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1. INTRODUCTION 

Marine diesel engines serve as the cornerstone of international shipping, dominating 

propulsion systems across the global commercial fleet, including container ships, bulk carriers 

and tankers [1, 2]. These engines operate under extreme thermodynamic and mechanical 

stresses, ranging from rapid load fluctuations during maneuvering to prolonged exposure to 

corrosive seawater, necessitating architectures that balance high power density with durability 

and reliability [3]. 

Implementing robust performance monitoring and predictive maintenance remains 

constrained by harsh operating conditions, sensing and data limitations and economic and 

organizational pressures, which collectively reduce data reliability and diagnostic accuracy [4]. 

Recent technological advances partially mitigate these limitations. Simulation platforms 

enable virtual replication of engine behavior under varying conditions and provide contextual 

baselines for anomaly detection, reducing false alarms by up to 40% in field applications [4]. 

Within this context, the key research gap addressed in this work is the development of a 

surrogate-assisted, physics-informed and uncertainty-aware decision support system that 

balances accuracy, computational efficiency and shipboard applicability. The proposed 

approach integrates Diesel-RK simulation baselines with Neural Network surrogates, fuzzy 

operator-defined weighting and Multi-Criteria Decision-Making (MCDM) to translate 

competing objectives: Specific Fuel Consumption (SFC), Nitrogen Oxides Emissions Index 

(NOx), Particulate Matter (PM) and operational constraints into a single optimal operating 

recommendation. In addition, an Expert System based maintenance module converts detected 

abnormalities into transparent diagnostics and predictive, cost-aware interventions, enabling 

robust and generalizable performance management under harsh, dynamic and data-limited 

maritime conditions. 

2. OVERVIEW OF METHODOLOGY AND RESULTS 

This section presents the development and validation of the main computational modules of 

a novel Decision Support System for large two-stroke marine diesel engines. The framework 

begins with a surrogate-assisted multi-objective optimization core, coupling a high-fidelity 

Neural Network surrogate with the NSGA-II algorithm to generate a Pareto-optimal set of 

engine operating strategies balancing Specific Fuel Consumption (SFC), Nitrogen Oxides 

Emissions Index (NOx) and Particulate Matter (PM). 

Subsequently, the decision-making process is established by benchmarking and selecting 

robust Multi-Criteria Decision-Making (MCDM) methods to translate the Pareto set into 

actionable rankings. This is further enhanced through an operator-defined fuzzy weighting 

module, enabling adaptive, preference-driven adjustment of criterion importance under varying 

operational priorities. Finally, a knowledge-based Expert System is developed for fault 

diagnosis and predictive maintenance, providing a health-aware supervisory layer. 

While each module is independently validated, the primary contribution lies as well in their 

integration into a unified, closed-loop Decision Support System (DSS). This integration defines 

the data flow, interfaces and gating mechanisms through which outputs from each module 

constrain and enable subsequent processes. The focus is therefore on the interconnection logic 

rather than re-calculation of individual methodologies.  

A key methodological challenge is the high computational cost of evaluating a detailed 

thermodynamic model of a two-stroke marine diesel engine. To address this, a data-driven NN 

surrogate is developed to emulate the high-fidelity simulation software. Trained on a 

systematically generated dataset, the surrogate approximates engine responses to control 
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parameters with significantly reduced computational effort. The validated surrogate is then 

embedded within the NSGA-II algorithm to perform constrained multi-objective optimization, 

generating Pareto fronts that capture trade-offs between SFC, NOx and PM under operational 

and regulatory constraints. 

The integrated DSS architecture combines surrogate-based optimization, fuzzy-weighted 

MCDM and a rule-based Expert System within a unified supervisory framework. A central 

gating mechanism directs system operation based on real-time engine condition assessment. 

The workflow begins with classification of the engine state as Normal or Abnormal using sensor 

data evaluated against predefined thresholds and a knowledge base. This classification 

determines whether the system proceeds with performance optimization (normal operation) or 

maintenance-oriented diagnostics and corrective planning (abnormal operation), as illustrated 

in Figure 1. 

 

Figure 1. Integrated framework architecture of the elaborated Decision Support System  

Figure 2 summarizes the performance optimization procedure. Diesel-RK simulations are 

first used to generate a dataset across six controllable parameters, which is then used to train 

the NN surrogate for rapid prediction of key performance and emission indicators. The 

surrogate replaces the high-fidelity simulator within NSGA-II algorithm to produce a Pareto 

optimal set of non-dominated operating configurations balancing SFC, NOx and PM outcomes 

under Tier III and mechanical constraints. 

Within this optimization procedure, MCDM provides the decision interface between the 

optimization output and implementation: it converts the Pareto optimal set into a small number 

of preference-consistent and operationally actionable control recommendations. This process 

focuses on identifying robust MCDM methods using the Diesel-RK baseline decision matrix. 
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Figure 2. Flowchart of the performance optimization procedure 

The six control variables define a practical and expressive design space, capturing key 

mechanisms governing efficiency and emissions while remaining accessible through modern 

engine control systems. 

The parameter limits for surrogate-based optimization are defined through a synthesis of 

engineering specifications and regulatory requirements, including: 

• manufacturer's operational limits [5-8]; 

• regulatory emission limits [9]; 

• prior experimental and simulation studies [10].   

Following initial simulations, feasible cases are analyzed to refine parameter ranges, 

ensuring compliance, combustion stability and reduced decision space for high-resolution 

optimization within the MCDM stage. 

