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Introduction:  The recent identification of deep 

reflected phases in the seismic recordings of the 

InSight mission [1] as core reflected phases have led to 

the first seismic detection of the Martian core [2]. 

These results indicated that the core size of Mars spans 

the higher end of InSight pre-mission estimates, 

implying a large fraction of Sulfur in the core together 

with smaller fractions of O, C, and H. These fractions 

lie beyond the experimental petrological range [3]. In 

addition, the recent detection of P-diffracted phase [4] 

requires a significant reduction of seismic velocities in 

the deep mantle, which is difficult to explain with 

compositionally homogeneous mantle models [5].  
 The presence of a well-separated metallic core 

indicates that Mars experienced an early global magma 

ocean stage whose crystallisation likely led to the 

formation of a compositionally distinct layer at the 

bottom of the mantle [6]. Such a layer is expected to 

be heavily enriched in heat-producing elements and in 

iron, leading to long-term stability with little mixing 

between the layer and the overlying mantle. The 

presence of this enriched basal layer yields the 

development of partially molten and fully molten 

molten silicate layers above the core. The latter could 

act as a deep seismic reflector [7]. 

 

Objectives: We tested the compatibility of deep 

Martian mantle layering with InSight seismic [8] and 

geodetic [9] data along with other observational 

constraints. 

 

Approach: We conducted Monte Carlo Markov 

chain inversions in which the long-term thermo-

chemical history of Mars’ main envelopes is embedded 

into the forward problem (Fig. 1). Contrary to more 

classical approaches that directly invert for seismic 

velocities and density along a radial planetary profile, 

we explore a different model space that consists of 

parameters that govern the thermo-chemical evolution 

of Mars: the planetary initial thermal state, the core 

size, the mantle rheology, or the crustal enrichment in 

heat-producing element with respect to the mantle. For 

each model we evolve the system for 4.5 Gyr. The 

models predict present-day thermal structure  that are 

converted into seismic structures [10]. This approach 

allows for more consistent and better-constrained 

profiles than in classical inversions (Fig. 1), due to the 

more informative prior considered, and allows 

reconstructing the long-term history of the planet. 

Our inversion approach also considers an enriched 

silicate layer above the core-mantle boundary and we 

invert for the layer thickness and for its thermal 

conductivity. We used the most recent travel time 

dataset that contains considerably more shallow and 

deep phases (including ScS and Pdiff) compared to 

previous studies.  

 
Figure 1: Schematic representation of a classical [11] 

(left) and a geodynamic parameterization [10] (used here) to 

infer Mars’ seismic structure via Monte Carlo Markov chain 

inversion of seismic data. 

 

Altogether, this allows us to test the hypothesis of 

the presence of a molten layer above Mars' core, along 

with the associated consequences on the interpretation 

of seismic, geodetic, and geochemical data. 

 

Results: The presence of a Basal Mantle Layer 

(BML) yields a more complex seismic structure than 

the case of a compositionally homogeneous mantle 

(Fig. 2).  

 
Figure 2:  Inversion output for a compositionally 

homogeneous mantle (left) or a layered mantle (right). Top: 

 
Figure	 12	:	 Représentation	 schématique	 des	 inversions	 Bayésiennes	 considérées	 avec	 deux	
paramétrisations	distinctes	:	classique	(gauche)	ou	géodynamique	(droite).	L'approche	classique	
échantillonne	un	espace	de	vitesses	sismiques	le	long	d'un	profil	radial	alors	que	l'approche	
géodynamique	échantillonne	un	espace	constitué	de	l'état	thermique	initial	et	de	la	rhéologie	du	manteau	
pour	prédire	une	évolution	thermochimique	de	Mars,	et	en	déduit	les	profils	de	vitesses	sismiques.	Dans	
ce	dernier	cas,	le	prior	est	plus	contraint	que	pour	l'approche	classique,	ce	qui	conduit	à	une	
détermination	plus	efficace	du	modèle	à	retrouver.		

 

Nous	avons	considéré	plusieurs	combinaisons	de	paramètres	du	modèle	à	retrouver,	et	
avons	exploré	l'influence	du	type	de	données	sismiques	(ondes	de volumes	avec	ou	sans	
ondes	de	surface),	le	nombre	d'événements	et	leurs	distances	épicentrales	et	leurs	
incertitudes	associées, et	la	présence	de	contraintes	potentielles	sur	la	profondeur	du	
Moho	déduites	de	mesures	indépendantes	(fonctions	récepteur	et	données	de	gravité). 

