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Fast passenger craft play a strategic role in maritime transport, yet early-stage hull-
form modifications are often constrained by competing requirements in resistance, 
stability, and structural strength. Rather than pursuing a clean-sheet redesign, this 
study adopts parallel middle body (PMB) lengthening as a controlled intervention 
that preserves validated bow-stern geometry and is compatible with practical retrofit 
and construction constraints. A fast passenger monohull is incrementally lengthened 
from 29.8 to 35.8 m through PMB extension, generating 61 variants in 0.10 m steps; 
the maximum 6 m increase reflects supplier limits on modular insert fabrication and 
the need to avoid extensive reconfiguration of internal systems (e.g., piping routes). 
For each variant, hydrostatics, intact transverse stability, longitudinal strength, and 
calm-water resistance/running attitude are evaluated using a semi-empirical 
framework; resistance is assessed at the service condition and through a Froude-
number sweep (Fr = 0.10 - 0.40) for regime-based interpretation. The results show 
consistent improvements in hydrostatics and stability, smoother longitudinal load 
distributions, and reduced total resistance at the target operating condition, primarily 
driven by lower residuary resistance. To accelerate design-space exploration, 
supervised-learning surrogates are benchmarked across five regressors, with 
ensemble methods, particularly Gradient Boosting, providing the highest predictive 
fidelity for nonlinear performance trends. A multi-criteria ranking-and-scoring 
procedure identifies an optimal length of 35.4 m, balancing resistance reduction with 
stability enhancement and strength compliance. Overall, the PMB machine learning 
(ML) framework offers an efficient and transparent pathway for early-stage decision 
making in high-speed monohull design. 

  
 
1. Introduction 

High-speed passenger craft occupy a distinctive and challenging design regime wherein 
hydrodynamic performance, safety margins, and regulatory compliance must be simultaneously 
satisfied under increasingly stringent economic and environmental pressures. As operational 
envelopes extend into semi-displacement and planing regimes, marginal alterations in hull geometry 
can precipitate disproportionately large variations in resistance, trim, and stability characteristics. 
Classical empirical approaches, most notably the Savitsky family of formulations, continue to provide 
utility in conceptual design due to their computational efficiency and accessibility. However, their 
applicability is increasingly challenged by modern geometrical features such as warped bottoms, 
appendages, and novel stern configurations, which can lead to significant fidelity losses (Hetharia et 
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al., 2021; Paredes et al., 2023). Computational fluid dynamics (CFD), by contrast, has achieved 
sufficient maturity to replicate experimental benchmarks for resistance and motions with high fidelity, 
albeit at considerable computational cost and limited throughput (Avci & Barlas, 2018; Khazaee et 
al., 2019). This dichotomy underscores the need for surrogate strategies, particularly those employing 
machine learning (ML), to reconcile the trade-off between breadth of coverage and depth of accuracy 
in early-stage design. 

A substantial body of maritime literature highlights resistance and speed-power prediction as 
central determinants of fuel efficiency, emissions, and overall vessel operability. Data-driven models, 
ranging from ensemble methods to deep neural networks, have demonstrated reliable predictive 
capacity when trained on sensor-derived datasets or curated repositories (Bassam et al., 2022; Lang 
et al., 2022a). Complementary research emphasizes the tension between predictive accuracy and 
interpretability, giving rise to physics-informed ML strategies that integrate hydrodynamic priors into 
learning architectures (Lang et al., 2021; Schirmann et al., 2023). Meanwhile, emerging databases, 
such as SHIP-D, address the chronic paucity of open hull-performance data, thus enabling broader 
application of surrogate modeling and optimization pipelines (Bagazinski & Ahmed, 2023). 

The focal research question in this work is whether incremental hull lengthening can be 
systematically exploited to improve resistance performance and enhance stability margins at high 
service speeds, while maintaining acceptable structural integrity. Lengthening modifies slenderness 
ratios (e.g., length-to-beam (L/B)) and displacement-to-length relationships that directly mediate 
residuary and viscous resistance components, as well as intact stability envelopes (Le et al., 2023). 
Yet, these modifications are inherently non-monotonic: while increased length generally reduces 
residuary resistance, it simultaneously elevates wetted surface and frictional penalties, alters trim and 
sinkage, and potentially redistributes hydrostatic loads in ways that affect stability and strength (Baso 
et al., 2020; Montero & Valentina, 2017). Addressing these interactions requires an integrative 
framework spanning hydrodynamics, intact stability, and structural analysis, as opposed to treating 
these domains in isolation (Temple & Collette, 2016). 

Traditional design pipelines rely heavily on empirical estimators derived from systematic 
series, occasionally complemented by physical model tests where resources permit. Despite their 
expedience, Savitsky-type predictions often deviate at higher Froude numbers or when 
unconventional geometries are introduced (Hetharia et al., 2021; Soma & Vijayakumar, 2023). CFD 
provides improved fidelity, but is computationally prohibitive for densely populated design spaces 
(Avci & Barlas, 2018; Baso et al., 2021). These limitations motivate hybrid approaches in which 
inexpensive physics-based estimators and selective CFD calculations are combined to generate 
compact but high-quality datasets used to train ML surrogates capable of interpolating across 
neighboring variants (Ferlita et al., 2024a; Ferlita et al., 2024b).  

