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Abstract. The Stream Power Model (SPM) has become a cornerstone of quantitative geomorphology, widely used to predict

landscape evolution including the generation, moderation, and lowering of Earth’s topography, sedimentary flux and bio-

geochemical processes. It is well known that landscape geometries predicted by the SPM can be strongly influenced by noise.

However, its impact on the uncertainties or probabilities of, for instance, drainage planform geometries and widely used metrics

is poorly understood. Noise can be incorporated into SPM simulations in a variety of ways. For instance, random, low ampli-5

tude, topographic anomalies are often inserted into starting conditions to enhance the realism of calculated drainage networks.

Spatio-temporal or quenched (frozen) noise also influence the trajectories of evolving landscapes. Our goal with this paper is to

establish how noise impacts the probabilities of landscape geometries and the reliability of tectonic and erosional information

recovered from them. A series of landscape evolution models are run in which different arrangements, distributions, and imple-

mentations of noise are added to models evolving under the same tectonic and erosional forcings to an equilibrium state. We10

quantify uncertainties that arise from incorporating different arrangements of typical (uniform; white) and naturalistic initial,

quenched and spatio-temporal noise. We focus on three conclusions. First, tectonic rates and values of erosional-geometric

parameters (e.g., concavity and steepness indices, Hack exponents) recovered via metrics-based approaches (e.g., slope-area,

χ, length-area) are uncertain in the presence of noisy initial conditions. Recovered values from individual landscapes gener-

ated with the same distribution but different specific arrangement of noise are at least as uncertain as ranges attributed to, for15

instance, changes in aridity. In fact, even noise with amplitudes that are < 1% of cumulative uplift can cause tectonic rates to

no longer be recoverable to within a factor of two of true values. These results emphasise the sensitivity of metrics that rely on

calculating derivatives (e.g., slope-area, χ) to noise. Secondly, whilst noise can make landscape geometries highly uncertain

(different in different simulations), the distributions of their geomorphic properties (e.g., hypsometries, channel length-area

relationships, Hack exponents) appear to have well defined statistical properties (e.g., expected values and variance). Finally,20

we suggest that a useful way to assess the impact of noise on SPM predictions is to generate ensembles of hundreds to thou-

sands of models in which different arrangements of the chosen distribution of noise are inserted. Doing so can provide means

to quantify uncertainty in predicted geometries and derived metrics, which can be substantial.
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1 Introduction

It is well established that processes acting to shape Earth's topography leave behind some record of their history. Therefore25

interrogation of surface topography can, we hope, yield insight into how these processes operate and intertwine. Various ob-

servational and theoretical approaches exist to make such interrogations (e.g., Anderson and Anderson, 2010). One family of

approaches makes use of partial differential equations (PDEs), often solved numerically, to predict evolution of topography

in space and time. The Stream Power Model (SPM) is perhaps the most widely used (see e.g., Howard, 1994; Rosenbloom

and Anderson, 1994; Whipple and Tucker, 1999; Tucker and Hancock, 2010; Lague, 2014; Salles, 2016; Hobley et al., 2017,30

and references therein). A wide variety of metric-based, forward and inverse modelling studies utilise the SPM to derive infor-

mation about uplift, erosion, climate and biogeochemical processes from real and synthetic landscapes (e.g., Howard, 1994;

Whipple and Tucker, 1999; Baldwin et al., 2003; Zaprowski et al., 2005; Roberts and White, 2010; Roberts et al., 2012a; Fer-

rier et al., 2013; Croissant and Braun, 2014; Forte et al., 2016; Harel et al., 2016; Mitchell and Yanites, 2019; Campforts et al.,

2020; Lipp et al., 2020, 2021; Salles et al., 2023; DeLisle and Yanites, 2024). However, one complication to this endeavour is35

the presence of noise, which we consider in two categories.

The �rst category of noise, obfuscating the recovery of tectonic information, we term as `scienti�c'. By this we refer to

things which cannot be known, such as the many areas within a landscape that have unknown or poorly understood histories,

where information necessary to recover tectonic information has been removed by erosion, for instance. This category also40

includes noise that can be attributed to measurement or observational uncertainties due to, for example, �uctuations or changes

in landscape form that are too rapid or slow to be recorded directly (Lague, 2014; Ancey et al., 2015; Forte et al., 2016; Chen

et al., 2022; Roberts and Wani, 2024).

