Iranian Journal of Mining Engineering (IJME)

%

Vol 19, No 63, 2024, pp 66-95 _ _ : A o
DOI: 10.22034/ijme.2024.2016373.1996 Iranian Society of Mining Engineering
(IRSME)

Modeling oil spring exploration based on their spectral characteristics

Shirin Chazani Shrahi?, Parviz Zeaieanfirouzabadi?*, Seyed Mohammad Tavakkoli Sabour

1. Department of Remote Sensing and GIS, Kharazmi University, Iran
chazani@khu.ac.ir
2. Department of Remote Sensing and GIS, Kharazmi University, Iran
zeaiean@aut.ac.ir
3. Department of Remote Sensing and GIS, Kharazmi University, Iran
tavako_m@yahoo.com

Received: 2023//11/07 - Accepted: 2024/07/06

Abstract

This research presents a method for extracting the spectral characteristics of oil springs (oil seepages) and
their exploration by applying artificial neural networks and maximum likelihood algorithms on Landsat 8
OLI images. The study area covers three provinces: Khuzestan, Fars, kohkiluyeh, and Boyar Ahmad.
Vegetation, water, soil spectral indices, and tasseled cap transformation outputs along surface reflectance
images generated the feature space required to explore oil springs. Samples were manually collected from all
the features of oil springs to identify and explore oil springs, including different land uses and the existing oil
springs already recorded by the Ministry of Petroleum. The separability of oil spring samples was examined
with the help of spectral values and signs of sample features. Then, using the statistical data of a part of the
samples, the feedforward neural network training with 8 hidden layers was carried out and evaluated. Also,
the model parameters for the maximum likelihood algorithm were estimated using the extracted samples.
Finally, the trained neural network and maximum likelihood algorithm were applied to the spectral
characteristics of the entire study area to extract the probable locations of the oil springs. The results based
on the test data showed that the neural network with a kappa coefficient of 92.07% and an overall accuracy
of 99.53% separated the oil springs from other land uses. However, the maximum likelihood algorithm
showed Poor performance in separating the oil springs from other land uses .The kappa coefficient and its

overall accuracy were equal to 22.93% and 73.35%, respectively. By examining the classified image
obtained from the neural network, 15 new points were extracted as promising locations for oil springs. These
points were verified and confirmed by Google Earth images.
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1- Introduction

During recent years, the application of remote sensing technology as one of the most important
sources of data gathering towards the study and monitoring of natural resources and their optimized
usage has attracted the attention of many experts and specialists in various sciences, including
geology, mining, environment, agricultural meteorology, and hydrology, etc. (Sayedain et al.,
2013). Using satellite data and implementing different imaging methods is a suitable tool in the
exploration and extraction of minerals on the earth's surface. Due to the costly nature of each
exploration activity, achieving high certainty about the presence of minerals in an area is one of the
essential goals of exploration activities. In this regard, using satellite images and remote sensing
methods can reduce this risk and increase certainty (Sayedain et al., 2013). In this regard, the use of
satellite images and remote sensing methods and techniques can greatly help the exploration of oil
springs and reduce exploration costs (Van Der Meer et al., 2002). So far, much research has been
conducted to identify and explore oil springs and hydrocarbon materials, some of which have been
investigated below.

