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A B S T R A C T   

The construction and assessment of model trajectories that link multiple mantle states is essential to constrain 
poorly known mantle convection parameters. Previously, volumetric approaches have been applied to assess the 
quality of constructed mantle flow trajectories. However, there is a need to assess these trajectories based on 
their dynamic topography predictions because mantle convection cannot be directly observed and may be 
inferred via its surface geological expressions. Typical metrics for assessing dynamic topography suffer from the 
double penalty problem — a prediction that is correct in intensity, size, and timing, but incorrect in location, 
results in large root-mean-square errors when compared to an observation. Here, we introduce metrics, gleaned 
from meteorology, that decompose any number of dynamic topography fields into their distinct objects after 
which the similarity between objects is compared. We find that this object-based approach overcomes double 
penalty and assesses models in a robust manner by providing the ability to assess separately the quality of match 
between subsidence and uplift areas. Additionally, the approach allows independent quality assessment of 
multiple aspects of a dynamic topography field, including amplitude and location of dynamic topography.   

1. Introduction 

Over the past years, our understanding of the surface expressions of 
mantle convection has much improved. One such expression is the dy
namic topography (Hager et al., 1985) of the Earth, which represents 
Earth’s uplift and subsidence, away from its isostatically compensated 
state [see (Braun, 2010), for a recent review]. In attempting to compare 
mantle flow trajectories against the real Earth, it is necessary to assess 
the fit between an actual geological observable and a mantle flow pre
diction of the same observable. Recently, dynamic topography has been 
extensively studied both for the present-day (Hoggard et al., 2016; 
Richards et al., 2020; Holdt et al., 2022) and the past (Bunge and 
Glasmacher, 2018; Ghelichkhan et al., 2021). For instance, information 
on its scale, amplitude and temporal evolution has been gleaned via 
sediment provenance (Şengör, 2001) and river profile studies (Roberts 
and White, 2010). The most recent effort to obtain proxy constraints 
about its temporal evolution is the analysis of hiatus maps (Friedrich 
et al., 2018; Vibe et al., 2018; Carena et al., 2019; Hayek et al., 2020; 
Hayek et al., 2021). These observations provide insight into the rapidly 
evolving nature of geologically recent mantle convection. In other 

words, they offer a lens into the mantle convection system. 
Parallel to this, geodynamicists have made progress in computing 

mantle flow trajectories for the geological past. To this end, two main 
computational approaches have been developed. The first, referred to as 
mantle circulation models (MCMs), starts off with an arbitrarily chosen 
past state of the mantle and models mantle flow forward in time while 
assimilating plate motions and subduction histories (Bunge et al., 2002; 
McNamara and Zhong, 2005). The second is the adjoint method (Bunge 
et al., 2003; Ismail-Zadeh et al., 2004; Horbach et al., 2014; Ghelichkhan 
and Bunge, 2016; Price and Davies, 2017) in which a present-day esti
mate of the mantle state, obtained from seismic tomography (Simmons 
et al., 2007; Ritsema et al., 2011; French and Romanowicz, 2014) is 
retrodicted in such a way as to improve the unknown past structure. 
Because of the chaotic nature of mantle convection (Stewart and Tur
cotte, 1989), mantle flow is subject to the so-called butterfly effect — the 
trajectories of two identical mantle convection models initialized with 
slightly different temperature fields diverge exponentially in time until 
they become uncorrelated as demonstrated by (Bello et al., 2015). This 
effect seemingly rules out the construction of reliable mantle flow tra
jectories. However, geodynamicists have learned (Colli et al., 2015; 
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Vynnytska and Bunge, 2015; Bocher et al., 2016; Bocher et al., 2018) 
that by assimilating the horizontal component of the surface velocity 
field into a mantle model, the butterfly effect can be overcome and 
robust mantle flow trajectories can be constructed. For the real Earth, 
these horizontal surface velocity motions are now available through past 
plate motion reconstructions over a period of at least 230 million years 
(Myrs) (Müller et al., 2016) and more recently, global plate re
constructions have been developed that extend as far back as 1 billion 
years (Müller et al., 2022), although with increasing uncertainty back in 
time. One key source of uncertainties relates to the influence of the 
reference frame. See (Shephard et al., 2012) which investigates the 
imapct of choice of reference frames in mantle circulation models. 

