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Abstract:

The duration and distance of information transmission are the primary factors in underwater formation
cooperative driving errors of navigation and placement. Time-related errors are connected to transmission lag,
clock skew, and other elements. It is challenging to measure how different variables like water temperature,
ocean current, and sea depth effect transmission distance inaccuracy. The Kalman filter technique is employed
in this study to simulate the trajectory of the micro-platform, examine the mechanisms causing navigation and
positioning mistakes, sort the errors into systematic and random errors, and categorise the errors. The
positioning error characteristics of the micro-platform in the coordinated movement of underwater formation are
investigated in conjunction with the multiple linear regression model and the approach based on Bayesian
particle filter. To achieve the compensation and estimation of the positioning error, the experimental settings are
altered, and the corresponding connection between the dependent variables and independent variables in the
model is examined.
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1. Introduction

Whether in the military's underwater mission
execution of special combatants or the civil area of
marine engineering underwater maintenance
operations, underwater multi-person / aircraft
formation (Ou et al., 2021) cooperative cooperation
is an essential method of functioning. In a wide
variety of complex water environments, it is
necessary to integrate multi-source data generated
by various sensors in order to achieve formation
maintenance and an accurate formation route. This
will inevitably result in navigation and positioning
errors brought on by systematic errors and random
errors. The inaccuracy created by the cumulative
calculations of sensors like inertial navigation and
Doppler ergometer is referred to as the systematic
error. Random error refers to the error generated by
environmental conditions or specific factors
according to particular laws, which is
unpredictable. Its impact on navigation and
placement frequently follows certain principles.
This research establishes the motion and
positioning models of the micro-platform based on
the Kalman filtering technique and analyses the
relative positioning error mechanism under
cooperative formation working conditions. Both
the Bayesian particle filter algorithm and the
multiple linear regression model approach are used.
The estimation of navigation and positioning error
is finished, and the corresponding connection
between the dependent variable and the
independent variable in the model is explored by
altering the experimental circumstances.

2. Creation of a motion model for a micro
platform

The master and slave micro-motion platforms first
synchronise their clocks before beginning the
underwater formation's cooperative navigation. The
position data and corresponding variance of the
master micro-motion platform, as well as the
separation between the master and slave micro-
motion platforms, can be analysed under the
assumption that the underwater acoustic signal of
the autonomous micro-motion platform is received
from the micro-motion platform at a specific time.
The necessary data of the primary micro motion
platform may then be examined from the micro
motion platform when the underwater acoustic
signal packets originating from the autonomous
micro motion platform are received again from the
micro motion platform at (t + 1). The position
estimate information at the time of the micro
motion platform may be solved using the position
information collected from these two times and the
dead reckoning system from the micro motion
platform.
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It is assumed that the motion state of the micro
platform at K time is changed from the state at (K-
1) time in combination with the Kalman filter
algorithm(He et al., 2022), and the transformation
formula is as follows:
Xk = Fka—l + Bkuk + Wk (1)
By is the input control model operating on the
controller uy; Fy is a state transformation model
acting on statex xj_;; Qy is the covariance matrix,
which is a multivariate standard normal
distribution; and wy, is the process noise, with a
mean of zero.
wi~N(0, Qi) )
The measurement variable Z, of state x; at time k
has the following model formula:
Zy = Hka + Vk
Hy is the observation model, vy is the observation
noise, and is the function that transforms the state
quantity into the observation quantity are some of
them. The covariance matrix, Ry, is like the
preceding wy and follows the multivariate standard
normal distribution:

vie~N(0, Ry)
It is believed that the starting state and the noise at
each  time,  {Xg, Wy, .., Wi, Vq, .., Vi),  are

independent of one another.
The value of the motion state x of the micro
platform with time may be obtained when
combined with the Kalman filtering technique.
Specifically, the error P, between the last
state value and the measured value is used to
anticipate the error Py._; between the current state
value and the measured value. This is to predict the
current state optimum estimation x;_, by the last
state optimal estimation x ;. The motion state's
prediction update equation is:
},Zk|k—1 = Fk}?k|k—1 + Bkuk (EStImatIng the
predictive state)
Pik-1 = FiPeoq k-1 Fi + uy (Matrix of Prediction,
Estimation, and Covariance)