Within the preliminary stages of ship design, parallel middle body (PMB) extension presents 
a strategically viable alternative to complete hull redevelopment. As a controlled parametric 
modification, PMB elongation preserves geometric continuity and hull fairness while facilitating 
targeted analysis of longitudinal geometric influences (Brizzolara et al., 2015; Villa et al., 2020). 
These incremental interventions demand fewer computational, engineering, and certification 
resources than comprehensive redesign, yet still yield measurable improvements in hydrodynamic 
and structural performance (Peri & Campana, 2005; Temple & Collette, 2016). By leveraging pre-
validated bow and stern configurations, PMB extensions reduce the risk associated with novel hull 
forms and ensure compatibility with existing construction and classification protocols (Gafter & 
Drimer, 2021). This approach enables enhancement of longitudinal characteristics, volumetric 
capacity, and resistance profiles without disrupting the vessel’s core architectural integrity, thereby 
minimizing the economic, temporal, and logistical burdens inherent to clean-sheet designs (Salazar-
Domínguez et al., 2021). In practical terms, constraints related to shipyard capabilities, dimensional 
regulations, and route-specific requirements further underscore the appropriateness of PMB 
interventions, especially in high-speed craft applications (Zheng et al., 2021; Djačkov et al., 2018). 
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When integrated with advanced computational techniques, such as CFD and machine learning 
surrogates, the PMB approach enables high-resolution exploration of performance trends within a 
narrowed design space, while maintaining methodological transparency and reducing uncertainty 
(Elkafas et al., 2021). It is acknowledged, however, that PMB extension is not a comprehensive 
substitute for full multi-variable optimization. Rather, it is best understood as a focused refinement 
strategy, tailored for constrained early-stage design contexts requiring modular and tractable 
interventions. 

Several lines of prior research foreshadow the methodology employed here. Parametric RANS 
studies corroborated by experimental data reveal that increasing L/B ratios typically attenuate 
pressure-resistance components, though effects on viscous resistance remain nuanced (Le et al., 2023; 
Khazaee et al., 2019). Appendage-based interventions, including stern flaps, interceptors, and hull 
vanes, demonstrate measurable reductions in trim and resistance, yet their efficacy is highly geometry 
and Froude-dependent (Soma & Vijayakumar, 2023; Samuel et al., 2024). Planing and semi-planing 
craft studies further underscore the sensitivity of trim-by-stern behavior and center-of-gravity 
placement, both of which yield complex trade-offs between resistance minimization and intact 
stability ranges (Baso et al., 2020; Wang et al., 2023). 

The machine learning literature complements these naval architectural findings by 
showcasing regression surrogates, particularly Gradient Boosting, XGBoost, and neural networks, 
which effectively emulate resistance, powering, and motion performance when paired with rigorous 
preprocessing and validation protocols (Bassam et al., 2022; Bassam et al., 2023; Fan et al., 2024). 
Hybrid physics data models mitigate extrapolation risk by embedding hydrodynamic structure into 
the learning process, thereby improving generalizability beyond the training distribution (Ahn et al., 
2022; Kanazawa et al., 2023). Increasingly, explainable AI techniques are applied to maritime ML 
tasks, balancing predictive strength with transparency in feature attribution (Schirmann et al., 2023; 
Barhrhouj et al., 2025). Together, these advances indicate that ML is poised to become integral to 
concept design workflows. 

This study, therefore, develops an integrated, data-driven pipeline for evaluating finely spaced 
PMB-based lengthening variants of a fast passenger monohull with fixed principal particulars. 
Specifically, the analysis spans Length Over Hull from 29.80 m elongated to 35.80 m, in 10 cm 
increments, while Breadth Moulded (5.20 m), Depth Moulded (2.50 m), and Draft (1.25 m) are held 
constant. 

Empirical and semi-empirical formulations are applied to rapidly screen hydrostatics, 
stability, strength, and resistance characteristics across the design space, supplemented where 
necessary by higher-fidelity computations. The dataset is then employed to train regression surrogates 
emphasizing ensemble learners such as Gradient Boosting, validated through cross-validation against 
performance metrics (Lang et al., 2022a; Lang et al., 2022b; Fan et al., 2024). The surrogates enable 
continuous interpolation across length variants, supporting a multi-criteria synthesis that balances 
reductions in resistance against gains in GMt, righting-arm areas, and structural robustness. This 
methodological integration directly aligns with contemporary design for operations paradigms that 
prioritize energy efficiency alongside safety and compliance (Temple & Collette, 2016; Garbatov & 
Huang, 2020). 

A closer examination of related work highlights the unresolved research gap. Optimization 
studies for high-speed craft traditionally integrate parametric hull manipulations, heuristic search, and 
empirical estimators, sometimes augmented by surrogates to reduce reliance on costly solvers 
(Mohamad Ayob et al., 2010; Wang et al., 2021). More advanced approaches have explored multi-
objective and reliability-based optimization, including Pareto-front analyses and hierarchical 
decompositions (Ma et al., 2016; Garbatov & Huang, 2020). However, few contributions 
systematically interrogate incremental PMB lengthening as a single-parameter lever with 
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implications across hydrodynamics, intact stability, and structural integrity, while simultaneously 
embedding ML surrogates calibrated on dense, systematically generated design variants. 
Furthermore, while numerous studies investigate propulsion power and energy modeling, fewer 
examine fine-grained geometric modifications in the order of 0.10 m resolution coupled with ML-
supported multi-criteria optimization for specific high-speed service conditions (Bagazinski & 
Ahmed, 2023; Ferlita et al., 2024b). 

