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A B S T R A C T

Modelling the underground temperature variability is a key element in geothermal energy designs which is 
affected by many parameters such as seasonal changing temperature of the surface, depth of bedrock, population 
density, etc. The most used approach is deterministic experimental models which can be modified and adapted 
based on a specific case study. Urban settlements dissipate heat in the ground, leading to uncertainties in defining 
temperature along depth. Regularly, the deterministic models of calculating subsoil temperature are valid for 
local areas and defined conditions, but fail to estimate the temperature evolution on the large-scale. In this 
research instead, the probabilistic approach - geostatistical multivariate conditional simulation - is tested to 
model the underground temperature variability using turning bands algorithm. A mixed urban-rural area 
(17 km2), with availability of various log temperature measurements, as well as surface information on natural 
and anthropic factors, has been considered as the case study. Results highlighted the potential of using proba
bilistic models to recreate the 3D- temperature underground maps in space and time. In contrary of the deter
ministic models with a sharp discontinuity at bedrock, simulation results demonstrated the more consistent 
gradient change at the transitional zone between the sediments and the bedrock leading to improve the suit
ability maps quality and sustainable use of underground space specifically at large-scale levels. The main 
objective of this study is to test the proposed methodology. Due to the lack of available data under the specific 
conditions required for the analysis, synthetic boreholes were generated based on four real boreholes with 
temperature measurements. These synthetic datasets were then used as input for the methodology.

1. Introduction

Geothermal energy is a renewable energy source derived from the 
heat naturally stored in rocks and fluids deep within the earth’s crust. It 
can help decarbonising heat consumption in homes, buildings and in
dustry, then delivering emission reductions and at the same time 
increasing comfort for the households. Determination of the subsoil 
temperature is a crucial step for planning thermal energy projects for 
both heat, cool and power production. Hence, starting from available 
temperature measurements and hydrogeological information, it is 
possible to estimate temperature at different levels and consequently to 
provide a cost-effectiveness analysis of the sustainable exploitation of 

geothermal resource. Notable examples of modelling the subsurface 
urban heat island effect (SUHI) can be found in many cities, for example 
Milan, Italy1,2 and Zurich.3 Ngarambe et al. performed a comprehensive 
catalogue of SUHI research in various parts of the world.4 Many authors 
have used the standard distance-weighted estimator to map temperature 
in 2-dimensional (2D) space at specific depths,5,6. However, to estimate 
the geothermal potential of a geological body at the required depth, it is 
fundamental to determine the temperature at any point in a 3-dimen
sional (3D) space. One of the main factors influencing the subsurface 
temperature distribution is the geothermal heat flow.7 Moreover, in 
shallow layers (down to 50 m depth), other factors such as climate 
seasonality, ground thermal insulation, conditioned by geology and 
hydrogeology, and urban ground warming intervene as well.8,9

Abbreviations: 2D, two-dimensional; 3D, three-dimensional; BHE, borehole heat exchanger; GIS, geographic information system; GSHP, ground source heat pump; 
SUHI, subsurface urban heat island; TB, turning bands.
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To record the past atmospheric temperature variations and recent 
global warming, the vertical temperature profiles (T-logs) can be 
measured in boreholes.10–13 The measured values are influenced by the 
interaction between the deep ground temperature, the surface air tem
perature, and the heat transport in geological formations.3

The presence on the surface of paved areas and buildings modifies 
the natural ground temperature gradient. The man-induced thermal 
alterations, of different magnitude and period, can significantly change 
the ground temperature down to several tens of meters in the subsur
face.14,15 Moreover, recently researchers have started to correlate 
anthropogenic impact of buildings and structures to microbial evolu
tion, thus evidencing the environmental issue of understanding the 
subsoil temperature in urban contexts.16 SUHI can increase at least 50% 
of the energy stored in the subsurface. Bayer et al. have used analytical 
models to evaluate the influence of climate change and urban sources to 
ground temperature.3 Four vertical measured 
temperature-depth-profiles had been considered in different urbaniza
tion areas, in the city and suburbs of Zurich. The result is coherent with 
the work on other central European cities, where large thermal anom
alies in the upper urban ground, have been evidenced: Dublin,17 Co
logne,18 Berlin.19

Recently, satellite derived data have also been used to determine the 
subsoil temperature, but the level of investigation is currently limited to 
very shallow depths.20 Researchers have inserted, for the case study of 
the urban area of Beijing, land surface temperature values, remote 
sensing obtained, in a deterministic three-time-scale model to obtain 
subsurface temperature gradient. Calculation results were validated 
with measured soil temperatures at seven ground-based sites.

One common simplification of all these approaches is related to the 
deterministic modelling such as physical models account for urban heat 
sources increasing ground surface temperature. However, the deter
ministic heat transfer models applied are limited by unavoidable ap
proximations, caused by local unpredictable influences.21 Moreover, the 
scale affects the result, since enlarging the study area implies propa
gating the incertitude and its related error in the deterministic model. 
Uncertainty is due to the difficult quantification of ground layers 
properties and the impossibility to identify all the heat sinks and sources 
affecting the subsoil. The result is a high variability in space and time of 
the real values of ground temperature that is commonly neglected in 2D 
and 3D GIS supported models.

