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In this presentation, we discuss a general method for supporting exploration with multidisciplinary

data and Machine Learning methods. We explain the method directly using a real application as a

significant case history. We explain how we obtained a suite of oil prediction maps in the Barents

Sea combining seismic, electromagnetic and gravity data, and with the crucial support of a full

Machine Learning workflow. We discuss data analysis and methods and show the results vs. the

wells drilled in the area of study. The following are useful reference papers, including all the

technical details of our approach:

1)Paolo Dell’Aversana, Stefano Colombo, Barbara Ciurlo, Johan Leutscher and Jan Seldal, 2012. CSEM data 
interpretation constrained by seismic and gravity data: an application in a complex geological setting. First 
Break.

2) Paolo Dell’Aversana, Stefano Colombo, Barbara Ciurlo, 2018. Integrated Geophysics and Machine Learning for Risk 
Mitigation in Exploration Geosciences. EAGE Conference Extended abstract.

Summary of the presentation

https://www.earthdoc.org/content/journals/10.3997/1365-2397.2012019
https://www.researchgate.net/publication/326131788_Integrated_Geophysics_and_Machine_Learning_for_Risk_Mitigation_in_Exploration_Geosciences?_sg=Rtw5ysyNRdR3k9e7iz2s7tGkG03ykMCsW1wBfqI_3xsn-mwJ4w8Pbx4kI0IKi5HESgj5nx-0DiF6GnzAQZxHWriCSERbA51rpgrzCl9e.C0pCSUQLpdovXsg61XxTiNDUR9YlK2fdIWbyvw8j5jfTHr8Y5KmWC5o8307Q7VKkXC-51hKwPUXaYNC0yWcy3g


Summary slide: data, methods and results

‘Old’ (2012) HC/W contact based on 
seismic data Interpretation and wells,
provided in 2010-2012.

Wells used for calibration in 
the 2010-2017 study 

Appraisal well drilled in 2019

Methods

1) 2D seismic lines

2) 2D CSEM lines

3) Satellite gravity data

4) Well logs

5) Prior geological 

and structural info

Data Oil prediction map for top reservoir 
(published in 2012, confirmed and partially updated by 

following studies from 2013 to 2017 )1) Seismic interpretat.

2) CSEM-Grav. Interpr.

3) Cooperat. Modelling

4) Constrained invers.

5) Joint inversion

6) Machine Learning
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CSEM layout vs oil prediction map, recent appraisal and exploration wells

(new dry well)

Appraisal well
7122/7-7 S 

(2019)



5

Map of electric and magnetic response (normalized: 2005-2006) 

Red: high EM response
Blue: low EM response

7122/10-1 S dry well

Appraisal well
7122/7-7 S 

(2019)

?
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Defining the lateral extension of hydrocarbon distribution in stacked 
sand reservoirs, in a complex geological setting characterised by many 

fault systems, carbonate and sharp lateral geological variations.

The geological-geophysical problem
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Methodological scheme: Multi-physics and  Machine Learning

DATA

Seismic
CSEM

Gravity
Borehole

MODELS

Seismic
interpret.
Resistivity

Density

Training Machine Learning algorithms with labelled data/models calibrated at well location

W
E
L
L
S

PREDICTIONS AWAY 
FROM THE WELLS 

Brine or Oil in the reservoir?
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Location of the reservoir area, co-rendered with the map of top carbonates

10 km

Reservoir area
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Upper reservoir

5 km
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Lower reservoir

5 km
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Top of the lower reservoir
co-rendered with top of carbonates

Area where we acquired CSEM
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Top carbonates

10 km

Area where we acquired CSEM
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Acquisition Base Map 
2005 and 2006 surveys
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Seismic, gravity and CSEM information, and map of gravity response. 
A couple of CSEM lines are shown and discussed in the following slides.
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CSEM 3D forward modeling example

Line 2 (it corresponds with 
the first CSEM Line acquired 
in the 2006 CSEM survey)

Line 2
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Top of carbonates vs. First Vertical Derivative (FVD) of Bouguer anomaly
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CSEM modelling constrained by seismic data

Import interpreted 
horizons  from 

3D seismic 
volume

Fill layers with 
resistivity values 

estimated 
from well logs

Run 3D CSEM 
FWD modelling and 
check the misfit at 

each receiver

Update the model
and iterate until 

a reasonable 
fit is obtained



Isolines: Top upper reservoir
Colours: E & B
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Well B Well D
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Well C
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Examples of misfit analysis

Red squares: data

Blue line: model response
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Constrained joint inversion of electric and magnetic CSEM data

High resistivity



Gravity modelling constrained by seismic data
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Integrated interpretation along another line: Line 01 - 2005



Norm E + B magnitude on Realgrunnen
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First Derivative of the Bouguer anomaly
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Gravity modelling on resistivity model in background



CSEM inversion [Line 03TX001 (running near)]



Gravity model line 1 CSEM 2005: First Vertical Derivative 

SW NE

 50 km



Data analytics and Machine Learning

1) Definition of a feature matrix including all the observations (data space) and all the model 
parameters extracted from modelling, inversion, interpretation model/interpretation space).

2) Feature analytics (statistical distribution), Normalization, Pre-processing, Ranking …

3) Training using data near the wells

4) Selection of various learning algorithms

5) Classification and mapping



Features

DATA SPACE

Seismic: TWT at target depth

CSEM: EM amplitudes/phase at multiple frequencies and offsets; derived CSEM 
attributes; symmetry attributes.

