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ABSTRACT: Assessment and quantitative description of river morphology
using widely recognized river planview measures (e.g., length, width and
sinuosity of channels, bifurcation angles and island shape) for multichannel
rivers are regarded as fundamental parts of the toolkit of geomorphologists and
river engineers. However, conventional assessment methods including field
surveys or exiting algorithms for the extraction of multichannel planviews might
be suboptimal. More recently, the potential for the application of complex
network analysis to the study of river morphology has led to emphasis on the
accurate characterization and definition of multichannel network topology.
Therefore, we developed a novel algorithm called RivMACNet (River
Morphological Analysis based on Complex Networks) that enables the
extraction of multichannel network topology using satellite sensor images as
the input. We applied RivMACNet to a meandering reach of the Yangtze River

and a strongly anastomosing reach of the Indus River to construct their network
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topologies, and then calculated a series of common topological measures
including weighted degree (WD), clustering coefficient (CC) and weighted
characteristic path length (WCPL). The network analysis indicated that both
networks exhibit poor transitivity with small clustering coefficients. The
topological properties of the Indus at the reach scale are independent of flow
conditions, while they vary across space at the subnetwork scale. In addition,
comparison between RivMACNet and an alternative common river network
analysis engine (RivaMap) demonstrated that RivMACNet is superior in terms
of representation accuracy and network connectivity and, thus, is more suitable
for multichannel fluvial systems with complex planviews. RivMACNet is, thus, a
useful tool to support further investigation of multichannel river networks using
graph theory.

Keywords: multichannel network, remote sensing, complex network analysis,

river network topology, graph theory.
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1. Introduction

Fluvial systems are generally regarded as linear features that can be
divided into two distinct groups based on current river channel classification
patterns (Nanson and Knighton, 1996): (i) single channel networks such as
straight rivers and meandering rivers (Parker et al., 2011), and (ii) multichannel
networks (Carling et al., 2014) defined as river planviews composed of more
than one interlinked channel forming inosculate patterns, such as braiding and
anabranching rivers (Leopold and Wolman, 1957; Parker 1976; Rust, 1978;
Bridge 2009; Jansen and Nanson, 2010; Meshkova and Carling, 2013;
Kleinhans et al., 2019; Hiatt et al., 2020). The largest rivers on Earth often
exhibit a network of multiple channels and, thus, can be regarded as naturally
occurring forms of a generic class of network structures (Gupta, 2008). Different
channel planforms are thought to reflect differences in river behaviour, and
planform assessment remains central to all modern river channel classification
schemes (Carling et al., 2014). However, quantitative assessment of river
planviews is considered a challenging task in river channel analyses, inclusive
of channel evolution, migration and bank erosion (Miller, 1988; Osman and
Thorne, 1988; Richardson, 2002; Smith and Pain, 2009; Kleinhans et al., 2013;
Grabowski et al., 2014; Yousefi et al., 2016; Li et al., 2017; Shahrood et al.,
2020).

For over half a century, researchers have quantified different elements of
channel planviews via metrics including the braiding index, bifurcation angle,
channel width, length, sinuosity and migration distance, as well as island and
sand bar shapes (Parker and Anderson, 1975; van den Berg, 1995; Chew and

Ashmore, 2001; Tooth and Nanson, 2004; Xu, 2004; Harrison et al., 2011;
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Shwenk, 2016; Ashour et al., 2017; Yukawa et al., 2019; Liu et al., 2021).
However, such conventional quantitative geometrical metrics of fluvial systems
are unlikely to be sufficient to define, or discriminate between, channel types
(Carling et al., 2014). Meanwhile, the definition of river network topologies
(Dodds and Rothman, 2000; Rodriguez and Rinaldo, 2000) and their stream
ordering laws (Tokunaga, 1966; Williams and Rust, 1969; Bai et al., 2015)
demonstrates that river networks can be treated as real-world, non-random
networks of varying complexity. In this view, channel bifurcations (whether
divergent or convergent) are nodes, with the individual channels between
nodes regarded as links. With the development of complex network analysis
(Watts and Strogatz, 1998; Newman, 2003; Rubinov and Sporns, 2010), the
topological properties of multichannel networks, which could highlight emergent
and novel spatial and temporal relations at some local or reach scales for river
channels, have attracted interest from researchers. Despite some success in
the quantification of river network topology and some common topological
measures such as Betweenness Centrality (BC) (Marra et al., 2014), physical
or hydraulic explanations for such topological properties within multichannel
networks have been limited. One reason is that no efficient tools were proposed
for multichannel network construction and the subsequent extraction of a range
of potentially useful metrics including both geometrical and topological
measures.

