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ABSTRACT When forecasting ship movements, the random errors of the inertial navigation system (INS)
seriously affect the accuracy of general prediction methods. In actual measurement, the main causes of the
random errors are electrostatic bias and micro-electric disturbance. In response to this problem, a novel
type of dual-pass Long Short-Term Memory (LSTM) neural network architecture is developed, on the basis
of regular LSTM neural network. In the designed dual-pass LSTM neural network, the random drift and
the noise residual of the INS are regarded as a autoregressive moving average (ARMA) and generalized
autoregressive conditional heteroskedasticity (GARCH) model. Through dual-pass layers, the prediction
of drift and the correction of residual errors are realized respectively in the same time. The simulation of
ship heave motion was carried out on the ship motion simulation platform, and the real-time datas which
are measured by the INS are inputted to the trained dual-pass LSTM netural network. The experiment
proved that, when training the same source datas offline, the average Root Mean Squared Error (RMSE)
percentage of conventional LSTM network was 3.94%, but when training different source datas or training
online, the prediction accuracy obvious decline. In contrast, the average RMSE percentage of the dual-pass
LSTM neural network was 1.05% when training offline and 1.12% when training online. Compared with
conventional LSTM networks, the dual-pass LSTM network is more targeted and has better adaptability in
the field of ship-motion prediction, and this network restores the motion prediction to the actual trajectory
of a ship more accurately.

INDEX TERMS Dual-pass LSTM neural network, generalized autoregressive conditional heteroskedastic-
ity (GARCH) model, inertial navigation system (INS).

I. INTRODUCTION
Nowadays, Inertial navigation system (INS) has high appli-
cation value in the field of ship-motion prediction, owing to
its significant superiorities like low depend on external infor-
mation and no energy radiation outside [1]–[3]. However,
the long-term precision of INS is still unsatisfactory, which
has restricted their further applications. Hence, analyzing the
measurement errors of INS and compensating them as far as
possible is of great significance to enhance the measurement
precision. In the process of INS measurement, the main
constraint factor for the improvement of uncertainty error
accuracy. Uncertainty errors include drift error and noise
error [4], [5]. Uncertainty errors are caused by the electrical
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characteristics and motion characteristics of the INS itself
(such as electrostatic bias and electronic noise [4]), which
cannot be eliminated by calibration. Therefore, in order
to analyze and reduce random errors through software
(without increasing hardware costs), various methods have
been proposed, which can be divided into two categories,
namely, conventional statistical methods and artificial intelli-
gence (AI) methods.

Conventional statistical methods include Allan vari-
ance (AV) analysis [6], wavelet denoising (WD) [7], empiri-
cal mode decomposition (EMD) [8], Kalman filter (KF) [3],
autoregressive movement mean value (ARMA) model-
ing [9]–[11] and autoregressive conditional heteroscedastic-
ity (ARCH) modeling [11]–[13], etc. In particular, ARMA
modeling is the use of traditional time series analysis methods
to actually estimate and compensate the random drift time

VOLUME 9, 2021 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ 28429

https://orcid.org/0000-0001-6168-773X
https://orcid.org/0000-0002-8706-4431
https://orcid.org/0000-0002-4237-855X


X. Hu et al.: Research on Ship Motion Prediction Algorithm Based on Dual-Pass LSTM Neural Network

of the gyroscope. M. Narasimhappa and J. Nayaka et al
proposed a ARMA model to correct the random error of
the fiber optic gyroscope [14]. TG. Zheng and H. Xiao
proposed an improved GARMA model, which can predict
two types of special non-Gaussian noise time series [15]. JM.
Song and JW. Kang combine the generalized autoregressive
conditional heteroscedasticity (GARCH) with the ARMA
model for modeling, allowing the conditional variance to
change over time. The method of describing this variance
change is autoregressive, which can make the heteroscedastic
sequence have a long-term memory [16].