It has been understood that, due to the complexity of the problem 
and the variability of effects in an urban area, statistical, Machine 
Learning (ML) and geostatistical approaches are needed to improve the 
estimation of ground temperature models.22 Recently, statistical ap
proaches have been applied by several researchers, such as statistical 

clustering with regression decision tree,23,24 spatial regression with 
Moran’s I coefficient,25 and Random Forest ML algorithm.26 Kreitmar 
et al., at first, developed a statistical method able of grouping ground 
volumes into archetypes according to common thermal behaviours. 
They applied the methodology on the subsurface of the city of London as 
case study.23 Afterwards, they expanded the approach, by also intro
ducing the potential to exploit geothermal heat from the ground. The 
new methodology was applied on the subsurface of the cities of Cam
bridge, UK, and Berkeley, USA.24 Chu and Rotta Loria used statistical 
and ML methods considering the relative locations of available infor
mation. In both works, the subsoil of Chicago was taken as case study.25, 

26 On the other hand, geostatistical approaches provide quantitative 
descriptions of natural variables distributed in space or in time and 
space,27 and can be used to predict ground temperature space and time 
variability in an urban area.28

Mostly, to understand the predominant conductive thermal regime, 
it is necessary to reproduce the temperature variation in 3D grid. To 
estimate the temperature at unsampled locations, some authors have 
used the Kriging interpolation method,29 whose main advantages is 
considering the spatial variability in estimation process and the calcu
lation of uncertainty associated with the predicted value.30–32 As an 
example, Agemar et al. used Universal Kriging to accommodate a trend 
in data which is essential for the estimation of subsurface tempera
tures.33 The same procedure was adopted by Kasmaee et al. for the 
estimation of temperatures in a mountain environment and inside a 
tunnel.34 Moreover, the method has been used both for local subsurface 
temperature predictions35 and for wide 3D temperature model.36

As a result of numerous and various factors affecting ground tem
perature, one estimation based on limited information could be just one 
image (the average) of all possible equiprobable alternatives. This issue 
affects temperature estimation results, where the available measure
ments are insufficient, in relation to the variability factors and the size of 
the domain. Since several outcomes can be produced by geostatistical 
simulation, reproducing the characteristics of the input variable and 
respecting the initial constrains can be considered as advantages. 
However, the results of a simulation should be analyzed due to the 
background of the application, to consider if the model is specified well, 
beyond its statistical parameters.27 Geostatistical simulation is widely 
used to predict complex variables and to quantify uncertainty in a spatial 
context, in different fields such as mineral resources evaluation, reser
voir characterization, hydrology, soil and environmental sciences.37–39

Specifically to the geothermal sector, it is widely used for predicting the 
petrophysical properties of the hot fluids reservoirs, especially perme
ability, but it is not used to directly estimate the ground temperature 
variation.40,41

Nomenclature

a variable term of the polynomial
α thermal diffusivity (m2⋅s− 1)
A temperature wave amplitude (K)
b constant term of the polynomial
c heat capacity (J⋅Kg− 1⋅K− 1)
F function
g Gaussian density function
gk derivative of Gaussian density function
γ variogram
h distance among realizations (m)
hf geothermal heat flow (W⋅m− 2)
Hk Hermite Polynomial
λ thermal conductivity (W⋅m− 1⋅K− 1)
ρ density (kg⋅m− 3)
R residual

Rs* result of conditional simulation after back transform
t realization of the raw temperature variable (K)
τ time (s)
τT0 time of minimum temperature (s)
T temperature (K)
Tm annual mean temperature (K)
∇Tgeo geothermal gradient (K⋅m− 1)
T wave period (s)
x1 length coordinate
x2 width coordinate
x3 height coordinate
y realization of the normalized temperature variable
ycs conditional simulation
yuc unconditional simulation
ykc kriging estimation using the conditioned data
yku kriging estimation using the unconditioned data
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As the novelty, in this paper, geostatistical simulation techniques are 
used to characterize the ground temperature in the first 50 m below the 
ground surface, whose realizations are affected by ambient seasonal 
variations, subsurface urban heat island, groundwater movements and 
geothermal heat flow.

The conditional simulation technique has been applied on a case 
study, the urban area of Zurich city, for which extensive research on 
ground temperature had already been done and extended measurements 
at various locations were available.3 The final result for the selected area 
is a set of prediction images of subsurface temperature, together with the 
distribution of equiprobable values. The aim of the present work is to set 
up a procedure to apply the geostatistical simulation for the definition of 
variability of ground temperature profiles in the urban context, starting 
from accessible, widespread and relatively cheap sets of measurements. 
The proposed scheme is based on combining deterministic and sto
chastic modelling of temperature evolution and it is supposed to gain the 
attention of policy makers and city planners.

2. Materials and methods

To obtain realistic pictures of spatial variability of one or more 
variables, conditional geostatistical simulation can be considered as an 
appropriate qualitative approach, especially for complex procedures 
such as numerical modelling of a dynamic system or economic optimi
zation of a natural resource.42 The aim is constructing realizations that 
reproduce the spatial variability of a regionalized variable/or values of 
the coregionalization in multi variate case, over a given domain. To 
perform the conditional simulation, a stochastic model should be used to 
describe the spatial distribution of the regionalized variable or cor
egionalized variables (object of the simulation), and an algorithm that 
constructs the realizations of this model (method of simulation).27,43

