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ABSTRACT

This work introduces a new definition of coherent struc-
tures in turbulent channel flow, derived from their relevance
to wall-shear stress and energy dissipation, based on Direct
Numerical Simulations (DNS) and explainable deep learning
(XDL). The structures are compared to the definition of tra-
ditional structures and the high-importance structures for the
evolution of the flow. These newly identified regions are
shown to dominate frictional processes, surpassing the role tra-
ditionally attributed to classical structures. Importantly, their
characteristic size falls within a narrow range, facilitating their
systematic identification and targeting. This approach opens
the door to the design of advanced algorithms and devices that
directly control such structures, thereby enabling more effi-
cient drag-reduction strategies.

Introduction

Turbulence remains an unsolved problem with profound
implications for everyday life. A promising new approach to
understanding turbulence is explainable deep learning (XDL)
(Cremades et al., 2025a). Explainable deep learning provides
the tools to quantify importance using an objective definition,
and is the methodology applied in the present analysis (Lund-
berg & Lee, 2017). Among the many facets of turbulence,
energy dissipation is the most critical in the context of the cli-
mate crisis, as it is the primary mechanism by which energy
is lost in fluid flows. When turbulent flows interact with solid
boundaries, this dissipation appears as drag or friction. Such
losses are commonly quantified using the skin-friction coeffi-
cient ¢y, which is introduced later. Remarkably, up to 15% of
global energy consumption is wasted as turbulent drag within
the first millimeter of boundary layers in moving vehicles or
in pipeline flows (Jiménez, 2018).

Efforts to study and mitigate frictional losses date back to
the pioneering experiments of Hagen and Poiseuille in the 19th
century. From an engineering perspective, Moody’s diagram
has long been a cornerstone for practical applications (Moody,
2022). More recently, computational fluid dynamics (CFD)
has become a standard tool to optimize vehicle and pipeline
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design (Slotnick et al., 2014). Yet, these models remain intrin-
sically limited (Pope, 2000), motivating the search for alterna-
tive approaches to drag reduction. One promising avenue lies
in unraveling the nonlinear dynamics of turbulent structures
and their role in transporting momentum and energy from the
wall to the outer flow (Jiménez, 2018).

In this context, Guastoni ef al. (2021) showed that deep re-
inforcement learning can identify remarkably efficient strate-
gies for drag reduction, which substantially modify the size
and geometry of near-wall turbulent structures. Yet, these con-
trol schemes largely operate as black boxes, leaving open the
fundamental question of which mechanisms underpin their ef-
fectiveness. More recently, Cremades et al. (2024) examined
the role of a particular class of structures, the so-called Q-
events, in dictating the dynamics of wall turbulence. Their
analysis revisited and unified three decades of prior knowl-
edge, leading to a clearer identification of the structures most
strongly linked to wall friction. Building upon this framework,
the present study evaluates the relative contribution of several
canonical coherent structures to the prediction of wall-shear
stress and, consequently, to the associated energy dissipation.

While the focus in Cremades et al. (2024) was on coher-
ent structures, and their effect on friction was later examined
in Hoyas et al. (2025), the authors took a further step. In-
stead of evaluating the relevance of predefined structures, they
investigated the importance of each point, thereby allowing
the definition of coherent structures, named SHAP structures,
(Cremades et al., 2025b). These structures implicitly capture
causal effects in the flow and could be used by Beneitez et al.
(2025) to control and reduce the wall friction in turbulent flows
actively.

The previous ideas suggest that assessing structures that
target the friction coefficient rather than the flow evolution
might improve control algorithms. In the present work, we
focus on assessing the contribution of each point to the skin-
friction coefficient, quantified by d,U, comparing the physics
of the structures to the velocity-based SHAP structures and the
traditional coherent structures.
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Methods

The methodology employed in this work can be divided
into three main stages. First, a surrogate model was developed
using a U-net (Ronneberger et al., 2015) deep-learning archi-
tecture, trained on a database of 10,000 instantaneous flow
fields. This U-net uses a similar architecture to the network
employed in Cremades et al. (2025b), with the peculiarity that
in the specific application presented in this work, the network
predicts bi-dimensional data, the friction coefficient over the
wall, from three-dimensional data, the velocity field. The ar-
chitecture requires a dimensional compression along the wall-
normal direction. This compression is produced by a set of
three-dimensional convolutions followed by an average pool-
ing with kernels of shape (1,k,1), so they do not affect the
wall-parallel directions. Training continued until the relative
error of the predictions fell below approximately 1% of the
maximum value across the database, ensuring the model’s ac-
curacy.

Second, the trained model was used to compute the im-
portance of each input grid point for predicting the friction
coefficient, employing the gradient-SHAP algorithm. For this
purpose, the model was modified to produce a single output
representing the mean squared error of the reconstruction of
the friction coefficient along the wall.

Finally, once the SHAP values were obtained, they were
used to define the high-importance regions (hereafter referred
to as SHAP structures), which were then analyzed to evalu-
ate their physical properties. For the definition of the friction
SHAP structures, the expression of Cremades ef al. (2025b)
has been used for the reason of consistency with the previous
analysis:
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In this expression, the instantaneous value of the SHAP values
oy, ¢y, and ¢, is compared against their expected intensity
value ¢;.