With the rapid development of AI [17], multitude
approaches have arisen to build more accurate nonlinear
models of the random drift. The AI methods mainly include
support vector machine modeling methods [18], neural
networks modeling methods [19], [20], etc, which regard
the processing of modeling as a problem of sequence
prediction. Significantly, these methods aim to model and
compensate the random drift as accurately as possible in
offline conditions, there into the random drift is obtained
after a preprocessing of removing white noise from the
stochastic errors. The preprocessing is generally carried
out by mean filtering [22], forward linear prediction filter-
ing [23], WD [7], EMD [24], etc. aiming to reduce them pact
of white noise on modeling. However, there are relatively
few reports on real-time estimation and compensation of
random drift based on more accurate models established
by AI methods.

X. Li and F. Li et al proposed a kind of Markovian
jump system (MJSs) recurrent neural networks, through the
exponential stability problem in the meaning of network
mean square, the stability of the time-delay system is
discussed [21]. When actually measuring in a marine envi-
ronment, it is found that the residual signal of random error
is often not Gaussian white noise under normal distribution,
and the residual change in random error should be estimated
and compensated in real time [28]. Hence it is inadequate
to stay at the stage of modeling and compensating offline,
it is important to study further in applying the more accurate
models into online compensation occasions.

In recent years, Long Short-Term Memory (LSTM, Long
Short-Term Memory) neural network has been applied
extensively in nonlinear fields [17], [25], not only because a
LSTMneural network can approximate an arbitrary nonlinear
mapping, but also because a LSTM neural network has Better
performance than the time recurrent neural network (RNN)
and the hidden Markov model (HMM) [22], [26]. In this
paper, the random error characteristics of the INS are
studied through the ARMA-GARCH model. According to
the INS drift error and noise residual length and timing
characteristics, a dual-transfer layer architecture LSTM
neural network is designed. Using the unique structure of
LSTM neural network, the error and residual error of INS can
be separated and synchronized training to improve training
efficiency. This improved architecture of the LSTM neural
network should be the first to propose and apply to the INS

system. The main contributions of this paper are summarized
as follows.

1) A generalized nonlinear model of the random drift
is built by a LSTM neural network, which is capable of
capturing the dynamic characteristic of the random drift
sufficiently.

2) On the basis of the original LSTM neural network,
a transfer layer for residual calculation is added, and a
network connection for residual correction is designed with
reference to the GARCH model, so that the improved
dual-pass LSTM neural network can predict drift errors
while simultaneously Correction and compensation of noise
residuals.

3) Experiments were conducted to verify the effectiveness
and superiority of the improved dual-transfer layer LSTM
neural network in predicting the random error of the INS
system.

II. ARMA MODEL AND LSTM NEURAL NETWORK
APPROXIMATION
This section introduces the ARMA model and its optimal
predictor briefly, then gives the LSTM neural network which
is able to approximate and realize the optimal predictor.

A. ARMA MODEL AND ITS OPTIMAL PREDICTOR
The ARMA model is described as [11]

xk = cn +
p∑
i=1

ϕixt−i +
q∑
j=1

θjet−j + et (1)

where xk is the observation value of the time series at
time k , h(·) is an unknown smooth nonlinear function,
p and q represent the order of the autoregressive (AR)
component The number and moving average (MA) com-
ponents, ϕi and θi represent the autoregressive parameters
and moving average parameters, respectively. Cn and et
represent regression residuals and sliding errors, respectively,
ek represents zero mean, independent and uniformly dis-
tributed Gaussian noise, it is also independent of the infinite
past of the observation, that is, E [ek | xk−1, xk−2, · · · ] = 0.
Based on the infinite past of observations, the best
predictor of the ARMA model is the conditional mean
E[h

(
xk−1, xk−2, · · · , xk−p, ek−1, ek−2, · · · , ek−q

)
| xk−1,

xk−2, · · · ] (minimum mean square error). Assuming that the
ARMA model is reversible, the best predictor variable is
given by [11]

x̂ ∼k= h
(
xk−1, xk−2, · · · , xk−p, ek−1, ek−2, · · · , ek−q

)
(2)

among them, when the parameters of x̂ ∼k take different
values, they can represent different single-step prediction
models, such as the more commonly used moving aver-
age (MA) models and autoregressive (AR) models. However,
the actual observations are limited, and the ARMA model
with fixed parameters has limited prediction accuracy.
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Therefore, an LSTM neural network can be used to train the
parameters of x̂ ∼k to achieve the best prediction model.