In 1985, Segal et al. identified hydrocarbons in Lipson Valley, Utah, using band ratios in Landsat
5 (TM) images. They could detect changes in the mineral content of clay soils caused by
hydrocarbon leaks (Segal et al., 1985). In 2002, Meer et al. stated that radar images, aerial imagery,
and multispectral sensor images are among the most widely used remote sensing sources for
detecting and exploring hydrocarbons (Van Der Meer et al., 2002). In 2001, Ellis et al. described
the application of airborne hyperspectral imaging and its capabilities to detect oil spills in remote
lands. Using the image classification, they identified the pixels that could contain hydrocarbons or
petroleum materials [4]. In 2007, Xu et al. used a combined method for oil and gas exploration ( Xu
et al., 2007). They stated that there is a cause-and-effect relationship between oil and gas reservoirs
and surface anomalies and that these surface anomalies mainly involve changes in surface and
related mineral hydrocarbons. They used images from the Hyperion sensor to detect oil and gas leak
sites in China's Qinghai province. By providing the appropriate feature space, they finally use the
maximum likelihood classification method to classify the area and identify oil and gas in the region.
In 2007, Khan and Jacobson used remote sensing images and geochemistry data to identify oil
micro spills in the Patrick Drew area of Wyoming. Their research was based on the hypothesis that
geochemistry and mineralogical changes have occurred on top of large oil fields. They used
Hyperion images and field data to detect oil microleaks (Khan & Jacobson 2008). In 2008,
Lammogliaa and Filhoa identified and explored hydrocarbon microspills in the Tucano basin of
Brazil using ultra-spectral image classification and neural network analysis of ASTER data.
Overall, their study showed the great potential of ASTER data and spectral-spatial methods for the
low-cost exploration of hydrocarbons in Brazil (Lammogliaa & Filhoa, 2008).

Other researchers used remote sensing data and a variety of image processing algorithms to
detect, identify, and explore oil springs at different locations on the surface of the earth (Perry et al.,
2011; Hamzeh, 2011; Shi et al., 2012; Sayedain, 2013; Dehban Varmazani, 2015; Roberto De la
Rosa, 2021).

Although hyperspectral images have very high spectral resolution and low signal-to-noise ratio
compared to multispectral images, which are the main advantages of these images compared to
multispectral images such as Landsat 8, the main problem of hyperspectral images is the low width
of the obtained images, for example, the standard dimensions of the images obtained by this sensor
are equal to 7.7 km. The length is equal to 42 km. Of course, the size of the images can also
increase up to 185 kilometers. Meanwhile, the Landsat 8 images cover an area of 185 km x 185 km.
In other words, each image of the Landsat 8 satellite covers an area equal to 24 Hyperion images.
On the other hand, It should be noted that Hyperion images are not available for all regions, and this
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makes the problem more pronounced. As a result, if the goal is to monitor and explore oil springs in
a large area, using Landsat 8 images, apart from their spectral resolution, will be much more
appropriate and convenient than hyperspectral images. In this regard, if we could provide the
desired spectral feature space for the identification and exploration of oil springs, the use of Landsat
8 images would also be compelling in the exploration of oil springs, which is one of the goals of the
present study.

According to the previous studies mentioned above and the lack of research in this applied field
and effective use of algorithms in the pursuit and exploration of promising areas of oil springs in
Iran, an attempt has been made to investigate and explore oil springs over three provinces of Iran.
The data of the OLI sensor from the Landsat 8 satellite, the ground data collected from the existing
oil springs, and different analytical methods were used to create a spectral feature space database
and perform a proposed method for selecting features. Then, two classifiers, maximum likelihood
(MLC) and feedforward neural networks (NN), were implemented to locate unreported locations of
the oil springs.

The proposed model does not mention using various indices extracted from satellite images in
mineral resources exploration, which can be considered the main innovation of this research. This
method can be used by different researchers and mining sectors to explore other mineral resources.

2- Methods
2-1- Study area

The study area is part of three provinces: Khuzestan, Kohgiluyeh, Boyer-Ahmad, and Fars. It
includes twelve cities of Izeh, Masjed Soleiman, Bagh-e-Malek, Haftkal, Ramhormoz, Omidiyeh,
Aghajari, Behbahan, Hendijan, Gachsaran, Deylam, and Mamasani. It should be noted that the
reason for choosing this area is the density of oil springs already identified in these cities. Figure 1
shows the location of the study area in Iran and the provinces of Khuzestan, Kohgiluyeh Boyer-
Ahmad, and Fars.

- ¢

Figure 1. The study area is in Iran, and three provinces cover it.
2-2- Data used
The data used here are as follows:
Landsat 8 Satellite Images (OLI): A level 2 image of collection 2 (land surface reflectance) has
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been used. The level 2 Landsat 8 satellite images listed in Table 1 have a spatial resolution of 30
meters and include reflective bands of the features of the earth's surface (Figure 2). Existing oil
springs point data identified by the Ministry of Petroleum are shown in Figure 3.