Table 1. summarizes the parameter ranges used in this study. These ranges ensure regulatory 

compliance, physical realism and stable combustion, while avoiding excessive Pmax, 

maintaining effective scavenging and minimizing emissions. 

Table 1. Design space for engine simulation and surrogate-based optimization 

Parameters Unit Ranges 
Step 

size 

New 

number 

of steps 

Start of Injection (SOI) [°CA-BTDC] 1° to 5° 1° 8 

Fraction per Injection Event (F)  [%] 1 to 8 1 12 

Dwell Time (D)  [°CA] 2° to 5° 1° 5 

Common-Rail Fuel Pressure (Pfuel)  [bar] 700–950 50 9 

Exhaust Valve Opening (EVO)  [°CA-BBDC] 62° to 68° 2° 8 

Exhaust Valve Closing (EVC)  [°CA-ABDC] 110° to 125° 5° 7 

A full-factorial Diesel-RK campaign over the ranges in Table 1. yielded 15,360 simulated 

operating points (5 ∙ 8 ∙ 4 ∙ 6 ∙ 4 ∙ 4). All Cases satisfying physical and regulatory constraints 
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were retained, forming the final dataset for surrogate training. This dataset captures nonlinear 

interactions between control parameters and engine performance outputs, providing the 

foundation for subsequent machine learning and optimization stages. 

2.1. Application of the Diesel-RK simulation software for the studied marine 

engine  

The high-fidelity thermodynamic engine model used in this work is developed using Diesel-

RK (v4.189), a specialized simulation tool for internal combustion engines [11]. Its selection is 

based on its capability to resolve coupled in-cylinder thermodynamics, gas exchange processes 

and emission formation, which are critical for modeling low-speed two-stroke marine diesel 

engines. Diesel-RK has been extensively validated in academic and engineering applications 

for predicting diesel engine performance and emissions across various fuels and operating 

conditions [12-16]. 

 

Figure 3. Diesel-RK interfaces for operating modes, gas exchange and fuel system calibration 

The simulation setup is calibrated to full-load operation, yielding a piston engine power of 

19,003 kW at 105 rpm, with a brake mean effective pressure (Pmep) of 20 bar and a specific fuel 

consumption (SFC) of 0.1819 kg/kWh. 

2.3. The elaborated surrogate neural network module for the studied marine 

engine model 

The NN surrogate module was trained using a refined dataset of 15,360 feasible cases, split 

into 70% training (10,639 samples), 10% validation (1,681 samples) and 20% testing (3,040 

samples). Prior to training, all six input parameters and seven output metrics were scaled to the 

range [−1, 1] using StandardScaler to ensure balanced feature contribution and avoid bias from 

differing magnitudes. The surrogate is a feedforward neural network with 97,863 trainable 

parameters, enabling accurate mapping between engine control settings and performance 



MANAGEMENT SUPPORT SYSTEM FOR PERFORMANCE IMPROVEMENT AND 

MAINTENANCE OF TWO-STROKE MARINE DIESEL ENGINES 

5 

outputs. Figure 4. illustrates the network architecture. The model accepts six control parameters 

as inputs, processed through two shared fully connected layers (256 and 128 neurons) with 

Batch Normalization, ReLU activation and Dropout (0.2). From this shared backbone, seven 

output heads branch out, each comprising a hidden layer (32, 32, 64, 32, 64, 128 and 128 

neurons) and a final neuron predicting one performance metrics. 

 

Figure 4. Neural Network architecture for marine engine surrogate model  

The NN surrogate model was trained for up to 422 epochs (one epoch equals one full pass 

through the training set) using a batch size of 32, employing the AdamW optimizer (weight 

decay = 1∙10⁻⁴, i.e. a small regularization term discouraging overly large weights) with learning 

rates of 0.001 for shared layers and 0.0005 for the head layers. The Mean Squared Error (MSE) 

loss function guided optimization and early stopping (patience = 50) was used, training stopped 

if the validation MSE did not improve for 50 consecutive epochs. 

2.4. Formulation of the surrogate-based multi-objective optimization 

problem 

The trained NN surrogate is used as a fast evaluator of engine performance and emissions. 

The problem is inherently multi-objective: Specific Fuel Consumption (SFC), Particulate 

Matter (PM) and Nitrogen Oxides (NOₓ) must be minimized, although improvements in one 

objective typically degrade others. Accordingly, a Pareto-based formulation is adopted, 

constructing a set of non-dominated solutions representing optimal trade-offs rather than a 

single optimum. The optimization employs the NSGA-II algorithm, which handles conflicting 

objectives without weighted aggregation. Its elitist non-dominated sorting and crowding-

distance mechanisms ensure convergence and diversity of the Pareto front, which is essential 

for nonlinear engine calibration problems. Coupled with the NN surrogate, this enables efficient 

exploration of large design spaces under operational and regulatory constraints [17]. The 

methodological novelty lies in embedding a multi-output NN surrogate within the NSGA-II 

framework, replacing computationally expensive direct simulations. This enables generation of 
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a high-resolution, decision-ready Pareto set minimizing SFC, NOₓ and PM under realistic 

constraints, which is subsequently used in the MCDM-based decision stage. 

