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ABSTRACT
The influence of especially energetic structures residing

in the region around y+ ≈ 4.
√

Reτ , are investigated in chan-
nel flow at Reτ ≈ 5200. The motivation is to shed light on
how the magnitude and length-scale properties of the small-
scale near-wall turbulence are modulated by the outer struc-
tures, and whether this response is tied solely to the friction
velocity – i.e., whether the near-wall turbulence is universal
when scaled by the spatially and temporally varying large-
scale wall shear stress, rather than by its time-averaged value.
A unique aspect of the present framework is the use of an auto-
encoder algorithm to separate the extremely large full-volume
DNS fields into large-scale and small-scale motions. A second
original element is a formalism that derives the modulation,
conditional on large-scale fluctuations, from continuous statis-
tical quantities represented as joint-multivariable probability-
density functions, thus obviating the need for any discrete rep-
resentation or binning beyond that imposed by the discrete
DNS solution. A third novel aspect is the use of the length-
scale-wise derivative of the second-order structure function to
quantify the modulation (increase or decrease) in the length
scale, again conditional on the large-scale structures.

1 Introduction
The impact of outer turbulent structures on the state of

the viscosity-affected near-wall layer is of considerable inter-
est in the context of controlling wall friction. The key aspects
of this interaction are, first, the formation of large-scale fluc-
tuations in the viscous and buffer layers, provoked by “foot-
printing” of outer scales in the log layer, and second, the at-
tenuation or amplifications (“modulation”) of small-scale mo-
tions in this layer by the footprints. Importantly, both effects
rise with the Reynolds number, in tandem with the progres-
sive rise in the streamwise turbulence energy around the loca-
tion y+ ≈ 4.

√
Reτ – i.e. y+ ≈ 280 at Reτ = 5200, the value

considered herein. Thus, as Re rises, the near-wall layer is in-
creasingly perturbed by the strengthening footprints, which is
likely to increasingly compromise the effectiveness of any con-
trol method designed to reduce the friction drag by damping
the small-scale turbulence in the viscosity-affected near-wall
layer.
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Figure 1. Schematic representation of the process of ex-
tracting the large-scale motions by using a multi-layer Auto-
Encoder. Patches on the plane y+ ≈ 280 are subdomains of
size ∆x+ = 1280, ∆z+ = 1280 used for the learning process.

Agostini & Leschziner (2014, 2019a,b) have previously
examined a variety of aspects of the above large-scale/small-
scale interactions by analysing the DNS data of Touber &
Leschziner (2012) and Agostini & Leschziner (2014) for chan-
nel flow at Reτ = 1000, a value for which the interactions
are relatively weak. They did so by employing their own
spatially bi-dimensional “Empirical Mode Decomposition (Bi-
EMD)” to separate the turbulence spectrum across many full-
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volume DNS realisations into small, medium and large-scale
modes and then constructing small-scale statistics, conditional
on large-scale skin-friction footprints to infer the mechanisms
by which small-scale amplification by positive footprints dom-
inate asymmetrically over small-scale attenuation by negative
footprints, thus explaining the progressive rise in the damaging
perturbations of the near-wall layer by footprinting.

Although the statistical tools developed in previous stud-
ies can be applied, in principles, to data at higher Reynolds
numbers, the resource requirements posed by the EMD
quickly become untenable as the spectrum of scales, and
thereby the size of the domain, widen rapidly with the
Reynolds number. This all but prevents the application of the
EMD to full-volume DNS data sets at Reτ = 5200, taken from
Lee & Moser (2015). To circumvent this problem, a novel ap-
proach is proposed herein and analysed in this study in which
a decoder-encoder deep-learning algorithm is used to separate
the scales across any 2d (x − z) plane into small-scale and
large-scale fields. Once this is achieved, joint PDFs are con-
structed, as explained below, which allow the effects of the
large-scale footprints on the small-scale near-wall layer to be
studied.
The present paper deals with four aspects :

i the manner in which the decoder-encoder model is used
to separate the scales over full-volume DNS realisations;

ii the type of conditional small-scale statistics derived from
the separated fields.

iii the manner in which the statistics under (ii) yield insight
into the mechanisms by which the large scales affect the
small scales;

iv the manner in which the decomposition under (i) allows
the “quasi-steady” hypothesis to be tested – -i.e. the
proposition that the small-scale fields are universal when
scaled with the instantaneous and local large-scale wall
shear stress.

2 Methodology
2.1 Decoder-encoder-based scale separation

As noted earlier, the EMD becomes untenable at the
present Reynolds number, to which must be added some lim-
itations regarding the possibly incomplete capture of large-
scale motions the size of which is comparable with the com-
putational box size. Thus, an alternative data-driven method-
ology, referred to as ”Auto-Encoder” (AE), has been adopted
herein to separate the large-scale from small-scale motions.
An AE is an unsupervised machine-learning (ML) algorithm
that is trained to reconstruct a representation of its inputs from
a data set that is highly reduced in volume and detail relative to
the full input (Agostini, 2020). As illustrated in Fig.1, an AE
has three parts: an encoder, a bottleneck (latent space), and
a decoder. Depending on how its architecture is defined, an
AE can served different purposes, functioning as de-noisors
(Vincent et al., 2010), anomaly detectors (Zhou & Paffen-
roth, 2017), and estimators (Guastoni et al., 2021), for exam-
ple. In the present study, the goal is to use AE for extract-
ing large-scale motions associated to the outer-flow structure
at any wall-normal location. By reducing the amount of infor-
mation passing through the AE’s bottleneck, the AE must learn
the most significant features of the input so that the output im-
age is as close as possible to the input image. The level of
closeness is defined by the mean square of the reconstruction
error (MSE), steering the AE towards reconstructing the most
energetic scales. Once the training (learning) is achieved –
here done by feeding in sub-domains of size 1280×1280 wall

