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Abstract

The substitution of small-medium sized Diesel engines for dual-fuel operation is one

of the strategies for meeting emission regulations. For these engines, fuel flexibility

is an important criteria to ensure a reliable operation. However, this leads to some

disadvantages related to the injection system complexity because of the need for

multiple injectors or a design with multiple nozzles or needles. A single and simple

injector capable of precisely delivering fuel across the entire operation range (dual-

fuel and Diesel-only modes) is the suitable solution to mitigate those drawbacks and

advance the marine engine towards a more environment-friendly operation. How-

ever, an optimization process of an injector design is a dependent problem where

one universal injector design cannot cover all specific demands of the engine and

operation strategies for most of the cases. In this context, the main objective of

the current thesis is to enhance and develop numerical tools to support the injector

concept design, addressing the operation conditions relevant for fuel flexibility in

marine engines. More specifically, the current work proposes models with affordable

computational cost to predict in-nozzle cavitation and spray characteristics under

non-reacting conditions. Therefore, a thermodynamic closure based on the National

Institute of Standards and Technology data base and the Perturbed Chain Statistical

Associating Fluid Theory equation of state was incorporated in the computational

fluid dynamics model and validated against the experimental data from the Engine

Combustion Network. Then, this model has been applied to investigate the po-

tential of needle-tip design and underscore the in-flow conditions of each operation

mode. Afterwards, this model was used to generate data for neural networks train-

ing, where the needle-tip design, conicity and needle lift are the input parameters to

predict performance attributes as single values and in-nozzle cavitation as images.

This CFD-assisted machine learning surrogate model demonstrates how those areas

could work together for optimization tasks. Finally, an additional deep neural net-

xix



work based on experimental data was trained to predict the spray penetration and

cone angle reaching 95% accuracy. This model included 10 geometrical parameters

and 3 operation conditions as input features, which differentiate it from current ones

found in the literature. Overall, the numerical solutions developed in this work were

tailored to support the optimization process of marine Diesel injectors, which con-

tributes to reducing the development cycle and decision-making in the early design

phases.
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Present Contribution

The novelty of the present work can be summarized in the following points:

• Potential needle tip shape modifications on in-nozzle flow character-

istics for fuel flexibility on marine engines: this work distinguishes from

the previous publications by focusing on needle-tip modification for four-stroke

marine Diesel injectors. The proposed needle-tips can contribute to reducing

in-nozzle cavitation and to finding a compromise in terms of flow character-

istics in order to use a simplified Diesel injector for Diesel-only and dual-fuel

operation mode. The results reported here show the in-flow behavior at each

mode and a further design insight to achieve a seamless single-injector fuel

flexibility.

• CFD-assisted Machine Learning surrogate modeling framework for

cavitation prediction in marine injectors: leveraging CFD-generated

dataset to train machine learning surrogates models allows a reliable assess-

ment of in-nozzle cavitation for marine Diesel injectors in the early design

phase. The workflow developed in this study showcases how data pre-processing

and appropriate model architectures can predict results similar to the CFD

simulations. The image depth reduction from 24 bits to 8 bits has been a

pivotal strategy to alleviate structural issues with minimal visual distinction

to the human eye. To the best of the author’s knowledge, this is the first

time that extensive image pre-processing is considered in CFD-driven surro-

gate modeling framework for reliable assessment of cavitation in marine Diesel

injectors.

• Data-driven prediction of spray macroscopic characteristics based on

geometric design parameters and operation conditions relevant for

fuel flexibility in marine engines: the deep neural network presented in this
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work was trained with experimental data from 27 injector designs in conditions

relevant to fuel flexibility. This made it possible to include 10 geometrical

parameters in parallel to 3 operation conditions as input features. To the

best of the author’s knowledge, this is the first time that a model included

10 geometrical parameters to predict spray characteristics. This uniqueness

allows their use to on-the-fly explore the design range for marine injectors,

which offers an advantage over the current semi-empirical models or neural

networks.

• Industrial impact: this thesis has an added value during the pre-development

injector design phase at Woodward L’Orange. The predictive models devel-

oped in this work had their conceptualization based on design parameters,

which allow engineers to assess the robustness of the design variations in early

design phases. This contributes to forecasting non-intuitive relationships, ac-

celerates the design cycle and lowers development costs. Besides, the time

gained allows the CFD simulation to be used more effectively in the later

stage and the incorporation of better fluid properties via NIST REFPROP

and PC-SAFT EoS increases their dependability.

Throughout my research, the prior contributions have been wrapped in four

peer-reviewed publications (newest fist):

• Justino Vaz, M.G., Karathanassis, I., Gavaises, M. and Mouokue, G., ”Data-
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using Neural Networks”, Fuel, 2025, doi: 10.1177/14680874251398815.

• Justino Vaz, M.G., Karathanassis, I., Gavaises, M. and Mouokue, G., ”In-

fluence of Needle-Geometry Design on In-Nozzle Flow Characteristics for Fuel

Flexibility on Marine Engines”, International Journal of Engine Research, 2025

doi: 10.1016/j.fuel.2025.136736.

• Justino Vaz, M.G., Geber, E., Koukouvinis, F., Karathanassis, I., Rodriguez

Fernandez, C., Gavaises, M. and Mouokue, G., “Numerical Simulation of Mul-

ticomponent Diesel Fuel Spray Surrogates Using Real-Fluid Thermodynamic

Modelling”, SAE Technical Paper 2022-01-0509, 2022, doi: 10.4271/2022-01-

0509.
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Partial results on the topic of the second paper were presented at an International

Workshop :

• Justino Vaz, M.G., Karathanassis, I., and Gavaises, M., ”Impact of Needle

Tip Geometry on Pilot Diesel Injection”, 7th Workshop of the International

Institute for Cavitation Research (IICR), MAICH Conference Centre, Chania,

Greece, 15-16th June 2023.

xxiii



xxiv



Nomenclature

Abbreviations

ANN Artificial Neural Network

BD Base Design

CFD Computational Fluid Dynamics

CO2 Carbon Dioxide

CR Common Rail

CVC Constant Volume Chamber

DBI Diffuse Backlight Illumination

DDI Diesel Direct Injector

DF Dual-Fuel

DFICE Dual-Fuel Internal Combustion Engines

DNS Direct Numeric Simulation

DoE Design of Experiment

ECN Engine Combustion Network

EDA Exploratory Data Analysis

EDEM Experimentally validated DNS and LES approaches for fuel injection, mixing

and combustion of dual-fuel engines

EoS Equation of State

FIE Fuel Injection Equipment

xxv



GAN Generative Adversarial Network

GM Generative Model

GPU Graphic Processing Unit

HC Hydrocarbon

HEM Homogeneous Equilibrium Model

HFO Heavy Fuel Oil

HPHT High Pressure High Temperature

HRM Homogeneous Relaxation Model

ICE Internal Combustion Engine

LES Large-Eddy Simulation

LHS Latin-Hypercube Sampling

LReLU Leaky ReLU

MAPE Mean Absolute Percentage Error

ML Machine Learning

ML-GGA Machine Learning-Grid Gradient Ascent

MSE Mean Squared Error

NG Natural Gas

NIST REFPROP National Institute of Standards and Technology Reference Fluid

Thermodynamic and Transport Properties Database

NOx Nitric Oxides

PC-SAFT Perturbed Chain Statistical Associating Fluid Theory

PCA Principal-Component Analysis

PIML Physics-Informed Machine Learning

PLN Pump-Line-Nozzle

xxvi



PM Particulate Matter

POD Proper Orthogonal Decomposition

QUICK Quadratic Upwind Interpolation of Convective Kinematics

RANS Reynolds-Averaged Navier-Stokes

ReLU Rectified Linear Unit

RGB Red Green Blue

ROM Reduced-Order Models

RP Rayleigh-Plesset

SAFT Statistical Associating Fluid Theory

SCA Spray Cone Angle

SGS SubGrid-Scale

SMD Sauter Mean Diameter

SS Schneer and Sauer

SST Shear-Stress Transport

STP Spray Tip Penetration

SVD Singular-Value Decomposition

SVM Support Vector Machine

TKE Turbulent Kinect Energy

UDF User-Defined Functions

UDRGM User-Defined-Real-Gas-Model

URANS Unsteady Reynolds-Averaged Navier-Stokes

VAE Variational Autoencoder

VCO Valve Covered Orifice

VLE Vapor Liquid Equilibrium

xxvii



VV Vapor Volume

VVF VaporVolume Fraction

WLO Woodward L’Orange

XPCI X-Ray Phasecontrast Imaging

ZGB Zwart-Geber-Belamri

Greek symbols

α Volume Fraction

∆ Del Operator

κ Turbulent Kinetic Energy

µ Molecular Viscosity

ρ Density

σ Prandtl number

τ Stress Tensor

ω Specific Turbulent Dissipation Rate

Latin symbols

A Area

cp Heat Capacity

Ca Area Coefficient

Cc Contraction Coefficient

Cd Discharge Coefficient

Cv Velocity Coefficient

D Diameter

Dm Mass Diffusion Coefficient

DT Thermal Diffusion Coefficient

xxviii



E Energy

F coefficient

F1 Model Blending Function

h Enthalpy

J Mass Diffusion Flux

keff Total Effective Thermal Conductivity

K K-factor or orifice conicity

L Length
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Chapter 1

Introduction

This thesis summarizes my contributions as Research Engineer at Woodward L’Orange

(WLO) in Stuttgart, Germany, within the Computational Fluid Dynamics (CFD)

Team. WLO is a renowned manufacturer and provider of Fuel Injection Equipment

(FIE) for large Diesel engines. Their products, most notably Common Rail (CR)

systems and Marine Injectors, are utilized in maritime vessels, power generation

facilities, heavy-duty vehicles, and many other applications. Throughout my three

years at WLO, my research concentrated on enhancing the CFD methodology while

minimizing computational costs and providing computational methods to assist the

design and optimization of Marine Diesel injectors.

1.1 Background and motivation

Global warming is a major issue of the current century and the transportation sec-

tor contributes approximately 24% of carbon dioxide (CO2) emissions due to the

burning of fossil fuels [106]. Moreover, it is also responsible for emissions hazardous

to health such as particulate matter (PM) and nitric oxides (NOx) [59]. As a conse-

quence, strict emissions legislations (EURO VI in Europe and Tier IV in US) have

been implemented [60, 24], increasing the demand for more environmentally friendly

solutions. In order to be compliant with such mandates, there is a strong focus on

either hybridizing or fully electrifying engines fed with sustainably gained electric

energy. However, electrification is not a suitable option for marine transport and

heavy-duty Diesel applications.

The challenges for widespread electrification reside on an intersection of existing

marine legislation, technological limitations, and economic considerations [200, 10].
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The strict marine safety regulations, which include high-voltage systems, battery

energy density, and fire threats, are hindering their adoption [22]. The rising de-

sign complexity and price for electric vessels, along with the constraints posed by

standardized charging infrastructure and the complexities of international power

systems, present obstacles for long-distance electric transport [65, 220]. Hence,

replacing conventional Diesel engines with dual-fuel Internal Combustion Engines

(DFICE) is a practical and viable solution complying with regulatory emissions

requirements in the marine sector [63].

In DFICE strategy, the primary fuel with a high-octane number provides most

of the energy power. Natural Gas (NG) [64] and Hydrogen are potential options to

partially replace Diesel fuel in DFICE as primary fuel, being a promising approach

with respect to energy conversion efficiency, power density and pollutant emission

behavior [59, 94]. The secondary one, usually Diesel in small amount, acts as an

ignition source, also termed as pilot injection. Conversely, even not being a new tech-

nology, DFICE still raises important questions due to the heterogeneous character

of the entire process [73].

Figure 1.1: Schematics of mixture formation for dual-fuel applications: (a) External mixture
formation, (b) Internal mixture formation [111]

The DFICE operation can be categorized based on the mixture formation as

internal and external as illustrated in Figure 1.1. In the case of external mixture

formation (Figure 1.1a), a mixture of air and fuel gas is admitted during the intake

phase, with the fuel gas being introduced in the intake system via a central mixture

formation or port fuel injection. For internal mixture formation (Figure 1.1b), only

2



air is admitted during the gas exchange phase, and the gas and Diesel fuel are

injected directly into the combustion chamber. In both cases, the gas/air mixture

is ignited by the compression of the small Diesel amount.

These configurations of DFICE present the challenges in the employment in ma-

rine engines. In parallel, only a partial replacement by DFICE is presently feasible,

since fuel flexibility is still an important criterion to ensure reliable operation. Cur-

rently, maritime vessels primarily operate using either Diesel-only or in a dual-fuel

mode with a gas fuel as primary fuel [248]. This allows, under certain conditions,

a smooth transition between the two modes while the engine is running [283]. This

versatility provides safe operation in case of issues during dual-fuel operation, such

as abnormal combustion but also facilitates the compliance with emission regulations

in control areas and the fuel selection according to cost and availability [274, 282].

This fully flexible configuration imposes constraints related to the injection sys-

tem complexity [206]. Specifically, it requires the use of multiple Diesel injectors,

with at least one being located in a decentralized manner in the combustion chamber

[284], or an injector with a complicated geometric design featuring multiple nozzles

or needles [61]. The optimal solution would be a single and simple Diesel Direct

Injector (DDI) that efficiently delivers fuel for the entire range of engine operations.

This includes delivering small quantities for dual-fuel mode and larger quantities

for Diesel-only mode. This dual requirement poses challenges in terms of injector

design, cost and durability. Although it is possible to utilize the same Diesel injector

for both modes, it is still necessary to carefully evaluate and optimize the injector

performance and flow capacity for each mode [218].

In the last three decades, extensive research has been carried out to elucidate in-

nozzle flow during fuel injection. Experiments can provide a representative visualiza-

tion of the two-phase flow field within real geometries or transparent nozzle replicas.

However, those measurements are quite challenging at high pressure/temperature

conditions, with only a limited number of studies in the literature. CFD simula-

tions can provide complementary information under realistic injection conditions.

Nonetheless, numerical simulations can be computationally demanding and time-

consuming, particularly for high-fidelity approaches [5].

In this respect, the integration of Machine Learning (ML) into the injection

design process is a feasible aid for accelerating and enhancing the numerical ca-

pabilities by learning from experimental data and CFD simulations. In summary,
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an assortment of predictive and efficient numerical methods are indeed required for

further development of injectors, especially for improving the single and simple in-

jector design for higher efficiency in Diesel-only and dual-fuel mode. Therefore, this

thesis aims to develop support tools for the pre-development design phase of marine

injectors.

1.2 State-of-the-art

The prediction of Diesel injector performance involves phenomena with different

spatial and temporal scales. The internal flow structures, such as flow separation

and cavitation, determine the hydraulic performance and strongly influence the sub-

sequent spray atomization process. And both internal and external flow are mainly

defined by the operation conditions and geometric design parameters. Although con-

siderable advances have been achieved in injector modeling via CFD simulations and

experimental diagnostics, those methods can be time and/or resource consuming.

As a consequence, a rapid prediction of the relationships between injector design,

internal flow physics and external spray behavior still remains an open challenge.

Therefore, this section reviews the current understanding of the governing physical

mechanisms, the numerical approaches used to model them and recent developments

in ML.

1.2.1 Diesel injectors and nozzle design parameters

Marine engines are commonly designed to operate in Diesel-only or dual-fuel mode

in order to ensure fuel flexibility and a safe operation in the event of a gas sup-

ply failure. In principle, two Diesel injectors or complex Fuel Injection Equipment

(FIE) are required to introduce both the pilot and full-load fuel quantities into the

combustion chamber. Figure 1.2 shows a comprehensive concept overview of the

dual-fuel configuration for the Diesel injection. The double injector configuration

(Figure 1.2a) requires two Diesel fuel systems and imposes significant design effort

to place both injectors in the cylinder head. They may utilize the existing Pump-

Line-Nozzle (PNL) or Common Rail (CR) system, allowing more flexibility in the

system configuration. Since a compact and symmetrical injection is preferred, their

combustion process is a compromise between the two systems, in which one mode

is penalized with a decentralized nozzle position [208].
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Figure 1.2: Diesel injectors arrangements for the integration of Diesel-only and dual-fuel
modes: (a) Double injector, (b) Double nozzle, (c) Single nozzle

In case of a double nozzle (Figure 1.2b), a complex injector system is required

to operate two needles and as consequence, this increases the injector housing and

nozzle diameter in the cylinder head. Normally, this configuration conjugates the

PNL and CR system. Since both nozzles are better centrally placed, the pilot

injection and main injection are optimized for an efficient combustion which is better

than the double injector. Nevertheless, an elegant option is the single nozzle with one

nozzle and needle (Figure 1.2c), which simplifies the FIE, reduces weight and volume,

and potentially lowers costs. It does not require additional effort for placement in

the cylinder head and can use the CR system. The central position allows a fully

symmetric combustion process, being a wide range injector concept.

However, this injector architecture presents technical challenges due to the sig-

nificant differences in injection and flow characteristics between the two modes [40].

Precisely metering both large and small fuel quantities can be difficult, increasing

the risk of nozzle clogging and emphasizing the necessity to compromise spray char-

acteristics, particularly at low flow rates. In order to accomplish fine atomization

and proper mixing with the gas fuel, dual-fuel operation often necessitates higher

injection pressures in comparison to the Diesel-only mode. Nevertheless, the same

injector needs to handle the pressure requirements of Diesel-only mode while main-

taining optimal performance.

The injector nozzle is the interface between the injection system and the com-

bustion chamber, playing a decisive role in the emission and power trade-off. In
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Figure 1.3: Schema of injector nozzle, needle and their main geometrical features

its base configuration, as shown in Figure 1.3, dynamics and operation conditions

have a crucial role on cavitation and spray characteristics. The understanding of

the nozzle geometry influence and its link to cavitation is a key point to mitigate

the current issues with a single nozzle for marine fuel flexibility.

The geometry of the needle seat, needle-tip, needle lift and the inlet of the

spray hole alter the internal flow, can constrict the effective flow passages and as

a consequence, increase the flow velocity [273]. The flow restriction at the needle

seat exerts a minimal influence in comparison to the spray hole diameter during

maximum needle lift, particularly under prolonged injection duration with rapid

opening times in marine injectors [81]. The larger flow passage and smoother flow

path lead to reduced velocity gradients and low impact in case of needle eccentricity.

As a consequence, the flow presents a more uniform distribution of flow across the

spray holes, which contributes to a more symmetrical and stable spray pattern [105].

In contrast, at low needle lift, the flow experiences significant velocity gradients

due to the restricted passage. High velocities and pressure differentials near the solid

wall lead to cavitation, particularly near the spray hole inlet [48]. Consequently, the

flow may not be uniformly distributed through the orifice, which could result in a

non-uniform spray pattern. The needle movement also causes significant changes in

mass flow rate and can create hysteresis effects, with pronounced differences in the

flow structure compared to high needle lifts [38, 309].

The effective volume of the sac hole also plays a role in vortex formation, cavita-

tion and unsteady flow [7, 38]. A larger sac tends to have a more stable flow with less

turbulence due to the pressure fluctuations dampening [155]. However, the larger
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sac volume might lead to the remaining fuel slowly dripping out into the combus-

tion chamber after an injection event and contributes to an increase of hydrocarbon

emissions [121].

Therefore, efforts have been made to reduce the existing sac hole volume [225,

148]. A smaller sac volume creates a more confined flow path, accelerating the fuel

through confined passages. However, it also might lead to more localized and intense

cavitation near the needle seat [155]. It also makes the design susceptible to flow

fluctuations, manufacturing tolerances and needle misalignment [71]. The sac type

directly influences the internal flow structure and the presence of string cavitation

can lead to a more dispersed spray with a wider cone angle and finer atomization

[93].

The spray hole diameter directly controls the fuel quantity delivery and a four-

stroke marine injector often presents a layer of spray holes normally distributed along

the nozzle axis. The multi-hole injector can contribute to a complex flow structure

inside the sac hole due to the spray hole interactions [7]. Larger spray hole diameters

usually result in increased spray penetration and mass flow rate [296, 222]. However,

they can also lead to coarse spray droplets and promote a less effective fuel mixing.

On the other hand, smaller diameters often produce finer droplets and widen the

spray cone angle. Those factors promote a better air entrainment and atomization

process for Diesel injection [178]. The design of the spray hole diameter is always

a balance between fuel delivery and spray flow characteristics. While reducing the

spray hole diameter can contribute to reduce cavitation, excessive small diameters

may over-constrain the flow and limit the injection rate.

The grinding radius and spray hole shape support balancing the diameter effects

and cavitation control [232]. The degree and quality of grinding largely determine

the degree of flow separation and the pressure loss coefficient in the spray hole inlet,

being crucial for cavitation and hole to hole variations [52]. The fillet radius is an

important manufacturing parameter and it is often shaped by hydro-erosive grinding

[145].

The taper ratio of the spray hole inlet to the outlet can contribute to mitigating

the geometric cavitation [70]. This ratio is known as K-factor (K) or orifice conicity.

Nozzles exhibiting higher conicity tend to reduce turbulence and cavitation within

the spray hole in contrast to cylindrical (straight) designs [252]. They also tend

to increase the discharge coefficient and flow area [184], but these factors can be
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affected by other design parameters. However, the geometric cavitation commonly

present in cylindrical spray holes aids in removing the injector deposition, which can

impact on the injector performance, increase emissions and lead to injector failure

in extreme cases [17, 148]. The K-factor can be mathematically defined in terms of

the inlet diameter Din and outlet diameter Dout of the spray hole as illustrated in

Figure 1.3 and Equation 1.1:

K − factor =
Din[µm]−Dout[µm]

MeasureSection[mm] ∗ 10
(1.1)

As described in this sub-chapter, previous investigations have establish the in-

fluence of individual geometrical parameters on in-nozzle flow and hydraulic perfor-

mance. However, most studies analyse these parameters independently and under

specific operating conditions. As a consequence, the understanding of the combined

influence of injector nozzle geometry on the resulting internal flow structures re-

mains relevant for marine injectors operating under both Diesel-only and dual-fuel

conditions.

1.2.2 Cavitation and compressibility effects

Cavitation in Diesel Injectors

The rail pressure of the Diesel direct injection system has exceeded 250 MPa, with

projections indicating potential increases up to 350 MPa to enhance engine perfor-

mance and compliance to emissions regulations [293]. This strategy poses challenges

for the design of injectors in Diesel engines and DFICE applications. High-pressure

gradients induce flow acceleration and, in combination with changes in flow direc-

tion, generate low-pressure regions and recirculation zones within the injector inter-

nal flow. When the liquid fuel pressure decreases below the saturation pressure, a

phase transition from liquid to vapor occurs and bubbles appear as a macroscopic

indication of liquid breakdown or cavitation [128].

Cavitation in Diesel injector nozzles manifests in two principal forms: string

cavitation and geometrical-induced cavitation, as depicted in Figure 1.4. String

cavitation consists of filament-like vortical formations that can substantially modify

flow conditions, particularly at low needle lifts, resulting in enhancing the spray

angle due to the helical flow [7]. Geometrical-induced cavitation is generated due to

the abrupt changes imposed by injector nozzle design on the flow such as entrance
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corner radius and spray hole diameter [187]. It is commonly appearing as a film-like

sheet cavity and this cavitation form is more stable and less influenced by operational

conditions [250].

Figure 1.4: Experimental images of cavitation patterns in a transparent nozzle: string cavi-
tation (left) and geometry-induced cavitation (right) [33].

Cavitation in fuel injectors can both enhance and decrease performance. Bub-

bles contribute to variations in fuel delivery from cycle to cycle [156] and cavitation

bubbles within the spray hole may enhance the spray cone angle and velocity co-

efficient [184]. The collapse of these bubbles at the spray hole exit enhances the

primary break-up and subsequent atomization, as well as the spray cone angle [185].

Nonetheless, their collapse near solid surfaces releases energy that can inflict dam-

age on the injector walls, lead to erosion, and in severe situations, deterioration of

injector performance and eventual injector failure [123].

Advances in numerical modeling and experimental techniques have improved the

understanding of cavitation dynamics, aiding in the design of more efficient Diesel

injectors. Experimental studies often utilize transparent nozzle replicas in real-size

or enlarged nozzles combined with advanced imaging techniques to directly observe

cavitation inside Diesel injectors. Gavaises et al. [72][70] used high speed imaging

visualization to characterize the cavitation structures inside an enlarged transpar-

ent Diesel injector with different shapes of injector holes. Cavitation images of VCO

nozzles with tapered and cylindrical spray holes were acquired, where the string

cavitation is completely eliminated in tapered nozzles at high needle lift as pressure

inside the injector spray hole does not fall below the saturation pressure. Cao et

al. [33] also used high speed imaging to characterize string and geometry-induced

cavitation in the transparent nozzle. Karathanassis et al. [110] combined Diffuse

Backlight Illumination (DBI) and Schlieren imaging to visualize the in-flow for En-

gine Combustion Network (ECN) spray D [57]. A mild cavity sheet was detected

in this single-hole transparent nozzle. However, the spray cone fluctuation and the

highly-transient Schlieren structures, which were caused by density gradients, were
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well depicted in this study. Furthermore, Tekawade et al. [254] utilized X-ray tomo-

graphic reconstruction to visualize the two-phase flow inside ECN spray C [57] at

engine-like operation conditions. They observed that geometric-induced cavitation

raised in ECN spray C mainly in regions of manufacturing imperfections.