2.4.1. Objective functions 

The optimization considers three objectives, which cannot be expressed in closed form due 

to the coupled nonlinear thermo-fluid processes governing engine behavior [154]: 

➢ Minimize the Specific Fuel Consumption (SFC)  

 F1 = SFC(SOI, F, D, Pfuel, EVO, EVC)   [kg/kWh]      (1) 

➢ Minimize engine  Particulate Matter (PM) emissions  

  F2 = PM(SOI, F, D, Pfuel, EVO, EVC)   [g/kWh]   (2) 

➢   Minimize engine Nitrogen Oxides (NOₓ) emissions     

 F3 = NOx(SOI, F, D, Pfuel, EVO, EVC)   [g/kWh]                       (3)   

2.4.2. Design variables  

The design variables to be optimized are the following: 

SOI  Start of Injection [°CA-BTDC]; 

F      Pilot injection fuel mass fraction [%]; 

𝐷      Injection dwell time between pilot and main injections [°CA]; 

Pfuel   Common-rail fuel pressure [bar]; 

EVO  Exhaust Valve Opening timing [°CA-BBDC]; 

EVC  Exhaust Valve Closing timing [°CA-ABDC]. 

2.4.3. Design constraints     

The optimization is subject to regulatory and physical constraints, including: 

➢ Specific Fuel Consumption (SFC): SFC ≤ 0.2 [kg/kWh], 

➢ NOx  Emissions Index: NOx ≤ 3.4 [g/kWh],            (4) 

➢ Particulate Matter (PM) Emissions: PM ≤ 0.15 [g/kWh]. 

➢ Combustion Duration (CD): must remain within 35° to 45° crank angle [°CA], 

➢ Peak Cylinder Pressure (Pₘₐₓ): Pₘₐₓ ≤ 170 [bar],          (5) 

➢ Maximum Pressure Rise Rate (dp/dθ): dp/dθ ≤ 4 [bar/°CA], 

➢ Synthetic Emission Index (SE): computed value using Diesel-RK's internal 

formulation to capture the NOx–PM trade-off during combustion [94]. SE can be 

calculated by the following formulation: 

    𝑆𝐸 = max (1,
𝑁𝑂𝑋

𝑁𝑂𝑋0

)
𝑚1

+ max (1,
𝑃𝑀

𝑃𝑀0
)

𝑚2

+
𝑆𝐹𝐶

𝑆𝐹𝐶0
                             (6) 

where: 𝑁𝑂𝑥, 𝑃𝑀, 𝑆𝐹𝐶 are simulated values, 𝑁𝑂𝑥0, 𝑃𝑀0, 𝑆𝐹𝐶0 are reference targets and 

𝑚1, 𝑚2 are  weighting exponents. 
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2.4.4. NSGA-II based optimization algorithm  

NSGA-II algorithm is an elitist multi-objective evolutionary algorithm that seeks both 

convergence and diversity along the Pareto optimal set. Its principal mechanisms are as follows: 

1.) fast non-dominated sorting for solution ranking, 

2.) elitist retention through parent–offspring population merging and 

3.) diversity preservation using the crowding-distance criterion [18, 19]. 

Candidate solutions are selected using a crowded-comparison operator favoring lower rank and 

higher diversity. Variation is introduced via simulated binary crossover and polynomial 

mutation, balancing convergence toward the Pareto front with uniform coverage of the solution 

space. Figure 5. NSGA-II based optimization algorithm [17]. 

 

Figure 5. NSGA-II based optimization algorithm [17] 

2.5. Results of the developed surrogate neural network model for the studied 

marine engine (Accuracy analysis) 

Figure 6. shows the evolution of training and validation loss, indicating stable convergence 

and good generalization without overfitting after 422 epochs with early stopping. 
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Figure 6. Training and validation loss    

On the test dataset, the surrogate achieved a final overall coefficient determination of 

R2=0.9833 and mean squared error (MSE) of 0.2935 on the test dataset. Table 2. summarizes 

the individual predictive accuracy metrics for each output, including root mean square error 

(RMSE), mean absolute error (MAE) and mean absolute percentage error (MAPE). 

Table 2. Predictive metrics for each output 

Outputs R2 RMSE MAE MAPE 

SFC 0.9946 0.0004 0.0003 0.17% 

NOx 0.9784 0.0545 0.0287 1.11% 

PM 0.9849 0.0023 0.0017 1.79% 

Pmax 0.9950 1.3090 1.0349 0.70% 

dp/dθ 0.9678 0.0941 0.0499 1.39% 

CD 0.9863 0.5673 0.4088 0.89% 

SE 0.9759 0.0835 0.0458 1.28% 

Across all performance indicators, the NN surrogate model demonstrates high predictive 

fidelity, with R2 values exceeding 0.970 and percentage errors typically below 2%. The 

accuracy is particularly notable for SFC and Pmax, both achieving R2 >0.995, indicating near-

perfect reproduction of the simulated combustion dynamics. 

Scatter plots comparing predicted versus true values (Diesel-RK simulation outputs) for each 

target variable, Figure 7. provide comprehensive visual validation of the surrogate model's 

predictive capability. Across all seven outputs (SFC, NOx , PM, Pmax, dp/dθ, CD, SE), the data 

points align closely with the 45° reference line, indicating near-perfect prediction accuracy.  

