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Abstract: This study proposes a novel application of neural computing based on deep learning for
the real-time prediction of motion parameters for underwater maneuvering object. The intelligent
strategy utilizes the capabilities of Scaled Conjugate Gradient Neural Intelligence (SCGNI) to estimate
the dynamics of underwater target that adhere to discrete-time Markov chain. Following a state-space
methodology in which target dynamics are combined with noisy passive bearings, nonlinear proba-
bilistic computational algorithms are frequently used for motion parameters prediction applications
in underwater acoustics. The precision and robustness of SCGNI are examined here for effective
motion parameter prediction of a highly dynamic Markov chain underwater passive vehicle. For
investigating the effectiveness of the soft computing strategy, a steady supervised maneuvering
route of undersea passive object is designed. In the framework of bearings-only tracking technology,
system modeling for parameters prediction is built, and the effectiveness of the SCGNI is examined
in ideal and cluttered marine atmospheres simultaneously. The real-time location, velocity, and turn
rate of dynamic target are analyzed for five distinct scenarios by varying the standard deviation of
white Gaussian observed noise in the context of mean square error (MSE) between real and estimated
values. For the given motion parameters prediction problem, sufficient Monte Carlo simulation
results support SCGNI’s superiority over typical generalized pseudo-Bayesian filtering strategies
such as Interacting Multiple Model Extended Kalman Filter (IMMEKF) and Interacting Multiple
Model Unscented Kalman Filter (IMMUKF).

Keywords: deep learning; motion parameters; state-space; underwater acoustics; passive bearings;
Monte Carlo; pseudo-Bayesian

1. Introduction

The research community has recently shown a lot of interest in real-time motion
parameters prediction of dynamic objects [1]. Many useful applications, both in civilian
and defense like radar, sonar, unmanned aerial vehicle (UAV), enclosed tracking, intelligent
transit system, air traffic control, surveillance, wireless radio network, drone navigation and
bioinformatics have facilitated from the phenomenon of motion prediction [2,3]. Despite
its widespread applications in many technical issues, robust motion parameters estimation
still has potential for development and faces a number of difficulties to be solved [4]. The
primary reasons that complicate motion parameters approximation of moving target are
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uncertainty in modeling, complicated maneuverings in state equation of the target and
wrongly observed bearings [5]. State and measurement models use numerical expression to
construct the present and observed dynamics of the turning target. The analysis of motion
parameters including position, velocity, acceleration, turnover rate, direction and how
these change from their existing points at run time are described by these mathematical
expressions of dynamic object [6]. A single dynamic model in estimating motion parameters
cannot accurately describe all of the unpredictable maneuvering behaviors of an underwater
passive vehicle. The performance of motion estimation techniques within a single model
may be significantly affected if the state equation and the actual movements of the target
do not match [7]. The most comprehensive and effective motion prediction models are
those which calculate the statistical equations of object kinematics at each moment of the
turning path [8].

Many significant studies have been investigated in the literature to achieve effective
motion prediction of underwater dynamic target [9]. The initial attempt in this field
involved the use of a single model Kalman filtering algorithm. However, the accuracy of its
predictions is often significantly impacted by the irregular and complicated maneuverings
of the undersea vehicle [10]. Following that, researchers suggested a typical comprehensive
statistical design for increasing the efficiency of motion prediction phenomena in which
the first-order Markov chain is perceived via second-order acceleration parameters [11].
Nevertheless, the model-based filtering method has led to improved accuracy in motion
estimation for slight maneuverings, but it diverges in accuracy when dealing with steady
speed and intricate underwater maneuvers. In addition, the maneuvering phenomena
requires a greater amount of previous statistical data about the object than is typically
available. Deterministic techniques have also drawn a great deal of interest from the
scientific society in recent time because they appear to be superior for identifying and
handling high maneuvers of underwater vehicles [12]. The input estimation algorithm and
the variable dimension filter are two prominent instances of this paradigm [13–15].

The dynamics of the underwater turning object can be efficiently constructed using
generalized pseudo-Bayesian (GPB) approaches. Design transition probabilities are practically
challenging in GPB strategies, and it is also challenging to divide the target’s dynamics
into distinct multi motion models. Interacting multimodel (IMM) filters, which model the
target’s movements, use a network of sub-filters [16,17]. However, IMM motion prediction
approaches already know about transition probability statistics and presumed dynamic
models [18]. Model shifting probabilities are difficult to obtain in GPB algorithms, and it is
also challenging to split the target’s dynamics into multiple motion models [19]. Additionally,
as the quantity of motion models escalates, the computational cost climbs dramatically, which
negatively impacts the real-time effectiveness of the whole motion prediction methodology.
However, IMM algorithms have certain drawbacks including unnecessary mathematical
computations when dealing with maneuvering objects and potential accuracy divergence due
to over motion modeling during maneuvering instants [20]. Simultaneously, by employing
state-space modeling, the problem of motion parameters prediction can be effectively designed
with time series approach [21]. All the approaches discussed in this context consider the state
model of the dynamic underwater object using the phenomena of a white Gaussian process
noise that is independent and identical (IDD) [22].

During the past two decades, nearly all engineering fields have seen the emergence
of smart computing techniques [23,24]. The power of optimal techniques and strength
of neural learning are utilized in artificial intelligence computing approaches to address
a variety of challenging real-world scenarios [25,26]. Numerous divisions of applied sci-
ences, including space science [27], plasma science [28], quantum mechanics [29], thermal
physics [30], hydrodynamic [31], electrical motors and generators [32,33], electromag-
netism [34], weather science [35], optical science [36], algebraic expressions [37], neuroin-
formatics [38], and microengineering [39], are finding extensive use for neural intelligence
computing frameworks. These soft computing approaches outperformed all conventional
methodologies and performed remarkably well in the aforementioned applications [40].
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While compared to other conventional methods, neural networks have demonstrated
significantly higher productivity and convergence rates in all relevant investigations.

Handling ambiguity and nonlinearity is a significant challenge in many realistic
systems with time-varying dynamics and dependent on the present state of the system.
Scaled conjugate gradient neural intelligence (SCGNI) methodology can be used for the
aforementioned systems and exhibits an excellent convergence rate [41]. Dynamic inputs
based on time-series data are successfully implemented by this artificial soft computational
model in literature [42,43]. The use of artificial neural networks to predict time-series data
is an uncertain method that does not require prior information of the given time series. The
task of forecasting the maneuvering situation of underwater object is generally regarded
as a nonlinear challenge due to the dynamic nature of the target’s motion characteristics,
which tend to fluctuate over time.