Using the gradient-SHAP methodology (Erion et al.,
2021), we compute an importance score for each grid point
in a turbulent channel flow with a friction Reynolds number
Rer = uh/v = 125. The gradient-SHAP methodology eval-
uates the sensitivity of the U-net with respect to each input
feature (the velocity components at each grid point) integrated
from a reference or non-informative flow field to the actual
flow field. The gradient-SHAP algorithm calculates the im-
portance of the grid points using the expression:
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where the importance of the feature i, ¢; (xj,) is calculated as
the expectation of the value of the gradient over the sample of
n interpolated fields from the reference, x.f, to the input, xj;,
oa~U(0,1).

These SHAP values highlight the most influential points
for the causal relationships captured by the deep-learning
model. The physical interpretation of SHAP values depends
on the model’s output. The original analysis of Cremades et al.
(2025b) focused on structures that condition the flow, whereas
in this case the model evaluates the friction coefficient; thus,

the SHAP values reveal the flow regions that play the largest
role in the evolution of near-wall shear.

The importance scores measure the influence of each grid
point on the prediction of the wall-shear stress over a time hori-
zon AtT = At, u% /v =5, where h is the channel half-height, v
the fluid kinematic viscosity, ur = 1/ Tw/p the friction veloc-
ity (with 7y, the wall-shear stress and p the fluid density), and
At the time interval between snapshots (Pope, 2000).

Applying the gradient-SHAP methodology yields a vector
field of importance values, denoted as ¢, which quantify the
causal contribution of each grid point to the flow evolution or
to the friction coefficient ¢ f> defined as:

2v dU
where the wall-normal rate of change of the streamwise veloc-
ity dU /dy is proportional to the skin-friction coefficient, and
U,, is the bulk velocity.

These SHAP values provide a measure of how strongly
individual regions influence the dynamics. These regions have
a causal nature, as demonstrated in the supplementary material
of Cremades et al. (2025b), and thus are the most influential
in the evolution of the flow. Therefore, as outlined earlier, the
model’s formulation ensures that the SHAP values highlight
the most relevant grid points for the evolution of the friction,
the desired physical mechanism, and consequently, to control
this mechanism in the flow. For this reason, the analysis of the
friction-based SHAP structures is crucial for the development
of future active control technologies for drag reduction.

Results

In Hoyas et al. (2025) we extended the methodology and
database of Cremades et al. (2024), identifying the most infor-
mative traditional coherent structures for predicting frictional
losses in the turbulent channel flow. These traditional coher-
ent structures are visualized in Figure 1, where the Q-events
(sweeps and ejections) are shown in the left panel and the
streaks and vortices in the right panel. To quantify the impor-
tance of the traditional structures, two types of SHAP values
were employed. The first SHAP definition is associated with
the reconstruction of the velocity-fluctuation field, |¢"|, and
the second structure is linked to the skin-friction coefficient,
|¢¢/|. The results showed that the coherent structures most im-
portant for predicting the flow evolution differ from those most
relevant for predicting the evolution of friction at the wall.
In this work, the ejection-like structures are shown to contain
more information about the evolution of velocity. These struc-
tures include ejections and low-velocity streaks. The former
have high importance values for both flow evolution and fric-
tion prediction, while the latter are mostly important for flow
evolution. This idea shows that friction is mostly associated
with Q-events. Although streaks are crucial for understanding
the evolution of the turbulent field, they are not strongly linked
to friction. Concerning friction, the phenomenon is closely re-
lated to enstrophy. Consequently, the sweeps, which are the
structures transporting the information towards the wall, are
the most relevant for the friction coefficient, Figure 2. Similar
conclusions are drawn when the importance is divided by the
structure’s total volume. In this case, the stronger influence
of sweeps compared to the other structures on predicting the
friction coefficient is more pronounced, as sweeps are smaller
than ejections in this flow regime. Note that for the specific im-
portance, the high-velocity streaks (sweep-like structures) gain
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Figure 1. Instantaneous visualization of the different types of coherent structures at the same time, but separated in two panels to
facilitate their visualization. Ejections (purple), sweeps (blue), low-velocity streaks (green), high-velocity streaks (pink), and vortices
(yellow).
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Figure 2. JPDF of the SHAP values |¢"| and |¢¢/| (left), and divided by volume (right). Ejections (purple), sweeps (blue), low-

velocity streaks (green), high-velocity streaks (pink), and vortices (yellow).

importance relative to the ejections, proving that those regions
with high velocity are the most influential for the friction.

