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Abstract. This presents a hybrid spatio-temporal neural network for
predicting failure risks in ship power plant subsystems within a digital twin
framework. The proposed convolutional neural network and long short-term
memory  architecture integrates telemetry data, physics-informed
constraints, and fuzzy diagnostic indicators to ensure consistent and reliable
predictions. Experimental validation, including Hardware-in-the-Loop
testing, confirms improved accuracy and stability under noisy conditions.
The model supports real-time deployment and enhances interpretability
through subsystem-level analysis and SHapley Additive exPlanations.

Pestome. Ilpedcmasneno 2ibpudHy npocmopo8o-yaco8y HeupoHH)y
Mmepedicy Oasl NPOSHO3YBAMHA DPU3UKY 8I0MO8 nidcucmem CYOHOBOI
eHepeemUuyHOi YCMAaHo8KU 8 MedHcax yughpoeo2o 06itinuka. 3anpononosana
apximexmypa Ha OCHOGI 320PMKOGUX HEUPOHHUX Mepedic I mepedc 006201
KOpOMKO4ACcHOI nam’smi  iHmeepye melemempuyni  OaHi, Qizuuno
00TpYHMOBaHi  obMmedceHHss ma  Heyimki  OIAZHOCMUYHI  O3HAKIL.
Excnepumenmanvua eanioayis niomeepodicye nioguuyeHy mouHicms i
cmitikicms modeni. Inmepnpemosarnicmo 3a0e3neyyemvcs 3a 00ONOMO20i0
memoody SHapley Additive exPlanations.
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The increasing complexity of modern ship power plants (SPPs) and the
nonlinear nature of their degradation complicate long-term risk prediction
[1, 2]. Traditional analytical and fuzzy-based methods, while effective for
local diagnostics, are limited in high-dimensional, time-varying
environments [3, 4]. Neural network models trained on telemetry and digital
twin (DT) data enable identification of latent dependencies between system
states and failure probability, forming the basis of intelligent monitoring
systems [5, 6]. Recent advances in prognostics and health management
(PHM) highlight the effectiveness of deep learning, particularly hybrid CNN
(Convolutional Neural Network)-LSTM (Long Short-Term Memory)
architectures, in capturing spatial and temporal features [7]. However, purely
data-driven approaches often lack physical interpretability and stability.
Physics-Informed Neural Networks (PINNs) address this by embedding
conservation laws into training, improving robustness and generalization
under noisy or limited data [8], though real-time application remains
challenging. Integration of DTs with machine learning enhances prediction
accuracy by combining simulation and real-time data [9, 10]. Multi-source
data fusion improves diagnostics [11], but consistency across heterogeneous
domains remains an issue. Fuzzy logic supports uncertainty modeling [12],
yet requires integration with deep learning in complex systems. Hybrid
CNN-LSTM and multi-branch architectures improve feature extraction and
interpretability [13, 14], while combining statistical reliability models with
machine learning increases stability, especially for rare failures [15, 16].
Despite these advances, key gaps remain: limited integration of data-driven
and physics-based models, lack of unified multi-source representation, and
insufficient application in real-time maritime DT systems [17, 18]. The
proposed approach addresses these gaps through a hybrid framework for SPP
failure prediction, ensuring physical validity and cognitive consistency. It
integrates telemetry, CSM (cognitive simulation model)-based indicators,
and fuzzy diagnostics into a unified representation, and employs a multi-
branch CNN-LSTM architecture for subsystem-specific modeling (fuel,
cooling, electrical). A physics-informed loss function enforces conservation
laws, improving consistency and generalization, while coordinated
integration within a DT aligns neural, simulation, and fuzzy outputs.

The model is validated in a Hardware-in-the-Loop (HIL) environment,
confirming robustness under realistic conditions. The study aims to develop
an accurate and consistent predictive model, including data integration,
architecture design, physics-informed training, and validation with
robustness analysis under noise and ablation scenarios.

Within the DT architecture, the neural network subsystem operates at the
top analytical layer as an intelligent integrator of prognostic risk estimates
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for transmission to the Shore Control Centre (SCC). By fusing
heterogeneous data into a unified cognitive model, it supports remote
monitoring and informed decision-making. The subsystem interacts with
three domains: the CSM (causal failure probabilities Pi(t)), the fuzzy module
(aggregated risks Ri(t)), and the data acquisition layer (sensor and telemetry
data). Its role within the control loop and data flows is formalized in the
system architecture (Fig. 1), which describes the end-to-end transformation
from raw signals to onshore management decisions.

Level 4: Human-machine int o rerride/ C 1
Shore Control Center (SCC)

Operator dashboard & decision making

Integral risk (};’., 5]
Level 3: Predictive Al core (the model) & Explanations

Hybrid Neural Network (PINN CNN-LSTM)
Physics-informed risk predictor

St X F

Level 2: Digital twin data envipOnment \

CSM Model DT Data DB Fuzzy Subsystem

Causal physic: Synchronized Expert heurisfics

ilure } telemetry (uncertainty bounds)

Raw data
Level 1: Physical environment (vessel)
Physical Sensors & IoT Devices H
Telemetry streams (Vibration, Temp, Pressure, RPM) * -----

Fig. 1. Global system architecture of the cognitive DT: an echeloned data
flow from physical sensors to the SCC

The end-to-end information flow (Fig. 1) is organized into four
hierarchical levels: the physical layer (sensors and actuators), where IoT
devices generate raw telemetry; the DT level, where data are enriched, while
the CSM computes causal probabilities and the fuzzy subsystem formalizes
expert knowledge; the artificial intelligence level, where a hybrid CNN-
LSTM model integrates these inputs via a physics-informed loss function
(Lrpe) to estimate the integral risk; and the decision-making level (SCC),
where the validated forecast is transmitted via satellite for operational
decisions.
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The neural network acts as an intelligent bottleneck, filtering large
volumes of raw data and delivering only interpretable, physically consistent
risk estimates. The model performs one-step-ahead prediction of integral
failure risk while accounting for multidimensional SPP dynamics.