Overall, these plots confirm that the neural network surrogate not only reproduces individual 

performance metrics with high accuracy but also preserves the underlying thermodynamic and 

emission dynamics essential for reliable optimization and decision-making. This level of 

predictive fidelity ensures that subsequent NSGA-II optimization operates on a surrogate with 

nearly indistinguishable accuracy from the original Diesel-RK simulator. 
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Figure 7. Predicted vs. true values for marine engine performance parameters    

 

 

 

 

 

    

             

Figure 7. a                                                       Figure 7. b 

                                          

Figure 7. c                                                             Figure 7. d                                                                                                  

  

Figure 7. e                                                              Figure 7. f                

                                        

 

 

 

 

 

 

 

                                                                                                

Figure 7. g 



MANAGEMENT SUPPORT SYSTEM FOR PERFORMANCE IMPROVEMENT AND 

MAINTENANCE OF TWO-STROKE MARINE DIESEL ENGINES 

10 

2.6. Results of NSGA-II-based multi-objective optimization 

The trained NN surrogate was integrated into the NSGA-II algorithm to minimize SFC, PM 

and NOx. The resulting Pareto front (Figure 8) defines the non-dominated trade-off surface 

among these objectives. A convex front is observed, indicating distinct operating regimes where 

improvements in fuel efficiency led to increased emissions, reflecting the inherent NOx–PM 

trade-off in diesel combustion and confirming that the optimizer identifies meaningful 

performance boundaries. 

 

Figure 8. Pareto optimal showing the trade-off surface among SFC, PM and NOx objectives  

The three-dimensional Pareto surface shows each non-dominated solution, with color 

gradients representing NOx levels. This visualization highlights regions balancing fuel 

efficiency and emission reduction, demonstrating that improvements in SFC are generally 

associated with higher NOx, consistent with thermodynamic constraints. 

To further interpret these relationships, Figure 9. presents pairwise objective plots: 

1. A strong negative correlation between SFC and NOx,  

2. A negative correlation between PM and NOx,  

3. A mild positive correlation between SFC and PM. 
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Figure 9. Pairwise relationships among objectives (SFC, PM, NOx) for Pareto optimal 

solutions, illustrating correlations and dominance regions  

These results characterize the structure of the Pareto set rather than a single operating point. 

The outcome is a decision-ready library of non-dominated operating strategies spanning the 

feasible trade-off space under the defined constraints. 

2.7. Multi-Criteria Decision-Making implementation  

This section identifies suitable MCDM methods for marine applications, focusing on optimal 

control selection for two-stroke marine diesel engines. Given the inherently conflicting 

objectives (SFC, NOx, PM), a structured decision framework is required to ensure robust 

operational decisions. The study evaluates 14 representative MCDM methods across major 

methodological classes, focusing on ranking consistency, sensitivity to weighting, 

normalization, and suitability for onboard or automated marine implementation. Table 3. 

summarizes the methods grouped by category, providing a basis for comparative analysis of 

ranking behavior and robustness. 
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Table 3. Categorization of the implemented fourteen MCDM methods 

Category Method 

1. Scoring-Based 

Methods 

SAW Simple Additive Weighting 

MARCOS Measurement of Alternatives and Ranking according to 

Compromise Solution 

WASPAS Weighted Aggregated Sum Product Assessment 

MAIRCA Multi-Attribute Ideal-Real Comparative Analysis 

MARA Magnitude of the Area for the Ranking of Alternatives 

ORESTE (Organisation Rangement Et SynThèsE de données 

relationnelles) 

2. Distance-Based 

Methods 

TOPSIS Technique for Order Preference by Similarity to Ideal 

Solution 

MABAC  Multi-Attributive Border Approximation Area 

Comparison 

OCRA Operational Competitiveness Rating Analysis 

VIKOR VIseKriterijumska Optimizacija  Kompromisno Resenje 

3. Pairwise 

Comparison 

Methods 

PIV Proximity Indexed Value 

WISP Integrated Simple Weighted Sum Product 

4. Outranking 

Method 

PROMET

HEE II  

Preference Ranking Organization METHod for 

Enrichment of Evaluations 

5. Hybrid Method Tri Metric 

Fusion 

CAWI (Criteria Aggregated Weighted Index), BECI 

(Balanced Extreme Criteria Index) and Euclidean 

distance to synthesize rankings with high robustness and 

low sensitivity. 

 

MCDM methods provide a structured framework for aggregating multiple conflicting 

criteria without enforcing a single “true” solution. However, different methods may yield 

different rankings due to differences in normalization, distance metrics and aggregation logic. 

Therefore, method selection must reflect the structure of the decision environment and trade-

off characteristics 

To analyze the ranking differences across the 14 methods, the Borda Count method was 

applied to generate a consensus ranking [20]. This approach identifies alternatives consistently 

favored across methods, improving robustness and reducing bias. 

The consistency matrix (Figure 10) shows clear variation in agreement. Green-coded 

alternatives indicate strong convergence across methods and represent robust candidates for 

implementation, while red-coded cases indicate instability and sensitivity to the MCDM 

formulation. Overall, this ensemble approach mitigates reliance on any single MCDM method 

and improves decision robustness in complex engine optimization contexts. 
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Figure 10. Ranking of the top 15 alternative configurations (by Borda Count method) 

2.7.1. Results of the stability analysis of MCDM methods 

A stability analysis was performed to evaluate ranking consistency across all 14 methods. 

For each configuration, two indicators were computed: 

1. Standard deviation (σ): measures ranking dispersion across methods 

2. Range: difference between best and worst ranks 

Lower values indicate higher robustness and method agreement. 

