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Abstract

Earth surface processes encode the combined forcing of tectonics and climate in topography.
Separating their contributions is essential for using landscapes as quantitative records of crustal
deformation. Here, we develop a method to invert non-dimensionalized, spatially variable fields
of long-term rock uplift and rock erodibility from fluvially incised landscapes, using an extended
X-coordinate system that accounts for variability in uplift, erodibility, and precipitation (yykq)-
We invert 170 synthetically-generated landscapes and demonstrate that our method accurately
recovers the spatial variability of rock uplift and rock erodibility, even when applied to settings
that deviate from the ideal model of equilibrated, detachment-limited channels, which underpins
the xyxq framework. We subsequently apply our inversion to six natural landscapes shaped by
normal faults (half-grabens), and to a 200-km wide region of the central Himalayas. We show
that our inversion can resolve the effect of climate and lithology while extracting uplift fields that
are consistent with patterns expected from upper crustal flexure and previous estimates derived
from geomorphological markers. The success of our method in recovering rock uplift patterns,
isolated from the effects of climate and erodibility, highlights its applicability to settings where
long-term uplift trends are unknown, paving the path to deciphering tectonic fingerprints

recorded in landscapes over tens of thousands of years.
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Plain Language Summary

Earth's topography is uniquely shaped by both deep tectonic activity and the erosive processes
that sculpt its surface. Utilizing these landscapes to deduce tectonic activity presents valuable
insights, albeit elusive. In this study, we introduce a mathematical inversion method utilizing
geomorphic indices to extract tectonic uplift patterns from landscapes. We assess the method’s
effectiveness on synthetic landscapes that incorporate surface processes our model does not
explicitly account for. Our findings confirm that the method can accurately retrieve rock uplift
rate patterns, even in landscapes not solely governed by steady state detachment-limited
erosion—the assumption underlying our inversion technique. Applying this method to natural
landscapes shaped by normal faults and the Himalayas, we demonstrate that our extracted uplift
patterns align with expected patterns of tectonic warping. This approach sets the stage for using
river incised topography to decipher tectonic signals accumulated over tens of thousands of

years.

Key Points
e New method infers unknown spatial rock uplift patterns and variable erodibility from
fluvial landscapes using a Bayesian approach.
e Synthetic tests reveal the broad applicability of our method, even when deviating from
the steady-state detachment-limited incision.
e Inverting seven landscapes yields uplift fields consistent with previous estimates and

patterns expected from upper crustal warping
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1 Introduction

In Earth’s most tectonically active regions, topography reflects a dynamic balance between
crustal deformation and climate-modulated surface processes. The first induces vertical motion
of the surface through processes such as faulting, dynamic topography and isostasy (e.g.,
Faccenna et al., 2019; King et al., 1988; Watts, 2001) while the latter incise and rework relief by
eroding bedrock and transporting and depositing the resulting sediments (e.g., Merritt et al.,
2003). Thus, the shape of landscapes represents a snapshot of the ever-evolving competition of
these two processes (Kirby & Whipple, 2012; Molnar & England, 1990; Willgoose et al., 1991).

Disentangling the contributions of climate and tectonics on surface topography is a crucial
goal of tectonic geomorphology (e.g., Armijo et al., 1996; Gallen et al., 2023; Lavé & Avouac,
2001; Malatesta et al., 2021). Extracting spatial patterns of rock uplift rates from landscapes is
particularly important as it provides indirect quantitative constraints on the underlying tectonic
mechanisms and their persistence over geological timescales. For instance, in landscapes shaped
by normal faults, spatially-varying vertical rock uplift is used to estimate the effective elastic
thickness of the lithosphere (Armijo et al., 1996). The morphology of fault scarps may provide
insights into the seismogenic properties of underlying faults (e.g, Holtmann et al., 2023). Another
compelling example for the importance of landscapes in recording tectonic processes is the fact
that short-term fault locking can leave a lasting imprint on forearc topography over tens of
earthquake cycles (Cattin & Avouac, 2000; Cooke et al., 2025; Dublanchet & Olive, 2024; Jolivet
et al., 2020; Malatesta et al., 2021; Meade, 2010; Oryan et al., 2024). Nonetheless, extracting
rock uplift fields from landscapes is challenging especially in the absence of thermochronological
data or geomorphological markers. Current approaches (e.g., Castillo et al., 2014; Densmore et
al.,, 2007; Ponza et al., 2010; Su et al., 2017) often rely on the stream power incision model
(Howard & Kirby, 1983) utilizing a landscape metric called the steepness index, kg, (Wobus et al.,
2006, See section 2 for definition). While useful, kg, is interpreted as sensitive to the ratio of rock
erodibility to rock uplift which may be strongly skewed by spatial variations in rock erodibility, a
guantity that is difficult to constrain. Furthermore, it depends on point measurements of surface
slopes, which can be noisy (Gailleton et al.,, 2021). On the other hand, the y metric, which

integrates upstream changes in drainage area normalized by the concavity index across entire
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river networks, provides a quantitative alternative to recover spatial variations in rock uplift rates
from landscapes (Perron & Royden, 2013). Previous work has employed the y metric for
landscape inversion focusing on uplift rate history, while largely neglecting spatial variations in
rock uplift (Croissant & Braun, 2014; Fox et al., 2014; Goren et al., 2014; Goren et al., 2022;
Pritchard et al., 2009; Smith et al., 2024).

Here we invert landscapes to recover spatially variable patterns of rock uplift, while
simultaneously solving for spatial variations in erodibility (linked to lithology) and accounting for
climatic effects (Fig. 1). To our knowledge, this is the first attempt to infer spatially variable rock
uplift fields directly from landforms. We accomplish this by extending the x metric and applying
a Bayesian quasi-Newton inversion scheme, which constructs fields of rock uplift and erodibility
using B-spline interpolation functions in a manner that minimizes the misfit between measured
and modeled river elevation profiles in x-space. We test the strengths and limitations of our
method using synthetic landscapes and demonstrate its ability to recover rock uplift patterns and
erodibility values while accounting for climatic effects. Subsequently, we apply our method to
seven natural landscapes shaped by divergent and convergent tectonics to demonstrate its

effectiveness in real-world scenarios.

2 Inferring tectonic uplift from landscapes within the stream power
framework

2.1 The detachment-limited stream power model

The stream power incision model posits that the erosion rate of a riverbed at a certain
point is linked to water flux (captured by proxy through drainage area A), channel slope (Z—i) and
the erodibility of the material (K) (Hack, 1973; Howard & Kerby, 1983). To maintain a uniform
rate of erosion, the river gradient diminishes downstream as drainage area increases, resulting

in a concave river profile. According to this model, the change in elevation over time t, of a river

eroding at rate, E, under rock uplift, U, is described as follows:
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1. % =U(x,y,t) —E(x,y,t) =U(x,y,t)—K(x,y,t) A" (x, y, t) (Z—i)

Where m and n are constants and (x,y) is position, hereafter denoted as X for concision (See Table
1 for definitions of all parameters throughout the manuscript).

The rate, c¢(X), at which a local perturbation in topography travels upstream (i.e., the celerity of
knickpoint migration) is linked to the local erodibility, drainage area and topographic gradient

(Rosenbloom & Anderson, 1994; Whipple & Tucker, 1999):

2. (@) = K@DAR) ("’Z(’?))"_1

dx
The time for this perturbation, manifested as a knickpoint, or a sharp step in the river profile, to

travel from the river base upstream to point x; is given by (Whipple & Tucker, 1999):

3. T(xs) — fxs dx fxs dx

= -1
0 c® o K(Mf)(di—i’”)n

At steady state, when erosion balances rock uplift, the equilibrium channel slope follows an

inverse power-law relationship with drainage area:

dz SN —
4. E = ksnA(x) 6,
L1
where kg, = (Zgg)n is the nondimensional channel steepness index, typically used as a proxy

for rock uplift rate, and 6 = 2 is known as the concavity index.
p n

2.2 Theintegral approach: river profiles in y-space
Upstream integration of equation 4 from an arbitrary base level x;, results in (Perron &
Royden, 2013):

5. z(X) = z(xp) + a5 - x (%)
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Where,

1
x dx Uo \n
6 X = f —m; A5 = (—)
. T )
Xp A*(}?)n KOAO

A(x)

A, is a constant reference drainage area such that A*(x) = — is dimensionless and U,
0

and K, denote constant uplift and erodibility values. The integral along x here denotes an
upstream path to a connected network of tributaries.