The regionalized or coregionalized variable/s can be modeled by 
Gaussian random fields, using different types of algorithms44 to coher
ently recreate the variable distribution and spatial correlation structure. 
Among available algorithms, Turning Bands (TB) is the one proposed by 
Matheron,45 which can be performed in a multi-dimensional space 
simulation through a series of one-dimensional simulations. The ad
vantages of the TB algorithm are the fast calculations and an accurate 
reproduction of the spatial correlation structure (in univariate and 
multivariate cases), even with distributions slightly different from the 
target ones.46

The TB algorithm generates 3D simulation results from several in
dependent 1D simulations along lines that can be rotated in 3D space. In 
the multi-variable cases, to perform the simulation of coregionalized 
variables, there is a need of cross-covariance functions, which can model 
the relationships between the different variables. There are several ap
proaches for modelling simple and cross-covariances37 that can be used 
according to the spatial variability of available measured data (ex. the 
temperature measurements of boreholes). To construct realizations 
conditioned to a set of measured data, supplementary steps are required.

In the first step, the target area of interest should be identified for 
simulation of temperature spatial variability, conditioned by some 
limited measured temperature in vertical boreholes. It is common that 
temperature variability in subsurface area shows trend (continuous in
crease or decrease of temperature) in vertical direction.47–49 Once 
defined an interest area of investigation, and the size, shape and 
dimension of the desired grid, the steps of the stochastic approach to 
simulate the ground temperature evolution are presented as follows: 

Collection of all direct and indirect measurements of temperature in 
the study zone. Possibly the measurements should be regularly 
distributed all around the area of interest (See Paragraph ↱2.1);
Collection of geological, thermophysical, climate and geothermal 
information and use for the deterministic calculation of ground 
temperature profiles in all nodes of the grid; the 3D matrix of ground 

temperature (at a defined time) will be the collocated variable of the 
geostatistical simulation process (See Paragraph ↱2.2);
Removal of the ground temperature trend for both measured (step 1) 
and calculated (step 2) temperature values and calculation of re
siduals (See Paragraph ↱2.3);
Performing the steps of the geostatistical simulation: normal score 
transform of residuals, direct and cross variograms, conditional 
simulation of residuals by application of TB, back-transform of 
simulation results (See Paragraph ↱2.4);
Addition of trend to the back-transform results and final calculation 
of ground temperature (See Paragraph ↱2.5).

Collected data in steps 1 and 2 allow creating the ground tempera
ture values, measured and calculated, for further comparison of direct 
and cross variograms of residuals, basis of the geostatistical simulation. 
The steps’ details are presented below in paragraphs from ↱2.1 to ↱2.5, 
while Fig. 1 provides a schematic view of the workflow, showing how 
the collected data are inserted into the steps of the process, and how they 
interrelate each other to the final result, the set of equiprobable images 
of ground temperature.

2.1. Necessary measurement data

The initial data to be collected are the following:
Punctual measurements: 

- Temperature profiles in boreholes, wells and pits;
- Climate data;
- Ambient temperature in the underground space (railway, under

ground lines, cellars, etc.);
- Surface temperature with contact probes and thermal infrared 

cameras;
- Lab and site tests on thermal diffusivity and conductivity of different 

soils and rocks; 
Wide area information:

- Geological formations and depth of bedrock;
- Aquifers and surface water;
- Land use;
- Population density;
- Climate history;
- Aerial thermal images50.

Some of these data provide direct information on actual temperature. 
They are inclusive of the subsurface urban heat island (SUHI) contri
bution and many other unpredictable heat sources in city context. The 
others provide indirect information over temperature. They can be 
inserted in the deterministic models to calculate hypothetical tempera
ture profile values, which do not consider local variability and hetero
geneity. Table 1 provides a list of the information/data, derived 
according to the use (direct/indirect) and specifying if they are punctual 
or distributed in the wide area.

2.2. Reconstruction of hypothetical standard behavior through 
deterministic analysis

The basic equation for defining the vertical distribution assessment 
of temperature (Tg) is a function of the ambient temperature wave, the 
thermal properties of the ground layers and the geothermal gradient.8

Since all the variables entering the function are regionalized, the target 
variable is four dimensional, varying in space (x1, x2, x3) and time (t). 
Having Tg a sinusoidal behaviour, the year is usually chosen as a wave 
period. Eq. 1 summarizes the well-known distribution of temperatures in 
the subsoil.51
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T(x1, x2, x3, τ) =Tm(x1, x2) − A(x1, x2)⋅exp
[

− x3⋅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
π

Τ⋅α(x1, x2, x3)

)√ ]

⋅ cos
[
2⋅π
Τ

⋅
(

τ − τT0 (x1, x2) −
x3

2
⋅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Τ

π⋅α(x1, x2, x3)

√ )]

+∇
→Tgeo⋅x3

(1) 

Where Tm is the annual surface average temperature at location x1x2 
(◦C), A is the wave amplitude at location x1x2 (◦C), the year is the wave 
period, x3 is depth (m), τ is time (days), τT0 is the time at minimum 
temperature (days), α is the equivalent thermal diffusivity on the depth 

of investigation (m2/days) and ∇→T is the geothermal gradient at loca
tion x1x2 (◦C/m), depending on geothermal heat flow hf (W/m2) and 
equivalent thermal conductivity on the depth of investigation λ (W/ 
(m•K)) (see Eq. 2). 