The second category of noise we consider, and the focus of this paper, is computational. A usual strategy in landscape evolu-45

tion models is for computational noise to
::
be

:
inserted as random elevations within a model starting condition to enable realistic

drainage networks to form (see e.g., Willgoose et al., 1991; Tucker and Slingerland, 1994; Braun and Sambridge, 1997; Smith

et al., 1997; Tucker et al., 2001; Coulthard et al., 2012; Goren et al., 2014, and references therein). Typically, initial topo-

graphic roughness is drawn from a random uniform distribution (i.e., white noise). Other types of noise have been incorporated

into landscape simulations, such as those with normal distributions or generated using speci�c algorithms (e.g., Perlin noise;50

diamond square algorithm), though they are less common (Fournier et al., 1982; Perlin, 1985, 2002; Perron and Fagherazzi,

2012; Mudd et al., 2018; Etherington, 2022; Ruiz Sánchez-Oro et al., 2024). The choice of noise (e.g., its distribution) has

important implications for landscape geometries, however the often assumed white noise is not necessarily representative of

observed topography or processes driving landscape evolution (see e.g., Ijjász-Vásquez et al., 1992; Perron and Fagherazzi,

2012; Kwang and Parker, 2019; Wapenhans et al., 2021). Whilst speci�c details of palaeotopography may not be knowable,55

spectral analysis of modern topography provides insight into the distributions of elevations that we might wish to replicate

when deciding on the distributions of noise to be used within, for instance, model starting conditions (Perron et al., 2008;
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Audet, 2011; Roberts et al., 2019; Wapenhans et al., 2021). We note that alternative approaches to generate realistic channel

planforms exist outside of adding random elevations. One option is to randomise �ow directions (e.g., Salles, 2016; Salles and

Hardiman, 2016). However given the extensiveness of adding noisy random elevations to encourage LEMs to channelise, we60

focus our attention of the consequences of doing so in this study.

The presence of noise within natural and modelled landscapes is known to complicate the recovery of geomorphic informa-

tion. Roberts et al. (2012b) and Smith et al. (2022) showed how solutions recovered from channel slope-upstream drainage area

data become unstable when noise is added to longitudinal pro�les. Castelltort and Yamato (2013) highlight how the steepness65

of slopes present in noisy initial conditions added to LEMs can unsatisfactorily in�uence the geometry of resultant drainage

basins. Wapenhans et al. (2021) demonstrate that adding white noise to longitudinal river pro�les extracted from a landscape

evolution model leads to changes in power spectra that increase their similarity to power spectra of observed rivers. Addition

of quenched noise to landscape evolution models can have similar effects (Birnir et al., 2001; Wapenhans et al., 2021). Several

studies have sought to recover erosional parameter values using SPMs by maximising the similarity of predicted topography to70

observed landscapes (Croissant and Braun, 2014; Barnhart et al., 2020c). It is likely that the presence of noise contributes to a

range of acceptable values being recovered (Willgoose et al., 2003). Inverse approaches such as these require the construction

of a mis�t function to quantitatively compare observations to model predictions. However, inserted noise is known to impact

drainage planforms, which can persist throughout a model run time (Ijjász-Vásquez et al., 1992; Willgoose et al., 2003; Perron

and Fagherazzi, 2012; Hancock et al., 2016; Kwang and Parker, 2019). An important challenge is to generate mis�t functions75

that are insensitive to noise so that insight into the processes that drive topographic change such as uplift can be recovered with

accurate assessment of uncertainties (Willgoose et al., 2003; Morris et al., 2023).

In this study we seek to establish an understanding of the role of noise within landscape evolution models and its con-

sequences for a variety of commonly used geomorphic metrics and tools. We design four scenarios to assess how different80

distributions of noise and the way in which they are inserted into the SPM impact the variance of basic geometric properties:

elevations, planforms, hypsometry, spectral content, and �uvial information: longitudinal pro�les, slope-area relationships,� -

elevation pro�les, length-area relationships. We also assess the variance of erosional parameter values and uplift rates calculated

from widely used metrics (slope-area,� ), quantifying the impact of noise on the reliability of information recovered. Given the

ubiquity of assumed steady state in studies making use of the SPM, we focus on assessing the impact of noise on landscapes85

that are demonstrably at, or very close to, topographic steady state
:
,
:::::
which

:::
we

::::::
de�ne

::::
here

::
as

::::::::::
(practically)

:::
no

::::::::
elevation

::::::
change

::
in

:::
any

::::
grid

:::
cell

:::::::
between

:::::::::
successive

::::::
model

::::
time

::::
steps

:::
and

:::::::
explain

::::::
further

::
in

::::::
Section

:::
2.4

:::::::::::::::::::::::
(Willett and Brandon, 2002).
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2 Methodology

In this section we �rst describe how synthetic landscapes and noisy functions are generated. We then describe how steady state90

conditions are identi�ed, and the modelling strategy used to assess the impact of noise on geomorphic metrics.