This coordinate transformation allows us to describe river profiles in terms of y and z (Fig.
1). In the case of spatially uniform U and K, stream profiles in y -space will exhibit a linear
relationship between the two variables, characterized by a slope as. In landscapes where
erodibility and rock uplift vary spatially , the definition of y can be amended as (Olive et al., 2022;
Perron & Royden, 2013) :

1 1

_rx U*(%) n ] _( U )Z
7o Xuk = fxb (A*(J?)mK*()?)) dx ;a5 = (KOA{,”

. - . . U
In this case, U, and K, are reference values so the trailing terms are dimensionless (U* = e
0

K . . .. . .
K* = - ) and yyx denotes a version of y corrected for known spatial variations in uplift rate and
0

erodibility.

In the general case where water flux is not proportional to drainage area alone but varies due to
a spatially heterogeneous precipitation rate, P(x) = P,P*(x), the adjusted discharge rate,

Ay (x), is given by (Babault et al., 2018; Leonard et al., 2023; Leonard & Whipple, 2021):
8. Ay(x) = f;‘b P(x)dA = Ay (x)Agg
Where Agg = PyAy is a reference value so Aj (x) is dimensionless.

In this case, the yyx coordinate (eq. 7) can be reformulated by substituting the reference values
Ayq for Ay and precipitation-weighted contributing area A, for the drainage area A", resulting
in the precipitation-adjusted form yyxo. When the dimensionless fields U*(x) , K*(X) and P*(X)

are all properly accounted for, the steady state landscape will verify equation (5) and river
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elevation will correlate linearly with ;o (Fig. 1), a relationship that can be exploited using an

inverse framework.

3 Inverting rock uplift pattern from river incised landscapes

3.1 Forward model
3.1.1 Parameter space, data space and cost function

The detachment-limited stream power model in yygo -space provides a robust
framework to invert a spatial pattern of rock uplift U*(X) from river-incised landscapes. We first
outline the direct (forward) problem of river profiles in yykq-space, given the parameters
m,n, as, U*(X) and K*(X). This is done by computing xyxo , and modeled river elevation, z,,,

using eq. 5, as:

9. Zy =2p + a5 Yuko(m,n,U", K*) = glas,m,n, U",K")

We estimate the robustness of our direct model, expressed through the function g, by computing
the difference between modeled elevation, z,,, and measured elevation, z,,,, typically obtained

from a digital elevation model (DEM), using the cost function, ¢, built with the L2 norm:

10. ¢)(m,n, as, U*rK*) = ”g(as'm'nr U*rK*) - Zobs||2

3.1.2 Parameterizing rock uplift patterns using B-spline functions

We parameterize the spatial variability of rock uplift, U*(X), using B-spline functions
(Agrapart & Batailly, 2020; De Boor, 1978; Piegl & Tiller, 1997). Constructed from a series of
piecewise polynomial basis functions and defined between a grid of control points referred to as
knots, B-splines serve as interpolating functions where a coefficient at each knot controls the
shape of the rock uplift pattern (See Text S1). This approach provides the flexibility to modify

uplift patterns by simply adjusting the coefficient values without being restricted to a
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predetermined functional form, thus ensuring a smooth and continuous representation of spatial
variability in rock uplift.

Importantly, our B-spline uplift parameterization can be applied in two modes. In the one-
dimensional (1D) configuration, knots are arranged along a single transect, allowing rock uplift to
vary in one direction while remaining constant in the orthogonal direction. In the two-
dimensional (2D) configuration, knots are distributed across a spatial grid, enabling uplift to vary
freely in both horizontal dimensions. This allows us to represent both, directionally constrained
1D uplift patterns and fully heterogeneous 2D fields using the same smooth, continuous

interpolation scheme.

3.1.3 Parameterizing spatial Erodibility

Spatial variations in erodibility are typically driven by contrasts in lithology (Campforts et
al., 2020; Ellis & Barnes, 2015; Gailleton et al., 2021; Harel et al., 2016), often marked by the
occurrence of major faults. Thus, using continuous mathematical functions, such as B-splines,
polynomials, or Gaussians, to represent variations in erodibility would misrepresent the
inherently piece-wise nature of this field. We instead delineate lithological units (e.g., from
geological maps) and invert for their piece-wise uniform erodibility k; across various lithological
domains (numbered by i). As for the rock uplift pattern, it should be noted that we invert for

relative erodibility K* rather than for absolute erodibility.
3.2 Inversion scheme

To identify plausible combinations of ag,m,n,U* and K*, we minimize the misfit
between the modeled and measured elevation (eq. 9) using a Bayesian quasi-Newton scheme

(Tarantola, 2005) in an iterative fashion:

11. pry1 = P+ u((GHTCHG + Ci ) "H((GHTCr M (Zm — Zops) + Ci* (01 — Po))
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Where p, is a vector comprising all model parameters at iteration . G'is the Jacobian

matrix at step | determined using centered finite difference such that:

1 _ 9gi

Z,ps IS @ vector of observations consisting of measured elevation z, z,, is the modeled elevation
of rivers computed using g(p;), Cy is the a priori covariance matrix, Cp, is the observation
covariance matrix, and y is a constant between 0 and 1.

We employ an initial guess, p,, assuming m=0.5, n=1, a;, = 0.1 as well as B-spline and
erodibility coefficients that describe uniform rock uplift and erodibility patterns. These initial
values reflect commonly used stream power parameters observed in natural landscapes
(Gailleton et al., 2021; Mudd et al., 2014; Snyder et al., 2000), with uniform uplift and erodibility
providing a neutral baseline for the inversion. We set the prior covariance matrix C,, with
diagonal terms equal to 0.01 (standard deviation of 0.1) for the entries corresponding to m, n,
and ag, and 1 for B-spline weights and dimensionless erodibility coefficients, reflecting greater
uncertainty in spatial heterogeneity. At each iteration, the inversion dynamically updates all
parameters including m, n, a, via the Bayesian quasi-Newton step (eq. 11), which incorporates
the prior covariance, the model sensitivity matrix, G,,, and the data misfit (z,,, — z,,) weighted

by the observation covariance, Cj,. Lastly, we consider reaching convergence at step [ when

$(P)-9(P1-1)
PYes < 0.01.

Upon reaching convergence and a satisfying solution, we can use the recovered B-spline
parameters to describe the rock uplift pattern along rivers used in the inversion as well as across
the entire rectangular domain bounded by the river network (Text S1). However, the geometry
of the river network may leave some B-spline knots poorly constrained due to the absence of
nearby rivers. To address this, we compute rock uplift only within catchments feeding the rivers
used in our analysis and ensure that the employed knots have non-negligible values based on the
sensitivity parameter computed using the diagonal of the product of GTT.

Finally, we emphasize that our inversion recovers the dimensionless rock uplift pattern, (U*)

and the dimensionless erodibility field (K*), rather than their absolute magnitudes in physical
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units. This is because the inversion determines only the yyko — slope (=as) and cannot
independently resolve the reference uplift rate U, or erodibility K, (see Section 2.2 for more
details). Constraining either parameter would require in situ measurements and lies beyond the

scope of this study.

4 Application to synthetic landscapes

We assess the reliability of our methodology—which inherently assumes steady-state channel
incision—across a range of synthetic landscapes. These artificial terrains are generated using the
stream power law and include varying degrees of deviation from pure detachment-limited steady
conditions by incorporating sediment transportation, hillslope diffusion, orographic
precipitation, spatial variations in erodibility, and temporal changes in rock uplift rates, as
described in detail in the following section(e.g., Leonard & Whipple, 2021; Merritt et al., 2003;
Roering et al., 1999, 2001; Whipple, 2009).