Revr = fo(Xeorr) € [0,1],

where fy is a parameterised neural network, X (t—k:t) is a time window of
telemetry data with a depth of k steps, R,,, is the predicted value of the
integral failure risk at time step t+1, 6 is a non-linear approximator (neural
network) with a set of zable weight coefficients 0, (X;_j.t) € R**™ is the
input feature matrix representing a time window of observations with a depth
of k steps, k is the length of the observation window (a model
hyperparameter), M is the number of input physical and diagnostic
parameters.

The integration of the neural network with other DT modules, including
the CSM and the fuzzy subsystem, ensures cognitive consistency of the
forecast. The technical condition indicator S; (from the CSM) and diagnostic
features F; (from the fuzzy subsystem) provide expert knowledge, enriching
raw sensor data, accelerating convergence, and improving decision-making
under uncertainty. The model captures time-varying dependencies, where
the observation window k is a key hyperparameter. In this study, a window
of k = 60 seconds was selected to balance short-term dynamics (e.g.,
vibration spikes) and computational efficiency. The input feature vector X;
integrates three data sources: OREDA databases (statistical failure
parameters, e.g., Weibull, Lognormal), SPP DT data (pressure, temperature,
vibration, rotation speed, consumption), and online telemetry from IoT
sensors and diagnostic modules. The combined input ensures cognitive
consistency and forms the basis for robust prediction. Figure 1 presents the
three-level aggregation scheme used to construct X;, with the overall vector
defined for each subsystem accordingly:

xX¢ = [P, Te, Vi, 01, Sty Q, Fi ], @)

where: P, T; is the pressure and temperature of working media at critical
nodes of fuel, lubrication, and cooling circuits; V; is the vibroacoustic
parameters (RMS accelerations) of bearing units; ; is the rotational speed
of the main engine shaft or turbocharger; S; is a scalar indicator of technical
condition from the CSM model; Q; is the instantaneous fuel consumption
characterising the current load regime; F; is a fuzzy indicator of diagnostic
uncertainty.

The detailed semantics and frequency characteristics of the vector
components are presented in Table 1.
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Table 1
Semantic structure of the input feature vector X
Update
. . Data
Component | Physical meaning of parameter . frequency,
domain Hy
Pressure of working media (oil, High (10—
P fuel, boost) Telemetry 50)
T, Temperature gra'dler?ts inpower| oo try Medium (1-
plant circuits 5)
Vibroacoustic activity (RMS High (100-
Vi acceleration) Telemetry 1000)
Rotational speed of shaft and Medium
o turbochargers Telemetry (10)
Fuel / coolant flow rate (load .
Q: condition) Telemetry | Medium (1)
S State indicator based on the (;igfusizls Low (event-
t - .
CSM model (SE€[0,1]) based) driven)
Diagnostic feature of the fuzzy Expert- Low (on
Fi based
subsystem . demand)
(logic)

This multidimensional feature vector structure ensures accurate
modeling of complex SPP degradation processes. It correlates low-level
stochastic sensor fluctuations with high-level structural health indicators,
providing the SCC operator with a comprehensive and interpretable
assessment of the asset's technical condition. To preserve the kxM matrix
structure required for the operation of 1D-CNN layers, low-frequency expert
features (S, F;) are broadcast to all steps of the current observation window
k. This ensures that the neural network takes into account a stable physical
context when analysing high-frequency oscillations of pressure or vibration.
The overall input vector X; is a fusion of raw sensor data and synthesized
diagnostic metrics, defined by Equation (1). For CNN-LSTM processing, its
temporal structure is explicitly represented, with the combined input window
Xk forming a kxM matrix (e.g., 60x7), where k=60 s. High-frequency
features P, Ty, Vi,,Q; are updated at each time step At, whereas synthesized
features are low-frequency. The technical condition indicator S, derived
from the CSM, represents the subsystem’s aggregated health (e.g., S;€ [0,1]
or a binary state) and is updated at a coarser rate. Diagnostic features F,
obtained from the fuzzy subsystem, quantify uncertainty and local risk and
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are also updated infrequently. To preserve the required matrix structure for
the 1D-CNN layer, S; and F; are broadcast across the entire observation
window X, remaining constant for all k time steps and taken from the
latest available low-frequency update prior to time t.

Sensor Reading(t') forPTV,w,Q
Feature(t') =< Sigtest for SWheret —k <t' <t
Fiatest for Fwheret —k <t' <t

where t' is the current step index within the time window; Siatest, Flatest 1S the
latest available values of causal and fuzzy features up to time t.

This multidimensional structure enables mapping low-level stochastic
sensor fluctuations to high-level structural health indicators (Fig. 2). The
model’s prognostic capability relies on cognitive consistency via integration
of multi-domain features. The input vector X unifies process dynamics,
causal physical knowledge, and expert uncertainty through a three-level
aggregation scheme (Fig. 2).

