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ABSTRACT

This paper focuses on the quantitative interpretation of the existing seismic lines of the Canton of Geneva in the framework of the
Innosuisse funded project GECOS (Geothermal Energy Chance of Success). The goal of GECOS is to reduce the costs and the
exploration risk for geothermal exploration by integrating high-resolution data acquisitions such as gravity, S-waves reflection
seismic and 3D DAS VSP (Distributed Acoustic Sensing Vertical Seismic Profiling) as well as vintage seismic data. The main
geological challenges in geothermal exploration in the Geneva area are the characterization of the lithological heterogeneities and the
fault zones affecting potential geothermal targets in the Quaternary sediments, Tertiary Molasse sequence and the Mesozoic Units.

The subsurface risk and uncertainty quantification involve, for example, the characterization of fractures (fault), the facies
interpretation and the evaluation of geomechanical parameters like brittleness, Poisson's ratio and Young's modulus from seismic
data and well logs. Artificial intelligence and in particular machine learning (ML) are promising techniques which popularity is
growing exponentially and have proven to be very useful for big data assimilation. In fact, standard techniques are limited to integrate
few variables. However, ML algorithms perform very well with hundreds to thousands of variables. The aim of this work is to
demonstrate how these quantitative techniques can be applied to fault detection, seismic facies interpretation, and to automatically
identify lithofacies based on well-log measurements. Results show that these techniques are an additional tool that could help improve
the knowledge and characterize a geological reservoir, thus reduce the subsurface uncertainty, if and only if they are applied together
with a domain specialist such as experimented geologists and geophysicists.

1. INTRODUCTION

The increased energy demand together with the political vision of reducing the use of fossil fuels for heat production in the Canton
of Geneva triggered the development of medium to long-term activities, under the umbrella of the Geothermie 2020 program
(Moscariello, 2016). This program aims at exploring and ultimately implementing geothermal energy focusing first on heat production
and storage, and then on power production. The program is driven by the Services Industriels de Genéve (SIG), the Geological Survey
of the Canton of Geneva (GESDEC) and is supported by national authorities such as the Swiss Federal Office of Energy (SFOE) and
national research programs (i.e., the Swiss Competence Centre for Energy Resources, (SCEER). The exploration activities carried
out since now allowed identifying potential geological targets at shallow/medium (500-3000 m) to large depth (>3000 m) depths to
combine heat and power production (Moscariello et al., 2020).

The identification and characterization of the subsurface prior drilling is crucial to define potential geothermal targets. 2D seismic
has proved to be the most effective method to image the Mesozoic formations in the Geneva Basin (Moscariello, et al., 2020).
However, the data quality differs significantly from the oldest to the most recent lines.

This study aims at evaluating the added value of quantitative and ML technique to enhance information from seismic lines by offering
an additional tool to better outline and characterize the Geneva Basin for geothermal energy exploration.

This paper focuses in particular on the following:

e  Developing an automatic fault interpretation algorithm that can be easily applied on 2D seismic lines available on the
Geneva Basin;

e Defining attributes from existing 2D seismic data that can be clustered to obtain quantitative information on geothermal
seismic facies and geomechanical properties;

e  C(Classify geophysical logs into lithofacies using unsupervised machine learning approach.

2. GEOLOGICAL SETTINGS

The Geneva Basin (GB) covers an area of about 2000 km? extending from the town of Nyon to the NE, down to Vuache Mountain
to the SW and it is limited by the Jura Haute-Chain to the NW and by the subalpine nappes towards SE.

The GB is the westernmost part of the North Alpine Foreland Basin that extends from the Savoy region in France to Linz in Austria
(Kuhlemann and Kempf, 2002). Four major lithological units are recorded at depth (Kempf and Pfiffner, 2004; Kuhlemann and
Kempf, 2002; Mazurek et al., 2006; Moscariello et al., 2020): the crystalline basement including the Permo-Carboniferous troughs
(Moscariello et al., 2014), its sedimentary cover composed respectively of Mesozoic carbonate units, Cenozoic sediments (Figure 1).
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Figure 1 - a) Geological map over the Geneva Basin with indication of the main deep wells (modified. from Brentini, 2018);
b) Cross section though the GB (Moscariello et al., 2020). c¢) Seismic section showing the general structural setting
and the main geothermal targets (modified from Moscariello, 2016).

The tectonic evolution of the GB is associated with the alpine compressional phase that caused the decoupling of the sedimentary
succession from the basement by a detachment surface occurring on the Triassic evaporites (Affolter and Gratier, 2004; Arn et al.,
2005; Guellec et al., 1990; Sommaruga, 1999). Additionally, inherited basement reliefs and normal faults bounding Permo-
Carboniferous troughs might have played a role in the nucleation of the Mesozoic north-westward thrusts observed in the SE sector
of the Geneva Basin and Bornes Plateau (Gorin et al., 1993; Signer and Gorin, 1995).