Accordingly, the dual objective of this paper is: (i) to quantify the impact of incremental PMB-
based lengthening on hydrostatics, transverse stability, longitudinal strength, and resistance of a fast 
passenger monohull at service speed, and (ii) to demonstrate that ML surrogates, when validated and 
embedded in a structured decision framework, can identify an optimal length that reconciles these 
competing design drivers. The novelty lies in combining fine-resolution parametric variation with 
multi-domain naval architectural assessment and transparent ML-enabled ranking. The present scope 
is deliberately constrained to calm water performance, intact stability, and longitudinal strength, with 
seakeeping, appendage interactions, and life-cycle operational factors identified as extensions for 
subsequent investigation. By reconciling empirical rapidity, selective high-fidelity accuracy, and 
surrogate generalization, this study contributes a structured, doctoral-level perspective on early-stage 
hull-form refinement for high-speed passenger vessels (Lang et al., 2022b; Temple & Collette, 2016). 
To achieve this, the study employs parallel middle body (PMB) extension, wherein additional 
midbody sections of constant cross-section are inserted between fore and aft shoulders. This 
controlled manipulation preserves beam, depth, and entrance/run forms, thereby isolating the effects 
of length on hydrostatics, stability, resistance, and structural strength while maintaining hull fairness. 
This methodological clarity makes PMB extension an ideal testbed for rigorous parametric and 
surrogate-assisted design exploration. 
 
2. Methodology 

2.1 Baseline vessel and design space 
This investigation considers a high-speed passenger monohull subjected to systematic length 

augmentation via parallel middle body (PMB) extension. The baseline hull of 29.8 m was 
incrementally extended to 35.8 m in uniform 0.10 m steps, yielding 61 variants. Throughout this 
process, principal dimensions aside from length, namely beam, depth, propulsion system, and 
appendage configuration, were preserved to ensure that length was the sole variable under 
examination. The geometric transformations were executed in a naval architectural CAD and analysis 
environment, enabling consistent recomputation of hydrostatics and downstream responses across all 
variants. PMB elongation was selected because it is a classical parametric modification that maintains 
hull fairness while isolating the effects of lengthening on performance domains (Brizzolara et al., 
2015; Zhang & Mao, 2009; Villa et al., 2020). The methodological scope was confined to calm water 
assessments at a representative high-speed service condition, aligning with the study’s intent to 
examine resistance, stability, and strength in early design stages. 

Figure 1 illustrates the PMB extension scheme, while Table 1 presents the principal 
dimensions of the fast passenger monohull, encompassing the length variation from 29.8 to 35.8 m. 
 
Table 1 Main particulars of the modified fast passenger vessel. 
 

Length Over Hull 29.8 - 35.8 m 
Breadth Moulded 5.2 m 
Depth Moulded 2.5 m 

Draft 1.25 m 
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Figure 1 Schematic of 0.10 m parallel middle body (PMB) extension increments from 29.8 to 35.8 
m PMB lengthening strategy applied to the baseline hull. 
 
 

2.2 Hydrostatics and transverse stability evaluation 
For each variant, hydrostatic particulars including displacement, drafts, waterplane area, and 

form coefficients were recomputed alongside stability metrics. Transverse stability assessment 
emphasized metacentric height (GMt) and righting arm (GZ) curves over both small heel angles (0 - 
30°) and extended ranges (>30°). This approach ensured that both initial restoring characteristics and 
reserve stability envelopes were systematically quantified. The procedure follows established 
intact-stability protocols in naval architecture, as supported by previous parametric stability 
investigations (Alamsyah et al., 2024; Pawłowski, 2017; Begović et al., 2020). By holding non-length 
dimensions constant, any observed improvements in GMt or GZ area can be attributed directly to the 
PMB elongation strategy. 

 
2.3 Longitudinal strength assessment 
To evaluate structural implications of hull elongation, still-water shear force and 

bending-moment envelopes were derived for each variant. Hydrostatic pressure distributions and 
representative weight distributions, appropriate to high-speed passenger craft service, were 
employed. The assessment emphasized comparative trends rather than detailed scantling analysis. 
The objective was to determine whether PMB elongation moderated peak load intensities and 
produced smoother internal-force distributions. This approach aligns with standard 
preliminary-design assessments of longitudinal strength, recognizing that advanced reliability-based 
frameworks exist but remain outside the present scope (Wei et al., 2019). 
 

2.4 Resistance and running attitude estimation 
Calm water resistance predictions were carried out using a semi-empirical framework suitable 

for semi-planing and planing regimes at high Froude numbers. The methodology decomposed total 
resistance into frictional and residuary components, while simultaneously solving for dynamic trim 
and sinkage. This procedure generated total resistance coefficients and qualitative running-attitude 
profiles for each variant. Although empirical in nature, such formulations deriving from Savitsky-
type methods remain integral to early-stage evaluation of high-speed craft performance, despite their 
limitations in accounting for warped bottoms or fine-form geometries (Hetharia et al., 2021; Paredes 
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et al., 2023). The method enabled efficient exploration of all 61 variants, providing a dense mapping 
of performance trends prior to any higher-fidelity CFD or experimental campaigns. 