Integral risk
R totalttny € 0,11 | 777 :

Analytical block of the cognitive twin Operator
interface

(SCC)

Neural network core
CSM model ~
Multi-branch CNN-LSTM

(Cognitive simulation S¢ Fy (Fuzzy logic)

Fuzzy subsystem

model) Multimodal knowledge integrator Expert assessment
aggregation

Causal physics P(t)

Physics-informed loss

Data acquisitiof and preprocessing level X, ‘\’

Statistical basis Synthetic domain

Online telemetry
OREDA database Digital twin

IoT streams (T. P. V. &,
(LEV. @) Failure history simulation data

Fig. 2. Multi-level architecture of intelligent monitoring: integration of the
neural network core with the functional domains of the DT

Fig. 2 shows that X; concatenates features from dynamic (time-series
telemetry), causal (CSM physics-based indicators), and fuzzy (uncertainty
and local risks) domains. This links low-level sensor data with high-level
health indicators, providing SCC operators with a comprehensive system
view. The approach combines high-frequency temporal dynamics with low-
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frequency expert knowledge. Preprocessing includes normalization, spline-
based imputation of missing values, and median filtering to remove outliers.
For each window of length k=60 s, a training tensor X;-«. and R; is formed.
To capture complex spatio-temporal degradation, a hybrid CNN-LSTM
architecture [13] is used, combining 1D-CNN for feature extraction and
LSTM for long-term temporal dependencies. To better represent subsystem-
specific degradation, the model is implemented as a multi-branch parallel
structure (Fig. 3).

PARALLEL PROCESSING BRANCHES

lDC\'\ LSTM
[64] Filter [128] units l

Subsystem. =
: ;D o LeTu : | Conmeced
(64] Filter [128] units ) [64] Units
1D-CNN LSTM B I
[64] Filters [128] units

Fig. 3. Multi-branch CNN-LSTM architecture for SPP risk prediction:
parallel feature extraction and subsystem aggregation

Input Data
Window

To prevent statistical interference between heterogeneous physical
parameters, the predictive core employs a multi-branch CNN-LSTM
topology (Fig. 3). The input telemetry window X (60x7 matrix) is directly
segmented into three domain-specific sub-matrices X fuel, Xt.cool, and X elec),
enabling isolated spatio-temporal feature extraction for each major SPP
subsystem.

Segmentation rule: Xife: includes parameters directly related to fuel
system operation (e.g., fuel pressure Pf.e, fuel temperature Tre, and fuel
flow rate Qy); Xicoolt includes parameters related to the cooling circuit (e.g.,
coolant temperature Teool, cOolant pressure Peoor); Xielec: includes parameters
reflecting mechanical and electrical load/condition (e.g., vibration Vi,
rotational speed w:, and auxiliary metrics). Each of these segmented sub-
matrices is fed into its own independent, yet structurally identical CNN-
LSTM branch (as defined by layers 1 and 2). This parallel processing ensures
the dedicated extraction of local patterns and the robust modeling of long-
term temporal dependencies specific to each physical domain. The resulting
hidden state vectors (hefue'?, hicool®, heelec®) from the parallel LSTM blocks
are subsequently concatenated in the subsystem aggregation layer to form
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the unified system state vector z;,, as formally defined in Equation (2). This
integrated approach guarantees the cognitive consistency of the forecast by
synthesizing knowledge extracted from disparate physical domains of the
complex technical system. The model includes four functional layers:

1. Feature extraction layer (1D-CNN).

The one-dimensional convolutional layer performs the extraction of local
spatial patterns from the multi-domain input:

hY = ReLu(W, - X, + b.),

where hgl) is the hidden state vector after the convolutional layer; W, is the
matrix of convolutional filters; X; is the input observation vector; b is the
bias term; ReLu is the activation function (rectified linear unit).

2.Temporal encoding layer (LSTM).
The recurrent layer based on Long Short-Term Memory (LSTM) blocks
models the inertia of processes

h® = LSTM(R®, c,_y):

where LSTM is the memory cell and forget gate mechanisms to account for
the inertial properties of processes in the subsystems of the SPP (e.g., thermal
and vibration effects); hgz) is the hidden state vector of the recurrent layer;
ct_1 1s the memory cell state at the previous step.

3. Subsystem aggregation layer.
The aggregation layer combines the data from parallel branches into a
unified system state vector z:

@ @ Lo

Zt =Concat(ht,fuel’ t,cool’ t,elec)’ (2)

where hg?uel,hg?c)()ol,hgglec - hidden state vectors obtained at the second
level (LSTM layer) for different subsystems of the SPP: hg?uel - fuel
system; hg?o o - cooling system; hgi), cc - power supply system.

This layer reflects the implicit interaction between subsystems by
assuming that the concurrently calculated hidden states from each subsystem
(fuel, cooling, electric) independently contribute to the overall system risk.
This concatenation step is crucial as it ensures a comprehensive, cognitively
consistent representation of the multi-domain system state before the final
prediction.
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4. Fully connected output layer.
Generates the forecast of the integral failure risk:

Riyi = oW,z + b,),

where o(+) is the sigmoid activation function that normalizes the result
within the range [0,1]; W,,, b, is the weights and bias of the output fully
connected layer.

The resulting value is R’ 1+ interpreted as the probability of the system
transitioning into a degradation state at the next time step. The summary
structure of the architecture is presented in Table 2.

