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Spatial-scale partitioning of in situ turbulent flow data over a
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[1] Spatial structures within turbulent flow data were investigated through the use of a
new multivariate variation partitioning analysis technique involving principal coordinates
of neighbor matrices (PCNM), which is a form of distance-based eigenvector maps
(DBEM). The analysis revealed a significant (o = 0.01) spatial dependence, 58%, for the
mean and turbulent flow variables. The flow variables were obtained from
instantaneous two-dimensional velocities collected in situ along a streamwise section
that crosses over a pebble cluster in a gravel-bed river. Using the orthogonal property of
the PCNM variables, the explained variation was partitioned over four significant
(a=0.01) spatial scales: very large (VL, 17%), large (L, 24%), medium (M, 6%) and fine
(F, 2%). Nearly 75% of the variance of the main turbulent flow indicators, such as the
root-mean-square of the streamwise and vertical velocity components and the mean

uv component Reynolds shear stress, was explained by the VL- and L-scale

PCNM submodels, which have streamwise and vertical length scales of the order of
Ax =53H — 2.6H and Ay = 1.0H — 0.5H (where H is the flow depth), respectively.
Through a multivariate mapping procedure, clear spatial patterns within the

explained flow variables emerge around the cluster, where the flow separation zone seems
to play a significant role at a range of scales. As well, intervariable correlations at each
spatial scale, obtained through eigenvector scatterplots, show intricate relationships
between the flow variables. The interdependence of the Reynolds shear stress and

the # component turbulent energy is much stronger at the VL scale than at the L and M
scales. The application of PCNM analysis on the turbulent flow field shows the power of
the technique to resolve the relevant spatial scales and patterns, and demonstrates its

potential use in a variety of water resources studies.
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1. Introduction

[2] A recent trend in turbulent flow research is to attempt
to identify and characterize the temporal and spatial scales
of coherent flow structures over smooth as well as rough
beds [4drian et al., 2000; Liu et al., 2001; Shvidchenko and
Pender, 2001; Chen and Hu, 2003; Roy et al., 2004]. Space-
time correlations of high-frequency velocity time series
have shown the existence of large depth-scaled coherent
flow structures consisting of high- and low-speed wedges
[Nakagawa and Nezu, 1981; Buffin-Bélanger et al., 2000;
Roy et al., 2004]. An alternative method of investigating the
spatial scales of turbulence is through the analysis of the
spatial distribution of the mean turbulent parameters of
interest. Following this approach, a few studies have inves-
tigated the spatial distribution of turbulence properties over
and around large roughness elements such as isolated clasts
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or pebble clusters [Brayshaw et al., 1983; Paola et al.,
1986; Buffin-Bélanger and Roy, 1998; Lawless and Robert,
2001; Shamloo et al., 2001; Tritico and Hotchkiss, 2005]. In
natural gravel-bed rivers, the bed is made up of poorly
sorted clasts ranging in size from very coarse to fine grains,
which results in abrupt roughness transitions [Robert et al.,
1992]. These rapid changes in roughness have a direct effect
on the turbulent length scales and on the spatial patterns of
the mean and turbulent flow properties [Buffin-Bélanger
and Roy, 1998]. The mechanism responsible for these
changes is the shedding of vortices in the lee of protuberant
particles. Such vortices have a range of sizes and frequen-
cies [Kirkbride, 1993]. This suggests a high dependence of
the spatial pattern of turbulent flow structures on the
distribution of large clasts and of bed forms such as clusters
on the heterogeneous bed.

[3] The relationships between spatial patterns of turbulent
structure and large roughness elements on the bed were
investigated by Buffin-Bélanger and Roy [1998]. Through
an intense measurement scheme around a pebble cluster,
they were able to delineate six characteristic regions of the
flow field (acceleration, recirculation, shedding, reattach-
ment, upwelling, and recovering flow), and showed the
relationships between these regions and the protuberant
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clasts. While their study provided qualitative descriptions of
numerous flow variables and of their spatial patterns, it did
not attempt to quantitatively explain the dependence of the
flow variables on the spatial structure, and did not estimate
the proportion of the variation within the flow variables
explained by the spatial structures.

[4] In ecological studies, quantification of spatial struc-
ture is often obtained through trend surface analysis. This is
a standard method used to explain the variance associated
with spatial trends in variables measured at points in space
through polynomial regressions [Legendre and Legendre,
1998]. The higher the polynomial order, the finer the spatial
structures which can be explained. Yet the terms within the
polynomial are often highly correlated with one another,
which prevents the modeling of linearly independent struc-
tures at different scales [Borcard and Legendre, 2002].
Furthermore, trend surface analysis is devised to model
large-scale spatial structures with simple shapes and cannot
adequately model finer structures [Borcard and Legendre,
2002; Borcard et al., 2004].

