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Abstract. Geothermal heat flow is an important boundary condition for ice sheets, affecting for example basal melt rates, but

for ice covered regions we only have sparse heat flow observations with partly high uncertainty of up to 30mWm−2. In this

study, we first investigate the agreement between such point-wise heat flow observations and Solid Earth models, applying a

1D steady state approach to perform a statistical analysis for the entire Arctic region. We find that most of the continental heat

flow observations have a high reliability and agreement to Solid Earth models, except a few data points, as for example the5

NGRIP (North GReenland Ice core Project) point in Central Greenland.

For further testing, we perform a conditional simulation with focus on Greenland, in which the local characteristics of heat

flow structures can be considered. Simple kriging shows that including or excluding the less reliable NGRIP point has a large

influence on the surrounding heat flow. The geostatistical analysis with the conditional simulation supports the assumption that

NGRIP might not only be problematic for representing a regional feature but likely is an outlier. Basal melt estimates show that10

such a local spot of high heat flow results in local high basal melt rates, but leads to less variation than existing geophysical

models.
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1 Introduction15

Geothermal heat flow (GHF) is a key factor of Solid Earth-Cryosphere interaction. Under ice-covered regions, such as Green-

land, GHF is a boundary condition for ice sheet dynamics (Karlsson et al., 2021; Goodge, 2018). For example, Karlsson et al.

(2021) state that GHF can contribute up to 25 % of total basal melt rates while locally high heat flow can have a larger impact

on ice sheet dynamics compared to a regionally higher value (McCormack et al., 2022). GHF itself is influenced by the Solid

Earth, first of all reflecting the thickness of the lithosphere (Lösing and Ebbing, 2021), as well as hydrological processes (Gooch20

et al., 2016) or crustal heat production variations (Bons et al., 2021) making heat flow for continental settings highly variable

(Reading et al., 2022). Furthermore, maps of GHF are often based on interpolation of sparse observations, so isolated points

might distort the distribution. However, geothermal heat flow is complicated to measure directly. Borehole measurements are
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expensive and therefore sparse in large parts of the Arctic (and Antarctic), which is covered with ice and snow most of the

year. Additionally, observations are often concentrated in areas of economic interest or areas that are easily accessible (Stål25

et al., 2022). Therefore, Arctic heat flow observations are distributed very heterogeneously with dense data coverage in regions

around the mid-oceanic ridge, Scandinavia and the north of Canada while Siberia, Greenland and the Arctic Ocean north of

Alaska are poorly covered (Lucazeau (2019), Figure 2).

Ice temperature profiles present another option to estimate GHF in glacial areas (e.g. Dahl-Jensen et al. (2003)). If the borehole

reaches the ice-bedrock interface, GHF can be estimated using models of heat transport in the column of ice (e.g. Weertman30

(1968); Rasmussen et al. (2013)). However, not all boreholes reach the bedrock, so that the ice temperature profiles need to be

extrapolated (e.g. Kinnard et al. (2006); Buchardt and Dahl-Jensen (2007)), leading to large uncertainties for estimated heat

flow values. The NGRIP (North GReenland Ice core Project) point in central Greenland is a particularly notorious example

(Buchardt and Dahl-Jensen, 2007), with a wide range of values between 63mWm−2 (for example Martos et al. (2018)) and

970mWm−2 (Smith-Johnsen et al., 2020) being suggested in the literature. The latter estimate is highly unlikely but even the35

most conservative estimates well exceed the mean of Greenland with 60mWm−2 (Colgan et al., 2022).

In turn, estimating heat flow from geophysical data gives the possibility to overcome the sparseness, albeit with the mentioned

uncertainty above. For example, Curie depth estimates based on magnetic data are a classical tool to infer heat flow. For Green-

land, heat flow was derived from Curie depth estimates based on satellite magnetic (Fox Maule et al., 2009) or aeromagnetic

(Martos et al., 2018) compilations. Thermal models of the entire lithosphere can also be constrained by a variety of geophys-40

ical data sets (i.e. gravity, surface wave data), but these models typically lack lateral resolution within the crust (Afonso et al.