Table 2
Structural specification of the layers of the hybrid neural network (Multi-
Branch CNN-LSTM)

Parameters / .
Activation Output
Layer type number of function Output dimension
neurons
Sliding window
Input layer (k<M) - X 60x7
Convolutional Ien) 64 (per
(1D-CNN) 64 filters (3x1) ReLU hy branch)
LSTM . tanh / @) 128 (per
memory cells 128 units sigmoid hy branch)
_ 128 (per
Dropout rate = 0.2 - - branch)
Subsystem Branch i ” 3x128 =
aggregation concatenation ' 384
Fully 64 neurons ReLU - 64
connected
Output layer 1 neuron Sigmoid Riiq 1

The architecture (Table 2) is designed for real-time processing of
streaming data. The initial 1D convolutional layer (64 filters) acts as a high-
frequency spatial filter, extracting short-term mechanical anomalies directly
from raw sensor inputs without prior preprocessing. The subsequent LSTM
layer (128 units) captures long-term thermodynamic degradation trends. To
reduce overfitting to stochastic marine noise, Dropout regularization
(rate = 0.2) is applied in each branch. The subsystem aggregation layer then
concatenates outputs from the fuel, cooling, and electrical branches into a
unified 384-dimensional latent vector, enabling the fully connected network
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to perform cross-domain feature fusion and compute the integral risk
indicator.

To ensure a high level of confidence of the SCC operator in the generated
predictions, model training is implemented within the paradigm of physics-
informed learning. The final loss function is minimised iteratively: Lgaw 1S
the standard prediction error based on observed data (for example, mean
squared error (MSE) between the predicted and actual risk values); Lynys is
the penalty for violation of physical dependencies derived from
thermodynamic, hydraulic, and vibration models of the digital twin. The
final loss function is expressed as [8]:

Ltotar = Laata + 41+ Lphys >

where A is the regularization coefficient that determines the degree of
influence of physical constraints on the training process.

The regularization coefficient A was selected as A =0.5 using the L-curve
method and further tuned via grid search to balance prediction accuracy
(Ldata) and physical consistency (Lphys). Minimizing the total loss
Lwwenforces agreement with physical laws and prevents non-physical
predictions. This integration enables training on both empirical data and
structural dependencies within the system. The model is trained on a
combined dataset including SPP digital twin time series (pressure,
temperature, vibration, rotational speed, generator load, etc.), historical
failure data (e.g., OREDA), and synthetic CSM data describing
probabilistic—causal relationships between subsystems.

Such integration of data sources provides comprehensive model training
- both from empirical operational data and from formalized structural
dependencies among a complex technical system elements.

The main component Lya is calculated as the MSE:

_1ynN truey2
Ldata N i=1(Ri _Ri ) >

R{™¢€ is the reference label

where N is the number of samples in the batch;
of failure risk from the training dataset.

The Physics-Informed Loss (Lpnys) regularizes training by enforcing SPP
conservation laws and penalizing deviations from DT-based
thermodynamic, hydraulic, and vibration constraints, including conservation
of energy, mass, and momentum (heat balance, flow, pressure, and rotational
dynamics).

Formal Definition of the Physical Loss Term

The physical loss term, Lynys is defined as the MSE of the residuals, Rj,
of the governing physical equations. The residual R; is the error that results
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when the predicted parameters and their derived temporal derivatives
(calculated from the neural network's input window) are substituted into the
physical conservation equations (where the result should ideally be zero).
This loss function quantifies the deviation from the conservation laws
formalized within the DT's CSM. The general form of the Lppys is:
Loys = 3o DL B0 R (Ko, Rua, 007

where N is the total number of time steps (windows) in the training batch;
Kphys 1s the total number of distinct physical equations/constraints applied
(i=1...Kphys); Ri(...)=0 represents the i-th differential or algebraic
conservation equation; X is the input observation window; R, is the
predicted risk.

As an academic example, consider the simplified heat balance equation
for the cooling circuit (Subsystem j), which is one component of the total

Lphysl
dE

e = —_—— .. —_ ] = .
Rh at dt (eln eout) 0

where dE/dt is the rate of change of internal energy (approximated from
Vi - T; and Pj); Oin — Oyt is the net heat flow (derived from operational
parameters 6, and physical model ).

The corresponding residual term R; to be minimized by the neural

network weights 6 would thus be:
Ry = (V- Tp) + ¢ (Fm! (P, 0) = T)) = 0.

The neural network is enalized if its prediction leads to an overall system
state where the measured temperature change (V, - T;) significantly deviates
from the value predicted by the physical thermal model ~ f;*¢™(P;, 6,)
(which accounts for fluid flow, heat exchange, etc., and is derived from the
DT's CSM).

Since the input data consists of discrete time series, the temporal
derivative (V;) of the physical parameters (like pressure P; or temperature Tj)
is approximated numerically using the forward difference scheme between
two consecutive time steps (A; ):

Pj(t+AD)—P;(t)
At ’

thjj =

where I, P; is the estimate of the time derivative of pressure P with respect
to time t; At is the telemetry discretisation step.
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_— T, (t + At) — T(¢t)
;o At '

This numerical method provides the empirical dynamic behavior of the
system, which is then enforced to align with the theoretical behavior ;')
during the model's training. The final total 10ss Liotal = Ldata + A "Lphys 18
minimized iteratively to achieve a balance between empirical prediction
accuracy (Lgaa) and physical consistency (Lphys). The Lpnys component
enforces dynamic consistency between observed physical changes and the
modeled term fi***'®¥ | derived from governing equations (e.g., thermal and
energy balance). The model’s construction and training are formalized as a
data flow diagram, with digital twin constraints integrated into the
backpropagation loop (Fig. 4).