[s] Borcard and Legendre [2002] have recently devel-
oped a new statistical spatial modeling method: principal
coordinates of neighbor matrices (PCNM). The method, the
theory for which has been further explored by Dray et al
[2006], is a form of distance-based eigenvector maps
(DBEM), and has been successfully applied in aquatic
ecological studies to describe the dominant spatial scales
at which species variation occurs [Borcard et al., 2004;
Brind’Amour et al., 2005]. PCNM analysis resembles Four-
ier analysis and harmonic regression but has the advantage
of providing a broader range of signals and can also be used
with irregularly spaced data [Borcard and Legendre, 2002].
PCNM analysis is based on the orthogonal spectral decom-
position of the relationships among the spatial coordinates
of a sampling design [Borcard et al., 2004]. The orthogonal
property of the PCNM technique allows an exact partition-
ing (no intercorrelation) of the explained variance over
different spatial scales. PCNM analysis is used in conjunc-
tion with multiple regression to study the spatial structure of
a single variable, or with canonical redundancy analysis
(RDA) when studying the spatial structure of multiple
variables. RDA is an extension of multiple regression used
to model multivariate data. It is based on the eigenvalue
decomposition of the table of regressed fitted values, which
reduces the large number of associated (linearly correlated)
fitted vectors to a smaller composite of linearly independent
variables [Legendre and Legendre, 1998]. With eigenvalue
decomposition, most of the variability is often summarized
in the first few dimensions, which facilitates interpretation.
Eigenvalue analysis has been used to study turbulent
coherent structures through proper orthogonal decomposi-
tion (POD) [Liu et al., 2001], and is used extensively in
ecology with data sets which include large numbers
(hundreds, thousands) of interrelated variables.

[6(] PCNM analysis bears some similarity to POD. For
POD, the eigenvalue decomposition is performed directly
on a two-point correlation coefficient matrix of the flow
variable under investigation using Fourier modes which are
sinusoidal (quasi-trigonometric) eigenvectors termed
eignenfunctions [Moin and Moser, 1989; Berkooz et al.,
1993]. As POD is a direct eigenvalue decomposition of the
flow variable correlation matrix, the sum of the eigenvalues
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is equal to the total variance of the flow variable matrix.
PCNM analysis is a regression technique which identifies
only the fraction of the total variance in a response variable
that is spatially dependent. An advantage of the PCNM
technique is that the PCNM variables represent the eigen-
value decomposition of the relationships of a specific
sampling grid, and can be used to analyze irregularly spaced
data with nonrectangular boundaries. PCNM analysis is, as
well, a multivariate regression technique; it offers the added
advantage over POD (which can only analyze a single
variable at a time) of allowing the analysis of all response
variables at once.

[7]1 Buffin-Bélanger and Roy [1998] investigated each
flow parameter, or ratio of flow parameters individually,
an approach common in studies investigating the turbulent
structure of flows [Bennett and Best, 1995; Lawless and
Robert, 2001]. This approach used for investigating spatial
patterns of flow structure could be greatly improved using
PCNM and RDA, which can identify and quantify the
spatial dependence of all flow parameters at once, thus
providing an efficient means of summarizing and interpret-
ing the spatial patterns. This paper examines the potential
use of PCNM analysis as a statistical tool for investigating
the spatial-scale dependence of turbulent flow processes as a
complement to traditional analyses. The paper revisits the
turbulent flow data reported by Buffin-Bélanger and Roy
[1998] adjacent to and overtop of a pebble cluster in a
gravel-bed river. Our study furthers the previous work by
explaining and partitioning the variance of the flow param-
eters over four spatial scales, providing a quantification of
the spatially explained variance, and indicating the inter-
correlations among the turbulence variables at each scale.
This leads to new insights into the turbulent flow field
around clusters and protuberant clasts in rivers by suggest-
ing the appropriate scale dependence of the turbulent flow
variables, and demonstrates the potential use of PCNM
analysis for a wider field of application in water resources
studies.

2. Field Measurements and Turbulent Statistics

[8] The collection and processing of the instantaneous
velocity measurements used in our study was described in
detail by Buffin-Bélanger and Roy [1998] and are briefly
summarized here. Velocity measurements were collected
from the Eaton North River, Quebec, Canada, on a stream-
wise x, — vertical y, transect plane with a mean height (H)
above the bed of 0.38 m and a streamwise length of 4.0 m.
The x—y plane crosses through the center of a naturally
formed pebble cluster. The crest of the cluster is located at
x = 0.77 m (Figure 1) and has a height (As) of 0.20 m.
Electromagnetic current meters (ECMs) were used to
collect instantaneous streamwise u and vertical v velocity
measurements at a sampling frequency of 20 Hz. The
present study consists of 29 vertical profiles (the two most
upstream profiles of the original 31 were omitted due to
their inconsistent separation distances). Each profile con-
tains six to 13 vertical measurement locations (Figure 1).
In total, the data set consists of 340 velocity time series of
60 s duration. Each time series corresponds to a point on
the sampling grid of Figure 1. The spacing between
measurements along the vertical profiles is 0.02 m (with
the exception of two offset grid points at x = 1.1 m), while
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Figure 1. Sampling x—y transect plane with measurement

points (dots). Modified from Buffin-Bélanger and Roy
[1998].

spacing in the streamwise direction varied from 0.1 to
0.15 m.