(2019), Pasyanos et al. (2014), Fullea et al. (2021)).

A more geostatistical approach is to compare proxies in a region with poorly known heat flow with similar proxies in regions

with good coverage. Upper mantle seismic velocity was one of the first proxies used to infer GHF (Shapiro and Ritzwoller,

2004) , while Artemieva (2019) applied a thermal isostasy model. More recently, machine learning algorithms (specifically45

based on random forest regression) have been used to predict geothermal heat flow based on a variety of geographical/geo-

physical proxies (Colgan et al., 2022; Rezvanbehbahani et al., 2017; Lösing and Ebbing, 2021). See Colgan et al. (2022) for

an extended discussion on GHF models for Greenland. However, such heat flow maps can only present regional heat flow as

they are limited by the availability and resolution of data. The non-linear optimization heuristic used in the machine learning

techniques is also highly sensitive to isolated data points. Colgan et al. (2022) and Rezvanbehbahani et al. (2017) study this by50

omitting or varying the estimated GHF value for individual data points, respectively and find that particularly the NGRIP point

presents a challenge, being a highly uncertain and isolated measurement. But without additional information, local structures

and regional features cannot be distinguished based on sparse point measurements. Heat flow anomalies can be as small as a

few tens of kilometers due to shallow crustal heat production and the effect of subglacial topography (Reading et al., 2022).

Thus, interpolation (or random forest regression) of GHF observations is prone to large biases if local anomalies are mistaken55

for regional features. Nevertheless, local GHF anomalies are crucial for Solid Earth-Cryosphere interaction (McCormack et al.,

2022).

In this study, we approach the question of local vs. regional effects on GHF from two angles. Firstly, we evaluate a database
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of GHF measurements by testing each individual measurement's consistency with a lithospheric temperature model based on

estimates of Moho and LAB (Lithosphere-Asthenosphere Boundary) depth. Secondly, we use geostatistical analysis and con-60

ditional simulation to investigate the spatial scale of heat �ow in Greenland. Our results can help to decide whether to exclude

points for interpolation and machine learning on a regional scale or in regions with sparse data, as they are not trustworthy for

such applications.

2 Methods

For any heat �ow observation, it is unknown whether the observed value re�ects the regional setting or a local anomaly.65

Assuming that regional structures are in agreement with LAB and Moho depth models, it should be possible to �nd a set

of thermal parameters (heat conductivity and heat productivity), such that GHF can be predicted from stationary 1-D heat

�ow modeling (Lösing et al., 2020; Furlong and Chapman, 1987; Artemieva and Mooney, 2001). If no combination of the

parameters within their given ranges lead to an agreement, the GHF observation should be considered suspicious or a local

anomaly. For example, points in areas of exceptionally local high heat production from radiogenic sources (Bons et al., 2021),70

should lead to an incompatibility between the lithospheric model and GHF data.

We assume that geophysical LAB depth can be seen as a representation of the large scale lithospheric temperature �eld, so

we compare the predicted temperature at the LAB to an assumed LAB temperature of 1315 °C. If the temperature deviation

surpasses a threshold of 100K, we assume that the corresponding GHF observation probably is locally in�uenced and therefore

cannot resolve the regional assumptions of the geophysical models. Choosing such high deviation we take uncertainties from75

the used models for Moho and LAB depth into account.

We assume vertical heat �ux within the lithosphere, which is a common assumption at least for the continental domain (Afonso

et al., 2013; Lösing et al., 2020). Furthermore, the lithospheric columns are assumed to be in thermal equilibrium, resulting in

the temperature equation:

k1
@2T
@z2

= h(z); (1)80

with the crustal thermal conductivityk1, the temperatureT, the depthz and the heat productivityh.