A parameterisation based on Martian thermo-chemical evolution 

Classical parameterisation: 
Sampling Vp(r),Vs(r) along Bézier 
curves [Drilleau et al., 2013, 2020]

’Geodynamic’ parameterisation:  

Thermo-chemical evolution model [Samuel et al., 2019] : 

(Tm0, E*,η0)   T(r), Dcrust, ! (r)   Vp(r),Vs(r) 
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F igur e 11. Inversion result s using the geodynamic approach (left ) and the classical approach

(right ), using body waves and surface waves as input . Figures (a) and (b) show in grey a random

subset of 15 models selected from the ensemble solut ion. T he dark red line is the VS profile to

ret rieve, obtained using ⌘0 = 1021 Pa s and E ⇤ = 150 kJ/ mol. T he black dashed lines in (b)

are the prior bounds. Figures (c) and (d) are colour density plot s in logarit hmic scale of 1-D VS

profiles. Red and blue colours show high and low probabilit ies, respect ively. T he pdf values are

computed by count ing the number of profiles in each 0.05 km/ s VS int erval every 1 km depth.

For a given depth, the sum of the pdf over all t he VS intervals is equal to 100 per cent . Figures

(e) and (f ) display the crustal thickness (in km) as a funct ion of VS in the crust (in km/ s), for all

t he models accepted by the Bayesian algorithm. Red and blue colors indicate small and large and

high misfit values, respect ively. T he dark red squares correspond to the values to ret rieve.
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• Different parameter 
space sampled 

• More constrained prior 
using the geodynamic 
parameterization
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Temperature and anisotropy in the TZ 1167

components. Subsystems are computed using a Gibbs free-energy

minimization method based on experimentally constrained phase

boundaries (Ita & Stixrude 1992). The details of the phase diagrams

can be found in Vacher et al. (1998). They incorporate changes in

Fe/Mg ratios in the minerals with depth. The major considered man-

tle minerals are: olivine, wadsleyite, ringwoodite, Mg-perovskite,

Mg-wüstite, clinopyroxene, orthopyroxene, Ca-pyroxene, ilmenite

and majorite.

The corresponding radial density and seismic velocity models

are then used to compute surface wave velocity dispersion curves,

using the MINEOS package from CIG,1 based on the pioneer work

of Gilbert & Dziewonski (1975) updated by Woodhouse (1988) and

rewritten by G. Masters.

One may note that the standard seismic parameters (VP , VS and

ρ) are not directly inverted, but are used, as an intermediate stage,

to link the temperature and the anisotropy (for a given mineralogy)

to the surface wave data.

2.1.2 Anisotropy

The other parameter of our models is the depth-distribution of the

radial anisotropy, which is constrained by the Rayleigh–Love dis-

crepancy (Anderson 1961). Seismic anisotropy may have various

origins, like lattice or shape-preferred orientation of mantle min-

erals (Mainprice 2007), and/or a superposition of alternating lay-

ers with highly contrasting seismic properties (Backus & Gilbert

1962). In a transversely isotropic medium, the number of indepen-

dent elements of the fourth-order elastic tensor reduces to the five

Love coefficients (Love 1927), A = ρV 2
PH

, C = ρV 2
PV

, N = ρV 2
SH

,

L = ρV 2
SV

and F; where ρ is the density, VPH , VPV , VSH , VSV , are the

velocities of the horizontally and vertically propagating P waves,

and the horizontally and vertically polarized S waves, respectively.

Since the behaviour of these anisotropic moduli, as a function of

temperature and pressure, is still unknown for most mantle miner-

als, we follow the procedure of Babuska & Cara (1991), Panning &

Romanowicz (2006) and Khan et al. (2009), and define an isotropic

shear wave velocity VS by the Voigt average

V 2
S =

2V 2
SV

+ V 2
SH

3
=

2L + N

3ρ
. (1)

The anisotropy parameters are

ξ =
V 2
SH

V 2
SV

=
N

L
, (2)

and

η =
F

A − 2L
. (3)

Since the Rayleigh–Love discrepancy is mostly sensitive to the

shear wave anisotropy (Babuska & Cara 1991), we discard P-wave

anisotropy and set η = 1. Eqs (1) and (2) are combined to compute

VSH and VSV as a function of VS and ξ ,

VSH = VS
3ξ

2 + ξ
, (4)

VSV = VS
3

2 + ξ
. (5)

1
Computational Infrastructure for Geodynamics, http://www.

geodynamics.org/cig/software/mineos

Figure 1. Schematic representation of the model parametrization using a

continuous set of C1 Bézier curves. Four control points define each polyno-

mial and its derivative. Continuity requires that the upward and downward

derivatives are identical at each point that is common to two consecutive

polynomials. It works for any kind of parameter.