Concerning the phase change modeling, two main approaches are available in

the literature, each with distinct methodologies and applications. The first one is

the non-equilibrium models, solving one or more transport equations for the vol-

ume fraction. The Schnerr and Sauer(SS) [233] and Zwart-Gerber-Belamri (ZGB)

[307], for example, account for the cavitation process by modeling the mass trans-

fer between liquid and vapor phases; a simplified Rayleigh-Plesset (RP) equation

estimates the phase change rate. The Homogeneous Relaxation Model (HRM) [25]

accounts a finite rate of phase change, assuming a finite relaxation time of the vapor

fraction towards its equilibrium value. The second group of the models is based on

thermodynamic equilibrium considerations of the liquid-vapor mixture, where the

phase change has a negligible time scale, depending only on the thermodynamic

state. The Homogeneous Equilibrium Model (HEM) is one representative example,

where thermal equilibrium between liquid and vapor is assumed. One drawback of

those models is associated with the tuning of constants based on the conditions or

configurations.

Battistoni et al. [19] studied the effects of needle off-axis motion and in-nozzle

flow for a mini-sac Diesel injector. The mass exchange was modeled based on a

HRM and included the non-equilibrium flash boiling process. Koukouvinis et al.

[123] investigated the erosion inside Diesel injectors due to cavitation. The mass

transfer rates for condensation and evaporation were covered via ZGB model. The

vapor/liquid mixture was treated as compressible due to the mass transfer term and

the fuel viscosity and density described as function of pressure via Tait Equation

of State (EoS). Cristofaro et al. [42] modeled the cavitation erosion with a two-

phase model Eulerian approach. A non-equilibrium mass transfer model, which was

derived from a simplified version of the RP equation for the single bubble dynamics,

was implemented in the commercial CFD solver AVL FIRE. Santos et al. [76]

investigated cavitation and air entrainment during pilot injection of Diesel injector

nozzles using the ZGB cavitation model. The liquid phase is modeled as compressible

phase based on the calibration oil ISO4113 measurements. The simulation was able

to replicate the main flow features, which were observed experimentally, with good
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quality, such as sac flow recirculation and voids due to geometrical and vortical

cavitation.

Another important aspect of cavitation modeling is turbulence, since both mu-

tually affect each other. Turbulence is associated with chaotic and unsteady fluid

motion with high Reynolds numbers. It involves a wide range of interacting eddies,

from large energy-containing scales of fluid motion down to very small dissipative

scales, where energy is dissipated due to viscous effects [266]. Design features can

increase the turbulence, especially near walls, raising local shear stress and turbulent

kinetic energy. As a consequence the local pressures can drop, promoting cavitation

inception and growth [124]. On the other hand, the formation and collapse of cavita-

tion bubbles introduce unsteady, small-scale turbulence and disrupt established flow

patterns. Those collapse events, especially during needle closing, generate additional

turbulence and pressure waves [309].

Accurately modeling those phenomena requires models that properly capture

both turbulence and cavitation effects. Large Eddy Simulation (LES) predicts the

unsteady dynamics and detailed features of cavitating flows, resolving large and

small scales below the mesh resolution (sub-grid scales) [292]. However, the elevated

computational cost required to achieve this higher spatial and temporal resolution

make this model impractical for industrial research-and-development time-frames

[188]. Unsteady Reynolds-Averaged Navier-Stokes(URANS) extends the Reynolds-

Averaged Navier-Stokes (RANS) turbulence models by solving the equations in an

unsteady (time-dependent) manner, allowing for some large-scale, low-frequency un-

steady flow features to be resolved. Their accuracy to predict cavitation in high-

pressure operation conditions has been improved due to the integration of enhanced

models such as density-correct, multi-phase and mesh refinement to capture the

small-scale cavitation structures [58, 123]. Those modifications offer a practical

compromise for accuracy and computational cost, making them highly suitable for

industrial engineering applications [124].

Therefore, the selection of a cavitation model is not only a question of prediction

accuracy but also a balance between computational efficiency and intended appli-

cation. The same applies for turbulence modeling. LES provides a detailed infor-

mation about turbulence interactions by resolving large and small scales. However,

it remains computationally demanding for industrial design optimization studies.

On the other hand, URANS approaches offer a practical compromise and reduce
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the computational cost. Nevertheless, they inevitably rely on modeling assumptions

regarding turbulence closure and phase change, where better fluid properties descrip-

tion could enhance these modeling approaches. As a consequence, CFD simulations

suitable for injector optimization must balance physical fidelity and computational

affordability. To this end, surrogate models derived from CFD simulations could be

a complementary alternative for enabling rapid design-space exploration during the

early stages of injector development.

Compressibility modeling

At high injection pressures the variation of the fluid properties cannot be neglected

and the liquid phase should be treated as compressible. Modelling the fuel as com-

pressible fluid is normally linked with the increase of computational cost. The

Barotropic model is largely applied at those conditions [309]. However, it may lead

to deviations since the liquid density variations are only modelled as a function of

pressure [203]. As the pressure drops, the fuel expands, which induces cooling due

to the Joule-Thomson effect. In addition, shear stresses cause fuel heating, which

make it relevant to calculate the fuel property variations as a function of pressure

and temperature [122].

In order to properly capture properties variation, real-fluid EoS need to be con-

sidered. The Cubic EoS family, including the Soave [243] and Peng-Robinson models

[191], has been commonly employed due to the trade-off between computational ef-

ficiency and accuracy [279, 290]. The Cubic EoS formulation extends the ideal

gas law by including elements that account for intermolecular forces, specifically

the Van der Waals dispersion forces. Their precision decreases in conditions with

strong association between molecules and under high pressure and high tempera-

ture (HPHT) [261, 177]. However, despite their compromised accuracy, they are

frequently adopted due to their low computational cost [290].

The Statistical Associating Fluid Theory (SAFT) is one alternative for high pres-

sure/temperature conditions, addressing various intermolecular interactions such as

dispersion, association, and chain formation by incorporating the Helmholtz free

energy contribution into its formulation [36]. Within the SAFT framework, the Per-

turbed Chain Statistical Associating Fluid Theory (PC-SAFT) EoS is the most

prominent variant, wherein the Helmholtz free energy term is utilized for hard

spheres [80]. Consequently, PC-SAFT predictions exhibit more accuracy than Cubic
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EoS regarding thermodynamic and transport fuel properties [192]. However, they

are also more computationally demanding than Cubic EoS [279].

In order to reduce the calculation time and save computational cost, tabulated

methods are common techniques applied in fluid dynamic simulations [131, 216].

This method involves pre-calculating thermodynamic properties for a range of tem-

peratures and pressures and storing them in a look-up table. Vidal et al. [267]

analysed the effect of high pressurization on the cavitation development for a 8-

component Diesel fuel surrogate, comparing two fluid properties models: Batotropic

and PC-SAFT EoS. The tabulated approach was used for the PC-SAFT EoS mod-

eling, incorporating the Vapour-Liquid Equilibrium calculations to cover the prefer-

ential cavitation of the fuel components. The inclusion of thermal effects improved

the simulation accuracy, allowing to identify the tendency of lighter Diesel compo-

nents to cavitate more than the heavy ones. Rodriguez et al. [214, 213] computed

the thermodynamic properties of four multi-component Diesel surrogates with air

mixing at temperatures typical for high pressure injection systems using PC-SAFT

EoS. They were able to simulate transcritical and supercritical Diesel injection in a

compressible density-based solver with high accuracy.

1.2.3 Machine Learning and CFD

Machine Learning in fluid dynamics

CFD has been continuously growing and becoming more affordable to support nu-

merical modeling in industrial applications. However, it still has room for improve-

ment, especially in areas for turbulence modeling, multiphase flows and numerical

methods [217]. The elevated computational resources and computational time rep-

resent the biggest challenge to resolve the smallest spatiotemporal features in high

fidelity simulations. Therefore, reducing the computational cost while generating

fast and accurate results is a crucial aspect across many fields of science and engi-

neering.

Even an exponential growth of computational power will not reduce this need

and alternative solutions have gained attention in the last years [165]. Simplified

models, ML techniques and hybridized models become an attractive perspective to

accelerate the CFD simulations. ML is a branch of artificial intelligence focusing

on algorithms capable of learning from data. They can be mainly classified in
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four categories in terms of learning process: Supervised learning, Semi-supervised

learning, Unsupervised learning and Reinforcement learning [74].

In the Supervised learning the algorithm learns from labeled data to predict

outcomes or classify data, in opposition to Unsupervised learning where the goal is to

find patterns or groups in unlabeled data. The Semi-supervised learning is a bridge

between the two previous approaches that uses a mix of labeled and unlabeled data

for training. Finally, in Reinforcement learning, the algorithm learns by interacting

with an environment and receiving feedback (rewards).

Various ML algorithms are present in the literature, including Random forest,

Support Vector Machine (SVM), Decision trees, Gaussian process regression, K-

nearest neighbor, k-means and Artificial Neural Networks (ANNs). There is not an

universal algorithm because the optimal choice depends on the specific CFD appli-

cation and data characteristics [181]. However certain models such as ANN consis-

tently show strong performance in CFD applications due to their capability of highly

non-linear predictions [68]. This preference is partly a result of advancement in

computational power, especially regarding graphics processing units (GPUs), which

contribute to the neural network handling large data sets.

Those learning processes have been used widespread across fluid mechanics re-

search in the last years and can be summarized in three main areas [268]. Accelerat-

ing Direct Numerical Simulations (DNS) is the first relevant area, where surrogate

models substitute or enhance CFD tasks to reduce the execution speed and/or re-

source consumption. Deep learning has been used, for example, to estimate spatial

derivatives in coarse-grid resolution [16], improve fifth-order finite-difference schemes

[247] and solving Poisson equation in incompressible flows [256][235].

Turbulence modeling is the second one, which focuses on improving the accuracy

of RANS and LES. In particular, many studies have applied ML models to directly

model the Reynolds stresses anisotropy tensor [137], correction factor for the turbu-

lence production [302], mean-flow features reconstruction [67][88], closure of subgrid-

scale (SGS) stress [153] and other applications. The third area is the low-fidelity

representation of complex flows via Reduced-order models (ROMs). Proper Orthog-

onal Decomposition (POD), Principal-Component Analysis (PCA) and Singular-

Value Decomposition (SVD) are common techniques applied in combination with

data-driven models [144]. They construct a set of orthogonal basis functions or

modes to capture the most important dynamics or features of a high-dimensional
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system [30].

Learning from data offers transformative benefits to reduce the computational

cost of CFD simulations. However, the efficient couple work is still challenging and

in some points unclear. Critical thinking is necessary since those algorithms will

always provide an answer based on the input data independent of the relevance of

the data for the proposed task. Hence, coupling CFD-ML imposes concern about

reliability, generalization and the need for careful validation.

Purely data-driven ML models often struggle with extrapolation, error accumu-

lation in time-dependent simulations, and handling turbulent flows. They normally

require large, high-quality datasets for training, which can be expensive to generate

[86]. Physics-informed ML (PIML) incorporates physical equations during train-

ing, which results in more stable and data-efficient predictions [236]. Despite the

advantages, the evaluation of high-order derivatives leads to performance loss and

solvability issues, making this field of ML not mature enough to handle real-world

problems [39]. Hence, traditional CFD remains essential for accuracy and reliability

for highly complex, turbulent, or novel flows, with ML best used as a complement

rather than a full substitute.

ML-CFD integration has less impact on computational times while enhancing

robustness and generalization. This integration can support the turbulence modeling

through the optimization of model coefficients [291, 135], learn closure terms [260]

or source [56] terms and, inserted into CFD solvers, accelerate RANS convergence

[180] and wall models for LES [143]. They also have been applied to automatic mesh

generation [303], optimization of mesh adaptation [280] and estimating boundary

conditions [69].

An alternative strategy is not only the integration of ML-CFD to accelerate the

numerical solver but also as data generator. The CFD simulations provide detailed

descriptions such as velocity distributions, cavitation morphology and hydraulic

characteristics. This numerical results can be used to train surrogate models pre-

serving information about the dominant injector physics. Such workflow combines

the predictive capabilities of CFD simulations with the computational efficiency of

ML, where this association could enhance design optimization studies. Despite its

potential, the CFD-assisted ML models have not been fully investigated for marine

Diesel injectors. This is mostly due to possible challenges regarding dataset gen-

eration, generalization and possible dimensionality discrepancy between input and
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output parameters.

Generalization and data set size

Generalization is the ability of ML models to make accurate predictions or decisions

on unseen data after being trained on a specific dataset by applying the learned

patterns. The most generalizable or best accuracy model is a balance between two

sources of error: bias and variance as illustrated in Figure 1.5. Bias is an error

from incorrect assumptions in the learning algorithm. High-bias models are missing

important patterns and tends to underfitting the training data. In contrast, variance

relates the excessive sensitivity of the model to small fluctuations, introducing false

relationships due to increased fitting of the noise as well as real trends [29]. This

high degree of flexibility is connected to high variance, where the model overfits the

training data and at the same time underperformes on unseen ones.

Figure 1.5: Bias-variance tradeoff in Machine learning models (b) Illustration of underfitting,
best accuracy and overfitting the training data [41][204].

In general, complex models (more layers, parameters, or capacity) raise the risk

of overfitting, while low complexity leads to underfitting. Furthermore, the train-

ing data must be both representative in terms of relevant features and covering the

solution space. Increasing training size only improves generalization to a certain

limit. Moreover, training data is limited in certain cases and Regularization tech-

niques are essential for improving generalization. They prevent overfitting by adding

constraints or penalizing model complexity (like weight decay, dropout, and early

stopping), which discourage it from fitting noise in small datasets and promote a

more generalizable solution.

Training on a limited number of training data points has been the subject of
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some studies. Badra et al. [13] used a Machine Learning-Grid Gradient Ascent

(ML-GGA) approach to optimize a piston bowl geometry. The calculations from

the CFD model were used as ML-GGA training data and the best designs identified

by the ML-GGA were calculated via CFD. This loop was repeated until it achieved

convergence. They also analysed the cross-validation error as function of the size of

the training data, where 56 training cases gave the maximal acceptable error. Porch

et al. [194] tested and validated three machine learning methods to optimize a large

gas engine pre-chamber design: Random forest, SVM and ANN. The variation of

six design parameters was done via CFD simulations. The models were capable to

predict the behavior of engine pre-chambers and the ANN presented the highest

prediction accuracy among the models analysed.

Koukouvinis et al. [125] investigated a numeric parametric variation of the oper-

ations conditions of Spray A from ECN, with a total of 20 CFD cases. This matrix

of cases was used to train an ANN to predict the time evolution of the spray and its

macroscopic characteristics. Mondal et al. [158] explored the influence of the needle

lift, dynamic viscosity and level of non-condensable gas on the injection condition.

Their combination generated a matrix of 60 cases, which were calculated via CFD

for in-nozzle flow and spray modeling. The in-nozzle flow data was used to train a

DNN to predict the flow field at the nozzle exit, generating a boundary condition

for the spray modeling.

1.2.4 Spray macroscopic characteristics prediction

The traditional methods for predicting Spray Tip Penetration (STP) and Spray

Cone Angle (SCA) often rely on empirical correlations and semi-empirical models

due to their simplicity and moderate accuracy. In contrast, CFD simulation offers

detailed physical modeling, capturing complex spray dynamics. However, they are

very sensitive to model settings and mesh quality, requiring significant computational

resources. ML models have been emerging as an alternative solution due to their

consistently higher accuracy and better generalization than empirical formulas and

less computational demand than CFD simulations. A common characteristics of

both semi-empirical correlations and existing ML models is the limited inclusion of

geometrical parameters for predicting the spray development. As a consequence, the

use of the current models for design optimization studies are very restricted.
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Brief overview on semi-empirical spray penetration models

Wakuri et al. [269] and Dent [46] were among the first to establish semi-empirical

models utilizing experimental data to establish a foundational knowledge of spray

penetration. Wakuri et al. [269] derived a spray penetration correlation utilizing

the moment theory. Their formulation defined penetration as a function of the

spray angle and the square root of the product of the spray hole diameter and time.

Dent [46] maintained square root dependence and incorporated the effects of both

evaporating and non-evaporating conditions in his formulation by considering the

ambient temperature.

Hiroyasu and Arrai [97], along with Naber and Siebers [167] progressed the re-

search, and their contributions can be classified as classical models. Hiroyasu and

Arrai [97] presented a more advanced methodology by categorizing the formulation of

spray penetration into two separate regions: pre-break-up and post-break-up. Their

formulation was based on experimental data and Levich’s jet disintegration theory

and continues to serve as a foundation for numerous enhanced models. Naber and

Siebers [167] significantly modified the Wakury et al. [269] formulation together

with Hiroyasu and Arrai [97]. They established a correlation for non-vaporizing

spray penetration based on a theoretical model derived from penetration time and

length scales. Their correlation considers factors like ambient gas density and in-

jection pressure. A significant contribution of their study is the inclusion of a term

related to the injector opening time, which influences the initial penetration and

enhances predictions in the near-nozzle region.

Similar to Hiroyasu and Arrai, Desantes [47] categorized the Diesel spray penetra-

tion into two distinct regions, presenting a formulation based on basic fluid dynamic

principles and dimensional analysis. Their model takes the impact of parameters

such as ambient gas density, injection pressure, and nozzle equivalent diameter on

spray penetration into consideration, while also taking the spray cone angle and its

effect on penetration length into account.

For large marine-type injectors, Najar et al. [170] proposed a model correlating

the spray penetration as a function of the cumulative injected mass, providing an

alternative viewpoint to conventional time-dominated studies. Zhang et al. [298] also

provided a formulation specifically tailored for large-sized injectors. They developed

updated correlations for the model proposed by Hiroyasu and Arrai [97]. These
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correlations take variables such as ambient gas density and temperature, which are

essential for marine engine applications into account.

In summary, typical parameters among these formulations often incorporate in-

jection pressure (or a related metric such as momentum flux), nozzle orifice diameter,

and ambient gas density. However, they remain limited in applying more geomet-

rical factors to their formulation. These shared parameters reflect the fundamental

physical factors influencing spray development, such as the initial momentum of the

fuel jet, the resistance imposed by the surrounding gas, and the duration of injection.

Brief overview on semi-empirical spray angle models

Similar to the spray penetration, early models for spray cone angle often relied

on simplifying assumptions, for example treating the spray as a solid cone with a

constant angle. As experimental data became more accessible, researchers began to

integrate empirical correlations. Wakuri et al. [269] incorporated elements of both

empirical correlations and moment theory in their formulation, where the ambient

gas density has a significant impact on the spray cone angle.

The work of Reitz and Bracco [209] may not provide an explicit formula for the

cone angle. However, their research frequently emphasizes the interaction among

liquid jet instability, aerodynamic forces, and droplet formation, which together

influence the overall spray shape and dispersion. Thus, establishing a fundamental

comprehension of the mechanisms that control spray formation and development,

which subsequently affect the resulting cone angle. Varde et al. [264] have enhanced

the comprehension of spray behavior, specifically the impact from nozzle geometry,

using the spray hole length and diameter ratio L/D. These investigations frequently

study the correlation between spray angle, injection pressure, orifice dimensions, and

the characteristics of both the liquid and the surrounding gas.

The formulation of Hiroyasu and Arai [97] is a part of a more comprehensive

model that also incorporates STP. However, they proposed a simplified model that

assumes a constant spray cone angle prior to the primary breakup of the spray.

Naber and Siebers [167] provide insights into the relationship between the spray

cone angle and other spray characteristics. Although they do not offer a specific

formula for the cone angle, their research establishes a framework for comprehending

its correlation with spray penetration and dispersion, especially in connection to gas

density and vaporization effects. According to Arrègle et al. [12], the spray cone
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angle is affected primarily by injection pressure, ambient gas density, spray hole

geometry (length and diameter), and needle lift. Unlike earlier investigations that

prioritized the spray hole diameter as the most relevant geometrical parameter,

they found that spray hole length-to-diameter ratio was the significant geometric

parameter in their study.

Overall, parameters which are commonly evaluated in these formulations typi-

cally include injection pressure, spray hole geometry (diameter and length or related

ratios), and the density ratio between the fuel and the surrounding gas. Moreover,

backpressure is a critical factor in these formulations, as it influences the penetration

and dispersion of the spray. Nevertheless, the specific dependencies and exponents

in these correlations may vary, reflecting differences in experimental setups, mea-

surement techniques, and the conditions investigated.

Brief overview on spray characteristics prediction via machine learning

ML models can predict spray penetration and cone angle by learning complex rela-

tionships between input parameters and resulting spray behavior. This allows fast

and accurate predictions under different operation conditions in comparison to semi-

empirical models, learning complex interactions without requiring extensive manual

calibration. Nowruzi et al. [179] have investigated different architectures of ANNs

to estimate the average spray penetration and cone angle of a single nozzle injec-

tor. The input parameters for training the supervised feed-forward network using

the back-propagation method included nozzle diameter, injection pressure, injection

profile, back pressure, and ambient temperature.

Hwang et al. [101] employed a regression model to predict the liquid penetration

length, liquid width, and three-dimensional distribution of spray liquid fraction of

a multi-hole gasoline injector. Their model included nine input features (fuel prop-

erties such as density and viscosity, along with ambient variables), showing a good

agreement with experimental data. Lie et al. [141] derived a mathematical equa-

tion for spray penetration via a back-propagation neural network for Biodiesel and

Diesel mixtures. They modeled a single-hole injector, where the input parameters

were the fuel characteristics and injection pressure. This model was subsequently

enhanced by Richards and Emekwuru [212] due to the limited experimental training

data. They mitigated overfitting problems from the prior model with a systematic

approach to uncertainty.
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Khan et al. [116] evaluated the efficiency of four machine learning methods

(random forest, extreme gradient boosting, multilayer perceptron, and elastic net)

in predicting spray penetration and angle. Although their study focused on single

and dual hole injectors, they utilized only two geometric characteristics as inputs:

normalized nozzle outlet diameter and conicity, hence simplifying those injectors to

single hole configurations in their models. Zhang et al. [301] examined the sensitivity

of parameters in a generic algorithm backpropagation neural network for predicting

spray penetration, comparing its performance with semi-empirical methods. Their

model utilized experimental data from a single hole injector, with the ANN model

incorporating operational variables and fuel properties as input parameters.

In general, ML offers superior accuracy and flexibility for spray macroscopic

prediction compared to empirical models, especially via neural networks, which are

able to handle highly nonlinear relationships and complex interactions. However, an

elevated number of input parameters increases the data needed for effective gener-

alization, and potentially leading to overfitting, especially with limited data. Also

constraints and cost requirement for data acquisition may restrict the inclusion of

numerous input parameters [103, 116]. If data is scarce for certain classes, their

inclusion could introduce noise and reduce accuracy. Besides, the additional param-

eters can demand more computational resources, and collinearity among geometric

parameters can destabilize models, hindering interpretability and accuracy [301].

1.3 Problem context and gap from previous research

CFD simulations can provide a comprehensive picture of the flow field inside the in-

jector and spray development. Capturing these dynamics with high-fidelity models

often requires advanced modeling techniques and in consequence significant compu-

tational resources and time. Furthermore, experimental testing may still be neces-

sary as CFD simulations often require empirical data for model validation. Those

high demands increase the gap between state-of-the-art scientific solutions and stan-

dard capabilities of commercial software, which is mostly applied in industrial work-

flows. Narrowing this difference with an affordable computational cost means that

industrial applications can benefit from more precise simulations, leading to better

decision-making and bringing innovations faster to the market.

A further step can be taken via fast numerical methods. Semi-empirical models
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can predict spray behavior with certain limitations. These models often simplify

the underlying physics to make those equations more tractable, compromising their

accuracy and generalization outside the range of the original experiments. Those

simplifications restrict their use during the pre-development phase of injector design.

Besides, Semi-empirical spray models are more commonly developed for light-duty

applications due to their dominance in the market. Heavy-duty marine injectors

often operate over a much wider range of conditions than light-duty injectors, mak-

ing the extrapolation or tuning of those models a time-consuming process without

guaranteeing accurate results.

Moreover, numerous studies have investigated the influence of nozzle geometries

such as diameter, spray hole shape and grinding radius on the internal flow of Diesel

injectors. Those studies underscore the importance of geometrical parameters in

shaping the internal flow patterns and influence on cavitation. However, some points

still require further investigation when applied to an optimization problem. Some

of those finds can be case dependent and the interconnected behavior of geometrical

parameters can sometimes be contradictory. Overall, the optimization of the injector

design needs to ensure a precise fuel delivery and good atomization, while issues

such as in-nozzle cavitation or uneven distribution should be minimized. However,

the interplay between injector design, operation conditions and performance is a

complex and non-linear topic and the existing methods to predict or detect the

inflow characteristics require elevated time and resources.

1.4 Thesis objectives and outline

The aim of this thesis is to develop an integrated numerical framework that supports

the design and optimization of marine Diesel injectors capable of operating efficient

under both dual-fuel and Diesel-only conditions. The proposed framework com-

bines CFD simulations, experimental data and ML surrogate modeling to predict

relationships between injector geometry, in-nozzle flow behavior, cavitation develop-

ment and spray characteristics. The surrogate models derived enable rapid design

space exploration during the early stages of injector development. The injector type

explored in this study is typically used for small to medium sized four-stroke ma-

rine engines, with an average displacement volume of 5L per cylinder. The main

objectives of this thesis can be summarized as follows:
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• To propose a CFD methodology that properly capture compressible effects

while maintaining a reduced computational cost.

• To apply the proposed methodology to investigate the influence of needle-

tip geometry on nozzle hydraulic performance optimization for fuel-flexibility

operation.

• To generate a physics-based CFD database describing the interaction between

key injector design parameters and cavitation behavior.