4.1 Generating synthetic landscapes

We model synthetic terrains, incorporating both fluvial and hillslope erosion along with
deposition dynamics based on the CIDRE model framework defined by (Carretier et al., 2016). In

this framework, elevation z varies in time such as

dz ] . ; . -
13.E=df—ef+dh—eh+U(x)
where df is the fluvial deposition rate, e'f the fluvial incision rate, dh the hillslope diffusion flux,
€y, the hillslope erosion rates and U(¥X) is the imposed tectonic uplift. The fluvial component
relies on a formulation originally developed by Davy & Lague (2009) where erosion and sediment
entrainment are functions of stream power and sediment transport deposition. The hillslope laws

are a hybrid between linear and non-linear landscape diffusion models, reproducing both end-

members by separating the erosion and deposition processes. The erosion term is linear to the
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slope, while the deposition term encompasses the non-linearity function of the critical slope (see
Carretier et al., 2016 for full details). Both feed and deplete a sediment flux — that we report as
the flux entering each cells in this manuscript.

We use an explicit finite difference numerical scheme to solve equation (13) where spatial
discretization is done along a 100 X 100 km regular 2D grid with 400 m spacing in the x and y
directions. We use different graph theory algorithms to organize our nodes into an upstream to
downstream topological order (see Gailleton et al., 2024 for full method description) and use the
carving algorithm of Cordonnier et al., (2019) to resolve local minima. We use a time step of 500
years and run the synthetic models for 5 million years to ensure the landscape reaches a
topographic steady state, with less than 1 meter of mean elevation change between consecutive
time steps. Lastly, we usen = 1,m = 0.45, consistent with typical values observed in natural
landscapes (Gailleton et al., 2021), and set the base uplift rate, U, to 1.2 mm - yr~1 which lies
within the range observed in forearc landscapes (e.g., Burbank et al., 2003; Gallen et al., 2023;
Godard et al., 2014; Herman et al., 2010; Melnick, 2016). The erodibility coefficient K is setto 2 -
107> m®%yr~1 to produce approximately 1 km of maximum relief in our synthetic landscape,
roughly the average relief in the normal fault landscapes we analyze. Lastly, we parameterize

the imposed tectonic uplift field using an asymmetrical 2-D Gaussian function:

14.U(x,y) = Uy -exp [—a(x — xo) + 2b(x — x,)(y — ¥o) + c(y — y0)?]

cos2B) sin2(F) sin(2 sin(2 sin2(F) cos2(P) . .
Where a = —+—,b = — (f)+ (ZB),C = ———+—=—, [ is the azimuth of
20% 20y, 40y 4oy 20% 20y

the long-axis of the Gaussian, x,, o, and y,, o, are the center and width of the gaussian along

the x and y directions, respectively.

4.2 Inversion of synthetic landscapes

We apply our inversion scheme on synthetic landscapes corresponding to the final step of
our numerical simulations and select the 8000 most downstream nodes from the largest
catchments to guarantee our inversion outputs are not secondarily influenced by the number of

observations (z,ps). To mimic the uncertainty in real elevation data we add noise using randomly
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sampled values from a normal distribution centered around O with standard deviation, &, of 10
m. We then apply our inversion method to the resulting landscapes and evaluate its performance
by comparing the inverted uplift and elevation (eq. 8) to the imposed uplift and the measured

synthetic elevation at the final time step, using the root mean square (RMS) misfit:

1
15.RMS = [AZ,(a] - a2
Where q] is inverted value /, q;"* measured (or imposed) value i and N total number of

measurements in the dataset.

4.3 Results

4.3.1 Detachment-limited scenario

We first test our inversions by generating two exclusively detachment-limited synthetic
landscapes. The first landscape is subject to a pattern of rock uplift that decreases exponentially
from west to east (x-axis), and is uniform along the y-axis (1-D case;Fig. 2A1) while the second
landscape experiences a 2D-varying uplift pattern based on an ellipsoidal function (Fig. 2A2;Table
S1; Fig. S1). We simulate the evolution of these landscapes until they reach steady state then
apply 3 inversion approaches: (1) 1D inversion applied to the 1-D uplift landscape, (2) 2-D
inversion applied to the 2D uplift landscape (see section 3.1.2), and (3) inversion for landscapes
constants assuming uniform rock uplift for both cases.

Both our 1-D and 2-D inversions that account for varying rock uplift perform well,
retrieving landscape constants (Figs. 2B1 & B2) and uplift patterns that are nearly identical to the
imposed ones (Figs. 2A1, 2A2, 2C, and 2D). The RMS error between the inverted and imposed
uplift is 0.01 for both the 1-D and 2-D cases, indicating that the inferred uplift closely matches
the imposed uplift signal across the 8,000 river nodes used. Additionally, the inverted elevation
closely mirrors the true elevation, with discrepancies primarily reflecting the introduced noise, €,
resulting in an RMS error of approximately 10 meters (Fig. 2B1 & 2B2). This accuracy is further
illustrated by the near-linear shape of the final river elevation profiles in y,xq-space, where

scatter around the linear trend reflects the added noise (Fig. 2C). In contrast, the inversion



330
331
332
333
334
335
336
337

338

339

340
341
342
343
344
345
346
347
348

349
350
351
352
353
354
355

356

assuming uniform rock uplift returns RMS values that are 3-7 times higher and fails to accurately
determine landscape constant m,n and a, (Figs. 2B1 & B2).

This successful recovery is unsurprising, given that the landscapes were generated using
the detachment-limited model which underlies our forward modeling. In this idealized setup,
testing mainly verifies that the forward and inverse models are implemented consistently.
Once we have established this, we proceed to test the limitations of our inversion approach by

challenging the assumptions it relies on.

4.3.2 Scenarios deviating from the Detachment-limited endmember

4.3.2.1 Sediment transport length

We apply our inversion scheme to synthetic landscapes featuring varying degrees of
sediment deposition, hillslope diffusion, orographic effects, spatial variations in erodibility, and
temporal changes in uplift rates. For the sediment deposition case, we generate 20 identical
landscapes that vary only in their characteristic sediment transport length, which controls the
distance over which sediments are deposited. Low values, characteristic of harder-to-mobilize
sediments, produce transport-limited behavior, whereas high values, typical of systems where
sediment is evacuated efficiently, lead to detachment-limited conditions. In natural settings, this
parameter primarily reflects sediment grain size, with coarser sediment corresponding to shorter

transport lengths (e.g., Carretier et al., 2016;Davy and Lague,2009, Merritt et al., 2003).

For transport lengths larger than 1 km, our inversion accurately recovers landscape
parameters with RMS elevation and uplift values comparable to the noise we added, ¢ (Figs. 3A1
& 3B1). Landscapes characterized by transport length smaller than 1 km generate greater relief
owing to the additional sediment deposition. Consequently, inverting these models yields less
accurate inversion results, with RMS values 5 to 30 times higher for both elevation and uplift
(Figs. 3A1 & 3B1). Interestingly, even as the landscape deviates significantly from the

detachment-limited case, the inversion aims to maintain the imposed % ratio, capturing this

"detachment-limited property" of the landscape (Fig. S2).
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4.3.2.2 Diffusion

To test the effect of hillslope diffusion on our inversion, we model and invert 50 landscapes, each
employing a distinct diffusion parameter controlling topographic dispersion across the
landscapes (Carretier et al., 2016). For diffusivities smaller than 1072 m? - yr~1 the inversion
retrieves the imposed landscape parameters with negligible RMS misfit, indicating agreement
between retrieved and imposed parameters (Fig. 3A2). For diffusivity values of 1072 — 10~ 1m? -
yr~1, the retrieved rock uplift exhibits pronounced uncertainties but still captures the original
signal (Fig. 3B2). For diffusivities > 1072 m?2 - yr~1, the river network ceases to resemble a
typical mountain drainage system (Fig. S3) and fails to produce continuous channels in the center
of the domain. This is reflected in the poor performance of the inversion showing RMS values 10-

30 times higher than base RMS level (Fig. 3A2).

4.3.2.3 Precipitation

Spatial variability in climatic conditions can also significantly influence landscapes (e.g.,
Molnar & England, 1990), particularly in mountain ranges with orographic precipitation on the
windward flanks and drier conditions on the leeward sides (e.g., Bookhagen & Burbank, 2010).