B. LSTM NEURAL NETWORK APPROXIMATION
In Eq.(2), the ARMA model constructs a type of time series
predictor, which can evaluate and predict future data through
the past time series and error series. In the process of real-time
online prediction, the best predictor of the ARMAmodel can
be realized through the recurrent neural network.

Compared with the conventional recurrent neural network,
the internal structure of LSTM adds three gates, input gate,
forget gate and output gate, and an internal memory unit ct .
The input gate controls howmuch the new state of the current
calculation is updated to the memory unit; the forgetting gate
controls how much information in the memory unit of the
previous step is forgotten; the output gate controls how much
the current output depends on the current memory unit. which
is shown in Fig.1.

FIGURE 1. LSTM neural network unit.

In this network model, each network unit contains three
logic gates, which are input gate it , forget gate ft and output
gate ot .

it = σ (Wi · [ht−1, xt ]+ bi)

ft = σ
(
Wf · [ht−1, xt ]+ bf

)
ot = σ (Wo · [ht−1, xt ]+ bo) (3)

In the formula, Wi, bi, Wf , bf , Wo, bo are the network
weights to be trained. (Sigmoid function operation) is a linear
unit function, and the independent variable can be mapped
to the interval [0,1]. The transfer coefficient of the previous
basic unit ct−1 is calculated by the above formula c̃t for linear
superposition, That is, the update formula of memory layer ct
is

c̃t = tanh (Wc · ht−1)

ct = ft � ct−1 + it � c̃t (4)

Wc is the weight to be trained. The tanh unit is similar
to the σ unit, which means that the value is mapped to
the interval [-1,1]. The formula includes the design of the

‘‘forgotten gate’’, and the weight of the input information
and the forgetting ratio of the previous information are
determined by linear superposition. The design of the forget
gate control unit is mainly used to control the flow of
long-term dependence information of data, which is similar to
the idea of moving average. If ft is close to 1, the information
can be transmitted for a long time inmemory, and is close to 0,
which means complete forgetting. The gradient disappears
due to long-term dependence during training. The calculation
formula of output layer ht is:

ht = ot � tanh (c̃t) (5)

The main part of the network can be constructed by
connecting the basic units according to the scale of the
problem and the length of the predicted output into a topology
structure. In order to verify the prediction effect of LSTM
neural network on absolute sensor data and relative sensor
data, the ship motion simulation platform is used to simulate
the ship deck motion, the absolute sensor system (inertial
integrator) is used to measure the platform motion [27], and
the relative Type sensor system (laser rangefinder) to verify
the measurement results. Build 10-layer and 30-layer LSTM
neural networks, select 10 sets of offline measurement data
with a time sequence length of 500 as training samples,
and use the training network to perform real-time prediction
and verification on real-time collected unverified data and
verified data, and calculate the root mean square Error
(RMSE, Root Mean Square Error). The effect of training
prediction is shown in Fig. 2:
It can be seen that when predicting data without relative

verification, as the time series is shortened, the predictive
ability of the LSTM neural network will be greatly reduced.
The main reason for this phenomenon is that when the
electrical sensor is working, the absolute sensor system
will have irregular ultra-low frequency DC signal bias
interference, which causes the drift characteristics and
residual characteristics of the INS signal to be unstable.When
the external disturbance changes, the network weights of
the offline trained LSTM will have a significant decrease
in the prediction accuracy of the same time series under
the actual working conditions without reference correction.
Excessive amplification of the time series will affect the
learning efficiency and timeliness of the network. Therefore,
the traditional LSTM neural network has greater limitations
and greater interference under harsh working conditions.