To extend the analysis beyond a single operating condition and enable regime-based 
interpretation, a systematic Froude-number sweep was incorporated into the resistance estimation 
procedure. Total and residuary resistance coefficients were evaluated over a nondimensional Froude 
number range of Fr = 0.10 - 0.40 using uniform increments sufficient to resolve trend variations across 
the spectrum. For each hull-length variant, the corresponding vessel speed at a given Froude number 
was computed according to 𝑉𝑉 = 𝐹𝐹𝑟𝑟�𝑔𝑔𝐿𝐿, where 𝑔𝑔 denotes gravitational acceleration and 𝐿𝐿 represents 
the characteristic hull length adopted consistently throughout the study. Resistance components were 
then calculated at these equivalent speeds using the same semi-empirical formulation (Leal-Ruiz et 
al., 2023). Comparisons among variants were conducted at identical Froude numbers to preserve 
equivalence of wave-making regimes, thereby isolating the influence of hull length on total and 
residuary resistance behavior and enabling explicit examination of hump-hollow features in the 
residuary resistance coefficient that cannot be captured through single-speed analysis alone. 
 

2.5 Data preparation and machine learning pipeline 
Outputs from hydrostatic, stability, structural, and resistance analyses were consolidated into 

a structured dataset containing both geometric descriptors and performance responses. The dataset 
underwent preprocessing, including type coercion, screening for variance deficiencies, and 
missing-value inspection. A standard 80/20 train test split with fixed random seed was applied to 
ensure reproducibility. Five supervised learning algorithms, Linear Regression, Ridge, Lasso, 
Random Forest, and Gradient Boosting, were benchmarked. Predictive performance was evaluated 
using R², MAE, and MSE. In accordance with emerging practices in marine data analytics, tree-based 
ensembles provided superior fidelity in modeling nonlinear relations. Gradient Boosting was retained 
as the primary surrogate owing to its consistently higher explanatory power and lower error 
magnitudes across folds, corroborating findings from recent maritime ML studies (Callens et al., 
2020; Zhan et al., 2022; Balas & Balas, 2025). The trained surrogate enabled continuous interpolation 
across the design space and facilitated rapid scenario testing for length optimization. 
 

2.6 Multi-criteria synthesis for optimal length 
Final selection of the recommended hull length was conducted through a ranking-and-scoring 

synthesis aggregating normalized indicators from three principal domains: (i) resistance (favoring 
lower Ct values), (ii) stability (favoring higher GMt and larger GZ areas), and (iii) longitudinal 
strength proxies. Surrogate-based predictions were cross-checked against baseline computations to 
preserve consistency. This integrative synthesis reflects best practices in concept-design optimization 
in which multiple, often competing, criteria must be reconciled transparently. While the present 
framework emphasizes interpretability and computational efficiency, it remains extensible toward 
multi-objective optimization and uncertainty-aware decision methodologies as advocated in the 
literature (Wei et al., 2019). 

 
3. Results 

3.1 Geometric trends and form coefficients 
Incremental extension of the parallel middle body (PMB) induces systematic and theoretically 

consistent geometric transformations across the 29.8 - 35.8 m design spectrum. As length increases, 
the hull exhibits higher slenderness ratios (L/B, L/T), accompanied by a monotonic decline in the 
displacement-to-length ratio (DLR). These changes denote enhanced volumetric efficiency in 
regimes dominated by high Froude numbers. Concurrently, form coefficients reflect this evolution: 
Cw and Cp trend upward, indicating enlarged waterplane areas and fuller prismatic volumes, while 
Cb decreases, signaling a progressively slenderer displacement distribution. 
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Figure 2(a) demonstrates the progressive augmentation of Cw, which amplifies transverse 
waterplane stiffness and, thus, the vessel’s initial stability. Similarly, Figure 2(b) shows the net 
augmentation of Cp, underscoring advantageous redistribution of longitudinal volume that moderates 
resistance characteristics. By contrast, Figure 3 evidences the expected decline in Cb, reflecting hull 
slenderization. Figure 4 illustrates the coherent escalation of L/B and L/T ratios, and Figure 5 
confirms the concomitant reduction in DLR, both of which are emblematic of volumetric refinement 
aligned with high-speed performance imperatives. 

Collectively, these results affirm that PMB-based lengthening not only preserves geometric 
fairness but also orchestrates a volumetric redistribution conducive to reduced residuary resistance 
and augmented stability margins. 

 

  
(a) 

 
(b) 

 
Figure 2 (a) Maximum waterplane coefficient (Cw) across length variants; (b) Maximum prismatic 
coefficient (Cp) across length variants. 
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Figure 3 Maximum block coefficient (Cb) across length variants. 
 

  
        (a)         (b) 

 
Figure 4 (a) Length-to-beam (L/B) and (b) length-to-draft (L/T) ratios by variant. 
 

 
Figure 5 Displacement to length ratio (DLR) for each length variant. 
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3.2 Hydrostatics and stability outcomes 
Hydrostatic recomputation validates that PMB elongation produces measurable enhancements 

in both initial and reserve stability. GMt rises consistently with length, an outcome attributable to 
larger waterplane moments of inertia generated by elevated Cw values. Simultaneously, righting-arm 
(GZ) characteristics reveal augmented curve areas across both 0 - 30° and >30° heel ranges, 
underscoring superior restoring capacity at small angles and improved reserve stability at larger 
inclinations. Figures 6, 7(a), and 7(b) encapsulate these effects, indicating a progressive 
enhancement of righting energy reserves. 

In narrative synthesis, these improvements harmonize with the geometric modifications 
identified in: greater Cw strengthens initial restoring moments, while more favorable prismatic 
distribution extends stability into nonlinear regimes. 

 
Figure 6 Transverse metacentric height (GMt) for each length variant. 
 

  
   (a)                                   (b) 

Figure 7 (a) Righting-arm area (0 - 30°) by length variant (m·rad); (b) Righting-arm area (>30°) by 
length variant (m·rad). 
 

