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Abstract We define and illustrate a cluster-based ana-

lysis of cycle-to-cycle variations (CCV). The methodology

is applied to engine flow but can clearly be valuable for any

periodically driven fluid flow at large Reynolds numbers.

High-speed particle image velocimetry data acquired dur-

ing the compression stroke for 161 consecutive engine

cycles are used. Clustering is applied to the velocity fields

normalised by their kinetic energy. From a phase-averaged

analysis of the statistics of cluster content and inter-cluster

transitions, we show that CCV can be associated with

different sets of trajectories during the second half of the

compression phase. Conditional statistics are computed for

flow data of each cluster. In particular, we identify a par-

ticular subset associated with a loss of large-scale coher-

ence, a very low kinetic energy of the mean flow and a

higher fluctuating kinetic energy. This is interpreted as a

good indicator of the breakdown of the large-scale coherent

tumbling motion. For this particular subset, the cluster

analysis confirms the idea of a gradual destabilisation of

the in-cylinder flow during the final phase of the com-

pression. Moreover, inter-cycle statistics show that the flow

states near TDC and in the measurement zone are statisti-

cally independent for consecutive engine cycles. It is

important to point out that this approach is generally

applicable to very large sets of data, e.g. generated by PIV

or LES, and independent of the considered type of infor-

mation (velocity, concentration, etc.).

1 Introduction

For most internal combustion engines, coherent motions

are induced in the cylinder during the intake stroke. The

evolution of these structures during the compression stroke

has a great influence on engine performance and pollutant

emissions (Gosman 1986; Lumley 1999). One-key chal-

lenge with present engine development is the modelling,

understanding and control of cyclic variations (Borée and

Miles 2014). This cyclic variability is understood here as a

large-scale cycle-to-cycle variation (CCV) of the gas

motion and composition in the vicinity of the spark plug

and at the time of ignition. Key flow phenomena respon-

sible for CCV in an engine chamber are numerous and

complex. They include separation of the intake flow in the

intake port and at the inlet valve, jet interaction with the

cylinder wall and with the moving piston (Hasse et al.

2010), to name but a few. The identification of the cyclic

variability of flow (and/or concentration) patterns from

field data, like they are available from PIV measurements

or numerical simulations, requires adaptive and cost-effi-

cient algorithms to deal with the huge volumes of data.

Proper orthogonal decomposition (POD) (Lumley 1967) is

a well-known post-processing technique to extract domi-

nant structures, which are resolved in terms of fluctuating

energy, from high-dimensional data. The spatial (or spatio-

temporal) structure of the flow is expressed in terms of a set

of orthonormal basis functions (called modes) and their

respective (temporal) coefficients that capture the highest

fraction of the flow fluctuation energy for a given number

of modes. It has been applied to a wide class of engine flow

problems—see Chen et al. (2012) for a recent review. POD

has been employed to extract the dominant flow structures

and their CCV for intake flow (Kapitsa et al. 2010), tum-

bling flow (Voisine et al. 2011) and swirling flow (Cosadia

Y. Cao � E. Kaiser � J. Borée (&) � B. R. Noack � L. Thomas

Institut PPRIME, CNRS - Université de Poitiers - ENSMA,
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et al. 2006). This data analysis technique also provides an

objective strategy to compare the results of large-eddy

simulation (LES) with experimental data (Liu and Haworth

2011). It has also been used to analyse CCV from com-

bustion images obtained in an optical engine (Bizon et al.

2010). Moreover, the analysis of fuel spray structure and

in-cylinder air motion in the same swirl plane using POD

(Chen et al. 2014) provides a convincing identification of

coupled in-cylinder air flow/spray pattern on a cyclic basis.

For complex, phase-dependent, turbulent flow fields, the

usage of only a small number of POD modes for a physical

analysis can, however, be difficult and subjective if the

analysis is not restricted to ‘‘simple’’ flow events. Alter-

native strategies defining ‘‘groups’’ of similar flow and

concentration snapshots in an objective way can provide

additional information and contribute to the quantitative

analysis of CCV.