The top five most stable alternative configurations, which exhibit the lowest standard 

deviation in their ranks across all MCDM methods, are the following: 
 

• Configuration 2203 | {3, 1, 3, 750, 66, 115}, SE = 2.9132: σ = 2.87, range = 7 

• Configuration 2200 | {3, 1, 3, 750, 64, 115}, SE = 2.9156: σ = 3.41, range = 11 

• Configuration 1149 | {2, 1, 3, 850, 64, 110}, SE = 2.907: σ = 4.10, range = 10 

• Configuration 2197 | {3, 1, 3, 750, 62, 115}, SE = 2.9157: σ = 4.31, range = 14 

• Configuration 2206 | {3, 1, 3, 750, 68, 115}, SE = 2.9161: σ = 5.57, range = 20 
 

Configuration 2203 is the most stable (σ = 2.87) and achieved full consensus, consistently 

ranking highly across WASPAS, WISP, PIV and TMF, confirming robustness against method 

bias. 

From the comparative analysis, the recommended MCDM methods for marine diesel engine 

applications shows: 

1. Configurations 2203 and 2200 show highest stability and consistent top rankings.  

2. Lowest SE does not guarantee robustness (e.g. 2199). 
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3. WISP, PIV and TMF demonstrate strongest alignment with consensus rankings and 

stability. 

2.7.2. Pareto optimal solutions validation using MCDM methods 

To ensure robustness of surrogate-based optimization, the Pareto set generated by NSGA-II 

(163 solutions) is evaluated using selected MCDM methods (PIV, WISP, TMF). This step 

verifies consistency between surrogate-driven optimization and decision-making. Table 4. 

shows identical top-5 rankings across all three methods, indicating strong consensus and a well-

structured Pareto space. 

Table 4. Rankings of the top 5 Pareto optimal solutions using PIV, WISP and TMF methods 

Solutions SOI F D Pfuel EVO EVC SFC PM NOx 

S1 1.760 1.1 3.396 757.910 67.970 114.343 0.185 0.072 2.423 

S2 2.248 1.0 2.931 798.053 67.236 115.076 0.184 0.072 2.447 

S3 2.717 1.0 2.657 763.661 63.445 114.043 0.183 0.073 2.476 

S4 2.688 1.2 2.970 797.741 65.236 115.305 0.182 0.071 2.577 

S5 2.774 1.3 3.213 790.899 67.752 115.773 0.182 0.070 2.573 

Solution S1 is consistently ranked first across all methods, indicating strong robustness and 

minimal method bias. It achieves a balanced trade-off between SFC, NOx and PM under Tier 

III constraints, while S2–S5 represent alternative operating compromises. S1 was re-evaluated 

using Diesel-RK (Table 5), confirming close agreement with surrogate predictions. 

Table 5. Re-evaluated the top-1 solution using Diesel-RK simulations  

Solution S1 SFC  [kg/kWh] PM  [g/kWh] NOx [g/kWh] 

Diesel-RK software 0.186 0.082 2.489 

NN surrogate model 0.185 0.072 2.423 

Difference  0.001 0.010 0.066 

These differences are small and do not affect decision ranking, confirming physical 

consistency of the surrogate. 

  

Figure 11. Differences between Diesel-RK vs. NN surrogate predictions 
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The surrogate closely reproduces Diesel-RK outputs, validating its suitability for 

optimization and decision-making. Solution S1 (SOI = 1.76°, F = 1.12, D = 3.40°, Pfuel = 757.91 

bar, EVO = 67.97°, EVC = 114.34°) is selected as the final optimal configuration. It satisfies 

IMO Tier III constraints and provides the best overall trade-off between fuel efficiency and 

emissions. 

2.8. Architecture and methodology of the newly elaborated Fuzzy Logic 

Module 
The core of the elaborated methodology is a Mamdani-type Fuzzy Logic Module (FLM) 

[21-23]. The FLM is designed to translate imprecise operator preferences into crisp, normalized 

weights for MCDM. Its main purpose is to bridge qualitative operator judgment and quantitative 

decision inputs required by MCDM methods. The full workflow is shown in Figure 12. 

 

 

Figure 12. Flowchart of the Fuzzy Logic Module for MCDM weighting  

The fuzzy logic module processes operator preferences, applies rule-based inference and 

outputs normalized weights used by the selected MCDM method to rank Pareto-optimal 

operating points. 

The fuzzy logic module uses three input variables to capture operator preferences: 

1. SFC importance (𝑥SFC), 

2. NOx importance (𝑥𝑁𝑂𝑥), 

3. PM importance (𝑥PM). 

The corresponding output variables produced: 

1. SFC weight (𝑤𝑆𝐹𝐶), 

2. NOx weight (𝑤𝑁𝑂𝑥), 

3. PM weight (𝑤PM).  

The FLM was validated using four representative operational scenarios capturing realistic 

marine operating priorities. Inputs are expressed on a [0–10] scale and mapped to normalized 

weights satisfying ∑𝑤𝑖 = 1, used in MCDM ranking. The scenarios are: 

1. Fuel-Economy Priority: High SFC importance (7.0), moderate NOx (5.0), low PM (3.0), 

representing open-sea operation.  

2. Strict Environmental Compliance: Low SFC (2.5), high NOx (8.5) and PM (6.0), 

representing ECA operation.  

3. Balanced Performance: Equal importance for all criteria (5.0, 5.0, 5.0).  

4. High Competition (Trade-off): High SFC and NOx (9.0, 9.0), low PM (2.0), representing 

conflicting commercial priorities.  