The estimator X_, derived by comparing the most
recent state value x,_, with Z,_, is denoted by the
formula Ry The anticipated value of the current
estimator, &y, which is derived from the prior
estimator, Xy, is represented by the expression
identical Ryx—1
By deducting the system state equation from the
state prediction equation:

X = Ryjk-1 = Fie(Xieeq — )’Zk|k—1) + wy

Py = E [(Fk(xk—l - )A(k—1|k—1) +wy)

~ T
X (Fi(Xko1 = Rige1) + W) ]
The state estimate error may be transformed into:
since it is not connected with the system noise.

E[(xk_1 — )’Zk—1|k—1)WkT]
T
=E [WkT(Xk—l - )A(k—1|k—1) ]
—0
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- Pko1 = FiPoaro1 Fr + Qx
The formula can alternatively be revised to read:
Rk = g1 + Kie(Z — HiRigre-1)
Pk = Prr—1 + KieHyPgr—1
Kyis a Kalman gain, which decides how to turn the
predicted value into the updated value to satisfy:
-1
Kk = Pt Hif (HPep— 1 HE + Ry)
Thus, the following may be established for the
micro-platform motion measurement model:
Xy ug, wie)
Ly = g(Xls<+1'Xl¥[+1'X1¥l’ DX11\</[+1)

3. Navigation positioning
correction using multiple
equations

system  error

linear regression
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System error is the error that occurs from a specific
or specific factor changing in accordance with a
specific law under a specific set of experimental
circumstances, and its impact on the determination
results frequently complies with a specific rule. It is
challenging to create a closed-loop motion for the
placement and navigation of micro-platforms
across vast distances. The closed-loop path of
short-range eight-character navigation (shown in
Figures 1 and 2) is suggested to replace the
cooperative working state of underwater formation
in long distance, so as to carry out error correction
analysis. This is done in order to find the
corresponding relationship between navigation
errors.

e

Figure 2: Driving trajectory comparison technique at nodes

Figure 3 depicts three instances of a micro-platform traversing an 8-shaped closed-loop map:

A multivariate linear regression equation between
the system error of the micro-platform and multiple
influencing factors is established by combining
with the environmental characteristics around the
underwater micro-platform and the parameters of
the dead reckoning information in light of the
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Figure 3: Node-level closed-loop correction diagram

»

aforementioned situation. Feature extraction and
matching are performed at the starting and ending
points of the closed-loop route. In order to fully
correct the navigation and positioning error, the
dead reckoning position of the micro-platform is
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corrected by combining the parameter matching
and optimization methods, so that the calculated
position value closely matches the actual position
value of each point in the driving area (Figure
3(c)).
Here is how the system error is stated:
u@) = Bo + Brxit ... +Bpx,

It is possible to write it down as a matrix by
looking at group N data:

Y=XB+ ¢
X stands for observation quantity, Y for
observation error, for observation matrix, and for
observation error. The multivariate linear
regression equation (Michailidis et al., 2020) can
be represented as the following matrix form since
the origin of system error is frequently certain
deterministic factors, not random variables.
Assuming the regression equation fulfils G-M
requirements and observation error obeys normal
distribution.

Y=XB+ ¢

e~ N(0,0,1,)
The factor parameters affecting the system error are
determined using the least squares estimation and
maximum likelihood estimation methods. The
regression equation is then reintroduced into the
driving process of the micro platform prior to the
node for positioning correction comparison in order
to identify the source and magnitude of the system
error and complete the compensation and
correction of the system error (Gao & Guo, 2018).