• To develop a workflow and investigate the feasibility of CFD-assisted ML sur-

rogate models for predicting cavitation characteristics while mitigating issues

due to CFD data limitation and dimensionality discrepancy.

• To develop and validate a data-driven ML model for predicting spray macro-

scopic characteristics using operational and geometrical parameters as input

features.

• To develop and present a set of numerical tools for design optimization that

enables rapid design-space exploration during early-stage injector development

for fuel-flexibility operation.

The main body of the thesis has been divided into five chapters:

Chapter 2 introduces the computational methodology. The governing equations

along with the employed assumptions are described for the CFD model, where the

tabulated thermodynamic closure is coupled to the flow solver. The ML approaches

are also discussed, focusing on the data preparation requirements and neural net-

works architecture strategies.

Chapter 3 validates and applies the CFD model to investigates the influence of

needle-tip geometry on the internal flow characteristics of marine Diesel injectors.

The physics-based understanding of how the geometrical modification affects in-

nozzle flow is addressed in order to use a single and non-complex Diesel injector.

Building upon these findings, Chapter 4 develops a ML surrogate models

trained on CFD-generated data. The presented data pre-processing strategies mit-

igates models issues due to data limitation and dimensionality discrepancy. There-

fore, this chapter translates the physics capture by the CFD into efficient predictive

models subtile for rapid design exploration of in-nozzle flow.
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Chapter 5 extends the models from the internal nozzle to the external spray.

In this case, experimental measurements provide a suitable data source for training

the surrogate model for spray macroscopic characteristics. This chapter represents

the final step of the proposed framework, linking injector geometrical parameters

and operation conditions to spray performance.

Collectively, these contributions establish a unified numerical framework to en-

able efficient design-space exploration during early design phase of marine Diesel

injectors operating under fuel-flexibility conditions. Finally, Chapter 6 outlines

the conclusions of the current work and future perspectives.
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Chapter 2

Computational methodology

In this chapter the physical, mathematical and numeric modeling of the current

work is presented. First, the set of governing equations and models of the CFD

methodology are introduced, followed by the ML method.

2.1 Computational Fluid Dynamics

The CFD simulations are performed using the commercial software ANSYS Flu-

ent©. The theoretical background and numerical implementation are described in

detail in the ANSYS Fluent Theory Guide [9] and in standard fluid dynamics text-

book [198]. In this work, a homogeneous mixture multiphase formulation is employed

to represent the three components existing in Diesel injection: liquid fuel, fuel vapor

and ambient gas (nitrogen). The phases are assumed to be in a local mechanical

and thermal equilibrium, sharing common velocity, pressure and temperature fields

in each computational cell. Under these assumptions, the flow field is described

by the mixture continuity, momentum and energy equations, together with volume

fraction for the secondary phases. The liquid-vapor interface is represented through

a diffuse-interface approach, while phase change between liquid and vapor fuels is

modeled using a cavitation model. The governing equations are closed using thermo-

dynamic and transport properties supplement to the solver, where the properties of

the liquid fuel are implemented through external User-Defined Functions (UDFs) to

incorporate the PC-SAFT EoS tabulated calculations. The resulting system of equa-

tions are solved iteratively via a pressure-based solver using the Pressure-Velocity

Coupled algorithm. All numerical simulations are performed in a three-dimensional

configuration.
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2.1.1 Mass Conservation

The differential formulation for the mass conservation is shown in Equation 2.1.

∂ρ

∂t
+∇ · (ρv⃗) = 0 (2.1)

where ρ is the mixture density, v⃗ is the mass averaged velocity as given in Equa-

tions 2.2 and 2.3,and the ∇ represents the Del operator. The mixture properties are

calculated as volume fraction weighted average of the individual phases.

v⃗ =

∑N
k=1 αkρkv⃗k

ρ
(2.2)

ρ =
N∑
k=1

αkρk (2.3)

where N is the number of phases. αk and ρk are the volume fraction and density of

phase k respectively. In the present formulation, three phases are interpenetrating

and a control volume constraint in each cell must be taken into consideration as

αl + αv + αair = 1, where αl, αv, αair are respectively the volume fraction of liquid

fuel, air and vapor fuel in a cell.

Cavitation

A liquid at constant temperature can be exposed to a decreasing pressure, which

may fall below the saturated vapor pressure. The process of rupturing the liquid

by a decrease of pressure at constant temperature is called cavitation. The liquid

also contains the micro-bubbles of non condensable (dissolved or ingested) gases, or

nuclei, which under decreasing pressure may grow and form cavities. In such pro-

cesses, very large and steep density variations happen in the low-pressure/cavitating

regions. In this work, the effect of dissolved non-condensable gas in the liquid phase

is not taken into consideration, excluding the gaseous cavitation due to the expan-

sion of non-condensable gas bubbles. The air is treated as a non-condensable gas

phase and does not participate in the liquid-vapor phase change source terms. Con-

sequently, cavitation mass transfer is modeled only between the fuel liquid and vapor

phases as shown in Equation 2.4.

∂αvρv
∂t

+∇ · (αvρvv⃗) = Re −Rc (2.4)
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where Re and Rc are source terms relative to the mass transfer between liquid

and vapor phase. Zwart-Gerber-Belamri [307] approach was selected to model this

process. This model is based on Rayleigh-Plesset equation [28] to compute the source

terms (Re and Rc) due to cavitation bubble expansion and collapse as shown in

Equation 2.5 and Equation 2.6.

Re = Fvap
3αnuc(1− αv)ρv

Rb

√
2

3

pv − p

ρl
if p < pv (2.5)

Rc = Fcond
3αvρv
Rb

√
2

3

pv − p

ρl
if p > pv (2.6)

where Fvap is the evaporation coefficient and Fcond is the condensation coefficient.

Both coefficients are empirical calibrated, where in this work the values 50 and

0.01 are used respectively. αnuc is the volume fraction associated with the nuclei

contained in the liquid that is 5.0e−4 and Rb is the bubble radius 1.0e−6m.

2.1.2 Momentum conservation

Momentum

The momentum conservation in an inertial (non-accelerating) reference frame can

be described as shown in Equation 2.7.

∂(ρv⃗)

∂t
+∇ · (ρv⃗v⃗) = −∇p+∇ · (¯̄τ) (2.7)

where p is the static pressure and ¯̄τ is the stress tensor, which represents the

moment transfer due to all the turbulent fluctuations for RANS equations. ¯̄τ is

calculated as shown in Equation 2.8.

¯̄τ = µ[(∇v⃗) +∇v⃗T ] (2.8)

where µ is the molecular viscosity.

Turbulence closure

Large Eddy Simulation (LES) is a widely employed approach to capture turbulence

across scales in injector flows [292]. However, due to the associated high compu-

tational cost [188], LES is still impractical for industrial research and development
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time scales. On the other hand, over the last years, RANS and URANS models

have become more sophisticated, thus presenting a satisfactory time compromise

and acceptable agreement with experimental results such as mass flow rate, velocity

profiles, and vapor distribution [92, 252, 201, 82]. Their accuracy to predict cavita-

tion in high-pressure operating conditions has been improved due to the integration

of enhanced turbulence and cavitation models, as well as advancements focusing on

more realistic representations such as density-correct models, multi-phase models

and mesh refinement to capture the small-scale cavitation structures near the nozzle

exit [58, 123].

Hence, the turbulence closure is carried out using the Shear-Stress Transport

(SST) k− ω model, where the turbulent kinetic energy and specific dissipation rate

can be defined as described in Equation 2.9 and Equation 2.10.

∂ρk

∂t
=

∂

∂xj
[(µ+ σkµt)

∂k

∂xj
] + Pk − ρβ ∗ kω (2.9)

∂ρω

∂t
=

∂

∂xj
[(µ+ σωµt)

∂ω

∂xj
]− ρβ ∗ kω2 + Pω + 2(1− F1)ρσω2

ω

∂k

xi

∂ω

xi
(2.10)

where Pk represents the rate of production of k, ω is specific turbulent dissipation

rate, Pω is rate of production of ω , σω is the turbulent Prandtl number for the rate

of dissipation ω and F1 is a model blending function.

In addition, a correction is applied to turbulent viscosity to account for the

two-phase mixture compressibility effects [205], as follows in Equation 2.11

µt = f(ρ)
a1k

max(a1ω, SF2)
(2.11)

where a1 is a constant assumed as 5/9, the density ρ is replaced with a func-

tion f(ρ) as described in Equation 2.12, S represent the strain tensor magnitude

(S=̄
√
2SijSij) with the components Sij and the additional functions calculated as

shown in Equation 2.12-2.14

f(ρ) = ρv + (
ρv − ρm
ρv − ρl

)n(ρl − ρv) (2.12)

F2 = tanh(arg22) (2.13)
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arg2 = max(
2
√
k

0.09ωy
,
500v

y2ω
) (2.14)

2.1.3 Energy conservation

In compressible flows or flows that involve heat transfer, an additional equation

for energy conservation needs to be solved. The conservation of energy within the

mixture can be formulated as the following form as shown in Equation 2.15.

∂ρE

∂t
+∇ · [v(ρE + p)] = ∇ · ((keff∇T ) + (hJ⃗) + (¯̄τ · v⃗)) (2.15)

where ρ is the mixture density, v⃗ is the velocity vector field, p is the pressure,

yfuel is the fuel mass fraction, T is the temperature and h is the enthalpy as a

function of pressure and temperature. The total energy, E, is the sum of internal

energy and the kinetic energy and can be described as shown in Equation 2.16.

E = h− p

ρ
+

1

2
v⃗ (2.16)

Also, the total effective thermal conductivity, keff , is calculated as a function of

pressure and temperature, as formulated in Equation 2.17.

keff = k +
cpµt

Prt
(2.17)

where cp is the heat capacity of the mixture and Prt is the turbulent Prandtl

number.

2.1.4 Thermodynamic closure

The thermodynamic properties of the liquid fuel are calculated using the PC-SAFT

EoS. The PC-SAFT EoS is based on perturbation theory, in which a reference fluid

is defined to calculate the repulsive contribution. The reference fluid is composed of

spherical segments comprising a hard-sphere fluid that then forms molecular chains

to create the hard-chain fluid. The attractive interactions, which are perturbations

to the reference system, are accounted for with the dispersion term [80]. Hence, the

liquid phase thermodynamic properties can be defined as functions of the residual

Helmholtz energy and its derivatives. The transport properties were estimated using

the residual entropy scaling method for dynamic viscosity [146] and for thermal
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conductivity [98].

In order to reduce the computational cost associated with property calculations

using the PC-SAFT EoS, the thermodynamic and transport properties of the fuel

were calculated prior to the CFD simulations and stored in structured tables, decou-

pling the evaluation during flow calculation and, thus, speeding-up the simulation

[216]. The thermodynamic table is generated using in-house code and implemented

into the commercial software ANSYS Fluent© via the UDFs: User-Defined-Real-

Gas-Model (UDRGM). Besides, the compressible effects of the vapor phases (fuel va-

por and inert ambient as nitrogen) were derived using National Institute of Standards

and Technology (NIST) Reference Fluid Thermodynamic and Transport Properties

Database (REFPROP) for their thermodynamic properties [133]. The tabulated

approach with all modifications described in this chapter increased the computa-

tional time by approximately 8-10% relative to the constant properties formulation.

However, this increase is negligible relative to the order of magnitude cost increase

in computational cost associated with direct EoS evaluations.

2.1.5 Numerical solution

The ANSYS Fluent© is a control-volume-based technique, which consists of divid-

ing the domain into discrete control volumes using a computational grid. Ansys

Fluent© will solve the governing integral equations for the conservation of mass,

momentum, energy and other scalars such as turbulence and chemical species in

a control-volume-based technique. The discretization of the governing equations is

done with a second order upwind scheme, except for the transport equation and mass

diffusion flux of the fuel. Besides, the gradients are computed via Least Squared Cell

Based method and the pressure interpolation via Body Force Weighted scheme.

In transient simulations, the governing equations are also discretized in time

by an implicit manner. For complex flow configurations, the implicit schemes are

recommended since they increase robustness and numerical stability [285]. As pre-

viously mentioned, the solution is obtained via Pressure-Velocity Coupling solver.

The momentum equations and the pressure-based continuity equation are solved in

a closely coupled manner, in which the convergence rate significantly improves com-

pared to the segregated algorithms. Additionally, this requires the usage of more

memory as a result of storing all momentum and pressure-based continuity equa-

tions when solving the velocity and pressure fields. The iterative Pressure-Velocity
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Coupling can be outlined in six steps:

• Update fluid properties based on the current solution.

• Solve simultaneously a system of momentum and pressure-based continuity

equations using the recently updated values of pressure, velocity field and the

mass-flux.

• Correct face mass fluxes, pressure, and the velocity field.

• Solve the equations for additional scalars.

• Update the source terms arising from the interactions among different phases.

• Check for the convergence of the equations.

These steps are continued until the convergence criteria for the absolute values

of the normalized residuals are achieved (10−4) .

2.2 Machine Learning

The ML workflow is a structured process for generating predictive models from data

by comprising several phases as depicted in Figure 2.1. The first stage involves out-

lining the problem by addressing the scope and feasibility of machine-based problem-

solving, as well as identifying the constraints in properly representing real-world

or linguistic complexities. Then, the data is collected or generated, cleaned, and

pre-processed. This involves handling missing values, transforming data types and

feature engineering when necessary. The data is normally scaled to ensure quality

and suitability for the chosen machine learning algorithm. The processed data is

subsequently divided into training and testing sets to facilitate model training and

performance evaluation on unseen data, respectively.

The machine learning algorithm must be selected based on the problem type

(e.g., regression, classification) and the characteristics of the data. The selected

method is trained on the training dataset to learn the underlying patterns and

correlations, with hyperparameters adjusted accordingly. Thereafter, the trained

model undergoes evaluation on the testing dataset to determine its accuracy and

generalizability and to identify any issues such as overfitting or underfitting. Finally,

the model is deployed for real-world use, incorporated into an application or used
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Figure 2.1: General ML workflow illustrating the systematic process of problem definition,
data preparation, training, evaluation, and model deployment.

to provide predictions on novel data. Continuous monitoring and maintenance are

essential to ensure the model’s precision and dependability throughout time.

2.2.1 Data preparation requirements

The collection and preparation of data is a vital step in ML, as it directly impacts

the model performance. These steps represent around 45% to 80-90% of the overall

effort of the entire workflow [277]. Particularly when data originates from diverse

sources, the preparation phase can be quite demanding to ensure the quality and

success of the entire workflow. In recent years, the emphasis on data quality and

management prioritization, rather than exclusively on model refinement, has gained

momentum, also known as Data-centric Artificial Intelligence [295, 241].

Raw data is frequently incomplete, inconsistent, and may originate from several

sources. The quality and quantity substantially affect the stages of preparation

strategy. Therefore, comprehending the data’s attributes and the problem area is

essential at this point. Data visualization assists in feature selection and exposing

potential biases at all stages of the ML workflow, not just prior to model training

[219]. Exploratory Data Analysis (EDA) involves the examination of data through

visual methods and summary statistics, revealing trends, uncovering patterns, and

identifying anomalies, which are essential for building accurate and reliable models

[163].

Besides, during data standardization, the main issues typically include insuffi-

cient data descriptions, improper formatting, duplicate entries, missing values, and
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outliers. Following the inconsistencies correction and the unification of the dataset,

transformation techniques, including feature scaling and categorical variable encod-

ing, ensure that the data is formatted appropriately for the selected ML algorithm.

The feature scaling is the standardization of values to a range, normally 0 to 1 and

can be done for example by min-max normalization as shown in Equation 2.18.

x′ =
x−min(x)

max(x)−min(x)
(2.18)

where x is the original value, x′ is the normalized value, max(x) is the maximal

value in the range and min(x) is the minimum one. This is especially significant in

training deep learning models, because steady gradient computations are essential

for effective learning, mitigating problems such as vanishing and exploding gradients

[281].

Finally, feature engineering can be performed to transform raw data into signifi-

cant features. Feature engineering encompasses not only the modification of current

features or the extraction of new ones but also the integration of domain knowl-

edge into the ML workflow during the creation, transformation or selection of input

variables (features). Well-designed features may considerably enhance model perfor-

mance by identifying heterogeneity or outliers in the addressed problem, minimizing

computational costs and training duration by concentrating on the most relevant

information, while also enhancing model interpretability [173, 265].

2.2.2 Deep Neural Networks

Inspired by brain synapses, ANNs and DNNs are subareas of ML that comprise nu-

merous layers of interconnected nodes, known as neurons, which process and trans-

mit information. Every connection between neurons has an associated weight, which

is adjusted throughout the training process to learn the underlying patterns within

the data [102]. The DNN is distinct from the ANN because of its deep architecture,

featuring numerous hidden layers situated between the input and output layers, as

depicted in Figure 2.2a, enabling it to handle more complex data and tasks [231].

The artificial neuron, or Perceptron, is a singular threshold logic unit within an

ANN or DNN [74], as shown in Figure 2.2b. Each neuron receives inputs, processes

them, and produces a single output. The inputs typically consist of the outputs from

neurons in the previous layer, or the raw data in the case of the input layer, repre-
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sented as x = {x1, x2, ..., xn} ∈ Rn. Each input is associated with weight denoted

as w = {w1, w2, ..., wn} ∈ Rn, which represents the strength of the connection. Fur-

thermore, neurons often include a bias w0, which is incorporated into the weighted

sum of the inputs, enabling the neuron to fire even when all inputs are zero.

Figure 2.2: (a) Schematic topology of a Deep Neural Network, (b) threshold logic unit of an
artificial neuron that computes weights or Perceptron.

The weighted sum of the inputs and the bias is then processed through an ac-

tivation function as defined in Equation 2.19. The activation function introduces

non-linearity into the network, enabling it to learn complex patterns [51]. The acti-

vation function sets a neural network apart from a linear regression model, giving it

the capacity to model complex data. The output of the activation function becomes

the output of the neuron and is thereafter assigned as input to neurons in the next

layer.

y =

n∑
x=i

wixi + w0 (2.19)

The most common activation functions are Sigmoid, Rectified Linear Unit (ReLU),

and hyperbolic tangent (tanh). This study employed a variant of the ReLU, referred

to as the LeakyReLU activation function. This function is available in the Keras

library and assists in mitigating issues related to inactive neurons. Neurons may

intermittently become inactive during training and allowing a minimal non-zero

gradient for negative inputs mitigates the problem of ”dying ReLUs” [149]. The

LeakyReLU activation function is represented in Equation 2.20, where a is a learn-

able parameter.

LRelu(x) = max(0, x) =


x, if x >= 0

ax, if x < 0

(2.20)
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An important parameter in the selection of the DNN is the number of hidden

layers and neurons. A small number of layers may result in underfitting, as the

network fails to sufficiently identify the inherent patterns in the data [4]. Increasing

the number of hidden layers can improve the network’s ability to model complex

functions, however only to a certain degree. An excessive number of layers may

result in overfitting, causing the network to assimilate the noise in the training data

rather than the true signal. Therefore, the computational cost increases excessively

without substantial improvement in accuracy [271].

The number of layers as well as the number of neurons inside each layer de-

termine the architecture of the network. They are hyperparameters that regulate

the learning process and facilitate efficient convergence. Therefore, choosing the

appropriate values is essential for attaining optimal model performance. Moreover,

the choice of activation function can also be classified as a hyperparameter, along

with the learning rate, which regulates the step size during training; the batch size,

which specifies the number of samples used in each iteration; the weight initializa-

tion method; the number of epochs; and the regularization parameters. Adjusting

hyperparameters often focuses on accuracy and model loss. It is performed manu-

ally by experimentation, relying on experience, and/or through automated methods

when several trials were required due to model complexity [23].

2.2.3 Generative Model

Generative model (GM) is a category of ML models capable to learning dense rep-

resentations. Unlike discriminative models, which focus on distinguishing between

classes, GMs aim to approximate high-dimensional data distributions and generate

new similar data samples for uses like data augmentation, image synthesis, anomaly

detection and creative tasks such as music generation [75, 294, 26]. Generative mod-

els, such as Variational Autoencoders (VAEs), Generative Adversarial Networks

(GANs) and Normalizing Flows, are all implemented using neural networks with

multiple hidden layers [26].

The base architecture of VAEs consists of an encoder, a probabilistic latent space,

and a decoder as illustrated in Figure 2.3a. On the other hand, the GANs, as shown

in Figure 2.3b, consist of two main components: a generator and a discriminator,

which are trained simultaneously in an adversarial process. Both VAEs and GANs

use a generator network, which in the case of VAEs is normally called a decoder.
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The generator/decoder is a neural network that transforms lower-dimensional distri-

bution into complex data space, enabling the creation of new and realistic samples

[172].

Figure 2.3: Basic architecture of some Generative Models: (a) Variational Autoencoder,
where the encoder inputs and decoder output present the same distribution, (b) Generative
Adversarial Networks, where generator-discriminator progressively refine image quality [249]

The generator/decoder architecture is the second ML model used in this work.

The reason for choosing this model is the possibility to directly map low-dimensional

(scalar or vector) inputs to complex, high-dimensional images, enabling fast and

flexible image synthesis without the need for a full encoder-decoder or adversarial

training setup. The general generator/decoder architecture is illustrated in Figure

2.4. The architecture typically starts with a low-dimensional vector (1D tensor of

scalar values) that is passed through one or more fully connected layers to expand its

dimensionality. Then, the dense layer is reshaped into a 2D or 3D tensor. This step

is crucial for transforming the compact input into a format suitable for subsequent

convolutional transposed layers.

Figure 2.4: Architecture of generator/decoder with transposed convolutional layer [202].

A convolutional neural network is composed of multiple hidden layers. These

layers are organized in terms of depth, width, and height [136]. Depth refers to

the number of feature maps (or channels) in a layer, representing different learned

features. Width and height correspond to the spatial dimensions of the feature maps.

As data flows through the network, the width and height typically increase due to
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strided convolutions. The depth (number of feature maps) increases and decreases,

allowing the network to capture a richer set of features.

The transposed convolutional layer is the core of the architecture. The layer

increases the spatial dimensions of the feature maps, gradually constructing the

image from coarse to fine details. Batch normalization and activation functions

are commonly used after each convolutional layer to introduce non-linearity. The

Batch normalization adjusts and scales the activations, normalizing the output of a

layer. This process helps reduce the internal change in the distribution of network

activations due to parameter updates during training [43].

The upsampling in the transposed convolutional layer is controlled via stride

and padding. Stride sets the step size for moving the kernel during upsampling as

shown in Figure 2.5. The dimension of a kernel, also known as filter, determines the

receptive field for the transposed convolution operation [55]. Meanwhile, padding

involves adding pixels around the input borders feature map before applying the

transposed convolution operation, managing the spatial alignment and output size.

A ”valid” padding adds no extra pixels, whereas ”same” padding adds pixels to

ensure the output size is maintained or extended.

Figure 2.5: Representation of upsampling in transposed convolutional layer for a 4x4 kernel
over a 5x5 input padded with 2x2 border using 1x1 strides [55].

The final layer typically uses a transposed convolutional layer to map the feature

maps to the desired image size and number of channels, for example 3 channels for

RGB images. Moreover, activation function and regularization techniques can be

applied in a convolutional neural network to introduce non-linearity and improve

generalization. This study implemented the Sigmoid and LeakyReLU activation

function. The Sigmoid is commonly used in output layers for binary classification

since it squashes outputs between 0 and 1, as represented in Equation 2.21.

σ(x) =
1

1 + e−x
(2.21)
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Finally, the generator/decoder architecture used in this work will be described

as Generative Model (GM). The reason for this is to simplify since the model is an

adaptation or extracted part of the complete architecture of VAEs or GANs and

still belongs to the same ML classification.

2.2.4 Regularization and Error estimation

A neural network can be mathematically interpreted as a group of functions fw :

x → y with trainable weights w ∈ W where the main goal is to minimize the loss

function. The loss function typically combines the expected risk (E(x,t)∼pdata(x)) of

error (E(fw(x), t)) with a regularization term (R(...)) that balances accuracy and

generalization [127] as shown in Equation 2.22 and Equation 2.23.

w = argmin
W

Loss (2.22)

Loss = E(x,t)∼pdata(x)[E(fw(x), t) +R(...)] (2.23)

Regularization in a neural network refers to a set of strategies that add con-

straints or penalties to the learning process, preventing the model from memorizing

the training data [229]. They help control the model complexity, preventing it from

overfitting and improving its ability to generalize unseen data. They can be cate-

gorized based on how they influence the data, model architecture, loss function, or

optimization process, where the choice and strength often depend on the specific

dataset and network architecture [85].

Therefore, in complement of subchapter 2.2.2, two additional regularization tech-

niques were employed to mitigate overfitting issues arising from the limited data

available. Dropout was the first regularization technique employed acting on the

model architecture, wherein nodes randomly cease to transmit their forward signal

during training with a probability rate. Consequently, following each update during

training, the layers are arranged in a marginally altered configuration, allowing net-

work layers to co-adapt in order to rectify errors from the preceding layer [246, 306].

The second regularization technique employed was early stopping, influencing

the optimization process. This cross-validation strategy terminates training when

the model’s performance no longer enhances over multiple consecutive epochs. Tra-

ditionally, this involves using a validation set to monitor performance. Nonetheless,
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the exclusion of a validation set, as implemented in this study, decreases computing

time, which is beneficial in scenarios with limited data or noisy labels [263].