These scenarios are conceptual operator archetypes designed to span typical operational 

extremes rather than empirically derived distributions. 
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Table 6. Operator priority inputs and corresponding normalized fuzzy-derived weights 

Scenarios 
Input Importance 

(𝒙SFC, 𝒙𝑵𝑶𝒙, 𝒙PM) 

Output Weights 

( 𝒘SFC, 𝒘NOx, 𝒘PM) 

1. Fuel Economy Priority (7.0, 5.0, 3.0) (0.460, 0.333, 0.207) 

2. Strict Environmental Compliance (2.5, 8.5, 6.0) (0.154, 0.474, 0.373) 

3. Balanced Performance (5.0, 5.0, 5.0) (0.333, 0.333, 0.333) 

4. High Competition (Trade-off) (9.0, 9.0, 2.0) (0.422, 0.422, 0.155) 

The results confirm that the FLM consistently converts qualitative preferences into stable 

and normalized weight vectors: 

1. Scenario 1: SFC becomes dominant (≈0.46), correctly prioritizing fuel economy.  

2. Scenario 2: Emission criteria dominate (>84% combined weight), aligning with ECA 

compliance.  

3. Scenario 3: Equal inputs yield uniform weights, forming a neutral baseline.  

4. Scenario 4: Despite identical high importance for SFC and NOx (9.0), the module 

prevents dominance and balances both at 0.422 each, demonstrating controlled trade-off 

mediation.  

This behavior highlights the advantage of fuzzy inference over linear normalization, 

particularly under conflicting high-priority inputs. The engine configuration remains 

unchanged; only the preference structure varies. To validate internal consistency, the response 

surface of the FLM was analyzed. Figure 13. shows SFC weight as a function of SFC and NOx 

importance, with PM fixed at 5.0. 

 

Figure 13. Fuzzy logic response: SFC weight as a function of SFC and NOx importance 

The response surface reveals several key behaviors of the proposed weighting module, 

summarized as follows:  
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1. SFC weight increases with SFC importance, reaching ~0.55–0.60 when SFC is high and 

NOx is low, reflecting correct prioritization of fuel economy.  

2. Under simultaneous high SFC and NOx importance, the system suppresses extreme 

weighting, stabilizing SFC weight around 0.35–0.45. This demonstrates the embedded 

“competitive mediation” rule.  

3. The response surface is smooth and continuous, indicating stable inference behavior 

without abrupt transitions.  

Overall, the FLM produces consistent and physically interpretable weights while 

preserving trade-off awareness between conflicting objectives. 

The final validation evaluates whether fuzzy-derived weights meaningfully influence 

MCDM ranking outcomes. Using the TMF method, Pareto alternatives were ranked under each 

scenario. 

Table 7. Top-ranked alternatives under different operator-priority scenarios 

 

 

Ranking 

Scenario 1 

Fuel Economy 

Priority 

w = [0.460, 0.333, 

0.207] 

Scenario 2 

Strict Environmental 

Compliance 

w = [0.154, 0.474, 

0.373] 

Scenario 3 

Balanced 

Performance 

w = [0.333, 0.333, 

0.333] 

Scenario 4 

High 

Competition 

w = [0.422, 

0.422, 0.155] 

1st Alternative 27 Alternative 4 Alternative 4 Alternative 4 

2nd Alternative 4 Alternative 27 Alternative 27 Alternative 27 

3rd Alternative 10 Alternative 38 Alternative 10 Alternative 25 

4th Alternative 18 Alternative 10 Alternative 18 Alternative 30 

5th Alternative 15 Alternative 2 Alternative 15 Alternative 38 

The results in Table 7. demonstrate that the fuzzy-derived weights effectively reconfigure 

the TMF ranking by altering the valuation of the inherent performance trade-offs between 

alternatives, leading to distinct, priority-driven selections.  

2.9. Diagnostic foundation: subsystems, failure modes and parameter 

selection 

Marine diesel engines are tightly coupled systems where a fault in one subsystem propagates 

and induces secondary symptoms. Effective diagnosis therefore requires a structured functional 

decomposition into five subsystems, each associated with specific failure modes, measurable 

indicators and corrective actions: 

1. Fuel subsystem (feeding + injection): faults in supply pressure, filtration, viscosity or 

injection directly affect combustion. Key indicators include combustion pressure, 

injection pressure and fuel supply pressure.  

2. Lubrication subsystem: critical for wear prevention and safety. Oil pump pressure, oil 

pressure, oil temperature and oil level reflect supply faults, degradation, contamination 

and leakage conditions.  

3. Cooling subsystem: diagnosis is based on heat rejection behavior. Coolant pressure and 

jacket water outlet temperature indicate pump faults, restrictions or coolant loss.  

4. Air supply subsystem (turbocharging + charge-air cooling): failures such as filter 

blockage or compressor/cooler fouling reduce air mass flow and excess air ratio. Key 

indicators are charge-air pressure and post-cooler temperature.  

5. Exhaust subsystem: provides aggregated combustion health signals. Exhaust gas 

temperature (EGT) per cylinder and exhaust color are primary diagnostic variables.  
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Increasing the number of diagnostic parameters does not necessarily improve diagnosability 

and may overload operators. Therefore, parameter selection is guided by three criteria: 

1. High information content: sensitivity to multiple failure modes  

2. Practical availability: commonly measured in marine monitoring systems  

3. Actionability: directly linked to maintenance actions  

The diagnostic framework is based on a carefully selected parameter set mapped to the five 

subsystems. Selection was conducted through a literature-based evidence approach combining 

expert knowledge, statistical analyses, experimental/field validation and simulation studies. No 

new experiments were performed; instead, existing validated evidence was consolidated into a 

shipboard-relevant diagnostic structure. Each parameter was included based on at least one of 

the following evidence types: 

1. Failure-mode relevance reported in reliability and diagnostic studies . 

2. Expert practice with technical and industrial guidelines. 

3. Statistical studies demonstrating correlation with abnormal states.  

4. Experimental or simulation-based validation of fault signatures.  

The methods in Table 8. refer to external evidence, not new experiments conducted in this 

dissertation. 