In response to the alpine compression, the Mesozoic and Cenozoic sedimentary cover of the GB underwent some shortening locally
coupled to a rotational motion. This shortening was absorbed through the structuration of the fold and thrust reliefs of the Jura arc
mountains during the late Miocene and Early Pliocene (Affolter and Gratier, 2004; Homberg et al., 2002; Meyer, 2000) and by the
coeval formation of accommodation of strike-slip faults. The most relevant surface evidence of such structures is the NW-SE Vuache
fault (Charollais ef al., 2013), which crosscuts the entire basin and bounds the western side of the study area.

In the GB, apart from the regional Vuache fault, series of smaller-scale NW-SE striking left-lateral wrench faults affect the
southwestern part of the Geneva area. Unlike the Vuache fault, no obvious connections between these structures and the Jura
Mountain can be drawn across the study area (Brentini, 2018; Rusillon, 2018) as suggested in previous interpretations (Signer and
Gorin, 1995). Towards the northeast of the basin, the structural configuration is dominated by E-W striking faults. NW-SE and E-W
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strike slip faults occur as a series of sub-vertical individual faults often affecting most of the Mesozoic sequence, down to the Triassic
detachment surface, with associated smaller-scale sets of conjugates. Upward extension through the Cenozoic interval of the most
important faults often appears as flower structures. This shallow subsurface expression is consistent with fault geometries observed
in Cenozoic Molasse outcrops (Angelillo, 1983; Charollais ef al., 2007). The maximum horizontal stress orientation in the study area
shows two main trends: central and eastern part have a WNW-ESE to NW-SE S orientation, whereas the south-western region is
controlled by a NE-SW orientation (Becker, 2000).

3. DATASET

3.1 Seismic data

About 200 km of 2D seismic lines are available over the Geneva Basin, corresponding principally to 4 acquisition campaigns
undertaken from 1987 to 2015, as well as a selection of unitary lines issued from earlier acquisition campaigns (1972-1977) to
complete the seismic dataset toward the Northeast of the study area (Figure 2).
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Figure 2 — Distribution of seismic line over the Geneva Basin. The bottom left zoom shows the two lines and the well-used for
this study (modified from Moscariello et al., 2020).

For this study, two time-migrated, 2D seismic reflection profiles intersecting the well GEo-01 have been retained to apply the
proposed methodology, highlighted in the bottom left box of the figure 2. Lines GG87-02 and SIG 2015-L08 are oriented NW-SE
and NE-SW, covering approximately a distance of 4630 m and 8039 m, with a trace spacing of 15 m and 10 m respectively. Vertically,
the profiles were recorded down to 4000 ms and 2000 ms respectively (Lo, 2019).

3.2 Borehole data

Geo-01 is an exploration well drilled by Services Industriels de Geneve (SIG) on fall 2017. It reached a depth of 744.06 m MD,
extending down to the Jurassic. Unfortunately, logging was only successful down to 533 m MD near the top Chambotte Fm
(Cretaceous) due to unstable wellbore condition. Geophysical logs were available from 15 to 532 m MD at a resolution of 15 cm,
including caliper, total gamma ray, spectral gamma ray (potassium, thorium and uranium), bulk density, sonic, neutron porosity,
photoelectric effect, resistivity (deep and shallow), induction resistivity and spontaneous potential logs (Lo, 2019).

4. METHODOLOGY

There has been much excitement recently about big data and the need for data scientists who possess the ability to extract meaning
from it. Geoscientists, meanwhile, have been doing science with voluminous data for years, without needing to brag about how big
it is. But now that large, complex data sets are widely available, there has been a proliferation of tools and techniques for analyzing
them. Many free and open-source packages now exist that provide powerful additions to the geoscientist's toolbox, much of which
used to be only available in proprietary software platforms. One of the best examples is (Pedregosa et al., 2011) a collection of easy-
to-use tools for data processing and machine learning in Python.

The aim of this work is to provide a quantitative methodology to enhance information from existing data and thus reduce the
uncertainty during the geothermal exploration phase. To accomplish this, we propose a three-step approach including an automated
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fault interpretation, and an unsupervised learning technique for both seismic facies interpretation and to identify lithofacies based on
well-log measurements.