[9] The mean downstream velocity (U), where the over
bar represents averaging over time, for the x—y plane is
0.28 m s~ ' resulting in a Reynolds number Re of 8.0 x 10%,
which indicates a fully turbulent regime. Buffin-Bélanger
and Roy [1998] investigated and presented a set of 22 flow
variables. These consisted of mean and turbulent statistics,
and ratios between some of the flow variables. For the
current study, we selected a subset of 15 variables to be used
as response variables in the PCNM analysis. This subset
was selected on the basis that they covered a range of spatial
patterns and scales in order to properly test the PCNM
method without introducing excessive redundancy between
the variables. As such, the flow variables included mean
flow statistics (U, V); second-order moment statistics (root-
mean-square values, %’ and V') which are a measure of the
turbulent intensity and had been shown by Buffin-Bélanger
and Roy [1998] to exhibit broad-scale spatial patterns; and
the third-order moment (skewness, Sk, and Sk,). Skewness
is a measure of the asymmetry of the velocity distribution,
and it reveals the presence of high-magnitude events within
the velocity signal [Buffin-Bélanger and Roy, 1998]. For
example, a positive Sk, indicates intermittent, infrequent
events of vertical velocity directed toward the surface.
Previous boundary layer studies have observed near-bed
velocity distributions to be positively skewed [Grass, 1971].

[10] We have also included the average statistics of
turbulent events such as the percent of time (T) and the
frequency (f) of low-speed flow ejections (Q2) and high-speed
sweeps (Q4). Event statistics are estimated by conditionally
sampling the fluctuating component of the velocity signals
following Lu and Willmarth [1973]. Ejections (quadrant 2)
are defined by negative u and positive v excursions from the
mean, while sweeps (quadrant 4) are defined by positive u
and negative v excursions. Following Lu and Willmarth
[1973], a threshold hole size, T}, = |uv|/u'v, was used to
distinguish between stronger, more energetic, events (T}, = 2)
and all events (T, = 0). The terminology for ‘“hole”
corresponds to the more quiescent contributions which are
obtained by subtracting events estimated with Ty, = 2 from
those estimated with T, = 0. Ejections and sweeps are a
common feature of turbulent flows over smooth and rough
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boundaries [Grass, 1971], and contribute to the bulk of the
positive Reynolds shear stress [Williams et al., 1989]. The
event statistics displayed a more localized spatial pattern
than the mean turbulent statistics previously mentioned.
Mean Reynolds shear stress (—puv) and integral timescale
(ITS,, ITS,) obtained from the autocorrelation functions of
the streamwise and vertical velocity time series were also
included. The mean shear stress is a measure of the mean
turbulent momentum exchange at a sampling location, and
ITS is a rough measure of the interval over which velocities
are autocorrelated, giving an estimation of the size of
turbulent coherent structures.

[11] The spatial mean values for the time-averaged tur-
bulent statistics, event statistics, and integral timescales are
presented in Table 1. Further details on the methods for
estimating these variables are presented by Buffin-Bélanger
and Roy [1998]. The spatial distributions of the standard-
ized values (z-scores) of the 15 flow variables are presented
in Figure 2. By investigating each subfigure as in the work
by Buffin-Bélanger and Roy [1998], clear spatial patterns
emerge. For instance, large patches of high «’ and v/, —puv
are observed in the wake of the pebble cluster. The spatial
patterns of TqaTh.o and T Th.» are patchier, with some
better defined trends showing higher values in the wake of
the cluster advecting toward the water surface with distance
downstream from the cluster increases. While these and
other general spatial patterns were described by Buffin-
Bélanger and Roy [1998], they remain qualitative observa-
tions, and investigating each variable sequentially is
cumbersome and does not lead to a global view where the
interactions between the variables are fully exploited. To do
so requires a multivariate approach that can deal simulta-
neously with the interrelations between the flow variables
and with the spatial components of the data.

3. PCNM Statistical Analysis

[12] The PCNM technique is used to explain the spatial
dependence and patterns of distributed variables over a
sampling grid. The advantage of the PCNM technique is
that the explained variance can be explicitly estimated for
each spatial scale. The PCNM variables (PCNMs) are
obtained by principal coordinate analysis (PCoA) of a

Table 1. Spatial Means and Standard Deviations of the Flow
Variables

Variable Mean SD
Ums™' 0.28 0.11
7V,ms 0.00 0.01
W, ms! 0.05 0.01
V,ms™! 0.04 0.01
—puv, N m 2 0.60 0.66
Sk, mj s’j 0.15 0.38
Sk, m® s~ 0.02 0.27
Tq2Tho, % 29.62 3.44
ToaThio, % 28.58 3.82
ToaThas % 2.62 1.42
TosThas % 2.95 1.27
f{bz?h:z, S:: 0.34 0.13
Q4lh2, S 0.40 0.13
ITS,, s 0.79 0.46
ITS,, s 0.31 0.20
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