Cluster analysis is a common technique in pattern rec-

ognition (Bishop 2006) which aims at finding hidden groups,

also called clusters, in data. The most widely used clustering

algorithm is the k-means algorithm (Lloyd 1957; MacQueen

1967) which will be employed here. Given a set of snap-

shots, a pre-defined number of clusters K and a pre-defined

distance measure, e.g. the Euclidean distance, the k-means

algorithm finds clusters of snapshots such that the inter-

cluster distance is maximised, while the intra-cluster dis-

tance is minimised according to the defined distance mea-

sure. We propose here to define a cluster-based analysis of

CCV and to illustrate this approach by focusing on the

breakdown phase of a tumbling flow resolved with HSPIV

(Voisine et al. 2011). The paper is organised as follows. The

methodology is presented in Sect. 2. Section 3 presents the

results obtained for the compression of a tumbling flow. The

main findings are summarised in Sect. 4.

2 Experimental data set and clustering methodology

The experimental set-up and the data specification are

detailed in Voisine et al. (2011) and will not be presented

here for brevity. The high-speed particle image velocime-

try (HSPIV) data were obtained in the symmetry plane of

the pent-roof chamber of an engine at the end of the

compression phase. The reference h = 0 crank angle

degree (CAD) is set at the beginning of the intake stroke,

and the top dead centre compression (TDC) corresponds to

360 CAD. The HSPIV snapshots are acquired every

4 CAD from mid-compression phase (h = 270 CAD)

to just before the top dead centre compression

(h = 354 CAD = TDC - 6 CAD). Hence, the employed

data set consists of NxT = 3,542 velocity fields where

T = 22 is the number of recorded phases for N = 161

engine cycles. Figure 1 shows the mean velocity field in

the symmetry plane at mid-compression phase

(h = 270 CAD), which is the beginning point of each

engine cycle of our data set. More precisely, this figure

includes two different measurements, one in the top pent-

roof region and another in the bottom cylinder region. The

HSPIV data in this study are available in the top pent-roof

region (framed in red in Fig. 1), of which the geometric

domain remains unchanged for the entire engine cycle.

Only this data are considered in the following analysis of

the temporal evolution of the flow structures. The mean

flow field in the cylinder region is obtained from another

low-frequency data set (see Voisine et al. 2011).

As a pre-processing step, we follow Fogleman et al.

(2004) and apply the proposed phase-invariant proper

orthogonal decomposition (POD) to the complete HSPIV

data set consisting of 3,542 snapshots. By grouping all flow

realisations during the last period of the compression

stroke, we want to examine both the spatial and temporal

coherence of the flow. Moreover, the snapshots are non-

dimensionalised by their respective kinetic energy that is

essential when dealing with tumble flows. Indeed, without

this step, the results would be dominated by the large-scale

coherence of the events containing high-kinetic energy,

namely on all the phases prior to tumble breakdown

(Voisine et al. 2011). At each point x ¼ ðx; zÞ in two-

dimensional space, each instantaneous velocity field

Un x; hð Þ is divided by the square root of its respective

kinetic energy En hð Þ ¼ Un x; hð Þ;Un x; hð Þð Þ=2. We define

the inner product U;Vð Þ by

U;Vð Þ ¼
Xnc

i¼1

Z

S

Ui xð ÞVi xð Þdx; ð1Þ

where nc is the number of components of U and S the

measurement domain. The result is a normalised velocity

field

Fig. 1 Mean velocity fields at 270 CAD. HSPIV data are obtained in

the top measurement region included in the pent-roof chamber. Data

in the symmetry plane added for clarity. The colours depict the mean

velocity norms
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un x; hð Þ ¼ Un x; hð Þ
. ffiffiffiffiffiffiffiffiffiffiffi

En hð Þ
p

: ð2Þ

This corresponding to a new individual event having a

normalised energy en hð Þ ¼ 1. Note that the upper case

U and E refer to the measured velocity fields and the lower

case u and e to the normalised fields. The POD is applied to

the fluctuating component u0n ¼ un � unh i where �h i
denotes the ensemble average over 161 cycles with 22

snapshots per cycle of the HSPIV data set. Using the

classical POD method—see Voisine et al. (2011) for

details—each instantaneous velocity field during the com-

pression stroke can be decomposed as

u0n x; zð Þ ¼
XM

m¼1

a mð Þ
n U mð Þðx; zÞ; ð3Þ

where M is the number of modes, a mð Þ
n is the mth random

(or temporal) coefficient, and U mð Þ is the mth POD mode

associated with u0n. All M = 580 modes are used in this

study. In the following, the proposed method will be

applied to the complete set of temporal POD coefficients

and we define the POD coefficient vector as an ¼
a 1ð Þ

n ; . . .; a Mð Þ
n

� �T
where T denotes the transpose.