∇
→Tgeo =

hf (x1, x2)

λ(x1, x2, x3)
(2) 

When information on all the parameters is measured or estimated, it 
is possible to create a hypothetical 3D map of ground temperature T in 
an interest area, by using the deterministic equation. An example of 
deterministic is presented by Tinti et al.52 , who evaluated using tem
perature logs three 2D ground temperature profiles (far from buildings, 

Fig. 1. Workflow of the methodology developed to simulate the ground temperature evolution in a stochastic environment.

Table 1 
Information and data that can be acquired.

Direct measurements of temperature Indirect information, to be inserted in the models

Punctual 
measurements

Temperature profiles in boreholes, wells and pits Climate data
Ambient temperature in the underground space (railway, underground lines, 
cellars, etc.)

Lab and site tests on thermal diffusivity and conductivity of different 
soils and rocks

Surface temperature with contact probes and thermal infrared cameras
Wide area information Aerial thermal images Geological layers

Aquifers and surface water
Land use
Population density
Climate history
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beside buildings and below buildings), in the countryside, varying for 
the different seasons. The analytical parameters selected for the present 
study (land use, population density, etc.) are varying based on the 
location of geothermal boreholes. However, these are information that 
can be obtained independently from boreholes’ values and are available 
in various locations.

2.3. Removal of trend

Generally, ground temperature increases with depth due to the 
geothermal gradient. On the other hand, the gradient is affected by 
thermo-physical parameters of rocks crossed by the heat flow.3,34,53

Many studies in different topics have shown the temperature trend in 
depth and near the ground surface influenced by the ground thermal 
conditions and the climate change.3,34,47,54 In the mentioned 
case-studies, the temperature data are measured at different depths from 
boreholes, wells and in subsurface. Temperature varies with different 
slopes, depending on various parameters in a fixed time, and generally 
increasing with depth.55 The presence of the trend poses an issue in 
applying geostatistical tools. When performing geostatistical estimation, 
a common solution is to keep such trend, by directly performing Uni
versal Kriging. Instead, when performing geostatistical simulation, the 
temperature variable should be splitted in two parts (the trend m and the 
residuals R, as simplified in Eq. 3). In this case, the simulation is per
formed directly on residuals (Eq. 4):27

T(x) = m(x)+R(x) (3) 

While: 

m(x) =
∑

l

al(x0)⋅f l(x) (4) 

Where m(x) is the trend, fl(x) are the given functions (usually mono
mials), al are the unknown coefficients, and R(x) is a zero mean sta
tionary or intrinsic random residual.27

When the residuals subtract from the original data, which are 
assumed to be random, the mean of all R(x) is zero. Conceptually, the 
spatial variability (represented by variograms and cross-variograms) can 
be performed on residuals and then simulation applied on residuals as 
well. In the case of vertical variability (ex. temperature variability in 
depth), Eq. 3 can be simplified as follows (Eq. 5): 

T(x1, x2, x3) = m(x1, x2, x3)+ b+R(x1, x2, x3) (5) 

By fitting a polynomial function in the vertical direction, the re
siduals R(x1, x2, x3) can be obtained by subtraction.

2.4. Normal score transforms and conditional simulation

The idea of using conditional simulation consists in drawing different 
realizations of a variable meeting the experimental (measured) values at 
the data locations. The mentioned realizations are called conditional 
simulation to the experimental data. This conditioning deals with a 
certain robustness to the simulation with respect to the characteristics of 
the measured data.56 The (conditional) simulation procedures rely on 
the (multi-) Gaussian framework and, therefore, require a prior trans
formation of the temperature variable (T) from raw to the Gaussian 
variable (Y),43 whose realization is y in Eq. 6. 

y = F− 1
Y (FT(t)) (6) 

Moreover, the back transformation of the Gaussian simulated results 
to the raw scale is necessary. The transformation fitted on data is called 
Gaussian anamorphosis. The most flexible approach for Gaussian ana
morphosis is Hermite polynomials, which transfer a variable with a 
skewed distribution into a Gaussian one. The Hermite polynomials are 
defined as derivatives of the Gaussian density function as Eq. 7:57

Hk(y) =
gk(y)
g(y)

=
kth derivativeof Gaussiandensity

Gaussiandensity
withk = 0, 1 (7) 

For a continuous variable like temperature, different simulation al
gorithms such as the TB, the spectral or the sequential methods can be 
used. The selected method depends on the spatial variability and the size 
of the area in question, the input data and the dimension of the output 
grid.58 In multivariate applications, some of simulation algorithms may 
be challenging and require simplifications.59,60 However, TB approach 
can obtain coherent realizations and generates 3D simulation results 
from several independent 1D simulations along lines that can be rotated 
in 3D space.61 The conditional simulation ycs (x) of TB can be performed 
by two kriging parts and can be written as Eq. 8: 

ycs(x) = yuc(x)+ [ykc(x) − yku(x)] (8) 

Where, yuc (x) is unconditional simulation value from TB, ykc (x) is 
kriging value using the conditioned data and yku (x) is kriging value 
using the unconditioned simulated values.

2.5. Insertion of trend into back transform results

After performing the conditional simulation, reproduction of the 
spatial correlation structure can be obtained through different re
alizations of simulation. Since simulating the target variable y(x) is 
performed on transformed data, the back transformation of the Gaussian 
simulated results to the raw scale is necessary: 

t = F− 1
T (FY(y)) (9) 

Finally, by adding the residuals into the variable, the variability of 
the phenomena can be obtained: 

T(x1, x2, x3) = m(x3)+ b+R∗
S(x1, x2, x3) (10) 

Where Rs*(x1, x2, x3) is the result of conditional simulation after back 
transformation. The trend function is the same as the one used to remove 
the trend.