These developments necessitate an exploration of ways in which 
mantle models can be compared via their dynamic topography re
sponses. One approach involves qualitative comparisons that visually 
identify areas of (dis-)agreement on multiple dynamic topography maps 
(e.g. Colli et al., 2018). A second approach — quantitative gridpoint 
analyses, such as root-mean-square (rms) errors/amplitudes (e.g. Fla
ment et al., 2013; Forte and Rowley, 2022) and spectral de
compositions/correlations (e.g. Davies et al., 2019; Valentine and 
Davies, 2020) — offers a numerical measure of model performance. It 
should, however, be noted that in the case of spectral decompositions, 
the double penalty (see Abstract) only enters if one were to perform 
spatial comparisons across the various wavelengths of the decomposed 
field. Additional methods of assessing dynamic topography fields were 
introduced to geodynamics in (Taiwo et al., 2023) through the use of the 
Taylor diagram. These approaches, however, suffers from a key draw
back that has been explored extensively by meteorologists studying 
weather models (Baldwin and Kain, 2006; Casati et al., 2008; Wilks, 
2011; Jolliffe and Stephenson, 2012), namely: it is often difficult to give 
a physical interpretation to their numerical output. Also, the results of 
these measures may differ from, rather than complement, inferences 
based on a visual examination of the prediction and observation. For 
instance, it is possible for a predicted dynamic topography field to match 
observations in terms of timing, intensity and pattern of uplift (or sub
sidence) but to be wrong in location. An informed visual observation 
would classify this as a good prediction and separately account for the 
location error. A gridpoint-based rms quality measure, however, would 
penalize the prediction and classify it as poor. This is termed the double 
penalty problem (e.g. Anthes, 1983; Mass et al., 2002). By double penalty, 
it is meant that a prediction which matches an observation in all respects 
except in location is penalized twice; first at the gridpoints in the pre
diction that do not overlap the observation, and at those gridpoints in 
the observation that do not overlap the prediction. It is thus imperative, 
in the use of dynamic topography as an indicator for mantle convection 
trajectories, to introduce object-based verification metrics which over
come the double penalty problem. 

Though new to geodynamics, object-based verification [see (Gille
land et al., 2009), for a summary] has been routinely performed in 
meteorology to evaluate forecasts of extratropical and lee cyclones 
(Smith and Mullen, 1993), sea breezes (Case et al., 2004), as well as 
deep, moist convection (Fowle and Roebber, 2003). One of the more 
prominent object-based techniques is the Method for Object-based 
Diagnostic Evaluation (MODE) (Davis et al., 2006a; Davis et al., 
2006b; Davis et al., 2009) applied to precipitation forecasts. The method 
uses a convolution-thresholding procedure to identify precipitation ob
jects on forecast and observation maps and compares statistics (centroid, 
grid points, bounding contours, area, total rainfall etc.) for every 
matched pair of objects, thus allowing one to focus on regions of interest 
on a map. 

In this paper, we link to meteorology and introduce object-based 
tools for assessment of dynamic topography. To this end, we use a 
multi-level approach as follows: the first level assesses the ability of the 
prediction to match objects in the observation (Roebber, 2009). The 
second level compares the structure, amplitude and location differences 
among all predicted and observed objects without matching them 

(Wernli et al., 2008). The final level compares the statistics of matched 
objects and performs a Procrustes shape analysis (Micheas et al., 2007; 
Lack et al., 2010) to produce a final score that represents the accuracy of 
a prediction. Our paper is arranged as follows: Section 1.1 describes the 
models used in this study. Section 2 outlines the methodology of our 
study. Here we describe the details of our multi-level approach. In 
Section 3, we present the results of our study and in Section 4, we discuss 
the results and draw conclusions. 

