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Abstract

In-cylinder air motion has a profound influence on the mixture preparation and subsequent

combustion in the internal combustion engines. The particle image velocimetry (PIV)

technique provides a quantitative tool to measure the in-cylinder air velocity with high spatial

and temporal resolution. Additionally, the in-cylinder flow velocity field can also be simulated

by computational fluid dynamics (CFD) tools, of which the Reynolds averaged Navier-Stokes

(RANS) method predicts the overall flow structures with acceptable accuracy and affordable

computational cost for widespread industrial applications. In order to provide a more accurate

and robust prediction, the simulation results need to be validated against the experimental

measurements. In this thesis, the crank-angle resolved in-cylinder air flow fields were

measured using the PIV technique in multiple planes of a near-production optical engine under

different working conditions for a few hundreds of consecutive cycles. The measured flow

fields show a high consistency over multiple measurement planes and across different test runs,

and hence they can be used to validate the flow simulation model. Vector field comparison

metrics were used to compare the measured and the simulated flow fields, and to identify the

regions of interest and differences in flow characteristics. Due to the nature of averaging

physical parameters in RANS, its validation against experimental results obtained by particle

image velocimetry (PIV) requires consideration of how best to average or filter the measured

turbulent flows. During the validation process, it was found that the use of the conventional

PIV ensemble mean flow field may lead to biased conclusions in some cases. Therefore, two

dimensionality reduction techniques, namely the proper orthogonal decomposition (POD) and

the kernel principal component analysis (KPCA), were used to preserve the large-scale

cycle-to-cycle variations while filtering out the small-scale turbulent fluctuations in

experimental measurements, and hence enabled a fair comparison to the RANS simulations.

Recommendations are made on how to provide an appropriate validation between measured

data and simulation results in highly fluctuating flow fields such as the in-cylinder air motion.
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Chapter 1

Introduction and literature review

In this chapter, the background and motivation of the work in this thesis are introduced. A

literature review is provided on different aspects that are related to the work presented in this

thesis, including a brief history of optically accessible engines, an overview of optical

diagnostic techniques used in engine research (with a specific focus on the particle image

velocimetry technique), and an introduction to two dimensionality reduction techniques

(proper orthogonal decomposition and kernel principal component analysis). Several parts of

this chapter are adapted from the introduction sections of three papers [1–3] that are

first-authored (or co-first-authored) by the author of this thesis with additional information and

more detailed discussions included.

1



1.1. Background and motivation

1.1 Background and motivation

Internal combustion engines (ICE) continue to serve as the main source of power for

ground transportation worldwide. A credible study from the International Energy Agency [4]

shows that vehicles with an ICE (including both conventional ICE and hybrid vehicles) retained

over 90% of the worldwide market share in 2018. Predictions show that the market share of

battery electric vehicles (BEVs, without an ICE) may only reach 11 − 28% by 2040, and the

increasing numbers of BEVs may lead to instabilities in the power grid [5]. The BEVs do not

have tailpipe pollution, however the greenhouse gas (GHG) emitted in the production process

is almost doubled compared to that for conventional ICE cars. Their life-cycle GHG emissions

highly depends on the source of the electricity and the lifetime of the vehicle [6]. When

considering the local air quality (LAQ) benefits, despite the BEVs trim the particulate matter

(PM) from the tailpipe, their overall PM pollution may not show a significant reduction either —

the BEVs produce more non-exhaust emissions from tire and brake wear than the conventional

ICE vehicles due to their higher weight [7]. Therefore, the result of whether the BEVs are more

environmental friendly is not yet concluded [8]. On the other hand, hybrid vehicles have been

found to be a viable alternative to BEVs in terms of sustainability [9], particularly when the

life-cycle GHG emissions are considered [6, 10]. The trend towards hybridisation continues to

motivate the study of physical phenomena occurring within the engine cylinder, in order to

design more efficient ICEs for future hybrid vehicles that can meet the ever increasingly

demanding emissions legislation while at the same time seeking better fuel economy [11].

The gasoline direct fuel injection (GDI) technique, compared to the conventional port fuel

injection (PFI), offers a better control to the amount of fuel entering the cylinder, allows for

a higher compression ratio, and suffers lower pumping losses [12]. Due to its fuel-economy

advantage, GDI is well-adopted by various engine designs. The fuel is injected directly into the

cylinder, and it needs to form a homogeneous mixture with the air before the combustion event

2



1.1. Background and motivation

to avoid additional emissions caused by unburned or partially burned gases. The homogeneity of

the air-fuel mixture, and thus the combustion and emissions characteristics of GDI engines rely

greatly on the intake air speed, in-cylinder flow structure and turbulence level [13, 14]. As such,

it is important to investigate the in-cylinder air motion using experimental tools and simulations.

Various in-cylinder flow velocity measurement techniques have been developed over the

years, and the particle image velocimetry (PIV) technique has become the most widely used for

engine in-cylinder flow research since it provides high spatial and high temporal resolution

measurements of the rapidly-changing flow [15, 16]. The state-of-the-art PIV developments

enable crank-angle resolved in-cylinder flow measurements for a few hundred consecutive

cycles with a high spatial resolution (usually millimetre in scale for bulk flow motion).

The development of flow simulation models using computational fluid dynamics (CFD)

tools such as the Reynolds averaged Navier-Stokes (RANS) and the large eddy simulation (LES)

approaches [17–20] have been accelerating engine design and helping reduce the number of

engine tests. Both RANS and LES simulate the large structures of the in-cylinder flow, and LES

provides an additional access to the cycle-to-cycle variation (CCV) in the engine [21]. However,

the computational cost of LES is considerably higher than RANS, and therefore RANS is still

widely used in industrial applications where the time for the engine research & development

cycle is critical and limited.

The in-cylinder flow simulation model needs to be validated by experimental measurements

to provide more accurate predictions of the highly fluctuating and reacting flow [22]. Although

provided as a good predictive tool for global characteristics, it is well known to the modelling

community that RANS-based models are unable to capture the stochastic nature of the

turbulent flow. Significant progress has been made over the years in RANS models to include

the unsteady behaviour of turbulent flows. These techniques vary from adding additional

unsteady terms [23] to re-normalised Navier-Stokes equations [24] where small scale

perturbations can be included. Despite the improvements, RANS can only provide a single flow

3



1.1. Background and motivation

field at a specific crank angle, while the PIV data are collected over multiple cycles. Therefore,

it is of interest how to properly compare multi-cycle PIV measurements with a single flow field

from RANS-based models, especially when the measured quantities present a strong

cycle-to-cycle variation (or more generally, shot-to-shot variation in measurements).

One common approach is averaging the physical quantities that were measured in a

controlled test condition to obtain the so-called “ensemble mean”,(1) and use the experimental

ensemble mean as a validation target for simulation models. The measured quantities that are

averaged include but are not limited to the flow fields, the temperature fields, and species fields

(such as hydroxyl radicals). Yang et al. [26] performed a comparative engine cold flow analysis

between a RANS flow field and a cycle-averaged LES simulation result using the PIV ensemble

mean field as the reference data. RANS simulations were found to predict reasonably good

qualitative trends for the mean flow and turbulence, but less accurate descriptions of the mean

flow structures and turbulence distribution are found when compared with ensemble-averaged

LES and PIV data. Earlier studies from Wu et al. [27] used RANS-based combustion models to

predict the OH radical fields of a non-premixed methane jet during a combustion event. A poor

agreement was found between the predicted RANS OH radical and the converged experimental

ensemble average. A higher degree of similarity is, however, seen between the results of the

RANS simulation and some of the single shot OH-PLIF images than the similarity between the

simulations and the ensemble-averaged OH-PLIF results. From a simulation point of view, one

would expect a Reynolds averaged field to have a fairly gradual rise in temperature over a

broad area of the flow. However, further statistical analysis suggested that the mean convective

velocity term contributes to a rapid rise in the temperature terms, whereas an

ensemble-averaged field from the experiment is smoothed both in time and space. The study

also suggested that more than 100 realisations of LES would be necessary to enable the

(1) In engine research, the ensemblemean typically refers tomeasured quantities at a fixed crank angle overmultiple
cycles, assuming the engine operation is a cyclostationary process [25].

4



1.2. Thesis overview

comparison with the experimental ensemble-averaged results. Studies have also been carried

out by Stein et al. [28] comparing LES simulations of in-nozzle flow in turbulent opposed jets

with PIV experiments. With a novel statistical method, a comparison of metrics derived from

individual cycles of LES and PIV are made possible. However, such LES simulations would still

be extremely costly for in-cylinder simulations and hence are not in favour for industrial use

due to the demand of shortening the complex engine design process. Recent spray bomb

studies on both RANS and LES simulations, using the same combustion model [29, 30], also

indicated that the mean flow field from RANS presents higher magnitudes of scalar quantities

compared to both LES and experimental ensemble-averaged quantities. The maximum

discrepancies between the RANS simulation and LES/experimental ensemble-averaged

temperature field are observed for the area of the developed flow where turbulent eddies have a

significant effect on flow characteristics. Therefore, when quantitatively comparing in-cylinder

experimental ensemble-averaged data with a RANS simulation, methods other than the

ensemble-averaging need to be considered.

1.2 Thesis overview

In this thesis, PIV flow fields were measured in multiple planes under various working

conditions in a single-cylinder optically accessible engine that is based on the Jaguar Land

Rover (JLR) AJ200 gasoline direct injection engine. The PIV data were used to validate the

RANS flow model from a commercially available software used by the JLR research and

development team. The following sections provide a literature review of various topics that are

related to the work in the thesis. The data acquisition apparatus and the data analysis

approaches are presented in Chapter 2 and Chapter 3, respectively. Multiple methods were

implemented on the measured flow fields to enable comparisons with the simulated data, and

their performances on the flow model validation are discussed in the corresponding chapters.
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1.3. Optically accessible engines

These methods include the ensemble-averaging in Chapters 4–6, the proper orthogonal

decomposition in Chapters 5 and 6 and the kernel principal component analysis in Chapter 6.

Summary of the findings using each method is provided at the end of each chapter. The key

findings and learning points of this thesis are highlighted in Chapter 7.

1.3 Optically accessible engines

The visualisation of the complex flow development in engine cylinder, including the air

charge motion, the fuel-air mixing and the combustion processes, have been of interest and

have been essential since the invention of the internal combustion engine [31]. Optically

accessible engines, or simply “optical engines”, have been correcting misunderstandings and

initialising new findings ever since the era of Otto, the father of compressed charge internal

combustion engines, who was said to hold the false belief that his engine’s charge motion was

stratified [32, 33], while later on Clerk and Hopkinson [34] built a full-glass model of the Otto

cylinder and saw that “the (air-fuel) mixture becomes practically homogeneous even before

compression commences”. Early notable optical engine studies can be traced back to the

1920–1930s. Ricardo and Glyde [35, 36] measured the flame propagation speed of a side-valve

IC engine by installing a disk on the cylinder head with six equally-spaced windows along the

radial direction. A slotted disk rotated with the camshaft, serving as a “stroboscope” while

combustion occured inside the chamber, and the flame location was determined by counting

the numbers of illuminated windows at different phases. It was through the optical access that

they confirmed their previous finding in aircraft engines — that detonation is a phenomenon

near the end of flame travel. Rassweiler and Withrow [37] clamped a quartz plate onto the

cylinder head of a single-cylinder side-valve engine, and with a special motion picture camera,

in-cylinder flame imaging within a continuous engine cycle was realised for the very first time.

Despite the limitation of the image quality, their design had remarkable time resolution — 5000
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1.4. Optical diagnostic techniques in engine research and particle image velocimetry

frames were recorded every second, corresponding to 2.4 crank angle degree at 2000

revolution per minute (rpm) engine speed.

Various optical engines with different access orientations have been designed since then,

with the goal of maximising optical access while retaining sufficient similarity to the real

engine [22]. Due to the overhead valve design of modern engines, however, most the

four-stroke engines no longer achieve their optical accesses from the top. Rather, the Bowditch

design (Figure 1.1) [38], with an extended slotted piston, gives a view of the combustion

chamber from below. A slotted tubular extension is used to connect a baseline piston (which

links to the crankshaft) with the experiment target piston (which moves inside the combustion

cylinder). The latter has a transparent window insert, and by placing a 45◦ mirror through the

slotted extension and beneath the piston window, the entire cylinder can be observed from the

bottom without installing extra devices in the crowded cylinder head. This setup is now

adopted by lots of modern optical engines, and with a transparent liner made in quartz, optical

access can be achieved both from the side and from the bottom (through the piston window),

allowing one of them to be used as the entry/exit for laser beams or light sheets and the other

as the viewing accesses for cameras.

1.4 Optical diagnostic techniques in engine research and

particle image velocimetry

Early studies on the visualisation of engine in-cylinder behaviour used natural luminosity

from the flame generated by the combustion as a light source. Since the 1980s, the accessibility

of high power lasers, together with the development of high speed imaging detectors, have

allowed a much wider range of optical diagnostic techniques to be implemented in engine

research to image and study in-cylinder flow and combustion [15, 39]. These techniques

provide an assortment of in-cylinder information with high spatial and time resolutions [15, 22,
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1.4. Optical diagnostic techniques in engine research and particle image velocimetry

Figure 1.1: A schematic of the Bowditch design [38]. A hollow extension rod connects two
pistons, through which a 45◦ mirror is placed to provide a view of the combustion chamber
from below. The upper piston moves inside the combustion cylinder, while the lower piston
links to the crankshaft with no cylinder liner installed. This figure was kindly provided by
Prof. Richard Stone.
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1.4. Optical diagnostic techniques in engine research and particle image velocimetry

39]. The bulk air motion can be measured by laser doppler anemometry/velocimetry

(LDA/LDV) and particle imaging velocimetry (PIV). The fuel spray can be directly imaged by

line-of-sight measurements such as shadowgraphy and schlieren photography, or via planar

laser induced fluorescence (PLIF) which gives the spatial distribution of the spray on a plane.

The laser induced grating spectrography (LIGS) provides accurate point gas temperature

measurements [40], and can be used to perform in-situ calibration of the 2-D temperature data

obtained by two-colour PLIF (TC-PLIF) [41, 42]. PLIF of hydroxyl radicals (OH-PLIF) is widely

used to determine high-temperature reaction zones during combustion. The combustion

products, especially those harmful ones such as soot, can be analysed by laser induced

incandescence (LII). In the case of the in-cylinder flow field measurement, the PIV technique is

discussed in detail in the next several paragraphs.

Particle image velocimetry (PIV) refers to a set of velocity measurement techniques that

record the spatial location changes of tracer (seeding) particles inside fluids between different

images (i.e., a period of time) [43, 44]. The particles are tiny, usually in the scale of sub-micron

in diameter, and assumed to be moving together with the surrounding flow, so their motion

reflects the velocity of the neighbouring fluid. Unlike most velocity measurements which give

temporal velocity change at a single point, the PIV technique provides velocity measurements

over a field (usually a plane) with both high spatial and temporal resolution, and it is, on large

scale, non-intrusive so does not affect the measured flow.

The PIV technique has applications in a remarkably wide range of systems – from massive

rocket shear layer in supersonic external flows [45], to red blood cells sucked by a female

mosquito through its micron-scale proboscis [46]. In engine research, PIV has been used to

visualise a variety of in-cylinder flow behaviour – from the bulk air flow during the charging

process [47], the tumbling/swirling motion induced by the intake flow [48–50], the large-scale

flow structure changes due to asymmetric valve strategy [51] and the flow-spray

interactions [52], to smaller-scale structures such as the velocity boundary layer near the
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1.4. Optical diagnostic techniques in engine research and particle image velocimetry

Figure 1.2: A schematic of the planar particle image velocimetry technique. The grids on the
frames show interrogation windows, each of which generates one vector. This figure was kindly
provided by Dr. Blane Scott [55].

cylinder head [53] and flow fields close to the spark plug [54].

The speed of the engine flow can reach nearly 100m/s, and the flow direction changes rapidly

within a sub-millisecond period. The images thus have to be recorded in a short duration of

time, resulting in a short camera exposure time. Therefore, sufficient illumination is required in

order to image the particles and find their locations precisely. This is usually achieved by using

high power pulsed lasers as the light source due to their high temporal energy density — tens of

millijoules of laser energy is concentrated in less than a microsecond. In the conventional planar

PIV setup (Figure 1.2), optics (usually a set of cylindrical and spherical lens) turn the laser beam

into a light sheet, which illuminates a plane in the engine cylinder. The scattered light from

the seeding particles is then captured by a high speed camera, and the velocities of the particles

(and therefore the surrounding air flow) are calculated by cross-correlating the particle pattern
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change within a small interrogation window (usually 32× 32 pixels [56, 57]) between a pair of

images that are taken sequentially in several to tens of microseconds. It should be noted that

the PIV technique looks for patterns of tens of particles in the interrogation window, as opposed

to a similar technique called particle tracking velocimetry (PTV) — the latter tracks individual

particles in the flow, providing more robust yet too sparse velocity information.

The pair of images for generating the PIV vectors ought to be takenwithin a sufficiently small

period of time so that the seeding particles stay in the interrogationwindow. Single-cavity pulsed

lasers usually are not fast enough to generate two pulses that illuminate both frames (again

separated by only several to tens of microseconds), and those with extremely high repetition rate

(higher than 100 kHz) are costly and may not be able to provide adequate illumination (enough

pulse energy) in each frame. Therefore, a dual-cavity pulsed laser becomes the preferable and

affordable choice as the two cavities can fire independently, providing individual illumination

to each frame and allowing flexible frame separation time. The two pulses are aligned such that

they follow the same beam path before they leave the laser head, in order to accurately record

the in-plane motions of the particles [44].

1.5 Proper orthogonal decomposition and kernel principal

component analysis

Principal component analysis (PCA) is a mathematical tool that is based on singular value

decomposition (SVD), and it can be used in fluid mechanics to decompose an ensemble of

velocity field data into spatial-temporal modes. Based on the concept of PCA, proper

orthogonal decomposition (POD) proposed by Lumley [58] has been extensively used to

analyze in-cylinder PIV velocity field data [21, 59–62]. POD considers each of the velocity

components measured at the same spatial location as a random variable and therefore treats

the entire flow field as a multivariate data set. The result of POD is a series of ranked flow
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patterns (known as POD modes) which are computed by successively maximising the sample

variance within the ensemble and equivalently, the total amount of kinetic energy distributed

into each mode. Based on this successive kinetic energy maximisation property, the first

several POD modes collectively account for the majority of the high energy flow features

within the data set, and therefore the combination of them is regarded as the coherent structure

of the ensemble [63, 64]. The higher order POD modes, which are discarded due to their small

kinetic energy fractions, are often associated with random Gaussian fluctuations [65],

smaller-scale turbulence [66, 67], or measurement noise [59, 68]. As such, it is possible to

implement POD as a dimensionality reduction technique to reduce the flow complexity and as

a low-order approximation tool to extract the dominant structure of the in-cylinder turbulent

flow measured in each cycle (at the same crank angle), and use the POD-reconstructed flow

fields to validate the simulation results.

Despite the wide use of POD analysis on in-cylinder flow field studies, one of the

fundamental challenges within the method is to yield a clean separation between high variance

and low variance modes as no obvious scale separation exists in engine flows. Through a direct

numerical simulation (DNS) study, Ma et al. [69] suggested that higher order modes obtained

from POD of PIV velocity fields are dominated by experimental noise which makes it essential

to separate them from lower order modes. However, when using any SVD-based method in a

system where many degrees of freedom exist (i.e. turbulent flows), with translation invariant

interactions, the variance of each mode decreases monotonically but smoothly with an increase

of the mode number; therefore any sharp division between important and unimportant

dimensions would be arbitrary [70]. To demonstrate this effect, when comparing LES

simulations with PIV experiments, Liu et al. [71] found that the number of engine cycles

required to extract converged POD modes varied with mode number and phase (i.e., crank

angle), making it difficult to set a universal cut-off mode number.

Various studies have since used different criteria to separate low-order and high-order
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modes generated by SVD-based methods. Roudnitzky et al. [65] proposed a triple POD

decomposition algorithm and the flow fields were separted into the mean component, the

coherent structures and the random Gaussian fluctuation. Qin et al. [66] and Zhuang and

Hung [67] suggested dividing POD modes into four quadrants (the dominant structure, the

coherent structure, the turbulence structure and the noise structure) based on the flow

structure collected by the summation of sequential POD components. Buhl et al. [72] proposed

using POD-based conditional averaging to identify the large-scale structure fluctuations in IC

engines. Butcher and Spencer [73] applied a cross-correlation to the POD modes that are

respectively derived from two halves of a data set, and used a cut-off threshold to separate the

coherent structures and turbulent fields. Epps and Techet [68] proposed a threshold criterion

based on the root mean square error of PIV data that can be used as a rough limit to separate

high order modes. Modes with singular values greater than the criteria are found to be less

affected by noise. The error was also found to be associated with a random Gaussian

distribution. Epps and Krivitzky [59, 74] further studied the effectiveness of SVD in filtering

out the noise and reconstructing the data. These studies explored the deeper applicability of

SVD-based methods in fluid mechanics. Despite these methods are useful tools for researchers

to perform qualitative and quantitative descriptions of in-cylinder flow fields, they are still

being criticised due to a certain lack of objectiveness in their application [60]. It should be

noted that, when there exists a clear separation of high and low singular values in the data set,

the SVD-based method can ensure a good noise filtering with an error threshold. However,

when the singular values are continuous (which is likely to be the case for the in-cylinder flow

fields due to small sample sizes), any sharp division between the important and unimportant

dimensions would be arbitrary [70], and hence the number of modes used for flow field

reconstruction (i.e., the “cut-off mode number”) may be critical to improve the original noisy

data. Therefore it is worth exploring additional numerical techniques that are applicable to the

PIV data analysis, while allow a less ambiguous separation in modes to be achieved.
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SVD-based models perform an orthogonal basis transformation on data with an inherent

assumption that linearity frames as a change of basis [75]. In the case of in-cylinder flow fields,

however, there may exist some non-linear correlations between the flow fields since they are

highly turbulent. This may be the reason why a clear cut-off POD mode number is difficult

to achieve when the POD technique(2) is applied to a non-linear flow data set. Therefore, a

non-linear manifold reduction technique may need to be considered when extracting coherent

structures in the data. Kernel principal component analysis (KPCA) [76] is a generalisation of the

POD (or the linear PCA) technique, and has been widely used in classification, feature extraction

and de-noising applications [77, 78]. Themain idea for KPCA is based on Cover’s theorem, where

the non-linear data structure in the input space ismore likely to be linear after a high-dimensional

non-linearmapping [79]. Studies have found that when non-linear structures exist in the original

data, KPCA would be significantly better in de-noising or separating dominating features from

the original data [77]. Although widely used in other fields for data analysis, only a limited

application has been found in fluid mechanics. Mirgolbabaei and Echekki [80] reconstructed

the thermo-chemical scalars based on KPCA methods, and the results showed a good match

with original data of species and temperature with the use of only two principal components. A

further study of a turbulent combustion closure model using experimental non-linear principal

component reconstruction, showed good agreement for the mean and root mean square (RMS) of

temperature and measured species mass fractions [81]. The successful implementation of KPCA

in the complex thermo-chemical data inspired the idea that it is worth investigating whether this

technique can also perform de-noising and reconstruction to the highly-turbulent in-cylinder

PIV flow data, of which the conclusion is unknown to the thermo-fluid community before the

thesis was written.

(2) POD is a variant of linear PCA when applied to thermo-fluid analyses.
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Chapter 2

Data acquisition apparatus and methods

In this chapter, the apparatus and methods used to obtain in-cylinder flow data presented in

this thesis are introduced, including the setups for the PIV experiments and the flow simulation

model. The PIV supplementary systems and the setups for themulti-plane PIVmeasurements are

firstly presented. Velocity measurements were accomplished at a variety of specified test points

to allow comparison between PIV measurements and simulation results from commercialised

computational fluid dynamics (CFD) software. A brief description on the flow simulation model

is also included. The setup of the single cylinder optically accessible engine on which the tests

were performed can be referred to in Appendix A. It should be noted that the PIV optical setups

and tests were conducted by the author of this thesis, while the optical engine was assembled

by previous group members (see Appendix A for more details), and the flow simulations were

performed by engineers from Jaguar Land Rover.
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2.1. PIV supplementary systems

2.1 PIV supplementary systems

The transparent liner and piston window (details in Appendix A) provide optical access from

the side and bottom of the cylinder, yet several other supplementary systems are also required

to accomplish the PIV measurements. In this section, the PIV particle seeding system is first

introduced, followed by descriptions of the laser system that illuminates the cylinder and the

high-speed camera that records the pairs of images for cross-correlation. The synchronisation

system is also presented.

2.1.1 Particle seeding system

Seeding particles are introduced to the intake air as tracers that scatter the light from the

illumination source, and are recorded by imaging system, to provide local velocity of the

surrounding gases. The seeding system in our experiment (Figure 2.1) involves a pressure

regulator, a mass flow controller (MKS mass flow controller), two solenoid valves and an

atomiser (LaVision aerosol generator). Compressed air at a fixed pressure of 4 bar is supplied to

the controller, which regulates the exiting mass flow rate of the seeding air and thus the

seeding density inside the engine cylinder. The two solenoid valves separate the circuit into

two branches: when valve A opens, the compressed air bypasses the atomiser and directly

enters the intake plenum downstream of the throttle without any seeding particles; while

valve B enables the atomiser, providing oil droplets first to the intake plenum, and then join the

mainstream air into the cylinder. It should be noted that the bypass design is necessary,

otherwise the sudden introduction of the seeding air into the intake plenum would affect the

main flow rate, and may further cause in-cylinder pressure oscillation [55]. During the

experiment, the seeding air (without particles) is supplied together with main air flow, and

once the engine reaches the desired test condition, a switch closes valve A and opens valve B,

allowing the seeding particles to enter the cylinder.
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Figure 2.1: A schematic of the particle seeding system for the PIV experiment.
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Figure 2.2: Seeding particle size distribution from the LaVision aerosol generator measured by
a Cambustion DMS500 fast particulate spectrometer. The blue dots show the median values of
150 test runs, two of which are respectively shown in red crosses and purple circles. The blue
error bars show the 25% (lower bound) and 75% (upper bound) quantiles of the 150 test runs,
respectively.
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The particles should be small enough to follow the flow without influencing it (i.e., having a

small enough Stokes number), yet sufficiently large to scatter the light and provide a strong

signal. In engine operation, they should also be easy to clean so that the components would not

be damaged, and also have a high enough evaporation point since the in-cylinder temperature

can easily exceed 110◦C at late-compression stroke even without combustion [42]. Adrian and

Westerweel [44] suggest that particles with diameters of about a micron are a suitable choice

for in-cylinder flow measurements. Olive oil was used as the seeding source in all the PIV

experiments presented in this thesis. Figure 2.2 shows the size distribution of the oil droplets

generated from the atomiser. The particle size distribution was measured by a particulate

analyser (Cambustion DMS500) under the same seeding air pressure and mass flow rate as used

in the experiments. The measured size distribution also matches with the specifications from

the atomiser manufacturer.

2.1.2 Illumination and image recording systems

The crank angle-resolution planar PIV measurement requires sufficient (in the range of 5−

500 mJ per pulse) and stable illumination of the sub-micron-sized seeding particles. The light

needs to be concentrated within a short period of time (in the scale of tenths of a microsecond)

and with a high repetition rate (in the order of kHz). Solid-state pulsed lasers with Neodymium-

doped crystals are suitable as they provide easy-collimated and high-energy-density beam at

high repetition rates (commonly up to 10 kHz) [44]. Frequency-doubling crystals are installed

in the laser cavity to perform a second-harmonic generation process [82], and to convert the

fundamental infrared emission from the Neodymium-doped crystals (1053 nm for Nd:YLF(1) and

1064 nm for Nd:YAG(2) ) into visible light wavelengths (respectively at 526.5 nm and 532 nm,

both green), which then allow the scattered light from the seeding particles to be captured by

(1) Nd:YLF stands for neodymium-doped yttrium lithium fluoride.
(2) Nd:YAG stands for neodymium-doped yttrium aluminum garnet.
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Table 2.1: Nd:YLF laser specifications

Parameters Descriptions

Wavelength 527 nm

Pulse energy 40 mJ @ 1 kHz

Pulse width 170 ns @ 1 kHz

Repetition rate up to 8 kHz

Beam diameter 5.0 mm nominal

normal camera. The light source of the PIV experiment was a diode-pumped, dual-cavity Nd:YLF

laser (Photonics Industries DM20-527-DH), whose specification is listed in Table 2.1.

A high-speed camera is used to record the scattered light from the seeding particles. CMOS(3)

sensor cameras have become the norm in PIV imaging [43]. Unlike CCD(4) sensors which read

out pixels on a row-by-row basis, each pixel is individually read out in a CMOS sensor and hence

one can trade image resolution in both row and column directions for a higher frame rate. This

feature is very useful when high time resolution is required to cooperate with high-repetition-

rate lasers. The reduction of numbers of pixels in each image can have a negligible effect when

the imaged object does not follow the aspect ratio of the sensor, since in this case some pixels

would otherwise inevitably be wasted. Table 2.2 presents the specification of the CMOS camera

(Vision Research Phantom VEO 710L) that was used in all the PIV measurements in this thesis.

2.1.3 Synchronisation system

The laser and camera need to be synchronised with the crankshaft in order to image the in-

cylinder flow at the desired engine phase. This is achieved using the DaVis® (LaVision, Ver. 8.4.0)

software with a programmable timing unit (PTU). The PTU first receives a “kick-off” TTL pulse

(3) CMOS stands for complementary metal oxide semiconductor.
(4) CCD stands for charge coupled devices.
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Table 2.2: Camera specifications

Parameters Descriptions

Sensor resolution 1280× 800 pixels

Frame rate 7400 fps at full resolution

Pixel size 20×20 µm

RAM size 18 GB

Maximum number of images 12025 frames at full resolution

Figure 2.3: Timing diagram of the laser and the camera (not to scale).

from an in-house LabView program (called “ETCS”, see Appendix A for detail) and starts reading

the crank encoder to check the engine phase. The laser and camera are then controlled by the

PTU to fire and to record images at specified crank angles. The images are transferred from

camera memory to DaVis for PIV processing after the test. The system is operated in “double-

frame” mode to provide pairs of images for cross-correlation, and therefore the laser and the

camera need to be carefully timed. One widely-used method is the frame straddling approach

[83, 84]. The timing diagram, as presented in Figure 2.3, shows that the first illumination pulse

A (from laser cavity 1) is captured at the end of the camera exposure n, where the second pulse

A′ (from laser cavity 2) is at the beginning of the next camera exposure n+1 — same procedure

continues for frames n + 2 and n + 3. The resulting camera frame rate is thus twice the laser

repetition rate (for each cavity). The separation time between pulses from each of the two laser

cavities (for instance, A and A′) has to change according to the measured flow speed to maintain
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a suitable particle moving distance between two camera frames (usually less than a quarter of

the size of the interrogation window [43, 44]).

2.2 Optical setup for multi-plane PIV measurements

The laser beam needs to form a light sheet in order to illuminate a certain plane in the engine

for planar velocity measurements. In our experiment, data frommultiple planes are necessary to

validate the simulation results. In this section, the optical alignment setups for two cross-sections

of the engine cylinder are discussed.

2.2.1 Swirl plane

The swirl plane is normal to the cylinder axis, of which the height (along the engine stroke)

is yet to be determined. The setup needs to have flexibility in height adjustment to allow

measurements in multiple swirl planes for better examination of flow structures and thorough

validation of the simulation model. Figure 2.4 illustrates the swirl plane PIV setup in a top view

(from the cylinder head) and in a front view (from the camshaft drive belt).

The beams from the two laser cavities have the samewavelength, but their polarisation states

are orthogonal to each other — one is vertically polarised, and the other is horizontally polarised.

Despite the careful alignment, the resulting light sheet would inevitably hit the metal piston

surface and cause different background scatter between the two frames in the same PIV image

pair, as the reflectance of metal surfaces varies with the incoming polarisation state. To avoid

different intensities between two frames and errors when calculating vectors, a quarter wave

plate is placed at the exit of the laser head with its fast axis aligned at 45◦ to the vertical and

horizontal polarisations of the light from the two cavities. For the laser beam from each laser

cavity, the plate introduces a 90◦ phase shift between the components aligned with the fast

and slow axes, resulting in left circular and right circular polarisations. Both circularly polarised
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Figure 2.4: Swirl plane PIV setup. Upper: top view (from the cylinder head); Lower: front view
(from the belt). An enlarged front view of the light sheet across the quartz annulus is also shown.
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beams have the samemagnitude of vertical and horizontal components, and therefore theywould

have the same reflectance from metal surfaces.

Three 45◦ mirrors are used to align the beam with the cylinder centreline. The upper

45◦ mirror, together with the set of sheet-forming optics (detailed discussion in the next

paragraph), is mounted on an optical rail to ensure the correct alignment. Two translation

stages (Zaber T-LSR150B) respectively move the entire rail to any desired height and adjust the

position of the camera to make the image in focus at the location of the light sheet, so that the

velocities in different swirl planes can be measured.

The sheet-forming optics set consists of two spherical lenses that shrink the beam diameter

from around 20 mm down to 10 mm,(5) and a concave cylindrical lens which expands the beam

in one direction and forms the light sheet (whose cross-section is a very flat ellipse). It should be

noted that convex cylindrical lenses can also be used to form a light sheet, but it will introduce

a focal line with extreme high energy that heats up the surrounding air and may cause damage

to the neighbouring devices [43]. Therefore, a concave lens ought to be used for safety reasons,

as its focal point is before the lens (and thus the sheet will not reach a focus).