units, each being 1/48th of the total data items in the plane,
chosen randomly from 2D fields at y+ ≈ 280, where most en-
ergetic eddies correspond to large-scale motions – the AE will
only use the “library” of features learned at this wall-normal
location for extracting large-scale fluctuations produced by the
outer-flow structures at any other wall-normal location. For the
training, subsets from seven DNS snapshots are used, and for
validation subsets from three other snapshots are used. A vali-
dation set is required to ensure that the features learned by the
AE correspond to a valid statistical description of the external-
flow structures. This means that not only the noise will be
filtered out, but that also any singular events produced by the
structures are removed, which is a distinctive benefit of the
AE over other methods such as FFT- or EMD-based method-
ologies. The main advantage is that the AE, once trained, is
able to identify information reflecting the true impact of ex-
ternal flow structures at any wall-normal location, and extract
them faithfully in isolation from spurious disturbances having
spectral length-scale features similar to the true LS structures,
which is not possible with low-pass filtering, wherein all infor-
mation of a given length-scale spectrum is conserved whatever
its source.

The success of this process is illustrated in Figs.2 and 3,
which show fields decomposition, spectra and streamwise
energy profiles for the large-scale and small-scale motions
respectively. Fig. 2 shows sub-domains of streamwise-
fluctuations fields across the wall-normal plane y+ ≈ 280 and
y+ ≈ 12 covering the sub-domain x+ × z+ ≈ 16000× 8000,
corresponding to 1/8 and 1/6 of the total computational-box
dimensions, respectively. Full streamwise-fluctuations fields
at wall-normal locations y+ ≈ 280 and y+ ≈ 12 are conveyed
by Figs.2(a) and 2(b), respectively. The large-scale motions
and the residual small-scale fields at y+ ≈ 12 are shown in
Figs. 2(c) and 2(d). Specific feature that deserve to be under-
lined are, first, the strong dominance of the large-scale compo-
nent at the outer location; second, the presence of large-scale
footprints in the near-wall layer; third, the fine-grained small-
scale features in the near-wall layer; and fourth the influence
of the large-scale footprints on the intensity of the small-scale
structures in the near-wall layer.

Fig.3(a) demonstrates the scale-separation process by
way of pre-multiplied energy-density spectra, in the y+−λ+

z
(spanwise wavelength) plane for the streamwise components.
The red contours identify the large scales, while the blue con-
tours pertain to the small scales, the sum of the two being iden-
tified by the black contours. The corresponding energy profiles
in the wall-normal direction are given on the right-hand-side
(r.h.s) plots. The l.h.s plot convey a well-defined scale sep-
aration, with the large scales confined to wavelength values
λ+

z > 800, which compares to λ+
z ≈ 100 at which the stream-

wise energy density peaks at y+ ≈ 12.

2.2 Conditional analysis of amplitude modu-
lation based on multivariate PDFs

In recent papers (Agostini & Leschziner (2019a,b, 2021)),
a novel approach to analysing any statistical flow property con-
ditional on any value of the large-scale skin-friction fluctuation
is presented, bringing into focus the response of the turbulent
statistics to the large-scale motions. Thus, with the large-
scale/small-scale decomposition effected, conditional joint
PDFs of the form P(u1,u2,u3,C fLS) are derived from the DNS
data, where C fLS is the “conditional variable” and u1,u2,u3
are velocity fluctuations in the x,y,z directions, respectively.
Conditional variables can then be extracted as exemplified by
the following expressions for the mean velocity and Reynolds
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Figure 2. Illustration of scale decomposition using the ap-
proach shown in Fig. 1 at over a portion of the x − z DNS
box (1/8th in streamwise direction and 1/6th in streamwise
direction); (a) and (b) full streamwise-fluctuations fields at
y+ ≈ 280 and y+ ≈ 13, respectively; (c) large-scale fluctua-
tions fields (output of the auto-encoder) at y+ ≈ 13 and (d)
small-scale fluctuations (total minus large-scale fluctuations)
at y+ ≈ 13.

stresses:

ui|C fLS =

+∞Z
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Figure 3. Large-scale/small-scale decomposed field of
streamwise fluctuations; (a) Premultiplied power spectra:
(black) total fluctuations, (red) large-scale fluctuations and
(blue) remaining fluctuations; (b) corresponding streamwise-
energy profiles.

Other properties, such as conditional production rates,
follow likewise. The merit of these conditional values is that
they bring to light the influence of large-scale fluctuations on
the statistical quantities considered at large positive and nega-
tive C fLS values without the obscuring influence, or weighting,
of low-density levels in the PDF P(C fLS), which is shown in
Fig.4. The PDF is seen to be mildly positively skewed, a prop-
erly also observed at lower Reynolds number at which the level
of skewness is markedly higher.

Figure 4. PDF of large-scale streamwise-velocity fluctua-
tions derived from AE, dark blue and red lines correspond to
1% extreme events, light blue and orange lines correspond to
10% and green line to 50% (median of PDF).

2.3 Conditional analysis of length-scale mod-
ulation based on structure function

The second-order structure function is proposed herein as
a basis for investigating length-scale modulation. Given the
fields of velocity u(x,z) across any y-plane, and the large-scale
skin-friction C fLS(x,z), the latter being wall footprint of the
outer-large scale structures shifted forwards in streamwise di-
rection by ∆x = ∆y tanθ , with θ ≈ 11o , the starting point is
the derivation of the PDFs from the DNS data set in which
su,δ z = u(x,z+δ z)−u(x,z) is the instantaneous difference be-
tween velocity fluctuations separated by a given (i.e. chosen)
value δ z (the subscript y is omitted henceforth).

The nth order structure function (Sn) for a given δ z can
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