1.1. Models 

Our dynamic topography maps (Fig. 1) are a result of standard 
incompressible isoviscous, pure internal heating mantle convection 
simulations (Taiwo et al., 2023) at an internal heating Rayleigh number 
of 3 × 107 and a radial grid spacing of 22 km and 30 km tangentially at 
the surface, decreasing to half that value at the CMB. We allow a dy
namic mantle model to evolve with a free-slip boundary condition at the 
surface until it reaches a statistical steady-state at which point model 
quantities such as the rms velocity field are quasi-steady (see True State 
of Fig. 1a). This reference field is then perturbed in a manner analogous 
to seismic tomographic regularizations (Trampert and Spetzler, 2006). 
Three types of perturbations were introduced namely: radial smoothing 
(see Radial Smoothing in Fig. 1a), which is a radial averaging (over an 
interval of 100km above and below each gridpoint) of the reference 
field; horizontal smoothing (see Horizontal Smoothing in Fig. 1a), which 
is a spherical harmonic expansion and truncation of the reference field at 
degree 20; S20RTS smoothing (see S20RTS in Fig. 1a), which is a 
filtering of the reference field via the resolution operator of seismic 
model S20RTS (Ritsema et al., 2004; Schuberth et al., 2009). All four 
models, that is the reference model and the three perturbed models, are 
allowed to evolve freely without velocity assimilation over a transit time 
(≈ 150 Myrs), which is the time it takes for material to traverse the 
mantle depth and is thus a relevant time standard to observe the surface 
effects of changes in the large scale buoyancy structure of the mantle. 
Since, as mentioned earlier, velocity assimilation helps alleviate the 
butterfly effect, thus leading to robust trajectories, we repeat the sim
ulations of the perturbed models and assimilate the surface velocity field 
of the reference model (i.e. True State).(Table 1) 

1.1.1. Dynamic topography calculation 
As presented in (Taiwo et al., 2023), we compute dynamic topog

raphy from the propagator matrix technique (Richards and Hager, 
1984). A spherical harmonic expansion of all necessary quantities is 
performed and the semi-analytical solutions are presented as sensitivity 
kernels, Kl(r). These kernels can be interpreted as impulse-response 
functions which relate dynamic topography to a unit density anomaly 
of given wavelength and depth throughout the depth of the mantle. Each 
spherical harmonic coefficient δhlm for surface dynamic topography is 
computed in the spectral domain by 

δhlm =

∫ REarth

RCMB

δρlm(r)Kl(r)dr (1) 

In Eq. (1), r is the radius, REarth and RCMB are the radii of the Earth at 
the surface and the CMB, respectively, and δρlm is the density anomaly of 
spherical harmonic degree l, and order m. Following (Colli et al., 2018), 
all density anomalies shallower than 200 km are disregarded during the 
computation of dynamic topography, as they are related to either the 
thermal cooling of the oceanic lithosphere or compositional heteroge
neity of the continental lithosphere (Lithgow-Bertelloni and Silver, 
1998). The final dynamic topography values are obtained by a resum
mation of the spherical harmonic coefficients computed from Eq. (1) 
truncated at ℓmax = 20. 
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2. Methodology 

We present an object-based method for comparing any number of 
dynamic topography fields. Following the twin experiment approach 
(Lorenz, 1965), we refer to the true state (see True State in Fig. 1b) as the 
observation/reference and the the other fields (see Radial Smoothing, 

Horizontal Smoothing and S20RTS in Fig. 1b) as predictions. 

2.1. Object detection algorithm 

Using the convolution-thresholding approach (Davis et al., 2006a), 
we identify distinct objects on both prediction and observation fields 