3.3 Longitudinal strength outcomes 
Structural analysis indicates that PMB-based lengthening mitigates critical load 

concentrations. Bending-moment envelopes, exemplified in Figure 8, demonstrate attenuated peak 
magnitudes and smoother longitudinal distributions, while stress evaluations (Figure 9) confirm that 
both maximum tensile and compressive stresses remain within acceptable preliminary thresholds. 
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These findings corroborate prior assertions that redistribution of hydrostatic loading, rather than its 
escalation, governs structural response under controlled geometric modifications. 

Thus, PMB extension not only avoids overloading but also reduces susceptibility to localized 
structural hot-spots, thereby enhancing operational robustness for high-speed service envelopes. 

 
Figure 8 Still-water bending moment by length variant. 
 

  
(a)                                      (b) 

Figure 9 (a) Maximum positive and (b) maximum negative stress by length variant. 
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To avoid a single-point interpretation, and to clarify the Froude number regimes in which 
lengthening is most beneficial, Figures 10c - 10d extends the comparison to a Froude-number sweep 
for three representative configurations: the baseline hull (L = 29.8 m), the selected optimum (L = 35.4 
m), and the maximum-length variant (L = 35.8 m). Across the examined range, the lengthened 
variants maintain lower total and residuary resistance levels than the baseline, with the largest 
separation occurring in the low to moderate Froude region highlighted in the insets (Figures 10c - 
10d). Differences between the 35.4 and 35.8 m variants are comparatively small, suggesting 
diminishing returns as the extension approaches the upper bound of the defined design space. 

Figure 10(d) indicates that the residuary resistance coefficient, (Cr), varies smoothly with 
Froude number over the investigated interval (Fr = 0.1 - 0.40), and does not exhibit a pronounced 
hump hollow pair within this range. Across the same regime, PMB lengthening yields a consistent 
downward shift in Cr for the lengthened variants relative to the baseline, confirming reduced wave-
related (residuary) resistance under equal comparisons of (at equal / at the same) Fr and supporting 
the interpretation that the total-resistance benefit is primarily residuary driven. This finding is 
operationally relevant because the craft’s typical operating envelope lies in the low-to-moderate 
Froude regime; thus, the observed reductions in Cr across Fr = 0.1 - 0.40 directly contextualize the 
service-condition improvements reported in Figures 10a - 10b and align with the favorable running-
attitude trends discussed subsequently. 

Finally, the predicted running attitude remains favorable as length increases. Figure 12 shows 
a progressive reduction in dynamic trim at the service condition (Drouet et al., 2017), indicating a 
more stable longitudinal equilibrium consistent with the observed resistance improvements and 
supporting the suitability of PMB extension as a performance-refinement strategy within the study’s 
constraints. 
 
 
Table 2 Data frame classification scheme used in the Machine Learning pipeline. 
 

Number Column Non-null count Dtype 
0 nan 61 non-null float64 
1 Cw 61 non-null float64 
2 Cp 61 non-null float64 
3 Cb 61 non-null float64 
4 L/B 61 non-null float64 
5 L/T 61 non-null float64 
6 DLR 61 non-null float64 
7 GMt 61 non-null float64 
8 GZ (0-30) 61 non-null float64 
9 GZ (>30) 61 non-null float64 
10 Moment - 61 non-null float64 
11 Shear + 61 non-null float64 
12 Shear - 61 non-null float64 
13 R total Coef. 61 non-null float64 
14 Residuary Coef. 61 non-null float64 
15 Friction Coef. 61 non-null float64 
16 Correlation Coef. 61 non-null float64 
17 Trim (deg) 61 non-null float64 
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(a) 

 
(b) 

 
Figure 10 Resistance characteristics for PMB-lengthened variants shown against hull length and 
Froude number: (a) Total resistance coefficient Ctat the service condition for all 61 variants; (b) 
Residuary resistance coefficient Crat the service condition for all 61 variants; (c) Ct–Fr, and (d) Cr–
Fr for three representative configurations (baseline L = 29.8 m, optimum L = 35.4 m, maximum L = 
35.8 m) evaluated at equal Froude numbers over Fr = 0.10 - 0.40; insets highlight the low-to-moderate 
Fr regime (secondary axis: speed in kn). 
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(c) 

 

 
(d) 

 
Figure 10 (continued) Resistance characteristics for PMB-lengthened variants shown against hull 
length and Froude number: (a) Total resistance coefficient Ctat the service condition for all 61 
variants; (b) Residuary resistance coefficient Crat the service condition for all 61 variants; (c) Ct–Fr, 
and (d) Cr–Fr for three representative configurations (baseline L = 29.8 m, optimum L = 35.4 m, 
maximum L = 35.8 m) evaluated at equal Froude numbers over Fr = 0.10 - 0.40; insets highlight the 
low-to-moderate Fr regime (secondary axis: speed in kn). 
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    (a)                         (b) 

Figure 11 (a) Frictional resistance coefficient by length variant; (b) Correlation-resistance coefficient 
by length variant. 
 

 
Figure 12 Dynamic trim by stern at service speed for each variant. 
 
 

3.5 Machine learning performance and optimality identification 
The supervised learning framework operationalized here consolidates the dataset into a 

predictive pipeline against five regressors. Ensemble-based algorithms consistently outperformed 
linear baselines, with Gradient Boosting identified as the most robust surrogate for capturing 
nonlinear interactions among geometric and performance descriptors. 

 
 

Table 3 Verification of training/testing split results. 
 

