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Abstract:

 Hydrocarbon seeps cause chemical and mineralogical changes at the surface, which can be detected by remote sensing. This paper aims at the detection of mineral alteration induced by gas seeps in a marly limestone formation, SW Iran. For this purpose, the multispectral Advance Spaceborne Thermal Emission and Reflection Radiometer (ASTER) and the high spatial resolution WorldView-2 (WV-2) data were utilized for mapping surficial rock alteration. In addition, the potential of Visible Near Infrared (VNIR) bands of the WV-2 and its high spatial resolution for mapping alterations was determined. Band ratioing, principal component analysis (PCA), data fusion and the boosted regression trees (BRT) were applied to enhance and classify the altered and unaltered marly limestone formation. The alteration zones were identified and mapped by remote sensing analyses. Integrating the WV-2 into the ASTER data improved the spatial accuracy of the BRT classifications. The results showed that the BRT classification of the multiple band imagery (created from ASTER and WV-2) using regions of interest (ROIs) around field data provides the best discrimination between altered and unaltered areas. It is suggested that the WV-2 dataset can provide a potential tool along higher spectral resolution data for mapping alteration minerals related to hydrocarbon seeps in arid and semi-arid areas.
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1. Introduction

Hydrocarbon seep-induced alteration has been spectrally studied by different researchers around the world because of its potential value for petroleum exploration [1–7]. Hydrocarbon seepage can affect the Eh/pH of the surrounding geology, leading to mineral alteration effects, such as the loss of ferric oxy-hydroxides (hematite and goethite) and the formation of ferrous-bearing minerals (e.g., magnetite and pyrite), clays and carbonates [8]. The surface information obtained by remote sensing has limitations for understanding the subsurface nature of a petroleum system; however, it is cost effective and could increase the probability of success in exploration [1].

The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) records solar radiation in 14 spectral bands and has provided geologists with a useful sensor in space [9]. ASTER data have been successfully used for lithological mapping [10,11] and for mineral mapping to aid in exploration [12–16]. In the Visible Near Infrared (VNIR) and Short Wave Infrared (SWIR) bands, iron bearing minerals, carbonates, hydrate and hydroxide minerals, such as gypsum and clays, display molecular absorption features related to their overtones and combination tones [17]. Those minerals are some of the most common alteration related minerals induced by hydrocarbon seeps [8].

ASTER data have been successfully applied to mapping such alterations by Petrovic et al. [2], Lammoglia et al. [18,19] and Shi et al. [4]. Although those alterations can be mapped with ASTER data, the spatial scale of alteration zones in some basins is smaller than the spatial resolution of ASTER data (less than 30 m of the SWIR bands). High spatial resolution imagery, such as IKONOS, QuickBird and the relatively new WorldView2 (WV-2), provides the opportunity to map mineral variation at small scales.

The WV-2 data have eight spectral bands in the VNIR with 2-m resolution and one panchromatic band with 0.5-m resolution. This new dataset has not yet been applied for lithological and/or mineralogical mapping. With eight bands in VNIR wavelength ranges, the WV-2 can provide important information about transition elements, especially iron, and about elemental sulphur. The use of WV-2 imagery poses a new challenge in minerals mapping, because some minerals, such as carbonates, hydroxides, such as gypsum, and some clays do not exhibit diagnostic spectral responses in VNIR wavelength ranges. However, WV-2 data have the potential to allow the detection of the bleaching effect of hydrocarbon seeps in sediments.

Although spectral resolution is the main support in image classification of surface materials, spatial resolution is the main factor for the provision of the spatial context of target minerals identified with image classification techniques. In areas with spare ground data, it is difficult to assess the spatial correspondence of minerals identified from imagery with field measurements, because these measurements may only cover a few pixels of the moderate spatial resolution imagery, such as ASTER. One approach in image classification is integrating high spectral resolution data with high spatial resolution data to solve the challenging task of detailed mineral mapping using both datasets. The integration of ASTER and WV-2 data for mineral classification would allow us to determine if the addition of the high spatial resolution of WV-2 and its multispectral bands in VNIR will improve the classification of target minerals.

This study examines the potential of high spatial resolution WV-2 satellite imagery and relatively high spectral resolution ASTER in the SWIR region for identifying gas-induced alteration in the Dezful Embayment, SW Iran (Figure 1). There are many locations in the Dezful Embayment where escaped hydrocarbons from the subsurface reservoirs induced alterations mostly in evaporites and marly limestones [20]. An area of the marly limestones affected by the gas seep has been chosen for this study. The studied area is located in an arid environment and without vegetation cover.

