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We use a resolvent-based approach, recently developed by Martini et al. (J. Fluid Mech., vol.
937, 2022, A19), to estimate unsteady fluctuations in the near wake of a NACA 0012 airfoil at
𝑀𝑎 = 0.3, 𝑅𝑒 = 5000, and 𝛼 = 6.5◦. The flow is simulated using direct numerical simulation,
and global stability and resolvent analyses about the mean flow are performed to verify the
accuracy of the linearization and elucidate the dominant flow physics. The resolvent-based
estimators are obtained using two approaches: 1) an operator-based approach, resulting in low
computational cost without the need for a priori model reduction, and 2) a data-driven approach
that avoids building the linearized Navier-Stokes operator and statistically accounts for the
nonlinearity of the flow. In both cases, a Wiener-Hopf formalism is used to optimally enforce
causality. The resolvent-based estimators are then used to estimate unsteady fluctuations in the
wake for the linear and nonlinear systems, which are forced by random upstream perturbations
to break the periodic limit cycle produced by the vortex shedding and trigger chaotic fluctuations.
The results demonstrate good accuracy in the near wake.

I. Introduction
Flow estimation is valuable in fluid mechanics for multiple purposes. First, it can be used to approximate the state of

a flow at locations and/or for variables that cannot be directly measured or computed using as limited set of realizable
measurements. Experimental equipment can be expensive for applications operating in extreme environments, such
as high temperatures or pressure, e.g., high-speed aircraft or submarines, and avoiding such measurements can have
significant benefits. Second, obtaining accurate and efficient estimators is crucial for achieving successful closed-loop
control [1]. Accurate estimates of flow states provide the best feedback knowledge for a control system [2]. At the same
time, it is challenging to build estimators computed efficiently from large-scale models due to high computational costs.

Meanwhile, airfoils at low Reynolds numbers (𝑅𝑒𝐿𝑐
< 104) have received increased attention in recent years due to

their relevance to low-speed/small-scale unmanned air vehicles (UAVs) [3]. While the relevant fluid dynamics at these
low Reynolds numbers have been extensively studied [4–6], limited attention has been given to estimation and control
[7, 8].

Taking account of the intimate relationship between estimation and control, classical estimation and control methods,
which are Kalman filter [9], and Linear-quadratic-Gaussian control (LQG) combined with Kalman filter, respectively,
have been noted in fluid mechanics over the last decade (Kalman filter:[10, 11], and LQG control:[12–16]). However,
such a typical method contains two limitations, especially when they are applied to flows, such as aerodynamic flows,
that require high-dimensional discretizations, e.g., many grid points. First, solving the Riccati equations required to
obtain Kalman and LQG gains scales poorly with problem size and becomes computationally expensive or prohibitive
for large systems. This can be partly mitigated by reducing the system a priori [17], but this potentially degrades the
performance of the controller. Second, the classical methods cannot account for nonlinear terms of Navier-Stokes
equations. As a result, it substantially deteriorates the estimation performance, in particular at high Reynolds numbers
[18].

Resolvent analysis, also known as input-output analysis, is a methodology to investigate flow physics based on a
linear mapping between response (output) and forcing (input) modes and the associated energetic gains in the frequency
domain [19]. The leading resolvent modes have been shown to provide a useful approximation of coherent structures
observed within the flow [20]. Recently, resolvent analysis has actively been leveraged for the interpretation of a
NACA 0012 airfoil at different Reynolds numbers and angles of attack. Thomareis and Papadakis [21] performed
resolvent analysis at Re𝐿𝑐

= 50, 000 and angle of attack 5◦ to study the physics of separated and attached flow over
the airfoil. Symon et al. [22] investigated two angles of attack, 0◦ and 10◦, of a NACA 0018 airfoil and showed that
these two cases behave as an oscillator and amplifier [23], respectively. Yeh and Taira [24] used resovlent analysis
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over a three-dimensional NACA 0012 airfoil at Re𝐿𝑐
= 23, 000, 𝑀𝑎∞ = 0.3 and angle of attack 6◦ and 9◦ to design

control input parameters for separation control. Kojima et al. [25] identified the origin of the two-dimensional transonic
buffet over a NACA 0012 airfoil at Re𝐿𝑐

= 2, 000, 𝑀𝑎∞ = 0.85 and 𝛼 = 3◦ using resolvent analysis. Marquet et al.
[26] also conducted resolvent analysis over a NACA 0012 Re𝐿𝑐

= 5, 000, 𝑀𝑎∞ = 0.3 between 𝛼 = 6.5◦ and 𝛼 = 9◦,
with an incompressible Navier-Stokes linear operator using the mean flow obtained from the numerical simulation and
experimental results.

Recently, a resolvent-based approach was introduced to estimate space-time statistics and reconstruct time-series
states using limited and non-causal measurements [18, 27]. More recently, the method was further extended to be
available for building an optimal causal compensator with the enforcement of causality using Wiener-Hopf formalism
so that it is applicable to a closed-loop flow control [28]. Unlike classical methods, resolvent-based approaches can
statistically account for the nonlinear terms of the Navier-Stokes equations with colored-in-time correlations. Also, it
allows for efficiently computing the large-scale linearized Navier-Stokes operator using an operator-based approach
without any reduction of the system. This method was demonstrated over the backward-facing step flow with 96% of
control performance in terms of perturbation energy reduction[29].

