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1 Introduction
In the last decades, complex networks have been exploited in a wide range of applications, with an increasing interest to physical and engineering problems. Specifically, the
study of problems related to fluid flows mainly concerns two-phase flows [1] and geophysical flows [2], with particular attention to time-series mapping into networks (e.g.,
visibility [3]). In this work, we propose a correlation network-based investigation [4–7]
of a turbulent channel flow, with the aim to spatially characterize the flow dynamics [8],
introducing a novel statistical approach to wall turbulence analysis.

2 Database Description and Methods
The data [9] were extracted from a direct numerical simulation of a fully developed turbulent channel flow at Reτ = Huτ /ν = 180, where H = 1 is the half-channel height, ν =
1/180 is the kinematic viscosity and uτ = 1 is the friction velocity. The physical domain
is (4πH × 2H × 4/3πH) with a grid resolution of (Nx × Ny × Nz ) = (576 × 191 × 288),
where (x, y, z) are the streamwise, wall-normal and spanwise directions, respectively.
The velocity field was computed and data were acquired for 5000 time samples, with a
time-step ∆t = 2.510−4 . Firstly, we selected Nx′ = 144 equally spaced grid points in the
x direction and Nz′ = 150 consecutive grid points in the z−direction. We then assigned a
node to each selected grid point, resulting in n = (144 × 191 × 150) = 4125600 nodes.
The Pearson correlation coefficients based on the streamwise velocity component timeseries were evaluated for each pair of nodes. Although such procedure can also be
carried out for other physical quantities, the streamwise velocity is one of the most significant variables to characterize turbulent channel flows. A spatial network was then
built, where links are active if the absolute value of the correlation coefficient is greater
than or equal to a suitable threshold, τ, which was here set equal to 0.85. A high value
of τ was chosen to highlight the strongest spatial correlations and to have a manageable
number of links. In order to take into account the non-uniform spacing of the grid in
the wall-normal direction, we assigned to each node a weight equal to the volume, V j ,
of that node. Specifically, we defined the volume-weighted connectivity [10] of node
i as VWC(i) = ∑Nj ai jV j /Vtot , where ai j are the entries of the adjacency matrix (with
aii = 1), and Vtot is the total volume of the domain. VWC(i) ranges between zero and
one, and represents the fraction of volume to which the node i is connected.
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3

Results

In Fig. 1(a) we highlight the nodes with high VWC values; in particular, we say that
a node has a high VWC value if its cumulative probability, defined as P(VWC) =
∞
′
−2 (corresponding to the 99th percentile),
∑VWC
′ =VWC p(VWC ), satisfies P(VWC) ≤ 10
where p(VWC) is the VWC probability distribution [11]. The nodes connected to a
higher fraction of volume tend to group into clusters elongated in the streamwise direction, x, representing regions of high kinematic coherence, i.e. nodes with stronger
spatial connections. Such clusters of hubs, as also evidenced in Fig. 1(b), are present
both close to the walls (i.e., at y+ = 0, 360) and at the center of the channel (i.e., at
y+ = 180), although the dynamics leading to the connections change at different wallnormal distances. It is interesting in Fig. 1(b), the nesting behavior of high VWC nodes.
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Fig. 1. (a) View of nodes with VWC in the 99th percentile. (b) Planar section at x+ = 2000;
the colorbar refers to the full range of VWC values. The axes are reported in wall-units, i.e.
(x+ , y+ , z+ ) = (x, y, z) · uτ /ν.
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Fig. 2. The fraction of volume of the first N neighborhoods for three pairs of source-nodes. Notation: H/L-VWC, high/low VWC values; w1/w2, walls 1 and 2; c, center of the channel.

To have a better spatial characterization, the location of progressive neighbors of
nodes at different VWC is investigated next. By doing so, it is possible to understand
how different regions in the channel are connected. To this end, we analyzed the successive neighborhoods [12] of selected source-nodes, at different wall-normal distances.
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We considered the N cumulative neighborhoods as the union of the first N neighborhoods. In order to illustrate the differences in the progressive patterns of the cumulative neighborhoods for different source-nodes, we selected three pairs of representative
nodes — two pairs close to the walls and one at the center —, each one with a high
and a low VWC value. Fig. 2 shows the behavior of the the fraction of the total volume
occupied by the nodes in the first N neighborhoods for the three pairs of nodes. Starting
from the source-nodes close to the wall, the expansion of the neighborhoods is clearly
much faster than the expansion of the neighborhoods of source-nodes at the center of
the channel, independently of the VWC values. However, at a fixed y+ , the expansion of
the neighborhoods is slower for nodes with low VWC. In this context, an important role
is played by nodes connected with negative correlation links, since they are generally
less frequent and could suggest the presence of particular kinematic dynamics.
Summary. The present analysis can highlight spatial relations among different regions
in a novel view that relies on the network formalism. In particular, the presence of clustered and elongated groups of highly connected nodes at various wall-normal distances
indicates a spatial coherence related to the streamwise velocity correlations. The analysis of progressive neighborhoods, feasible only through a network approach, offers useful information on the spatial propagation of high-correlation patterns. Therefore, the
proposed approach can provide new insights into the spatial characterization of complex
systems such as turbulent flows, which deserves additional extensive investigation.
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