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The multi-scale influence of topography on lava flow morphology
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Abstract
Predicting lava flow pathways is important for understanding effusive eruptions and for volcanic hazard assessment. One particular
challenge is understanding the interplay between flow pathways and substrate topography that is often rough on a variety of scales
(< 1m to 10 s km). To study this problem, we develop a lava flowmodeling framework that combines spectral analysis of substrate
roughness with a new lava flow model (MULTIFLOW). The MUTLIFLOW model includes a multiple flow direction routing
algorithm in conjunction with a thresholding function that limits the extent of the flow. Comparison of MULTIFLOW results with
recent flows onMt. Etna,Mauna Loa, and Ki̅lauea suggests that MULTIFLOWaccurately predicts the influence of topography on
lava flow paths and morphology. Spectral filtering of pre-flow digital elevation models allow us to quantify which topographic
wavelengths are most important for influencing lava flow pathways. Filtering constrains the height of pre-existing objects that flow
overtop as a measure of flow thickness, and aids in identifying divergence of flow pathways from pre-eruptive topography that
would result from modification of the substrate by the flow. Low-pass filter cutoffs in the range of ~ 10–100 m significantly
improve the fit between modeled flow and real flow paths, suggesting a sensitivity of lava flow paths to such mesoscale
topographic wavelengths. The three case studies are generalizedwith a parameter investigation of lava flow branching on synthetic
red-noise topography. We demonstrate that the tendency of a flow to branch or not can be predicted on the basis of spectral
characteristics of the underlying surface.We end by examining spectral signatures associatedwith volcanic and erosional processes
on the Island of Hawai’i that may aid in forecasting lava flow pathways and deconvolving competing topographic construction and
erosion in volcanic landscapes on longer timescales.

Keywords Lava flows . Volcanic hazards . Volcanic landscape evolution . Change detection . Flow routing . Topographic
roughness

Introduction

Lava flows are shaped both by intrinsic fluid dynamics and by
the extrinsic characteristics of the topographic substrate over
which flow occurs (e.g., Walker 1973; Soule et al. 2004;
Cashman et al. 2013). The degree to which one versus the other
controls lava flow morphology on all scales, from flow path-
ways to overall planform shape, is not well understood. At
small (< ~ 1 m) scales, subaerial lava flows are often

categorized by their surface texture, for example as pa̅hoehoe
or `a`ā flows for basaltic lava (e.g., Peterson and Tilling 1980;
Kilburn 1981; Lipman and Banks 1987; Hon et al. 1994).
Morphology is determined by emplacement conditions such
as effusion rate and surface slope (e.g., Griffiths 2000; Katz
and Cashman 2003; Soldati et al. 2016), as well as cooling rate,
magma melt composition, and presence of crystals (e.g.,
Cashman et al. 1999; Riker et al. 2009; Chevrel et al. 2018).

At the largest scales, where field mapping and remote sens-
ing constrain the distribution of large-scale lava flow planform
shapes (e.g., Wolfe et al. 1988; Coltelli et al. 2007; Karlstrom
et al. 2018), flow area and mass flux from the volcanic vent
tend to be correlated (e.g.,Walker 1973; Pieri and Baloga 1986;
Soule et al. 2004). At scales smaller than planform area, there is
much diversity in lava flow shapes. Lava flow length is con-
trolled by intrinsic properties of the eruption, magma rheology,
and underlying slope (e.g., Pinkerton and Wilson 1994; Slezin
2008; Harris and Rowland 2009; Deardorff and Cashman
2012). Lava flow width is less well understood, but may be
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largely controlled by characteristics of the underlying surface
(e.g., Hulme 1974; Guest et al. 1987; Kerr et al. 2006). Lateral
dispersivity also affects the local slopes thought to influence
transitions in flow style between `a`ā and pa̅hoehoe of later
flows or flow lobes (e.g., Kilburn 1981; Soule et al. 2004;
Cashman et al. 2013). Width is further complicated by
branching and braiding structures in lava flows and the time-
variable nature of flow lobe emplacement and solidification
(Dietterich and Cashman, 2014).

Existing lava flow models are of two types: there are those
that solve a 2D or 3D flow/thermal problem (“physics-based
models”) and those that use parameterizations of the physics
to leverage flow routing on digital elevation models (“rules-
based models”). Physics-based models (e.g., Harris and
Rowland 2001; Del Negro et al. 2008; Harris et al. 2011;
Bilotta et al. 2016; Dietterich et al. 2017; Chevrel et al.
2018) should eventually produce the most accurate flow paths
and predict thickness variations. However, processes
governing transition between flow styles, crust, or lava tube
development, and role of flux variations on flow thickness
require further study. Although there are exceptions, these
models often have the disadvantage of being computationally
expensive (see Cordonnier et al. 2016 for discussion).

Rules-based models (e.g., Favalli et al. 2005; Vicari
et al. 2007; Mossoux et al. 2016) may be probabilistic or
deterministic, have significantly improved computational
efficiency, and still capture many features of lava flow
propagation through parameterizations of physics (a “hy-
brid” modeling approach). But such models often do not
intrinsically account for the finite length of flows or flow
thickness, and often must be calibrated empirically for
each application. Rules-based models capable of
predicting lava flow pathways and extent are currently
used to forecast lava flows by some volcano observatories
(Vicari et al. 2007; Patrick et al. 2016) due to their effi-
ciency and the ease by which predictions may be updated
in near real time (Poland et al. 2016). Such models are an
appealing choice for applications that require many thou-
sands of computations for large digital elevation models
(DEMs) over extended areas and long-term volcanic land-
scape evolution simulation, or for forecasting lava flows
during an on-going eruption when the topography actively
changes through time.

For both classes of models, including the hybrid approach
that parameterizes physics in rules-based models, a primary
challenge thus lies in synthesizing flow over rough topogra-
phy with realistic flow mechanics. Pre-existing topography
includes preexisting vent constructs and prior lava flows, prior
surface features such as lava channels, tumuli, or pressure
ridges (Applegarth et al. 2010; Rumpf et al. 2018), vegetation
(Deligne et al. 2013), and erosional features such as fluvial
channels (Ferrier et al. 2013a, b). These structures are highly
variable among volcanoes.

Here, we seek to understand how topography influences
lava flow topology, by quantifying the scale dependence of
surface roughness and signatures of flow interaction with
rough topography. We apply spectral techniques to quantify
two characteristics of lava flow-dominated landscapes: topo-
graphic variance and spectral slope.We compute these metrics
for recent lava flows on Mt. Etna volcano, Italy, and Mauna
Loa and Ki̅lauea volcanoes (USA) demonstrating that these
cases are well characterized by a red-noise topographic ampli-
tude spectrum. Identification of spectral metrics then guide a
numerical investigation of how topography influences lava
flow pathways at a range of spatial scales.