To incorporate this effect into the evaluation of our synthetic models , we index precipitation on

z

elevation using the equation P(z) = Pye "o, where Py is precipitation at sea level, Z elevation,
and h, a reference elevation (Hergarten & Robl, 2022). To reflect reduced rainfall along the lee
side of the landscape we reduce the h, value there, effectively generating uneven precipitation
P(x,z) (e.g., Figs. 3B3, S3D1 and S3D2). We then simulate 50 landscapes using the effective
volumetric discharge A, (eq. 8), modulated by precipitation P(x,z) with each terrain
characterized by a distinct h.

Our inversion assuming that water discharge simply scales with only drainage area (A)
accurately recovers landscape parameters for h, < 0.5km. For h, values above 0.5 km, retrieval
inaccuracies increase, worsening with larger values (Figs. 3A3 & 2B3). However, when we use 4,
(eq. 8) in our inversion, it accurately retrieves the correct landscape parameters, effectively

determining elevation, uplift (Fig. 3A3), and m, n and a, (Fig. S4). The ability of our inversion to
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accurately retrieve landscape parameters is particularly noteworthy given that A, undergoes
significant changes as the landscape evolves with time and we use the values from the final

timestep.

4.3.2.4 Lithology

Lithology is an additional spatially variable parameter influencing landscape evolution.
We explore its significance by modeling 50 landscapes each featuring a 20 km wide zone with low
erodibility,K;,  varying by up to an order of magnitude from the background erodibility, K}, 2 -
107>m%°yr~1 . The sharp change in erodibility results in landscapes with two distinct

topographic highs: one aligned with the imposed uplift pattern and another associated with the

low erodibility zone where the ratio of altitudes between these peaks is linked to % (e.g., Figs.
b

3B4, S5D1 and S5D2).

For % > 0.5 our standard inversion performs well, almost unaffected by the addition of
b

a stronger rock section (Fig. 3A4). However, for % < 0.5, the standard inversion scheme
b

struggles to accurately capture the current properties of the landscape, and the retrieved uplift
values reflect the region of lower erodible domain rather than the imposed uplift field (Fig. 3A4).
However, when we invert for erodibility (see section 3.1.3) as well as U*, m,n and a, the
inversion scheme excels in accounting for elevation and uplift pattern (Figs. 3A4 and S5). In
addition, the recovered and imposed erodibility ratio show good agreement (Fig. 3A4) suggesting

that our inversion scheme is capable of accounting for spatial changes in rock erodibility.

4.3.2.5 Rock uplift rate

To investigate the impact of non-steady rock uplift rates, we bring a detachment-limited
landscape to a steady state and then instantaneously increase the uplift rate by a factor of three,
similar to observed changes in uplift history along normal fault systems (e.g., Goren et al., 2014;
Smith et al., 2024). We proceed to simulate the landscape for an additional 1.6 million years until
it reaches a new equilibrium (calculated using equation (3) ;Fig. S6) and invert landscapes
snapshots retained at intervals of 0.1 million years.

Our inversion responds to the step change in rock uplift rate with a minor increase in RMS

values for the retrieved elevation. Conversely, the inversion shows greater deviations in the
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recovered uplift pattern and in the m,n and a, values than in elevation (Figs. 3A5, 3B5 & S7).
This is because the inversion effectively compensates with adjustments in other parameters to
return accurate elevation values. This illustrates the challenge of determining whether a natural
landscape is in steady state based solely on elevation misfits. After about half the time needed
to reach equilibrium, the inversion returns values that align with the imposed parameters (Fig.
3A5). This stabilization in parameter retrieval is clearly illustrated by a, values (incorporating the
updated U,value) which reach their new steady-state levels approximately 0.8 million years after
the step change. We attribute the inversion's ability to retrieve the imposed values before the
entire landscape reaches steady state to the fact that a significant portion of the landscape is
already in equilibrium, with only the upstream sections of rivers still in transition. This is
evidenced by the large misfit values at the river tips, which, unlike in steady-state conditions, are
more evenly distributed across the landscape (Fig. S8). We note that we observe a similar pattern
in landscapes subjected to temporal changes in uplift pattern over a given time period (Text S2

& Fig. S9).

5 Application to natural landscapes

5.1 Selection of sites

To test the real-world applicability of our inversion scheme, we apply it to both divergent and
convergent tectonic settings. For the divergent setting, we analyze six landscapes shaped by
normal faults, where our understanding of the crust's flexural response to faulting provides a
reliable test bed for assessing our inverted uplift patterns. For the convergent setting, we focus
on a well-studied, approximately 200 km-wide section of the Himalayas and compare our results

to previous rock uplift estimates derived from geomorphological markers.

5.1.1 Landscapes shaped by normal faults
We apply our inversion methodology to natural landscapes shaped by half-graben border

faults, where fault offsets on the order of several kilometers flex the brittle upper crust,
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producing a 1D rock uplift field that exponentially decreases with across-strike distance from the
fault (Fig. S10; Weissel & Karner, 1989). Thicker and stronger faulted layers typically result in
longer uplift decay lengths extending farther into the footwall. This relatively simple pattern
makes such settings appealing benchmark cases and has been leveraged in previous geomorphic-
tectonic studies (e.g., Goren et al., 2014; Ellis & Barnes, 2015). In addition, we have already shown
that our inversion framework can accurately recover similar exponential decay behavior in
synthetic landscapes (Figs. 2A1, S11; Text S3). As a result, recovering similar trends in natural
landscapes, consistent with the expected flexural response, would provide additional support for
the validity of our approach.

To this end, we study six landscapes with varying faulted layer thicknesses (Table S2; Olive
et al., 2022): The Paeroa Range (Paeroa fault ,New Zealand), Sandia Mountains (New Mexico,
USA), Wassuk Range (Nevada, USA), Wasatch Range (Utah, USA), Lehmi Range (Lehmi Fault,
Idaho, USA), and Kipengere Range (Livingstone Fault, Lake Malawi, Tanzania). We analyze river
sections located far from fault tips (Densmore et al., 2007; Ellis & Barnes, 2015), ensuring that
rock uplift is predominantly a function of distance from the fault, allowing us to use the faster 1-
Dinversion (see section 3.1.2). We also demonstrate the applicability of our 2-D inversion scheme
by applying it to the Lemhi range where the uplift pattern is well-documented and has been
shown to diminish southward (Fig. S10; Densmore et al., 2007).

We include erodibility variations for the Sandia mountains and Wasatch Range, as these feature
distinct lithological domains (Bryant, 1990; Williams & Cole, 2007), which may result in spatially
variable erosional properties (Figs. 4C2,5). We assume uniform erodibility in other studied
landscapes as these exhibits relatively uniform lithology. Finally, we account for climatic effects
in all landscapes by computing river discharge A, using eq. (8), based on the average spatial
distribution of Global Precipitation Measurement (GPM) over the past 22 years from June 2001-
2023 (Huffman et al., 2015). We note that by relying on modern satellite-derived precipitation to
compute Ay (x), our analysis assumes that spatial rainfall patterns have remained effectively
constant since the landscape reached a quasi-steady state. However, climate fluctuations, such

as those during the Pliocene—Pleistocene (e.g., Lisiecki & Raymo, 2005) could have produced
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discharge patterns different from today’s, and the inversion results derived under modern-

climate assumptions may fall outside the uncertainty intervals presented here.

5.1.2 The Himalayas

We apply our inversion scheme to a well-studied, approximately 200 km-wide section of
the Himalayas, where previous studies have identified relatively high rock uplift rates occurring
around 100 km from the main Himalayan thrust, with slower uplift rates observed farther away
(Burbank et al., 2003; Dal Zilio et al., 2021; Godard et al., 2014; Herman et al., 2010; Lavé &
Avouac, 2001; Meade, 2010). We exclude the Siwalik Hills from our analysis as rivers in this region
are not predominantly detachment-limited. We also omit Tibetan endorheic catchments north
of the Himalayan water divide, as these require separate, higher base levels, which would limit
the spatial extent of our analysis.

Our inversion accounts for four distinct erodibility sections, delineated by the main
lithological units in the area (Fig. 6C; Carosi et al., 2018). Similarly to the normal fault cases we
incorporate climatic patterns in the Himalayas (e.g., Bookhagen & Burbank, 2010), by computing
river discharge A, using eq (8), based on GPM satellite products in the past 22 years (Fig. 6D;
Huffman et al., 2015).

