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1 Abstract

Recent advances in nonlinear system identification and ma-

chine learning have resulted in a plethora of data-driven

modelling tools. A number of them have already been

successfully applied in the context of fluid dynamics, e.g.

polynomial nonlinear state-space models, dictionary meth-

ods such as Sparse Identification of Nonlinear Dynamics

(SINDy), as well as linear Dynamic Mode Decomposition

(DMD) models. Knowing what model structure is best

suited for a given task is non-trivial.

In this work DMD and SINDy are applied to unsteady fluid

dynamics. Both methods enable to gain insight into sys-

tem dynamics. The canonical system of the flow field in the

wake of a periodically oscillating cylinder is studied.

DMD decomposes periodic data into dynamic modes (DM).

These consist of spatial mode fields and corresponding tem-

poral behaviour, as shown in Figure 1. The spatial modes

and their temporal behaviour are respectively defined by the

eigenvectors and corresponding eigenvalues of transforma-

tion matrix A of the periodic data. These are derived with-

out directly calculating A and can be linearly combined to

reconstruct the data and make future state predictions [1].

Figure 1: Illustration demonstrating the dynamic modes

which consist of the eigenvector-eigenvalue pairs of trans-

formation matrix A. Source: Brunton and Kutz [1].

SINDy can be used to identify nonlinear ordinary differ-

ential equations (ODE’s) that approximate the dynamics of

systems with multiple variables, as shown in Figure 2. The

dynamics of flow fields are identified in the space spanned

by their proper orthogonal decomposition (POD) basis. The

fields are then reconstructed by multiplying the identified

dynamics with the POD modes that match the basis [1].

Both methods are applied to the vorticity field of a lock-in

Figure 2: Demonstration of how a sparse selection of terms

from function library Q is used to reconstruct the ODE’s on

the left which generated the training data. Source: Brunton

and Kutz [1].

experiment using the first 10 modes.

DMD achieves a relative RMS error of 16 % using 10 DM’s.

SINDy captures the dynamics of the field in terms of its first

10 POD modes and identifies them as a set of nonlinear dif-

ference equations, achieving a relative RMS error of 4.5 %.

Figure 3: Dynamics in terms of the first three DMD modes

(a) and as identified by SINDy in the space spanned by the

first three POD modes, including the first DE (b).

Both methods analyse periodic data in terms of modes.

DMD gives insight into dynamics through the individual dy-

namic modes and their sum. These are derived from the

POD modes of the data. SINDy uses the POD modes di-

rectly and translates their relationships into (nonlinear) dif-

ference equations. It captures the dynamics of the studied

system more efficiently than DMD.
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