In our proposed work, SCGNI-based deep learning methodology is statistically built
for proficiently analyzing the instantaneous motion parameters prediction of a navigat-
ing marine vehicle in multiple undersea circumstances. In this study, a comprehensive
examination of the time series framework is conducted to approximate motion parameters
from complicated passive mechanisms governing the motion of a two-dimensional moving
object. Here, a novel neural processing platform is proposed and built for the purpose of
achieving accurate motion parameters evaluation by considering various oceanic scenarios
for highly maneuvering target. In our previously published work [17], a similar motion
estimation paradigm is examined with Bayesian strategies like interacting multiple model
extended Kalman filter (IMMEKF) and interacting multiple model unscented Kalman filter
(IMMUKF). Here comparative results demonstrate the precision, robustness, and strength
of SCGNI based neural intelligence computing. To evaluate the superiority of the proposed
approach with standard filtering algorithms, numerical variations of observed Gaussian
noise are carried out to create ideal and noisy underwater scenarios. This work employs the
potency of the SCGNI computing to predict motion parameters like location, velocity, and
rotation rate. Figure 1 depicts a detailed and concise graphical description of the proposed
experiment. The following are the highlights of the conducted study:

(1) In order to accurately approximate the motion parameters of underwater Markov chain
object, the ability and effectiveness of the SCGNI paradigm are thoroughly investigated.

(2) For a passive turning target, state estimations, position errors, velocity errors, rotation
errors, deviation histograms, and regression analyses of SCGNI are calculated and
compared to traditional Kalman filter variants that are nonlinear and use multiple
models include IMMEKF and IMMUKF.

(3) The cutting-edge Wiener process velocity (WPV) and coordinated turn (CT) configura-
tions are used to create the motion characteristics of the dynamical target in the high
transition trajectory.

(4) As an evaluation criterion, measurement noise standard deviation is used, and its
magnitudes are changed inside simulations in order to investigate the pattern of
existing and proposed methodologies.

(5) Test metric minimal mean square error (MSE) is picked to compare all of the pre-
sented techniques.

(6) The simulation results show that effectiveness of SCGNI soft computing is signifi-
cantly superior than multi model filters for predicting the motion parameters of an
underwater moving target.

The remainder of the paper is structured as follows. In two-dimensional Cartesian
coordinates, Section 2 presents the construction of a multiple model maneuvering parameter
prediction framework based on bearings only tracking (BOT) model. This section also devel-
ops thorough mathematical modeling of continually turning object. Section 3 explains the
structure and operation of the SCGNI network along with the training, testing, and validation
procedures. Section 4 describes the results of the simulation and a discussion of the minimum
MSE of the provided methods. The significant contribution is revealed and additional research
objectives are stated in the final section of the proposed work.
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Figure 1. Detailed overview of the designed paradigm.

2. Markov Chain Maneuvering Motion Parameters Prediction Modeling

In this section of the study, a mathematically built bidirectional motion parameters
prediction system of rectangular coordinates is used to model the Markov chain maneuver-
ing object. This approach uses state space-based BOT technology to accurately predict the
state of a continuously turning object in cluttered underwater medium. In order to gather
passive bearings, eight equally spaced observer platforms are employed. The observers’
positions are assumed to be known in prior. Only bearings of the moving object are ob-
tained passively from observation platforms, and these bearings depend on the angle and
orientation of each observer unit. Target movements are supposed to occur in the far field
region of this proposed motion parameters prediction system model, following continuous
turn trajectory which we intend to predict using nonlinear multimodel Kalman filters
and neural computing. Passive bearings of the moving object is a term used to describe
the nonlinear complicated data acquired at hydrophones, which is mostly depending on
the location of each underwater observer. Figure 2 depicts the movement patterns of a
navigating target and its motion parameters prediction mechanism.
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Figure 2. Motion parameters prediction model.

Many real-world systems have modeling parameters that change over time. These
various system parameters cannot be defined by a single system model. Within the predic-
tion process, it is possible for the modeling values to undergo changes in real-time motion
parameters prediction applications. These systems fall under the categories of multimodel
or Markov chain systems. The entire scheme may diverge in these cases if a single system
model is chosen. As a result, it is essential to create a general motion model of dynamic
objects that will govern various system models. In this research work, Wiener process
velocity (WPV) along with coordinated turn (CT) models are used to define the mechanics
of the underwater navigating vehicle.

2.1. Wiener Process Velocity (WPV) Framework

The state vector Zi
† demonstrate the bidirectional rectangular coordinates real-time

motion of the moving vehicle at time step † using position (x†, y†) and velocity (∆x†, ∆y†)
as follows:

Zi
† =

[
xi

† yi
† ∆xi

† ∆yi
†
]T. (1)

Meanwhile, the observer station’s state vector in rectangular coordinates can be modeled as:

Zj
† =

[
xj

† yj
† ∆xj

† ∆yj
†

]T
. (2)

The corresponding state expression of the dynamic target and the observing platform
is as follows:

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y†
]T. (3)

Considering state-space technology, the kinetics of the maneuvering object are built
using the discrete-time WPV model. This model can be used to describe the state equation
as follows:

Z†+1 = H†Z† + ϖΥ
† . (4)

The motion switching matrix H† is expressed in the above state equation with en-
tities of m × m. The motion switching matrix in the state-space approach represents the
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dynamic model’s feedback. ϖΥ
† is representing Gaussian process noise with zero mean.

The dispersion of motion switching matrix H† with sampling space Θ† is expressed as:

H† =


1 0 Θ† 0
0 1 0 Θ†
0 0 1 0
0 0 0 1

, (5)

and this sampling space Θ† is defined as:

Θ† = [(† + 1)− †]. (6)

In order to accurately anticipate the motion parameters using the SCGNI scheme,
the state space model described in Expression (4) should be represented in discrete time.
The discrete-time nonlinear model is used because it has the capability to attain more
accurate analysis of the system’s performance at time intervals † which are multiples of the
sampling space Θ†. The modified form of the discrete time state equation with its relevant
parameters is as follows:

Z†+1 =


1 0 Θ† 0
0 1 0 Θ†
0 0 1 0
0 0 0 1


︸ ︷︷ ︸

H†


x†
y†

∆x†
∆y†


︸ ︷︷ ︸

Z†

+ϖΥ
† . (7)

Gaussian process noise ϖΥ
† with covariance ψ† is defined as:

ϖΥ
† ≈ N(0,ψ†). (8)

In simulations, the variance of process noise is fixed to 0.05 for generating slightly
slow bends of the target’s trajectory.

2.2. Coordinated Turn (CT) Framework

The CT framework is a particular potential design that is typically employ for for-
mulating the dynamic features of a passive object that is constantly following a rotational
route. The state expression in this dynamic system model has an extra variable known as
turning rate. This motion parameters vector of target in rectangular coordinates holds its
orientation, velocity, and rotation rate. It can be represented using the CT model as:

Zi
† =

[
xi

† yi
† ∆xi

† ∆yi
† ϑi

†
]T. (9)

Additionally, the motion vector at the observer stage can be built as follows:

Zj
† =

[
xj

† yj
† ∆xj

† ∆yj
† ϑ

j
†

]T
. (10)

A related state vector between the observer station and the moving object is defined
as follows:

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y† ϑ†
]T. (11)

The CT model’s state equation is formulated as:

Z†+1 = H†Z† + h̄ϖΥ
† , (12)

with one additional parameter h̄ that describes the distribution of Gaussian model noise ϖΥ
† .

