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ABSTRACT: 
 
The development of next-generation combustion systems for marine applications, driven by the 
urgent need for decarbonization and enhanced efficiency, is often constrained by time-intensive 
design-validation cycles. While Computational Fluid Dynamics (CFD) is a powerful tool for ana-
lysing in-cylinder flow, its manual setup and long runtimes create a significant bottleneck for 
rapid prototyping. 
 
This thesis addresses this challenge by developing and validating a robust, automated workflow 
for numerical flow bench simulations, specifically applied to the gas exchange system of a Wärt-
silä 31 engine conducted through a flow bench test rig. The core of this work is the PyFlowBench 
package, a Python toolkit designed to automate the entire CFD pipeline, from parametric mesh 
generation and case setup using experimental data to simulation execution and post-processing. 
An extensive series of Reynolds-Averaged Navier-Stokes (RANS) simulations were performed us-
ing this workflow and rigorously benchmarked against a comprehensive experimental dataset. 
 
The results demonstrate two primary achievements. First, the automated workflow successfully 
reduced simulation turnaround time, enabling consistent and scalable analysis. Second, the val-
idated CFD model showed strong agreement with experimental data, particularly in high-flow 
regimes where measurement uncertainty was minimal, with mass flow rate predictions gener-
ally falling under a ±5% deviation. Crucially, the simulations also served a powerful diagnostic 
role, identifying and quantifying significant experimental uncertainties stemming from sensor 
placement and instrumentation limitations. The study also identified the need for further un-
certainty quantification of experimental measurements and numerical modelling. Further, it was 
pinpointed that the adiabatic wall assumption was a key source of temperature prediction er-
rors. 
 
Ultimately, this work delivers a validated and automated platform that significantly accelerates 
the design-analysis cycle. It lays the essential groundwork for future advanced studies, including 
Large Eddy Simulations (LES), Conjugate Heat Transfer (CHT), and the development of Machine 
Learning surrogate models, paving the way for the rapid optimisation of more efficient and 
cleaner combustion systems. 
 

KEYWORDS: Computational Fluid Dynamics (CFD), Numerical Flow Bench, Automated Work-
flow, Internal Combustion Engine (ICE), Gas Exchange, Validation and Verification (V&V), 

Rapid Prototyping, Reynolds-Averaged Navier-Stokes (RANS), Mass flow measurement, Tur-
bulence modelling, Uncertainty analysis. 
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1 Introduction 

As global pressure mounts to reduce greenhouse gas emissions and combat climate 

change, the marine transportation sector, like many others, faces increasing scrutiny. In-

ternal combustion engines (ICEs), despite ongoing decarbonisation efforts, continue to 

power the vast majority of marine vessels units due to their high-power density, fuel 

flexibility, and maturity as clearly shown in Figure 1. Achieving the ambitious targets set 

by international regulations concerning decarbonisation and emission reduction goals 

requires rapid improvements to meet the 2030 and 2050 greenhouse gas reduction tar-

gets (Curran et al., 2024).  

 

Figure 1 contrasts two trajectories for the marine sector fuel mix. In the Current Trajec-

tory case, oil products remain pervasive, contracting only from near-total dominance in 

2022 to roughly 85 % in 2035 and still exceeding 60 % by 2050, while gas and biofuels 

make marginal gains. In contrast, the Net Zero scenario projects a sharper oil decline 

falling to below 15 % by 2050, displaced principally by hydrogen-derived fuels (≈ 40 %) 

and advanced biofuels (≈ 30 %). 

 

 

Figure 1. Projected marine sector energy mix under current trajectory and net-zero scenarios, 
visualised as a stacked area chart. Adapted based on BP Energy Outlook 2024 (Bp 
Energy Outlook 2024, 2024). 
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According to Reitz et al. (2020), further improvements in ICEs can be achieved by inte-

grating advanced combustion techniques, enhanced gas exchange, and targeted electri-

fication, lubrication, thermal management, and after-treatment innovations. It is be-

cause irreversible processes during combustion result in a loss of around 20% of the 

fuel's capability to produce work. Real engines also experience heat, exhaust energy, and 

friction losses which range from 5-15%, 12-20% and 4-8% loss of exergy respectively 

(Wang et al., 2021). Therefore, improvements in these three areas can lead to consider-

able efficiency.  

 

Among the most critical subsystems influencing ICE performance is the valvetrain. Intake 

and exhaust port geometries, valve seat angles, and timing events significantly impact 

cylinder filling and scavenging efficiency, which in turn dictate the combustion quality 

and emissions footprint (Lou & Zhu, 2020). One way to assess and improve the gas ex-

change capabilities of engines is through air flow bench. These test rigs allow engineers 

to quantify how airflow changes in response to valve lift, pressure differentials, and port 

designs (Eckl et al., 2008). 

 

Hence, in order to investigate the current gas exchange potential and piston pumping 

work of the Wärtsilä 31 (W31) engine’s cylinder heads (CHs), an experiment was con-

ducted.  To do this, a dedicated flow bench was built and transported to GKN Aerospace 

in Trollhättan, Sweden, with three primary objectives: 

1. Product Improvement: Identify design modifications that could enhance the 

W31’s gas exchange efficiency. 

2. Method Development: Establish a robust experimental methodology for system-

atically evaluating different cylinder head configurations. 

3. Validation Data for Simulations: Generate high-quality test data to compare 

against and refine computational models (Smulter, 2024). 

 

This thesis focuses on the third point as one of its objectives, validation and verification 

of Computational Fluid Dynamics (CFD) simulations against experimental results. 
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The critical role of simulation and modelling in modern engine development stems from 

the unprecedented complexities engine developers now face. These include the integra-

tion of novel fuels (e.g., hydrogen, methanol, and ammonia) and advanced combustion 

concepts like Homogeneous Charge Compression Ignition (HCCI) and Reactivity Con-

trolled Compression Ignition (RCCI). These specific innovations, coupled with escalating 

mechanical/electronic intricacy and increasingly stringent emissions regulations, create 

formidable multidimensional design challenges. One of such challenges is the need to 

re-engineer the geometry of static components since adapting to new fuels may require 

design modifications in cylinder head geometry to ensure air flows remain well suited to 

the intended fuel and combustion strategy. This thesis supports that task by assessing 

such flows with a numerical Flow bench.  

 

Illustrating the diversity of new fuels, hydrogen is emerging as a promising energy carrier, 

primarily due to its clean combustion or conversion in fuel cells. A key area of investiga-

tion involves Hydrogen in Internal Combustion Engines (H2ICEs), adapting traditional en-

gines to burn hydrogen through technological advancements like manifold induction, Di-

rect Injection (DI-H2ICE), pressure-boosting, liquid hydrogen fuelling (L-H2ICE), and gas-

oline supplementation (Singh et al., 2024). Methanol is also under active investigation; 

Kiouranakis et al. (2025) highlight in their review of methanol-fuelled heavy-duty engines 

that dual-fuel premixed strategies (e.g., diesel pilot with methanol) can significantly re-

duce NOₓ emissions and facilitate retrofitting. Similarly, ammonia is gaining traction as a 

carbon-free fuel and hydrogen carrier. Its high-octane number, easier storage compared 

to hydrogen, and existing infrastructure make it a candidate for ICEs, particularly in sec-

tors like marine transport. However, its direct application faces hurdles such as difficult 

ignition, slow flame speed, and problematic NOx/unburned NH₃ emissions. Current re-

search focuses on overcoming these challenges via oxygen-enriched combustion, am-

monia-hydrogen mixtures (often from in-situ cracking), and plasma-assisted combustion  

to enhance its engine viability (Ma et al., 2023). 
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Alongside new fuels, advanced combustion concepts are also central to develop-

ment. HCCI, for example, promises diesel-like efficiency with drastically lower NOₓ and 

soot by igniting a lean, premixed charge via compression (Noh & No, 2017). Building on 

this, RCCI, a dual-fuel HCCI variant, utilises in-cylinder blending of low- and high-reactiv-

ity fuels (e.g., gasoline + diesel, or potentially ammonia + diesel) to precisely control ig-

nition. It has emerged as one of the most efficient strategies, with recent reviews report-

ing RCCI achieving thermal efficiencies up to ~60% in research settings, far exceeding 

conventional engines, while simultaneously minimizing NOₓ and soot to near-zero levels 

(Gowthama Krishnan et al., 2024). Therefore, novel simulation and modelling ap-

proaches are necessary to enable the efficient calibration required for managing the in-

creased design and control requirements for continued progress in internal combustion 

engines (Atkinson, 2014;Reitz et al., 2020).  

 

Figure 2 captures the escalation of calibration dimensionality by showing how many in-

dependent control (orthogonal) variables have been added to production engines over 

time and are expected to be added in the next decade. Historically, the industry moved 

from a single degree of freedom, i.e., simple injection-timing adjustment in the early 

1990s, to six orthogonal variables by 2010 as exhaust-after-treatment systems came 

online. The projection for 2030 foresees 22 – 25 distinct parameters once advanced com-

bustion modes, waste-heat recovery, hybridisation, full valvetrain variability, and even 

cycle-by-cycle control are introduced. The main takeaway from the figure is that the en-

gine calibration dimensionality has exploded from tuning a single parameter in the 1990s 

to coordinating more than twenty by 2030, turning simulation-driven optimisation from 

a helpful tool into an operational necessity. 
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Figure 2. Historical vs. projected increase in engine calibration complexity through addition of 
independent control parameters. Adapted based on (Atkinson, 2014). 

 

In addition to engine complexity, physical prototyping can be prohibitively expensive and 

time-consuming, therefore, computational tools have emerged as a cornerstone of mod-

ern engine development. Modelling and simulation, particularly CFD, plays a critical role 

in exploring engine behaviours across operational boundaries, supporting innovation 

while reducing development costs (Ferziger et al., 2020). 

 

Three-dimensional CFD modelling encompasses a hierarchy of approaches for resolving 

turbulence, creating a distinct trade-off between fidelity and computational cost as it is 

further discussed in Section 2.4 and depicted in Figure 25. These approaches described 

by Roelofs & Shams (2019), range from fully resolved to fully modelled. At the highest 

level of fidelity is Direct Numerical Simulation (DNS), a method that resolves the entire 

range of spatial and temporal scales of turbulence without the use of any turbulence 

model. While DNS is considered a "numerical experiment" due to its high accuracy, it is 

limited by its extreme computational cost. To overcome the limitations of DNS, Large-
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Eddy Simulation (LES) was developed. LES reduces the range of resolved scales by resolv-

ing only the large-scale eddies while the influence of the smaller, more universal eddies 

is modelled. At the most economical end of the spectrum are Reynolds-Averaged Navier-

Stokes (RANS) methods, which employ time-averaging to provide a statistical description 

of the flow. Instead of resolving turbulent fluctuations, RANS solves for mean flow quan-

tities only, making its computational cost only weakly dependent on the Reynolds num-

ber.  Although RANS-based simulations are not nearly as computationally intensive or 

detailed as DNS, they are still computationally expensive, often requiring multiple hours 

to days of runtime per configuration depending on the availability of resources. Further-

more, setting up these simulations demands manual effort and expertise. 

 

 

1.1 Thesis Goals and Research Questions 

To address the challenges stated in the introduction in the context of Engine develop-

ment processes at Wartsila OY, this thesis proposes an innovative workflow referred to 

as numerical flow bench.  

 

The Research Goal is “To develop and validate a robust, automated CFD workflow for 

flow-bench simulations.” The goal is underpinned by a set of 4 research questions (RQs) 

that excel beyond the current engine development paradigm.  

 

Research Question 1: How effective is workflow automation in enhancing the efficiency, 

productivity and consistency of engine-relevant CFD simulations? 

 

Research Question 2: To what extent can numerical simulations accurately replicate ex-

perimental data across various flow bench configurations and operating conditions?  

 

Research Question 3: What factors primarily influence the uncertainty budget in non-

reactive, transient valve flow CFD simulations and their corresponding flow bench 
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experiments? Also, how can these sources of uncertainty be identified, quantified, and 

possibly mitigated? 

 

Research Question 4: What potential do numerical simulations have for revealing un-

derlying physical features that are challenging to capture through experimental meas-

urements? 

 

Addressing RQ 1 and RQ 2, the automated and experimentally validated flow-bench sim-

ulations provide a robust platform for design-of-experiments (DoE). This platform short-

ens iteration cycles across multiple port designs, accelerating progress toward the ulti-

mate goal, i.e., improving gas exchange in the W31 engine and thereby enhancing com-

bustion efficiency, reducing fuel consumption, and lowering emissions. 

 

To address RQ 2 (validation) and RQ 3 (uncertainty analysis), a Python-based automation 

toolkit, PyFlowBench, was developed and integrated into the flow bench CFD pipeline. 

This toolkit then allowed for the validation of simulations against experimental data 

across multiple cylinder-head geometries and operating conditions. The comparison 

quantifies predictive accuracy while systematically decomposing measurement and 

modelling uncertainties. In relation to RQ 1 (workflow automation), the automated pipe-

line is benchmarked against the conventional manual process to evaluate reductions in 

turnaround time and inter-operator variability.  

 

 

1.2 Thesis Structure 

This thesis is organised into five main chapters, followed by the references and appen-

dices. 

• Chapter 1 (Introduction) provides the background, motivation, and outlines the 

thesis goals and research questions. 

• Chapter 2 (Background and Literature Review) reviews the theoretical and 

methodological foundations relevant to flow bench studies and CFD modelling. 
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It begins with the principles and components of flow bench systems, outlining 

their role in assessing valve and port flow in engine development. Section 2.2 

surveys valve flow research, and flow bench applications categorised into foun-

dational, experimental, numerical, and hybrid studies. Sections 2.3 to 2.6 sum-

marise key CFD concepts, including governing equations, turbulence modelling, 

and discretisation methods. This background establishes the context for the 

methods and tools employed in this thesis. 

• Chapter 3 (Methodology) provides a detailed account of the experimental and 

numerical methods central to this research. It begins by outlining the experi-

mental framework, covering the physical setup of the Wärtsilä 31 flow bench, the 

comprehensive Design of Experiments, and a rigorous uncertainty analysis of the 

measurement data. The chapter then explains the numerical setup, detailing the 

computational mesh generation strategy and the specific configuration of the 

CFD cases. Finally, it describes the development and core functionalities of 

the PyFlowBench Python package, the bespoke automation toolkit that under-

pins the execution of the entire simulation workflow. 

• Chapter 4 (Results) presents the study's key findings, beginning with an initial 

validation. It then systematically investigates the intake and exhaust configura-

tions through parametric and turbulence model sensitivity studies. 3D visualisa-

tions of exemplary cases provide deeper physical insight into the flow structures 

of different cylinder head designs. The chapter synthesises these results to diag-

nose the sources of experimental and numerical error, concluding with targeted 

recommendations for future work. 

• Chapter 5 (Conclusion) summarises the primary outcomes of the thesis by ad-

dressing the four guiding research questions. The discussion provides evidence-

based answers that integrate insights from the development and validation of 

the automated PyFlowBench workflow, its alignment with experimental data, its 

critical role in diagnosing experimental uncertainty, and its unique ability to in-

terpret complex flow fields. The chapter concludes by reflecting on the broader 

implications of these findings and outlining promising directions for future work. 
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Following these chapters, the References section compiles the literature cited through-

out the thesis. Finally, the Appendices provide additional materials and detailed infor-

mation that support the main text. 
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2 Background and Literature Review 

 

 

2.1 Principles of Flow Bench Measurements 

An airflow bench is a device developed to quantify airflow through engine components, 

such as intake or exhaust ports, under regulated settings. The basic principle is to drive 

air through the test piece at a known pressure differential and measure the resulting 

flow rate. In a typical setup, an air pump (vacuum source) draws air through the compo-

nent while a calibrated metering element (such as a sharp-edged orifice plate) measures 

the flow (Choate et al., 2007). In other words, the flow bench air source generates a 

difference in pressure across the test object, resulting in air flowing through both the 

test object and the entire flow bench. The air flow velocity is measured at a specific lo-

cation in the flow bench. The observed air velocity allows for the calculation of the vol-

ume or mass of air flowing through the test object (Flow Performance, n.d.). 

 

The volumetric flow rate 𝑄 through an orifice of area 𝐴 is proportional to the square root 

of the pressure drop 𝛥𝑃 across it, where 𝜌 is the fluid density and 𝐶 is the flow coeffi-

cient expressed as: 

 

𝑄 = 𝐶𝐴√
2𝛥𝑃

𝜌
 . (1) 

 

For refined orifice, nozzle and venturi, the equation is: 

𝑄 = 𝐶𝑑𝐴throat [
2𝛥𝑝

𝜌(1 − 𝛽4)
]

1
2
 .  (2) 

 

In Equation 2, 𝐶𝑑 is the dimensionless discharge coefficient which accounts for flow con-

traction and losses, 𝐴throat is the area at the smallest cross-section (e.g. orifice hole or 
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venturi throat), and 𝛽 is the Diameter ratio = d/D, where, d is the throat diameter and D 

is the upstream pipe diameter (White, 2011). 

 

The discharge coefficient (𝐶𝑑) is defined as the ratio of the actual mass flow rate through 

a passage to the theoretical maximum (isentropic) mass flow rate for a given reference 

geometry. It is often characterised for the valve flow area as follows (El-Adawy et al., 

2017): 

𝐶𝑑 = 
𝑚𝑟𝑒𝑎𝑙̇

𝑚𝑡ℎ𝑒𝑜𝑟̇
 , (3) 

thus, 𝐶𝑑 effectively measures how efficiently the geometry passes air compared to an 

ideal, frictionless passage. Despite the unsteady nature of an actual engine flow, dis-

charge coefficients from steady-state flow bench tests have been shown to correlate rea-

sonably well with dynamic engine breathing performance over typical operating speed 

ranges (Heywood, 1988) as cited by Soriano & Rech (2012). This correlation justifies the 

widespread use of flow benches in engine development, as they offer a practical and 

repeatable method to quantify port and valve aerodynamic characteristics under stand-

ardised conditions, without the complexity of full engine testing. Accordingly, this thesis 

centres on validating and comparing numerically predicted mass flow rates (ṁ) with 

their experimental counterparts, because ṁ is the quantity that directly determines the 

discharge coefficient 𝐶𝑑. 

 

 

2.1.1 Typical components of a Flow Bench System 

A typical airflow bench consists of several key structural and functional components, 

each serving a specific role in creating controlled airflow and measuring it accurately. 

Figure 3 shows the schematic representation of an air flow bench with the main compo-

nents labelled accordingly. The components include the air source, metering element, 

settling chamber, bench surface, cylinder bore adapter, and the test piece or cylinder 

head. 
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Figure 3. Schematic representation of a vertical airflow test bench system. The layout shows key 
components from the test object through to the air source for an exhaust flow. Drawn 
by the author based on (Flow Performance, n.d.; Choate et al., 2007). 

 

The air source is the core driver of airflow through the test piece. Typically implemented 

using a variable-speed blower or a vacuum motor. This mechanism creates a controllable 

pressure differential, either through suction or applied pressure, to initiate and sustain 

flow across the component under examination (Flow Performance, n.d.; Choate et al., 

2007). 

 

The metering element is used to determine the volumetric airflow. For differential-pres-

sure flowmeters, it can be done by introducing a calibrated restriction that causes a 

measurable pressure drop or velocity change. This pressure differential is interpreted 

based on Bernoulli's principle or empirical calibration to calculate the final value (Flow 

Performance, n.d.; Choate et al., 2007). Flow measurement devices fall into three gen-

eral categories (White, 2011): 

1. Mechanical Devices: these measure actual fluid mass or volume by physically 

capturing and counting flow units. For instance, the following methods are re-

called. 

a. Mass-based methods: weighing tanks, tilting traps. 
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b. Volume-based methods: reciprocating pistons, slotted rings, nutating 

discs, sliding vanes, gear/lobed impellers, bellows, sealed-drum compart-

ments. 

2. Differential-pressure flowmeters: These devices infer flow rate by measuring a 

pressure difference created by an element placed in the flow path. 

a. Head Loss Devices:  

i. Bernoulli-type: orifice plates, flow nozzles, Venturi tubes 

ii. Friction-based: capillary tubes, porous plugs (less common due to 

high head loss) 

b. Insertion or velocity-area: Pitot tube, averaging Pitot, etc (Flow and Level 

Measurement, n.d.).  

3. Modern Technologies: widely used alternatives based on different physical prin-

ciples include: 

a. turbine, vortex, and ultrasonic meters 

b. rotameters, Coriolis mass meters, laminar flow elements 

 

These instruments are selected based on fluid type, required accuracy, and pressure loss 

tolerance. The metering devices used in the flow bench campaign examined in this thesis 

belong to the class of differential-pressure flowmeters.  

 

To ensure a stable and uniform airflow before entering the test object, the system in-

cludes a settling chamber, also referred to as a plenum chamber. This enclosed volume 

mitigates turbulence and pulsations introduced by the blower or vacuum system and 

helps getting more accurate measurements. The bench surface is located on top of the 

settling chamber that serves as a mounting platform and structural interface. It enables 

precise positioning of the test specimen and includes a discharge port serving as a path-

way linking the airflow from the flow bench to the test object (Flow Performance, n.d.; 

Choate et al., 2007). 
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In order to connect the test object, typically a cylinder head, to the plenum or bench top 

in a leak-free manner a fixture or adapter is required. The cylinder head is attached to a 

cylindrical liner that maintains the same diameter as the cylinder bore. For instance, to 

assess intake port flow, air is drawn through the intake port, past the valve and into the 

cylinder bore extension (El-Adawy et al., 2017; Flow Performance, n.d.).  

 

With the fundamental principles and components of the flow bench now established, 

the following sections will review the relevant literature. The discussion will first explore 

the foundational physics of valve flow and then provide an in-depth survey of how the 

flow bench has been utilised as a critical tool in experimental, numerical, and integrated 

hybrid studies.  

 

 

2.2 Literature Survey: Valve Flow Studies and Flow Bench Applications 

 

 

2.2.1 Fundamental Studies on Valve Flow Research 

Recent literature highlights how CFD contributes to understanding turbulent flow struc-

tures, unsteady behaviours, cavitation tendencies, heat transfer, and fluid–structure in-

teractions in valve systems. 

 

Turbulence Modelling in Valve Flows 

In many valve applications turbulence plays a dual role, it can enhance mixing, which is 

beneficial for combustion, but it can also induce pressure losses and flow separation. A 

study by Clenci et al. (2014) demonstrated through 3D CFD simulation how reducing in-

take valve lift at idle speed significantly increased turbulence intensity and swirl within 

the cylinder. As shown in the Figure 4, the peak flow velocity at the valve gap increased 

from ~32 m/s at high lift to ~160 m/s at low lift, creating a strong shear region that 
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boosted turbulence kinetic energy. This led to better mixture homogenisation and im-

proved idle stability, underscoring CFD's value in capturing subtle yet critical flow trends. 

 

 

Figure 4. Plots of maximum intake valve law (Hmax) and minimum intake valve law (Hmin) show-
ing flow velocity at the intake valve gap (Wiv), highlighting the substantially higher 
peak velocity at low lift (Hmin) due to intensified pressure differentials across the 
intake valve gap. Adapted from(Clenci et al., 2014).  

 

However, the accuracy of such predictions is dependent on the chosen turbulence model. 

RANS models such as, the 𝑘 − 𝜀 model, remain widely used due to their computational 

affordability. While it provides acceptable accuracy in fully turbulent regimes, its iso-

tropic eddy viscosity assumption struggles with flow separation and jet-like structures. 

To address this, researchers have successfully applied modified two-equation models, 

such as the 𝑅𝑁𝐺 𝑘 − 𝜀 or Shear-Stress-Transport (SST) 𝑘 − 𝜔, to better handle the re-

circulation and swirl common in valve flows, as documented by Domagala & Fabis-Do-

magala (2023) and Valdés et al. (2014).  Such modified models, 𝑘 − 𝜔 𝑆𝑆𝑇 for example, 

achieves this through two key features. Firstly, it operates as a hybrid model, blending 

the robust and accurate 𝑘 − 𝜔 model in the near-wall region with the freestream-inde-

pendent 𝑘 − 𝜀 model in the outer flow. Secondly, it introduces a limiter on the eddy vis-

cosity, which enforces the physical principle that shear stress is proportional to turbulent 

kinetic energy, thereby improving the prediction of flow separation and recirculation 

(Menter, 1994). 

 

However, traditional RANS models can fail to capture transient vortical structures and 

cyclic variability in intake flows. For higher fidelity, LES is employed to resolve unsteady 

turbulence around intake valves. The trade-off is clear: RANS remains computationally 
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affordable and is useful for rapid design iterations, whereas LES provides deeper insight 

into flow physics at a higher computational cost. 