The present study aims to estimate unsteady fluctuations in the wake of a two-dimensional NACA 0012 airfoil at low
Reynolds number Re=5,000 using resolvent-based tools [28]. The flow is computed via direct numerical simulation
(DNS). As an initial step, we examine the global eigenmodes and resolvent modes to validate our linearized compressible
Navier-Stokes operator and elucidate the key flow physics. The DNS results and eigenmodes are also validated against
a previous study [26]. Next, non-causal and causal estimation kernels are built via operator-based and data-driven
approaches. Finally, we demonstrate the estimation performance of our method for the linear system and nonlinear
systems.

The remainder of this paper is organized as follows. In §II, we outline the methodology; the linear-time-invariant
system is derived, and the resolvent operators are defined in II.A. Then, in II.B, three different estimation kernels are
defined. We briefly show how an operator-based approach produces resolvent operators in II.C. Next, a data-driven
approach is explained in II.D. In §III, the results for the simulation, global stability, resolvent analysis, and estimation
are presented. Finally, the paper is summarized, and future work is discussed in §IV.

II. Methodology

A. System set-up
We start with the compressible Navier-Stokes equations written as

𝜕𝒒

𝜕𝑡
= F (𝒒), (1)

where 𝒒 is a state vector of flow variables [𝜌, 𝜌𝑢𝑥 , 𝜌𝑢𝑦 , 𝜌𝑢𝑧 , 𝜌𝐸]𝑇 and F is the nonlinear Navier-Stokes operator. The
equations are linearized using a Reynolds decomposition, giving

𝜕𝒒′

𝜕𝑡
− 𝐴𝒒′ = 𝒇 ( �̄�, 𝒒′), (2)

where �̄� and 𝒒′ represent the mean and perturbation state vectors of the flow variables, respectively. 𝑨 =
𝜕F(�̄�)
𝜕𝒒 is the

linearized Navier-Stokes operator, and 𝒇 consists the remaining nonlinear terms, including an external forcing. For
convenience, we omit (·)′ for perturbation from this point on.

To derive our estimation method, we consider a generalization of Eq. (2) in the form of the linear-time-invariant
(LTI) system

𝑑𝒒

𝑑𝑡
(𝑡) = 𝑨𝒒(𝑡) + 𝑩 𝒇 𝒇 (𝑡), (3)

𝒚(𝑡) = 𝑪𝒚𝒒(𝑡) + 𝒏(𝑡), (4)
𝒛(𝑡) = 𝑪𝒛𝒒(𝑡), (5)

where the forcing matrix 𝑩 𝒇 ∈ IRn×nf can be used to restrict the form of the forcing 𝒇 , and the measurement 𝒚 and
target 𝒛 indicate readings of the state perturbation extracted by a measurement matrix 𝑪𝒚 ∈ IRny×n and a target matrix
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𝑩 𝑓

∫

𝑪𝑦

𝑨 𝑪𝑧

f +
𝑑𝑞

𝑑𝑡 q y+

n

z

Fig. 1 Plant: linear system.

𝑪𝒛 ∈ IRnz×n. The number of the sensor and targets are denoted 𝑛𝑦 and 𝑛𝑧 , respectively. The vector 𝒏 indicates the sensor
noise. The LTI system is shown schematically in Fig. 1.

By Fourier-transforming the linear system into the frequency domain and defining a resolvent operator as
𝑹 = (−𝑨 − 𝑖𝜔𝑰)−1, we derive other resolvent operators that are used for building the resolvent-based kernels for
estimation. The measurement and target vectors can be written as

�̂� = 𝑹𝑦, 𝑓 𝒇 + �̂�, (6)
𝒛 = 𝑹𝑧, 𝑓 𝒇 (7)

with 𝑹𝒚, 𝒇 = 𝑪𝒚𝑹𝑩 𝑓 , 𝑹𝒛, 𝒇 = 𝑪𝒛𝑹𝑩 𝑓 . The notation (·̂) reveals any quantity in the frequency domain in this study.

B. Resolvent-based estimation
We define three resolvent-based kernels for estimation: non-causal, truncated non-causal, and causal kernels. First,

we start with a non-causal estimator using a convolution function, written as

�̃�𝑛𝑐 (𝑡) =
∫ ∞

−∞
𝑻𝑧,𝑛𝑐 (𝑡 − 𝜏) 𝒚(𝜏)𝑑𝜏, (8)

where 𝑻𝑧,𝑛𝑐 ∈ IRnz×ny is a non-causal estimation kernel between the sensor measurement and the estimated target state
with regard to the perturbation. To solve the estimation problem, a cost function is set up with an error between readings
at a target and estimates, given by

𝑱𝑛𝑐 (𝑡) =
∫ ∞

−∞
E{𝑒(𝑡)†𝑒(𝑡)} 𝑑𝑡, (9)

where the estimation error is defined as 𝑒(𝑡) = 𝒛(𝑡) − �̃�. The operator E{·} indicates an expectation in this study. By
minimizing the cost function, we obtain a non-causal estimation kernel

�̂�𝑧,𝑛𝑐 (𝜔) = 𝑹𝑧, 𝑓 �̂�𝑹†
𝑦, 𝑓

(𝑹𝑦, 𝑓 �̂�𝑹†
𝑦, 𝑓

+ �̂�)−1, (10)

where �̂� = E{ �̂� �̂� ∗} and �̂� = E{�̂��̂�∗} denote the forcing covariance matrix and the sensor noise covariance matrix,
respectively. The detailed derivation of the kernels is skipped in this paper. The readers can refer to Martini et al. [28].