Moreover, the error (E(fw(x), t)) quantifies the difference between predicted out-

puts and true values, guiding the learning process. Two loss functions were used

in this work, the Mean Absolute Percentage Error (MAPE) and the Mean Squared

Error (MSE). The MAPE measures the average magnitude of errors between pre-

dicted and actual values, expressed as a percentage. The MAPE can be defined as

shown in Equation 2.24:

MAPE =
1

n

n∑
i=1

|yi − Yi|
|yi|

.100% (2.24)

where n denotes the number of data points in the training dataset, yi represents

the predicted output value of the DNN model, and Yi the target value. A value

near 0 denotes negligible error. The percentage error will significantly increase in

the presence of outliers, as it is particularly sensitive to anomalous results.

The MSE penalizes larger errors more heavily due to squaring, making it sensitive

to outliers. MSE is always positive and the smaller the loss value is, the better

manages the model to fit the data. It quantifies the average squared difference

between the predicted and actual values as defined in Equation 2.25.

MSE =
n∑

i=1

(yi − Yi)
2 (2.25)
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Chapter 3

Influence of Needle-Geometry

Design on In-Nozzle Flow

Characteristics for Fuel

Flexibility in Marine Engines

This chapter is based on the author’s second publication, published in the Journal

of International Engine Research, doi: 10.1177/14680874251398815.

3.1 Introduction

The single Diesel injector architecture presents technical challenges due to the sig-

nificant differences in injection and flow characteristics between the two operation

modes [40]. The geometrical parameters impose changes in the inflow, which may

lead to geometric-induced cavitation [83]. In fuel injectors this can have negative or

positive effects on their performance. It can contribute to cycle-to-cycle variations

in fuel delivery [156] and enhance the spray cone angle, velocity coefficient and at-

omization [184, 185]. Nonetheless, its collapse near solid surfaces can inflict damage

on the injector walls, lead to erosion, and in severe situations, cause deterioration

of injector performance and eventual injector failure [123].

Previous investigations in the literature underscore the importance of geomet-

rical parameters in the design of Diesel injector performance. However, nearly all

investigations focused on the nozzle geometry [90, 245, 37, 225], with only a reduced
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number concentrating specifically on the needle-tip geometry. Even less focused on

their influence in marine applications. Due to the market dominance, most of the

research topics have historically focused on light-duty applications over marine injec-

tors [298]. Besides, the needle-tip redesign is often simpler to implement, requiring

less extensive re-tooling or manufacturing changes and is cost-effective compared to

the injector modifications.

In particular, the needle-tip directly influences the flow structure in the sac hole,

especially for low needle lifts. It also contributes to the effective volume of the sac

hole, which plays a role in vortex formation, cavitation and unsteady flow [7, 38].

Watanabe et al. [273] compared the recirculation zones of three needle-tip designs

with different seat angles and imposing different sac volumes in a mini-sac nozzle.

They observed that the geometry of the needle-tip affects the vortex flow in the

sac hole. The needle with a larger angle increased vortical cavitation. A reduced

needle-tip angle results in increased spray penetration and a constant injection rate,

accompanied by a smaller spray cone angle. Markov et al. [151] examined the

influence of grooves on the needle-tip, which imposed localized hydraulic resistance

in a VCO nozzle. This resistance amplified flow turbulence, increased the turbulent

kinetic energy at the orifice outlet and induced cavitation within the nozzle. As a

result, the fuel atomization was improved. However, it adversely affects the mass

flow rate and flow velocity.

Hence, the aim of the current chapter is to investigate and understand the influ-

ence of needle-tip design on the in-nozzle flow and cavitation for marine injectors.

Furthermore, this study proposes an improved design suitable for fuel flexibility

throughout the entire engine operation range. For that, the potential of needle-

tip geometrical modifications is investigated through CFD simulations, where three

needle-tip designs were proposed and compared to a base design. Moreover, dual-fuel

and Diesel-only operation mode were emulated using a fixed set of needle lifts (54

µm and 480 µm) to isolate the geometrical influence on the in-flow conditions. How-

ever, it needs to be considered that this does not capture the full range of dynamic

behavior during real engine operation.
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3.2 Needle-tip geometries

The present work focuses on the impact of the geometry of the needle-tip in marine

Diesel injector design provided by Woodward L’Orange (WLO). The base design

is a Diesel injector with 7 straight holes (K- factor equal to 0) and a spray hole

diameter above 300 µm. The proposed needle-tip geometries were select based on

prior WLO design studies. Due to confidentiality restrictions associated with the

industrial collaboration, the specific geometric values and rationale process of these

geometries cannot be fully disclosed. Nevertheless, the selected configurations were

chosen to systematic investigate the hydraulic influence of three principal geomet-

ric modifications: introduction of a deflection angle, elongation and smoothing of

the needle-tip profile. As consequence, all proposed modification impact on the re-

duction of the sac volume. Figure 3.1 shows the base design as well as the three

proposed modifications, where the geometry of the nozzle and needle seat remains

identical in all variations.

Figure 3.1: Comparative view of the base Design and the three proposed needle-tip modifi-
cations.

In the first proposed needle-tip variation, NV-01, a deflection angle was incor-
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porated on the first third of the needle-tip through a minor elevation. This angle

creates a diverging section between the needle-tip and needle seat, increasing the

cross-section downstream of the throat. In addition, the needle-tip was extended into

a conical form, hence reducing the variation of sac volume. After these alterations,

the sac volume is reduced by 7.5% compared to the base design.

The second variation, NV-02, focuses on the impact of a reduced sac volume.

Therefore, the shape and angles of the base design were kept constant. To achieve a

volume decrease, the needle form was elongated along the vertical axis until a total

reduction of 21.5% was reached. Finally, the third variation, NV-03, integrates the

primary features of the two previously described designs: divergent section, volume

reduction, and needle-tip elongation. The deflection angle remained constant in the

initial third of the needle-tip, resulting in a significant volume reduction of 27.5%

due to the needle’s elongation into a spherical form. In addition, some roundness

was included in the transition areas to avoid sharp corners.

Although sac volume influences combustion-related phenomena, such as fuel

dribble and unburned hydrocarbons emissions [155][155], the present study focuses

specifically on internal nozzle flow characteristics and cavitation risk associated with

reduced sac volume. During the pre-development design phase, injector hydraulic

performance is prioritized over emissions optimization. Combustion and emissions

are strongly depend on coupled effects of injector behavior, combustion chamber

geometry, injection strategy and transient spray-combustion interactions [50]. Con-

sequently, emissions optimization becomes relevant only when the nozzle hydraulics

are matched to piston bowl geometry, targeting and injection strategy. Therefore,

this work should be interpreted as a preliminary hydraulic performance investiga-

tion aimed at identifying promising needle-tip characteristics for subsequent engine-

coupled optimization studies.

3.3 Numerical simulation framework

3.3.1 Simulation setup

Taking advantage of the existing symmetry in the injector design and in order to

reduce the computational overhead, only one injector hole is included in the compu-

tational domain (1/7 sector of the injector). The computational domain consisted of

the inlet, housing wall, needle wall, side surfaces and discharge volume as shown in
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Figure 3.2. The outlet domain or discharge volume is a 1.5 mm long conical volume

to reduce the influence of the outlet boundary condition on spray propagation.

Figure 3.2: (a) Schematic of the computational domain. (b) Section view of the grid topology
in the injector hole and downstream-chamber regions. The final grid corresponds to the base
design at low lift position.

The computational domain was discretized using a fully hexahedral mesh to

control the number of elements and accelerate the convergence. Besides, in order

to capture better small-scale cavitation structures, some strict quality criteria were

defined to ensure the cell quality and minimize the discretization and model errors

[166]. The volume-change ratio between neighbouring cells was kept below 5, with

a minimum cell angle of 22,5° and a 3D determinant (normalized triple product of

the vectors starting from each cell node) above 0.5 for both key-grids.

The Taylor micro-scales were considered for the cell size definition in the bulk

flow region. In this study, the impact of the needle position and shape led to different

in-flow velocities. Hence, the Reynolds number based on the spray hole diameter

can be estimated to between 61,000 and 92,000 for the four geometries at the two

lift positions, where the mathematical description can be found in Appendix A. The

Taylor micro-scales can be estimated between 4.1 µm and 3.3 µm. The maximum

mesh resolution was defined based on those criteria and the grid independence study.

The effect of the mesh resolution and the impact on the velocity at the spray hole

exit are presented in Table 3.1. A slight variation can be observed between Grid

3 and Grid 4, demonstrating a reasonable achievement of grid convergence. Based

on these results, the Grid 3 with a maximum mesh resolution of 4.2 µm inside the
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injector spray hole was selected in this study to avoid an excessive cell count. The

other geometries presented an equivalent mesh resolution and quality.

Grid Lift Cell Min. Orth. Velocity

[µm] Count Quality [m/s]

1 480 1.42M 0.366 551.59

2 480 2.98M 0.256 554.25

3 480 4.16M 0.251 556.51

4 480 5.76M 0.248 557.38

Table 3.1: Velocity sensitivity at the exit of the spray hole for the different grid resolutions.

Further away from the nozzle exit, the mesh becomes coarse with a maximum res-

olution of 46.3 µm at the outlet region. Under these constraints, the mesh comprises

around 4M elements at 480 µm needle lift and 3M at 54 µm. This mesh strategy

and final resolution has been verified at full lift for a different injector from WLO

and is able to predict the mass flow rate with a difference below 3% in comparison

to the experimental measurements.

In addition, for each geometry, the needle was placed in two positions: high lift

at 480µm and pilot lift at 54µm. In total 8 geometries were generated and Table

3.2 summarizes the nomenclature used as well as the numerical grid metrics for each

one of them.

Case Needle Lift Cell Count Min. Orth. Quality

1 Base Design 54µm 3.29M 0.325

2 NV-01 54µm 3.41M 0.381

3 NV-02 54µm 3.28M 0.291

4 NV-03 54µm 3.15M 0.291

5 Base Design 480µm 4.16M 0.251

6 NV-01 480µm 4.15M 0.250

7 NV-02 480µm 4.18M 0.285

8 NV-03 480µm 4.02M 0.248

Table 3.2: Geometry annotation and mesh metric for the examined designs.

The modeling approach has been described in Chapter 2 and the boundary con-

ditions were kept constant in all simulations. The in-nozzle region was initialized

46



to contain pure n-dodecane, and the chamber downstream of the injector nozzle to

contain nitrogen. Fixed pressure and temperature values of 1600 bar and 343 K

were imposed at the inlet, while the respective conditions at the domain outlet were

50 bar and 780 K. A symmetry boundary condition has been applied to the side

surfaces. Additionally, the nozzle walls are considered adiabatic. Figure 3.2 depicts

the computational domain, boundary conditions and grid topology.

3.3.2 Validation

The implemented numerical methodology was validated via mass flow rate measure-

ments and X-ray phase contrast radiographies, which were highlighting the extent

of cavitation in the single-hole Spray C (serial 210037) injector reported in the ECN

(Engine Combustion Network) database [57]. The Spray C nozzle has nominal inlet

and outlet diameters of 185µm and 208µm, respectively. The orifice length is 1.0

mm and the injector K-factor is -2.5. The orifice was drilled off-center with a sharp

inlet corner to disturb the flow, as shown in Figure 3.3, inducing cavitation up to

the flow separation.

Figure 3.3: ECN Spray C surface representation derived from high-resolution X-ray computed
tomography [152]

The injector flow was simulated at a fix needle lift of 271 µm to match the ex-

perimental conditions. The injection pressure was kept constant at 1500 bar as inlet

boundary condition and the ambient pressure was 20 bar, once again, in consistency

with the X-ray experiments. The working medium, dodecane, was modeled at 343 K,

while the ambient temperature was set to 303 K. The presence of non-condensable

gas was not included in the model. The computational mesh corresponded to a

three-dimensional domain with a hexahedral structured topology.
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Figure 3.4: Validation of the numerical methodology against X-ray data for the axial de-
velopment of the two-phase flow field in the Spray C benchmark injector: (a) X-ray phase
contrast radiography (used with permission of SAE International, license no: 1683328-1, from
Guo et al.[84], permission conveyed through Copyright Clearance Center, Inc.), (b) contour
plot of gas fraction at the orifice mid-plane.

Figure 3.4 shows a comparison of the line-of-sight radiography (Figure 3.4a)

against a contour plot of the gas volume fraction at a plane passing through the

orifice axis of symmetry (Figure 3.4b). The X-ray image illustrates a strong flow

separation at the upper region of the injector hole, accompanied by the formation

of a cavitation sheet attached to the wall. Vapor starts forming at the sharp hole

entrance and is convected downstream all the way to the orifice outlet. In addition,

a minor gas pocket can be seen at the lower part of the hole entrance. The numerical

results are able to reproduce the two-phase flow topology arising in the injector hole.

Furthermore, numerical data has been compared against X-ray images at six

cross-flow planes along the orifice length, as shown in Figure 3.5. Overall, the

numerical simulation is able to accurately predict the shape of the vapor region along

the injector-hole periphery, even the small liquid film in the upper part of the plane

corresponding to -134 µm. Some of the observed differences could be related to shot-

to-shot variability and temporal fluctuations during the experimental measurement.

The X-ray phase contrast image is a time-averaged measurement.

Finally, to complement this qualitative validation, Payri et al. [187] measured
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Figure 3.5: Validation of the numerical methodology against X-ray data for the radial de-
velopment of the two-phase flow field in the Spray C: (a) X-ray radiographies at different
cross-flow planes (reprinted from Tekawade et al.[254]); (b) Cross-flow contour plots of the
vapor field.

the mass flow rate for the Spray C injector for the operating conditions examined

here and found it equal to (10.07 ± 0.11) g/s. The respective value predicted by

the numerical simulation is 10.47 g/s. The discrepancy can be attributed to sur-

face roughness and manufacturing tolerances, which are neglected in the numerical

model. In summary, the CFD simulation results show good consistency with the

experimental data, reproducing the main flow characteristics as well as the in-nozzle

gas distribution.

3.4 Results and discussion

In order to facilitate the interpretation of designs, the comparison of the four needle-

tip designs were divided into two sections, focusing on the dual-fuel (low-needle

position or pilot injection) and Diesel-only operation (high-needle position). The

Reynolds number between 61,000 and 92,000 across all configurations indicates a

fully turbulent regime. Consequently, small geometric variations in the needle-tip

region can substantially alter local flow acceleration, pressure distribution, and cav-

itation inception. The parameters analysed in this work were mass flow, cavitation

morphology, velocity, pressure, and three flow coefficients. The mass flow and flow

coefficients were determined at the injector hole exit.
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3.4.1 Internal flow characteristics during pilot injection (dual-fuel

mode)

The influence of the needle-tip on the internal flow field during pilot injection can be

assessed at low needle lift of 54 µm, which is representative of dual-fuel operation.

Figure 3.6 shows the influence of the needle-tip design on the velocity field placed

at the spray hole mid-plane. The low needle position generates a constricting zone

between the needle and the injector seat, which accelerates the flow in this region,

allowing it to enter the orifice at high velocities at the bottom half of the spray hole.

This restricted passage has an impact on fluid redirection and varies significantly

based on the needle-tip design.

Figure 3.6: Vector-over-contour plots showcasing the velocity field in the nozzle spray hole
mid-plane for the four needle-tip designs examined at pilot injection condition.

In the base design and NV-02, the fluid flows closer to the needle and seat wall.

The flow remains attached to the sac wall in the base design until a boundary layer

separation from the wall occurs due to the redirection of the high-velocity flow at the

spray hole inlet. This separation causes a flow contraction that results in a pressure
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drop within the spray hole, as depicted in Figure 3.7. The pressure threshold plotted

in the contours is limited to 5 bar in order to emphasize the reduced static pressure

regions. Conversely, the needle elongation on NV-02 results in flow separation from

the sac’s side wall, as the flow tends to remain attached to the needle wall. The

reduced static pressure zone is repositioned within the sac, resulting in a more

uniform velocity distribution within the spray hole exit.

Figure 3.7: Pressure distribution in the nozzle spray hole mid-plane for the four needle-tip
designs examined at pilot injection condition.

In the NV-01 and NV-03, the fluid flows closer to the injector seat wall and

is detached from the needle wall due to the deflection angle incorporated in those

designs. Despite the deflection angle being minor (below 10 degrees), boundary layer

separation can be observed due to the low-pressure zone created at both valve seats

in Figure 3.7. In both systems, the high-velocity flow remains adjacent to the wall in

the sac. Nonetheless, the elongation and roundness transitions of the needle in the

NV-03 lead to a flow deceleration as depicted in Figure 3.6, reaching the spray hole

with smaller velocity than NV-01. Additionally, a vena contracta is generated in the
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spray hole, which further enhances the flow acceleration and reduces the pressure in

the upper part of the spray hole.

These low-pressure zones are critical for the onset of cavitation when the static

pressure drops below the vapor pressure of the continuous fluid [244]. They increase

the hydraulic resistance and could lead to violent collapse events of cavitation struc-

tures, generating high-pressure peaks that can cause erosion [123]. At the same time,

the cavitation structures can enhance fuel atomization and spray formation [14, 7].

Therefore, a balanced approach is essential to harness the benefits of cavitation while

mitigating its adverse effects.

Figure 3.8: Contour plots of the vapor volume fraction at different axial and cross-flow planes
in the injector hole for the four needle tip designs examined at pilot injection condition.

The phase transition from the liquid to vapor is illustrated in Figure 3.8. The

contour plots of the vapor volume fraction are presented at the orifice plane of

symmetry and five equidistant cross-flow planes. The cavitation can be closely

associated with the low-pressure zones depicted in Figure 3.7. Furthermore, no

significant quantity of vapor was seen in the lower pressure zone of the valve seat

for NV-01 and NV-03. Consequently, the contour plots concentrated exclusively on
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the sac and spray orifices.

As expected, the base design, NV-01 and NV-03 exhibit cavitation at the spray

hole inlet, with vapor formation along the upper surface of the spray hole. NV-02 is

the only design in which cavitation is mitigated within the spray hole by relocating

it to the sac. The cavitation in the sac hole can disrupt the internal flow, resulting in

irregular fuel delivery and reduced mass flow rates [150, 93]. This location presents

considerable risks in comparison to cavitation occurring in the spray hole. In con-

trast, regulated cavitation in the spray hole can enhance atomization and improve

combustion efficiency [90].

A relevant parameter for cavitation is the cavitation number, where the math-

ematical description can be found in Appendix A. The four geometries present a

cavitation number bellow 0.22. This very low value indicates that the injector oper-

ates in a cavitating regime. However, the similar range in global cavitation number

cannot explain the differences between the base design and modified ones. Therefore

the local effects, controlled by geometry-induced local velocity and pressure minima

are more relevant in this study.

A quantitative comparison of the four geometry revels that the proposed designs

reduced the cavitation intensity and the vapor quantity within the nozzle as detailed

in Table 3.3. To facilitate the comparison of the designs, the vapor volumes were

standardized by the total of the sac and spray hole volumes.

Design Normalized vapor volume [%] ṁf [g/s]

Base 13.58 14.30

NV-01 9.60 15.96

NV-02 5.77 13.03

NV-03 5.98 14.03

Table 3.3: Normalized vapor volume and mass flow rate for different needle-tip designs at
pilot injection condition.

The base design produces the highest normalized vapor volume (13.58%), whereas

all modified geometries reduce cavitation intensity. Specifically, NV-01 reduces the

vapor volume by approximately 29%, while NV-02 and NV-03 achieve reductions of

about 57% and 56% respectively relative to the base design. Nonetheless, cavitation

intensity and mass flow rate is not a simple linear relationship. The magnitude and

location of cavitation are crucial, as seen in Table 3.3. The vapor bubbles reduces
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the flow area and can increase the flow resistances, typically resulting in a reduc-

tion of the mass flow rate [187]. In some cases, properly controlled cavitation can

increase the mass flow and consequently the discharge coefficient of the injector,

hence enhancing the fuel flow rate and improving the overall efficiency of the injec-

tion process [87]. The onset of cavitation and its impact on mass flow rate are also

affected by the fuel saturation pressure and heating value [258].

In complement, Table 3.4 shows the relationship between cavitation and injector

performance via flow coefficients. The discharge coefficient Cd represents the ratio

between the theoretical mass flow and the actual mass flow. It indicates the injector’s

capacity to deliver the desired amount of fuel. The velocity coefficient Cv represents

the ratio of the actual flow velocity to the theoretical velocity. It express the kinetic

energy of the fuel jet as it exits the nozzle. The third non-dimensional flow parameter

is the area coefficient Ca, which correlates the effective flow area to the geometric

orifice area and considers the contraction of the flow streamlines as the fuel passes

through the orifice. The mathematical description of the flow coefficients can be

found in Appendix A.

Design Cd Cv Ca

Base 0.396 0.478 0.828

NV-01 0.443 0.520 0.853

NV-02 0.363 0.363 0.999

NV-03 0.387 0.391 0.989

Table 3.4: Dimensionless flow coefficients for different needle-tip designs at pilot injection
condition.

Since the pressure difference (∆P ) between inlet and ambient pressure remains

constant among all cases, the Cd is mainly a consequence of the mass flow rate (ṁf )

and the liquid density (ρl). NV-01 exhibits the hightest Cd (0.443), corresponding

to an increase of approximately 12% compared to the base design, while reducing

the normalized volume vapor by 29%. This indicates that NV-01 does not only

simple suppress cavitation, rather it modifies its location and intensity in a positive

way. In contrast, NV-02 and NV-03 show a reduces Cd, despite their lower overall

normalized vapor volume relative to the base design. This indicates that location

and morphology of cavitation can be more critical than the volume vapor absolute

magnitude. Specially in the case of NV-02, where the cavitation in the sac region
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can increase hydraulic losses even when the total vapor volume is reduced.

The Cv follows the same trend, with NV-01 achieving the highest value (0.520).

NV-02 and NV-03 exhibit lower Cv, although their reduced cavitation intensity in

comparison to the base design. This demonstrates that geometric features promoting

smoother flow transitions can reduce local acceleration and, consequently, decrease

the energy of the emerging jet. In terms of Ca, this metric also takes into account

the flow separation areas. The base design, followed by NV-01, have the lowest

effective area, which correlates with the normalized volume of vapor in the injector

hole in those designs.

Figure 3.9: Average pressure distribution along the needle seat and sac hole for the four
needle-tip designs at pilot injection condition.

Finally, a smooth and higher pressure build up inside the sac hole is a relevant

characteristic that may contribute to a stable and consistent injection [150]. Elevated

sac hole pressures create a better outward momentum that aids in preventing the

ingress of external gases into the nozzle holes [76]. However, injector components

may be susceptible to wear and tear as a consequence of excessive high pressure,

thereby potentially reducing their lifespan and increasing maintenance costs[148].
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The progression of the average pressure in the needle seat and sac hole is quan-

tified in Figure 3.9, illustrating the pressure variation exerted on the fluid before

reaching the spray hole. The planes 1-12 denote the average pressure in the seat

region, where the deflection angle from NV-01 and NV-03 is located between planes

7 and 8. The sac hole region is covered from plane 12 to 18 and shortly before the

spray hole inlet.

The base design and NV-02 exhibited the highest pressure up to the 10th probing

plane with intensity progressively diminishing towards the needle-tip. After the

12th section, the base design facilitates pressure recovery within the sac hole. The

pressure recovery in NV-02 happened only after the end of the needle-tip elongation

and was further delayed due to flow separation and the low-pressure areas in the sac

hole. Despite those impacts, the base design and NV-02 maintain the same pressure

close to the spray hole inlet. The deflection angle on NV-01 and NV-03 results in a

pressure drop along the needle seat compared to the previous designs. Subsequent

to the 6th section, the pressure began to recover, resulting in an elevated pressure

within the sac hole, which is nearly double that of the base design in the spray hole

inlet area. Consequently, this pressure recovery can contribute to improved flow

stability and its resistance to backflow or gas ingestion.

Overall, the results demonstrated that needle-tip geometry influences the injec-

tor performance at low needle lift position. The needle geometry has effects the

on local acceleration and pressure gradients, which control the spatial distribution

of vapor structures. Those cavitation clouds are consistent with previous studies.

However, the present results show that their relocation and intensity lead to mea-

surable differences in Cd (up to 12%), Cv (up to 24%) and Ca (up to 20%) relative to

the base design. Therefore, an optimal injector performance depends on minimizing

cavitation globally and also controlling its location and interaction with the main

flow.

3.4.2 Internal flow characteristics during maximum needle lift in-

jection (Diesel-only mode)

At high needle lift (480 µm), representative of Diesel-only operation, the flow dy-

namic differs fundamentally from the pilot injection regime due to the substantially

increased effective flow area between the needle and seat. This reduces the severity

of upstream throttling and shifts the dominant hydraulic restriction to the spray hole
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inlet. The impact of the needle tip design on the velocity field is shown in Figure

3.10 at the spray hole mid-plane. The seat region continues to accelerate the flow

field, directing it towards the sac and then to the spray hole with elevated velocities

compared to the low needle lift cases. However, the redirection of an accelerated

flow is less abrupt and as a consequence a boundary layer separation is not created

from the wall in the seat and sac hole.

Figure 3.10: Vector-over-contour plots showcasing the velocity field in the nozzle spray hole
mid-plane for the four needle-tip designs examined at Diesel-only injection condition.

The spray hole inlet serves as the primary flow constraint in all designs, imposing

an abrupt deflection and resulting in flow detachment from the upper wall within the

spray hole. The separated boundary layer forces the main flow to redirect, creating a

turbulent, low-pressure region behind the separation point. These separation points

can be verified via the adverse pressure gradients shown in Figure 3.11. Similar to

the low lift investigation, the pressure distribution was also limited to 5 bar.
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Figure 3.11: Pressure distribution in the nozzle spray hole mid-plane for the four needle-tip
designs examined at Diesel-only injection condition.