The cluster-based analysis is performed through the

following steps. First, the k-means clustering algorithm is

applied to the set of the POD coefficient vectors to deter-

mine the clusters. Second, the transitions between the

clusters are modelled with a one-step transition probability

matrix. In contrast to Kaiser et al. (2014), the corre-

sponding transition matrix is computed for each phase of

the snapshot ensemble.

The k-means algorithm groups the snapshots or POD

coefficient vectors according to their similarity measured

by the Euclidean distance. As shown in Kaiser et al. (2014)

by exploiting the orthonormality of the POD modes, the

application of the k-means algorithm to the velocity

snapshots is equivalent to its application to the complete set

of the POD coefficients. Hence, the squared Euclidean

distance between two normalised velocity fields ui and uj

can be simply expressed as

Dij ¼
XM

m¼1

a
mð Þ

i � a
mð Þ

j

� �2

; ð4Þ

where a
mð Þ

i is the POD coefficient. Since the mean velocity

is identical for both velocity fields, it vanishes in this for-

mula. The POD step is not necessary for the proposed

method, but it enables a much faster computation. The data

is highly compressed, and the approach will also be fea-

sible in those cases in which the data size is very big.

The number of clusters for the clustering algorithm

needs to be chosen in advance and is set to K = 5.

Choosing the number of clusters is an important step and is

the subject of ongoing work—a qualitative discussion is

provided in Sect. 4 of the article Kaiser et al. (2014)—

because we use cluster analysis to obtain a discretisation of

the state space which does not assume any group of the

data. A higher number of clusters yields a refined discret-

isation which will result in a refined resolution of transition

processes like the transition from clusters 1 & 2 to 4 & 5

via cluster 3 discussed in what follows. However, a phase-

averaged analysis of the statistics of cluster content and

inter-cluster transitions, corresponding conditional statis-

tics can only be computed if the number of snapshots in a

cluster at a particular phase h is large enough. For the

limited number of consecutive engine cycles available in

the data base, a number K = 5 was chosen as a good

compromise between discretisation and accuracy.

For the present application to tumbling flow, the clusters

are sorted according to their distance to the mean flow at

mid-compression in the measurement plane: the norma-

lised mean flow at 270 CAD is chosen as a reference and

the distance between each cluster centroid and this mean

structure is computed. Namely, cluster C1 is chosen as the

nearest and C5 is the most distant cluster. We insist that the

sorting of the clusters with reference to a mean flow does

only affect the order, i.e. the numbering, of the clusters but

not the analysis itself. Moreover, the numbering would be

the same by choosing any mean flow from 270 CAD to

294 CAD as the reference. The distribution of all snapshots

and the five clusters are plotted in Fig. 2a. In this figure, the

non-metric multidimensional scaling algorithm (Borg and

Groenen 2005) is used to transform the POD coefficient

vectors of dimension M to a vector of dimension 2 while

the distances between any two elements are preserved.

Thus, each flow snapshot can be represented in the 2D

coordinate system ða1; a2Þ.

3 Compression of the tumbling flow

From a global point of view, the objective of engine

engineers when inducing large-scale, phase-averaged

motions such as swirl or tumble is to store the kinetic

energy of the intake flow into large-scale coherent motions

that are less dissipative than the turbulent field. Tumble, in

particular, is designed to transfer this kinetic energy to

turbulence in the second half of the compression stroke

(Arcoumanis et al. 1990; Hill and Zhang 1994). Such

motions are needed to assist in the fuel–air mixture prep-

aration process and the main combustion process (Lumley

1999; Borée and Miles 2014). However, when considering

the particular case of tumble breakdown, one may wonder

if the measured increase in phase-averaged fluctuating

kinetic energy results from a transfer of mean kinetic

energy to small-scale turbulence or if it results from an
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amplification of large-scale cycle-to-cycle unsteadiness.

Cluster-based analysis provides an objective definition of

flow patterns and seems therefore a good candidate to

analyse this unsteady flow. At each phase, let us assign a

probability qk hð Þ ¼ nk hð Þ=N where nk hð Þ is the number of

snapshots at the phase h in the cluster Ck for k = 1,…,5.