Data splitting complete 

x_train shape : (48,17) 
x_test shape : (13,17) 
y_train shape : (48, ) 
y_test shape : (17, ) 
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Table 2 presents the classification scheme of the input variables, clarifying how categorical 
descriptors, such as hull-type identifiers, and continuous descriptors, such as geometric ratios, were 
systematically organized for modeling (Cui et al., 2018). This classification framework established a 
transparent basis for subsequent preprocessing steps. The splitting protocol involved a precise 
allocation of the data: 80 % for training, and 20 % for testing. This rigorous 80 - 20 split, along with 
the defined type assignments for each variable, ensured both the reproducibility and the validity of 
the model evaluation (Echeverria et al., 2022). Table 3 validates representativeness by confirming 
that the training set preserved the statistical distribution of the full dataset, thereby mitigating risks of 
sampling bias and enhancing generalizability of the surrogate models (Chicco et al., 2021). 

 

 
Figure 13 Combined machine learning predictions using 17 ship-parameter features. 

 
 
Comparative performance across regressors is detailed in Table 4, where error metrics (R², 

MAE, and MSE) reveal a consistent outperformance of tree-based ensembles relative to linear 
models. Figure 13 extends this comparison by incorporating all 17 ship-parameter features, 
illustrating how the ensemble learners retained predictive stability under multicollinearity and 
achieved improved robustness (Chicco et al., 2021). Convergence dynamics are documented in Table 
5, which charts the progressive reduction and eventual stabilization of prediction error in Gradient 
Boosting iterations, evidencing both efficiency and reliability. These temporal dynamics are 
complemented by Figure 14, which depicts the learning trajectories of all five tested regressors. 
Among them, Gradient Boosting displays the smoothest convergence and lowest residual variance, 
underscoring its suitability for complex naval-architectural datasets. 

Finally, Figure 15 synthesizes the optimization outcomes, listing the design candidates 
ranked through multi-criteria scoring that weighted resistance, stability, and structural strength in 
balance. This ranking highlights not only the optimal candidate but also provides a transparent 
hierarchy for secondary alternatives, thus supporting robust design decisions. 

 

30 31 32 33 34 35

−0.15

−0.10

−0.05

0.00

0.05

0.10
 Error Prediction

M
L 

Er
ro

r D
is

tri
bu

tio
n

Ship Length (m)



Parallel middle body lengthening for high speed craft: A machine learning supported 
framework 

Muhammad Raaflie Caesar Putra Hadi et al. 

https://so04.tci-thaijo.org/index.php/MTR 

Maritime Technology and Research 2026; 8(2): 284510                                          Page 16 of 28 

Table 4 Predictive model results across algorithms. 
 

Model Evaluation Results 

Linear Regression 

MAE : 0 

MSE : 0 

R-squared : 1 

Ridge 

MAE : 0.0732 

MSE : 0.0091 

R-squared : 0.9974 

Lasso 

MAE : 0.2470 

MSE : 0.0975 

R-squared : 0.9975 

Random Forest 

MAE : 0.0725 

MSE : 0.0088 

R-squared : 0.99975 

Gradient Boosting 

MAE : 0.0669 

MSE : 0.0056 

R-squared : 0.9984 
 
 

Table 5 Gradient Boosting model lapsing/learning summary. 
 

Statistic Prediction Error 

count 61 

mean -0.00215 
std 0.03488 

min -0.13428 
25 % -0.00009 
50 % 0 

75 % 0.00008 
max 0.10024 
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(a) 

 

 
(b) 

 

 
(c) 

 
Figure 14 (a) Train model Linear Regression; (b) Train model ridge; (c) Train model Lasso; (d) Train 
model Random Forest, and (e) Train model Gradient Boosting. 
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(d) 

 

 
(e) 

 
Figure 14 (continued) (a) Train model Linear Regression; (b) Train model ridge; (c) Train model 
Lasso; (d) Train model Random Forest, and (e) Train model Gradient Boosting. 
 

 
Figure 15 Hierarchy based on ranking and scoring optimization. 
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The synthesis of ML predictions with baseline computations confirms that Gradient Boosting 
affords both accuracy and interpretability, enabling a multi-criteria score that balances resistance, 
stability, and strength. This integrative framework not only accelerates concept-stage decision-
making but also underscores the strategic role of hybrid data-driven and physics-based approaches in 
naval architectural design exploration. 
 
4. Discussion 

The present investigation demonstrates that incremental extensions of the parallel middle 
body (PMB) in fast passenger monohulls yield systematic, cross-domain benefits that reinforce one 
another in hydrostatics, intact stability, longitudinal strength, and calm-water resistance. The 
geometric indicators progressive increases in L/B and L/T ratios, modest growth in Cw and Cp, and 
a corresponding decline in Cb corroborate the transition to a slenderer hull form. This redistribution 
of underwater volume enhances buoyancy distribution and waterplane inertia, producing 
hydrodynamic conditions favorable to stability and resistance reduction. Such findings are consistent 
with canonical principles of high-speed craft design, wherein hull slenderness and judicious volume 
placement attenuate wave-making resistance and moderate dynamic trim, provided that increases in 
wetted surface are carefully managed (Blount & McGrath, 2009; Huynh & Tran, 2023). 