4. Bayesian filtering-based random error
correction for location and navigation

Random mistake frequently results from something
unforeseen and unintentional that happens during
the measurement process; these events have no
regularity and cannot be predicted, while repeated
measurements have statistical regularity. By
following the 8-word path on the closed map, it is
possible to extract the random error sample
function of the state space propagation of the
micro-platform, which can roughly reflect the
posterior probability density of the positioning
error of the micro platform. The mapping link
between small distance and big distance is
constructed in conjunction with the particle filter
based on Bayesian filtering(Zheng et al., 2005),
after which the positioning inaccuracy of the large-
scale micro platform is fixed(Hightower et al.,
2000).

The system state follows a first-order Markov
process, and the system observation e, is
independent if (k — 1) time and P, je,,_,) are
known.

Section A-Research paper

The research object for this work is t. The process
equation of the system may be built in accordance
with the content, where t can be derived by using
input.(Rebelo &  Nascimento, 2021) The
observation is the environmental information error,
where the difference between the real-time
environmental detection and the projected value,
and it also reflects the positioning error of the
system's inertial navigation.
Based on this, the system's observation equation
may be formed as follows:
The process equation:

T = g(Tk-1, Up)
The observation equation:

er = h(ty)

The undersea micro platform's navigation and
positioning state variable 7, is iteratively evaluated
using Bayesian and Markov hypothesis:
Letz,., represent the state variable series 74, =
(t;,i =0,1,...,k) and t,., represent the variables
used to make observations. The Bayesian formula
demonstrates that:

Pz, |7) = pley | 7o,) P(€s)
,)(rli rl,'..( )d(rlu)
The likelihood probability density when the
observation is ey IS Py, e,,) @nd the posterior
probability density is P, je,,0-(LOMax et al,
2000) The edge density of P je,), OF the
posterior probability density P, e,.,), 1S the
subject of the filtering issue.

p(z, e, )=H...J‘p(rm le, )drldz,.. dt,,

The posterior probability density Py je,,) Will
need to be computed once for the formula above
everytime a new observation data set is received,
which is quite unpleasant. As a result, the posterior
probability density is produced using the recursive
updating approach described below:

The system model is utilized to forecast the
probability density of time, and the prior
probability density P, ,) Of time is acquired.
Beginning with the posterior probability density
Py jes,) ODtAINEd at k — 1 time.

Update: When the observed value e, at k arrives, it
is used to correct the above prior probability
density to obtain the posterior probability density
Peyledt I

Update: The posterior probability density P, e, )
at is obtained by correcting the prior probability
density above with the observed value e, at k.
Initially, the prediction step yields the prior
probability density P e,, ) Of a (k—1) time
system state without K-time data.

P(7 €y ) ZJP(TA | 7)) Pt | 6y )dTy
Where P, je,,._,) IS the system state's transition probability density.
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Then, by updating step with the observation value at k-time points, the posterior probability density of the

system state at K time points is obtained:

pley | 7)p(m) _ P Ty | 7)P(T)

p(r,|e,)=

ple,)

Defined by conditional probabilities:

ple..ey )

ple.e, )= ple |e, )pley )

From the joint probability formula:

ple.e, | 7)) =ple e, .t )ple,

From Bayesian formula:

ple, |7.)=

| T¢)

p(z, e, )ple, )

p(7,)

p(ek lé’l:&~l ? z-A )p( z-n" ‘ el:ivl )ly(elifl)

p(r, |e,)=

ple, | €11 )p(euul)

Assuming that each system observation is independent of each other, we can get:
p(ekleuﬂl‘rk)::iuellzl)

ple. | 7)p(t, | e, )

Pz, le,)=

p(eA | el:A -1 )

bel(r, )= p(z; | ey)

bel(z,)= p(z, |e.,,)
However [ P(ey|e; 1) is usually a normalized constant, so:
bel(z,) = nple, | 7, )bel(z,)

By using a weighted sum of random samples, the Bayesian particle filter technique may approximate the
posterior probability density of placement and navigation during the whole motion process.
\.