Conventional field surveys and manual inspections of remote sensing
images are prohibitively expensive and laborious for defining and constructing
multichannel topologies and are subject to operator errors (Gupta et al, 2013;

Guo et al., 2017). Increasingly, developments in remote sensing and image
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processing provide the possibility of reliable automated algorithms or software
packages to extract some of the aforementioned river networks. Examples
include: RivWidth (Pavelsky and Smith, 2008) and RivaMap for river width
(Isikdogan et al., 2017); PyRIS (Monegaglia et al., 2018) and RIMARS for river
network morphology analysis (Shahrood et al., 2020); and RovMAP for river
migration (Schwenk, 2016), as well as other methods for constructing the
topology of river networks (Chen et al., 2019; Schwenk and Hariharan, 2021).
However, gaps remain in terms of methods for the construction of river network
representations, especially for multichannel networks as follows: (i) most
methods adopt a channel mask that differentiates those areas that are within
the river boundary (including islands or sand bars) and those areas outside the
river boundary (Pavelsky and Smith, 2008), but ignore islands or sand bars
located within rivers, which is unacceptable for multichannel networks as island
presence and shape plays an important role in defining multichannel networks
(Meshkova and Carling, 2013); (ii) it is difficult to guarantee the connectivity of
the output river channels when the method for delineating the river network
relies on centerlines (Shahrood et al., 2020) and, thus, such methods result in
extra bifurcation nodes and links being identified, and; (iii) geometrical
measures of individual channels including length, width, and sinuosity are
poorly quantified during the process of multichannel network construction
(Chen et al., 2019), such that whether the river network topology is related to
river behaviour remains unknown.

The objectives of the research reported herein were to develop a novel
river morphological analysis method based on complex networks, called

RivMACNet, for multichannel topology construction and assessment, as well as



121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

extraction of a range of geometrical and topological measures. The remainder
of this paper is organized as follows. In section 2, the algorithms and methods
used in RivMACNet and some common topological and geometrical measures
of multichannel networks are introduced. Section 3 presents two selected study
reaches, part of the Yangtze and Indus multichannel networks. Section 4
presents the results of the case study in detail including its topological and
geometrical measures at the reach and sub-network scales, in which
RivMACNet is tested and validated. In section 5, we discuss the advantages of
RivMACNet for quantifying multichannel networks by comparing RivMACNet
with another conventional method: RivaMap. Section 6 ends the paper with a

conclusion.

2. Methods

2.1 River network topology construction

The general methodology for constructing a river network topology using
remote sensing comprises the following steps: (i) water body extraction; (ii) river
channel delineation; (iii) node detection; and, (iv) derivation of the river network
connectivity matrix (Chen, 2019). Each of these steps in RivMACNet is
introduced systematically in this section, with particular attention given to
improvements over conventional methods and algorithms. Our proposed
software tools were developed in MATLAB, and are freely available at:

http://github.com/lyh444/ RivMACN.qit.

Water body extraction: Various reliable algorithms and methods can be

used for extracting singular objects like rivers from remote sensing images
(McFeeters, 1996; Xu, 2006; Petropoulos et al, 2012; Zhu et al., 2015). In

RivMACNet, we employed a widely accepted index called the Modified
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Normalized Difference Water Index (MNDWI) (Xu, 2006) to extract the water

bodies, which can be expressed as follows:

_ Green-MIR
MNDWI= Green+MIR’ (1)

where Green is a green band, such as band 2 for Landsat 5, while MIR is a
middle infrared band, such as band 5 for Landsat 5. Water bodies have greater
positive MNDW!I values, so that a simple thresholding method (the threshold is
0 in this paper unless otherwise stated) can be used for extraction. In this
manner, the extracted water bodies (Fig. 1B) are represented by a binary
image: 1 (river network pixels) and 0 (background pixels). However, although
sporadic discrete water bodies like ponds, lakes, and isolated channels (these
are correctly classified as water, but are not of interest) can be removed by
saving only the largest portion of the extracted water bodies, some remaining
noise is inevitable, particularly in a group of misclassified pixels which we refer
to as small ‘background holes’ located in the river channel (e.g., false sand bars
or island objects caused by bridges or rivercraft) (Fig. 1C). Such noise cannot
actually affect the river morphology, but can lead to discontinuity in the river
topology or the miscounting of bifurcations and channels. To fill these holes
within the extracted water bodies, we apply a convolutional filter window to the
entire binary image. This window, shown in Fig. 2A, employs a variable size o
(0=3, 5, 7...) with edge pixels set to 1 and the rest 0. For background pixels, if
the convolution results are equal to (40-4), they are recorded as ‘holes’ that
need to be filled. The size of the convolution kernel is increased gradually and
the above steps are repeated. In this manner, the final river network with noise

removed can be derived (Fig. 1D).
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Fig. 1. (A) false colour composite of Landsat 5 TM image derived from Indus River in
Pakistan. (B) water bodies extracted in (A) based on MNDWI. (C) zoomed image of (B).
(D) water bodies without noise after the process of noise elimination in (C). (E) and (F)
comparison of thinning results: (E) original Zhang-Suen algorithms and (F) the revised
algorithms in RivMACNet. Red pixels represent channel skeletons. (G) illustration of the
node detection in RivMACNet. Nodes 1, 2 and 3 are examples of end nodes (green pixels)
and bifurcation nodes (blue pixels) with different patterns in (G), respectively.

Delineating the river channels: The aforementioned water bodies are

usually reduced to a set of single-resolution lines (herein termed ‘river
representatives’) to define the links and nodes in the multichannel network
(Schaefer and Pelletier, 2020). In contrast to conventional river representations
such as geometrical channel centerlines (EGIS, 2002; Mount et al., 2003), river
skeletons (Hasthorpe and Mount, 2007) are defined as the refined curves with
the same geometrical characteristics as the river channels. This approach has
the advantage of maintaining the connectivity of the refined curves and greater
enforcement efficiency (Shen et al., 2017; Chen et al., 2019). We adopt the
revised version of the classic Zhang-Suen fast parallel thinning algorithm
presented by Chen et al. (2012) in RivMACNet to produce one-pixel wide river

skeletons (e.g., | in Fig.1F). This procedure avoids unwanted spurs caused by
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local convex water pixels (e.g., Il in Fig. 1E) in contrast to the original algorithm
(Zhang and Suen, 1984).