 

As demonstrated by Nishad et al. (2019), LES outperforms RANS in matching experi-

mental Magnetic Resonance Velocimetry (MRV) data. Specifically, LES using the WALE 

model achieved a lower normalised mean absolute error (nMAE ≈ 3.48%) compared to 

RANS (nMAE ≈ 4.48%), as shown in Figure 5. Moreover, detailed comparisons of veloc-

ity profiles at multiple cross-sections within the cylinder confirm that LES better resolves 

flow gradients and jet structures across the valve curtain as shown in Figure 6.  

 

 

Figure 5. Comparison of normalised mean absolute error (nMAE) of velocity with Magnetic Res-
onance Velocimetry (MRV) data across several turbulence models. Adapted from (Ni-
shad et al., 2019). 
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Figure 6. Comparing the velocity profiles for LES using WALE model and MRV at different Y-planes 
(L1-L4) at 𝑍=0. From Nishad et al. (2019). 

 

Regardless of the turbulence model used, a recurring requirement in CFD studies is ro-

bust validation against experimental data and ensuring grid independence, both of 

which are critical to mitigate numerical uncertainties. For instance, it was shown by 

Clenci et al. (2014) who carefully calibrated their intake flow CFD with boundary condi-

tions from engine experiments resulted in good agreement in flow patterns. 

 

Transient Flow Analysis in Valve Operation 

Valves often operate under transient conditions (e.g., rapid opening/closing in engines 

or control systems), and CFD allows time-resolved analysis of these unsteady flows. 

Modern CFD solvers support moving mesh techniques that update the computational 

grid as the valve position changes (Domagala & Fabis-Domagala, 2023). This approach 

captures dynamic effects that steady-state analysis inherently misses. Although steady-
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state CFD is fast and suitable for fixed-condition analyses, it cannot capture time-de-

pendent phenomena. Whereas transient CFD resolves unsteady flow behaviour, albeit 

at higher computational cost, making it essential for accurately modelling dynamic sys-

tems like moving valves or pulsating flows. 

 

In their work on a motored engine, Clenci et al. (2014) performed a dynamic simulation 

of the full intake stroke, using a deforming mesh to track the moving valve. Their results 

captured the evolution of the intake jet, backflow during valve closing, and the buildup 

of turbulence. 

 

Jeong et al. (2024) provided a clear example of the disparity between transient and 

steady-state simulations. They performed a transient CFD study on a five-way coolant 

control valve using a rotating mesh to replicate the rapid actuation of the ball valve. Their 

analysis revealed that dynamic effects caused a flow rate deviation of up to 19.03% at 

the stack port when operating at a rotation speed of 𝜔 = 94 deg/s, compared to steady-

state predictions. As shown in Figure 7, the transient simulations captured unsteady be-

haviours, such as flow inertia and valve-induced hysteresis, which were not present in 

the steady-state results.  

 

 

Figure 7. Transient and steady-state predictions of mass flow rate through the stack port, plotted 
against ball valve angle (left). Simulations were run at ω = 47 and 94 deg/s in both 
clockwise (+) and counter-clockwise (−) directions. The bar chart (right) shows the 
averaged error (%) between transient and steady-state flow predictions. From Jeong 
et al. (2024). 

 



34 

Cavitation Prediction in Valve Flows 

Cavitation, formation of vapor bubbles, can occur in regions of low pressure, such as at 

small valve openings or sharp throttling points. For example, Kudźma & Stosiak (2015) 

experimentally observed cavitation developing in a hydraulic lift valve, correlating its in-

ception with acoustic emissions. Numerical models can visualise where vapour pockets 

form and collapse, helping to identify cavitation inception at geometrical singularities 

like seat edges or poppet gaps. 

 

Valdés et al. (2014) validated a steady RANS CFD model of a 1.4 mm ball check valve 

using the Realizable 𝑘 − 𝜀 turbulence closure coupled with the Schnerr–Sauer homoge-

neous cavitation model implemented in ANSYS Fluent. Cavitation was switched on (at-

mospheric outlet pressure) and off (elevated outlet pressure) to mimic the test rig, and 

the simulation reproduced the experimentally observed ≈ 20 % reduction in mass flow 

under full cavitation as shown in Figure 8. While the Schnerr–Sauer formulation requires 

an empirical bubble-number density, authors therein adopted the Fluent default of 10¹³ 

m⁻³ and reported that the model was robust, showing less than 0.5 % sensitivity to a 

one-order-of-magnitude change in this value. A key insight from their validated model 

was the ability to calculate the hydraulic forces on the ball, showing how cavitation al-

tered the net forces and thus the valve's stability.  
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Figure 8. Adapted plots comparing experimental and CFD-predicted mass flow rate across a 
range of pressure drops (ΔP), under cavitating and non-cavitating conditions (Valdés 
et al., 2014). 

 

Heat Transfer Assessment in Valves 

Valve flows often involve significant heat transfer, especially in engine contexts where 

components are exposed to hot exhaust gases. Through Conjugate Heat Transfer (CHT) 

analysis, which couples fluid flow simulation with solid conduction models, 3D CFD can 

predict component temperatures by resolving detailed surface heat transfer coefficients. 

 

For example, a transient thermal CFD study by Hassan et al. (2021) investigated the heat 

exchange between an engine exhaust valve and its seat to improve thermal management. 

Their transient thermal simulations compared a standard cast iron valve seat with four 

copper-based alloys. As shown in Figure 9, brass achieved a lower front seat temperature, 

i.e., T2 = 506 °C compared to cast iron, T2 = 538.7 °C, indicating enhanced thermal con-

duction and improved heat removal from the valve head. 
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Figure 9. Comparison of simulated valve seat temperatures for different materials. The front 
valve seat temperature (T2) is lower for copper-based alloys, particularly brass, com-
pared to cast iron. Data adapted from Hassan et al., 2021, Table 3. 

 

This enhanced cooling is a direct result of the superior thermal conductivity of the cop-

per alloys. Figure 10 quantified this effect by showing the calculated heat flux, i.e., 

 
𝑞𝑐𝑜𝑛𝑑

𝐴
= −𝑘

𝑑𝑇

𝑑𝑋
 , where 

𝑞𝑐𝑜𝑛𝑑

𝐴
 is the rate of heat transfer per unit area, 𝑘 is the thermal 

conductivity of the material and 
𝑑𝑇

𝑑𝑋
 is the temperature gradient between the valve head 

(T1) and the front of the seat (T2). The simulation predicted a heat flux of 14,679 

kW/m² for brass, a more than three-fold increase over the 3,993 kW/m² observed for 

cast iron under the same conditions (Hassan et al., 2021). This supported the authors' 

conclusion that a brass seat can absorb on average 30% more heat in terms of tempera-

ture differences, making it a promising candidate for improved thermal management in 

high-temperature engine environments. 
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Figure 10. Comparison of simulated front (T2) and back (T3) valve seat temperatures for five 
materials. Copper-based alloys show significantly better thermal performance than 
cast iron, with brass and beryllium copper producing the lowest seat temperatures. 
Data adapted from Hassan et al., 2021, Table 3. 

 

Similarly, Cerdoun et al. (2020) tackled the complex heat transfer in both intake and ex-

haust valves across various engine speeds. Using a coupled CFD and finite element anal-

ysis approach, they developed detailed valve temperature maps. Their results, shown in 

the Figure 11, demonstrated that the heat transfer coefficient varied along the valve sur-

face, with the highest values on the seat and tulip where flow impinged or separated. A 

critical assumption in such CHT simulations was the accuracy of the imposed boundary 

conditions (e.g., fluid temperatures and convective coefficients), which can be challeng-

ing to obtain from real-world engine operation, making experimental validation crucial. 
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Figure 11. Averaged heat transfer coefficient vs engine speed for intake and exhaust valves in 
four regions. Adapted from (Cerdoun et al., 2020).  

 

Such CFD-driven thermal analyses inform material selection and cooling strategies to 

prevent valve overheating. Similarly, in industrial valves, CFD-based thermal models help 

evaluate cooling jacket effectiveness or thermal stresses by resolving the fluid tempera-

ture fields and heat fluxes. Overall, CFD’s ability to combine flow and heat transfer anal-

ysis allows engineers to assess valve thermal performance under realistic operating con-

ditions. 

 

General Valve Performance Prediction and Optimisation 

Beyond modelling specific phenomena, 3D CFD is broadly applied to predict and opti-

mise overall valve performance by calculating fundamental parameters, such as the loss 

coefficient and flow coefficient. The loss coefficient is a dimensionless measure of irre-

versible pressure loss and flow coefficient relates the measured mass flow rate to theo-

retical flow predictions. These quantities are essential for system-level design and anal-

ysis. 
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For instance, a study by Moujaes & Jagan (2008) used CFD to calculate these essential 

parameters for a ball valve under various partial openings and across a turbulent Reyn-

olds number range of 10⁵ to 10⁶. They found out that loss coefficient appeared to be 

largely independent of the Reynolds number for a given valve opening, as shown in the 

Figure 12. Their simulations, validated against experimental data, highlighted CFD's role 

in characterising fundamental valve hydraulic performance. 

 

 

Figure 12. Loss coefficient as a function of Reynolds number for a ball valve at three different 
opening positions. Data adapted from Moujaes & Jagan (2008). 

 

In another study, Bhowmik & Suh (2021) evaluated the hydrodynamic flow characteris-

tics of a complex combined emergency stop and control valve intended for use in an 

ultra-supercritical steam turbine. As defined by the parameters investigated in their 

study, flow characteristics represent the relationship between the resulting flow rate, 

the valve opening (normalised as stem lift, L/D), and the system pressure ratio. They  

integrated theoretical analysis, full-scale 3D CFD simulations using STAR-CCM+, and ex-

periments on a test rig. 
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One of the insights from this study was the challenge of experimental validation and the 

impact of geometric scaling. The experiments were conducted on a simplified, scaled-

down version of the valve to match the test bench capabilities, while the CFD simulations 

were performed on the original, full-scale design. This discrepancy led to a notable scale 

deviation between the experimental and numerical results. As detailed in the Table 1, 

the simulated flow coefficient at a lift of L/D=0.25 was 15% higher for the control valve 

and 16% higher for the stop valve compared to the scaled experimental data. The au-

thors attributed this deviation to a combination of scaling distortion, internal geometric 

simplifications required for the test model, and physics model simplifications (e.g., using 

air instead of steam). 

 

Table 1. Simulation vs. test data for L/D = 0.25. Data adapted from Bhowmik & Suh., 2021, Table 
3. 

Scale cate-

gory 

Diameter 

(mm) – 

Test 

Diameter 

(mm) – 

Simulate 

Diameter 

scale ratio 

Flow  

coefficient  

Test 

Flow  

coefficient 

Simulate 

Flow scale 

ratio 

Scale error 

(%) 

Control 

Valve 

110 190 1.73 0.40 0.60 1.15 15% 

Stop Vale 110 220 2.00 0.26 0.45 1.16 16% 

 

The study highlighted a key limitation of relying on scaled-down experiments for validat-

ing the performance of complex, multi-component valves. While CFD offers the flexibility 

to model the true geometry, its predictions must be carefully interpreted when direct, 

one-to-one experimental validation is not feasible. Table 2 summarises all the articles 

discussed in this section.  
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Table 2. Comparative table of applications of 3D CFD models in valve flow research. 

Reference Geometry/Setup Applications/Focus Main Highlights  

Clenci et al. 

(2014) 

Motored single‑cylinder 

spark‑ignition engine, moving 

mesh tracks poppet intake valve 

at low (≈1 mm) vs. higher lift. 

Steady CFD using RANS 𝑘 − 𝜀 

turbulence closure. 

Turbulence modelling 

in engine valve flows; 

impact of valve lift on 

in‑cylinder swirl and 

internal ex-

haust‑gas‑recircula-

tion 

Low‑lift jet increased tur-

bulence‑kinetic‑energy, 

strengthened swirl, re-

duced internal ex-

haust‑gas‑recirculation 

and thus improved 

idle‑mixture homogene-

ity and stability. 

Domagala & 

Fabis-Do-

magala 

(2023) 

Survey of industrial spool and 

poppet hydraulic valves; com-

pares steady and transient CFD 

plus Fluid–Structure Interaction.  

Unsteady flow‑force 

mechanisms, cavita-

tion effects, and nu-

merical model selec-

tion. 

Showed accurate predic-

tion of valve flow forces 

required transient grids, 

SST closure and cavitation 

models. 

Valdés et al. 

(2014) 

1.4 mm ball‑check valve; steady 

RANS with Schnerr–Sauer cavita-

tion model validated against be-

spoke flow‑bench tests. 

Cavitation inception, 

flow‑rate degradation, 

hydraulic‑force predic-

tion  

CFD reproduced 

mass‑flow within ±2 % for 

most pressure drops; cav-

itation lowered flow coef-

ficient and alters net ball 

forces. 

Nishad et al. 

(2019) 

Moving‑mesh LES of intake‑valve 

jet; validated via MRV. 

Cycle‑resolved turbu-

lence characterisation 

in engine intake flows. 

LES captured fine vortical 

structures and valve‑gap 

turbulence missed by 

RANS, yielding better 

agreement with veloc-

ity‑field measurements. 

Jeong et al. 

(2024) 

Five‑way electric coolant ball 

valve (fuel‑cell vehicle); transient 

rotating‑mesh CFD at different 

actuation speeds. 

Transient flow‑rate de-

viation and thermal 

mixing during rapid 

valve actuation. 

Dynamic analysis re-

vealed up to 19 % 

flow‑rate deviation ver-

sus steady model; flow in-

ertia and mixing de-

pended on ball rotation 

speed/direction. 
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Reference Geometry/Setup Applications/Focus Main Highlights  

Kudźma & 

Stosiak 

(2015) 

Hydraulic lift poppet valve; ex-

perimental flow‑visualisation 

and acoustics measurements 

Cavitation onset and 

noise correlation in hy-

draulic valves. 

Determined critical Reyn-

olds number for cavita-

tion; linked cavitation in-

ception to acoustic signa-

ture, proposed real‑time 

monitoring method. 

Hassan et al. 

(2021) 

Transient CHT analysis of exhaust 

valve and seat; compared 

cast‑iron seat with four cop-

per‑alloy alternatives. 

Heat‑transfer assess-

ment and material in-

fluence on valve cool-

ing. 

Brass‑alloy seat absorbed 

≈30 % more heat than 

cast iron, significantly 

lowering valve tempera-

ture and identifying a 

low‑cost cooling upgrade. 

Cerdoun et 

al. (2020) 

Intake and exhaust poppet 

valves; boundary conditions de-

rived from 1D gas-dynamics sim-

ulation and empirical correla-

tions, then applied to a 2D FEM 

model for solid conduction 

across an engine-speed sweep. 

Spatial Heat‑Trans-

fer‑Coefficient distri-

bution and thermal 

mapping in engine 

valves. 

Seat and tulip zones ex-

hibited peak Heat‑Trans-

fer‑Coefficient; exhaust 

valve reached higher 

temperature than intake, 

mapped hotspots for fa-

tigue‑life assessment. 

Moujaes & 

Jagan (2008) 

5 cm flanged quarter‑turn ball 

valve at 0°, 23°, 46° openings; 

steady RANS 𝑘 − 𝜀  over Reyn-

olds numbers 1 × 10⁵–1 × 10⁶. 

Valve performance 

prediction: loss coeffi-

cient and flow coeffi-

cient. 

Showed the loss coeffi-

cient was nearly Reyn-

olds‑independent for a 

given opening, and flow 

coefficient rose steeply 

with opening, baseline 

data for pipeline models. 

Bhowmik & 

Suh (2021) 

Full‑scale combined emer-

gency‑stop/control steam valve 

for ultra‑super‑critical turbine; 

STAR‑CCM+ CFD validated on 

VELO hydrodynamic test rig. 

Hydrodynamic 

flow‑characteristic 

curves and scale‑effect 

evaluation. 

CFD reproduced flow 

curves within 16 % of 

tests; showed im-

portance of full‑scale val-

idation when scaling 

complex valve internals. 
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2.2.2 Flow Bench in Experimental Studies  

Agnew (1994) explained that the diagnostic value of data generated by flow benches 

increase when raw volume-flow data are converted into effective area (𝐴ₑ)  and then 

normalised by key reference areas that govern the flow path: valve curtain area  𝐴𝑐 =

 𝜋 𝐷0𝐿, valve head area 𝐴𝑣  = 𝜋
4⁄ 𝐷0

2, and cylinder bore area 𝐴𝑏 = 𝜋 4⁄ 𝐵2 , where: 𝐷0 

is valve outlet head diameter and 𝐵 is cylinder bore diameter.  The resulting dimension-

less discharge coefficients are: 

 𝐶𝑑𝑐𝑎  =
𝐴ₑ

𝐴𝑐
, (4) 

𝐶𝑑𝑣𝑎  =
𝐴ₑ

𝐴𝑣
, (5) 

𝐶𝑑𝑏𝑎  =
𝐴ₑ

𝐴𝑏
 . (6) 

 

These coefficients separate flow capacity from flow efficiency across the valve-lift range. 

As illustrated in Figure 13, Agnew benchmarked the “ROAD III” prototype against a da-

tabase of 18 high-performance racing engines. This set revealed class-leading 𝐶𝑑𝑏𝑎 but 

poor 𝐶𝑑𝑐𝑎 and 𝐶𝑑𝑣𝑎   on the intake side, indicating oversized, shrouded inlet valves; a 

modest valve-diameter reduction was recommended to lift both efficiency curves with-

out sacrificing capacity.  
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Figure 13.  The plots show ROAD III prototype engine’s performance. The first four plots are 
intake discharge coefficients vs. normalised lift and the bottom four plots are exhaust 
discharge coefficients vs. normalised lift, redrawn from (Agnew, 1994).  
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Wahono et al. (2019) identified the steady-state flow bench as a cost-effective tool for 

approximating bulk in-cylinder motion. They used a flow bench to investigate the intake 

port and valve assembly of a small (125 cm³) single-cylinder, four-valve, four-stroke gas-

oline engine under various pressure differences (100 to 300 mmH₂O) and valve lifts. Key 

observations included an increase in air volume flow rate with both lift and pressure 

difference (∆𝑝). While the flow coefficient also increased with lift, it was found to de-

crease with pressure difference. Conversely, the discharge coefficient was found to de-

crease with increasing valve lift, and showed sensitivity to pressure differences. Further-

more, a CFD model using the RNG 𝑘 − 𝜀 turbulence model demonstrated the progres-

sion of tumble motion inside the cylinder, underscoring the synergy between experi-

mental flow bench data and computational modelling. 

 

In a comparative study, El-Adawy et al. (2017) used the same four-valve cylinder head to 

test tumble motion in two different steady-state flow bench designs. One used an im-

pulse torque meter (Ricardo type), and the other used a paddle wheel (FEV type). At a 

constant pressure difference of 600 mm H₂O they varied valve lift from 1 to 9 mm and 

recorded the air-flow rate, flow coefficient, discharge coefficient and non-dimensional 

rig-tumble. The two benches produced similar flow and discharge coefficient curves up 

to ≈ 6 mm lift; above that point the FEV rig showed flow choking, which reduced both 

coefficients and altered the tumble trend as it can be observed in Figures 14 and 15.  

 

 

Figure 14. Flow and discharge coefficients as a function of valve lift, measured on Ricardo-type 
with impulse torque meter, and FEV-type with paddle wheel. FEV data shows diver-
gence at high lift due to flow choking. Adapted from El-Adawy et al. (2017). 
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Figure 15. Rig tumble deviation with valve lift for both flow benches. Adapted from (El-Adawy et 
al., 2017). 

 

They also modified the FEV-type bench to incorporate Particle Image Velocimetry (PIV), 

successfully visualising tumble structures and demonstrating a reasonable agreement 

between PIV-derived tumble and the paddle wheel measurements as quantified in Fig-

ure 17. The vorticity magnitude maps derived from PIV data are shown in Figure 16.  
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Figure 16. PIV vorticity magnitude maps at different valve lifts. From El-Adawy et al. (2017). 

 

 

Figure 17. The non-dimensional rig tumble derived from the paddle wheel rig followed PIV meas-
urements closely. Adapted from (El-Adawy et al., 2017). 

 

Welch et al. (2023) also employed PIV to investigate flow behaviour. They utilised a cus-

tom-designed air flow bench to model and characterise the turbulent intake jet of an 
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optically accessible research engine. They removed the piston to create a simplified, con-

tinuous flow environment with high-speed PIV to investigate flow characteristics under 

both stationary and moving valve conditions. Their research compared flow bench data 

to baseline measurements from the actual motored engine, successfully simulating key 

features of the intake flow. A significant finding was the identification of a coherent flap-

ping of the intake jet at 752.5 Hz, observed exclusively under the highest mass flow rate 

condition with stationary valves. This phenomenon was plausibly linked to vortex shed-

ding around the valve stem, likely induced by valve vibrations. The controlled flow bench 

environment facilitated a comprehensive analysis of turbulence and flow instabilities. 

The resultant data provide robust validation for the development of CFD models. 

 

Building on this, recent studies have introduced even more sophisticated diagnostic 

techniques and dynamic valve operation. Addressing the limitations of 2D measure-

ments, Chen & Sick (2017) introduced plenoptic particle Tracking Velocimetry (PTV) on a 

steady-state flow bench. Plenoptic imaging captures the complete light field by recording 

both the position and the direction of every light ray with a microlens array, which makes 

depth reconstruction possible from a single view (Fang, 2025). This approach enabled 

three-dimensional, three-component (3D3C) velocity measurements, resolving all spa-

tial directions and flow components. Crucially, plenoptic PTV is well-suited for optically 

constrained environments, such as engine cylinders, where conventional multi-camera 

setups are impractical. Their results successfully captured complex flow features like 

tumble and swirl, illustrating the potential for volumetric flow diagnostics in engine de-

velopment. 

 

 

2.2.3 Flow Bench in Numerical Studies 

An early example of using CFD as a numerical flow bench is the work of Taghavi et al. 

(1990). In the first part of their study, they employed a modified KIVA code to evaluate 

the aerodynamic effects of minor geometric changes between two inlet port designs. 

The analysis quantified performance differences, finding that the original design, Port 1, 
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exhibited a greater head loss than the modified Port 2. The pressure deficit was approx-

imately 750 Pa at 300° Before Top Dead Centre (BTDC), diminishing to 495 Pa by 180° 

BTDC. This discrepancy is due to the fact that in configuration 1 the inlet velocity hits the 

intake port wall with a greater angle. Despite this, Port 1 had less than 1% loss in volu-

metric efficiency compared to Port 2 at 180° BTDC during the intake stroke. Velocity field 

analysis confirmed that CFD was capable of resolving subtle geometric effects, particu-

larly how flow was diverted due to wall interaction and valve proximity. These results 

demonstrated that CFD offered a level of diagnostic fidelity comparable to physical flow 

benches, with the added advantage of full 3D flow visualisation. 

 

The second part of the study by Taghavi et al. extended this analysis to thermal perfor-

mance, using the same CFD code to simulate in-cylinder combustion. The objective was 

to determine temperature and heat flux distributions on the cylinder head walls for com-

parison with experimental data. A key finding was the critical role of the turbulence 

model. The 𝑘 − 𝜀 turbulence model was found to outperform KIVA's initial subgrid scale 

model offering more accurate heat flux predictions. When validated against experi-

mental data, the 𝑘 − 𝜀  based simulation showed temperature discrepancies of only 

about 10°C at the valve bridge and 20°C on the exhaust valve, compared to overestima-

tions of up to 200°C on the exhaust valve head using the subgrid scale model. This con-

firmed its superior predictive accuracy for thermal analysis. The improvement is likely 

due to the two-equation 𝑘 − 𝜀 model solving transport equations for both turbulent ki-

netic energy (𝑘) and its dissipation rate (𝜀), which allows the turbulence length scale to 

adapt dynamically and damp eddy viscosity near walls, providing critical capabilities for 

accurate heat transfer that the original subgrid scale model lacks. 

 

Building on the earlier numerical flow bench study, Mohammadebrahim et al. (2012) 

also used CFD to analyse in-cylinder phenomena. They simulated steady-state tumble 

flows and validated the results against a physical flow bench with a dome-shaped cylin-

der head. The researchers compared seven different turbulence models and selected the 

RNG 𝑘 − 𝜀  model for its robustness, noting that the choice of model resulted in a 
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maximum difference of 9% in predicted vorticity. The simulation results for flow coeffi-

cient and tumble torque showed strong agreement with experimental data; the pre-

dicted flow coefficient fell within the 1% experimental uncertainty, and the tumble 

measurements were also in reasonably good agreement. Their analysis also revealed 

that the in-cylinder flow behaviour was highly sensitive to valve lift, transitioning from a 

uniform flow pattern at low lifts to a dominant, biased jet at higher lifts that promoted 

tumble. 

