder with local
temporal attention and decoder with global temporal attention.

A notable characteristic of marine animal perception is its
tendency to selectively process external stimuli rather than
instantaneously attending to all inputs. In contrast, animals will
initially prioritize the salient components in order to extract the

necessary information [41]. The attention mechanism possesses
the ability to dynamically choose the most pertinent input
characteristics and provide greater importance to the associated
original feature sequence. Inspired by the marine animal
navigation in long-range, we proposed to use the temporal
attention mechanism extracts reliable underwater GF
information for navigation by adaptively paying more local
attention to relevant heading angle of encoder during future
sequence generation, and adaptively greater global attention to
relevant hidden state. We assume that the entire input
sequence of length nT is  divided  into n interval ranges by
period T to achieve TA-LSTM. The GF information is
separately fed into the LSTM networks to extract features. It
has been observed that there is a strong correlation between
the heading angle and the time series data of GF information
and AUV geographic location. The temporal attention
mechanism assigns larger weights to heading angle sequences
that have stronger correlations with the projected destination
position. Consequently, the temporal attention mechanism can
be utilized to analyze potential patterns in the geomagnetic
information-location relationship and heading angle sequences
in order to solve the problem of undetermined heading caused
by the disappearance of geomagnetic gradients and
geomagnetic anomalies during AUV navigation.

The GF information [ , ]T
k k kS D I=  and the AUV sampling

location [ , ]k k kL lx ly=  are represented as a series of time-
stamped vector, and the dead reckoning problem can be
framed as that of heading angle prediction, so it can be treated
as a sequence to sequence (Seq2Seq) problem. Assuming that
the input data sequence is 1 2[ , ,.., ,.., ]n NX X X X X= , the
sequences of n-th local GF information and location are
embedded as 1 2[ , ,... ,.., ]n n n n

n k TX x x x x=  to the encoder process,
where [ , ]n n n

k k kx L S=  represents the k-th visited location and GF
information, and the actual heading angle will be used as the
feature sequence for training 1 2[ , ,... ,.. ]n n n n

n k TY y y y y= , where
n n
k ky q=  is the k-th actual heading angle of n-th local that the

AUV will navigation in order. The sequence prediction model
aims to learn a nonlinear relationship between GF information,
location and heading angle. The problem of (10) is formulated
as ( )Y F X= , where (*)F  is the nonlinear function the data-
driven process aims to learn.

Fig. 4 The structure of encoder with local temporal attention.
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The TA-LSTM encoder-decoder structure is based on two
LSTM process, the encoder structure as is shown in Fig. 4 and
the decoder structure as is shown in Fig. 5. The encoder process
recursively inputs the sequence n

kx  of length T and update the
encoder state vector e

nc  and e
nh  at each n-th local through (18),

and summarizes the whole input sequence into the vectors e
Nc  and

e
Nh . The local temporal attention weights of local feature on the

actual heading angle n
ke  and  the  important  degree  of  GF

information n
ka  are as follows:

1 1tanh( [ , ] )n T e e
k e e n n e n ee V W h c U Y b- -= × × + × + (19)

softmax ( )n n
k ka f e= (20)

where (*)softmaxf  is a non-linear activation function, T
eV , eW , eU

and eb  are the parameters of local attention need to be learned,
n
ka  is the local attention weight. The local attention mechanism

reconstructs the information of the actual heading angle to
participate in the temporal training of LSTM. Then, the hidden
state from the TA-LSTM encoder e

nh  are as follows:
1 1( , ) ( , , )e e e e

n n n n nh c LSTM X h c- -= (21)
where 1 1 2 2( , ,..., )n n n n n n

n T TX x a x a x a= × × ×  is the input GF information
with local attention weight. The LSTM decoder process uses the
cell memory e

nc  and hidden state e
nh  from the encoder. The initial

state for the decoder process of the cell memory are 0
d e

Nc c=  and
hidden state 0

d e
Nh h= . The global temporal attention weight of

hidden layer state from encoder every -thn location of GF
information important degree are as follows:

1 1tanh( [ , ] )T d d e
d d n n d dl V W h c U h bt t- -= × × + × + (22)

softmax ( )f lt tb = (23)

1

n
d e
nc ht t

t

b
=

= å (24)

where T
dV , dW , dU  and db  are the parameters of global attention

need to be learned, tb  is the global attention weight.

