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A B S T R A C T

The mean land-surface temperature represents an important boundary condition for many geothermal studies.
This boundary is particularly important to help constrain the models made to analyse resource systems, many of
which are shallow in nature and observe relatively small thermal gradients. Consequently, a mean land-surface
temperature map of the Australian continent has been produced from 13 years of MODIS satellite imagery, for
the period 2003–2015. The map shows good agreement with independent methods of estimating mean land-
surface temperature, including borehole surface-temperature extrapolation and long-term, near-surface ground
measurements. In comparison to previously used methods of estimating mean land-surface temperature, our new
estimates are up to 12 °C warmer. The MODIS-based method presented in this study provides spatially con-
tinuous estimates of land-surface temperature that can be incorporated as the surface thermal boundary con-
dition in geothermal studies. The method is also able to provide a quantification of the uncertainties expected in
the application of these estimates for the purposes of thermal modelling.

1. Introduction

The thermal budget of the crust forms an important element in our
overall understanding of geological systems. Indeed, while the em-
bedded thermal energy of the crust represents an energy resource of
itself, crustal temperature is also an important constraint on geody-
namic modelling, hydrogeochemical modelling, the accurate inter-
pretation and inversion of geophysical data sets, and the formation and
preservation of both petroleum and mineral systems (e.g. Beardsmore
and Cull, 2001; Clauser, 2003; Davies, 1999; Magoon and Dow, 1994;
Sandiford et al., 2002; Wyborn et al., 1994). In particular, the shallow
thermal models used for the analysis of resource systems may only be
interested in subsurface temperatures of up to 100–200 °C. Errors of a
few degrees can have significant impacts on the interpretations drawn
from such models (Peters and Nelson, 2012).

Conductive thermal models of the crust are subject to many sources
of uncertainty. These include uncertainty in the geological structure,
rock properties (thermal conductivity and heat production), and in the
model boundary conditions (typically fixed basal heat flow and fixed
surface temperature). The focus of this paper is on the specific choice of
a fixed temperature to apply as the surface boundary condition.
Previous studies have already highlighted the importance of this
parameter, particularly on the sensitivity of results from shallow

thermal models (c.f. Kohl et al., 2001). However, in the absence of
detailed ground-temperature sampling, studies to-date have generally
had to rely on the use of proxy data.

In the past, many researchers have simply adopted the average
annual air temperature as the surface boundary constraint (e.g.
Middleton, 1979; Chapman et al., 1984; Goutorbe et al., 2008; Danis
et al., 2010). Others have leveraged the adiabatic lapse rate of air to
estimate topography-dependent empirical corrections for known
ground-surface temperatures (e.g. Kohl et al., 2001, 2003). However, air
temperature is only one of the variables influencing ground tempera-
ture, and its use has a proxy has long been recognised to introduce
error. Howard and Sass (1964) compared ground surface temperature
values, derived from borehole thermal gradient extrapolations, with
mean annual air temperature values for 11 boreholes across the Aus-
tralian continent, mostly from Western Australia. Results suggested an
increase of 3 °C of mean ground surface temperature over mean annual
air temperature. Since then, several Australian studies have adopted
this +3 °C offset as a standard correction to apply to the mean annual
air temperature as a method to estimate ground surface temperature
(c.f. Beardsmore and Cull, 2001; Cull and Conley, 1983; Meixner et al.,
2012). Similar corrections have also been applied internationally (e.g.
Bartlett et al., 2006; Blackwell et al., 1980; Deming and Chapman,
1988; Majorowicz and Jessop, 1981).
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Several previous studies have estimated the land-surface tempera-
ture at specific points across the Australian continent. In a local study of
the Carnarvon Basin in Western Australia, Beardsmore (2005) extra-
polated observed borehole thermal gradients to show that the estimated
mean land-surface temperature was 6 °C warmer than mean annual air
temperature; twice the average suggested by Howard and Sass (1964).
Gerner and Budd (2015) analysed data from 108 continuous borehole
temperature logs and 81 Bureau of Meteorology ground temperature
sensors from across the continent and demonstrated that the difference
compared to average annual air temperature was 3.38 °C averaged
across the entire dataset. This result was not substantially different from
that of Howard and Sass (1964), however, with individual sites re-
cording differences of 1–8 °C, a fixed correction factor of 3 °C can result
in errors of up to 5 °C in some areas. Unfortunately, Gerner and Budd
(2015) lacked the spatial detail required to draw rigorous quantitative
conclusions and estimates of uncertainty.