This adverse pressure gradient further retards the already slow-moving boundary

layer. The flow streamlines converge downstream of the separation point, creating a

vena contracta in the four geometries. Nonetheless, the influence of additional flow

acceleration and low pressure is manifesting with different intensities. The flow field

across all configurations remains fully turbulent (Reynolds number above 61,000).

Although the global cavitation number remains approximately constant due to fixed

operation conditions, the geometric modifications alter the local velocity field and

pressure minima. In all configurations, the on-set cavitation is located near the

upper edge of the spray hole inlet as illustrated via the vapor volume fraction in

Figure 3.12. The proposed designs qualitatively result in an expansion of the vena

contracta relative to the base design, which expands towards to the spray hole exit.

The larger vena contracta accelerates the flow in the lower part of the spray hole,

intensifying the pressure decrease and enhancing the cavitation phenomena.
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Figure 3.12: Contour plots of the vapor volume fraction at different axial and cross-flow
planes in the injector hole for the four needle tip designs examined at Diesel-only injection
condition.

A comparison of the normalized vapor volume reveals quantitatively that cavita-

tion is significantly reduced relative to the low lift condition as shown in Table 3.5.

As anticipated by the qualitative analyses of the images, the base design presents the

lowest cavitation intensity (1.59%). NV-01 shows a nearly identical value (1.61%).

This result suggest that the flow deflection introduced by NV-01 design has a neg-

ligible effect on cavitation behavior at high lift. In contrast, NV-02 and NV-03

show increased normalized vapor volumes (2.07% and 2.17% respectively). Those

amounts correspond a increase of approximately 30-36% relative to the base design.

Nevertheless, the absolute vapor volume remains low in both cases.

Similar to Table 3.3, Table 3.6 presents the flow behavior in terms of flow coeffi-

cients. Due to the needle being positioned at a high lift, its impact on the lowering

of flow rate is less significant than that of the pilot injection discussed in Section

3.4.1.

The base design and NV-01 configuration exhibit nearly identical performance

59



Design Normalized vapor volume [%] ṁf [g/s]

Base 1.59 31,08

NV-01 1.61 31,13

NV-02 2.07 28,82

NV-03 2.17 27,35

Table 3.5: Normalized vapor volume and mass flow rate for different needle-tip designs at
Diesel-only injection condition.

Design Cd Cv Ca

Base 0.832 0.835 0.996

NV-01 0.833 0.837 0.995

NV-02 0.739 0.741 0.997

NV-03 0.777 0.781 0.995

Table 3.6: Dimensionless flow coefficients for different needle-tip designs at Diesel-only injec-
tion condition.

in terms of Cd (0.832 and 0.833), confirming that the NV-01 modification does not

introduce additional hydraulic losses at high lift. In contrast, NV-02 and NV-03

show reduced Cd (0.739 and 0.777), corresponding to decreases of approximately

11% and 7% relative to the base design. These reductions indicate increased flow

resistance due to the higher sac volume reduction in those designs. As a consequence

it leads to stronger contraction and less favorable local pressure recovery.

A similar trend is observed in Cv. The base design and NV-01 maintain high

values (0.835 and 0.837), whereas NV-02 and NV-03 show reduced values (0.741

and 0.781). Furthermore, the reduction of the effective area of the liquid phase is

indistinguishable among all designs as seen by the Ca, indicating that the effective

liquid-phase area is only weakly affected by cavitation at high lift. The bubbles at

the exit of the spray hole are minimal and neither flow separation nor hydraulic flip

is observed at the spray hole exit in those designs. Consequently, the effective area

of the liquid phase approaches values near 1.

Finally, the pressure in the needle seat and sac can be quantified prior to the fluid

reaching the spray hole, as seen in Figure 3.13. Unlike the low lift regime, pressure

variations are more gradual, reflecting the reduced influence of seat throttling. The

NV-01 design enhances pressure maintenance in the needle seat and sac hole from
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Figure 3.13: Average pressure distribution along the needle seat and sac hole for the four
needle-tip designs at Diesel-only injection condition.

the first to the ninth segment, suggesting a improved pressure recovery without

introducing significant losses. The NV-02 exhibits comparable performance to the

base design for the average pressure. Both designs restrict the pressure drop in the

sac to approximately 300 bar relative to the rail pressure. The NV-03 presents the

highest pressure in the needle seat area, from the first to the ninth section. After

the ninth section the pressure drops considerably, reaching its lowest pressure in the

sac hole.

Overall, since the flow restriction at the needle seat is minimal, the spray hole

inlet geometry controls the flow contraction and pressure drop. Consequently, mod-

ifications to the needle-tip have a limited influence on the hydraulic performance

unless they significantly alter the flow approaching to the spray hole. This explains

why NV-01 preserves the base line performance. Because its moderate flow deflec-

tion and sac volume reduction, NV-01 has only a minor impact on the flow field.

In contrast, NV-02 and NV-03 significantly modify the sac geometry and volume,

introducing additional hydraulic losses.
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3.5 Conclusions from needle tip design modifications

This chapter presents a study on the impact of needle-tip design on internal flow

and cavitation in marine Diesel injectors and supports the understanding of the in-

flow characteristics of each operation mode. While experimental verification of the

proposed geometries remains outside the scope of the present study, the observed

trends provide guidance for future experimental campaigns and design optimiza-

tion efforts with fuel-flexibility marine injectors. The numerical model has been

enhanced by incorporating NIST and PC-SAFT EoS calculations through a tabu-

lated thermodynamic method. The inclusion of NIST REFPROP and PC-SAFT

EoS provides a good prediction as evaluated against experimental data regarding

mass flow and cavitation regions under typical operating conditions of Diesel en-

gines. The fluid properties variation, local depressurization, pressure gradients and

phase changes were satisfactorily predicted. In order to enhance the base design

that under-performs at dual-fuel conditions and to ensure fuel flexibility across the

complete engine operation range, three needle-tip designs were proposed.

The redesign of the needle-tip was selected for its simplicity and cost-effectiveness

compared to modifications in the nozzle design. The base design was evaluated

against three proposed alternatives to assess performance in two operational modes:

Diesel-only and dual-fuel. At low needle lifts (dual-fuel mode), the three proposed

needle-tip designs reduce the vapor production within the injector. However, the

results demonstrate that cavitation intensity alone is not a sufficient performance

indicator. Instead the spatial distribution of cavitation plays a crucial role. NV-01

maintains cavitation condensed in the spray hole while enhancing pressure recovering

the sac region. This combination resulted in a cavitation reduction of 29% and

increased in Cd of 12% relative to the base design. In contrast, NV-02 shifted the

cavitation into the sac volume, leading to increased hydraulic losses and reduction

in performance (8% in Cd) despite the highest reduction on vapor volume (57%).

Hence, the optimal performance is achieved through controlled cavitation, rather

than its complete suppression.

In high needle lifts (Diesel-only mode), cavitation intensity is reduced across

all configurations, with normalized vapor volumes below 2.2%. The base design

and NV-01 exhibited comparable performance regarding cavitation location, fuel

delivery and flow coefficients, indicating that moderated needle-tip modifications do
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not introduce additional hydraulic penalties in the orifice-controlled regime. NV-02

and NV-03 slightly increased the amount of vapor generated inside the spray hole,

also reducing the performance as indicated by the flow coefficients. These results

confirm that, under high lift conditions, performance is governed by orifice-induced

flow separation and vena contraction formation. The needle-tip geometry plays a

secondary role unless it significantly alters the upstream flow field.

Finally, among the tested configurations, NV-01 provides the most favorable

trade-off between low and high lift performance for fuel-flexibility marine injectors.

This design reduces cavitation intensity and enhances pressure recovery under pilot

injection conditions. It also main the baseline hydraulic efficiency at high lift. As

an subsequent step, a consistent performance across different operating conditions

should be considered in validating the proposed design.

3.6 Critical review

This section critically examines the contributions of the present chapter in the con-

text of research on in-nozzle flow and injector design. Following the submission of the

manuscript reporting the present results, few studies have reinforced the importance

of injector design as a key factor for more sustainable transportation technologies.

For instance, Xie et al. [286] explored the influence of three needle types experimen-

tally and numerically for hydrogen direct injection. They underscored the influence

of the geometrical parameters on the spray characteristics and combustion stabil-

ity. The recent work by Yang et al. [288] analyzed the influence of the grinding

radius of methanol injectors to mitigate cavitation, which helps marine applications

for fuel flexibility. Furthermore, Tang et al. [253] highlighted in their review paper

the advancements and challenges of Natural Gas-Diesel dual-fuel engines for marine

applications. The complexity of the fuel injection system is still a main drawback,

whereas a single-needle and nozzle Diesel injector for both operation modes provides

a more universal solution for all engine sizes and alternative fuel types. Therefore,

the fundamental understanding of injector design and its influence on internal flow

process remains essential for the advancement of economical and sustainable injec-

tion systems.

In this context, this study makes a contribution by demonstrating how relatively

small geometric modifications can alter flow structure, cavitation intensity, and in-
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jector hydraulic performance. In particular, the NV-01 is identified as providing the

most favorable compromise. This needle-tip geometry improves cavitation charac-

teristics and pressure recovery at low needle lift without substantially degrading the

performance at high lift. This finding is of practical relevance and demonstrates the

importance of needle-tip optimization to enhance injector fuel flexibility.

Another relevant point of this chapter is the numerical methodology, which incor-

porates high-fidelity thermodynamic properties. In the proposed CFD methodology,

the gas phase properties are obtained from NIST REFPROP and the liquid phase

derived from PC-SAFT EoS. This represents an improvement to treat compressible

fluids in comparison to conventional methods such as constant properties or cubic

EoS. Consequently, this methodology is better suited to the high pressure gradients

encountered in modern fuel injection systems [126]. In addition, the tabulation strat-

egy provides a practical compromise between physical accuracy and computational

efficiency. This strategy enables the use of advanced thermodynamics with engi-

neering design time scales. Furthermore, the validation of the numerical framework

against experimental data from ECN Spray C injector demonstrates the credibility

of the modeling approach and supports the reliability of the flow predictions.

Despite these strengths, some limitations and uncertainties constrain the general

applicability of the conclusions. A primary concern lies in the use of simulations at

fixed needle lift positions to represent an inherently transient injection process. In

real engine operation, the needle motion is a dynamic process. The associated flow

evolves with time, interacting with pressure fluctuations, turbulence and changes on

the cavitation structures [83][91]. By neglecting these transient effects, this study

introduces uncertainty in the prediction of cavitation onset, evolution, collapse, flow

stability and cycle-to-cycle variation [309][138]. The selected low and high lift posi-

tions provide useful reference points and support the injector pre-development phase.

However, they do not fully capture the complexity of real injection events.

From a numerical perspective, the study employs URANS in the multiphase

modeling framework. The use of a homogeneous mixture model along with a diffuse

interface approximation, simplifies the physical representation of phase interactions.

Under this approach, the phases are treated as interpenetrating continua and avoid

explicit interface tracking. These assumptions are common in engineering studies

because of their computational efficiency. However, they may limit the accuracy

of predictions related to resolution of turbulent structures, bubble dynamics, phase
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distribution and local thermodynamic non-equilibrium effects [230]. Furthermore,

the exclusion of dissolved non-condensable gases in the fuel may affect the realism

of the predicted cavitation behavior. Neglecting these gases can alter predictions of

bubbles inception, growth and collapse dynamics [18][289]. Although higher fidelity

approaches could provide deeper insight into these phenomena, their substantially

higher computational cost remains a major drawback for most industrial applications

that require rapid and iterative design decisions.

Another important limitation concerns the lack of geometric transparency. Due

to confidentiality constrains, the exact dimensions of the injector and needle geome-

tries are not disclosed. This decision is admissible in an industrial collaboration

context. However, it restricts reproducibility and limits the ability of other research

to verify or build upon the findings. This absence of transparency also makes it

difficult to assess the sensitivity of the results to specific geometric parameters such

as angles, curvature and sac volumetric variations. Besides, the operating conditions

considered in this study are also relatively narrow. This also restricts the applicabil-

ity of the conclusions to a broader range of real-world conditions, where variations

such as fuel properties and injection pressures are common.

In conclusion, the work provides a valuable foundation and contributes to the

ongoing effort to develop more efficient and flexible fuel injection system for ma-

rine applications. Future work could address some limitations of this chapter by

incorporating fully transient simulations with dynamic needle motion to better rep-

resent real injection events. Furthermore, enhancements to the multiphase modeling

framework could improve the physical realism. However, this level of detail is not

relevant in the pre-development design phase, where fast and reliable predictions are

more relevant than a high fidelity approach. This deeper insight into the physical

phenomena would be relevant in a later stage of the development phase.

65



66



Chapter 4

Cavitation prediction for Diesel

Marine injectors via

CFD-assisted Machine learning

surrogate model

4.1 Introduction

The dual-fuel and Diesel-only operation requirement of the single Diesel marine in-

jector presents obstacles in the areas of injector design and durability, especially in

terms of cavitation. Cavitation in Diesel injectors has both detrimental and bene-

ficial effects on the performance. It increases hydraulic resistance and causes flow

instability within the injector leading to issues such as noise, fuel spray distortion,

increased emissions and erosion of the nozzle wall [42, 34, 15]. However, adjustments

in injector design can mitigate negative effects by reducing cavitation volume and

improve the discharge coefficient [54]. In contrast, cavitation can also enhance spray

atomization due to the breakup of fuel into finer droplets and improving the mixing

with air, which is crucial for efficient combustion and reduced emissions [90, 35].

The optimization of nozzle geometry could minimize those undesirable effects.

The shape and size of the injector nozzle and the arrangement of nozzle holes sig-

nificantly affect cavitation patterns and flow characteristics, with certain designs

reducing negative effects [82]. The movement of the injector needle, including its

speed and position, also affects cavitation inception and development [309]. At low
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needle lifts, cavitation is more pronounced due to increased turbulence and vortex

formation [48]. As the needle lift increases, the flow becomes more uniform, reducing

cavitation occurrences [227, 196].

Over the past decades, extensive research efforts have been conducted to clarify

in-nozzle flow during fuel injection. Numerical simulations and experimental mea-

surements have demonstrated the impact of injector design and needle dynamics on

cavitation. However, that characterization can be challenging and time consuming

in fuel injectors. In particular, the high fidelity internal flow simulations require

significant computational resources, detailed injector geometry, precise needle mo-

tion data and robust validation against experimental measurements, which may not

always be available [20, 226]. Even simpler models such as RANS, which can pro-

vide reasonable accuracy at lower computational cost, require careful calibration

to ensure reliable results and thus make their usage challenging in some routine

engineering tasks.

The integration of ML with CFD models could enhance the predictive accuracy

of cavitation patterns by learning to predict the flow field from simulated results.

This joint workflow is particularly useful in scenarios where data is sparse, as it

can enforce initial and boundary conditions through the ML model and thus reduce

reliance on extensive simulation data. Moreover, they can support optimization

tasks, which aim the understanding of the sensibility of each design parameter and

the conditions more prone to enhance cavitation. Hence, they achieve speedups of

several orders of magnitude compared to CFD, which can take days or weeks per

simulation and therefore, enable efficient exploration of large design spaces.

However, one of the primary challenges in applying ML to fluid dynamics is the

scarcity of training data, which can limit model generalization. ML models may not

accurately predict outcomes for scenarios outside their training data, especially for

novel injector geometries or extreme operation conditions. They are best used as

surrogates or in combination with CFD, rather than outright replacements.

In the literature, only a few studies have explored the combination of ML meth-

ods and CFD simulation in order to analyze injectors. To the best of the author’s

knowledge, an approach to modeling the in-flow of marine Diesel injectors that use

ML methods trained with data from CFD simulations has not been published. Un-

like the studies of Mondal et al. [158] and Hwang et al. [101] that mainly focus

on the spray simulations of a light-duty injector under different operation condi-

68



tions, this study aims to obtain a tool that permits rapid assessment of cavitation

for parametrically related marine injector designs. Varying designs is an inherently

more complex task than modeling a fixed geometry with changing operational con-

ditions because of the dimensionality increment. Each design leads to more complex

feature interactions and non-linear relationships.

Besides, the relationship between scalar input parameter and image character-

istics is highly non-linear due to the dimensional discrepancy between the input

and output spaces. This mismatch makes increases the complexity of the learning

task and makes it challenging for the models to identify meaningful pattern from

the dataset. To this end, this current chapter presents the development and in-

vestigates the feasibility of CFD-assisted ML surrogate models tailored to marine

injector design optimization. Particular emphasis is placed on the challenging to

map relationships between low-dimensional scalar and image based cavitation rep-

resentations, especially on limited datasets. Consequently, the study is structured

as proof-of-concept surrogate modeling for rapid cavitation assessment rather than

conducting an exhaustive CFD parametric optimization study or a universally gen-

eralized cavitation predictor.

The surrogate models evaluated in this chapter are schematically depicted in

Figure 4.1. The two Deep Neural Networks (DNN) and a Generative Model (GM)

are compared and validated in terms of trade-offs in accuracy and interpretability.

The most promising models demonstrate the feasibility of rapid cavitation estimation

within the investigated injector design space, leveraging both ML and CFD in the

most effective strategy and accelerating the design cycle.

Figure 4.1: Conceptual representation of the CFD-assisted ML framework
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4.2 CFD Numerical simulations

The generation of data for training, testing, and validation was performed by us-

ing the commercial software ANSYS Fluent©. The main modeling details were

discussed in Chapter 2 and Chapter 3 and are summarized in the following sub-

chapter.

4.2.1 Injector Designs and data sampling

The investigated design space was defined through three injector design parameters

selected based on their influence on the cavitation behavior: needle-tip geometry,

nozzle conicity and needle lift. These parameters directly affect the local pressure

gradients, flow separation and contraction phenomena responsible for cavitation

inception and vapor-cloud evolution with the injector nozzle. The injector Base

Design (BD) and modifications on the needle-tip were discussed in Chapter 3. Figure

4.2 illustrates the geometrical modifications, where the relationship between inlet

diameter Din and outlet diameter Dout of the spray hole defines the conicity. In this

study the conicity varies from 0 to 4.

Figure 4.2: Schematic illustration of the injector designs modifications: (a) conicity definition;
(b) base design and needle-tip modifications.

The needle lift varies from 54µm to 480µm. The choice for this range of variation

for the needle lift was based on the real application of the BD, covering the maximum

lift in dual-fuel and Diesel-only mode. Besides, the three design parameters were

sampled via the Latin-Hypercube Sampling (LHS). LHS is a Design of Experiment

(DoE) approach, tied to the Monte Carlo method. This technique ensures a good
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representation of the entire range of each variable with a reduced number of samples

due to the stratification of the input probability distribution and is therefore a

reliable alternative to Random Sampling and Stratified Sampling [95, 96]. A total

of 59 CFD simulations were generated using LHS to span the selected injector design

parameters space as illustrated in Figure 4.3. The number of samples was selected

as a compromise between parameter space coverage and the computational cost

associated with the CFD simulations. The complete list of the cases evaluated in

this work is detailed in Table B.1 in Appendix B.

Figure 4.3: Sample points over the design region from the Latin Hyperbolic Sampling (a)
3D projection, (b) 2D projection.

4.2.2 Simulation setup of the internal flow

Each of the 59 designs was modeled as a 1/7 sector of the injector, reducing the

computational cost due to the existing symmetry. The computational domain was

composed of an inlet, housing wall, needle wall, side surfaces and discharge out-

let volume of 1.5mm length with a conical shape. The refinement strategy of the

unstructured hexahedral mesh was based on the strict quality criteria and Taylor

micro-scales explained in Chapter 3.3, where the maximum mesh resolution inside

the injector spray hole was approximately 4.2 µm. Depending on the needle-tip and

needle lift, the total cell count varies from 3M to 4.2M elements. Each CFD simu-

lation required approximately 36-121 hours of computation time and were executed

on the HPC computer cluster of the City St. Georges’s University of London on

three computer nodes, each one with 48 cores to simulate 0.3 ms of physical flow

time.
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Figure 4.4: (a) Computational domain and boundary conditions, (b) mesh refinement strat-
egy.

The boundary conditions were kept constant in all simulations and the mod-

eling approach has been described in Chapter 2 and subchapter 3.3. The liquid

n-dodecane, with 1600 bar pressure and a temperature of 343 K at the inlet, is

injected into a nitrogen-filled discharge volume with an ambient pressure of 50 bar

and a temperature of 780 K. The nozzle walls are considered adiabatic and the side

surfaces as symmetrical boundary condition.

4.3 Image pre-processing and Machine learning models

The following section provides an overview of the pre-processing of the images and

the applied ML methods: DNN and GM. All computations were carried out on a

workstation computer with an AMD Ryzen 9 7900X 12-Core 24-Thread 4.7 GHz

processor, GeForce RTX 5080 (NVIDIA 16 GB RAM) and 64 GB DDR5 RAM.

4.3.1 Image pre-processing

The color of an image can be described in the three primary light colors by spec-

ifying the intensity of red, green, and blue (RGB). In digital images, RGB is the

most common colour space representation, where each color channel determines the

intensity of that color in a pixel. The number of bits assigned to each RGB compo-

nent determines how many different shades of that color can be represented. The

color depth refers to the number of bits of each RGB component assigned to each

pixel and a higher value allows more accurate and vivid color representation. In
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summa, an image with 8 bits per component, the most usual, has a color depth of

24 bits per pixel, allowing 256 possibilities for each color and a total of 16,777,216

true colors.

Figure 4.5: Standard deviations of chromaticity sensibility that the human eye can capture
proposed by MacAdam [147], where the range of colors where added to the original black and
white image [278].

While the color depth is a technical limit, the human perception of color differ-

ences is not uniform across all colors. MacAdam [147] studied the sensibility of the

human eye to color difference, describing the limits on color discrimination which are

known as MacAdam ellipses. The chromaticity differences proposed by MacAdam

[147] are illustrated in Figure 4.5, where the position and size of the ellipses corre-

sponds to the regions of noticeable difference of color. Larger ellipses indicate the

eye’s need for larger color differences to perceive a change [78].

Based on that, the images used in this work were reduced from 24 bits to 8 bits

depth, applying a total of 256 true colors. This deepness reduction brings minimal

adverse visual loss, while it simplifies the data representation for the ML training.

Reducing image depth means fewer output channels and less information per pixel.

For the neural network, the learning process becomes simpler and therefore, the com-

plexity and computational cost decrease. The model can process the data faster,

reduce the memory footprint, and enable faster processing of floating-point opera-

tion while maintaining model accuracy [183]. Besides, the lower depth highlights

the essential features, especially when the task does not require full color informa-
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tion. The neural network may be able to focus on the most important patterns and

structures in the image, improving its ability to predict images from scalar values

and contributing to a better generalization.

Figure 4.6: Stages of the image pre-processing: (a) Original images result of the CFD
simulation, (b) Reduced area of original image in 24 bits, (c) Conversion to 8 bits depth.

All stages of the image pre-processing used in this work are illustrated in Fig-

ure 4.6 and Figure 4.7. First, the contour plot of the n-dodecane Vapor Volume

Fraction (VVF) distribution at the axial plane was stored as an image for all CFD

simulations. The area of the original image (Figure 4.6a) was reduced (Figure 4.6b),

eliminating the color bar and the excess of areas that will not bring any additional

information. Then, the original color bar was extracted and converted to 256 true

colors, creating the 8 bit color palette. Figure 4.6c shows a representation of the

CFD image converted to 8 bit depth and their colors mapped to the 8 bit color

palette. Besides some small differences in color shading, the two images (Figure4.6b

and Figure 4.6c) are identical for the human eye comparison, where all information

regarding the VVF distribution is preserved with the image depth reduction.

Then, the 8 bit images are converted to a grayscale representation as shown in

Figure 4.7a. Grayscale images have only one channel (intensity), while color images

typically have three channels (RGB) [270]. This simplification further reduces the

computational cost and complexity of the training process, allowing models to train
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Figure 4.7: Stages of the image pre-processing: (a) 8 bits representation in grayscale, (b)
background homogenization and area masking. The parallel representation of image pre-
processing mapped to the 8 bits color palette for better visual interpretation: (c) 8 bits repre-
sentation mapped to the 8 bits color palette, (d) placement of the mask area.

faster and with less memory. Besides, the background (”white” areas or pixel with

intensity 255 in a grayscale image) and geometry profile (”black” areas or pixel

with intensity 0 in a grayscale image) represent the non cavitation areas and are

equivalent for the neural network training. So, those areas were mapped to ”black”

(0 intensity in a grayscale) to reduce the complexity during the training, resulting in

the final stage of the image pre-processing (Figure 4.7b without the red lines) for the

GM. Moreover, in all 59 cases, cavitation was detected within the region around the

spray hole inlet and inside the spray hole. Hence, a mask area was delimited based

on the average overlap of those images as illustrated by the red lines in Figure 4.7b

and d). The pixels inside the mask area were stored in an array and used as output

to train the DNN. This strategy reduces the output size for the DNN, lowering the

dimensional differences between input and output.

All image manipulations described above reduce the complexity and time for the

training process considerably. On average each training of the DNN took 2 hours

and 4 hours for the GM. This low time for training speeds up the interactive process

of adjusting the hyperparameter for each model.

75



4.3.2 Deep Neural Network Architectures

Two feedforward neural networks were employed in this work, one has the objective

to predict quantitatively the cavitation volume and the performance coefficients

(discharge and velocity), and the second, to predict the location of the cavitation

morphology via images. The DNNs consist of hierarchical layers: input, hidden and

output layers. The first DNN presents a 3-x-3 architecture, where x indicates the

number of neurons in the hidden layers. The input layer consists of 3 variables:

conicity, needle tip type and needle lift. The output is also composed of three

variables, which are discharge coefficient (Cd), velocity coefficient (Cv) and vapor

volume. Figure 4.8 illustrates the layout of the first DNN.