FORWARD PASS (NNY

Sensor data
X
A 4
Feature extraction
BTy =
1 1ID-CNN
1
'
H A 4
' -
[ Temporal encoding
1 LSTM
'
1
H A 4
eeod . Prediction layer True labels Physical variables
: Dense network Ry CSM / Digital twin
1 Ri™ States
1 A 4 ) J v
'
! Predicted risk | Ren ) Compute Laata Compute Ly,
' Reps RMSE error Physics-informed residual
1
' ¥
1
1
H Total 1oss Ciotar
: Laata + Alpnys
1
1 A 4
'
| I — V0 Backpropagation |- - = = = == = = = = = = = = = = = = Update weights &
Adam optimizer

Fig. 4. Data flow diagram and backpropagation mechanism in the process
of training the hybrid model

The scheme (Fig. 4) shows two coupled optimisation loops: the main
forward flow from sensors to the predictive layer and an auxiliary branch of
a priori constraints derived from the digital twin. Training iteratively
minimises the total loss Lo, Where Laaw fits observations and Lpyys serves
as a strict regulariser. This feedback enforces agreement with noisy data
while constraining predictions within engineering limits, preventing
physically impossible results — critical for autonomous navigation safety.
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Training of the PINN combines data-driven optimisation with physical
constraints. Parameters ¢ and 6 are updated adaptively as operating
conditions change. The model is trained with mini-batches using Adam (o =
107%), and its generalisation is assessed via 5-fold cross-validation. The
physics-informed loss ensures consistency with conservation laws,
improving reliability under incomplete data and robustness to sensor noise.
Thus, the CNN-LSTM model functions as an intelligent predictor within the
digital twin, uniting empirical patterns with physical laws. For validation
under near-real conditions, a dedicated Hardware-in-the-Loop (HIL) test
bench was developed (Fig. 5).

Simulation environment (PC) Physical hardware (Edge)

Telemetry (z_k)

Ship dynamics model 1 . [

(6-DOF Hydrodvramies)

ARM Cortex-AT2

Hybnd CNN-LSTM

SatCom Hub Predictive engine

Nt delay emulator)

SPP Simulator : FedPINN Inference
(Thermodynamic state solver) ‘—'— ‘_._

" Riik forecadl & Conirol

Fig. 5. Semi-physical (HIL) test ben diagram: integration of an ARM
Cortex onboard computer with an SPP physical process simulator

Using areal ARM Cortex-A72 (4x1.5 GHz) in the loop enables objective
latency assessment. With satellite communications (SatCom) degradation
emulation, the model shows robustness to packet loss: inference time is 42
+ 5 ms per prediction, with peak RAM under 128 MB, meeting Hard Real-
Time edge constraints. The PINN architecture is highly scalable within the
SCC ecosystem: its multi-branch design enables vertical expansion without
restructuring, supports cost-efficient horizontal scaling for fleet monitoring,
and reduces SatCom traffic by transmitting only the aggregated risk vector
(over 98 %).

A fixed observation window of 60 s (Table 3) was selected to balance
capturing LSTM temporal dependencies with computational efficiency. The
regularisation coefficient A is a key parameter defining the trade-off between
Ldata and Lphys; its optimal value was determined via grid search over [0,
1] with 5-fold cross-validation.
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Table 3
Technical parameters for deployment of the predictive model
Deployment Value Comment
parameter
Response time <50 ms Meets ha.lrd real-time
(latency) requirements
Required memory ~120 MB Acceptable for edge computing
(RAM) (ARM/Jetson)
Synchronized with main
Throughput 10 Hz sensors of the power plant
SatCom traffic - 98 Due to onboard edge data
savings ° processing

The hybrid CNN-LSTM model’s efficiency and stability depend on
hyperparameters controlling learning, representation, and complexity. For
reproducibility, the configuration (Table 4) was obtained using the same
procedure; the regularization coefficient remains the most critical parameter

and requires further analysis.

Table 4
Hybrid CNN-LSTM model hyperparameter configuration
Parameter Value Description
Observation 60 s Length of the time series segment
window length (k) used for prediction.
Input feature 7 The dimensionality of the input
count (M) vector X, per time step.
Batch size 32 Number of samples processed before
updating the model weights.
Optimizer Adam Adaptive moment estimation
algorithm.
Parameter Value Description
Learning rate (@) 107 Adaptive learning rate for weight
updates.
Epochs 100 Total number of full passes over the
training dataset (with early stopping).
Regularization 0.5 Weighting factor balancing Lga and
coefficient (1) (empirical) Lphys
Cross-validation 5-fold Scheme used to ensure generalization
scheme capability and prevent overfitting.
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A deeper analysis is required to validate the critical trade-off parameters:
the observation window length (k) and the regularization coefficient (1). The
selection methodology for the regularization coefficient is illustrated in
Figure 6. As shown by the L-curve (Fig. 6), increasing A from 0 to 0.5 sharply
reduces Lpnys while maintaining low RMSE; A = 0.5 provides the optimal
balance. For A > 0.5, RMSE rises, indicating overemphasis on physical
constraints at the expense of sensor-driven dynamics. The time window k =
60 s reflects SPP inertia and external disturbances: with load oscillations of
8-15 s, it captures 4-7 cycles, allowing the LSTM to separate short-term
fluctuations from long-term degradation.

—e— RMSE (Root Mean Square Error)
\ —®— Physical Loss (L_phys)

e

L_phys (Physical Loss)

RMSE (Rool Mean Square Error)
°
8
,

] 02 04 0.6 08 1

Regularization coefficient (1)

Fig. 6. Trade-off between empirical accuracy (RMSE) and physical
consistency (Lphys) as a function of the regularization coefficient A

The optimal regularisation coefficient A = 0.5 corresponds to the L-curve
“knee”: for A < 0.3 the model overfits to sensor noise, whereas for A > 0.7
physical constraints dominate, suppressing empirical features and increasing
systematic error. To assess the model’s quality, standard regression metrics
are applied: MAE; root mean square error (RMSE); coefficient of
determination (R?), as well as the k-fold cross-validation procedure, which
guarantees model robustness against overfitting.