Remote sensing provides an opportunity to achieve the spatial re-
solution required for detailed mapping of land-surface temperature at
regional and continental scales. Preliminary studies have previously
demonstrated the potential for such an approach to be applied within a
geothermal context (Horowitz and Regenauer-Lieb, 2009; Horowitz,
2015). In particular, Horowitz and Regenauer-Lieb (2009) presented a
map of mean Australian land-surface temperature. Their study how-
ever, was limited by the six year record of satellite data available. The
general approach developed in these earlier studies is adopted here
with modification. The method is applied to the whole Australian
continent, using a much longer record of observations, and with com-
parison to other independent measurements of mean land-surface
temperature. The validity of an empirical +3 °C correction to the mean
annual air temperature will also be briefly examined.

2. Methods

2.1. Remote sensing

Daily land-surface temperature observations are available as a
standard data product of the Moderate Resolution Imaging
Spectroradiometer (MODIS). MODIS sensors are installed on two sa-
tellite systems; Terra and Aqua. The two satellites are currently op-
erational with Terra commencing observations on 5 March 2000, and
Aqua commencing observations on 8 July 2002. The satellites are sun-
synchronous, recording both a day-time and night-time pass for a given
location in a single 24 h period. The orbit of Terra makes a north-south
pass of the equator every 98.8 min at approximately 10:30 am local
time, while the orbit of Aqua makes south-north pass of the equator
every 98.4 min at approximately 1:30 pm local time. The MODIS land-
surface temperature products have ∼1 km2 pixels. The derivation of
land-surface temperatures from the observations of these satellites is
described extensively in the MODIS land-surface temperature
Algorithm Theoretical Basis Document (Wan, 1999), including an ac-
curacy specification of± 1 °C. Subsequent validation testing suggests
that this uncertainty range is generally achieved, but increases with
heavy atmospheric aerosol loadings (Wan, 2008).

As water vapour interacts with the wavelengths required for MODIS
land-surface temperature observations, cloud cover must be filtered
prior to image processing. Where cloud cover has a strong seasonal
correlation, such filtering can result in temporal sample biasing. This
sampling bias must be taken into consideration when calculating an
annual mean land-surface temperature (Fig. 1). Given the nature of
annual temperature fluctuations, sinusoidal regression can be used to
calculate a temporally-unbiased mean. A standard sinusoidal waveform
is given by

= + +f t μ A ωt ϕ( ) cos( ) (1)

where the temperature, f(t), as a function of time, t (days), is given by
the mean, μ (°C), amplitude, A (°C), frequency, ω (radians per day), and

phase shift, ϕ (radians). In the context of modelling the expected annual
land-surface temperature in the southern hemisphere, a cosine wave is
fitted as the default phase is already closely match to that expected.
Furthermore, the wave frequency is known to be annual, and therefore

=ω π2
365.24 . In order to apply a sinusoidal regression to the observed

MODIS data, the standard waveform in (1) can be expanded using the
angle-sum trigonometric identity to give

= + −f t μ A ωt ϕ A ωt ϕ( ) cos( )cos( ) sin( )sin( ) (2)

Given that A and ϕ are both independent of t, (2) can be simplified
to

= + +f t μ B ωt B ωt( ) cos( ) sin( )1 2 (3)

where B1 = A cos(ϕ) and B2 =− A sin(ϕ). It therefore follows that the
three unknowns in (3) are given by the least-squares solution of the
linear system
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where f(t) is the observed MODIS data (of n available daily observa-
tions). Standard trigonometric relations then allow the amplitude and
phase-shift of the annual waveform (1) to be recovered;

= +A B B1
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The MODIS land-surface temperature observations are accompanied
by estimates of the uncertainty for each observation. These un-
certainties can be propagated through the sinusoidal least-squares re-
gression to provide an indication of the uncertainties in the fitted model
parameters, following Aster et al. (2005). This is achieved by first re-
scaling the linear system in (4) by a weighting matrix, W, such that

Fig. 1. Cloud-filter induced sample biasing of mean land-surface temperature, as calcu-
lated at four locations across the Australian continent using Terra night-pass temperature
estimates from 2008. In each case, the magnitude of the sample bias is given by the
difference between the arithmetic mean (orange line) and the sinusoidal mean (blue line).
The sinusoidal model (grey line) is calculated from the least-squares fit to the observed
temperature data (grey dots). The temperature axes are plotted relative to the sinusoidal
mean for each location. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of the article.)
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where Cd is the a priori data covariance matrix, and σi is the standard
deviation of the ith datum. Multiplication of (4) by W reduces the
covariance of the weighted data to the identity matrix. A reduced chi-
squared goodness-of-fit test can therefore be calculated following

∑=
=

χ
N

r1
f i

n

ired
2

1

2

(8)

where Nf is the number of degrees of freedom for the fitted solution, and
r is the vector of residual values.