Figure 4.8: Representation of the DNN for quantitatively values prediction that consisted of
one input layer, six hidden layers and one output layer with the dropout nodes symbolized by
red marks.

During the DNN training the number of hidden layers was tested interactively,

where 6 hidden layers provided the optimal balance between accuracy and efficiency.

The dropout rate was included in the third hidden layer with a 30% probability as

indicatively represented by the red marks in Figure 4.8. The model loss was calcu-

lated via MAPE, measuring the mean absolute percentage error between predicted

and actual values.

The second DNN is also a deep fully connected feedforward neural network, pre-

senting 3-x-1 architecture as depicted in Figure 4.9 and a complementary description

is provided in Appendix C. The input layer was kept the same and the output layer

consisted of one vector with 27556 pixels that constitute the vapor volume fraction

as an image. In total, 11 hidden layers, with a dropout rate of 30% probability ap-

plied in two layers, provided the best compromise between accuracy and efficiency.
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Figure 4.9: Representation of the DNN for image prediction that consisted of one input layer,
eleven hidden layers and one output layer with dropout nodes symbolized by red marks.

Besides, the MSE was the selected evaluation metric to measure the model loss,

averaging the squared difference between predicted and actual values.

In both DNNs, the LeakyReLU activation function was utilized to introduce

non-linearity. Early stopping was employed to prevent overfitting as regularization

technique and handle noisy data. Furthermore, the data was normalized to the

range [0, 1] which helps to promote sparsity and accelerate convergence. Prior to

the training, the data was randomly split into two datasets with 80% for training

and 20% for testing. Proper data splitting is essential for unbiased evaluation, the

prevention of overfitting and the mitigation of data poisoning.

4.3.3 Generative Model Architecture

The GM employed in this work also aims to predict the location of the cavitation

morphology via images. The input layer was the same as the previous network,

composed of a latent vector with 3 components: conicity, needle tip, and needle

shape. This vector is transformed into a spatial feature map as illustrated in Figure

4.10.

The GM architecture begins converting the input layer into a dense (fully con-

nected) layer without bias, expanding the latent vector to a 66x76 feature map.

This stage was followed by LeakyReLU activation, dropout for regularization and

reshaping the feature map into a 3D tensor (66, 76, 1). Then, the GM performed

progressive upsampling using a series of transposed convolutional layers. The first

layer upsamples the feature map to (132, 152, 16), and the second brings it to
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Figure 4.10: Representation of the GM architecture for image prediction that consists of
three transposed convolutional layers.

(264, 304, 8). In those layers, the batch normalization, LeakyReLU activation, and

dropout were incorporated to maintain stable activation and contribute to the model

generalization. The strides and padding were defined as (2, 2) and ’same’ in both

layers with a (3, 3) kernel.

The final convolutional transposed layer contributed to nearing the desired image

size by adjusting the feature map to (265, 305, 1) with a sigmoid activation, a unit

stride and a ’valid’ padding for a (2, 2) kernel. A zero-padding is added to fine-

tune the dimensions, and a lambda layer is used to squeeze the channel dimension,

resulting in the final image output. A complementary description of the GM is

provided in Appendix C.

4.4 Results and discussion

The following section evaluate the performance of the ML surrogate models. In this

chapter, model robustness refers to the capability of the ML models to consistently

reproduce the cavitation behavior across the sampled design space, including global

flow coefficients, vapor volume trends and cavitation morphology.

4.4.1 Predicting flow coefficients and vapor volume

The training progress and performance of the first DNN in terms of the loss and

accuracy are illustrated in Figure 4.11. In simple words, the model loss measures the

distance of the predictions from the true values, while accuracy shows the proportion
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of correct predictions. The steadily decreasing loss curve, in Figure 4.11a, for the

training and test data indicates a good training process, where initially issues like

overfitting and underfitting were mitigated. As the curves reach a plateau, this

indicated that the model has stopped learning. The MAPE of the training data and

test data are respectively 3.36 and 6.28. Further training could lead to overfitting

issues and due to the early stop technique included in the models, the training

terminates after 200 similar results.

Figure 4.11: Training and test-data (a) loss curve of the DNN as a function of the number
of Epochs, (b) accuracy curve of DNN as a function of the number of Epochs.

Moreover, the model accuracy is represented in Figure 4.11b. The training and

test accuracy continues to increase in the beginning for the early epochs, indicating

a good learning process in the training data, while the test data indicated a good

progression of generalization of the unseen data. The two curves reached a plateau,

where the training data and test data exhibit an average accuracy of 0.917 and 0.671,

respectively. This accuracy difference between the training data and test data could

be an indication of overfitting, where the model may start to memorize the training

data, including noise and irrelevant patterns.

In addition, the accuracy values present high oscillations during the training.

These oscillations can be caused by factors such as quantization effects, noisy train-

ing data, or issues with model or training configuration [168]. The main issues that

could originate from the neural network architecture were already mitigated. This

instabilities cannot originate from inappropriate learning rates since high oscillations

around the minimum of the loss function were not detected as shown in Figure 4.11a.

The initial learning rate used in the training was 0.00005 combined with a decay

rate, which allows the network to shift from rapid exploration to fine-tuned conver-

gence, reducing oscillations due to the rate of learning. Besides, the LeakyReLU
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activation function eliminates the freezing weights during training, which is another

possible source of high oscillations.

Besides, the limitation or imbalance training data is the main reason for the

network to memorize specific examples rather than generalize [134]. This behavior

can be inspected in terms of the linear regressions of the training and test data

categorized by each neuron in the output layer as shown in Figures 4.12, 4.13 and

4.14.

Figure 4.12: Individual contribution of the Discharge coefficient values to the DNN perfor-
mance in terms of linear regression: (a) Training values (b) Test values.

Figure 4.13: Individual contribution of the Velocity coefficient values to the DNN perfor-
mance in terms of linear regression: (a) Training values (b) Test values.

The regression plots demonstrate an excellent correlation between the output

values and targets during the training of the Cd and Cv, with a Coefficient of Deter-

mination R2 of 0.996 for both cases. The training predictions show minimal minor

80



discrepancies and are essentially coinciding with a diagonal line as illustrated in Fig-

ure 4.12a and Figure 4.13a). The test predictions, in both cases, replicate the same

behavior with minimal over predictions, resulting in a Coefficient of Determination

R2 above 0.91. In other words, the Cd and Cv are well predicted by the DNN,

with high accuracy. The precision is superior to what is shown on Figure 4.11b,

confirming a good training procedure and enough data sampling for those classes.

However, the vapor volume does not present such a good performance as the

previous classes as shown in Figure 4.14. The training data presents a good corre-

lation, with a Coefficient of Determination R2 of 0.986. Nevertheless, the test data

indicates overfitting due to the high discrepancy of Coefficient of Determination R2,

being only 0.628. This class is clearly under-represented which causes the overall

reduced DNN accuracy and value oscillations.

Figure 4.14: Individual contribution of the vapor volume values to the DNN performance in
terms of linear regression: (a) Training values (b) Test values.

Very low data values, as in the case of the vapor volume, can present significant

issues during the evaluation of the neural network. In cases where actual values are

close to zero, even a slight overestimation can result in a very large or undefined

percentage error, unnecessarily influencing the overall MAPE score. Other loss

functions like Mean Absolute Error or Root Mean Squared Error were also tested,

without any improvement. Hence, an expansion of the dataset is the only solution

to mitigate the reduced accuracy and value oscillations.

Nevertheless, the model was structured to be incorporated in the pre-development

design phase of marine injectors. The 67% accuracy is an acceptable compromise

at this initial stage, especially when the computational cost and time are taken into
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consideration. Once the DNN is trained, those predictions are carried out in mil-

liseconds. The reduced accuracy is only driven by the vapor volume while presenting

the Cd and Cv with an elevated precision (above 90%) as illustrated in Table 4.1.

Besides, those predictions, in complement to the location of the vapor clouds that

will be presented in the next section, allow a full assessment of in-nozzle cavitation.

Test Target Predicted Target Predicted Target Predicted

Case Cd Cd Cv Cv VV VV

[-] [-] [-] [-] [-] [mm3] [mm3]

3 0.673 0.659 0.678 0.710 0.0146 0.0163

9 0.762 0.764 0.771 0.782 0.0142 0.0107

13 0.448 0.488 0.496 0.506 0.0290 0.0246

36 0.690 0.675 0.709 0.707 0.0122 0.0146

47 0.737 0.735 0.740 0.744 0.0095 0.0102

Table 4.1: Target and DNN predicted values of Cd, Cv and Vapor Volume (VV) for selected
test cases.

4.4.2 Predicting cavitation morphology

The cavitation morphology and location were predicted via two models: DNN and

GM. These predictions were carried out to reconstruct the VVF distribution for dif-

ferent nozzle geometries. The training progress and performance for both models are

evaluated in respect of the model loss versus epochs for the training and test data as

shown in Figure 4.15 and Figure 4.16. The model’s architecture and early stopping

strategies result in a different optimal number of epochs to prevent overfitting. The

progressive training loss decreasing and converging to a stable minimum indicates

that the models are effectively learning the patterns in the training data. Simulta-

neously, the decrement of test loss suggests that the models are generalizing well to

unseen data. In both cases, the magnitude of the loss values reaches low values in

the final plateau. The MSE of the training data and test data are respectively 0.007

and 0.034 for the DNN (Figure 4.15). The loss of the GM is also measured via MSE,

where the training data and test data are respectively 0.007 and 0.006 (Figure 4.16).

In the context of image processing, model accuracy cannot be directly quantified

by metrics such as MSE or linear regression as presented in the previous subchap-

ter. Those metrics focus on pixel-level aspects, which will undervalue the model
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Figure 4.15: Training and test data loss curve as a function of the number of epochs for the
DNN.

Figure 4.16: Training and test data loss curve as a function of the number of epochs for the
GM.

and heavily penalize any deviation. Small changes or simplifications in the recon-

structed output are acceptable if the model captures the essential features. Hence,

image-based models are typically measured via structural similarity, evaluating the

perceptual quality of the reconstructed images to the original input.

The quality of the neural network predictions can be assessed via a direct com-

parison with the CFD results for the test cases. Figures 4.17, 4.18, 4.19 and 4.20

illustrate an indicative comparison of VVF for two test cases. The grayscale pre-

dicted images were mapped to an 8 bit color palette and reconstructed to include

the representative parts outside the mask area to facilitate the visual comparison

and similarity associations.
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The global agreement between the simulations and the neural network predic-

tions are satisfactory related to the onset of cavitation and the location of the main

vapor cloud. However, when the vapor intensity is taken into consideration, the pre-

cision of the prediction between the neural networks can be differentiated. First, the

DNN can smoothy reproduce the VVF gradients and is covering its fraction range

as illustrated in Figure 4.17b. Few isolated absolute differences are seen for the high

vapor fractions (Figure 4.17c) inside the main vapor cloud. However, those minor

discrepancies do not compromise the good performance of the DNN, especially when

the fidelity to predict cavitation morphology is taken into consideration. This model

covers the onset of cavitation and its main form along the spray hole very well while

also predicting the small structure close to the spray hole exit. On the other hand,

the GM results show a complete failure to predict the high fractions of vapor volume

as seen in Figure 4.18b. The GM predicts the location of the onset of cavitation,

the main cloud and the small structures location well. Nevertheless, the gradients

of VVF were not possible to be visually recognized, where the cavitation areas are

represented for a constant volume fraction share, approximately 0.60.

A second example of the neural network predictions is presented in Figures 4.19

and 4.20 for test case 47 and a similar conclusion can be drawn. Predicting images

from scalar values poses several challenges for neural networks due to the inherent

information gap: a single scalar value often lacks the richness required to fully cap-

ture the complexity of an image. The neural networks may struggle with generating

high-resolution or detailed images from limited scalar inputs, where oversimplifica-

tion of VVF gradients can be explained for the GM (Figure 4.20b). Besides, the

cavitation area predicted by the GM is slightly larger than the reality, where an

extra cloud is predicted close to the spray hole exit. In this case, more data and fur-

ther training are still necessary to enhance the GM predictions, allowing the model

to differentiate the higher vapor fractions.

From the observations in Figures 4.17, 4.18, 4.19 and 4.20, it can be concluded

that the DNN model can achieve better generalization of the unseen data and accu-

racy than the GM. Moreover, the training progress does not present any instability,

resulting in a constant and minimal loss for the training and test data (Figure 4.15).

For these reasons, the DNN model proposed in this work is the suitable model for

properly replicating the VVF in an early design phase for marine injectors similar

to the design space that the DNN was trained on.
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Figure 4.17: Evaluation of the performance of the DNN prediction for the test case 9:
(a) VVF distribution from the CFD simulation in 8 bits depth resolution, (b) predicted VVF
distribution via DNN, (c) pixel absolute difference in VVF distribution between the two images.

Figure 4.18: Evaluation of the performance of the GM prediction for the test case 9: (a)
VVF distribution from the CFD simulation in 8 bits depth resolution, (b) predicted VVF
distribution via GM, (c) pixel absolute difference in VVF distribution between the two images.
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Figure 4.19: Evaluation of the performance of the DNN prediction for the test case 47:
(a) VVF distribution from the CFD simulation in 8 bits depth resolution, (b) predicted VVF
distribution via DNN, (c) pixel absolute difference in VVF distribution between the two images.

Figure 4.20: Evaluation of the performance of the GM prediction for the test case 47: (a)
VVF distribution from the CFD simulation in 8 bits depth resolution, (b) predicted VVF
distribution via GM, (c) pixel absolute difference in VVF distribution between the two images.
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4.5 Conclusions from CFD-assisted Machine Learning

for cavitation prediction

This chapter demonstrates the implementation and feasibility of using a limited

CFD-generated dataset to train surrogate ML models capable of reproducing dom-

inant cavitation trends within a marine injector design. Two DNNs and one GM

learned patterns to predict flow coefficients and cavitation for marine Diesel injec-

tors, focusing on the applicability of those neural networks to support the early

design phase. Cavitation was characterized regarding the vapor volume as a scalar

value and the contour plot of VVF, distinguishing the location and morphology

of the vapor cloud. The three models were trained with data generated via CFD

simulations. The LHS was used to select training data from CFD simulations and

ensure a minimal sampling with a good distribution across all dimensions of the

input space. The high dimensionality difference and computational cost of generat-

ing simulation data were reduced, while clustering or gaps from random sampling

were avoided. In total 59 nozzle geometries were simulated via CFD under the same

operation condition.

The input parameters were the same for the models: needle lift, conicity and

needle tip. The first DNN predicts with high accuracy the Cv and Cd. However, the

vapor volume presented a limited accuracy. This data class may is under-represented

due to the absolute low data values, and an expansion of the dataset could miti-

gate this issue. Although the overall accuracy reaches only 67%, this precision is

still acceptable for the model application goal, where the gain on prediction time

compensates for the limited precision.

The second DNN and GM are image-based models used to predict the cavitation

morphology from scalar values. Predicting images from scalar values with neural

networks is challenging due to high output dimensionality, while scalar inputs are

low-dimensional. This mismatch exponentially increases the model complexity and

makes it challenging to distinguish meaningful patterns, especially when the dataset

size is small. Reducing image depth from 24 bits to 8 bits can alleviate the curse of

dimensionality, where fewer color values are possible to be mapped. This reduction

makes the prediction task less complex and helps the model to focus on essential

features.

Both models show good precision related to the onset of cavitation and the lo-
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cation of the main vapor cloud. However, the GM is insensible to high VVF values,

resulting in blurry or oversimplified gradient variation. The requirement of a square

area for the output puts in evidence the high-dimensional issues to maintain spatial

smoothness in the predictions. In this case, only data augmentation can contribute

to mitigating the current GM imprecision. On the other hand, DNN flexibility

allowed to reduce the number of pixels on the output image due to the mask de-

limitation. This strategy has a positive impact on the quality of the predictions.

The DNN can forecast the location, morphology and intensity of the VVF with ele-

vated precision. Besides, the proposed CFD-assisted ML workflow is not inherently

restricted to a single two-dimensional plane representation. The same methodology

can be extended toward images of a three-dimensional view of flow fields represen-

tations, depending on the desired level of detail and engineering application.

Finally, the two DNNs give a complete overview of in-nozzle cavitation for marine

injectors. They could be integrated into the early design phase for injectors in

a similar geometries and parameter range represented within the training space.

Besides, those DNNs exemplify how CFD and ML can supplement each other in an

industrial environment, combining the accuracy of physics-based CFD simulations

with the speed and adaptability of ML. A similar CFD result for geometries similar

to the training dataset can be generated within seconds by the neural network,

enabling real-time process optimization. The time gained by using the proposed

ML surrogate models for initial design assessment allows the CFD simulation to be

used more effectively in the later stages of the design phase, focusing on fine-tuning

and validation of the most promising designs identified by the ML model.

4.6 Critical review

This section provides a critical reflection of the present chapter, which introduces

a CFD-assisted ML framework for the prediction of cavitation behavior in marine

Diesel injectors. The work addresses a relevant engineering challenge: the high com-

putational cost associated with detailed cavitation simulations during the injector

design and optimization. To mitigate this limitation, the proposed framework in-

tegrates CFD-generated datasets with ML surrogate models. This integration can

enable a faster assessment of cavitation during the preliminary design phase. In

addition, the chapter demonstrates strong technical competence in CFD modeling,
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image pre-processing and neural network implementation. In particular, the study

tackles the challenging problem of reconstructing cavitation morphology images from

a limited set of scalar input parameters, which constitutes a relevant contribution

from a surrogate modeling perspective. Nevertheless, conceptual and methodologi-

cal limitations reduce the robustness and generalization of the proposed framework

in its current form.

One of the principal strengths of the chapter lies in its clear industrial motiva-

tion. Cavitation continues to represent a major challenge in fuel injection systems

due to its influence on injector durability, hydraulic performance, spray atomization

and emissions [33][35][99]. The selected geometrical parameters (needle lift, conicity

and needle-tip geometry) are physical meaningful and directly influence local pres-

sure gradients, flow contraction and vapor cloud development within the injector

nozzle [48][92][151]. In complement, the adoption of LHS to generate the design

points across the parameter space is also appropriate and demonstrates awareness

of surrogate model sampling strategies from limited CFD datasets.

Furthermore, the image pre-processing methodology constitutes one of the strongest

aspects of the chapter. The grayscale conversion, masking strategy and image-depth

reduction are effectively implemented to reduce dimensionality and training com-

plexity. As presented in the chapter, the predicted images successfully captures

the dominant cavitation morphology by the DNN. Nevertheless, the chapter would

benefit from a more explicit positioning of the images as a fully three-dimensional

representation of the cavitating flow field.

Besides, at some points the work may lead the reader to interpret it as a

cavitation-physics investigation, a generalized ML predictor, or a CFD optimiza-

tion study. In practice, the work is most scientifically defensible when viewed as a

feasibility oriented CFD-assisted surrogate modeling framework. Its central contri-

bution lies in evaluating whether ML models can reconstruct dominant cavitation

behavior from low-dimensional scalar input parameters under constrained dataset

conditions. Hence, the proposed surrogate models should not be interpreted as a

universal and transferrable cavitation predictor. This distinction should be clear

because the strong dimensional mismatch between scalar inputs and image based

outputs represents one of the key challenges addressed in this study.

Despite it merits, the neural network architectures employed in the chapter also

present certain limitations. GM, particularly those based on convolutional architec-
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tures or latent-space compression techniques, generally outperform fully connected

DNNs in image prediction and reconstruction tasks [304]. These approaches incor-

porate strong inductive bias, including spatial locality, translation invariance and

parameter sharing, which typically improve data efficiency and generalization in im-

age based applications [114][304]. However, when the available training dataset is

very small, highly specialized or insufficient to support effective learning of convo-

lutional filters, these architectural advantages may be diminished [115].

As discussed in this chapter, the DNN achieved better predictive performance

by more closely fitting the specific input-output relationship present in the data.

This outcome is particular plausible when the images are of relatively low dimen-

sionality or when the features have already undergone substantial prepossessing or

feature engineering such as the application of an additional mask that restrict the

output space of the DNN. Although the DNN demonstrates satisfactory capability in

reproducing cavitation onset and dominant vapor cloud morphology within the sam-

pled design space. This performance may be more attributable to problem-specific

characteristics, or insufficient training data relative to the complexity of the GM

architecture rather than to a general advantage of DNNs in data constrain settings.

Furthermore, the predictive capability of the DNN remains limited to interpola-

tion within the investigated parameter space and cannot currently be generalized to

substantially different injector geometries or operating conditions.

Another important point concerns the limited dataset size. Only 59 CFD sim-

ulations were generated for training and testing the ML models. Although the

use of the LHS improves parameter space coverage and ensures better space-filling

properties [175], the dataset remains relatively small for deep-learning applications

involving high-dimensional image outputs. While the dataset size was defined based

on previous studies reported in the literature, the chapter would have benefited from

a dataset convergence analysis to justify its adequacy. As indicated by the observed

overfitting behavior in the prediction of the scalar vapor volume, the current dataset

may not be sufficiently representative relative to the complexity of the learning task.

Therefore, a learning curve assessment should be included as part of the future work.

Overall, the chapter demonstrates the feasibility of using CFD-generated datasets

to train ML surrogates models capable of reproducing dominant cavitation trends

for marine injector design. The work represents a valuable proof-of-concept con-

tribution toward CFD-assisted surrogate modeling and addresses the challenging
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scalar to image learning problem despite the limited size of the available dataset.

However, the current framework should be interpreted as a local surrogate modeling

methodology rather than as a universally generalizable cavitation prediction tool.

Future work should focus on expanding the CFD database, incorporating learn-

ing curve assessment, exploring convolutional architectures and three-dimensional

representations to improve model robustness and transferability.
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Chapter 5

Data-Driven Prediction of Spray

Macroscopic Characteristics for

Marine Injectors using Neural

Networks

This chapter is based on the author’s third publication, published in Fuel, doi:

10.1016/j.fuel.2025.136736.

5.1 Introduction

The fuel flexibility embedded in the DFICE concept entails disadvantages related

to the complexity of the injection system. Understanding the relationship between

nozzle geometry, flow dynamics, and delivery performance provides additional crit-

ical insight on injector optimization and is a necessary step towards optimizing the

spray trade-off characteristics for fuel flexible operation. Spray Tip Penetration

(STP) is a critical element in the fuel injection process, as it directly influences

air-fuel mixing, combustion efficiency, and, consequently, engine performance and

emissions [118, 178]. Over the past few decades, researchers have been dedicated to

developing mathematical models to predict STP and Spray Cone Angle (SCA). Such

efforts have been intensified in recent years owing to the increasing sophistication of

computational tools and the introduction of ML techniques.

The traditional methods for predicting STP and SCA often rely on empirical
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correlations, semi-Empirical models, and high-fidelity CFD simulations. Empiri-

cal correlations are frequently derived from experimental data and adjusted to fit

certain operating ranges. They are user-friendly and computationally inexpensive.

Conversely, their accuracy is limited when applied to conditions that diverge from

those employed in their derivation. Semi-Empirical models, such as those derived

by Wakuri et al. [269] and Hiroyasu et al. [97], combine simplified physics with

empirical correlations. The incorporation of considerations such as momentum the-

ory and jet disintegration theory enables these models to reflect more aspects of the

underlying physics, going beyond empirical correlations. Nonetheless, they remain

dependent on some empirical attributes and may lack precision in highly varying

injection conditions [305].

CFD can be leveraged to model interactions between the liquid fuel jet, sur-

rounding gas, and turbulence, providing comprehensive insights into spray breakup,

atomization, and droplet dynamics [107]. However, numerical simulations can be

computationally demanding and time-consuming, particularly for high-fidelity ap-

proaches [5]. Their precision is significantly influenced by the selected turbulence

and break-up sub-models and necessitates validation against experimental data to

ensure their reliability [182].

The data-driven modeling techniques, in particular ML, have demonstrated sig-

nificant potential in accurately predicting the STP and SCA, while effectively cap-

turing intricate interactions among input parameters such as injection pressure,

nozzle shape, and fuel characteristics. It serves as an attractive alternative for per-

forming the injection equipment design and optimization, in contrast to costly and

time-intensive experimental measurements and CFD simulations [139].

Albeit the previous investigations, the semi-empical models as well as the ML

restrict themselves to few designs during their formulation, most of them to one

or two injector designs. In addition, those models present a limited number of ge-

ometrical parameters as input. Therefore, their use is very restricted during the

pre-development phase of injector designs, making it difficult to take advantage of

the fast prediction to explore the design range and identify the promising designs

effectively during the optimization process. They focus more on the impact of differ-

ent operation conditions or fuel types. Varying designs is inherently a more complex

task than adapting to different operational conditions for a single, fixed geometry

because of the dimensionality increment [49, 113]. Each design leading to more com-
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plex feature interactions and non-linear relationships, presenting a more challenging

task.

Even though ML offers superior flexibility for spray macroscopic prediction com-

pared to semi-empirical models, an elevated number of input parameters imposes

an additional cost. The collinearity among geometric parameters can destabilize the

model, and the data quantity is normally elevated to generalize effectively [301]. On

the other hand, high-quality data acquisition can be expensive and time-consuming,

introducing limitations to the data expansion [103, 116]. Setting up experiments or

running simulations often requires significant resources. Another option is the usage

of historical data and integrating it from different sources, but this task can be very

demanding due to differences in data formats and structural inconsistencies [277].