The evolution of qk hð Þ is displayed in Fig. 2b. The

spreading of the flow fields among the clusters during the

tumble breakdown is clearly represented by the cluster

probability distribution: q1 hð Þ, q2 hð Þ and q3 hð Þ are the

nonzero probabilities until 310 CAD, although only few

snapshots (\1.5 %) are found in the cluster C3 during this

time. So the measured flow states are mainly in clusters C1

and C2. At 354 CAD, all clusters have nonzero probabili-

ties. For this engine geometry and valve timing, the prob-

ability density function (PDF) near TDC (namely close to

the ignition phase for fired engines) is almost uniform and a

large span of flow states is therefore observed at the end of

the compression. Figure 3 presents examples of normalised

velocity snapshots at h = 300 CAD and h = 354 CAD for

two particular consecutive engine cycles (cycles 52 and

53). Both snapshots at 300 CAD (Fig. 3a, c) belong to

cluster C1. At the end of the compression phase, the flow

pattern remains the same in Fig. 3b, showing that a global

large-scale tumbling motion is still observed near TDC in

this cycle. In the cluster-based analysis, the snapshot of

Fig. 3b still belongs to C1 at 354 CAD. On the contrary,

the large-scale tumbling structure of the in-cylinder flow is

lost in Fig. 3d and the snapshot of Fig. 3d belongs to C5 at

h = 354 CAD.

It is interesting to analyse the statistics of the trajectories

of different flow states in the cluster space for the suc-

cession of engine cycles. At a given phase h, a transition

matrix Tjk can be defined where Tjk ¼ njk

�
nk is the prob-

ability of moving from the cluster Ck at phase h to the

cluster Cj at phase hþ Dh (Schneider et al. 2007; Kaiser

et al. 2014), where njk is the number of snapshots from Ck

to Cj during Dh ¼ 4CAD. For the data set considered here,

it is possible to show that, whatever the phase h is, the

probability of moving from cluster C1 or C2 directly to

cluster C4 or C5 (or vice versa) is strictly zero for all h. In

other words, the first two and the last two clusters are

dynamically not connected. The only transitions between

these two groups occur via cluster C3 which we call the

flipper cluster. In Fig. 4, we plot the number of transitions

to and from cluster C3, denoted as nin and nout, respectively,

during Dh for all phases. More precisely, they are com-

puted as nin ¼
PK

k¼1 n3k [ 0 and nout ¼ �
PK

k¼1 nk3\0

Fig. 2 a Two-dimensional Voronoi diagram of the clustered engine

data. The black lines are the borders of the Voronoi cells of the

clusters, the black dots are the clusters’ centroids, and the coloured

points are the snapshots where the colour depicts the respective

cluster. The coordinates a1 and a2 are the dimensions of the 2D space,

in which a mutidimensional scaling (MDS) technique place the

snapshots, with respect to their distances to each other, for details see

Kaiser et al. (2014). The white dot near the centroid of cluster C1

displays the mean flow at 270 CAD; b time-evolving probabilities

qk hð Þ associated with each cluster Ck at phase h. The colours show the

level of probabilities, and the white colour means qk hð Þ ¼ 0. For

h� 302 CAD, most of the snapshots stay in clusters C1 and C2

Fig. 3 Normalised velocity snapshots for two particular engine

cycles. a cycle 52 at 300 CAD, u52 x; h ¼ 300 CADð Þ; b cycle 52

at 354 CAD, u52 x; h ¼ 354 CADð Þ; c cycle 53 at 300 CAD,

u53 x; h ¼ 300 CADð Þ; d cycle 53 at 354 CAD, u53 x; h ¼ 354 CADð Þ
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with K = 5. The transitions from C3 are counted nega-

tively. The curves in Fig. 4 are rather noisy because the

total number of engine cycles is low. However, it shows

that the transfer to C3 begins at 290 CAD and peaks at

about 334 CAD, while transition from C3 to other clusters

begins at 320 CAD and peaks at about 340 CAD. The

transition matrix from 330 to 334 CAD, plotted in Fig. 5,

indicates a cascade along the cluster space, where C3 is fed

by C2 (T32 � 0; 3) and 20 % of the C3 population is moved

to C4 (T43 � 0; 2). In this figure, only those transitions are

shown which fulfil (1) that the cluster contains nk� 5 and

(2) that the number of cluster transitions is njk� 2. In the

following, conditional statistics are presented to provide

more physical insights about this ‘‘cascade’’ in the cluster

space.