In doing this, we present a new lava flow emplacement
model (MULTIFLOW) that combines the multiple flow direc-
tion (MFD) flow algorithm (Freeman 1991) to disperse lava
across a DEM with a thresholding function which limits the
extent of the flow. MULTIFLOW is tested and calibrated for
three test cases where pre- and post-flow DEMs exist, includ-
ing a lava flow on Mt. Etna that has become a community
benchmark for testing lava flow models (Cordonnier et al.
2016). We generalize these applications by creating a series
of synthetic landscapes with topographic spectra that mirror
real flows, as a testbed to systematically explore the degree of
branching produced by MULTIFLOW model runs over vari-
able topography. We find that the degree of flow branching is
predictable based on the variance and spectral slope parame-
ters of these synthetic landscapes. This suggests that lava flow
prediction may be improved by understanding the controls on
topographic roughness. We conclude by investigating spectral
signatures of constructional and erosional features for volca-
nic landscapes on the Big Island of Hawai‘i. Both con-
structional and erosional features are distinguishable in
the spectral domain, with a systematic dependence of rough-
ness on flow age.

Methods

Digital elevation models of pre-flow and post-flow
topography

We analyze three lava flows where DEMswere collected prior
to lava flow emplacement and again after the lava flow oc-
curred (Fig. 1). Slopes reported in this section are calculated as
the slope of the best-fit plane fit to the regions outlined in Fig.
1.We note that slope depends on the length scale over which it
is measured for natural surfaces. In all cases, post-flow topog-
raphy is more accurate than the pre-flow topography.

The Mt. Etna DEM covers the “Lower Fissure System 1”
flow of the 2001 Etna eruption, the first major flow of the
Lower Fissure Systemwhich included themost active effusive
venting of the 2001 eruption. Flows originated from four dif-
ferent vent locations along a complex fracture system and we
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focus on the flow that originated from a vent at an elevation of
2100 m (Favalli et al. 2005). This flow was emplaced continu-
ously between July 18 and August 9, 2001, with an average
effusion rate of ~ 11.5 m3/s, average thickness of 11 m, and
maximum length of 6.4 km (Fig. 1a) (Coltelli et al. 2007).
The 2001 Etna eruption involved several compound flow fields
including the Lower Fissure System 1 flow, which was domi-
nated by a large axial lava channel and several spillovers
(Favalli et al. 2005). The background slope near this flow is
9.7° (Fig. 1). The pre- and post-flow DEMs from this flow have
been proposed as a community benchmark for lava flowmodels
(Cordonnier et al. 2014), and has been used as such by several
authors (e.g., Favalli et al. 2005; Cordonnier et al. 2016; de'

Michiele Vitturi and Tarquini 2018). The pre-flow DEM data
was collected in 1999, while the post-flow data was collected in
2001. Both 10 m resolution DEMs were constructed from vec-
tor contour maps produced photogrammetrically from aerial
surveys (Coltelli et al. 2007). The outline of the lava flow was
supplied by the Istituto Nazionale di Geofisica e Vulcanologia
(Tarquini and Favalli 2011).

The 1984 Mauna Loa flow on the Big Island of Hawai‘i
occurred between March 25 and April 14, 1984, with four
different branches active throughout that period (Lipman and
Banks 1987). The mean effusion rate was ~ 275 m3/s and the
final flow length was ~ 27 km (Fig. 1b) (Lipman and Banks
1987; Crisp et al. 1994). Flow thickness was on average 1–

f.

= 3.41

=  0.29

 mean for all bins = 2.67 

2 km N

2 km N

c

e

f

b

=  3.06

=  3.45

da

1 km N

Fig. 1 Shaded relief map of aMt.
Etna with the 2001 lava flow
outlined in black, b the flank of
Mauna Loa with the 1984 lava
flow outlined in black, and c the
flank of Ki̅lauea, HI with the 2011
lava flow of interest outlined in
black. For Ki̅lauea, we created the
shaded relief from DEM data
smoothed with a 100 m low-pass
filter. The dashed box shows the
region for which the background
slope, spectral slope (β), and
variance was calculated for data
in panels d–f. Spectral results for
d Mt. Etna, e Mauna Loa, and f
Ki̅lauea. Data are shown in gray.
Due to the large number of data
points, we randomly select a
subset and show 10% for Mt.
Etna and Ki̅lauea and 1% for
Mauna Loa. The slope of the line
is fit to the binned data using an
iteratively reweighted least
squares regression
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4 m, with local thickness in excess of 20 m (Dietterich and
Cashman 2014). The emplacement of each branch was time-
progressive, although the distributary nature of the flow did
not result in significant overlapping flow pathways between
branches. The slope near these flows is 5.1°.

We use a DEM with 10 m resolution of the 1984 Mauna
Loa flow created from pre-eruptive stereo images
(USGS-sourced area l photographs f rom 1977,
Dietterich and Cashman 2014). High-resolution LiDAR
(Light Detection And Ranging) data collected by the
National Center for Airborne Laser Mapping in 2009
is used as the post-flow DEM. We resample the LiDAR to
a grid resolution of 10 m to match the pre-eruptive grid reso-
lution and flow outlines.

The example lava flow from Ki̅lauea on the Big Island of
Hawai‘i used in our study originated from the Pu‘u ‘Ō‘ō
vent, as part of a persistent effusive eruption between 2011
and 2013.We focus on lava that erupted from a fissure, often
referred to as the Peace Day vent (Poland 2014), that opened
on the flank of the Pu‘u ‘Ō‘ō cone on September 21, 2011
(Fig. 1c). This long-lived pahoehoe flow field reached the
Pacific Ocean on December 9, 2011, with a final length of ~
8 km. Flow field depth was 10–15 m (maximum of ~ 30 m)
in the center of the flow, but thinned to ~ 1 m near flow
margins (Poland 2014). This flow was the dominant active
flow for ~ 15 months until the Kahauale‘a flow became ac-
tive in January 2013, with Peace Day flows waning during
the last few months of 2013 (Kauahikaua and Hawaiian
Volcano Observatory staff 2016). Slopes within this flow
field are 2.3°.