4.1 Automatic fault detection using optimal surface voting

One of the key aspects to characterize a geothermal basin is to understand clearly the structural network of the seismic dataset and
reducing risk in well placement. Traditionally, this task is done by an experimental geologist/geophysicist by manually picking the
faults identified on seismic images, which is both a tedious and time-consuming task. Fault interpretation from a seismic image often
requires first computing a fault attribute image, in which only the fault features are dominant while reflections and other features are
removed. Numerous seismic attributes have been proposed to detect faults by measuring seismic reflection continuity such as
semblance (Marfurt ef al., 1998) and coherency (Marfurt ef al., 1999, Li and Lu, 2014) or reflection discontinuity such as variance
(Van Bemmel and Pepper, 2000, Randen ef al., 2001). However, these seismic attributes can be sensitive to noise and stratigraphic
features, which are also apparent as reflection discontinuities within a seismic image. The methods that have to date delivered the
best results are based on the structure-oriented semblance attribute (Hale, 2013). Recently deep learning techniques have sparked a
lot of interest (Wu et al., 2019), but they require a large amount of data to train the model.

For this work we apply a novel method, developed by Wu and Fomel (2018), to efficiently compute a new fault attribute map of
voting scores from an input fault attribute image. In the first step, a new attribute called fault plane is derived from the optimized
variance of the seismic image. In the second step, the extrema of the fault plane attribute are extracted through a thinning process. In
this method, seed points are picked from the input attribute image and used as control points to compute optimal surface patches that
pass through the control points and follow globally maximum fault attribute values. Then, all the computed surfaces are computed as
voters. Voting scores are then defined for each voter by using fault attribute values that are smoothed along the surface voter. Finally,
a voting score map is computed as a new fault attribute image, in which fault features (with high scores) are much cleaner, sharper,
and more continuous than those in the input attribute image. For detailed information, we refer the reader to the paper of Wu and
Fomel (2018).

4.2 Data-driven seismic facies interpretation

Automatic seismic facies analysis aims to classify similar seismic traces based on traditional attributes such as amplitude, similarity
and energy. Beyond these traditional attributes exist a large family of metrics that are developed for image processing tasks and that
can be applied to seismic data. The idea is to imitate the simple pattern recognition rules our brains intuitively and continuously apply
when we look at seismic data. For example, Haralick texture (Haralick et al., 1973) are statistic metrics that returns textural
information based on a statistical texture classification using the grey level co-occurrence matrix (GLCM), that is a measure of how
often different combinations of pixel brightness values occur in an image.

For this work we propose to use an unsupervised learning algorithm, K-means (Lloyd, 1982), that allows to identify similar group of
clusters (or facies) within a seismic image. The idea is to integrate traditional attributes (similarity, energy, amplitude), the Haralick
texture attribute and the fault plane attribute computed in 4.1, to group similar seismic facies together and classify the seismic field
into facies that have similar features. The K-means algorithm classifies the seismic data by trying to separate samples in n clusters of
equal variances, where the number of clusters has to be specified.

4.3 Automatic lithology classification using geophysical logs

Classification of different lithofacies is crucial in seismic interpretation because different rocks have different permeability and fluid
saturation for a given porosity but is often subject to interpretation bias as it is traditionally performed by an expert who assigns
wireline log responses to a lithology, and then cross-references the interpretation to the lithology observed in cores (when available).
Challenges of the manual facies interpretation are often associated with a lack of data, poor data quality, interpretation uncertainty,
variation in terminological conventions, and an increase in the expert’s workload with large datasets. Therefore, several alternative
approaches have been proposed, including a supervised machine learning technique (Hall, 2016), where they proposed to use a small
dataset of seven wireline logs and associated interpreted facies extracted from ten wells of the Hugoton gas field (Dubois ef al., 2007)
in southwest Kansas in order to predict geologic facies in two additional wells based on wireline measurements only.

Since we do not have sufficient wells and lithofacies interpretation to train a supervised algorithm, we decide to test an unsupervised
algorithm with geophysical logs measurements from GEo-01 well. We then evaluate its performance to classify lithofacies and we
compare the results with a lithological log (Hydro-Geo Environnement Sarl, 2018) following the drilling of the well. As for the
previous section, we propose to use the K-means algorithm (Lloyd, 1982), that allows to identify similar group of clusters (or facies)
within a dataset of different wireline logs measurements. For this particular case, we use 14 different geophysical logs that are
presented on the figure 6a.

5. RESULTS

This section shows the results obtained by applying the two-step methodology to 2D seismic profiles GG87-02 and SIG 2015-L08.
The optimal surface path voting algorithm has been adapted and applied to all traces between 0 and 1200 ms.