Node detection: The river skeleton image is convolved with a mask for

node detection in RivMACNet. The conventional method (Olsen et al., 2011),
using a simple 3x3 mask (Fig. 2B), can detect only eight end nodes and 18
bifurcation node structures (e.g., node 1 and 2 in Fig. 1G) in river skeletons, but
ignores the structure formed by two adjacent bifurcation nodes (and one node
connecting four or more links) due to the limitation of the mask size (e.g., node
3 in Fig. 1G). A higher order 4x4 mask with a 2x2 sub-window (Fig. 2B) is added
in RivMACNet to detect the remainder of the nodes because of the extendibility
of the method. Each skeleton pixel within the image is traversed using the 3x3
mask and 4x4 mask, in turn. The former mask has 1 center pixel P; (i = 1) and
8 edge pixels P; (j = 2, 3, ..., 9), while the latter has 4 center pixels P; (i = 1, 2,
3, 4) and 12 edge pixels P; (j = 5, 6, ..., 16). Center pixels and edge pixels in
both masks are all sorted clockwise (Fig. 2B). Pixels satisfying the following

conditions are defined as end or bifurcation nodes:

end node, if Np=1 and Ng=1;
P e { bifurcation node connecting to 3 links, if N,=1 and Ng=3; (2)
bifurcation node connecting to more than 3 links, if N, >2 and N >3;

where Nsand N, are defined as the number of edge pixels P;and middle pixels
P; within two masks that belong to skeletons (Fig. 2B). In addition, RivMACNet
omits the node structures where an individual channel ends with a bend (e.g.,
Fig. 2C): Np =1, Ns = 2. Such output would not be generated by the thinning
algorithm, as it would be further refined into a single pixel-wide end node

skeleton.
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In the above manner, all detected nodes can be recorded as the node
matrix Node = {Xj, Y} (X; and Y; are the pixel coordinates of the i-th node in
water body binary images), where nodes are sorted in order from upstream to
downstream within the multichannel network according to the Euclidean
distances between them and the start point of the multichannel centerline (see
Fig. 4A). The order of nodes in connectivity matrices has no effect on the
computation of network measures (Rubinov and Sporns, 2010). Specifically, for
two nodes i and j with the same distance from the start of the channel network,

i < jwhen (i) Xi < X;, or (ii) Yi < Y} if Xi = X;.(Fig. 4A)

(A) Filter window Binary image
Water pixel T.
1|11 1 (1|19 Npise
— : +— : =
10 1| X |1:]0]1 = |8 |
o 1] o~ 1]
1 1 1 1 1 1 $Eackgmund
pixel
(B)
PI ‘P.! P-I P_.'L Pﬁ P'_r Ps
Py | P | P, | P
P, | P, : w41 L2 ___i
Pz | P3| Py | Pu |39 cuhe
Py | P, | P Py | Py | Py | Py | window

3x3 mask 4x4 mask

(C)
111]0 o 0|10 1(0f0
Thinning
0|1 |0 — |o|1]o0 0l1]0
0100 0|00 0|00
Np=1,N;=2 Ny=1,N;=1

Fig. 2. (A) illustration of the convolution between the filter window structure (take o =3 as
an example) and binary images. (B) two node detection masks with different sizes. (C)
examples of end node structures: (left) N, = 1, Ns = 2; (right) N, = 1, Ns = 1.

Derivation of the river network connectivity matrix: the connectivity matrix

A={a;;} shown in Fig. 3B plays an important role in the calculation of river
network topological measures (Rubinov and Sporns, 2010). Its rows and

columns denote nodes, while matrix entries denote links. a;; = 1 if node i is
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connected to node j, while 0 if they are not connected. A tracking algorithm from
one node to another was presented in RivMACNet to construct the river network
topology automatically, summarized as follows:

(i) Define the zero matrix A={a; }nxn (n is the node numbers) and traverse
each detected node in the Node matrix.

(i) Take node i as the starting pixel and track each skeleton connecting to
node j by pixels, in turn, until another node j at the other side of the skeleton is
reached. Then, a;j=a;+1. If all skeletons connecting to / have been tracked,

then move to the next node pixel (Fig. 3B).

® Bifurcation node
¢ End node
Channel skeleton
— Positive section
—— Negative section

— Flow direction

Fig. 3 (A) Examples of the positive and negative cross-sections in a 4-node multichannel
network. (B) lllustration of the tracking process from node 1 to others (nodes 2 - to - 4) as
well as their connectivity matrix. Red numbers represent nodes, while magenta and green
lines are positive and negative cross-sections located on the individual channels,
respectively. The value of the pixel coordinate X increases in the downstream direction of
the river network in RivMACNet.

2.2 Channel planview measures

Two groups of channel planview measures including geometrical and
topological properties of multichannel networks are introduced in this section.
RivMACNet establishes the bridge between such geometrical and topological

measures to provide certain physical and hydraulic bases for complex network
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analysis of multichannel networks. The extraction process of channel
geometrical measures in the multichannel network actually occurs during the
tracing from one node i to another node j in the river network.