The pre-2011 Ki̅lauea DEM is from airborne interferomet-
ric SAR (“IfSAR”) data collected in 2005 by the National
Oceanic and Atmospheric Administration, while the post-
eruption data are TanDEM-X derived DEMs from the
German Space Agency syn-eruptive bi-static SAR acquisi-
tions during 2011–2013 (Poland 2014). We focus on lava
deposition that occurred within the TanDEM-X acquisition
period of September 15–December 23, 2011 (from which
the flow outline was produced), which does not encompass
the entire eruptive period (Poland 2014). The data is gridded
to 4.5 m resolution, but noise appears more common in this
DEM than others used here, with a broadening and flattening
of the power spectrum at short wavelengths (Fig. 1).

The Mauna Loa flow exhibits a significantly more pro-
nounced branching structure than the Ki̅lauea or Etna flows.
However, the emplacement parameters of these flows were
not the same. For example, the Mauna Loa flow was short-
lived compared to the Ki̅lauea flow, which was active for
months along the same path. The Mauna Loa flow generated
four branches that were contemporaneous in time, unlike the
Etna flow. Such differences in emplacement histories, along
with characteristics of the substrate, compete to govern the
planform morphology of the flows.

Spectral analysis applied to lava flow DEMs

Quantitative geomorphology is undergoing a revolution
resulting from increased accuracy and prevalence of high spa-
tial resolution topographic data (Roering et al. 2013). Among
many other benefits of digital terrain models is the ability to
apply more sophisticated signal processing tools to topogra-
phy, which increases the quantification of landscape form and
opens up new ways to compare with model predictions. We
use the 2DSpecTools toolkit developed by Perron et al.
(2008), which is based on a 2D discrete Fourier transform
(DFT) (Press et al. 2007), to perform spectral analysis and
filtering of DEMs and to create synthetic topography. The
code is written in MATLAB and freely available (see code
availability section).

As a preprocessing step, we detrend the topography by
subtracting a best-fit plane (that used to compute back-
ground slopes), and pad the DEM with zeros so that the
dimensions are in powers of two. For irregularly shaped
DEMs such as Mauna Loa, we smoothly extrapolated the
boundaries out from the edge of the data to the smallest
rectangular grid that encompasses the entire DEM. The
topography is also tapered by a Hann window (Press
et al. 2007) to limit edge effects.

Detrending and tapering DEMs better satisfy the assump-
tion of periodic boundaries inherent to the DFT. However,
spectral ringing (Gibbs phenomenon) still often occurs near
the boundaries. To further reduce edge effects, we apply the
DFT to a larger region than we are interested in and remove a
border (affected by the tapering window) after filtering. To
generate this larger region, we mirror 2 km of topography
along the rectangular DEM boundary, but limit our analysis
to within the boundaries of the original DEM.

For some experiments, we low-pass filter the DEM. The
filter exponentially tapers from one to zero between the fre-
quencies FL and FH representing low (L) and high (H) filter
bounds. We set FL = 1/(1/FH + dx) where dx is the grid spac-
ing of the DEM and use this definition of FL unless otherwise
noted.

Spectral metrics

We focus on two values to characterize the topography in the
spatial frequency domain: (1) the spectral power, which de-
scribes the topographic amplitude of DEM features, and (2)
the spatial frequency of the associated feature. These two
values are related by the spectral slope (Fig. 1).

Many natural landscapes are characterized by a distri-
bution of topography in which landforms with longer lat-
eral dimension or wavelength have larger height (ampli-
tude). We use a “red noise spectrum” model for such be-
havior, for which spectral power P is proportional to topo-
graphic amplitude at a given wavelength squared. Spectral
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power varies inversely with spatial frequency f (inverse
wavelength) as

P fð Þ∝ f −β ð1Þ

In landscapes for which Eq. 1 holds, the exponent β is
related to the fractal dimension of the surface (Huang and
Turcotte 1990), governing the rate at which landform height
decreases with wavelength. Spectral slope β = 0 is the white
noise spectrum, β = 3 landscapes are self-similar (aspect ratio
of landforms is invariant), while other non-zero values of β
indicate self-affine behavior. For example, β > 3 indicates that
shorter wavelength features have larger width-height ratios
than larger wavelength features. A fractal landscape will ex-
hibit 2 ≤ β ≤ 4 for all wavelengths of topography with no con-
centrations of power at particular wavelength bands (Perron
et al. 2008). In real landscapes that deviate from fractal behav-
ior, and many do (e.g., Wegmann et al. 2007; Perron et al.
2008; Crozier et al. 2018), concentrations of spectral power
at particular wavelengths are often indicative of process.
Erosional landscapes that are characterized by soil-mantled
hillslopes and incised fluvial channels often exhibit compara-
ble spectral slopes (β ~ 3) for frequencies below ~ 0.005 m−1

(~ 200 m wavelength) while higher frequencies exhibit a
steeper spectral slope (β = 4.5–5) (Perron et al. 2008).

In addition to β, we are interested in the topographic vari-
ance (height of landscape roughness features). Total topo-
graphic variance is equal to the integral of the power spectrum
over the frequency range for which the DEM has resolution.
For experiments with lava flow routing over synthetic land-
scapes, we choose a β and also normalize topography by a
specified variance to scale landscape roughness heights. We
also calculate these metrics for real DEMs on Mauna Loa,
Ki̅lauea, and Mt. Etna. For these cases, we bin the discrete
spectra into 12 bins and report the slope of the binned data.

Topography and spectral characteristics of lava flows
on the Big Island of Hawai‘i and Mt. Etna

For Ki̅lauea, we complete spectral analysis of the pre-flow
topography gridded to 4.5 m resolution. For Mauna Loa, we
analyze the LiDAR-derived post-flow DEM gridded to 1 m
resolution. For all case study sites, we assume that the spectral
characteristics are likely similar before and after the lava flow
emplacement event since both regions are covered with young
lava flows (Sherrod et al. 2007). For Mt. Etna, we analyze the
post-flow DEM gridded to 10 m resolution.

Topographic variance increases with the spatial area consid-
ered (consistent with the red-noise spectrum model), so we
choose a characteristic horizontal scale for which to calculate
variance of 5 km to compare the variance between study sites.
For both Mauna Loa and Ki̅lauea, we characterize the topogra-
phy for a detrended 5 × 5-km region that encompasses the flow

(Fig. 1 and Table 1). For Mt. Etna, our analysis is limited to a
slightly smaller region of 4.75 × 5 km due to the limitations of
available topography (Fig. 1).We choose to focus our analysis
when possible on a 5 × 5-km region as the dimension
approximates the maximum width of the 1984 Mauna Loa
flow.

Although the region analyzed for Mt. Etna is slightly smaller
than the regions for Mauna Loa and Ki̅lauea, the topographic
variance is the highest (1220 m) while variance for Mauna Loa
andKi̅lauea aremore comparable (752m and 546, respectively).