Stability analysis reveals a coherent pattern: the rise in GMt values, coupled with expansion 
of GZ-areas at both small and large heel angles, signifies improvements in both initial and reserve 
stability. Mechanistically, increased Cw augments the waterplane moment of inertia, strengthening 
the vessel’s restoring capacity at small angles, while redistribution of longitudinal volume supports 
enhanced righting capability at larger heel angles. These results are consistent with classical 
intact-stability frameworks and contemporary studies linking hull geometry to transverse stability in 
high-speed passenger vessels (Pawłowski, 2017; Begović et al., 2020). Crucially, these gains were 
not accompanied by adverse dynamic behaviors; rather, observed reductions in stern-down trim 
underscore a positive interaction between longitudinal running attitude and transverse stability 
(Hadler et al., 2007; Helmore et al., 2010). 

From a structural perspective, the progressive smoothing of bending-moment distributions 
and the bounded magnitude of peak stresses confirm that moderate PMB-based lengthening does not 
compromise longitudinal strength margins. This finding aligns with evidence that geometric 
alterations primarily affecting load distribution, rather than absolute load magnitudes, can enhance 
structural robustness (Ivanov, 2007). Furthermore, it resonates with experimental and numerical 
validation studies showing that structural predictions can achieve close correspondence with 
experimental data when methodological artifacts such as ventilation are mitigated (Avci & Barlas, 
2018). Nonetheless, it must be emphasized that the current analysis was confined to preliminary 
design fidelity; detailed scantling verification and fatigue assessments remain essential in subsequent 
design stages (Mohammed et al., 2016; Park & Cho, 2023; Tatsumi et al., 2022). 

The resistance results in Section 3.4 indicate that PMB lengthening reduces total resistance 
primarily through a decrease in the residuary component, and that the Froude-number sweep 
comparison in Figure 10(d) provides the appropriate nondimensional basis for interpreting this effect 
in terms of operating regime. 

The Froude-number sweep results in Figure 10(d) provide a regime-based lens for 
interpreting the residuary resistance coefficient Cr, and for situating the present findings relative to 
the classical hump hollow behavior reported for monohull ships. In the broader literature, hump 
hollow signatures are widely associated with wave-interference mechanisms that intensify as vessels 
transition from displacement toward semi-displacement operation, commonly over Fr ≈ 0.4 - 0.7, 
with a resistance peak (“hump”) often occurring near Fr ≈ 0.5 before Cr decreases again at higher 
speeds (Honaryar et al., 2021; Zhao et al., 2024; Tamunodukobipi & Nitonye, 2019). The magnitude 
and location of this peak-trough structure are strongly dependent on hull form, loading, and operating 
environment, such that the hump and subsequent hollow can vary substantially among designs (Liu 
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et al., 2023; Honaryar et al., 2021; Bulut, 2025). Within this physical context, the present analysis 
emphasizes Fr = 0.1 - 0.40, i.e., a low-to-moderate regime that precedes the interval in which 
pronounced hump hollow features are most frequently documented. Consistent with that regime 
dependence, the measured Cr trends remain smooth over the investigated range and do not exhibit a 
pronounced local hump-hollow pair; PMB lengthening, therefore, manifests primarily as a systematic 
downward shift in Cr rather than a clear migration of a dominant hump or hollow. This behavior is 
physically consistent with prior studies on hull lengthening via parallel middle body extension, which 
indicate that increasing hull length can reduce wave-making penalties and attenuate resistance peaks 
in the transition regime, particularly across the broader Fr ≈ 0.4 - 0.75 band where bow hull wave 
interactions strengthen and wave-making effects become increasingly dominant beyond about (in this 
regime) (Iqbal et al., 2025; Hetharia, 2018; Sajedi & Ghadimi, 2020; Ghadimi et al., 2018; Zou et al., 
2021). Accordingly, the consistently lower Cr values observed for the lengthened variants within Fr 
≈ 0.1 - 0.40 can be interpreted as an early indication of improved wave-related resistance behavior 
that precedes the canonical hump region; extending the sweep beyond Fr = 0.4 in future work would 
allow direct quantification of whether PMB lengthening reduces hump amplitude, shifts its location, 
or both, within the displacement to semi-displacement transition. 

Beyond providing a mechanism-based interpretation, this framing also clarifies the scope 
limitation of the present sweep: the results demonstrate robust improvement in the pre-transition 
regime and motivate a targeted extension of the analysis into Fr ≥ 0.4, where hump hollow features, 
if present for the baseline hull, would be expected to emerge most distinctly, and where the 
lengthening effect on peak amplitude and location can be quantified directly. These regime-based 
observations also align with prior empirical/analytical work and CFD based validations indicating 
that relative resistance trends remain robust when geometry is systematically controlled (Islam et al., 
2022; Lin et al., 2020), while acknowledging that shallow-water effects can substantially modify 
resistance and trim and, therefore, require dedicated validation for confined waterways. 

A central intellectual contribution of this study is its integration of supervised learning as a 
surrogate for length-performance mapping within a transparent, multi-criteria decision framework. 
The superior performance of tree-based ensemble methods, and particularly Gradient Boosting, 
corroborates trends reported in maritime ML applications for resistance prediction and concept design 
(Ao et al., 2022; Hasan et al., 2025). The literature emphasizes two key avenues for advancing such 
surrogates: (i) assembling broader, heterogeneous training corpora to reduce overfitting and covariate 
shift, exemplified by emerging datasets of tens of thousands of hull forms (Bagazinski & Ahmed, 
2023); and (ii) embedding physical insight via physics-informed features, transfer learning from 
synthetic simulations, and weakly nonlinear analytical models to improve both accuracy and data 
efficiency (Mavroudis & Tinga, 2025; Feng et al., 2025). The Gradient Boosting surrogate employed 
here reflects these principles by capturing nonlinear dependencies across geometric descriptors and 
multi-domain performance indicators. 

