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Precise assessing of marine engine performance under dynamic load circumstances is significant for
modern marine vessels to ensure fuel efficiency, operational dependability and preventative mainte-
nance. In this paper a Robust Heterogeneous Graph Transformer Network (HGTN) is proposed for
predicting marine engine performance under dynamic load variations. The raw data incorporates load-
dependent indicators, engine log histories, and raw high-frequency sensor readings. The heterogeneous
graph nodes characterize engine subsystems, operational parameters; edges encode their correlations
and dynamic connections. The HGTN uses multi-type attention and adaptive meta-path learning to
capture nonlinear effects arising from fuel injection variability, turbocharger dynamics, thermal fluctu-
ations, and shaft load changes. The proposed HGTN technique accurately predicts brake power, SFOC,
exhaust temperature, and vibration signatures, attaining an MSE of 0.0052, RMSE of 0.0719, MAE of
0.032, and R2 of 98%. Results confirm the structure efficiency in identifying performance degradation
and improving engine tuning strategies.
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1. Introduction.

Maritime transport is the primary approach of worldwide
trade, valued for its high cargo capacity, low transportation cost,
and extensive range (Liu et al., 2025). Consequently, all-electric
ship technology continues to grow, the electrical propulsion
method (Stavroulakis et al., 2025; Chen et al., 2025). At the
same time, the shipping industry (Kiouvrekis et al., 2025) is in-
creasingly developing best practices and strategic guidelines to
support a transition toward more sustainable operations (Tha-
naraj et al., 2024). Additionally, the regulatory bodies and in-
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dustry organizations is crucial for ensuring that this shift toward
greener maritime practices occurs in a coordinated and effec-
tive manner (Li et al., 2023; Liu et al., 2024). In (Xie et al.,
2022), a hybrid ResNet–BiLSTM model is proposed for electric
drive fault diagnosis. Although effective, this method weights
high computational resources and long training times. Simi-
larly, (Zaman et al., 2023) integrates multiple motion features
for AIS-based waypoint detection but still shows limited gen-
eralization when encountering unseen trajectory patterns. Fur-
thermore, encoder–decoder recurrent neural networks (Capo-
bianco et al., 2021) trained on historical trajectory data are used
to forecast prospect vessel movements. Nonetheless, it suffers
to capture long-range dependencies in highly dynamic situa-
tions, foremost to concentrated estimate accurateness.
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1.1. Literature Review.

Table 1: Literature review.

Source: Authors.

1.2. Problem Statement.

Existing predicting techniques suffer to capture the com-
plex nonlinear relationships among multi-source engine param-
eters, sensor data, and operational states. The quick detection
of performance degradation becomes challenging, reducing the
effectiveness of maintenance and tuning strategies. For these
issues, a HGTN this proposes that absorbs categorized corre-
lations across diverse engine subsystems, exact prediction like
brake power, SFOC, exhaust gas temperature, and vibration sig-
natures.

1.3. Research Layout.

Remaining section II covers proposed structure description;
section III contain result as well as its discussion and section IV
concludes the article.

1.4. Research Contribution.

• Data preprocessing based transforms raw, noisy sensor
streams and engine records into a heterogeneous graph.

• Multi-type attention and adaptive meta - path attention
mechanisms is used to capture complex interactions be-
tween dissimilar types of nodes.

• HGTN is proposed to attains reliable forecast of serious
operational constraints like brake power, Specific Fuel
Oil Consumption (SFOC), exhaust gas temperature, and
vibration signatures.

2. Proposed System Description.

The block diagram for proposed work is shown in figure
1, using HGTN to enhance the accurateness of marine engine
performance forecasting under load conditions. At first data

pre-processing accumulate load-dependent performance met-
rics, historical engine logs and raw sensor evaluations from on-
board monitoring structures. The heterogeneous graph, nodes
signify engine subsystems, operational modes and physical pa-
rameters, whereas edges encode their correlations and interac-
tions. To ensure data dependability noise reduction, normal-
ization, and extraction of temporal–statistical features are also
performed.