We calculate spectral slope by performing a least squares fit
to log-transformed and binned power spectra of each study
site DEM (Fig. 1d–f). For the Ki̅lauea topography, the spectral
slope for frequencies < ~ 0.01 m−1 (~ 100 m wavelength) is
3.41 and tails off to 0.29 at higher frequencies. The spectral
slope for Mt. Etna is similar to the dominant trend of Ki̅lauea
at 3.45, while the Mauna Loa flow field has a slightly lower
spectral slope of 3.06. We do not see a significant falloff in
spectral slope for the Mauna Loa or Mt. Etna DEMs.

Model development

MULTIFLOW lava flow routing algorithm

To explore lava flow pathways as a function of substrate char-
acteristics, we develop a new lava flow model (MULTIFLOW)
that uses the multiple flow direction (MFD) routing algorithm
(e.g., Freeman 1991; Quinn et al. 1991; Tarboton 1997) in

Table 1 Summary of relevant lava flow and topographic characteristics

Mt. Etna Mauna Loa Ki̅lauea

Topographya

Variance (m2) 1220 753 546

Spectral slope (β) 3.45 3.06 3.41b

Background slopec (°) 9.7 5.1 2.3

Lava flowd

Mean flow thickness (m) 11e 4.4g 2.8

Flow length (km) 7f 27g 12h

a Values are measured within a 5 × 5-km region that encompass part of the
flow for Mauna Loa and Ki̅lauea and within a 4.75 × 5 km region for Mt.
Etna (see Fig. 1). Variance is measured for the detrended surface
b Spectral slope for frequencies > ~ 0.01 m−1

c Background slope is calculated as the slope of the best-fit plane for the
same region that we calculated the variance and spectral slope
dWe report on the 1984 Mauna Loa flow, the cumulative flow deposits
that occurred from September 15—December 23, 2011for Ki̅lauea, and
the 2001 Mount Etna flow of interest
e Coltelli et al. (2007)
f Behncke and Neri (2003). Mean flow thickness calculated by dividing
reported volume by area
gDietterich and Cashman (2014)
hMeasured in Google Earth Pro
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combination with a nonlinear threshold function that can be
tuned to produce different flow morphologies and lengths
(Fig. 2 and Table 2). From a given cell with linear index j on
a rectangular grid, a flow routing algorithm will partition local
flow among neighboring downslope cells (Quinn et al. 1991).
The steepest descent algorithm partitions all flow from pixel j to
the most downhill neighboring cell. In contrast, the MFD algo-
rithm disperses flow to all downslope neighboring pixels, pro-
portional to the slope Si, which is the slope between pixel j and
neighbor i. We refer to the fraction of flow passed from j to a
neighbor pixel i as “Influence” Ii. We calculate Ii as

I i ¼ Spi

∑
n

k¼1
Spk

: ð2Þ

In Eq. 2, n denotes the total number of downslope neigh-
bors of j (which varies in space) and p is an empirical expo-
nent. Multiple j-locations may contribute to Ii. Freeman
(1991) found that p = 1.1 produces flows that are least influ-
enced by gridding.

An advantage of MULTIFLOW is that it only requires the
flow algorithm to be run once and the results are deterministic.
DOWNFLOW (Favalli et al. 2005), a similar lava flow model

that utilizes the steepest descent algorithm to predict flow
routing, performs thousands of steepest descent calculations
on stochastically perturbed topography in order to generate
laterally dispersed flow paths. However, both algorithms are
quite efficient (on the order of ~ 1 s for typical DEMs).

We use the MFD algorithm supplied with Topotoolbox
(Schwanghart and Kuhn 2010), which is run in Mathworks
MATLAB software. Because the MFD algorithm is the most
dispersive of commonly employed drainage algorithms
(Tarboton 1997), we apply a threshold to limit the dispersivity
and flow extent. This thresholding approach is similar to some
other lava flow routing models (e.g., Ishihara et al. 1990;
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Fig. 2 a Shaded relief map overlaid with a color map of influence
produced by MUTLIFLOW. The internal and perimeter flow boundaries
(Pi in Eq. 5) are shown in black. The dashed white line shows the length
used to calculate Lmax in Eq. 5. The flow was routed across randomly
produced, red noise topography. Shaded relief of the same topography

with b example flows F1-F4 and c example flows F5–F8 produced by
applying different thresholds to the influence in panel a. Outline of F2
and F6 is shown as the flow boundary near the vent is obscured by the
other flows. See Table 2 for corresponding parameters a, b, c of Eq. 3

Table 2 Parameters for
the example lava flows
shown in Fig. 3

Example Flow a b c

F1 1 1 5

F2 0.1 1 5

F3 1 1 10

F4 0.1 1 10

F5 1 0.75 10

F6 1 2 30

F7 0.1 2 30

F8 1 1 30
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Young and Wadge 1990; Crisci et al. 2004). We define a
dimensionless threshold function TI on the Influence field Ii
(Eq. 2) that takes the form

TI ¼ aLb−c; ð3Þ

where L is the horizontal distance from the vent as measured
from a scaled map. a, b, and c are empirically-tuned parame-
ters (a has units of length−b while b and c are dimensionless).
We include all locations contiguous to the vent where Ii > TI.
In Fig. 2, we show eight simulated flows chosen to highlight
the effect of different threshold parameters. At a pixel where
calculated Influence is equal to 1, the predicted percentage of
lava flow paths crossing that point is 100%. This only occurs
at pixels identified as vents where flow routing starts. As
Influence decreases from 1, the likelihood of lava flowing
across that pixel decreases. Thresholding the Influence field
is a parameterization of physics that limit the extent to which a
flow can access all possible downslope pathways.

A simple expectation of how the threshold parameters (a,
b, and c in Eq. 3) impact flow geometry is not always possible,
because substrate topography has a significant role for poten-
tial flow paths. However, the MFD routing Eq. 2 provides
some intuition of how the threshold parameters influence flow
geometry. c is a uniform threshold for Ii, and will generally
define a contour that is longer in the downslope versus cross-
slope direction (Fig. 2, parameters listed in Table 2).
Increasing a or decreasing b preferentially weights the down-
slope direction mapped by L and produces longer flows with
modest increases in flow width.

Other forms of the threshold function are possible, for ex-
ample including local gradient, gradient over some flow dis-
tance, or a combination of gradient and L. Thresholding may
also be viewed as a platform for incorporating auxiliary
models for flow volume and lava rheology (e.g., Ishihara
et al. 1990;Wadge et al. 1994; Crisci et al. 2004), which might
be time-dependent. Here we focus our attention on Eq. 3 as a
simple threshold that is able to reproduce real and continuous-
ly connected lava flow pathways.