Two kinds of channel length are considered in RivMACNet: the curve

length [; and the straight line distance f; of the individual channel between

two consecutive bifurcations i and j, which can be expressed as follows:

Igj =IR x ¥ \/(ij+1 'ij)z"'(yfjﬂ'yfj)z , (3)

= IR x XYY, “

where Xffjand Y,’j

are the (X)Y) location coordinates of the k-th pixel in the
skeleton connecting nodes i and j, while K is the total pixel number of the
skeleton, and IR (in units of m) indicates the image resolution.

Channel sinuosity s;jj can be defined as the ratio of the aforementioned two

kinds of lengths of the corresponding skeleton connecting nodes i and j:

o

o

1

Sij=

(9)

&0

[}

The individual channel width could be considered equal to the mean
lengths of a set of measurement cross-sections (Fig. 3A) (Howard et al., 1970)
separated by approximately equal distance (spaced one pixel apart in this
paper) along its skeleton. Each cross-section is set orthogonal to the local
orientation of the channel skeleton in RivMACNet:

vt
sloply= i, 6)

where s/opf‘j is the local orientation of the channel skeleton connecting nodes

i and j at the k-th pixel. A special case is Xf(j+1 =Xffj'-1, in other words, the
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denominator is zero. In this case, the orientation of the corresponding cross-
section line is set to vertical in RivMACNet (e.g., A-A’ in Fig. 3B).

However, not all cross-sections contribute when calculating the individual
channel width, especially those near nodes. For example, the green sections in
Fig. 3A measure not only the width of the individual channel connecting nodes
1 and 3, but also the length of the individual channel connecting nodes 2 and
3. Such cross-sections affected by other individual channels are defined as
‘negative sections’ and, thus, omitted in RivMACNet when calculating the
channel width. Conversely, the ‘positive sections’ are roughly bisected by
channel skeletons (e.g., B-B’ in Fig. 3B), playing an important role in measuring
channel widths. In this context, another coefficient called width gate 4b was
introduced to distinguish between ‘positive and negative sections’. The cross-
section that intersects the k-th pixel of the channel skeleton connecting nodes

i and j belongs to the ‘positive section’ when the following condition is true:
Ab = |blf-brky, (7)
where blffj and brffj represent lengths of the left and right sub-sections (e.g., C

- C'in Fig. 3B) divided by the channel skeleton, respectively. As a result, the
width bj; of the individual channel connecting to nodes i and j is calculated as

follows:
1 "k
b;;= 1721]5:1 bij, (8)
where K’is the total number of the ‘positive sections' located on the channel

skeleton, while bffj represent the length of the cross-section that intersects k-

th skeleton pixel of the skeleton.
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RivMACNet also highlights the calculation of common river network
topological properties (Table 1), including degree, clustering coefficient, and the
characteristic path length, based on the connectivity matrix A (Rubinov and
Sporns, 2010).

Table1 Expressions of multichannel network topological measures

Measure Unweighted expression® Weighted expression®
n n
Degree ki= Z aj; K= Z wh
=1
. ak; aki’
Average neighbour degree® Ko, 1= Zf‘;{ ! K, = 2’ ;{W
i i
- Yj.hen @jj@indjn
Clust ff t = &yphen Zy=inTin /
uster coefficien Ci k(k )
The characteristic path length? 2 dij Z WI

n(n+1) i2f n+1 I>j

a, g; represents values in the connectiwty matrix A, while n is the total number of nodes.
b, Wk and W’ are weights for degree and the characteristic path length, respectively.

¢ ais1if node i and j are neighbours, or 0 if they are not connected.
d, The characteristic path length of the network in RivMANCnHet is calculated using the
Floyd-Warshall (1962) algorithm.

In a river network, the degree k; quantifies how many individual channels
are connected to the bifurcation node i (divergent or convergent), while mean
neighbour degree ki, measures the mean number of individual channels
connecting to its neighbour nodes. In this manner, nodes within river networks
can be divided roughly into three types (Fig. 4): (i) ‘end nodes’ (ki= 1) indicate
the upstream inlet and the downstream outlet of the river network as well the
terminations of other channels; (ii) ‘simple bifurcation nodes’ (ki> 1 and kinn <
3) indicate divergent or convergent points because of the inflow and outflow of
other streams; (iii) ‘island or sand bar nodes’ (ki > 1 and kjnn 2 3) indicate
divergent or convergent points caused by enclosing sand bars or islands

located in the river network.
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Given the topological structure of the network there could be a probability
that node i is connected to node j if both of them are neighbours of node k, a
condition termed transitivity, or clustering of the network (Newman, 2003). The
clustering coefficient C; of node i (Table 1) is defined to quantify this
neighbourhood property based on the ratio of the number of triangles (formed
by islands and sand bars) and triples around node i (Fig. 4C). Specifically, C;
lies in the range [0, 1], with the maximum value of 1 if nodes in the river network

connect to each other.

(A) (B) 1 ©)
J{ W Triangle
' 2
Y circular LN A
A ‘xyyindow 3 4 3 4

\\ \\ "’ 1
----Multichannel centerline ¢ ' 6 ll \L
Sand bars or islands \l’ l/
—>Main stream line .
— River bank J’ . 7 8 3 Tl'lple

Fig. 4. (A) basic elements for multichannel networks, and red circle indicates circle raster
for assessment of the network topology at a sub-network scale. (B) illustration of a river
network topology in (A). Arrows indicate the flow orientation, while green, blue and red
nodes indicate end, simple bifurcation and island/sand bar nodes, respectively. Two
different paths from node 1 to 3 are showed by red, and blue arrows, respectively. (C)
illustration of the ‘triangle’ around node 2 and the ‘triple’ structure centered on node 2 in
(B). Node 2 has one triangle and three triples and, thus, its clustering coefficient is 1/3.