The foregoing state expression in the CT model is nearly similar to the WPV framework
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presented in (4). Like WPV model, the discrete-time pattern of state equation for this model
is computed as:

Z†+1 =


1 0 sin(ϑ†Θ†)

ϑ†

cos(ϑ†Θ†)−1
ϑ†

0

0 1 1−cos(ϑ†Θ†)
ϑ†

sin(ϑ†Θ†)
ϑ†

0
0 0 cos(ϑ†Θ†) − sin(ϑ†Θ†) 0
0 0 sin(ϑ†Θ†) cos(ϑ†Θ†) 0
0 0 0 0 1


︸ ︷︷ ︸

H†

Z† +


0
0
0
0
1


︸ ︷︷ ︸

h̄

ϖΥ
† . (13)

The CT model assumes Gaussian process noise with zero mean and its covariance is
defined as:

ϖΥ
† ≈ N(0,ψ†). (14)

The CT model’s numerical calculations are presented in Equation (13), despite the
nonlinearity of its behavior. As a result, the CT model can be created using the following
five algebraic equations:

x†+1 = x† +
sin(ϑ†Θ†)

ϑ†
∆x† +

cos(ϑ†Θ†)− Θ†
ϑ†

∆y†, (15)

y†+1 = y† +
1 − cos(ϑ†Θ†)

ϑ†
∆x† +

sin(ϑ†Θ†)
ϑ†

∆y†, (16)

∆x†+1 = cos(ϑ†Θ†)∆x† − sin(ϑ†Θ†)∆y†, (17)

∆y†+1 = sin(ϑ†Θ†)∆x† + cos(ϑ†Θ†)∆y†, (18)

ϑ†+1 = ϑ† + ϖΥ
† . (19)

In simulations, for relatively high maneuverings of object, the Gaussian dynamic noise
variance ψ† for rotation rate ϑ† is fixed to numerical value of 0.15.

2.3. Measurement Framework

Both WPV and CT models in this motion parameters prediction approach share a
measurement model that is also created using state-space phenomena. At time instant †,
the mathematical formulation of measurement model is defined as:

M†+1 = E(Z†+1,ℑ†+1). (20)

At time step †, the passive bearings from target are combined in a matrix E(.), and it is also
referred as a measurement matrix. This includes composite bearings, based on the point-slope
tangent correlation strategy. The measured noise at time instant † is represented by a variable
ℑ that follows an independent Gaussian dispersion in the above measurement expression. The
following relationship is used to generate passive bearings, impinged at acoustic observers
from the real motion of the dynamical target and placement of observers as:

E(Z†+1) = arctan
[ y† − Ξn

y

x† − Ξn
x

]
︸ ︷︷ ︸

bearings

. (21)

In the given measurement function, the real-time position of the moving target is
denoted with (x†, y†) in bidirectional rectangular coordinates, while localization of observer
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n is denoted with (Ξn
x , Ξn

y). At time step †, for observer n, the measurement model M
described in (20) can be expressed in an updated version as follows:

Mn
† = arctan

[ y† − Ξn
y

x† − Ξn
x

]
+ℑn

† . (22)

In the relation mentioned above, measurement noise ℑn
† holds zero mean and its

covariance O† is calculated as:
ℑn

†
∼= N(0, O†), (23)

O† = diag(λ2
M). (24)

In Equation (24), the representation of measurement noise standard deviation is indi-
cated by λM, that is indeed necessary for evaluating the precision of motion parameters
prediction methods for underwater target tracking. The behavior of the underwater atmo-
sphere is defined by fluctuating measured noise standard deviation. For the purpose of
examining the robustness and potency of the neural learning and Bayesian methodologies,
several values of the standard deviation of measurement noise are selected in our study.

The undersea object will attain a coordinated turning trajectory by following these steps.

(1) A moving object, with an initial position of (0,0) and a continuous velocity of 1 along
the x-axis e.g., (∆x†, ∆y†) = (1, 0), begins its maneuvers at the origin.

(2) After 4 s, with a turn rate of ϑ† = −1, the target makes a right turn.
(3) After 9 s, the target will no longer turn to the right and will instead continue travelling

in a straight line at a constant velocity of 1.
(4) Marine object accelerates to left with rotation rate ϑ† = 1 at 11 s.
(5) At 16 s, object stops turning to the left and sails straightaway with the same velocity

for 4 s.

3. Neural Intelligence Modeling

For the motion parameters prediction of underwater moving object, we formed a SCGNI
mathematical model in this section. The link between supplemental available data and defined
time series in real-world applications cannot be overlooked. The estimation algorithm’s
effectiveness in motion prediction problems heavily rely on noisy bearings. Consequently, the
understanding of noise deprived bearings or prior data can be utilized for modelling time
series-based SCGNI to determine the optimal motion prediction performance.

3.1. Scaled Conjugate Gradient Neural Intelligence (SCGNI) Model

The time series phenomena effectively merges historical data to predict future values
for the mathematical modelling of SCGNI. In the nonlinear framework of the SCGNI
computing, the exterior input and subsequent output are used to predict the future values
of time series data. For this reason, SCGNI employs a sophisticated multi-layer architecture
that comprises a covert layer, an input layer, a delay layer, and an output layer. In this
context we use a measurement series M(†) with input delay of k to make predictions about
the passive object’s state Z(†) for j prior values in the real data series Z. The neural network
activity of SCGNI hidden nodes is represented here for time series forecasting as:

Z(†) = β

(
M(† − 1), M(† − 2), . . . M(† − k)
Z(† − 1), Z(† − 2), . . . Z(† − j)

)
+ e(†). (25)

In the aforementioned nonlinear model of SCGNI deep learning, the input vector
M(†) is α dimensional, whereas the output vector Z(†) is β dimensional. The variable k
represents input delay, j represents output delay while the variable e(†) denotes the error
of the whole neural intelligence network.

A(†) = γr1(M(†)ωr1 + σr1), (26)
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Z(†) = γr2(A(†)ωr2 + σr2). (27)

In the given equation, the hidden layer vector is represented by the symbol A(†), and
it possesses a dimensionality of r. The weighted connection between the hidden layer and
the delay layer is ωy1 , whereas the weighted connection between output and delay layer
is ωr2 . The limits of the hidden and input layers are denoted as σr1 and σr2 , respectively.
The γr1 is switching function of hidden nodes, whereas γr2 is used for activation of hidden
nodes at output. The layered and overall structure of neural intelligence paradigm are
shown in Figure 3 and Figure 4 respectively.