Second, for real-time estimation, the input of the estimator is sensor measurements available only in the current and
past. By enforcing the causality via Wiener-Hopf formalism in cost functions, we derive optimal causal estimation
kernels under the constraint of causality. It allows integration of the convolution to evaluate only the casual part. A
causal estimator

�̃�𝑐 (𝑡) =
∫ ∞

0
𝑻𝑧,𝑐 (𝑡 − 𝜏) 𝒚(𝜏)𝑑𝜏, (11)

is defined in terms of the causal estimation kernel 𝑻𝑧,𝑐 ∈ IRnz×ny . To enforce causality, we modify the cost function of
Eq. (9) to read

𝑱𝑐 (𝑡) =
∫ ∞

−∞
E{𝑒(𝑡)∗𝑒(𝑡)} + (𝚲− (𝑡)𝑻𝑧,𝑐 (𝑡) + 𝚲†

− (𝑡)𝑻†
𝑧,𝑐 (𝑡)) 𝑑𝑡, (12)

where 𝚲 is a Lagrange multiplier that is used for a constraint of the causal kernel to be zero for the non-causal part
(𝜏 < 0). The non-causal and causal parts are defined as shown in Fig. 2. The subscript + and − represent the non-causal
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(𝜏 < 0) and causal (𝜏 > 0) parts of any matrix or function to be zero by achieving a Winer-Hopf factorization. The
derived causal kernel for the estimation is

�̂�𝑧,𝑐 (𝜔) = (𝑹𝑧, 𝑓 �̂�𝑹†
𝑦, 𝑓

(𝑹𝑦, 𝑓 �̂�𝑹†
𝑦, 𝑓

+ �̂�)−1
− )+ (𝑹𝑦, 𝑓 �̂�𝑹†

𝑦, 𝑓
)−1
+ . (13)

Fig. 2 Definition of the non-causal and causal parts in the convolution domain (𝜏 = −𝑡).

For real-time estimation, the non-causal kernel is truncated at the current time by zeroing the non-causal part
associated with unavailable future measurements. The truncated non-causal kernel is defined as

𝑻𝑧,𝑡𝑛𝑐 (𝜏) =
{
𝑻𝑧,𝑛𝑐 (𝜏), 𝜏 ≥ 0,
0, 𝜏 < 0.

(14)

The truncated non-causal estimates are computed as

�̃�𝑡𝑛𝑐 (𝑡) =
∫ ∞

0
𝑻𝑧,𝑡𝑛𝑐 (𝑡 − 𝜏) 𝒚(𝜏)𝑑𝜏. (15)

C. Operator-based approach
The resolvent operator 𝑹 is defined in terms of an inverse, which is computationally expensive to compute. For

an airfoil grid, it is not feasible if we directly compute a resolvent operator. To overcome this issue, we employ a
time-domain approach that avoids the inverse operation and instead builds the low-rank matrices needed to compute the
estimation kernels [18, 28, 30]. The operator-based approach consists of multi-stage runs of the adjoint and direct linear
equations. In this study, we apply a two-stage (adjoint-direct) run of the estimation system for the high-rank 𝑩 𝒇 , and the
low-rank 𝑪𝒚 and 𝑪𝒛 . For more detail on the multi-stage runs, readers can refer to Martini et al. [28].

The procedure to build the estimation kernels begins with solving the adjoint system

−𝑑𝒒𝑖
𝑑𝑡

(𝑡) = 𝑨†𝒒𝑖 (𝑡) + 𝑪†
𝑦,𝑖
𝛿(𝑡), (16)

𝒔𝑖 (𝑡) = 𝑩†
𝑓
𝒒𝑖 (𝑡), (17)

where 𝛿(𝑡) is a Dirac delta function used for an impulse forcing at the initial step, and the subscript 𝑖 indicates the sensor
defined by 𝑖-th row of the measurement matrix 𝑪𝑦 . The output of the adjoint run 𝑠𝑖 is used as a forcing in a direct run.
Check-pointing is used to reduce the memory requirements of saving snapshots of 𝑠𝑖 from 𝑂 (𝑁) to 𝑂 (2

√
𝑁), where 𝑁

is the number of time steps. In the second stage, a direct equation is given by

𝑑𝒒𝑖
𝑑𝑡

(𝑡) = 𝑨𝒒𝑖 (𝑡) + 𝑩 𝑓 𝒔𝑖 (−𝑡), (18)

𝒚𝑖 (𝑡) = 𝑪𝑦𝒒𝑖 (𝑡) + 𝒏𝑖 (𝑡), (19)
𝒛𝑖 (𝑡) = 𝑪𝑧𝒒𝑖 (𝑡), (20)

where 𝒚𝑖 ∈ IRny×1 is a vector measured from all the sensors in the direct solution forced by 𝑖-th sensor, and 𝒛𝑖 ∈ IRnz×1 is
a vector measured at all the targets in the direct solution forced by 𝑖-th sensor, which results in time-series low-rank
matrices. By collecting the vectors of the 𝑖-th sensor and then Fourier-transforming, we obtain
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�̂� =

[
�̂�1 �̂�2 . . . �̂�𝑛𝑦

]
= 𝑹𝑦, 𝑓 𝑹

†
𝑦, 𝑓

, (21)

�̂� =

[
�̂�1 �̂�2 . . . �̂�𝑛𝑦

]
= 𝑹𝑧, 𝑓 𝑹

†
𝑦, 𝑓

, (22)

with �̂� ∈ C𝑛𝑦×𝑛𝑦 and �̂� ∈ C𝑛𝑧×𝑛𝑦 . That is, the 𝑦𝑖 solutions of the adjoint-direct runs, for example, give the columns of
the product [RHS of Eq. (21)]. The cost of this approach depends linearly on the problem dimension, avoiding the need
to reduce the system via a priori model reduction and the associated loss of accuracy of the estimator.