For multichannel networks, water and sediment could be transported from
one node i to another j though different paths (e.g., the two paths from node 1
to node 3 in Fig. 4B). Therefore, the characteristic path length / is defined as
the mean value of the shortest path length dj; between all pairs of nodes though
the multichannel network. / is a connectivity measure of the multichannel
network, and its minimum value is 1 if all divergent or convergent points connect

to each other.
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Multichannel networks are hydraulically complex and, thus, the
aforementioned unweighted (channel links are equivalent in network analysis)
topological properties cannot be related adequately to the controlling processes
and variables of river channels. For example, the longitudinal slope, bankfull
discharge, channel depth, and median diameter of bed material usually are
unknown when interrogating remote-sensing images and these are widely
considered to be important parameters in determining channel form and
behaviour. However, link width and length often are considered to be related to
bankfull discharge and channel slope, respectively, and bifurcation angles
reflect well-studied hydrodynamic controls as well as the constraints imposed
by the width of the macrochannel. In this context, the multichannel network
topological properties were weighted in this paper to reflect unmeasured
controls such as a slope and depth (Table 1). The weight for degree Wf‘j is the
ratio of individual channel width and length, indicating that nodes with a larger
weighted degree play a more important role in multichannel networks because

they participate in more water and sediment transport and redistribution, while

the weight for characteristic path length ij

is the ratio of the length of the
individual channel and the mean length of all channel links and is, thus,
proportional to spatial distances for water and sediment transport. Additionally,
no weight was set for the clustering coefficient, which is a density measure for
the occurrence of sand bars and islands in multichannel networks. Expressions
for these topological measures of unweighted and weighted multichannel

networks are listed in Table 1.

2.3 Spatial evolution of topological measures at the sub-network

scale
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The planviews of multichannel networks vary due to the influence of
upstream flow and boundary conditions. In addition to assessment of the global
network properties, RivMACNet also provides methods to explore the spatial
distributions of topological properties along the multichannel centerline by using
a circular moving window (Fig. 4A) with an adjustable radius R instead of the
macrochannel (van Niekerk et al., 1995) cross lines. In this manner, the local
topological measures f(xo) at xo km from the most upstream extent of the

multichannel network can be expressed as follows:
1
fxo)= - L AX); (9)

where ny is the total number of nodes in the circlular window, while f(x); is the

measure value of the j-th node.
3. Study area

To test the practical utility and reliability of RivMACNet, we selected two
regions as study areas. Region |: the Yangtze River (Chen et al., 2019) near
Wuhan, China (Fig. 5A); Region Il: the Indus River (Inam et al., 2007; Ali, 2013;
Syvitski and Brackenridge, 2013; Kale, 2014; Carling et al., 2018) between the
Chashma and Taunsa barrages located in the middle of the Indus Basin in
Pakistan (Fig. 5B). The former case is a meandering river reach, while the latter
exhibits an anastomosed river pattern composed of sand bars, islands, wet
channels, and dry channels.

Landsat 5/8 TM images of the two study reaches with a spatial resolution
of 30/15 m were downloaded from Earth Explorer

(http://earthexplorer.usgs.gov). The MNDWI was calculated for each of the

pixels within the images, for use as the input to the RivMACNet algorithm. We

selected three images to test our model. The first is the Landsat 8 TM image of


http://earthexplorer.usgs.gov/

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410
411

412

Region | in April 2019 with a size of 2705x1792 pixels. The other two are
Landsat 5 TM images of Region Il representing the low flow (LF) period in
March 2011 and the high flow (HF) period in October 2011, to illustrate the
reliability of the proposed method for identifying the river network topology
between different flow conditions. Both images are 30003000 pixels. The
ground data on water bodies were derived from the corresponding false colour
composite of Landsat TM images by supervised classification using the support
vector machine (SVM), which was executed in ENVI (Oliver, 2008). The training
samples for each class were selected manually based on their colours.
Although some error might be associated with the ground data, these data can
be considered as a control group of constructed river channels when comparing
RivMACNet with other methods because the error in the ground data is small

relatively (Chen et al, 2019).
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4. Results

4.1 Parameter settings

Before presenting results for the river network topologies and geometrical
properties, essential parameter settings including the size of the noise removal
window o and the threshold of the width gate Ab need to be considered
because different parameter values will lead to variable outputs. We set these
parameters using data of the Indus. A larger o0 makes RivMACNet insensitive
to islands and sand bars. Fig. 6 illustrates the numbers of individual channels
detected in the Indus network with different o values during low and high flow
periods, respectively. We tested different ¢ values and found that the output
of individual channel numbers per macrochannel cross-section (mpc) when o
= 7 is consistent with observation (by visual interpretation) that the Indus
network has a minimum of two (mMpc,min = 2) and a maximum of nine (Mpc,max =
9) channels (Carling et al., 2018). Furthermore, the choice of threshold of Ab
is a trade-off between the width-extraction accuracy and the number of
individual channels. Thus, we employed a sensitivity analysis to determine its
optimal value (Fig. 7). In Fig. 7, although a smaller threshold can strictly
guarantee the accuracy of the detected river width it leads to the loss of
channels. The latter phenomenon gradually improved as the threshold
increased, and became stable at the threshold of Ab larger than 2. In this
context, we set the threshold of Ab to 3 indicating that this optimal value can
not only achieve a high measurement accuracy of the channel width, but also
maximize the number of channels with positive width. We set the parameters
to the aforementioned recommended values in all experiments reported in this

paper.
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447 4.2 River network topology
448 The river network topologies of the Yangtze and Indus were constructed
449  after parameter (o and the threshold of Ab) settings in RivMACNet. Fig. 8