The light sheet would not stay collimated from the optics to the far-side of the quartz annulus

due to its natural divergence, and the sheet thickness would thus increase with the distance of

travel. To minimise the effect of the divergence, the two spherical lenses are slightly distanced

so that the sheet thickness first decreases and then increases. The sheet-forming optics system

is placed such that the resulting light sheet reaches its thinnest at the cylinder centre axis with a

1mmnominal thickness,(6) and the sheet is about 2mm thick at both sides of the quartz annulus.

An enlarged front view of the light sheet across the annulus is provided in Figure 2.4, where the

dashed lines show the light sheet thickness across the piston window (PIV field of view) has

small but acceptable variation.

(5) The beam is 5 mm in diameter at the exit of the laser head, but naturally diverges as it travels.
(6) The laser beam has a Gaussian profile [44].
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Another 45◦ mirror is placed beneath the piston window by mounting it onto a slider,

which slides through the hollow Bowditch extension (side view of the extension was shown in

Figure A.5). The height of the slider is carefully calculated so that the fast-moving piston

assembly would not hit it during engine operation. The mirror gives the bottom view of the

cylinder, which allows the camera to capture particle movement in the illuminated swirl planes.

The camera is also mounted on a translation stage to adjust the focal plane location according

to the height of the light sheet. The effective PIV field of view is thus a circle with the diameter

of the piston window.

2.2.2 Cross-Tumble plane

In addition to the planar velocity in the swirl planes, the flow behaviour in the rectangular

cross-sections of the cylinder, namely the tumble and cross-tumble planes, need to be examined

as well. Measurements in the tumble plane(7) were accomplished by Scott [55]. The cross-tumble

plane PIV setup is presented in Figure 2.5.

In the cross-tumble planes, the intake and exhaust valves are located on each side of the

measurement plane. The setup is similar to the swirl plane one, but with small changes due to

different planes of measurement. Chief among them is that the camera and sheet-forming optics

are swapped in location — the light sheet now enters the cylinder from beneath (through the

piston window) and the camera is placed at a higher location viewing from the side (through the

quartz annulus) to capture the scattered light from the seeding droplets.

As illustrated in the front view (bottom plot in Figure 2.5), the 45◦ mirror mounted on the

slider is now used to turn the light sheet propagation direction from horizontal (exhaust to

intake) to vertical (piston to cylinder head). Measurements in different cross-tumble planes can

(7) There are one intake valve and one exhaust valve located on each side of the tumble plane. The plane has a 1mm
offset to the flywheel side to reduce laser light scatter from the cylinder head. The tumble plane tests were conducted
before the author joined the group, and therefore they should not be considered as part of the author’s work.
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2.2. Optical setup for multi-plane PIV measurements

Figure 2.5: Cross-Tumble plane PIV setup. From top to bottom: side view (from the PIV camera);
top view (from the cylinder head); front view (from the belt).
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2.3. Engine test points and experiments conducted

be achieved by moving the slider to illuminate various planes, and adjusting the camera as well

as sheet-forming optics positions accordingly using translation stages. The resulting effective

field of view (see the camera view) is a trapezoid whose bottom edge is slightly smaller than the

piston window diameter, in order to avoid strong scatter caused by the metal retaining ring

beneath the piston window.

2.3 Engine test points and experiments conducted

The setups discussed in the previous section enable PIV measurements in multiple planes

within the cylinder, and it is also important that the measurements are conducted when the

engine is running under specified operation conditions. The test points for our experiment are

selected from JLR’s production engine load map, in order to mimic the actual engine behaviour

to the greatest extent. Due to the limitation of material strength, the optical engine can only

operate under light to medium load (maximum speed 2000 rpm, cf Table A.1). Four baseline

loads (Table 2.3) were used in our experiment: T7 has the minimum load in terms of both the

engine speed and intake manifold absolute pressure (MAP); T1 operates at medium engine speed

but the air is throttled slightly — its MAP is about 80% of atmosphere pressure; T2 and T8 both

run under nearly-fully-opened throttle, and the T8 point has a higher speed. The intake air and

coolant temperatures are kept constant across different engine loads.

Different engine hardware was also tested in order to examine flow structure under various

conditions. Two pistons were used to provide different compression ratios — Piston B is lower

(designed value 11 : 1) compared to Piston C (12.5 : 1). The intake valves were phased to an

optimal operation point using the CVVL system (described in Appendix A).

Besides the pistons, two different camshafts, named “C33” and “Bootleg”, were also tested.

The C33 camshaft has a standard profile used in production engines, while the Bootleg camshaft

introduces a small and early opening of the intake valves in the exhaust stroke, which provides
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2.3. Engine test points and experiments conducted

Table 2.3: Baseline engine loads

Parameters
Engine Load

T1 T2 T7 T8

Engine speed (rpm) 1500 1500 1000 1750

Intake manifold absolute pressure (kPa) 80 95 64 96

Intake air volume flow rate (L/s) 1.57 3.65 1.00 3.40

Intake air temperature (◦C) 45 45 45 45

Coolant temperature (◦C) 23 23 23 23

a longer valve overlap (i.e., time when both the intake and exhaust valves are open) and thus

influences the gas exchange process. The throttle was slightly adjusted to alter the MAP to

match the baseline engine (equipped with the C33 camshaft) intake air volume flow rate when

using the Bootleg camshaft.

The engine normally operates with both intake valves activated (denoted as dual valve

actuation, or DVA), which should create a symmetric flow in the swirl plane. It was also of

special interest to induce a strong swirling in-cylinder flow to promote fuel-air mixing.

Therefore, the flywheel-side intake valve was disabled at several test points, and the engine was

running under so-called single valve actuation (SVA) conditions, where two methods were used

to match the intake air volume flow rate achieved in DVA cases. The first method introduced

less throttle (denoted as SVA Throttle) and thus raised the MAP, and the second increased the

maximum inlet valve lift while keeping the MAP unaltered.

Table 2.4 lists the test matrix with the accomplished test points highlighted in colour. For the

18 yellow-highlighted points, the engine was motored without fuel injection or ignition. For the

three blue-highlighted points, operations with and without fuel were measured for each cycle,

but the fuel-air mixture was not ignited. The measurements were conducted in three different

planes: the lower and higher swirl planes (denoted L-SP andH-SP) which are 3.5mmand 0.5mm
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2.3. Engine test points and experiments conducted

Table 2.4: Test matrix and conducted test points

Load Camshaft
equipped

Intake valve
activated

Piston installed

Piston B Piston C

T1
Bootleg

DVA a L-SP H-SP CTP L-SP H-SP CTP

SVA throttle a L-SP H-SP CTP L-SP H-SP CTP

SVA peak lift a L-SP H-SP CTP L-SP H-SP CTP

C33 DVA a, b L-SP H-SP CTP L-SP H-SP CTP

T2 C33
DVA a, b L-SP H-SP CTP L-SP H-SP CTP

SVA throttle L-SP H-SP CTP L-SP H-SP CTP

T7 C33
DVA b L-SP H-SP CTP L-SP H-SP CTP

SVA throttle L-SP H-SP CTP L-SP H-SP CTP

T8 C33 DVA b L-SP H-SP CTP L-SP H-SP CTP
a Data for Piston B in the tumble plane (TP) is also available.
b Data for Piston C in the tumble plane (TP) is also available.
* Operations with and without fuel injection (no ignition) were measured in the blue-
highlighted test points. Fuel was not injected in the yellow-highlighted test points.

below the fire deck, whereas the cross-tumble plane (denoted CTP) is the middle plane of the

cylinder. At least 300 engine cycles were recorded at each test point, and depending on the

number of measurements per cycle, the tests were separated into two or three runs per point due

to the cameramemory limit (i.e., 150 or 100 cycles per run). Pairs of PIV imageswere recorded for

consecutive engine cycles at five CAD intervals in each test run, and the corresponding valve lifts

and pressure traces were logged at every crank angle degree. The lower swirl plane and cross-

tumble plane data were collected from 330◦ to 30◦ bTDCf(8) during the intake and compression

(8) bTDCf refers to “before the top dead centre at which the firing occurs”.
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2.4. Image processing and vector generation

strokes(9) in order to examine how the in-cylinder flow evolves during the mixture formation

process and before the upcoming combustion event.(10) The higher swirl plane data focuses on

near-TDC flow structure from mid-compression (90◦ bTDCf) to mid-expansion (90◦ aTDCf(11) )

engine phases. It should be noted again (see also Section 2.2.2) that Scott [55] conducted the

tumble plane (denoted TP) PIV measurements using this optical engine at the same set of test

points from 330◦ to 30◦ bTDCf, and therefore four of the listed test conditions have data in four

different planes (the lower and higher swirl, cross-tumble and tumble planes).

2.4 Image processing and vector generation

The pairs of images were processed in DaVis® (LaVision, Ver. 8.4.0) to generate vectors. As

mentioned in the setup section (Section 2.2.1), the light sheet hit the metal surfaces (pistons,

cylinder head and valves) in the cylinder, and caused strong background scatter as illustrated

in an example pair of raw images (Figure 2.6(a)) in the lower swirl plane. The intake valves

are clearly visible, and therefore background subtraction needs to be applied so that the PIV

calculation only accounts for the droplet (and thus the surrounding air) motion.

Two different background subtraction methods were attempted. The first subtracted the

Gaussian average based on image intensities at the nearest four measurements (±5 and 10

crank angle degrees), assuming the scatter condition has minimal change within one

millisecond. This “crank angle filter” method worked effectively at many crank angles, but

when the intake valves are open, due to the location differences of the valves viewed from the

piston window, the background subtracted images (Figure 2.6(b)) still show the edges of the

(9) When the piston is at a high position (less than 30 crank angle degrees away from the top dead centre), it blocks
the camera view in the cross-tumble and the tumble plane, and the light sheet in the lower swirl plane. Hence the
flow fields were measured from 330◦ to 30◦ bTDCf.

(10) Although the tests weremostly conducted undermotored conditions, asmentioned in Section 1.1, the in-cylinder
air motion has a profound effect on the mixture formation and the combustion characteristics.

(11) aTDCf refers to “after the top dead centre at which the firing occurs”.
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2.4. Image processing and vector generation

(a) PIV raw images

(b) Background subtracted images (crank angle filter)

(c) Background subtracted images (cycle filter)

Figure 2.6: Example PIV image pair in the lower swirl plane. Image A (left column) refers to the
first image in the pair, and Image A′ (right column) is the second image taken several microsec-
onds later (adjusted for various flow speeds). Note that different colour (intensity count) scales
are used in the raw images in (a) versus the background subtracted images in (b) and (c).
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Figure 2.7: Example PIV flow field in the lower swirl plane generated by the pair of PIV images
shown in Figure 2.6(c).(12)

intake valves, which may lead to a biased flow speed calculation since the PIV cross-correlation

process in this case accounts for both the particle motions and the movement of the valve

edges. An alternative filtering method was proposed — the filter still applied a Gaussian

average, but instead of referencing the nearest measurements in the same cycle but at different

crank angles, it used the data at the same crank angle of the two previous and two following

cycles, and therefore the valve location is fixed among these cycles. As shown in Figure 2.6(c),

this “cycle filter” effectively filtered out the background scatter from the edge of the valves.

After the background subtraction, an universal particle intensity normalisation algorithm

was also enabled to compensate for the intensity changes between frames due to the energy

(12) The vectors are in unit length and only illustrate the flow direction, while the magnitude of the vector at each
location are shown by the colour map. For clarity only every second vector is plotted in each direction, while the
false colour background uses the actual spatial resolution from the PIV experiment. The colour (black/white) of each
vector is chosen to contrast with the false colour background. This plot style is adopted in this thesis for all the plots
containing vectors, unless otherwise specified.
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Figure 2.8: Uncertainty in the local flow speed for the example PIV flow field shown in Figure 2.7.
The uncertainty at each location is normalised by the local flow speed and is shown in %.

differences in laser pulses. The pixels in which the light sheet did not reach were masked out.

The vector generation process used the multi-pass algorithm, which decreases the interrogation

window from 128 × 128-pixel to 32 × 32-pixel with 50% overlap [56, 57]. Local spurious

vectors whose peak ratios (correspond to the ratio of correlation values between the highest

and the second highest correlation peaks [85]) smaller than two were removed, and were not

interpolated nor replaced (therefore they were left as a hole in the flow fields). The total

number of removed vectors was less than 0.1% in all the data sets. Figure 2.7 shows the flow

field generated by Figure 2.6, and the its uncertainty in the local flow speed is reported in

Figure 2.8. The uncertainty at each location is lower than 3.2% in this example flow field, and is

lower than 5% in any measured flow field in all the data sets. The images obtained at all the test

points (Table 2.4) were processed using the same algorithm to ensure consistency.
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2.5. Reynolds averaged Navier-Stokes simulation

2.5 Reynolds averaged Navier-Stokes simulation

The in-cylinder flow fields were simulated by engineers from Jaguar Land Rover using the

Siemens STAR-CD® software with the es-ice™ package (ver. 4.26.022) and the k-ε RNG

turbulence model [24, 86]. The time step was set to 0.1 CAD, with refinements of 0.05 CAD

close to the valve opening and closing, as well as during valve overlap. The automatically

trimmed mesh with 0.7 mm mesh size generated over 3.3 million cells when the piston is at the

bottom dead centre (Figure 2.9), and the mesh was adjusted among different crank angles to

account for the piston and valve motions. The mesh was refined to 0.3 mm both upstream and

downstream of the intake valves when they were open to better model the intake process.

The RANS simulation used the same engine geometry as the optical engine, and was

initialised before the exhaust valve opening, i.e., in a closed control volume, during the late

expansion stroke. The following parameters measured during the experiment were used as the

boundary conditions of the model (all the parameters were averaged for 300 measurements):

1. crank angle-resolved intake (purple solid line in Figure 2.10) and exhaust valve lifts (purple

dashed line in Figure 2.10),

2. crank angle-resolved pressures inside the inlet and the exhaust runners,

3. intake, exhaust and main engine coolant temperatures, and

4. intake air volume flow rate.

Due to the unknown amount of blow-by loss during the optical engine operation, the

piston crevice length (distance between the piston surface and the upper piston ring) was tuned

in the model to match the in-cylinder pressure traces with the experiments. There were no

other physical parameters adjusted during the simulation. The difference of in-cylinder

pressure between the experiment (300-cycle average, blue solid line in Figure 2.10) and the

simulation (red dashed line in Figure 2.10) was less than 1.8% at all crank angles at the T2,

Piston B, C33, DVA test point, and was less than 3% for all the other test points (cf Table 2.4).
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2.5. Reynolds averaged Navier-Stokes simulation

Figure 2.9: Example CFD mesh in the tumble plane when the piston is at the bottom dead centre.
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Figure 2.10: Engine operation parameters at the T2, Piston B, C33, DVA test point. Left y axis:
in-cylinder pressure trace recorded during the PIV experiments (blue solid line with shaded error
bar showing ± 2 standard deviation) and pressure trace simulated by the RANS flow model (red
dashed line). Right y axis: intake (purple solid line with shaded error bar) and exhaust (purple
dashed line) valve lifts measured during the PIV experiments and used as boundary conditions
in the RANS flow model.
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Chapter 3

Data analysis approaches

In this chapter, the data analysis approaches used for various purposes throughout the

thesis are presented to facilitate discussion in later chapters. Two different PIV flow field

averaging metrics are firstly introduced. The algorithms for two dimensionality reduction

techniques, namely proper orthogonal decomposition (POD) and kernel principal component

analysis (KPCA), are discussed in detail. Four different metrics are then presented to provide a

quantitative comparison of vector fields.
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3.1. PIV flow field averaging metrics

3.1 PIV flow field averaging metrics

In this section, two metrics that are used to average the PIV flow fields are defined.

Figures 3.1(a)–(c) provide flow fields that were measured at an example test point (T2 load,

Piston B, C33, DVA) in three consecutive cycles at 290◦ bTDCf, when both intake valves were

open. The blue and purple circles show the edges of the intake and exhaust valves as viewed by

the PIV camera. This 300-cycle data set will be used throughout this chapter to illustrate the

results of the corresponding mathematical operations.

The PIV measurements in multiple engine cycles need to be averaged into a single field in

order to enable a comparison with the corresponding RANS-simulated flow field (Figure 3.1(d)),

as the RANS model only provides an averaged flow field at a certain engine phase (i.e., crank

angle) and excludes small-scale turbulence. One common approach is to apply the Reynolds

decomposition [87] to the data set, and obtain the so-called ensemble mean flow field. Assuming

the engine operation is a cyclostationary process [25], the term “ensemble” commonly refers

to flow fields that were measured in different cycles but at a specific crank angle on the same

measurement plane under a controlled test condition.

Given a set of PIV flow fields {Vn} that were measured at the same crank angle in different

cycles (n = 1, 2, · · · , N ) at various locations within the engine cylinder (` = 1, 2, · · · , L), each

flow field Vn has two measured velocity components: the horizontal components un and the

vertical components vn, and the two components can each be represented by a column array

with a size of L× 1:

un =
[
u1,n u2,n · · · u`,n · · · uL,n

]T
, (3.1)

vn =
[
v1,n v2,n · · · v`,n · · · vL,n

]T
, (3.2)

where the elements u`,n and v`,n represent, respectively, the horizontal and vertical velocity

components at location ` for cycle n at the measured crank angle, and the symbol T denotes the
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Figure 3.1: Example flow fields illustrating the PIV flow field averaging techniques. Data were
collected in the lower swirl plane at 275◦ bTDCf at the T2, Piston B, C33, DVA test point. PIV
flow fields in (a)–(c) were recorded in three consecutive cycles. (e) & (f) were computed using
Equations (3.5) and (3.8), respectively.
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3.1. PIV flow field averaging metrics

matrix transpose operation.(1) The order of the location index ` can be arbitrarily chosen as long

as the same order is used in the representation of different fields. Each flow fieldVn is therefore

represented by a column array with a size of 2L× 1:

Vn =

[
un

vn

]
, (3.3)

and the entire data set {Vn} can be organised into a matrix V with a size of 2L×N :

V =
[
V1 V2 · · · Vn · · · VN

]
=

[
u1 u2 · · · un · · · uN

v1 v2 · · · vn · · · vN

]

=



u1,1 u1,2 · · · u1,n · · · u1,N

u2,1 u2,2 · · · u2,n · · · u2,N

...
... . . . ... . . . ...

u`,1 u`,2 · · · u`,n · · · u`,N

...
... . . . ... . . . ...

uL,1 uL,2 · · · uL,n · · · uL,N

v1,1 v1,2 · · · v1,n · · · v1,N

v2,1 v2,2 · · · v2,n · · · v2,N

...
... . . . ... . . . ...

v`,1 v`,2 · · · v`,n · · · v`,N

...
... . . . ... . . . ...

vL,1 vL,2 · · · uL,n · · · vL,N



. (3.4)

(1) The elements of all the matrices presented in this thesis are real numbers, hence the notations of non-conjugate
and conjugate matrix transpose operations are not separated for simplicity. The complex number representation for
flow fields is beyond the scope of this thesis, but a brief note is provided here. If the vectors in the flow field are repre-
sented in a complex number form (i.e., u`,n+i·v`,n, where i is an indeterminate such that i2 = −1), it is recommended
to use the non-conjugate matrix transpose for data matrix re-organising (for instance in Equation (3.1)) so that the
original flow direction remains the same after the re-organising. On the other hand, the conjugate matrix transpose
should be used for specific mathematical operations (such as the singular value decomposition in Equation (3.15)).
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3.1. PIV flow field averaging metrics

The two velocity components (uem and vem) of the phase-averaged ensemble meanVem can

be found by taking the element-wise average of the fields of un and vn:

Vem =

[
uem

vem

]
, uem =

1

N
·

N∑
n=1

un, vem =
1

N
·

N∑
n=1

vn, (3.5)

where the subscript “em” denotes the ensemble mean. The averaging process in Equation (3.5)

can be achieved by taking the mean of each row of the data set matrix V (Equation (3.4)). The

resulting Vem is a column array with a size of 2L × 1; uem and vem both have a size of L × 1.

Figure 3.1(e) shows the ensemble mean of 300 cycles at the example test point. The magnitude

(speed) field of the ensemble mean Mem, which was plotted as the colour map in Figure 3.1(e),

is calculated by:

Mem = (uem � uem + vem � vem)
� 1

2

=
[
(Mem)1 (Mem)2 · · · (Mem)` · · · (Mem)L

]T
, (3.6)

where A�B denotes the Hadamard product (element-wise product) of two matrices A and B,

(A)�
1
2 denotes the Hadamard square root (element-wise square root) of matrix A. Mem is a

column array with a size of L × 1. The element of Mem at location ` in the flow field, (Mem)`,

can be computed using:

(Mem)` =

√√√√( 1

N
·

N∑
n=1

u`,n

)2

+

(
1

N
·

N∑
n=1

v`,n

)2

. (3.7)

As shown by Equation (3.7), the computation of the ensemble mean inevitably cancels out

components with opposing signs at a specified location in the flow field (for instance, u`,n can

have opposing signs in different cycles, i.e., different n). The resulting ensemble mean flow

field, as shown in Figure 3.1(e), has a lower flow speed in the central region (near the y = 0

line) compared to the individual cycles (Figures 3.1(a)–(c)). Such a feature may lead to

misinterpretations when the ensemble mean is used to make comparisons with the RANS

simulation (Figures 3.1(d)) — one would think the RANS simulation over-predicts the flow
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3.1. PIV flow field averaging metrics

speed, but it is the ensemble mean (Figure 3.1(e)) which indeed under-represents the actual

measured flow speed in individual cycles (Figures 3.1(a)–(c)).

As an alternative approach, the magnitude (speed) of the ensemble mean can be replaced by

the arithmetic mean of the magnitude (average of speed) for all cycles at the same crank angle,

and this averaging method is termed the “speed-based average”. The magnitude (speed) field of

the speed-based average is defined by:

Msa =
1

N
·

N∑
n=1

(un � un + vn � vn)
� 1

2

=
[
(Msa)1 (Msa)2 · · · (Msa)` · · · (Msa)L

]T
, (3.8)

where the subscript “sa” denotes the speed-based average. Msa is a column array with a size of

L× 1. The element of Msa at location ` in the flow field, (Msa)`, can be computed using:

(Msa)` =
1

N
·

N∑
n=1

M`,n =
1

N
·

N∑
n=1

√
u2`,n + v2`,n, (3.9)

whereM`,n =
√
u2`,n + v2`,n is the flow speed (magnitude of the velocity vector) at location ` for

cycle n. The values ofM`,n at different locations (different `) were plotted as the colour map for

Figures 3.1(a)–(c) for the corresponding cycle (the same n).

It should be noted that “the cycle-averaged field of the flow speed field” (i.e., the speed-based

average, cf Equations (3.8) and (3.9)) is different from “the speed field of the cycle-averaged flow

field” (i.e., the ensemble mean, cf Equations (3.6) and (3.7)). Since the flow speed at any location

in the individual cycles (Mn,`) is always non-negative, the averaging process in the speed-based

average flowfield (cf Equation (3.9)) does not have the same drawback (opposed sign components

cancellation) as it had in computing the ensemble mean (cf Equation (3.7)). Therefore, the flow

speeds in the speed-based average flow field (Figure 3.1(f)) are closer to the ones of the individual

cycles (Figure 3.1(a)–(c)), while the ensemble mean (Figure 3.1(e)) has a much lower flow speed.

On the other hand, despite the ensemble mean (Figure 3.1(e)) cannot illustrate the extent of

the cycle-to-cycle variation, it still provides a good estimate of the averaged flow directions in the
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individual cycles (Figure 3.1(a)–(c)). Therefore, the flow directions in the speed-based average

flow field (Figure 3.1(f)) are directly adopted from the ensemble mean.

3.2 Dimensionality reduction techniques

One of the key features of the in-cylinder flow is that its structure may vary from cycle-to-

cycle — for instance, the high-speed intake jet(2) in Figure 3.1(a)–(c) changes both in location

and direction in three consecutive cycles, albeit that the measurement was taken at the same

crank angle and in the same plane. The averaging metrics introduced in the previous section

(Section 3.1) fail to maintain the cycle-to-cycle variation (CCV) information. Therefore, it is

necessary to find data filtering techniques that can incorporate CCV, while still being able to

exclude the small-scale turbulence and noise in the measured flow fields and provide validation

targets for the RANS flow model. The filtering process can be fulfilled by the dimensionality

reduction techniques, two of which, namely the proper orthogonal decomposition (POD) and

the kernel principal component analysis (Kernel PCA, or simply KPCA), are introduced in this

section, together with their corresponding mathematical notations and algorithms.

3.2.1 Proper orthogonal decomposition

Proper orthogonal decomposition (POD) [58] is a variant of the linear principal component

analysis (PCA), and is used to impose orthogonal projection of data onto lower dimensional

spaces (known as the principal subspace), where the variance of the projected data is

maximised [79]. The projected data, also known as the reconstructed data or the low-order

approximation of the original data, can therefore have a smaller data structure and contain less

noise or error. Various algorithms can be used to perform POD, one of which that is commonly

(2) The air streams from both intake valves collide in the cylinder, and the resulting high-speed three-dimensional
flow structure is usually in a jet-like shape when viewed in two-dimensional planes (such as the lower swirl plane in
Figure 3.1 and in the cross-tumble plane in Figure 5.1). This flow feature is called the “intake jet” in this thesis.
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used in turbulent flow field reconstruction is based on the singular value decomposition (SVD)

approach [88–90]. The SVD-based POD algorithm is discussed in the following paragraphs.

Following the Reynolds decomposition approach [87], the original flow fields can be

separated into the ensemble mean and the fluctuations around the ensemble mean. This data

centring process is achieved by subtracting the phase-averaged ensemble mean Vem

(cf Equation (3.5)) from each flow field Vn, leaving the fluctuation flow field V′
n:

V′
n = Vn −Vem. (3.10)

Analogous to the approach in Equation (3.4), the entire set of the fluctuation flow fields,

{V′
n}, can be expressed by a matrix V′ with a size of 2L×N :

V′ =
[
V′

1 V′
2 · · · V′

n · · · V′
N

]
=

[
u′
1 u′

2 · · · u′
n · · · u′

N

v′
1 v′

2 · · · v′
n · · · v′

N

]

=



u′1,1 u′1,2 · · · u′1,n · · · u′1,N

u′2,1 u′2,2 · · · u′2,n · · · u′2,N

...
... . . . ... . . . ...

u′`,1 u′`,2 · · · u′`,n · · · u′`,N

...
... . . . ... . . . ...

u′L,1 u′L,2 · · · u′L,n · · · u′L,N

v′1,1 v′1,2 · · · v′1,n · · · v′1,N

v′2,1 v′2,2 · · · v′2,n · · · v′2,N

...
... . . . ... . . . ...

v′`,1 v′`,2 · · · v′`,n · · · v′`,N

...
... . . . ... . . . ...

v′L,1 v′L,2 · · · u′L,n · · · v′L,N



, (3.11)
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where u′`,n and v′`,n are, respectively, the horizontal and vertical velocity components of the

fluctuation flow field at location ` for cycle n. The values of u′`,n and v′`,n are computed by:

u′`,n = u`,n − 1

N
·

N∑
n=1

u`,n, v′`,n = v`,n − 1

N
·

N∑
n=1

v`,n. (3.12)

When the number of parameters (2L) is no less than the number of observations (N ) in

the data matrix V′,(3) the proper orthogonal decomposition to the set of fluctuation flow fields

separates each fluctuation flow field into a linear combination ofM principal components (also

known as the POD modes φ(m), wherem = 1, 2, · · · ,M ):

V′ = Φ ·C, V′
n =

M∑
m=1

(
φ(m) · C(m)

n

)
, (3.13)

where M is the rank of the data matrix V′, andM ≤ N ;

Φ =
[
φ(1) φ(2) · · · φ(m) · · · φ(M)

]
is a 2L×M matrix containingM modes;

φ(m) is a 2L× 1 column array whose `th and (`+L)th entries are, respectively, themth

principal component for the horizontal and vertical velocity components at location `;

C is aM×N matrix whosemth row and nth column elementC(m)
n is the “PODmodem

coefficient of cycle n”, i.e.,

C =



C
(1)
1 C

(1)
2 · · · C

(1)
n · · · C

(1)
N

C
(2)
1 C

(2)
2 · · · C

(2)
n · · · C

(2)
N

...
... . . . ... . . . ...

C
(m)
1 C

(m)
2 · · · C

(m)
n · · · C

(m)
N

...
... . . . ... . . . ...

C
(M)
1 C

(M)
2 · · · C

(M)
n · · · C

(M)
N


. (3.14)

(3) This 2L ≥ N assumption is usually valid for the up-to-date in-cylinder flow applications, where L is in the
order of thousands and N is in the order of tens (for LES simulation) or hundreds (for PIV measurements). For other
turbulent flow applications, the number ofmeasured locationsL is also usually larger than the number of observations
N . If POD is applied to a data set where 2L < N , the algorithm to be discussed and recommendations to be made in
later paragraphs may need to change, and this condition is beyond the scope of this thesis.
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Note that all the cycles share the same set of POD modes, while their coefficients C(m)
n differ

from cycle to cycle for a single mode, and vary among different POD modes for a single cycle.

Each term
(
φ(m) · C(m)

n

)
can be regarded as one “POD component” of the fluctuation field.

The POD modes and mode coefficients can be obtained by SVD-based approaches. The most

straight-forward method (known as the “direct method”) is by performing a singular value

decomposition operation to the fluctuation flow field matrix V′, which yields:

V′ = P · Γ ·QT, (3.15)

where P is a 2L × 2L unitary matrix (i.e., PTP = PPT = I2L), Γ is a 2L × N rectangular

diagonal matrix (known as the singular value matrix of V′), and Q is a N ×N unitary matrix.

The rank of Γ is the same as the rank of the data matrix V′, and thus only the first M entries

in the main diagonal of Γ have non-zero values. The non-zero elements of Γ are sorted in a

decreasing order, i.e., γ1 ≥ γ2 ≥ · · · ≥ γm ≥ · · · ≥ γM . The POD mode matrix Φ is the firstM

columns of the unitary matrix P,(4) and hence has a size of 2L ×M . The POD modes serve as

an orthonormal basis of the set of flow fields, i.e.,

ΦT ·Φ = IM ,
(
φ(i)

)T
· φ(j) = δij =

{
1 if i = j
0 if i 6= j

, (3.16)

where IM denotes the M ×M identity matrix, and δij is the Kronecker delta. Therefore, from

Equations (3.13) and (3.16), the mode coefficient matrix C is given by C = ΦT · V′, and has a

size ofM ×N .

Sirovich [91] suggested that performing SVD to a 2L × N matrix (cf Equation (3.15)) may

lead to a high computational cost especially when the number of measured locations (L) are

large, and proposed the use of a so-called “snapshot method”. To apply the snapshot method, a

(4) Note that the (M + 1)th to the (2L)th rows of Γ are all zeros, and therefore the (M + 1)th to the (2L)th
columns of P do not contribute to the SVD of V′ (cf Equation (3.15)).
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correlation matrix G is firstly defined as:

G =
(
V′)T ·V′, (3.17)

where the size of the correlation matrix is N × N . The eigenvalue problem of the correlation

matrixG can be solved by a singular value decomposition to the correlationmatrix, which yields:

G = Q ·Λ ·QT, (3.18)

where Q is the same N × N unitary matrix as in Equation (3.15), and Λ = ΓTΓ = Γ�2 is a

N×N square diagonal matrix. The rank ofΛ isM , and the non-zero elements ofΛ are sorted in

a decreasing order, i.e., λ1 ≥ λ2 ≥ · · · ≥ λm ≥ · · · ≥ λM . Therefore, only the firstM entries on

themain diagonal ofΛ have non-zero values. Combining Equations (3.13), (3.16), (3.17) and (3.18)

gives:

G =
(
V′)T ·V′ = Q ·Λ ·QT

(Φ ·C)T ·Φ ·C = Q ·Λ� 1
2 ·Λ� 1

2 ·QT

CT ·ΦT ·Φ ·C = Q ·
(
Λ� 1

2

)T
·Λ� 1

2 ·QT

CT · IM ·C =
(
Λ� 1

2 ·QT
)T

· IN ·
(
Λ� 1

2 ·QT
)
. (3.19)

Recall that only the first M (M ≤ N ) entries in the N × N diagonal matrix Λ have non-zero

values. In other words, the (M + 1)th to the N th rows and the (M + 1)th to the N th columns

of Λ are all zeros. TheM ×N mode coefficient matrix C can therefore be obtained by:

C = (Λ1:M,1:N )�
1
2 ·QT, (3.20)

where Λ1:M,1:N denotes a sub-matrix of matrix Λ, composed of the first M rows and the first

N columns (i.e., all the columns) of matrix Λ.
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The 2L×M POD mode matrix Φ can be computed using:

Φ ·C = V′

Φ · (Λ1:M,1:N )�
1
2 ·QT = V′

Φ · (Λ1:M,1:N )�
1
2 ·QT ·Q = V′ ·Q

Φ · (Λ1:M,1:N )�
1
2 = V′ ·Q

Φ · (Λ1:M,1:N )�
1
2 · (Λ1:N,1:M )�(− 1

2
) = V′ ·Q · (Λ1:N,1:M )�(− 1

2
)

Φ = V′ ·Q · (Λ1:N,1:M )�(− 1
2
) . (3.21)

It should be noted that although the snapshot method performs SVD on a smaller matrix

(cf Equation (3.18)) compared to the direct method (cf Equation (3.15)),(5) the amount of time

saved by using the snapshot method is negligible thanks to the high computational power of

modern computers — for a data set measured at 1870 locations in 300 cycles, the direct method

takes 189 ms using a normal personal computer, while the snapshot method takes 83 ms using

the same computer. Therefore, the two methods are equally suitable for performing POD.

Several important properties of the POD results are highlighted in the following paragraphs.