Fig. 5 The structure of decoder with Global temporal attention.
To integrate all the GF information sequence data, we use

Fully Connected (FC) feedforward neural network to combining
the local temporal attention weight n

ka  and global temporal
attention weight d

nc , the input of decoder '
nY  with global attention

are obtained as follows:
' [ , , ] 'd

n n n n nY W X c Y b= × + (25)
where nW  and 'b  are  the  weight  parameters  of  the  first  FC  for
input integration. The hidden state of the decoder are as follows:

'
1( , )d d

n n nh LSTM Y h -= (26)
After N iterations, the final cell memory d

Nc  and hidden state
d
Nh  are used to calculate the predicted value. Therefore, the N+1-

th predicted heading angle can be calculated as follows:
1 ( [ , ] )T d d

N y y T T w yY V W h c b b+ = × × + + (27)
where yW  and wb  are the weight parameters of the second FC
layer for output integration; T

yV  and yb  are the weight parameters
of the third single FC for dimension transformation. The model
set involved in the TA-LSTM is defined as f . All the parameters
learned are updated to get the optimal prediction heading angle,
aiming at minimizing the loss function as follows:

2
1 1

1

1( ) ( )
M

m m
N N

m
loss y y

M
f + +

=

= -å (28)

where, M is the number of validation sets, 1
m
Ny +  and 1

m
Ny +  are the

actual and predicted heading angles of the m-th validation sample,
respectively. It is essential to maintain a global perspective
throughout the entire navigation process in order to avoid an
overemphasis on local geomagnetic gradients and the possibility
of magnetic field anomaly entanglement. Therefore, the proposed
TA-LSTM with local and global temporal attention mechanisms
facilitates more accurate predictions than the traditional LSTM.

C. Computing the likelihood of geomagnetic anomaly and
updating the actual heading angle.

Since the accuracy of the TA-LSTM for predicting heading
angle is highly dependent on the number of samples and limited
by the sampling speed of the magnetometer sensors, there is less
data available for network training in the early stages of
navigation. To make the quickest determination of whether an
AUV is in a magnetic field anomaly. We employ Maximum
Likelihood Estimation (MLE) to determine whether the current
position is within a geomagnetic anomaly region. Based on this
strategy, we have designed an anomaly score to update the actual
heading angle heading angle. The error vectors at the N-th
location are as follows:

1

1 | ' |
T

N k k
N N

k
y y

k =

= -åe (29)

where 'kNy  and k
Ny  represent the calculate and predicted heading

angles of the k-th time. By assuming 2' ( , )k
Ny N m s: , the N-th

calculate heading angle sequences are used to estimate the
parameters m and 2s  by using MLE. For any interval of the
heading angle, the anomaly score computes as follows:

2

(e ) ( e )exp( )
N T N

N m m
h

s
- -

= - (30)

When the AUV arrives in the unknown magnetic anomaly
place, the anomaly score decrease, indicates a dramatic GF
information change in the anomaly the area, the actual heading
angle the AUV update as follows:

' (1 )k N k N k
N N Ny y yh h= × + - × (31)

The complete Attention-DR algorithm is summarized in
Algorithm 1.

TA-LSTM Decoder

1
eh eht

e
Nh

1l lt Nl

... ...

......

1b tb Nb......

Global Attention

Softmax

d
nc

Hidden
State From

Encoder

Concat
nXInput with

Local
Attention

nY Actual
Heading
Angle

LSTM 1
d
nh -

d
nh
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Algorithm 1 Attention-DR for Geomagnetic Navigation
Input: [ , ]T

o o oS D I=  (Starting state), [ , ]T
d d dS D I=

(Destination state), [ , ]o o oL lx ly=  (Starting Location),
[ , ]d d dL lx ly=  (Destination Location), e (Terminated error

converges), 0V  (Starting Velocity).
1: Initial input data sequence 1X  and heading angle feature

sequence 1Y  by (2)-(8) and WMM2020.
2: for n=1; n<N
3: while 1( )kF S e+ >  do
4: Calculate Heading Angle 'kny
5: TA-LSTM Encoder:

Learn the LSTM parameters by (12)-(17) and local
attention weight by (19)-(20) with the loss
function set by (28).

Update the encoder cell and hidden state e
nc  and

state e
nh  by (21).

6: TA-LSTM Decoder:
Learn the LSTM parameters by (12)-(17) and local

attention weight by (22)-(24) with the loss
function set by (28).