450 illustrates the connectivity matrix A of the study reach, as well as a series of
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geometrical measures vectorized for visualization including the channel width
matrix B = {b;;}, length matrix L = {Ifj} and sinuosity matrix S = {s;;}. In matrix A,
nodes within both two networks exhibit strong linear distributions and tend to
connect to their neighbours in geographical space because multichannel
networks can be described as ‘slender’ networks (Marra et al., 2014) with
limited lateral extension in space, and their lengths are much larger than the
multichannel widths. RivMACNet produced fewer nodes n and links m in the
Yangtze network (n1 = 281, mt = 339) than in the Indus network during the high
flow (n2,HF = 1205, mzxF= 1339) and low flow (n2,.F= 826, m2,.F = 892) periods,
which is related to the reach length and the river pattern (Van den Berg, 1995;
Xu, 2004). Additionally, to further compare the differences in links of the Indus
between the low and high flow periods, statistics describing the geometrical
properties of individual channels in the Indus network are shown in Fig. 9. On
average, individual channel lengths during high flow periods are smaller than
during low flow periods (12? < E). This result can be explained by space-
filling considerations: the development of a new channel emanating from a node
in a space-filling network inevitably intersect neighboring channels and
consequently decrease individual channel lengths (Meshkova and Carling,
2014). Although river channels would expand during high flow periods (for
example, the number of individual channels with width larger than 1000 m
increases in Fig. 9C), an opposite result is observed for the mean widths of the
individual channels (b, e < by r) because more narrow (b2xr < 250 m)
channels were generated during high flow periods. For the sinuosity, the
number of channels where s2,+r > 1.2 decreased significantly during high flow

periods, and more straight channels (s2,4F < 1.05) appeared. Nonetheless, the
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mean values of sinuosity during the high and low flow periods are still close to
each other (Fig. 9B). In this context, the increase in the scale (the numbers of
nodes and links) of network topology (n2.+F > n2..r, M2.HF > m2,.F) implies that
the Indus network exhibits more complex planviews during high flow periods,
and most of these new individual channels during high flow periods tend to be

short, narrow, and straight.
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500 of the two study areas are reported in Table 2. Values of these three weighted
501 topological measures are different between two different river networks, but
502 close when comparing different flow conditions in the same study area. For

503 example, the WD value of the Yangtze network considering the length/width
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Fig. 9. Distributions of the geometrical properties (A) length, (B) sinuosity and (C) width of
495  the individual channels in the Indus network during high and low flow periods.

4.3 Multichannel network topological measures

Three global topological measures including the weighted degree (WD),

clustering coefficient (CC) and the weighted characteristic path length (WCPL)
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ratio of individual channels as connection strengths is 1.601, smaller than that
of the Indus network during LF and HF periods ( % zk‘ﬁfT =2.7).
Furthermore, the cumulative distribution of weighted degree Px, representing
the probability that one node has WD value greater than or equal to k, was

calculated and plotted in Fig. 10A. The distributions in both Yangtze and Indus

networks follow the power-law (Pkock'A) distribution and nodes with low

weighted degree values (k;* < k") account for the largest proportion (70.2% for
Yangtze network, and 68.8% and 68.7% for Indus network during HF and LF
periods, respectively), followed by a positively skewed long tail (Fig. 10A).

Table 2. Topological measures of the Yangtze and Indus networks at the
whole reach scale.

Network Date WD CcC WCPL
Yangtze April 2019 1.601 0.043 31.516
March 2011 (LF) 2.667 0.039 71.313

Indus

October 2011 (HF) 2.689 0.026 75.722
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Fig. 10. (A) The cumulative distributions of weighted degree (WD) of the Yangtze and
Indus networks during high and low flow periods. (B) The relationship between the
weighted characteristic path length (WCPL) and node number for the Yangtze and Indus
networks. The step size of the node numbers An are 40, and 100 for Yangtze and Indus,
respectively.

In contrast to the maximum clustering coefficient (CC) value of 1, global

CC values for both Yangtze and Indus networks are small, implying that these
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two river networks have a poor transitivity (Newman, 2003). This outcome may
be due to the existence of a considerable number of end nodes caused by ‘blind
spurs’ with a CC value of 0 (Fig. 11). Moreover, the clustering coefficient
assesses only the density of ‘triangle patterns’ defining sand bars and islands,
but ignores higher order structures like ‘quadrilaterals’ in multichannel networks

(Fig. 11). Due to limited computational resources, we considered only CC

,ken 8jj8jh@hkaki

values of quadrilaterals (cycles of length 4), Cj*= Z”"k' o) based on the

extendibility of the expression in Table 1 (Caldarelli et al., 2004). As a result,
similar to the third-order CC, fourth order CC values of both Yangtze and Indus
networks were also small; 0.006 for the former, while 0.015 and 0,012 for the

latter during LF and HF periods.

Fig. 11. lllustration of blind spurs, triangles, and quadrilaterals located in the multichannel
network.