3. Case study

The effect of urban areas on the ground temperature gradient was 
studied using four ground temperature measurements in the Zurich city 
area, named Southeast, South, East and Central.3 The Southeast bore
hole, 280 m deep, is located in the suburb of the Meilen old residential 
area. The South borehole, 200 m deep, is located on the western side of 
the Zurich Lake, in a recently built area with presence of industries. The 
East borehole, 400 m deep, is located at the Köllikerstrasse residential 
area, composed mainly by family houses with courtyards. Finally, the 
Central borehole, 400 m deep, is located in the Zurich city centre at the 
Rämistrasse, with the highest building density and few green spaces. 
Groundwater effects were found negligible in the whole area, since 
during drilling no water inflow was observed and no advective distor
tions of measured ground temperature could be perceived. Moreover, 
the four boreholes cross similar lithologies, mainly composed by sedi
ments in the shallow layers. Consolidated fine sand of the Upper 
Freshwater Molasse (Tertiary) is the main lithological type, overlain by 
young Quaternary moraine deposits, of different thicknesses for the four 
boreholes. The thermophysical properties were considered for both 
surface moraine deposits and deeper consolidated fine sand layers. 
Initially, instead of assuming two distinguished values for the two 
geological layers, the same values were used; by using the developed 
deterministic algorithm including the bedrock depth,28,36 the initial 
thermophysical values returned for the consolidated fine sand below a 
different ground temperature behaviour result from the shallow moraine 
deposits. In such way, it was possible to focus the study on the effect of 
bedrock depth on ground temperature evolution when crossing 
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geological discontinuities. This approach can be particularly helpful at 
the preliminary geothermal assessment stages, in absence of detailed 
information of thermophysical properties of the geological formations 
crossed.

Table 2 resumes the available information for the four boreholes.
Representative values for thermophysical properties of such sedi

ments (both consolidated fine sand and moraine deposits) had been 
collected from the work of Bayer in 2016:3

- Thermal conductivity, λ = 2.7 W/(m⋅K);
- Bulk density, ρ = 2700 kg/m3;
- Heat capacity, c = 700 J/(kg⋅K);
- Thermal diffusivity, α = 1.43⋅10 − 6 m2/s.

The thermal properties found respect the relationship: 

α =
λ

ρ⋅c
(11) 

Sensitivity analysis was previously conducted on the values of the 
four properties, and they have demonstrated that their variations within 
the admissible ranges would not seriously affect the quota of heat 
transfer underground. To correctly apply the geostatistical simulation 
method presented, the measurement data available for the interest area 
were not sufficient. Therefore, for the present preliminary work a syn
thetic case was created, starting from the available data. A set of credible 
temperature logs, 50 m deep, was recreated based on the mixed 
probabilistic-deterministic approach developed in the framework of the 
GEOTeCH European Project.28

Table 2 
Information over the four boreholes.

Borehole number Location Longitude Latitude X 
ED50 UTM28N

Y 
ED50 UTM28N

Moraine thickness (m) Borehole depth (m)

1 South 8.54390 47.31006 2274,000 5514,990 53 200
2 Central 8.55022 47.37086 2273,000 5521,990 15 540
3 East 8.56419 47.37442 2274,000 5522,990 26 200
4 South-East 8.65591 47.26705 2284,000 5513,990 0 280

Fig. 2. Selected case study area, with evidence of the nine synthetic boreholes used for geostatistical simulation: over the satellite image (a); inside the regular 
grid (b).
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The following steps were applied to create the nine synthetic 
boreholes: 

• The available ground temperature measurements (Fig. 2a, boreholes 
1, 2, 3 and 4) were used as input data.

• A grid with dimension 1 km x 1 km was created at the target area 
(Fig. 2b).

• Nine locations were selected as target points to create synthetic 
boreholes. The reasons behind the selection of the target area and the 
specific choice of the nine points are the following:

No presence of water bodies and negligible groundwater effects;
High variation of discontinuity between shallow moraine deposits 
and lower consolidated fine sand;
High topographic variability, with presence of valleys and 
mountains;
High population density variability, with presence of countryside, 
villages and rural areas.

• The geostatistical estimation technique of Universal Kriging was used 
to estimate the temperature values (also along depth) in the nine co
ordinates at the selected locations.

For the geostatistical simulation analysis, the main variable and the 
collocated variable had to be selected. The estimated ground tempera
ture values in the nine boreholes (either in urban and rural area) were 
used as main variable for the following analysis. On the other hand, the 
basic deterministic calculation of ground temperature - not SUHI 
affected - for the entire grid nodes of the selected area was used as 
collocated variable.

Finally, a correlation analysis was performed between the ground 
temperature deviation in the measured area and the presence of ur
banization (identified by global land cover and population density), in 
order to include SUHI in the final result.