In addition to the velocity field decomposition (Equation (3.13)), the (specific) kinetic energy

content of each fluctuation flow field (denote KEn for cycle n) is partitioned into each mode

(recall the mode orthonormality (Equation (3.16))):

KEn =
‖V′

n‖
2

2
=

M∑
m=1

1

2

(
C(m)
n

)2
=

M∑
m=1

KE(m)
n , (3.22)

where ‖·‖ denotes the L2 norm, and KE(m)
n is the amount of kinetic energy of cycle n collected

by the mth mode, which is equal to half of the squared mode m coefficient of Cycle n (C(m)
n ),

i.e.:

KE(m)
n =

1

2

(
C(m)
n

)2
. (3.23)

(5) The covariance matrix is smaller only when 2L > N .
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From Equation (3.20), one can deduce the following equations:

C ·CT = (Λ1:M,1:N )�
1
2 ·QT ·Q · (Λ1:N,1:M )�

1
2 = Λ1:M,1:M , (3.24)

or in element form (cf Equation (3.14)):

N∑
n=1

(
C(m)
n

)2
= λm. (3.25)

Recall that the non-zero elements of the rank-M diagonal matrix Λ are sorted in a decreasing

order, i.e., λ1 ≥ λ2 ≥ · · · ≥ λm ≥ · · · ≥ λM (Equation (3.18)), the sum of the squared POD

coefficients are successively maximised from the first mode to the last (modeM ):

N∑
n=1

(
C(1)
n

)2
≥

N∑
n=1

(
C(2)
n

)2
≥ · · · ≥

N∑
n=1

(
C(m)
n

)2
≥ · · · ≥

N∑
n=1

(
C(M)
n

)2
. (3.26)

Combining with Equation (3.23), the kinetic energy content collected by each mode is also suc-

cessively maximised:
N∑

n=1

KE(1)n ≥
N∑

n=1

KE(2)n ≥ · · · ≥
N∑

n=1

KE(M)
n . (3.27)

The underlying successive energy maximisation in POD bears immediate relevance to use the

first d (where 1 ≤ d ≤ M ) POD components in the decomposition (cf Equation (3.13)) as a

low-order approximation (or equivalently, POD reconstruction) of the flow field for cycle n [64]:

Vn = Vem +V′
n = Vem +

M∑
m=1

(
φ(m) · C(m)

n

)
≈ Vem +

d∑
m=1

(
φ(m) · C(m)

n

)
, (3.28)

This approximation, from a mathematical point of view, maps the original data set in the real

space RM onto a d-dimensional (d ≤ M ) linear principal subspace. From a physical point of

view, the approximation process discards the low-energy (higher-order) POD components

(from the (d + 1)th to the M th), and thus extracts the coherent structure (high energetic part)

of the turbulent flow field. It should be noted that the ensemble mean must be included in the
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calculation so that the reconstructed fields can have a comparable flow speed to the original

measured flow field. As such, the ensemble mean can be regarded as the zeroth-order

approximation to all the cycles. The choice of the cut-off mode number k is discussed in

Chapters 5 and 6.

Although Chen et al. [90, 92] recommends performing POD on instantaneous flow fields

without subtracting the ensemble mean (i.e., POD on {Vn}), it can also be argued that it is better

to take the conventional Reynolds decomposition approach and apply POD on the fluctuation

flow fields after subtracting the ensemble mean (i.e, POD on {V′
n}, as used in this thesis). Since

the first PODmode of the instantaneous flow fields is a good estimate of the ensemble average,(6)

an unnecessary restriction will be added to the strongest fluctuation detected by the second POD

mode of {Vn} – that this strongest fluctuation (and all the other modes) must be in a direction

which is (almost) orthogonal to the ensemble mean since the POD modes are strictly orthogonal

to each other (Equation (3.16)). On the other hand, by subtracting the ensemble mean prior

to performing POD, the first POD mode has no restriction in direction and can thus represent

the main fluctuation flow structure to the greatest extent. Since the ensemble mean is a linear

combination of all the instantaneous flow fields with a common coefficient of 1
N , the rank of

{V′
n} is reduced by one compared to the rank of {Vn}. As a result, compared to POD without

subtracting the ensemble mean, the total number of POD modes (M ) will be reduced by one

if the ensemble mean is subtracted before performing POD. Indeed, the differences when using

either approach are negligible in the context of this thesis, since a number of POD components

are added together to form the low-order approximated flow fields and hence the differences in

the individual modes are diluted.

The linear PCA and POD are very similar, but strictly speaking they are not exactly

equivalent when conducting the dimensionality reduction [93]. The standard linear PCA aims

(6) The RI value, whose definition is given in Equation (3.51), exceeds 0.99when comparing the the first PODmode
of the instantaneous flow fields and the ensemble mean flow field.
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at reducing the number of parameters (or features) needed to represent the entire data set,

while POD aims at reducing the dimension of the sample space — in the case of the in-cylinder

flow fields, the parameters are the velocity components at each location `, and each engine

cycle is one sample. Therefore, although their algorithms almost look identical, there still exists

a key difference — in the POD algorithm, SVD is applied to the N × N correlation matrix

G = (V′)T · V′ (Equation (3.18)), while for linear PCA, SVD is implemented on the 2L × 2L

covariance matrix S = V′ · (V′)T.(7)

Indeed, it can be shown that conducting SVD on the covariance matrix can also generate the

same set of POD modes. From Equation (3.15), recall thatQ is aN ×N unitary matrix and both

Γ and Λ are N ×N square diagonal matrices where Λ = Γ�2, one can derive:

S = V′ ·
(
V′)T = P · Γ ·QT ·

(
P · Γ ·QT

)T
S = P · Γ ·QT ·Q · ΓT ·PT

S = P ·Λ ·PT, (3.29)

where P is the same 2L × 2L unitary matrix as in Equation (3.15). This equation has the same

form as the SVD results of the correlation matrix G (Equation 3.18), but instead solves the

eigenvalue problem of the covariance matrix S. As mentioned before in the discussion of

Equation (3.15), the number of POD modes M (rank of the data matrix V′) is restricted by the

number of cycles N , and the POD mode matrix Φ is the firstM columns of the unitary matrix

P since there are only M non-zero values in Λ. Therefore, one can also obtain the same set of

POD modes by conducting a SVD to the covariance matrix and solve for P, though the

computation cost will be higher due to the larger size of the covariance matrix.

With the flow field data arranged as Equation (3.11), the three equivalent algorithms of POD

are summarised as follows:

(7) Conventionally a constant 1
N

is multiplied to both the correlation and the covariance matrices. This constant is
omitted in this section since it does not affect the resulting POD modes or coefficients.
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Algorithm 1: direct method

1. Solve the eigenvalue problem of V′ as presented in Equation (3.15);

2. Extract the POD modes Φ from the unitary matrix P;

3. Compute the POD mode coefficients using C = ΦT ·V′.

Algorithm 2: snapshot method (lowest computational cost)

1. Use Equation (3.17) to compute the correlation matrix G;

2. Solve the eigenvalue problem of G as presented in Equation (3.18);

3. Use Equation (3.21) to calculate the POD modes;

4. Use Equation (3.19) to find the POD mode coefficients.

Algorithm 3: covariance matrix method (highest computational cost)

1. Use Equation (3.29) to compute the covariance matrix S;

2. Solve the eigenvalue problem of S as presented in Equation (3.29);

3. Extract the POD modes Φ from the unitary matrix P;

4. Compute the POD mode coefficients using C = ΦT ·V′.

These three algorithms obtain the same set of POD modes and mode coefficients. The POD

reconstruction (approximation) can then be performed using Equation (3.28).

3.2.2 Kernel principal component analysis

Since POD is a variant of the linear PCA, it can only perform a linear dimensionality

reduction operation to the given data set, i.e., mapping the flow data in the real space onto a

linear principal subspace. The turbulent flow in the engine cylinder may generate non-linearity

in the data set. For instance, as discussed later in Chapter 6, the velocity components measured

at the same location in the cylinder at the same engine phase for different cycles generally
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follow a Gaussian distribution. As such, a non-linear PCA method is also of interest when

filtering (de-noising) the measured in-cylinder flow fields. The kernel PCA (KPCA) offers a

generalisation to the standard linear PCA, and enables the non-linear mapping of the input

data using any chosen distributions [76, 94]. The following paragraphs briefly discuss the

procedure of KPCA, a more detailed derivation can be found in [79].

Given a set of input data {xr} ∈ RM with P parameters and R observations, the data

matrix x can be arranged as:

x =
[
x1 x2 · · · xr · · · xR

]
, (3.30)

where x is a P ×Rmatrix whose rank isM (M ≤ min {P,R}), each xr is a P ×1 column array

containing the values of P parameters in the ith observation. The set of data x can be mapped

onto a higher dimensional spaceRD (D �M), called the feature space, with an arbitrarily large

(possibly infinite) number of dimensions, using a non-linear transformation function ψ:

ψ : RM mapping−−−−−→ RD, xr
mapping−−−−−→ ψ (xr) . (3.31)

The transformation onto the feature space is expected to flatten the non-linear manifold where

{xr} lies. The transformed data, ψ (xr), can therefore have linear dependencies in the feature

space and then be decomposed by a standard linear PCA. The set of the transformed data ψ (x)

can be expressed by a D ×R matrix:

ψ (x) =
[
ψ (x1) ψ (x2) · · · ψ (xr) · · · ψ (xR)

]
, (3.32)

and the covariance matrix S̃ of the transformed data is given by:

S̃ =
1

N
· ψ (x) · ψ (x)T =

1

N

N∑
n=1

{
ψ (xr) · ψ (xr)

T
}
, (3.33)

where S̃ is aD×D matrix. Analogous to the procedure of the linear PCA, the reconstruction of

ψ (x) onto a lower-dimensional space requires solving the eigenvalue problem of S̃, which can
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be expressed as (suppose there areK non-zero eigenvalues of S̃):

S̃ · Ω̃ = Ω̃ · Λ̃, S̃ · Ω̃k = λ̃k · Ω̃k, (3.34)

where Ω̃ =
[
Ω̃1 Ω̃2 · · · Ω̃k · · · Ω̃K

]
is the eigenvector matrix of S̃with a size ofD×K ,

Λ̃ is a K ×K diagonal matrix whose entries are eigenvalues of S̃, the D × 1 column array Ω̃k

(k = 1, 2, · · · ,K) is the kth eigenvector of S̃, and λ̃k is the kth largest eigenvalue (the kth entry

of the diagonal matrix Λ̃) of S̃ . Note that the maximum number of non-zero eigenvalues of S̃

(K) can exceed the rank of the original data matrix (M ) since the size of S̃ (D) can be arbitrarily

large, i.e.,D ≥ K �M . However, as will be discussed later in the discussion of Equation (3.42),

the valueK is restricted by the number of observations R (i.e.,K ≤ R).

The successful mapping of the original data requires prior knowledge of the non-linear

transformation function ψ. However, it is often not obvious how to determine the exact ψ

required to align the non-linear data set onto the feature space. In other words, the covariance

matrix S̃ and its rankK are both unknown. Therefore, the “kernel trick” [76] is used to achieve

both the non-linear mapping and the principal components projection in the feature space in

one step without having to know the exact expression of ψ. One of the underlying properties

in the eigenvalue problem of S̃ (Equation (3.34)) is that each eigenvector can be expressed as a

linear combination of the transformed data, i.e.:

Ω̃k =
R∑

r=1

{ψ (xr) · αr,k} , (3.35)

where αr,k is the coefficient for the rth column in the transformed data and the kth eigenvector

of the covariance matrix. Therefore, Equation (3.34) can be re-written as:

1

R

R∑
i=1

{
ψ (xi) · ψ (xi)

T
}
·

R∑
j=1

{ψ (xj) · αj,k} = λ̃k ·
R∑
i=1

{ψ (xi) · αi,k} . (3.36)
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Multiply both sides of Equation (3.36) by ψ (xs)
T gives:

ψ (xs)
T · 1

R

R∑
i=1

{
ψ (xi) · ψ (xi)

T
}
·

R∑
j=1

{ψ (xj) · αj,k}

= ψ (xs)
T · λ̃k ·

R∑
i=1

{ψ (xi) · αi,k} . (3.37)

The kernel trick requires the use of the kernel function, which is defined as:

κ (xi,xj) := ψ (xi)
T · ψ (xj) , (3.38)

and thus Equation (3.37) can be expressed as:(8)

K ·K ·αk = R · λ̃k ·K ·αk (3.39)

K ·αk = R · λ̃k ·αk, (3.40)

whereK is aR×R symmetrical matrix (called the kernel matrix), whose ith row and jth column

element isKi,j = κ (xi,xj), and αk =
[
α1,k α2,k · · · αr,k · · · αR,k

]T is a R× 1 column

array containing all the R coefficients for the kth eigenvector (Ω̃k) of the covariance matrix S̃

(cf Equations (3.34) and (3.35)). The elements in the kernel matrix K can be directly computed

by the input data using different types of kernels. A Gaussian kernel is chosen for this study:

Ki,j = κ (xi,xj) = exp

(
−‖xi − xj‖2

2σ2

)
, (3.41)

where κ(xi,xj) denotes the kernel between a pair of observations xi and xj , exp (·) denotes the

exponential function, σ is a parameter that needs to be chosen based on the data set. The choice

of σ is typically based on the distance between the data points, such as the average distance to

the nearest neighbour [95] and the median of all the distances between any two data points [96].

In this thesis, σ was chosen to be half of the median of all the distances between any two different

(8) The removal ofK on both sides of Equation (3.39) only excludes the eigenvectors ofK that have zero eigenval-
ues [79], and hence it does not affect the principal components projection in the following steps.
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data points. Further investigations can be made to examine the effect of different choices of σ

on each data set.

With the kernel matrix K given by the input data, each αk can be solved from

Equation (3.40). Note that Equation (3.40) is the eigenvalue problem of the kernel matrix K,

which can again be solved by a SVD approach (the same procedure for POD and linear PCA,

cf Equations (3.15), (3.18) and (3.29)):

K = Q̃ · Ẽ · Q̃T = α ·
(
R · Λ̃

)
·αT, (3.42)

where Q̃ is a R × R unitary matrix, Ẽ is a R × R diagonal matrix containing sorted

eigenvalues of K in a descending order. Suppose there are K non-zero eigenvalues of K along

the main diagonal of the matrix Ẽ (ε̃k, where k = 1, 2, · · · ,K), one can find

α =
[
α1 α2 · · · αk · · · αK

]
, which has a size of R × K , from the first K columns of

the R ×R unitary matrix Q̃. It should be noted that the diagonal matrices Ẽ and Λ̃, which are

respectively the eigenvalue matrices of the kernel matrix K and the covariance matrix S̃, have

the same numbers of non-zero entries, and the non-zero values differ by a constant factor of R,

i.e., ε̃k = R · λ̃k. As such, K and S̃ have the same number of non-zero eigenvalues. In other

words, the value K (cf Equation (3.34)) can be found by computing the rank of the kernel

matrix K, and its maximum is R (the size of K).

The column arrays αk computed by Equation (3.42) are orthonormal, i.e., αT
i · αj = δij ,

since they are extracted from a unitary matrix Q̃. However, the actual requirement is that the

eigenvectors of the covariance matrix S̃ are orthonormal. Recall that from Equation (3.35),αk is

the coefficients for the kth eigenvector of the covariance matrix (Ω̃k), the normalisation of αk

can be achieved by:

Ω̃T
k · Ω̃k =

R∑
i=1

R∑
j=1

{
ψ (xi)

T · ψ (xj) · α∗
i,k · α∗

j,k

}
= 1, (3.43)
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3.2. Dimensionality reduction techniques

where the superscript ∗ denote the normalised parameters such that the eigenvectors in the

feature space (i.e., Ω̃k) are orthonormal. Note that although the transformation function ψ is

unknown, the termψ (xi)
T·ψ (xj) is given by the kernel function (cf Equations (3.38) and (3.41)).

Therefore, Equation (3.43) can be further simplified (using also Equations (3.40) and (3.42)):

Ω̃T
k · Ω̃k =

R∑
i=1

R∑
j=1

{
κ (xi,xj) · α∗

i,k · α∗
j,k

}
= 1

(α∗
k)

T ·K ·α∗
k = 1

R · λ̃k · (α∗
k)

T ·α∗
k = 1

ε̃k · (α∗
k)

T ·α∗
k = αT

k ·αk

α∗
k = (ε̃k)

− 1
2 ·αk, (3.44)

where both ε̃k and αk are known from the SVD result of the kernel matrix (Equation (3.42)).

Replacing αk with α∗
k in Equation (3.35) ensures the orthonormality of the eigenvectors Ω̃k in

the feature space.

Despite the eigenvectors in the feature space (Ω̃k, cf Equations (3.34) and (3.35)) cannot

be explicitly computed due to the unknown transformation function ψ, the projection of each

data point ψ (xi) onto each eigenvectors Ω̃k in the feature space can be found by (note that the

normalised α∗
k is used hereinafter):

βi,k = ψ (xi)
T · Ω̃k =

R∑
r=1

{
ψ (xi)

T · ψ (xr) · α∗
r,k

}
=

R∑
r=1

{
κ (xi,xr) · α∗

r,k

}
, (3.45)

or in matrix form: β = K · α∗, where βi,k (the ith row and kth column element of β) is the

projection of the ith data point onto the kth eigenvector in the feature space.

In the derivations above, an assumption has been made that the transformed data in the

feature space is centred such that 1
R

∑R
r=1 ψ (xr) = 0. This may not be the case for all the input

data, even if the original data were centred in the input space (i.e., 1
R

∑R
r=1 xr = 0), since the

unknown mapping ψ may change the centring property. To generalise the use of KPCA to all
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3.2. Dimensionality reduction techniques

the data (no matter whether they are centred in the feature space or not), Schölkopf et al. [76]

proposed to modify the kernel matrix K to the Gram matrix K̂, which is given by:

K̂ = K− 1R ·K−K · 1R + 1R ·K · 1R, (3.46)

where 1R is aR×Rmatrix whose elements all equal to 1
R . The Gram matrix K̂ can therefore be

computed from the kernel matrix, which is calculated from the input data set (cf Equation (3.41)),

without having to know the exact transformation function ψ. For a general data set whose

mapping in feature space is not necessarily centred, the Gram matrix is used to replace the

kernel matrix K in all the above-mentioned procedures — when obtaining the coefficients αk

(Equation (3.42)), and when evaluating the projection of each data point onto the eigenvectors

in the feature space (Equation (3.45)).

A dimensionality reduction process can be performed by taking the first d projections

(corresponding to the highest d eigenvalues), which is similar to the procedure used for the

linear PCA (cf Equation (3.28)):

ψ (xi) =
K∑
k=1

(
βi,k · Ω̃k

)
≈

d∑
k=1

(
βi,k · Ω̃k

)
, (3.47)

where the data in the feature space is approximated using d < K dimensions.

It should be noted that, however, the projection process is performed in the feature space

with unknown transformation function ψ and eigenvectors Ω̃k, and thus it cannot provide the

reconstructed data in the original physical space (called the “pre-images”). Mika et al. [77]

developed a backward mapping algorithm that finds the pre-images for Gaussian kernels.

Suppose the pre-image of the approximated ψ (xi) ∈ RD using the highest d eigenvalues is

z
(d)
i ∈ RM , the following minimisation problem needs to be solved:

min

∥∥∥∥∥ψ (z(d)i

)
−

d∑
k=1

(
βi,k · Ω̃k

)∥∥∥∥∥
2

, (3.48)
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where ψ
(
z
(d)
i

)
is the mapped z

(d)
i in the feature space. In the case of a Gaussian kernel, this

minimisation problem can be simplified to [77]:

z
(d)
i =

R∑
j=1

η(d)j · exp

 − ‖zi − xj‖2

2σ2

 · xj


R∑

j=1

η(d)j · exp

 − ‖zi − xj‖2

2σ2




, (3.49)

where η(d)j =
d∑

k=1

(
βj,k · α∗

j,k

)
. The value η(d)j for different data points j and different orders of

approximation d can be computed from the known α∗ (Equation (3.44)) and β (Equation (3.45))

matrices. Note that all the parameters in Equation (3.49) are given, except for z(d)i itself. The

column array z
(d)
i (with a size of P × 1) can be solved by an iterative process:

z
(d)
i,t+1 =

R∑
j=1

η(d)j · exp

 −
∥∥∥z(d)i,t − xj

∥∥∥2
2σ2

 · xj


R∑

j=1

η(d)j · exp

 −
∥∥∥z(d)i,t − xj

∥∥∥2
2σ2




, (3.50)

where z
(d)
i,t and z

(d)
i,t+1 denote, respectively, the choice of z(d)i in time step t and (t + 1). The

initial choice of z(d)i and the stopping criterion need to be chosen according to the data set to

ensure a converged result. For the purpose of de-noising, the original data xi can be used as

the starting point the the iteration [77]. For the flow field data set presented in this thesis, each

z
(d)
i consists of P vector magnitudes measured at various cycles or different locations (depends

on the arrangement of the data matrix, which will be discussed in detail later in this section).

Therefore, the stopping criterion for the data set in this thesis is that the maximum change of

vector magnitudes in sequential time steps is smaller than 0.01m/s. The converged result of z(d)i

at the chosen dimension d is considered as the dth-order KPCA approximation of the original data

xi. Note that the original data was centred around the ensemble mean, and thus the ensemble
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3.2. Dimensionality reduction techniques

mean needs to be added back to the KPCA approximations (the same procedure as used when

evaluating the POD approximations in Equation (3.28)). The ensemble mean is the zeroth-order

KPCA approximation for all the cycles.

The algorithm for KPCA with a Guassian kernel can be summarised as follows:

1. Use Equation (3.41) to compute the kernel matrix K (with a properly chosen σ) from the

original data xi, where xi is centred around the ensemble mean;

2. Use Equation (3.46) to convert the kernel matrix K to the Gram matrix K̂;

3. Solve the eigenvalue problem of the Gram matrix K̂ (Equation (3.42)) to obtain α and Ẽ

(note that the kernel matrix K needs to be replaced by the Gram matrix K̂);

4. Use Equation (3.44) to normalise α to α∗
k;

5. Use Equation (3.45) to obtain projections in the feature space β (note that the kernel

matrix K needs to be replaced by the Gram matrix K̂);

6. Choose a desired dimension d and use Equation (3.50) to obtain z
(d)
i (the dth-order KPCA

approximation of the original data xi);

7. Re-introduce the ensemble mean to z
(d)
i .

The paragraphs above present a generalised KPCA algorithm with a Gaussian kernel that

can be implemented on any data set. The data set of the fluctuation flow fields can be used in

two different ways as the input of the KPCA algorithm:

Approach A

The data set is arranged as a 2L × N matrix (i.e., V′ in Equation (3.11)), each data point xi in

Equation (3.30) refers to the velocity magnitudes measured at different locations of the same flow

field, and has a size of 2L×1 (the same asV′
n). The resulting kernel matrix has a size ofN ×N .

Approach B

The data set is arranged as a N × 2L matrix (i.e., the transpose of V′, denote (V′)T), each data
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3.3. Quantitative metrics for comparison of vector fields

point xi refers to the velocity magnitudes measured at a fixed location within the flow field in

different engine cycles, and has a size ofN×1. The resulting kernel matrix has a size of 2L×2L.

As mentioned in the introduction (Section 1.5), KPCA approximations filter out the additive

noise (whose type depends on the choice of kernel) from the original data [77]. Therefore, the

above-mentioned two data set arrangements have different meanings in terms of the type of

noise being filtered. When taking each cycle as a data point (Approach A), KPCA aims to filter

out the spatial noise within each flow field. On the other hand, if the velocity magnitudes at a

specified grid point are considered as a data point (Approach B), KPCA seeks to filter out the

temporal noise at each location among different cycles. Since POD treats each cycle as a data

point and the velocity components at a specific location as parameters, the former approach

(Approach A) was chosen in this thesis to enable a direct comparison with POD.

3.3 Quantitative metrics for comparison of vector fields

The validation of a flow simulation model requires frequent comparisons between the

simulated and measured flow fields at different flow conditions. The averaged or reconstructed

flow fields by any of the techniques discussed in the previous sections (Sections 3.1 and 3.2)

need to be compared with each other as well. Therefore, it is necessary to develop some metrics

for quantitative comparisons of any vector fields, without having to manually perform

inspections on numerous individual vector fields. In this section, four different vector field

comparison metrics are introduced.

3.3.1 Relevance index

In order to quantify the directional similarity between two vector fields, Liu and Haworth

[97] proposed the use of a normalised scalar product of the two vector fields, and termed it the

59



3.3. Quantitative metrics for comparison of vector fields

relevance index (RI):

RI =
〈A,B〉

‖A‖ · ‖B‖
, (3.51)

where 〈A,B〉 is the inner product of vector fields A and B, and ‖A‖ represents the L2 norm

of A; each vector field is re-arranged to a 2L × 1 column array in the calculation (the same

procedure as performed in Equations (3.1)–(3.3)). The RI is a single number that ranges from−1

to +1, in which +1 means the two vector fields are in perfect alignment.

The use of RI provides opportunities to use a single number to quantify the differences

between any two vector fields. It would be useful, on the other hand, to have the spatial

information about how well the two flow fields are aligned and where the major differences

occur. To achieve this, Chen et al. [98] and Zhao et al. [14] extended the idea of the RI to

point-to-point comparisons, and Zhao et al. [14] termed it the local structure index (LSI):

(LSI)` =
〈A`,B`〉

‖A`‖ · ‖B`‖
, (3.52)

where (LSI)` is the local structure index at location `, A` is the vector at location ` of the vector

field A. Instead of a scalar value for RI, the LSI is a scalar field which provides local alignment

information for vector pairs at the same spatial location from two vector fields. It should be noted

that the spatially-averaged value of an LSI field for two given vector fields is not equivalent to

the RI value for the same pair of vector fields — LSI treats each vector pair within the flow

fields independently, while the calculation of RI regards the entire flow field as a whole by re-

organising the two fields being compared into respective vectors with many dimensions (i.e., 2L

dimensions for a two-component flow field containing L locations). In other words, LSI is not

sensitive to any magnitude differences between the vectors. For instance, if the vectors in two

fields are respectively in the same direction but have different magnitudes at each location, LSI

produces a unity field, which trivially leads to one for the spatially-averaged value. The RI value,

however, accounts for the magnitude differences and is not equal to one unless the two fields are

strictly proportional to each other.
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3.3. Quantitative metrics for comparison of vector fields

In-cylinder flow in a modern GDI engine is often characterised by strong tumble and/or

swirl motions to enhance fuel-air mixing, and thus the in-cylinder flow fields usually contain

vortices and the flow speeds vary significantly at different locations. As the LSI has no

dependence on the magnitudes of the vectors inside each field being compared, the alignment

of low magnitude vectors carries the same weight as that of high magnitude vectors. The

reversal of the flow direction and rapid flow speed change across a vortex centre cause even

very small differences in the vortex centre location to result in very misaligned vectors (high

local LSI values). This undesired sensitivity in the low speed regions may lead to misleading

conclusions for the validity of simulation results when compared with the experimental data.

To enable a point-wise comparison which is sensitive to the alignment of both large and small

vector magnitudes, Scott and Willman [99, 100] proposed the use of weightings based on the

local vector magnitude compared to the flow field as a whole: the weighted relevance index

(WRI), the weighted magnitude index (WMI) and the combined magnitude and relevance index

(CMRI), which are discussed in the following sections.

3.3.2 Weighted relevance index

The weighted relevance index incorporates a misalignment penalty based on the LSI values

at each spatial location for a pair of flow fields. This penalty is then weighted by the normalised

local magnitude of each field which suppresses the penalty for small local velocities. For a

given angular difference, this weighting assigns more importance to misaligned high

magnitude vectors (a large absolute magnitude difference) than misaligned low magnitude

vectors. The WRI value at location ` in the vector field is calculated by:

(WRI)` =
1− (LSI)`

2
× ‖A`‖

median(‖A`‖)
× ‖B`‖

median(‖B`‖)
, (3.53)

where median(‖A`‖) is the median of the magnitudes for all vectors in A (including duplicate

values, if applicable). The normalisation factor is chosen to be the median of the magnitudes
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across the corresponding flow field for robustness against spurious vectors and small pockets of

high or low magnitudes determining the weighting factor for the entire field. The WRI produces

a field, whose values at each location l are all non-negative (may exceed 1 due to the weighting

factor). A lower WRI value means the two fields are aligned better at a certain grid point.(9)

The spatially-averaged WRI can also be computed to produce a single value that quantifies the

overall directional similarity between two vector fields. A lower spatially-averagedWRI suggests

a better overall alignment between the pair of vector fields.(10)

3.3.3 Weighted magnitude index

The weighted magnitude index is a method for quantifying differences in the magnitudes

of vectors between two vector fields using a dimensionless metric, which is independent of the

alignment of the vectors. The WMI value at location ` in the vector field is calculated by:

(WMI)` =
∣∣∣∣ ‖A`‖ − ‖B`‖
median(‖A`‖ , ‖B`‖)

∣∣∣∣ , (3.54)

where |·| denotes the absolute value, median(‖A`‖ , ‖B`‖) is the median of the magnitudes for

all vectors in A and B (including duplicate values, if applicable). Similarly to the WRI

(Equation (3.53)), the values of the WMI are normalised by the median value of the vector

magnitudes across both vector fields, in order to provide robustness of the normalisation

against spurious vectors and small pockets of high or low magnitudes as before. The WMI is

also a scalar field for any two given vector fields, whose values are all non-negative (they may

exceed 1 due to the weighting factor). Flow fields with similar local speeds generate low WMI

values at the evaluated grid points, and the WMI values at different locations can be spatially

(9) Note that this is different from the LSI (Equation (3.52)) — a lower LSI value means the two fields have a worse
alignment at the specified location.

(10) Again, this is different from the RI (Equation (3.51)), where a lower RI value means a poor overall alignment
between the two fields.
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averaged to provide a single value that quantifies the overall quality of magnitude alignment

between the pair of flow fields.

3.3.4 Combined magnitude and relevance index

The WRI and WMI quantify the differences in alignment and magnitude at each location of

any two vector fields, respectively. It is also useful to have a single metric which accounts for

both differences while retaining the spatial information. One straight-forward option is taking

a summation of the WRI and WMI values at each location to produce a new metric. However,

the values of WRI and WMI often have very different distributions and ranges for a given set of

flow field comparisons, and hence a normalisation process is needed before the summation. The

normalisation process is given by:

(WRInorm)` =
(WRI)` − (WRI)[0.02]

(WRI)[0.98] − (WRI)[0.02]
, (WMInorm)` =

(WMI)` − (WMI)[0.02]
(WMI)[0.98] − (WMI)[0.02]

, (3.55)

where (WRI)[0.02] represents the 2% quantile of the WRI values (i.e., the threshold value of the

WRI below which the best matched 2% of values occur), (WRI)[0.98] represents the 98% quantile

of the WRI values (i.e., the threshold value of the WRI above which the worst matched 2% of

values occur). This process ensures the central 96% of the WRI and WMI values lie within the

range 0 to 1 after the normalisation. For a given set of flow field comparisons, the values of

quantiles are constants. Therefore, the grid points with larger WRI or WMI values still have

larger WRInorm and WMInorm values. The combined magnitude and relevance index at location

l in the vector field can therefore be calculated by:

(CMRI)` =
(WRInorm)` + (WMInorm)`

2
. (3.56)

In this way the CMRI values retain sensitivity to both alignment and magnitude differences

relevant to the flow fields of interest by ensuring neither the WRI and WMI metric values

dominate the contribution to the CMRI.
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Chapter 4

Validation of flow model

using PIV ensemble mean

In this chapter, the engine operation repeatability and flow structure consistency among

multiple PIV measurement planes are firstly discussed. The evolution of PIV ensemble mean

flow fields during the intake and compression strokes is illustrated by the data at an example test

point. Visual inspections on the PIV and CFD flow fields are then performed on two test points

under different engine loads. The CFD flowmodel is then validated using the PIV ensemble mean

flow fields at these two test points. The differences between the measured and simulated flow

fields are quantified using the vector field comparison metrics defined in Section 3.3. Several

parts of this chapter are adapted from a paper [1] first-authored by the author of this thesis with

additional information and more detailed discussions included.
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4.1 Engine operation consistency and repeatability

The collection of the multi-plane and multi-test-point data set involves months of work, and

tests were conducted on a plane-to-plane basis, in order to minimize the optical alignment work

and to maintain consistent location of the light sheet. As a result, experiments at the same test

point but in different planes can be separated by weeks or even months. Additionally, the PIV

recording at each test points in a specific plane, as mentioned in the previous section, had to

be divided into several test runs since the camera memory is not large enough for recording

300 consecutive cycles. Therefore, it is important to check engine operation consistency among

measurement planes and the experiment repeatability across test runs.

The pressure transducer installed in the cylinder head (see Appendix A) provides real-time

in-cylinder pressure measurements at every crank angle degree, and the in-cylinder pressure

serves as a goodmetric that quantifies the engine operation consistency. The in-cylinder pressure

traces for four example test conditions and in fourmeasurement planes are reported in Figure 4.1,

where the traces are averaged for 100 or 150 engine cycles in a single test run. The four points

differ in loads and compression ratios — the upper row points have a lower load (T1, see the

baseline load in Table 2.3) than the bottom row points (T2), and the points on the left column

have a lower compression ratio (Piston B, 11 : 1) than the points on the right column (Piston

C, 12.5 : 1). As a result, the peak pressure increases from around 6 bar in the T1 Piston B case

(Figure 4.1(a)), to about 13.5 bar at the T2 Piston C point (Figure 4.1(d)). For each condition,

the in-cylinder pressure data when conducting PIV tests in different measurement planes are

respectively represented in different colours, while different line styles are used to illustrate the

pressure traces recorded in multiple test runs for the same PIV measurement plane.

