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Fig. 7. CFD POD, a POD reconstruction of CFD velocity field using Φ1–2, Φ1–5, and Φ1–10. The FOM and reconstructed flow fields are visualised at three instances of the
cardiac: peak systole, deceleration, and diastole. Contours showing the difference in velocity magnitude between the FOM and reconstructed flow fields are shown side by side
with the reconstructed velocity field.

who developed a computationally efficient ROM to study the flow
patterns and the WSS distribution in simplified models of an abdominal
aortic aneurysm, and Buoso et al. (2019), who developed ROMs of
blood flow for non-invasive functional evaluation of the pressure drop
in coronary artery disease using parameterised POD. ROMs may also
possess properties that can serve as supplementary haemodynamic
indices. For example, by monitoring the temporal evolution of energy
distribution, it may be possible to track the progression of some cardio-
vascular diseases or even vascular remodelling. Moreover, the energy
fraction associated with higher-order POD/RPOD modes may contain
information that can be used to fine-tune turbulence parameters when
modelling vascular flows.

Finally, ROMs can also be combined with rapidly evolving machine
learning tools to allow for optimisation and design in fluid mechanics,
moving towards real-time modelling. This would allow, for instance,
the study of a wide range of parameters for a given vascular pathology
(e.g. increasing or decreasing the level of stenosis on coronary disease
or coarctations) and to analyse the consequences on the flow and
pressure fields, which could serve as an initial step to investigate
patient-specific pre-interventional options (Siena et al., 2023; Pajaziti
et al., 2023; Liang et al., 2020).

4. Conclusions

The time-dependent flow in an aortic model, measured by PIV, was
enhanced by RPCA and decomposed by means of POD to create ROMs.
The decomposed flows were compared against those from numerical
data obtained for the same patient-specific conditions. The first two
modes derived from RPOD capture more than 90% of the kinetic
energy, in agreement with the corresponding CFD derived ROMs.

The large and small-scale structures within the flow, correspond-
ing to more or less energetic modes, were evaluated and described
by means of POD/RPOD spatial structures and POD/RPOD temporal
coefficients. By combining only the most energetic modes to represent
the flow, it was shown that complex, time-dependent haemodynamic
data can be represented with simpler low-dimensional models based
on a small number of spatial modes. This combined with the strong
reconstruction performance of RPOD, illustrates the potential of the

approach to enhance the quality of measurements and to develop more
computationally efficient models for clinical application.
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Appendix A. Comparison of velocity fields between CFD and PIV
before and after RPCA

The comparisons of PIV, RPCA, and CFD velocity fields is shown in
Fig. A.1. Fig. A.1a shows the velocity magnitude of the mean flow in
the three velocity fields with four straight lines. A closer comparison
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Fig. A.1. (a) Comparison of axial velocity profiles obtained from experimental PIV data before RPCA, after RPCA, and CFD data. (b) Four lines across the aortic arch where the
velocity profiles were measured.

between the three velocity fields is provided in Fig. A.1b by plotting
the axial velocity profiles (⟨𝐮𝑛⟩) over those four selected lines.

The percentage difference is calculated in the same way as in Bon-
fanti et al. (2020):
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(12)

where 𝑢𝑐𝑛,𝑖 is the CFD velocity profile. When calculating 𝛥PIV, 𝑢𝑒𝑛,𝑖 is
the PIV velocity profile, and when calculating 𝛥RPCA, 𝑢𝑒𝑛,𝑖 is the RPCA
velocity profile. It should be noted that the percentage differences are
not exactly the same as those reported in Bonfanti et al. (2020) because
there might be discrepancies in the locations of the four lines.

As shown from the above (Fig. A.1b), RPCA may not always bring
the PIV and CFD closer together in terms of the actual velocity values
due to the over-filtering behaviour discussed in Section 3.4. However,
RPCA leads to PIV derived ROMs that capture the same percentage
of energy as CFD ones when reconstructing with the same number of
modes (Table 1). To help visualise the effect of RPCA on PIV data,
comparison can be found in the video file attached (or here).

Appendix B. Normalised POD/RPOD coefficients

The relation between the first coefficients 𝑎𝑖 was investigated by
plotting the space (𝑎∗1, 𝑎

∗
2), calculated as:4

4 This approach has been used in different studies, for example see Imomoh
et al. (2010) and Ducci et al. (2008).

𝑎̃𝑖 =
𝑎𝑖

√

2𝜆𝑖
(13)

and normalise as

𝑎∗𝑖 =
2(𝑎̃𝑖 − min(𝑎̃𝑖))

(max(𝑎̃𝑖) − min(𝑎̃𝑖))
− 1 (14)

The normalised temporal coefficients 𝑎∗1, 𝑎∗2 and 𝑎∗3, are plotted
against each other in Fig. B.1. The phase-averaged coefficients for the
experimental data are also indicated in blue. They exhibit organised,
closed-loop structures, indicating periodicity similar to the CFD data.

The 2D plots of 𝑎∗1 and 𝑎∗2 in Fig. B.1 do not show a clear circular
or elliptic pattern, implying that the first two POD modes do not form
a pair. The plots also indicate the same behaviour for the first two PIV
POD and PIV RPOD coefficients which slightly differs from the CFD
POD ones.

An interesting observation arises when investigating the relation
amongst the first three coefficients (𝑎∗1, 𝑎∗2 and 𝑎∗3). The plots on the
right side of Fig. B.1a–c show a more complex organisation amongst
these modes. This behaviour highlights the interdependent relation-
ships and energy transfer between the first three modes and may
correspond to energy transfer amongst different periodic structures
(with different energy contents and frequency profiles) within the flow
field. A similar ‘triadic interaction’ has been reported by Gabelle et al.
(2017) in a stirred tank flow (who attributed the behaviour to non-
linear interactions between the modes), and by Lacassagne et al. (2021)
in an oscillating grid flow.

https://youtu.be/2pqsJfXMZjY
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Fig. B.1. Scatter plots of normalised POD coefficients (left) 𝑎∗1 and 𝑎∗2 and (right) 𝑎∗1 , 𝑎∗2 and 𝑎∗3 computed from (a) PIV POD, (b) PIV RPOD, and (c) CFD POD. The black points
represent the coefficients for all the modes, whilst the blue ones represent the phase-averaged POD modes. The blue lines connect the phase-averaged coefficients for better
visualisation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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