 

Mohamad Shafie et al. (2017) also validated two CFD simulation methods against physi-

cal flow bench data in order to compare their accuracy. They used steady-state port flow 

and dynamic cold flow to determine an engine’s intake breathing capacity. The authors 

first established baseline airflow by measuring discrete, fixed valve lifts on a flow bench. 

They then replicated those conditions in a static-geometry CFD simulation, termed 

Steady-State (Port Flow). This was followed by a transient CFD analysis that simulated 

the full intake stroke with moving valves and a piston, but without fuel or combustion, 

representing a more realistic engine cycle that is referred to as "Dynamic (Cold Flow)." 

Their key findings were that port flow simulations were highly accurate, while dynamic 

simulations consistently underpredicted breathing capacity. They recorded flow coeffi-

cient deviations  between  1.6% and 5.1% for the port flow simulations, while the dy-

namic cold flow simulations deviated by as much as 27%, as illustrated in Figure 18. The 

authors attributed this discrepancy to the transient flow losses associated with valve and 

piston motion, which are not captured in static analyses. This study concluded that while 

steady-state simulations are superior for predicting absolute performance values, dy-

namic simulations are valuable for establishing performance trends and a lower-bound 

for breathing capacity. 
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Figure 18. Comparison of flow coefficients obtained from experimental, steady-state (port flow), 
and dynamic (cold flow) analyses. Redrawn from (Mohamad Shafie et al., 2017). 

 

To address the uncertainties posed by different steady-state flow rig configurations, The-

odorakakos (2024) used CFD to numerically simulate and compare four rigs used to 

measure the tumble motion in a four-valve, pent-roof engine cylinder head. The meth-

ods analysed were the Ricardo T-tube, Ricardo L-tube, FEV, and Hot-Wire Anemometry 

(HWA). The four widely used tumble measurement configurations shown schematically 

in Figures. 19, 20 and 21.  

 

 

Figure 19. Ricardo tumble adaptors. From Theodorakakos (2024). 
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Figure 20.  FEV tumble adaptor. From Theodorakakos (2024). 

 

 

Figure 21. HWA and PIV velocity measuring. From Theodorakakos (2024). 

 

Their primary finding was that the choice of rig significantly impacted the measured flow 

coefficient and tumble ratio because the rig's geometry fundamentally affects the in-

cylinder flow structure. The study found that each configuration presented distinct ad-

vantages and limitations leading to different tumble ratio predictions across the valve lift 

range as shown in Figure 22. The FEV rig, with its small-diameter exit tube, restricted the 

mass flow rate but generated a strong, well-defined tumble vortex, making it suitable for 

assessing the influence of a real piston crown. On the other hand, the Ricardo T-tube and 

L-tube configurations showed divergent behaviour at high valve lifts. The T-tube devel-

oped a secondary, counter-rotating vortex that changed the flow dynamics, while the L-

tube produced a stronger but asymmetric primary vortex. The HWA method was identi-

fied as an "indirect" technique that measures axial velocity non-uniformity rather than a 
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coherent tumble structure, yielding results that only align with other methods at high 

valve lifts. Figure 23 shows the formation of tumble in the four setups.  

 

 

Figure 22. Tumble ratio vs. Valve lift plot demonstrating how different rigs produce divergent 
results. Reproduced from (Theodorakakos, 2024). 

 

 

Figure 23. Streamlines for HWA, Ricardo T-tube, Ricardo L-tube and the FEV tumble adaptor 
shown from left to right. From Theodorakakos (2024). 

 

 

2.2.4 Flow Bench in Hybrid Experimental-Numerical Studies 

The trend of integrating detailed optical diagnostics with flow benches for rigorous CFD 

validation is further exemplified by Hartmann et al. (2016). They combined highly re-

solved two-dimensional, two-component PIV measurements on a steady-state flow 
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bench with Detached-Eddy Simulations (DES) to characterise engine-relevant flow fea-

tures in the vicinity of the intake valve at a fixed lift. DES is a hybrid modelling approach 

that combines the strengths of two other methods: RANS and LES. Hartmann et al. (2016) 

work focused on comparing mean and fluctuating velocity fields, jet orientation, and 

critically, the validity of wall functions near the valve seat and the transport of vortex 

shedding from the valve stem into the combustion chamber. While general agreement 

was found between the finer DES mesh and PIV data, discrepancies in jet orientation 

were noted, possibly due to differences between the idealised CFD geometry and real-

world manufacturing tolerances. The study also revealed that standard wall functions 

were inadequate near the valve seat in the simulations and numerically identified valve 

stem vortex shedding that could persist into the cylinder, highlighting the flow bench as 

a demanding test case for scale-resolving CFD models and their underlying assumptions. 

 

The practical application of this integrated experimental-numerical flow bench approach 

to address specific engineering challenges in diesel engine development was demon-

strated by Demirkesen et al. (2020). They focused on characterising swirl motion in 

heavy-duty diesel engine cylinders, using steady-state flow bench testing (torque meter 

for swirl ratio), PIV for flow visualisation, and CFD simulations (RNG 𝑘 − 𝜀 with adaptive 

mesh refinement). A key contribution of their work was the investigation of cylinder-to-

cylinder variations and the significant impact of manufacturing imperfections, such as 

surface roughness and valve tilt, on swirl characteristics. By comparing cast cylinder 

heads with a smooth, rapid-prototyped flow box, and through endoscopic inspection, 

they quantified how these real-world factors can alter flow behaviour and deviate from 

idealised numerical models. Their CFD model, validated against experimental mass flow 

and swirl ratios, served as a tool for port design, while the experimental findings under-

scored the necessity of considering manufacturing quality in achieving desired in-cylin-

der flow. A summary of all the studies reviewed thus far has been presented in Table 3.  
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Table 3. Comparative table of flow bench applications in engine development. 

Study Geometry / Setup Application / 

Purpose 

Methods / 

Tools Used 

Main Highlights / Findings 

Taghavi et al. 

(1990) 

CFD of intake port 

designs (Port 1 vs. 

Port 2) 

Simulated 

physical flow 

bench for early 

port design 

evaluation 

KIVA code, 𝑘 −

𝜀  turbulence 

model 

Port 1 had slightly higher 

head loss but <1% volu-

metric efficiency differ-

ence; CFD resolved 3D 

flow and subtle design ef-

fects 

Agnew (1994) Multiple race en-

gine cylinder heads 

on steady flow 

bench 

Normalised 

and bench-

marked intake 

efficiency 

across engines 

Steady flow 

bench, Ae, 

Cdca, Cdva, 

Cdba, L/D plots 

Introduced normalised 

flow coefficients; built 

comparative database to 

diagnose design flaws 

(Moham-

madebrahim et 

al., 2012) 

Dome-shaped cyl-

inder head; port-

valve-liner test rig 

Validated CFD-

predicted tum-

ble flow vs. ex-

periment 

Fluent CFD (7 

turbulence 

models), swirl 

meter, flow 

bench 

Strong agreement (<1% for 

flow coefficient, ~9% for 

tumble); tumble increased 

at high lifts; RNG 𝑘 − 𝜀 

most robust 

Hartmann et 

al. (2016) 

Intake port of a 

spark-ignited sin-

gle-cylinder head 

on flow bench; PIV 

plane and fixed lift 

Assessed in-

take jet fea-

tures and vali-

dated DES 

against PIV 

DES (ANSYS), 

2D-2C PIV, wall 

function as-

sessment 

DES matched average 

flow; stem vortex shedding 

observed; wall functions 

failed near valve seat 

El-Adawy et al. 

(2017) 

4-valve cylinder 

head tested on Ri-

cardo & FEV 

benches 

Compared 

tumble meas-

urement tech-

niques & incor-

porate PIV 

Paddle wheel, 

torque meter, 

valve lift 

sweeps, PIV 

Good agreement on dis-

charge coef. up to ~6 mm; 

tumble results diverged 

between benches; PIV vis-

ualised vortex; piston pres-

ence influenced data 

Chen & Sick 

(2017) 

4 valve Spark-igni-

tion-direct-ignition 

engine cylinder 

head  with plenop-

tic camera PTV 

setup 

Captured full 

3D3C flow 

fields in realis-

tic geometry 

Single-camera 

PTV, RxFlow 

3.1, laser op-

tics 

Visualised full tum-

ble/swirl in 3D; asymmet-

ric intake jet captured; 

overcame 2D-PIV limita-

tions 



56 

Study Geometry / Setup Application / 

Purpose 

Methods / 

Tools Used 

Main Highlights / Findings 

Mohamad 

Shafie et al. 

(2017) 

CAMPRO 1.6-L in-

take; flow bench 

baseline + steady 

(“port-flow”) & 

transient (“cold-

flow”) CFD 

Compared ac-

curacy of static 

vs dynamic 

CFD to flow-

bench data 

Flow bench 

(fixed lifts); 

Fluent steady 

RANS & mov-

ing-mesh tran-

sient 

Port-flow CFD within 1.6–

5.1 % of test; cold-flow un-

derpredicted by ≤ 27 %; 

steady CFD best for abso-

lute capacity, transient 

CFD good for trend/ lower-

bound 

Wahono et al. 

(2019) 

125 cm³, 4-valve 

gasoline engine 

head 

Assessed influ-

ence of lift and 

𝛥𝑃  on flow & 

tumble 

Steady flow 

bench (100–

300 mmH₂O), 

CFD (RNG 𝑘 −

𝜀) 

Flow rate increased with 

lift; flow coef. decreased 

with 𝛥𝑃 ; discharged coef. 

decreased with both; tum-

ble growth captured via 

CFD 

Demirkesen et 

al. (2020) 

3 diesel heads + 

rapid prototype 

flow box 

Hybrid swirl 

study: flow 

bench + endos-

copy + CFD 

Torque-based 

swirl bench, 

PIV, Converge 

CFD (adaptive 

mesh refine-

ment, RNG 

𝑘 − 𝜀) 

Mass flow error <5%; swirl 

error <10%; valve tilt and 

surface roughness caused 

reversed swirl 

Welch et al. 

(2023) 

Optical bench; mo-

tored engine ge-

ometry without 

piston 

Characterised 

turbulent in-

take jet and 

unsteady flap-

ping 

High-speed 

PIV, fixed valve 

lift, motored 

engine base-

line 

Coherent jet flapping at 

752.5 Hz observed; at-

tributed to valve stem vor-

tex shedding; matched 

motored engine behaviour 

Theodorakakos 

(2024) 

4-valve pent-roof 

head; four tumble 

rigs (Ricardo T/L-

tube, FEV, HWA) 

simulated 

Quantified rig-

geometry ef-

fect on flow-

coefficient & 

tumble ratio 

CONVERGE 

CFD; valve-lift 

sweep (2–10 

mm) 

Rig choice changes results: 

FEV had strong centred 

vortex but low mass flow; 

T-tube developed second-

ary counter-vortex; L-tube 

yielded stronger asymmet-

ric vortex; HWA method 

aligned only at high lifts 
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2.3 Governing Conservation Equations 

The behaviour of a fluid flow is governed by three fundamental conservation laws of 

physics: the conservation of mass, momentum, and energy. Together, these principles 

form a set of coupled, non-linear partial differential equations. The Eulerian, integral 

conservation statement for an arbitrary scalar 𝜑 over a control volume 𝑉 reads (Mon-

torfano, 2017) 

𝜕

𝜕𝑡
∫ 𝜌𝜑 𝑑𝑉 + 
𝑉

∫ 𝜌𝜑  𝑣   . 𝑛⃗  𝑑𝑆 = 0.
𝑆

(7) 

 

In the above equation, 𝜌 is the fluid density, 𝑣  is the velocity vector field, 𝜌𝜑 is inter-

preted as the “amount” of 𝜑 per unit volume. This equation forms the basis for the spe-

cific conservation laws summarised below. 

 

 

2.3.1 Mass 

The law of conservation of mass asserts that mass cannot be destroyed or created.  It is 

also referred to as the continuity equation. Setting 𝜑 = 1 in Eq. (7) gives the continuity 

equation, i.e.,  

 

𝜕𝜌

𝜕𝑡
+ ∇ . (𝜌𝑣 ) = 0. (8) 

 

So, the continuity equation in Cartesian coordinates is: 

𝜕𝜌

𝜕𝑡
+

𝜕(𝜌𝑢𝑖)

𝜕𝑥𝑖
= 0.  (9) 

 

For incompressible flow, 𝛻 ⋅ 𝑣 = 0.  
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2.3.2 Momentum 

The conservation of momentum is an expression of Newton's second law of motion ap-

plied to a fluid element. It states that the rate of change of momentum of a fluid particle 

is equal to the sum of the forces acting upon it. These forces include surface forces, such 

as pressure and viscous stresses, and body forces, such as gravity. The momentum of a 

fixed control volume is conserved according to the integral form shown in Equation (10). 

 

𝜕

𝜕𝑡
∫ 𝜌𝒗⃗⃗ 𝑑𝑉 + ∫ 𝜌𝒗⃗⃗ (𝒗⃗⃗ . 𝒏⃗⃗ )𝑑𝑆 =  ∫ 𝑇. 𝑛⃗ 𝑑𝑆

𝑆𝑆

 
𝑉

+ ∫ 𝜌𝒃⃗⃗ 
𝑣

𝑑𝑉. (10) 

 

Here, 𝑇 represents the stress tensor and 𝒃⃗⃗  represents the body force per unit mass. The 

corresponding differential form, often referred to as the "divergence form" used in finite-

volume CFD codes, is given in Equation (11). 

 

𝜕(𝜌𝒗)

𝜕𝑡
+ ∇ . (𝜌𝒗𝒗) =  ∇ . 𝑻 +  𝜌𝒃.  (11) 

 

This form directly enforces momentum conservation on each control volume when dis-

cretised, leading to robust global conservation. For the 𝑖 −th component in a Cartesian 

coordinate system, Equation (11) can be written as shown in Equation (12), where 𝜏𝑖𝑗 is 

the viscous stress tensor, 𝑝 is pressure, and 𝑔𝑖 is the gravitational body force component. 

 

𝜕(𝜌𝑢𝑖)

𝜕𝑡
+

𝜕(𝜌𝑢𝑗𝑢𝑖)

𝜕𝑥𝑗
 =  

𝜕(𝜏𝑖𝑗)

𝜕𝑥𝑗
 −  

𝜕𝑝

𝜕𝑥𝑖
+ 𝜌𝑔𝑖. (12) 

 

 

2.3.3 Energy 

The conservation of energy is derived from the first law of thermodynamics and accounts 

for the transport and transformation of internal, kinetic, and potential energy within a 
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fluid. In CFD, the total energy per unit mass, 𝑒𝑡, is typically expressed as the sum of in-

ternal energy 𝑒 and kinetic energy 𝑣2, where 𝑣   is the fluid velocity vector. 

 

The differential form of the total energy conservation equation, expressed in conserva-

tive form is (Anderson, 2009): 

∂

∂𝑡
[𝜌 (𝑒 +

𝑣2

2
)] + ∇ ⋅ [𝜌 (𝑒 +

𝑣2

2
)𝑣 ] = ∇ ⋅ (𝑘∇𝑇) − ∇ ⋅ (𝑝𝑣 ) + ∇ ⋅ (𝛕 ⋅ 𝑣 ) + 𝜌𝑓 ⋅ 𝑣 , (13) 

where, 𝜌 is the fluid density, 𝑝 represents the pressure, 𝑘 signifies the thermal conduc-

tivity, 𝜏  indicates the viscous stress tensor, 𝑓   refers to the body force per unit mass, 

and 𝑇 stands for the temperature. This formulation captures the essential contributions 

to total energy change from thermal conduction, pressure work, viscous dissipation, and 

external body forces. In this thesis, the sensible enthalpy has been considered the Energy 

variable in the OpenFOAM CFD code simulations. 

 

 

2.3.4 Scalar Quantities 

In addition to mass, momentum, and energy, many CFD problems require solving for the 

transport of other scalar quantities, 𝜑, such as chemical species concentration, or tur-

bulent kinetic energy. These scalars are governed by a general transport equation. The 

integral form is given in Equation (14), and the corresponding differential form is in Equa-

tion (15). 

 

𝜕

𝜕𝑡
∫ 𝜌𝜑𝑑𝑉 + ∫ 𝜌𝜑(𝒗⃗⃗ . 𝒏⃗⃗ )𝑑𝑆 =  ∫ 𝛤 ∇ 𝜑. 𝑛⃗ 𝑑𝑆

𝑆𝑆

 
𝑉

+ ∫ 𝑞𝜑
𝑣

𝑑𝑉. (14) 

𝜕(𝜌𝜑)

𝜕𝑡
+ ∇ . (𝜌𝒗⃗⃗ 𝜑) =  ∇ . (𝛤 ∇ 𝜑) + 𝑞𝜑 . (15) 

 

In these equations, 𝛤  represents the effective diffusivity of the scalar 𝜑 ,and 𝑞𝜑 is the 

source term per unit volume.  
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It is worth noting that the system of equations for momentum, energy, and scalar 

transport requires closure for turbulent fluctuations, the topic of which is discussed in 

Section 2.5.1. 

 

 

2.3.5 Equation of State 

To close the system of governing equations, a thermodynamic relationship between 

pressure, density, and temperature is required. This is provided by an equation of state. 

For many gases at low to moderate pressures, the ideal gas law, presented in Equation 

(16), is a suitable approximation.  

 

𝑝 =  𝜌𝑅𝑇. (16) 

 

In Equation (16), 𝑝 is the absolute pressure, 𝜌 is the density, 𝑇 is the absolute tempera-

ture, and 𝑅 is the specific gas constant.  

 

 

2.4 Overview of Turbulence Modelling 

The majority of fluid flows encountered in practical engineering applications are charac-

terised by turbulence, a flow regime exhibiting distinct features compared to the laminar 

flows. Such features include the flow unsteadiness, three-dimensionality, high vorticity, 

coherent structures, wide range of scales, enhanced mixing, and dissipation. These tur-

bulent fluctuations enhance mixing and transport of momentum, heat, and mass, but 

also increase frictional drag and energy dissipation (Ferziger et al., 2020).  
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A key challenge in 3D CFD is representing the effects of turbulence, which can be handled 

using a hierarchy of turbulence modelling approaches. As mentioned by Ferziger et al. 

(2020), various modelling approaches have been developed which offer a trade-off be-

tween fidelity and computational cost. The appropriate method depends on the desired 

accuracy, physical detail, and available computational resources.  

 

Accordingly, such approaches include RANS models for mean-flow prediction and their 

closure, LES for resolving large-scale turbulent eddies while modelling the smaller ones, 

and DNS for full-resolution turbulence modelling. Figure 25 illustrates this hierarchy of 

Figure 24. Turbulent flow visualisation in the W31 CH1 exhaust configuration, showing 
streamlines coloured by velocity magnitude. Warmer (red) regions indicate higher 
flow speeds, highlighting the complex merging and swirling of exhaust gas as they 
pass through the Exhaust Valves. Vectors depict the local flow direction. 
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CFD modelling techniques, beginning with low-resolution or reduced-order methods at 

the base and progressing toward high-fidelity approaches such as DNS at the apex 

matching the accuracy with the computational expense.  

 

In many cases, however, RANS predictions are sufficiently accurate for engineering and 

industrial purposes. For instance, NASA’s turbulence modelling workshop findings 

showed that RANS can be “robust and accurate for a wide variety of turbulent flows”, 

forming “the basis of the majority of engineering CFD simulations”(Bush et al., 2019). 

Furthermore, RANS-based 3D CFD computations “strike a balance between computa-

tional accuracy and cost-effectiveness” in industrial applications involving complex ge-

ometries (Cutrone et al., 2024). Given the accuracy–cost trade-offs highlighted above 

and the Flow Bench’s requirement for rapid prototyping, RANS offers the most suitable 

balance. Accordingly, this thesis employs a RANS-based approach. 

 

 

Figure 25. A conical representation of the hierarchy of CFD methods, from Low-Resolution (i.e., 
reduced order) at the bottom to DNS at the top, demonstrating that lower resolution 
has lower accuracy and vice versa. Created by the author, inspired by Fig. 6.1 in Roe-
lofs & Shams (2019). 
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2.4.1 RANS Models and Equations 

For many engineering applications, the primary interest lies in the time-averaged prop-

erties of a flow, such as mean forces, pressures, and heat transfer rates, rather than the 

instantaneous turbulent fluctuations. The RANS approach provides a computationally 

efficient framework for predicting these mean quantities and remains the most widely 

used method for industrial CFD simulations. RANS averages the governing Navier-Stokes 

equations in two primary ways, i.e., time averaging and ensemble averaging. 

 

The time-averaged value is obtained by decomposing any flow variable 𝜑 into a time-

averaged mean (𝜑̅) and a fluctuation (𝜑´), as shown in Equation (17). 

 

𝜑(𝑥𝑖 , 𝑡) =  𝜑̅(𝑥𝑖) + 𝜑́(𝑥𝑖, t). (17) 

 

The mean is obtained by integrating over a time interval 𝑇 long enough compared to the 

fluctuation timescales, where: 

𝜑̅(𝑥𝑖) =  lim
𝑇→∞

1

𝑇
∫ 𝜑

𝑇

0

(𝑥𝑖 , 𝑡)𝑑𝑡. (18) 

 

By definition, the average of the fluctuation is zero ( 𝜑́= 0). This process results in steady 

governing equations for the mean flow, known as the RANS equations. 

 

Alternatively, ensemble averaging is used for statistically unsteady flows, where deter-

ministic, coherent structures might exist alongside random fluctuations. The average is 

taken over a large number (N) of statistically identical realizations (an ensemble) of the 

flow described in Equation (19), 

𝜑̅(𝑥𝑖, 𝑡) =  lim
𝑁→∞

1

𝑁
 ∑ 𝜑

𝑁

𝑛=1

(𝑥𝑖 , 𝑡). (19) 
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This averages out the random turbulent fluctuations while potentially preserving large-

scale, repeatable unsteadiness. The resulting equations govern the unsteady mean flow 

and are referred to as Unsteady RANS (URANS) or Transient RANS (TRANS).  

 

The crucial consequence of averaging is the appearance of new terms known as 

the Reynolds stresses (𝜌𝑢𝑖́ . 𝑢𝑗́
̅̅ ̅̅ ̅̅ ̅ ) in the momentum equation and the turbulent scalar 

fluxes (𝜌𝑢𝑖́ . 𝜑́̅̅ ̅̅ ̅̅ ) in the scalar transport equation. These terms represent the transport of 

momentum and scalars due to turbulent fluctuations and are unknown correlations. The 

fact that there are more unknowns than equations is known as the "closure problem".  

 

A common approach to modelling the Reynolds stresses and turbulent fluxes draws an 

analogy with molecular transport, assuming turbulence enhances viscosity and diffusiv-

ity. Boussinesq Hypothesis and Gradient Diffusion Hypothesis reduce the unknowns 

from the six independent Reynolds stresses and three flux components to just 𝜇𝑡 and Γ𝑡. 

These two can be determined by Zero-Equation Models such as Prandtl’s mixing-length, 

One-Equation Models such as Spalart–Allmaras and Two-Equation Models such as, 𝑘 −

𝜀 and  𝑘 − 𝜔 𝑆𝑆𝑇.   

 

The standard 𝑘 − 𝜀 model solves for the turbulent kinetic energy (𝑘) and its rate of dis-

sipation (𝜀). The modeled transport equation for 𝑘 is shown in Equation (20), and for 𝜀 

in Equation (21). 