The weighted characteristic path length (WCPL) serves as a measurement
of the mean shortest water and sediment transport distance between pairs of

bifurcation nodes within a river network. In order to explore the relationship
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between the WCPL value and the node numbers within river networks, an
ordered subset of the nodes was used to create the sub-networks. The ordered
subset starts from the most upstream node of the multichannel network, and
the number of nodes in the subset increases gradually by a given step size An.
The corresponding WCPL value of each sub-network of the Yangtze and Indus
networks was calculated (Fig. 10B). The results indicate that WCPL remarkably
scales linearly with the network scale in any study area (/" =< m), although
values of WCPL varies greatly between two river networks (Table 2).
Additionally, as shown in Fig. 10B, the WCPL of the Indus network during high
flow periods is smaller than that during low flow periods with the same number
of nodes due to the larger proportion of short channels during high flow periods
(Fig. 9A).

4.4 Spatial evolution of topological measures at a sub-network scale

RivMACNet also examined the spatial evolution of the multichannel
network (i.e., Indus network in this study) topology. The radius of the circular
moving window R for assessment of local topological properties was set to 3
km, slightly larger than the multichannel width of the Indus network to prevent
nodes from being ignored. Fig. 12 illustrates the spatial evolution of topological
measures at the subnetwork scale (R = 3 km) along the multichannel centerline
of the Indus during both high and low periods. In contrast to the global measures,
three local measures vary along the Indus network, indicating that the Indus
network topology is irregular. Furthermore, the trends in Fig. 12 are likely to be
the sum of a series of sine functions of varying periods and amplitudes, rather
than monotonic. Thus, a continuous wavelet transform (CWT) was used to

analyze the dominant periods T3 in the spatial evolution of the Indus network



568  topology. For brevity this method is not explained here, but is reported in detail
569 by Kharitonenko et al. (2002) and Liang et al. (2010). The wavelet coefficients
570 Wk (a, b) and their variance values Var (a) of the three topological measures
571  are illustrated in Fig. 13, which shows that the aforementioned topological
572 measures exhibit similar spatial evolution periods under the same flow
573  conditions. Although no clear long-distance trends were observed, 8 - to - 12
574  km periods during high flow, and 15 - to - 37 km periods during low flow are
575 identified shown by the white horizontal lines, implying that the Indus network
576  exhibits beaded planforms such that, multiple channel reaches are interspersed

577  with reaches with fewer channels.
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Fig. 13. (Left) Contours of the wavelet coefficient Ws (a, b) and (Right) its variance values
Var (a) against the period of the local topological measures: weighted degree (WD),
clustering coefficient (CC) and weighted characteristic path length (WCPL) in the Indus
network during (A) low and (B) high flow periods. The dominant periods T, in the spatial
evolution can be reflected by the maximum values of Var (a), and marked by white
horizontal lines in the contours of W (a, b).

5. Discussion

5.1 Reliability of RivMACNet

To assess the reliability and performance of RivMACNet, another popular
river analysis engine RivaMap (Isikdogan et al., 2017) was applied to the
Yangtze network and the Indus network during high flow periods (see
http://live.ece.utexas.edu/research/rivamap/). The three following issues were
considered when comparing these two methods:

1) Computation complexity. We executed the RivMACNet and RivaMap on

MATLAB R2016a using a PC (CPU: Intel Core i5-4590T at 2 GHz, RAM: 8 GB,
Windows10). It took 595s and 1527s for RivaMap to construct the topologies of

the Yangtze and Indus networks. This time period is longer than for RivMACNet
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which took 254s and 629s, respectively. The difference between the two
methods suggests that RivMACNet has a significantly higher computational
efficiency and because the total time consumed will increase with the scale of
river network, this difference is likely to be larger in practice.

2) Comparison of network topological measures. 281 nodes and 339 links
were detected in the Yangtze network in RivMACNet, larger than numbers (less
than 220 nodes and 240 links in the same study area) reported by Chen et al.
(2019). These differences are caused by the MNDWI threshold and node

detection method. Additionally, the constructed maps of the study reaches were

derived using the line with length bffj (expression (8)) orthogonal to the channel
local orientation slopfj (expression (6)) at each skeleton pixel (or centerline

point in RivaMap) in RivMACNet. These constructed maps are shown in Fig.
14 with ground reference data on water bodies presented as background. Given
the ground-reference images, we calculated and compared the precision and

recall of the channel images constructed by the two methods (Table 3):

.. _ TP .

Precision = = (10)
N L

Recall = o Fy (11)

where TP indicates the number of pixels considered as water bodies in both
ground - reference images and RivMACNet (or RivaMap), while FP(FN)
indicate the number of pixels considered as water bodies (non-water bodies) in
ground - reference images, but non-water bodies (water bodies) in RivMACNet
or RivaMap. For the Yangtze network, the precision values for RivMACNet and
RivaMap are close, and the main false positives refer to isolated channels

caused by the small MNDWI (red pixels in | shown in Fig. 14). However,
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RivaMap produced a low precision in the constructed map of the Indus, missing
large slices of channels (pink pixels in Il shown in Fig. 14). This lack of precision
is because RivaMap is unable to guarantee the connectivity of the constructed
channels, especially for multichannel networks with a large number of
bifurcations (Isikdogan et al, 2017). An individual channel may be cut into
several short and discontinuous channels, of which some small connected
areas were mistakenly regarded as noise and then omitted when regenerating
river channels. Additionally, values of recall of RivMACNet are slightly larger
than that of RivaMap, indicating that RivMACNet is more sensitive to the
presence of small islands and sand bars (green pixels in Ill shown in Fig. 14),
which play important roles in the multichannel network study.