As a result, the target non-causal and causal estimation kernels of Eq. (10) and Eq. (13) are computed by Eq. (21)
and Eq. (22) obtained from the operator-based (O) approach with the assumption of white noise, given by

�̂�𝑧,𝑛𝑐,𝑂 (𝜔) = �̂�(�̂� + �̂�)−1, (23)
�̂�𝑧,𝑐,𝑂 (𝜔) = ( �̂�(�̂� + �̂�)−1

− )+ (�̂�)−1
+ . (24)

D. Data-driven approach
As an alternative to the operator-based approach, empirical cross-spectra densities (CSD) can be used to obtain

the resolvent-based kernels, which is referred to as a data-driven approach [28]. When the CSD is computed from the
dataset of a nonlinear system, it can statistically account for the nonlinearity of flow, which can improve estimation
accuracy for the nonlinear system.
Following the notation of the LTI system in II.A, the datasets of the sensor and target readings are Fourier-transformed,
then it can be expressed as [

�̂�

�̂�

]
=

[
𝑹𝑦, 𝑓 1
𝑹𝑧, 𝑓 0

] [
�̂�

�̂�

]
. (25)

Computing the cross-spectral density of [ �̂� �̂�]𝑇 using Eq. (25) gives[
𝑺𝑦 𝑓 ,𝑦 𝑓 𝑺𝑦 𝑓 ,𝑧 𝑓

𝑺𝑧 𝑓 ,𝑦 𝑓 𝑺𝑧 𝑓 ,𝑧 𝑓

]
=

[
𝑹𝑦, 𝑓 �̂�𝑹†

𝑦, 𝑓
𝑹𝑦, 𝑓 �̂�𝑹†

𝑧, 𝑓

𝑹𝑧, 𝑓 �̂�𝑹†
𝑦, 𝑓

𝑹𝑧, 𝑓 �̂�𝑹†
𝑧, 𝑓

]
, (26)

with 𝑺𝑦 𝑓 ,𝑦 𝑓 = E{ �̂� �̂�∗} and 𝑺𝑧 𝑓 ,𝑦 𝑓 = E{ �̂� �̂�∗}. Since the right-hand side of Eq. (26) contains the terms needed to build
the estimation kernels, this shows that the correlations on the left-hand side can be used in their place. Note that the
CSDs inherently contain statistical information about the nonlinearity of the flow within the forcing covariance matrix.

The non-causal and causal estimation kernels of Eq. (10) and Eq. (13) are computed by the CSDs of Eq. (26)
resulting from the data-driven (D) approach, given by

�̂�𝑧,𝑛𝑐,𝐷 (𝜔) = 𝑺𝑧 𝑓 ,𝑦 𝑓 (𝑺𝑦 𝑓 ,𝑦 𝑓 + �̂�)−1, (27)
�̂�𝑧,𝑐,𝐷 (𝜔) = (𝑺𝑧 𝑓 ,𝑦 𝑓 (𝑺𝑦 𝑓 ,𝑦 𝑓 + �̂�)−1

− )+ (𝑺𝑦 𝑓 ,𝑦 𝑓 )−1
+ . (28)

III. Results
In this section, we begin by describing the problem setup and simulations as well as results from global stability and

resolvent analyses used to validate our operators and elucidate the flow physics. Then, we demonstrate resolvent-based
estimation for the linear system and nonlinear systems using operator-based and data-driven approaches.

A. Problem set-up and simulation
A direct numerical simulation using a high fidelity compressible flow solver CharLES, developed by Cascade

Technologies, is used to simulate the flow around a NACA 0012 airfoil at low chord-based Reynolds number Re𝐿𝑐
= 5, 000

and the angles of attack 𝛼 = 6.5◦. A C-shape mesh is created by Pointwise, as shown in Fig. 3 (a). In Fig. 3 (b), the
computational grid near the airfoil is shown. The leading edge of the airfoil is located at the origin 𝑥/𝐿𝑐 = 𝑦/𝐿𝑐 = 0.
The size in the streamwise and normal direction is 𝑥/𝐿𝑐 ∈ [−49, 50], 𝑦/𝐿𝑐 ∈ [−50, 50], respectively. The spanwise
direction is extruded by only one step to be a planar 2D domain, which is 𝑧/𝐿𝑐 ∈ [0, 0.1] using the symmetry boundary
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conditions. A characteristic boundary condition for the farfield is used [𝜌, 𝑢𝑥 , 𝑢𝑦 , 𝑢𝑧 , 𝑃] = [𝜌∞,𝑈∞, 0, 0, 𝑃∞], and the
sponge layer is set as an outflow at 𝑥/𝐿𝑐 ∈ [30, 50] with the running-averaged time 𝑡𝑈∞/𝐿𝑐 = 20 to damp the reflected
acoustic wave over the length of the sponge layer from the outflow boundary layer. For the time integration, a constant
Courant-Friedrichs-Ley number is set to 1. In Fig. 3 (c), an instantaneous streamwise velocity field around the airfoil is
presented. We can observe the vortex shedding in the wake and separation bubble over the airfoil.