By using the synthetic boreholes, the basic deterministic calculation 
of ground temperature - not SUHI affected - for the entire grid nodes of 
the selected area, is used as collocated variable to perform the geo
statistical simulation. The area selected is in the suburbs of Zurich, 
comprising the villages of Zumikon (4711 inhabitants), Maur (9032 
inhabitants) and Zollikerberg (12,791 inhabitants), for a total area of 
16.66 km2 (4.9 × 3.4 km2). The altitude varies between 438 and 716 m 
a.s.l. The population density varies between 775 and 4316 inhabitants 
per square kilometre. The nine synthetic boreholes created using the 
described approach are almost equally spaced inside the area and they 
are shown in Fig. 2, with Coordinate Reference System ED50 / UTM28N

Boreholes n◦ 3, n◦ 5 and n◦ 9 fall in countryside, while n◦ 1, n◦ 2 and 
n◦ 8 are located beside the urban area and n◦ 4, n◦ 6 and n◦ 7 are inside 
the urban area.

For the selected area, the following maps have been built, by kriging 
interpolation of available information: 

- Altitude map (Fig. 3-left, obtained based on EEA62);

- Bedrock depth map (Fig. 3-right, obtained based on Pelletier et al.63

);
- Population map (Fig. 4-left, obtained based on CIESIN64);
- Surface temperature map, including the effect of buildings (Fig. 4- 

right, calculated based on the procedure described in Kasmaee and 
Tinti28).

The four selected properties (altitude, bedrock depth, population and 
surface temperature) were independent from synthetic data and there
fore, it was possible to collect the related information on the target area 
without inserting uncertainties to the work.

Bedrock depth was a particularly important information, to identify 
the lower limit of moraine deposits, over consolidated sand, for each 
point of the grid. Table 3 shows the main information and the calculated 
moraine thickness from Fig. 3 for the nine synthetic boreholes. The 
collected bedrock depth data allowed to assign to each of the nine 
synthetic boreholes the thickness of the shallow moraine deposits and 
that of the consolidated fine sand, considering the depth of each of the 
nine boreholes equal to 50 m.

The surface temperature map integrates climate information, 
including altitude effect, with urban heat contribution. For the purposes 
of the present synthetic work, it substitutes the remote thermal images of 
wide area, usually performed for the identification of urban heat island. 
March was selected as reference month for the temperature map. It is 
also the main variable added to the nine borehole measurements for all 
the nodes of the grid, which conditions the further geostatistical simu
lation. The temperature profile for the nine boreholes, comprising SUHI, 
obtained by performing the regression with global land cover and 
population density described in Kasmaee and Tinti,28 synthetically 
represents the long-time monitoring of ground temperature in the 
selected boreholes. It is the main variable of the further geostatistical 
simulation. The histogram of temperature data for the month of March 
and related basic statistics are presented in Fig. 5.

Finally, Eq. 1 was used to calculate, for each point of the 3D grid, the 
theoretical temperature value, varying in time and not SUHI affected. 
The calculation has considered the discontinuity between the shallower 
moraine sediments and the deeper consolidated sand (See Fig. 3). The 
theoretical ground temperature is the collocated variable of the geo
statistical simulation. Again, the calculated temperature data of March 
were extrapolated for the simulation further steps. The temperature data 
obtained from the nine boreholes were considered as measured data for 
conditional simulation using TB method. Following the procedures 
explained, the trend was removed from data and residuals were calcu
lated from Eq. 5 (Fig. 6a). Then the Hermit polynomials were used to 
transform data into Gaussian distribution (Fig. 6b).

The normalized residuals were used to simulate (by TB) the tem
perature behavior in vertical direction up to 50 m and on the 
100 × 100 × 1 m3 grid cell. Total dimension of the grid was 
3400 × 4900 × 50 m3. The constructed grid has been limited from the 
top with the topography down to the desired depth. Since the study is 
focused on vertical direction, the spatial variability analysis of the 
temperature is performed in vertical direction (Fig. 7). An important 

Fig. 3. Altitude (Left) and the Bedrock depth (Right) maps in the grid and borehole’s locations.
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point to highlight is that TB simulation results are available for the 
whole grid, but the variogram analysis is performed only for vertical 
direction. The reason is that no consistent spatial structure was found in 
horizontal direction, but the horizontal variogram could be modelled as 
a pure nugget effect, with sill almost equal to the experimental variance 
(Fig. 8).

Therefore, for this case study, the main focus of the variogram 
analysis is on vertical direction and hence, all analysis is based on ver
tical variability.

Due to the complex physical quantitative behavior of subsoil 

temperature, the use of only nine boreholes’ data cannot guarantee the 
validity of the simulated results of temperature in a large area. There
fore, there was a need to have an auxiliary variable as collocated vari
able (temperature data calculated from the deterministic function at all 
points of the grid). On the other hand, according to the authors expe
rience,49 to achieve the coherent results from experimental variograms, 
in order to fit the spatial variability of temperature, it was necessary to 
use more complex variogram models such as J-Bessel and K-Bessel,27

specifically designed to represent the wave physical behavior of vari
ables. The more complex variogram model is fundamental based on the 
many tests, authors performed to recreate the ground temperature 
behaviour, and the selected models were the best describing the physical 
behavior. Hence, the variogram model used for the conditional simu
lation was nested, composed by a nugget effect and three structures: 2 
K-Bessel and 1 J-Bessel. The values of the model parameters are all 
different for the two direct variograms and for the cross variogram, and 
they are reported in Table 4.