2.1 Generating Synthetic Landscapes

In this study, landscape evolution is modelled using a widely accepted grid-based framework in which we implement a partial

differential equation (PDE) governing the rate of change, and evolution, of elevations. We make use of gridding, �ow routing,

and numerical PDE solver libraries that are part of theLandlab toolkit to generate synthetic landscapes (Hobley et al., 2017;95

Barnhart et al., 2020a; Hutton et al., 2020). The erosional model and uplift rates are de�ned, and noise is added, such that

@z
@t

= � KA m r zn + � r 2z + U + �; (1)

wherez is elevation,t is time, andK , m, n, and� are erosional constants. The erosional processes (�rst two terms on RHS of

Equation 1) can be regarded as being a simple version of the (advective) stream power model, and erosion that, phenomenolog-

ically at least, mimics diffusion, for instance `transport-limited' or hill-slope processes (see e.g., Howard, 1994; Rosenbloom100

and Anderson, 1994). For simplicity—we seek to avoid the complexities that arise when shocks are expected or thresholds are

incorporated—and to aid assessment of the impact of noise, we implement a linear version of the stream power model, i.e.,

the slope exponentn = 1 (we include then notation for completeness; see e.g., Pritchard et al., 2009; Lague, 2014; Roberts

and Wani, 2024). Upstream drainage area,A = A(x;y; t ), uplift rate,U = U(x;y; t ), and noise,� = � (x;y; t ) can vary as a

function of space,(x;y), and time.105

Each synthetic landscape in this study is generated by the following steps (Figure 1). First, a uniform Cartesian (raster) grid

with dimensions of 100� 100 km and cell size of 1� 1 km is generated. Elevations at the boundaries of the domain are �xed

at zero (i.e., Dirichlet conditions). Each `east', `west', `south' or `north' boundary is individually set to beopen/active(i.e.,

�ux across it is permitted) orclosed/inactive(i.e., �ux is forbidden; see Hobley et al., 2017, for details). An initial (noisy) to-110

pography is then added to the grid. It is the choice of this initial topography, subsequent additive noise, and their consequences

on resultant landscape evolution and associated metrics that are the foci of this paper. Topographic depressions are then �lled

to permit continuous �owlines and minimise the chance of internally draining regions forming (Barnes et al., 2014). Erosional

parametersm = 0 :5 andK = 10� 3 /kyr. Erosional `diffusivity' � = 100 m2 /kyr. Diffusion is calculated using the explicit

�nite-volume method within theLandlab model componentLinearDiffuser , with deposition turned off. The advection115

component of erosion is calculated using theFastScape erosion scheme, and �ow routing is performed with the `D8' algorithm

(O'Callaghan and Mark, 1984; Braun and Willett, 2013). In other words, the basic modelling framework is purposefully simple

and designed to honour the assumptions that underpin the calculation of many geomorphic metrics. Each synthetic landscape

is evolved forwards in time for 100 Myr, with uplift, �ow-routing, erosion, and diffusion taking place at each model time step.

We use a model time step,� t = 10 kyr, which satis�es the Courant-Friedrich-Lewy (CFL) condition and is suf�ciently large120
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that computational runtime is reasonable. This value provides numerical stability and demonstrable convergence.

2.1.1 Three categories of landscape con�guration

We generate three categories of relatively simple synthetic landscapes designed to resemble widely studied natural and compu-

tational end-members: a `block' of topography uplifted at a constant rate, escarpment evolution, and evolution of a topographic125

swell/dome (see e.g., Beaumont et al., 1992; Kooi and Beaumont, 1994; Tucker and Slingerland, 1994; Braun and van der

Beek, 2004; Pelletier, 2007; Anderson and Anderson, 2010; Roberts and White, 2010; Braun et al., 2013; Paul et al., 2014;

Hobley et al., 2017; O'Malley et al., 2021; Gasparini et al., 2024). The �rst category has open boundary conditions along each

edge of the model domain, for all other (core) grid cells uplift rate is constant,U(x;y) = 0 :2 m/kyr. We henceforth refer to

this category as producing `square' landscapes. The second category has open boundary conditions along the east and west130

edges of the model domain only; no �ux is permitted along the north and south boundaries. Uplift is again as a `block' with

U = 0 :2 m/kyr. This category produces `escarpment' landscapes. The third category has open boundaries and a Gaussian uplift

function, decaying from the centre of the domain towards its edges with the form

U(x;y) = Umax exp
�

�
�

(x � x0)2

2� 2
x

+
(y � y0)2

2� 2
y

��
; (2)

whereU(x;y) is uplift rate,x0 = y0 = 50 km are the central coordinates of the dome, and� x = � y = 20 km are the standard135

deviations (spreads) in thex andy directions. The function is scaled by maximum uplift rate,Umax = 0.2 m /kyr. This category

produces `domal' landscapes. Examples of the `square', `escarpment', and `domal' landscape are shown in Figure 1. We

maintain this nomenclature throughout to describe the three categories of landscape con�guration.