Figure 3. The layered nature of neural intellgence computing.

Figure 4. Overall structure of neural intelligence network.

3.2. SCGNI Computing Paradigm Architecture

It is imperative to acknowledge that SCGNI is regarded as a recurrent distinct time
deep learning system in the domain of time series phenomena and formulated as follows:

Z(† + 1) = α

(
Z(†), Z(† − 1), . . . , Z((† − a) + 1)

M(† − (j + 1)), . . . , M((† − a)− (j + 1))

)
. (28)
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If it is assumed that the idle time lag component j in the aforementioned model tends
towards zero, the modified SCGNI model will be expressed as:

Z(† + 1) = α

(
Z(†), Z(† − 1), . . . Z(† − a,+1)

M(†), M(† + 1), . . . , M(† − a,+1)

)
. (29)

The mathematical representation of the aforementioned model can be stated in vector
form as follows:

Z(† + 1) = α(Z(†), M(†)). (30)

In Equation (30), the vectors M(†) and Z(†) are denoting input and output parameters
respectively. To ensure the optimal training of the neural framework, we implemented a
training algorithm based on scaled conjugate gradient (SCG) methodology.

3.3. Scaled Conjugate Gradient (SCG) Based Training Algorithm

The training approach based on scaled conjugate gradient (SCG), was invented by
Moller [44], which relies on the utilization of conjugate dimensions. The SCG-based training
method has gained significant acceptance in the academic literature as an effective approach
for building neural intelligence computing [45,46]. Compared to other conjugate gradient
methods that necessitate a line check at each iteration, this particular technique does not incor-
porate a line search at every iteration. The SCG algorithm was developed with the intention
of mitigating the time-consuming issue of line search phenomena. This training approach
employed in the study is a second-order gradient-based supervised learning technique. The
approach employed in this method involves the utilization of a trust-region step in contrast
to a line-search step to adjust the magnitude of the step. The line search procedure includes
additional factors in order to identify the appropriate step size, hence resulting in an increase
in the training duration for any given learning technique. At each step of the trust-region
method, the distance over which the model function can be trusted is changed. The model
function is effective if it lies within the specified distance. Otherwise, an estimated minimal
for the model function at the trust region boundary is employed. Trust-region algorithms
provide more robustness compared to line-search methods. The SCG based training algo-
rithm addresses the drawback of the line-search method by incorporating the trust-region
method, similar to the approach utilized in the Levenberg–Marquardt method [47].

During each iteration, the training process based on the SCG algorithm calculates two
first-order gradients for the variables in order to estimate the second-order information.
This methodology has a network training function that updates weight and bias values reg-
ularly. The ability to train any network depends upon the existence of derivative functions
for its weight, net input, and transfer functions. The step size in this context is determined
by a quadratic estimation of the error function, resulting in enhanced robustness and less
dependence on user-defined parameters. The estimation of the step size is conducted using
a distinct approach. The calculation of the second order term is determined as:

d̄† =
e′
(
ω̄† + ϕ†♢̄†

)
− e′(ω̄†)

ϕ†
+ η†♢̄†. (31)

In this context, the scalar value η† is dynamically modified based on the variable ℓ†.
Weight vector is denoted with ω and e′(ω̄) is the global error parameter. The step size in
training process is calculated as:

s† =
υ†

ℓ†
=

−♢̄T
† e′gω(r1)

♢̄T
† e′′(ω̄)♢̄†

. (32)

The gradient of error is represented by e′′(ω̄), quadratic estimation of error parameter is
shown with e′gω(r1), and non-zero weight vectors are ♢̄1, ♢̄2 . . . ♢̄† . Update η† to ensure that:
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η̄† = 2(η† −
ℓ†∣∣♢̄†
∣∣2 ). (33)

If Θ† > 0.75, then η† = η†
4 . If Θ† < 0.25, then η† = η† +

ℓ†(1−Θ†)

|♢̄†|2
. Likewise, Θ† is an

evaluation function and computed as:

Θ† =
2ℓ†[e(ω̄†)− e(ω̄† + s†♢̄†)]

υ2
†

. (34)

At the outset, the training values are chosen as, 0 < ϕ ≤ 10−4, 0 < η ≤ 10−6 and
η̄ = 0. A halt of training occurs by appearance of any of these conditions:

• The time limit has been surpassed.
• The upper limit of epochs has been attained.
• Performance is reduced to the target.
• The effect of the gradient appears lower than the minimal gradient.
• The performance of validation has exhibited a greater increase compared to the maxi-

mum number of failures since the previous occurrence of a fall in performance (when
utilizing validation).

The real state of the maneuvering object Z(†) as indicated by y(t) and the combination
of passive bearings M(†) at acoustics hydrophones are shown with x(t) in Figure 5. These
are used as inputs to the SCGNI network in order to compute the approximated state
Z(†), which is also represented by the number y(t) at the neural network’s output. The
simulations are conducted using the SCGNI neural network toolkit in the MATLAB 2018a
software environment. The SCGNI Model’s toolbox structure comprises of three layers:
input, hidden, and output, as depicted in the picture below.

Figure 5. Neural network toolbox flow for SCGNI.

The true state vector in Equation (9) comprises five entities, including x-y positions, x-y
velocities, and a turning parameter. This state vector is utilized as one input in the SCGNI
model. Additionally, passive bearings from different acoustic hydrophones are utilized
as another input. These inputs are employed to estimate the state vector, consisting on
five components. In the context of simulations, a hidden layer consisting of 100 neurons is
employed, with the activation of these neurons being facilitated by a sigmoid function. The
training of weights is accomplished through SCG-based training approach, implementing
the backpropagation through time (BPTT) strategy. Likewise, epoch based method is
implemented during the training phase of the soft computing technique. During the neural
learning of SCGNI paradigm, 70% of the entire data is allocated for the training phase,
whereas the remainder 30% is evenly shared between the testing and validating steps for
evaluating the produced outcomes.
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3.4. Criteria for Performance Evaluation

The assessment criterion for deep neural intelligence methodology involves formulat-
ing a minimal mean square error (MSE) among the real and predicted motion parameters
of a turning object at each time instant †. This paper presents an analysis of the reliability
and robustness exhibited by the neural intelligence technique. As a consequence, the MSE
formula for SCGNI, IMMEKF, and IMMUKF is derived separately for each individual
Monte Carlo simulation as:

MSE(†) =
1
P

P

∑
†=1

∥∥∥ZActual
† − ZEstimated

†

∥∥∥2
. (35)

In the mentioned MSE function, actual motion parameters of the turning object are
denoted as ZActual

† . On the other hand, approximated motion parameters of the object,
obtained through the utilization of SCGNI and Bayesian filtering approaches, are expressed
by ZEstimated

† . The total number of data points are denoted by P, with a value of 200 in
simulations, whereas † = 1 represents the starting data point. The computation of motion
parameter errors for the turning trajectory occurs at each time step.