The selected moving neighborhood for performing the simulation 
uses the searching distance of 500 × 500 × 20 m with samples 
comprised between three and ten. The ellipsoid is divided in four sec
tions, and minimum three samples from three sections are considered. 
The simulation and other geostatistical tools were undertaken using the 
ISATIS® software by Geovariances.65

4. Results and discussion

The conditional simulation was performed for 1000 realizations 
using TB algorithm. In order to confirm whether the realizations of a 
geostatistical simulation are worth representative of the reality – and so 
validating the simulation results – it is important to ensure that the 
simulated values have the same histogram as the experimental one of the 
available data of the main variable. That would mean that the histogram 
of simulated values is representative of the distribution of the main 
variable. Fig. 9 shows the Gaussian distribution of input data of the main 
variable and the histograms of simulation results for three different re
alizations, n◦ 500, 710 and 1000.

The results of the simulation, for all the 1000 realizations, behave 
very close to a normalized Gaussian distribution (mean = 0, standard 
deviation = 1). Besides, the data ranges have small deviations with 
respect to the main variable’s initial data. Moreover, it is necessary to 
test the reproduction of the variogram model by the simulation results. It 
means comparing the experimental variograms of the realizations with 
the selected variogram model of the main variable. Fig. 10 shows the 
comparison between the experimental variograms of the realizations 
and the variogram model.

Fig. 10 has shown that, on average over the realizations, the vario
gram is well reproduced with the TB method, with a small deviation in 
the beginning that is influenced by the variogram model of the collo
cated variable. However, the simulation results converge with the var
iogram model of the main variable. Having proved that simulation 
results are coherent with the initial data, back transform was performed 
to get back the real variability of the phenomenon. The final value of 

Fig. 4. Population (Left) and the Surface temperature (Right) maps in the grid and borehole’s locations.

Table 3 
Information over the nine synthetic boreholes.

Synthetic 
borehole 
number

Longitude Latitude Thickness of 
moraine 
deposits (m)

Thickness of 
consolidated fine 
sand (m)

1 8.60796 47.33857 3 47
2 8.61303 47.34929 8 42
3 8.61493 47.35753 10 40
4 8.63342 47.33300 5 45
5 8.63728 47.34400 4 46
6 8.64041 47.35057 4 46
7 8.65403 47.32849 3 47
8 8.65911 47.33920 2 48
9 8.66302 47.34744 2 48

Fig. 5. Histogram and basic statistics of the ground temperature in the nine 
synthetic boreholes.
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temperature prediction for the selected month of March was obtained by 
adding the removed trend to the residuals. Results are presented in 
Fig. 11 for three points (a, b, c) in vertical direction of the grid: point 220 
(a), point 639 (b) and point 1284 (c). Point 220 was selected being the 

closest to an initial borehole log (specifically, borehole n◦1) beside 
urban area. Point 639 was selected since it falls inside the urban area. 
Finally, point 1284 was selected since it falls in the countryside.

Fig. 11 shows for each point three ground temperature trends: the 
simulated one (red color), the one calculated with deterministic func
tion, without inclusion of building heat effect, the collocated variable 
(blue color) and the one calculated with mixed deterministic/probabi
listic approach,24 based on regression coefficients (orange color). 
Transitional zone from sediment to bedrock is not a straight horizontal 
line but presents smooth variations in depth. For the proper comparison, 
the orange curves have been newly created for the three points.

The simulation results follow the deterministic curve and mixed 
probabilistic deterministic temperature curve. Some specificities 
appear. At the very shallow depth, the simulation results are well 
matched with the orange curve, evidencing the impact of urban areas in 
ground heat transfer. Then, in vertical direction, two discontinuities 
arise for the orange curve: the end of influencing SUHI and the presence 
of bedrock. From that point on, the orange curve sticks to the blue curve 
(calculated from the deterministic function) with a sharp deviation at 
the point of bedrock face. On the other hand, the red curve representing 
the simulation results has a smoother behavior without abrupt changes, 

Fig. 6. Histogram of calculated residuals (a) and the anamorphosis function used for conversion between raw and gaussian space (b).

Fig. 7. Normalized direct and cross-sample vertical variograms (purple line and black points) with the fitted models (blue lines) used for the conditional simulation; 
purple bars: number of pairs.

Fig. 8. Normalized horizontal experimental variogram of temperature (red 
dots) with the histogram of the numbers of pairs.
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neither depending on the SUHI impact, nor on the thickness of sedi
ments. By using the simple deterministic model, variations of the 
geothermal gradient depend exclusively on the variation of thermal 
conductivity, causing an abrupt change of ground temperature. How
ever, the temperature variation along depth is much smoother and that 
can be obtained by integrating the simulation model results to the 
calculation. The geostatistical simulation results are affected by the 
number of data, both conditional and collocated. In this case study, the 

surface temperature data influenced by SUHI (main variable) and the 
deep stable ground temperature data (collocated variable) have 
important effect on the simulation results, especially on smoothing the 
temperature curve in the transition zone. In fact, the smoother behavior 
is more coherent to the transitional nature of the ground heat transfer 
and it should better approach the reality.66,67 In Fig. 11, it can be seen 
that: 

Table 4 
Variogram models and parameters.