III. GARCH MODEL AND DUAL-PASS LSTM NEURAL
NETWORK APPROXIMATION
Generalized conditional heteroscedasticity (GARCH) is an
autoregressive conditional heteroscedasticity model for the
variance of time series changes. The errors in the GARCH
model are not independent, and the conditional variance is
not constant, which is essentially different from the ARMA
model or the martingale difference sequence with constant
conditional variance. It is widely used to predict variance and
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FIGURE 2. LSTM neural network prediction comparison of absolute sensor data and relative sensor data.

accurately test the changes in returns in financial market stock
models.

The LSTM neural network constructed based on the
ARMA model can better deal with the random errors and
noise caused by the INS electrical signal. However, in the
actual measurement, it is found that due to the limitation of
the sampling conditions, some ultra-low frequency or slow
linear actual motion may be affected. Mistakes as the residual
item is lost. In this chapter, through the GARCH model
analysis and prediction of the INS signal noise residual,
the compensation algorithm for the lost ultra-low frequency
motion signal is given, and combined with the previous
LSTM neural network, an improved architecture scheme
is given, so that it can control drift Separate training and
correction of value and residual value.

A. GARCH MODEL
In the laboratory environment, the INS measured the
vibration table movement xt and the actual vibration table
movement yt , and calculated the covariance sequence and the
autovariance sequence of xt :

Rxy(t) = cov (xt , yt) =

∑t
i=1 (xi − x̄) (yi − ȳ)

t − 1

Rx(t) = var (xt) =

∑t
i=1 (xi − x̄)

2

t − 1
(6)

Calibrate xt and yt to synchronize the zero position. For
the variance of the time series, the GARCH-ARMA model
is established for the difference, The GARCH model is
described as:

st = yt − xt = cs +
p∑
i=1

ψixt−i +
q∑
j=1

ϑjεt−j + εt

εt = ηt
√
Bt

Bt = αt + β1tε2t−1 + β2tε
2
t−2 + · · · + βqtε

2
t−q (7)

where εt is the INS signal error term, ψi and ϑj, i =
1, 2, · · · , q are unknown coefficients, αt > 0, βit ≥ 0 is a
series of independent and identically distributed random vari-
ables with zero mean and same variance, and is independent
for all t , η, and {εt−k , k ≥ 1}.

B. CONSTRUCTION OF DUAL-PASS LSTM NETWORK
In the actual measurement process, the noise interference
of the motion signal measured by the INS is often not the
standard Gaussian white noise, and its fluctuation variance
will change with different side sea conditions. The traditional
LSTMneural network will significantly reduce the prediction
accuracy of such signals. In order to solve this problem,
this paper refers to the GARCH model and improves the
traditional LSTM neural network. The difference is used as
an additional training item for the network element. Through
the training of the covariance sequence, the original output
is compensated and modified. Its structure is shown in the
figure 3:

In unit t, St and Ct represent the residual memory layer
and drift memory layer, respectively, ht−1 is the transfer
output of the displacement variable of the previous unit,
xt and yt represent the current INS signal input and laser
ranging calibration signal, respectively enter. f ct , i

c
t , ot and

respectively represent the forget gate, memory gate, and
output gate of the drift memory layer.

ict = σ
(
W c
i · [ht−1, xt ]+ b

c
i
)

f ct = σ
(
W c
f · [ht−1, xt ]+ b

c
f

)
oct = σ

(
W c
o · [ht−1, xt ]+ b

c
o
)

(8)

In the formula,W c
i , bci , W c

f , bcf , W c
o , bco are the

training weights of the network, and the drift memory layer is
updated through the training results of the drift layer memory
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FIGURE 3. Inertial coordinate system and shipboard coordinate system.

gate and the forget gate.

h̃t = tanh (Wh · ht−1)

ct = f ct � ct−1 + i
c
t � h̃t (9)

rt and r̃t are the autovariance sequence of the INS signal
and the covariance sequence of the laser ranging signal:

rt = cov (xt , yt)

r̃t = var (xt) (10)

ist and f
s
t represent the memory gate and forget gate of the

residual memory layer, respectively.