Table 8. Diagnostic parameter set and selection evidence of marine diesel engine subsystem 

 Parameters Method 

Fuel Subsystem Pressure after feeding 

pump 

Experts' opinion. Statistical data 

analyses. Experimental validation. 

Marine diesel engine failure 

simulator. 
Injection pressure 

Combustion pressure 

Lubrication 

Subsystem 

Oil pump pressure Experimental Validation. Marine 

diesel engine failure simulator. Oil temperature 

Oil pressure 

Oil level 

Cylinder oil parameters 

System oil parameters 

Cooling Subsystem Coolant pressure Experimental Validation. Marine 

diesel engine failure simulator. Jacket water temperature 

Cooling water quality 

Deaerating tank condition 

Air Supply 

Subsystem 

Pressure after turbocharger Experts' opinion. 

Statistical Data Analyses. Marine 

diesel engine failure simulator 
Temperature after cooler 

Turbocharger condition 

Exhaust Subsystem Exhaust gas temperature Experts' opinion. Statistical data 

analyses. Thermal failure simulation 

of diesel engine. 
Exhaust gas color 

Exhaust valve condition 

Scavenge box condition 

This parameter set is intentionally aligned with shipboard operation, prioritizing 

measurable, interpretable and action-oriented variables. 

The elaborated Knowledge Based Expert System (KBES) adopts a modular production-rule 

(IF/THEN) architecture to transform real-time engine monitoring data into fault hypotheses and 

recommended actions. Conceptually, the KBES is organized around two distinguished parts: 

1.) diagnostic parameter processing and 2.) a forward-chaining inference engine operating over 

a fact base and a rule base. 
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1. Diagnostic parameter processing: sensor signals acquired from the engine monitoring system 

are mapped into diagnostic parameters (e.g. pressures, temperatures, etc.). Each parameter 

is evaluated against configurable normal ranges/thresholds and categorized into a qualitative 

state (e.g. Normal/Abnormal). These categories are then asserted as facts in the KBES fact 

base (working memory), representing the current engine condition in a machine-

interpretable form. 

2. Forward-chaining inference engine: the KBES reasoning mechanism is implemented as a 

forward-chaining inference engine that evaluates the current fact base against a modular rule 

base (knowledge base). The rule base contains subsystem-oriented IF/THEN rules that 

contain recognizable parameter-state patterns and their implications for the fuel, lubrication, 

cooling, air supply, exhaust subsystems. During execution, the inference engine repeatedly 

performs a match, select and fire cycle, in order to match current facts to rules, identify the 

set of satisfied rules and fires the applicable rule to produce maintenance recommendations 

and actions. 

The fired rules generate the KBES outputs in the form of 1.) fault hypothesis candidates and 2.) 

action recommendations, which are presented to the operator. If no abnormal parameter states 

are present in the evidence, the KBES returns a normal/no-action outcome; otherwise, the 

forward-chaining inference cycle is executed to generate fault hypotheses and recommended 

actions. Figure 14. provides an overview of the KBES workflow. 

  

Figure 14. Knowledge Based Expert System flow 

2.10. Numerical example 1: Surrogate-assisted MCDM-driven performance 

optimization 
This example demonstrates the Normal-condition pathway of the DSS, from surrogate-based 

prediction and NSGA-II optimization to fuzzy-weighted MCDM ranking. The case uses the 

S60-class two-stroke engine model to illustrate how a multi-objective Pareto set is converted 

into a ranked and implementable operating strategy. When the engine is classified as Normal, 

the optimization module is activated through three steps (Figure 15): model training, 

optimization execution, and result ranking. 
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Figure 15. The elaborated DSS system: optimization procedure  

Figure 16. shows the ranking stage, where operator preferences (0–10 scale) are transformed 

into fuzzy weights and used by MCDM methods to rank solutions. The output is a Top-K list 

and a single recommended operating point. 

 

Figure 16. The elaborated DSS system: ranking interface (Rank Results) 
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2.11. Numerical example 2: Predictive maintenance and fault handling via 

the elaborated Knowledge Based Expert System  

This example illustrates the Abnormal-condition pathway using the same S60-class engine. 

The objective is to convert monitoring signals into fault hypotheses and maintenance actions 

while preventing unsafe operation and bypassing performance optimization. 

The diagnostic system follows the Expert System structure and subsystem-based 

parameterization (fuel, lubrication, cooling, air, exhaust). 

Figure 17 provides the maintenance dashboard, while defines threshold configuration for 

normal operation limits. Abnormality is demonstrated using the Air Supply subsystem: 

• Scavenge pressure below threshold 

• Charge-air temperature above threshold 

These deviations trigger an Abnormal classification. 

 
Figure 17. The elaborated DSS system: maintenance diagnosis interface 

Once triggered, the inference engine processes input data based on the air-path diagnostic 

parameter set. The system evaluates conditions using the rule base and generates: 

• Fault hypothesis  

• Maintenance actions  
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Figure 18. The elaborated DSS system: Air subsystem diagnosis  
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2. NEW SCIENTIFIC RESULTS – THESES 

T1. A new Neural Network (NN) surrogate model was developed for computationally 

efficient multi-objective optimization of marine engine performance and emissions.       