5.1 Automatic fault detection

5.1.1 Seismic profile GG87-02

Figure 3b shows the resulting voting score map for a probability of having a fault/fracture greater than 70%. The result is compared
with a knowledge-driven interpretation (Moscariello et al., 2020), figure 3c. The fault structures interpreted around the well GEo-01
are reasonably well detected using the two different approaches. The faults detected automatically using the optimal surface voting
approach is less continuous compared to the knowledge-driven approach. However, the results highlight a different fracture/fault
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system on the two sides of the well GEo-01. The left part has a lower fracture density probably corresponding to a tight formation,
however, the right part shows a denser fracture system corresponding to a brittle formation.
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Figure 3: Seismic profile GG87-02. a) Uninterpreted and b) interpreted (Moscariello ef al., 2020); c¢) Automatic fault
interpretation with optimal surface voting.

5.1.1 Seismic profile SIG-2015-L08

Figure 4c shows the resulting voting score map for a probability of having a fault/fracture greater than 70% on the seismic line SIG-
2015-L08. The result shows a chaotic fault system on all seismic profile. Cretaceous and Malm units seems to be slightly tighter,
especially in the left side of the GEo-01 well.
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Figure 4: Seismic profile SIG-2015-L08. Uninterpreted (a) and interpreted as part of the GeoMol project (Clerc, 2016) (b).
Automatic fault interpretation with optimal surface voting (c).

5.2 Seismic facies classification using K-means

The Figure 5 shows the results for the seismic line GG8702 and SIG-2015-L08, obtained by clustering seven seismic attributes:
similarity, energy, amplitude, three Haralick texture statistics and the fault map attribute obtained in 5.1. The optimal number of
clusters has been defined following the elbow method (Thorndike,1953) and it has been fixed to 3.

The results show a clear classification of the seismic line into three facies (yellow, pink and blue), that can be interpreted as
unfractured intervals zone (yellow facies), especially visible in the left part of the GG8702 section; a likely occurrence of fractures
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zone (blue facies), which cover the most of the seismic line SIG-2015-L08 and a region of likely occurrence of fractures and small
offset faults (pink facies), that correspond to the fault network system identified in 5.1.

seismic line GG8702 selsmic line S1G-2015-L08

Figure 5: Seismic facies obtained by clustering seismic attributes, a) seismic line GG8702; b) seismic line SIG-2015-L08.

5.3 Lithology classification using K-means

Figure 6a shows the 44 the geophysical logs used with the proposed approach. We decided to use log measurements from 30 to 526
m, since the quality of data on the top and the bottom of the well logs are of poor quality for our purpose. Figure 6¢ shows the original
lithology compiled by Hydro-Geo environnement, (2018). In the original litholog, 9 lithologies have been identified, however, two
of'them (breccia/conglomerate and shale) appeared only once in the litholog. For this reason, we decided to use the K-means algorithm
with the number of clusters fixed to 7 for the lithofacies classification. The result is shown in Figure 6b, and the best result is obtained
after applying a smoothing with a Gaussian kernel (Worsley et al., 1996). Comparing the smoothed classification with the original
log, we can clearly see that there is a good fit, indicating that geophysical logs are able to capture the lithology trend in the well.
However, at small scale, we can see that there are some discrepancies especially in identifying sandstone, marly sandstone and sandy
marls lithologies (indicated by sable/grés, grés marneux, and marne gréseuse respectively in Figure 6¢).

6. CONCLUSIONS

The Geneva Basin is considered to have a great potential for geothermal resources which developed during the complex sedimentary
and tectonic history of this region. To assess this potential a sound analysis of existing data in addition to acquisition of new high-
resolution data (e.g. geophysical, lithological etc) is necessary to evaluate the subsurface uncertainty (Moscariello et al., 2020) and
mitigate the economic risk of geothermal projects.

For this work we applied quantitative methods to automatic fault detection, seismic facies classification and lithology classification
from geophysical log measurements. The aim of this work was to demonstrate how quantitative methods could be used as an added
tool for interpreting seismic and well data.

First, we applied a fault detection algorithm to available seismic profile. This method provides a first quick structural evaluation of
seismic data. However, the outcomes are strongly dependent on seismic quality (i.e. signal-to-noise ratio; lateral reflector continuity,
etc.) which may be affected by processing artefacts and acquisition limitations (i.e., surface constrains). In addition, quality check
and result validation will need to be carried out by using the general knowledge of the regional and local structural framework before
those data could be used to steer static and/or dynamic geological modelling.

Second, an unsupervised clustering algorithm allowed us to integrate classical seismic attributes such as amplitude, energy and
similarity with texture attributes and fault plane attributes to obtain a seismic facies image that allows us to better identify tight and
brittle formations as well as faults/fractures systems.

Finally, an unsupervised classification approach allowed us to produce quickly a pseudo-litholog from geophysical logs available on
GEo-01 well which could be used by an expert to guide his geological interpretation.
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Figure 6: a) Example of geophysical logs available for the well GEo-01; b) K-means classification of lithologies using
geophysical logs; c) original litholog (Geo-Hydro environnement, 2018).
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