4. Findings and Analysis of Simulation Results

This section of the study provides a concise explanation of the simulation findings for
the proposed smart computing based on SCGNI. The results include real-time motion pa-
rameters estimates, location error, velocity divergence, rotation estimates, error histogram,
and regression study. Five distinct scenarios in simulations are performed and standard
deviation of observed noise is varied for checking the performance of motion prediction
algorithms. This parameter is systematically tuned within the range of 0.01 to 1 radian.
The measured noise exhibits a complex marine environment when the value of λ is at its
greatest, which is 1 radian. Conversely, the ideal atmosphere is represented by a minimal
value of λ , which is 0.01 radian.

In the execution of simulations, the precise adjustment of mathematical variables through-
out motion parameters prediction modeling is essential in order to achieve the desired perfor-
mance outcomes. Table 1 provides appropriate values for the variables of motion estimation.

Table 1. Configuration of several factors for estimating of motion parameters.

Variables Suitable Values

Initial motion parameters of the object Z0 = [0 0 1 0 0]T

Acoustic hydrophones placement function (Ξn
x , Ξn

y)

Number of acoustic hydrophones n = 8

Hydrophones space 0.5

The standard deviation values of the observed noise λ = 0.01 → 1 radians

WPV framework process noise variance ψ† = 0.05

CT framework process noise variance ψ† = 0.15

Sample space Θ† = 0.01

Delays of input and output layer k, j = 2

Quantity of sample values 200

Hidden nerve cells 100

SCGNI target points 1000

4.1. Analysis of Markov Chain Maneuvering Target Motion Characteristics under Various
Conditions of Measurement Noise Standard Deviation

This subsection presents an explanation of the simulation results and a brief discussion
of the real-time prediction of motion parameters for maneuvering object. The computing
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techniques employed in this study are IMMEKF, IMMUKF, and SCGNI. In this study, we
conduct a comparative analysis of the accuracy and convergence performance of the SCGNI
algorithm in relation to IMM filters. IMM filters with same system model are investigated
in our previous recorded study [17]. The analysis specifically focuses on five different
values of observed noise standard deviation. Figures 6–15 present various outcomes of
the GPB algorithms and SCGNI computing, including parameters prediction, orientation
error, velocity error, rotation predicts, error histogram, and regression study. The following
study presents evaluation of five distinct scenarios, accompanied by their corresponding
mathematical formulations and simulation results.
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Figure 6. Motion parameters results of IMMEKF, IMMUKF, and SCGNI for λ = 0.01 rad.

Position MSE (m) Velocity MSE (m/s)

IMMEKF 0.00082 0.00721

IMMUKF 0.00077 0.00688

SCGNI 0.00012 0.00251
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Figure 7. The IMMEKF, IMMUKF, and SCGNI’s average MSEs for predicting position and velocity in
scenario 1.
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Figure 8. Motion parameters results of IMMEKF, IMMUKF, and SCGNI for λ = 0.05 radians.

Position MSE (m) Velocity MSE (m/s)

IMMEKF 0.01306 0.05589

IMMUKF 0.01173 0.04505

SCGNI 0.00707 0.00431
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Figure 9. The IMMEKF, IMMUKF, and SCGNI’s average MSEs for predicting position and velocity in
scenario 2.
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Figure 10. Motion parameters results of IMMEKF, IMMUKF, and SCGNI for λ = 0.1 rad.
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Position MSE (m) Velocity MSE (m/s)

IMMEKF 0.14566 0.19382

IMMUKF 0.07832 0.13784

SCGNI 0.01961 0.05498
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Figure 11. The IMMEKF, IMMUKF, and SCGNI’s average MSEs for predicting position and velocity
in scenario 3.
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Figure 12. Motion parameters results of IMMEKF, IMMUKF, and SCGNI for λ = 0.5 rad.

Position MSE (m) Velocity MSE (m/s)

IMMEKF 1.58754 0.53783

IMMUKF 1.04345 0.48383

SCGNI 0.21995 0.07959
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Figure 13. The IMMEKF, IMMUKF, and SCGNI’s average MSEs for predicting position and velocity
in scenario 4.
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Figure 14. Motion parameters results of IMMEKF, IMMUKF, and SCGNI for λ = 1 radian.

Position MSE (m) Velocity MSE (m/s)

IMMEKF 3.55172 0.7912

IMMUKF 2.25118 0.66189

SCGNI 0.17148 0.07276
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Figure 15. The IMMEKF, IMMUKF, and SCGNI’s average MSEs for predicting position and velocity
in scenario 5.
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4.1.1. Scenario 1: The Measurement Noise Standard Deviation λ = 0.01 Rad

In the first scenario, a standard deviation of 0.01 radians is used to represent the
measured Gaussian noise λ. This value is indicative of an undersea environment that
is close to being perfect and characterized by smooth conditions. The covariance in this
particular scenario involves utilizing the measured noise standard deviation as:

O† = diag(λ2
M). (36)

The observed Gaussian noise at given time instant † for n sensor is determined from
covariance as:

ℑn
† ≈ N(0, O†). (37)

The above determined measured noise is incorporating in measurement function M as
follows for all passive bearings at time step † for sensor n:

Mn
† = arctan

[ y† − Ξn
y

x† − Ξn
x

]
+ℑn

† . (38)

The SCGNI deep learning model uses the above-designed measurement model as one
of its inputs, as time series data. The target’s time series is another input for the SCGNI
model, in which the actual state vector described below is used to find motion parameters
for underwater maneuvering target.

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y† ϑ†
]T. (39)

Real-time state approximates, mean real and predicted location and velocity diver-
gence, actual and predicted rotation rate, error histogram, and regression study of true and
computed maneuvering track are shown for this observed noise standard deviation in the
first scenario as follows.

In this situation, the assumption of a quiet oceanic atmosphere is made by selecting a
minimal numerical threshold for the measured noise.

• Figure 6a compares the performance of SCGNI computing with Bayesian filtering
algorithms like IMMEKF and IMMUKF for predicting motion parameters of a maneu-
vering object following turning trajectory. It is evident that SCGNI accurately traces
the actual turning path of the maneuvering target.

• The assessment of position errors in a mean square sense is depicted in Figure 6b,
where it is observed that SCGNI computing exhibits the lowest error compared to
other approaches.

• Figure 6c displays a difference between the actual velocity and the estimated veloc-
ity, as measured by the MSE. The SCGNI deep learning mechanism demonstrates
superior efficiency in computing velocity equated to nonlinear Kalman estimators for
200 samples in this outcome.