Assuming no heat generation in the lithospheric mantle, the temperature increases linearly with depth, so that the temperature

in the lithospheric mantle at a given depth can be calculated with

T(z) = T(M ) +
qD

k2
(z � M ); (2)

with the Moho depthM , the mantle heat �uxqD and the mantle thermal conductivityk2.85

Heat productionA is assumed constant with depth, following Lösing et al. (2020). The heat �uxq at a certain depth is then

q(z) = q0 � Az; (3)
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whereq0 is the heat �ux at the surface. When calculated atz = M we getqD .

For the temperature distribution in the crust we get

T(z) = T(0) +
zq0 � 1

2 Az2

k1
: (4)90

Further derivations can be taken from Lösing et al. (2020).

The Moho temperature then can be determined by means of this temperature distribution, thus a temperature at a certain depth

in the lithospheric mantle is:

T(z) = T(0) +
Mq0 � 1

2 AM 2

k1
+

qD

k2
(z � M ): (5)

95

The mantle heat �uxqD can be calculated using Eq. (3). We now can use a Bayesian inversion coupled with a Monte Carlo

Markov Chain algorithm to �t the heat �ow observations to the temperature pro�le based on geophysical data and Eq. (5).

This approach is based on the method presented in Lösing et al. (2020). The goal is to adjust a parameter vector so that the

calculated model corresponds as closely as possible to the given modelM , here the LAB temperature. For this purpose, Eq.

(5) is used to de�ne a forward operatorF (� ) that calculates the temperature at the LAB for a given parameter vector� . As100

a result we also get estimates for the crustal and mantle thermal conductivityk1 andk2 and crustal heat productionA. The

principle of the algorithm is explained in Fig. 1.

First, initial values for the thermal parameters are stored in a vector� . The forward operator now takes this vector and

calculates a corresponding proposed modelF (� ) = m . A standard deviation of� 2
T = 100K is allowed, due to uncertainties

in the Moho and LAB depth models, which were not precisely quanti�ed at least for the LAB depth (Afonso et al., 2019). The105

standard deviation is given by the relationship� z = � T k=qresulting in a few tens of kilometers uncertainty for the input depths.

For each iteration, we change the initial parameter vector� by adding random perturbations drawn from the so-called proposal

distribution. We use a component-wise Gaussian distribution as proposal, which �rst randomly selects a thermal parameter to

change and then perturbs this parameter by a value drawn from a zero-mean Gaussian distribution. The probability of a certain

� depends on the prior distribution and the likelihood function (i.e. data �t) according to Bayes law:110

L(M j� ) =
NY

i =1

1
p

2�� 2
M

exp�
(F (� ) i � M i )2

2� 2
M

: (6)

If the proposed model has a higher probability than the current model, its parameter vector will be used as the new initial

parameter vector. If the probability is lower, the proposed model can still be accepted with a probabilityPnew=Pold > u where

u is a uniformly distributed random number between 0 and 1. This prevents being caught in local minima (Lösing et al., 2020).

To deliver representative results, a certain number of iterations and burn-in iterations are needed. In our case 10,000 iterations115

with 5,000 discarded burn-in iterations are suf�cient, relying on the convergence of the likelihood of the iterations as criterion.

To eliminate random �uctuations, the mean of the accepted iterations gives the resulting parameter vector. We use wide uniform

priors based on plausible ranges for each thermal parameter relying on previous studies (e.g. Artemieva and Mooney (2001);
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Figure 1. Scheme of the MCMC algorithm as described in the text.

Furlong and Chapman (1987); Jaupart and Mareschal (2014)). Although higher crustal heat production up to 5 µWm � 3 are

seen for some local features, we use a more conservative value appropriate for a regional scale. The prior ranges, starting values120

and proposal sizes are shown in Table 1. The proposal was tuned to achieve an acceptance ratio of 20 to 40 %. We assume the

surface temperature as 0 °C and the LAB temperature as 1315 °C (according to Lösing et al. (2020)).

Table 1.Prior information for the inversion: initial value, range, and proposal for each iteration.