Combining the multiple flow direction algorithm
with spectrally filtered topography to model lava flows

One disadvantage of a purely flow-routing approach to lava
flow prediction is the sensitivity of flow-routing algorithms to
small-scale roughness in DEMs. Any sign change in slope
will divert predicted flow, meaning that DEM noise as well
as small obstacles that would be overtopped by real flows will
contaminate results.We solve this problem by applying a low-
pass filter to DEMs as a pre-processing step before calculating
a flow path. Because topographic height varies systematically
as a function of wavelength in volcanic landscapes (Fig. 1),
low-pass filtering provides a proxy for finite flow thickness by

removing small roughness elements. This is preferable to sim-
ply downsampling DEM resolution because spectral filtering
provides more precise control on roughness as a function of
wavelength. We utilize a Fourier domain approach, but other
spectral methods such as those using wavelets or Slepian basis
functions (Simons 2009) could equally well be used.

With this spectral filtering step, we are now in a position to
test MULTIFLOW against observations. In what follows, we
calibrate the model using the three test cases previously
discussed. A MULTIFLOW run involves three steps, once a
DEM has been chosen and vent location pixel(s) identified.
First, we low-pass filter the DEM to remove high-frequency
roughness/noise. Second, we apply the MFD algorithm (Eq.
2) to produce an Influence field map Ii of all possible flow
pathways. Finally, we threshold Ii via Eq. 3 to produce a syn-
thetic lava flow. To find the closest match with real lava flows,
we complete a parameter space search of a, b, and c fromEq. 3
and consider a range of low-pass filter cutoffs to maximize fits
with known flow outlines.

Quantifying lava flow morphology with Jaccard Index
and Branching Index

We use the Jaccard similarity index (Js) (Levandowsky and
Winter 1971) to assess how well our modeled lava flows
match real flows (Fig. 3). The similarity index Js is a
Boolean measure of similarity between two pixel sets A and
B, defined as

J s A;Bð Þ ¼ A∩Bj j
A∪Bj j ð4Þ

and takes values between zero and one. A value of one is a
perfect match and a value of zero indicates that there is no
overlap between the modeled flow and the real flow. Other
models (e.g., Favalli et al. 2009; Kubanek et al. 2015;
Cordonnier et al. 2016) have used this metric (sometimes la-
beled a “fitness index”) to compare simulated lava flow path-
ways with the pathways of real flows. Fundamentally, Js com-
pares the overlapping area of the modeled flow and the real
flow to the combined area of the modeled flow and real flow.

We also investigate how well our model reproduces lava
flow branching, using a metric that we refer to as the
branching index (bi). We calculate the branching index as
the sum of all internal and external (perimeter) boundary con-
tour lengths Pi of the flow divided by the maximum horizontal
distance Lmax of the vent to the farthest flow lobe (ameasure of
total flow length for a straight flow),

bi ¼ 1

Lmax
∑Nþ1

i¼1 Pi ð5Þ
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where N is the topological genus of the flow outline (the
number of internal boundaries or holes). In the case of N = 0,
Pi is the length of the flow perimeter and there are no internal
boundaries. In all cases, the summation of Pi can be consid-
ered as the total length of all flow boundaries, which includes
both the perimeter and internal boundaries. The branching
index for case studies here reflects visual inspection of flow
outlines, with bi = 19.2 Mauna Loa flow and bi = 3.5 and bi =
4.5 for Ki̅lauea and Etna, respectively (Table 4).

This index is comparable to other recently proposed metrics
of lava flow dispersivity. The “perimeter factor” of Rumpf et al.

(2018), for example, compares the ratio of flow perimeter di-
vided by flow area to the same ratio computed for an ellipse
with length and width equal to the maximum length and width
of the flow. As a purely geometrical analogy, for a circular flow
on a flat plane with the vent on the perimeter, bi = π while the
perimeter factor is unity. Parameter bi is thus designed to inte-
grate anabranching structures internal to the total flow outline
and will diverge from the perimeter factor for complicated flow
outlines. The “dispersivity index” of Favalli et al. (2012) is
derived from the stochastic procedure of DOWNFLOW, mea-
suring the statistical tendency for an envelope of many steepest
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descent pathways to vary laterally. It is based upon a different
flow routing scheme and requires secondary thresholding of
steepest descent pathways so is not directly comparable to bi,
but we expect that the dispersivity index is sensitive to the same
topographic characteristics.

Results

Calibration and model applications

We first test MULTIFLOWagainst the Lower Fissure System
1 lava flow fromMt. Etna’s 2001 eruption (Fig. 3), iteratively
refining parameter grid searches for the parameters in Table 3
until Js is maximized for the finest increment investigated. We
find a maximum value of Js = 0.49 and bi = 4.6, giving an
excellent match to bi of the real flow. The best-fit parameters
are reported in Table 4.

We repeat the same analysis for Mauna Loa and Ki̅lauea (Fig.
3). For Mauna Loa, we route flow across the pre-flow DEM
starting at the maximum elevation of the DEM near the vent.
We use a different filter and find that a low-pass filter FL=FH/
1.5 minimizes edge effects. For Ki̅lauea, MULTIFLOW spreads
lava across two distinct pathways: one to the northeast and one to
the southeast. However, the Peace Day vent only produced sig-
nificant flow to the southeast (Fig. 1c). The area to the northeast
of the peace day vent is lava flows that occurred from 1983 to
1986 (Sherrod et al. 2007) which flowed into a forest ~ 2 km
from the vent. We limit the extent of this flow path and focus on
matching the flow path to the southeast. This artificially inflates
our estimate of Js.

For all three test cases, we complete a parameter search for the
parameters that maximize Js (Tables 3 and 4). The resulting
values of Js are 0.37 for Mauna Loa, 0.54 for Ki̅lauea, and 0.49
for Mt. Etna. The maximum Js is found for a low-pass filter
threshold that removed topography with wavelengths below
50 m (FH) for Mauna Loa, 270 m for Ki̅lauea, and 130 m for
Mt. Etna. We do not systematically analyze the misfit space for
these cases, but do note that particularly in the case of Ki̅lauea,
similar maxima in Js are achieved for other filter thresholds. In
general, Js is maximized for filters in the range of 10s to ~ 100m.
In Fig. 4, we show the resulting influence flow paths for low-pass
filters with different wavelengths for Mauna Loa. We measure
the branching index for the real flow and the best-fit modeled
flow and report the results in Table 4.

Lava flows on synthetic topography

To generalize our case studies, we complete two numerical
experiments using synthetic topography for the Hawaiian
flows. In the first experiment (Fig. 5), we route lava on syn-
thetic DEMswith different spectral characteristics (topograph-
ic variance and spectral slope) and investigate how bi varies.