Fig. 3 Direct numerical simulation: (a) the full computational C-shape grid, (b) the close-up computational
grid for the wall and wake regions, and (c) the instantaneous streamwise velocity 𝜌𝑢𝑥 field using direct numerical
simulation. The black dot is the probe location at (𝑥, 𝑦)/𝐿𝑐 = (2.1,−0.11) for the power spectral density in Fig. 4.

10 -1 10 0
10 -8

10 -6

10 -4

10 -2

10 0

10 2

Fig. 4 Power spectral density (PSD) of the wall-normal velocity at (𝑥, 𝑦)/𝐿𝑐 = (2.1,−0.11).

We validate the DNS via comparisons of the vortex shedding frequency, aerodynamic forces, and vorticity field
against the results of Marquet et al.[26], who considered incompressible flow over the same airfoil at the same Reynolds
number and angle of attack. The probe to measure the wall-normal velocity is located at 𝑥/𝐿𝑐 = 2.1, 𝑦/𝐿𝑐 = −0.11.
The vortex-shedding frequency 𝑆𝑡𝛼 ≡ 𝜔𝑟 (𝐿𝑐𝑠𝑖𝑛𝛼)/(2𝜋𝑀𝑎∞) is found to be approximately 0.17 in the present study,
shown as in Fig. 4, close to the value of 0.18 found by Marquet et al.. Next, the time-averaged drag and lift coefficients
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over the surface of the airfoil are considered for validation. The drag and lift coefficients are

𝐶𝐷 =
𝐹𝐷

1
2 𝜌∞𝑈

2
∞𝐴

, and 𝐶𝐿 =
𝐹𝐿

1
2 𝜌∞𝑈

2
∞𝐴

. (29)

Table 1 shows that the present study matches the time-averaged drag and lift coefficient results of Marquet et al.[26]
within a 2% tolerance. This slight difference could be the result of minor differences between the incompressible and
compressible flow solutions or differences in the grid refinement; the present grid is more finely resolved.

Marquet et al. [26] Present study Error
�̄�𝐷 0.088 0.0862 2.05%
�̄�𝐿 0.289 0.2941 1.76%

Table 1 The comparison of the time-averaged drag and lift coefficients at 𝛼 = 6.5◦ with the results from
incompressible periodic solution for a NACA 0012 airfoil at Re𝐿𝑐

= 5, 000 and 𝑀𝑎∞ = 0.3.

Fig. 5 exhibits the vorticity field of the instantaneous and mean flow, which is similarly structured to the results
obtained by Marquet et al.. We use the mean flow that time-averaged over 𝑡𝑈∞/𝐿𝑐 ∈ [0, 350] for the linearization work.
The long window time allows for converging the vortex-shedding in the wake flow.

(a)

(b)

Fig. 5 Vorticity field of (a) the instantaneous flow, and (b) the mean flow.

B. Global stability

(a) (b)

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
-0.08

-0.07

-0.06

-0.05

-0.04

-0.03

-0.02

-0.01

0

Fig. 6 Eigenspectrum: (a) overall eigenspectrum. The red box shows the bounds of (b), and (b) the close-up
region of the eigenspectrum. The red circle is the dominant eigenmode at the vortex-shedding frequency
𝑆𝑡𝛼 ≈ 0.17.
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Resolvent-based estimation is nominally applicable and robust only for globally stable systems [31]. Thus, we first
conduct a global stability analysis. Fig. 6 shows that all the values of the imaginary parts 𝜔𝑖 of the frequency, defined as
_ = −𝑖𝜔, are below zero, indicating that the flow around the airfoil is globally stable. The dominant eigenmode at a
vortex-shedding frequency in Fig. 6 exists at 𝑆𝑡𝛼 ≈ 0.17, which corresponds to the result from PSD in Fig. 4. As we
expected, the convective wake mode can be well observed from the eigenmodes, as shown in Fig. 7.

(a) (b)

Fig. 7 Dominant eigenmodes at the vortex shedding frequency (red circle in Fig. 6-(b)): (a) streamwise velocity
component 𝜌𝑢𝑥 , and (b) wall-normal velocity component 𝜌𝑢𝑦 .

C. Resolvent analysis

10 -2 10 -1 10 0
10 2

10 4

10 6

10 8

10 10

10 12

Fig. 8 Resolvent gains, optimal forcing and response modes: (a) leading and second optimal gains (red circle is
expressed for the optimal resolvent modes (b),(c),(d),(e)), (b) optimal forcing mode of 𝜌𝑢𝑥 , (c) optimal forcing
mode of 𝜌𝑢𝑦 , (d) optimal response mode of 𝜌𝑢𝑥 , and (e) optimal response mode of 𝜌𝑢𝑦 .