Figure 1: Proposed block diagram.

Source: Authors.

HGTN architecture controls multi - type attention mech-
anisms to nonlinear behavior arising from fuel injection vari-
ability, turbocharging dynamics, thermal fluctuations, and shaft
load variations. By adaptive meta-path attention, the network
acquires hierarchical relationships across diverse node groups
and recognizes patterns of performance degradation.

2.1. Data Pre-Processing.

Data pre-processing accumulates information under differ-
ent marine engine operating conditions with multiple onboard
monitoring systems to support propulsion performance fore-
casting. High-frequency sensor data attained from the Engine
Monitoring System (EMS) contain temperature, pressure, vi-
bration, acoustic signals, flow rate, and electrical parameters.
The collected data are then coordinated using unified times-
tamps, clock correction, and interpolation to ensure temporal
consistency. The noise filtering and data quality validation are
performed to remove sensor drift, diminish measurement errors,
and develop the dependability of the dataset.
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2.2. Data Exploration.

For forecasting marine propulsion, the pre-processing mod-
ule constructs a heterogeneous graph by identifying objects like
engine subsystems, operational modes, then physical param-
eters, and representing each as distinct node types. Here the
edges are generated to encode important relationships, contain-
ing sensor-to-subsystem dependencies, parameter co-variation
patterns, and dynamic interactions observed under different load
states. After that noise-reduction filters and smoothing tech-
niques are applied to eliminate spikes, sensor drift, and incon-
sistent depths. Then it normalizes the different sensor from the
data and the temporal-statistical are extracted to capture the en-
gine dynamic over time. Followed by the cleaned information
forms a heterogeneous graph structure fed to HGTN architec-
ture.

2.3. Feature Extraction by Heterogeneous Graph Transformer
Network.

The proposed HGTN architecture for marine propulsion fore-
casting controls the meta-relations within a heterogeneous graph
to monitor the learning process. Here HGTN parameter have
separate weight matrices for each node, edge node type combi-
nation, allowing type-aware attention, message passing, and in-
formation propagation. This method allows capturing different
interaction patterns then structural semantics of heterogeneous
data more efficiently.

2.3.1. Heterogeneous Graph in Marine System.
In marine propulsion forecasting, engine behavior is inclined

through many interacting components like fuel systems, tur-
bochargers, cooling circuits, sensors, operational modes, and
environmental conditions. These interfaces certainly form a
heterogeneous graph, where: Every node denotes a different
type of engine object as well as every edge denotes a exact rela-
tionship, such as fuel–air coupling, thermal transfer, vibration–
load correlation, or operational transitions. HG is well-defined
as an absorbed graph which is denoted by [all equation in Het-
erogeneous Graph Transformer]:

G = (V, E, L,M) (1)

Wherever, every node v ∈ Vand every edge by e ∈ E are
related through their nature plotting utilities.

τ(v) : V → L (2)

φ(e) : E → M (3)

Moreover, to more accurately represent heterogeneous net-
works, this permit the possibility of multiple relation types ex-
isting between the same pair of nodes.

2.3.2. Meta-Relations in Marine Propulsion.
In this for a communication between a source node s as fuel

pressure sensor and a target node t , as brake power output.

e = (s, t) (4)

⟨τ(s), ϕ(e), τ(t)⟩ (5)

Here τ(·) symbolizes the node type and ϕ(e) indicates the
relation type. The inverse relation is denoted as ϕ(e)−1.

2.3.3. Overall HGT Architecture for Marine Propulsion.
For forecasting heterogeneous graph representing an engine

state, HGT process all pairs of linked nodes like source and the
target. In the source node there is a temperature sensor, vibra-
tion, fuel injector and in the target node there is a brake power,
SFOC, exhaust temperature. For each target node model aggre-
gates data as of source nodes to compute updated, contextual-
ized embedding. Fig. 2 shows the design of HGN and fig. 3
shows structure of HGTN.

Figure 2: Architecture of HGN.

Source: Authors.