In the second experiment, we reproduce synthetic landscapes
that have the same topographic variance and spectral slope as
the Mauna Loa and Ki̅lauea flow regions. We then route lava
using MULTIFLOW across the landscape and compare the
resulting values of bi with the values from the 1984 Mauna
Loa flow and 2011 Ki̅lauea flow.

We create synthetic landscapes by varying two
characteristics—topographic variance and spectral noise. Other
morphological characteristics are not reproduced, such as com-
plexity associated with fluvial river channels or volcanic land-
form features (e.g., cones, tumuli, flow boundaries). We view
these numerical experiments as establishing a null model from
which the influence of specific processes can be reliably
quantified.

For the first experiment, we create synthetic landscapes with
dimensions of 6 × 7 km and grid size of 10 m. We create topog-
raphy that has the same underlying slope (5.1°) as Mauna Loa,
MULTIFLOW threshold parameters (a, b, c) and spectral filter
cutoff (50 m) (Table 4). We route lava from a vent location
1.5 km from the top boundary and centered in the x-dimension
(Fig. 5b–j). This allows the flow to disperse toward the top of the
grid before the slope ultimately influences the flow direction and
steers it toward the lower boundary. We limit the influence of
edge effects by cropping the grid to a final width of 5 km in the x-
direction and 6 km in the y-direction, which allows for a flow
length of ~5 km. For each variance and spectral slope, we com-
plete 10model runs to find an average bi. Results are summarized
in Fig. 5a.

The resulting values of bi for the lava flows routed over
synthetic topography are comparable to the values we mea-
sured at Mt. Etna, Ki̅lauea, and Mauna Loa for the real lava
flows. The results suggest that landscapes with both low spec-
tral slope and variance (Fig. 5a), for which the roughness am-
plitude is more uniform at all scales, should produce high
degrees of branching. Branching index bi remains high for
a particular combination of variance and spectral slope
(Fig. 5a).

For the second experiment, we compare bi for lava flows
routed across synthetic landscapes with the same topographic
variance and spectral slope as Mauna Loa and Ki̅lauea
(Table 4). We complete a hundred model runs with synthetic
topography. For the topography that matchedMauna Loa’s spec-
tral characteristics and best-fit MULTIFLOW parameters, bi is
8.24 ± 0.39 (mean ± standard error), which is 46% less than the
bimeasured for the 1984Mauna Loa flowmeasuredwithin a 5 ×
5-km window and 31% less than the flow predicted by the
MULTIFLOW routed on the pre-flow Mauna Loa DEM mea-
sured inside a 5 × 5-km window. For the synthetic topography
with Ki̅lauea’s spectral characteristics and best-fit MULTIFLOW
parameters, bi is 5.79 ± 0.21, which is 70% higher than bi for real
Ki̅lauea within a 5 × 5-kmwindow and 81% higher than the flow
predicted by MULTIFLOW routed on the pre-flow Ki̅lauea
DEM measured inside a 5 × 5-km window.
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Discussion

Assessing and mitigating volcanic hazards relies on accurately
predicting lava flow planform shape (Richter et al. 2016;
Poland et al. 2016). We have focused on the role of topography
on flow pathways, implementing and testing a new flow
routing algorithm and exploring the role of spectral analysis
both for forecasting flow paths and quantifying the role of
landscape roughness at a range of scales. Our approach should
be considered distinct from, and not a replacement for, physics-
based flow models. We see the MULTIFLOW model and
others like it (e.g., Harris 2013; Cappello et al. 2016; Chevrel
et al. 2018; de' Michiele Vitturi and Tarquini 2018) as a frame-
work for integrating parameterized physics with highly efficient
treatments of rough topography. Throughout the discussion
section, we assess the applicability of MULTIFLOW to real
flows in the context of our synthetic landscape parameter study.
We end with an examination of the Island of Hawai‘i as an
example of how complexities on larger scale volcanic land-
scapes can be explored using tools introduced here.

MULTIFLOW predicted flow pathways, branching,
and time evolution

An attractive characteristic of this model is that it is both
efficient and easy to implement: a single model run produces
dispersive flow pathways while a threshold function is easily
calibrated from real flows. Parameterization of yielding be-
havior and effusion rate-related effects has not been undertak-
en here but are an obvious place to incorporate known phys-
ics. Rule-based flow models generally must deal with flow
paths that are sensitive to grid resolution, which sets the gra-
dient between neighboring pixels. By applying a spectral filter
as done here (i.e., recognizing that short wavelength features
are generally not important for flow routing), grid resolution
will have less influence on the results. This feature of our
modeling framework is demonstrated in Fig. 4 for the
Mauna Loa flow, where different low-pass filter wavelengths
FL are a proxy for DEMs of varying resolution.

When calibrated, MULTIFLOW produces a Js for the com-
munity benchmark of the 2001 Etna flow (Coltelli et al. 2007)
that is comparable to both rules- and physics-based models.
Parameter Js evaluated for four different rules- and physics-
based models ranges from 0.16 to 0.63 (Cordonnier et al.
2016), while Js for MULTIFLOW is 0.49. Applied to lava

flows from Mauna Loa and Ki̅lauea, this model is also able
to reproduce flow branching and length with minimal tuning.
However, bi exhibits some dependence on spatial scale for
which it is measured. This is especially true for Mauna Loa,
which continues to branch as distance from the source in-
creases. Thus, bi increases with the spatial scale for which it
is measured for this flow.

For all three cases, our modeled values of bi were within a
factor of two of the real flows while a factor of five difference
is observed between the observed Mauna Loa and Ki̅lauea
flows (Table 4), which suggests that tuning MULTIFLOW
captures many of the processes that influence branching.
Although we cannot specifically identify all physical factors
that drive differences in branching between flows in addition
to substrate roughness, time evolution of flow pathways is one
likely contributor. For example, the 1984 Mauna Loa flow
was relatively short-lived compared to the 2011 Ki̅lauea flow.
We expect that bi will increase with time at early stages of an
eruption. But at later times flow pathways may converge, for
example through filling in new topographic lows created by
the flow (for example kipukas that begin as topographic highs
but become lows as the flow progressively builds topogra-
phy). This reduces flow planform perimeter relative to length,
so bi would decrease through time.