1. A multi-output Neural Network model was elaborated, trained on a comprehensive 

dataset generated from the Diesel-RK software-based simulations. The NN model 

connects six control parameters (SOI, F, D, Pfuel, EVO, EVC) of marine diesel engines to 

seven key performance and emission outputs (SFC, NOx, PM, Pmax, dp/dθ, CD, SE) of the 

engine combustion process. 

2. The developed NN surrogate model demonstrated high predictive accuracy, achieving an 

overall coefficient of determination R² of 0.9833 on test data. Mean Absolute Percentage 

Errors (MAPE) for the primary objectives SFC, NOx and PM were below 2%.  

3. The NN surrogate model's fidelity was validated by comparing its predictions for the 

Pareto optimal solutions by direct Diesel-RK simulations. The differences were minimal 

(e.g. ΔSFC ≈ 0.001 kg/kWh), confirming its reliability as a fast and physically consistent 

for optimization. 

Published articles relating to T1: P11, P4, P5. 

T2. A new surrogate-based multi-objective optimization procedure was elaborated for 

two-stroke marine diesel engines to identify Pareto optimal operating strategies. 
1. The multi-objective optimization problem was formulated to minimize Specific Fuel 

Consumption (SFC), Nitrogen Oxides Emissions Index (NOx) and Particulate Matter 

Emissions (PM) of marine diesel engines. Six control parameters (SOI, F, D, Pfuel, EVO, 

EVC) of the engine act as design variables, in addition to constraints specified by IMO 

organization Tier III compliance and mechanical limits. 

2. An initial optimization procedure was developed, combining the validated NN surrogate 

model with the NSGA-II optimization algorithm. This procedure efficiently generated a 

Pareto optimal front of non-dominated optimal solutions, explicitly demonstrating the 

trade-offs between fuel efficiency and emissions of two-stroke marine diesel engines. 

3. The effectiveness of the surrogate-based optimization procedure was validated by re-

evaluating the top-ranked Pareto solutions using the high-fidelity Diesel-RK software, 

which showed close agreement between the predictions of the NN surrogate-based 

optimization and the simulation results. 

Published articles relating to T2: P11. 

T3. A new systematic selection and adaptation of the Multi-Criteria Decision-Making 

(MCDM) methods was developed for marine diesel engine applications in order to 

support final decision-making for the engine performance optimization. 

1. A structured benchmarking of fourteen MCDM methods was conducted using a Diesel-

RK-derived decision matrix. The evaluation of the MCDM methods was based on rank 

stability analysis and consensus analysis to identify the most robust methods for engine 

trade-off problems. 

2. The Proximity Indexed Value (PIV), Integrated Simple Weighted Sum Product (WISP) 

and TriMetric Fusion (TMF) methods were identified as generating the most stable and 

consensus-aligned rankings for the studied marine engine optimization problem. 
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3. The selected robust MCDM methods were successfully applied to rank the Pareto optimal 

set. The consistent identification of top optimal solutions confirmed the suitability in 

translating a set of optimal trade-offs into actionable shortlist recommendations in order 

to support the decision-making process by the engine operator. 

Published articles relating to T3: P9. 

T4. A complex performance optimization procedure was elaborated for the two-stroke 

marine diesel engines, integrating the Neural Network surrogate model, the NSGA-II 

multi-objective optimization algorithm, the MCDM ranking method and a newly 

developed Fuzzy Logic Module (FLM). 

1. A new operator-defined Fuzzy Logic Module was elaborated for dynamic weighting in 

Multi-Criteria Decision-Making, implemented as a Mamdani-type fuzzy inference 

system that captures the operator's qualitative importance ratings (on a 0 to 10 scale for 

SFC, NOx, PM) into normalized criterion weights for use in the complex optimization 

procedure. 

2. The FLM was integrated as a weighting mechanism within the MCDM ranking method, 

enabling dynamic, preference-driven re-ranking of the fixed Pareto optimal set without 

re-optimization. The FLM effectiveness was demonstrated through conceptual scenarios, 

where the FLM produced distinct, logical weights that led to significant and appropriate 

changes in the top-ranked engine optimal operating points. 

3. A new dedicated Decision Support System (DSS) software application was developed, 

integrating the NN surrogate model, the NSGA-II algorithm, the MCDM methods and 

the FLM into a unified graphical user interface. The software's functionality was validated 

by successfully reproducing the Pareto fronts and FLM-driven rankings from the 

individual validation optimization steps, thereby confirming the correctness and practical 

applicability of the elaborated complex optimization procedure for marine diesel engine 

decision support. 

Published articles relating to T4: P10, P7. 

T5. A new Knowledge Based Expert System (KBES) was also developed for predictive 

maintenance and fault diagnosis of marine diesel engines, providing interpretable 

fault hypotheses and prioritized response actions.  

1. The KBES contains a set of diagnostic parameters that was selected based on their 

sensitivity to common faults, availability via standard engine sensors and consistent with 

condition monitoring architectures that emphasize structured diagnostic information 

flows. 

2. A forward-chaining inference engine was implemented to process monitoring data using 

a knowledge base of fault rules. The KBES system outputs are interpretable fault 

hypotheses and prioritized maintenance recommendations for a proactive marine diesel 

engine maintenance. 

3. The KBES was integrated as the health-state supervisor for the developed Decision 

Support System (DSS). Its primary function is to classify the engine condition as 

"Normal" or "Abnormal", thereby identifying the DSS function between the performance 

optimization procedure and the maintenance diagnosis procedure.  

 

 Published articles relating to T5: P1, P2, P3. 
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