Calculate the decoder output by (25), then update
the decoder cell and hidden state d

nc  and state
d
nh  by (26).

Update predicted heading angle 1
k
ny +  by (27).

7: Calculate geomagnetic anomaly score and updating
the actual heading angle k

ny  by (29)-(31).
9: Update Location 1kL +  and 1kS +  with k

ny
10: Set 1 0( )kV lr V+ = , lr  denotes the decay with iteration.
11: end while
12: end for

IV. SIMULATION

In this section, the simulations are carried out to verify the
performance of the proposed Attention-DR navigation method.
All simulations are performed on a desktop computer (CPU: Intel
Core i7-11700: 2.50Ghz; RAM: 16Gb; Graphics: GTX1060:
6Gb) using a software developed on MATLAB R2023a platform.
In these simulations, we choose a rectangular area in the vast
western Pacific, which is from 20° north latitude, 130° east
longitude (20°N, 130°E) to 30° north latitude, 140° east
longitude (30°N, 140°E). According to the WMM 2020, the
geographical coordinates of the area can be uniquely
determined by the GF information.

In the following three simulation test, the GF information
are retrieved from the WMM2020 model. At the beginning of
the navigation, the AUV need to move, the heading angles are
set as 0° and 90°, respectively, and the geomagnetic gradient
is calculated from (7). At the initial state of navigation, the
heading angles calculated from (8) are considered as the
feature sequence. The TA-LSTM network training process
was conducted in a region without geomagnetic field anomaly
and in a region where interference is generated using the
multimodal function to facilitate the replication of the
experimental results. From the research of Zhang [26], we
know that using declination (D) and inclination (I) in
geomagnetic information requires the AUV to be at a suit able
moving speed at the beginning, if the speed is too slow the

actual geomagnetic gradient cannot be obtained, and too fast is
wasting of time and cost.

To facilitate the comparison of experiment performance, we
chose initial speed 0V is 40 knots (about 74.08 km/h). At the
navigation process carries on, the AUV keeps approaching the
destination. Letting the geomagnetic parameters converge
faster and improve the accuracy of the process, this paper sets
the speed decay of the initial speed the k-th speed is as follows:

int( )

0

0

,| | 0.5 & | | 0.5
,

k itr
dstep

itr d itr dk
V drate lat lat lon lonV
V else

-ìï ´ - £ - £= í
ïî

o o  (32)

where, itrlat  and itrlon  indicates the itr-th forward reaching
within 0.5° to the destination of dlat  and dlon , the conversion
relationship between latitude, longitude and xoy distance can
be obtained by using the Great circle distance [42], int means
rounded down to the nearest integer, destep indicates the
initial speed decay interval with drate as the decay rate.

A. Simulation without geomagnetic field anomaly
In this article, we choose (22.6°N, 132.95°E) as the starting

location and (20.8°N, 135.89°E) as the destination for
simulation without interference, the starting state is

T=[-4.2220, 30.8672]oS  and the destination state is
[ 3.6444, 28.8878]T

dS = - and the position in xoy is Lo=[-
7.2298×105, -2.7052×104]T. To prove the effectiveness of the
proposed method, in addition, the simulations in this part are
carried out in Attention-DR, original LSTM without attention,
and the evolutionary method proposed by Zhang [25]. The rest
of the parameters for Attention-DR and original LSTM are set
as follows: T=30, N=10, epoch=50, numhidden=100,
minibatch=24, Learning Rate=0.005, LearnDropFactor=0.9,
TrainRatio=0.7 and ValidationRatio=0.2. The parameters of
evolutionary method are consistent with Zhang [25]. The
terminated condition for all methods when 0.02e =  or
maximum of 300 iterations.

Fig. 6 Simulation without geomagnetic field anomaly.
The simulation trajectories without geomagnetic field

anomaly are as shown in Fig. 6, and the convergence of
geomagnetic elements are as shown in Fig. 7. From starting
location (22.6°N, 132.95°E) to the destination of (20.8°N,
135.89°E), the Trajectory 1 is the result of the Attention-DR
proposed in this article with the final arrival location of
(20.837°N, 135.819°E) in 79 steps and total traveled
374.744km. The Trajectory 2 is the result of the evolutionary
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method [26] with the final arrival location of (20.839°N,
135.840°E) in 89 steps and total traveled 378.376km. The
Trajectory 3 is the result of the original LSTM method with
the final arrival location of (20.822°N, 135.816°E) in 88 steps
and total traveled 376.243km. From the comparative analysis
of the results, it becomes evident that the Attention-DR
method requires fewer iterations compared to the other two
approaches. Moreover, it exhibits a shorter total traveled
distance and maintains closer proximity to the destination.
Due to the introduction of temporal attention, more significant
GF features will be focused on during the journey to shorten
the traveled distance. To further illustrate the advantage, the
geomagnetic elements convergence is analyzed as below.