Although a model for time variation of flow behavior is left
for future work, we have shown that tuning MULTIFLOW
parameters can reproduce the resulting planform patterns in
diverse emplacement scenarios. Topographic roughness is
likely convolved with time-evolution of long-lived lava flows:
branching will increase with time initially as the flow accesses
pathways that are defined by pre-eruptive topographic rough-
ness, but modification of topography by progressively longer-
lived flows may decrease branching. Long-lived pahoehoe
flows advance and widen via inflation and break-outs (e.g.,
Walker 1971; Hon et al. 1994; Cashman et al. 1999), versus
`a`ā flows that may widen due to overflows arising from
blockages or surges (e.g., Kilburn 1981; Lipman and Banks
1987; Guest et al. 1987). As a result, flow style could also be
reflected in bi. Such processes could be better disentangled
with co-eruptive multi-temporal DEM generation, such as is
increasingly possible with repeat LiDAR and drone-based
photogrammetry (Dietterich et al. 2018).

Shorter-lived flows should be more significantly influ-
enced by topography, as suggested by our flow routing anal-
ysis. However, a weakness of MULTIFLOW is its inability to

Table 3 Considered
DOWNFLOW parameters Range Finest increment explored

Low-pass filter cutoff, 1/FH (1/m) 20–1000 10

Coefficient (a) 1–50 and 1/(1–50) 1

Exponent (b) 0.5–4 0.1

Intercept (c) 1–50 1
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reproduce features such as blockages along the Mauna Loa
flow, which caused outbreaks to form that created new chan-
nels and expanded the geometry (Lipman and Banks 1987;
Dietterich and Cashman 2014). For Mauna Loa, our model
predicts significant flow on the northern edge of the existing
flow path, suggesting an important role for flow dynamics
(establishment of a stable flow path, and perhaps vent geom-
etry) in influencing the actual lava flow paths. For Ki̅lauea, we
limited flow to the north. However, we find it likely that all
existing lava flow models would also route significant quan-
tities of lava to the north erroneously if the same pre-eruptive

DEM were used. This highlights the challenges of using
models to reproduce specific flow paths in the face of poorly
constrained physical processes (rupture of lava flow crust that
generates break outs), and also emphasizes the importance of
accurate DEMs (e.g., Tarquini and Favalli 2011; Harris 2013;
Richter et al. 2016; Poland et al. 2016).

Flow thickness in MULTIFLOW

The MULTIFLOW model does not explicitly calculate flow
thickness. However, thickness may be semi-quantitatively
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Table 4. The low-pass filter wavelength cutoff (1/FH) is noted next to the
shaded relief in each panel except for a where we show the unfiltered
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Table 4 Best-fit parameters and
results Mauna Loa Ki̅lauea Mt. Etna

Low-pass filter cutoff (m) 50 270 130

Coefficient (a) 1/4 3 1/33

Exponent (b) 0.9 0.7 3.0

Intercept (c) 8 28 10

Jaccard similarity, Js 0.37 0.54 0.49

Overlapping area (km2) 13.92 5.48 1.64

Flow area not reproduced (km2) 5.63 2.57 0.37

Over predicted flow area (km2) 18.10 2.16 1.32

bi real flow 19.2 3.5 4.5

bi 5 × 5 km real flow 15.2 3.4 4.8

bi best-fit MULTIFLOW flow 37.8 3.6 4.6

bi 5 × 5 km best-fit MULTIFLOW flow 11.9 3.2 4.0
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estimated by the low-pass filtering of pre-existing topography.
As topography is smoothed, flow paths and divergence of
influence decrease, so branching index bi decreases (Fig. 4).
Taken as a metric of substrate influence alone, this suggests
that small scale features with wavelengths < 130 m for Mt.
Etna, < 50 m for Mauna Loa are unimportant for influencing
the flow paths. Because features of low vertical amplitude are
inundated by flows, the spectral filter wavelength is a measure
of flow thickness through Eq. 1, although translating wave-
lengths directly to vertical thickness is complicated by topo-
graphic overlap in frequency bins (Perron et al. 2008).

Thickness assessed this way is similar to the approach
Favalli et al. (2005) who use stochastic perturbation of topog-
raphy to produce ensembles of steepest descent pathways that
match observations. The spectral technique is more systematic
because topographic amplitude associated with features of a
given wavelength is given directly by the power spectral den-
sity (Fig. 1). However, as discussed in the previous section,
time evolution of flow pathways likelymodifies initial substrate
roughness for long-lived flows. For the Ki̅lauea case, we sus-
pect that the large low-pass filter cutoff (wavelengths < 270 m)
required to maximize MULTIFLOW fit is a reflection not sole-
ly of pre-eruptive topography but also the construction of a flow
field and topographic modification during a multi-month

effusive event. Artifacts arising from high-frequency DEM
noise may also play a role in this model result for Ki̅lauea.

We can use real observations to compare with thick-
nesses assessed from MULTIFLOW. The analysis of the
Mauna Loa flow by Dietterich et al. (2015) demonstrates
that average flow thicknesses are best correlated to slope
when averaged over 70–90 m (their Fig. 22.17). Spatial
averaging with a moving window is equivalent to low-
pass filtering. Thus, the result of Dietterich et al. (2015)
both confirms our independent flow routing analysis of
this DEM, and suggests that the 1–5 m height roughness
is associated with our best fitting ~ 50-m wavelength low-
pass filter cutoff. This can also be inferred from the power
spectra in Fig. 1 as a proxy for flow thickness.

MULTIFLOW model results for Ki̅lauea, Mauna Loa, and
Mt. Etna imply that coarse resolution (~ 10 s m) DEMs may
be suitable for lava flow routing as unresolved features do not
play a significant role in determining large-scale lava flow
pathways. This is important for areas that do not have existing
high-resolution DEMs available. Misfit of best-fitting
MULTIFLOW models also suggests that finer scale analysis
of lava flow breakouts, tubes, and channels require higher
resolution data and field observations, and probably a different
modeling framework.
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Lava flow experiments on synthetic topography

Our parameter study provides a qualitative guide for how
systematic changes in red noise characteristics of the sub-
strate influence flow branching. The degree of branching
exhibits a well-defined local maxima variance and spec-
tral slope space (Fig. 5a), which can be understood as a
consequence of the degree of connectivity between neigh-
boring downslope pixels. The degree of “redness” encap-
sulated by spectral slope β trades off with variance to
produce the maximum branching: past the self-similar val-
ue of β = 3, larger variance at a given β is required to
most efficiently divert flow pathways, due to the decreas-
ing width-height ratios of smaller wavelength substrate
roughness. β < 3 exhibits smaller width-height ratios for
smaller wavelengths, meaning that small obstacles are
more likely to divert the flow.