 

𝜕(𝜌𝑘)

𝜕𝑡
+

𝜕(𝜌𝑢𝑗̅𝑘)

𝜕𝑥𝑖
= 

𝜕

𝜕𝑥𝑗
 [(𝜇 +

𝜇𝑡

𝜎𝑘
)

𝜕𝑘

𝜕𝑥𝑗
] + 𝑃𝑘 − 𝜌𝜀 . (20) 

𝜕(𝜌𝜀)

𝜕𝑡
+ 

𝜕(𝜌𝑢𝑗𝜀)

𝜕𝑥𝑗
= 𝐶𝜀1 𝑃𝑘

𝜀

𝑘
−  𝜌𝐶𝜀2  

𝜀2

𝑘
+ 

𝜕

𝜕𝑥𝑗
(
𝜇𝑡

𝜎𝜀

𝜕𝜀

𝜕𝑥𝑗
) . (21) 

 

In these equations, 𝑘 is turbulent kinetic energy, 𝑃𝑘 signifies the production turbulent 

kinetic energy, 𝜀 denotes dissipation rate, 𝜎𝑘 indicates the turbulent Prandtl number for 

𝑘, 𝜎𝜀, 𝐶𝜀1, 𝐶𝜀2 are model constants. The eddy viscosity 𝜇𝑡 is then calculated using 𝑘 and 

𝜀, as shown in Equation (22), 
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𝜇𝑡 =  𝜌𝐶𝜇√𝑘𝐿 =  𝜌𝐶𝜇

𝑘2

𝜀
 . (22) 

 

Similarly, the 𝑘 − 𝜔 model solves transport equations for 𝑘 and the specific dissipation 

rate (𝜔 =  𝜀/𝑘). This model is often preferred for its better performance in near-wall 

regions and for boundary layer flows. The 𝑘 contains a different dissipation term, i.e.,  

𝜕(𝜌𝑘)

𝜕𝑡
+ 

𝜕(𝜌𝑢𝑗̅𝑘)

𝜕𝑥𝑗
= 𝑃𝑘 −  𝜌𝛽∗𝑘𝜔 + 

𝜕

𝜕𝑥𝑗
[(𝜇 +

𝜇𝑡

𝜎𝑘
∗)

𝜕𝜔

𝜕𝑥𝑗
] , (23) 

 

and the modelled 𝜔-Equation is 

 

𝜕(𝜌𝜔)

𝜕𝑡
+ 

𝜕(𝜌𝑢𝑗̅𝜔)

𝜕𝑥𝑗
=  𝛼

𝜔

𝑘
𝑃𝑘 −  𝜌𝛽𝜔2 + 

𝜕

𝜕𝑥𝑗
[(𝜇 + 

𝜇𝑡

𝜎𝜔
∗
) 

𝜕𝜔

𝜕𝑥𝑗
] . (24) 

 

The eddy viscosity is expressed as:  

𝜇𝑡 =  𝜌
𝑘

𝜔
 . (25) 

 

Menter's Shear Stress Transport (SST) model is a popular variant blending 𝑘 − 𝜔 near 

walls with the 𝑘 − 𝜀 model in the free stream to leverage the advantages of both. 

 

 

2.5 Numerical Discretisation Approaches 

Following the selection of a mathematical model, the subsequent crucial step involves 

choosing an appropriate discretisation method. This process entails approximating the 

governing differential equations through a system of algebraic equations defined for var-

iables at a discrete set of spatial and temporal locations. Several methodologies exist for 

this purpose: the Finite Difference Method (FDM), the Finite Volume Method (FVM), and 

the Finite Element Method (FEM) representing the most prominent approaches. It is im-

portant to distinguish between domain discretisation (e.g., structured or unstructured 

meshing) and numerical discretisation (e.g., FDM, FVM, FEM), as they represent two in-

dependent but complementary layers in the computational setup. The following in-
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depth descriptions of numerical discretisation approaches are derived from Ferziger et 

al. (2020). 

 

 

2.5.1 Finite Difference Method (FDM) 

The FDM proceeds by overlaying the solution domain with a grid structure. At each dis-

crete grid point (node), the partial derivatives appearing in the PDE are replaced by finite 

difference approximations. These approximations are typically derived using Taylor se-

ries expansions or polynomial fitting, expressing the derivatives in terms of the function 

values at the node itself and a set of neighbouring nodes. This process transforms the 

original PDE into a system of algebraic equations, with one equation per grid node, 

where the nodal values of the dependent variables constitute the unknowns. 

 

While FDM can, in principle, be formulated on various grid types, its practical application 

has been predominantly confined to structured grids. On such grids, the grid lines natu-

rally align with local coordinate directions, simplifying the approximation of derivatives. 

FDM demonstrates effectiveness and simplicity on structured, regular grids, where de-

veloping higher-order accurate schemes is relatively straightforward. A typical structured 

grid exemplifying FDM is shown in Figure 26, where uniformly spaced nodes are ar-

ranged along Cartesian directions to facilitate finite difference approximations. 
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Figure 26. Cartesian grids commonly used in the FDM. Redrawn from (Ferziger et al., 2020). 

 

 

2.5.2 Finite Volume Method (FVM) 

The Finite Volume Method adopts a different starting point by using the integral form of 

the conservation equations, which directly expresses the conservation principle for a fi-

nite region of space. 

 

In FVM, the computational domain is subdivided into a finite number of non-overlapping 

and contiguous control volumes (CVs). A computational node, where the dependent var-

iable values are stored and computed, is typically located at the centroid of each CV. The 

integral form of the conservation law is then applied to each individual CV. This involves 

approximating surface integrals that represent fluxes of conserved quantities across con-

trol volume boundaries, and volume integrals that represent source or sink terms within 

the CV. Surface integrals are evaluated by expressing the variable values and their 
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gradients at the CV faces using interpolation based on the values at adjacent computa-

tional nodes. Suitable quadrature rules are used to approximate both surface and vol-

ume integrals. This procedure yields one algebraic equation per CV, implicitly linking the 

nodal value within that volume to the values in neighbouring CVs. 

 

A significant strength of the FVM is its geometric flexibility; it can be readily applied to 

arbitrary grid types, including unstructured meshes, making it well-suited for complex 

geometries often encountered in practical simulations. The grid primarily serves to de-

fine the boundaries of the CVs and does not need to align with any specific coordinate 

system. Furthermore, the FVM is inherently conservative by construction, provided that 

the flux calculation across a shared boundary between two adjacent CVs is consistent, 

i.e., the flux leaving one CV is identical to the flux entering the neighbouring CV. Its con-

ceptual basis, rooted directly in physical conservation principles applied to finite volumes, 

often makes it intuitive to understand and implement, contributing to its widespread use 

in engineering fields. 

 

A primary challenge associated with FVM, particularly in three dimensions, is the devel-

opment of schemes with accuracy higher than second-order. This difficulty arises from 

the multiple levels of approximation involved: interpolation of values to faces, potential 

differentiation to obtain gradients for fluxes, and numerical integration over surfaces and 

volumes. As illustrated in Figure 27, FVM commonly positions computational nodes at 

the centres of control volumes, allowing surface fluxes to be approximated at CV faces 

using interpolated values from adjacent nodes. 
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Figure 27. A cell-centred FVM grid. Control volumes are shown as squares with computational 
nodes (○) at their centres. The solid dots (●) define the boundary faces where bound-
ary conditions are applied. Redrawn from Ferziger et al. (2020). 

 

 

2.5.3 Finite Element Method (FEM) 

The Finite Element Method shares similarities with FVM, particularly in its decomposi-

tion of the domain into discrete entities, termed finite elements. These elements typi-

cally form an unstructured mesh, commonly consisting of triangles or quadrilaterals in 

two dimensions, and tetrahedra or hexahedra in three dimensions. 

 

The defining characteristic of FEM is its use of a weighted residual formulation. The gov-

erning PDEs are multiplied by a set of weight functions (also known as test functions), 

and the resulting equations are integrated over the entire computational domain (or, 

equivalently, element by element). Within each element, the solution field is approxi-

mated using basis functions (often called shape functions), typically polynomials, which 

are defined in terms of the solution values at the element nodes (usually vertices or 

other specific points on the element). These shape functions are constructed to ensure 

desired continuity of the solution across element boundaries. In the common Galerkin 



70 

FEM, the weight functions are chosen from the same family as the basis functions used 

for approximating the solution. 

 

The approximation is substituted into the weighted integral form of the conservation law. 

The discrete algebraic equations are derived by requiring the weighted residual (the in-

tegral) to be zero for each weight function. This condition effectively minimises the error 

of the approximation in a weighted sense, selecting the best possible solution within the 

function space spanned by the chosen basis functions. 

 

FEM offers significant advantages, most notably its high degree of geometric flexibility, 

making it adept at handling arbitrarily complex domains. An extensive body of 

knowledge exists regarding mesh generation techniques for FEM. Furthermore, element 

refinement, a key aspect of adaptive solution strategies, is straightforwardly imple-

mented by subdividing elements. FEM possesses a strong mathematical foundation, al-

lowing for rigorous error analysis and proofs of optimality for certain classes of PDEs. 

 

A principal drawback, shared by methods employing unstructured grids (including FVM), 

relates to the structure of the resulting algebraic system. The matrices derived from FEM 

(and unstructured FVM) typically lack the regular banded structure found in FDM on 

structured grids. This less structured nature can pose challenges for developing highly 

efficient linear equation solvers, potentially increasing computational cost compared to 

structured-grid methods for problems where the latter are applicable. 

 

 

 

 

 

 

 

 



71 

3 Methodology 

 

3.1 Experimental Setup and the Source of Data 

Steady-flow benches (also known as steady-flow rigs or flow benches) have long been 

fundamental tools in internal combustion engine development. By applying a constant 

pressure differential across the intake or exhaust port and documenting the resultant 

flow rate and other flow attributes, they isolate the intrinsic flow capacity of intake and 

exhaust components without the confounding influence of a moving piston or fluctuat-

ing pressures (Yang et al., 2017). Kim et al. (2003) characterise the steady-flow bench as 

a “practical, powerful and widely used” tool that most engine manufacturers employ to 

form the initial design concept for a new engine. Steady-flow tests therefore underpin 

many comparative studies of port, valve and seat geometries, directly informing volu-

metric-efficiency and mixture-formation targets. 

 

Three full-scale Wärtsilä 31 cylinder heads were tested at GKN Aerospace, Trollhättan in 

Sweden. The campaign served three overarching purposes that are central to this thesis, 

namely, product improvement, method development and generation of validation data.  

To meet these goals, three complementary test modes were executed, as described in 

Table 4. 

 

Table 4. Flow bench test modes for full-scale W31 cylinder heads: static (0–100 % lift sweep), 

scavenging (≈ 5–20 % lift with both valves open), and dynamic (realistic moving lift 
profiles). 

Test 

mode 

Valve configuration Typical lift 

range 

Purpose 

Static The valves corresponding to the given configura-

tion (e.g., intake or exhaust) are swept from barely 

open to full lift while the counterpart valves re-

main closed. 

0–100 % of 

design lift 

Base flow coeffi-

cients; isolate indi-

vidual valve behav-

iour. 



72 

Test 

mode 

Valve configuration Typical lift 

range 

Purpose 

Scav-

enging 

Intake and exhaust valves are held simultaneously 

at low lifts representative of the scavenging 

phase; a dummy piston blocks the liner; accord-

ingly, the air exits immediately through the ex-

haust. 

≈ 5–20 % Assess cross-flow in-

teraction during 

early/late gas ex-

change. 

Dy-

namic 

Each valve is driven through realistic opening and 

closing profiles by a hydraulic valve train actuator; 

different durations and pressure ratios are im-

posed. 

Profile-de-

pendent 

Capture transient ef-

fects. 

 

These objectives and test types provide the experimental backbone for the numerical 

work done in this thesis, and CFD validation draws exclusively on the static flow bench 

data. 

 

 

3.1.1 Physical Setup 

Compressed air for the flow bench campaign is supplied by an industrial compressor and 

stored in an underground reservoir that is partially water-filled. The incompressible wa-

ter column minimises gas-volume fluctuations, allowing for the high-pressure ratios re-

quired to replicate engine conditions. Before reaching the test rig, the air passes through 

a dryer to ensure a low dew-point and eliminate moisture-induced density errors. 

 

On entering GKN Aerospace’s test bay the flow encounters a calibrated sharp-edged or-

ifice plate, across which a differential-pressure transmitter provides the primary mass-

flow measurement. The stream then enters Wärtsilä’s inlet pipework, where a Pitot-

static probe supplies an independent cross-check of the mass flux and total pressure. 

 

Downstream of the inlet pipe, the air can follow two alternative routes, selected by the 

operator according to the test mode, either exhaust flow configurations or intake.  
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In the exhaust flow configuration, the stream enters the bottom of the cylinder liner, 

passes the exhaust valves and exits through the exhaust port into a wall-mounted flange 

before discharging to atmosphere as it can be observed in Figure28. 

 

 

Figure 28. Exhaust flow setup. In this configuration, the air enters Wärtsilä’s inlet pipe flowing 
into the bottom of the cylinder liner exiting passed the exhaust valves out through 
the exhaust port then through the Waste Gate Valve and finally discharged through 
the outlet. Proprietary components are intentionally blurred in accordance with 
Wärtsilä confidentiality requirements. 

 

In the intake flow configuration, the stream rises through a riser section, passes the inlet 

port and the intake valves, then leaves the cylinder via the liner bottom and the same 

wall flange as shown in Figure 29.  

 

 

Figure 29. Air enters the receiver section downstream of the inlet pipe, rises through the riser 
pipes, crosses the intake port and valves, then descends the cylinder liner and exits 
through the Waste Gate Valve to the outlet stack. Proprietary components are 
blurred in compliance with Wärtsilä confidentiality. 
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The scavenging arrangement, although executed during the experimental campaign, is 

outside the scope of this thesis and is therefore not treated further. Figure 30 demon-

strates the full-scale flow bench setup at GKN Aerospace.  

 

 

Figure 30. Schematic diagram of a pressurised flow bench system for cylinder head testing, show-
ing airflow from the air source through the orifice plate entering inlet pipe equipped 
with a Pitot-static probe. It then rises through the cylinder head and finally discharges 
to atmosphere via the exhaust port. Arrows indicate flow direction. Drawn by the 
author. 

 

This schematic arrangement is realised in the physical test rig at GKN Aerospace, as pho-

tographed in Image 1. The image demonstrating the exhaust flow configuration, allows 

for direct correlation with the schematic's components. The large-diameter pipework 

labelled 'Inlet' on the right of the image corresponds to the inlet section downstream of 

the orifice plate in Figure 30; the component identified as the 'Wärtsilä pitot static Tube' 

in the schematic is marked as the 'Wärtsilä’s MAF sensor' in the physical setup. This pipe-

work feeds the 'Flow bench', installed on the blue-framed structure known as ‘bench 

surface’ that supports the cylinder head assembly for flow characterisation. After pass-

ing through the cylinder head, the air exits via the exhaust port and is directed towards 

the 'Outlet' on the left. The photograph also reveals additional hardware not present in 
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the simplified schematic, such as the Waste Gate (WG) valve installed for pressure regu-

lation in the exhaust line. 

 

 

Image 1. Exhaust flow configuration at the GKN Aerospace facility. Air enters via the 'Inlet' (right), 
passes through the cylinder head mounted on the central test stand (labelled 'Flow 
bench'), and exits through the 'WG valve' to the 'Outlet' (left). Proprietary compo-
nents are blurred to maintain confidentiality. 

 

 

3.1.2 Design of Experiments 

The experimental data was systematically gathered by Wärtsilä experts through a struc-

tured test campaign involving three full-scale Wärtsilä 31 cylinder heads (CH1, CH2, and 

CH3). These cylinder heads differ in valve seat geometry, the number of installed valves 

and their respective sizes representing variations of interest for flow behaviour analysis. 

 

CH1 served as the experimental baseline, representing the standard configuration cur-

rently in field service. It features distinct seat angles for the intake and exhaust valves, 

along with chamfered valve seat pockets. 

 

CH2 was a design variation focused on valve seat geometry. In contrast to the baseline, 

CH2 was configured with symmetric valve seat angles, utilising an identical proprietary 

profile for both intake and exhaust. Furthermore, the valve seat pockets were rounded. 
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CH3 was a specialised configuration originally developed for research on a hydrogen-

fuelled single-cylinder engine. Its defining feature is a five-valve architecture, comprising 

three intake and two exhaust valves. It features the same asymmetric valve seat geom-

etry as the CH1 baseline. 

 

In order to study the flow behaviour in these three CHs, a detailed test matrix was exe-

cuted for both intake and exhaust configurations, as summarised in Tables 5 and 6. The 

primary test was the 'Valve sweep,' performed at several key pressure ratios i.e., 1.1, 1.5, 

2.0 for exhaust and 1.1, 1.25 and 1.5 for intake. During each sweep, the valve lift was 

varied from its minimum to maximum value in 15 to 17 discrete steps, resulting in 15 to 

17 data points per run. Each target pressure ratio was also tested using multiple combi-

nations of absolute inlet and outlet pressures to assess any influence of the absolute 

pressure level. To further analyse the effects of pressure, pressure ratio sweep tests were 

also performed at fixed mid and high lift positions. Additional tests, such as single-valve-

open and flow through single riser pipe, were included to investigate flow symmetry and 

individual valve contributions. In total, the campaign generated ~1500 test points.  

 

Across all tests, several key quantities were measured for each data point. Mass flow rate 

was the primary measurement, determined via an orifice plate and cross-checked with 

a Pitot-static tube. Extensive pressure and temperature readings were also taken at mul-

tiple locations, including the inlet, outlet, and on the cylinder head itself. 

 

Table 5. Intake flow bench test matrix. 

Test Type Cylinder Heads Description Pressure Ratio 

Range 

Normalised Lift 

L/L_max. 

Range (0-1) 

Valve sweep CH1, CH2, CH3 Valve lift sweep with three 

distinct inlet/outlet pres-

sures 

1.1, 1.25, 1.5 0.043 to 1.000 
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Test Type Cylinder Heads Description Pressure Ratio 

Range 

Normalised Lift 

L/L_max. 

Range (0-1) 

Pressure ratio 

sweep at mid-lift 

CH1, CH2, CH3 Fixed lift at 0.314, pressure 

ratio sweep 

1.1 to 8.9 0.314 

Static A valve 

open 

CH1, CH2, CH3 Only one valve open during 

lift sweep 

1.5 0.043 to 1.000 

Static B valve 

open 

CH1, CH2, CH3 Alternate single-valve con-

figuration 

1.5 0.043 to 1.000 

180° rotated valve 

configuration 

CH1, CH2, CH3 Symmetry-rotated valve 

orientation during lift 

sweep 

1.5 0.043 to 1.000 

Flow through one 

riser pipe 

CH1, CH2, CH3 One riser pipe active, oth-

ers blocked 

1.5 0.043 to 1.000 

 

Table 6. Exhaust flow bench test matrix. 

Test Type Cylinder Heads Description Pressure Ratio 

Range 

Normalised 

Lift Range 

Valve sweep CH1, CH2, CH3 Valve lift sweep with 

three distinct inlet/outlet 

pressures 

1.1, 1.5, 2.0 0.029 to 1.0 

Pressure ratio 

sweep at high and 

mid-lift 

CH1, CH2, CH3 At lift 1.0: pressure ratio 

of 1.1–8.0; at lift 0.314: 

pressure ratio of 1.1–2.9 

1.0 to 8.0 0.314 or 1.0 

Static C valve 

open (CH1, CH2) 

CH1, CH2 One valve open during 

lift sweep 

1.5 0.029 to 1.0 

Static C valve 

open (CH3) 

CH3 Valve D open 1.5 0.029 to 1.000 

Static D valve 

open (CH1, CH2) 

CH1, CH2 Alternate valve open dur-

ing lift sweep 

1.5 0.029 to 1.000 

Static D valve 

open (CH3) 

CH3 Valve E open 1.5 0.029 to 1.000 

180° rotated valve 

configuration 

CH1, CH2, CH3 Symmetry-rotated valves 

during lift sweep 

1.5 0.029 to 1.000 
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Test Type Cylinder Heads Description Pressure Ratio 

Range 

Normalised 

Lift Range 

Flow through one 

riser pipe 

CH1, CH2, CH3 Single riser pipe flow 

path 

1.5 0.029 to 1.000 

 

 

3.1.3 Uncertainty Analysis for Experimental Results 

Experimental data without quantified uncertainties cannot be meaningfully compared, 

validated, or interpreted. According to Moffat (1988), an uncertainty band defines the 

range within which the true value is believed to lie at stated odds and therefore allowing 

both author and reader to judge significance consistently. Therefore, a quantitative 

statement of the associated uncertainties is imperative to assess the confidence level of 

the results derived from the flow bench campaign. While a formal, sensor-by-sensor un-

certainty analysis was not performed, a representative single-sample uncertainty analy-

sis was conducted to establish a credible, baseline estimate of the measurement sys-

tem's reliability. This analysis focuses specifically on the Wärtsilä ITABAR Pitot-static tube, 

as the manufacturer's detailed sizing sheet provided the necessary component specifi-

cations and nominal values required for a full propagation of uncertainty calculation. The 

analysis is based on the manufacturer's design specifications for the exact equipment, 

cantered on a nominal operating point. 

 

The methodology employed is the single-sample uncertainty analysis, a framework de-

veloped specifically for experiments where each test point is typically run only once. This 

approach is ideally suited for the broad parametric sweeps conducted in this flow bench 

campaign. The approach tracks the propagation of individual measurement errors to the 

final calculated result using the root-sum-square (RSS) method. In this method, a final 

result, R, is calculated from a set of independent measured variables (𝑋₁, 𝑋₂, . . . , 𝑋ₙ), the 

overall uncertainty in the result, 𝛿𝑅, is determined by: 

𝛿𝑅 = {∑(
𝜕𝑅

𝜕𝑋𝑖
 𝛿𝑋𝑖)

2𝑁

𝑖=1

}

1
2⁄

. (26) 
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In Equation 26, 𝛿𝑅 is the total uncertainty, 𝛿𝑋𝑖 is the uncertainty interval associated with 

each individual measurement, 
𝜕𝑅

𝜕𝑋𝑖
 is the sensitivity coefficient, representing the partial 

derivative of the result 𝑅 with respect to the input variable 𝑋𝑖. In accordance with stand-

ard engineering practice (Moffat, 1988), a 95% confidence interval is used for this anal-

ysis.  

 

Estimation of individual uncertainties (𝛿𝑋𝑖 ) for each primary measurement is itself a 

combination of two distinct error types: bias errors and precision errors. Bias errors are 

fixed, systematic offsets that remain constant during a test run. Sources include instru-

ment calibration inaccuracies, and inherent limitations in the data acquisition hard-

ware. And precision errors are non-systematic, random fluctuations that cause scatter in 

repeated measurements. They arise from sources such as electronic noise in the instru-

mentation, small thermal drifts, and process unsteadiness. The total uncertainty for a 

single measurement, 𝛿𝑋𝑖, is the RSS combination of its bias (𝐵ᵢ) and precision (𝑃ᵢ) com-

ponents:  

𝛿𝑋ᵢ =  (𝐵ᵢ2 +  𝑃ᵢ2)
1

2⁄ . (27) 

 

Since direct calibration data was unavailable for the specific installation, the uncertainty 

analysis uses values derived from the ITABAR sizing sheet (Order No. 24/52013) as rep-

resentative estimates. These values correspond to a nominal operating condition similar 

to the flow bench setup but are not exact duplicates of the test configuration. Here are 

the system specifications and nominal data: 

• Flow Sensor: Intra-Automation ITABAR IBR-26 

• Differential Pressure (DP) Transmitter: Aplisens APR-2000ALW (calibrated range: 

0 to 302.34 mbar) 

• Nominal Data Point:  

o Mass Flow Rate (ṁ₀): 8.00 kg/s  

o Differential Pressure (ΔP): 193.17 mbar (19,317 Pa) 

o Line Pressure (P₁): 8.50 bar(g) (951,330 Pa absolute), assuming atmos-

pheric pressure 



80 

o Line Temperature (T₁): 18.00 °C (291.15 K) 

 

Based on the propagation of uncertainties from the primary instruments and mechanical 

tolerances (detailed in Appendix 2), the calculated total uncertainty in the mass flow rate 

at the nominal design point is: ṁ = 8.00 ± 0.131 kg/s. This corresponds to a relative un-

certainty of ±1.6 %. 

 

A sensitivity analysis revealed that the total uncertainty is overwhelmingly dominated 

by two factors: the manufacturing tolerance of the pipe diameter (72.89% contribution) 

and the calibration uncertainty of the ITABAR K-Factor (24.52% contribution). The com-

bined uncertainty from the electronic pressure, differential pressure, and temperature 

transmitters accounts for slightly more than 2% of the total. 

 

The single-sample analysis provides a baseline uncertainty of ±1.6%, derived from man-

ufacturer specifications. However, according to Figiola & Beasley (2020), standard engi-

neering practice requires acknowledging elemental error sources beyond instrument rat-

ings that can introduce considerable bias. In this experiment, several unquantified sys-

tematic uncertainties exist. 

 

The detailed uncertainty analysis presented in this thesis is focused on the ITABAR Pitot-

static tube for a specific reason: it was the only primary mass flow sensor for which a 

complete manufacturer's specification sheet (the Winflow sizing sheet) was available. 