2.2 M odel parametrization

The temperature and anisotropy distributions are described, as a

function of depth, usingC1 Bézier polynomials (Bézier 1966, 1967),

based on randomly chosen control (or anchor) points. This proce-

dure offers several advantages: (1) it does not impose a regularly

spaced discretization of the models or a priori on layer thicknesses

and location of the seismic discontinuities; (2) it can be used to de-

scribe both smooth (e.g. temperature gradients) and sharp (e.g. thin

thermal boundary layers) variations with a minimum number of pa-

rameters; and (3) it may be optimized during the iterative processes

of the McMC algorithm by adapting the number of curves that are

necessary to describe a given structure to the resolving power of the

observations.

The parametrization of a temperature or anisotropy distribution

is sketched in Fig. 1. The overall distribution is described by a series

of N elementary cubic polynomials B(t) of the form

B j (t) =

3

i= 0

bi,3(t)P j i , t ∈ [0, 1], j = [1 . . . N ], (6)

where the P j i , i = 0, . . . , 3 are the control points and where

bi,k (t) =
k

i
t i (1 − t )k− i , i = 0, . . . k (7)

are the Bernstein basis polynomials of degree k. At the ending points

P j0 and P j3 , the curvature is defined by the norm of the local tangent

vectors P j0P j1 and P j2P j3, respectively. The C1 class requires that

the upward and downward derivatives are identical at each point

joining two consecutive polynomials.

3 M cM C M E T H O D

Our inverse problem consists of computing the radial distributions

of temperature and anisotropy from surface wave dispersion curves.

This section outlines the fundamentals of the Bayesian inversion,
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Seismic output models. Bottom: prior (blue) and posterior 

(grey) distributions for the core radius.  

 

The BML enriched in heat-producing element leads 

to the presence of a fully molten silicate layer above 

the core, overlain by a partially molten (mushy) layer. 

The fully molten silicate layer acts as a seismic 

extension of the iron core and triggers S-reflections 

above the core-mantle boundary. This results in a core 

100-200 km smaller than previous estimates that 

assume a compositionally homogeneous mantle [2]. 

The smaller core inferred in models that account 

for a BML is considerably denser than previous 

estimates. This revised core density can be explained 

by fewer amounts of S and other light elements within 

the experimental petrological range (Fig. 3). 

 
Figure 3:  Core density-velocity histogram for Mars models 

with a BML. The blue, yellow, and green dots represent 

interior models that have elastic properties compatible with 

and Fe-O-S, Fe-O-S-H, and Fe-O-S-C-H alloy, respectively. 

 

The structures produced by the basal mantle layer 

are also compatible with geodetic constraints on k2 

values [12], in good agreement with theoretical 

predictions [7] (Fig. 4) and is consistent with data from 

InSight radio tracking experiment (RISE [9]) that 

provide constraints on free core nutation and core 

amplification factor [13]. 

 

 
Figure 4: Prior (blue) and posterior (grey) distributions 

for the degree-two Love number from the inversion with a 

basal mantle layer. The plain and dashed red lines indicate 

the posterior mean value and 1-sigma range.  

 

Conclusions: Our inversion results show that the 

presence of a basal mantle layer is compatible with 

seismic, geodetic and petrological experimental data.  

The basal mantle layer stores a significant fraction of 

heat-producing elements and depletes the rest of the 

mantle. This leads to the presence of a fully molten 

silicate layer that triggers deep S-wave reflections 

above the core and reduces the travel time of P-

diffracted waves along the CMB, yielding a good data 

fit for the differential travel time between PP and Pdiff 

phases. The fully molten layer is overlain by a partially 

molten silicate layer that accommodates tidal 

dissipation. The resulting structure is compatible with 

RISE data (free-core nutation and core amplification 

factor) and k2 estimates [12, 13].  
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