Figure 1. Study area (a) Geological map of the study area overlaid on the hill-shaded Advance Spaceborne Thermal Emission and Reflection Radiometer (ASTER) GDEM; (b) an ASTER (RGB: 468) false colour composite image of the study area.
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For this study, ASTER data was first used to map alteration related minerals, such as gypsum, and non-alteration minerals, such as clay and calcite; then, the potential of WV-2 imagery for highlighting the bleaching effect of the gas seep was assessed. In addition, the effect of combining the data of the two sensors on improving the classification of target minerals was investigated. The prime objectives of this study are: (1) to map gas-induced alterations in marly limestones by ASTER and WV-2; and (2) to explore the potential of using high spatial resolution WV-2 imagery for enhancing alteration zones and improving the spatial accuracy of alteration mapping. The latter focuses on integrating the WV-2 VNIR bands into the ASTER VNIR-SWIR bands to discriminate alteration zones from unaltered areas.



2. Geological Setting and Alteration-Related Minerals


2.1. Geological Setting

The study area is situated north of the Dezful Embayment, SW Iran. The Dezful Embayment hosts most of the onshore petroleum reservoirs in Iran (Figure 1). This Cretaceous to Early Miocene shallow petroleum system comprises two different source rocks, including the Kazhdumi (shale and limestone) and the Pabdeh (shale, marl and limestone) Formations, two reservoirs, including the Asmari and the Sarvak Formation, and two seals, including the Gachsaran and the Gurpi Formations. The Asmari limestone reservoir is sealed by the Gachsaran Formation. The Gachsaran cap rock predominantly consists of evaporites, with additional marl and thin limestone, and it underlies the Mishan Formation (Figure 1) [21]. The area is an arid region without any vegetation cover.



2.2. Hydrocarbon Seeps-Related Alteration Model in the Mishan Marly Limestone

Onshore hydrocarbon seep-induced alterations in the Zagros belt are poorly studied. Thomas [22] used the term Gach-e-tursh for one of the products of the alterations induced by hydrocarbon seep in the Zagros. In the Persian language, Gach means chalk and tursh means sour. Thomas [22] mentioned that the Gach-e-tursh represents an association of oxidizing petroleum seep, gypsum, jarosite, sulphuric acid and sulphur. Salati et al. [23] proposed generalized models of spectral and geochemical alterations in the Dezful Embayment. In this petroleum basin, hydrocarbon seeps and their associated alterations are spatially associated with the Gachsaran cap rock and the Mishan Formation [20]. In the present study, an area within the Mishan Formation (the Mamatin area) that was affected by macro gas seeps was chosen to be investigated by multispectral ASTER and WV-2 remote sensing. The alteration zone studied by Salati et al. [23] covers an area of about 55 m × 20 m within the marly limestone formation (Figure 2). Within this formation, gas-induced alterations have distinctive spectral and geochemical signatures [23]. The reaction between H2S and calcite lead to the precipitation of gypsum and native sulphur. The H2S originates from bacterial reductions of sulphate minerals in the Gachsaran cap rock underlying the Mishan Formation. Gas-induced alterations were spectrally characterized by the presence of gypsum, while unaltered marly limestones showed spectra that are typical of calcite [23].

Figure 2. A photo of the studied area shows the alteration zone and unaltered marly limestone and the generalized model of the spectral and geochemical signatures of gas-induced alterations in the Mishan Formation ([23]; reprinted by permission of the American Association of Petroleum Geologists (AAPG), whose permission is required for further use).
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Unaltered samples were spectrally characterized by: (a) the presence of absorption features near 2.35 μm, diagnostic of calcite; (b) the presence of absorption features near 0.4–0.45 and 0.8–0.9 μm, indicative of iron bearing minerals; and (c) the presence of absorption features at 2.2 μm and between 2.34 and 2.44 μm, indicating the presence of Al-OH containing clays. Altered samples were spectrally characterized by: (a) a sharp decrease in the reflectance gradient between the visible red and the visible green-blue, due to bleaching effects; (b) the presence of absorption features at around 1, 1.4, 1.75, 1.9, 2.215, and 2.27 μm, diagnostic of gypsum; (c) the absence of absorption features near 2.35 μm, typical of calcite, which is the dominant absorption feature in unaltered rocks; and (d) a decrease in the absorption intensities of iron bearing mineral absorption features at around 0.4–0.45 and 0.8–0.9 μm [23].