For this motored engine geometry and considered

boundary conditions, Voisine et al. (2011) have shown that

the tumble breakdown occurs beyond 300 CAD. A plot of

the phase evolution of the spatially averaged kinetic energy

of the mean flow (Fig. 11 in their paper) shows that the

mean energy decay is indeed exponential beyond

h & 300 CAD, while the fluctuating kinetic energy

increases and reaches a maximum during tumble break-

down. Conditional statistics can be computed for flow data

of each cluster. Let k be the cluster index, the characteristic

function vik hð Þ of Ck at a phase h is defined by vik hð Þ ¼ 1 if

the flow snapshot of cycle number i at phase h belongs to

Ck, else vik hð Þ ¼ 0. The conditional average of a quantity A

is then defined by

Ah ik hð Þ ¼ 1

nk hð Þ
XN

i¼1

vik hð ÞAi: ð5Þ

The index k indicates the cluster index. N = 161 is the

number of consecutive cycles, and nk hð Þ ¼
PN

i¼1 vik hð Þ is

the total number of snapshots in the cluster Ck at the phase h.

An instantaneous velocity field V x; hð Þ is then decomposed

in V ¼ Vh ikþV00 and we define Kk hð Þ ¼ Vh ik; Vh ik
� 	

=2S

and kk hð Þ ¼ V00;V00ð Þ=2S as the spatially averaged kinetic

energy per unit mass of the mean flow and the mean fluc-

tuating kinetic energy, respectively, for the PIV snapshots in

the cluster Ck at the phase h. These quantities are computed

by using only the two measured velocity components over

the measurement domain S, and they are cycle-averaged

over nk snapshots. Kk hð Þ and kk hð Þ are plotted in Fig. 6a, b.

For all data points plotted in Fig. 6a, b nk is greater than 20.

Considering that the measurement region spans over

approximately 10 spatial integral length scales of size l �
h=2 where h is the clearance height (Borée and Miles 2014),

the statistics are therefore computed from more than 200

independent samples. We can observe in Fig. 6a a notice-

able decrease in Kk hð Þ and an increase in kk hð Þ beyond

300 CAD. Cycles keeping a large-scale coherence, i.e.

snapshots belonging to C1 and C2 near TDC, have a larger

mean flow kinetic energy and a lower fluctuating kinetic

energy near TDC. More quantitatively, Kk hð Þ at 354 CAD is

about 6 times higher for clusters 1 and 2 than for cluster 5,

kk hð Þ at the same phase is about 40 % lower for clusters 1

and 2. A possible interpretation of this result is that tumble

breakdown and transfer of kinetic energy to small-scale

turbulence (Lundgren and Mansour 1996) only occurs for

some engine cycles. Such observations would be useful for

engine engineers to establish a quantitative and objective

criterion to design a combustion chamber. Modifications of

intake ports or tumble control using moving flaps located

inside the intake ports (Keromnes et al. 2010) may then be

used in order to maximise the transition to distant clusters,

i.e. C4 and C5 during the compression stroke. Indeed,

obtaining a high level of turbulent kinetic energy near TDC

is a primary goal of the engine designer who seeks to

minimise the duration of the combustion process (Heywood

1988).

Fig. 4 Analysis of the transitions through the cluster C3. The curves

show the evolution of the number of transitions to (nin [ 0 in blue)

and from (nout \ 0 in red) the cluster C3 during Dh ¼ 4CAD. The

transitions from C3 are counted negatively

Fig. 5 Transition matrix for the transition from 330 to 334 CAD. C3

is the transition cluster between clusters C1 & C2 and C4 & C5. The

transition matrix is read column-wise, e.g. the case (j, k) = (5, 4)

represents the transition T54 = 0.22 from the cluster C4 at phase

h = 330 CAD to the cluster C5 at phase h ? Dh = 334 CAD

(indicated with arrows)
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A ‘‘stable’’ and potentially ‘‘cleaner’’ engine concept