• Figure 6d depicts the rotation parameter prediction of the IMMEKF, IMMUKF, and
SCGNI algorithms. The success rate of SCGNI over IMM estimators for the entire
turning trajectory is being confirmed by prediction of turning rate ϑ† for all samples.

• Figure 6e shows the error histogram between the target time series Z(† − 1),
Z(† − 2), . . . , Z(† − j), , and the predicted output ZEstimated

† . The error histogram
is comprised of a collection of divergence points, which may include both negative
and positive values. These error values quantify the distinction between target and
estimated time series. The comprehensive error of the SCGNI network is partitioned
into 20 bins in this investigation, visually represented by vertical strips. In the centre
of histogram, a bar exhibits distinctiveness in comparison to other bins, as it manifests
an error of 0.005337 at a height of 1000 occurrences. This observation suggests that a
number of data points within the time series exhibit errors falling within this specific
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range. The zero-error bar is likewise situated within this bin, which establishes the
neural network’s zero error.

• Figure 6f illustrates the regression evaluation of the SCGNI strategy for training, vali-
dation, and testing. The time series dataset utilized in the soft computing architecture
is partitioned into three subsets: training, validation, and testing. These subsets are
allocated proportions of 70%, 15%, and 15% correspondingly. This analysis incor-
porates statistical factors to demonstrate the correlation between the output vector
ZEstimated

† and the required vector ZActual
† . In the regression analysis, the actual target

and estimated output exhibit a high degree of overlap. A linear pattern is detected in
both data that indicate the level of effectiveness of SCGNI soft computing.

In addition, we calculate the MSE for both location and velocity of the object by
comparing the actual values with the anticipated values. These findings indicate that the
precision of SCGNI surpasses that of IMM Kalman filters in terms of position and velocity
error responses. This demonstrates the efficacy of utilizing neural network applications
for predicting motion parameters in maneuvering target applications. The graph below
displays the location and velocity errors for the IMMEKF, IMMUKF, and SCGNI methods.

4.1.2. Scenario 2: The Measurement Noise Standard Deviation λ = 0.05 Rad

In scenario 2, a value of λ = 0.05 radians is selected as the standard deviation of
observation noise. This choice is made to introduce a certain level of measurement noise
into the computation system. In the present context, the calculation of variance is derived
from the measured noise standard deviation as:

O† = diag(λ2
M). (40)

The measured noise at time interval † for sensor n follows a Gaussian distribution,
with its characteristics determined by the previously estimated covariance as:

ℑn
† ≈ N(0, O†). (41)

The measurement framework for sensor n includes measurement noise at each instant † as:

Mn
† = arctan

[ y† − Ξn
y

x† − Ξn
x

]
+ℑn

† . (42)

Similarly, this established measurement model Mn
† is used as an input time series

by the neural paradigm. The target time series applied at another input of SCGNI is
represented by the following motion parameters vector.

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y† ϑ†
]T. (43)

The motion parameters that are significant for estimation using SCGNI computing
are the real-time orientation of the maneuvering target (x†, y†), velocity (∆x†, ∆y†), and
rotation rate ϑ†. The following part presents the simulation results, which include motion
prediction, location error, velocity error, rotation approximates, divergence histogram, and
regression study for the current scenario.

• Figure 8a presents a comparison of the predicted motion characteristics for all three
approaches in relation to the integrated turn route of the navigating target. It is note-
worthy to observe that, in the context of this specific standard deviation of observed
noise, the motion estimations and convergence of SCGNI surpass those of typical
nonlinear filtering methods.

• The figure labeled as Figure 8b illustrates the intermediate MSE between the true and
forecasted positions of a submerged navigation object. This result also serves as a
representation of the precision of the SCGNI method with respect to IMMEKF and
IMMUKF methodologies.
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• Figure 8c presents a comparison between the real and predicted velocity of a ma-
neuvering vehicle, as calculated by IMM filters and the SCGNI network. The results
indicate that the intelligence neural methodology outperforms the filtering techniques
in terms of accuracy.

• Figure 8d illustrates the turn rate approximates for the current scenario. Once again, it
is evident that the SCGNI method outperforms Bayesian filtering techniques in terms
of accurately determining the turning parameter.

• Figure 8e displays the error histogram outcome, which compares the target time series
dataset Z(† − 1), Z(† − 2), . . . , Z(† − j), with the expected output value ZEstimated

† of
the target’s motion properties. The histogram displays a vertical bin at its center,
representing the error of −0.02886. This bin corresponds to the training dataset and
has a height that is close to 500 occurrences. In contrast, the validation and testing
datasets are represented by bins that range between 400 and 500 instances. In this
particular instance, the zero error is situated below the vertical bar, which has a center
at −0.02886.

• Figure 8f presents the regression analysis of SCGNI computation for the training,
testing, and validation stages. In regression graph, effectiveness of the SCGNI scheme
is evident that how the real target and estimated output respond head-to-head.

The MSEs are also calculated to determine the discrepancy between the real and
projected location and velocity of the turning object in the presence of observed noise.

The location and velocity deviations further support the findings that the predictability
of SCGNI surpasses that of IMM Kalman filters. This highlights the effectiveness of neural
networks in predicting motion parameters. The location and velocity errors obtained from
SCGNI and multi model Kalman filters are listed in the above chart.

4.1.3. Scenario 3: The Measurement Noise Standard Deviation λ = 0.1 Rad

In this circumstance, the measured noise standard deviation gets larger to λ = 0.1
radians, indicating the presence of a sufficient level of noise introduced into the entire
system. The calculation of the covariance O at instantaneous time †, given a standard
deviation of 0.1 radian for Gaussian measured noise, is as follows:

O† = diag(λ2
M). (44)

The observed noise arising from the previously derived covariance for n sensors at
time step † is formally presented as:

ℑn
† ≈ N(0, O†). (45)

The produced Gaussian measured noise is being included in the observation modelling as:

Mn
† = arctan

[ y† − Ξn
y

x† − Ξn
x

]
+ℑn

† . (46)

The measurement framework M at time step † for hydrophone n is shown in the
above equation. This framework incorporates the passive angles impinged at acoustic
hydrophones, and linked with observed noise that follows white Gaussian distribution.
The measurement model formulation is utilized as the input dataset for the deep learning
model. The additional input of the neural network comprises on state vector of the motion
parameters given as:

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y† ϑ†
]T. (47)

The subsequent portion presents the simulation outcomes referring to the fluctuation
of measured noise in the form of motion approximates, minimal location error, velocity
error, rotation predicts, error histogram, and regression evaluation.
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• The results of motion parameter prediction for coordinated turn trajectory are pre-
sented in Figure 10a for all approaches. It can be seen that the soft computation
paradigm based on SCGNI reveals higher accuracy compared to the typical IMMEKF
and IMMUKF techniques. It is noticeable that multimode filters have greater chal-
lenges in accurately estimating the motion parameters of maneuvering objects during
turns of the trajectory compared to the SCGNI approach, which highlights the profi-
ciency of the neural paradigm.