The four test conditions all show a reasonably good experimental repeatability among test

runs at each of the four measurement planes (different line styles, same colour). The maximum

relative error in peak pressure is less than 1.1% for the two T1 cases, and just exceeds 1.2%
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(a) T1 load, Piston B, C33 camshaft, DVA
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(b) T1 load, Piston C, C33 camshaft, DVA
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(c) T2 load, Piston B, C33 camshaft, DVA
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(d) T2 load, Piston C, C33 camshaft, DVA
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Figure 4.1: In-Cylinder pressure traces under different test conditions, each with a zoomed-in
plot at high pressure regions. The zoomed-in region is bounded by a brown dashed box filled
with light yellow colour in the corresponding main plot. The four test conditions differ in the
engine loads and the piston equipped when the test was conducted. The C33 camshaft was used
and the engine was operated with both intake valves open (i.e., DVA) for all four test conditions.
The pressure data were recorded when the PIV measurements were taken in different planes:
blue lines for the tumble plane (TP), dark green lines for the cross-tumble plane (CTP), red lines
for the lower swirl plane (L-SP) and purple lines for the higher swirl plane (H-SP). The pressure
data from different test runs are shown in different line styles (solid, dashed and dotted).
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for the T2 ones. The consistency over various measurement planes (different colours), despite

the greater error (7–8% in all cases), is still acceptable considering that the tests were separated

by months. The change of peak pressure may be a combined result from piston ring ageing

(which generates variations in sealing performance and blow-by losses) and minor differences

in the cylinder volume (and hence the compression ratio) between Perspex and quartz annuli

(see Figure A.4) — the TP and L-SP points were using the Perspex annulus, while the H-SP and

CTP measurements were using the quartz one.

4.2 Multi-Plane PIV flow fields visualisation and consistency

The in-cylinder flow is highly turbulent and its structure varies from cycle to cycle, hence it

is not practical to directly compare individual flow fields that were measured on different planes.

Instead, as mentioned in Section 3.1, one can extract the major flow structures that are present

in various cycles by applying the Reynolds decomposition [87] to the data set, and obtain the

ensemble mean flow field. The Reynolds decomposition averages out the turbulence and cyclic

variation in the flow, while retaining the overall flow direction and structure, and hence the

resulting ensemble mean enables the flow structure visualisation and comparison among various

measurement planes. In this section, the evolution of key in-cylinder flow structures viewed on

different measurement planes is discussed, and the consistency in the ensemble means of multi-

plane PIV flow fields is examined.

Figure 4.2 shows the isometric view of the PIV ensemble mean flow fields for an example test

point at 290◦ bTDCf (during intake) and 70◦ bTDCf (during compression) across the lower swirl

(x–y plane, where z = −3.5 mm), tumble (x–z plane, where y = −1 mm) and cross-tumble

(y–z plane, where x = 0mm) planes. The engine was equipped with Piston B and C33 camshaft,

and operated under the T2 load (see Table 2.3) with both intake valves open (i.e., DVA). The in-

cylinder pressure trace for this test point was reported in Figure 4.1(b). The flow fields at the two
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(a) 290◦ bTDCf (b) 70◦ bTDCf

Figure 4.2: Isometric view of two-component in-plane velocities for PIV ensemble mean flow
fields for a T2 load test point. The engine was equipped with Piston B and C33 camshaft and
operated with both intake valves open (i.e., DVA). The in-plane vectors in each measurement
plane are plotted in different colours – red vectors: tumble plane; black vectors: lower swirl
plane; white vectors: cross-tumble plane. Note that the colour scales in the two plots are differ-
ent due to a slower flow motion at 70◦ bTDCf (during the compression stroke) compared to at
290◦ bTDCf (during the intake stroke). PIV data in the higher swirl plane (3mm above the lower
swirl plane) are also available at this test point, but are not shown here for a clearer visualisation.

crank angles respectively illustrate two major features of the in-cylinder flow – the intake jet (at

290◦ bTDCf) and the tumble vortex (at 70◦ bTDCf). It is explicit that the planar PIV can only

visualise a slice of the three-dimensional flowmotion, and the following paragraphs discuss how

these three-dimensional flow features evolve during the intake and compression strokes from a

two-dimensional point of view.

Figures 4.3–4.9 exemplify the evolution of the in-cylinder flow field from early intake

(290◦ bTDCf) to late compression (45◦ bTDCf) strokes in all four measurement planes for the

T2 point. Note that the higher swirl plane data is only available in the late compression stroke

(after 90◦ bTDCf).

During the early intake stroke (Figure 4.3), the strong intake jets from the two inlet valves

dominate the flow in all the three available planes. On the tumble plane, the high speed region

(colour scale in yellow) is concentrated under the intake valve (top-left corner) as the one inlet jet
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overlays with the other, whereas in the cross-tumble and lower swirl planes, the two jets collide

and combine into one, and the in-plane flow is quite symmetric with respect to the y axis. High

speed regions can be observed in the upper middle of the cross-tumble plane and at the centre of

the lower swirl plane, with the surrounding air “circling” around as induced by the intake jets.

The intake jets continue introducing kinetic energy to the in-cylinder flow, and when the

intake valve closes (Figure 4.4), the flow induced by the intake jets develops into a so-called

“tumble vortex”, one of the major features for in-cylinder flow [101]. The vortex rotates with

respect to the y axis, and its centre is slightly below the field of view in the tumble plane plot.

On the cross-tumble plane, the flow is generally pointing downwards, while the magnitude is

very small, meaning that the vortex centre is very close to the measured cross-tumble plane. The

in-plane flows on the three planes show very good agreement — the high speed region is near

the belt side and under the intake valve; the overall flow direction is from intake to the exhaust

at the upper part of the cylinder (see tumble and lower swirl); and flows near the edge of the

field of view are moving from the centreline to the sides of the cylinder (see cross-tumble and

lower swirl).

As the flow evolves, the tumble vortex centre moves from the intake side to the exhaust side.

This process generates a near-zero velocity region as the centre travels through the cross-tumble

plane (Figure 4.5), and causes the flow direction to flip from downwards to upwards. At this

specific test point, the flow flipping takes about 20 crank angle degrees around 210◦ bTDCf, and

the upper and lower parts of the cross-tumble flow at this crank angle have opposite directions

as the transition is happening.

When the piston moves to the bottom dead centre (BDC, Figure 4.6), the centre of the tumble

vortex offsets towards the exhaust side, and the flow direction in the cross-tumble plane has

fully turned upwards. At this crank angle, the vortex centre is cutting the lower edge of the

fields of view on both the tumble and cross-tumble planes, while the centre, from the first glance,

is slightly lower in the tumble plane measurements. The flow on the lower swirl plane is still
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moving from the intake to the exhaust side, as the vortex centre is far below.

The next key feature is that the tumble vortex will be squeezed by the upward-moving piston

motion, and thus its centre moves towards the cylinder head. This process spans over multiple

crank angles in the compression stroke, and at 65◦ bTDCf (Figure 4.7), the tumble vortex centre

reaches the lower swirl plane, which again generates an almost stationary flow region and causes

the flow direction to flip. The flow in the central region of the lower swirl plane has just turned

to the opposite direction (from exhaust to intake) as the vortex centre travelling through this

plane, while the flow directions in the surrounding regions are yet to change. On the higher

swirl plane, the flow remains moving from the intake to the exhaust side, since the vortex centre

is still about 3 mm lower.

The vortex centre finally reaches the higher swirl plane at 55◦ bTDCf (Figure 4.8), and the

flow flipping occurs again. The zero velocity region is now slightly near the exhaust side, and

shows a good match with the tumble plane data. The lower swirl plane flow field, on the other

hand, has almost changed to uniformly from exhaust to intake, confirming that the vortex centre

is now higher than the lower swirl plane.

The flow flipping on the higher swirl plane finishes around 40◦ bTDCf (Figure 4.9) and at

this late-compression phase, the effects of the pop-up on the shaped piston (see Figure A.5) can

also be observed. The flow is pushed towards the centreline of the cylinder (see the cross-tumble

and lower swirl planes), and accelerates as the piston moves upwards. This finding confirms that

one of the original JLR engine design intentions is realised, that the flow under the spark plug is

indeed accelerated in order to promote faster combustion.

The intersection of different planes offers an opportunity to quantify the consistency

between the PIV experiments at the same test condition, as each pair of planes shares a single

component of velocity along the line of intersection. For instance, as shown in Figure 4.2, the

tumble plane and the lower swirl plane intersect with each other along a line that is parallel to

the x axis, and one can compare the x-direction velocity components measured in these two
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Higher swirl plane data is not
available at this crank angle.

Figure 4.3: Ensemble mean flow fields and engine parameters at 290◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Higher swirl plane data is not
available at this crank angle.

Figure 4.4: Ensemble mean flow fields and engine parameters at 220◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Higher swirl plane data is not
available at this crank angle.

Figure 4.5: Ensemble mean flow fields and engine parameters at 210◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Higher swirl plane data is not
available at this crank angle.

Figure 4.6: Ensemble mean flow fields and engine parameters at 180◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Figure 4.7: Ensemble mean flow fields and engine parameters at 65◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Figure 4.8: Ensemble mean flow fields and engine parameters at 55◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Figure 4.9: Ensemble mean flow fields and engine parameters at 40◦ bTDCf for the example test
point (T2, Piston B, C33, DVA). The top plot shows the engine parameters: in-cylinder pressure
trace (blue solid line), intake valve lift (purple solid line) and exhaust valve lift (purple dashed
line). The bottom four plots show the PIV ensemble mean flow fields in different measurement
planes, while the higher swirl plane data is only available in the late compression stroke (after
90◦ bTDCf). The coloured dashed lines in each flow field plot mark the corresponding locations
of other planes, where the arrows illustrate the viewing direction. Each plane is marked by a
different colour: tumble plane (blue), higher swirl plane (purple), cross-tumble plane (dark green)
and lower swirl plane (red). Due to the differences in flow speeds, the colour scale may change
in different planes (within this figure) or at different crank angles (among Figures 4.3–4.9).
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Figure 4.10: Comparison of common-component PIV velocities along the intersections of the
three planes: tumble plane (blue), cross-tumble plane (dark green) and lower swirl plane (red).

planes at multiple grid points along the line. The comparison of common-component velocities

along the intersections of the three planes are shown in Figure 4.10 for 290◦ bTDCf (during

intake) and 55◦ bTDCf (during compression). The trend of the velocity profile is well matched

across all planes during both intake (top) and compression (bottom) strokes, albeit with small

offsets in both position and magnitude when comparing the lower swirl (red) with the other

two planes (tumble in blue, cross-tumble in dark green) during the intake stroke.

Themulti-plane PIV flowfields show remarkable consistency at this test point despite that the

data were recorded with an interval of several months, and such findings, although not presented

here for the sake of brevity, can also be observed in the other test points that have data on more

than one plane (see Table 2.4). It can be assumed that the major flow structures observed in the

ensemble mean flow fields are quite consistent among different measurement planes as long as

the engine operation parameters were carefully controlled (see Section 4.1). Therefore, the PIV

ensemble means in multiple planes may be used as the validation targets for CFD flow models.
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4.3 Visual inspection on PIV and CFD flow fields

Isometric views of the PIV and CFD flow fields across the tumble, cross-tumble and lower

swirl planes are presented for six crank angles covering the intake (330◦, 300◦ and

200◦ bTDCf) and compression (140◦, 80◦ and 50◦ bTDCf) strokes for two engine loads – the T1

load in Figure 4.11 and the T2 load(1) in Figure 4.12, respectively. The T1 load has a lower peak

pressure (see Figure 4.1(a)) and a smaller intake air volume flow rate (see Table 2.3) than the T2

load (see Figure 4.1(b)).

On visual inspection there appears to be in most cases a good overall match between the

experimental (left columns in Figures 4.11 and 4.12) and simulated flow fields (right columns),

with consistency in the structures of the in-cylinder flow across all three planes, for each crank

angle and for both test conditions. At 330◦ bTDCf the intake jet is visible in the tumble plane

for both T1 (Figure 4.11(a)–(b)) and T2 (Figure 4.12(a)–(b)) and the directed intake runner,

intended to generate high levels of tumble, gives a significant component of the flow in the

x-direction from inlet to exhaust which results in the generation of a pair of counter-rotating

vortices in the lower swirl plane. At 300◦ bTDCf the intake jet is well established in all cases.

The cross-tumble and lower swirl planes show lower velocities except for a region of horizontal

flow across the piston for the T1 PIV tumble plane flow field (Figure 4.11(c)) which is

qualitatively not apparent for T2 PIV data (Figure 4.12(c)) or the CFD flow fields at either

condition (Figures 4.11(d) and 4.12(d)). The flow fields at later crank angles, 200◦, 140◦ and

80◦ bTDCf (Figures 4.11(e)–(j) and 4.12(e)–(j)), show the evolution of the main tumble motion

as the tumble vortex centre moves from inlet to exhaust over the course of the late intake and

early compression strokes. In-plane velocities for the cross-tumble plane are low for these

timings due to the dominant flow motion being out of plane. At around 50◦ bTDCf the rising

(1) Data presented and discussed in the previous section (Section 4.2) were also recorded under this test condition
(T2, Piston B, C33, DVA).
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piston causes the tumble vortex centre to intersect the lower swirl plane for the T1 test point

(Figure 4.11(k)–(l)), resulting in low in-plane velocities; the similar behaviour can also be

observed for the T2 test point (Figure 4.12), albeit that the tumble vortex centre reaches the

lower swirl plane slightly earlier (at around 65◦ bTDCf, as discussed in Section 4.2).

The RANS simulation has achieved a good qualitative match with the ensemble mean PIV

measurements. However, some differences are apparent such as the increased velocity

magnitudes within the tumble plane CFD flow fields, the small differences in the tumble vortex

centre location between the PIV and CFD flow fields, and the extent of the intake jet for the T1

test condition (Figure 4.11). The PIV ensemble mean for the T2 test condition (Figure 4.12(c))

has lower peak velocities and a broader jet than the CFD jet flows (Figure 4.12(d)); presumably

this is a result of oscillations in the jet that are averaged-out when the PIV data is ensemble

averaged. The discrepancies between the PIV data and CFD results need to be examined

beyond the qualitative visual inspection, which calls for the quantitative comparisons using the

metrics introduced in Section 3.3. The WRI, WMI and CMRI metrics will provide greater

insight into which flow features are well represented by CFD and which show differences to

the experiments and have the potential to inform improvements to the simulation of these

in-cylinder flows.

4.4 Investigation using the vector field comparison metrics

TheWRI, WMI and CMRI metrics (see Section 3.3) are used to identify key timings within the

cycle for the T1 and T2 test conditions discussed in the previous section (Section 4.3) for which

differences between the PIV ensemble mean and CFD flow fields are significant in one or more of

the tumble, lower swirl or cross-tumble planes. In addition to these two test points,(2) two extra

(2) The two test points (discussed in Sections 4.3 and 4.4) are: T1, Piston B, C33, DVA and T2, Piston B, C33, DVA.
For brevity denote the “T1” and “T2” test points, respectively.
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(a) T1 load, 330◦ bTDCf, PIV (b) T1 load, 330◦ bTDCf, CFD

(c) T1 load, 300◦ bTDCf, PIV (d) T1 load, 300◦ bTDCf, CFD

(e) T1 load, 200◦ bTDCf, PIV (f) T1 load, 200◦ bTDCf, CFD

Figure 4.11: Isometric view of two-component in-plane velocities for PIV ensemble mean (left
column) and CFD (right column) flow fields at the T1, Piston B, C33, DVA test point. The in-
plane vectors in each measurement plane are plotted in different colours – red vectors: tumble
plane; black vectors: lower swirl plane; white vectors: cross-tumble plane. Note that the colour
scales may differ among the plots for different crank angles due to the change in the flow speed.
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(g) T1 load, 140◦ bTDCf, PIV (h) T1 load, 140◦ bTDCf, CFD

(i) T1 load, 80◦ bTDCf, PIV (j) T1 load, 80◦ bTDCf, CFD

(k) T1 load, 50◦ bTDCf, PIV (l) T1 load, 50◦ bTDCf, CFD

Figure 4.11: Isometric view of two-component in-plane velocities for PIV ensemble mean (left
column) and CFD (right column) flow fields at the T1, Piston B, C33, DVA test point. The in-
plane vectors in each measurement plane are plotted in different colours – red vectors: tumble
plane; black vectors: lower swirl plane; white vectors: cross-tumble plane. Note that the colour
scales may differ among the plots for different crank angles due to the change in the flow speed.
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(a) T2 load, 330◦ bTDCf, PIV (b) T2 load, 330◦ bTDCf, CFD

(c) T2 load, 300◦ bTDCf, PIV (d) T2 load, 300◦ bTDCf, CFD

(e) T2 load, 200◦ bTDCf, PIV (f) T2 load, 200◦ bTDCf, CFD

Figure 4.12: Isometric view of two-component in-plane velocities for PIV ensemble mean (left
column) and CFD (right column) flow fields at the T2, Piston B, C33, DVA test point. The in-
plane vectors in each measurement plane are plotted in different colours – red vectors: tumble
plane; black vectors: lower swirl plane; white vectors: cross-tumble plane. Note that the colour
scales may differ among the plots for different crank angles due to the change in the flow speed.
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(g) T2 load, 140◦ bTDCf, PIV (h) T2 load, 140◦ bTDCf, CFD

(i) T2 load, 80◦ bTDCf, PIV (j) T2 load, 80◦ bTDCf, CFD

(k) T2 load, 50◦ bTDCf, PIV (l) T2 load, 50◦ bTDCf, CFD

Figure 4.12: Isometric view of two-component in-plane velocities for PIV ensemble mean (left
column) and CFD (right column) flow fields at the T2, Piston B, C33, DVA test point. The in-
plane vectors in each measurement plane are plotted in different colours – red vectors: tumble
plane; black vectors: lower swirl plane; white vectors: cross-tumble plane. Note that the colour
scales may differ among the plots for different crank angles due to the change in the flow speed.
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test points(3) were used for the normalisation of theWRI andWMImetric values (Equation (3.55))

to produce the CMRI (Equation (3.56)), in order to provide a more comprehensive scale that

accounts for the variations in the flow fields for various test conditions. This allows quantitative

comparison of differences both between planes and between test points by using the absolute

values of the comparison metrics.(4)

4.4.1 Initial investigation using the CMRI

Figure 4.13 presents the spatially-averaged CMRI (hereinafter simply referred as “CMRI”)

values for the comparison of PIV and CFD flow fields throughout the intake and compression

strokes for the T1 and T2 test points. This coarse overview condenses the spatial information

within the comparison of PIV to CFD across each plane, for both directional and magnitude

differences, into a robust scalar value at each crank angle. The CMRI values for each of the three

planes are weighted by one-third and displayed cumulatively at each crank angle, hence the

height of the total shaded region represents the overall difference between the PIV and CFD data

across all planes. The contribution of the tumble (blue), lower swirl (red) and cross-tumble (dark

green) planes to the combined difference in flow fields is given by the height of each regions. The

solid purple line (right y axis) in each load shows the mean intake valve lift for all the measured

cycles. The CMRI values reported in Figure 4.13 identify four aspects during the intake and

compression strokes which merit further investigation into the quality of the match between the

CFD and PIV flow fields. These four aspects are discussed in detail in the following paragraphs.

The values of the spatially-averaged CMRI vary at the 61 measured crank angles and in the

three measured planes (Figure 4.13). The quality of the match in each plane can be quantified

by the arithmetical mean of the CMRI values over the entire crank angle range (61 values for

(3) The two extra test points (used for CMRI calculation only) are: T1, Piston B, bootleg, DVA and T1, Piston C,
C33, DVA. Details of the test points were listed in Tables 2.3 and 2.4.

(4) All the values of the WRI and WMI metrics presented in this section are normalised using Equation (3.55).
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Figure 4.13: Spatially-Averaged CMRI for the T1 and T2 test points, shown as stacked histograms
(left y axis) for data in the tumble (blue), lower swirl (red) and cross-tumble (dark green) planes.
The solid purple line (right y axis) in each plot shows the mean intake valve lift for all the mea-
sured cycles at the listed engine loads. The mean values in each plane reported on the legends
refer to the arithmetical mean of the spatially-averaged CMRI values over the entire crank angle
range (i.e., the mean of the 61 values from 330◦ to 30◦ bTDCf).

each plane), and the mean values are reported on the legends. The cross-tumble plane provides

the largest contribution to the differences between the PIV and CFD data for both the T1 (mean

CMRI = 0.098) and T2 (mean CMRI = 0.105) loads. The tumble plane and the lower swirl plane

are similarly well matched, but with T2 better matched for both the tumble plane and the lower

swirl plane (mean CMRI = 0.035 and 0.042) than T1 (mean CMRI = 0.045 and 0.052). Themean

of all 183 spatially-averaged CMRI values (61 measured crank angles × three measured planes)

at each load suggests that both test points are well matched overall, but T2 provides a slightly

better match (overall mean CMRI = 0.183) compared to T1 (overall mean CMRI = 0.195).

The T2 test point is better matched during the intake stroke (mean CMRI ≈ 0.2 for the crank

angles during the intake stroke, Figure 4.13(b)). The CMRI is stably low until a rise during the

intake valves closing (IVC) at around 240◦ bTDCf. The IVC peak in CMRI can be observed in

all three planes, where the CMRI values approximately doubles in each plane compared to the
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preceding values (at 5◦–10◦ CA earlier). The peaks in CMRI also occur at a slightly different

timing in the three planes (235◦ bTDCf in TP, 240◦ bTDCf in L-SP and 230◦ bTDCf in CTP), as

the flow change due to the intake valve closing may take a different time to reach each plane. On

the other hand, the PIV and CFD flow fields at the T1 test point have greater differences during

the intake stroke (mean CMRI ≈ 0.3 at the crank angles during the intake stroke, Figure 4.13(a))

— the CMRI values are high until the match improves after 235◦ bTDCf. The lower swirl plane is

well-matched by IVC (at around 260◦ bTDCf, CMRI = 0.018) but large differences are identified

for the tumble (CMRI = 0.121) and cross-tumble (CMRI = 0.137) planes.

During the development of the tumble flow, the T1 test point has a peak in CMRI (0.313) at

around 230◦ bTDCf due to differences in the cross-tumble plane but is well matched (CMRI <

0.14) across all three planes from 210◦ to 150◦ bTDCf (Figure 4.13(a)). The T2 load displays a

consistently high total CMRI (≈ 0.25) lasting for approximately 90◦ crank angles from IVC (at

around 240◦ bTDCf), mainly arising from differences in the cross-tumble plane (Figure 4.13(b)).

The lower swirl plane for T2 (CMRI ≈ 0.025) is better matched than T1 (CMRI ≈ 0.04), while

the tumble plane is similarly well matched for both test conditions (both CMRI ≈ 0.03).

During the compression stroke, the T1 test point has a gradual increase in the CMRI values

in the cross-tumble plane from 160◦ bTDCf, peaking at 100◦ bTDCf (Figure 4.13(a)). The major

contribution to the increase of the cumulative CMRI values arises from the differences in the

cross-tumble plane (mean CMRI = 0.132 during the compression stroke), as compared to the

lower values in the tumble (mean CMRI = 0.038) and the lower swirl (mean CMRI = 0.033)

planes. In contrast, once the high CMRI plateau of the T2 load ends at around 140◦ bTDCf

(Figure 4.13(b)), the cumulative CMRI gradually decreases. Excellent matches in the tumble

(mean CMRI = 0.016) and lower swirl (mean CMRI = 0.015) planes can be found throughout

the compression stroke of the T2 load, while the differences still mainly exist in the

cross-tumble plane (CMRI = 0.063). In the late-compression stroke, both loads (T1 at around

45◦ bTDCf, T2 at around 55◦ bTDCf) have a peak in the lower swirl plane CMRI values.
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The spatially-averaged CMRI results already give a quantitative overview of where the CFD

flow fields matches well with PIV for each test condition. However far more information is

available, firstly by further investigation using theWRI andWMI metrics to distinguish between

differences in alignment from differences in magnitude, and secondly using the key timings of

interest identified for each plane to inform the inspection of the spatially resolved metric fields

and the flow fields themselves. The key features of the CMRI values in Figure 4.13 can be assigned

as arising from two main characteristics of the in-cylinder flow — the development of the intake

jet formedwhile the inlet valves are open, and themotion of the tumble vortex centre throughout

the cylinder for this tumble-dominated flow geometry. Both characteristics are highly three-

dimensional flow structures and their dynamics are best studied by consideration of the flow

field interactions across all three planes in the following sections.

4.4.2 CMRI peaks during the intake process

The CMRI values of the T1 test point in Figure 4.13(a) show three distinct peaks at 330◦,

300◦ and 265◦ bTDCf during intake for the tumble plane, and these correspond to significant

differences in the simulated and experimental flow fields. Investigation on the flow fields at

these key timings (Figure 4.14) reveals these CMRI peaks arise from different features of the

intake flow fields. At 330◦ bTDCf the local flow directions are well matched with low WRI

values (Figure 4.14(c)) but there is a large difference in the velocity magnitudes with high WMI

values (Figure 4.14(d)) which leads to the first CMRI peak. The high velocity region of the PIV

intake jet (Figure 4.14(a)) is located further towards the exhaust while the centre of the intake

jet predicted by CFD (Figure 4.14(b)) is closer to the inlet and has a higher velocity than the jet

measured by PIV. By 300◦ bTDCf the intake jet for both PIV and CFD is well established. The

CFD jet (Figure 4.14(f)) takes up a much larger region of the upper-exhaust side of the field of

view with a clear distinction between the high velocity jet and the slow bulk flow in the central
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and inlet side regions of the cylinder. The PIV jet (Figure 4.14(e)) is located much closer to the

cylinder head and the overlap between the slow recirculating flow below the PIV jet and the fast

lower edge of the CFD jet produces very high WMI values. The PIV flow field also contains a

high medium velocity horizontal flow across the piston at around z = −20mm. This cross-flow

leads to high WRI values (Figure 4.14(g)) on the exhaust side where it opposes the CFD intake

jet direction and high WMI values (Figure 4.14(h)) above the piston surface where the simulated

flow is of much lower speed. As the intake valves close, the behaviour of the intake jet differs

between the PIV and CFD flow fields. For PIV, the closing valves result in the disappearance of

the intake jet at 265◦ bTDCf (Figure 4.14(i)) when the valve lift is very small and the formation

of the bulk tumble flow which persists for the remainder of the cycle. At the same crank angle,

in contrast, the small valve lift results in a narrowing of the intake jet and an increase in peak

velocity for the CFD flow field (Figure 4.14(j)). This difference in flow speed is captured by the

WMI plot in Figure 4.14(k), in which the WMI values are high in the jet region at 265◦ bTDCf

(Figure 4.14(l)). The CFD intake jet disappears once the valves are fully closed at 255◦ bTDCf

(not shown in Figure 4.14 for brevity), regaining a good match with the PIV flow fields in later

crank angles (low CMRI, see Figure 4.13(a)).

In contrast to the lower load T1, the higher load T2 has a very good overall match while the

intake valve are open (Figure 4.15). For both 330◦ (Figure 4.15(a)–(d)) and 300◦ bTDCf

(Figure 4.15(e)–(h)) there is an excellent directional match between the PIV and CFD flow

fields, with only a minor overestimation of the velocity magnitudes for CFD resulting in

slightly raised WMI values (Figure 4.15(h)). The intake jet at T2 (Figure 4.15(e)) is much broader

and lower velocity than T1, covering a large portion of the field of view and does not result in

the cross-piston flow present in the T1 PIV flow field (Figure 4.14(e)). Once the intake valves

have almost fully closed at 235◦ bTDCf (15% of the peak lift) however, a similar behaviour to

that of T1 is observed. The PIV intake jet (Figure 4.15(i)) disappears and the CFD intake jet

(Figure 4.15(j)) again narrows and increases in peak velocity magnitude, resulting in high WMI
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Figure 4.14: PIV ensemble mean (Column 1) and CFD (Column 2) flow fields during the intake
process for the T1 test point with local differences in direction and magnitude quantified using
the WRI (Column 3) and WMI metrics (Column 4) respectively. Each row displays data from a
different crank angle identified as a key timing of interest by a peak in the spatially-averaged
CMRI values in Figure 4.13(a).(5)

values (Figure 4.15(l)). Note that the data in the last row (Figure 4.15(i)–(l)) were recorded at

235◦ bTDCf for the T2 test point, instead of 265◦ bTDCf for the T1 test point in the previous

figure (Figure 4.14(i)–(l)), due to a later intake valve closing (IVC) time at the higher load (T2).

(5) For clarity only every third vector is plotted in each direction, instead of every two vector in other flow field
plots in this thesis. This plot style is also adopted in Figures 4.15, 4.16 and 4.18–4.21.
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Figure 4.15: PIV ensemble mean (Column 1) and CFD (Column 2) flow fields during the intake
process for the T2 test point with local differences in direction and magnitude quantified using
the WRI (Column 3) and WMI metrics (Column 4) respectively. Each row displays data from a
different crank angle identified as a key timing of interest by a peak in the spatially-averaged
CMRI values in Figure 4.13(b).

4.4.3 CMRI peaks due to the tumble vortex motion

The CMRI peak for the T1 test point around 230◦ bTDCf (Figure 4.13(a)) arises from the

tumble vortex centre passing through the cross-tumble measurement plane 10◦ CA earlier for

the PIV measured flow field compared to the CFD simulation (Figure 4.16). The low velocities

near the tumble vortex centre first make an appearance in the PIV flow fields at 250◦ bTDCf

(Figure 4.16(a)), disturbing the otherwise downwards flow in the central tumble plane as the
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Figure 4.16: Flow direction reversal in the cross-tumble plane for the T1 test point due to the
motion of the tumble vortex centre passing through the measurement plane for PIV ensemble
mean (Column 1) and CFD (Column 2) flow fields with local differences in direction and magni-
tude quantified using the WRI (Column 3) and WMI metrics (Column 4), respectively. Note that
the flow direction reversal occurs at different crank angles (rows) for PIV ensemble mean and
CFD flow fields.

tumble vortex centre is initially formed on the inlet side of the cylinder and the tumble motion

is anti-clockwise when viewed in the tumble plane (Figure 4.14(i)). As the tumble vortex centre

traverses the cross-tumble plane from the inlet (positive x) to the exhaust (negative x), the flow in

the central cross-tumble reverses for PIV at 240◦ bTDCf (Figure 4.16(e)), resulting in an upwards

flow at 230◦ (Figure 4.16(i)) and 220◦ bTDCf (Figure 4.16(m)). This vortex crossing occurs 10◦ CA

later for the CFD flow field at 230◦ bTDCf (Figure 4.16(j)), causing high values of the WRI due to

the opposed flows between CFD and PIV at 240◦ bTDCf (Figure 4.16(g)), followed by high values
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Figure 4.17: Spatially-Averaged WRI for the T1 and T2 test conditions, shown as stacked his-
tograms (shaded areas, left y axis) for data in the tumble (blue), lower swirl (red) and cross-tumble
(dark green) planes. The solid purple line (right y axis) in each plot shows the mean intake valve
lift for all the measured cycles at the listed engine loads.

of the WMI due to the low velocities within the tumble vortex centre for CFD at 230◦ bTDCf

(Figure 4.16(l)). Once the tumble vortex is found on the exhaust side of the cylinder for both PIV

and CFD, there is a good match in both direction and magnitude from 220◦ to 150◦ bTDCf as

shown by the low CMRI values in Figure 4.13(a).

The extended period of high spatially averaged CMRI values in the cross-tumble plane from

from 230◦ to 140◦ bTDCf identified in Figure 4.13(b) for the T2 test point may be assigned to a

difference primarily in flow direction as high WRI values provide the dominant contribution to

the increase in CMRI over these crank angles (Figure 4.17(b)). These directional differences arise

from a sequence of flow reversals for both PIV and CFD in the cross-tumble plane as a result of

the motion of the tumble vortex centre across the tumble plane during the cycle (Figure 4.18).

At 225◦ bTDCf the intake valves are fully closed and the bulk tumble flow is establishing. The

tumble vortex centre for the CFD flow field is at approximately z = −30 mm (Figure 4.18(b)),

and the tumble motion follows the sloped geometry of the cylinder head giving an upwards flow

in the cross-tumble plane (y − z plane, where x = 0 mm, Figure 4.18(d)). For the tumble plane
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Figure 4.18: Flow direction reversal in the cross-tumble plane (Columns 3 & 4) for the T2 test
point while the tumble vortex centre shown in the tumble plane (Columns 1 & 2) crossing from
the inlet (positive x) to exhaust (negative x) for PIV (Columns 1 & 3) and CFD (Columns 2 & 4).
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(x − z plane, where y = −1 mm) PIV flow field (Figure 4.18(a)), the tumble vortex centre is

located below the field of view and a central region of slow flow near the cylinder head diverts

the tumble flow downwards into the centre of the cylinder. This causes the downwards flow in

the PIV cross-tumble plane (Figure 4.18(c)) and corresponding high WRI values (Figure 4.17(b))

for the opposed PIV and CFD flow directions (Figure 4.18(c) versus (d)). The presence of this slow

flow region is also consistent with a similar observation in an earlier work from our group [99](6)

using the same engine with a different piston crown geometry.

At 215◦ bTDCf the tumble vortex centre moves towards the inlet (positive x) for CFD

(Figure 4.18(f)) and towards the exhaust (negative x) for PIV (Figure 4.18(e)), resulting in a

synchronised switch in both cross-tumble plane flow directions which maintain opposite to

each other (Figure 4.18(g) versus (h)).(7) These high WRI values (Figure 4.17(b)) persist while

the tumble vortex centres of the PIV and CFD flow fields lie on opposite sides of the cylinder

(for instance at 175◦ bTDCf, Figure 4.18(i) versus (j)). It is not until at 150◦–145◦ bTDCf when

the CFD tumble vortex centre traverses the cross-tumble plane to the exhaust side of the

cylinder (Figure 4.18(n) and (r)) and reverses the CFD flow direction in the cross-tumble plane

(Figure 4.18(r)) to be in line with the PIV flow direction (Figure 4.18(q)), that the WRI values

improve (i.e., decrease). After 145◦ bTDCf both PIV and CFD have an upwards flow direction in

the cross-tumble plane (Figure 4.18(q) and (r)) since the tumble vortex centre is on the exhaust

side (negative x, Figure 4.18(s) and (t)), and this good match (low WRI value) is maintained for

the rest of the compression stroke (Figure 4.17(b)).