Table 1. Specification of Landsat OLI satellite images.

NO. | PATH | ROW | Acquisition Date
1. 163 39 01-10-2021
2. 164 39 22-09-2021
3. 165 38 29-09-2021
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Figure 2. False color composite (RGB) Mosaic Image of the Area.
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Figure 3. Existing oil springs point data identified by the Ministry of Petroleum.

The flowchart of the proposed method for the identification and exploration of oil springs from
the Landsat 8 images is presented in Figure 4 and is described in three general stages:
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Figure 4. Flowchart of the proposed method for identifying and exploring oil springs from the Landsat 8 images.
2-3- Spectral Reflectance Extraction

In the first step, the reflectance images of the earth's surface features are produced using the
Landsat 8 OLI second-level images. Since the second-level images are rescaled to 16-bit images,
applying only the Gain factor and the Offset factor is necessary to obtain the true reflection values
in the visible and infrared ranges.

At this stage, the existing oil springs identified by the Ministry of Petroleum were examined, and
the oil springs that are not visible in Google Earth's Worldview2 images were removed. Because of
their tiny size, they could not have an acceptable effect on the reflection values of the desired pixel
of Landsat 8. After selecting suitable oil springs, their reflection values and other land uses were
sampled.

2-4- Generating Spectral Indices and Properties from Surface Reflectance Images

After converting the images' numerical values to the ground surface's reflection values, satellite
spectral indices were produced. 30 selected indices were used, including vegetation, water, soil, and
tasseled cap and reflectance of land surface features in bands 2 to 7 of Landsat 8. Scientific
formulas to calculate spectral indices are provided on the IDB — Index DataBase website. Some of
the outputs of these indices are given in Figure 5.

2-4-1- Extracted vegetation spectral indices

The vegetation indices used in this study to form feature space include the following index (Jinru
& Su, 2017; Rasul et al., 2018; Sukmono et al., 2019; Yan et al., 2020). In vegetation indices, areas
related to vegetation and trees, gardens, and forests have positive and high values. Some areas, such
as water or snow, have negative values, and some land uses, such as barren land, have values close
to zero.

e Normalized Differential Vegetation Index (NDVI)
e Simple Ratio Index (SRI)
e Improved Vegetation Index (EVI)
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Figure 5. Some of the outputs of spectral indices.
e Soil-Adjusted Vegetation Index (SAVI)
e Soil-Adjusted Total Vegetation Index (SATVI)
e Modified Soil-adjusted Vegetation Index (MSAVI)
e Green Chlorophyll Index (Clgreen)
e Green Leaf Index (GLI)
e Green-Blue NDVI Index (GBNDVI)
e Green-Red NDVI Index (GRNDVI)
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e Leaf Water Content Index (LWCI)
2-4-2- Water Spectral Indices

The water indices used in this study to form the feature space include six indices that are
produced according to the equations found in IDB — Index DataBase (Jinru & Su, 2017; Rasul et al.,
2018; Sukmono et al., 2019; Yan et al., 2020).

e Normalized Differential Water Index (NDWI)
e Automatic Water Extraction Indicator (AWEI)
e \Water Ratio Index (WRI)

2-4-3- Soil or Land Spectral Indices

The soil or vacant land indices used in this study for the formation of feature space include the
following indices in the equations found in IDB — Index DataBase and include the following (Jinru
& Su, 2017; Rasul et al., 2018; Sukmono et al., 2019; Yan et al., 2020).

e Dry Bareness Index (DBSI)

¢ Normalized Differential Bare-land Index (NDBal)

e Modified Differential Normalized Bare-land Index (MNDBI)
e Normalized Differential Salinity Index (NDSI)

e Soil Composition Index (SCI)

2-4-4- Tasseled cap indices

In addition to the indices mentioned above, this study has also used 3 indicators related to the
tasseled cap transformation. These indicators are generated according to the existing coefficients in
the IDB Index Database ([Jackson, 1984; Crist & Kauth; 1986; Ali & Salman]).