2.2 Generating noisy functions and their veri�cation

2.2.1 Introduction to noise in landscape simulators140

In this section we describe how different distributions of noise can be produced and inserted into landscape evolution models.

The resultant functions are used to de�ne starting conditions and the additive noise inserted into the scenarios examined. We

then demonstrate how the spectral content and characteristics, e.g., colours of noise, of such functions and of evolved land-

scapes can be assessed.

145

We focus on examining the impact of `end-members'—red, white and blue noise—for the following reasons. First, topog-

raphy and many other natural phenomena (e.g., mantle convective support of Earth's surface, potential �elds) tend to have red

noise characteristics (see e.g., Bell, 1975; Rapp, 1989; Pelletier, 1999; Birnir et al., 2001; Turcotte, 2007; Singh et al., 2011;

Valentine and Davies, 2020; Holdt et al., 2022, and references therein). For a landscape to have red noise characteristics it

would have amplitudes of elevation that are inversely proportional to spatial frequencies,k (i.e., wavenumber), wherek = 1=� ,150

� is wavelength. Wavelength can be thought of as broadly synonymous with scale. In other words, as horizontal scales increase,
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Figure 1. Introduction to geometries and power spectra of landscapes generated using the Stream Power model.(a) Initial white

(`uniform') noise; typically used when parametrising landscape evolution models to ensure realistic looking drainage planforms emerge. (b)

The white noise function shown in panel (a) once sinks have been �lled; a standard step that seeks to ensure drainage networks are continuous.

(c) Normalised power spectrum—� (k), where� is radially averaged (in the frequency domain) spectral power, andk is wavenumber, i.e.,

spatial frequency—of initial (panel a) and sink-�lled noise (panel b), and of the three steady state landscapes shown in panels (d)–(f).

Normalisation is for visual purposes only. Note graticule showing power spectral slopes of theoretical blue (� / k), white (� / k0), pink

(� / k1) and red (� / k2) noise. (d-f) Steady state landscapes generated with uplift rates that are constant in space and time, unless otherwise

indicated (see body text for details). (d) `Square' landscape generated with �xed, open, boundaries. (e) `Escarpment' landscape with closed

north and south boundaries. (f) `Domal' landscape generated with uplift rate modulated by a (spatial) Gaussian function (see Equation 2).

6



so do vertical scales; wide features have big amplitudes, and narrow features have small amplitudes. Landscapes with red noise

characteristics have spectral power,� (k) proportional tok� 2, where� = Z 2 with Z = Z (k) being elevations in the frequency

domain. We discuss how such signals can be identi�ed in the following section. In contrast, white noise (amplitudes are scale-

invariant;� / k0), which appears to characterise some long-timescale atmospheric temperature variations and fossil records,155

for instance, is often assumed to be appropriate for parametrising landscape evolution models (see e.g., Ijjász-Vásquez et al.,

1993; Howard, 1994; Smith et al., 1997; Kirchner and Weil, 1998; Pelletier, 1998; Yacobucci, 2005; Castelltort and Yamato,

2013; Adams et al., 2015; Gray et al., 2017; Lyons et al., 2020; Shen et al., 2021; Cullen et al., 2022). Blue noise, which appears

to be a property of (at least some) systems that exhibit shockwave behaviour (e.g., perhaps at small scales in �uvial landscapes;

Wapenhans et al., 2021; Wang et al., 2022; Roberts and Wani, 2024) would indicate that landscapes have vertical amplitudes160

proportional to wavenumbers, i.e., narrow features have big amplitudes, wide features have small amplitudes (� / k).

2.2.2 Generating white, red and blue noise

In order to generate a two-dimensional function,z(x;y), i.e., map of elevations, with a speci�c distribution (colour) of noise

we �rst create a random uniform (white noise) function of sizeNx � Ny , whereNx andNy are equal to the number ofx and165

y cells in themap
:
x

::::
and

:
y

:::::::::
directions. Amplitudes are set to0 � z � 1 m. Such functions are straightforwardly generated using

a variety of random number generators, such asPython's numpy.random.uniform , which we make use of. Generating

white noise in this way is standard procedure in most simulations of two-dimensional landscape evolution (see e.g., Braun and

Sambridge, 1997; Tucker et al., 2001; Goren et al., 2014; Gray et al., 2017; Lyons et al., 2020; Morris et al., 2023). Many white

noise functions with different speci�c arrangements of elevations can be generated rapidly by re-running such algorithms with170

different `seed' numbers. Seed numbers are sometimes set `under-the-hood' using, for instance, computer clock time (see e.g.,

Press et al., 1992, for extended discussion of random number generation). In contrast, we de�ne (and record) a unique seed

number for each model, ensuring reproducibility.