Fig. 1. a) Initial temperature field (blue = cold, red = hot) for a purely internally heated isoviscous mantle convection model (True State) together with perturbed 
states (Radial Smoothing, Horizontal Smoothing and S20RTS), see text. b) Dynamic topography response of the mantle models in (a) after one transit time, without/ 
with assimilation of the horizontal component of the velocity field of the true state. c) Object identification workflow shown as an example for the true state dynamic 
topography field in (b). The field is first convolved (ii) with a disk of radius 20 gridpoints, then a threshold (iii) is set to remove weak regions after which the filtered 
field (iv) is obtained. Note that the convolution-thresholding procedure filters out weak uplift and subsidence areas while preserving significant dynamic topography. 
See Section 2 for details. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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and extract their statistics using scikit-image (van der Walt et al., 2014). 
It is necessary to move away from the mantle convection simulation grid 
onto a 1-degree grid for dynamic topography in order to apply the image 
processing tools. We first separate each field into its uplift and subsi
dence parts and extract objects in each part as follows: we apply a 
convolution filter to smooth the field and remove small-scale variations. 
The smoothing is performed by convolving the field with a disk (see 
Fig. 1c(ii)). This convolution replaces the data value at every gridpoint 
with the average of the data values at all other gridpoints contained 
within a disk centered at that gridpoint. In our case we employ a disk 
radius of 20 gridpoints for fields on a 1-degree grid resolution equivalent 
to a radius of 2000 km. A smaller radius leads to the identification of 
smaller objects and vice-versa. For global studies on structured grids, the 
grid values could be weighted by the cosine of the latitude of the asso
ciated grid point during convolution. Next, we threshold the smoothed 
field at every gridpoint to allow for the detection of object boundaries 
and to remove weak uplift/subsidence regions (see Fig. 1c(iii)). The 
value of our threshold for uplift and subsidence areas represents the 
average of the uplift and subsidence grid point values respectively and in 
this case is 120 m. In our case, this value captures the prominent dy
namic topography objects that can also be detected by a human 
observer. The thresholded field results in a mask of 1s and 0s (with 1s at 
grid points beyond the threshold and 0s otherwise). This mask is then 
placed on the original field and results in local, isolated, patches of uplift 
and subsidence objects surrounded by regions of zero values (see Fig. 1c 
(iv)). Since we place the mask on the original field and not on the 
smoothed field, we retain the original topography values for later ana
lyses. We then match prediction and observation objects. In order to 
overcome the double penalty problem (see Section 1), we remove the 
requirement for perfect overlap of prediction and observation objects. 
As such, a pair of objects is matched if they share ≥ 25% of grid points 
and have an area ratio (areamin/areamax) ≥ 0.4. These choices were 
found, in our case, to produce accurate matches. 

2.2. Level 1: performance diagram 

In constructing a performance diagram (Roebber, 2009), we define a 
hit, miss and false alarm. An object in the observation that is also present 
in the prediction is called a hit. An object in the observation that is not in 
the prediction is called a miss. Objects not in the observation but in the 
prediction are false alarms. We follow (Schaefer, 1990) and calculate the 
critical success index (CSI), probability of detection (POD), false alarm 
ratio (FAR), success ratio (SR) and bias as measures of prediction skill: 

CSI = A/(A+B+C) (2)  

POD = A/(A+B) (3)  

FAR = C/(A+C) (4)  

SR = 1 − FAR (5)  

Bias = (A+C)/(A+B) (6)  

where A, B, C represent total hits, misses and false alarms respectively. 
The CSI measures the ability of the prediction to produce objects that 

match observation objects. The POD is the proportion of objects that are 

correctly predicted in comparison to total observed objects while the 
FAR is a measure of the failure of the prediction to exclude the no-event/ 
false cases. The bias is the degree of correspondence between the 
average prediction and the average observation. By exploiting the 
geometrical relationship between these measures, a performance dia
gram, connecting all measures, can be plotted. For accurate predictions, 
CSI, POD, SR and bias all approach 1, so that a perfect prediction lies at 
the upper right corner of the diagram (see Fig. 2a,b). 

2.3. Level 2: SAL score 

In order to compare object statistics without matching object pairs, 
we apply the Structure, Amplitude and Location (SAL) score (Wernli 
et al., 2008), originally introduced for the verification of precipitation 
forecasts. The structure (S) score compares the scaled dynamic topog
raphies (i.e. scaled with respect to the maximum topography within an 
object) of all objects in the prediction with those in the observation. This 
score takes on large positive values if large, flat objects are predicted 
relative to the observation. Negative values of S arise if smaller, strongly 
peaked objects are predicted relative to the observation. The amplitude 
(A) score compares the average dynamic topography of the prediction 
with that of the observation and is a measure of the amplitude deviation 
of the prediction from the observation. This score takes on positive 
values if the prediction overestimates total topography while negative 
values indicate underestimation. The location (L) score is split into two 
components. The first component measures the distance between the 
centers of mass of the prediction and observation fields and the second 
component measures the averaged distance between the center of mass 
of the entire field and the centers of mass of the individual objects. The 
final location score is a sum of both scores. 