• The results presented in Figure 10b illustrate the real-time positional error of IMM
filters and SCGNI, specifically in the sense of the mean square. The accuracy of SCGNI
outweighs that of other approaches for every instance of turning track.

• Figure 10c displays the velocity error, measured in meters per second, of the maneu-
vering object for all data points across each technique. The performance of filtering
algorithms deteriorates at the turning points of the trajectory. However, it is seen that
the SCGNI algorithm outperforms the IMM filters at all data points.

• Figure 10d displays the turn rate projections for all techniques, revealing that neural
computing offers much superior estimation performance compared to Kalman filters.

• Figure 10e presents a comparison analysis of the target time series Z(† − 1),
Z(† − 2), . . . , Z(† − j), and the predicted value ZEstimated

† of the target’s kinetics in
the format of histogram. The histogram displays a vertical bar at its center, which rep-
resents an error of −0.02163. The peak of the vertical stack utilized for the procedure
of training exceeds 500 points, whereas the testing and validation datasets consist of a
range of 400 to 500 occurrences. The analysis indicates that the zero error is located
within the vertical bin, namely at a value of −0.02163.

• Figure 10f provides an illustration of the regression phenomena observed during the
neural learning procedure. The graph depicts a minimal deviation among the target
number and the output variable, that can be attributed to a rise in the observed noise
standard deviation.

In the present scenario, the MSEs of the orientation and velocity calculated in the units
of meters and meters/second respectively, for both the actual and anticipated values of the
target’s location and velocity. The location and velocity errors detected, further validate
the aforementioned findings, indicating that the neural network presents much superior
accuracy compared to multimodel filtering approaches. The chart given in Figure 11
displays the location and velocity errors that have been determined employing the IMMEKF,
IMMUKF, and SCGNI methods.

4.1.4. Scenario 4: The Measurement Noise Standard Deviation λ = 0.5 Rad

In scenario 4, the standard deviation of observed noise is λ = 0.5 radians, so injecting
a significant level of Gaussian noise into the motion prediction process. The symbolic
representation of variance, which incorporates the arithmetic quantity of standard deviation
of measured noise, can be expressed as:

O† = diag(λ2
M). (48)

The computation of Gaussian measurement noise is derived from the covariance as:

ℑn
† ≈ N(0, O†). (49)

The noise measured at time step † for each sensor n is included into the measurement
formulation of the overall system as:

Mn
† = arctan

[ y† − Ξn
y

x† − Ξn
x

]
+ℑn

† . (50)
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The input time series provided to the SCGNI neural model consists of the whole
measurement model equation Mn

† , which covers passive bearings and measured noise. The
target time series is an additional input that represents the real state vector, as seen below:

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y† ϑ†
]T. (51)

The instantaneous locations, velocities, and rotations of a passive dynamical object
have been formulated for the exact bending route of an undersea target. These parameters
are then input into a neural network based on SCGNI to generate a target time series.

The figure above shows simulation results for motion predicts, location error, velocity
error, rotation approximates, deviation histogram, and regression interpretation.

• Figure 12a displays the motion parameter predictions of the IMMEKF, IMMUKF, and
SCGNI algorithms under conditions of high measurement noise. It is evident that
all three algorithms encounter challenges in accurately tracking the actual trajectory.
However, even within the presence of a disruptive environment, it is shown that the
estimations of SCGNI exhibit a higher degree of convergence with the actual trajectory
compared to the other two algorithms that are considered.

• The figure labeled as Figure 12b illustrates the MSE between the existing and computed
positions of the kinetic target. The outcomes indicates that filtering algorithms exhibit
a significant level of error, while the SCGNI deep learning approach demonstrates a
more accurate estimation of the object’s turning trajectory with reduced position error.

• Figure 12c displays the velocity error resulting from various approaches, so providing
validation for the effectiveness of the artificial neural network.

• Figure 12d presents the turn rate approximations in this particular scenario, showcasing the
superior prediction capability of neural computing compared to IMM filtering approaches.

• Figure 12e displays a histogram illustrating the occurrence of errors between the target
values Z(† − 1), Z(† − 2), . . . , Z(† − j), and the estimated output value ZEstimated

† for
the target’s motion. A discrepancy of −0.00234 is seen in the tall box located at
the midpoint of the graph. The histogram represents the distribution of a training
dataset, with a vertical length of around 300 samples. Likewise, dataset for testing
and validation consist of approximately 250 to 300 points. The zero-error bar in the
histogram is positioned below the vertical line centered at −0.00234.

• The regression analysis in this particular scenario is presented in Figure 12f, which clearly
illustrates a notable disparity between the true value and the anticipated output. This
divergence can be attributed to a boost in the standard deviation of the observed noise.

In this situation, the MSE is computed to determine the disparity between the true
and projected velocity and location of the dynamic vehicle. The location and velocity error
outcomes further validate the earlier findings that SCGNI shows superior performance
compared to Kalman filters. The location and velocity variations, as computed by GPB and
SCGNI methodologies, are illustrated in Figure 13.

4.1.5. Scenario 5: The Measurement Noise Standard Deviation λ = 1 Rad

In the final scenario of this analysis, a peak value of λ = 1 radian is adopted to represent
an atmosphere with high level of noise. Additionally, the motion prediction system will be
subjected to a measurement model characterized by significant levels of noise. The highest
value of λ corresponds to the definition of covariance O† as:

O† = diag(λ2
M). (52)

At instantaneous time †, the computation of Gaussian distributed measurement noise
ℑn

† for n sensor is performed using the covariance O† as:

ℑn
† ≈ N(0, O†). (53)
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The measurement expression now incorporates the inclusion of extreme values of
independent white Gaussian measurement noise as:

Mn
† = arctan

[ y† − Ξn
y

x† − Ξn
x

]
+ℑn

† . (54)

The input time series Mn
† of the SCGNI deep learning network consists of passive

measurements with maximal measured noise. Another input of neural intelligence is
derived from the state expression, as specified below:

Z† = Zi
† − Zj

† =
[

x† y† ∆x† ∆y† ϑ†
]T. (55)

The SCGNI smart computing integrates both input and target datasets for accurately
predicting the output time series, which comprises the expected vector of motion param-
eters. The following statistics are shown in this circumstance: state predictions, location
velocity disparities, rotation forecasts, error bar graph, and regression model.

• The motion parameter estimations of the IMMEKF, IMMUKF, and SCGNI algorithms
in this particular situation are illustrated in Figure 14a. The divergence of motion
prediction results across all methods can be attributed to the presence of significant
noise in the undersea domain. Tracking a true trajectory poses significant challenges
for all algorithms. However, in this specific scenario, the neural computing technology
known as SCGNI demonstrates superior performance for estimating turning trajectory
as compared to other two approaches.