Towards the end of the compression stroke (after 60◦ bTDCf), the flowfields in the tumble and

cross-tumble planes are well matched for both T1 and T2 with spatially-averaged CMRI values

(6) This paper was published before the author of this thesis joined the group, hence it only included the data that
were measured in the tumble plane. The author of the thesis conducted tests for the lower swirl plane, the higher
swirl plane and the cross-tumble plane.

(7) The cross-tumble plane flow direction switch for the PIV ensemble mean flow field was discussed in detail in
Section 4.2 and illustrated by Figures 4.4 and 4.5 using data at the same T2 test point.
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Figure 4.19: Flow direction reversal in the lower swirl plane for the T1 test point while the tumble
vortex centre passing through the measured plane for PIV ensemble mean (Column 1) and CFD
(Column 2) flow fields with local differences in direction and magnitude quantified using the
WRI (Column 3) andWMImetrics (Column 4), respectively. Note that the flow direction reversal
occurs at different crank angles (rows) for the PIV ensemble mean and CFD flow fields.
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Figure 4.20: Flow direction reversal in the lower swirl plane for the T2 test point while the tumble
vortex centre passing through the measured plane for PIV ensemble mean (Column 1) and CFD
(Column 2) flow fields with local differences in direction and magnitude quantified using the
WRI (Column 3) andWMImetrics (Column 4), respectively. Note that the flow direction reversal
occurs at different crank angles (rows) for the PIV ensemble mean and CFD flow fields.
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below 0.05 (blue and dark green shaded areas in Figure 4.13). The lower swirl plane CMRI values

(red shaded area), however, display a peak at 45◦ bTDCf for T1 (Figure 4.13(a)) and at 55◦ bTDCf

for T2 (Figure 4.13(b)), and hence further investigations on the flow fields are needed.

Inspection of the lower swirl plane flow fields identifies a delayed flow reversal for CFD

compared to PIV as the tumble vortex centre is carried through the swirl measurement plane

by the rising piston compressing the in-cylinder flow (Figure 4.19). Initially the tumble vortex

centre for both PIV and CFD lies below the swirl measurement plane (Figures 4.11(c)–(j) and

4.12(c)–(j)). The lower swirl plane flow at z = −3.5mm is therefore from inlet to exhaust for the

majority of the intake and compression strokes. For the T1 load, at 50◦ bTDCf a pair of counter-

rotating vortices appear in the PIV lower swirl plane flow field at approximately y = ±10 mm

(Figure 4.19(a)). Similar vortices also appear in the CFD flow field, albeit 5◦ CA later at 45◦ bTDCf

(Figure 4.19(f)), at which time the PIV flow field (Figure 4.19(e)) has started to reverse its direction

from exhaust to inlet, hence the high WRI (Figure 4.19(g)) and WMI (Figure 4.19(h)) indices. The

PIV tumble vortex centre passed through the swirl measurement plane from 45◦–40◦ bTDCf

(Figure 4.19(e) and (i)), leaving the PIV to measure the horizontal components of velocity in

the lower half of the tumbling flow (Figure 4.19(i)). At 40◦–35◦ bTDCf (Figure 4.19(j) and (n))

the CFD flow direction also reverses, recovering the good match in the lower swirl plane found

throughout the majority of the cycle (low spatially-averaged CMRI values in Figure 4.13(a) and

low spatially-averaged WRI values in Figure 4.17(a)).

For the T2 load, the flow field also reverses first for PIV at 65◦ bTDCf (Figure 4.20(a))(8) but

with a 10◦ CA delay before the CFD flow field reverses at 55◦ bTDCf (Figure 4.20(j)). Instead of a

pair of counter-rotating vortices observed at the T1 test point (Figure 4.19(a)), the flow reverses

in the central region of the lower swirl plane at T2 (Figure 4.20(a)), surrounded by an annulus

of low in-plane velocities. This may be linked to the offset in the T2 (Figure 4.12(k)–(i)) tumble

(8) The flow direction reversal for the PIV ensemble mean flow field was discussed in detail in Section 4.2 and
illustrated by Figures 4.7 and 4.8 using data at the same T2 test point.
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vortex centre location being approximately 20mm towards the exhaust compared to the central

location for T1 (Figure 4.11(k)–(i)).

4.4.4 Asymmetric CFD flow during compression in the cross-tumble plane

Aside from the timings of flow reversals discussed in the previous section (Section 4.4.3),

the flow fields in the cross-tumble plane between the IVC (at around 260◦ bTDCf for T1 and

240◦ bTDCf for T2) and 160◦ bTDCf display nearly uniform vertical flow directions for both the

T1 (Figure 4.16) and T2 (Figure 4.18) test points. For the T2 test point, once the final flow reversal

occurs at 150◦ bTDCf for CFD (Figure 4.18(p)), the CMRI values show a good match across all

three planes until 70◦ bTDCf (Figure 4.13(b)), with a vertical flow direction in the cross-tumble

plane (Figure 4.18). On the other hand, after 160◦ bTDCf the cross-tumble plane CMRI values

for T1 increase to peak at 100◦ bTDCf (dark green shaded area in Figure 4.13(a)) as a result of

increased WRI values (Figure 4.17(a)), as opposed to the excellent match between CFD and PIV

for T2with near-zeroWRI values (Figure 4.17(b)) over the same region in the cross-tumble plane.

The increased WRI values for T1 are due to the appearance of asymmetry in the CFD flow field

which is not observed in the PIV flow field (Figure 4.21).

At 160◦ bTDCf the CFD cross-tumble flow field for T1 begins to differ from the vertical PIV

flow field, as suggested by the increasing WRI values in Figure 4.17(a). By 130◦ bTDCf, in

comparison to the previously well-matched PIV flow field (Figure 4.21(a)), the CFD velocities

on the right of the cross-tumble plane increase in magnitude and rotate towards the left of the

cross-tumble plane where the CFD velocity magnitude is reduced (Figure 4.21(b)). At

100◦ bTDCf the CFD flow field (Figure 4.21(d)) has become horizontal across the central 20 mm

of the cross-tumble plane, producing high WRI values (Figure 4.17(a)) when compared to the

PIV flow field which remains vertical (Figure 4.21(e)). This difference in flow characteristic

persists until 60◦ bTDCf when the rising piston causes the region of horizontal flow in CFD to
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Figure 4.21: Asymmetric mid-compression cross-tumble flow field feature for the T1 test point
shown in the PIV ensemble mean (Column 1) and CFD (Column 2) flow fields with local dif-
ferences in direction and magnitude quantified using the WRI (Column 3) and WMI metrics
(Column 4), respectively. The asymmetric flow feature is only observed in the simulated flow
fields (Column 2).

leave the cross-tumble field of view, to be replaced by vertical flow near the piston which is

well matched to the PIV flow field (Figure 4.21(i) versus (j)). This phenomenon is not expected

because the engine geometry is symmetrical to the mid-valve tumble plane (y = 0 plane), and

hence the simulation ought to generate symmetrical flows on both sides of the cylinder when

viewed in the central cross-tumble plane (x = 0 plane). Further discussion is being made with

the JLR CFD team to investigate the reason, and the current hypothesis is that the CFD mesh

may not be perfectly symmetrical to the mid-valve tumble plane.
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4.5 Chapter summary

In this chapter, high-speed PIV measurements of the in-plane velocities across the tumble,

cross-tumble and lower swirl planes of the optically accessible engine (Appendix A) have been

quantitatively compared to the RANS simulations of the flow fields for motored operation

under two different engine loads. The flow fields measured in various planes show high

consistency, which enable the comparison with the RANS data. Spatially-resolved differences

in alignment and magnitude between the experimental and simulated in-cylinder flow fields

have been quantified both independently using the weighted relevance index (WRI) and

weighted magnitude index (WMI), as well as in combination using the combined magnitude

and relevance index (CMRI). Spatially-averaged CMRI values for each plane provide a rapid

and quantitative method for evaluating the quality of the match between the PIV and CFD flow

fields both between planes and between test conditions. Overall the higher load test condition

(T2) provided the best match between simulation and experiment. Application of the CMRI,

WRI and WMI metrics also enabled the identification of key timings within the intake and

compression strokes, specific to each test point, for further investigation into differences

between the PIV and CFD flow fields. In general, a very good match was found between the

PIV and CFD flow fields across all three planes and for both test conditions. Differences that

were identified include:

• TheRANS simulation accurately captures the intake flow characteristics for T2 but predicts

higher velocities within the intake jet for the lower load test point (T1). For both test points

the increased jet velocities predicted by CFD during inlet valve closing were not observed

for PIV.

• A series of flow direction reversals in the cross-tumble and swirl planes arise due to the

development of the bulk tumble motion and the subsequent motion of the tumble vortex
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4.5. Chapter summary

centre during the cycle. Differences in the location of the tumble vortex centre between

the PIV and CFD flow fields resulted in delays of 5◦–10◦ CA in the in-plane flow reversals

for CFD compared to PIV.

• A low velocity asymmetric flow in the cross-tumble plane was predicted by CFD during

compression for T1 but not observed in the PIV measurements which showed a uniform

vertical flow for the corresponding crank angles.

The ensemble mean PIV fields, each derived from 300 cycles, are compared to the RANS

simulated flow fields. As such, the effect of cycle-to-cycle fluctuations and turbulence present

in each individual PIV cycle is averaged out, resulting in mean velocities which are less extreme

than those found in an individual cycle. Indeed, where differences in magnitude are present, the

RANS velocity magnitudes for T1 and T2 are typically higher than the corresponding mean PIV

magnitudes. A representative single measured cycle after dimensionality reduction may provide

a more appropriate comparison to the RANS flow fields, and this idea is discussed in the next

chapters (Chapters 5 and 6).
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Chapter 5

Validation of flow model

using POD reconstructed PIV data

In this chapter, the RANS simulated flow at a specific crank angle during the intake stroke

in the cross-tumble plane is chosen to exemplify its validation process against averaged or

filtered PIV data that were computed using different approaches. A set of metrics is then

developed to quantify the intake jet profile. Various methods are tested, including the

phase-averaged ensemble mean, the modified mean flow field based on a speed average, and

the individual cycles approximated by the low-order POD reconstruction, among which the

low-order POD reconstructed flow fields give a fairer and more robust comparison with the

simulated data. During the reconstruction process, a stability test is also developed to

determine the number of modes needed in the low-order POD reconstruction. The majority of

contents in this chapter are adapted from a paper [2] first-authored by the author of this thesis

with additional information and more detailed discussions included.
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5.1 Motivation

The phase-averaged PIV ensemble mean flow fields serve as good validation targets for the

RANS flow model in most cases, and their differences can be quantified by the vector field

comparison metrics (Section 3.3) as discussed in the previous chapter (Chapter 4). During the

intake stroke, however, engine flow fields measured by the PIV technique show the flow to

have high turbulence and cycle-to-cycle variations that include intake jet flapping [102] — the

direction of the jet flows from each of the two intake valves changes in different snapshots, and

the resulting merged jet from the two intake streams can swing to various directions [103].

When viewed from the intake side of the engine (Figure 5.1), the intake streams from the two

intake valves collide near the symmetric centreline plane of the cylinder (y = 0), resulting in a

roughly downward-moving central intake jet in the central cross-tumble plane (y − z plane,

where x = 0 mm). Despite the engine being geometrically symmetric with respect to the

central plane (y = 0), the intake jet flapping may cause the two intake streams to have different

strengths and thus the central intake jet can swing from left to right (Figure 5.1(a)–(c)), or

translate to one side of the engine (Figure 5.1(a) versus (d)) in different engine cycles even if the

measurements were taken at the same crank angle. The ensemble averaging of the

experimental data (Figure 5.1(e)), however, smooths out the fields, cancelling horizontal

components of the flow and causing its velocity magnitude to be underestimated. Therefore, if

the ensemble mean is used to validate the RANS modelled flow field (Figure 5.1(f)) in the

presence of the intake jet flapping, the validation would be heavily skewed and may even result

in a false conclusion.

The mismatch between the averaged PIV flow fields and the RANS simulation lies within

their fundamental differences in averaging mechanisms — PIV takes multiple measured vector

fields and performs a pure mathematical average to generate an artificial field, while RANS

adopts averaged physical quantities from the PIV experiment into a physics-based model that is
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Figure 5.1: Flow fields in the cross-tumble plane at 300◦ bTDCf (during the intake stroke when
intake valves are open). Data were taken at the T2, Piston B, C33, DVA test point.(1)

governed by thermo-fluid equations. An alternative method to the ensemble mean is therefore

required to filter the turbulence and cycle-to-cycle variation within the flow fields, and to

extract their major organised fluid motions (known as “coherent structures”) to enable a fair

validation for the RANS flow predictions. The proper orthogonal decomposition (POD)

technique introduced in Section 1.5 and Section 3.2.1 provides a tool that can reduce the flow

complexity and extract the dominant structure of the in-cylinder turbulent flow measured in

(1) It is worth reiterating that, as mentioned in a footnote for Figure 2.7, the vectors are in unit length and only
illustrate the flow direction, while the magnitude of the vector at each location are shown by the colour map. For
clarity only every second vector is plotted in each direction, while the false colour background uses the actual spatial
resolution from the PIV experiment. The colour (black/white) of each vector is chosen to contrast with the false colour
background. This plot style is adopted in this thesis for all the plots containing vectors, unless otherwise specified.
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5.2. Quantification of intake jet profile

each cycle (at the same crank angle). After the dimensionality reduction by POD, the

POD-reconstructed/approximated flow fields (cf Equation (3.28)) are used to validate the

simulation results.

5.2 Quantification of intake jet profile

Once the coherent structures of the flow fields from individual cycles have been extracted,

comparison to RANS requires quantification of the intake jet characteristics. Point-by-point

comparison metrics for vector fields, such as the WRI, WMI and CMRI (Section 3.3) developed

by Scott and Willman [99, 100] to compare RANS simulated data to PIV measurements, can

quantify the similarity of pairs of fields and identify regions of interest. However, point-wise

comparisons cannot accommodate more in-depth or subjective concepts of similarity such as a

coherent structure being displaced or distorted between two fields. In the individual flow fields

in the cross-tumble plane, the intake jet typically maintains a coherent structure but shows

significant cycle-to-cycle variation in its shape, direction and location (Figure 5.1(a)–(d)). As

such, any straightforward point-by-point comparison of velocities (whether provided by the

WRI, WMI and CMRI metrics or another methods) would not provide the most appropriate

way of quantifying the similarity of the jet structure among these fluctuating fields or between

the measurements and the simulation. In the context of strong cyclic fluctuations of a coherent

structure, the term “similarity” is better defined by key characteristics of the intake jet and the

range of values these quantities take, rather than by a point-by-point comparison of the vector

fields. Therefore rather than a point-wise comparison, quantities such as the intake jet angle,

penetration length and width need to be defined and evaluated for each flow field. A zoomed-in

plot for the RANS simulated flow field at 300◦ bTDCf (Figure 5.1(f)) is presented in Figure 5.2(a)

near the intake jet region to exemplify the procedures of finding the jet angle, the jet

penetration length and the nominal jet width.
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Figure 5.2: Intake jet profile definitions illustrated by an example flow field (the RANS simulated
flow field at 300◦ bTDCf). (a) Intake jet region and notations of various definitions used to
compute the jet profile metrics (labelled in the legend): the jet penetration length is given by the
distance between the jet entry (black square) and end points at a given speed threshold (black
triangle for 35 m/s); the jet width is a function of both the length along the jet and the speed
threshold — for an arbitrary point on the jet centreline (black filled dot), the jet width at 35m/s is
given by the distance between two intersection points on the 35m/s jet boundary (black hollow
circles); For clarity, in this figure only, all the vectors are plotted in white regardless of their
magnitudes, and the vector spatial resolution is the same as the actual PIV experiment. (b) Jet
penetration length (red solid line with crosses, left y axis) and nominal jet width (red dashed line
with hollow circles, right y axis) at different speed thresholds. (c) Intake jet profiles (width as a
function of length) at different speed thresholds; The values for the arbitrary point in (a) are also
marked.
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5.2. Quantification of intake jet profile

Table 5.1: Robustness of the jet angle calculation
using different combinations of speed thresholds

Speed thresholds (m/s)
Jet angle (degrees)

Min. Max. Increment

25 40 1.0 3.91

25 35 1.0 4.09

30 45 1.0 1.09

30 40 1.0 1.45

30 40 0.1 1.43

5.2.1 Jet angle

Thehigh-speed intake jet was first distinguished from the low-speed background by choosing

appropriate speed thresholds. For instance, the red contour lines in Figure 5.2(a) illustrate the

jet boundary using the 30 and 35 m/s speed thresholds, respectively. The jet region is therefore

bounded by the top edge of the PIV field of view (z = 0, at the fire-deck) and the jet boundary at

the given speed threshold. For each speed threshold, the centre points on each row (constant z

values) of its jet region were then obtained (for example, red crosses for 30 m/s and red hollow

circles for 35 m/s in Figure 5.2(a)). In order to have a unique and robust jet centreline (black

solid line) for a given flow field, the centre points were found for a sequence of threshold values

as defined in Table 5.1, in terms of the range of the threshold values and their increment. The

centreline of the jet was defined by performing a linear fit to all the centre points, no matter

whether or not they were obtained using the same speed threshold (i.e., consider the red crosses

and the red hollow circles as equivalent in this step). This approach puts more weight on the

higher-speed regions — the centre points at higher speed regions will be accounted for more

times than the points in lower speed regions during the line fit process — and thus avoids the

jet centreline being skewed towards the tip of the jet, of which direction fluctuates drastically
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5.2. Quantification of intake jet profile

among the low speed thresholds. The angle between the jet centreline and the jet propagation

direction (in this case the negative z direction) is the jet angle.

A robustness check (Table 5.1) for the jet angle of the example flow field (Figure 5.2(a)) shows

that the evaluated jet angle is stable within a few degrees for different combinations of speed

thresholds. All the jet angles presented in the later sections in this chapter were obtained by

using the speed threshold combination which has a minimum speed threshold of 30 m/s, at

1 m/s increment, to a maximum of 40 m/s (highlighted in yellow in Table 5.1). All the speed

thresholdswithin the highlighted combinationwill be used to evaluate the jet penetration lengths

and nominal jet widths for any given flow field, in order to provide an overall comparison of jet

profiles between the experimental and simulated data.

5.2.2 Jet penetration length

Once the jet centreline is determined, the jet penetration length for each flow field can be

found by calculating the largest distance among its intersections with the jet region at a certain

speed threshold. For instance, the distance between the jet entry point (black square in

Figure 5.2(a)) and the intersection of the centreline and the jet boundary (black triangle) gives a

jet penetration length of 7.7 mm at the 35 m/s threshold. The jet penetration length decreases

at higher speed thresholds (red solid line with crosses in Figure 5.2(b), see left y axis). The slope

of the line also shows the velocity gradient along the jet propagation direction — a more

negative (steeper) slope means the velocity gradient is smaller, since the distance between two

constant speed lines is larger.

5.2.3 Nominal jet width

Given an arbitrary point on the jet centreline inside the jet region (black solid dot in

Figure 5.2(a)), a unique line (black dashed line) can be drawn that passes through the point and
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5.2. Quantification of intake jet profile

perpendicular to the jet centreline. When this perpendicular line intersects with the contour of

each given speed threshold at two point locations on opposite sides of the jet centreline (black

hollow circles for 35 m/s in Figure 5.2(a)), the jet width corresponding to that point on the

centreline is defined as the distance between these two intersections. If there is only one

intersection detected (occurs when the arbitrary point on the jet centreline is too close to the

entry of the jet), the jet width for that arbitrary point is not defined. Figure 5.2(c) illustrates the

jet width as a function of length along the jet (distance away from the jet entry, black hollow

square in Figure 5.2(a)) at three different speed thresholds. Due to the convergent shape, the jet

width generally decreases from the entry (top) to the tip of the jet (bottom). The jet is wider for

lower speed thresholds for the same jet length, which can also be intuitively observed in

Figure 5.2(a). Figure 5.2(c) also shows that the arbitrary point in Figure 5.2(a) is about 5 mm

away from the jet entry, and the jet width at this location is 2.4 mm for the 35 m/s speed

threshold.

In order to have a single quantity for the jet width, the median of the jet width at all lengths

along the jet for a certain speed threshold is selected to be the nominal jet width (red dashed

line with hollow circles in Figure 5.2(b), see right y axis). The median was chosen against the

mean to provide a more robust result that would otherwise be skewed by the highly-curved jet

tip. Similar to the jet length (red solid line), the nominal jet width is also larger at lower speed

thresholds. The slope of the nominal jet width versus speed thresholds illustrates the velocity

gradient perpendicular to the jet propagation direction — again, a more negative (steeper) slope

leads to a smaller velocity gradient. These jet quantification metrics are used to evaluate the

similarity of the flow fields in the presence of a flapping intake jet in later sections of this chapter.
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5.3 Comparison between RANS results and averaged PIV data

Before using the POD technique to filter the PIV multi-cycle data and validate the RANS flow

model, it is worth comparing the RANS results with the conventional averaged PIV data first to

investigate why the PIV ensemble mean and other averaged flow fields fail to be an appropriate

validation target when the flapping intake jet is present in the field of view. In this section, the

PIV ensemble mean and speed-based average flow fields are respectively compared to the CFD

simulated flow field.

5.3.1 Ensemble mean

The ensemble mean flow field at 300◦ bTDCf (Figure 5.1(e)) is presented again in Figure 5.3(b)

with a zoomed-in plot near the jet region. The flow speed inside the central jet region is notably

slower than the RANS simulation (Figure 5.3(a), also plotted in Figures 5.1(f) and 5.2(a)). Again,

if the simulation results were validated against the ensemble mean, one would easily conclude

that the model over-estimated the jet speed. However, as visualised before in Figures 5.1(a)–(d),

the actual jet speed in individual PIV cycles is much higher and closer to the RANS prediction.

Careful examination of the velocity data measured on an example single point (y = 0.19, z =

−2.15 mm) inside the jet region for 300 cycles (Figure 5.4) suggest that large cyclic variation

exists in the horizontal velocity components, for which the histogram (Figure 5.4(a)) has two

peakswith comparable heights – both near 25m/s (absolute values) butwith opposite signs. Such

a bimodal distribution is a classic signature of a flapping jet. The ensemble mean (Equation (3.5))

averages out the horizontal velocity components, resulting in an almost zero horizontal speed

(vem = −0.037 m/s). Its magnitude (Equation (3.6)) is therefore much smaller than the jet speed

of individual cycles.

Viewed from another perspective, each of the two velocity components at a certain grid

point can be regarded as a random variable, of which a histogram (Figure 5.4(a) for horizontal
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−5 −2.5 0 2.5 5
−10

−7.5

−5

−2.5

0

y (mm)

z
(m

m
)

−25 −20 −15 −10 −5 0 5 10 15 20 25
−20

−15

−10

−5

0

y (mm)

z
(m

m
)

0 10 20 30 40 50
Flow speed (m/s)

(c) PIV speed-based average
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Figure 5.3: RANS simulated flow field versus the averaged PIV flow fields at 300◦ bTDCf. The
zoomed-in region (brown dashed box) of each figures in the left column is plotted in the right
column. The jet boundaries at various speed thresholds and the jet centreline are superposed on
the zoomed-in plots (right column). Note that the 40 m/s jet region (red dotted line) for the PIV
ensemble mean is undefined due to low flow speeds. For clarity, in the zoomed-in plots in this
figure only, all the vectors are plotted in white regardless of their magnitudes.
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Figure 5.4: Speed distributions at a single point inside the jet region (y = 0.19, z = −2.15 mm)
for 300 cycles at 300◦ bTDCf, illustrated by histograms of (a) 300 horizontal velocity components,
(b) 300 vertical velocity components and (c) 300 velocity magnitudes (i.e., flow speeds).

components, (b) for vertical ones) can be fitted by a normal distribution (red solid lines), and the

validity of the fit can be examined by the chi-squared goodness-of-fit test [104]. The horizontal

components give a poor match (χ2 (7, N = 300) = 102, p ≈ 0 < 0.05), resulting from the

swinging central jet that originated from the collision of the two intake streams; the vertical

components generally follow the normal distribution (χ2 (5, N = 300) = 7.6, p = 0.18 > 0.05)

and have negative values, showing that the majority of cycles have a downward central jet at that

location. Consequently, using the vertical component of the ensemble mean to approximate the

overall flow behaviour along the z axis would be appropriate since it is equivalent to using the

mean of a normal distribution to estimate the ensemble. Nevertheless, the same analogy cannot

be applied for the horizontal component as the normal distribution assumption is no longer valid.

Quantifying the jet profile (Figure 5.5(a)) using the approaches defined in the previous section

(Section 5.2) also confirms that the ensemble mean has a much shorter jet penetration length

(blue solid line with crosses) at any chosen speed threshold compared to the RANS model (red

solid line with crosses). At higher speed thresholds (over 35 m/s), the jet profile (Figure 5.5(b))

for the ensemble mean cannot even be defined since it significantly under-represents the jet

speeds present within individual cycles. As such, the ensemble mean would not be a suitable
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Figure 5.5: Intake jet quantification metrics for the RANS simulated and averaged PIV flow fields
at 300◦ bTDCf. (a) Jet penetration lengths and (b) nominal jet widths for RANS simulated (red),
PIV ensemble mean (blue) and PIV speed-based averaged (purple) flow fields as functions of the
speed threshold. (c) Intake jet profiles (width as a function of length) at the 40m/s (dotted lines),
35 m/s (solid lines) and 30 m/s (dashed lines) speed thresholds; note that the maximum flow
speed in the PIV ensemble mean is lower than 40 m/s, so the jet profile for the PIV ensemble
mean is not defined at the 40m/s speed threshold. (d) Jet angles for different types of flow fields.
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5.3. Comparison between RANS results and averaged PIV data

representation of the intake flow fields in the cross-tumble plane when there is a jet in the field

of view with significant direction changes among different cycles.

5.3.2 Speed-Based averaging

The cancellation between horizontal components with opposing signs during calculation of

the ensemble mean (Figure 5.4(a)) inspires an alternative approach – averaging the magnitude of

vectors (speed) at each grid point. The speed of each vector is always non-negative, and therefore

such so-called speed-based averaging avoids cancellation by negative values. The histogram of

the velocitymagnitudes (Figure 5.4(c)) at the previous example point inside the jet regionmatches

with the normal distribution at 5% significance level (χ2 (5, N = 300) = 10.47, p = 0.06), and

therefore its mean can be used as an approximation of the ensemble behaviour.

Figure 5.3(c) illustrates the speed-averaged flow field, of which flow direction is adopted

from the ensemble mean (Figure 5.3(b)), while the colour map is replaced by the mean of

magnitudes (M sa, Equation (3.8)). The flow speed inside the jet region is significantly higher

than the ensemble mean, and is much closer to the actual jet speed measured in individual

cycles Figures 5.1(a)–(d), as well as the RANS modelled data.

The jet profile in the PIV speed-averaged field, however, is quite different from the one in

the RANS model. The speed-averaged jet (purple lines in Figure 5.5(a)) was found to have a

smaller penetration length (solid lines with crosses) and a larger nominal width (dashed lines

with hollow circles) than the RANS modelled jet (red lines). Both (purple) lines are steeper

than the corresponding (red) lines for the RANS data, showing that the velocity gradients both

along and perpendicular to the jet propagation direction are smaller, which is in line with the

smoother jet profile observed in Figure 5.3 (c) comparedwith the RANS simulation (Figure 5.3 (a)).

Additionally, as illustrated in Figure 5.5(b), its curvature (width as a function of length) is not

similar to the RANS model. The RANS modelled jet (red lines) is “slim” and has a “test tube-like”
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5.3. Comparison between RANS results and averaged PIV data

curvature — the entry is not very wide, and the width almost remains constant until the tip of

the jet, at which the width rapidly reduces to zero. The speed-averaged jet (purple lines), on

the other hand, shows a “bowl-like” curvature — it is much wider near the entry, and gradually

shrinks as the length increases — as a result from the averaging of the swinging intake jet.

It should be noted that despite the speed-averaging method resolving the issue of under-

representation of the intake jet speed, the background flow speed outside of the jet region is also

increased compared to the ensemble mean. This is a direct result of the speed-averaging method

since the directional fluctuations (whether cycle-to-cycle variations in the central jet structure or

turbulent fluctuations across the flow field) no longer cause the flow speed cancellation, and any

local high speed spots within individual flowfields, such as the one near (y = −10, z = −10mm)

in Figure 5.1(c), will contribute towards the mean speed.

In addition to the flow speed and jet profile, some other flow features are also smoothed out

by the two above-mentioned averaging methods, which makes the RANS validation

questionable if they were used as validation targets. For instance, the intake jet applies a shear

stress on the relatively slower in-cylinder flow, and creates so-called “shear vortices” in the

instantaneous flow fields (one of which is centred near y = 6, z = −6 mm in Figure 5.1(a)).

This flow feature is predicted by the RANS simulation (Figure 5.3 (a)), but is smeared out in

both averaging methods (Figure 5.3 (b) and (c)) since the vortex centres in individual cycles

may have different locations. The flow directions at the top-left and top-right corners of the

PIV field of view also differ appreciably in direction (y components) between the RANS and the

averaged PIV data using both methods. Given these disadvantages in using the averaged flow

fields, they would not always be suitable choices as RANS model validation targets, especially

when the highly-fluctuating intake jets are present.
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Figure 5.6: POD kinetic energy spectra at 300◦ bTDCf with a zoomed-in plot at lower-order
modes. The zoomed-in region is bounded by a brown dashed box filled with light yellow colour
in the main plot.

5.4 Comparison between RANS results and low-order POD

reconstructed PIV data

Proper orthogonal decomposition has been used widely to filter turbulent flow data and

extract coherent structures from individual flow fields (Section 1.5). This section aims to

examine the possibility of validating a RANS simulated flow using approximated individual

cycles by low-order POD reconstruction.

5.4.1 Low-Order POD approximation of PIV data

Given the fluctuation flow fields at 300◦ bTDCf for 300 engine cycles, POD

(Equation (3.13)) decomposes them into 299 modes,(2) and also partitions their kinetic energy

(2) The number of POD modes is smaller than the number of cycles since the ensemble mean, which is a linear
combination of all the cycles, was subtracted prior to conducting POD (Equation (3.10)).
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content in a successively maximised manner (Equation (3.27)). As a result, the amount of

kinetic energy distributed into each mode (orange crosses in Figure 5.6) decreases as the mode

number increases. Most of the fluctuation kinetic energy is concentrated in lower order modes

— the first ten modes (see cumulative sum in Figure 5.6) collected over 50% of the total kinetic

energy, while less than 7% is in the last 200 modes (Mode 100 to the last). Therefore, it would

be reasonable to approximate and extract the key features of the flow data in each cycle by

reconstructing a field using the sum of several low order POD terms (Equation (3.28)). One key

question remaining to be answered would be, how many POD modes should be included in the

reconstructed data to represent the coherent flow structure, without introducing small-scale

turbulence that may bias its comparison with the RANS modelled data. The answer requires

detailed observations to the approximated flow fields, which are discussed in the following

paragraphs.

The POD reconstructed fields using different numbers of POD modes (Equation (3.28)) for

two arbitrarily selected engine cycles, Cycle A (Figure 5.1(a)) and Cycle B (Figure 5.1(b)), are

shown in Figure 5.7. Each flow field has a 35 m/s contour highlighted in red marking the intake

jet region and a brown box (3× 3 mm) illustrating the vortex location of the original flow fields

(Figure 5.7(i), bottom row) generated by the shearing flow from the central intake jet. It should be

noted that the apparent flow patterns in individual PODmodes (which for brevity are not shown

here) do not represent actual flow features but only the relative strength of the fluctuations

in different regions of the measured plane. The coherent flow structures in the instantaneous

flow fields (Figure 5.7(i)) are instead preserved in the approximated flow fields (Figure 5.7(a)–(h))

once sufficiently large numbers of low-order POD components are added to the ensemble mean

(cf Equation (3.28)) [64, 92]. The focus of this section lies only on the low-order approximated

flow fields and thus discussions of the individual POD mode shapes are not presented.

The jet profiles are quantified by the method previously discussed in Section 5.2, and the

results can be referred in Figure 5.8 — the jet angle (Figure 5.8(a)), jet penetration length
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5.4. Comparison between RANS results and low-order POD reconstructed PIV data

(Figure 5.8(b)), and nominal jet width (Figure 5.8(c)) are each plotted as a function of the

number of POD modes used in the approximation for Cycle A (dark green lines) and Cycle B

(orange lines). Note that the jet angle (Figure 5.8(a)) is not a function of the speed threshold,

while two speed thresholds around 35 m/s (solid line with crosses for lower speed threshold at

34 m/s, dashed line with circles for higher speed threshold at 36 m/s) were chosen in order to

show the robustness of the other two metrics (Figure 5.8(b) and (c)) versus the choice of speed

threshold. The jet length and nominal width for the 35 m/s speed threshold, though not shown

for a clearer visualisation, would lie between the solid and the dashed lines of each cycle.