We compute the structure score as follows. For every object, a scaled 
intensity is defined as 

In =
∑

i
Ti

/

Tmax
n = Tn

/

Tmax
n (7)  

where Ti is the topography value at gridpoint i within an object, n, and 
Tmax

n represents the maximum/minimum topography for uplift/subsi
dence regions within the object. The scaled intensity is calculated 
separately for all objects in the observation and prediction after which 
the weighted mean of all objects’ scaled intensity is determined: 

I(T) =
∑M

n=1TnIn
∑M

n=1Tn
(8)  

where M represents the total number of identified objects. 
Finally, the S score is defined as 

S =
I
(
Tfcst

)
− I(Tobs)

0.5
[
I
(
Tfcst

)
+ I(Tobs)

] ∈ [ − 2, 2] (9)  

where Tfcst and Tobs represent the forecast and observed dynamic 
topography respectively. 

The amplitude score is calculated as the normalized topography 
difference between the observation and prediction averaged over the 
entire field, F: 

Table 1 
Summary of SAL scores for uplift and subsidence areas without/with velocity assimilation for the following cases: radial smoothing, horizontal smoothing and S20RTS. 
Note that SAL scores are farther/closer from/to 0 for cases without/with velocity assimilation.   

Uplift Subsidence 

Case Structure Amplitude Location Structure Amplitude Location 

Rad. Smoothing − 0.38/0.03 − 0.14/0.04 0.18/0.02 − 0.26/0.04 0.01/0.07 0.07/0.004 
Hor. Smoothing − 0.38/0.07 − 0.14/0.04 0.16/0.016 − 1.30/− 0.01 − 0.20/0.11 0.12/0.06 
S20RTS 0.56/0.07 − 0.14/0.05 0.06/0.01 − 0.77/− 0.03 − 0.11/0.11 0.25/0.07  
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A =
F
(
Tfcst

)
− F(Tobs)

0.5
[
F
(
Tfcst

)
+ F(Tobs)

] ∈ [ − 2, 2] (10)  

where F(T), the field average of the topography field, T, is defined as: 

F(T) =
1
N

∑

i∈F
Ti (11)  

where the Ti are the gridpoint values in the entire field and N represents 
the total number of gridpoints. 

The first component of the location score measures the normalized 
distance between the centers of mass of the prediction and observation: 

L1 =

⃒
⃒x
(
Tfcst

)
− x(Tobs)

⃒
⃒

d
∈ [0, 1] (12)  

where d is the largest distance between any two points in the field and 
x(T) is the center of mass of the entire topography field. 

The second component considers the averaged distance between the 
centers of mass of the total topography field and individual objects. For 
each object we calculate the total topography within it as 

Tn =
∑

i
Ti (13)  

where the Ti are the gridpoint values in that object. 
The weighted averaged distance between the centers of mass of the 

individual objects, xn, and the center of mass of the total topography 
field, x, is then given by 

r =

∑M
n=1Rn|x − xn|
∑M

n=1Rn
(14)  

here Rn represents the total amount of topography contained within an 
object. 

And the second location score is given as 

L2 = 2
[⃒⃒r

(
Tfcst

)
− r(Tobs)

⃒
⃒

d

]

∈ [0, 1] (15)  

2.4. Level 3: Procrustes shape analysis 

To compare matched object pairs, we apply a Procrustes analysis 
(Micheas et al., 2007; Lack et al., 2010). For every matched pair, we 