5.2 Inversion of natural landscapes

We use 30 m-DEM of landscapes obtained by the Shuttle Radar Topography Mission (Farr
et al., 2007) . We extract nodes (pixels) corresponding to major rivers, defined as those draining
areas larger than a set threshold and above a set base level elevation (Table S2). These thresholds
are carefully selected to balance computational efficiency for the inversion calculations with an
accurate representation of the landscape’s fluvial sections. For landscapes shaped by normal
faults, our aim is to include river nodes that cover the entire decay length of the fault-induced
uplift. However, this is often complicated for river nodes near the fault, typically located on
hanging wall-facing cliffs that drain small areas or lie underwater. Consequently, we calculate the

rivers’ distance from the outlet, drainage area, and elevation (O’Callaghan & Mark, 1984), and
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rotate their geographical coordinates to align with an along-fault strike and across-fault strike
coordinate system. We estimate their connectivity and flow path using the steepest descent
algorithm (O’Callaghan & Mark, 1984).

We compute multiple inversion scenarios for each landscape, varying the number of B-
spline nodes, ensuring the distance between B-spline nodes is at least 5km (Text S1). We report
the inversion that minimizes the Akaike Information Criterion (AIC) (Akaike, 1974; Bishop, 2006).
The AIC includes a penalty term to prevent potential overfitting caused by the addition of
superfluous parameters to the model (Text S4). We also assume an elevation uncertainty of 30
meters, a value that has been deliberately increased from the reported SRTM dataset
uncertainty. This additive inflation addresses our model’s limitations in capturing detailed terrain
features, as highlighted in the synthetic inversion cases. Employing such an approach is common
practice across various parameterizations in physical modeling, aiming to better represent the

inherent uncertainties without exhausting every detail (e.g., Anderson, 2007).
5.3 Results

5.3.1 Landscapes shaped by normal faults

We apply our 1D inversion to five landscapes (Figs. 4C1-5) and recover the dimensionless
rock uplift pattern (Figs. 4A1-5) that best minimizes the misfit between real and modeled
elevation (evaluated by RMS values) and the scatter of river profiles in y;kq space (Figs. 4B1-5).
We highlight that to convert these dimensionless uplift patterns to physical units, we must
specify a reference erodibility constant K, and use the inverted value of ag. However, since K|, is
often poorly constrained in natural settings, we report rock uplift patterns in dimensionless units
(see sections 2.2 and 3.2).

In all five normal fault cases, the rock uplift pattern decreases with distance from the fault
along the footwall, consistent with the results from our synthetic landscape experiments (Figs.
2A1 and S11). In fact, when we fit our recovered rock uplift and to an exponentially decaying
function (e‘x/“b) the fitted wavelengths , a;, correlate with the thickness of the brittle faulted
layer, T,, (Fig. 4D) as constrained by the maximum depth of recorded seismicity (Arabasz et al.,

2016; Olive et al., 2022; Table S2). This correlation appears consistent with the theoretical

1
relationship, a; « Teg/4 , although we note that our inferred scaling coefficient amounts to 2 m#
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1
which is significantly smaller than the suggested 40 m+ coefficient by elastic flexure theory and

typical lithospheric properties (Text S5). This order-of-magnitude inconsistency has also been
observed in the Inyo Mountains (Anders et al., 1993; Bechtel et al., 1990; Goren et al., 2014;
Lowry & Smith, 1994) and likely reflects the effects of inelastic deformation and isostatic
adjustments driven by erosion and sediment redistribution—processes not accounted for in the
idealized flexure models (Buck, 1988).

The well-studied Wasatch Range landscape provides an additional test case for our method
due to the availability of independent thermochronological data that record denudation rates
(e.g., Armstrong et al., 2003; Smith et al., 2024; Stock et al., 2009). We compare the uplift pattern
retrieved by our inversion—both including and excluding spatial variations in erodibility—to the
inverse of apatite fission-track ages (Armstrong et al., 2003), which serves as a first-order proxy
for denudation. While these ages would require more rigorous conversion to yield quantitative
denudation rates, both comparisons show first-order agreement, with rock uplift rates
decreasing away from the fault over a wavelength similar to that recovered in our inversion (Fig.
4A2). We note that while the uplift pattern recovered without accounting for erodibility appears
to align more closely with the thermochronological trend, we do not assign specific significance
to this match, as the inverse of age provides only a first-order approximation and should not be
overinterpreted. More importantly, our inversion captures the position of the most recent
flexural hinge zone, approximately 17-20 km from the fault, consistent with independent
structural and geomorphic interpretations (Armstrong et al., 2003).

The erodibility values recovered by our inversion across the five major lithologic units in
the region (Bryant, 1990; Armstrong, 2003) generally fall within the same order of magnitude,
with one notable exception (Fig. 4C4). The undifferentiated Tertiary section in the northeast—
composed primarily of weak, fine-grained, and poorly cemented fluvial and lacustrine
sediments—stands out with an erodibility value nearly seven times higher than the others. Our
estimates for the remaining units are broadly consistent with previous findings. For example,
Smith et al. (2024) reported that the rock section in Big Cottonwood Canyon is approximately
0.75 as erodible as that in Little Cottonwood Canyon, aligning with our result that the

Precambrian unit is about 0.85 times as erodible as the Tertiary unit (Fig. 4C4).
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The Sandia Mountains offer an additional case to test how our inversion performs when
accounting for spatial variations in erodibility. Inversions assuming uniform or variable erodibility
yield similar uplift wavelengths, but the uniform-erodibility model produces an unrealistic high
in the rock uplift field approximately 7 km from the fault coinciding with the presence of
limestone (Fig. 4A2, blue line). Allowing erodibility to vary based on local lithology yields a more
realistic rock uplift pattern that decays smoothly with distance from the fault (Fig. 4A2, purple
line), reduces scatter in yykq values (Fig. 4B2), and reveals that the Sandia granite is 2.2 times
more erodible than the overlying Madera Formation limestone (Fig. 4C2). This results from the
reduced erosion by overland flow on permeable limestone combined with a semi-arid
environment further inhibiting chemical weathering (Ott et al., 2023). Because limestone is
effectively less erodible than granite, erosion proceeds more slowly preserving greater
topographic relief for a given amount of rock uplift. If the inversion does not account for the
erodibility contrast, it compensates by assigning artificially high uplift in the regions associated
with low erobdailty (Fig. 4A2). This is nicely captured by the synthetic experiments where a low
erodibility region yields a local high relief and unrealistically high inverted rock uplift (Fig. 3B4,
section 6.1).

We highlight that our inversion method is designed to recover the coefficients controlling
the B-spline knots, which can be used to describe rock uplift not only along the rivers utilized in
the inversion but also across all catchments feeding those rivers (see section 3.5.1). While this
capability is demonstrated in the 1D inversion cases (Figs. 4C1-5), its true strength lies in
capturing complex spatial attributes across two dimensions. For example, our 2-D inversion for
the Lemhi landscape captures the spatial variations in rock uplift expected near the tip of a
normal fault within the Lemhi Range. It shows diminishing uplift within 10 km to the fault tip (Fig.
5A), aligning with previously documented kg, values in the region (Densmore et al., 2007), and a
general decrease in uplift with increasing distance from the fault axis (Fig. 5C). These
observations demonstrate our model’s ability to retrieve two-dimensional variations in rock
uplift. We note, however, that the apparent increase in rock uplift in the northernmost part of
the domain may reflect over-interpolation by the inversion due to the sparse river network in

that region (Fig. 5C).



585
586
587
588
589
590
5901
592
593
594
595

596
597

598
599
600
601
602
603
604
605
606
607
608

609
610
611

Lastly, similar to our synthetic landscapes (Figs. 2, S2-5), inverting for uplift patterns yields
RMS values that are 2-3 times better than those assuming a uniform rock uplift pattern. This is
visually supported by the tight alignment of y;, values around the recovered ag particularly in
the Wassuk range case where yygq values that do not account for uplift gradients form three
distinct branches in contrast to the neatly aligned y k¢ values for the inversion that accounts for
uplift variations (Fig. 4B3). Additionally, the average recovered m/n ratio is closer to 8 = 0.45, a
value considered typical for natural landscapes ( Gailleton et al., 2021; Mudd et al., 2014; Snyder
et al.,, 2000). The Wassuk Range shows relatively large deviation with an m/n ratio of 0.22.
However, when we invert the landscape while fixing n=1 and m=0.45 we recover an uplift pattern

resembling the original with an RMS value larger by 1.4 (Fig. S12).