(a) Convergence curve of geomagnetic elements in trajectory 1.

(b) Convergence curve of geomagnetic elements in trajectory 2.

(c) Convergence curve of geomagnetic elements in trajectory 3.
Fig. 7 Convergence curve of geomagnetic elements.

As shown in Fig. 7, the proposed Attention-DR method
produces a significantly faster convergence performance than the
evolutionary and original LSTM methods. In the initial stage of
navigation, there is not enough priori information for Attention-
DR and original LSTM training, thus the trajectories of these two
methods overlap. When the training is complete, we can clearly
find that the heading angle using the Attention-DR method has
changed, moving towards to evolutionary method, but with a
more stable heading. This is because, despite the fact that the
evolutionary approach computation obtains the optimal heading

based on geomagnetic information, the search sensitivity of the
process is relatively high, causing the heading angle to change too
rapidly. In addition, the range of heading constraints and the
randomness of optimum population selection are reduced due to
the obstacles, reducing the navigational efficiency. Once a
sufficient quantity of geomagnetic data is collected, the benefits
of the Attention-DR method become apparent, and it is observed
that the convergence of Trajectory 1 is continuous, smooth, and
highly predictable. However, environments without anomaly are
uncommon in the real world, so we continued the simulation with
anomaly to evaluate the efficacy of Attention-DR.

B. Simulation with geomagnetic field anomaly.
The geomagnetic anomaly arises from the heterogeneity in the

distribution of magnetic materials inside the Earth's crust, hence
causing fluctuations in both the magnitude and intensity of the
anomaly field. These anomalies can range from weak fields with
strengths below 1 nT to strong fields several times stronger than
the main magnetic field. From the model of (1), the presence of
magnetic anomalies alters the spatial distribution characteristics
of normal geomagnetic field parameters, generating strong
interference to the heading angle of navigation. Encountering
geomagnetic anomalies is an inevitable occurrence during
navigation. Therefore, it is crucial to analyze the performance of
the proposed and compared methods in the presence of
geomagnetic anomalies through simulations. This has an
immediate impact on the utility of the methodology.

The variation of geomagnetic anomaly field on earth is
complex, changeable and unpredictable. In anomalous fields, the
use of navigation methods relying on geomagnetic gradient
information may encounter problems of gradient vanishing and
falling into local optimization leading to navigation failure. As is
shown in Fig. 8, three examples illustrate situations with different
angles between contours, arrows show the gradient directions
towards  the  destination  for  each  of  the  contours  of  the  GF
Declination (D) and Inclination (I).

(a) (c)

(b)
Fig.  8 The schematic diagram depicts the influence of angular
disparity between contours on the process of geomagnetic
navigation from a remote site to a desired destination.

From Fig. 8(a), it can be observed that when the angle
between D and I is large, significant geomagnetic gradient
information can be utilized to determine the heading angle.
However, this may result in the AUV getting trapped in
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regions with magnetic anomalies. On the other hand, when the
angle between D and I decrease, as shown in Fig. 8(b), the
geomagnetic gradient information becomes highly susceptible
to disturbance caused by angle variations, and it may even
lead to a 180° deviation in the heading. Additionally, when D
and I are parallel, as is shown in Fig. 8(c), it becomes
impossible to determine the heading angle using geomagnetic
gradients. These situations are likely to occur in regions with
magnetic anomalies. When calculating heading position by
position, geomagnetic data will directly determine the
heading, whereas when analyzing all historical data, the
underlying pattern of geomagnetic variations will assist the
AUV in escaping anomalous regions.