Recent scholarship further suggests that ensemble methods can be enhanced through 
hybridization with deep neural networks or attention mechanisms, enabling simultaneous capture of 
global form trends and localized flow phenomena (Hassanat et al., 2024). In parallel, the increasing 
uptake of explainable AI tools such as SHAP values or permutation importance offers pathways for 
elucidating feature contributions in maritime ML applications (Chicco et al., 2021). Embedding such 
interpretability frameworks would be particularly valuable in safety-critical and regulatory contexts, 
where transparent justification of ML-driven recommendations is paramount. This opens an avenue 
for future research integrating hybrid ensemble-deep learning architectures with 
explainability-oriented analytics to complement the surrogate framework established here. 

Positioned within the broader landscape of design automation, the present pipeline comprising 
PMB parametric edits, empirical and semi-empirical evaluations, and ML surrogates sits alongside 
alternative paradigms that combine CFD, reduced-order modeling, and advanced optimizers. 
Bayesian optimization frameworks, for example, integrate CFD-based evaluations with iterative 
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surrogate updates to navigate expansive design spaces with high efficiency (Wei et al., 2023). 
Generative models and autoencoders represent an alternative trajectory, directly proposing hull-form 
variants in latent spaces subsequently screened by surrogates or CFD (Seo et al., 2024; Trinh et al., 
2024). The present approach prioritizes interpretability and seamless integration with conventional 
naval-architectural analyses, attributes particularly valuable during concept design. Future efforts 
could hybridize these strategies by initiating searches in learned latent spaces and refining candidate 
geometries using physics-guided surrogates and selective CFD verification. 

At the operational level, the implications of PMB-based lengthening extend beyond design, 
intersecting with energy-efficiency regulations and fleet performance management. Lower resistance 
at a fixed service speed directly translates to reduced power demand, supporting compliance with 
emerging EEXI and CII indices, particularly when integrated with operational measures such as 
optimized routing, hull cleaning schedules, and alternative propulsion strategies (Alshareef & 
Alghanmi, 2024). Moreover, hybrid physics-data models are increasingly being deployed to predict 
shaft power dynamically, enabling just-in-time arrivals and other operational adjustments that 
reinforce efficiency gains realized at the design stage (Mavroudis & Tinga, 2025). This underscores 
the potential for ML surrogates, when retrained on operational data, to evolve into digital performance 
companions across the vessel lifecycle. 

Nevertheless, limitations warrant acknowledgment. The present study was confined to 
calm-water analyses of a fast passenger monohull equipped with three water-jets under fixed-speed 
conditions. Aspects such as seakeeping, maneuverability, appendage-hull interactions, wave-induced 
structural dynamics, and the sensitivity of stability margins to various operational loading conditions 
remain unexplored. While empirical and semi-empirical methods were sufficient to cost-effectively 
analyze 61 variants and train the ML surrogate, high-fidelity CFD or EFD campaigns remain 
necessary for calibration and for examining performance regimes less well captured by empirical 
models (Jürgens et al., 2008; Avci & Barlas, 2018; Huynh & Tran, 2023). Similarly, the 
ranking-and-scoring framework relied on equal or heuristic weighting; future work should 
incorporate formal multi-objective optimization and uncertainty quantification to expose trade-offs 
more rigorously, consistent with best practices in design exploration (Smirlis & Bonazountas, 2020). 

In conclusion, the PMB-based lengthening strategy evaluated herein exhibits a favorable, 
multi-domain performance profile, substantiated by both hydrodynamic theory and contemporary 
design-automation scholarship. The fusion of parametric geometric edits, empirical/analytical 
assessments, and ML surrogates constitutes a pragmatic and interpretable framework for 
concept-stage refinement. Advancing this approach toward physics-informed learning, enlarged 
training datasets, and selective high-fidelity validation will further consolidate its reliability, bridging 
the gap from conceptual exploration to operational deployment at scale (Bagazinski & Ahmed, 2023; 
Wei et al., 2023; Bozzo et al., 2025). 
 
5. Conclusions 

The investigation has established that systematic elongation of a fast passenger monohull via 
parallel-middle-body (PMB) extension generates demonstrably favorable outcomes across multiple 
naval architectural domains, namely, hydrostatics, intact stability, longitudinal strength, and calm-
water resistance. Incremental modifications between 29.8 and 35.8 m were shown to produce 
consistent increases in metacentric height (GMt), expansion of righting-arm areas, and attenuation of 
bending-moment peaks, while simultaneously yielding reductions in total resistance coefficients 
driven predominantly by residuary-component moderation. 

The integration of these physically grounded results with a supervised machine learning (ML) 
surrogate, where Gradient Boosting emerged as the most robust and stable regressor, facilitated rapid 
interrogation of a 61-variant parametric design space and enabled a transparent identification of the 
optimal length at 35.4 m, which achieved a balanced compromise between resistance reduction, 
stability enhancement, and strength preservation. This synthesis underscores how controlled 
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geometric manipulations, supported by empirical and semi-empirical evaluation methods, can be 
effectively coupled with data-driven surrogates to construct a rigorous and efficient workflow for 
concept stage hull-form refinement. 

Crucially, the outcomes demonstrate that lengthening within the studied bounds augments 
performance margins without eroding structural integrity, thereby expanding the operational 
envelope for high-speed service craft. Future research should extend this framework to encompass 
seakeeping, appendage hull interaction effects, and physics-informed ML approaches in order to 
consolidate decision support and elevate fidelity at the early design stage. 
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