5.3.2 The Himalayas

We apply our 2D inversion scheme to a 200km wide region of the Himalaya (Fig. 6A),
account for modern day precipitation rates (Fig. 6E) and four erodibility values which reflect the
major lithological units in the region(Fig. 6D). Our recovered rock uplift pattern reveals a distinct
region of uplift approximately 100 km N-NE of the main frontal thrust, extending from the eastern
to the western end of the study area (Fig. 6A). This result is consistent with previous estimates
showing similar uplift position and wavelength(Fig. 6G), based on fluvial terraces, channel
geometry (Lavé & Avouac, 2001), °Be concentrations in detrital sediments (Godard et al.,
2014), Apatite Fission track derived denudation rates (Burbank et al., 2003) and thermokinematic
models (Herman et al., 2010). We also identify a second uplift peak near the frontal thrust on
the southwestern end, though sparse river coverage and higher uncertainty (Fig. 6C) limit

confidence in this interpretation.

In contrast to the Sandia Mountains (Fig. 4A2), where erodibility values exhibited
significant contrast and strongly influenced the inverted uplift patterns, the recovered erodibility

values in the Himalayas (e.g., Fig. 6D) are relatively uniform, with values within one standard
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deviation of each other (Table S3). This suggests that spatial variations in erodibility does not play
a major role in shaping the landscape in this section of the Himalayas.

To assess the influence of climate patterns, we performed an additional inversion that
excluded the effects of variable precipitation. This inversion resulted in RMS values that were
higher by a factor of 1.3 (Fig. 6B), but revealed similar overall features, including a rock uplift
peak extending from east to west (Fig. 6F). High precipitations on steep terrain are broadly co-
located with the zone of faster rock uplift (Fig. 6E, F & G), indicating that here, climate patterns

may not significantly modify the localization of erosion (e.g., Godard et al., 2014).

6 Discussion

6.1 Applicability and limits of the methods: Insights from synthetic landscapes

Our analysis of synthetic landscapes illustrates that hillslope diffusion and sediment
transport can reduce the accuracy of recovered rock uplift signals. While sediment transport
lengths from natural landscapes could, in principle, help identify where our inversion is likely to
succeed or fail, their large variability across grain sizes and even between nearby catchments
makes them difficult to constrain (e.g., Pizzuto et al., 2014). Thus, to reduce the effects of
sediment transport, we therefore prioritize catchments dominated by bedrock channels, where
the model assumptions are more likely to hold (e.g., Perron & Royden, 2013; Wobus et al., 2006).
Hillslope diffusion can also influence inversion accuracy, but our synthetic experiments suggest
that only very strong diffusion produces noticeable discrepancies between recovered and
imposed uplift (Fig. S3), yielding overly smooth topography that is typically recognizable and can
be excluded from the type of analysis we propose. We note, however, that our model assumes
uniform diffusion rates, which may limit its ability to capture real-world variability and assess
how such variability affects the recovery of uplift trends (e.g., Auzet & Ambroise, 1996; Bontemps

et al., 2020; Matsuoka, 1998).

In scenarios involving temporal changes in rock uplift, our synthetic landscape
experiments show that once more than half the time required to reach equilibrium has elapsed,

enough river nodes have adjusted to the new conditions as the uplift signal propagates upstream
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(Fig. S8), allowing the inversion to reliably approximate the underlying uplift field(Fig. 3A5). In
our simulations, temporal changes are modeled as instantaneous steps while in natural settings,
these variations may unfold over extended periods. For example, Smith et al. (2024) used river
profiles along the normal fault-bound Wasatch Range, demonstrating that rock uplift rates
fluctuate temporally up to threefold within as little as 400 ky suggesting that the landscape may
never achieve quasi steady state. When we model changes in uplift rates over comparable
durations, our inversion method successfully recovers uplift patterns closely resembling the
imposed ones (Text S6; Fig. S13), despite the landscapes being far from steady state. This echoes
our findings from instantaneous step changes experiment (Fig. 3A5), confirming that even when
landscapes are not in steady state, the inversion can retrieve rock uplift patterns that mirror the
imposed ones. This likely indicate that our extracted value of a, reflects a time-averaged value
and an uplift pattern that track the tectonic signal, owing to the nature of the y, ko framework,
which allows for a more integrative treatment of the river network compared to local metrics

such as kg,

Our synthetic experiments testing the effect of temporal changes in the spatial pattern of
rock uplift (as opposed to changes in uplift rate described above) show that when these changes
are gradual and slower than ~6 Myr (or generating topography at < 0.17 mm - yr=1), the
method typically captures the imposed uplift patterns (Text S7; Fig. S14). We note, however, that
the application of our threshold to natural landscapes is not straightforward, as it depends
nonlinearly on factors such as erodibility, concavity, and the specific nature of the uplift change
(e.g., Royden & Perron, 2013). That said, temporal changes in the spatial pattern of uplift, for
instance those associated with shifting fault dip, probably evolve slower than changes in uplift
rate. For example, modifications in fault dip or orientation typically unfold over million-year
timescales (Armstrong et al., 2003; Olive & Behn, 2014; Oryan & Buck, 2020), an order of
magnitude slower than the timescales over which changes in uplift rate can occur (e.g., Smith et

al., 2024).

In scenarios where the imposed and recovered uplift patterns diverge (Fig. 3B), discrepancies

arise because our forward model interprets all topographic signals on the basis of steady-state
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detachment-limited incision, attributing them to variations in rock uplift. With sediment
transport, for example, the additional relief produced by deposited material is interpreted by the
inversion as faster uplift rates (Fig. 3B1). Under strong diffusion, the effect is less apparent:
elevation increases in some regions and decreases in others, so the overall pattern remains close
to the imposed one but with a broader spread of uncertainty (Fig. 3B2). When uplift rates change
through time, the inversion recovers artificially fast uplift at the domain edges, where the
landscape has already reached steady state and accumulated excess relief, while assigning slower
uplift in the interior where knickpoints have not yet propagated (Fig. 3B5). Similarly, when spatial
variations in topography or precipitation are imposed, regions of additional relief are again
misinterpreted as areas of faster uplift (Fig. 3B4-5). Despite these challenges, we demonstrate
that the inversion can account for variations in precipitation and erodibility. This is important
because it disentangles climate and erodibility from tectonics, unlike widely used metrics such as
kg, (e.g., Castillo et al., 2014; Densmore et al., 2007; Ponza et al., 2010; Su et al., 2017), which

cannot directly separate the effects of erodibility from uplift.

6.2 Performance on natural landscapes

Our one-dimensional inversion across five normal-fault landscapes demonstrates that the decay
wavelength of rock uplift largely correlates with brittle upper-crust thickness (Fig. 4D), in line with
classical elastic-flexure theory (e.g., Goren et al., 2014; Nadai, 1963; Weissel & Karner, 1989) and
with thermochronological constraints in the Wasatch Mountains. Extending to two dimensions,
our Lemhi Range inversion largely reproduces uplift patterns inferred from steepness-index kg,
analyses. In the Himalayas, our 2D inversion reveals a broad uplift peak ~100 km north of the
main frontal thrust—consistent with previous estimates from terraces, channel geometry,

thermochronology, and 1°Be data.

6.2.1 Limitations of the inversion
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In spite of the inversion success our method carries a number of limitations. As we stressed
before one underlying assumption embedded in our inversion mechanism is that the landscape
is in steady state. In reality, some features of the recovered uplift profiles may reflect past
temporal fluctuations in rock uplift rather than purely spatial variations (see Text S7; Fig. S14).
Disentangling these signals presents a compelling challenge. Fortunately, the Himalayas offer a
wealth of geomorphic markers that constrain uplift and denudation over a wide range of
timescales including rock uplift estimates from river-profile analyses (Lavé & Avouac, 2001),
10Be concentrations in fluvial sediments (Godard et al., 2014), fission track apatite derived
denudation rates (Burbank et al., 2003), and thermokinematic modeling (Herman et al., 2010).
Together, these data span from thousands to millions of years and consistently indicate a peak
in uplift approximately 100 km north of the Main Frontal Thrust (Fig. 6G). The convergence of
these spatial patterns across timescales reinforces the persistence of the tectonic signal and
suggests that, at least within our study region, the Himalayan landscape may be approaching a
guasi-steady state.