If the least-squares solution to the rescaled system yields a model
that fits the statistical properties of the observed data, ≈χ 1red

2 .
Deviations above or below this result can indicate that the model has
been over- or under-fit, that the data uncertainties have been over- or
under-estimated, or reveal other significant errors (including poor
model conceptualisation). In this instance it is expected that the un-
certainties in the observations, as provided with the MODIS data, will
underestimate the true uncertainties in the regression. This is because
the observational errors alone do not incorporate the natural variation
in daily temperatures around the mean. Such an underestimation will
result in a >χ 1red

2 . In this a scenario we can forego our independent
assessment of the goodness-of-fit, and instead use (8) to improve our
estimate of the data uncertainties (c.f. Press et al., 1992).

To estimate the uncertainties required to match the data we have
observed, it is possible to rescale (4) a second time in such a way as to
fit =χ 1red

2 . This is achieved by calculating a scaling factor,

=λ χred
2

(9)

which can then be used to determine the new weighting matrix,

′ = −W λ W1 (10)

While this rescaling does not effect the least-squares solution al-
ready calculated, Aster et al. (2005) show that for such a system the
model covariance matrix is now given by

= ′ ′ −( )C G Gm w
T

w
1

(11)

where ′GW is the matrix of predictor variables in (4) multiplied by the
new weighting matrix in (10).

Access to the MODIS data, and data-processing for the calculation of
annual sinusoidal regressions, were both provided by the Google Earth
Engine; a cloud-based geospatial processing platform available online
(Google Earth Engine Team, 2015). The sinusoidal mean, amplitude
and phase shift, as per (4)–(6), were calculated for each available ca-
lendar year for both the Terra and Aqua Land Surface Temperature and
Emissivity Daily L3 Global 1 km Grid SIN (MOD11A1 and MYD11A1,
respectively; Land Processes Distributed Active Archive Center
[LPDAAC], 2014a; Land Processes Distributed Active Archive Center
[LPDAAC], 2014b). The arithmetic mean of the results for both sa-
tellites was then calculated for each pixel, and for each calendar year.
Comparison of the results from individual satellites however, showed a
slight difference in the average values yielded between Aqua and Terra.
This shift is presumed to reflect the difference in the timing of the
observations of each satellite, relative to the diurnal cycle (c.f. Duan
et al., 2014). For consistency, annual averages were therefore only
calculated for the 13 years with observational data available for both
satellites (2003–2015, inclusive). A single continental-scale map of the
mean land-surface temperature, 2003–2015, was generated from the
results.

It should be noted that a sinusoidal cycle might not optimally fit
annual surface-temperature trends in regions with heavy seasonal snow
coverage. The insulating presence of ice, and the latent heat of soil
moisture, can buffer land-surface temperatures; maintaining

temperatures at around 0 °C while air temperatures may otherwise dip
further (Lewis and Wang, 1992; Beltrami and Kellman, 2003; Signorelli
and Kohl, 2004; Bartlett et al., 2005). As snow cover can be masked by
cloud-filtering algorithms (Wan, 2008), it is possible that sinusoidal
regression will not reflect the expected annual land-surface temperature
profile. This problem is negligible in Australia, with seasonal snow
cover restricted to a narrow region in the Australian Alps (Whetton
et al., 1996) and Tasmania. The phenomenon may have to be con-
sidered, however, in order to apply the method in other regions.

2.2. Validation

For the purposes of borehole heat-flux applications, there are a
number of complicating factors that require the results presented here
to be further validated. Due to the nature of spectral methods, the
surface temperature reported will necessarily correspond to the re-
flective surface, rather than specifically to the ground surface.
Furthermore, observations are only available for the past 13 years,
which can reasonably be expected to be warmer than the palaeoclimatic
conditions reflected in the borehole thermal profiles. In this regard,
validation of the mean land-surface temperature map was attempted
through comparison with two independent methods of estimating mean
land-surface temperature; borehole surface-temperature extrapolations,
and near-surface temperature measurements.