Fig. 2. Performance diagram and SAL scores (see Sections 2.2 and 2.3 respectively) between identified objects in the true state dynamic topography field and the 
perturbed cases (see Section 1.1 for detailed description of the various cases). Top panel (a)/(b): Performance Diagram for uplift/subsidence areas of dynamic 
topography. Vertical/horizontal axis denotes probability of detection/success ratio. Dotted contours represent Critical Success Index and outwardly extending solid 
lines represent bias scores. In both (a) and (b), figure markers plot on top of each other. Note that models with/without velocity assimilation lie close to the upper 
right/lower left corner, indicating good/poor similarity to the true state. Also note that the subsidence scores are slightly lower than the uplift scores. Bottom panel 
(c)/(d): Structure, Amplitude and Location (SAL) scores for the uplift/subsidence areas of dynamic topography. L/S scores are on the y/x axis. The amplitude (A) 
score is displayed adjacent to each marker on the plot. SAL scores close to 0 imply high similarity to the true state. Note that SAL scores are generally closer/farther 
to/from 0 for models with/without velocity assimilation. Also note that the subsidence scores are slightly higher than the uplift scores. 
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attempt to fit, as close as possible, the geometry of the boundary of the 
prediction object to that of the observation. The object boundaries are 
extracted using a marching squares algorithm (Maple, 2003). Given 
matrices O and P which represent the latitude-longitude coordinates of 
the object boundaries of any matched pair of observation and prediction 
objects respectively, the Procrustes method finds an orthogonal trans
formation matrix Ω that closely maps P to O by minimizing a Frobenius 
norm as follows: 

argmin
Ω

(
‖O − ΩP‖F

)
= argmin

Ω

(
‖O − ΩP‖2

F

)

= argmin
Ω

(
tr
(
(O − ΩP)T

(O − ΩP)
) )

= argmin
Ω

(
tr
(
OT O + PT ΩT ΩP − 2OT ΩP

) )

= argmin
Ω

(
tr
(
OT O

)
+ tr

(
PT P

)
− 2tr

(
OT ΩP

) )

= argmax
Ω

(
tr
(
OT ΩP

) )

= argmax
Ω

(
tr
(
POT Ω

) )

= argmax
Ω

(
tr
( (

UΣVT)Ω
) )

= argmax
Ω

(
tr
(
Σ
(
VT ΩU

) ) )

= VUT

(16)  

subject to ΩTΩ = I, where I is the identity matrix, U and V are the left 
and right singular vectors respectively and Σ is the singular value matrix 
after a singular value decomposition of POT . 

Apart from the transformed matrix ΩP, the procedure also outputs 
the sum of squared errors (SSE) between matrices O and ΩP normalized 
between 0 (best score) and 1 (worst score). We also compute the dif
ference in average topography for each matched object pair and 
normalize this value between 0 (best score) and 1 (worst score). This 
normalized difference is denoted as θ. The preliminary score per 
matched object pair is given as 

Sprel = SSE + θ (17)  

such that for a perfect match, Sprel = 0 and for no match, Sprel = 2. For K 
matched object pairs, the average preliminary score is given by 

Sprelave =

∑K
i=1Spreli

K
(18) 

The final score combines Sprelave with the CSI defined in Section 2.2: 

Stotal = Sprelave +(1 − CSI) (19) 

The inclusion of the CSI helps to penalize predictions that produce 
few object matches with the observation even if these matches are 
highly accurate. In the case where there are no matches between the 
prediction and observation objects, CSI = 0 and Sprelave is simply a sum of 
the worst SSE and θ scores. The final score then becomes 

Stotal = 1+ 1+ 1 = 3 (20)  

3. Results 

3.1. Performance diagram 

The Performance Diagrams for uplift and subsidence areas are shown 
in Fig. 2a/b. For uplift regions (Fig. 2a) the models have the following 
scores without/with velocity assimilation: radial smoothing has POD =
0/1, SR = 0/1, CSI = 0/1. Horizontal smoothing has POD = 0.18/1, SR 
= 0.22/1 and CSI = 0.1/1. S20RTS has POD = 0/1, SR = 0/1 and CSI =
0/1. For subsidence regions (Fig. 2b), radial, horizontal and S20RTS 
smoothing all have POD = 0/1, SR = 0/0.8 and CSI = 0/0.8. 