For both cycles, at a first glance, the approximated flow fields (Figure 5.7(a)–(h)) become

closer to the original flow fields (Figure 5.7(i)) as more terms are included (from top to bottom),

while differences still remain between the two cycles. For Cycle A (left column), adding the

first two POD terms (Figure 5.7(b) and (c)) barely changes the intake jet profile from the

ensemble mean (Figure 5.7(a), which is identical for both Cycles A and B, and was shown in

Figure 5.1(e) and Figure 5.3(b) before) — the intake jet speed is still under-estimated; the jet

length is less than 2 mm (Figure 5.8(b)) since the 35 m/s contour (red solid line) can only be

seen at the top of the field of view. After adding the third term (Figure 5.7(d)), however, the jet

profile changes significantly — despite the jet speed still being lower than the original snapshot

(Figure 5.7(i)); their jet lengths are now comparable. The error in the shear vortex location,

marked by the brown boxes in Figure 5.7,(3) is also within 2 mm. However, the jet angle of the

third term is positive (to the left, dark green solid line in Figure 5.8(a)), while the actual jet

angle from the original snapshot ought to be negative (to the right, see Figure 5.7(i)). The

reconstructed jet profile fluctuates strongly between the third- and the 11th-order of

approximations (Figure 5.7(d)–(f)). For instance, at the fifth-order (Figure 5.7(e)), the contour

(3) These boxes refer to the location of a shear vortex induced by the intake jet in the corresponding original flow
fields (Figure 5.7(i)), and are kept at the same locations for all the plots of the same cycle (presented in the same
column).
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illustrates a shorter and narrower jet region, and the values in the metrics also change rapidly

from one approximation to the next (dark green lines in Figure 5.8). It should be noted that

such apparently significant changes may, to a large extent, result from the slight magnitude

changes around 35 m/s in the approximation, since the flow feature shown by the colour map

and vectors is almost unaltered. On the other hand, the change does show that the flow speed

inside the jet region is still fluctuating when more modes are included. After accounting for the

11th term (Figure 5.7(f)), the jet profile becomes more stable and evolves more gradually at

higher-order approximations — only small changes can be observed visually from the 11th- to

the 23rd-order approximations (Figure 5.7(f)–(h)), and the values of metrics (dark green lines in

Figure 5.8) also converge to constants. For instance, the jet length is fluctuating between

10.6 − 12.5 mm (slightly more than two vector spacings) from the 11th- to the 50th-order

approximations. Therefore, Cycle A needs 11 POD modes to represent its coherent structure.

Cycle B (right column of Figure 5.7), on the other hand, shows another trend in its

low-order POD reconstructed flows. The sudden flow feature change by adding one mode

(Mode 3 for Cycle A) still exists but appears earlier — the first-order approximation

(Figure 5.7(b)) differs greatly from the ensemble mean (Figure 5.7(a)) and illustrates a visible jet

region with around 5.5 mm jet length and 3.5 mm nominal width at 35 m/s (orange lines in

Figure 5.8(b) and (c)), as distinct from the zeroth-order (ensemble mean), which again almost

has no jet region defined under this speed threshold. The ”evolution” of low-order

approximations after the first-order (Figure 5.7(c)–(h)) appears to be very gradual, and the

values of all three metrics (orange lines in Figure 5.8) change by small amounts. However, it is

not until adding the 18th-order term (Figure 5.7(g)) to the approximation that the shear vortex

starts to occur near the region of the original flow field (highlighted by the brown box). The jet

penetration length also has a sudden increase (Figure 5.8(b)) before the 18th-order. Small

differences in the jet profile can still be observed if more terms are added after the 18th-order

(see, for instance, the 23rd-order approximation, Figure 5.7(h)), yet the change is considered to
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Figure 5.7: Approximated flow fields by the low-order POD reconstruction. Please refer to the
detailed figure caption on the next page.
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Figure 5.7: Approximated flow fields by the low-order POD reconstruction for Cycle A (left
column, whose original flow field was also shown in Figure 5.1(a)) and Cycle B (right column,
cf Figure 5.1(b)) at 300◦ bTDCf using different numbers of POD modes (i.e., orders). The brown
boxes show the location of a shear vortex induced by the intake jet in the corresponding original
flow fields, and the position of the brown boxes are kept the same for plots in the same column.
The red contour lines illustrate the jet region at the 35m/s speed threshold. Note that the ensem-
ble mean (first row on the previous page) is the zeroth-order of approximation for both cycles.
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Figure 5.8: Intake jet quantification metrics for different orders of POD approximations at
300◦ bTDCf for Cycle A (dark green) and Cycle B (orange). Note that the jet angle is not a
function of speed thresholds, while the jet penetration length and nominal width change with
respect to the speed thredholds.

be negligible since most of the flow features (quantified in Figure 5.8) are already stable. As a

result, 18 modes are needed to provide a coherent structure of Cycle B.

The reasons that different numbers of PODmodes are needed for each cycle lie not only with

cycle-to-cycle variation in the engine (i.e., in the measured PIV fields), but in the mechanism of
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Figure 5.9: Kinetic energy fraction collected by POD modes for Cycle A (dark green lines) and
Cycle B (orange lines) at 300◦ bTDCf. The solid lines show the normalised KE fraction distributed
into every PODmode for each cycle (left y axis), and the dashed lines show the values cumulated
from the first POD mode (right y axis).

the POD calculation as well. POD computes the modes by successively maximising the total

amount of kinetic energy from all the 300 fluctuation flow fields, so that the kinetic energy

collected by lower order modes is always no less than the higher modes (Equation (3.27)), yet

the kinetic energy content of each cycle does not necessarily distribute into the modes in the

successive maximisation manner. For instance, as shown in Figure 5.9, less than 2% of the kinetic

energy of the fluctuation part of Cycle A is distributed into the first twomodes (dark green lines),

while Mode 3 alone collects more than 20%, causing the sudden flow feature change mentioned

previously from the second- to the third-order of approximations (left column of Figure 5.7(c)

and (d); see also the metrics as dark green lines in Figure 5.8). A similar observation can also

be made to the fluctuation velocity field of Cycle B (orange lines in Figure 5.9) — over 22% of

its kinetic energy is in Mode 1, and the fraction does not exceed 9% in any of the remaining

single modes. Therefore, one can expect the most noticeable change in flow structure would
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Figure 5.10: Relevance index between themth- and (m+x)th-orders of POD approximations at
300◦ bTDCf for Cycle A (dark green lines) and Cycle B (orange lines). Each line with the same
colour uses a different baseline mode numberm.

occur between the zeroth- (ensemble mean) and the first-order of approximations (right column

of Figure 5.7(a) and (b), see also orange lines in Figure 5.8).

Additionally, as the kinetic energy of the fluctuation part of Cycle A rapidly accumulates

(63% of total, dark green dashed line in Figure 5.9) in the first 11 modes, the 11th-order POD

approximation would have sufficient flow features to approximate Cycle A. The kinetic energy

accumulation of the fluctuation part of Cycle B (orange dashed line), in contrast, is slower —

although the first mode already has 22% of the kinetic energy and the percentage quickly

increases to 46% in Mode 7, the cumulative kinetic energy fraction undergoes a very flat region

with an additional seven modes only introducing another 3%, until it ramps up from 49%

(Mode 14) to 60% (Mode 18). As a result, the change from different orders of approximation

would be more gradual (right column of Figure 5.7), and Cycle B requires more modes in its

reconstruction.

Other than the three intake jet profile quantification metrics, the “stability” of each
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approximated field can also be evaluated by adding a number of extra components to a baseline

approximation and calculating the directional similarity (quantified by the relevance index,

cf Equation (3.51)) before and after. The relevance indices between the mth-order (baseline)

and (m+ x)th-order approximations are computed and plotted in Figure 5.10 for Cycle A (dark

green lines) and Cycle B (orange lines). When the baseline is set to be the ensemble mean

(m = 0), adding one (x = 1) or two (x = 2) extra mode(s) does not change the flow structure

for Cycle A (dark green dashed line with hollow circles, both RI > 0.99), while including the

third component (x = 3) causes the RI to drop below 0.91, and the value continues to decrease

as more components are added (increasing x). The values match with the previous findings by

observing the approximated fields (left column of Figure 5.7) and the corresponding intake jet

quantification metrics (Figure 5.8). Moving the baseline approximation to higher modes, for

instance m = 3, one can further observe the effect of adding more modes to the third-order

reconstructed flow of Cycle A (dark green dotted line with filled circles). The change in flow

features is smaller (higher RI), while the RI value still drops to 0.85 after including eight more

terms (x = 8, i.e., the comparison between the third-order and the 11th-order of POD

approximations), showing that three modes are still not sufficient for the flow feature to

stabilise. The calculation continues for higher orders of baseline approximations, until at the

11th-order (m = 11, dark green solid line with crosses), the RI values are higher than 0.97

regardless of the number of extra components (x = 1, 2, · · · , 10), and thus the approximation

of Cycle A stabilises at Mode 11.

A similar procedure can also be implemented to Cycle B (orange dashed line with hollow

circles) — the RI is below 0.87 after introducing the first term to the ensemble mean (m = 0, x =

1) and reduces even further for higher orders (x > 1), which agrees with the appearance of

the intake jet in the first-order POD approximation (right column of Figure 5.7) and the gradual

change of the intake jet profile (orange lines in Figure 5.8) after the first mode. The flow feature

is more but not sufficiently stable atm = 3 — the minimum RI for all x is higher than 0.91, yet
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a sudden drop of RI can be observed from x = 2 (fifth-order approximation) to x = 4 (seventh-

order). At m = 18, all the RI values finally stay above 0.97, showing that the 18th-order POD

reconstructed data for Cycle B is stable.

Zhuang and Hung [67] took a similar approach when constructing the coherent structure in

their quadruple POD analysis, except that they chose to set x = 1 for their 100-cycle data set. For

a large data set with 300 snapshots (299 computed POD modes) that include highly fluctuating

intake jets, a larger x value ought to be used in order to avoid the flow fields being apparently

stable at lower order modes, since the flow features are more distributed in different modes and

a single extra component may not be enough to change the flow structure. For instance, Cycle B

would be falsely considered to be stable at its third-order approximation (m = 3, orange dotted

line in Figure 5.10) if only one extra mode (x = 1) is considered, since the RI is larger than 0.99.

The actual decrease of RI that occurs after adding the Mode 7 component (m = 3, x = 4), on the

other hand, would not be observed.

5.4.2 Stability test of low-order POD approximations

As exemplified by the previous paragraphs, determining the number of modes needed for a

stable low-order reconstructed flow field of a specific cycle requires comprehensive evaluation

for each order of approximation, which can be time-consuming to implement on a 300-cycle data

set. Therefore, a stability test is proposed in order to automate this procedure. An mth-order

approximation is assumed to reach a stable flow structure if, comparing to the corresponding

(m + x)th-order approximations (x = 1, 2, · · · , 10), any four out of the five following criteria

based on intake jet characteristics (Criteria 1–3), kinetic energy content (Criterion 4) and overall

vector-wise flow field direction (Criterion 5) are met:

1. the jet angle fluctuates within ±5 degrees;
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2. the change of the jet penetration length is smaller than 1.68 mm (twice the PIV vector

spacing) at the 35 m/s speed threshold;

3. the change of the nominal jet width is smaller than 0.84 mm (i.e., PIV vector spacing) at

the 35 m/s speed threshold;

4. the difference in kinetic energy is smaller than 10% of the total kinetic energy collected by

all POD components;

5. the relevance indices are higher than 0.95 with any of the choices of x.

Among all the order of approximations for the same cycle which passed the above stability test,

the one with the lowest order (i.e., uses least number of components) is chosen to be the

approximated flow field of that cycle. The threshold of the nominal jet width is smaller than the

one of the jet penetration length to compensate for their differences in absolute value ranges.

The tests were conducted for a maximum of ten extra modes (denote x), assuming that the flow

feature is unlikely to suffer a sudden change if it is already stable for ten extra components. It

should be noted that the result from this stability test depends inevitably on choosing

appropriate thresholds subject to the data set, yet this is considered to be reasonable since a

similar subjective decision has to made when manually examining the flow fields.

For all the 300 cycles, the number of lower-order PODmodes needed for each cycle is shown

in Figure 5.11. Over half of the cycles require 10 − 20 POD components (cf Equation (3.13))

to reach a stable flow feature (blue filled histogram), and over 80% of them need fewer than 20

components (blue solid line with crosses for the cumulative number of cycles), if four out of the

five previouslymentioned criteria aremet. Take Cycle A (left column of Figure 5.7) as an example,

the respective minimum number of modes needed to meet each criterion is: 11 for jet angle

(Figure 5.8(a)), 4 for jet penetration length (Figure 5.8(b)), 8 for nominal jet width (Figure 5.8(c)), 7

for kinetic energy fraction (Figure 5.9) and 11 for the relevance index (Figure 5.10). Therefore, the
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Figure 5.11: Number of POD modes needed in the low-order approximation for each of the
300 cycles at 300◦ bTDCf identified by different numbers of stability test criteria. Blue filled
histogram in (a) and blue solid line in (b): four out of the five stability test criteria are met; Red
unfilled histogram in (a) and red dashed line in (b): all the five stability test criteria are met. The
lines in (b) show the cumulative values in (a).

stability test suggests that the flow feature of Cycle A stabilises at the 11th-order approximation.

The required modes increase when more constraints are put onto the stability test. For

instance, if the test needs to meet all the five criteria instead of four, the majority of cycles

would need about 15 − 25 modes (red unfilled histogram in Figure 5.11), and the 80%

cumulative line (red dashed line with hollow circles) shifts to 25 − 30 modes. However, this

may cause the stability test to over-constrain the results since the threshold for each criterion

was used globally for all cycles but not all of them are always suitable for every cycle. Hence

the previously proposed stability test only required meeting four out of the five criteria.

Oneway to examine whether the choices of thresholds are appropriate would be to see which

criterion ismost likely to be the “extra” one— the onewhichwas not accounted for in the stability

test. Among all the 300 cycles, 77 of them have the jet angle as the unsatisfied criterion; the jet

penetration length, nominal jet width and kinetic energy fraction each have 33, 37 and 32 cycles

respectively; the relevance index criterion was not used in 82 cycles; the remaining 39 cycles
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have ”tied” criteria, meaning that multiple criteria give the same order of approximation and the

extra one will not have any effect even if it was considered. The results shows that the jet angle

and relevance index thresholdsmay be too restrictive, resulting in the highermode number when

including the fifth criterion. Efforts may be made in the future to find a method that can choose

the thresholds properly, such that most of the cycles have tied criteria and give a consistent

number of modes, or make the five criteria equally restrictive (i.e., being the extra criterion for

the same number of cycles). Additionally, the first three criteria (jet angle, penetration length

and nominal width) were selected based on the specific flow features present on the measured

plane during the intake stroke of this work. These criteria may not be applicable to other flow

situations measured at a different crank angle or on another PIV plane. On the other hand, the

other two criteria (kinetic energy difference and relevance index) are independent of the flow

features, and thus can be applied to any flow field with appropriate selection of threshold values.

It is recommended that the stability criteria should include both the flow features of interest and

flow feature-independent metrics in other applications.

5.4.3 RANS versus low-order POD reconstructed PIV flow fields

The approximated flow field using low-order POD reconstruction extracts the key features

and filters the small-scale turbulence and noise from the original PIV measurements, providing

an alternative validation target for the RANS simulated data which were modelled based on

averaged boundary conditions from the PIV experiments. Their similarity in terms of the

intake jet profile can be again quantified by the metrics developed in an earlier section

(Section 5.2), for which results are shown in Figure 5.12. Based on the stability test discussed in

the previous section, Cycle A uses its 11th-order approximation, while Cycle B is reconstructed

by 18 POD components. For the readers’ convenience, the flow fields of the RANS simulation

(Figure 5.1(f) and Figure 5.3(a)), the PIV ensemble mean (Figure 5.1(e) and Figure 5.3(b)), and
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(c) Intake jet profiles (d) Jet angles

RANS simulation: 1.5◦

PIV ensemble mean: 16.9◦

POD-reconstructed Cycle A: −6.5◦

POD-reconstructed Cycle B: 18.2◦

Figure 5.12: Intake jet quantification metrics for the low-order POD approximated flow fields
compared to the RANS simulation and PIV ensemble mean at 300◦ bTDCf. (a) Jet penetration
lengths and (b) nominal jet widths for the RANS simulation (red), the PIV ensemble mean (blue),
the POD-reconstructed Cycle A (dark green) and the POD-reconstructed Cycle B (orange) as
functions of speed thresholds. (c) Intake jet profiles (width as a function of length) at different
speed thresholds, where the data for the POD-reconstructed Cycle A are plotted at 43 m/s (dark
green dotted line) and 30 m/s (dashed line), while the data for the POD-reconstructed Cycle B
are plotted at 34m/s (orange solid line) and 30m/s (dashed line). (d) Jet angles for different types
of flow fields.
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Figure 5.13: RANS simulated flow field versus the PIV ensemble mean and low-order POD re-
constructed flow fields at 300◦ bTDCf. The red contour lines illustrate the jet region at the
35 m/s speed threshold for each flow field. These flow fields have been plotted in earlier figures:
(a) in Figure 5.1(f) and Figure 5.3(a); (b) in Figure 5.1(e), Figure 5.3(b) and Figure 5.7(a); (c) in
Figure 5.7(f), left column; (d) in Figure 5.7(g), right column.

the low-order POD reconstructed Cycle A (left column of Figure 5.7(f)) and Cycle B (right

column of Figure 5.7(g)) are plotted again in Figure 5.13.

The jet profiles of the low-order approximations of both cycles and the RANS model are

comparable in many aspects. For Cycle A’s approximation, despite its jet penetration length

(dark green solid line with crosses in Figure 5.12(a)) at each speed threshold being larger than the

corresponding value of the RANS model (red solid line with crosses), the slopes of the two lines

are close, meaning that they have similar velocity gradients along the jet penetration direction.

Similar observations can also be made for the comparison in the nominal jet widths as a function

of the speed threshold (dark green and red dashed lines with hollow circles in Figure 5.12(b)),

showing that the perpendicular velocity gradients of the approximated Cycle A and the RANS

simulation are close to each other as well. As a result, the central intake jet of the Cycle A’s

approximation (dark green solid line in Figure 5.12(c); flow field shown in Figure 5.13(c)) has
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5.4. Comparison between RANS results and low-order POD reconstructed PIV data

similar curvature with the one of the RANS simulation (red solid line in Figure 5.12(c); flow field

shown in Figure 5.13(a)) — their width almost keeps constant in the main jet body, and the width

rapidly shrinks to zero at the tip of the jet. However, one can also observe that the jet in the

Cycle A’s approximation is much wider and longer at the same speed threshold (30 m/s).

Given the comparable velocity gradients and jet curvature, the relative characteristics of

the RANS and low-order POD approximated PIV intake jets are well matched. By subsequently

increasing the speed threshold of Cycle A’s approximation to find the bestmatch versus the RANS

simulated data, the scalar jet speed difference between the measurement and the simulation may

be quantified. The best match was found at the 43 m/s speed threshold (dark green dashed

line in Figure 5.12(c)), at which the absolute values of the jet length and width of the Cycle A’s

approximated flow field are in line with the RANS simulated data, in addition to the existing

consistency in the intake jet curvature. Therefore, the speed difference inside the jet region is

about 13 m/s. Also, the jet angle calculation (mentioned previously in “Quantification of Intake

Jet Profile”) shows that the jet angle difference between the approximated Cycle A and the RANS

flow field is around 8◦ (labelled in Figure 5.12(a) and (b)).

The low-order POD reconstructed flow field of Cycle B (Figure 5.13(d)) has almost the same

jet penetration length (orange solid line with crosses in Figure 5.12(a)) and slightly larger

nominal jet width (orange dashed line with hollow circles in Figure 5.12(b)) compared with the

RANS simulated data (red lines in Figure 5.12(a) and (b)). The differences in the slopes of the

corresponding lines are also small, showing that the velocity gradients are similar.

Consequently, the central jet of the Cycle B’s approximation (orange solid line in Figure 5.12(c))

has a profile that is close to the one of the RANS model (red solid line), and they have

comparable length and width. It should be noted that, however, Cycle B’s approximation has a

much wider jet at the entry compared to the RANS simulation. The jet speed difference

between the approximated Cycle B and the RANS simulation is about 4 m/s, which can again

be estimated by increasing the speed threshold of Cycle B to 34 m/s (orange dashed line in
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5.4. Comparison between RANS results and low-order POD reconstructed PIV data

Figure 5.12(c)) and comparing to the RANS simulation (at 30 m/s). Despite these similarities,

the jet angle (labelled in Figure 5.12(a)) of the reconstructed Cycle B deviates about 17◦ from

that of the RANS simulation, which can also be observed by comparing their flow fields

(Figure 5.13(d) versus (a)).

Viewing the entire 300-cycle dataset (Table 5.2 and Figure 5.14), the low-order POD

reconstruction method provides a much fairer comparison to the RANS simulated data than

using the other two averaging methods. The RANS model shows acceptable consistency with

the coherent flow structures of the experimental data obtained by the low-order POD

approximation, despite that, it cannot provide information of the in-cylinder flow field cyclic

variation. The jet regions for the RANS simulation and the low-order POD reconstructed flow

fields can be defined at comparable jet speeds (detectable jet speeds in Table 5.2), albeit the jet

speed is slightly lower in the RANS model. The jet length for the RANS model is close to the

300-cycle median of the low-order POD approximations (values reported in Table 5.2, see also a

direct comparison in Figure 5.14(b)). While the RANS simulation predicts a smaller nominal

width than the 300-cycle median, its value is still within the cyclic variation range (bounded by

the 10% and 90% quantiles) of the experimental data (Figure 5.14(c)). The central intake jet

profile of the RANS simulation and its velocity gradients are also in line with the corresponding

properties for both example cycles (Figure 5.12). The mismatches with individual cycles, such

as jet speed with Cycle A and jet angle with Cycle B, can easily be caused by the strong

cycle-to-cycle variation in the flapping intake jet. For instance, the differences between the 10%

and 90% quantiles of the jet angles for the low-order POD reconstructed flow fields are about

38◦ in Table 5.2, and the jet angles for all the 300 reconstructed flow fields span a range of 112◦

in Figure 5.14(a), as a result of the uneven flow collision from the two intake valves.

The RANS simulated flow field (Figure 5.13(a)) also captures several smaller-scale flow

structures within the approximated PIV fields (Figure 5.13(c) for Cycle A and Figure 5.13(d) for

Cycle B). For instance, the two shear vortices induced by the intake jet are centred respectively
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Figure 5.14: Intake jet quantification metrics for the low-order POD reconstructed cycles (blue,
300 cycles in total) versus the RANS results (red) at 300◦ bTDCf. The jet penetration length and
nominal jet width were evaluated at the 35 m/s speed threshold. The numbers in parentheses
refer to the quantiles of values in each histogram. These statistical values are also reported in
Table 5.2.
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Table 5.2: RANS model validation results using different methods for all the 300 cycles at 300◦ bTDCf

Comparison metrics RANS
simulation

PIV averaging / filtering methods

Ensemble
mean

Speed-Based
average

Low-Order POD
reconstruction

Maximum detectable speed threshold (m/s)a 42 35 42 44

Jet angle (degrees) 1.45 16.9 7.85 12.7± 19.5, (−17.6,+29.9)b

Jet penetration length (mm)
at 30 m/s 8.89 4.50 7.13 10.5± 3.86, (5.63, 15.7)b

at 35 m/s 7.75 0.80 4.74 7.95± 3.69, (4.29, 14.0)b

Nominal jet width (mm)
at 30 m/s 3.38 3.61 6.57 5.70± 1.92, (3.41, 7.55)b

at 35 m/s 2.58 0.43 4.62 4.53± 1.62, (2.26, 6.38)b

a The jet region can be defined using the speed thresholds equal to or smaller than the specified values, and therefore the jet
quantification metrics can be calculated. A smaller value means the maximum flow speed within the flow field is smaller.
b Showing the median ± one standard deviation, and the (10%, 90%) quantiles of the results for 300 cycles, respectively.
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5.4. Comparison between RANS results and low-order POD reconstructed PIV data

at (y = −6.56, z = −5.52 mm) and (y = +6.94, z = −7.21 mm) in the simulated flow field,

which only deviates from the shear vortex centres in the Cycle A’s approximation at

(y = −7.40, z = −6.36 mm) and (y = +6.09, z = −6.36 mm) by one vector spacing (0.84 mm)

in both y and z directions. The RANS-predicted flow directions in the lower-speed regions are

also within the range of cyclic variations for the POD reconstructed fields. At the top-left

corner of the PIV field of view, the RANS predicts a flow direction that is in line with the

Cycle A’s approximation (inclined towards the positive y direction), while slightly differing

from the Cycle B’s approximation (inclined towards the negative y direction). The flow

directions for the RANS field and the approximations of both cycles are aligned near the

top-right corner of the PIV field of view.

If the RANS model was validated only against the ensemble mean, it would be falsely

considered to be a poor model that significantly over-estimated the flow speed (much higher

detectable jet speeds in Table 5.2). Other biased conclusions would also be drawn — for

instance, the model had a much longer intake jet (in Table 5.2 for two example speed

thresholds, see other speed thresholds in Figure 5.12(a)), and even appeared to generate an

incorrect jet profile (Figure 5.12(c)). Indeed, it was the ensemble mean (Figure 5.13(b)) itself that

failed to be a representative flow field of the 300 cycles — the jet length and nominal width for

both speed thresholds are out of the corresponding ranges of the low-order POD

reconstructions (Table 5.2), and the jet profile is significantly different from the original cycles

(Figure 5.1(a)–(d)) or their approximations (Figure 5.13(c) and (d)). The speed-based averaging

method generates closer values of the jet lengths and nominal widths to the RANS model and

the low-order POD reconstructions (Table 5.2), but at the expense of an unavoidable

background speed increase discussed in an earlier section (Section 5.3.2).

Additionally, the low-order POD reconstructions retain the variations of the jet

quantification metrics in different measured cycles, and provide ranges of values that the

simulation results should aim for. For instance, the 10% and 90% quantiles in Table 5.2 can be
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used as the validation lower and upper limits of the jet length and width. It should be noted

that using the experimental median values as validation targets can sometimes be too

restrictive — the RANS model only predicts a reference cycle without considering cyclic

variations and hence the model can be considered accurate if the metrics fall within the

corresponding experimental cyclic variation ranges (as illustrated in Figure 5.14(b) and (c)). On

the other hand, the jet angles obtained from experiments vary significantly (Table 5.2 and

Figure 5.14(a)) due to the flapping intake jet, making the resulting validation range overly large

and easy for the RANS model to achieve. Therefore, caution is needed when interpreting the jet

angle predicted by RANS models even if the value falls within the validation range (i.e.,

experimental cyclic variation range).

5.5 Chapter summary

In this chapter, the modelled flow fields were validated against the experimental

measurements under highly-fluctuating flow conditions such as the engine intake process.

Metrics were developed to quantify the profile of the central intake jet generated by the

collision of the two intake air streams (from both valves), which allowed a detailed comparison

between different flow fields containing the central intake jet in the cross-tumble plane. The

RANS model simulates the flow fields by using the averaged boundary conditions from the PIV

experiment, and it only generates one flow field at any fixed crank angle. Several methods were

investigated to average the multi-cycle measured PIV flow fields to enable the validation. The

conventional phase-averaged ensemble mean was first examined, yet its central intake jet was

heavily affected by the horizontal velocity component cancellation — the jet speed was found

to be largely under-represented compared to individual PIV measurements and the jet profile

was greatly smoothed, such that it lacked key flow features and was not a representative flow

field of the ensemble during the intake process. The speed-based averaging method resolved
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the issue of speed under-representation, but at the cost of introducing an unavoidable flow

speed increase outside of the jet region, and the smoothing problem still remained.

These findings led to the necessity of using non-averaged individual PIV measured fields

as RANS validation targets. These highly fluctuating flow fields must be filtered to allow a fair

comparisonwith the non-fluctuating RANS simulation. Proper orthogonal decomposition (POD)

was therefore implemented on the PIV data set, and the flow fields were reconstructed by using

several low-order POD modes to extract the coherent flow structures and discard the smaller-

scale turbulence and measurement noise. Efforts were made to find an appropriate cut-off mode

number for the POD reconstruction in order to provide a robust approximation to the original

measured flow fields, and a novel stability test was proposed to systemise the procedure. The

low-order POD reconstructed flow fields retained the major flow features of the central intake

jet, and enabled a fair validation of the RANS simulated data. The results showed that the current

RANS model provides a sufficiently accurate simulation in terms of the maximum penetration

length, the nominal width, and the velocity gradients of the highly fluctuating central intake jet,

though the jet speed is slightly under-estimated.

The methods developed here can also be implemented on other data sets when the ensemble

mean fails to be a good representative of any highly fluctuated flow fields. Future focuses may

involve finding best-matched PIV cycles versus the RANS simulation to examine whether the

similarity in the intake jet profile during the early intake stroke (300◦ bTDCf) leads to similarity

in later events such as mixture preparation after direct gasoline injection or flame propagation

during the combustion, as well as modifying the RANS model based on the validation results.

139



Chapter 6

Comparison of POD and KPCA methods

in flow model validation

In this chapter, two different manifold reduction techniques, the proper orthogonal

decomposition (POD) technique (also known as the linear principal component analysis, linear

PCA in statistics) and its non-linear extension, the kernel principal component analysis (KPCA)

method, are implemented for analysing in-cylinder vector fields measured by the particle

image velocimetry (PIV) technique and for validating the flow simulation model. The contents

of this chapter refer to a follow-up research from a paper [3] co-first-authored by the author of

this thesis. Some parts of the chapters (Section 6.1–6.4) are adapted from the paper with

additional information and more detailed discussions included, while a different KPCA

approach was used in Section 6.5.(1)

(1) Approach A (discussed in Section 3.2.2) is used in this thesis in order to provide a direct comparison between
the KPCA and the POD method, while Approach B was applied in the paper. The same data set is used in this thesis
and in the paper.
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6.1 Motivation

In the previous chapter (Chapter 5), the proper orthogonal decomposition (POD) technique

was applied to the PIV flow fields, in order to avoid the flow speed underestimation due to the

component cancellation embedded in the computation of the PIV phase-averaged ensemble

mean, and to account for the cycle-to-cycle variation in the measured flow data. The low-order

POD reconstructed PIV flow fields, after filtering out the smaller-scale turbulent fluctuations

and noise in the experiment, enable a fairer validation of the simulated flow data and provide

the ranges of each parameter for the flow model to validate against (Section 5.4.3). However,

the results of the low-order POD reconstruction inevitably depend on the choice of the cut-off

mode number (i.e., the numbers of POD modes to be included in the low-order reconstruction).

Despite the efforts many researchers (Section 1.5) and the author’s stability criteria in

Section 5.4.2, criticism still exists on the lack of objectivity when determining the cut-off mode

number [60]. Therefore, it is necessary to explore alternative PIV data analysis techniques that

allow a cleaner separation between the coherent flow motion (composed by the lower-order

modes) and smaller-scale turbulent fluctuations (included in the higher-order modes), in order

to provide a less subjective validation target to flow simulation models.

As discussed in Section 1.5, the difficulty in finding the appropriate cut-off PODmode number

mostly results from the non-linearity in the input data. The kernel principle component analysis

(KPCA) technique, as a generalisation of POD,(2) provides an opportunity to map the data into

a chosen non-linear space, and may lead to a less ambiguous cut-off choice. In the following

sections, both KPCA and POD techniques are respectively implemented on a set of tumble plane

data at the T2 test load,(3) with the goals of comparing their performances on the coherent

structures extraction for PIV flow fields and the validation of flow simulation models.

(2) POD is known as the linear PCA in statistics.
(3) Data were taken in the tumble plane at the T2, Piston B, C33, DVA test point. Data for the same test point but

in different measurement planes were also used in Chapters 4 and 5.
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6.2 RANS versus PIV ensemble mean and individual cycles

Before implementing manifold reduction techniques such as POD and KPCA to the PIV

measured flow fields, it is worth investigating the conventional option of directly comparing

the RANS simulation with the PIV ensemble mean. The RANS simulation (Figure 6.1(a)), the

PIV ensemble mean (Figure 6.1(b)) and the individual PIV flow fields (two example cycles(4) in

Figure 6.1(c) and (d)) are obtained at 280◦ bTDCf during the intake stroke for the T2 test point.

The PIV field of view is blocked by the open intake valve at the top-right corner of

Figure 6.1(b)–(d). Therefore, the comparison between the simulated and measured flow fields

are taken only at the locations where the PIV vectors are available. Qualitatively a good match

of the intake flow structure can be seen between the simulation and the PIV ensemble mean,

while the single cycle flow fields show greater degrees of smaller-scale fluctuations. The flow

speed in the PIV ensemble mean, however, is noticeably smaller compared to the RANS

simulation and the presented individual cycles. Also, the intake jet penetration length in the

ensemble mean field is much shorter. This is a result from the velocity component cancellation

among different cycles when computing the ensemble mean, which was discussed previously

in Section 5.3.1.(5)

The differences between flow fields can be quantified by the vector field comparison metrics

which were introduced in Section 3.3. Figure 6.2 shows the relevance index (cf Equation (3.51))

versus the RANS simulation for the PIV ensemble mean (blue line) and all the 300 individual

cycles (red crosses). Despite its lower flow speed, the ensemble mean has a higher RI compared

to any of the individual cycles, suggesting a better match between the PIV ensemble mean and

(4) The two example cycles were randomly selected and recorded consecutively in a test run. These two cycles are
not the same cycles as presented in the published paper [3], in order to ease the concern of “cherry-picking” and show
the methods that are being presented in this chapter works for any cycle.

(5) The values of velocity components at a single grid point vary significantly from cycle to cycle. The ensemble
mean, due to its natural averaging process (cf Equation (3.5)), can be skewed by the low values in some cycles,
resulting in a much smaller flow speed in the averaged flow field. An extreme case of this phenomenon was presented
by the horizontal velocity component cancellation in Section 5.3.1.