would then correspond to the completion of tumble

breakdown at each cycle and therefore to trajectories

starting in the cluster space from C1 & C2 at mid-com-

pression and leading to C4 & C5 at 354 CAD. Clusters 4

and 5 are chosen here because they lead to a very low mean

field kinetic energy near TDC. Fifty-five cycles belong to

this category for the present data set. We acknowledge the

fact that only a small fraction of the global flow field

information is contained in the 2D data set obtained in a

fixed plane of the pent-roof chamber. However, in the

present situation, the fact that clusters C4 and C5 can be

associated with a loss of large-scale coherence and the very

low kinetic energy of the mean flow seem to indicate that

we have a good indicator of the breakdown of the large-

scale coherent tumbling motion.

In the following, we focus on the cycles associated with

the completion of tumble breakdown at TDC. For this

purpose, we define a conditional probability qkjb hð Þ ¼
nk bj hð Þ

�
N where nk bj hð Þ is the number of snapshots at

phase h and in the cluster Ck under the condition ‘‘b’’. The

condition ‘‘b’’ refers to those cycles which have a snapshot

in C4 or C5 at 354 CAD. Figure 7 shows that such cycles

evolve smoothly to C4 & C5 near TDC, confirming in a

statistical sense, the idea of a gradual destabilisation of the

large-scale rotating motion due to flow confinement during

the final phase of the compression and corresponding in the

cluster space to a transition from C1 & C2 to C4 & C5.

More precisely if, at a given phase h, we determine the

dominant contribution to qkjb hð Þ among the K clusters, we

find that q1jb is the largest from 270 to 286 CAD. q2jb is the

largest from 290 to 322 CAD and dominates clearly about

310 CAD. q3jb is then the largest from 326 to 338 CAD,

followed by q4jb at the end of the compression phase. A

noticeable increase in q5jb is observed before TDC.

Considering only these particular cycles, we can use the

fact that the 161 cycles resolved by HSPIV are consecutive

in order to examine inter-cycle statistics of the data set.

From the available sequence of engine cycles, there is no

evidence that condition ‘‘b’’ occurs with a fixed frequency.

Consider the sequence of N = 161 engine cycles, for an

engine cycle i, the probability of this engine cycle (ECi)

satisfying the condition ‘‘b’’ can be easily computed as

P ECi ¼ bð Þ ¼ 55=161 ¼ 0:3416 ¼ a. Let condition ‘‘a’’ be

‘‘not b’’, i.e. ‘‘b’’ is not fulfilled. Then, the condition ‘‘a’’

refers to the cycles which have a snapshot in the cluster C1,

C2 or C3 at 354 CAD and its probability is

P ECi ¼ að Þ ¼ 1� a ¼ 0:6584. The probability of having d

cycles satisfying ‘‘a’’ between two consecutive cycles sat-

isfying ‘‘b’’ can be written as

P ECiþdþ1 ¼ b; d� 0 ECi ¼ bjð Þ
¼ P ECiþdþ1 ¼ b;ECiþd ¼ a; . . .;ECiþ1 ¼ a ECi ¼ bjð Þ:

ð6Þ

where P S Tjð Þ is the probability of event S knowing T. This

probability summarises all possible scenarios. For d = 0,

two consecutive engine cycles are a pair of cycles satis-

fying ‘‘b’’, i.e. the scenario ‘‘bb’’. For d = 1, we have the

scenario ‘‘bab’’, i.e. one cycle satisfying ‘‘a’’ is found

between two consecutive cycles satisfying ‘‘b’’. For d = 2,

Fig. 6 Evolution of the conditional kinetic energy of each cluster.

a Conditional kinetic energy of the mean flow Kk hð Þ (a semi-log plot);

b conditional fluctuating kinetic energy kk hð Þ (linear plot). K1 hð Þ and

K2 hð Þ are the largest, while k1 hð Þ and k2 hð Þ are the smallest,

especially near TDC

Fig. 7 Time-evolving probabilities qkjb hð Þ for the engine cycles

satisfying the condition ‘‘b’’ to be in cluster C4 or C5 at 354 CAD.