PATy, €)= Z“’i‘s( Tox — Tox)
=l

Among them, {wf} is the normalised weight of
particles, N is the number of particles, {}} and 5(.)
is the Dirac-Delta function. 'Particles’ are a
sequence of samples acquired via Monte Carlo
random sampling at k moments.(Seeger, 2004) As
a result, the particle set and its weight value
{ti,wi} may be used to roughly depict the
posterior probability density P e,, ) Of the
system, as illustrated in Figure 4.
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Normalized constant P(ty|e;.x—1)iS generally
unknown, so the particle set cannot be directly
sampled from posterior probability
density P(gje,,._)- The importance  density
function q(ty|e;.x—1), Which is easier to sample, is
usually used to sample through importance
sampling. The importance density q(txleik-1),
can be expressed as:
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Figure 4: Distribution of the posterior probability density

As the normalised constant P(ty|e;.x_1) IS often most common method of importance sampling uses
unknown, the posterior probability density the simpler to sample significance density function
Peyjes ) CaNNot be directly sampled for the Q(Tk_lel:k—l)- The e>_<pression for the significance
particle set.(Trivedi & Balakrishnan, 2013) The density q(ty|ey:k—1) is:

N

q(7; €y ) = Z‘)( Tox — Tox)
i=l
Thus, the particle weight meets:

i
W oe P(To | €4)
q(7o, | €y)
If the importance density may be divided into:
q(Tos | €4) = 9(T | Tos1-€4)9(Tosy | €14 1)

The updating formula for weight may be calculated using the recursive Bayesian estimating approach as
follows:

o ple | 7)p(7 | T )P (Tou €14 y) - ple, |7)p(T |7 )

I I I | k-1 I I
q(7; | Tox_15€2 )9 (Tos s | €141) q(7; | Topy2€4)
If q(tx|e;.k—1) .the importance density function It is not essential to preserve the historical values of
only depends ont and , and it iS unnecessary to particle sets and observations if q(ty|e;x—1) Since
store the historical values of particle sets and the importance density function only relies on and.
observations.(Han & Zhang, 2007) The weight The weight updating formula in the previously
updating formula of the above equation can be stated equation is as follows:
simplified as:
! I i
e | 7. )p(z | 7es)
“JAI“ixl A"n/' i | T
q(7, | 7;_1-€;)
The posterior probability density of the state may by sequential sampling(Li et al., 2018) of the
be iteratively calculated in order to acquire the importance density function in accordance with the
statistical data of the state expectation by preceding formula:

calculating the weight of the particle set generated
47 |7 n6) = p(z | 7))

k-1

w, < wi,p(e | 7)
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After normalizing weight:
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N
ai-_.aad f E f
"A _“A / “A
i=l

One way to express the posterior probability density is as follows:

N
p(z, ley)= Z Wo(7, —7;)
=1

When the particle number is N — o , the large
number theorem can ensure that the above equation
can approximate the real posterior probability
P(tx|ei.x—1), SO as to complete the random error
estimation in the navigation and positioning of
micro platform.

The following equation may approximate the
genuine posterior probability P(ty|e;.x_1) when
the particle number is N — oo, completing the
random error estimate in the navigation and
placement of the micro platform.

2. Conclusions

A technique for systematic error estimation and
correction in underwater cooperative formation
navigation and placement is put forward in this
research. The motion model of an underwater
micro-platform is created by integrating the
Kalman filter method with different sensor data
carried by the micro-platform itself. The mistake of
the closed-loop path of the short-distance eight-
character navigation prior to the coordination of the
micro-platform is what distinguishes the error
connection between navigation and positioning at
the same time. A quick calibration and correction
approach for systematic error and random error in
cooperative placement is provided, which may
increase the precision of underwater cooperative
formation navigation. It is based on multivariate
linear regression equation and Bayesian particle
filter method.
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