142



6.2. RANS versus PIV ensemble mean and individual cycles

(a) RANS simulation

−30

−25

−20

−15

−10

−5

0

5

10

z
(m

m
)

(b) PIV ensemble mean

(c) Individual cycle (PIV Cycle A)

−25−20−15−10 −5 0 5 10 15 20 25
−30

−25

−20

−15

−10

−5

0

5

10

x (mm)

z
(m

m
)

(d) Individual cycle (PIV Cycle B)

−25−20−15−10 −5 0 5 10 15 20 25
x (mm)

0

10

20

30

40

50

60

70

Fl
ow

sp
ee

d
(m

/s
)

Figure 6.1: Flow fields in the tumble plane at 280◦ bTDCf (during the intake stroke when intake
valves are open). Data were taken at the T2, Piston B, C33, DVA test point.(6)

the RANS simulation. It should be noted that the differences between the non-filtered individual

cycles and the RANS simulated flow field are exaggerated due to the existence of the local small-

scale fluctuations in the measured flow fields, while in the ensemble mean such fluctuations are

cancelled out by the averaging process.

In addition to a single scalar value from the relevance index, one can obtain the spatially-

(6) It is worth reiterating that, as mentioned in a footnote for Figure 2.7, the vectors are in unit length and only
illustrate the flow direction, while the magnitude of the vector at each location are shown by the colour map. For
clarity only every second vector is plotted in each direction, while the false colour background uses the actual spatial
resolution from the PIV experiment. The colour (black/white) of each vector is chosen to contrast with the false colour
background. This plot style is adopted in this thesis for all the plots containing vectors, unless otherwise specified.
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Figure 6.2: Relevance index (RI) versus the RANS data for the PIV ensemble mean (blue dashed
line) and all the 300 individual cycles (red crosses) at 280◦ bTDCf. The values for the two example
cycles whose flow fields were shown in Figure 6.1 are additionally marked by the brown circle
(Cycle A, Figure 6.1(c)) and the purple circle (Cycle B, Figure 6.1(d)), respectively.

resolved quality-of-match information in the flow direction and in the flow speed (i.e., velocity

magnitude) independently by the weighted relevance index (cf Equation (3.53)) and theweighted

magnitude index (cf Equation (3.54)). Figure 6.3 shows theWRI andWMI fields when comparing

the PIV ensemble mean and the two example cycles respectively to the RANS simulation.(7) The

simulated flow field and the ensemble mean have an excellent directional match (Figure 6.3(a)).

Cycle A also shows a similar good directional match with the RANS data (Figure 6.3(c)), while

flow direction differences are found near the tumble vortex centre for Cycle B (Figure 6.3(e)) —

a large region of high values are observed at the bottom part of the WRI field, likely caused by

the fact that the RANS simulation is not able to capture small eddies in the individual cycles.

(7) Note that a lower value of WRI and WMI indicates a better match between the two vector fields, while a higher
RI value means a better match.
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Figure 6.3: Weighted relevance index (WRI, left column) and weighted magnitude index (WMI,
right column) fields versus the RANS data for the PIV ensemble mean (top row) and two example
cycles (middle row for Cycle A, bottom row for Cycle B) at 280◦ bTDCf.
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TheWMI field for the PIV ensemble mean (Figure 6.3(b)), on the other hand, has larger values

across the whole field compared to its WRI field (Figure 6.3(a)). This suggests that compared to

the differences in the flow direction, the flow speeds in the ensemble mean field deviate to a

greater extent from the simulation data — the flow speed differences are particularly larger near

the edge of the intake jet (at around x = −20, z = −10 mm), at which the flow directions vary

significantly from cycle to cycle and hence the flow speed underestimation due to the component

cancellation in the ensemble mean becomes more substantial. Local highWMI values in the flow

speeds can also be observed in individual cycles (Figure 6.3(d) and (f)), and the locations at which

high values occur vary in different cycles.

The spatial information from theWRI andWMI fields can be condensed back to single values

to provide a more intuitive comparison by taking the spatial average of each field. Figure 6.4

shows the spatially-averaged WRI and WMI for each individual PIV cycle (red crosses) and the

PIV ensemble mean (the intersection of two blue dashed lines, also marked by the blue square)

compared with the RANS simulation. In line with the previous finding using the relevance index

(Figure 6.2), the PIV ensemble mean has the a better directional match with the RANS simulation

compared to any of the individual cycles (lowest WRI in Figure 6.4). However, a number of

individual cycles are found to have better agreements with the simulated flow field in terms of

the flow speed (lower WMI) compared to the ensemble mean.

Despite there exists some individual cycles that can have a reasonably good similarity with

the RANS simulation (almost as good as the ensemble mean in terms of the flow direction and

may even better in terms of the flow speed, see Figure 6.4), it is worth noting that the measured

flow fields include small-scale turbulent features and experimental noise, while the RANS only

provides an estimation of the bulk flow behaviour based on averaged thermo-fluid equations

and does not contain these fluctuations. Additionally, the RANS data may contain artifacts of

modelling assumptions. Therefore, it is questionable to compare the individual cycles directly to

the RANS simulated flow field in the first place. These findings bring the necessity of using some
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Figure 6.4: Spatially-Averaged weighted relevance index (WRI) and weighted magnitude index
(WMI) versus the RANS data for the PIV ensemblemean (the intersection of the blue dashed lines,
also marked by the blue square) and all the 300 individual cycles (red crosses) at 280◦ bTDCf.
The values for the two example cycles are additionally marked by the brown circle (Cycle A) and
the purple circle (Cycle B), respectively.

data-processing techniques to filter the instantaneous flow fields, in order to determine whether

the flow structures and the flow speeds are reliably captured by the RANS simulation.

6.3 POD (linear PCA) analysis

Proper orthogonal decomposition (POD) has been proposed as an approach to make

objective quantitative comparisons between the experimental and simulated data that goes

beyond the ensemble averaging. POD can provide insights into in-cylinder flow dynamics and

can be used to quantify the cycle-to-cycle variation (CCV) of the in-cylinder flow (Section 1.5).

In the previous chapter (Chapter 5), it has been demonstrated that the low-order POD
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reconstructed flow fields can be used for the validation of a RANS simulation in the

cross-tumble plane even when a flapping intake jet exists in the field of view. In this section,

the POD technique is implemented again on the data in the tumble plane, but with different

flow comparison metrics and an alternative cut-off mode determination algorithm. Since the

flow fields in the tumble plane is more organised than in the cross-tumble plane, it is now

appropriate to implement the point-wise vector field comparison metrics (WRI and WMI,

Section 3.3) to quantify the flow structure similarities and changes for a pair of flow fields in

the entire tumble plane field of view, in replacement of the customised flow comparison metrics

(Section 5.2) that focuses on the flapping intake jet in the middle of the cross-tumble plane field

of view.(8)

Given the mathematical process after centring the data (Equation (3.10)), the proper

orthogonal decomposition (cf Equation (3.13)) applied to the 300-cycles data set generates 299

POD modes with a decreasing amount of kinetic energy captured by each successive mode

(cf Equation (3.27)). Different criteria are available in literature to identify the cut-off mode

number for different flow motions (Section 1.5). In order to decide the number of modes needed

to reconstruct the flow fields, the quadruple POD method [66, 67] is applied here(9) — the

turbulent flow field is decomposed into four separate classes: mean, coherent, transition and

turbulent flow motion. The coherent flow motion contains large-scale vortices and plays a

critical role in the cyclic variations. The transition part is identified as a passage in the energy

cascade between the large-scale vortices in the coherent turbulence and the smallest ones in

the incoherent background turbulence. The turbulent part represents the small-scale structures

(8) It is worth reiterating that, as mentioned in Section 5.2, the point-wise comparisons cannot accommodate more
in-depth or subjective concepts of similarity such as a coherent structure being displaced or distorted between two
fields in the cross-tumble plane data set. This is why the intake jet profile was quantified by key characteristics of the
intake jet such as jet angle, penetration length and width in Section 5.2.

(9) Themode stability criteria proposed by the author and introduced in Section 5.4.2 can also be implemented here
with necessary modifications. The quadruple POD method is chosen because it is a more widely adopted algorithm
and suits the need of comparing a general POD analysis procedure with the KPCA algorithm in Section 6.5.
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in the flow field, which are assumed to be homogeneous and isotropic.

In the quadruple POD approach, Qin et al. [66] and Zhuang and Hung [67] proposed the

use of the relevance index (RI, cf Equation (3.51)) among the reconstructed flow fields as the

tool to determine the proper cut-off mode — the number of POD modes required in the coherent

part is determined by the RI between the fluctuation flow structure reconstructed by the firstm

modes and the flow structure using one additional mode (i.e., using the first (m+1)modes).(10)

If the addition of a POD mode to the flow reconstruction does not modify the resulting field

significantly, in other words, if the RI before and after adding a POD mode is close to 1, the

contribution of that POD mode is negligible, and the previous mode is identified as the cut-off

mode for the coherent part of the turbulence. It should be noted that, for a given RI threshold,

the cut-off mode number for each cycle may be different due to the strong CCV in the flow fields

and the nature of successive maximisation of the sum of the sample variances during the POD

computation process.(11) Instead of using different cut-off mode numbers for each cycle (as used

in Chapter 5), Qin et al. [66] chose to take the average RI of all cycles, and set a cycle-averaged

RI = 0.95 threshold as the cut-off between the coherent and the transition flow motions.

Figure 6.5 shows the averaged RI over 300 cycles (blue dots) with an increasing number of

modes at 280◦ bTDCf. A cycle-averaged RI over 0.95 is achieved when comparing the flow fields

that include the first eight PODmodes and the first nine PODmodes in the calculation, and hence

the cut-off mode number is eight. It should be noted that, however, a wide range of RI values

is observed for each chosen mode over 300 cycles, as shown by the 10% and 90% quantiles

(labelled by the edges of the error bars). Indeed, there are over 30% cycles whose RI value has

not reach 0.95 using the first eight modes, and for those cycles, their coherent structures may

(10) Note that here the “fluctuation flow structure” is reconstructed by the first several modes and excludes the
ensemble mean, as opposed to the “low-order POD apporximation” which includes the ensemble mean (cf Equa-
tion (3.28)).

(11) POD successively maximises the sum of the sample variances in all cycles, not the variance for each cycle
(cf Equation (3.26)). Therefore, the extent of the flow features collected up to a certain numbers of POD modes may
vary from cycle to cycle.
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Figure 6.5: Cut-Off PODmode number identification for the PIV flow fields measured at 280◦ bT-
DCf using the quadruple POD method. The relevance index (RI) values between the sum of the
firstm and the sum of the first (m+ 1) POD components are plotted for each POD mode num-
berm, and a cutoff threshold of cycle-averaged RI = 0.95 (red dashed line) is chosen according
to [66, 67]. Note that the RI values vary in different cycles. Blue dots: the 300-cycle average;
error bars: the 10% and 90% quantiles of 300 values at a specific mode number. The zoomed-in
region is bounded by the brown dashed lines filled with light yellow colour in the main plot.

not yet be converged. The disadvantage caused by this phenomenon will be discussed later in

this section.

Figure 6.6 shows the POD-reconstructed flow fields (ensemble mean plus the first m POD

components, cf Equation (3.28)) for the two example cycles (left column: Cycle A and right

column: Cycle B); the same numbers of POD modes are included in the flow fields on each row.

The first-order POD-reconstructed flow fields (Figure 6.6(b)) qualitatively shows a high degree of

similarity with the ensemble-averaged experimental flow field (Figure 6.6(a)). The cycle-to-cycle

variation of the flow field can be seen with the addition of increasing numbers of POD modes

(Figure 6.6(c)–(e)), until when all 299modes are included in the reconstruction, the resulting flow
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field becomes identical to the original single cycle flow field (Figure 6.6(f)). It is worth noting

that, despite that the quadruple POD identifies eight modes are sufficient for a “stable” coherent

structure, extra POD modes included in the reconstruction process still contribute to a change

in the flow field. For instance, small flow structure changes can be found between the eighth

(Figure 6.6(d)) and the 13th (Figure 6.6(e)) orders of approximations for both cycles.

A quantitative comparison between the POD-reconstructed flow field using eight modes

and the RANS simulated flow field is performed using the WRI and WMI metrics. For both

cycles (Figure 6.7(a) and (c)), when compared to the RANS simulation, the eighth-order POD

approximations have a lower WRI across the whole field than the corresponding original cycles

(Figure 6.3(c) and (e)), indicating that the POD-approximated flow fields are closer to the RANS

flow field in terms of the flow direction. On the other hand, since POD successively maximises

the kinetic energy within the data set (Equation (3.27))), the POD approximations tend to retain

the flow speed from the original cycles. As a result, their WMI fields versus the RANS data

(Figure 6.7(b) and (d)) remain at a similar level to the original cycles (Figure 6.3(d) and (f)),

albeit that the WMI fields for the POD approximations are smeared out more uniformly since

the small-scale turbulence within the original cycles are filtered out by the reconstruction

process. Such comparisons can be made for all the 300 cycles, providing not only the main flow

field information that can be obtained from the PIV ensemble mean, but also the cyclic

variation information in the coherent flow field structures that goes beyond the scope of the

PIV ensemble mean.

Although the reconstructed flow field using eight modes has shown both qualitatively and

quantitatively a better validation target for the RANS flow field, one would argue that the

results may be affected by the choice of the cut-off threshold. The POD reconstructed flow

fields in Figure 6.6 shows that the inclusion of any additional modes in the POD analysis may

produce a distinct change in the reconstructed flow fields, and may further affect the validation

results. To examine the influence of extra modes on the validation results, the WRI and WMI
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Figure 6.6: POD-Based reconstruction for two example cycles (left column for Cycle A, right col-
umn for Cycle B) at 280◦ bTDCf. Different numbers of modes are included in the reconstruction
for each row.
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Figure 6.6: POD-Based reconstruction for two example cycles (left column for Cycle A, right col-
umn for Cycle B) at 280◦ bTDCf. Different numbers of modes are included in the reconstruction
for each row.
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Figure 6.7: Weighted relevance index (WRI, left column) and weighted magnitude index (WMI,
right column) fields versus the RANS data for two POD-reconstructed cycles (top row for Cycle A,
bottom row for Cycle B) at 280◦ bTDCf.

fields in Figure 6.7 are again spatially averaged to provide a single value (respectively for WRI

and WMI) that quantifies the overall quality of match in terms of flow direction and speed

between POD-reconstructed flow fields and the RANS simulated flow field. Figure 6.8

illustrates the spatially-averaged WRI (top plot) and WMI (bottom plot) for POD-reconstructed

Cycle A (brown crosses) and Cycle B (purple circles) using different numbers of dimensions
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(i.e., POD modes). Generally speaking, after including at least eight POD modes,(12) the values

for both metrics and for both cycles show an increasing trend, resulting from the fact that more

random fluctuations are included in the POD approximations at higher orders. On the other

hand, the increasing trend after the eighth-order approximations is less obvious in the

spatially-averaged WMI values — it is only observed in Cycle A (brown crosses in the bottom

plot), while the values for Cycle B (purple circles) fluctuates around the value for the

eighth-order approximation.

When using the two metrics to quantify the quality of match between the POD

approximations and the RANS data, one would prefer to have constant (or at least close to

constant) values that do not depend on the choice of numbers of dimensions included in the

POD reconstruction, so that the validation results after the comparison can be more robust and

objective. However, the spatially-averaged WRI values may change by a significant amount as

more dimensions are included in the POD reconstruction. For instance, the spatially-averaged

WRI values for Cycle B (purple circles in the top plot of Figure 6.8) increases by 26% from 0.065

at the eighth-order approximation to 0.082 at the 13th-order approximation (after adding five

more modes). If Cycle B were used to compare with the CFD data, one might draw different

conclusions on the quality of match in flow directions when using different numbers of POD

modes to reconstruct this cycle. Indeed, this ambiguity in determining the actual levels of

match versus RANS occurs not only in a single cycle (in this example, Cycle B), but in many

other cycles within the data set as well.

Figure 6.9 illustrates the changes in the spatially-averaged WRI (top plot) and WMI (bottom

plot) values when adding more modes into the POD reconstruction compared to the values

computed using the corresponding eighth-order POD approximations for all the 300 cycles in

the data set. The changes are shown in % from the baseline (i.e., the value for the corresponding

(12) The cut-off mode number suggested by the quadruple POD method was eight. A vertical dashed blue line is
plotted at the eighth POD mode in Figure 6.8 to guide the readers.
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Figure 6.8: Spatially-Averaged WRI (top plot) and WMI (bottom plot) versus the RANS data for
the POD-reconstructed flow fields of Cycle A (brown crosses) and Cycle B (purple circles) with
varying numbers of dimensions at 280◦ bTDCf. Eight PODmodes (blue dashed line) was chosen
as the cut-off mode number based on the result shown in Figure 6.5.
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eighth-order POD approximations), whose values are computed by:

%change =
metric using (x+ 8) dimensions−metric using 8 dimensions

metric using 8 dimensions
× 100%. (6.1)

For instance, the above-mentioned 26% increase in the spatially-averagedWRImetric for Cycle B

after including five extra dimensions are illustrated by a purple circle at the coordinate (5, 26%)

in the top plot. The dark green dots refer to the median of the values for 300 cycles and the error

bars are bounded by the 20% (lower) and 80% (upper) quantiles for the 300 values at each number

of extra modes. Both metrics show an increase trend as the inclusive of more dimensions, while

the increases in the spatially-averagedWRI (top plot) are particularly noticeable — the 300-cycle

median value rises by 13%with five extramodes, and for over 20% cycles, their values at the 43th-

order approximations (i.e., 35 extra modes) are doubled (or evenmore than doubled) compared to

the values for the eighth-order approximations. Due to the unstable values of WRI and WMI, it

can be concluded that choosing a proper number of modes is critical for the POD reconstructions

when they are used to validate the RANS data.

Similar results in the literature also indicate the same challenge in the choice of the cut-off

mode [74, 105], especially when there exist multiple criteria to determine the number of modes

required for the approximation. Additionally, as mentioned earlier in this section, although the

quadruple POD method suggests using a certain cut-off mode number identified by the cycle-

averaged RI threshold, the actual numbers of POD modes needed to reach the same RI value for

each cycle are different, which creates another layer of uncertainty when using any selection

criteria. The variations of the cut-off POD mode number among different cycles call for the

implementation of an alternative data dimensionality technique that can lead to a less ambiguous

cut-off between the coherent flow structure that needs to be included while validating the RANS

data, and the small-scale turbulence that needs to be excluded so that not to bias the validation.

The analysis in the following section focuses on the inherent structure hidden in the data that

can inspire the use of a more suitable flow field filtering method.
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Figure 6.9: Changes in the spatially-averagedWRI (top plot) andWMI (bottom plot) values when
extra dimensions are included after the eighth-order POD reconstruction. Dark green dots: the
300-cycle median; error bars: the 20% and 80% quantiles of 300 values at a specific number
of extra dimensions. The changes are shown in % from the baseline at the eighth-order POD
approximation.
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6.4 Statistical analysis at individual grid points

Recall that the POD technique considers the velocity components at each grid point to be a

random variable (Section 1.5). In order to investigate alternative flow field decomposition

methods other than the POD technique, it is useful to begin from examining the statistical

distribution of these random variables. In statistics, the chi-squared (χ2) test for normality

[106] is used to determine whether or not a random variable follows a normal distribution. For

this study, the null hypothesis is that the vectors on a specific location in the flow field (300

samples in total) are sampled from a normal distribution with a mean and a variance estimated

from the 300 samples. The significance level (α), which is the probability of falsely rejecting the

null hypothesis when it is actually true (known as the Type I error, or a “falsely positive”

conclusion in statistics), is chosen as 5% when implementing the hypothesis test. In order to

account for the directional aspect of the velocity, the vector is decomposed into two

components: the horizontal component u and the vertical component w. For each component

at any location in the flow field, a separate chi-squared test for normality is performed.

Figure 6.10 presents the statistical test result for the entire flow field over all the 300 cycles at

280◦ bTDCf. The majority (over 58%) of the flow field presented a normal distribution for both

velocity components (failed to reject the null hypothesis in both tests, marked in dark blue in

Figure 6.10).(13) However, small regions in the intake stream and at the bottom edge of the field

of view (near the tumble vortex centre) saw scalars rejecting the null hypothesis of being

sampled from a normal distribution at the 5% significance level: among the 1870 grid points in

Figure 6.10, there are about 11% grid points rejected the null hypothesis in the test of u

(marked in light blue), about 21% grid points rejected the null hypothesis in the test of w

(marked in green), and about 10% grid points rejected the null hypothesis in both tests (marked

(13) More strictly speaking, in statistics, failing to reject the null hypothesis means “there is no sufficient evidence
showing that the samples are not from a normal distribution”.
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in yellow). The deviation from a Gaussian distribution is presumably caused by a stronger CCV

in the intake stream, and the displacement of vortex centres among different cycles.

To further examine the Gaussian properties of the flow field, the distributions of the

velocity components at six different locations (marked A–F in Figure 6.10) are analysed in more

detail. Figure 6.11 shows the distribution of both horizontal and vertical velocity components

of four locations in the bulk flow region ((a)–(d)) and two locations in the intake stream

((e) and (f)), where a fitted normal distribution (red solid line) is superposed onto each

histogram. The p values reported in each sub-figure indicate whether the null hypothesis is

rejected — if the p value is greater than the significance level (5%, or 0.05), the null hypothesis

cannot be rejected, in other words, the distribution is close to a normal distribution. The

histograms show, despite there exists cycle-to-cycle variation in all locations, the extent of CCV

varies among different regions. The CCV is stronger in the intake stream ((e) and (f)) compared

to in the bulk flow ((a)–(d)), and hence the p values are much lower, meaning that the rejection

of the null hypothesis (that the samples are from a normal distribution) is more statistically

significant in the intake stream. On the other hand, for most of the locations in the bulk flow

(as exemplified by Figure 6.11(a)–(d)), even though some of the locations have failed the

hypothesis criteria (p < 0.05), it can be seen that qualitatively their deviations from a normal

distribution are not significant. It is concluded that from the statistical study, for this flow

condition, a non-linear correlation exists in the flow field — the vectors at the majority of the

grid points follow (or are close to following) a Gaussian distribution. Therefore, mapping the

data using a Gaussian distribution onto a higher dimensional space could help flatten the

non-linearity that has been exhibited, and potentially give a less ambiguous cut-off threshold in

the PCA-based algorithms.
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Figure 6.10: Chi-Squared test for normality to each location in the PIV flow fields measured at
280◦ bTDCf. The null hypothesis is that the vectors on a specific location in the flow field (300
samples in total) are sampled from a normal distribution with a mean and a variance estimated
from the samples. The significance level of the test is chosen as 0.05. The horizontal (u) and
vertical (w) components are respectively tested. The colours at each grid point indicate whether
the null hypothesis is rejected at the chosen significance level, as labelled in the legend. If the
p value for the test is smaller than the chosen significance level (0.05), the null hypothesis is
rejected. The red boxes and their labels mark six locations from A–F, at which the single-point
velocity component distributions and the p values for both velocity components are reported in
Figure 6.11.
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(c) Point C, at (x = −11.84, z = −11.22 mm)
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Figure 6.11: Single-Point velocity components distributions at 280◦ bTDCf. Left column: hori-
zontal components, right column: vertical components. Each row show data at different loca-
tions (marked by the red boxes in Figure 6.10). The red lines show a normal distribution fit to
each histogram. The p values from the chi-squared test for normality are also reported.
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(f) Point F, at (x = 0.59, z = 3.12 mm)

−90 −75 −60 −45 −30 −15 0 15 30
0

10

20

30

40

50

60

Magnitude of the velocity component (m/s)

N
o.

of
cy

cl
es

Vertical components, p = 0.000

−90 −75 −60 −45 −30 −15 0 15 30
Magnitude of the velocity component (m/s)

Figure 6.11: Single-Point velocity components distributions at 280◦ bTDCf. Left column: hori-
zontal components, right column: vertical components. Each row show data at different loca-
tions (marked by the red boxes in Figure 6.10). The red lines show a normal distribution fit to
each histogram. The p values from the chi-squared test for normality are also reported.
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6.5 Application of kernel PCA (KPCA)

From the statistical analysis of the flow field (Section 6.4), there exist strong Gaussian

properties in the velocity components. Therefore, when considering PCA-based manifold

reduction techniques, a non-linear option may be more suitable than the linear version (i.e.,

POD). As discussed in the literature review (Section 1.5), the kernel PCA (KPCA) method offers

an opportunity to map the data into a selected non-linear space, where a Gaussian kernel is

chosen for this study. Following the algorithm introduced in Section 3.2.2, KPCA was

implemented on the same data set as used for the POD technique in Section 6.3. The following

paragraphs discuss the results of the KPCA method.

For a fair comparison with the POD results, eight KPCA dimensions were also used as the

baseline when computing the WRI and WMI fields versus the RANS data. The same procedure

used in Figure 6.9 was applied again to the KPCA approximations, in order to compute the

spatially-averaged WRI and WMI values for the KPCA-reconstructed flows using different

numbers of extra dimensions, and to further examine the “stability” of both metrics when more

dimensions are included in the reconstruction. Figure 6.12 shows the resulting values, which

are computed using Equation (6.1) and plotted as the change in % of each metric versus the

corresponding baseline (eighth-order) reconstruction — the POD results are compared to the

eighth-order POD reconstruction, and the KPCA results are compared to the eighth-order

KPCA reconstruction. The data for the KPCA reconstructions are plotted in orange, while the

values for the POD reconstructions (the same data previously reported in Figure 6.9) are shown

again in dark green for an easier direct comparison between the two reconstruction methods.

The dark green dots and orange squares illustrate, respectively, the 300-cycle median values for

each method, and the error bars show the range of the central 60% values (bounded by the 20%

and 80% quantiles).

A noticeable improvement can be found in the spatially-averaged WRI values (top plot)
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Figure 6.12: Changes in the spatially-averaged WRI (top plot) and WMI (bottom plot) values
when extra dimensions are included after the eighth-order POD (dark green) and KPCA (orange)
reconstruction. Dots/squares: the 300-cycle median; error bars: the 20% and 80% quantiles
of 300 values at a specific number of extra dimensions. The changes are shown in % from the
baseline at the eighth-order approximation for each reconstruction method. The same values for
the POD method were previously reported in Figure 6.9.
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when using the KPCA method compared to the POD method — the changes in the metric

values are much smaller (closer to zero, highlighted using a blue dashed line) at any number of

extra dimensions. For instance, the 26% increase (previously discussed in Section 6.3) in the

Cycle B’s WRI value with five extra dimensions using the POD method (the purple circle at the

coordinate (5, 26%)) drops to 1.8% when the KPCA approach is implemented (the purple cross

at the coordinate (5, 1.8%)). Indeed, the Cycle B’s WRI values suffer a much smaller deviation

from the baseline values at all the dimensions for the KPCA method (purple crosses) than the

POD method (purple circles). A similar observation can also be made for Cycle A (brown

crosses for KPCA, brown circles for POD). In other words, the quality of match versus the

RANS data in terms of the flow direction is more stable when using different numbers of KPCA

dimensions. As such, if the KPCA reconstructions were used to validate the RANS data and to

examine whether the flow direction is matched well between them, the conclusions would be

more robust than the findings made from the POD reconstructions.

On the other hand, the improvement on the spatially-averaged WMI (bottom plot of

Figure 6.12) for the KPCA method is less obvious. Both the POD method (dark green) and the

KPCA approach (orange) show a reasonably small deviation from the baseline value, while the

stability in the values for the KPCA approach is slightly higher than that of POD (i.e., closer to

the zero change). For individual cycles, Cycle A has a small improvement in its KPCA

approximations (brown crosses) than its POD reconstructions (brown circles), while the

changes for Cycle B using both methods (purple circles for POD, purple crosses for KPCA) are

comparable and both close to zero. In conclusion, the robustness in terms of the flow speed

difference with the RANS data are equally good for both the POD and KPCA reconstructions

when using various numbers of dimensions.

Figure 6.13 illustrates the KPCA-reconstructed flow fields for the two example cycles (left

column: Cycle A and right column: Cycle B), of which the same numbers of dimensions are

included in the flow fields on each row. The KPCA-reconstructed flow fields behave in a similar
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Figure 6.13: KPCA-Based reconstruction for two example cycles (left column for Cycle A, right
column for Cycle B) at 280◦ bTDCf. Different numbers of dimensions are included in the recon-
struction for each row.
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(d) 8th-order KPCA approximation
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(f) 299th-order KPCA approximation
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Figure 6.13: KPCA-Based reconstruction for two example cycles (left column for Cycle A, right
column for Cycle B) at 280◦ bTDCf. Different numbers of dimensions are included in the recon-
struction for each row.
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way to the POD-reconstructed flow fields (shown in Figure 6.6). The first-order KPCA

approximations in Figure 6.13(b) are very close to the PIV ensemble mean (Figure 6.13(a)),

while the flow fields start to deviate more from the ensemble mean as more dimensions are

included in the flow field reconstruction (Figure 6.13(c)–(f)). When using all 299 dimensions,

the KPCA approximations resemble the original cycles with negligible differences caused by

the numerical rounding error during the reconstruction process. At higher orders, the KPCA

approximations also have small changes in the flow structures as had when using the POD

method. For instance, the tumble vortex centre (near x = −8, z = −25 mm) has a small offset

(≈ 2 mm) between the eighth-order KPCA approximated Cycle B (right column of

Figure 6.13(d)) and its 13th-order KPCA approximation (right column of Figure 6.13(e)).

However, as suggested in Figure 6.12, such a small difference has minimal influences on the

spatially-averaged WRI and WMI values.

The reconstruction of the flow field using the KPCA method has shown an advantage in

terms of the convergence of the spatially-averaged WRI and WMI after the inclusion of at least

eight dimensions. Therefore, one may also use eight dimensions for KPCA reconstructions and

compare the reconstructed flow fields with the RANS data. Additionally, it is also possible to

make a direct comparison between the POD and the KPCA methods to examine their

effectiveness in maintaining a stable coherent flow structure when the same number of

dimensions (in this case, eight dimensions) is used for the reconstruction. Recall that the WRI

and WMI metrics can also provide spatial information, the two metrics can also be used to

check the level of agreement with the RANS data across the entire flow field, and the results

can be compared against the WRI and WMI fields for the individual cycles (Figure 6.3(c)–(f))

and the POD reconstructions (Figure 6.7). Figure 6.14 shows the WRI (left column) and WMI

(right column) fields for the KPCA reconstructed flow field of Cycle A (top row) and Cycle B

(bottom row). The WRI values for the KPCA-reconstructed Cycle A (Figure 6.14(a)) are low

across the whole field, suggesting an excellent directional match to the RANS data. For Cycle B,
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Figure 6.14: Weighted relevance index (WRI, left column) and weighted magnitude index (WMI,
right column) fields versus the RANS data for two KPCA-reconstructed cycles (top row for Cy-
cle A, bottom row for Cycle B) at 280◦ bTDCf.

higher WRI values are observed in its KPCA reconstruction (Figure 6.14(c)) at the bottom part

of the field of view, resulting from the disagreement between the tumble vortex centre

locations in the measured and the simulated flow fields. The WRI values across the whole field

of view for the KPCA approximations (Figure 6.14(a) and (c)) are significantly smaller than the

values for the corresponding individual cycles (Figure 6.3(c) and (e)), showing that the KPCA

approximations match better with the RANS data than the original cycles in terms of the flow
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6.5. Application of kernel PCA (KPCA)

direction. For instance in Cycle A, the high values at several small pockets within its original

flow field (Figure 6.3(c)) do not occur in its KPCA reconstruction (Figure 6.14(a)), since the

KPCA reconstruction process filtered out the noise and small-scale fluctuations that may result

in a mismatch when comparing with a smooth RANS flow field. On the other hand, since the

KPCA approximations retain the flow speed in the original cycles, the WMI values for the

KPCA approximations (Figure 6.14(b) and (d)) and for the corresponding individual cycles

(Figure 6.3(d) and (f)) are roughly at the same magnitude. It can also be observed in Figure 6.14

that both the WMI and WRI fields for the KPCA approximations are smoother than the ones

for the individual cycles (Figure 6.3(c)–(f)) due to the filtering process being embedded in the

KPCA algorithm. Similar findings were also made when investigating the POD approximations

using the WRI and WMI fields (Figure 6.7). In fact, when comparing the WRI and WMI fields

for both reconstruction methods (Figure 6.7 for POD, Figure 6.14 for KPCA), despite there are

some local differences, minimal distinction can be found in their overall levels of match with

the RANS data. It is worth reiterating that, however, the flow direction change among different

orders of KPCA reconstructions are smaller than the change among the corresponding POD

approximations. Therefore, the conclusions that are drawn based on the WRI and WMI fields

are more robust when using the KPCA method.

Following the same approach as applied in Figure 6.4, one can use the spatially-averagedWRI

and WMI values for all the 300 cycles (Figure 6.15) to quantitatively compare the level of match

with the RANS simulation among various PIV data processing methods. The PIV data were

processed by the four different methods introduced in this chapter: the PIV ensemble mean

(a single value, labelled by the intersection of two blue dashed lines and the blue square), the

individual cycles (300 values, marked by the red crosses), the POD-reconstructed flow fields (300

values, marked by the dark green circles), and the KPCA-reconstructed flow fields (300 values,

marked by the orange circles). Both reconstructed flow fields include eight dimensions, which

is a value determined by the quadruple POD analysis in Section 6.3). The two dimensionality
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Figure 6.15: Spatially-Averaged WRI (top plot) and WMI (bottom plot) versus the RANS data
for four different validation targets: the PIV ensemble mean (the intersection of the blue dashed
lines, also marked by the blue square), all the 300 individual cycles (red crosses), the POD re-
constructed flow field (dark green circles, top figure only) and the KPCA reconstructed flow field
(orange circles, bottom figure only) at 280◦ bTDCf.
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reduction techniques (POD and KPCA) incorporate the CCV information that cannot be obtained

from using the PIV ensemble mean. The reconstructed flow fields from both techniques, when

comparing to the RANS data, lead to much smaller spatially-averaged WRI and WMI values

than the values for the individual cycles, indicating that the RANS predictions match better

with the reconstructed (or “filtered”) flow fields. Limited differences are found over all cycles

when comparing these two methods, which again show that they are equally suitable in the

validation of the RANS simulation. However, as highlighted earlier in this section, when the

experimental scalars show Gaussian (or near-Gaussian) properties, the KPCA technique has a

significant strength in the stability of the WRI and WMI values when using different numbers of

dimensions, which may lead to a more robust conclusion of the RANS model validation.