Figure 3: Structure of HGTN.

Source: Authors.

The heterogeneous mutual attention computes the type -
aware attention strength between engine components. Also a
target specific aggregation aggregates message using attention
weights and map them back to target node distributions.

2.3.4. Heterogeneous Mutual Attention for Marine Engine Data.
Marine propulsion systems contain diverse feature distribu-

tions temperature sensors differ from pressure sensors and op-
erational modes. GNN attention (like GAT) assumes the same
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feature space,

Hl(t) = Aggregate
∀s∈N(t),∀e∈E(s,t)

(
Attention(s, t) ·Message(s)

)
(6)

In this case, Attention shows every source node position,

AttentionHGT (s, t) = softmax
∀s∈N(t)

∥∥∥∥∥∥
i∈[1,h]

ATT-headi(s, e, t)

 (7)

ATT-headi(s, e, t) =
(
Ki(s)WATT

ϕ(e) Qi(t)T
)
·
µ ⟨τ(s), ϕ(e), τ(t)⟩

√
d

(8)

Ki(s) = K-Lineari
τ(s)

(
H(l−1)[s]

)
(9)

Qi(t) = Q-Lineari
τ(t)

(
H(l−1)[t]

)
(10)

Where Eqns. 9 and 10 evaluate how closely the query vec-
tor Qi(t) aligns with the key vector Ki(s). Every source node s
is projected using a type-specific linear transformation KLinear

τ(s) ,
ensuring that nodes of different types retain their unique fea-
ture distributions. Similarly, the target node t is mapped into
the ith query vector through its corresponding type-dependent
projection QLinear

τ(t) .

2.3.5. Heterogeneous Message Passing.
To estimate the message passing the source node to the tar-

get node it is expressed as:

MessageHGT (s, e, t) =

∥∥∥∥∥∥
i∈[1,h]

MSG-headi(s, e, t) (11)

MSG-headi(s, e, t) = M-Lineari
τ(s)

(
H(l−1)[s]

)
W MS G
ϕ(e) (12)

Where ith communication through its MS G−headi (s, e, t) h
message heads to get MessageHGT (s, e, t) for every node brace.

2.3.6. Target-Specific Aggregation.
For this aggregation once the dissimilar multi-head atten-

tion scores as well as messages are computed, they aggregated
from all source nodes as well as integrated into the target node
to update its representation.

H̃l[t] = ⊕
∀s∈N(t)

(
AttentionHGT (s, e, t) ·MessageHGT (s, e, t)

)
(13)

H(l)[t] = σ
(
A-Linearτ(t)H̃l[t]

)
+ H(l−1)[t] (14)

It handles multi - sensor, multi-system coupling found in
diesel engines, propulsion systems, and auxiliary machinery.
And the method is nonlinear dependency between fuel systems,
air systems, thermal systems, and environmental factors. It sup-
ports meta-relation–based attention, essential for understanding
load-induced changes.

3. Results and Discussion.

In this section the proposed HGT model is used to for ma-
rine propulsion forecasting. Using condition-based-monitoring-
in-marine-system dataset from kaagle.com the dataset is taken
and utilized in Python software. Its dataset shape contains 12434
rows and 18 columns then it is split as 20% for test and 80% for
train.

Table 2: Parameters for the transformer model.

Source: Authors.

Table 2 shows the parameter and its value of the transformer
model. It have the Epochs value of 30, dropout is 0.3, learning
rate of 0.001 and filters of 64.

Figure 4: Dataset columns.

Source: Authors.

Figure 4 displays the dataset columns. It shows the lever
position, ship speed, gas turbine, gas generator, propeller etc.
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Figure 5: Distribution of fuel flow.

Source: Authors.

Figure 5 displays the distribution of fuel flow rates, the
maximum values fall between 150–350 kg/s through noticeable
peaks around 200 kg/s. The red curvature highlights the overall
drift, signifying multiple operating conditions and variations in
engine fuel consumption.

Figure 6: Comparison of GT decay state coefficients.

Source: Authors.