Maps of elevation (e.g., white noise) in the spatial domain can be converted into the frequency domain using a two-175

dimensional discrete Fourier transform, such that

Z (kx ;ky ) =
N x � 1X

j =0

N y � 1X

k=0

z(x;y)e� 2�i (k x =N x + k y =N y ) ; (3)

wherekx andky are the wavenumbers in thex andy directions,i =
p

� 1, j andk are index positions in the two-dimensional

z(x;y) array (Cooley and Tukey, 1965; Press et al., 1992; Perron et al., 2008).

180

We use the wavenumber content of white noise functions,Zw (kx ;ky ), to generate other functions that have different distribu-

tions (colours of noise),Z � (kx ;yy ), in four steps. First,Zw (kx , ky ) is rearranged by shifting the zero-wavenumber component

to the centre of the array. Second, the array is multiplied by the square root of the radial wavenumber,f = f (kx ;ky ), raised to
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the powerp,

Z � (kx ;ky ) = Zw (kx ;ky )
q

(f=f � )p; (4)185

wheref � = 1 /km ensures dimensionality. The radial wavenumber,f , is given by

f (kx ;ky ) =
q

(kx � Nx =2)2 + ( ky � Ny =2)2: (5)

The exponentp controls how rapidly elevations change in the wavenumber domain. Whenp < 0 longer wavelength signals

have greatest amplitudes. The opposite is true whenp > 0. We generate red noise,Z r , usingp = � 2 , and blue noise,Zb, with

p = 1 . White noise maps havep = 0 . Third, theZ � (Z r or Zb) array is converted from the frequency domain into the spatial190

domain by, �rst, reversing the shifting of zero-wavenumber components, and then calculating the inverse 2D discrete Fourier

transform of the real components ofZ � (kx ;ky ).

Finally, we normalise the resultant functionz� (x;y) to ensure that elevations are between 0 and 1 m. Normalisation is

achieved by adding the minimum elevation to the entire array, and dividing through by the new maximum elevation:195

z� (x;y) =
jz� (x;y) + zmin

� j

zmax
�

: (6)

These steps are repeated multiple times to generateM functions with red, blue or white noise characteristics (Figure 2). To test

the impact of different amplitudes of noise,z� (x;y) was scaled by a factor� (see Table 1). Histograms of elevations for these

noisy functions are shown in Figure S1.

Max. noise [m],� % of Udt % of
R�

t =0 Udt

0.002 10� 1 10� 5

0.2 10 10� 3

2 102 10� 2

20 103 10� 1

200 104 1

Table 1.Maximum amplitude of noise added to initial conditions(scenarioA), or each time step(scenariosBandC) as percentage of uplift

rate,U = 0 :2 m/kyr, or cumulative uplift after� = 100 Myr.

2.2.3 Power spectra200

The noise characteristics of these functions are veri�ed by �rst inserting them into Equation 3 and then calculating their power

spectra,

� (kx ;ky ) =
1

N 2
x N 2

y
jZ � (kx ;ky )j2: (7)
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Since two-dimensional power spectra,� (kx ;ky ), can be challenging to interpret they are usually visualised in one dimension

(i.e., � (k); see e.g., McKenzie and Bowin, 1976; McKenzie and Fairhead, 1997; Perron et al., 2008; Watts and Moore, 2017).205

There are two quite widely used methods. The �rst approach calculates mean power between speci�c radial frequencies (from

the zero-shifted power spectrum) by averaging within annuli, in our case we average within sequential annuli of width�f = 1

km� 1 (see e.g., McKenzie and Bowin, 1976). Figure 2 shows the power spectra of 100 red, white and blue noise functions

generated in this way. It demonstrates that these functions have respective power spectra that on average are proportional to

k� 2, k0 andk, as expected.210

The second approach simply collapses the two-dimensional spectra into one dimension, such that each `pixel'� (kx ;ky ) can

be plotted as� (k) (see e.g., Perron et al., 2008; Watts and Moore, 2017). In practice, if appropriate values of�f are chosen, the

one dimensional spectra from both approaches are very similar. We present collapsed power spectra of elevations, following

transformationz(x;y) ! Z (kx ;ky ) ! � (k) = Z 2(k), in later �gures because they demonstrate the solutions to Equation 7215

directly. Also shown in these �gures is mean power,

� (k) = h� (k)i ; (8)

where the angle brackets denote the average value for a wavenumber band centred on wavenumberk. We perform the averag-

ing within logarithmically equally spaced bands. The Code and Data Availability statements explain wherePython scripts to

generate and verify noise maps can be found.220

2.3 Experimentation strategy

Figures 3 and 4 summarise our approach to experimentation. Our goal with this strategy is to establish the impact of noise on

landscape evolution in a series of increasingly complex, and perhaps more realistic, scenarios.