This would represent a more ideal evolution of the engine cycles in

terms of efficiency and cleanliness. For details, see the text
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we have the scenario ‘‘baab’’, etc. If the engine cycles are

independent, the expression (6) can be rewritten as

P ECiþdþ1 ¼ b; d� 0 ECi ¼ bjð Þ ¼ PðECiþdþ1

¼ bÞPðECiþd ¼ aÞ � � �PðECiþ1 ¼ aÞPðECi ¼ bÞ: ð7Þ

Thus, the probability distribution model is

Pd ¼ P ECiþdþ1 ¼ b; d� 0 ECi ¼ bjð Þ ¼ a2 1� að Þd: ð8Þ

While considering all possible scenarios, the sum of all

probabilities become naturally
P

d Pd ¼ a, this corresponds

to the exact probability of engine cycles satisfying ‘‘b’’.

Using a semi-log plot in Fig. 8, the agreement between the

distribution Pd from the experimental data and this statistical

model confirms that the flow states near TDC and in the

measurement zone are statistically independent for consec-

utive engine cycles. If the flow state in the symmetry plane

of the pent-roof chamber carries the signature of the spatial

coherence of the 3D tumbling motion, this means that the

completion of tumble breakdown should occur on a cyclic

basis. Of course, such conclusions should be examined using

3D flow data having, preferably, a more refined spatial

resolution to capture the dynamics of the 3D turbulent flow

field over the engine cycle with higher accuracy. This is part

of our ongoing work. To conclude, in the present paper, we

have shown that the proposed methodology allows to define

and to characterise precisely inner-cycle and inter-cycle

statistical properties of an engine concept.

4 Concluding remarks

The analysis of CCV implies the objective definition of

flow states along with the corresponding statistical prop-

erties. In the present work, we have defined and illustrated

a cluster-based analysis of CCV. This approach was

applied to engine flow but can clearly be valuable for any

periodically driven fluid flow at large Reynolds numbers. It

is important to point out that such an approach can be used

for a very large set of data generated by PIV or LES, using

any kind of information (velocity, concentration, etc.) in

any region of space. For example, it should be useful to

identify the coupling between in-cylinder flow and spray

patterns or combustion images on a cyclic basis when

coupled data sets are available.

The methodology was applied to a data set of HSPIV

velocity fields obtained from 161 consecutive engine

cycles, restricted to the symmetry plane of the pent-roof

chamber and to the end of the compression phase in order

to focus on the breakdown of a tumbling motion. From a

phase-averaged analysis of the statistics of the cluster

population and inter-cluster transitions, we have shown

that CCV can be associated with different sets of trajec-

tories during the second half of the compression phase.

Conditional statistics were then computed for flow data of

each cluster. In particular, for the large span of flow states

observed near TDC (close to the ignition phase for a fired

engine), we can extract a particular subset associated with a

loss of large-scale coherence, a very low kinetic energy of

the mean flow and a higher fluctuating kinetic energy. This

was interpreted as a good indicator of the breakdown of the

large-scale coherent tumbling motion. For this particular

subset, the cluster analysis confirms the idea of a gradual

destabilisation of the in-cylinder flow during the final phase

of the compression. Moreover, inter-cycle statistics show

that the flow states near TDC and in the measurement zone

are statistically independent for consecutive engine cycles.

If the flow state in the symmetry plane of the pent-roof

chamber carries the signature of the spatial coherence of

the 3D tumbling motion, this means that the completion of

tumble breakdown occurs on a cyclic basis.

Engine flows can be analysed in different ways with the

goal to build reduced-order models for a better under-

standing of the physical mechanisms and to use them for

flow control purposes improving engine efficiency and

stability. POD-based reduced-order models are one well-

known example for which a vast literature exists (Holmes

et al. 2012). For engine flows, this was the target of the

promising approach of Fogleman (2005) and Fogleman

et al. (2004). The cluster analysis appears to be a promising

strategy because it allows an objective definition of flow

states and transitions between flow states. Beyond the

analysis illustrated here, phase-averaged conditional sta-

tistical properties can also lead to cluster-based reduced-

order modelling (Kaiser et al. 2014). Of course, POD and

cluster analysis can be coupled (Du and Gunzburger 2003),

but the two approaches must be considered as comple-

mentary. This is the subject of ongoing work.

Fig. 8 Validation of the statistical model. The circles represent the

probabilities Pd from the experimental data, and the continuous line

shows the statistical model Pd ¼ a2 1� að Þd . The experiments are in

good agreement with the model
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