This detailed data enabled a full, bottom-up propagation of uncertainty calculation using 

the RSS method. Even with this detailed sheet, it is important to note that the uncertain-

ties for some input variables, such as absolute pressure and temperature, were not ex-

plicitly provided for this installation. In these cases, reasonable engineering estimates 

were made based on the specifications of standard, high-quality industrial instruments, 

as detailed in Appendix 2. 
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An equivalent, detailed analysis was not performed for the GKN orifice plate due to the 

lack of a comparable calibration envelope or detailed specification sheet. Regarding the 

other primary measurements, such as inlet pressure, outlet pressure, and temperature, 

their specified instrument uncertainties are directly incorporated as inputs into the main 

mass flow uncertainty calculation. They are not treated as standalone validation bench-

marks themselves, but rather as critical boundary conditions for the CFD simulations. 

This approach concentrates the most rigorous analysis on the primary performance met-

ric used for validation, i.e., the mass flow rate. In this study, the measurements from 

both the Wärtsilä and GKN sensors serve as the key experimental benchmarks for the 

CFD results. 

 

Moreover, the ITABAR-Sensor Type IBR Operating Manual (n.d.) explicitly states that the 

validity of its K-factor is contingent on an 'undisturbed' flow profile, typically requiring 

an extended straight-pipe run. Deviations from this ideal condition in the physical layout 

can lead to systematic errors in the mass flow rate. Other installation errors, such as 

sensor misalignment (<5° tolerance) or improper orientation, contribute additional bias. 

 

Consequently, the ±1.6% figure should be interpreted as the best-case uncertainty, rep-

resenting the fundamental limit imposed by the instrumentation and mechanical toler-

ances under ideal conditions. The true uncertainty, encompassing these potential instal-

lation effects, is likely to be larger. The impact of these factors will be explored in the 

discussion of the results in Chapter 4. 

 

 

3.2 Numerical Setup 

 

3.2.1 Computational Mesh Generation 

The process begins with preparing the Computer-Aided Design (CAD) geometry, from 

which the fluid domain is defined. This domain is subsequently discretised into a 
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computational mesh for the numerical analysis. Meshes for CH1 in both the configura-

tions have been generated with SnappyHexMesh (SHM). SHM is an automatic mesh gen-

eration tool in the open-source OpenFOAM CFD suite. It produces predominantly hexa-

hedral and split-hexahedral (polyhedral) meshes by “sculpting” an initial block-struc-

tured grid to fit complex geometries. Starting from a simple background mesh (e.g. from 

OpenFOAM’s blockMesh), SHM iteratively refines cells near surface features and then 

snaps the mesh to align with the geometry (Soner & Ozturan, 2015). This approach yields 

hexahedral-dominant unstructured grids, offering a compromise between fully struc-

tured hexahedral meshes and tetrahedral meshes. 

 

Figure 31 presents the computational mesh for the CH1 intake case, generated using 

SHM. The analysed fluid domain consists of the riser pipes, intake port, cylinder head, 

and cylinder liner, with the cylinder bottom defining the outlet patch. 

 

 

Figure 31. Computational mesh of the intake flow CH1 fluid domain generated with SHM (left), 
and a cross-sectional view of the intake valves region (right). 

 

One of SHM’s goals is to ensure acceptable mesh quality metrics (e.g. cell non-orthogo-

nality, skewness) despite the automatic nature of the algorithm (A Comprehensive Tour 

of SnappyHexMesh, 2012). By refining a Cartesian mesh and cutting cells against the sur-

face, SHM generates a hexahedral-dominant mesh that tends to require fewer total cells 

than an equivalent tetrahedral mesh for the same geometry. Montorfano (2017) noted 

that a cut-cell mesh from SHM can use up to 40% fewer elements than a purely 
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tetrahedral mesh for the same geometry, owing to the efficiency of hex/polyhedral 

shapes. This cell count reduction, combined with the generally higher numerical fidelity 

of aligned hex cells, can improve solution accuracy compared to tetrahedral grids. The 

mesh quality metrics for the flow bench simulations in this work, summarised for two 

representative CH1 configurations in Table 7, demonstrate these advantages. 

 

Table 7. Mesh quality metrics for the CH1 intake and exhaust configurations at representative 

low (0.14) and full (1.0) valve lifts, normalised by the maximum lift (L/L_max). 

Case Cells 

[×10⁶] 

Hexahedra 

[%] 

Polyhedra 

[%] 

Max non‑orth 

(°) 

Max 

skew 

High skew 

faces 

Status 

Intake 

0.14  

3.19 79.9 17.5 64.9 3.93 0 OK 

Intake 

1.0  

3.19 80.0 17.4 65.0 4.70 1 1 skew 

warning 

Exhaust 

0.14  

2.24 80.4 16.6 64.9 9.62 6 1 skew 

warning 

Exhaust 

1.0 

2.24 80.6 16.4 64.9 6.33 4 1 skew 

warning 

 

Table 8 presents the mesh quality report for the CH1 configurations, as generated by 

the checkMesh utility. The results show that the meshes meet the key quality thresh-

olds for hex-dominance and non-orthogonality, with only a small number of high-skew-

ness cells detected in the exhaust cases as explained by Greenshields (2024).  

 

Table 8. Mesh-quality scorecard with key take-aways.  

Metric & Threshold Intake 

0.14  

Intake 

1.0 

Exhaust 

0.14 

Exhaust 

1.0 

Verdict 

Hexahedral dominance 

≥ 75 % 

80 % 80 % 80 % 81 % All cases meet the efficiency tar-

get. 

Max non-orthogonality 

≤ 70 ° 

64.9° 65.0° 64.9° 64.9° Safely below the RANS-solver com-

fort zone. 
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Metric & Threshold Intake 

0.14  

Intake 

1.0 

Exhaust 

0.14 

Exhaust 

1.0 

Verdict 

Max skewness ≤ 5 for 

robust RANS 

3.93 4.70 9.62 6.33 Acceptable on intake; exhaust ex-

ceeds guideline but affects < 

0.0003 % of cells. 

Failed mesh checks 0 1(skew) 1(skew) 1(skew) Sparse high-skew faces flagged; 

treat with conservative numerics. 

 

However, challenges remain in complex cases. SnappyHexMesh can struggle to retain 

high quality in very intricate geometries or when extremely fine near-wall resolution is 

required. For example, an automotive aerodynamic study at Audi found that SHM “is 

unable to generate low-y+ grids of sufficient quality for [production car] geometries.” In 

other words, when targeting a very fine boundary layer mesh (y+≈1) on a complicated 

vehicle surface, the algorithm could not produce a grid without quality defects (e.g. col-

lapsed or highly skewed cells) (Ashton et al., 2018). Similar observations have been made 

in this thesis during intake flow simulations where meshes collapsed at normalised valve 

lifts below 0.14.  

 

However, despite its limitations, it offers further advantages. One advantage is minimal 

manual effort; defining a SHM dictionary (meshing parameters) is the primary task, and 

once set, the mesh is generated automatically without user intervention. Montorfano 

(2017) noted that the “time to prepare the case is negligible” compared to the actual 

meshing runtime. Another major strength of SHM is its full parallelisation, which allows 

large meshes to be generated on HPC (High-Performance Computing) clusters. All three 

stages of SHM (castellated refinement, snapping, layering) are implemented to run on a 

decomposed domain, communicating between processors as needed. In fact, SHM by 

default runs in parallel if the OpenFOAM case is decomposed, and it can use any number 

of processors with no additional effort by the user. Therefore, considering the automa-

tion, time-saving that it offers and parallelisation capabilities, it has been opted for this 

study.  

 



85 

 

3.2.2 Case Setup and Input/Output Structure  

All numerical flow bench simulations were performed using the open-source CFD code, 

OpenFOAM-12. A standard OpenFOAM case structure is employed, which logically sep-

arates initial and boundary conditions (0/ directory), time-invariant physical properties 

and mesh data (constant/ directory), and solver control settings (system/ directory). In a 

transient compressible PIMPLE case (solver run via foamRun -solver fluid), these files 

work together to define the problem.  

 

 

Figure 32. Directory structure of a typical OpenFOAM simulation case used in this thesis. 
Core folders define initial conditions (0/), physical properties (constant/), and solver 
settings (system/). Output data are stored in postProcessing/, time directories, and 
parallel subdomains (processor[n]/). 
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0 (Initial/Boundary Conditions)  

The (0/ directory) contains the initial conditions for the entire computational domain at 

time 𝑡 = 0. For this transient, compressible RANS simulation, the primary transported 

variables are pressure (𝑝), velocity (𝑈), temperature (𝑇), and the turbulence quantities 

required by the chosen model. For example, for the 𝑘 − 𝜔 𝑆𝑆𝑇 model turbulence varia-

bles are turbulent kinetic energy (𝑘) and specific dissipation rate (𝜔). 

 

These files define the initial state of the fluid in every one of the mesh's volumetric cells. 

Therefore, the data is stored at the highest possible spatial resolution, a unique value for 

each field (𝑝, 𝑈, 𝑇, etc.) is assigned to every cell centre in the domain. The physical rele-

vance of these fields is tied directly to the governing equations of fluid dynamics (as 

outlined in Section 2.3). 𝑝, 𝑈, and 𝑇 are essential for solving the conservation of mass, 

momentum, and energy, while 𝑘 and 𝑜𝑚𝑒𝑔𝑎 are required to close the RANS equations 

and model the effects of turbulence. 

 

The boundary conditions, specified for each patch within these files, are critical for de-

fining how the domain interacts with its surroundings. The choices outlined in Table 9 

were made in the attempt to accurately represent the physical flow bench apparatus. 

For instance, the use of omegaWallFunction is crucial for correctly modelling the 

turbulent boundary layer near solid walls without requiring an impractically fine mesh 

resolution right down to the viscous sublayer. The below Table 9 serves as a detailed 

reference describing every file present in 0 directory.  

 

Table 9. Numerical Flow bench boundary condition reference table 

Patch / Regex Boundary Condi-

tion Type 

Physical Meaning Why Chosen 

U 
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Patch / Regex Boundary Condi-

tion Type 

Physical Meaning Why Chosen 

(iv|ev|liner|intake-

port|ex-

haustport|flame-

plate|piston) 

noSlip 𝑢 =  0 at solid wall Viscous metal walls; cap-

tures boundary‑layer 

losses in the continuum 

regime 

inlet pressureIn-

letOutletVelocity 

Inflow velocity from 𝛥𝑝 , 

zero‑grad on outflow 

Handles reverse flows; ro-

bust for transient port 

outlet pressureIn-

letOutletVelocity 

Same as inlet Ensures consistent 

two‑way treatment 

ncc_* slip Zero normal velocity, free tan-

gential 

Non‑computational or 

symmetry interior planes 

P 

(iv|ev|liner|intake-

port|ex-

haustport|flame-

plate|piston) 

zeroGradient 𝜕𝑝/𝜕𝑛 =  0 at wall Impermeable; avoids spu-

rious pressure peaks 

inlet uniformTotalPres-

sure (ramped) 

Prescribed total pressure 

𝑝₀(𝑡) 

Models gradual pressuri-

sation 

outlet uniformTotalPres-

sure (constant) 

Fixed downstream 𝑝₀ Sets reference pressure 

ncc_* zeroGradient Symmetry/outflow Non-computational. Does 

not disturb pressure field 

T 
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Patch / Regex Boundary Condi-

tion Type 

Physical Meaning Why Chosen 

(iv|ev|liner|intake-

port|ex-

haustport|flame-

plate|piston) 

zeroGradient Adiabatic wall (𝜕𝑇/𝜕𝑛 = 0) No combustion; Also, un-

known  

wall-temperature values 

from experiments 

inlet fixedValue Sets inflow temperature Reservoir‑conditioned air 

outlet zeroGradient Convective outflow Lets solver determine ex-

iting temperature 

ncc_* zeroGradient Symmetry — 

𝝎 

(iv|ev|liner|intake-

port|ex-

haustport|flame-

plate|piston) 

omegaWallFunc-

tion 

Log‑law formula for 𝜔  near 

wall 

Correct near‑wall scaling 

for 𝑘 − 𝜔/𝑆𝑆𝑇 

inlet turbulentMixing-

LengthFrequen-

cyInlet 

𝜔 from mixing length ℓ Specify intuitive turbu-

lence scale 

outlet turbulentMixing-

LengthFrequen-

cyInlet 

Same as inlet (mirrored) Stable during back‑flow 

ncc_* zeroGradient Symmetry — 

𝜺 

(iv|ev|liner|intake-

port|ex-

haustport|flame-

plate|piston) 

epsilonWallFunc-

tion 

Wall log‑law relation for 𝜀 Standard 𝑘 − 𝜀 wall treat-

ment 
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Constant directory 

It defines the physical context of the problem. Unlike the field data in the (0/ directory) 

which is resolved on a per-cell basis, the files here specify global physical laws, material 

properties, and the computational grid itself; these inputs stay the same during the run. 

Because these files are time‑invariant, OpenFOAM reads them once at start‑up and 

keeps them fixed throughout the transient simulation. 

 

Patch / Regex Boundary Condi-

tion Type 

Physical Meaning Why Chosen 

inlet turbulentMixing-

LengthDissipation-

RateInlet 

𝜀 from mixing length ℓ Consistent with specified 

turbulence 

outlet turbulentMixing-

LengthDissipation-

RateInlet 

Same as inlet Handles reversal 

ncc_* zeroGradient Symmetry — 

𝒌 

(iv|ev|liner|intake-

port|ex-

haustport|flame-

plate|piston) 

kqRWallFunction Models the near wall region 

using the log law 

Standard wall treatment 

for such cases. 

inlet turbulentIntensi-

tyKineticEnergyIn-

let 

Specifies k based on the tur-

bulence intensity (I). 

Provides a realistic turbu-

lence level based on 

measured experimental 

data. 

outlet turbulentIntensi-

tyKineticEnergyIn-

let 

Same as inlet Supports back‑flow 

ncc_* zeroGradient Symmetry — 
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The contents of this directory are fundamental as they establish both the geometric 

space and the physical rules governing the fluid's behaviour. The “polyMesh” subdirec-

tory is arguably the most critical component, as it contains the discretised geometry and 

defines the ultimate spatial resolution of the entire simulation. The quality and topology 

of this mesh directly influence the accuracy of all calculated gradients and fluxes.  

 

The other key files dictate the modelling framework. The “momentumTransport” file se-

lects the turbulence model and its empirical constants, a choice critical for capturing the 

effects of turbulence in a computationally feasible manner for high-Reynolds number 

port flows. The “physicalProperties” defines the thermodynamic behaviour of the fluid 

(air), which is essential for a compressible solver where density and viscosity change sig-

nificantly with pressure and temperature.  

 

Finally, the custom “FlowbenchDict” serves as a centralised control dictionary. It allows 

key simulation parameters, such as valve lift and boundary conditions, to be defined in 

a single location, which enables the systematic and automated variation of cases. This 

functionality is central to the PyFlowBench workflow. The choices made in this directory, 

detailed in Table 10, represent the core modelling assumptions of this study. 

 

Table 10.  Main dictionaries in constant/ 

File / Directory What it holds Why it matters for this case 

con-

stant/polyMesh 

(directory) 

Mesh defined by points, faces, con-

nectivity & patch list. 

Defines the intake or exhaust geometry and 

cell topology the solver needs for fluxes, 

gradients and boundary‑condition mapping 

constant/momen-

tumTransport 

Turbulence framework: simulation-

Type RAS, Turbulence Model, and 

the empirical coefficients for  𝑘 −

𝜔 𝑆𝑆𝑇 and 𝑘 − 𝜀  RANS models 

Selects and configures the two‑equation 

RANS closure model appropriate for 

high‑Re, compressible port flow and allows 

for turbulence model selection. 

constant/physi-

calProperties 

Thermodynamic & transport model 

for air: perfect‑gas Equation of 

State, Constant Specific 

Provides 𝜌(𝑝, 𝑇)  and 𝜇(𝑇)  to the com-

pressible PIMPLE solver so density and vis-

cosity vary realistically with pressure/tem-

perature 
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File / Directory What it holds Why it matters for this case 

Heat (𝐶𝑝)  =  1005 𝐽 𝑘𝑔⁻¹ 𝐾⁻¹, 

Sutherland viscosity law 

constant/Flow 

benchDict 

Acts as the central controlling cen-

tre for the entire simulation. Allows 

for imposing the case specific lift, 

Boundary conditions, initial turbu-

lence values, directory paths and 

macro definitions and etc 

Keeps all bench‑specific settings in one file; 

macros propagate into 0/ and system/ dic-

tionaries for easy case re‑configuration re-

quired by PyFlowBench package. 

  

System Directory 

If the (constant/) directory defines the physical problem, the (system/) directory pro-

vides the numerical instruction manual for how to solve it. Its dictionaries govern the 

execution of the solver, dictating how the governing equations are discretised, linearised, 

and marched forward in time. These settings do not change the underlying physics but 

are critical for ensuring the numerical solution is stable, accurate, and obtained in a rea-

sonable amount of time. 

 

This directory provides fine-grained control over the solution process. The “controlDict”  

file manages the temporal control, defining the simulation's start and end times, the 

time-step (𝛥𝑡), and the frequency of data output. The use of an automatic time-step 

adjusted by the courant number is crucial for maintaining stability in this compressible 

flow case where velocities can vary dramatically.  

 

The “fvSchemes” dictionary controls the mathematical accuracy of the simulation by 

specifying the numerical schemes used to approximate the spatial and temporal deriva-

tives in the governing equations. The selections here represent a deliberate trade-off 

between accuracy (favouring second-order schemes) and stability (requiring limiters to 

prevent non-physical oscillations in high-gradient regions like the valve jet).  

 

The “fvSolution” file controls the algorithmic convergence, specifying the linear solvers 

and tolerance for each discretised equation and managing the PIMPLE algorithm, which 
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is essential for robustly coupling the pressure and velocity fields in a transient, compress-

ible flow. Together, these settings directly influence the simulation's fidelity and the mag-

nitude of the numerical uncertainties discussed in Section 3.2.3. Table 11 summarises 

the core dictionaries that orchestrate the solver's behaviour to meet the specific chal-

lenges of these flow bench simulations. 

 

Table 11. Core dictionaries in system/ directory used in flow bench simulations conducted in 
OpenFOAM. 

File / Dictionary Key contents Role in this case 

system/controlDict Run control parameters: start/stop 

time, 𝛥𝑡, automatic time‑step, write 

interval; loads custom cutting‑plane 

sampling via includeEtc surface.cfg 

Governs the PIMPLE solver ex-

ecution, defining the simula-

tion timeline, time-step con-

trol, and the frequency of data 

output and run-time sampling. 

system/fvSchemes Finite‑volume schemes: Euler ddt, lim-

itedLinear & upwind convection, lim-

ited Laplacian, cell‑limited gradient 

Chooses stable and accurate 

discretisation for the 

high‑speed, compressible port 

flow 

system/fvSolution Linear‑solver settings and PIMPLE al-

gorithm controls. 

Ensures pressure–velocity cou-

pling converges each time step 

even with transonic pockets 

system/decomposeP-

arDict 

numberOfSubdomains accordingly; de-

composer/distributor scotch 

Automates balanced domain 

decomposition based on the 

chosen number of cores 

system/functions #includeFunc cutPlanes; patch 

flow‑rate monitor; adaptive 𝛥𝑡 table; 

probes & field extremes 

Runs in‑solver diagnostics 

(mass‑flow, slices to VTK, sen-

sor probes) so no separate 

post‑step is needed 

 

Data Extraction and Post-Processing 

While the (0/, constant/, and system/) directories define the simulation inputs, the pri-

mary goal is to extract meaningful outputs for analysis. These outputs are generated dur-

ing the simulation run and stored in two main locations: (time-step) directories and 

the (postProcessing/) directory. 
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As the simulation progresses, OpenFOAM writes the complete solution fields 

(𝑝,  𝑈,  𝑇,  𝑘,  𝑜𝑚𝑒𝑔𝑎, etc.) to disk at specified intervals, creating new directories named 

after the simulation time (e.g., 1/, 2/, 3/). The frequency of this output is controlled by 

the “writeInterval” parameter in (system/controlDict). While this data provides a com-

prehensive, high-resolution snapshot of the entire flow field for detailed 3D visualisation 

(as presented in Section 4.4), storing it at every time-step is computationally prohibitive 

due to large file sizes. Therefore, it is saved at a lower temporal frequency, sufficient for 

qualitative analysis and understanding key flow phenomena like jetting, flow separation, 

and the formation of swirl and tumble structures. 

 

For quantitative analysis and direct comparison with experimental data, targeted data is 

extracted at a much higher temporal frequency using OpenFOAM's run-time “func-

tionObjects,” which are defined in (system/functions). The outputs from these functions 

are stored in the (postProcessing/) directory. For this thesis, the key quantities of inter-

est are: 

• Mass Flow Rate: This is the primary performance metric for a flow bench. It is 

calculated by integrating the flux of density and velocity over the inlet or outlet 

patche at every time-step using the “patchFlowRate” function. This provides a 

high-resolution time-series of the mass flow, which is essential for comparing 

simulation results directly against the experimental data discussed in Section 4.2 

and 4.3. 

• Temperature probe: For quantitative validation against experimental measure-

ments, the OpenFOAM probes functionObject was employed. A probe was de-

fined at the virtual coordinates corresponding to the physical temperature sensor 

location within the cylinder head. This function samples the temperature field (T) 

at this discrete point with high temporal frequency, i.e., every time-step, gener-

ating a time-series output file. To obtain a stable metric for comparison, the sim-

ulated temperature from this time-series is time-averaged once the flow reaches 

a quasi-steady state. This value is then directly compared with the experimental 
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reading to validate the thermal model's accuracy, which is critical as temperature 

directly influences fluid density and, consequently, the predicted mass flow rate. 

• Cut planes for Flow Structure Analysis: To analyse coherent in-cylinder flow struc-

tures, which are precursors to combustion-critical swirl and tumble motion, the 

surfaces sampling function was utilised. This function extracts specified field data 

(e.g., 𝑈, 𝑝, 𝑇) onto predefined two-dimensional geometric planes at regular time 

intervals during the simulation. These planes are strategically placed, for instance, 

in a cross-tumble orientation below the intake valves. The resulting 2D data sets 

enable a qualitative visualisation of flow phenomena (e.g., valve jets, separation 

zones). This targeted data extraction provides detailed insight into the evolution 

of flow structures without the prohibitive computational cost of storing and pro-

cessing the full 3D domain data at a high temporal resolution. 

 

By using this dual approach, saving full-field data infrequently and key performance met-

rics frequently, we can conduct a thorough analysis that is both computationally efficient 

and physically insightful. 

 

 

3.2.3 Numerical Uncertainty Analysis 

All numerical simulations are, by their nature, approximations of physical reality. There-

fore, a credible CFD study requires a systematic analysis and quantification of the errors 

inherent in the solution process. This process, often referred to as Verification and Vali-

dation (V&V), is essential for establishing confidence in the simulation results before 

they can be meaningfully compared with experimental data. The methodology for this 

assessment is based on the widely accepted framework which categorises numerical er-

rors into three primary sources: modelling, discretisation, and iteration errors (Ferziger 

& Perić, 2020). 

 

A crucial aspect of this framework is the hierarchical order in which these errors are as-

sessed. As recommended by Ferziger & Perić (2020), the analysis should proceed in the 
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reverse order of how the errors are generated. First, iteration errors must be shown to 

be negligible to ensure the algebraic equations are solved correctly. Second, discretisa-

tion errors are quantified or controlled to ensure the solution is not unduly influenced 

by the grid. Only when these numerical errors are controlled can one proceed to the final 

step of validation, where the remaining difference between the simulation and experi-

mental data can be more confidently attributed to the inherent assumptions of the phys-

ical models themselves. This section details the practical steps taken to address each of 

these error sources in turn. 

 

Control of Iteration Error 

Iteration error, also known as convergence error, is the residual error remaining from the 

numerical solution of the linearised algebraic equations within a single time step. It is 

defined as the difference between the exact solution of these discrete equations and the 

approximate solution obtained after a finite number of solver iterations (Ferziger et al., 

2020). If not properly controlled, this error can accumulate and corrupt the solution, 

making it impossible to assess other, more physically significant error sources. In this 

study, a multi-faceted strategy was implemented within the “system/fvSolution” diction-

ary to ensure iteration errors were minimised to a level significantly below other sources 

of uncertainty. This strategy is principally managed through the PIMPLE algorithm and 

the settings of the linear solvers. 