225

In scenarioA, we examine the consequences of a widely used approach—insertion of noise only into the starting condition

of a landscape evolution model (see e.g., Braun and Sambridge, 1997; Tucker et al., 2001; Braun and Willett, 2013; Goren

et al., 2014; Barnhart et al., 2020a, b, c). We examine the impact of different distributions (i.e., red, white, blue) and ampli-

tudes of noise. Each ensemble examined (e.g.,white noise, `square' landscape; white noise, `escarpment' landscape; white

noise, `domal' landscape; red noise `square' landscape, etc.) containsM = 100 or M = 1000 individual models. Within an230

ensemble, each model has the same boundary conditions, uplift function, erosional parameter values, and distribution of noise,

but crucially they all have different speci�c arrangements of noisy elevations; different `seeds' were used to generate noise in

each model. The resultantM landscape geometries were used to gain statistical insight into the impact of noise on landscape

evolution, form and recovery of geomorphic metrics. Figure 4 summarises the ensembles tested (scenarioA: ensembles 1–18).

235
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Figure 2. Noise functions (maps) used to generate initial conditions for landscape models.(a–c) Examples of functions with red, white

and blue noise characteristics. (d) Thin red lines = radially averaged (in the frequency domain) power spectra,� (k), of the 100 red noise

functions used in this study (see body text for details). Thingray
:::
grey and blue lines = respective power spectra of the 100 white and blue

noise functions used in this study. Thick lines = average values for each suite of coloured functions. Note graticule showing theoretical

spectral slopes for red (� / k � 2 , wherek = wavenumber), white (� / k0), and blue (� / k) noise.
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In scenarioB we test the impact of quenched (i.e., `frozen') noise. For an individual model, a noisy function is added to its

starting condition (as in scenarioA), then the exact same arrangement of noisy elevations is inserted at every subsequent time

step (Figure 4: ensembles 19–21). A rationale for testing such a scenario arises from the work presented in Birnir et al. (2001)

and Wapenhans et al. (2021), which demonstrate the need for landscape evolution models to incorporate additive noise to

avoid arti�cial spectral reddening of landscapes, i.e., unrealistic reductions in topography at short wavelengths (small scales).240

Incorporating noise in this way is loosely related to modelling studies that seek to assess the impact of substrate on landscape

evolution by changing erodibility (see e.g., Sklar and Dietrich, 2001; Haviv et al., 2010; Forte et al., 2016; Campforts et al.,

2020).

ScenarioC again includes noise added to the starting condition. However, in contrast with scenarioB, different arrangements245

of the same underlying distribution (colour) of noise are added to each model at every time step. In other words, noise varies as

a function of space and time. Arguably, this approach is more realistic than scenariosA andB, and probably more appropriate

when speci�c arrangements of noise are likely to be unknown. Figure 4 (ensembles 22–24) summarises this experimentation.

:::
The

:::::
noise

:::::
added

:::::::::
throughout

:::::::
models

:::::
within

::::::::
Scenarios

::
B

::::
and

::
C

:::
has

:::::::::
amplitudes

::
of

::
0

:
–

::
1

::
m.

:::
We

::::::
choose

::
to

::::::::::
incorporate

:::::::
additive250

::::
noise

:::
for

::::
two

:::::::
reasons.

:::::
First,

::
to

:::::::
maintain

::::::::::
consistency

::::
with

:::
the

:::::::::
amplitude

::
of

:::::
noise

:::::
added

::
to

:::
the

:::::::
starting

:::::::::
condition,

:::
and

:::::::
second,

::
to

::::
avoid

:::::
cases

::
in

::::::
which

::::::
regions

::
of

:::::::
internal

:::::::
drainage

::::
may

:::::
arise,

::::
thus

:::::::::
potentially

::::::::
requiring

::::::::
additional

:
(
::
ad

::::
hoc)

::::::::::
sink-�lling

:::::
steps.

:::::::
However

:::
we

:::::::::::
acknowledge

:::
that

::::
this

:::
may

:::
not

::::::::::
necessarily

:::::::
represent

:::::
noisy

::::::
surface

::::::::
processes

::::::
which

::
act

::
to

::::
alter

::::::::::
topography.

:::::::
Instead,

::::
such

::::::::
processes

::::
may

:::
also

::::::
reduce

:::::::::
elevations.