3.2. SAL score 

Fig. 2c/d show the SAL scores for uplift and subsidence regions. In 
the uplift regions (Fig. 2c) the scores are as follows without/with ve
locity assimilation: radial smoothing has S = − 0.38/0.03, A = − 0.14/ 
0.04 and L = 0.18/0.02. Horizontal smoothing has S = − 0.38/0.07, A =
− 0.14/0.04 and L = 0.16/0.016. S20RTS has S = 0.56/0.07, A = − 0.14/ 
0.05 and L = 0.06/0.01. For the subsidence regions (Fig. 2d), the scores 
are as follows without/with velocity assimilation: radial smoothing has 
S = − 0.26/0.04, A = 0.01/0.07 and L = 0.07/0.004. Horizontal 
smoothing has S = − 1.30/− 0.01, A = − 0.20/0.11 and L = 0.12/0.06. 
S20RTS has S = − 0.77/− 0.03, A = − 0.11/0.11 and L = 0.25/0.07. To 
consolidate the SAL score into a single number, we sum the absolute 
values of S, A and L and obtain a combined SAL score. Fig. 3a shows the 
combined SAL score for uplift and subsidence areas across all models. 
For cases without/with velocity assimilation, we have the following 
scores for uplift areas: radial smoothing (0.70/0.09), horizontal 
smoothing (0.67/0.12), S20RTS (0.76/0.13). For the subsidence re
gions, the scores without/with velocity assimilation are: radial 
smoothing (0.34/0.12), horizontal smoothing (1.62/0.19), S20RTS 
(1.12/0.21).(Fig. 4) 

3.3. Procrustes score 

The Procrustes skill score for all models is shown in Fig. 3b. The 
scores are as follows without/with velocity assimilation: radial 
smoothing has an uplift score of 3/0.76 and a subsidence score of 3/ 
1.30. Horizontal smoothing has an uplift score of 1.96/0.66 and a sub
sidence score of 3/1.31 while S20RTS has an uplift score of 3/0.70 and a 
subsidence score of 3/1.27. 

4. Discussion and conclusion 

In assessing mantle flow trajectories, it is attractive to use dynamic 
topography predictions as a proxy. This is because mantle flow, as 
expressed in terms of time-dependent fields, cannot be directly observed 
but must be inferred via its surface effects. Using an object-based 
approach, we here verify earlier results (Colli et al., 2015; Vynnytska 
and Bunge, 2015; Bocher et al., 2016; Bocher et al., 2018) on the efficacy 
of velocity assimilation in minimizing the butterfly effect. Our assess
ment of mantle flow trajectories via their dynamic topography pre
dictions shows that models with velocity assimilation outperform those 
without (see Figs. 2a-d, 3a and b). The object-based approach allows us 
to probe the properties of identified dynamic topography objects. For 
instance, Fig. 2a,b show that models with velocity assimilation predict 
dynamic topography objects that match those in the reference twin. 
Furthermore, they show the difference between uplift and subsidence 
areas of dynamic topography. One sees in both figures that uplift areas 
are better predicted (as evidenced by all models lying on the upper right 
corner) than subsidence areas (as seen by the models lying slightly to the 
left of the upper right corner). This is superior to traditional assessment 
approaches such as correlation, which hide a great deal of model in
formation behind a single number. The ability of our approach to 
separate the dynamic topography field into its uplift and subsidence 
regions makes it appropriate for comparisons with geological observa
tions. Subsidence areas of dynamic topography are well constrained via 
past shorelines (Smith et al., 2004) while uplift areas are coming into 
focus via hiatus mapping (Friedrich et al., 2018; Vibe et al., 2018; 
Carena et al., 2019). Moreover, the object-based approach allows one to 
focus on specific regions of interest. A next step could involve the 
application of this approach to geological and geophysical indicators of 
past and current dynamic topography. We note that the methods 
introduced here do not depend on the specific geometry or pattern of the 
field under investigation, so that they can be applied to real dynamic 
topography inferences (e.g. Hoggard et al., 2021; Davies et al., 2022). 