 

The PIMPLE algorithm is a hybrid solver framework available in OpenFOAM that merges 

the logic of two classic algorithms: PISO (Pressure-Implicit with Splitting of Operators) 

and SIMPLE (Semi-Implicit Method for Pressure Linked Equations). The PIMPLE algorithm 

allows for a blend of these two approaches. The specific settings used in this work are 

configured to operate primarily in an efficient, PISO-like mode, controlled by the follow-

ing parameters: 

• nOuterCorrectors 1: This parameter dictates how many times the entire 

system of equations is assembled and solved per time step. By setting it to 1, the 
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simulation operates in a PISO-like mode, which is computationally efficient and 

well-suited for the small time steps used in this transient analysis. 

• nCorrectors 2: Within the single outer loop, this parameter specifies that 

two "PISO corrector" loops are performed. These loops iteratively correct the 

pressure and velocity fields to ensure they satisfy the conservation of mass and 

momentum. Using two correctors provides a good balance between computa-

tional cost and the accuracy of the pressure-velocity coupling. 

• nNonOrthogonalCorrectors 2: Real-world geometries, such as the in-

take port, necessitate meshes with some degree of non-orthogonality. This can 

introduce numerical errors when calculating gradients across cell faces. This pa-

rameter adds two explicit correction steps to account for and remove these er-

rors, thereby improving the solution's accuracy on the practical, complex mesh 

used in this study. 

 

Also, within each of the correction loops described above, a linear solver is called to solve 

the large system of algebraic equations for each variable (𝑝, 𝑈, 𝑘, etc.). For most variables, 

a Preconditioned Bi-conjugate Gradient Stabilised (PBiCGStab) solver was selected, an 

efficient iterative method well-suited for the matrices produced in CFD. The convergence 

of this solver is governed by a dual-tolerance strategy: 

• An absolute tolerance is the fixed target residual value the solver must reach. In 

this case, it was set to 1e-9. 

• A relative tolerance (relTol) instructs the solver to stop if the residual has been 

reduced by a certain factor relative to its starting value. This was set to 0.001 (a 

reduction of three orders of magnitude). 

 

The key to the error control strategy lies in how these tolerances are applied. For inter-

mediate calculations within the PIMPLE loop, the solver can terminate using either the 

absolute or relative tolerance, whichever is met first. This provides computational effi-

ciency by preventing the solver from over-working on a variable that is already well-con-

verged. However, for the final correction step of each time step, the relTol is set to 0. 
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This deactivates the relative tolerance criterion, forcing the solver to adhere strictly to 

the absolute tolerance of 1e-9. This "final check" ensures that, regardless of the inter-

mediate steps, the solution written to disk at the end of every time step has met a con-

sistent and stringent convergence standard. This robust strategy guarantees that the it-

eration error is kept to a negligible level throughout the simulation. 

 

Control of Discretisation Error 

Discretisation error is defined as the difference between the exact solution of the con-

tinuous governing equations and the solution of the algebraic system produced by the 

numerical method (Ferziger et al., 2020). This error is directly influenced by the quality 

of the computational mesh and the accuracy of the numerical schemes. 

 

Ideally, a formal grid convergence study, involving simulations on at least three system-

atically refined meshes, would be conducted to quantify the magnitude of this error. 

However, due to the significant computational and time cost associated with generating 

and simulating multiple large-scale meshes for each valve lift configuration, such a study 

was beyond the scope of this thesis. In its absence, a strategy of proactive quality control 

was adopted to minimise discretisation error by ensuring a single, high-quality mesh was 

used in conjunction with robust and accurate numerical schemes. 

 

The quality of the computational mesh was ensured through rigorous evaluation using 

OpenFOAM’s checkMesh utility, as detailed previously. All meshes contained 2.2–3.2 

million predominantly hexahedral cells (~80%), with non-orthogonality below 65° and 

negligible high-skewness cells (<0.0003%). These metrics, along with the overall 

checkMesh “OK” status, confirm that the meshes meet established quality standards 

and are suitable for accurate CFD simulations as previously detailed in Tables 7 and 8. 

 

On top of mesh quality checks, the numerical schemes, defined in “system/fvSchemes”, 

were chosen to balance accuracy with stability. Second-order limitedLinear 

schemes were used for key convective terms, which blend between high-accuracy 
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central-differencing and stable upwind schemes in regions of high gradients. This "limit-

ing" action is crucial for preventing non-physical oscillations and ensuring the simulation 

remains robust. 

 

Temporal discretisation error was controlled by using an adaptive time-stepping strategy, 

as defined in “system/controlDict.” The solver adjusted the time step 𝛥𝑡 dynamically to 

maintain a maximum Courant Number of 5. The Courant number is a dimensionless 

measure of how far fluid travels across a cell in one time step and keeping it below a 

stable limit is critical for transient accuracy. This adaptive approach ensures that the time 

step is always small enough to resolve the flow's evolution without compromising stabil-

ity. 

 

Assessment of Modelling Error 

Having controlled iteration and discretisation errors to a satisfactory extent, the final 

step in the V&V hierarchy is the assessment of modelling error. This error is defined as 

the difference between the real-world flow physics and the exact solution of the chosen 

mathematical model (Ferziger et al., 2020). The final comparison between the simulation 

results and the experimental data in Chapter 4 is, therefore, fundamentally an evaluation 

of the magnitude of this modelling error. The primary sources of modelling error in this 

work are the RANS turbulence models. 

 

As detailed in Section 2.4, RANS approach, while computationally necessary for indus-

trial-scale problems, relies on models to close the governing equations. These models, 

including the 𝑘 − 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 and 𝑘 − 𝑜𝑚𝑒𝑔𝑎 families, are not universal laws but are cali-

brated approximations, each with its own strengths and weaknesses. The choice of tur-

bulence model can significantly impact the predicted flow field, particularly in complex 

flows like those in engine ports, which are characterised by: strong streamline curvature 

and swirl, large regions of flow separation and re-attachment (e.g., downstream of the 

valve seat). 
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To directly quantify the uncertainty introduced by this modelling choice, an extensive 

turbulence model sensitivity analysis was conducted as primarily presented in Sections 

4.2.1. and 4.3. Rather than relying on a single model, the simulation for a representative 

case was performed with several widely used two-equation RANS models, including:  

Standard 𝑘 − 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 (𝑘 − 𝜀) , 𝑅𝑒𝑎𝑙𝑖𝑧𝑎𝑏𝑙𝑒 𝑘 − 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 ,  𝑘 − 𝑜𝑚𝑒𝑔𝑎 𝑆𝑆𝑇 ,  𝑘 −

𝑜𝑚𝑒𝑔𝑎 𝑆𝑆𝑇, and 𝑘 − 𝑜𝑚𝑒𝑔𝑎 (2006). 

 

This comparative study serves a critical purpose: by running the exact same case setup 

with different turbulence models, the resulting spread in the key output quantities (such 

as mass flow rate) provides a quantitative measure of the modelling uncertainty. It es-

tablishes a confidence interval for the CFD predictions that is attributable solely to the 

turbulence closure. 

 

In the two families of turbulence models, the following modelling assumption made in 

the near-wall regions, i.e., epsilonWallFunction for the 𝑘 − 𝜀 family, and corre-

sponding omegaWallFunction for the 𝑘 − 𝜔 models. This approach avoids resolv-

ing the boundary layer all the way to the wall with an extremely fine mesh. Instead, it 

assumes that the flow in this region follows the universal "law of the wall." This is a nec-

essary and standard engineering practice that makes the simulation computationally 

feasible, but it introduces a modelling error that is common to all the RANS models 

tested.  

 

In conclusion, by following a structured V&V process, iteration and discretisation errors 

were controlled. The assessment of modelling error was then elevated from a simple 

description to a direct investigation through a comprehensive turbulence model sensi-

tivity study. The final discrepancy observed between the CFD results and the experi-

mental data can therefore be interpreted with a clear understanding of the uncertainty 

bounds introduced by the RANS modelling approach itself; Sections 4.2.1 and 4.3 have 

been dedicated to the analysis and quantification of this error.   
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3.3 Development of PyFlowBench Package 

One of the key challenges identified in previous numerical Flow bench campaigns was 

the significant time investment required for each CFD simulation. Running a single case 

could take up to one or two weeks, making it impractical to execute comprehensive val-

idation campaigns against large experimental datasets. This time constraint also hin-

dered the ability to perform efficient DoE iterations, which are essential for rapid proto-

typing and optimisation of next-generation combustion system components. To address 

this bottleneck, the PyFlowBench Python package was developed as part of this thesis 

work. The primary objective of PyFlowBench is to automate and streamline the CFD sim-

ulation workflow, thereby enabling scalable, reproducible, and time-efficient simulation 

campaigns. The package encapsulates several core functionalities: 

• Automated mesh generation: bash scripts that allows quick mesh generation 

with SHM.  

• Data transfer automation: automated data transfer from the experimental da-

taset into the numerical Flow bench custom dictionary “FlowBenchDict” neces-

sary for configuration selection, valve lifts (cases), boundary conditions such as, 

inlet & outlet pressure, temperature, experimental mass flow rate reference val-

ues from GKN and Wärtsilä sensors and the values from in-cylinder temperature 

sensor.  

• Preprocessing automation: The tool performs a series of pre-run validation 

checks before initiating any simulation. It then automates the entire case setup 

process, including mesh handling for both continuous volume meshes (Snap-

pyHexMesh) and modular structured meshes (GridPro). Directory management 

is handled automatically, and the package also supports mesh mirroring, mesh 

merging, and patch renaming where applicable. 

• Simulation submission: integrates with the HPC environment to manage job sub-

mission/execution. 

• Postprocessing routines: calculating and plotting mass flow rates, temperature, 

and heatmaps for analysis.  
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• Cleanup and memory management: post analysis, another bash script recon-

structs the field data and cleans up all the unnecessary directories and files.  

 

By significantly reducing manual intervention, PyFlowBench not only improves efficiency 

but also ensures consistency across simulation cases. It facilitates large-scale simulation 

campaigns needed for rigorous model validation and supports iterative development 

workflows, such as sensitivity studies and machine learning-based surrogate model 

training for a future work.  

 

In summary, PyFlowBench serves as an essential enabler for the numerical Flow bench 

methodology, bridging the gap between computational demands and practical engineer-

ing timelines. Figure 33 shows the workflow of the package.  

 

 

Figure 33. Flow chart of PyFlowBench workflow.  

 

Importance of PyFlowBench 

The PyFlowBench package plays a pivotal role in enhancing the efficiency, scalability, and 

reliability of the numerical Flow bench workflow for the Wärtsilä engine component sim-

ulations. 
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Previously, mesh generation was carried out using GridPro, a software known for pro-

ducing high-quality meshes but requiring extensive manual effort and time. While 

GridPro meshes remain valuable for their geometric fidelity, PyFlowBench introduces a 

scripted meshing workflow using snappyHexMesh, which significantly accelerates the 

process. Though SHM typically yields lower-quality meshes compared to GridPro, its in-

tegration into the automated pipeline allows for rapid case setup, making it highly suit-

able for DoE and iterative validation runs. 

 

Another time-saving feature is the automated data transfer module, which populates 

the simulation dictionary (`FlowBenchDict`) directly from experimental datasets. This re-

duces the labour involved in manual data entry, especially when multiple cases are run 

in parallel, and minimises the risk of human error. 

 

The ̀ preprocess.py` script handles both preprocessing and simulation submission. It per-

forms essential validation checks such as confirming the presence and correctness of 

boundary conditions and sourcing the appropriate OpenFOAM environment. It also 

clones a predefined case structure (`FlowbenchBase`) into each simulation directory, en-

suring consistent case configuration across varied mesh inputs. Moreover, it supports 

parallelisation of simulations across a specified number of HPC cores, enabling efficient 

batch processing and large-scale case management. 

 

Finally, postprocessing scripts automate the extraction of critical performance metrics 

such as mass flow rate and temperature at the cylinder head. These can be executed 

with a single command without any additional input from the user since the scripts read 

the necessary data from previously populated `FlowBenchDict` accelerating the analysis 

phase while maintaining result reproducibility. 

 

In conclusion, the PyFlowBench package has proven to be a critical enabler in achieving 

automation, consistency, and scalability across the entire CFD workflow. From mesh gen-

eration and boundary condition assignment to simulation execution, result 
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postprocessing, and cleanup, each component of the package contributes to reducing 

manual effort and ensuring repeatability. Moreover, PyFlowBench lays the groundwork 

for high-throughput design studies supporting rapid prototyping and advanced analysis 

in future research and industrial applications. 
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4 Results and Discussion 

This chapter presents the key results obtained through the  CFD simulations of the nu-

merical FlowBench framework. The primary focus is on:  

• evaluating the performance of the CFD simulations 

• validating them against experimental data 

•  identifying the sources of uncertainty in both numerical and experimental flow 

bench.  

It should be noted that default coefficients for all the numerical simulation turbulence 

models have been used.  

 

The results are structured into distinct subsections corresponding to different stages of 

the study starting with the notes on experimental uncertainties, turbulence model sen-

sitivity analysis, effects of pressure ratio on mass flow rate (𝑚̇), effects of valve lift on 𝑚̇, 

validation of numerical temperature against the experimental values and 3D flow char-

acteristics of different CHs and valve openings.   

 

4.1 Initial Validation and Emerging Experimental Uncertainties 

The initial validation phase of the CFD model, intended to confirm numerical accuracy, 

served a more critical diagnostic purpose: it systematically revealed significant uncer-

tainties within the experimental dataset that were not immediately apparent. The initial 

simulations were conducted for CH1 Pressure Ratio of 1.1, exhaust configuration, which 

yielded encouraging results.  As shown in Figure 34, deviations from experimental data 

were generally contained within a ±5% margin combining the performance of different  

turbulence models. Similar consistency was observed for PR=1.5 under varying absolute 

pressure conditions shown in Figure 35, providing initial confidence in the numerical 

setup. 
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Figure 34. Lifts from minimally open to fully open, exhaust flow pressure ratio of 1.1 – CH1. 

 

 

Figure 35. CH1 exhaust flow configuration at normalised lifts of 0.25, 0.31 and 0.37 with pressure 
ratio of 1.5 and varying the absolute Pin/Pout. 
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Encouraged by the promising exhaust results, validation of the intake flow cases was 

undertaken. A closer agreement was anticipated, given that intake flows are character-

ised by cooler, less complex jet structures compared to the thin, wall-hugging jets of the 

exhaust. Contrary to expectations, the intake cases showed significantly greater diver-

gence from the experimental values.  

 

This discrepancy, particularly on the intake side, prompted a thorough review of the nu-

merical setup. All simulation configurations were checked and refined, but the devia-

tions persisted. This finding strongly suggested that the error source was not primarily 

numerical, but was instead inherent to the experimental data being used for comparison. 

 

A critical review of the raw experimental data revealed direct evidence of measurement 

discrepancies. These inconsistencies point toward the presence of significant systematic 

errors (bias), a class of error that, as discussed previously, can originate from instrumen-

tal or installation effects (Figiola & Beasley, 2020). 

 

A definitive example of this is the direct comparison of the Wärtsilä and GKN sensors 

measuring the same intake flow condition for the normalised lift of 1.0 and pressure 

ratio of 1.1. The mass flow rate reported by Wärtsilä's sensor was 1.5402010679, while 

the GKN sensor reported 1.3481249809. This constitutes a relative deviation of 14.2%, 

calculated as: 

 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑒𝑟𝑟𝑜𝑟 =  
𝑊ä𝑟𝑡𝑠𝑖𝑙ä 𝑚𝑎𝑠𝑠 𝑓𝑙𝑜𝑤 −  𝐺𝐾𝑁 𝑚𝑎𝑠𝑠 𝑓𝑙𝑜𝑤

𝐺𝐾𝑁 𝑚𝑎𝑠𝑠 𝑓𝑙𝑜𝑤
 ∗ 100 ≈ 14.2477 %. (28) 

 

A discrepancy of this magnitude, illustrated in Figure 36, between two independent in-

struments operating within their valid ranges cannot be attributed to random statistical 

scatter. It is a clear indication of a large systematic bias between the two measurement 

systems. Figure 36 showed that the uncertainty from using different experimental refer-

ence data, i.e., Wärtsilä vs GKN, had a greater impact on the calculated error than the 

choice of turbulence model. This finding was pivotal, as it demonstrated that the 
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experimental data contained uncertainties far greater than those of the numerical model 

it was meant to validate. It is noteworthy that these early observations are not conclu-

sive, particularly regarding the performance of different turbulence models. However, 

they laid the groundwork to uncover potential experimental discrepancies. The final re-

sults from turbulence sensitivity analysis are discussed in Sections 4.2.1 and 4.3. There-

fore, the following discussion uses these initial findings as a motivation to explore the 

experimental uncertainties that were subsequently investigated starting with more in-

depth assessment of intake flow simulations.  

 

 

Figure 36. Initial turbulence model sensitivity analysis for intake flow CH1 at normalised lift of 
1.0. The figure demonstrates that the choice of experimental reference data (Wärtsilä 
vs. GKN) introduces a larger variation in the calculated error than the choice of tur-
bulence model. This highlights the dominant role of experimental uncertainty in the 
validation process.  

 

 

4.2 Intake Flow Configuration 

The intake flow simulations were approached systematically, with the following objec-

tives: 
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• conducting a sensitivity analysis of various RANS turbulence models with respect 

to predicted mass flow rate (𝑚̇) 

• examining the effect of valve lift on 𝑚̇ 

• evaluating the influence of pressure ratio on 𝑚̇ 

• performing a comprehensive valve lift sweep 

• validating the predicted temperature at the numerical probe location against the 

experimental temperature sensor readings. 

 

 

4.2.1 RANS Turbulence Models Sensitivity Analysis on Mass Flow Rate 

During the turbulence model sensitivity analysis, five RANS turbulence models were se-

lected and evaluated under two representative valve lifts and two distinct pressure ratios 

as observed in Figures 37 and 38. Upon completing the simulations and analysing the 

results, several key observations were made: 

• For a given valve lift, better agreement with experiment was consistently ob-

served at the higher pressure ratio of 1.5 across nearly all turbulence models. 

• The simulation results showed closer alignment with the GKN sensor compared 

to those from Wärtsilä’s. 

• 𝑘 − 𝜀 turbulence model seems promising with everything considered.  

• An improvement in model accuracy was observed with increasing valve lift, indi-

cating that higher lifts tend to yield more reliable comparisons between CFD pre-

dictions and experimental data. 



109 

 

Figure 37. Five turbulence models performance against GKN Sensors at two lifts and pressure 
ratios. It can be observed that accuracy improved at higher lift and pressure ratio, the 
𝒌 − 𝜺 model performed best overall, and simulations aligned more closely with GKN 
data than Wärtsilä’s. 

 

 

Figure 38. Five turbulence models performance against Wärtsilä sensors at two different lifts and 
pressure ratios.  

 

Wärtsilä sensor exceeded its validity range. 
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Following the initial sensitivity analysis, the study was expanded to include a broader 

range of representative test points using the most promising turbulence models. This 

extension aimed to further validate the earlier observations, namely, the tendency for 

better agreement with GKN sensor data, improved accuracy at higher pressure ratios, 

more consistent performance at higher valve lifts and 𝑘 − 𝜀 potential as the final candi-

date out of all the turbulence models. Specifically, additional cases at a small, normalised 

lift of 0.14 and full lift of 1.0 were simulated under pressure ratios of 1.1 and 1.5 using 

the 𝑘𝜔𝑆𝑆𝑇, 𝑘 − 𝜀 and 𝑅𝑁𝐺 𝐾 − 𝜀 turbulence models. 

 

As illustrated in Figure 39, a higher pressure ratio of 1.5, consistently led to improved 

agreement across all valve lifts. Moreover, the earlier observation that CFD predictions 

aligned more closely with GKN sensor data than with Wärtsilä’s measurements held true 

throughout this extended analysis. While the trend of improved accuracy with increasing 

valve lift was not conclusively evident in this subset of cases, it is clearly demonstrated 

in the subsequent “valve sweep analysis” observed in Figure 43, where the pattern be-

comes more pronounced. 

 

The expanded investigation, also, conclusively demonstrated the overall higher perfor-

mance of the standard 𝑘 − 𝜀 model relative to its counterparts. Although an exception 

was noted at the normalised lift of 0.57, the error percentage is sufficiently small (-

1.15%), that it makes no practical difference whether 𝑘𝜔𝑆𝑆𝑇 or 𝑅𝑁𝐺𝐾𝜀 surpass it by a 

small margin. Based on these results, the 𝑘 − 𝜀 turbulence model was considered the 

optimal modelling choice for the pressure ratio and valve lift sweep investigations and 

was therefore utilised for all subsequent validation efforts. 

 



111 

 

Figure 39. The extended comparison of 3 turbulence models against 2 sensors at 4 distinct lifts 
and 2 pressure ratios. The empty rows in Wärtsilä error heat map are cases in which 
this sensor is not valid. It can be concluded that GKN data aligns more closely with 
CFD, higher pressure ratio improves agreement, and the standard 𝒌 − 𝜺 model con-
sistently outperforms the others. 

 

Also, regarding the temperature validation, a reverse trend was observed to that of mass 

flow rate, i.e., with increasing pressure ratio, higher deviation was observed. This devia-

tion can be due to no heat flux across the wall with fixing adiabatic assumption in the 

boundary conditions. However, 𝑘 − 𝜀  still outperforms its peers, thus, indicating a 

higher performance overall as observed in Figure 40. A potential explanation behind this 

observation can be found in section 4.5.4.  
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Figure 40. Temperature validation against the experimental temperature sensor shows higher 
deviations at higher pressure ratio and 𝒌 − 𝜺 outperforming its counterparts.  

 

 

4.2.2 Effects of Pressure Ratio on Mass Flow Rate 

Building on earlier observations that higher pressure ratios improved agreement in mass 

flow rate predictions but increased deviations in temperature, a targeted study was car-

ried out to examine this trade-off more systematically. To this end, a dedicated pressure 

ratio sweep was performed at pressure ratios of 1.1, 1.5, 2.0, 3.0, and 4.0. The results, 

presented in Figure 41, reveal several key insights: 

• The earlier trend was reaffirmed; Numerical predictions of mass flow rate aligned 

more closely with the GKN sensor measurements than with those of Wärtsilä’s 

instrumentation. 

• As pressure ratio increased, the accuracy of the predicted mass flow rate im-

proved. This was reflected in a systematic decrease in the percentage error be-

tween simulation and experimental data. 

• Conversely, an increase in pressure ratio was associated with a growing discrep-

ancy in temperature predictions, as illustrated in Figure 42. The temperature 
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error percentage showed a clear upward trend with increasing pressure ratio, 

indicating limitations in thermal accuracy under high-pressure conditions. 

• At the expected (exp) pressure ratio of 4.0, the actual (act) pressure ratio 

achieved in the experiment failed to go any higher. Instead, it plateaued around 

2.3 for all higher pressure ratios. This was the result of high mass flow causing 

back pressure at the waste gate, which obstructed the outflow. The pressure at 

the outlet increased significantly consequently, reaching 3.74 bar at inlet pres-

sure (Pin) of 8.0 bar, while it was supposed to be maintained at 1.0 bar. This lim-

ited any higher pressure ratio than 2.3. 

 

 

Figure 41. Mass flow error during a pressure ratio sweep (exp. Pressure ratio 1.1–4.0). CFD 
matched GKN sensors better than Wärtsilä's. Accuracy improved with increasing 
pressure ratio. Actual pressure ratio plateaued at ~2.3 due to outlet backpressure. 
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Figure 42. Temperature error across the same pressure ratio sweep. Temperature predictions 
worsened with higher pressure ratio, indicating higher thermal inaccuracies under 
high-pressure conditions. 

 

 

4.2.3 Effects of Valve Lifts on Mass Flow Rate 

Figure 43 illustrates the effects of valve lift on the predicted mass flow rate at the pres-

sure ratio of 1.5. A key observation was the increasing convergence between the numer-

ical results and the experimental data from the GKN sensor at higher valve lifts. While a 

noticeable deviation existed at low lifts, the two datasets showed excellent agreement 

as the valve lift increased. It is further exemplified in Figure 44, where the mass flow rate 

has been normalised over its lift. The line graph shows a fairly linear decline excluding 

the anomalies. The anomalies occur at 42.8 % and 45.5 % lift, where the two sensors 

already disagree most strongly (-10.19 % and -8.93 %, respectively). 

 

Therefore, the following two conclusions are drawn:  

1. With increasing lifts and mass flow rate, there is less experimental uncertainty, 

thus, leading to closer agreement between the numerical and measured mass-

flow rates. It is explained in detail in Section 4.5.3. 
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2. Figures 45 and 46 confirm that higher absolute inlet pressures also improve the 

match, even when the pressure ratio itself remains unchanged as the error per-

centage is bound to under ± 5 %.  