6.6 Chapter summary

In this chapter, the accuracy of conventional methods in validating the RANS simulated flow

field via either ensemble averaged or individual PIV flow fields measured in the tumble plane

of the optically accessible engine (Appendix A) are firstly examined. The data set contains flow

fields measured at a fixed crank angle for 300 cycles. The results suggest that both methods have

limitations when validating the simulation results. While the PIV ensemble mean generally

shows a good agreement for the main flow structure with the RANS simulation, the cycle-to-

cycle variation (CCV) in the flow fields (a key feature of in-cylinder flows) is excluded during the

validation. Additionally, the PIV ensemble mean has a lower overall flow speed than is observed

in individual PIV images, which may lead to a biased conclusion for the validation. On the other

hand, using the individual cycles directly as the validation targets for RANS data exaggerates

the differences between the measured and simulated data; the process itself is also questionable

since the measured flow fields are highly turbulent, while the RANS simulation only provides an

estimation of the bulk flow behaviour based on averaged thermo-fluid equations.
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Two manifold reduction methods were then proposed to help make a more objective

comparison between the Reynolds-averaged Navier-Stokes (RANS) simulations and the PIV

measurements when the cycle-to-cycle variations (CCV) are present in the flow fields. Both

qualitative and quantitative studies are given to show the capability and the improvement of

each method in capturing the main flow field features compared to the single cycle

experimental flow fields, and both techniques additionally capture the CCV information

compared to the PIV ensemble mean. Also, the reconstructed PIV data from both methods

show a similar quality of match with the RANS data from the current flow simulation model,

while there are some differences remain for these two methods.

The number of modes needed for the POD reconstruction was determined using the

quadruple POD analysis, which is based on the relevance index reaching 0.95 before and after

adding an additional mode. The POD reconstructed flow field shows an improvement in terms

of the quality of match with the RANS simulation, as quantified by the weighted relevance

index and the weighted magnitude index. Although the POD method shows improvements

both qualitatively and quantitatively from using the individual cycles, a challenge exists when

finding an non-ambiguous method to determine the number of modes needed in the POD

reconstruction. The inherent numerical process in the POD method makes it critical to choose

appropriate criteria for the cut-off mode number, as the reconstructed flow field varies

significantly with a different number of modes. As a result, the conclusions of the RANS

validation were found to depend strongly on numbers of modes included in the POD

reconstruction. The current study used a previously developed quadruple POD analysis where

the separation of the main flow field is based on the cycle-averaged relevance index. However,

a varying RI was also found for different cycles which makes objectively choosing a fixed

number of modes for flow field reconstruction even more challenging, and an appropriate
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choice usually requires a detailed investigation on the flow feature of interest.(14)

To investigate possible less ambiguous ways to choose the number of dimensions needed

for the PCA-based reconstructed flow fields, a statistical analysis is performed on the velocity

components at each grid point. For the tumble plane at the investigated condition during the

intake process, a Gaussian distribution over 300 cycles was found across the majority of the

flow field. Therefore, the kernel principal component analysis (KPCA), a non-linear extension

of the conventional linear PCA method, was used as a post-processing tool to reconstruct the

in-cylinder flow field. With the implementation of a Gaussian kernel, KPCA allows flattening

of the non-linear Gaussian correlation between the cycles in a higher dimensional manifold,

and hence a linear PCA can be used to reconstruct the flow field in the non-linear space.

Smaller changes were observed in the KPCA reconstructed flow fields comparing to the POD

method when varying the numbers of dimensions, which leads to a more robust validation

result for the RANS model. A qualitative study also indicates that the KPCA is also capable of

capturing the main flow field for each cycle while incorporating the CCV. Further quantitative

study also shows that without using dedicated criteria to choose the number of dimensions, the

KPCA reconstructed flow field can have comparable accuracy to the POD reconstructed flow

fields. The findings in this chapter imply that, when the flow fields can be represented by

known distributions (such as a Gaussian distribution), the KPCA method with an appropriate

kernel is seen to provide more stable values of vector field comparison metrics, and hence in

this case it is a promising candidate for PIV data analysis in both extracting the coherent

structures within the flow field and in validating the RANS simulations. Additionally, since the

flow features do not alter significantly for the KPCA reconstructed flow fields at different

numbers of dimensions, it is possible to choose a universal cut-off dimension for multiple

(14) As exemplified before in Section 5.4.2, a stability test based on specific flow feature of interest is recommended,
and in this case the numerical values in the test are chosen by the user who defines a level of match needed for the
validation.
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engine cycles. Further studies will focus on flow fields exhibiting other statistical distributions

such as a bimodal distribution in the cross-tumble plane (as shown in Figure 5.4(a)). The

methods introduced in this chapter are also applicable for multi-cycle simulation data (such as

the large eddy simulation, LES), and for other types of turbulent flow data that need de-noising

and reconstruction.
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Chapter 7

Conclusion, summary and discussion

In this chapter, the key findings in this thesis are summarised with some further

discussions. The originalities and novelties of the work presented in previous chapters are

firstly discussed, together with some learning points from various topics. Suggestions are also

made on the validation procedure and on the possible extensions of the current work. A list of

publications that are related to this thesis is also provided.
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7.1 Highlights of originalities, novelties and learning points

The main objective of this thesis is to validate in-cylinder flow simulation models using

experimental data. This involves measuring the in-cylinder flow fields and developing methods

to compare the experimental and the simulated data. The original and novel aspects of the

work are listed below; some learning points are also highlighted.

In-cylinder flow data set for multiple test points and measurement planes

A high-speed planar particle image velocimetry (PIV) technique was applied to measure the

in-cylinder flow fields of a near-production optically accessible engine under different test

conditions and in multiple planes in order to provide a comprehensive data set for the

comparison with the simulated data. The engine was operated at a total of eleven test

conditions (see Table 2.4) that are of industrial interest specified by Jaguar Land Rover. The

changes among the test points include engine operation loads (see Table 2.3), camshaft profiles,

numbers of intake valve actuated, and compression ratios (varied by using different pistons) —

many of which require using different hardware configurations for the test runs. The flow

conditions also vary significantly for each test point, hence the PIV seeding density needs to be

adjusted according to the actual images at the desired test point. Four different planes

(see Figures 4.2–4.9) were selected to provide representative flow fields within the cylinder for

each test point. The measurement in each plane requires a separate optical layout

(see Section 2.2) — each takes weeks to design and to set up. Changing the measurement plane

involved designing the laser beam and light sheet formation layouts, aligning and calibrating

the PIV camera, and providing necessary guarding to ensure laser safety. During this process,

efforts were made to avoid background scatter from various directions caused by the reflective

surfaces within the cylinder, by means of carefully designing the light sheet entry route and

imaging direction, as well as painting the metal surfaces in black. Additionally, for a specified
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test condition and measurement plane, the flow speed may vary significantly among crank

angles, hence the separation time between the pulses from each of the two laser cavities has to

change from crank angle to crank angle to maintain a suitable particle moving distance

(see Section 2.1.3). This involves many iterations (i.e., a trial-and-error process) in experiments

since the actual flow speed is unknown until it is calculated via PIV cross-correlation. It should

also be noted that, although it seems that the data collection time is short — 300 cycles were

recorded at each test point in each measurement plane, which corresponds to less than a

minute of operation, or more precisely, 24 seconds at 1500 rpm for the T1 and T2 loads — on

average it takes about five days to collect 300 cycles of data at a specified test point (excluding

the time needed when changing optical configurations). It is found during the actual tests that

a stable engine operation may be hard to achieve, especially when the engine load is low (hence

the throttle is harder to control). The optical access (provided by the transparent cylinder liner

and the piston window) can be easily blocked by various oils (such as the engine lubricants and

the PIV seeding oil), which makes a test run invalid. The cylinder liner therefore requires

frequent cleaning between tests and each cleaning process involves an engine reassembly.

High fidelity PIV data in an optically accessible engine with production engine pistons

The optically accessible engine was equipped with shaped crown pistons which are used in

actual production engines (see Appendix A). The shaped crown pistons, compared to the

flat-top pistons used in conventional research optical engine, has a reduced optical access and

introduces more highly-reflective surfaces, and leads to a more challenging optical alignment

environment. In addition to careful alignment of the optics and design of the experimental

setup (see Section 2.2), a cycle filter was proposed in Section 2.4 to effectively remove the

background scatter, resulting in high fidelity data with low vector removal rate (less than 0.1%

of all vectors) and minimal uncertainty (less than 5% of local flow speeds).
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Consistency and repeatability of PIV experiments separated by months

The optics and camera were aligned to measure the flow fields in a specified plane for all

the test points before being re-organised for the measurements in another plane, so that the

measurement plane can be fixed among multiple test points and the time needed for the

realignment is kept to a minimal. This means the measurements at the same test point but in

different planes have to be separated by months. Despite the difficulty, it can be seen in

Section 4.1 that the same test point can still be reached with acceptable consistency and

repeatability in terms of the in-cylinder pressure traces. In Section 4.2, it is further observed

that the flow structures in the ensemble mean PIV flow fleids match reasonably well among

different measurement planes.

Comparison of PIV and RANS flow fields in multiple planes

In the previous works by former groupmembers [55, 99, 100], who also achieved high-quality

experimental data and developed the vector field comparison metrics, the validation of RANS-

simulated in-cylinder flow fields was limited to the usage of the PIV ensemble mean on a single

plane (the tumble plane). The work in this thesis (see Chapter 4) extends the comparisons to

multiple measurement planes. It is illustrated in Sections 4.2–4.4 that the evolution of the three-

dimensional key flow structures among different crank angles in the engine cylinder can be

clearly viewed when observing the in-plane flow from the orthogonally-oriented planes (tumble,

swirl and cross-tumble plane). For instance, the motion of the tumble vortex induced by the

intake flow generates different flow directions in different measurement planes, and causes an in-

plane flow direction reversal when its centre passes through the measurement plane. A detailed

comparison using the vector field comparisonmetrics (see Section 3.3) to the multi-plane data set

in Section 4.4 gave a clearer and more comprehensive view on how better the simulation model

matches with the experiments, and the discrepancies between the experimental and simulated
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data were detected at a variety of crank angles. The simulation was shown to have a better match

with the experiment at a higher engine load, and there exists an offset between the locations of

the tumble vortex centre in the measured versus the predicted flow fields, as illustrated by a delay

in the in-plane flow-reversals for CFD compared to PIV.

Examination of methods beyond the conventional approach of the PIV ensemble

mean for RANS model validation

The experimental PIV data needs to be averaged (or processed) to enable its comparison

with the RANS-simulated data — this is because the simulation only provides a single

realisation (i.e.,flow field) of the bulk flow behaviour at a specified crank angle, while the

experiment measures the instantaneous flow fields in multiple engine cycles with smaller-scale

turbulence and experimental noises that are either not resolved by or not included in the RANS

model. Conventionally, the averaging process refers to the “ensemble-averaging”, i.e., taking

the arithmetical mean of the velocity vectors measured at the same location and at the same

crank angle for multiple cycles, and a so-called “ensemble mean” flow field of the specified

crank angle (see Equation (3.5)) is generated from the averaging process. This approach is

widely used (for instance, [26, 99, 100]) for the comparison between PIV and RANS in-cylinder

flow fields, and was also applied in Chapter 4 when investigating the overall level of match

between the measured flow fields and the RANS model. Despite the ensemble mean providing

an acceptable representation of the multi-cycle flow fields in many cases, it was discussed in

Section 5.1 that blindly using the ensemble mean to validate the RANS flow simulation model

can sometimes cause misleading conclusions. When there exists a flow feature that shows

strong directional variations among different cycles, for instance in the case of a swinging

intake jet (see Figure 5.1), the ensemble mean will smear out that feature and under-represent

the actual flow speed in individual cycles. As a result, should the RANS model be directly

compared to the ensemble mean, a false conclusion may be drawn that the model is
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over-estimating the flow speed — whereas in reality it is the ensemble mean itself which is not

representing the actual flow speed appropriately. Therefore, PIV data processing methods

beyond the conventional scope of ensemble mean are needed in order to provide fairer

validation targets for the RANS model — two of which, namely proper orthogonal

decomposition (POD) and its generalised form, kernel principal component analysis (KPCA),

were examined in Chapters 5 and 6, and their algorithms were provided in Section 3.2. Both

methods were applied to filter the individual cycles to enable the comparison with the

RANS-simulated flow field. The “reconstructed” (i.e., filtered) flow fields were found to retain

the coherent flow structure within each measured flow fields, while effectively excluding the

smaller-scale turbulence structures and noises in experiments which may bias the comparison

(again, these structures are not included in the RANS data), and hence they were used as

alternative validation targets for the RANS model. Unlike the PIV ensemble mean which is a

single averaged field, the reconstructed flow fields contains the cyclic variation information

and hence there are multiple (the same number as the number of cycles) fields that the RANS

model can validate against at a specified crank angle. A RANS flow field is considered to be a

sufficiently accurate prediction of the coherent flow behaviour if its key flow features are

similar to any of the reconstructed experimental flow fields, or the deviation from the

reconstructed flow fields lies within the range of the cyclic variation (see Section 5.4.3). The

level of similarity can be quantified by the methods summarised in the following paragraph.

Metrics to quantify the level of similarity between flow fields

The RANS flow model validation process requires frequent comparisons of similarity

between the experimental and simulated flow fields. Two sets of metrics were used to serve

this purpose in this thesis. The first set (introduced in Section 3.3), namely the weighted

relevance index (WRI), the weighted magnitude index (WMI) and the combined magnitude and

relevance index (CMRI), were developed by previous group members [55, 99, 100]. These
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metrics extended the concept of the standard relevance index used by Liu et al. [97]

(see Equation (3.51)) from a field-to-field comparison (which generates a number for two given

flow fields) to a point-by-point comparison (which generates a spatially-resolved field), hence it

is now possible to know where the discrepancies occur in the flow fields. The flow speed and

flow direction comparisons are also separated in two different metrics in order to better

quantify the discrepancy in these two key aspects. As exemplified by Section 4.4, these metrics

effectively identified the crank angle and the location at which the simulated flow fields do not

match with the measured ones from a large data set (two test points, each have 300 measured

cycles and 61 measured crank angles). The values will be high at a certain location in the WRI,

WMI and CMRI fields if there exists a large discrepancy between the two given flow fields.

On the other hand, as discussed in Section 5.2, these point-by-point comparison metrics

may not be appropriate to use when the coherent structure of interest (in this case a flapping

intake jet resulting from the collision of two intake streams from both valves) shows significant

cycle-to-cycle variation in terms of the location. Therefore, another set of metrics (introduced

in Section 5.2) based on the actual flow features were proposed by the author of this thesis. The

intake jet was firstly quantified based on its angle, penetration length and width in each flow

field, and the values of these “jet profile quantification metrics” were then compared between

the experimental and simulated flow fields. The accurate simulation is expected to have similar

values of these metrics to the ones of the experiments.

Convergence of the POD-reconstructed flow fields and the stability test

The implementation of the POD-reconstructed flow fields in Chapter 5 successfully avoided

the possible bias in the flow speed due to the averaging process while computing the PIV

ensemble mean. As illustrated by Figure 5.7, however, the flow features in the

POD-reconstructed flow fields depend on the number of POD modes included during the

reconstruction process, and hence the cut-off mode number needs to be carefully chosen so
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that a stable flow structure can be achieved for the simulation model validation.

In Section 5.4.2, a stability test was introduced to check whether a POD-reconstructed flow

field has reached a stable flow structure. The stability criteria were developed based both on the

flow features of interest and on parameters that are independent of the flow structures such as

the amount of the kinetic energy content collected by the reconstructed flow fields. A cut-off

mode number is then selected for each measured flow field, and the resulting “low-order POD

approximated flowfields”, when being used to comparewith the RANS data, can generate reliable

validation conclusions.

It was also pointed out in Section 5.4.2 and in a later section (Section 6.1), however, the

choice of the stability criteria is not free from subjective views. Although the flow feature

parameters are selected based on the actual level of similarity needed (i.e., by choosing a

required accuracy of the parameters, see Section 5.4.2), it can still be argued that, when

applying the POD reconstruction technique, a clear separation of the coherent flow structure

from the smaller-scale turbulence is hard to achieve and requires careful examinations on many

individual flow fields to ensure the selected parameters meet with the actual requirement. As

discussed in Section 1.5, this difficulty in choosing an appropriate cut-off POD mode number

has been demonstrated by other researchers both in the scope of in-cylinder flow analysis [66,

67, 72, 73], as well as in broader research areas such as in turbulent flow data processing [59, 68,

74] and in statistics [70]. Therefore, in Chapter 6, the KPCA method was implemented to

examine whether a more objective choice of the cut-off mode number (more precisely, in KPCA

it is called the “cut-off dimension”) can be achieved, and whether this issue can be bypassed.

Implementation of KPCA in engine in-cylinder flow analysis

The KPCA method (whose algorithm was provided in Section 3.2.2) is a generalised POD (or

in statistics, linear PCA) process which is usually used for a non-linear manifold in statistics, but

unlike the POD method, it has not yet gained attention in the engine in-cylinder flow analysis
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community. As the in-cylinder flow is highly turbulent, it may have some non-linear correlations

between the flow fields, and hence a non-linear PCA method such as the KPCA method is worth

attempting for the PIV data filtering process.

The successful implementation of the KPCA technique requires some knowledge about the

statistical distribution of the data so that an appropriate kernel can be selected to effectively

filter the original data and to provide reconstructed data with a reduced dimensionality. As

such, a statistical analysis was first performed in Section 6.4, and for the majority of the

locations in the flow field, the horizontal and vertical velocity components at each grid point

for different cycles at the same crank angle were found to respectively follow a Gaussian

distribution. A Gaussian kernel was then used on the data set in Section 6.5, and the resulting

KPCA-reconstructed flow fields, when compared to the POD-reconstructed ones, show a more

stable trend in the validation metrics (spatially-averaged WRI and WMI) as a function of the

number of dimensions used (see Figure 6.15). In other words, when applying KPCA to the flow

fields at the given flow condition (intake flow measured in the tumble plane), the values of the

validation metrics, and hence the conclusion of whether the flow simulation model is

sufficiently accurate, no longer depends greatly on the choice of the cut-off dimension — using

any large enough cut-off dimension number (in this case above eight) in the KPCA

reconstruction process would lead to the same validation conclusion. It is recommended, on

the other hand, not to choose an extremely large cut-off dimension number (for instance in this

case not higher than 88) in order to avoid unnecessary inclusion of smaller-scale turbulence

structures in the reconstructed flow fields.

It should be noted that, although the KPCAmethod has the potential to bypass the ambiguity

in choosing a specific cut-off dimension number (because the range of choice is very wide), it

requires specific knowledge about the statistical distribution of the data in order to choose the

corresponding kernel. If the statistical distribution is unknown or not universal for all the grid

points in a given flow field, the KPCA may not show a better converged trend in the validation
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metrics compared to the linear PCA (i.e., POD). The computational cost for the KPCA method

is also much higher — for the given 300-cycle data set, it took about six seconds for the POD

analysis, but the KPCA algorithm needs more than four hours on the same computer. (1)

Suggestions on the procedure of the flow model validation

As mentioned in the previous paragraphs, each of the three methods (ensemble mean, POD

and KPCA) introduced in this thesis has its own benefits and disadvantages when being used

as the validation target of the RANS model — these findings are summarised in Table 7.1. A

recommended flow model validation procedure is therefore proposed as follows:

1. Determine key flow features of interest that the flow model needs to match with, such as

the bulk flow motion discussed in Chapters 4 and 6, and the intake jet profile discussed in

Chapter 5;

2. According to the flow features of interest, choose between the overall flowfield comparison

metrics (see Section 3.3) and a set of metrics based on the flow features (see Section 5.2) as

the validation metrics;

3. Compute the ensemble mean and compare firstly with the individual measured flow fields

to check whether the actual flow speed and key flow feature is correctly represented by

the ensemble mean;

(1) If the ensemble mean provides a good representative of the coherent flow structure,

it can be used as the validation target of the simulation model;

(1) The time corresponds to the computation of the KPCA-reconstructed flow fields using all dimensions from the
first-order to the 299th-order approximations. The majority (over 99%) of the computational cost results from the
backward mapping algorithm which requires iteration (see Equation (3.50)). Provided that the number of dimensions
is known (for instance by choosing a large enough number), it should take about 50 seconds to perform the entire
KPCA analysis at the desired number of dimensions. In contrast, there is no backward mapping process in the POD
algorithm, so every order of POD-reconstructed flow field can be computed within a very short period of time through
simple matrix multiplications (see Equation (3.28)).
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(2) If the ensemble mean fails to provide a good representation of the coherent flow

structure, apply the POD reconstruction process and proceed with Step 4;

4. Check whether a clear cut-off POD mode number can be easily obtained by plotting the

validation metrics specified in Step 2 as a function of mode number (as exemplified by

Figures 5.8 and 6.15);

(1) If the validation standard does not alter significantly with the cut-off POD mode

number (as exemplified by Figure 5.8), apply a stability criteria (see Section 5.4.2)

and use the resulting POD-reconstructed flow fields as validation targets for the

simulation model;

(2) If there exists ambiguities in the determination of the cut-off POD mode number (as

exemplified by Figure 6.15), attempt the KPCA method in Step 5;

5. Examine the statistical distribution of the data and see if an appropriate kernel can be

chosen based on the distribution;

(1) If yes, apply the KPCA method and use the resulting KPCA-reconstructed flow fields

as validation targets for the simulation model;

(2) If not, it would be better to use the POD-reconstructed flow fields with cautions that

the validation conclusions may be affected by the subjective choice of cut-off POD

mode number.

The above procedure took the limited time for an industrial engine design loop into account,

tried to avoid high computational cost if possible, flagged out the possible biases in the validation

process, and focused on getting a robust validation conclusion with minimal subjective inputs.

It should be noted that, on the other hand, the validation of a flow simulation model inevitably

involves some human decisions. For instance, the desired thresholds for the validation metrics

in Step 2 have to be chosen by the user to determine whether the model is “accurate enough”;

the validation methods need also be selected based on the actual flow features and the budget.
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Table 7.1: Comparisons of each validation target

Validation target Advantages Disadvantages

Ensemble mean
Easy to implement Possible flow speed under-representation

Quick check for many test points No cyclic variation information

POD reconstruction

Relatively low computational cost Requires careful choice of the cut-off mode number

Contains cyclic variation information

Retains coherent flow structures

Represents actual flow speeds

KPCA reconstruction

Less ambiguity in choosing
the cut-off dimension number High computational cost

Contains cyclic variation information Requires knowledge of data statistical distribution

Retains coherent flow structures

Represents actual flow speeds
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7.2 Future work

The work in the thesis can be extended in many different ways:

Validation of the flow simulation model using the entire data set

A large in-cylinder flow data set has been collected in the same optically accessible engine

(in nine different engine configurations, four different measurement planes, for 61 crank angles

ranging from the early intake stroke to the late compression stroke, and each has 300 cycles), and

only a small portion of the data were presented in the thesis to illustrate the possible validation

methods. An immediate future work involves applying these methods to the entire data set in

order to provide a more complete validation to the current flow simulation model.

Modification of the current flow simulation model

The validation conclusion suggests that the current flow simulation model matches better

with the experiments at a higher engine load. Therefore, adjustments need to be made in the

flow simulation model so that it can accurately predict the flow behaviour at different test points.

Once a new flow simulation model is built by the Jaguar Land Rover CFD team, it needs to be

validated again with the experimental data.

Extension to the multi-cycle simulations

The current validation process is limited to a RANS model due to the consideration in the

computational cost for industrial use. The RANS model, no matter how accurate it is, cannot

provide the cyclic variation information. On the opposite, the multi-cycle experimental data

presented in the thesis and the POD analysis in Table 5.2 demonstrated that there exists strong

cyclic variationwithin the engine, which is one of themost important features of in-cylinder flow.

In order to capture the cyclic variation, alternative simulation approaches, such as the large-eddy
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simulation (LES), must be used. The methods developed in the thesis can also be implemented

to validate the LES data. For instance, both the PIV and the LES data can be respectively filtered

by the POD or the KPCA method, and the resulting reconstructed flow fields can be compared

against each other. Another option is to conduct the POD analysis on a combined data set that

contains both the PIV and the LES flowfields, and examinewhether the LES data can be identified

as outliers — if the LES data is actually a good prediction, they should not be detected as outliers.

The identification of outliers using a POD-based algorithm has been demonstrated in a previous

publication [107] first-authored by the author of this thesis.

Application of the KPCA method using a different kernel

The KPCA method was implemented with a Gaussian kernel in Chapter 6, and when there

exist Gaussian correlations among the data points, it showed promising benefits in reducing the

ambiguities in choosing the cut-off dimension number. However, the effectiveness of KPCA in

other flow conditions has not yet been examined. As exemplified in Figure 5.4, the velocity data

can show a bimodal distribution in the intake jet region. Therefore, another possible future work

is to find an appropriate kernel that can be used for this flow condition (and later for other flow

conditions as well).
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Appendix A

Single cylinder optically accessible engine

and its components

The data presented in this thesis is obtained on a single cylinder optical engine designed by

Jaguar Land Rover Limited (JLR), and the combustion system is based on its Ingenium petrol

engine family (Engine ID: AJ200). The differences between the optical and the baseline thermal

engines are kept to a minimum for better examining the “real-world” engine behaviour, yet

necessary modifications have to be made in order to allow sufficient optical access. For

instance, the bore is increased from 83 mm in the thermal engine to 85 mm in the optical

engine, to compensate for the extra space occupied by the optical components. Table A.1 lists

the specifications of this optical engine. The author of this thesis performed daily testing and

maintenance work of the engine, but was not involved in building up the engine.(1) The optical

system alignment of the PIV experiments based on the setup discussed in Section 2.2 and the

PIV tests were conducted by the author of this thesis. The following paragraphs provides a

(1) The engine was built before the author of this thesis joined in the research group. Prof. Richard Stone was in
charge of assembling the engine, with help from Dr. Christopher Willman and Dr. Blane Scott. Their efforts are much
appreciated.
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Table A.1: Optical engine specifications

Parameters Descriptions

Maximum Engine Speed 2000 rpm

Bore 85.0 mm

Stroke 90.3 mm

Displacement Volume 512 cc

Compression Ratioa 12.5 : 1

a Designed value when using production (shaped, non-flat) piston. In the optical engine, the actual com-
pression ratio is usually smaller due to sealing and blow-by losses.

brief description of the engine setup, and for a detailed discussion, the readers may refer to

Scott’s thesis [1].

Figure A.1 shows a schematic of the engine test cell. A direct-current dynamometer with

a Control Techniques Four-Quadrant controller is used to provide speed or torque control to

the engine. The engine phase (crank angle) is recorded by a crank encoder mounted on the

crankshaft, which by default provides 360 pulses per resolution (i.e., one flag at every crank

angle degree, hereinafter denoted CAD). The signals are sent to both the Engine Timing Control

System (ETCS) and the Data Acquisition (DAQ) units for synchronization. The ETCS, based on

an in-house LabView program [2], controls the fuel injection and ignition timings, and sends

transistor-transistor logic (TTL) pulses to a programmable timing unit (PTU, from LaVision),

which then triggers the laser and/or camera as needed. The engine performance is logged by two

National Instruments (NI) data acquisition cards with another customized LabView program [2].

The high-rate NI 6070E card has a maximum sample rate of 1 MS/s, and records high-frequency

data such as intake valve lift and in-cylinder pressure at every crank angle degree. The low-

frequency parameters are logged by NI PCI-6024E (maximum sample rate: 2.6 kS/s) for every

cycle.
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Figure A.1: A schematic of the single-cylinder optically accessible engine test cell. This figure
was kindly provided by Dr. Blane Scott [1].

The engine setup is illustrated in Figure A.2 with two views: a 45◦ view from the exhaust-

belt-side (left) and a side view from the belt (right). The cylinder liner is separated into two parts:

the upper part is made in quartz (denoted “annulus”) and is transparent to ultraviolet and visible

light, providing optical access from the side of the engine; the lower liner is in metal (denoted

“barrel”), which allows cooling water to flow around and thus, by keeping the piston rings cool,

reduce frictional heating between the moving piston and the inner surface of the liner. The

metal liner also enables the pressure measurement inside the barrel with a pressure transducer

(Kistler 4075A5).

The cylinder head (Figure A.3) has two intake and two exhaust valves. A continuously
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Figure A.2: A schematic of the single-cylinder optically accessible engine. Left: 45◦ view from
the exhaust-belt-side; Right: side view from the belt-side.

variable valve lift (CVVL) system installed between the intake camshaft and valves enables

flexibility in intake valve lifts by retarding valve opening and/or preceding valve closing. The

real-time intake valve lift is measured using a Sensitec valve train-measurement system

(VTMS.DSE.02) through pre-machined grooves on the inlet valve stems. The exhaust valves are

connected to the exhaust camshaft by conventional roller finger followers (RFF) system, and

exhaust maximum opening point (EMOP) can therefore be controlled. The exhaust valve lift is

calculated by the known valve profile for a given EMOP. Pressure transducers

(Kistler 4075A10) record the pressures inside the inlet and exhaust runners.

The fuel is pumped by an external system up to 300 bar in pressure (measured by

Kistler 4065B0500), and the injector is vertically-mounted on the pent roof (Figure A.3). The

spark plug is placed near the exhaust side. A pressure transducer (Kistler 6043A60) is also

installed on the pent roof to measure real-time in-cylinder pressure. Fire decks (marked by the

white brick-board shade) are placed between each intake or exhaust valves, and served as zero

points along the stroke direction. The piston top dead centre (TDC) is about 1 mm below the

fire decks, and the actual distance depends on the type of piston used (see Figure A.5).

A-4



Figure A.3: Bottom view of the cylinder head. Valves and other instruments are not installed.
The white striped shade marks the sealing surface for the annulus (cylinder liner), and the white
brick-board shade marks the location of the fire decks.

The centre of the cylinder head is surrounded by a curved surface (marked by the white

striped shade in Figure A.3). The quartz annulus (right of Figure A.4) with corresponding

curvature on its upper surface, which then forms a tight seal between the engine head and the

two-component cylinder liner, and maximizes the optical access near the head. In actual

practise, the quartz annulus was found to be quite fragile, and thus a Perspex annulus (left of

Figure A.4) was also used as an alternative when the in-cylinder temperature is low enough.

PTFE(2) gaskets (Garlock GYLON® 3504) are compressed between the components to provide

an enhanced sealing performance.

The lower part of the engine follows a conventional Bowditch [3] optical engine design (left-

side of Figure A.5). A shaped piston with quartz window insert is screwed to the slotted tubular

(2) PTFE stands for polytetrafluoroethylene.
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Figure A.4: Annulus with curved top surface. The curvatures of the top surfaces match with the
sealing surface of the cylinder head. Left: made in Perspex; Right: made in quartz.

extension, and the combination is bolted down to the bottom end piston to which the crankshaft

is linked. Two spacers are used to ensure the correct spacing and alignment with the pent roof,

respectively. A 45◦ mirror is placed beneath the piston window, which gives the bottom view of

the cylinder head despite the upper piston moving. A metal retaining ring is placed under the

piston window to hold the window in place.

Pistons with shaped crowns are provided by JLR for testing engine behaviour under

different compression ratios (top-right of Figure A.5). Piston C has the same crown as the

production piston, and can give a 12.5 : 1 compression ratio, while Piston B has a lower

compression ratio (11 : 1) since its crown is flatter (and thus the clearance volume is larger).

The shaped crown limits the diameter of the piston window, and thus reduces the field of view,

to 46 mm compared to using a flat piston (60 mm), yet preserves the similarity to the

production thermal engine to the greatest extent possible. Such a compromise is considered to

be acceptable as the purpose of this experiment is to examine the in-cylinder flow field of a

production engine.

Despite the similarities to the production piston, the optical piston used in our experiment

still has several necessary modifications, chief among them is that the piston rings are positioned

much lower (see low-ring versus high-ring pack Piston C in Figure A.5). The rings are lowered by
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Figure A.5: Optically accessible engine piston assembly. Left: Bowditch design with hollow
extension rod and low-ring pack piston C; Top-Right: pistons with shaped crown; Bottom-Right:
piston rings.

the height of the quartz annulus to avoid direct contact between the piston rings and the quartz

annulus, and thus protect the annulus from frictional heating and scratching. However, it also

introduces extra volume in the cylinder and reduces the effective compression ratio. Additionally,

the piston rings (bottom-right of Figure A.5 are made of polyamide-imides (Torlon) to replace the

metal ones in thermal engines since no lubrication is supplied. Three sets of piston rings are used:

the upper two sets (each with two Torlon rings and a metal spring ring) provide sealing between

the piston and the metal barrel, while the lowest one guides the piston translation motion. The

quartz window insert also has a different heat transfer coefficient compared to the metal piston,

resulting in deviations in the near-surface temperature. The bulk flow motion is of interest in

this report is assumed not to be significantly affected by these changes, and in any case, the

simulation model which the PIV data validates (detailed in Section 2.5) is based on the optical

engine setup instead of the thermal one.
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