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ABSTRACT

In a turbulent flow velocity field and its gradients at small scales are closely re-
lated to key nonlinear turbulence processes like mixing, intermittency, energy cas-
cade, material element deformation, etc. Thus, the velocity gradient tensor has
been a subject of fundamental interest. Various studies have been performed to
understand the evolution of velocity gradients in turbulent flows primarily for
incompressible flows. These studies have not only contributed to an improved
understanding of small-scale motion in turbulent flows, but they have also helped
in the development of useful turbulence closure models for incompressible flows.
However, very limited studies have been performed for compressible flows.

Compressibility adds more complexity to the dynamics of velocity gradients
due to the interaction of shock with turbulence processes. While in incompressible
flows, the pressure field depends on the velocity field alone, in compressible turbu-
lence pressure field depends on the temperature and density field as well. Further,
in compressible turbulence a significant level of dilatation can exist, which is absent
in incompressible flows. Hence, it becomes important to understand the influence
of compressibility on the dynamics of velocity gradients.

To perform fundamental study of velocity gradient dynamics at small-scales, we
need access to compressible turbulence data at varied Mach numbers and Reynolds
numbers. However, very limited experimental data is available for compressible
flows; thus there is a need to perform direct numerical simulation (DNS) of canon-
ical compressible turbulent flows. To generate these canonical compressible tur-
bulence datasets, an appropriate numerical scheme must be employed that can
robustly handle the presence of extreme discontinuities in the flow-field. Further,
these methods need to be ported on parallel computing platforms like graphical
processing unit (GPU) clusters to perform high-fidelity DNS simulations.

The Lagrangian approach is known to be more insightful in understanding the
dynamics of velocity gradients. However, it is very difficult to generate Lagrangian
flow fields. Alternately, the Lagrangian field can also be produced with the help
of simulated Eulerian field data and a Lagrangian particle tracker. Following this
approach, we generate Lagrangian field data from DNS data of compressible turbu-
lent flows and perform Lagrangian analysis of velocity gradients and its associated
processes.

In recent years, machine learning-based techniques have evolved as a viable
tool for discovering key relationships from data. Recently, data-driven techniques

have become very popular in the turbulence community, motivated by the recent



success, which has led to improved accuracy of turbulence models assisted with
machine learning. These machine learning methods can be of paramount impor-
tance in learning hidden physical mappings between velocity gradients and the
processes governing its dynamics.

In this work, we identify three objectives towards both understanding of veloc-

ity gradient dynamics and modelling the governing processes:

1. Study A: GPU-accelerated DNS of compressible turbulence using GKM in-

tegrated with a Lagrangian particle tracker.

2. Study B: Lagrangian investigation of velocity gradients in compressible tur-

bulence:

e Study B1: Vorticity-strain rate dynamics.
e Study B2: Lifetime of flow-field topologies.

e Study B3: Evaluations of viscous models for velocity gradient dynamics

in non-stationary turbulence.

3. Study C: Data-driven modelling of Pressure Hessian from velocity-gradient

information using neural networks.

In Study A, we develop a direct numerical simulation (DNS) solver for isotropic
compressible turbulent flow integrated with a Lagrangian particle tracker (LPT).
The Lagrangian field data produced using this solver will be utilized for performing
Lagrangian analysis of the velocity gradient tensor (Study B). Towards this goal,
we first employ a variant of the gas kinetic method (GKM) called the Analyti-
cal gas kinetic method (AGKM) which has been recently developed by Xuan and
Xu (2013). We extensively compare and evaluate DNS results against high-order
accurate Navier—Stokes based DNS results of Honein and Moin (2004) and Sam-
taney et al. (2001) over a range of turbulent Mach numbers (0.3-0.5) and Reynolds
number (30-175). Further, we evaluate the speed-up and scalability of AGKM on
GPU platform using compute unified device architecture (CUDA) application pro-
gramming interface (API) developed by NVIDIA.