To improve flow control and reduce drag, the key struc-
tures that generate friction need to be targeted. The local
SHAP values for predicting the future friction are calculated
and compared to the SHAP values for predicting the flow evo-
lution. The main difference between the two approaches is
observed in the wall-normal distribution of the SHAP values
(Figure 3). While the intensity of the SHAP values for pre-
dicting the flow evolution is concentrated in a range of wall-
normal distances between 5 and 60 wall units and are dis-
tributed across all velocity components. For the friction coeffi-
cient, importance lies below the streaks and in the streamwise
component of the velocity. The friction-based SHAP shows a
peak between 3 and 5 wall units, below the range where the
velocity-based SHAP is strong. Note that in the friction coef-
ficient case, the relevance of the structures decays above the
streaks, y* > 20 , where the SHAP value is negligible com-
pared to the peak in the inner region. The coherent structures
are calculated by detecting regions of high intensity relative
to the expected intensity at their wall-normal locations, as in
equation (1). The instantaneous visualization of the percolated
SHAP structures for both definitions is provided in Figure 4.

The distribution of the velocity inside both definitions of
SHAP structures along the wall normal velocity is presented
in Figure 5. The velocity-based SHAP structures present two
regions of high density of structures: the first corresponds to
high-velocity or sweep-like regions located from the wall to
the streaks (y* = 15); the second, on the other hand, is com-

posed of low-velocity or ejection-like regions from the streaks
to the center of the channel. This density function shows
that the SHAP values mostly highlight the low-velocity re-
gions (y© < 15), where high-velocity structures or sweep-like
structures penetrate, and the high-velocity regions (y* > 15),
where the low-velocity structures enter. However, for the
friction coefficient, a different picture emerges. In this case,
the sweep-like regions near the wall are the most highlighted
structures, demonstrating that, for friction, the most relevant
structures are the high-velocity regions that transport energy to
the wall. Note that the density functions for the friction coef-
ficient present more oscillations due to the decay in the SHAP
value produced above the streaks and the low SHAP intensity
far from the wall. This result is consistent with Hoyas ef al.
(2025), where the sweeps clearly concentrated importance for
the prediction of wall friction, and with Osawa & Jiménez
(2024), who reported that the high-velocity regions were the
ones transporting more information in turbulent flows.

Finally, the instantaneous coincidence of the SHAP struc-
tures with the classical coherent structures is shown in Figure
6. The figure shows that the velocity-based SHAP structures
exhibit constant overlap with Q-events along the wall-normal
direction, with sweeps near the wall and ejections far from the
wall. For a wall-normal distance of y* ~ 15, the velocity-
based SHAP structures highlight the most important region of
the streaks. Finally, these structures are not located in regions
of high vorticity.

Concerning the friction-based structures, the coincidence
is mostly detected near the wall, for y* < 15, where the SHAP
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Figure 3. Intensity of the SHAP values as a function of the wall-normal velocity, velocity-based SHAP, |¢"| (left) and the friction
coefficient-based SHAP, |¢¢/| (right).

Figure 4. Visualization of SHAP structures based on the velocity, |¢"| (left) and the friction coefficient, |¢°f| (right).
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Figure 5. JPDF of the velocity and the wall normal position of the SHAP structures based on the velocity, |¢"| (top) and the friction
coefficient, |¢°/| (bottom).

structures mostly overlap with the sweeps for y* < 10 and as the wall-normal distance is increased, the differences be-
with streaks for y™ a2 15. For y* < 10, both SHAP definitions tween the two definitions increase. The coincidence with the
present similar levels of agreement with the sweeps; however, streaks of the friction-based structures is approximately half
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Figure 6. Instantaneous coincidence of the SHAP structures and the classical structures. Coincidence of the velocity-based SHAP
structures (left) and friction-coefficient-based SHAP structures (right) with Q-events (purple), streaks (blue), and vortices (green).

that of the velocity-based structures, and at greater distances
the SHAP values for the friction case are extremely low, while
the velocity-based structures detect important flow patterns in
these regions.

Conclusions

In this work, the most important structures for predicting
the friction coefficient were identified by calculating SHAP
values for each grid point. The methodology has been divided
into three main stages: training a deep learning model to pre-
dict the future value of the friction coefficient, calculating the
SHAP values for every grid point, and, finally, percolating the
friction-based SHAP structures.

The results show that the high-intensity SHAP values for
the friction coefficients are located below the wall-normal po-
sition of the streaks, in a narrow band between 3 and 5 wall
units, where high-velocity events enter regions of low velocity
and high shear. This idea opposes the conclusions presented
for the velocity-based SHAP values (Cremades et al., 2025b),
where the peak of importance was located around the streaks
extending from 5 to 30 wall units. The friction-based coherent
structures are related to the wall-attached sweeps, which ac-
count for most of the system’s importance, similarly to what
was detected in the previous work of Hoyas et al. (2025).
In contrast, the velocity-based structures match all Q-events
(sweeps and ejections) and streaks.

The research presented here is part of an ongoing inves-
tigation aimed at identifying the key mechanisms that govern
wall-bounded turbulence and friction, and is noted as the next
step in the conclusions of (Hoyas et al., 2025). Although the
work is still in progress, all studies carried out so far indicate
very encouraging trends, suggesting that the proposed method-
ology can identify the most influential regions for drag gener-
ation and control. These preliminary insights provide strong
motivation to continue in this direction, as they open new op-

portunities for both fundamental understanding and practical
applications. The complete set of results, including a detailed
analysis of the identified structures and their implications for
turbulence control, will be presented during the conference.
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