The choice A = 0.5 follows the L-curve criterion, where gains in physical
consistency no longer justify losses in empirical accuracy. Sensitivity of
MAE to k and A was also analysed (Fig. 7).

Analysis of Fig. 7 shows that reducing the window to 30 s increases error
by 18 — 22 % due to aliasing of slow thermal dynamics, while extending it
to 120 s yields negligible accuracy gains (<1.5 %) but sharply increases
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random access memory (RAM) usage and introduces unacceptable real-time
delays.

‘--» k= 30s (Too shorf) == k = 60s (Proposed optimum) B~ k = 120s (Diminishing returns)

008

A~

007

Physical bias dominance
4., | Overfitting to noise :

0.06

005

0.04

Prediction error (MARE)

003

0.02

Regularization coefficient (i)

Fig. 7. Sensitivity analysis of the predictive model: the influence of the
observation window length (k) and the regularisation coefficient () on
prediction accuracy (MAE)

Together, these elements form a trainable neural subsystem of the digital

twin, providing adaptive prediction of failure probability and integral risk
based on sensor data streams:

1 ~
MAE =~3IL; IR = R,

1 ~
MRSE = Jﬁz?’zl(Ri —RP)2,
TiRP-Ry)?

2 — a2t U
R - 1 Zi(Riexp_E)Z:

where R{™" is the actual (empirical) risk values; R; is the predicted values
produced by the model; R is the mean value of actual risks.

Before training, a statistical analysis of feature distributions using Kernel
Density Estimation (KDE) was performed to verify data representativeness
and reduce bias toward dominant classes. As shown in Fig. 8, data density is
evaluated across four SPP subsystems: fuel, cooling, electric power, and
control.
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Fig. 8. Density distribution of the training dataset by integral risk levels for
various SPP subsystems

Figure 8 shows data density across four subsystems (Fuel, Cool, Elec,
Control). Most observations lie in the low-risk zone (R < 0.5), reflecting
normal operation. Cooling and electrical systems dominate with medium-
risk cases (0.2 <R < 0.6), while high-risk events (R > 0.8) account for only
5-7%, motivating data augmentation via CSM-generated scenarios. High-
risk cases are mainly concentrated in the control subsystem, highlighting its
critical role despite fewer parameters.

This distribution guides dataset balancing (e.g., oversampling, class
weighting) to avoid bias toward dominant classes. Model adequacy was
assessed by comparing predicted risks with DT-based reference values on an
isolated test set containing rare emergency scenarios (fault detection and
isolation attacks, cylinder—piston degradation), with results shown in Fig. 9.
Analysis of the scatter diagram (Fig. 9) revealed a slight dispersion in the
low-risk zone (R < 0.2), caused by hardware sensor noise, and a tendency
towards slight overestimation in the ultra-high-risk zone (R > 0.8), which is
acceptable from the standpoint of a conservative safety strategy (Safety
First). Quantitative accuracy results for the key SPP subsystems are
presented in Table 5.

Most predicted values lie close to the diagonal y=x, indicating strong
agreement with reference data (R* = 0.982). Errors remain low (MAE <
0.03, RMSE = 0.04). Minor dispersion at low risk (R < 0.2) is due to sensor
noise and weak degradation signals, while slight overestimation at high risk
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(R >0.7) reflects limited training data for rare failures; this can be mitigated
by denoising and data balancing (e.g., synthetic generation).

Predizted risk index R(t)

IPse |

o 02 04 06 [ 1

Actual risk index R(t)

Fig. 9. Comparison of hybrid model predictions with reference DT data

Table 5
Accuracy metrics for failure risk prediction by subsystems
PPS MAE RMSE Pearson cor;ela‘uon
coefficient
Fuel system 0.024 0.038 0.985
Cooling circuit 0.031 0.042 0.978
Power unit
(Generators) 0.028 0.035 0.981
Integral indicator 0.027 0.039 0.982

Benchmarking against Weibull, LSTM-only, and CNN-only models
confirms the superiority of the hybrid PINN CNN-LSTM. Error reduction
versus the best baseline (LSTM) is statistically significant (p < 0.001). The
model matches or exceeds state-of-the-art results, benefiting from physics-
informed constraints that improve accuracy under data scarcity. Unlike
classical statistical models, it adapts to unit-specific degradation, while
physical laws act as a filter that preserves accuracy in high-risk regimes
where purely data-driven models degrade. A combined benchmark and
ablation study across Weibull, LSTM-only, standard CNN-LSTM, and the
proposed PINN CNN-LSTM confirms the contribution of each component.
Summary results, including R2, are presented in Table 6.
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Table 6
Comparative benchmark of predictive models on the test dataset
Predictive model architecture MAE RMSE | R? Score
Weibull Mode?l (Statistical 0.184 0215 0.412
baseline)
CNN-only (Spatial baseline) 0.078 0.092 0.815
LSTM-only (Temporal baseline) 0.062 0.075 0.894
Standard CNN-LSTM (Data- 0.046 0.058 0.941

driven / No physics)

PINN CNN-LSTM (Proposed

model) 0.027 0.039 0.982

Analysis of Table 6 confirms the theoretical hypotheses on architectural
components, showing the hybrid PINN’s predictive reliability (R? = 0.982).
The physics-informed approach is essential for Ship Power Plants (SPPs),
which lack sufficient historical data on catastrophic failures. Purely data-
driven networks (Standard CNN-LSTM) overfit to sensor noise, while PINN
enforces thermodynamic constraints, reducing mean absolute error by 41%
and preventing "mathematical hallucinations" under scarce data. Figure 10
illustrates these dynamics, comparing statistical baselines and the effect of
the physical regularizer.