In extracting objects from the dynamic topography field, our 
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Fig. 3. Total structure, amplitude and location (SAL) (top panel) and Procrustes scores (bottom panel) for uplift (filled circle) and subsidence (unfilled circle) areas of 
dynamic topography with and without velocity assimilation, see text. Scores are calculated between the true state dynamic topography field and perturbed cases 
respectively (see Section 1.1 for detailed description of the various cases). Also see Sections 2.3 and 2.4 for details on SAL and Procrustes scores respectively. Note 
that the total SAL and Procrustes scores for uplift and subsidence regions are lower/higher with/without the assimilation of the horizontal component of the surface 
velocity field of the true state implying good/poor similarity to the true state. 

Fig. 4. Procrustes shape fitting of the boundaries of matched objects in the reference dynamic topography field (see True State in Fig. 1b) shown in blue and the 
tomographically-filtered S20RTS field with velocity assimilation (see S20RTS in lower row of Fig. 1b) shown in red. Plots are shown separately for uplift and 
subsidence regions. (a)/(c) Uplift/subsidence boundaries before Procrustes fitting. (b)/(d) Uplift/subsidence boundaries after Procrustes fitting. Note that the 
boundaries of the S20RTS objects are displaced from those in the reference field before Procrustes fitting. After fitting, however, object boundaries better align. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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convolution radius of 2000 km was chosen to represent the size of hiatus 
surfaces on a continental scale (Hayek et al., 2020; Hayek et al., 2021). 
We also chose to match objects between fields if they shared at least 25% 
of gridpoints. This was a subjective choice which, in our case, produced 
realistic matches between fields. A potential limitation of this choice is 
that multiple objects in the forecast field could be matched to the same 
object in the observed field. In this case, other objective criteria (e.g. 
Davis et al., 2006a; Davis et al., 2006b) could be applied in future work. 
Such criteria could consider matching as a function of the distance be
tween the centroids of identified objects. An example approach is to 
match objects only if the distance between their centroids is less than the 
sum of the sizes of both objects. In the case of multiple overlaps, the 
procedure selects the overlap that has the smallest distance in compar
ison to the object sizes. Another limitation is that real dynamic topog
raphy fields are often sparse and non-uniform (in space and time), thus 
hindering our ability to apply the methods described in this paper. One 
possible approach to overcome this limitation is the use of geospatial 
interpolation techniques whereby the values at poorly sampled locations 
are estimated by weighted linear combinations of the values at nearby 
locations. Such methods are referred to as kriging (Hohn, 1991) and 
could be brought to bear in the case of dynamic topography. Care should 
also be shown in the selection of threshold values in order to prevent the 
misidentification of objects. In this work, we used a threshold of 120 m, 
representative of the average dynamic topography of uplift and subsi
dence areas respectively. This led to the generation of a false alarm for 
the subsidence areas as seen in Fig. 2b, where the models with velocity 
assimilation have a Success Ratio of 0.8. This false alarm then entered 
into the calculation of the SAL and Procrustes scores, thus explaining 
why uplift areas outperform subsidence areas even with velocity 
assimilation. For comparisons of real dynamic topography fields, the 
choice of threshold should be based on geologically relevant criteria. 

Apart from the approaches introduced here, another verification 
method, known as optical flow (Keil and Craig, 2007; Keil and Craig, 
2009), has been developed in meteorology to compare precipitation 
patterns and this can be considered for dynamic topography. Addition
ally, shape comparison approaches such as optimal mass transport 
(Monge, 1781; Villani, 2003; Villani, 2008) can be applied to compare 
the boundaries of uplift and subsidence areas on dynamic topography 
maps. The latter has been newly applied in seismology to compare 
synthetic seismograms against observed data (Sambridge et al., 2022). It 
is clear that these object-oriented/optical flow methods are well-suited 
to link the growing body of geological and geophysical observations to 
geodynamic models. For instance, the study of heat flux patterns may 
benefit from the object-based approach presented within this paper, 
since like the dynamic topography field, it is also, in essence, repre
sentable on a 2-D grid over the Earth surface. 

5. Open research 

The data used in this study were generated via numerical simulations 
by the authors as described in Section 1.1. We have used Paraview 
(Ahrens et al., 2005), Matplotlib (Hunter, 2007) and PyGMT (Uieda 
et al., 2022) for visualizations. Additionally, all codes written as part of 
this work can be provided upon request. 
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