 

 

Figure 43. Valve lift sweep from minimally open to 100% open at pressure ratio of 1.5 with Pin 
1.5 bar and Pout set to ambient pressure. The main takeaway is that with increasing 
lift, which corresponds to higher 𝒎̇, there is better matching between experimental 
and numerical values.    
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Figure 44. Valve lift sweep from minimally open to 100% open at pressure ratio of 1.5 with inlet 
pressure (Pin) 1.5 and outlet pressure (Pout) set to ambient pressure showing mass 
flow rate (𝒎̇) normalised over lift vs their respective error percentage. Ignoring the 
anomalies encircled in yellow, there is a rather linear decline in the error percentage 
as the valve lift grows.   
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Figure 45. Valve lift sweep from minimally open to 100% open at pressure ratio of 1.5 with Pin 
8.0 and Pout 5.3 bar. At higher absolute inlet pressure, there is lower uncertainty with 
the sensors, therefore, the deviation between the CFD and experimental values are 
small.  

 

This trend does not hold under all operating conditions. As shown in Figure 45, at a 

higher inlet pressure, i.e., Pin = 8.0 bar, the resulting increase in mass flow rate alters the 
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system's behaviour. The error no longer decreases with lift; instead, it remains relatively 

low and stable across the entire lift range which is consistently below 4.6%. 

 

This stabilised error can be attributed to the improved accuracy of the experimental sen-

sors under high-flow conditions since it operates within its intended flow regimes. This 

point is further explained in Section 4.5.1. Therefore, in these cases the predictive accu-

racy of the CFD model becomes largely independent of valve lift and the numerical pre-

dictions stabilise in terms of accuracy. The error percentage oscillation with respect to 

lift can be observed in Figure 46.  

 

 

Figure 46. Valve lift sweep from minimally open to 100% open at pressure ratio of 1.5 with Pin 
8.0 and Pout 5.3 bar showing mass flow rate (𝒎̇) normalised over the lift vs its re-
spective error percentage. The error percentage oscillates and there is no clear de-
crease w.r.t lift.  

 

Regarding the temperature validation of the valve sweep cases, previously observed 

trends remain consistent: as the pressure ratio increases, leading to higher mass flow 
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due to elevated inlet pressure, the temperature deviation also increases. This is clearly 

seen by comparing Figures 47 and 48. At lower absolute pressure (e.g., Pin = 1.5 bar in 

Figure 47), the temperature error percentage is relatively small, whereas higher inlet 

pressure (Pin = 8 bar in Figure 48) results in comparatively larger discrepancies. Further 

explanation is provided in section 4.5.4.  

 

 

Figure 47. Temperature validation for the valve sweep at pressure ratio of 1.5 with Pin 1.5 bar 
and Pout set to ambient pressure. Lower absolute inlet pressure results in smaller 
temperature errors. 

 

Figure 47 shows no pronounced upward trend in numerical temperature as the valve lift 

increases. Temperature deviation rises until it reaches lift that is 57 % open, then it mar-

ginally reduces towards full opening. This behaviour indicates that although temperature 

deviation also increases with the valve lift, the absolute inlet pressure, perhaps, has a 

stronger influence on temperature variation than the valve lift. However, as expected, 

the highest deviation is observed when there are the most uncertainties on the experi-

mental side between the two sensors at mid lifts.  
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Figure 48. Temperature validation for the valve sweep at pressure ratio of 1.5 with Pin 8.0 bar 
and Pout 5.3 bar. Higher absolute inlet pressure leads to increased temperature de-
viation, especially at mid-range lifts. 

 

Figure 48 follows a similar trend to that observed in Figure 46. It shows that although 

the error percentage in temperature increases with valve lift, the effect is less pro-

nounced than the variation caused by changes in the absolute pressure. In other words, 

while lift does contribute to increasing thermal deviation, its impact is not as dominant 

as that of absolute inlet pressure as indicated in Figure 42 during pressure ratio sweep 

analysis. Nevertheless, higher deviations are evident in Figure 48, as expected, the ele-

vated mass flow rate resulting from higher absolute inlet pressure leads to a greater 

amount of mass being transported into the domain. This increases interaction with the 

walls, making accurate wall modelling more critical. In the current numerical setup, adi-

abatic wall conditions (i.e., zeroGradient temperature) are assumed, meaning no heat 

flux or energy exchange occurs between the walls and the air. 
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In reality, however, the walls are likely to remain near ambient room temperature with 

some spatial variation across the cross-section. This realistic wall temperature would 

cause thermal energy to be transferred via heat flux from the walls to the air, which cools 

due to rapid expansion and the associated pressure drop after passing through the valves. 

This crucial heat exchange phenomenon was not accounted for in the present model. 

 

 

4.3 Exhaust Flow Configuration 

With the insights gained from the intake flow analysis, the exhaust flow configuration 

was revisited to re-evaluate selected test points. Recognising that greater uncertainty 

exists at lower pressure ratios, a targeted analysis was conducted at pressure ratio of 1.5 

using three turbulence models across three representative valve lifts. As shown in Figure 

49, the deviation between numerical and experimental mass flow rates remained below 

4.21% across all cases. At lower valve lifts, the 𝑅𝑁𝐺 𝑘 − 𝜀 model exhibited the best per-

formance and consistent with the trends observed in the intake flow configuration, the 

standard 𝑘 − 𝜀  model demonstrated a reduction in error percentage with increasing 

valve lift. 

 

Regarding temperature validation, Figure 51 illustrates that temperature deviation in-

creases with valve lift, an observation that further supports the previously identified 

trend in intake flow simulations. 
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Figure 49. Error percentage and mass flow rate of exhaust flow simulations at pressure ratio 1.5 
with 3 turbulence models at 3 representative lifts measured against GKN’s sensor. 
While all the turbulence models showed acceptable performance, 𝑹𝑵𝑮 𝒌 − 𝜺 out-
performed at lower lifts and the error percentage for  𝒌 − 𝜺 decreased with increas-
ing lifts.  

 

 

Figure 50. Error percentage and mass flow rate of exhaust flow simulations at pressure ratio 1.5 
with 3 turbulence models at 3 representative lifts measured against Wärtsilä’s sensor. 
Overall, this sensor underperforms compared to GKN’s.  
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Figure 51. Temperature validation for exhaust flow at pressure ratio 1.5 across 3 lifts and turbu-
lence models. With increasing lifts, increasing temperature deviation is observed.  

 

Due to time constraints, no further systematic analysis could be performed on exhaust 

flow configurations.  

 

 

4.4 Comparison of Different Cylinder Head Designs  

One of the key advantages of three-dimensional numerical simulations is the ability to 

visualise the detailed flow field in high resolution. These simulations provide instantane-

ous access to all flow variables solved during the computation, offering insights that are 

often difficult or impossible to obtain through experiments alone. 

 

In the numerical flow bench simulations, variables such as turbulent kinetic energy (𝑘), 

dissipation rate (𝜀), specific dissipation rate (𝜔), pressure (𝑝), temperature (𝑇), and ve-

locity (𝑈) were computed and stored. These variables can be post-processed and visual-

ised to uncover complex flow behaviours within the domain. 

 

    Error % 
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In particular, the 3D visualisations enable meaningful comparisons between different 

cylinder head configurations and valve arrangements. They reveal asymmetries, flow 

separations, recirculation zones, and mixing behaviour that may otherwise remain hid-

den. 

 

The following sections present the following comparative analyses: 

• CH1 vs. CH3: Intake and exhaust configurations with all valves open. 

• CH1 Intake Setup: Comparison between cases with only valve A open vs. only 

valve B open. 

• CH1 Exhaust Setup: Comparison between cases with only valve C open vs. only 

valve D open. 

 

 

4.4.1 Cylinder Head 3 vs. Cylinder Head 1  

To recapitulate, CH3 is a five-valve cylinder head featuring three intake valves and two 

exhaust valves. In contrast, CH1 is a four-valve configuration with two intake and two 

exhaust valves. Beyond the valve count, the two cylinder heads also differ in valve size, 

seat angle, and geometrical design, all of which influence the flow characteristics and 

overall performance. 

 

Intake Flow Comparison (CH3 vs. CH1) at Normalised Lift of 0.25  

At the normalised valve lift of 0.257, the GKN sensor recorded a normalised mass flow 

rate of 0.703 for CH3 and 0.465 for CH1. CH3’s higher mass flow is evident from the 

broader envelope of high-velocity regions (peaking ≈ 290 m s⁻¹) around the valve seats 

observable in Figure 52. Upstream of the valves the riser-pipe patterns are broadly sim-

ilar for both the CHs. In CH3, the interaction between the centre valve and its adjacent 

valves produces the highest velocities within the cylinder and keep its momentum longer. 

A similar interaction pattern can be seen between the intake valves in CH1. Overall, CH3 

generates a higher tumble ratio.  
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Figure 52. Side by side comparison of CH3 (left) vs CH1(right). The first two are the front and the 
bottom two are the back view. The high velocity region around the valve seat is more 
dominant in CH3 compared to CH1. Also, riser-pipe patterns are broadly similar for 
both and intake valve-intake valve interactions lead to higher velocity inside the cyl-
inder.  

 

Exhaust Flow Comparison (CH3 vs. CH1) at Normalised Lift of 0.714 

Figure 55 illustrates the exhaust flow for CH3 versus CH1 at normalised lift of 0.714. CH1 

exhibits significantly higher flow velocity at the valve seat area. However, the interaction 

between CH3 exhaust valves results in a sustained, higher-velocity flow further upstream 

past the valves. Furthermore, the sharp curvature of the exhaust port induces recircula-

tion zones just before the bend, which could impact flow efficiency. 
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Figure 53. Exhaust flow comparison of CH3 (left) vs CH1 (right) at normalised lift of 0.714. Alt-
hough CH1 shows increased flow velocity at the valve seat area, CH3’s  higher velocity 
is sustained longer in the exhaust port. Also, a re-circulation zone can be observed 
right before the bend.   

 

 

4.4.2 Cylinder Head 1 Individual Intake Valves and Exhaust Valves 

 

CH1 Intake: Static Valve A vs. Static Valve B at normalised lift of 0.25 

Figure 53 depicts CH1 operating with a single intake valve at normalised lift of 0.257. 

When only valve A is open (left frame) the jet accelerates to ≈ 300 m s⁻¹ at the seat, 

leaves the port almost tangentially toward the +x wall, and adheres to the liner through 

roughly half a revolution before spiralling downward. The resulting flow field is 
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dominated by a coherent clockwise swirl (viewed from +z); tumble is negligible and a 

low-velocity recirculation pocket forms beneath the closed B valve on the opposite side. 

Opening only valve B (right frame) produces the exact mirror image: the jet attaches to 

the –x wall, rotates anti-clockwise, and shifts the low-momentum region under the 

closed A valve. The mass flow rate differs by 2.3 % and the peak velocity is exactly the 

same, confirming that the two ports are aerodynamically balanced.   

 

 

Figure 54. Comparison of flow structures in the CH1 intake for single-valve operation at a nor-
malised lift of 0.257. Opening Valve A (left) versus Valve B (right) produces near-per-
fect mirror-image flow patterns dominated by a coherent swirl, demonstrating the 
port's symmetrical design. 
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CH1 Exhaust: Static Valve A vs. Static Valve B at normalised lift of 0.31 

 

Figure 54 depicts CH1 operating with a single exhaust valve at the normalised lift of 0.314. 

There is a rather noticeable swirl in the flow exiting the open exhaust valve for both C 

and D. And a strong flow to the wall opposite to the open exhaust valve, and it continues 

upstream in the port.  

 

 

 

Figure 55. CH1 exhaust valve performance – Static valve C (left) against Static valve D (right). The 
flow shows a characteristic swirl at the valve exit and a strong, wall-impinging jet that 
travels upstream into the port. 
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4.5 Key Findings for Experimental and Numerical Discrepancies 

This subsection consolidates the key observations from the validation campaign, linking 

them to their most plausible physical and instrumentation-related causes. Based on this 

analysis, specific areas for improvement in both the numerical model and the experi-

mental setup are identified. Finally, concrete recommendations for future work are pro-

posed to address these findings. 

 

 

4.5.1 Influence of Absolute Pressure on Sensor Accuracy 

Both the intake and exhaust test series begin at a pressure ratio of 1.1; however, the 

absolute inlet pressures differ, 1.5 bar for the intake and 2.0 bar for the exhaust. Under 

the ideal gas assumption, density increases with absolute pressure, and velocity is gov-

erned by the pressure gradient (𝛥𝑃 across the domain). The higher absolute pressure in 

the exhaust configuration results in greater mass flow, which enhances the signal 

strength and reduces relative uncertainty in the measurements. This is clearly illustrated 

in Figure 56. 

 

In contrast, the lower mass flow rate in the intake cases increases the noise-to-signal 

ratio, amplifying the impact of fixed absolute error inherent to differential-pressure (Ber-

noulli-type) sensors. These sensors infer velocity from the difference between total and 

static pressure (𝑃𝑡𝑜𝑡𝑎𝑙 − 𝑃𝑠𝑡𝑎𝑡𝑖𝑐 = 𝑃𝑑𝑦𝑛𝑎𝑚𝑖𝑐 ). At low velocities, this pressure difference 

becomes small, making the measurement more sensitive to noise and thus less reliable. 

 

This effect is further evident at pressure ratio of 1.5, where two different combinations 

of absolute Pin and Pout were tested. The case with higher absolute pressures showed 

better agreement with CFD predictions, reinforcing the role of pressure level in improv-

ing measurement fidelity as shown in Figure 45. 
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It is clear that absolute inlet pressure is the defining factor for characterising the mass 

flow rate and consequently the uncertainty quantification of the flow sensors rather 

than pressure ratio. For instance, there can be multiple test points with the same pres-

sure ratio but their measurements confidence would significantly vary depending on the 

absolute inlet pressure, cf. Section [4.2.3].   

 

 

Figure 56. First batch of experimental test points for intake and exhaust configurations at a pres-
sure ratio of 1.1. Intake tests were conducted with an inlet pressure of 1.5 bar and 
outlet pressure of 1.4 bar, while exhaust tests used 2.0 bar inlet and 1.8 bar outlet 
conditions. 

 

 

4.5.2 Sensor Placement and Instrumentation Limitations 

GKN Orifice Plate Sensor 

The GKN orifice plate sensor may have been oversized for low pressure ratio conditions, 

as it is originally designed for high-throughput jet engine test rigs. Its performance im-

proves significantly with increasing inlet pressure as the flow moves across the orifice. 

In particular, the sensor becomes unreliable when the differential pressure 

(∆P𝑁𝑜𝑧𝑧𝑙𝑒_𝐺𝐾𝑁) falls below 0.15 kPa, a condition that occurs at several valve lifts under 

pressure ratio of 1.1. This suggests that the sensor is not well-suited for capturing low-
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flow scenarios in the current test configuration. Also, as noted in Section 3.1.3, the lack 

of a detailed calibration envelope for this sensor prevented a baseline uncertainty anal-

ysis, meaning its precise uncertainty range under these conditions remains unquanti-

fied. 

 

Wärtsilä Pitot-Static Tube 

Although it remains within its range at low flow rates, it is installed only ~5 × D down-

stream of a bend in the intake manifold (Figure 57), whereas as per the instrumentation 

and measurement expert and ITABAR-Sensor Type IBR Operating Manual (n.d.), it is rec-

ommended to have ≥7 × D upstream and ≥3 × D downstream. This suboptimal place-

ment exposes the sensor to swirl and secondary flow structures, which are particularly 

prominent at low valve lifts. Additionally, the intake setup includes another bend in the 

vertical (y) direction, further compounding flow disturbances shown in Figure 58. In con-

trast, the exhaust configuration features a straight sensor placement, minimising such 

uncertainties shown in Figure 59. This suboptimal placement in the intake setup, com-

bined with the lack of a specific calibration for these exact experimental conditions (as 

discussed in Section 3.1.3), means the true uncertainty of this measurement is likely 

higher than the theoretical baseline, especially at low valve lifts where flow distortions 

are most prominent.  

 

 

Figure 57. The suboptimal location of the sensor in Wärtsilä’s inlet pipe. 
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Figure 58. Top view of the CH1 intake flow configuration, highlighting the bend in the y-direction 
where the Pitot-static tube is located. This additional bend introduces a potential 
source of experimental uncertainty. Proprietary components are intentionally blurred 
in accordance with Wärtsilä confidentiality requirements. 

 

 

Figure 59. Top view of exhaust flow configuration for CH1. Wärtsilä’s inlet pipe goes straight 
down under the bench. Proprietary components are intentionally blurred in accord-
ance with Wärtsilä confidentiality requirements. 

 

 

4.5.3 Effects of Absolute Pressure and Valve Lift on Mass-Flow Agreement 

Higher pressure ratio, resulting from increased inlet pressure, achieves better agreement. 

Across all configurations, raising pressure ratio from 1.1 to 1.5, 2.0 and higher consist-

ently reduced the error between CFD and the GKN sensor. The orifice plate operates 

closer to its intended differential-pressure range, while the Pitot tube benefits from 

higher dynamic pressure. 

 

Higher lift leads to better agreement too. Increasing lift enlarges the throttling area, 

raises mass flow, and improves both sensors’ signal quality. For pressure ratio of 1.5 (with 

moderate absolute pressures) the error decreases almost linearly with lift as presented 
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in Figure 44. Passed a certain inlet pressure, the GKN sensor is already in its optimal 

range and lift has a weaker influence on accuracy as evident in Figure 46. 

 

 

4.5.4 Temperature Prediction Errors 

Temperature deviations grow with both pressure ration and lift, even while mass-flow 

errors shrink. This is likely due to no heat flux across the wall; with the adiabatic-wall 

boundary condition the CFD solver forbids any heat exchange between the gas and the 

surrounding metal. At higher mass-flow rates the flow velocity rises, and the core stream 

therefore remains colder than in reality, leading to a systematic under-prediction of bulk 

temperature. To quantify the influence of the wall model, one representative case was 

repeated with isothermal walls fixed to the inlet total temperature. Replacing the adia-

batic condition with the isothermal one increased the predicted temperature from 

271.33 K to 275.24 K, reducing the discrepancy and confirming that neglecting wall heat 

transfer is a source of error as shown in Figure 60. However, due to lack of experimental 

measurements of cylinder wall temperature, the iso-thermal wall boundary condition 

was not employed any further. A good step forward would be multi-region simulations 

involving conjugate heat transfer of solid material as explained further in the next sec-

tion. 

 

 

Figure 60. Choosing isothermal boundary condition shows improvement in thermal prediction. 
The simulated temperature has been raised by 3.91 K compared to adiabatic bound-
ary condition.  
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4.5.5 Recommendations and Future Perspectives 

1. Conducting a comprehensive mesh sensitivity campaign: a crucial next step is 

to perform a formal mesh sensitivity analysis to rigorously quantify the impact of 

discretisation error on the simulation outcomes. This thesis adopted a "proactive 

quality control" approach by using a single, acceptable quality mesh, which was 

a pragmatic choice to manage computational costs. However, this approach did 

not formally quantify the uncertainty introduced by the mesh itself. A formal grid 

convergence study, involving simulations on at least three systematically refined 

meshes, is a cornerstone of the verification and validation process. This will ena-

ble the explicit separation of discretisation error from modelling error (i.e., tur-

bulence model inaccuracies), thereby establishing a clear "error budget." Ulti-

mately, this analysis will provide critical guidelines on the optimal balance be-

tween computational cost and numerical accuracy, informing the structure of fu-

ture DoE campaigns and increasing the overall confidence in the numerical pre-

dictions. 

2. Performing LES benchmarks: to resolve the ambiguity in the sources of error, 

particularly in challenging flow regimes, it is recommended to perform high-fi-

delity LES benchmarks. The validation study revealed that the largest discrepan-

cies between numerical and experimental results occurred at low-pressure ratios 

and low valve lifts, precisely where the two experimental sensors also showed 

the most disagreement. While this points towards experimental inaccuracies, the 

limitations of the RANS models in such complex flows cannot be dismissed. LES 

can serve as a powerful diagnostic tool to disentangle these convoluted error 

sources. By running an LES simulation, which is less dependent on modelling as-

sumptions for large-scale turbulence, we can establish a high-fidelity numerical 

reference. If LES provides a better match to the experiment, the deviation be-

tween the RANS and LES results can be largely considered to be the RANS turbu-

lence modelling error. The remaining deviation between LES and the experiment 

would then provide a much clearer estimate of the true experimental uncertainty, 
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allowing for a more targeted approach to improving both the physical test rig and 

the computational models. 

3. Refining the experimental setup and data acquisition: the validation process re-

vealed that experimental uncertainty was a dominant factor limiting the agree-

ment between simulation and reality. Therefore, it is strongly recommended to 

refine the experimental setup for future campaigns. This involves two key actions: 

first, engaging with GKN to obtain the precise calibration envelope of their orifice 

meter to ensure comparisons are only made within its valid operating range. Sec-

ond, and more critically, the inlet pipe section housing the Wärtsilä Pitot-static 

tube should be redesigned to meet established best-practice criteria (e.g., ≥7 

pipe diameters of straight run). The current suboptimal placement downstream 

of a bend exposes the sensor to swirl and flow profile distortions, compromising 

data quality. Improving the fidelity of the experimental reference data is the sin-

gle most effective way to enhance the entire validated workflow, as it provides a 

more reliable and unambiguous target for validating the numerical models. 

4. Extending the analysis to include Conjugate Heat Transfer (CHT): The results 

from the pressure ratio sweep campaign provided clear evidence of a systematic 

deficiency in the thermal model: as the pressure ratio and mass flow increased, 

the temperature prediction error grew consistently. This trend strongly suggests 

that the adiabatic wall assumption is the primary cause. To test this hypothesis 

and improve thermal accuracy, it is recommended to extend the analysis to in-

clude CHT. By implementing CHT simulation for the high-pressure-ratio cases and 

calibrating it with cylinder-wall temperature measurements, we can explicitly 

quantify the improvement in thermal prediction. This will accurately capture the 

critical heat flux between the expanding gas and the surrounding metal compo-

nents. Success in this area will not only reduce the temperature deviation but 

also refine the mass flow predictions through more accurate density calculations, 

ultimately providing a validated tool to assess the thermal loading on engine 

components, a vital consideration for the durability and performance of next-

generation designs. 
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5. Evaluating alternative mass flow measurement devices: to definitively resolve 

the observed discrepancies between the two existing sensors, future campaigns 

should investigate the utility of an alternative mass flow measurement technol-

ogy. Both the orifice plate and the Pitot tube are differential-pressure-based in-

struments, making them susceptible to similar sources of error related to fluid 

density and flow profile. Introducing a device like a Coriolis meter, which 

measures mass flow directly through inertial effects and is largely immune to 

these factors. This instrument could help reduce experimental uncertainties. This 

would, in turn, enable a far more rigorous assessment of the CFD model's predic-

tive capabilities, allowing for a clearer distinction between numerical modelling 

errors and experimental artifacts. 

6. Extending validation to untested configurations and flow regimes: the validated 

workflow should now be extended to include the cylinder head 2 and scavenging 

test points, which were beyond the scope of this thesis. Analysing the unique 

CH2 geometry and the complex cross-flow dynamics of scavenging is essential 

for a complete understanding of gas exchange. The robust PyFlowBench toolkit 

makes this extension efficient, paving the way for a comprehensive digital twin 

of the W31's breathing characteristics. 

7. Exploring Machine Learning applications for the numerical flow bench: the suc-

cessful automation and validation of the flow bench simulations via the Py-

FlowBench package is a critical enabler for the next frontier: the practical deploy-

ment of Machine Learning (ML). While the current automated workflow is effi-

cient, the inherent computational cost of 3D CFD still limits the scale of design 

exploration. By leveraging the validated workflow to generate a rich training da-

taset, it is possible to develop models capable of predicting performance out-

comes several order of magnitude faster. This would make it feasible to iterate 

through hundreds, if not thousands, of design variations, exploring different cyl-

inder head geometries and operating points in a way that is simply not possible 

with CFD alone. The significant speed-up, potentially reducing computational 

costs by multiple orders of magnitude (Caron et al., 2025; Hsieh & Felby, 2017), 
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directly supports the ultimate goal of optimising the gas exchange process in W31 

engines, leading to better breathing, more complete combustion, enhanced fuel 

efficiency, and cleaner emissions. This thesis has laid the essential groundwork, 

proving the viability of the automated data pipeline required for such advanced, 

ML-driven development at Wärtsilä. 