Table 3. Precision and recall of RivMACNet and RivaMap.

Precision (%) Recall (%)
Yangtze Indus Yangtze Indus
RivMACNet 98 95 91 91
RivaMap 92 71 88 87
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Fig. 14. Comparison between the constructed (A) Yangtze and (B) Indus maps produced
using RivMACNet and RivaMap using ground reference data on water bodies as
background. (1), (), and (lll) are zoomed images of (A) and (B), respectively. Sporadic
water bodies in size Area (Area < 0.05xMxN in this paper) are considered as noise, and
have been omitted in RivaMap constructed maps and the ground data.

3) Comparison of network planview measures. Clearly, the ability of
RivaMap to derive reliable individual channel lengths and sinuosity, as well as
node and link counts is limited by its poor performance in maintaining river
connectivity. In this context, we considered the individual channel widths and
compared these between RivaMap and RivMACNet because the extraction
process is almost unaffected by network connectivity. In contrast to the
centerlines of individual channels in RivaMap, the channel skeleton is applied
for channel width extraction in RivMACNet. Thus, we computed the average of
the width estimates for the centerline points in RivaMap that were within a given
distance (herein referred to as one resolution unit) from the skeletons to ensure
the same individual channels in RivMACNet were compared. In this manner,
we examined 254 and 1141 individual channels of the Yangtze and Indus
network, respectively, and then calculated the Spearman correlation coefficient
(Spearman, 1987) of individual channel widths produced by RivMACNet and
RivaMap. A significant correlation (Spearman correlation coefficients of 0.988
and 0.915 for the Yangtze and Indus networks, respectively) between the two
channel width datasets produced by RivMACNet and RivaMap was observed
(Fig. 15), implying that river network measures (e.g., individual channel width)

extracted by RivMACNet are similar to those produced by RivaMap.
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Fig. 15. Comparison of the estimates of river width produced by RivMACNet and RivaMap.

5.2 Limitations

Although RivMACNet has been demonstrated to be superior in
guaranteeing the connectivity of multichannel networks, the RivMACNet results
remain limited by the quality of the input data and methods used. First, user
decisions are a central component of RivMACNet and include selecting
parameters such as a set of thresholds for MNDWI, the noise removal window
size o, width gate Ab, and sub-network radius R. Although these decisions
could be made based on prior knowledge, any uncertainty associated with
these parameter values could be transferred to the outputs. Second,
RivMACNet poorly detects individual channels with width close to or less than
the spatial resolution of the input images. The same limitation also apply to
other routines such as RivaMap. Third, in contrast to field surveys, errors and
uncertainty associated with geospatial data also are important issues that need
to be considered in the river network analysis (Downward et al., 1994). The
likely sources of errors and uncertainty in RivMACNet can be summarised as
follows: (i) errors caused by transforming the longitude and latitude of the river
network in the real-world to the corresponding X and Y pixel coordinates in the
digital maps; (ii) uncertainty caused by delineating the boundaries of river

channel extent in digitized maps (Leonard et al., 2020); (iii) errors due to the
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definition of the river network as a directed and weighted network, with the
directions of its links determined simply by the distances from nodes connected
to them to the upstream of the multichannel network. A 3D representation
achieved using a digital elevation model (DEM) could increase accuracy,
especially for lateral individual channels in river networks.

6. Conclusions

We presented a new automatic multichannel network analysis method
called RivMACNet for: (i) constructing multichannel network topology; (ii)
calculating geometrical measures including individual channel lengths, widths
and sinuosities and (iii) calculating topological measures including the weighted
degree (WD), clustering coefficient (CC) and weighted characteristic path
length (WCPL) at the reach and subnetwork scales. The method used, as input,
satellite sensor images of MNDWI, although other variable inputs are possible.
We tested RivMACNet on the meandering reach of the Yangtze River near
Wuhan, and the braided reach of the Indus River, Pakistan, and analyzed their
topological properties at different scales.

Comparison between RivVMACNet and other alternative conventional
methods demonstrated that RivMACNet is a reliable tool for assessing and
analyzing multichannel topology because: (i) RivMACNet is more sensitive to
islands and sand bars located in multichannel rivers; (ii) RivMACNet has a
higher computational efficiency and precision and (iii) RivMACNet can maintain
network connectivity.

Network analysis of reaches of the Yangtze and Indus Rivers indicated that
multichannel networks exhibited a strong linear, but beaded (Meshkova and

Carling, 2013) planview such that reaches with multiple parallel channels are
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interspersed with reaches with fewer, or only one channel. The topological
measures (e.g., WD, CC and WCPL in this study) at the reach scale were found
to be independent of discharge. The small CC values imply poor transitivity in
both Yangtze and Indus networks. Additionally, the dominant topological scale
of the Indus network varied periodically along the river reach (8 - to-12 km for
HF periods, and 15 —to - 37 km for LF periods).

The proposed RivMACNet method has considerable application prospect
for the analysis of complex river networks, providing a new lens through which
to analyze river network behaviour. In the future, research should focus on other
multichannel networks using time-series datasets and compare the similarities
and differences between topological measures characterizing these
multichannel networks in nature, with the general aim to discover the physical
bases of river networks.
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