Parameter initial value initial range proposal�

k1 in Wm � 1K � 1 2.2 [1.0, 3.0] 0.5

k2 in Wm � 1K � 1 3.0 [2.5, 4.0] 0.5

A in µWm � 3 0:7 [0:25, 1:75] 0:375
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2.1 Kriging Interpolation and Conditional Simulation

Kriging interpolation of irregularly spaced data sets provides estimates with con�dence intervals (Cosentino et al., 2023). Here,125

we assume the mean valuem0 as given and constant, so "simple Kriging" results (Chiles and Del�ner, 1999):

Z � = m0 +
X

�

� � (Z � � m� ); (7)

with the Kriging estimatorZ � , the weights� � , the given observationsZ � and the mean of the observationsm� . The weights

are adjusted so that the resulting estimator (Eq. (7)) is unbiased and the error variance minimal (Cosentino et al., 2023). A

crucial parameter for Kriging interpolation is the covariance function, which determines how quickly the weighting decreases130

with distance (Chiles and Del�ner, 1999). Here, we use the Gaussian covariance model (Webster and Oliver, 2007):


 (r ) = � 2
�

1 � exp
�
�

�
s �

r
`

� 2
��

+ n; (8)

in which r represents the distance of the points,� 2 the variance of the model,s =
p

�= 2 the rescaling factor,̀ the length scale

andn the nugget.

The correlation length scalècan be estimated using a semivariogram which represents the dissimilarity of pairs of points at135

a certain distance. Closer points tend to be more similar, increasing the distance of the points, the dissimilarity usually also

increases. The correlation length is de�ned at which the dissimilarity reaches a certain threshold. The nugget describes small-

scale effects, when points with very small distances have an offset to the original point (Wackernagel, 1998). A minimum

number of 100 points should be used for a representative variogram where we can de�ne distances that resolve the resolution

of the data as well as getting an accurate estimate for the mean semi variance (Cosentino et al., 2023).140

Kriging interpolation is based on a geostatistical approach, such that the interpolation result is a multivariate normal distri-

bution. The mean (i.e. expected) value at each point is typically taken as the result and the pointwise standard deviation as

uncertainty. However, this is much smoother than any realization of the actual distribution, because it neglects the correla-

tion of errors at different locations. Sparse and uneven distributed data by itself can lead to overestimation of the correlation

lengths, which results in unrealistic uncertainty estimates (Chiles and Del�ner, 1999; Hadavand and Deutsch, 2020). Assuming145

that there is a geological region similar to the study area but with higher data coverage, we can use the covariance function

(especially the correlation length) estimated for that region in the study area instead. Conditional simulation can be used to

generate realizations that show possible smaller scale variations. We use this to assess the likelihood of the NGRIP result being

a local anomaly or measurement error. Conditional simulation is based on a two-stage Kriging evaluation combined with an

unconditional simulation. First, the given points are interpolated using the Kriging method (Z � (x)). Then a sample is drawn150

from the unconditional multivariate normal distribution (S(x)) based on the covariance matrix, which is in turn based on the

Gaussian covariance function Eq. (8).

Finally, the unconditional sampleS is conditioned upon the known data points. To do this, the difference betweenS(X ) and

the interpolated values ofS(X ) at the observation locations givingS� (X ) is calculated and gives the Kriging variation. A
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Figure 2. Heat �ow for the Arctic Region. Data points are from Colgan et al. (2022) and Lucazeau (2019).

conditional sampleT is then obtained by155

T(x) = Z � (x) + ( S(x) � S� (x)) : (9)

The small scale structure ofT represents possible random �uctuations, while the overall large scale trend agrees with the

Kriging interpolation result (Chiles and Del�ner, 1999; Hadavand and Deutsch, 2020). The advantage of conditional simulation

is the ability to overcome dif�culties when dealing with sparse data to estimate non-linear and small scale quantities (Hadavand

and Deutsch, 2020).160

2.2 Data

The heat �ow observations analyzed in this work are located in the Arctic region north of 65°N. Observations are taken from

the data sets of Lucazeau (2019) and Colgan et al. (2022). Lucazeau (2019) has introduced a global compilation of published

heat �ow observations. Compared to earlier compilations (e.g. Pollack et al. (1993)), signi�cant changes can be found, espe-

cially for oceanic heat �ow, e.g. due to a better quality of sampling in hydrothermal regions. 1488 observations are available165

for our study area. Colgan et al. (2022) compiled a database for Greenland, with 417 additional points. The analysis of the heat

�ow observations is mainly based on these combined 1905 points (Figure 2).