 



138 

5 Conclusion 

This thesis successfully achieved its primary objective: the development and validation 

of a robust, automated workflow for numerical flow bench simulations. The key to this 

achievement was the creation of the PyFlowBench toolkit, which automates the entire 

simulation pipeline from mesh generation to post-processing. Using this tool, an exten-

sive validation campaign was conducted against experimental data from the Wärtsilä 31 

flow bench. This process not only confirmed the predictive accuracy of the CFD model 

across various conditions but also demonstrated the workflow’s power as a diagnostic 

tool, effectively identifying and quantifying key experimental uncertainties. The follow-

ing sections summarise how this work addressed the guiding research questions. 

 

1. How effective is workflow automation in enhancing the efficiency, productivity 

and consistency of engine-relevant CFD simulations? 

 

PyFlowBench critically enabled the automation, consistency, and scalability of 

the entire CFD workflow. By reducing manual effort and ensuring repeatability 

from mesh generation to post-processing, it directly addressed RQ1, proving that 

structured automation significantly enhances the efficiency and reliability of en-

gine-relevant CFD simulations. Crucially, PyFlowBench is also poised to be instru-

mental for future DoE and rapid prototyping endeavours, supporting advanced 

analysis. 

 

2. To what extent can numerical simulations accurately replicate experimental data 

across various flow bench configurations and operating conditions? 

 

Numerical simulations closely matched highly accurate experimental data, with 

the vast majority exhibiting deviations of approximately ±5%. Yet, for lower pres-

sure ratios, the numerical model's accuracy could be improved by including con-

jugate heat transfer, as the omission of wall temperature effects led to increased 

temperature deviations. 
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3. What factors primarily influence the uncertainty budget in non-reactive, transi-

ent valve flow CFD simulations and their corresponding flow-bench experiments? 

Also, how may these sources of uncertainty be identified, quantified, and possi-

bly mitigated? 

 

Thanks to the systematic CFD simulations, it became clear that there are consid-

erable experimental inaccuracies. Thus, CFD can be used a driver to determine 

experimental uncertainties. On the experimental side, choosing the right meas-

urement device suitable for the intended flow regime, calibration of such device 

and its location were identified as the source of accuracy or lack thereof. Numer-

ically, accuracy is impacted by the appropriateness of numerical schemes for the 

flow type and mesh quality, the limitations of the chosen turbulence model, and 

the accurate representation of real-world conditions such as, wall temperature.  

 

4. What potential do numerical simulations have for revealing underlying physical 

features that are challenging to capture through experimental measurements? 

 

Numerical simulations allowed for visualisation and analysis of complete flow 

movement throughout the entire domain, consequently, tumble motion, swirls, 

recirculation zones, and high-velocity regions were identified. Experimentally 

capturing such detailed, volumetric flow information would require highly so-

phisticated setups, such as particle image velocimetry or similar advanced tech-

niques, which are often limited in scope and resolution compared to a full CFD 

solution. By providing this deeper insight into the flow dynamics, numerical sim-

ulations help in improving future designs to minimise unwanted effects and op-

timise performance. 

 

By addressing the aforementioned questions, this thesis successfully established and val-

idated an automated CFD workflow for flow bench simulations, concurrently identifying 
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key experimental and numerical shortcomings. This foundational work lays the ground-

work for significant future expansions, including mesh sensitivity analysis, large eddy 

simulation and conjugate heat transfer benchmarking, and exploring machine learning 

applications in flow bench simulations. It also enables further comprehensive studies on 

CH2 and CH3, along with scavenging test points, which remain relatively unexplored. 
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Appendices 

Appendix 1. Representative Code Snippets from PyFlowBench Scripts 

A snippet of SnappyHexMesh script: 

 

# Choose your queue and number of cores: 

#$ -pe orte 108  

... 

# Set flow configuration 

Configuration="$1" 

IV1="$2" 

IV2="$3" 

EV1="$4" 

EV2="$5" 

... 

 

# Move the intake and exhaust valves for the given IV1, IV2, EV1, 

EV2 lift values 

for f in constant/geometry/*_IV1*.stl; do surfaceTransformPoints 

"translate=(0 0 $IV1)" "$f" "${f%.stl}.stl"; done 

for f in constant/geometry/*_IV2*.stl; do surfaceTransformPoints 

"translate=(0 0 $IV2)" "$f" "${f%.stl}.stl"; done 

for f in constant/geometry/*_EV1*.stl; do surfaceTransformPoints 

"translate=(0 0 $EV1)" "$f" "${f%.stl}.stl"; done 

for f in constant/geometry/*_EV2*.stl; do surfaceTransformPoints 

"translate=(0 0 $EV2)" "$f" "${f%.stl}.stl"; done 

Code 1. A Bash script snippet from the PyFlowBench workflow, demonstrating the automated 
translation of valve STL surfaces based on command-line lift arguments. 

 

In this snippet, the script first specifies the computational resources by defining the num-

ber of HPC cores allocated for the meshing job. It then assigns user-supplied arguments 

to variables that define the flow configuration (intakeFlow, exhaustFlow, or scavenging) 

and the corresponding intake and exhaust valve lifts. Using these parameters, the script 

dynamically adjusts the STL geometry files by translating the valve components along 

the Z-axis to match the specified lift values. This automated transformation of geometry 

ensures that each simulation case is accurately parameterised, enabling rapid and con-

sistent mesh generation across multiple cases, a critical enabler for high-throughput CFD 

studies. 
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A snippet of data transfer automation script: 

 

def _find_column(df: pd.DataFrame, patterns: Sequence[str],  

*, label: str) -> str: 

    normals = {_normalise(c): c for c in df.columns} 

    for pattern in patterns: 

        if pattern in normals: 

            return normals[pattern]) 

 

... 

 

COLS_COMMON = { 

    "temperature": ["inletairtemp/ave"], 

    "wartsila": ["massflow/ave”] 

    "gkn": ["massflow_gkn/ave"], 

    "pitot": ["inletairpitot/ave"], 

    "dp_nozzle": ["dp_pr_nozzle_gkn"], 

    "ch_temp": ["ch temp"]} 

 

COLS_INTAKE = { 

    "valve": ["iv\nvalvelift"], 

    "p_inlet": ["ca pipe end ave abs"], 

    "p_outlet": ["ch pr downstream abs"]} 

 

COLS_EXHAUST = { 

    "valve": ["ev\nvalvelift", "evlift"], 

    "p_inlet": [ "ch pr downstream abs"], 

    "p_outlet": "exh pipe end pr1 abs"]} 

 

... 

 

 df_full = pd.read_excel( 

        DATASET_FILE, 

        sheet_name=sheet_name, 

        engine="openpyxl", 

        header=header_row, ) 

... 

 

def _update_dictionary(dictionary_text: str, *, scenario:  

str, df: pd.DataFrame) -> str: 

    is_intake = scenario == "in" 

    cols = {**COLS_COMMON, **(COLS_INTAKE if is_intake else  

COLS_EXHAUST)} 

 

... 

 

# ---------------- Meta ---------------- 

    dictionary_text = ( 

        dictionary_text.replace( 

            "PLACEHOLDER_SIMDIR", 

            "sim_intk_validation_data" if is_intake else  
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"sim_exhst_validation_data", 

        ) 

  .replace("PLACEHOLDER_CASETYPE", "intakeFlow" if  

is_intake else "exhaustFlow")) 

 

    # -------------- Valve lifts ----------- 

... 

    if is_intake: 

        dictionary_text = replace_first(dictionary_text,  

"PLACEHOLDER_IV", lift_vals) 

... 

 

    # ----- Pressures & temperature -------- 

    dictionary_text = ( 

        dictionary_text.replace("PLACEHOLDER_PINLET", pinlet) 

        .replace("PLACEHOLDER_POUTLET", poutlet) 

        .replace("PLACEHOLDER_TEMPERATURE", temps)) 

 

    # ---- Mass-flow rates (validity) ------ 

 

    # ---- Cylinder-head temperature ------- 

... 

 

return dictionary_text 

Code 2. Python script for populating the flowBenchDict with experimental data. 

 

In the above snippet, the experimental dataset is first read from an Excel file. Relevant 

columns are then identified using pattern matching, starting with those common to all 

configurations (e.g., temperature, mass flow rates), followed by configuration-specific 

columns depending on whether the scenario is intake or exhaust. These extracted values 

are used to dynamically update the Flow benchDict by replacing predefined placeholders 

with the corresponding data, such as valve lifts, inlet/outlet pressures, and temperatures. 

This process ensures accurate and automated transfer of experimental data into the CFD 

configuration file, enabling consistent and error-free simulation setup. 

 
Pre-processing automation and simulation submission: 

 
def _checks_for_boundary_conditions(self): 

... 

 if self.case_type == "intakeFlow": 

            if not( 

len(self.valve_lift_iv [1:]) == len(self.p_in-

let) == len(self.p_outlet) ==  

                 len(self.temperature) ==  
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len(self.wartsilaMassFlowRate) == 

len(self.gknMassFlowRate)  

                ): 

                raise ValueError( 

'The number of entries for boundary conditions, 

Mass Flow Rate and iv lifts should be equal' 

                    ) 

... 

 

def build_cases(self): 

"""Build cases based on valve lift values.""" 

self._checks_for_boundary_conditions() 

 

... 

 

self.case_name = f"{self.case_type}_{str(lift)}" 

print(f"Creating case: {self.case_name}") 

case_dir = self.create_case_directory(self.case_name) 

self.copy_lift_mesh_snappy(case_dir, self.case_type, 

 lift,dryrun=False) 

# Conditionally execute merge_mesh_modules based  

on snappy value 

 

if self.snappy ==False: 

self.merge_mesh_modules(case_dir, lift) 

else: 

print("Skipping merge_mesh_modules due to snappy 

setting.") 

print("Running the solver 'foamRun' with a job 

 script: ") 

try: 

os.chdir(self.case_dir) 

         print(f"Successfully changed the working di 

ectory to: {os.getcwd()}") 

job_name = job_prefix + str(lift) 

self.execute_commands('runCase', job_name) 

 

def create_case_directory(self, case_name): 

"""Creates a case directory using foamCloneCase in  

the run directory.""" 

 # Create the case directory for this simulation case 

 self.case_dir = os.path.join(self.sim_dir, case_name) 

 flow_dict = 'constant/Flow benchDict' 

 print(f"case directory: {self.case_dir}") 

 if not os.path.exists(self.case_dir): 

  try: 

      # Clone base case 

      subprocess.run(['foamCloneCase',  

self.base_dir, self.case_dir], check=True) 

         print(f"Successfully created case directory: 

{self.case_dir}") 

... 

return self.case_dir 
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... 

 

def execute_commands(self, script_name, job_name, dry_run=False): 

 

try: 

# Submit the script to the job scheduler 

qsub_command = ['qsub', '-N', job_name, script_name] 

if dry_run: 

... 

else: 

result = subprocess.run(qsub_command, check=True,  

capture_output=True, text=True) 

print(f"Submitted {script_name} to the job scheduler.") 

print(f"qsub output:\n{result.stdout}") 

 

# Monitor the job 

qstat_command = ['qstat'] 

 

... 

Code 3.  Core functions from the PyFlowBench package demonstrating the automated workflow 
for case validation, creation, and submission to an HPC job scheduler. 

 

This script automates the preparation and submission of multiple simulation cases based 

on varying valve lifts and corresponding boundary conditions. It begins by validating that 

all necessary parameters, such as inlet/outlet pressures, temperatures, and mass flow 

rates, are consistently provided for each case using _checks_for_boundary_conditions. 

This prevents misaligned or incomplete configurations that could compromise simula-

tion accuracy. 

 

The build_cases function orchestrates the entire case setup process. It constructs 

uniquely named case directories using foamCloneCase, copies the appropriate mesh 

based on the valve lift, and handles either modular mesh merging or skips it based on 

the mesh type (e.g., snappyHexMesh vs. GridPro). It then calls the job submission rou-

tine. 

 
Finally, execute_commands submits the simulation job to the HPC scheduler via qsub, 

optionally monitoring the job and printing real-time feedback. This automation signifi-

cantly reduces manual effort, ensures consistent configuration across cases, and enables 
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scalable execution of high-volume simulation campaigns, which is fundamental for 

achieving both efficiency and reproducibility in CFD workflows. 

 

Postprocessing scripts:  
 

'''Mass flow rate calcuation and plotting''' 

 

# Path to Flow benchDict 

flow_bench_dict_path = '/Flow benchDict' 

 

# Read the Flow benchDict 

data_dict = read_dict(Path(flow_bench_dict_path), py-

thon_types=True) 

 

# Extract simulation directory 

sim_dir = data_dict.get('simDir') 

 

 

# Extract Boundary conditions 

turbulence_model = ... 

case_type 

inlet_pressure 

outlet_pressure 

wartsila_mass_flow_list 

gkn_mass_flow_list 

 

# Determining the mass flow rate location 

    if case_type == "exhaustFlow": 

        file_path = os.path.join(case_dir, 'postProcessing',  

'patchFlowRate(patch=inlet)/0/surface 

FieldValue.dat') 

... 

 

 

# Load the data from the file 

    data = np.loadtxt(file_path, skiprows=4) 

 

    # Extract time and mass flow rate 

    time = data[:, 0] 

    mass_flow = np.abs(data[:, 1]) 

 

    # Filter data after stabilization 

    valid_time = time >= 0.3  

    mass_flow_filtered = mass_flow[valid_time] 

 

    # Compute time-averaged mass flow rate 

    avg_mass_flow = np.mean(mass_flow_filtered) 

 

# Calculate error percentages (if experimental values  

exist) 

    percent_error = ((avg_mass_flow - exp_flow_wartsila) /  
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exp_flow_wartsila * 100) if exp_flow_wartsila else None 

 

error_gkn = ((avg_mass_flow - exp_flow_gkn) / exp_flow_gkn * 

100) if exp_flow_gkn else None 

 

    # Plotting 

    plt.figure(figsize=(10, 6)) 

 ... 

 

 

 

'''Temperature calcuation and plotting''' 

# Define the path to the temperature probe data file 

    temp_path = os.path.join(case_dir, 'postProcessing',  

'probe_temperature', '0', 'T') 

 

# Load the temperature probe data (skip header lines) 

try: 

temp_data = np.loadtxt(temp_path, skiprows=2) 

 

# Extract time and temperature values 

    time = temp_data[:, 0] 

    temp = temp_data[:, 1] 

 

# Filter the data for time values after stabilization 

valid = time >= 0.2 

avg_temp = np.mean(temp[valid]) 

 

# Retrieve the experimental temperature for this lift (now in 

Kelvin) 

exp_temp = exp_temperature_list[idx] if idx < len(exp_tempera-

ture_list) else None 

temp_error = ((avg_temp - exp_temp) / exp_temp * 100) if exp_temp 

is not None else None 

 

# Plot the temperature data over time with comparison to the 

experimental value 

plt.figure(figsize=(10, 5)) 

Code 4.  Python script from the PyFlowBench package for the automated post-processing and 
validation of simulation results. 

 

This postprocessing script automates the extraction, analysis, and visualisation of critical 

CFD output quantities, mass flow rate and temperature, directly from the simulation re-

sult files. For mass flow rate, the script identifies the correct output file based on the 

flow configuration (e.g., exhaustFlow) and reads time-resolved flow rate data. It filters 

out the transient startup phase and calculates a time-averaged mass flow value after 

stabilization. This value is then compared against experimental benchmarks (e.g., from 
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Wärtsilä or GKN sensors), and percentage errors are computed. The results are also plot-

ted for visual assessment and reporting. 

 

For temperature, a similar procedure is followed: probe data is read, filtered post-stabi-

lization, averaged, and compared against measured cylinder head temperatures. Visual-

isation tools such as Matplotlib are used to plot both simulated and experimental trends 

for validation. 

 
Cleanup and memory management script:  
 
read -rp $'Enter the path to the simulation directory (e.g. 

sim_intk_validation_valve_sweep):\n> ' CASE_DIR 

 
cd "$CASE_DIR" 

 
PS3=$'Choose reconstruction mode for all cases (enter number):' 

select CHOICE in \ 

    "Run \`reconstructPar\`" \ 

    "Run \`reconstructPar -latestTime\`" \ 

    "Skip all cases"; do 

    case $REPLY in 

        1) CMD=(reconstructPar);               break ;; 

        2) CMD=(reconstructPar -latestTime);   break ;; 

        3) CMD=();                             break ;; 

        *) printf 'Invalid selection. Try again.\n' ;; 

    esac 

done 

 

... 

 

if ((${#CMD[@]})); then 

        printf 'Running: %s\n' "${CMD[*]}" 

        if "${CMD[@]}"; then 

            printf 'Removing processor directories...\n' 

            rm -rf processor* 

... 

 

if [[ -d standardized_meshes ]]; then 

    printf '\nRemoving standardized_meshes directory...\n' 

    rm -rf standardized_meshes 

fi 

 

printf '\nAll cases processed. Done.\n' 

Code 5. A utility Bash script for the post-simulation reconstruction and cleanup of parallel Open-
FOAM cases. 
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This Bash script provides an interactive, automated routine for final cleanup and memory 

management after CFD simulations have been executed. Upon execution, the user is 

prompted to enter the path to the simulation directory. The script then allows the user 

to choose between two modes of field data reconstruction: 

Full reconstruction of all timesteps (reconstructPar) 

Reconstruction of only the latest timestep (reconstructPar -latestTime) 

Or skipping reconstruction entirely 

Once reconstruction is completed (if selected), the script automatically deletes the 

processor* directories that were created for parallel computation. These directories 

can be large in size and are no longer needed post-reconstruction. It also checks for and 

removes the standardized_meshes directory, if present, to further reduce unnec-

essary storage. 

This script plays a crucial role in memory optimisation and disk space management, es-

pecially when handling large-scale simulation campaigns across multiple cases. By em-

bedding interactive controls and safety checks, it ensures controlled cleanup while free-

ing up high-volume HPC storage. 
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Appendix 2. Uncertainty Analysis for Mass Flow Rate Measurement 

This appendix provides a detailed, step-by-step calculation of the propagated uncer-

tainty for the experimental mass flow rate, as summarised in the main text. The analysis 

follows the single-sample uncertainty methodology of Moffat (1988) using the RSS com-

bination of individual error sources. Sensitivity coefficients are determined numerically 

using the sequential perturbation method. All uncertainties are specified at a 95% con-

fidence interval. 

 

In order to assess the uncertainties in the measured mass flow rate(𝑚̇), the governing 

physical equations need to be considered for the primary measurements constituting 

the final mass flow rate. The ITABAR sensor is an averaging Pitot tube, for which the 

manufacturer's documentation provides the governing equation for mass flow (𝑚̇) as 

follows: 

𝑚̇ = 𝑘 ∗ 1.0159 ∗ 𝐴 ∗ √2𝜌∆𝑃. (29) 

 

In Equation 29, 𝐾 is the empirical K-Factor of the sensor, 𝐴 is the cross-sectional area of 

the pipe, 𝜌 is the fluid density at operating conditions, 𝛥𝑃 is the differential pressure 

measured by the sensor, and 1.0159 correction factor, which accounts for compressibil-

ity and other calibration constants specific to the ITABAR system. Also using the Ideal 

Gas Law presented in Equation (16), the density of the working fluid (air) is measured.  

 

Combining these principles, it is clear that the final calculated mass flow rate, ṁ, is a 

function of several independent, measured variables: ṁ =  𝑓(𝐾, 𝐴, 𝛥𝑃, 𝑃₁, 𝑇₁). The un-

certainty in ṁ is therefore fundamentally dependent on the uncertainties in each of 

these inputs. 
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Baseline Operating Conditions 

The baseline calculation uses the "Normal" operating point values from the Intra-Auto-

mation Winflow 3.1 sizing sheet as summarised in Table 12. 

 

Table 12. A summary of baseline operating conditions. 

Parameter Symbol Value 

Pipe diameter 𝑑 159.3 mm (0.1593 m) 

Cross-sectional area 𝐴 0.01993 m² 

Operating pressure 𝑃1 951,330 Pa 

Operating temperature 𝑇1 291.15 K 

Fluid density 𝜌 11.376 kg/m³ 

Differential pressure 𝛥𝑃 19,317 Pa 

K-Factor 𝐾 0.5967 

 

The verified nominal mass flow rate is 8.00 kg/s.  

 

Individual Variables and Estimated Uncertainties 

The following Table 13 summarises the nominal values and estimated standard uncer-

tainties (k=1, or 68% confidence) for each independent variable. As per standard practice, 

these standard uncertainties are then expanded to a 95% confidence interval (k=2) for 

the final result. 

 

Table 13. Summary of estimated uncertainties. 

Variable Symbol Value Standard  

Uncertainty (k=1) 

95%  

Uncertainty 

Source 

K-Factor 𝐾 0.5967 ±0.00203 (0.34%) ±0.00406 

(0.68%) 

Bias Error. Source: ITABAR 

Technical Catalogue 

Pipe diam-

eter 

𝑑 159.3 mm ±0.5 mm ±1.0 mm Bias Error. Source: ITABAR 

Technical Catalogue 

Differential 

Pressure 

𝛥𝑃 19,317 Pa ±13.65 Pa ±27.3 Pa Combined Error. From 

Aplisens datasheets. 
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Absolute 

Pressure 

𝑃1 951,330 

Pa 

±1250 Pa ±2500 Pa Assumed Error. Based on a 

standard industrial trans-

mitter. 

Tempera-

ture 

𝑇1 291.15 K ±0.093 K ±0.186 K Assumed Error. Based on a 

Class A Pt100 RTD 

 

Sequential Perturbation and Contribution Analysis 

Each variable is perturbed by its uncertainty interval (𝛿𝑋𝑖) to calculate its individual con-

tribution (𝑈𝑋𝑖) to the total uncertainty in mass flow rate. While calculations could pro-

ceed using standard uncertainties (k=1) and be expanded at the final stage, the sequen-

tial perturbation method using the 95% interval is applied here for clarity, as the non-

linear relationship of terms like differential pressure (under the square root) means the 

final result is largely insensitive to this choice. All calculations were performed using full 

floating-point precision to minimise rounding errors. 

 

𝐾𝑛𝑒𝑤 = 𝐾0 +  𝛿𝐾 = 0.5967 + 0.00406 = 0.60076 

𝑚̇𝑛𝑒𝑤 = 1.0159 ∗ 𝐾𝑛𝑒𝑤  ∗ 𝐴𝜀 ∗  √2 ∗ 𝜌0 ∗ ∆𝑃0 = 8.0638   

 𝑈𝑘 = |𝑚 ̇𝑛𝑒𝑤  − 𝑚 ̇0| 

𝑈𝑘 = |8.06 − 8.00| =  0.0638
𝑘𝑔

𝑠
. 

The final calculated perturbations for the rest of the variables is presented below in Table 

14. 

 

Table 14. Perturbation results. 

Variable Perturbed Value Resulting ṁ (kg/s) Contribution (𝑈𝑋𝑖
) 

𝐾 0.60076 8.0638 0.0638 

𝑑 0.1603 m 8.1105 0.1105 

𝛥𝑃 19344.3 Pa 8.0149 0.0149 

𝑃1 953,830 Pa 8.0222 0.0222 

𝑇1 291.336 K 8.0091 0.0091 

  

The total uncertainty is the root-sum-square of the individual contributions is as follows: 



160 

𝛿𝑚̇ = √𝑈𝑘
2 +  𝑈𝑑

2 + 𝑈∆𝑃
2 + 𝑈𝑃1

2 + 𝑈𝑇1

2, 

𝛿𝑚̇ =
0.13068416124𝑘𝑔

𝑠
. 

 

The final result for the mass flow rate, expressed with its 95% confidence uncertainty, is: 

ṁ = 8.00 ± 0.131 kg/s. And the relative uncertainty is calculated as: 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 = (
0.13

8.00
) ∗ 100 % = ±1.6 % . In Table 15, the most important 

takeaway from this analysis has been summarised mentioning the final uncertainty con-

tribution from each of the primary components. 

 

Table 15. Final sensitivity analysis table. 

Source Variable (𝑋𝑖) Uncertainty Contribution 

(𝑈𝑋𝑖
) 

Variance (𝑈𝑋𝑖

2) Contribution to Total Variance 

((𝑈𝑋𝑖

2/𝛿𝑚̇
2) * 100%) 

Pipe diameter 0.11 0.0121 72.89 % 

K-Factor 0.0638 0.00407 24.52 % 

Differential Pressure 0.0149 0.0002 1.2 % 

Absolute Pressure 0.0222 0.0004 2.4 % 

Temperature 0.0091 0.00008 0.48% 

 

This sensitivity analysis confirms that the total uncertainty is overwhelmingly dominated 

by two factors: the manufacturing tolerance of the pipe diameter (72.89%) and the cali-

bration uncertainty of the ITABAR K-Factor (24.52%). Combined, these two sources ac-

count for almost 98% of the total uncertainty in the final mass flow rate measurement. 

 