e Tasseled Brightness Index (TCB)

e Tasseled Greenness Index (TCG)

e Tasseled Cap Wetness (TCW)

2-5- Feature selection and feature space database generation

In the previous section, all the features that could be useful in exploring oil springs were
produced. However, some features cannot isolate and identify oil springs from other uses. In this
regard, it is necessary to choose the feature from among the features produced in the previous stage.
For this purpose, a simple method for feature selection has been used, which is based on comparing
the sign or the average value of the pixels in oil springs with other land uses. In this method, you
have some features. In this method, features that meet at least one of the following conditions are
selected:

e The average pixel values in the existing oil springs should differ from those in other land uses.

In this study, using the mentioned method, out of 43 initial features, 30 features have been
selected (i.e., 6 Landsat 8 bands plus 37 spectral indices), and a feature space dataset with 30 bands
has been produced (Table 2).

Based on the spectral behavior of oil springs and oil-contaminated soils, the symbol of the
produced oil springs indices for the points are shown in Table 3.

72



Modeling oil spring exploration based on their spectral characteristics Iranian Journal of Mining Engineering (IJME)

According to Table 3, the symbols of AWEI, NDWI, TCW, GBNDVI, and GRNDVI are
negative for oil springs points, and the rest of the indices or bands have positive values in these
points.

Table 2. Feature space dataset including Landsat 8 bands and vegetation, water, soil, and tasseled cap indices.

Input Feature NO. Feature Name Input Feature NO. | Feature Name
1 LCO08-Ref-Blue 16 MNDBI
2 LCO08- Ref-Green 17 MSAVI
3 LCO08- Ref-Red 18 NDBal
4 LCO8- Ref-NIR 19 NDSI1
5 LCO8- Ref-SWIR1 20 NDVI
6 LC08- Ref-SWIR?2 21 NDWI
7 AWEI 22 SATVI
8 Bl1 23 SAVE
9 Clgreen 24 SCI
10 DBSI 25 SRI
11 EVI2 26 TCB
12 GBNDVI 29 TCG
13 GLI 28 TCW
14 GRNDVI 29 With
15 LWCI 30 WRI

Table 3. The signs of indices of oil springs, agricultural land, urban area, soil, water, and trees of the study area

Feature or Index Sign of Water, Agricultural Lands, Soil, Trees & Urban Ares Oil Spring
Name Indices Sign
AWEI Positive (Water & Urban) Negative

BI1 Negative (Water & Tree) Positive
Clgreen Negative (Water) Positive
DBSI Negative (Water & Tree) Positive
EVI2 Negative (Water) Positive
GBNDVI Positive (Soil, tree & Agriculture) Negative
GLI Negative (soil & Agriculture) Positive
GRNDVI Positive (Tree) Negative
LWCI Negative (Water & Tree) Positive
MNDBI Negative (Water) Positive
MSAVI Negative (Water) Positive
NDBal Negative (Water & tree) Positive
NDSI1 Negative (Water) Positive
NDVI Negative (Water) Positive
NDWI Positive (Water) Negative
SATVI Negative (Water, Soil & Urban) Positive
SAVI Positive (Water) Positive
SCI Negative (Water & tree) Positive
SRI All Positive Positive
TCB All Positive Positive
TCG Negative (Water & Urban) Positive
TCW Positive (Water & Tree) Negative
WITh All Positive Positive
WRI All Positive Positive

2-6- Selection of training samples
To identify and explore oil springs through the maximum likelihood classification method, it is
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necessary to sample all the land uses. For this purpose, agricultural lands (seven types), water
(seven types), four types of vacant land, one kind of orchard and tree, urban area, and shadow were
identified and sampled manually. Samples were also taken from the existing oil springs identified
by the Ministry of Oil. In this regard, it should be noted that some of the oil springs were not
identifiable in Google Earth images due to their tiny areas and did not affect the reflectance values
of Landsat 8 images. They were left out of the sampling process.