::::::
Whilst

::
it

:
is

::::::::
generally

:::::::
unclear

::::
what

::
an

::::::::::
appropriate

:::::
mean

:::::::
elevation

::::::
might

::
be

::
in

:::::
order

::
to

:::::::
represent

:::::
these

:::::::::
processes,

:::
we

::::
also

:::::::
perform

::
an

:::::::::
additional

::
set

:::
of

:::::::::
simulations

::
in

:::
the

:::::
style

::
of

::::::::
Scenarios

::
B

::::
and

::
C

::::
with

::::
noise

:::
of255

::::
� 0:5

::
to

:::
0.5

::
m

:::::::::
amplitude

:::
(i.e.

:::::
mean

::::::::
elevation

:
=

:::
0).

::::::
Results

:::
for

:::::
these

::::
tests

:::
are

:::::
shown

::
in

:::::::::::::
Supplementary

:::::::
Material

:::::::
Figures

::
S9

::::
and

::::
S10.

ScenariosA–C have �ow routing and erosion applied in their �nal time step, after noise has been inserted. Thus, inserted

noise is eroded for 10 kyr (i.e., the length of the time step) before metrics are extracted. In actuality, noise could be inserted260

into a landscape at any time. Thus, we test scenarioD in which noise is inserted into synthetic landscapes at the end of model

run time. We take the steady state landscapes (at 100 Myr) generated by scenarioA with 1 m of noise and insert noise with the

same arrangement. The impact of inserting �nal noise with scaled maximum amplitudes of 2, 20 and 200 m is assessed (see

Table 1). For clarity, metrics are extracted from the noisy landscapes using drainage planforms determined before �nal noise

is added, i.e., no additional �ow routing or sink �lling is performed. This approach is a generalisation, to two dimensions, of265

that presented in Roberts et al. (2012b) and Smith et al. (2022), in which noise is added directly to the longitudinal pro�les of

rivers (Figure 4: ensembles 25–27).
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Figure 3. Schematic summarising the scenarios tested and approach to extracting metrics.In scenariosA–D forward models are

initialised with starting conditions that include noise (white, blue or red in this study), they are then run for a speci�ed number of time

steps, evolving to steady state. Geomorphic metrics are extracted from steady state topography. Each scenario is run multiple (M ) times

using different arrangements of noise to generate statistical insights and assess stability of calculated metrics. The example demonstrated

here is for the `square' landscape shown in Figure 1d. Note that we also assess the impact of changing boundary conditions and uplift

function, and scenarios when no noise is explicitly incorporated. ScenarioA: Noise is only incorporated into the starting condition; the

quintessential landscape evolution modelling strategy. ScenarioB: Noise used in the starting condition is incorporated at each time step;

testing the impact of quenched, `frozen', noise. ScenarioC: Different arrangements (but same distribution) of noise are incorporated at each

time step. ScenarioD: Uneroded noise is added to the landscape at the end of model run time.

2.4 Identifying steady state landscapes for experimentation

The assumption of topographic steady state remains widely used in quantitative studies of �uvial geomorphology(see e.g., Snyder et al., 2000; Istanbulluoglu and Bras, 2005; Attal et al., 2008; Perron and Fagherazzi, 2012; Theodoratos et al., 2018; Leonard and Whipple, 2021; Fisher et al., 2022; Hoskins et al., 2023; Clubb et al., 2023; Zhou et al., 2024)

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(see e.g., Snyder et al., 2000; Istanbulluoglu and Bras, 2005; Attal et al., 2008; Perron and Fagherazzi, 2012; Theodoratos et al., 2018; Leonard and Whipple, 2021; Fisher et al., 2022; Clubb et al., 2023; Hoskins et al., 2023; Zhou et al., 2024)270

. It underpins the use of a variety of geomorphic metrics used to generate quantitative estimates of erosional parameter values

and uplift rates (see e.g., Wang et al., 2017). Thus, we run our models until they are demonstrably at, or get as close as rea-

sonably possible to, steady state and then examine the impact of noise on calculated metrics. A variety of criteria can be used

to de�ne steady state topography in both natural (observed) and synthetic landscapes (see e.g., Willett and Brandon, 2002;

Gasparini et al., 2024, and references therein). For clarity, in this paper steady state means@z=@t= 0 , i.e., rate of change of275

elevation is invariant everywhere in the landscape.