To obtain resolvent optimal gains and the corresponding forcing and response modes, we employ a modified resolvent
operator

�̃� = 𝑾
1
2 𝑪𝑹𝑩𝑾− 1

2 . (30)

where 𝑪 and 𝑩 are the identity matrix 𝑰 in this work. The weight matrix 𝑾 used for the norm [32] is defined as

⟨𝒒1, 𝒒2⟩ = 𝒒∗1𝑑𝑖𝑎𝑔

(
�̄�2

0
�̄�𝛾

, �̄�, �̄�, �̄�,
�̄�𝑐𝑣

𝑇

)𝑇
𝒒2 = 𝒒∗1𝑾𝒒2. (31)

The resolvent gains are computed via the eigen-decomposition

�̃�∗ �̃� = 𝑾− 1
2 ∗𝑩∗𝑹∗𝑪∗𝑾

1
2 ∗𝑾

1
2 𝑪𝑹𝑩𝑾− 1

2 = �̃�Σ2�̃�
∗
, (32)

where Σ = 𝑑𝑖𝑎𝑔[𝜎1, 𝜎2, ....., 𝜎𝑛 𝑓 𝑟𝑒𝑞
]𝑇 , and 𝜎1 indicates the optimal resolvent gain. The action of 𝑅 in Eq. (32) is

obtained by computing its LU decomposition, and the eigenvalue problem is solved using Arnoldi iteration [33, 34].
The forcing and response modes can be recovered by 𝑽 = 𝑾− 1

2 �̃� and 𝑼 = 𝑾− 1
2 �̃�.
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In Fig. 8, the peak point of the leading resolvent gain is observed at the vortex shedding frequency 𝑆𝑡𝛼 ≈ 0.17,
which is dominant in this flow. The optimal forcing and response modes are shown in Fig. 8 (b)-(e). The optimal
forcing mode is shaped upstream and over the airfoil, while the optimal response mode is well observed downstream in
the wake. As the flow is convective from upstream, the input (forcing) and output (response) are located along the flow
direction. The optimal response modes are similar to the dominant eigenmodes.

D. Resolvent-based estimation
As shown in the previous results in Fig. 6, 7, and 8, the flow is globally stable, and the resolvent analysis can explain

the dominant physics of the airfoil, suggesting that a resolvent-based estimator will be effective. To make the problem
more realistic, we add a random, zero-mean external forcing within a small region upstream of the airfoil to mimic
free-stream noise (see Fig. 9 (a) and 14 (a)) for the linear and nonlinear system. This prevents the flow from falling into
the periodic limit cycle associated with the vortex shedding process, yielding a chaotic flow instead.

For flow control in future work, the goal is to reduce the unsteady fluctuations beyond the trailing edge of the airfoil.
The optimal sensor placement is beyond the scope of this paper, but physically, the sensor is likely located on the top
surface of the airfoil. For these reasons, we place the sensor above the airfoil and the targets downstream in the near and
far wake flow, as shown as in Fig. 9 (b) and 14 (b). Specifically, the sensor is at [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.5, 0.1], and the
targets are positioned at (a): [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.6, 0.1], (b): [0.9, 0.1], (c): [1.2, 0.1], and (d): [3.0, 0.1]. This choice
is also reasonable for control set-up in the amplifier flow [31].

1. Linear system

(a) (b)

Fig. 9 The flow estimation setup for the linear system: (a) the instantaneous 𝜌𝑢′𝑥 field from the linear system
with the external forcing 𝑥/𝐿𝑐 ∈ [−5,−3], 𝑦/𝐿𝑐 ∈ [−5, 5], and (b) the sensor and targets setup in the 𝜌𝑢′𝑥 field for
estimation.

The two-stage runs are used to obtain the result of Eq. (21) and Eq. (22). To obtain the converged solution of the
adjoint run, the total time is 𝑡𝑈∞/𝐿𝑐 ∈ [0, 24] and Δ𝑡𝑈∞/𝐿𝑐 is twice of the time step of DNS based on CFL number of
1. The reading interval of check-pointing is 96 of Δ𝑡𝑈∞/𝐿𝑐.

The non-causal part (future) can not be used for real-time estimation, so the truncated non-causal kernels are
considered for flow estimation. The parameters for Wiener-Hopf factorization of the 𝑌 into 𝑌+ and 𝑌− , and the
discretization of the kernels in the frequency domain are set to similar values as in the previous work [28].

All sensor and target readings are taken as averages over small spatial and temporal regions weighted by a Gaussian
function in order to account for the finite size and resolution or real sensors and to ensure numerical convergence at
finite grid resolution. The temporal support is 𝑒−(𝑡−𝑡0 )2𝜎𝑡 with 𝜎𝑡 = 12.5, and 𝑡0 = 1, while the spatial support is
𝑒−(𝑥−𝑥𝑐 )2/2𝜎2

𝑥−(𝑦−𝑦𝑐 )2/2𝜎2
𝑦 with 𝜎𝑥 = 0.1 and 𝜎𝑦 = 0.05. The sensor noise �̂� is set to 10−2 of the maximum value of 𝑌 .

We identified that the sensor noise could affect the smoothness of the estimated data, but the amplitude of the output is
not significantly affected.
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(a)

-30 -20 -10 0 10 20 30
0

0.05

0.1

0.15

0.2
(b)

-30 -20 -10 0 10 20 30
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Fig. 10 Operator-based approach: (a) absolute solutions of the two-stage runs for the farthest downstream
target [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [3.0, 0.1], and (b) the absolute non-causal estimation kernel for the corresponding target.