The graphical comparison (Fig. 10) shows that the proposed hybrid
approach yields the lowest prediction error among all methods. The
statistical Weibull model remains less accurate (RMSE > 0.2) due to its
inability to capture environmental disturbances. Recurrent networks (LSTM)
significantly reduce the error (MAE = 0.062), but remain sensitive to
stochastic noise from SPP sensors. Ablation analysis (Fig. 10) indicates that
removing the physical regularizer (i.e., transition from PINN to standard
CNN-LSTM increases MAE by 41%. The combination of spatio-temporal
filtering and physical inductive bias enables the PINN model to achieve the
best performance (RMSE = 0.039), making it suitable as a core component
of a digital twin.
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Fig. 10. Comparative benchmark and ablation analysis of predictive
models: evaluation of accuracy (MAE and RMSE) and the influence of
functional components

Beyond accuracy, the multi-branch architecture provides basic
interpretability: separating feature flows allows not only failure probability
estimation but also attribution of risk to specific subsystems (fuel, cooling,
electrical) via contributions of hidden states. For deeper explainability,
shapley additive explanations-based feature attribution can be applied.

To illustrate the physics-informed core, convergence of the loss function was
analyzed (Fig. 11).

In early training (epochs 0 — 20), the optimizer minimizes empirical loss
Ldata, while high volatility of Lphys reveals physically inconsistent
intermediate states. This confirms that purely data-driven models may
exploit statistical shortcuts without respecting conservation laws. In later
stages (Pareto knee, Fig. 11B), competing gradients emerge: the physical
regularizer acts as a structural constraint, penalizing infeasible
representations and restricting the hypothesis space. Convergence at this
point ensures consistency with both noisy sensor data and thermodynamic
invariants, preventing statistical artifacts.
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Fig. 11. Interaction of loss function components in the hybrid architecture:
(A) dynamics of joint convergence; (B) analysis of the trade-off (Pareto
trade-off) between data and physics

The study proposes a predictive architecture with several novel elements:
a cognitive consistency method that integrates heterogeneous domains
(CSM, fuzzy logic, sensor data), enabling the neural core to leverage prior
physical knowledge for noise filtering; a multi-branch design for parallel
feature extraction across key SPP subsystems (fuel, cooling,
electromechanical), improving sensitivity to local faults; a real-time PINN
with a modified loss enforcing mass and energy conservation to avoid
physically inconsistent predictions; and Hardware-in-the-Loop validation on
an ARM Cortex-A72, confirming robustness and real-time performance.

Limitations remain: despite ~ 42 ms inference, longer observation
windows (k > 120 s) or added nonlinear constraints significantly increase
memory use, potentially exceeding maritime programmable logic controller
capabilities. The model depends on reliable boundary conditions, handling
noise and partial drift but becoming uncertain under complete sensor failure.
It is also focused on gradual degradation and cannot capture abrupt failures
caused by external impacts.
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Discussion

The results indicate that integrating data-driven models with physical
constraints and multi-source data improves both accuracy and stability in
failure risk prediction for complex systems. Hybrid CNN-LSTM models
capture temporal dependencies and degradation trends [14, 21], but their
purely data-driven nature limits robustness under changing conditions. The
proposed PINN addresses this by embedding physics-informed loss
functions, enforcing consistency with physical laws and improving
generalization. While PINNs enhance stability and interpretability [22], they
are typically used for continuous systems; this work extends them to discrete,
multi-component marine power plants via aggregated conservation
constraints. Digital twin approaches are widely used for monitoring and
decision support [23, 24], yet often rely on either simulation or data alone.
The proposed framework unifies telemetry, CSM simulation, and fuzzy
inference into a consistent representation, improving accuracy and
interpretability. Similarly, although multi-source fusion improves
diagnostics [11], many methods remain purely statistical; here, structured
fusion aligns heterogeneous inputs in a shared state space, reducing
inconsistencies. Model robustness under noise, missing data, and imbalance
remains challenging [25], which is mitigated here through physical
constraints and multi-domain features as regularization. In maritime
applications, machine learning-based diagnostics often overlook subsystem
heterogeneity [26]; the multi-branch architecture addresses this via
subsystem-specific feature extraction. Federated learning improves
scalability and privacy [27], but rarely incorporates domain knowledge; the
proposed approach combines distributed learning with physics-informed
constraints. Unlike many studies based on simulation, this work includes
Hardware-in-the-Loop validation, ensuring realistic performance evaluation
[28].

Overall, the proposed method extends CNN-LSTM models with
physical constraints, advances digital twin frameworks through coherent
multi-source integration, improves robustness to noisy heterogeneous data,
introduces subsystem-aware modeling, and is validated under realistic
conditions. These results both confirm current research trends and contribute
to the development of reliable SPP failure prediction.