Borehole surface-temperature extrapolation is a method of esti-
mating the localised mean land-surface temperature at a borehole with
a continuous temperature well-log. Such a well-log will generally dis-
play a shallow zone where temperature is affected by the annual surface
temperature cycle, before resolving into a smooth thermal gradient
distinctive of conductive heat transfer. The surface-temperature extra-
polation method takes advantage of the predictable behaviour of con-
ductive heat flow under equilibrium conditions, discarding the tem-
perature data from the anomalous zone, and extrapolating the stable
subsurface thermal-gradient to estimate the mean surface temperature.
The identification of the optimal portion of the temperature log to ex-
trapolate back to the surface is subjective however, and represents the
greatest source of uncertainty in this method. Local measurements of
shallow ground temperature can also be taken directly using tempera-
ture probes at, or near, the land surface. Although accurate, this method
requires temperature sensors to remain buried for several years and, as
such, is rarely adopted to constrain the surface thermal boundary
condition in geothermal studies. Both of these methods provide very
localised point-estimates of mean land-surface temperature over dif-
ferent temporal scales. Near-surface temperature observations are col-
lected at specific weather stations across the continent by the Australian
Bureau of Meteorology. Measurements collected at 1 m depth were
selected for this study as the influence of the diurnal cycle has been
almost completely attenuated by this depth (Bartlett et al., 2006;
Beardsmore and Cull, 2001). This allows accurate long-term averages to
be compiled using a database of daily observations. However, the
measurements at individual weather stations were made over different,
and often discontinuous periods ranging from 1960 to 2009, and with
differing observational frequencies. To standardise the data, observa-
tions were first averaged to provide daily values. Where monthly data
availability exceeded 60%, these were then consolidated to monthly
averages. Annual land-surface temperatures were only calculated for
years with complete monthly averages, before finally calculating a
mean value over all available years. Stations with less than 5 complete
years of observational data were excluded from subsequent analysis. In
total, this process yielded 89 land-surface temperature measurements
available across the Australian continent (Fig. 2), the details of which
are provided in the supplementary materials.

Several previous studies have published extrapolated land-surface
temperature values at specific boreholes across the Australian con-
tinent. To date, most of these data-points have been incidentally re-
ported in broader heat flow studies (Beardsmore, 2005; Cull, 1982;
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Harrison et al., 2012; Howard and Sass, 1964). However, substantial
contributions to data coverage have recently been made by Gerner and
Budd (2015), and Taylor and Mather (2015). Both studies specifically
calculated extrapolated land-surface temperature values to help con-
strain the surface thermal boundary. Nevertheless the Australian con-
tinent remains sparsely sampled (Fig. 2). A compilation of all published
data-points is provided in the supplementary materials.

3. Results and discussion

The mean annual land-surface temperature, as calculated from the
average mean of the 13 annual periods calculated using (4), is shown in
Fig. 3. The mean amplitude calculated across the 13 years using (5),
representing the magnitude of the seasonal change in temperature, is
shown in Fig. 4. The mean phase shift calculated across the 13 years
using (6), being inversely proportional to the timing of the annual
temperature peak, is shown in Fig. 5. Three-by-three covariance ma-
trices were calculated on a pixel-by-pixel basis for the three model
parameters in (4). The results indicate that the mean land-surface
temperature, over the period 2003–2015, is well constrained and is
calculated with a standard deviation of up to 0.3 °C. The corresponding
correlation matrices demonstrate that, across Australia, the three model
parameters exhibit negligible dependence (Fig. 6). These images are
available for download in GeoTiff raster format from Geoscience Aus-
tralia.1

Comparison between the MODIS derived mean land-surface tem-
perature and the validation datasets show good agreement, with points
generally clustered around a 1:1 linear-fit line (Fig. 7a and c). The
average misfit between the MODIS-based land-surface temperatures
and long-term, near-surface temperature measurements is
−0.09 ± 1.2 °C (Fig. 7b). Against borehole surface temperature ex-
trapolations, the average misfit is 1.52 ± 1.55 °C (Fig. 7d), suggesting
that the borehole method systematically recovers a cooler surface
temperature.

This is as should be expected, given the different temporal sampling
of these two methods. In general, the mismatch exhibited in Fig. 7c and
d is consistent with observed climatic shifts in pre-industrial surface
temperature (Huang et al., 2000). The bias also very likely reflects a
component of increased surface temperatures due to post-colonial land
clearing (e.g. Čermák et al., 1992). It is also possible that bias could be
introduced through the subjective choice of the stable thermal gradient

used for extrapolation, and through the way in which the extrapolation
is calculated (i.e. accuracy in the reconstruction of the crustal thermal
conductivity profile).

While the MODIS-derived mean land-surface temperatures can be
estimated with a high degree of confidence (< 0.2 °C), a larger mag-
nitude of noise is exhibited in the mismatch between these and the
near-surface measurements. Noise in this comparison is due principally
to sub-pixel variations in land-surface temperature, and to optical noise
(including the influences of atmospheric aerosols, foliage and the built
environment). As such, the probability density function modelled in
Fig. 7b represents an appropriate uncertainty distribution for the ap-
plication of MODIS mean land-surface temperature estimates for
thermal modelling.