Fig. 10 shows the results from the operator-based approach using a single sensor and a single target in the case of
(d) ([𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [3.0, 0.1]) in Fig. 9 (b). The sensor measurements in the direct run represent 𝑌 (𝜏), which has a
distribution symmetric about 𝜏 = 0 due to the impulse forcing at the initial step. Perturbations caused by the forcing
𝐵 𝑓 𝑠𝑖 (𝜏) travel downstream in the airfoil wake. Scattering perturbations occur near the trailing edge, which evolves a
convective wave in the wake. Due to this physical phenomenon in the near wake, the target readings 𝒁(𝜏) in Fig. 10 (a)
are a strong wave.

Due to the compressible effects, acoustic wave propagation is captured in the flow. As convective waves,
hydrodynamic waves are observed. These two wave impacts have been reflected in the non-causal estimation kernel
in Fig. 10 (b). Convection velocity near the shear layer in the wake is less than the free stream velocity. Therefore,
the convection of hydrodynamic perturbations takes more time than the expected travel time to arrive at the target.
The expected travel time for the distance 𝐿/𝐿𝑐 = 2.5 between the sensor and the target is 𝜏 = 8.3 in the free stream
(𝑀𝑎∞ = 0.3). Still, the convection in the wake of this flow takes around 80% slower than the free stream velocity
due to the complex flow interaction, so the peak points of 𝑻𝑧,𝑛𝑐,𝑂 are broadly distributed around 10.41. The acoustic
waves travel faster than the convection of hydrodynamic perturbations and also propagate upstream (feedback) and
downstream. Thus, the peak point for the acoustic wave in the kernel is earlier positioned near 𝜏 = 2, and the non-causal
part can be explained by the acoustic wave feedback. That is, the non-causal estimation kernel includes this travel
information between two points and produces the estimates from the sensor measurements.

(a)

-30 -20 -10 0 10 20 30

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

(b)

-30 -20 -10 0 10 20 30

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8 (c)

-30 -20 -10 0 10 20 30

-1

-0.5

0

0.5

1

Fig. 11 Non-causal, truncated non-causal, and causal estimation kernels (𝑇𝑧,𝑛𝑐,𝑂, 𝑇𝑧,𝑡𝑛𝑐,𝑂, and 𝑇𝑧,𝑐,𝑂) using an
operator-based (O) approach for the targets: (a) [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.6, 0.1], (b) [0.9, 0.1], and (c) [1.2, 0.1] in Fig.
9 (b).

Non-casual (nc), truncated non-causal (tnc), and causal (c) estimation kernels for the three targets (a),(b), and (c)
in Fig. 9 (b), computed using the operator-based approach, were shown in Fig. 11. The highest peak point of the
non-causal kernels (and truncated non-causal) for three targets is moved to the positive 𝜏 (𝜏 > 0) direction as the target
is located further downstream, as we expected. Also, the non-causal parts (𝜏 < 0) of the kernels are strong in the cases
of the targets near the trailing edge (see Fig. 11 (b) and (c)), due to the strong scattering perturbation at the trailing edge.
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The non-causal part of the kernel can come from the acoustic wave feedback, while the causal part is mostly caused by
the convection of the hydrodynamic wave. As the acoustic wave feedback information is constrained on the causality,
which is a relatively weak effect, the causal kernels that do not allow the non-causal part are similar to the truncated
non-causal kernels, especially for the far downstream targets.

(a)

300 310 320 330 340 350 360 370 380 390 400

-4

-2

0

2

10
-6

(b)

300 310 320 330 340 350 360 370 380 390 400

-5

0

5
10

-6

(c)

300 310 320 330 340 350 360 370 380 390 400

-1

0

1
10

-5

(d)

300 310 320 330 340 350 360 370 380 390 400

-1

0

1
10

-5

Fig. 12 Non-causal (nc), truncated non-causal (tnc), and causal (c) estimation using an operator-based approach
for the linear system at the targets: (a) [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.6, 0.1], (b) [0.9, 0.1], (c) [1.2, 0.1], and (d) [3.0, 0.1] in
Fig. 9 (b).

In Fig. 12, the non-causal, truncated non-causal, and causal estimation results are shown for the four target locations
of (a), (b), (c), and (d) in Fig. 9 (b). All three methods produce accurate estimates. The accuracy decreases as the target
moves downstream but remains reasonable even for the last target. The estimation error, which is defined as

Error =
Σ𝑖

∫
(𝒛𝑖 (𝑡) − 𝒛(𝑡))2𝑑𝑡

Σ𝑖

∫
(𝒛𝑖 (𝑡))2𝑑𝑡

, (33)

is shown as a function of the distance between the sensor and target 𝐿/𝐿𝑐 in Fig. 13. As expected, the non-causal
estimator, which uses future information, provides the most accurate estimates. However, the causal estimation, which is
optimal under the constraint on the causality, performs better than the truncated non-causal estimation, especially near
the wave region. For the further downstream target, the estimation error is converged to around 0.4 in this work. The
region where vortex shedding is strongly affected is less accurately estimated for the linear system.
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0.2

0.4

0.6

0.8

Fig. 13 Estimation error for the linear system as a function of the distance between the sensor and targets.