2-7- Implementation of the neural network and maximum likelihood algorithm

In the second step, the selected and generated features for the sample data were used to train the
feedforward neural networks and MLC to estimate the parameters of the probability density
function in each class. The nature of the problem in this study is considered to be two classes. For
this purpose, oil spring samples were labeled 1 for the neural network algorithm, and samples of
other land uses were labeled zero. However, for MLC, seven land use classes have been assigned.
Merging the non-oil classes in the MLC method would cause the variation of the properties of the
non-oil class to be high, and as a result, the probability density function will be extensive, and this
will cause all the pixels of the image to be classified as non-oil classes. For this reason, in this
study, the two-class method was used for the neural network, but for the MLC method, 7 different
classes were defined, and after the ML classification, the non-oil classes were combined.
Ultimately, output will have two classes of oil-contaminated soils (oil springs) and other land uses.
Also, in this step, it is necessary to introduce the parameters of the neural network, such as the type
of training function, the number of hidden layers, and the maximum number of iterations or epochs
to the neural network. It should be noted that the evaluation of the results of the accuracy of the
neural network is also done in this step. Still, for the MLC algorithm, the evaluation is done after
the production of the classification map and after the aggregation of non-oil classes is done in the
third stage. Among the total available samples, 70% of the samples from each class were used to
train the neural network or estimate the parameters of the probability density function of the MLC
algorithm, and the remaining 30% were used to test and evaluate the trained neural network and the
MLC algorithm. In this study, to identify and explore oil springs by neural networks (ANNSs), the
Trainlm as training function and 8 hidden layers have been used.

2-8- Implementation of Neural Network and MLC Algorithm on the Whole Region and
Exploration of Oil Springs

In this step, the trained neural network or the MLC algorithm, whose parameters were set in the
previous step, was applied to the features of the entire study area to obtain the classification results.
As mentioned in the last step, a binary image showing the possible locations of the oil springs in the
study area using the trained neural network for the whole study area is obtained. However, the
output of the MLC algorithm is a map showing different land uses.

To evaluate the accuracy of the outputs obtained from the above analysis, the overall accuracy of
the Kappa Coefficient of Agreement, the following equations were used, which is based on the
construction of a confusion matrix (Jensen, 2015):

.. k . .
N2ﬁ=1xll—zn=1(xl+ X x+j)

NZ- SE_ (it xx4))

kappa = equation 1

K i .
overall accuracy = Z ~ equation 2
i=1

N is the total number of samples in the confusion matrix, K is the number of land use, xii is the
number of observations in row | and column I, and xi+ and j+ are the number of non-diagonal
observations in the confusion matrix.
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3- Findings

The final output of both the neural network and MLC algorithm methods are shown in Figures 6
and 7, respectively, and the values of 1 represent the probable locations of the oil springs in the
study area. In Figures 6 and 7, the values of one or the oil springs resulting from the classification
are dark brown, and the other uses are light gray. It should be noted that the pixels identified as oil
springs in the neural network method were not visible in the figure because they covered a small

area and were magnified in Figure 6 for better viewing.
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Figure 6. Classified output of Neural Networks
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As can be observed in Figure 7, many pixels are classified as oil springs or oil-contaminated
soils. In contrast, fewer pixels have been identified as oil springs or oil-contaminated soils in the
output neural network method. This makes it very easy to investigate these points with high spatial
resolution images, such as Google Earth images. These locations were verified with Google Earth
images, and finally, 15 new points in the area were identified as oil springs (Figure 8). To be sure, it
is recommended to have a ground-based for these newly found oil springs.
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Figure 8. Location map of oil springs (green dots) based on neural networks algorithm.

Google Earth images of these 15 oil springs identified by the neural network are shown in Figure
9. Figure 10 shows the distribution and location of the springs about the region's faults.
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Figure 9. Google Earth images of detected oil springs (yellow dots).
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Figure 10. Location map of oil springs (green dots) concerning faults (red lines).
3-1- Spectral characteristics of oil springs

Figure 11 presents the spectral reflectance of oil springs and oil-contaminated soils in Landsat 8
images (wavelengths of 0.4 to 2.3 um). The curve presented in Figure 11 is based on the average
values of pixels sampled from oil sources identified by the Ministry of Qil.