Previous regional-scale geothermal models have generally used the
mean annual surface air temperature (corrected or uncorrected) as a
surface thermal boundary constraint (e.g. Cull and Conley, 1983;
Goutorbe et al., 2008; Beardsmore et al., 2010; Limberger et al., 2014).
A common approach has been to rely on standard climatology datasets
(i.e. Leemans and Cramer, 1991; Hijmans et al., 2005; Australian
Bureau of Meteorology, 2016). To highlight the impact of our land-

Fig. 2. The location of Australian borehole surface-temperature extrapolation data-points
(crosses), and Bureau of Meteorology near-surface temperature measurements (squares).

Fig. 3. Mean annual Australian land-surface temperature for the period 2003–2015.

Fig. 4. Mean annual Australian land-surface temperature amplitude for the period
2003–2015.

1 http://www.ga.gov.au/metadata-gateway/metadata/record/102260.
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surface temperature estimates, we compare our estimates against both
the standard 30-year Australian mean annual surface air temperature
dataset (Australian Bureau of Meteorology, 2016, Fig. 8a), and a mean
annual surface air temperature calculated for the period 2003–2015
(coincident with the period of MODIS observations; Fig. 8b). In each
case, our comparison assumes that mean annual air temperature has
been empirically corrected.

The difference between the two methods for estimating land-surface
temperatures is most pronounced over the arid and semi-arid interior of
the continent. MODIS-derived mean land-surface temperature estimates
are generally 1–3 °C higher in these regions, with a continental-wide
mean difference of +1.4 °C. In central Australia, and in the west, the
regional difference approaches +5 °C, with a local peak difference of
9.2 °C. In contrast, the MODIS-derived mean land-surface temperature
estimates are cooler than the corresponding corrected mean annual
surface air temperatures in coastal regions of Australias north, east and

south. For surface temperature estimates based on uncorrected air
temperature, the trends shown in Fig. 8 will be 3 °C higher.

These results corroborate and extend the point observations of
Gerner and Budd (2015), highlighting the limitations of the standard
+3 °C correction to mean annual surface air temperature. Of particular
note is the fine-scale structure that is resolved through remote sensing.
Land-surface temperatures are known to be sensitive to changes lati-
tude, topography, vegetation, land-use, and moisture (e.g. Čermák
et al., 1992; Lewis and Wang, 1992; Lewis, 1998). Rapid changes in
land-surface temperature over short distances, particularly apparent in
Fig. 8, quantify the impact of these various influences as they currently
exist today.

The MODIS land-surface temperature estimates allow us to con-
strain the current condition at the surface of the crust with greater
accuracy and detail. Analysis across the Australian continent suggests
that shifting to MODIS-derived land-surface temperature estimates can
have a substantial impact on the thermal budget available to shallow
crustal models. The standard +3 °C correction to mean annual air
temperature is shown to broadly improve results but can still result in
surface temperature underestimation by up to 5 °C, especially in arid
and semi-arid environments.

4. Conclusions

Land-surface temperature is an important boundary condition used
to constrain the thermal budget of the crust in geothermal studies. The
use of annual average air temperatures, even with standard corrections,
can result in underestimation of up to 9.2 °C in the approximation of
localised land-surface temperatures. The new annual land surface
temperature map presented in this paper, as derived from MODIS sa-
tellite data, provides a close match to other independent methods of
estimating surface temperature, including extrapolations from borehole
thermal gradients and long-term near-surface temperature measure-
ments. The method also provides spatially continuous estimates, which
are an advantage for studies of regional and remote locations.

The maps presented in this study provide an estimate of the current
surface thermal boundary condition of the Australian continental crust.
The method presented here should be broadly applicable inter-
nationally, but would need to be modified in regions with sustained
snow coverage.

Fig. 5. Mean annual Australian land-surface temperature phase-shift (in days) for the
period 2003–2015.

Fig. 6. Correlation matrices for the three model parameters. For ease of plotting, the
results for each 3-by-3 matrix are shown simultaneously. However, no inference should be
drawn on the spatial correlation between pixels.

Fig. 7. Comparison between MODIS land-surface temperature estimates and two in-
dependent surface temperature datasets. (a) MODIS mean surface temperature (hor-
izontal axis) versus long-term, near-surface temperature measurements (NSM, vertical
axis). (b) Histogram of misfit values (MODIS – NSM), with fitted Gaussian distribution. (c)
MODIS mean surface temperature (horizontal axis) versus borehole surface-temperature
extrapolations (STE, vertical axis). (d) Histogram of misfit values (MODIS – STE), with
fitted Gaussian distribution.
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