Figure 6 shows compressor and turbine decay a coefficient,
presenting that compressor decay extents across a wider range
of values, whereas turbine decay is concentrated mainly among
5 and 30. This displays that turbine drop is more closely dis-
tributed, whereas compressor degradation varies more across
operating conditions.

Figure 7: Distribution comparison of GT compressor inlet and
outlet pressure.

Source: Authors.

Figure 7 demonstrate the distribution comparison of GT
compressor inlet as well as outlet pressure. The inlet pres-
sure P1 demonstrates an extremely narrow distribution around a
single low-pressure value, demonstrating highly constant com-
pressor access conditions. Then the outlet pressure P2 spans a
wide range with multiple density peaks, reflecting varying op-
erating loads and dynamic compressor discharge behaviour.

Figure 8: Train-test split counts.

Source: Authors.

Figure 8 displays the train-test split counts. The total num-
ber of samples is 10000 in that train have 9948 samples and
tests have 2487 samples.

Figure 9 displays the model loss. In that together train-
ing as well as validation loss falls suddenly throughout the first
few epochs, showing quick learning. Then, the curves converge
smoothly near zero, indicating stable training with no signs of
over fitting.
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Figure 9: Model loss.

Source: Authors.

Figure 10: Model MAE.

Source: Authors.

Figure 11: Error distribution.

Source: Authors.

Figure 10 shows the model MAE. It displays a rapid de-
crease in training as well as validation error through the early
epochs, specifying fast model convergence. Then both stabi-
lize at low values with the validation MAE consistently lower,
reflecting strong performance.

Figure 11 shows the error distribution it is sharply centered
on zero, indicating that the predicted values closely match the
true values with minimal deviation. Then there is a narrow
spread demonstrations low variance in prediction errors, check-
ing high model accuracy and stability.

Figure 12: Error metrics.

Source: Authors.

Figure 12 shows the error metrics, it have the RMSLE OF
0.0503, MSLE OF 0.0025, MAE OF 0.032, RMSE OF 0.0719
and MSE of 0.0052.

Figure 13: Actual vs predicted values.

Source: Authors.

Figure 13 displays the actual vs predicted values. The pro-
posed HGTN have the R2 value of 0.98.
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3.1. Ablation Study.
In the comparison table 3 the MSE, RMSE and MAE values

are compared. TRFM-LS (Jiang et al., 2023) have the MAE of
1.22, RMSE of 1.58, DFFormer (Jing et al., 2024) have the
MAE of 0.96 and RMSE of 1.1, Deep convolutional network
(Jiang et al., 2025) have the MAE of 0.2, MSE of 0.12 and
RMSE of 0.3, Generator-LSTM (Chen et al., 2025) have the
MAE of 0.16, MSE of 0.05 and RMSE of 0.24 and the proposed
HGTN have the MAE of 0.032, MSE of 0.005 and RMSE of
0.071 respectively.

Table 3: Comparison of MSE, RMSE and MAE.

Source: Authors.

Figure 14: Comparison of R2.

Source: Authors.

Figure 14 shows the evaluation of R2. CNN-Transformer
(Ge et al., 2024) of 88%, DFFormer (Jing et al., 2024) of 92%
and the proposed HGTN of 98% which is high compared to the
existing method respectively.

Conclusions.

This paper, proposed an HGTN-based framework that effec-
tively models complex marine engine behaviour by incorporat-
ing multi-source sensor data into a unified heterogeneous graph
structure. The data pre-processing phase transforms raw, noisy
sensor streams and engine logs into a heterogeneous graph.
This graph encodes engine subsystems, physical parameters,

and operational modes. Its adaptive attention mechanisms accu-
rately capture nonlinear interactions, allowing precise forecast-
ing of key performance metrics and quick recognition of degra-
dation. With strong evaluation results of MSE 0.0052, RMSE
0.0719, MAE 0.032, R2 98%, the system provides a reliable
decision-support tool for improving fuel efficiency, operational
reliability, and predictive maintenance in modern marine ves-
sels.
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