ist =

{
ξσ
(
W s
i r̃t + b

s
i
)
, (Online)

ξσ
(
V s
i rt + b

s
i
)
, (Offline)

f st =

 ξσ
(
W s
f r̃t + b

s
f

)
, (Online)

ξσ
(
V s
f rt + b

s
f

)
, (Offline)

(11)

W s
i ,V

s
i , b

s
i , W s

f , V s
f , b

s
f is the training weight of the

network, ξ is the network switch weight, a bool variable.
update the residual memory layer correction formula.

st = f st � st−1 + i
s
t � h̃t (12)

The final output layer ht calculation formula is:

ht = ot � tanh (ct + st) (13)

IV. TRAINING PROCESS
Since the structure of the dual-pass LSTM neural network
is more complicated, in order to more accurately predict the
actual movement of the inertial platform, the prediction and
correction of the INS signal through the dual-pass LSTM
neural network can be completed through distributed training.
As shown in Fig. 4, the network training and the verification
is completed in the following 5 steps.
Step 1: Preprocessing and data splitting. Collect the

static outputs of INS signal data in groups, for each group
record,as {zk , k = 1, 2, · · · ,N }, record the actual movement

of the vibrating platform through the laser sensor as
{yk , k = 1, 2, · · · , k}, where N denotes the length of the
dataset. Then preprocess the {zk} through mean filtering and
generate a new dataset labelled as {xk}, to reduce the impact
of the white noise on modeling the random drift. Split the
{xk} into four parts: an offline training set with a length of
N1 employed to train and optimize the parameters of the drift
layer in the dual-pass LSTM neural network, including the
weights and thresholds; an offline validation set with a length
of N2 used to guide the selection of the hyperparameters
of the drift layer, namely, to determine a proper structure
of the dual-pass LSTM neural network; an online training
set with a length of N3 employed to train and optimize the
parameters of the residual layer in the dual-pass LSTMneural
network; and a test set with a length ofN4 used to estimate the
generalization performance of the determined LSTM neural
network. The proportion between the four parts is set as N1 :

N2 : N3 : N4 = 50% : 10% : 30% : 10%.
Step 2: Drift layer offline training. Drop off the residual

layer, set ξ = 0. Train parameters of the drift layer with the
given structure to realize the one-step optimal predictor of the
random drift. Based on the training set, the training matrix is
designed as:

X (1)
=


xp+1 xp+2 . . . xN1

xp xp+1 . . . xN1−1
...

...
. . .

...

x1 x2 . . . xN1−p

 (14)

where each column represents a training sample, including
an input vector (the second row to the last row) and
the corresponding target (the first row). After training,
the parameters W c

i , b
c
i ,W

c
f , b

c
f ,W

c
o , b

c
o of the drift layer can

be acquired.
Step 3: Drift layer evaluation. Evaluate the generalization

performance of the trained Drift layer on the validation set.
Based on the validation set, the validation matrix is:

X (2)
=


xN1+p+1 xN1+p+2 . . . xN1+N2

xN1+p xN1+p+1 . . . xN1+N2−1
...

...
. . .

...

xN1+1 xN1+2 . . . xN1+N2−p

 (15)

where each column represents a validation sample, including
an input vector (the second row to the last row) and a target
(the first row). For each validation sample, the generalization
error between the actual output and the corresponding target
can be calculated. Obviously, the mean square value of the
generalization errors for all validation samples, i.e. the root
mean square error (RMSE) [28], can be used to quantify
the generalization performance. The smaller the RMSE,
the better the performance.

RMSE =

√√√√1
n

n∑
i=1

(xi − x̄)2 (16)
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FIGURE 4. Flowchart for framework.

Step 4: Residual layer offline training. Turn on the residual
layer, set ξ = 1. Build the training matrix is designed from:

X (3)
=


xN1+N2+p+1 xN1+N2+p+2 · · · xN1+N2+N3

xN1+N2+p xN1+N2+p+1 · · · xN1+N2+N3−1
...

...
. . .