Oil Points Reflectance in Landsat-08 Images (C2-L2)
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Figure 11. spectral reflectance curve of registered oil springs in different bands of OLI images

The reflectance of oil springs in Landsat 8 images, except band 7, the reflection of oil springs
and oil contaminated soils and hydrocarbons increases with an increase in wavelength. The blue
band (Landsat 8-second band) has the lowest reflectance, and the shortwave infrared (band 6 with
wavelengths of 1560 to 1660 nm) has the highest reflectivity value. After that, the reflectance
amount suddenly drops in band 7 of Landsat 8 (shortwave infrared with wavelengths of 2100 to
2300 nm). The reduction of reflectance in the 7th band of Landsat 8 images was not unexpected at
all because in the spectral curve of the hyperspectral images, in the equivalent range of the 7 bands
of Landsat 8 (2100 to 2300 nm), the reflection has decreased as compared to the range of 1600 nm.
This reduction could be due to the proximity of this band to the thermal infrared range. Soil
contamination with oil can cause a decrease in soil reflectivity (lowering soil temperature) in this
range of the spectrum. This could lead to the definition of a new index using data from this region
of the electromagnetic spectrum to identify the oil resources that appear on the surface.

Figure 12 shows the reflectance values of bands 2 to 7 of Landsat 8 images in oil springs and
other land uses. According to Figure 12, in the seven types of water identified in the area, the
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reflectance values of all bands, especially bands 5 to 7, are low, and this characteristic can be used
to separate oil and oil-contaminated soils from water. Comparison of the reflectance values of oil
springs with the other land uses leads to find useful bands and generate valuable indices. For
example, in orchards and trees, reflectance values in band 5 are higher than band 6, while this is the
opposite case in oil and oil-contaminated soils.

06 Landsat-08 Reflectances in Oil Points & Other landuses
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Figure 12. Spectral reflectance curve of other land use in different bands of OLI images
4- Conclusions

The following are the conclusions and remarks about the extraction of spectral characteristics of
oil springs and the identification and exploration of THIS FEATU:

e In Landsat 8 images, except band 7, the reflectance of oil springs and oil-contaminated soils and
hydrocarbon materials increases with increasing wavelength, and the blue band (I.E. Landsat 8
second band) has the lowest reflectance. Also, the FIRST short-wave infrared range (band 6 with
wavelengths of 1560 to 1660 nm) has the highest reflectance. After that, the amount of
reflectance is suddenly reduced in band 7 of Landsat 8 (second shortwave infrared with
wavelengths of 2100 to 2300 nm).

¢ Inoil springs and oil-contaminated soils, a relatively sharp reduction in the amount of reflectance
in the SWIR2 band compared to the SWIR1 band can be used as a characteristic in the
identification of oil springs. In this regard, features such as the normalized differential salinity
index (NDSI) based on the normalized difference of the SWIR1 and SWIR2 bands are helpful.

¢ In the exploration of oil springs by neural network method, the user's accuracy is equal to 100%,
but the producer's accuracy is 85.71%; this accuracy indicates that in 85.71% of the test data, the
oil springs have been correctly labeled as the class of oil springs and 14.29% of the oil springs in
the test data have been labeled as the other land uses. In other words, oil springs have not been
completely identified, but the comprehensiveness of the identification of oil springs is
acceptable.

e Exploring oil springs by the Maximum Likelihood Classification (MLC) method, the producer
accuracy for the oil-contaminated soils is 99.52%. Still, the user accuracy for the oil sources is
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very low, at 18.11%. This has caused many other uses to be classified as oil springs, and it is
practically impossible to identify oil springs by the classification method with the MLC
algorithm.

e The distribution of oil springs deeded here showed that 12 out of the 15 oil springs are located
near the faults, which alarms us that faults might be considered an indicator of the existence of
oil springs.

e Because of the global coverage of the Landsat series, images can be used to study areas that are
not covered by other sensors, such as hyperspectral data. Also, each scene of Landsat images
covers a much larger area than hyperspectral sensors, which can be helpful in rapid area
monitoring.

e Finally, different researchers and mining sectors can use the method presented here to explore
other mineral resources.
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