We found that the AGKM scheme cannot simulate very high Mach number
turbulent flows. To enhance the capability of the numerical solver to simulate
high Mach number flows, we switch to GKM-WENO scheme developed by Kumar
et al. (2013). Considering the computational requirements of the GKM-WENO
scheme, we added distributed computing capability in our solver using message
passing interface (MPI) along with CUDA for performing multi-node and multi-
GPU computations on the II'T Delhi HPC cluster. At last, we integrate a cubic-
spline based Lagrangian particle tracker (LPT) with the DNS code to save immense
Lagrangian post-processing time (required for Study B).
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In Study B1, we investigate the influence of compressibility on vorticity-strain
rate dynamics. Well-resolved direct numerical simulations of compressible homoge-
neous isotropic turbulence performed over a cubical domain of 10242 are employed
for this study. To identify the influence of compressibility on the time-dependent
dynamics (rather than on the one-time flow field), we employ a well-validated La-
grangian particle tracker. The tracker is used to obtain time correlations between
the instantaneous vorticity vector and the strain-rate eigenvector system of an ap-
propriately chosen reference time. In this work, compressibility is parameterized in
terms of both global (turbulent Mach number) and local parameters (normalized

dilatation-rate and flow field topology).

Our investigations reveal that local dilatation rate significantly influence these
statistics. In turn, these observed influences of dilatation rate are predominantly
associated with rotation dominated topologies (unstable-focus-compressing, stable-
focus-stretching). We find that an enhanced dilatation rate (in both contracting
and expanding fluid elements) significantly enhances the tendency of the vorticity
vector to align with the largest eigenvector of strain-rate. Further, in fluid ele-
ments where the vorticity vector is maximally misaligned (perpendicular) at the
reference time, vorticity does show a substantial tendency to align with the in-
termediate eigenvector as well. Authors attempt to provide physical explanations
of these observations (in terms of the moment of inertia and angular momentum)
by performing detailed calculations following tetrads (approach of Chertkov et al.
(1999) and Xu et al. (2011)) in a compressible flow field.

In Study B2, we perform Lagrangian investigations of the dynamics of velocity
gradients in compressible decaying turbulence. Specifically, we examine the evo-
lution of the invariants of the velocity gradient tensor. We employ well-resolved
direct numerical simulations over a range of Mach number along with a Lagrangian
particle tracker to examine trajectories of fluid particles in the space of the invari-
ants of the velocity gradient tensor. This allows us to accurately measure the
lifetimes of major topologies of compressible turbulence and provide an explana-
tion of why some selective topologies tend to exist longer than the others. Further,
the influence of dilatation on the lifetime of various topologies is examined. Finally,
we explain why the so-called conditional mean trajectories (CMT) used previously

by several researchers fail to predict the lifetime of topologies accurately.

In Study B3, we focus specifically on two models meant for the incumbent vis-
cous process: the linear Lagrangian diffusion model (LLDM) and the recent fluid
deformation closure model (RFDM). Performance of both the models have indeed
been examined earlier, but most evaluations have been restricted to statistical
stationary flow fields. In this work, we subject these models to further scrutiny

in non-stationary turbulence. Our evaluation procedure (i) uses direct numeri-
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cal simulation data of decaying isotropic (non-stationary) turbulence, (ii) follows
identified fluid particles (the so-called Lagrangian evolution), (iii) uses both com-
pressible and nearly incompressible flow fields. In nearly incompressible regime,
the REFD model is found to be satisfactory, while the LLDM model overestimates
viscous effects at late times. In the compressible regime, both the models show in-
adequacies. For compressible flows, we propose an alternative modelling strategy
which shows improvement over both LLD and RFD models.

In Study C, we first demonstrate the limitations of the RFDM in estimating
the pressure-Hessian. Further, we employ a tensor basis neural network (TBNN)
developed by Ling et al. (2016) to model the pressure-Hessian from the velocity
gradient tensor itself. The neural network is trained on high-resolution data ob-
tained from direct numerical simulation (DNS) of isotropic turbulence at Reynolds
number of 433 (JHU turbulence database, JHTD). The predictions made by the
TBNN are tested against three different isotropic turbulence datasets at Reynolds
number of 433 (JHTD) and 315 (UP Madrid turbulence database, UPMTD) and
70. The evaluation of the neural network output is made in terms of the align-
ment statistics of the predicted pressure-Hessian eigenvectors with the strain-rate
eigenvectors for turbulent isotropic flow. Our analysis of the predicted solution
leads to the discovery of ten unique coefficients of the normalized tensor basis of
strain-rate and rotation-rate tensors, the linear combination over which accurately

captures key alignment statistics of the pressure-Hessian tensor.
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