Variogram models Nugget 
effect

Structure 1 
K-Bessel

Structure 2 
J-Bessel

Structure 3 
K-Bessel

Range 
(m)

Sill α (scaling 
parameter)

Range 
(m)

Sill α (oscillation 
frequency)

Range 
(m)

Sill α (scaling 
parameter)

Direct variogram on the main 
variable

0.03 1.45 0.400 1.7 3 0.1 40 0.84 0.28 38

Direct variogram on the 
collocated variable

0.00 1.45 0.047 1.7 3 0.4 40 0.84 0.55 38

Cross-variogram 0.00 1.45 0.050 1.7 3 0.25 40 0.84 0.39 38

Fig. 9. Comparison between the histogram of the input data of the main variable (upper left, in blue) and the histograms of three realizations of the geostatistical 
simulation performed (green).
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- Point a: This point, located beside urban area follows the determin
istic behavior, but with a temperature shift of about 5◦C with respect 
to the basic deterministic model. Maximum temperature reached is 
about 8◦C at 5 m depth. The bedrock discontinuity zone is kept also 
in the simulation results;

- Point b: In this point, inside urban area, the simulated curve has 
higher temperature around 3.5–4◦C than the deterministic calcu
lated curve. The maximum temperature of 8◦C is reached at 5 m. The 
bedrock discontinuity zone in both deterministic models show a 
large range of temperature variation (up to 6◦C), while simulated 
curve smoothed into less than 1◦C.

- Point c: it is located outside the urban area and is the one with the 
temperature curve closest to the standard one. The minimum tem
perature reached by the simulation results is about 3.5◦C, which is 
2◦C more than the standard calculations.

Results of the probabilistic simulations in this work (Fig. 11) show 
that, in a large area, the temperature curve can be obtained using few 
measured data and considering the geological formations such as the 
presence of bedrock, even without detailed information on the building 
and land use. In contrast to the deterministic function that shows the 
sharp deviation of temperature curve facing the bedrock (Fig. 11-Blue 
line), the simulation results (Fig. 11-Red line) smooth the curve closer to 
the real behavior of the temperature gradient- obtained with tempera
ture measurements in boreholes.66,67 Researchers are currently ongoing 
to superimpose at small scale the land use and building effects to the 
natural ground heat flux. A recent notable example is the work of Rivera 
et al.53 , who proposed an analytical solution for considering ground
water flow and land surface effects on thermal plumes of borehole heat 
exchangers (BHEs). The comparison of the analytical calculations on 
temperature measurements of an existing BHE placed in an urban area 
permitted them to state that the spatial and temporal changes in the top 
boundary temperature caused by different land use induce thermal 
anomalies on the ground that propagate in the subsurface, down to 
layers potentially occupied by the BHE. Therefore, the inclusion of land 
use variability is important for proper design of ground source heat 
pump (GSHP) systems. More recently, Focaccia et al.68 have verified the 
thermal impact of a single building on the ground, by numerical simu
lation methods, including the specificities of the building itself, such as 

the presence of a cellar below a small portion of its volume. 
Spatial-temporal variability was considered by proper comparison with 
temperature logs below, beside and far from the studied building.

Both analytical and numerical solutions have proved to work effi
ciently at small scale, when details on land use, lithology and ground
water are known. Problems arise at large scale, with increasing 
variability (geological and hydrogeological), urban complexity and lack 
of proper information. Then, analysis has been conducted over the 
synthetic data extracted from limited boreholes in the site. The most 
consistent validation of results can be performed by planning targeted 
drillings considering various urban conditions as performed in this work 
to compare the real temperature variability. The method proposed in 
this paper, based on geostatistical simulation, can consider this vari
ability, and could be integrated with both numerical and analytical 
design strategies. In real geothermal projects, both the main variable 
(ground temperature logs) and the collocated variable (analytical 
calculation of ground temperature) can be upgraded with respect to this 
synthetic work by adding information and performing more sophisti
cated calculations. Anyway, when dealing with large areas (a village, a 
district, or even a town), the complexity is too wide to be determinis
tically investigated node by node. Probabilistic simulation strategies 
should be therefore implemented, to get a realistic picture of the ground 
volume interested.

5. Conclusions

This study aimed at assessing the performance of probabilistic 
modelling (geostatistical conditional simulation using turning bands) to 
predict the temperature behavior along depth, conditioned by the 
presence of buildings. The methodology was performed over a case 
study, using synthetic data: main variable (conditioning data) and 
collocated variable. This choice was made, due to the limited number of 
boreholes with temperature logs in the specific condition required, as 
mentioned in Section 2. Despite this, the methodology and data vali
dation procedures were performed in a comprehensive way, as a 
guideline for data analysis and methodology test, for further in-field 
research. By using the TB approach, it was possible to accurately 
reproduce the spatial correlation structure, measured by the direct and 
cross variograms of coregionalized variables under consideration. The 
deterministic function had evidenced a sharp discontinuity at the point 
of bedrock; however, the simulation results show the gradient change at 
the transitional zone between the sediments and the bedrock. Simula
tion studies need further steps, to consider the insertion of temporal 
variability inside the variogram modelling and to recreate the 4D map of 
temperature, varying in space and time. This should enhance the po
tential of ground heat transfer, by considering the high variability of 
ground temperature values, due to the multiple superposition of heat 
fluxes, especially present in-built environment, but impossible to 
deterministically precisely quantify at large-scale level. In fact, the 
application of geostatistical simulation for ground heat purposes can 
improve the quality of suitability maps for the use of ground source heat 
pumps and, more generally, for the sustainable use of underground 
space.

We propose the presented research as a basis for future geothermal 
potential assessment exploration campaigns, with temperature mea
surements aimed at testing the identified parameters on real datasets. 
The approach can subsequently be repeated and further validated by 
incorporating additional temperature logs and complementary indirect 
data to better constrain subsurface heat fluxes, as well as by extending 
the analysis to other, potentially larger, case study areas.
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