...

xN1+N2+1 xN1+N2+2 · · · xN1+N2+N3−p


(17)

Y (3)
=


yN1+N2+p+1 yN1+N2+p+2 · · · yN1+N2+N3

yN1+N2+p yN1+N2+p+1 · · · yN1+N2+N3−1
...

...
. . .

...

yN1+N2+1 yN1+N2+2 · · · yN1+N2+N3−p


(18)

Record the autovariance sequence of {xk} as R
(3)
x and the

covariance sequence of {xk} and {yk} respectively as R(3)x .

R(3)x =
[
r (p+1) r (p) · · · r (1)

]′
R(3)xy =

[
r̃ (p+1) r̃ (p) · · · r̃ (1)

]T
(19)

where,

r (t) = var
(
xN1+N2+t:N1+N2+N3+t−p

)

=

∑N1+N2+N3+t−p
N1+N2+t

(xi − x̄)2

N3 − p− 1
r̃ (t) = cov

(
xN1+N2+t:N1+N2+N3+t−p

)
=

∑N1+N2+N3+t−p
N1+N2+t

(xi − x̄) (yi − ȳ)

N3 − p− 1
(20)

Training the parameters W s
i , b

s
i ,W

s
f , b

s
f of the residual

layer in offline status with R(3)xy , Then calculate the parameters
of the residual layer in offline status with R(3)x as:

V s
i = W s

i r̃tr
−1
t

V s
f = W s

f r̃tr
−1
t (21)

Step 5: Testing. Estimate the generalization performance of
the determined dual-pass LSTM neural network on the test
set. Based on the test set, the test matrix is:

X (4)
=


xN1+N2+N3+p+1 xN1+N2+N3+p+2 · · · xN
xN1+N2+N3+p xN1+N2+N3+p+1 · · · xN−1

...
...

. . .
...

xN1+N2+N3+1 xN1+N2+N3+2 · · · xN−p


(22)
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Y (4)
=


yN1+N2+N3+p+1 yN1+N2+N3+p+2 · · · yN
yN1+N2+N3+p yN1+N2+N3+p+1 · · · yN−1

...
...

. . .
...

yN1+N2+N3+1 yN1+N2+N3+2 · · · yN−p


(23)

where each column represents a test sample, including an
input vector (the second row to the last row) and a target
(the first row). After the above procedures, an appropriate
dual-pass LSTM neural network model can be obtained, then
used to estimate and compensate the random drift in real time.

V. RESULTS AND DISCUSSION
This section will show the verification experiments clearly,
to prove the feasibility and superiorities of the proposed
dual-pass LSTM neural network.

A. EXPERIMENTAL SETUP
The equipment used in the experiment includes
self-developed INS-FPGA circuit board and supporting
acceleration sensor PCB-3711b (Fig. 5); relative laser
sensor Panasonic HG-C1400 (Fig. 5 ) and Host computer,
acquisition board, etc.

FIGURE 5. Experimental setup.

B. OFFLINE TRAINING
The trend undetermined weight can be set by referring to the
weighted moving average method. For time series input xk ,
use the following formula to update the weighted trend

ct = (1− β)ḣt−1 + βct−1 (24)

The shock energy density of conventional transport barges
is mainly distributed in 0.05 0.25hz. The actual measurement

comparison shows that the trend interference main frequency
of acceleration integration is lower than 3mHz, so the
forgetting correction coefficient is 0.98. Respectively, to build
200 Layer dual-pass LSTM neural network. Set the initial
parameters of the drift layer as

W c
initial =
βp(1− β)N−p βp+1(1− β)N−p−1 · · · βN (1− β)0

βp−1(1− β)N−p+1 βp(1− β)N−p · · · βN−1(1− β)1
...

...
. . .

...