Hence, balancing ML model complexity and generalization ability becomes a critical

challenge.

Moreover, models in literature are more commonly developed for light-duty ap-

plications due to their dominance in the market. Heavy-duty marine injectors often

operate over a much wider range of conditions than light-duty injectors, including

variable fuel amounts, high injection pressures, and more severe environments [239].

Consequently, the accuracy of those models is reduced for this specific type of in-

jector, making their extrapolation or tuning a time-consuming process without a

guarantee of accurate results.

Therefore, the aim of this chapter is to obtain a tool tailored for marine Diesel

injectors that permits reliable predictions of spray macroscopic characteristics (STP

and SCA) as well as a relative comparison of different designs under operation

conditions relevant for fuel flexibility: Diesel-only and DFICE mode. To this goal, a

neural network has been conceived and trained with experimental data from a variety

of marine designs and operation conditions. Finally, focusing on their applicability

during the pre-development design phase, a total of 14 input parameters have been

included in the model where most of them are related to geometrical constraints

relevant to the conceptualization phase. To the best of the author’s knowledge,

this is the first predictive model that focuses on the injector design and includes

10 geometrical parameters as input features for predicting spray characteristics in

marine Diesel injectors.
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5.2 Experimental data acquisition

This study reviews the past decade of experimental testing, encompassing serial

and prototype designs from WLO, to train the neural network. The resulting data

acquired using optical methods is described in subsections 5.2.1 to 5.2.3, which offer

a concise summary of the optical setup, image processing, and operational conditions

for liquid-to-gas measurements.

5.2.1 Experimental configuration

The spray-propagation optical measurements were performed in a sealed cubic Con-

stant Volume Chamber (CVC) with a total capacity of 34 liters. This CVC com-

prises three optical windows made of fused silica panes, each measuring 200 mm

by 200 mm. The pressure and temperature were controlled via a valve-regulated

nitrogen supply and cooling- water circulation, respectively. The chamber, designed

to withstand pressures up to 60 bar, enabled optical diagnostics of spray behavior

under controlled conditions, encompassing representative values of in-cylinder pres-

sure during diesel injection. The chamber temperature was maintained constant at

293.15 K.

Figure 5.1: Schematic layout for the optical measurements at Woodward L’Orange: (a) Mie-
scattering Light, (b) DBI.

Figure 5.1 depicts the schematic of the optical configuration employed for the

visualization and quantification of the spray using Mie-scattering (Figure 5.1a) and
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Diffuse-Backlight Illumination (DBI) (Figure 5.1b). The camera is positioned per-

pendicular to the light path and opposite to the injector for the Mie-scattering

approach. In DBI, a collimated light beam illuminated the spray, and the resultant

back-projections were recorded by the high-speed camera. The camera is a Photron

FASTCAM SA5, capable of operating at frequencies up to 775,000 fps, while the

injection process is controlled by a custom-engineered ECU system. The synchro-

nization between the injection system and the camera guaranteed precise temporal

resolution of the spray development, utilizing the injector trigger signal as a reference

for capturing the image sequences.

This adaptable optical configuration facilitated thorough viewing and quantifi-

cation of spray dynamics, yielding essential data for the validation of computational

models and the optimization of injector designs for marine diesel engine applica-

tions. The combination of DBI and Mie-scattering enables the visualization of both

macroscopic spray attributes and microscopic droplet characteristics.

5.2.2 Image processing method

An in-house software was developed to monitor the spray boundary across numerous

frames, offering temporal data regarding the spray evolution. Following image pro-

cessing, quantifiable data were extracted from the temporal variation of the spray.

In general, the image processing is composed of three main stages: acquisition of

the background image for comparison of the grey value of the pixels of each image,

definition of the spray contour based on a threshold intensity-sensitive method [189]

and calculation of the macroscopic variable. The two last stages are repeated for

each time step until the end of injection.

Figure 5.2a illustrates an indicative processed image obtained by Mie-scattering.

The intensity of the dispersed light correlates with the concentration of droplets.

The threshold was selected on the pixel intensity difference based on the background

value and empirically determined to differentiate between spray and gas areas. Based

on this pixel comparison, the spray border is delineated according to the intensity

of dispersed light. This technique enables the viewing and quantification of liquid

phase penetration, particularly in dense sprays where DBI may be constrained by

the spray’s opacity.

In a similar manner, DBI is normally utilized to determine the area of the spray

with adequate droplet concentration to be classified as part of the spray plume.
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Figure 5.2: Indicative images: (a) Mie-scattering, (b) DBI.

Figure 5.2b illustrates an indicative processed image obtained by DBI. The spray

image appears as a darker area contrasted against a lighter background. Image

processing is utilized to augment contrast and delineate the spray boundary. Again,

the threshold was selected based on the background value and empirically depicted

to differentiate between the spray and gas areas. However, DBI cannot discriminate

between the liquid core of the spray and the evaporating surrounding area.

These optical techniques are employed to determine STP, SCA, spray area, spray

circumference, spray-to-spray deviation, and shot-to-shot deviation. The STP was

defined as the furthest pixel from the spray hole exit. In this work, SCA was

measured at the intersection of the spray axis and the center of mass based on the

2D representation image of the spray area. This strategy reduces the dependence on

arbitrary thresholding or image segmentation choice [27]. Finally, the macroscopic

spray variables of the multi-hole injectors are the average of each spray hole in the

case of Mie-scattering measurement.

5.2.3 Operation conditions

The CVC facilitates the evaluation of diverse marine injectors, enabling a comparison

of their spray characteristics and potential impact on combustion performance. For

all cases, diesel fuel was substituted with a SRS Calibration Fluid CV during optical

measurements. This fluid presents a very close viscosity tolerance and meets the

ISO standard 4113-CV-AW. Calibration fluids are typically formulated to be less

opaque than diesel, facilitating clearer viewing of the spray structure by optical

techniques. Furthermore, they have well-defined and consistent physical properties,
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as shown in 5.1. In addition, Calibration Fluids exhibit lower flammability and

toxicity compared to diesel and are more economical than specialized research-grade

diesel fuels [142]. This substitution is essential to ensure consistency, reliability and

results standardization of the testing.

Fuel Properties SRS Diesel

Density [kg/m3] 824a 820− 850a

Viscosity [mm2/s] 2.52b 1.9− 4.1b

Table 5.1: Fluid properties of the SRS Calibration Fluid CV in comparison to Diesel (avalue
at 15°C; bvalue at 40°C) [221, 6].

In those measurements, the electronically triggered injectors exhibited an injec-

tion duration, excluding latency time, ranging from 220 µs to 1200 µs. A range of

injection pressures, from 800 to 2200 bar, was investigated to distinguish the spray

behavior throughout different operating regimes. The ambient pressure within the

chamber was also altered. The temperature remained constant at 293.15 K due to

the properties of this CVC, also referred to as a cold chamber, while the density

was regulated by adjusting the pressure between 25 and 60 bar to simulate realistic

engine conditions. Prior to each experiment, the chamber was purged and filled

with nitrogen to a specified pressure and temperature, guaranteeing a uniform and

inert atmosphere. Finally, each measurement was repeated between 5 to 10 times

for each working condition to ensure reliability. Table 5.2 summarizes the injection

conditions utilized in all experimental measurements.

Parameter Min. Min.

Injection Duration [µs] 220 1200

Injection Pressure [bar] 800 2200

Ambient Pressure [bar] 25 60

Temperature [K] Constant at 293.15

Repetitions [-] 5 10

Injector type [-] 27 multi-holes injectors from serial

and prototype industrial designs

Table 5.2: Operating conditions explored in the spray optical measurements.
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5.3 Exploratory data analysis

In this study, the integration of historical data from numerous sources proved to be

a time-consuming task. The experimental data from multiple projects were cross-

referenced with the database of WLO’s design department. During data standard-

ization, the main issues encountered were insufficient data descriptions, improper

formatting, duplicate entries, and outdated documentation. Consequently, the rele-

vance of the datasets was considered in the data analysis.

Currently, data preparation problems are crucial in machine learning applica-

tions. Data collection and cleaning constitute near 80-90% of the total effort [277].

Once the data were curated, ensuring suitable format, size, and quality, 85 exper-

imental measurements were selected, with each measurement varying between 11

and 90 data points based on the injection duration. Those measurements covered

a total of 27 distinct injector designs, which include serial and prototype designs.

The input features were selected based on feature reduction, profiling (assumptions

derived from in-house expertise), and accessibility during the injector conceptual-

ization phase. Consequently, the present formulation does not explicitly incorporate

non-dimensional physical similarity groups such as Reynolds or Weber numbers. Al-

though this feature representation facilitates integration into industrial design work-

flow, it may limit the direct physical interpretability of the learning relationships

and may reduce extrapolation capability beyond the explored design space.

The final dataset had 14 input elements, including three operational condi-

tions, ten design parameters, and the time after energization. The temporal ref-

erence adopted in this study corresponds to time after energization rather than

hydraulic start-of-injection (SOI) due to the industrial collaboration. Consequently,

the present formulation incorporates both electromechanical injector dynamics and

fluid dynamic spray development. While this choice reflects the structure of the

available industrial dataset, it may reduce transferability across injector architec-

tures exhibiting different actuation delays.

The operational parameters are injection duration, injector rail pressure, and

ambient pressure as already shown in Table 5.2 and delineate the injection conditions

utilized during the experimental measures. The design parameters include sac hole

volume, k-factor, number of spray holes, angle between spray holes, Q100, throttle

effect, inlet spray hole diameter, outlet spray hole diameter, sac hole area, and
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minimum distance between spray holes. For reasons of confidentiality, the specific

range of design parameters must be undisclosed because of cooperation with an

industrial partner.

In addition, three of those features are the result of transforming data into rel-

evant information and the minimum requirements in the early phase of the design

process. The k-factor, or conicity, denotes the hole taper degree. The Q100 is the

expected mass flow rate of the injector measured at a pressure differential of 100 bar.

This number serves as a reference point throughout the injector design conceptual

phase and offers a standardized assessment of diesel injector performance.

The throttle effect is the third one and is also a projected performance established

at the conceptual phase. This dimensionless quantity is derived from the theoretical

velocity according to Bernoulli’s Equation and the anticipated mass flow rate as

shown in Equation 5.1.

Throttleeffect =

Q100
nHoles

Ao
.

√
ρ

2∆P
(5.1)

where nHoles is the number of spray holes, Ao represents the area of the spray

hole, ρ signifies the fluid density, and ∆P indicates the pressure differential, which

in this preliminary phase is 100 bar.

Particular attention should be drawn to the fact the some parameters are inher-

ently interconnected because they arise from coupled injector design constrains. For

example, outlet spray hole diameter, number of spray holes, sac volume and Q100

are partially co-dependent through hydraulic flow requirements. Consequently, the

input features do not represent a fully orthogonal parameter space, and the DNN

should be interpreted as learning coupled relationships rather than independent

physical effects.

In complement, the redundancy among selected input features can be math-

ematically assessed by statistical correlation. Feature correlation is essential for

the efficacy and interpretability of machine learning models. A reduced correla-

tion among input characteristics could simplify the system equations in training

algorithms, potentially facilitating resolution, enhancing convergence rates, and im-

proving generalization [303]. Figure 5.3 illustrates the Kendall tau’s rank correlation

among the operation conditions and geometrical input features.

Kendall rank correlation is a non-parametric test that assesses the strength of de-
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pendence between two variables [199]. Kendall tau is a suitable option for correlation

analysis in small datasets, in contrast to other formulations such as Spearman’s cor-

relation coefficient (rho) [62]. This method does not presuppose a linear relationship

or normal distribution, providing narrower confidence intervals, better control over

Type I errors, and robustness to outliers [199, 11]. Kendall tau’s rank correlation

can be mathematically defined as shown in Equation 5.2.

τ =
nc − nd

n(n− 1)/2
(5.2)

where nc reflects the number of concordant pairs, nd represents the number of

discordant pairs, and n signifies the sample size. This formulation results in a value

such that −1 ≤ τ ≤ 1. A coefficient of ±1 signified a strong monotonic relationship,

where a perfect positive correlation corresponds to the joint growth of both fea-

tures. Conversely, an opposite directional growth is signified by a perfect negative

correlation, while 0 indicates the absence of a monotonic relationship between the

variables.

As illustrated in Figure 5.3, the majority of the characteristics exhibit weak to

moderate correlations, with scores below ±0.65. Among the operational conditions,

only the ambient pressure exhibits strong correlations with certain design param-

eters, particularly with sac hole volume (0.90) and k-factor (-0.81). Nevertheless,

this elevated correlation coefficient is misleading due to the diminished variability

of the ambient pressure.

Regarding the design parameters, the k-factor also exhibits a high correlation

with sac hole volume (-0.80). The sac hole volume also shows a high correlation with

the angle between the spray holes (0.68) and Q100 (0.74). The correlation between

the inlet spray hole diameter and the outlet spray hole diameter reaches a value

of 0.74, which aligns with the expectations, as they are interconnected through the

K-factor specification.

Features that are highly correlated might diminish model interpretability, elevate

the danger of overfitting, and induce multicollinearity, complicating the assessment

of each feature’s individual impact on the target variable [154, 104]. Nonetheless,

maintaining them can be advantageous, particularly in scenarios where feature in-

teractions are complex, since eliminating correlated features may result in the loss

of critical information [234]. Furthermore, their utilization is justified in contexts
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Figure 5.3: Kendall Tau’s rank correlation coefficient for the selected features, operating
conditions and geometrical parameters.

where they convey critical information and offer substantial insights into the model’s

interpretation and prediction [108]. Consequently, although certain features exhib-

ited heightened correlation, the choice was made to preserve them owing to their

importance in the design process, and derive a single surrogate model. While this

reflects realistic engineering workflows, it limits the direct isolation of individual

parameter effects.

5.4 Deep Neural Network Architecture

In this work a multilayer perceptron or fully connected, feedforward neural network

was employed. The topological configuration of the DNN consists of an arrangement

of neurons in a network of hierarchical layers (input, hidden and output layers) with a

103



14-x-2 architecture, where x represents the variable number of neurons in the hidden

layer, while 14 and 2 correspond to the neurons of the input and output layers. The

14 input parameters that constitute the input layer were described in the preceding

section. The objective of this DNN is to create a preliminary tool for the injector

design process, correlating the geometrical parameters and operational conditions

to spray penetration and cone angle. Consequently, the output layer comprises the

intended predictions, i.e., spray penetration and spray cone angle.

In the development of the DNN architecture, the number of neurons and hidden

layers were adjusted, with 15 hidden layers providing the optimal balance of accuracy

and a complementary description is provided in Appendix C. Figure 5.4 shows the

schematic structure of the DNN, where based on their connection, the outputs from

the previous layer serve as composite features for each neuron in the subsequent

layer.

Figure 5.4: Representation of the neural network consisting of one input layer, ten hidden
layers and one output layer, with dropout nodes symbolized by red marks.

The LeakyReLU activation function, a variation of the Rectified Linear Unit

(ReLU), was utilized in every neuron within a layer to introduce non-linearity. Fur-

thermore, two regularization techniques were employed to mitigate overfitting issues

arising from the limited data available. The dropout rate was the first regulariza-

tion technique employed, wherein nodes randomly cease to transmit their forward

signal during training with a 30% probability, refer indicatively to the nodes anno-

tated in the schematic DNN representation of Figure 5.4. The second regularization

technique employed was early stopping. The model loss was calculated via Mean

Absolute Percentage Error (MAPE).
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In the DNN training, the 85 experimental cases were randomly split into two

datasets: 80% for training and 20% for testing. The data division was executed

with careful precision to guarantee that all penetration ranges (short, medium, and

long) were represented in both data sets. The test set was entirely unexposed dur-

ing the training phase, enabling an objective evaluation of network performance.

Additionally, prior to training the DNN model, the input data were standardized

to the range [0, 1], providing a uniform scale and appropriately representing the

significance of each variable.

5.5 Results and discussion

5.5.1 Deep Neural Network evaluation

A comprehensive view of the training progress and performance of the neural network

is illustrated in Figure 5.5. The loss function quantifies the difference between the

predicted output of the neural network and the actual target values using MAPE.

The downward trend seen with the increasing number of epochs, as depicted in

Figure 5.5a, indicates effective error minimization between predictions and actual

values for the training data, obtaining a MAPE of 1.67. The respective value for

the test data is 2.63. Approximately 300 epochs into training, the model attains a

plateau in its predictions, indicating that additional training does not substantially

enhance its performance. The model executes 200 additional epochs owing to the

patience definition, a hyperparameter employed in the early stopping technique.

Figure 5.5: Training and test-data (a) loss curve of the DNN as a function of the number of
Epochs, (b) accuracy curve of DNN as a function of the number of Epochs.

Early stopping terminates the training process when the loss no longer improves,
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while the patience value specifies the number of extra epochs to continue training

following the last improvement in model loss [297]. Increased patience settings

afford the model additional time to potentially enhance performance. In contrast,

diminished patience values may cause premature stopping, leading to suboptimal

model performance.

Furthermore, the model accuracy is illustrated in Figure 5.5b. The accuracy can

be defined as the ratio of true predictions to the total number made by the model. At

the beginning of training, accuracy usually increases rapidly as the model begins to

learn the basic patterns within the data. Analogous to the loss curve, the accuracy

curve likewise attains a plateau, indicating the maximal learning capability for the

given data and architecture. The training data and test data exhibit comparable

accuracies of 0.942 and 0.948, respectively.

The combination of an increase in accuracy and reduction of loss over time in-

dicates the effectiveness of the DNN training process. The analogous pattern of

loss and accuracy for both training and unseen data confirms the model’s efficacy,

demonstrating its ability to mitigate possible concerns, such as overfitting, a com-

mon problem for limited data sets. For instance, overfitting is typically marked

by a persistent rise in training accuracy coupled with a plateau or rise in test loss

[2]. Furthermore, both metric results corroborate the appropriate selection of hy-

perparameters, including the number of hidden neurons and learning rate, therefore

confirming the correctness and reliability of model predictions.

In addition a linear regression between predicted and target values is depicted

in Figure 5.6, quantifying how much of the variance in target variables is captured

by the predictions. The regression plots demonstrate a good correlation between

the output values and targets, with a Coefficient of Determination R2 of 0.9845 for

the training data and 0.9745 for the test data. The training predictions, shown by

markers, essentially coincide with a diagonal line, exhibiting minor discrepancies

during the initial phase of spray development (Figure 5.6a). The test predictions

replicate the same behavior, with the inclusion of some overpredictions that account

for the long spray penetrations and initial phase of the spray, as illustrated in Figure

5.6b. The early stages of spray measurement are characterized by significant flow

disturbances and statistical uncertainty, resulting from the embedded complexities of

spray formation, turbulence, and measuring difficulties. These factors influence the

variability observed in spray characteristics and the quality of the model prediction.
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Figure 5.6: Linear regression of the DNN: (a) Training values (b) Test values.

Overall, these disparities can be considered minor across the entire dataset con-

cerning the model’s accuracy and reliability. Despite minor differences, the DNN

consistently estimated the actual values, exhibiting a balance between fitting and

predictive capabilities while avoiding overfitting.

5.5.2 Spray penetration and cone angle prediction

Figure 5.7, Figure 5.8, and Figure 5.9 illustrate the comparison between the observed

STP and SCA and their corresponding predicted values generated by the DNN. The

graphs exhibit STP and SCA as a function of time after energization, showcasing

the versatility of the DNN to forecast the temporal evolution of the spray in three

ranges: short, medium, and long penetration length. This range classification was

imposed by the author due to the easy assimilation with the results. Besides, they

also represent, respectively, a pilot injection for DFICE mode, part-load for Diesel-

only mode and high-load for Diesel-only model. It is important to accentuate that

pilot injection for DFICE mode is not only limited to a short penetration length. It

is a combination of injection pressure and ambient pressure and is mostly driven by

the short injection duration, often resulting in a short penetration length.

Experimental values are represented by markers and error bars, whereas the neu-

ral network forecasts are shown by only a solid line. The error bars were calculated

via the standard deviation of the experiments. The DNN precisely captures the

STP during short penetration, as illustrated in Figure 5.7a. Nevertheless, the model

slightly overestimates the initial phase of the SCA (Figure 5.7b) and the fluctuation
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of the spray angle over time. This initial overestimation is a result of averaging 5 to

10 measurements at early injection stages, where low energization duration for the

pilot injection in DFICE led to high variation in the injector opening time. After

this initial phase, the model persistently exhibited an acceptable precision, however

it was still insensitive to the oscillation of the SCA over time for operation condi-

tions in the range of DFICE mode. The discrepancies pertain to the accuracy range,

while the DNN effectively estimates the overall trend.

Figure 5.7: Comparison of the measured and predicted STP and SCA in function of time
after start-of-injection (aSOI) for short penetration length, a representative test case of Diesel
pilot injection for DFICE mode. The injector A was tested under an injection pressure of 800
bar, ambient pressure of 50 bar and injection duration of 360 µs.

Figure 5.8: Comparison of the measured and predicted STP and SCA in function of time
after start-of-injection (aSOI) for medium penetration length, a representative test case of
part-load for Diesel-only mode. The injector B was tested under an injection pressure of 1000
bar, ambient pressure of 60 bar and injection duration of 500 µs.

A representative case of medium length or part-load for Diesel-only mode is

depicted in Figure 5.8a. The spray length is accurately predicted, aligning with the

experimental measurements. Furthermore, a considerable enhancement of the SCA

estimation is evident in Figure 5.8b. With an early stabilization of the cone angle, the
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Figure 5.9: Comparison of the measured and predicted STP and SCA in function of time
after start-of-injection (aSOI) for long penetration length, a representative test case of high-
load for Diesel-only model. The injector C was tested under an injection pressure of 2000 bar,
ambient pressure of 47 bar and injection duration of 947 µs.

DNN predicts this region more accurately. However, it still overlooks the dynamics

of the cone angle, presenting only the overall trend. The last comparison illustrates

a scenario of long spray length or high-load for Diesel-only mode, as shown in Figure

5.9. A consistent correlation between the experimental data and predictions for STP

is demonstrated in Figure 5.9a. A marginal underestimation of SCA is noted across

most of the time as shown in Figure 5.9b. Nonetheless, the general tendency is well

addressed by predictions, respecting the measurement standard deviation.

Overall, the DNN successfully captures the temporal evolution of the spray,

precisely reflecting the penetration dynamics during the observed time for the unseen

data. An over-prediction of the SCA is noted during the initial phases of spray

generation, especially in short spray lengths. This mismatch indicates that the

DNN might be overestimating the initial momentum or underestimating the effects

on factors like air resistance and droplet interactions during the early expansion

phase, in complement to the increased statistical uncertainty to the early stages of

spray measurement. Moreover, the DNN seems to only cover the average behavior

of SCA. Notwithstanding these deviations, the DNN remains a valuable tool for

comprehending and predicting SCA, presenting an attractive strategy to support

the optimization of spray systems independent of the operation mode.
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5.5.3 Analysis of the input features influence on the DNN and

spray macroscopic characteristics

Figure 5.10 presents the feature importance analysis performed on the trained neural

network, providing insights into the relative influence of the input features on the

predicted values based on the experimental data set of this work. The graph depicts

the normalized importance of each feature, ranked from most to least significant.

Because the current model is formulated using dimensional engineering variables,

the resulting feature importance rankings should be interpreted cautiously and not

as direct indicators of fundamental physical dominance.

The injection pressure is a predominant factor among the operational conditions,

with an importance of 0.22. As expected, the injection pressure affects the spray

momentum and topology, including spray angle [240]. Elevated pressures can result

in more transient sprays characterized by greater variability in spray morphology

[228]. The injection duration has an intermediate importance of 0.04, since longer

injection durations often result in enhanced STP lengths and a broader dispersion

pattern.

Figure 5.10: Feature importance analysis of the DNN input: green bars represent the oper-
ation conditions, while blue bars geometrical parameters

What stands out is the fact that the ambient pressure exhibits the least sig-

nificance compared to other input features. The low statistical importance of the

ambient pressure in the present DNN should not be interpreted as weak physical
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relevance. Instead, it primarily reflects the relatively narrow range of ambient pres-

sure conditions represented in the training dataset. The experimental measurements

were carried out over the last 10 years with similar CVC back pressures. As a conse-

quence, the ambient pressure has low variety in the input set and therefore misleads

the DNN to think it has a low relative importance. This analysis only displays

the relative importance of each feature, therefore partially reflecting the complete

physics behind the spray development.

Since the inclusion of geometrical parameters was one of the distinctiveness of

this network, those features present a more balanced relative importance and high

variability in the input set. Among the geometrical parameters, the number of spray

holes, spray hole outlet diameter and sac hole volume are the predominant geometri-

cal features affecting the learning behavior of the DNN, with respective importance

of 0.13, 0.11, and 0.10. The spray hole outlet diameter is the primary geometrical

parameter in most semi-empirical and ML models for spray characteristics due to

its direct influence on momentum and initial droplet size [140].

Interestingly, Q100 demonstrates a relative relevance of 0.08, while the throttle

effect, inlet spray hole diameter, sac hole area, and minimal distance between spray

holes show equivalent importance of 0.06, indicating a complex interplay among

these features. The K-factor and the angle between spray holes exhibit somewhat

diminished significance, suggesting a relatively reduced impact within the examined

data set range.