In addition to the heat �ow observations we use models for the LAB depth (Afonso et al., 2019) and Moho depth (Lebedeva-

Ivanova et al., 2019) for our calculations in order to make statements about the reliability to the heat �ow points in relation to170

these Solid Earth models (See Figure 3).
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Figure 3. Input data: (a) LAB depth from the LithoRef18 (Afonso et al., 2013) and (b) Moho Depth from the ArcCrust model (Lebedeva-

Ivanova et al., 2019).

The LAB depth is derived from a joint inversion of gravity anomalies, geoid height, satellite-derived gravity gradients and

constraints from seismic, thermal and petrological data are used (Afonso et al., 2019). For Moho depth we use the ArcCRUST

model, which is calculated from 3D forward and inverse gravity modeling with constraints from sediment thickness, rifting

age, density and oceanic lithosphere age (Lebedeva-Ivanova et al., 2019). These models and databases are among the most175

recent available for the Arctic.

For the regional analysis of continental Greenland, 47 heat �ow observations are used from the Colgan et al. (2022) database

which are located on Greenland or directly on the coast and extend down to 60°N.

3 Results

3.1 Agreement to Solid Earth Models180

At each heat �ow point, an ensemble of possible thermal parameter results from the MCMC approach is calculated where we

use the mean at each location as the most likely result. The correlation between the estimated thermal parameters and input

parameters can be found in Supplementary Material 1.

The distribution of these mean values for the thermal parameters (Fig. 4) highlights important spatial trends and underlines

where we have no �t to the LAB temperature. For most of the points in the oceanic parts but also some points on continental185

lithosphere the thermal parameters tend to strive to the upper end of the allowed parameter range, mostly coinciding with a

bad �t of the LAB temperature (compare to Fig. 5). These values are unrealistic high for the thermal parameters in oceanic

lithosphere underlining the problems of applying the 1D steady state approach to oceanic lithosphere. But this we test by the

half-space cooling model. We could say that on continents, that rules out the data point, but in the oceans requires more work

on the thermal model.190
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Figure 4. Distribution of the thermal parameter from the inversion withqD calculated with Eq. (3) after 10,000 iterations per point. a) crustal

thermal conductivityk1 , b) mantle thermal conductivityk2 , c) mantle heat �uxqD and d) crustal heat productionA.

We see a trend towards the mean values of the prior parameter range for crustal (a) and mantle (b) thermal conductivity,

probably indicating that they are not well resolved. This can also be seen in the distribution of the parameter correlation in

Supplementary Material 1, Fig. A1, e.g. in relation to the Moho depth. The distribution of the crustal heat production tends

to follow the GHF with higher values at oceanic lithosphere and lower values in the continents. We also �nd low crustal

thermal conductivity at the region of Scandinavia which could give a hint on problematic input parameters, e.g. that the LAB195

in the model by Afonso et al. (2019) is too shallow (compare also to the lithospheric model by Artemieva and Thybo (e.g.

2008)). The calculated mantle heat �ow follows the LAB depth and is therefore higher in oceanic lithosphere and lower in

continental lithosphere. Somewhat paradoxically, the standard deviations from the MCMC runs are very small for the thermal

conductivities (Supplementary Material 1) at the locations where we could not �t the temperature pro�le, caused by the result

clinging to the boundary of the parameter ranges.200

Our analysis shows that about 2/3 of the heat �ow points can be �t with Solid Earth models if adequate thermal parameters

are selected (Figure 5). However, given the range of parameters that we allow it was impossible to achieve the desired 100K

threshold for LAB temperature at 628 locations. Most of these points are located in the oceanic lithosphere.
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