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Abstract

The presence of hydrocarbon seeps at the surface indicates the accumulation of oil and gas at subsurface and reflects hydrocarbon migration in
a sedimentary basin. There have been various techniques for characterizing oil and gas reservoirs from seismic to logging techniques. However,
less attention has been paid to characterizing petroleum basins based on surface data. Earth observation data offers the confidence-building
benefit of iterative sampling. It plays an important role in providing valuable information of factors such as lithology and structures influencing
cap rock efficiency. This presentation aims at presenting new technology for interpretation of petroleum basins based on remote sensing data.
Machine learning techniques have recently been applied in reservoir characterization. Boosted regression tree (BRT) is a nonparametric
classification method relates the response to the predictor variables (spectral bands) by recursive binary splits, and the boosting method
combines large numbers of simple tree models to improve predictive performance (Friedl and Brodley, 1997). We implemented the BRT
technique on Thermal Emission and Reflection Radiometer (ASTER) data to classify lithologies hosting different types of hydrocarbon seeps
in the Zagros Basin. The BRT classification results show that oil seeps have a consistent spatial association with calcite and clay zones of the
evaporite cap rock and there is high density of gas seeps within areas of the cap rock formation mainly consist of gypsum. The BRT algorithm
provided high accuracy of classification based on the presence of different types of hydrocarbon seeps. We recommend petroleum industry
adopt machine learning in basin interpretation.
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Introduction

Machine learning methods play an important role in analyzing petroleum basins and
exploring important geological factors controlling the productivity and integrity of
basins which have been overlooked using traditional methods. The boosted regression
tree (BRT) is a machine learning method fitting complex nonlinear relationship by
combining two algorithms of classification and a regression tree (CART) (Breiman et
al., 1984) and boosting. The persistent natural hydrocarbon seepage in onshore basins
challenges observation and exploration technologies, which are required to document
and assess these valuable indications of the presence of oil and gas in the subsurface.
This poster presents the application of BRT in the classification of different types of
hydrocarbon seeps using the multispectral Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) data.

Geological setting

The study area is in the Zagros fold-thrust belt, southwest of Iran. Three giant oil
fields were selected for this study; Masjid-Soleyman, Gachsaran, and Bibi-Hakimeh
(Fig.1). The studied areas are in an arid environment without vegetation covers
and hosts several oil and gas seeps. The Asmari reservoir is sealed by the evaporite
Gachsaran Formation.

- _ EA L]

% Central Iran

=\ BEg®
. Lurestan==

“~ Thrust/reverse faults MFF Mountain front fault IFZ Izeh fault zone
= Strike-slip faults ZFF Zagros front fault MFZ Mengarak fault zone==Gas fields
HZF High Zagros faults ~ KFZ Kazerun fault zone BFZ Balarud fault zone

= oj| fields

Fig.1

The main purpose of the BRT classification was detecting target minerals and eval-
uating the spatial correspondence between classified lithologies and the location of
oil and gas seeps. First, three region of interests (ROIs) representing the presence of
gypsum, calcite, and clays were chosen from the ASTER imagery and mean spectra
of these regions were selected as endmembers. Then, the training and test dataset
(mean spectra) were produced by bootstrap method (Efron and Tibshirani, 1997) for
each of the ROIs. The Relative Band Depth (RBD) and ratio images were integrated
into the ASTER dataset to investigate whether they improve the classification accu-
racy. Generalized boosted regression models (GBM) package version 2.0-8 (Ridgeway,
2006) was used to fit the model in R version 2.15.3 (R development Core Team 2006).
The classification accuracy performance was evaluated by Area Under Curve (AUC)
of a receiver operating characteristic (ROC) plot.

Figures 2 and 3 show the classification of the ASTER dataset obtained with the BRT method
for the Gachsaran and Bibi-Hakimeh oil fields. The prediction power of classification using gas
seeps co-located with gypsum zones is fair; the AUC has mean values of 60 percent (Table).
The AUC value of the classification is improved to 70% using RBD /ratio images. This indicate
the high density of gas seeps within areas of the cap rock formation mainly consist of gypsum.
The BRT classification results show that oil seeps have a consistent spatial association with
calcite zones of the evaporite cap rock; the AUC has a mean value of 76%.The AUC value of
the classification using RBD /ratio layers is 70%. The predicted power of the classification using
oil seeps co-located with clay zones of the ASTER image is good; the AUC has a mean value
of 70% and using RBD /ratio images improves the AUC value to 76%. Figure 3 (a) shows the
results of the BRT classification of ASTER data in the Masjid Soleyman oil field. The predicted
power of the classification using oil seeps co-located with calcite zones is good; the AUC has
mean values of 70% (Table). Results of the classification of the ASTER data using RBD /ratio
images are shown in Figure 3 (b) with an AUC value of 60%(Table). The predicted power of the
classification using oil seeps co-located with clay zones for both classification scenarios is fair;
the AUC has mean values of 62%.
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Classification Dataset Types of seeps/Host rock  AUC (%)
1 (Figure 3 (a)) ASTER Gas seep/gypsum 60
_ ATER+
2 (Figure 3 (b)) RBD/ratio Gas seep/gypsum 70
3 (Figure 3 (a)) ASTER Oil seep/calcite 76
4 (Figure 3 (b)) ATER Oil seep/calcite 70
+RBD/ratio
5 (Figure 3 (a)) ASTER Oil seep/clays 70
6 (Figure 3 (b)) ~ ATER+RBD/ Oil seep/clays 76
ratio
7 (Figure 4 (a)) ASTER Oil seep/calcite 70
8 (Figure 4 (b)) ATER+RBD/ Oil seep/calcite 60
ratio
0 (Figure 4 (a)) ASTER Ol seep/clays 62
+
10 (Figure 4 (b)) AIERﬁRBD’f Oil seeplclays 62
ratio

Table

One thing to consider in onshore basins is if the compositional variation of host rocks
influences the types of seeps occurred at the surface. It would be most beneficial to
determine the migration pathways of hydrocarbon seeps by study the spatial pattern
of hydrocarbon seeps and their host rocks in any petroleum system. Such studies
provide valuable information about the efficiency of cap rock and/or productivity of
reservoirs. In addition, understanding the spatial distribution of seeps and diagenetic
mineralization could provide geotechnical information, which may be of interest for
planning of pipeline constructions over oil and gas fields.
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