Gravity: Observed gravity (and/or Bouguer), spatial filters, derivatives 

MODEL SPACE

Seismic: interpreted horizons in depth …

CSEM: resistivity models (at target depth)

Gravity: density models (at target depth)
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Ranking of features



Ranking of classifiers



Examples of statistical distributions (L1 – 2006)
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NORM. DEPTH OF LOWER RESERVOIR (m)



Examples of statistical distributions (L1 – 2006)

NORM. AMPL. EM FIELD AT 6-7 KM, 0.5 Hz NORM. SYMMETRY AT 5 KM, 0.15 Hz
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Examples of statistical distributions (L1 – 2006)

NORM. RESISTIVITY UPPER RESERVOIR (Ωm) NORM. RESISTIVITY LOWER RESERVOIR (Ωm)
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Examples of statistical distributions (L1 – 2006)



NORM. BOUGUER HIGH PASS FILTER
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Multi-physics and  Machine Learning

DATA

Seismic
CSEM

Gravity
Borehole

MODELS

Velocity
[AVO t.b.d.]
Resistivity

Density

Training Machine Learning algorithms with labelled data/models calibrated at well location

W
E
L
L
S

PREDICTIONS AWAY 
FROM THE WELLS 

Brine or Oil in the reservoir?



Isolines: Top upper res.
Colours: E & B
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Many machine learning algorithms … many maps

We used a suite of machine learning methods that produced a suite of probability maps.

All the maps are similar, sometimes showing minor differences, depending on the different performances of the 
predictive algorithm.



Poil = 1

Poil = 0

10 km

Oil probability map (Poil) for line L2 only
Upper reservoir 

Oil probability map for one individual line (L1 – 2006) for upper reservoir
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Other maps and additional results

vs. recent appraisal well 7122/7-7 S 
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Many machine learning algorithms … many maps

The map on the right has been obtained using Deep 
Neural Networks (Dell’Aversana et Al., 2018). 

It fully confirmed the results anticipated In our 
publication of 2012 (Dell’Aversana et Al., 2012; see next 
slide).

This map, as well as the other predictive maps, show 
high (80-90%) probability of oil in the western sector of 
the field, in agreement with the appraisal well 7122/7-7S 
completed in 2019.

Purple: high oil probability (90-100%).

Oil probability map in Realgrunnen (purple: oil probability > 90%).

Appraisal well 
7122/7-7 S 

https://www.researchgate.net/publication/326131788_Integrated_Geophysics_and_Machine_Learning_for_Risk_Mitigation_in_Exploration_Geosciences
https://www.earthdoc.org/content/journals/10.3997/1365-2397.2012019
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Many machine learning algorithms … many maps

The map on the right has been obtained using Deep 
Neural Networks (Dell’Aversana et Al., 2018). 

It fully confirmed the results anticipated in our 
publication of 2012 (Dell’Aversana et Al., 2012; see next 
slide).

It shows high (80-90%) probability of oil in the western 
sector of the field, in agreement with the appraisal well 
7122/7-7S completed in 2019.

Yellow: high oil probability (90-100%).

Oil probability map in Realgrunnen (yellow: oil probability > 90%).

Appraisal well 
7122/7-7 S 

https://www.researchgate.net/publication/326131788_Integrated_Geophysics_and_Machine_Learning_for_Risk_Mitigation_in_Exploration_Geosciences
https://www.earthdoc.org/content/journals/10.3997/1365-2397.2012019


‘Old’ (2012) HC/W contact based on 
seismic data Interpretation and wells,
provided by Eni Norge in 2010.

Oil probability map (Poil) – Using all data
Upper reservoir.
Map obtained in May 2010 and published in 2012, confirmed,
with minor changes, using Machine Learning.

This map has been published in our First Break paper in 2012:
‘CSEM data interpretation constrained by seismic and gravity data: 
an application in a complex geological setting’
Paolo Dell’Aversana, Stefano Colombo, Barbara Ciurlo, 
Johan Leutscher and Jan Seldal

https://www.earthdoc.org/content/journals/10.3997/1365-2397.2012019
https://www.earthdoc.org/content/journals/10.3997/1365-2397.2012019
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Paper published by Eni - First Break (2012)



Info summary: data and predictions

‘Old’ (2012) HC/W contact based on 
seismic data Interpretation and wells,
provided in 2010-2012.

Wells used for calibration in 
the 2010-2017 study 

Appraisal well drilled in 2019

Methods

1) 2D seismic lines

2) 2D CSEM lines

3) Satellite gravity data

4) Well logs

5) Prior geological 

and structural info

Data Oil prediction map for top res. (2012)

1) Seismic interpretat.

2) CSEM-Grav. Interpr.

3) Cooperat. Modelling

4) Constrained invers.

5) Joint inversion

6) Machine Learning
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Top reservoir probability map expanded

Expl. well



Oil probability map (Poil) – All data
Lower reservoir

Poil = 1

Poil = 0

Map for the lower reservoir
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Large map: Top carbonates

Small map: 

HC probability

Upper reservoir

Large map: Top carbonates

Small map: 

HC probability

Lower reservoir

‘Summary maps’ of oil probability map for all 11 lines (interpolated) for both reservoirs



Conclusions

All the maps produced  (and published) with the integrated approach (CSEM + multi-physics 
+ machine learning) from 2012 to 2017 show high (80-90%) probability of oil in the western 
sector of the field, in agreement with the appraisal well 7122/7-7S completed in 2019.

Finally, our prediction maps show a clear trend of low (or even zero) probability to find oil in 
the southernmost sector, where the exploration well 7122/10-1 S was effectively dry in the 
top reservoir formation.
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