• The average gap between real and predicted positions of the underwater maneuvering
object is depicted in Figure 14b as the MSE. The results clearly demonstrate that the
SCGNI computing network presents lower position error compared to the IMMEKF
and IMMUKF methods.

• Figure 14c displays the velocity error outcomes of all approaches, revealing that
SCGNI has occasional peaks but, on the whole, demonstrates superior performance
compared to IMM filters.

• Figure 14d presents the turn rate estimates in this particular scenario, whereby the
turning parameter is more accurately estimated using SCGNI.

• Figure 14e illustrates the assessment of a neural network through the utilization of an
error histogram. This study includes the target dataset Z(† − 1), Z(† − 2), . . . , Z(† − j),
as well as the approximated output vector ZEstimated

† . An error of 0.06423 is detected in
a vertical bin with a training dataset height of around 250 steps, while the datasets
used for confirmation and testing possess heights ranging from 150 to 250 instances.
During this particular circumstance, the zero-divergence value is situated below the
vertical box having a central value of 0.06423.

• The figure labeled as Figure 14f illustrates the regression of the SCGNI soft learning
network, specifically depicting the relationship among the desired outcome and the
projected result in this particular scenario. The regression analysis reveals a notable
disparity between the observed target values and the anticipated output, which can
be attributed to the substantial presence of normal distributed noise in the motion
prediction framework.

Within this cluttered environment, the MSEs pertaining to the orientation and velocity
of the vehicle are computed in the units of meters and meters per second separately, by
comparing the actual values with their corresponding estimated values. The obtained
location and velocity error outcomes validate the prior findings that SCGNI exhibits
superior accuracy compared to Kalman filters, especially in highly noisy underwater
conditions. Figure 15 presents a compilation of position and velocity errors that have been
determined through the IMMEKF, IMMUKF, and SCGNI methods.

The aforementioned data from various circumstances indicates that when the standard
deviation of measured noise λ is high, all motion parameter prediction algorithms en-
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counter difficulties in accurately tracking the true state of a turning maneuvering item in an
underwater environment. When considering various methods comparatively, it is evident
that deep learning based on SCGNI exhibits superior performance. This effectiveness is
demonstrated in its ability to accurately anticipate nonlinear real-time motion parameters
in underwater scenarios.

4.2. Computational Load Analysis

This section focuses on analyzing the computational complexity of the proposed
SCGNI computing and comparing it with the operational difficulty of traditional IMM
filters. We evaluate the quantity of multiplication and addition steps incorporated in these
approaches. The instantaneous computations performed at every time instant † necessary
for the joint operations of SCGNI and the Bayesian filters, are represented in Table 2. Here Q
represents the quantity of filters in the filter-bank of IMMEKF and IMMUKF, whereas c and
d represent the sizes of state vector Z† and measurement vector H† correspondingly. The
IMM filter necessitates the real-time computations of the Bayesian gain and the merging
of covariance, as well as the prediction and update steps, at each moment. It is assumed
that the matrix reversal tasks, which are needed to calculate the filter gains, are performed
utilizing Cholesky transformation [48]. As well as for SCGNI, m g, and z are representing
inputs, hidden layers and outputs of the network respectively.

Table 2. Computational load analysis of IMMEKF, IUMMUKF and SCGNI

Algorithm Operation Additions Multiplications

IMMEKF

IMMUKF

Combining
covariance Q2(c3 + c) Q2(c3 + 2c)

Estimating covariance 2Qc3 Q(2c3 − c2)

Updating covariance Q2(c2d + c3) Q(c3 + c2(d − 1))

Filter gain Q(2c2d + 2d2c+

0.5d3 + 1.5d2)

Q[cd(2n − 3) + 2d2c+

0.5d3 − 0.5d2]

SCGNI

Neurons g + z m(g2 + z)

Memory g[o(m)] + z[o(g)] o[(m + z) ∗ g2]

Feed time g ∗ o(m) + z ∗ o(g) o[m + z(g3)]

Additionally, the complexity assessment for the IMMEKF, IMMUKF, and SCGNI
techniques is conducted using statistical parameters of mean and standard deviation over
time in seconds. The outcomes of complexity operators for all observed noise conditions are
presented in Table 3 for all techniques. The IMMEKF algorithm demonstrates the shortest
execution time in seconds, with IMMUKF algorithm closely following. The computational
time required for the SCGNI computing strategy is more than that of multi model Kalman
filters. However, this difference becomes less significant because to the higher accuracy of
the SCGNI.

Table 3. Complexity analysis for different values of Measurement Noise Standard Deviation.

Algorithm
λ = 0.01 rad λ = 0.05 rad λ = 0.1 rad λ = 0.5 rad λ = 1 rad

Mean STD Mean STD Mean STD Mean STD Mean STD

IMMEKF 0.05 0.02 0.07 0.03 0.14 0.09 0.37 0.26 0.64 0.42

IMMUKF 0.08 0.03 0.17 0.06 0.26 0.14 0.58 0.43 0.83 0.75

SCGNI 0.12 0.04 0.29 0.13 0.53 0.25 0.92 0.69 1.73 1.23
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5. Conclusions

This study examines the deep learning computing paradigm utilizing the robustness
of SCGNI for the real-time prediction of motion parameters of bearings-only maneuvering
Markov chain undersea object. In the two-dimensional X-Y coordinate framework, the
instantaneous motion characteristics of a kinematic turning target are predicted at each time
instant. At first, a mathematical BOT approach is used to create a state space prediction
design for a dynamic and observed framework. After that, a neural computing method
based on SCGNI is developed to foresee the motion characteristics of a Markov chain
passive object. We evaluated the performance of SCGNI supervised neural computing
for absolute turning course of target movements through the use of rotation prediction,
minimum mean square location, real-time motion approximation, velocity difference,
inaccuracy histogram, and regression on 200 data samples. Subsequently, a sufficient
number of numerical values representing Gaussian dispersed observed noise are utilized
to evaluate the success rate of the intended approach. The final section presents the
simulation outcomes, which demonstrate that the neural network offers a higher level of
accuracy compared to conventional nonlinear multi model Bayesian filtering algorithms
such as IMMEKF and IMMUKF. Even so, the outcomes of all approaches demonstrate an
exponential deterioration in a noisy underwater atmosphere. Hence, the acquisition of
precise motion characteristics within a complex oceanic scenario remains an enormous task,
presenting significant potential for further advancement.

In future research tasks, the exploration of recurrent and radial base neural strategies
can be pursued to enhance the estimation of motion parameters for highly maneuvering
objects in the presence of non-Gaussian measurement noise. This area of investigation
remains a captivating research avenue within the domain of underwater single or multi-
target scenarios.
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