To simulate the aforementioned magnetic anomaly situations
to the maximum extent and facilitate experimental
reproducibility, we utilized a multimodal function to generate
anomalies, as is shown in Fig. 9, the geomagnetic anomaly region
was defined within the range of 20°-23°N and 133°-136°E. The
geomagnetic field anomaly was superimposed on top of the
basic WMM2020 model. The mathematical representation of the
anomaly can be expressed as follows:

( ) ( ) ( )2 2 2 2 2 2( 1) ( 1)2 3 5 13 (1 ) e 10 ( e e
5 3

)x y x y x y
e

xB x x y- - + - - - + -
= × - - × -× - - ×× (33)

By adding 200 times eB  in the XB  direction, 400 times eB  in
the YB  direction, and 600 times eB  in the ZB  direction, as is
shown in Fig. 9. Then utilizing (2) to calculate the other
geomagnetic elements, a complete magnetic anomaly region was
constructed. For the simulation tested the performance of the
Attention-DR and comparative methods, during navigation
process this area does not have a priori knowledge.

Fig. 9 Geomagnetic field anomaly in navigation area.
The simulation trajectories with anomaly are as shown in

Fig. 10, and the convergence of geomagnetic elements are as
shown in Fig. 11. From starting location (22.6°N, 132.95°E) to
the destination of (20.8°N, 135.89°E), the Trajectory 1 is the
result of the Attention-DR proposed in this article with the
final arrival location of (20.841°N, 135.813°E) in 87 steps and
total traveled 383.833km. The Trajectory 2 is the result of the
evolutionary method [26] with the final arrival location of
(21.303°N, 133.880°E) in 299 steps and total traveled
801.153km. The Trajectory 3 is the result of the original
LSTM method with the final arrival location of (20.822°N,
135.816°E) in 299 steps and total traveled 376.243km.

Fig. 10 Simulation with Geomagnetic field anomaly.

(a) Convergence curve of geomagnetic elements in trajectory 1.

(b) Convergence curve of geomagnetic elements in trajectory 2.

(c) Convergence curve of geomagnetic elements in trajectory 3.
Fig. 11 Convergence curve of geomagnetic elements.

It is evident that within a limited time frame, the Attention-DR
method successfully overcomes the interference caused by the
magnetic anomalies, avoiding getting trapped within the
anomalous region during the navigation process. While the other
two methods failed to reach their destination in the limited
iteration. As can be seen from Fig. 10, Trajectory 1, Trajectory 2
and Trajectory 3 are consistent with the results in the initial stage
without interference. When the AUV just enters the anomalous
region, the heading calculated by the three methods are affected
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by the anomalous region, but as the AUV goes further, the
Attention-DR method is able to utilize the anomaly score to
amendment the heading, the evolutionary method fluctuates
sharply and falls into the local optimum in the anomalous region,
and the traditional LSTM has a certain escape capability due to
the combination of the historical data, but due to the lack of the
attention mechanism, resulting in a consistent level of attention to
the input sequence, and cannot accomplish the navigation task in
a limited iteration process. We further analyze the performance of
three methods through the convergence of geomagnetic elements.

As is shown in Fig. 11(a) depicts the convergence geomagnetic
elements of Attention-DR in Trajectory 1, Fig. 11(b) shows the
convergence geomagnetic elements of evolutionary method in
Trajectory 2, and Fig. 11(c) shows the convergence geomagnetic
elements of original LSTM method in Trajectory 3. Prior to
reaching the magnetic anomaly region, both Attention-DR,
evolutionary method and original LSTM method maintain stable
headings, and the geomagnetic elements continue to converge.
When approaching the edge of the magnetic anomaly region, the
changes in D and I become less significant, making it challenging
for both methods to determine whether they have entered the
anomaly area. As a result, they continue to navigate as if in the
normal region, causing the heading to deviate slightly towards the
anomaly area. As more anomaly information is collected, the
Attention-DR method starts utilizing historical information to
adjust the heading and simultaneously feeds the data from that
region into the network for training, predicting the next location
of the heading.

By comparing Fig. 11(a), Fig. 11(b) and Fig. 11(c), it can be
observed that the key to navigating out of the anomaly region lies
in breaking free from the constraints of the geomagnetic gradient
sequence limitations and establishing a close relationship between
the geomagnetic information, time, and spatial location. This
relationship is crucial for inferring heading anomalies with
limited information and time. Attention-DR is able to escape the
anomaly region and ultimately reach the destination. Although
the geomagnetic information exhibits fluctuations during this
process, it successfully converges.