In the case of landscapes shaped by normal faulting, only the Wasatch Range offers
constraints on uplift history. Smith et al.(2024) used river network inversions to capture the
temporal (ignoring spatial) evolution of rock uplift in the area. They documented substantial
fluctuations in Pleistocene rock uplift rates, with up to fivefold changes over intervals as short as
400 kyr. Despite this temporal signal in the landscape, our inversion recovers rock uplift patterns
that align with available denudation estimates (Fig. 4A4). This result is consistent with our
synthetic landscape experiments, where temporal fluctuations in rock uplift produced only
modest distortions in the recovered rock uplift field (Fig. 3B5). Even though we lack similarly
detailed temporal constraints for the five other normal fault landscapes analyzed, studies of the
Inyo fault suggest more modest variations in uplift history (Goren et al., 2014). If we treat the
Wasatch landscape as an upper bound on the rate of uplift fluctuations, this suggests that our
remaining results may not be strongly biased by temporal variability and can recover first-order
spatial patterns of rock uplift.

While we generally recover rock uplift patterns that align with denudation rates and the

first-order flexural wavelength, several of our normal fault inversions display secondary
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undulations that pure elastic flexure cannot explain (Nadai, 1963; Weissel & Karner, 1989). In the
Paeroa and Wassuk Ranges, we observe a subtle uplift bump at the distal end of the fault, and in
Malawi, fluctuations in inferred rock uplift extend as far as 30 km from the fault. These secondary
signals occur far from the fault, in areas where the landscape is characterized by lower
topographic relief. This pattern suggests a transition from detachment-limited incision to a
regime dominated by sediment deposition and hillslope diffusion. For example, in Paeroa,
lowering the base level by just 20 meters produced a more pronounced uplift bump at the
profile’s end, with RMS misfits increasing by a factor of 1.8. This behavior echoes our results from
synthetic landscapes, where active sediment deposition raises river elevation and yields apparent
uplift that exceeds the imposed rock uplift (Fig. 3B1). Unfortunately, in the Wassuk and Malawi
landscapes, we are unable to further raise the base level, as doing so would exclude channels
closest to the fault, where rock uplift gradients and signal-to-noise are likely highest.

In Malawi, we face an additional limitation: the broad width of the landscape means that
the original signal associated with fault formation may not have propagated to its outermost
catchments. Using our inverted m,n and a; parameters, along with estimates of average rock
uplift from fault displacement (Accardo et al., 2018) and apatite thermochronology (Mortimer et
al., 2016), we estimate that it would take approximately 25 million years for the tectonic signal
to propagate across the full width of the landscape (Eq. 3). Since the fault likely formed in the
early Miocene (Mortimer et al., 2016), this suggests that the far reaches of the Malawi landscape
may not yet fully reflect the tectonic forcing, limiting the accuracy of uplift estimates in these
regions.

Another limitation of our inversion arises from the use of B-spline functions to represent
spatial variations in uplift (Section 3.1.2). The number of B-spline knots influences the
smoothness and resolution of the recovered rock uplift pattern. We use the Akaike Information
Criterion (AIC) to select the number of B-spline knots, helping to prevent overfitting by limiting
the number of free parameters in the inversion. However, AlC-based selection depends on
assumptions about uncertainty in the forward model, a factor that is challenging to constrain in
natural landscapes. Furthermore, adequately sampling the full hyperparameter space of knot

configurations requires running a large number of inversions, which can be computationally
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expensive, especially in 2D settings. For example, in the Himalayan case, we explored this
hyperparameter space by running 121 separate inversion scenarios, each with a different number

of knots, totaling approximately 2,000 CPU hours.

6.2.2 The effect of erodibility and climate on landscape evolution

Our inversion method appears to recover consistent rock uplift patterns in landscapes even
when spatial heterogeneity in erodibility exists. In the Himalayas our inversion suggests that
erodibility does not play a major role in shaping the landscape, in agreement with Godard et al.’s
(2014) results, who showed that 1°Be denudation rates do not correlate with lithology. In the
Sandia Mountains, allowing erodibility to vary by lithology removes the artificial high produced
by the uniform-erodibility model and yields a smooth, fault-centered uplift profile. The inferred
erodibility ratio of approximately 2.2 between more erodible Sandia granite and more resistant
Madera Formation limestone explains why carbonate-rich regions erode more slowly and would
otherwise appear to uplift less when lithologic variation is not accounted for (Fig. 4A2). In the
Wasatch Range, our inferred erodibility (Fig. 4C4) aligns with values constrained in the Little and
Big Cottonwood catchments (Smith et al., 2024). It also shows that the Tertiary undifferentiated
unit, composed largely of poorly cemented sediments, is more erodible and causes our inverted
rock uplift profile to plot higher in comparison to the uniform erodibility case.

Another compelling advantage of our inversion scheme is that it can fold spatial rainfall
patterns directly into the forward model and assess, case by case, whether doing so alters the
inferred uplift field. Similarly to the normal fault landscapes the effect of climate is limited in the
Himalayas , where models that ignore climate still recover the same east-to-west uplift bulge (Fig.
6), consistent with thermochronological and cosmogenic data showing only a weak correlation
between denudation and current rainfall patterns in that region (Burbank et al., 2003; Godard et
al., 2014). This stands in contrast with the central Andes, where rainfall seems to play a more
dominant role in shaping the landscape (Leonard et al., 2023).

Ultimately, the degree to which erodibility, precipitation, and rock uplift influence

landscape form depends on their spatial contrasts and overlap. In the Sandia Mountains, the
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strong lithologic contrast and its alignment with the local rock uplift field make it essential to
include erodibility in the inversion to recover even the first-order pattern (Fig. 4A2). In contrast,
in the Himalayas, where high rock uplift are broadly co-located with rainfall, tectonic forcing

appears to be the dominant control on topographic form (Fig. 6).

6.3 Future applications of our method

The success of our method in recovering rock uplift patterns while accounting for climatic,
lithologic, and tectonic influences suggests it can be extended to other settings where long-term
uplift rates are poorly constrained. In particular, it offers a way to untangle these overlapping
signals and address the long-standing question of the relative roles of tectonic forcing, climate,
and erodibility in shaping orogenic regions such as the Andes and Himalayas. (e.g., Leonard et al.,
2023; Montgomery et al., 2001; Whipple, 2009; Molnar & England, 1990). Another potential use
of our method is its ability to recover long-term uplift trends from forearc landscapes. Recent
studies have shown that geodetically locked regions of subduction megathrusts (e.g., Lindsey et
al., 2018; Oryan et al., 2023; Steckler et al., 2016), systematically correlate with long-term uplift
patterns recorded in forearc terrain shaped over thousands of years (Jolivet et al., 2020; Madella
& Ehlers, 2021; Malatesta et al., 2021; Meade, 2010; Oryan et al., 2024; Saillard et al., 2017). This
suggests that our inversion method could help leverage these time-averaged landscape signals

to infer persistent and spatially variable , patterns of plate coupling over geomorphic timescales.

7 conclusion

We present a yyko based Bayesian inversion method that recovers nondimensionalized,
spatially variable rock uplift and relative erodibility directly from the elevation profile of river
networks, separating tectonic, climatic, and lithologic signals. Through synthetic experiments
spanning sediment transport ,hillslope diffusion, precipitation gradients, lithologic contrasts, and

time-variable uplift, we show that the method consistently reproduces imposed uplift fields, even
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when landscapes deviate from the ideal detachment-limited endmember. Applied to natural
landscapes, our inversion recovers exponential footwall decay consistent with normal-fault
flexure, with wavelengths scaling with brittle-crust thickness, and reveals a broad uplift high ~100
km north of the Main Frontal Thrust in the Himalayas, consistent with independent geomorphic
and thermochronologic constraints. Together, these results demonstrate that fluvial topography
can vyield first-order, spatially resolved uplift fields, providing a transferable framework to
interrogate the interplay of tectonics, climate, and lithology in shaping landscapes over 103-10°-
year timescales. More broadly, our study shows that landscapes themselves can serve as
guantitative records of long-term tectonic forcing, offering a new way to probe and isolate crustal

deformation signals using only digital elevation models that are readily available.