As Gasparini et al. (2024) explain, demonstrating that a synthetic landscape is at topographic steady state is not necessarily

trivial, we extend their approach here. A useful attribute of landscape evolution modelling is that it is straightforward to

extract and visualise distributions of topographic change over consecutive time steps, which can be used to assess topographic280

(in)transience. Figure 5 shows three statistics used to assess topographic steady state. First, following Gasparini et al. (2024),

we extract the maximum local change in elevation,� z, across the entire model domain between consecutive time steps

� zt
� = max( jzt

i � zt � � t
i j); (9)

wherei here indicates the index of all elevations (i = 1 ; : : : ;Nx Ny ), andt is the index of time steps. Similarly, the change in

mean elevation of the entire domain, from one time step to the next, is calculated,285

� zt
� = jzt � zt � � t j; (10)

where�z is the mean elevation of a landscape. Change in maximum elevation between consecutive time step is also extracted,

� zt

 = j max(zt ) � max(zt � � t )j: (11)
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Figure 4. Guide to scenarios, ensemblesand modelsin this study. Ensembles with asterisk (*) containM = 1000 models, all others

containM = 100 models.
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Examples of these statistics are shown in Figure 5 for three landscapes generated with white noise only in their initial con-

ditions. Figures S7 and S8 similarly show statistics for typical landscapes generated within scenariosB andC.290

In addition to such statistical approaches, it is bene�cial to examine how distributions of elevation change evolve as the

synthetic landscapes mature. Consequently, Figure 5 shows histograms of topographic change between successive time steps

for all cells within the three example landscapes. The histograms summarise topographic change for the individual landscapes

when they are immature (time steps0:99! 1 Myr), juvenile (4:99! 5 Myr), and mature (i.e., have reached steady state;295

14:99! 15, and79:99! 80Myr).

2.5 Mapping noise-speci�c geometries of landscapes

As Kwang and Parker (2019) discuss, planforms generated in simulations with noise inserted into starting conditions tend to

be `burned' into simulated landscapes for the duration of model run time. This result is intuitive for models in which uplift

rates tend not to vary as a function of time, or cannot outpace erosion (cf. O'Malley et al., 2021). This behaviour implies that300

long-lived planform geometries, at least at some scales, are speci�c to the distribution and particular arrangement of noise. We

assess the consequences of inserting different distributions and speci�c arrangements of noisy topography on the geometries

of emergent landscapes, their planforms and marginals by running multiple simulations (see e.g., Figures 1, 6, 7).

We also make use of our model ensembles to assess the impact of different distributions and arrangements of noisy starting305

conditions on resulting drainage basin sizes. We extract the upstream drainage area from the outlet positions of the ten largest

drainage basins in each `square' model of scenarioA for 1000 simulations (ensembles 10–12) and show this in Figure 8.

2.5.1 Establishing expectations (probabilities) of drainage network and divide geometries

Following Lipp and Roberts (2021), to develop statistical insights into the development of synthetic landscapes, we ran 1000310

simulations for each landscape con�guration within scenarioA (i.e., `square', `escarpment', `domal'). The same distribution

of noise, but different speci�c arrangements of topography (i.e., 1000 simulations initialised with different `seed' numbers)

with amplitudes 0 to 1 m were used to de�ne the initial conditions (model ensembles 10 – 18). To establish the propensity

of cells within landscapes to host rivers, cells with upstream drainage areas> 5 � 107 m2 were extracted from each model.

The probability of a river being in a cell is calculated bydivided
:::::::
dividing the number of times a cell met this criteria by the315

total number of simulations (i.e.,N=1000), which results in a probabilistic drainage map (Figure 9). These maps also help

to establish expected locations of drainage divides, i.e., where calculated probability is low. Similar maps are shown for 100

`square' landscapes generated in scenariosB andC in Figure S6.

The spectral characteristics of the synthetic landscapes can be assessed by transforming them into the frequency domain320

using Equations 3 & 7 (see Figure 10). It is also straightforward to extract other geometric properties from the landscapes (e.g.,
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Figure 5. Identifying steady state landscapes. In each of these examples, white noise is only inserted in the starting condition, see scenario

A in Figure 3. (a) Evolution of changes in elevation between consecutive time steps (� t = 0 :01 Ma) for the `square' landscape shown in

Figure 1d; green = maximum change in local elevation (� z� ); purple and orange = change in mean elevation (� z� ) and change in maximum

elevation across the entire domain (� z
 ), respectively (see Equations 9–11). Grey dashed vertical lines correspond to histograms shown in

panels (c)–(e). (b) As (a), on logarithmic scale. (c) Histogram of elevation change,� z, for all grid cells between 0.99 and 1 Myr. (d) & (e)

As per (c), from4:99 ! 5 Myr, 14:99 ! 15 Myr and79:99 ! 80 Myr, respectively. (f–j) As above for `escarpment' landscape shown in

Figure 1e. (k–o) As above for `domal' landscape shown in Figure 1f.16