In reality, finite flow thickness (not accounted for in Fig. 5)
places a lower bound on the variance that can affect flows,
while gravity places a lower bound on β: short wavelength,
large amplitude structures do not persist in real landscapes
(Fig. 1). The volcanic landscapes that we analyzed do not
clearly exhibit the steeper spectral slope at high frequencies
seen in other landscapes (Perron et al. 2008), which may in-
dicate that smaller scale topographic features are taller than
they are in erosional settings. This could result from a lack of
diffusive erosional processes such as hillslope creep in young
volcanic landscapes.

We do not directly compare the parameter study in Fig. 5
to Ki̅lauea and Mt. Etna because the underlying slope is
fixed in this experiment to the slope of Mauna Loa. The
large variance seen at Mt. Etna is outside the range of our
parameter study, but arises from physical constructs (cinder
cones that have heights in the range of ~ 100 m, Karlstrom
et al. 2018). We anticipate that as background slope in-
creases flow paths may become more continuous as neigh-
boring pixels become more connected. However, flow
thickness also likely decreases as background slope in-
creases (Dietterich and Cashman 2014), which would tend
to increase branching. Such tradeoffs are well-captured by a
flow routing model such as MULTIFLOW.

Spectral analysis as a tool for quantifying lava flows

Our experiments with real flows and synthetic red-noise
surfaces suggest that multi-scale topography plays a first-
order role in controlling lava flow paths and branching. This
suggests that understanding controls on the distribution of
topographic roughness in volcanic areas may improve un-
derstandings of lava flowmorphology. Investigation of syn-
thetic landscapes (such as in Fig. 5) helps develop intuition
for the topographic features that are required to reproduce
the degree of branching that we see in lava flows. But we

can also examine real volcanic landscapes to identify pro-
cesses that shape topography in a systematic way, which
could lead to deviations from ideal red noise spectra and
contr ibute variance to specif ic frequency bands.
Identification of such commonalities in landscapes could
help lava flow forecasting, for example by guiding the
choice of low-pass filter cutoff used to implement
MULTIFLOW or to assess the resolution of DEM needed
to predict flows.

We illustrate this approach by comparing the topographic
power spectra for different regions of the Island of Hawai‘i
(Fig. 6) containing basaltic lava flows that range in age from 0
to ~ 750 ka (Trusdell et al. 2005; Sherrod et al. 2007).
Following Perron et al. (2008), we normalize the topographic
power spectrum by dividing the spectra of each region of
interest by the spectra for a young volcanic landscape that is
devoid of pronounced volcanic features or geomorphic
response.

Young volcanic landscapes often have low variance (for
example, the flank of Mauna Loa shown in Fig. 6g) and when
the power per frequency is normalized, spectral anomalies
relative to such young surfaces become more apparent. As
Hawaiian volcanic landscapes age past ~ 100 ka, spectral
peaks associated with wavelengths of ~ 50 to 500 m become
discernable as high normalized power (Fig. 6h). This corre-
sponds to development of fluvial channels on lava flows of
increasing age. Even the degree of channel incision appears to
be reflected in the normalized periodograms with more deeply
incised channels producing higher normalized power for fre-
quencies associated with channel incision (Fig. 6). Such sys-
tematic variability in landscape roughness should lead to sys-
tematic variations in lava flow branching (Fig. 5).

Beyond lava flow forecasting, spectral analysis provides a tool
to place volcanic landscape evolution and lava flow emplacement
in the context of other Earth systems. Climatic influence on ero-
sion rates and channel incision efficiency (Ferrier et al. 2013b;
Murphy et al. 2016) has been demonstrated for the Hawaiian
Islands, but the role of lava flow age is less clear. Figure 6 points
to a unique opportunity for studying the temporal evolution of
channel incision on volcanic landscapes. Young lava flows are
characterized by high infiltration rates, limited channel dissection
(Lohse andDietrich 2005) and springs (Whiting andMoog 2001)
that help drive consistent discharge due to availability of ground-
water. As lava flows, age, physical, and chemical weathering
decrease infiltration, leading to surface runoff and eventually
channel incision that increases with time.

In Fig. 6, volcanic landforms such as monogenetic cones
are also apparent, and their mean size is reflected in the spec-
tral peak around ~ 1 km in the normalized periodogram. This
range is consistent with distributions of cinder cones world-
wide (Karlstrom et al. 2018), and suggests that other volcanic
landform types with well-defined size distributions could be
identified using spectral analysis.
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These two examples (channel incision and cinder cones)
illustrate how volcanic landscape form encodes process. In
combination with regime diagrams such as Fig. 5 that associ-
ate spectral characteristics of the landscape with flow
branching, understanding such longer-term controls on topog-
raphy may lead to better characterization and forecasting of
lava flow pathways. Of course, the converse is also true: con-
struction of topography by volcanic processes such as lava
flows can have a spatially extensive and long-lasting impact
on landscape erosion patterns (Busby et al. 2008; O'Hara et al.
2019). Better constraints on lava flow morphology are needed

to deconvolve competing influences on landscape evolution in
volcanic settings.

Conclusion

We introduced a new lava flow path simulator (MULTIFLOW)
that utilizes themultiple flow direction (MFD) routing algorithm
in conjunction with a thresholding function. When combined
with a spectral filtering step and calibrated empirically,
MULTIFLOW reproduces lava flows with a similar degree of
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branching, area, and length as seen for three test flows at Mt.
Etna, Mauna Loa, and Ki̅lauea. Furthermore, analysis of the
spectral characteristics of these three volcanic landscapes dem-
onstrates that topographic variance and spectral slope can char-
acterize the multiscale topographic roughness that influences
lava flow morphology. Through a series of numerical experi-
ments, we showed that spectral slope and variance influence the
degree to which lava flows branch.

Future work could minimize the number of parameters re-
quired to calibrate MULTIFLOW for a given prediction sce-
nario by incorporating temperature- and shear-rate-dependent
rheology parameterized from field and laboratory data (e.g.,
Robertson and Kerr 2012; Soldati et al. 2016; Kolzenburg
et al. 2016) and connect flow routing pathways to known
eruption volumes (Young and Wadge 1990; de' Michiele
Vitturi and Tarquini 2018). Such additions to the model are
also likely to generate additional avenues to produce
branching flows. Lastly, we showed that in one natural setting,
on the Island of Hawai‘i, spectral characteristics vary system-
atically with age of the surface. Properly calibrated, such sys-
tematic variations suggest that flow morphology and
branching might be a priori predicted given DEMs with suf-
ficient accuracy, especially if DEMs can be updated through
time as lava modifies pre-existing topography. Spectral anal-
ysis might also aid volcanic hazard assessment, by
constraining the dimensions of natural or man-made objects
that lava flows are sensitive to and the range of possible path-
ways available to flows (Favalli et al. 2009).
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