Variable Description First
introduced
z Elevation. 1
t Time. 1
u Rock uplift rate. 1
E Bedrock erosion (incision) rate. 1
A Drainage area. 1
K Erodibility. 1
m, n Exponents controlling area—slope dependence of erosion rate 1
c Celerity of upstream-propagating knickpoint. 2
T Travel time for a knickpoint from base level. 3
0 Concavity index (= m/n). 4
ken Nondimensional channel steepness index. 4
a scaling coefficient in the x-integral solution. 5
X Upstream-integral coordinate (drainage-area weighted). 5
Ao Reference drainage area used to nondimensionalize A. 6
A* nondimensional drainage area. 6
Uy, K, Constant (in 6) or reference(in 7) values used to nondimensionalize U and K. 6
U K* Nondimensionalize uplift and erobdailty. 7
Xuk x adjusted for spatial variability in uplift (U) and erodibility (K). 7
P Spatially varying precipitation rate. 8
Ao Precipitation-weighted discharge rate 8
Ago Reference drainage area used to nondimensionalize 4. 8
Ap Nondimensional precipitation-weighted discharge. 8
Xuko x adjusted for spatial variability in uplift (U) and erodibility (K) and 2.2
Precipitation-weighted discharge (4,).
Zm Modeled river elevation along network from forward model. 9
Zobs Observed river elevation. 10
[0) L2-norm misfit (cost) between modeled and observed elevation. 10
D Inverted forward-model parameters (a;, m,n, U* and K*). 11
Cp observation covariance matrix. 11
Cy a priori covariance matrix of the forward-model parameters. 11
G Jacobian matrix of partial derivatives of the forward model evaluated at every 12

iteration .




df Synthetic fluvial deposition rate. 13
€r Synthetic fluvial incision rate. 13
en Synthetic hillslope erosion rates. 13
B Azimuth angle of the long axis of the imposed synthetic uplift field. 14
Xo» Vo Coordinates of the Gaussian center of the imposed synthetic uplift field. 14
Oy, Oy Widths of the imposed synthetic uplift Gaussian along the x and y directions, 14
respectively.
RMS Root mean square misfit. 15
€ Added synthetic noise level in elevations. 4.2
Py Precipitation at sea level for synthetic landscape experiments. 4.3.2.3
h, Reference elevation for synthetic landscape experiments. 4.3.2.3
K; Erodibility value assigned to the localized zone of reduced erodibility in the 43.2.4
synthetic landscape experiments.
K, Background erodibility value . 43.2.4
ap Characteristic wavelength of the exponentially decaying rock uplift pattern 5.3.1
away from a normal fault.
T, Thickness of the brittle (faulted) layer 5.3.1

819 Table 1 - Notation and Definitions of Parameters.
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823  Figure 1 — Illustration of a fluvially-incised landscape and its river networks. Left: Panels
824  depict the tectonic, lithological, and climatic factors shaping the landscape. Right: The river
825 network incising the landscape is described using three geomorphological frameworks, with the
826 lower panel showing the framework used in our approach. The magenta line represents the river
827  network recovered in y and y k¢ space.
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Figure 2 — 1D and 2D inversions of detachment limited synthetic landscapes. A — Landscape
elevation is shown by colors. Blue curves show river 8000 nodes used in the inversion with curve
thickness proportional to the drainage area. Marginal plots show average uplift along each axis.
Imposed rock uplift and 500 samples randomly drawn from the inverted rock uplift posterior
distribution are shown in red and grey, respectively. B — River nodes plotted in yygq space ,
derived from the mean inversion solution. Blue and grey denote inversion results accounting for
spatial variation in uplift and assuming uniform uplift, respectively. Magenta line shows inverted



838  slope ay. Cand D show imposed and inverted rock uplift solution for the 2D inversion case. Grey
839 lines mark river nodes used to constrain the inversion.
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Figure 3 — Inverted synthetic landscapes deviating from the detachment limited model showing
varying degrees of sediment deposition (1), hillslope diffusion (2), orographic effects(3), spatial
variations in erodibility(4), and temporal changes in uplift rates(5). A - RMS values for elevation
and rock uplift and normalized with respect to value obtained for the detachment limited
landscape (Fig 1). € denote the error we introduced amounting to 10m (See section 4.2). Grey
vertical line shows an example landscape described in panel B. B -Landscape Elevation. Blue lines
show 8000 river nodes used for the inversion with line thickness proportional to the drainage
area. Marginal plots show average rock uplift along axis. Imposed rock uplift is shown in red curve
and 500 samples randomly drawn from the inverted uplift posterior distribution and extrapolated
to the domain are shown in grey and orange colors. The inverted (magenta) and imposed (dashed

black line) kl/kb and a, are shown in panel A4 and A5, respectively. The x-axis in Panel A5

displays time in million years (top) and as a fraction of the time it takes for the landscape to reach
steady state(bottom).



1D Inverted landscapes shaped by normal faults
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Figure 4 — 1D inversions of five natural landscapes shaped by normal faults. A — Colored and
gray curves show the mean and 500 posterior samples rock uplift patterns derived from the
inversion solution, respectively. 8 denotes inverted m/n. Red markers in A4 are the inverse of
apatite fission track ages in the Wasatch Mountains (Armstrong et al., 2003). K, indicate the
inverted erodibility ratio of granite and limestone. B - Colored curves represent river nodes in
Xukq SPace obtained using mean inversion solution. Black line shows inverted slope a;. C—Mean
inverted uplift is shown within catchments draining to rivers (highlighted in white) used in the
inversion . C2 — Lithologic sections on either side of the black ridgeline (Williams & Cole, 2007).
C4 — Simplified lithologic section adapted from Bryant (1990).D - Brittle layer thickness (T,) and
inverted uplift wavelength (a;,) for each of the five 1D landscapes. The red curve shows the best-

fitting trend between «;, and Te3/4.
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2D inversion of the Lemhi Range (Idaho, USA) landscape

shaped by the Lemhi normal fault
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876  Figure 5 — 2D inversion of Lemhi range shaped by the Lemhi normal fault. A — mean inverted

877  rock uplift (orange curve) and 500 posterior rock uplift soultions (grey curves) shown along the
878  dashed black line in Panel C. Red markers show kg, values (Densmore et al., 2007). B - Colored
879  curves represent river nodes in yykqo space obtained using the mean inversion solution. Black
880 line shows inverted slope ay. 8 denotes inverted m/n. C — Mean inverted rock uplift is shown
881  within catchments draining to rivers (highlighted in white) used in the inversion. Dashed line
882  corresponds to the profile shown in A.
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Figure 6 — Inversion results for Himalaya landscape. A — Mean rock uplift pattern within
catchments of rivers used in the inversion, with rivers highlighted in white. Positions of
40Ar /3°Ar and 1°Be samples used to constrain incision rates are shown by colored dots. B —
Blue and red curves represent rivers in yykq space derived from the mean solution of inversions
that include spatially variable precipitation and uniform precipitation, respectively. Black line
marks the best fitting inverted slope a;. 6 denotes inverted m/n. C- Rock uplift standard
deviation estimated from 500 samples randomly drawn from the posterior distribution. D — Four
lithological sections (Carosi et al., 2018) used to constrain the spatial variability of inverted
erodibility values. Rivers are marked by white lines. E — Average precipitation used to constrain
river discharge A, (eq. 8). Rivers are shown by gray lines. F — best fitting rock uplift pattern for
the inversion assuming uniform rainfall. G— Gray curves represent 500 rock uplift patterns
randomly drawn from the posterior distribution along the dashed white line in panel A.
Denudation rates constrained by 1°Be (Godard et al., 2014), river profiles (Lavé & Avouac, 2001),



897  thermokinematic models (Herman et al., 2010) and Apatite Fission Track ages (Burbank et al.,
898 2003) are shown by colored curves.
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