This hierarchical interpretation of feature importance underlines which input

features most influence the DNN. This analysis assists on the interpretability and

reliability of the ML model, often referred to as “black-box” because of their complex

structure [79]. Besides, their interpretation is also a reflection of the training data set

and their intricate interaction on the prediction. It can show the relative significance

of an input parameter, information valuable for the injector design optimization

process. However, the feature importance analysis cannot always be translated

into mechanisms that govern spray behavior. Due to this limitation in terms of

physical knowledge, PIML has been a growing subarea of ML, where physical laws

are incorporated as model constraints or loss terms [287].

For example, PIML or constrained ML could further improve model robustness

by embedding constrains directly into the learning process such as conservation

laws or flow-capacity relations. Such methods may reduce the influence of dataset
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specific correlations and enhance extrapolation across injector families. Despite their

advantages, the evaluation of high-order derivatives leads to performance loss and

robustness issues rendering them, up to the present time, unfit for most real-world

problems at engineering scales [242].

As a complement to better understanding the correlations between the variability

of the geometrical design parameters and spray characteristics for fuel flexibility,

eight training set cases from each range (short, medium and long penetration length)

were selected, covering the main attributes of pilot injection in DFICE mode as well

as part-load and high-load for Diesel-only mode. This qualitative comparison gives

a perception of the geometrical parameters’ interactions and a perspective to narrow

the design range.

Figure 5.11: Eight selected cases at operation conditions representative of pilot injection in
DFICE mode: (a) Spray characteristics per selected case; (b) normalized geometrical feature
with higher importance; (c) normalized geometrical feature with 0.06 importance.

Figure 5.12: Eight selected cases at operation conditions representative of part-load for
Diesel-only mode: (a) Spray characteristics per selected case; (b) normalized geometrical fea-
ture with higher importance; (c) normalized geometrical feature with 0.06 importance.

Figure 5.11, Figure 5.12 and Figure 5.13 illustrate the nominal STP and SCA of

each category alongside the normalized geometrical parameters of the more relevant

geometrical input feature. The geometrical parameters are normalized to facilitate

direct comparison and preserve WLO proprietary information.
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Figure 5.13: Eight selected cases at operation conditions representative of high-load for
Diesel-only mode: (a) Spray characteristics per selected case; (b) normalized geometrical fea-
ture with higher importance; (c) normalized geometrical feature with 0.06 importance.

Figure 5.11 shows the representative cases of short spray length. The STP be-

low 20 mm was artificially imposed to select those cases where the SCA fluctuates

between 15 and 25 degrees, as displayed in Figure 5.11a. The normalized geomet-

rical parameters that have higher to medium importance (greater than 0.07) are

presented in Figure 5.11b, while those of medium importance (0.06) are depicted in

Figure 5.11c. The number of spray holes, outlet spray hole diameter, sac hole volume,

Q100, inlet spray hole diameter and sac hole area showed minimal variation. The

throttle effect presented considerable variation, while the minimal distance between

spray holes revealed more variability for penetrations over 12 mm. Consequently,

when designing injectors for short penetration, most geometrical parameters may be

specified within a narrower range, disregarding the operational conditions.

The medium spray length examples are depicted in Figure 5.12, where the STP

ranging from 45 to 65 mm was the selected cut, with a corresponding SCA around

20 degrees. The number of spray holes, inlet spray hole diameter and minimal

distance between spray holes are the sole characteristics with limited variability.

When designing injectors targeting this spray characteristics range, those variables

present limited design space, showing a pronounced design tendency. The other

geometrical parameters, owing to considerable variability and unclear trends, may

provide for broader conceptual flexibility when addressing this performance range.

Finally, the long penetration length is illustrated in Figure 5.13. For penetration

ranges above 70 and 80 mm, all geometrical parameters remain at generally steady

levels, indicating a strong design tendency. As penetration exceeds 80 mm, the num-

ber of spray holes, inlet spray hole diameter, Q100, minimal distance between spray

holes and sac area oscillate within a limited range after an abrupt shift in tendency,
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underlining the need for careful consideration in their design space. Nevertheless,

the sac hole volume, throttle effect, and inlet spray hole diameter may provide more

conceptual versatility.

5.6 Conclusions from spray development characteristics

In this chapter, a DNN was implemented to predict the macroscopic characteristics

of marine diesel injectors, focusing on the fuel flexibility during engine operation in

both DFICE and Diesel-only modes. This model was designed as a support tool

for the early injector design phase, incorporating a larger number of geometrical

characteristics, with 10 design features integrated into the DNN formulation. In

addition, the experimental measurements of 27 injector designs under various op-

erational conditions were utilized to train the DNN, which resulted in a total of

85 experimental test cases. The combination of the three operation conditions as

input features (injection pressure, ambient pressure and injection duration) covers

the range of conditions relevant to fuel flexibility: pilot injection in DFICE mode,

part-load and high-load for Diesel-only mode.

The large numbers of input features based on different injector designs bring dis-

tinctiveness to this neural network. At the same time, these distinguishing charac-

teristics in combination with the limited experimental data set size have considerably

increased the model complexity. The proposed DNN architecture and fine-tuning

of the hyperparameters associated with the regularization techniques have ensured

a responsive performance, mitigation of overfitting issues and effective generaliza-

tion. The neural network exhibits strong predictive capabilities for STP and SCA

independent of the operation mode, with an accuracy of 95% for the unseen data.

The feature importance analysis performed on the trained neural network offers

an additional perspective of the main influences on the DNN for the predictions.

This relative comparison does not directly translate into mechanisms that govern

spray behavior. However, it underlines the learning behavior of the neural network

and the characteristics of the training data set. In this perspective, the injection

pressure (operation condition) holds the highest importance among all features.

For the geometrical parameters, the number of spray holes and spray hole outlet

diameter exhibit the most influence on the DNN. Additionally, certain geometrical

parameters can potentially be categorized within a restricted or extensive range
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concerning design space and injector target performance.

Although the DNN demonstrated strong predictive capabilities within the ex-

plored design space, extrapolation outside the training range should be approached

careful due to limited variability in some operation conditions and correlations

among geometric features. Finally, the proposed DNN can support the marine

injector design process due to the fast exploration of the design range in respect of

geometrical constraints and identification of promising designs in the early phase

more effectively in terms of STP and SCA. This gain in time would contribute to

accelerating the optimization process, allowing to focus on fine-tuning and validating

the design in the next stages of the development phase.

5.7 Critical review

This section critically evaluates the contributions of the present chapter within

the context of established and emerging research on the application of ML tech-

niques to predict spray macroscopic characteristics. Following the submission of the

manuscript reporting the present results, no studies have been identified that employ

ML models to predict spray characteristics directly from multiple injector geomet-

rical parameters. Nevertheless, recent contributions by Zhang et al. [299, 300] have

contributed to the growing body in the field of ML and spray characteristics. In

the first study the predictions were done via ANN and the second one compared

the predictive performance of the Response Surface Methodology with ANN for

automotive applications. In both studies, the input features were the physicochem-

ical properties of the fuel (five alcohol fuels and gasoline) and operation conditions,

which were measured experimentally for the same multi-hole injector. The models

presented an accuracy above 98% to predict spray characteristics such as STP, SCA,

spray area and evaporation index. These studies may provide more insights into the

development of fuel injection systems for alcohol-fueled engines.

In this context, this chapter address an important engineering challenge in ma-

rine propulsion system: balancing fuel flexibility, injector design complexity and jet

development [32][276]. One of the major strengths of this chapter lies in its indus-

trial relevance. Unlike many previous ML studies focused on simplified single-hole

injectors [179][101][141][301], this work employs data from 27 industrial multi-hole

marine injector designs collected over approximately a decade. This broader de-
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sign scope significantly enhances the practical applicability of the work. In particu-

larly for marine engine applications where operational conditions are highly variable.

The inclusion of ten geometrical parameters in addition to operational conditions

is another noteworthy contribution, as many earlier studies considered only lim-

ited geometric features. By incorporating this broader set of design parameters,

the proposed approach seeks to reduce resilience on resource intensive experimen-

tal campaigns, semi-empirical correlations and CFD simulations. Consequently, the

work moves beyond proof-of-concept ML applications and attempts to integrate ML

assisted prediction directly into the injector pre-development workflow.

Furthermore, this chapter demonstrates a clear effort to address overfitting through

the use of dropout regularization and early stopping techniques. Those strategies

are especially important given the limited size of the available dataset size. The re-

ported prediction accuracy of approximately 95% for unseen test data suggest that

the DNN successfully captures the dominant relationships between injector geome-

try, operating conditions and spray behavior.

Despite these strengths, this chapter exhibits methodological limitations that

reduce the physical interpretability and generalizability of the proposed model. One

important issue concerns the temporal reference adopted for the spray evolution.

The use of time after energization introduces a coupling between electromechanical

injector dynamics and fluid dynamics spray development. Since injector actuation

delay can vary significantly across injector architectures and operating conditions,

the resulting model may not transfer reliably to injectors with different hydraulic

response characteristics. Consequently, the DNN partially learns system-level actu-

ation behavior rather than purely spray physics phenomena.

Another limitation concerns the insufficient variability of certain operational pa-

rameters. The ambient pressure range explored in the experiments is relatively

narrow due to the standard testing workflow at WLO. This limited variability leads

the feature importance analysis to suggest that back pressure has little influence

on spray behavior. However, this result contradicts established spray physics, in

which ambient density strongly affects jet breakup, penetration and atomization

process [21]. This issue highlights a broader limitation of data-driven models: fea-

ture importance metrics are inherently local and these scores often reflect statistical

variability present within the dataset and model usage of individual features rather

than universal physical relevance of the underlying variables [211].
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Besides, the DNN presents interdependence among input features and some geo-

metrical variables are inherently coupled through injector hydraulic constraints and

engineering design practices. Although the Kendall’s tau correlation is presented,

the work kept coupled relationships. This methodological choice reflects a more real-

istic engineering workflow rather than the use of non-dimensional physical similarity

groups such as Reynolds number, cavitation number or momentum-flux ratio. On

the one hand, this facilitates usability and the integration into engineering work-

flow. On the other hand, it introduces hidden correlations into the model. The

incorporation of non-dimensional groups may enhance physical interpretability and

generalization capabilities beyond the current design space and should be taken into

consideration for future work.

The analysis could have been further strengthened through the adoption of a

more structured experimental design or conditional sampling. Such strategies would

facilitate the incorporation of non-dimensional scaling parameters or physical in-

formed models and may enable a clearer separation of the effects associated with

individual inputs. However, these potential benefits must be balanced against prac-

tical considerations and the integration of surrogate models into routine engineer-

ing workflows. Additionally, the reproducibility of this work is restricted due to

the confidentiality requirements associated with the industrial collaboration. The

ranges of the geometrical parameters are not disclosed and the experimental dataset

are not publicly available. While such confidentiality constraints are understand-

able in the context of industrial collaborations, they inevitably reduce the scientific

transparency of the study.

Overall, this chapter represents a valuable contribution to the application of

ML in marine injector design. It is particularly relevant from an engineering de-

sign perspective because it enables rapid exploration of injector design space during

early-stage development. However, the proposed surrogate model remains limited

in points related to physical interpretability, interdependent feature selection and

restricted parameter variability. Future work should consider the adoption of con-

ditional sampling, physically normalized features and physics-informed ML, which

could significantly strengthen the robustness and scientific impact of the methodol-

ogy.
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Chapter 6

Conclusions and

recommendations for future

work

6.1 Conclusions

In this thesis, the main objective was to develop predictive and efficient numeric

models with reduced computational cost to support the design phase of marine Diesel

injectors. Those models took detailed geometric parameters into consideration and

addressed constraints imposed for fuel flexibility configuration to support early-stage

design decisions.

To this goal, the current work incorporated NIST REFPROP and PC-SAFT EoS

calculations for the thermodynamic closure, enhancing the CFD model with affort-

able computational cost due to the tabulation approach. The proposed model has

been applied to explore the potential of needle tip shape modifications on in-nozzle

flow characteristics for fuel flexibility in marine injectors. Besides, the proposed

CFD model has been employed to develop a CFD-assisted ML surrogate model.

This second model is able to predict the cavitation morphology of different marine

injectors in terms of scalar values and visual distributions. Finally, a third model

has been elaborated to predict the spray macroscopic characteristics based on ten

geometric parameters and three operation conditions. The development of those

models took into consideration their applicability in the early design phase.

The conclusions for each chapter of this thesis are summarized as follows:
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In Chapter 1, the background and motivation for this study are discussed.

Then, a bibliographic study and discussions are carried out on different topics, from

understanding the nozzle geometrical parameters influence to the phase change mod-

eling in fuel injectors to machine learning application in fluid dynamics and spray

macroscopic characteristics predictions.

In Chapter 2, the governing equations along with the employed assumptions

are introduced for the CFD model. The turbulent viscosity corrections for the

k− ω model were also discussed, followed by the inclusion of NIST REFPROP and

PC-SAFT EoS fluid properties calculations in the thermodynamic closure. Then,

the machine learning workflow has been detailed, addressing the requirements for

reliable data preparation and discussing model architecture to prevent overfitting.

In Chapter 3, the CFD model enhancement is first validated based on the ECN

Spray C data, a light-duty, small scale and single hole injector. The phase changes

was satisfactorily predicted by the CFD model. Then, the impact of needle tip design

on internal flow and cavitation in marine Diesel injectors is discussed, evaluating a

base industrial design against three proposed alternatives (NV-01, NV-02 and NV-

03). Indeed, the goal here is to apply the CFD model modifications on marine

injector designs (large scale, heavy-duty and multi-holes) and to better understand

the phase change in both operational models: dual-fuel and Diesel-only. Therefore,

the redesign of the needle tip was selected for its simplicity and cost-effectiveness

in comparison to other modifications in the injector design. Finally, the NV-01 has

offered the best trade-off in terms of flow assessment focusing on the fuel flexibility

for marine applications.

In Chapter 4, the enhanced CFD model is employed to generate datasets and

train computationally efficient ML surrogate models, combining the CFD simula-

tion and neural networks for a reliable assessment of cavitation of different marine

injector designs. The LHS sampling has ensured a good sample distribution across

all dimensions of the input space and minimized the computational cost of gener-

ating data from CFD simulations. Then, this data has been used to train three

neural networks: two DNNs and one GM. The first DNN predicts flow coefficients

(Cd and Cv) with high accuracy. The vapor volume predictions suffer from under-

representation due to the absolute low data values. This has been impacting the

overall accuracy of the model, reaching only 67%. In addition, the second DNN and

GM predict the cavitation morphology via contour plots of vapor volume fraction.
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The strategic data pre-processing and model architecture mitigated any intrinsic

structural issues due to the dimensional mismatch. Predicting images from scalar

values exponentially increases the model complexity, especially when the data is lim-

ited. The image depth reduction from 24 bits to 8 bits has been proven to be crucial

to alleviate the dimensionality issues. Both models have been capable of forecasting

the cavitation location. However, the GM oversimplifies the gradient variations.

The further reduction of pixels on the output image is the leading reason for the

DNN’s precise predictions of the intensity of the vapor volume fraction. Finally,

this chapter has demonstrated the importance of data preparation methods (feature

engineering) and knowledge of the neural network requirements in complement to

the domain expertise for a successful implementation of a joint workflow to predict

cavitation in the early design phase.

In Chapter 5, a DNN is proposed to predict the macroscopic characteristics

of marine Diesel injectors. Data preparation and feature engineering have been

fundamental to ensure quality and consistency of the experimental data. The pre-

processing has also contributed to ensuring good generalization independent of pos-

sible issues with high-dimensional feature space and a small dataset. This model has

included ten design parameters and three operation conditions as input features. In

the literature, a high number of input features have been avoided due to exponen-

tially increasing the model complexity and the resulting difficulty to learn meaningful

patterns. The DNN exhibits strong predictive capabilities for spray penetration and

cone angle, with an overall accuracy of 95% for the unseen data. Finally, this chap-

ter closes with a feature importance analysis of the input parameters, categorizing

them within a restricted or extensive range concerning the design space and injector

target performance.

In summary, the models developed in this work can contribute to narrowing

the gap between scientific solutions and industrial applications. Their conception

has taken into consideration the design phases and engineers’ usability. Moreover,

the possibility of predicting fast and accurate cavitation and macroscopic spray

characteristics in the early design phase can contribute to shorter development cycles

and better decision-making in the early design phases.

121



6.2 Future work

Based on the research presented, the suggested future work can be summarized as

follows:

• Expansion of the numbers of input features for the neural networks

predicting images from scalar variables. Increasing the number of in-

put features provides a more comprehensive representation of the underlying

system, thereby reducing ambiguity in the image generation process. How-

ever, a larger feature space typically necessitates an increase in dataset size to

support a effective model training. Therefore a learning curve analysis should

be included in the sensitivity study to assess the influence of dataset size on

predictive performance.

• Alignment of the input features of all neural networks proposed in

this work, from the prediction of the cavitation morphology to the

prediction of the spray macroscopic characteristics. This alignment

would produce a complete and robust tool for the early phases of marine in-

jector design. This integration would provide a comprehensive overview of the

synergistic or antagonistic effects of different parameters on spray and cavi-

tation behavior. This would also allow engineers to quickly explore a wide

range of design options and operating conditions without having to run com-

putationally expensive simulations or conduct time-consuming experiments for

each case.

• Integration of non-dimensional groups for improved model inter-

pretability and transferability The possibility of reformulating the feature

space using physical non-dimensional groups should be investigated to improve

interpretability of the learning relationships. Such a parametrization may

enhance physical consistence, facilitate transferability across injector geome-

tries and operation conditions and reduce feature interdependence. However,

this approach may compromise model usability and integration into industrial

workflows. Furthermore, the incorporation of non-dimensional groups may

require conditional sampling strategies to ensure adequate coverage of the re-

sulting parameter space.

• Expansion of the PC-SAFT tabulation for all working fluids (n-
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dodecane liquid, n-dodecane vapor and nitrogen) in a commercial

software. This ternary system for the fluid properties would exclude the va-

por liquid equilibrium calculation from the CFD solver and eliminate the re-

quirement of additional models to cover the phase change (e.g. Zwart-Gerber-

Belamri). Besides, the reliance on tuning values for the phase change modeling

could be minimized or even completely eliminated.
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Appendix A

Flow characterization - Non

dimensional numbers

Some flow characteristics could be associated in dimensionless quantities. Based

on the pressure difference between the inlet and the outlet of the nozzle hole, the

Bernoulli’s Equation A.1 can be applied to derive the Theoretical velocity (uth)

Equation A.2, assuming a negligible inlet velocity:

Pi = Pb +
1

2
ρlu

2
th (A.1)

uth =

√
2∆P

ρl
(A.2)

where the inlet pressure is Pi, the outlet pressure is Pb and ρl is the liquid density

A differentiation needs to be made regarding the cavitating flows. For non cavi-

tating flow the velocity profile at the nozzle exit can be assumed as uniform across

the outlet area. In contrast, the same assumption cannot be applied for cavitating

flows. It is necessary to neglect the vapor section in order to estimate an effective

outlet velocity ueff and effective area Aeff . Figure A.1 show the simplifications of

velocity profiles.

Once defined effective outlet velocity and effective area under cavitation condi-

tion, the mass flux and its integral form at the outlet section of the nozzle hole can

be obtained as:

ṁf =

∫
Ao

uρ dA (A.3)
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Figure A.1: Simplification of the outlet velocity profile for (a) no cavitating flow; (b) and(c)
for cavitating flow (adapt from [186])

ṁf = ρueffAeff (A.4)

Analog to the mass flux, the moment flux can be mathematically defined as:

Ṁf =

∫
Ao

u2ρ dA (A.5)

Ṁf = ρu2effAeff (A.6)

Based on the previous equations, other non-dimensional parameters can be de-

rived to characterize the flow. The ratio between mass flow by the theoretical mass

flow defines the discharge coefficient Cd:

Cd =
ṁf

Aoρluth
=

ṁf

Ao
√
2ρl∆P

(A.7)

The discharge coefficient can be also obtained analysing the loss impost on the

flow as:

Cd = CvCa (A.8)

Where Cv is the velocity coefficient, and Ca is the area coefficient. As the name

implies, Cv takes into consideration the velocity loss, and Ca include the loss due to

reduction in the effective flow cross-section. Those non-dimensional parameters can

be derived as:

Cv =
ueff
uth

(A.9)

Ca =
Aeff

Ao
=

D2
eff

D2
o

(A.10)
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Ac = CcA (A.11)

Finally, Reynolds number and cavitation number are fundamental dimension-

less parameters used to characterized nozzle internal flow. The Reynolds number

characterizes the ratio between inertial and viscous forces acting on the flow and

provides an indication of the flow regime inside the nozzle. It is defined as:

Re =
ρlueffDo

µl
(A.12)

where Do is the nozzle outlet diameter and µl is the dynamic viscosity of the

liquid. Larger Re indicates that inertial forces dominates over viscous forces, leading

to turbulent flow conditions typically encountered in fuel injector nozzles.

The cavitation number is used to characterize the propensity of the flow to

cavitate within the nozzle. It relates the available pressure difference driving the

flow to the liquid vapor pressure and is defined as:

σ =
P − Pv
1
2ρV

2
(A.13)

where Pv is the vapor pressure of the liquid and V is the characteristic flow

velocity. Lower values of σ correspond to conditions with a higher tendency for

cavitation development, where larger values indicates non-cavitating flow conditions.
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Appendix B

Latin-Hypercube Sampling

The cases 59 sampled via the Latin-Hypercube Sampling and evaluated in this work

are detailed in Table B.1. The cases 3, 7, 9, 13, 15, 22, 27, 36, 40, 43 and 47 are

used as test data set, which are completely unknown to the neural networks.

129



Needle Needle Needle Needle
Case Lift Conicity Tip Case Lift Conicity Tip

[-] [µm] [-] [-] [-] [µm] [-] [-]

1 383 0 BD 31 147 2 NV-01
2 476 0 BD 32 183 2 NV-01
3 68 1 BD 33 218 2 NV-01
4 226 1 BD 34 362 2 NV-01
5 276 1 BD 35 390 2 NV-01
6 340 1 BD 36 125 3 NV-01
7 104 2 BD 37 140 3 NV-01
8 132 2 BD 38 154 3 NV-01
9 355 2 BD 39 412 3 NV-01

10 369 2 BD 40 190 4 NV-01
11 405 2 BD 41 290 0 NV-02
12 75 3 BD 42 197 1 NV-02
13 376 3 BD 43 269 1 NV-02
14 419 3 BD 44 448 1 NV-02
15 433 3 BD 45 89 2 NV-02
16 441 3 BD 46 61 3 NV-02
17 204 4 BD 47 312 3 NV-02
18 297 4 BD 48 233 4 NV-02
19 304 4 BD 49 326 4 NV-02
20 319 4 BD 50 469 4 NV-02
21 111 0 NV-01 51 54 0 NV-03
22 240 0 NV-01 52 161 1 NV-03
23 283 0 NV-01 53 168 2 NV-03
24 426 0 NV-01 54 254 2 NV-03
25 82 1 NV-01 55 398 2 NV-03
26 118 1 NV-01 56 462 2 NV-03
27 211 1 NV-01 57 175 3 NV-03
28 247 1 NV-01 58 261 3 NV-03
29 333 1 NV-01 59 347 3 NV-03
30 455 1 NV-01

Table B.1: The 59 cases evaluated in this study defined in terms of the Needle lift, Conicity
and Needle tip.
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Appendix C

Neural Networks

The tables bellow provide a description of the neural network developed in this work.

Parameter DNN chapter 4

Model Type Sequential

Input layer 3 neurons

Hidden layer 6 layer with 100 neurons each and bias activated

in each

Activation function (for all layers) LeakyReLu (alpha 0.3)

Kernel initializer (for all layers) he normal

Output layer 3 neurons

Early stopping After 200 epochs

Dropout Hidden layer 3 droprate 0.2

Learning rate 0.00005 ∗ 0.9(epoch/60)

Loss function Mean Absolute Percentage Error

Table C.1: Parameters of the DNN to predict the volume vapor, Cd and Cv in Chapter 4.
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Parameter DNN Chapter 4

Model Type Sequential

Input layer 3 neurons

Hidden layer 12 hidden layer with 1000 neurons each and bias

activated in each

Activation function (for all layers) LeakyReLu (alpha 0.3)

Kernel initializer (for all layers) he normal

Output layer 27556 neurons e.g. pixel

Early stopping After 500 epochs

Dropout Hidden layer 8&10 droprate 0.2

Learning rate 0.005 ∗ 0.5(epoch/25)

Loss function Mean Squared Error

Table C.2: Parameters of the DNN to predict cavitation images in Chapter 4.

Parameter GM Chapter 4

Model Type Decoder

Input layer neurons

Hidden layer 1 hidden layer with 5016 neurons and 3 con-

volutional 2DTranspose layer (16,8,1) and bias

deactivated in each

Activation function (for all layers) LeakyReLu (alpha 0.3)

Kernel initializer (for all layers) he normal

Output layer 265x306 pixel

Early stopping After 200 epochs

Dropout Every hidden layer droprate 0.2

Learning rate 0.005 ∗ 0.5(epoch/125)

Loss function Mean Absolute Percentage Error

Table C.3: Parameters of the GM to predict cavitation images in Chapter 4.
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Parameter DNN Chapter 5

Model Type Sequential

Input layer 14 neurons

Hidden layer 15 layer with 70 neurons each and bias activated

in each

Activation function (for all layers) LeakyReLu (alpha 0.3)

Kernel initializer (for all layers) he normal

Output layer 2 neurons

Early stopping After 200 epochs

Dropout Hidden layer 1 droprate 0.3

Learning rate 0.015 ∗ 0.0005(epoch/200)

Loss function Mean Absolute Percentage Error

Table C.4: Parameters of the DNN to predict the STP and SCA in Chapter 5.
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