β0(1− β)N β1(1− β)N−1 · · · βN−p(1− β)p


(25)

Then follow steps 1-3 to conduct multiple offline predic-
tion experiments on the dual-pass LSTM. Fig. 6 presents
the training results of the drift layer and residual layer of
the daul-pass LSTM neural network under partial offline
conditions and the corrected output results, And compared
with the laser positioner data, and calculated the error
distribution of the final output result compared with the
laser data through the box-plot. Experiments have found
that in the offline training process, the drift training layer
has higher training accuracy for the same group, but for
different groups of test data, due to inconsistent vibration
amplitude-frequency characteristics, the training accuracy
decreases. The residual layer can compensate and modify the
residual noise according to the change, which significantly
improves the training accuracy.The comparison results are
shown in Table. 1.

TABLE 1. Comparison of offline training results between LSTM network
and dual-pass LSTM network (RMSE%).

It can be seen from Table. 1, when training the same
source datas offline, the average RMSE percentage of
conventional LSTM network was 3.94%, but when training
different source datas, the prediction accuracy obvious
decline. In contrast, the average RMSE percentage of the
dual-pass LSTM neural network was 0.98% for same source
datas and 1.21% for different source datas.

C. ONLINE TRAINING
Combining the results of offline training, calculate the online
prediction parameters according to the above steps 4-5,
freeze the autovariance training weights of the residual layer,
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FIGURE 6. Offline predicted results.

and verify the prediction effect in an environment without
laser signal yt verification. And selected a conventional
LSTM neural network for comparison. The results show in
Fig. 7. Through the above-mentioned networks, a statistical
comparison of the results of multiple sets of data is carried
out. The comparison results are shown in Table. 2.

It can be seen from Table. 2 that the average RMSE
percentage of the traditional LSTM is about 8.75% when
online training is performed on the INS signal of the
same source, and the prediction accuracy will fluctuate
significantly with the change of the signal source. The
average RMSE percentage of the online training of the

TABLE 2. Comparison of online training results between LSTM network
and dual-pass LSTM network (RMSE%).

Dual-pass LSTM neural network constructed in this paper
is about 1.12%, and the fluctuation range is significantly
smaller, and the accuracy and reliability of its prediction are
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FIGURE 7. Comparison of the predicted results online.

significantly improved. It can be seen that under the same
training scale, the dual-pass LSTM neural network has better
accuracy in fitting and predicting INS signal data than the
conventional LSTMneural network, especially when the time
series is short. However, in the online prediction process,
due to frequent fluctuations of the INS, the adaptability of
the correction coefficient and input correction coefficient
has fluctuated in the past. Of course, the reason for the
decrease in accuracy is still due to insufficient training
samples and parameter settings. However, by observing Fig. 6
and Fig. 7, it can be seen that the prediction still guarantees
a considerable fit for the noise trend, and this result can still
be used as a colored noise range to optimize the design of the
filtering algorithm.

VI. CONLUSION
In this paper, based on the characteristics of the INS signal,
a new scheme for real-time prediction and correction of the
drift error and noise residual of the INS signal is proposed.
In this method, firstly, the random drift is regarded as the
ARMA model, and on the basis of the comparison of its
predicted residual variables, a GARCH model is established
for correction and compensation. Furthermore, according
to the GARCH-ARMA model, a Daul-pass LSTM neural
network model was built and designed on the basis of
the conventional LSTM neural network, and the random
drift and noise residual of the INS signal were carried out
through the real-time sequence and the self-variance variance
sequence. The training has realized the best predictor of
the GARCH-ARMA model, which can fully capture the
dynamic characteristics of the INS signal, and has carried out
a verification experiment. Experimental results show that in
the real-time prediction process, the Daul-pass LSTM neural
network model can correct the residuals more accurately than
the conventional LSTM neural network model, especially in
the online state prediction accuracy has been significantly
improved, thus verifying the Daul-pass The effectiveness and

superiority of LSTM neural network model. By applying
this method, it is expected to improve the measurement
accuracy of INS. In addition, the design idea of the
Daul-pass LSTM neural network model proposed in this
article may provide a useful reference for the construction
of other cyclic neural network control models (especially
time series analysis). One of the future work will be to
develop a hyperparameter optimization algorithm that can
automatically and optimally select hyperparameters, with
better generalization performance.
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