C. Simulation with Multi-destination Navigation
In practical underwater navigation applications, there are

usually multiple destination access requirements, and the AUV
needs to visit multiple destinations in sequence to accomplish the
navigation purpose. In this part of the simulation, the navigation
is started from destination 1 (22.6°N, 132.95°E) to destination 2
(22.1°N, 135.97°E), destination 3 (20.3°N, 134.57°E), and
destination 4 (19.5°N, 133.5°E), respectively. The AUV will
visit these positions in order and then return to destination 1.
The performances of the Attention-DR are compared with the
evolutionary method, and the simulation setup parameters are
consistent with Section IV. A. The simulation results are
shown in Fig. 12, where Trajectory 1 is the navigation path of
the Attention-DR and Trajectory 2 is the navigation path of
the evolutionary method. The termination condition for
determining the destination of the AUV arrival is related to the
geomagnetic information of the actual destination. When the
AUV approaches the vicinity of the destination, the Attention-

DR method can be combined with other navigation methods
such as visual navigation and terrain navigation to further
enhance the navigation accuracy.

Fig. 12 Simulation with multi-destination navigation.
From Fig. 12, it is evident that both the Attention-DR and

evolutionary method are capable of achieving multi-destination
navigation. To more accurately estimation the performance of
these methods, several common estimation metrics were utilized,
and the result are shown in Fig. 13. These metrics were used in
conjunction with the visual results depicted in Fig. 12 to
demonstrate the effectiveness of the Attention-DR methods. The
estimation metrics of iterations can reflect the speed at which the
methods approach the destination. The total distance traveled
Kilometers (radians) and the ideal distance Kilometers (radians),
can reflect how far the AUV has sailed during the navigation
process, and the closer to the ideal distance indicates that the
method is more efficient. In addition, the variance of the heading
angle is utilized to reflect the fluctuation of the heading, thus
comparing the stability of the navigation process.

Fig. 13 Statistical chart of simulation results.
From Fig. 13, it can be observed that the Attention-DR

method uses fewer iterations to reach the target in all four
navigation stages. This reduction is particularly significant in
the third stage. Fig. 12 demonstrates that the evolutionary
method may exhibit ineffective searches near the destination.
Through quantitative analysis, the Attention-DR method
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achieves a 20.13% reduction in the number of iterations
throughout the entire navigation task. Furthermore, from the
variance of the heading angle, it is evident that the Attention-
DR method exhibits smaller dispersion, indicating a more
stable heading during the navigation process. This advantage
is reflected in the entire traveled distance. A more stable
heading leads to a shorter total distance traveled and brings the
AUV closer to the ideal distance. Through quantitative
analysis, the Attention-DR method achieve and 11.71%
reduction in traveled distance, being only 6.5% longer than the
ideal distance in long-distance geomagnetic navigation.

In conclusion, the Attention-DR method, inspired by
biological migration and driven by the proposed TA-LSTM
neural network, demonstrates effectiveness and stability in
navigation when lacking prior geomagnetic information. By
utilizing the temporal attention mechanism to the historical
data in both time and location, the Attention-DR method
overcomes the limitations of traditional geomagnetic
navigation methods that rely on prior maps. Furthermore, it
exhibits the capability to navigate in geomagnetic field
anomaly regions, the Attention-DR method updates the
heading angle, eliminating the need for prior geomagnetic
maps. The effectiveness and stability of the Attention-DR
method have been verified through simulation experiments.

V. CONCLUSION

This article proposed a bionic geomagnetic navigation for
autonomous underwater vehicle with temporal attention-based
data-driven dead reckoning. By using the TA-LSTM neural
network, Attention-DR utilizes a temporal attention
mechanism to compute the heading angle driven by the
historical geomagnetic data obtained along the navigation path
and the geographical location, to achieving efficient and stable
navigation in the absence of priori geomagnetic information.
The feasibility and stability of the Attention-DR method are
validated by conducting real-time retrieval using the
WMM2020 geomagnetic model and an anomaly region
composed of multi-modal functions. This study addresses the
issues of low search efficiency, high heading fluctuations, and
susceptibility to magnetic anomalies in evolutionary methods.
To tackle these challenges, a TA-LSTM network is proposed
that successfully combines limited historical data in both time
and geographical location. It predicts the variation trend of the
magnetic field along the navigation route and integrates it with
actual magnetic field data to correct the heading angle, thereby
improving navigation efficiency and enhancing resistance to
interference. The simulation findings provide that the
proposed method effectively navigates the AUV towards its
intended destination and exhibits good performance in the
presence of unknown magnetic field interference.
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