Conclusion

This section describes the development and validation of a hybrid spatio-
temporal neural network for predicting failure risk in marine power plant
subsystems. The approach overcomes limitations of purely data-driven
models by incorporating physical constraints within a digital twin
framework. A multi-branch CNN-LSTM architecture is proposed for
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subsystem-specific feature extraction from heterogeneous sources (sensor
data, cognitive simulation, fuzzy diagnostics), capturing both short-term
dynamics and long-term degradation. The inclusion of conservation-based
constraints in the loss function ensures physically consistent predictions;
their removal increases error by up to 41%, confirming their significance.
The model achieves stable performance (R* = 0.982, RMSE = 0.039) under
noise and incomplete data. Hardware-in-the-Loop validation on an ARM
Cortex-A72 demonstrates near real-time applicability, with inference latency
of 42 £+ 5 ms and moderate resource demands, supporting onboard
deployment. The architecture also improves interpretability through
subsystem-oriented branches and physics-based regularization, forming a
basis for explainable diagnostics. Overall, the proposed PINN CNN-LSTM
model provides a consistent and practical solution for failure risk prediction
and can be integrated into digital twin systems for advanced monitoring and
decision support.
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AHoTanisg. Po3risiHyTO mpo0OieMy MiJBUINECHHS TOYHOCTI MPOTHO3YBAHHS
PU3UKY BIIMOB CKJAQJHHX TEXHIYHUX CHCTEM Ha TMPHUKIAI CYIHOBUX
CHEPreTUYHUX YCTAHOBOK B YMOBaX BHCOKOI CTPYKTYPHOI CKIIQJHOCTI,
HEJNHIHHOCTI TpoleciB Jierpaaarii Ta HEBU3HAYCHOCTI EKCIITyaTallifHuX
maanx.  OOIpyHTOBaHO  OOMEKEHICTh  TPAAWIIMHUX  aHATITUYHUX,
CTATUCTHYHUX 1 HEYITKO-JIOTIYHUX TMIiAXOMiB, fAKi He 3a0e3NmedyroTh
JOCTaTHBOI TOCTOBIPHOCTI JTOBTOCTPOKOBHX WPOTHO3IB Yy JWHAMIYHUX
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cepeoBUINAX (QYHKIIOHYBaHHS. 3alpOIIOHOBAHO TiOPHIHY MPOCTOPOBO-
4acoBy HEHpPOHHY MOAeNb, MOOy/I0BaHY Ha OCHOBI iHTErparii 3ropTKOBUX
HEHPOHHHX MEpeX Ta MEpeX JHOBrol KOPOTKOYACHOI IaM’siTi, sKa
¢yHKIIOHYe B Mekax HupoBoro aBiiHWKA. OCOONUBICTIO MiIXOAy €
MMOETHAHHS  TPHOX  IHGOpPMAmIMHWUX  JOMEHIB:  BHCOKOYAaCTOTHHX
TEJIEMETPUIHUX JaHUX, (I3MYHO OOTPYHTOBAaHMX IHAMKATOPIB CTaHy,
OTpUMaHUX 13 KOTHITUBHOI iMITaIliifHOI MOMemi, a TaKoX MiarHOCTHIHHUX
o3HaK, c(hOpMOBaHMX 3a JONOMOror HeuiTkoi Joriku. lle mo3Bossie
3a0e3Me4YnTH KOTHITUBHY Y3TOJUKEHICTh 1 (hi3u4HY BaJiHICTh pe3yJIbTaTiB
NPOTHO3yBaHHs. Y po0OTi peayli3oBaHO MexaHi3M (hi3n4HO iH(POPMOBAHOTO
HaBYaHH, 1110 ITepe10ayac BKIFOUSHHS 3aKOHIB 30epe)KeHHs eHepril Ta Macu
1o GyHKIT BTpaT HelpoHHOT Mepexi. Takuii miaxin 3abe3nedye 0OMeKeHHS
MIPOCTOPY TiloTe3 MoJieli Ta 3armodirae (opMyBaHHIO (iI3UIHO HEMOXKIMBUX
MPOTHO3IB.  3alpONIOHOBaHa  0araTOTiIKOBA  apXiTEKTypa IO3BOJISIE
BUKOHYBAaTH HE3aJICKHY OOpoOKYy JaHMX IS OKPEMHX MiJICHCTEM
(TanMBHOI, CHCTEMH OXOJIO[DKEHHS Ta €JICKTPOTEXHIYHOI), M0 IiJABHIIYE
YyTIMBICTE 1O JIOKAThbHUX JAeeKTiB 1 jgerpamamiiHEX MpPOIECiB.
ExcriepuMeHTanbHa TepeBipka Mopeni INpoBeldeHa 3 BHKOPHCTAHHAM
migxony Hardware-in-the-Loop, mo 3abe3nedye HaOIMKEHICTH YMOB
TECTyBaHHs N0 peajbHOI  ekciutyaramii. OTpuMaHi  pe3yJbTaTu
JIEMOHCTPYIOTh IiABUIIEHHS TOYHOCTI IPOTHO3yBaHHsI, CTIHKICTb 10 IIyMiB
1 MPONYCKIB y AaHMX, a TAaKOX IPHJIATHICTh MOJEI 10 BUKOPUCTAHHS B
cucrteMax peanbHoro 4acy. JlogaTrkoBo —peanizoBaHO — MeXaHi3MHU
iHTepIpeTanii pe3yabTaTiB Ha OCHOBI aHaNi3y BHECKY ITIJICHCTEM Ta METOY
SHapley Additive exPlanations, mo miaBuILye IOBIpy 10 HPUHHATHX
pimens. OTpuUMaHi pe3yabTaTH MiATBEP/DKYIOTh JOIUTBHICTh BAKOPUCTAHHS
riOpUIHUX HEHPOMEPEIKEBUX MOJAECH 13 (DI3MYHOI0 PEeryNsapHU3alielo Uil
3a7a4 NPOTHO3HOI JIarHOCTHKH Ta YNPAaBIiHHSA PH3MKAMH B CKJIAIHHX
TEXHIYHUX CHCTEMaX.
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