2. Nonlinear system
The flow is simulated using DNS with the same numerical setup as described earlier. The amplitude of the external

forcing in the nonlinear system was set to 𝑓𝑎𝑚𝑝 = 10−3, which was large enough to produce chaotic fluctuations in
the wake. Since the estimator is defined in terms of perturbations to the mean, the mean is removed from the sensor
readings before they are convolved with the estimation kernels.

(a) (b)

Fig. 14 The flow estimation setup for the nonlinear system: (a) the instantaneous 𝜌𝑢𝑥 field of DNS with
the external forcing 𝑥/𝐿𝑐 ∈ [−5,−3], 𝑦/𝐿𝑐 ∈ [−5, 5], and (b) the sensor and targets set-up in the 𝜌𝑢𝑥 field for
estimation.

Next, the estimation kernels obtained from the operator-based approach are applied to the nonlinear system. The
estimates for the nonlinear system, shown in Fig. 15. are less accurate than those obtained for the linear system, shown
in Fig. 12. This is increasingly apparent as the target is moved further downstream. Physically, this is explained by
the increased opportunity for nonlinearity to influence the evolution of disturbances due to their greater travel time
as the distance between the sensor and target increases. The causal and truncated non-causal estimators show similar
performance for the nonlinear system.

Lastly, the data-driven kernels are used to estimate the nonlinear system. Eq.(26) derived in II.D is used to build
the estimation kernels, which have the advantage over the operator-based kernels used in this study of statistically
accounting for the nonlinearity of the flow. The data is collected from the direct numerical simulation, including the
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Fig. 15 Non-causal (nc), truncated non-causal (tnc), and causal (c) estimation using an operator-based approach
for the nonlinear system at the targets: (a) [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.6, 0.1], (b) [0.9, 0.1], (c) [1.2, 0.1], and (d) [3.0, 0.1]
in Fig. 14 (b).

external forcing. Welch’s method [35] is used to obtain the CSD tensor needed to construct the data-driven kernel. The
data is partitioned into 64 time windows of length 𝑡𝑈∞/𝐿𝑐 = 60 with 50% overlap. Other parameters for building
kernels and Wiener-Hopf factorization are the same as for the operator-based approach.

Fig. 16 shows the data-driven kernels computed from DNS data, which look similar to the operator-based kernels.
The differences between the operator-based and data-driven kernels increase for targets further downstream. This is
caused by the greater difference between the sensor and the target, which allows nonlinearity more opportunity to impact
the evolution of disturbances. This impact is encoded within the data-driven kernels through their incorporation of the
nonlinear forcing statistics, leading to differences in the kernels. In particular, the nonlinearity weakens the correlation
between the sensor and downstream targets, leading to more emphasis on more recent data.

The inclusion of the nonlinear forcing color within the data-driven kernels improves the estimation results compared to
the operator-based kernels, which assume white forcing, especially for the further downstream targets. The improvement
can be observed by comparing Figs. 17 (data-driven) and 15 (operator-based). Fig. 18 reveals the estimation errors for
the nonlinear systems using the operator-based and data-driven approaches. As expected, the estimation error increases
as the distance between the sensor and the target increases. Also, in general, the data-driven approach outperforms the
operator-based approach.
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Fig. 16 Non-causal, truncated non-causal, and causal estimation kernels (𝑇𝑧,𝑛𝑐,𝐷 , 𝑇𝑧,𝑡𝑛𝑐,𝐷 , and 𝑇𝑧,𝑐,𝐷) using a
data-driven (D) approach for the targets: (a) [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.6, 0.1], (b) [0.9, 0.1], and (c) [1.2, 0.1] in Fig. 14
(b).

(a)
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Fig. 17 Non-causal (nc), truncated non-causal (tnc), and causal (c) estimation using a data-driven approach for
the nonlinear system at the targets: (a) [𝑥/𝐿𝑐, 𝑦/𝐿𝑐] = [0.6, 0.1], (b) [0.9, 0.1], (c) [1.2, 0.1], and (d) [3.0, 0.1] in
Fig. 14 (b)
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Fig. 18 Estimation error using the operator-based (O) and data-driven (D) approaches for the nonlinear
systems as a function of the distance between the sensor and targets.

IV. Conclusion
In summary, we applied resolvent-based estimation to a two-dimensional NACA 0012 airfoil at 𝑀𝑎 = 0.3, 𝑅𝑒 = 5000,

and 𝛼 = 6.5 using operator-based and data-driven approaches. The resolvent-based framework is valuable in that we
can build optimal estimation kernels with low-cost computation and statistically account for the nonlinearity of the flow.
We demonstrated that the resolvent-based kernels can estimate the chaotic fluctuations, which are produced by external
forcing, in the wake of the airfoil.

This work is ongoing. The estimation accuracy could be improved by using multiple sensors, leading to multiple-input
multiple-output (MIMO) kernels, and by optimizing the sensor locations. The resolvent-based framework can naturally
accommodate both of these improvements – the cost of building the kernels increases linearly with the number of
sensors, and the performance of a given sensor arrangement can be estimated a priori, facilitating efficient optimization
[28]. Additionally, the operator-based approach can include the forcing CSD, which is expected to bring its accuracy
equal to or better than the data-driven approach.

As a next step, this resolvent-based estimation can be extended to closed-loop control. The estimated unsteady
fluctuation around the mean flow can be used to compute the actuation signal, which can reduce the target fluctuations
around the airfoil. Finally, we are working toward applying this approach to a three-dimensional turbulent airfoil flow at
higher Reynolds numbers.
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