3. Remote Sensing Data


3.1. ASTER Data

ASTER measures radiation in three bands from 0.52 to 0.86 μm (VNIR) and in six bands between 1.6 and 2.43 μm with 15-m and 30-m resolution, respectively. In addition, ASTER has a back-looking VNIR telescope with 15-m resolution and five thermal bands measured at 90-m resolution in 8.125–11.65 μm [24]. Unaltered marly limestone and altered rocks composed of gypsum can be discriminated and mapped in the SWIR in the range of 1.6 to 2.43 μm. The three VNIR bands provide information about the presence of iron-bearing minerals. A cloud-free ASTER image in Level 1B (radiance at sensor) acquired on 4 July 2004, was obtained for the study area. The Level 1B ASTER data were geometrically and radiometrically corrected and converted to radiance at the sensor using the radiometric coefficients of the sensor.



3.2. WorldView-2 Data

WorldView-2 (WV-2) (DigitalGlobe) data has a high spatial resolution and offers 8 multispectral bands (MS) along with a panchromatic (PAN) band. The satellite launched in October 2009, records images at a spatial resolution of 0.5 m in the PAN band and 2 m in the MS bands. The MS bands include: coastal blue (400–450 nm; Band 1), blue (450–510 nm; Band 2), green (510–580 nm; Band 3), yellow (585–625 nm; Band 4), red (630–690 nm; Band 5), red edge (705–745 nm; Band 6), NIR1 (770–895 nm; Band 7), and NIR2 (860–1040 nm; Band 8). The PAN band records radiation between 450 nm and 800 nm [25]. The orthorectified WV-2 satellite imagery was acquired on 24 August 2011, for the study area.




4. Methods


4.1. Spectral Measurements

Field samples were collected from the alteration zone and the surrounding unaltered rock, previously described by [23]. Reflectance spectra from rock samples were measured in the laboratory using an ASD FieldSpec with a 450- to 2500-nm wavelength range at 3–10-nm resolution and a contact probe as the fore-optic. Raw spectra were corrected using the ViewSpecPro (splice correction) and then converted to an ASCII format file to create a spectral library using Environment for Visualization Image (ENVI) software. The spectral reflectance of altered and unaltered samples taken from the field was resampled to the ASTER scene, and the spectral reflectance curves of the ASTER pixels co-located with sampling points were derived and compared with laboratory data.



4.2. ASTER Data Processing

The 30-m SWIR bands (cross-talk corrected) and 15-m VNIR data were corrected for atmospheric effects on surface reflectance using the Log Residuals Method [26], and then, the SWIR bands were resampled to the VNIR data. The VNIR-SWIR ASTER bands were processed using three steps. The spectral characteristics of altered and unaltered rocks were first analysed to identify minerals from the ASTER imagery and to compare ASTER image spectra with ASD spectral reflectance. A false colour composite of relative absorption-band depth (RBD) [27] and ratio images were used to select spectral categories of gas-induced alterations and unaltered rocks. RBD images are used for highlighting CO3, Al-O-H, Mg-O-H and SO4 absorption intensities prior to spectral analysis [10]. Table 1 shows ASTER band ratios used for enhancing mineral features in the study area.

Table 1. ASTER band ratios for enhancing mineral features.


	Mineral Feature
	ASTER Band Combinations





	Ferric iron
	2/1



	Ferric oxide
	4/3



	Ferrous iron
	1/2



	Calcite
	(7 + 9)/8



	Clays
	(7 + 5)/6



	Gypsum
	4/(9 + 6)








With digital image classification, image pixels are assigned to classes based on similarities between the spectral signatures of each image pixel and the spectral signatures of end-members. Reference spectra were extracted from spectral measurements of field samples (resampled to the ASTER) and from ASTER image pixels. The known alteration zone (55 m) covers 3–4 ASTER pixels (with 30-m resolution); therefore, pure image pixels having similar spectral characteristics with pixels co-located with the target alteration zone were selected to derive end-members.

To enhance the visualization of the spectral features of minerals, ASTER bands were pan-sharpened with WorldView- 2 panchromatic images using PC spectral pan-sharpening. Pan sharpening can be used as a pixel-level fusion technique to increase the spatial resolution of multispectral image (MS) [28]. In pan sharpening techniques, a pan (single band) image is used to sharpen an MS image while preserving spectral information. The PC Spectral Sharpening method [28] was applied to sharpen the VNIR-SWIR bands of the ASTER with the high spatial resolution WV-2 panchromatic image (0.5-m resolution) in order to spectrally and spatially enhance the alteration zone. In this technique, the principal component transformation is performed on multispectral ASTER data, which are then resampled to high-resolution WV-2 pan data.



4.3. WorldView-2 Data Analysis

The WV-2 Geo Tiff data was converted to WV-2 radiance in ENVI 4.8 software (Exelis Visual Information Solution, Inc., Boulder, CO, USA). The WV-2 bands were corrected for atmospheric effects on pseudo surface reflectance using the Log Residuals Method [26]. Pan-sharpened WV-2 images were created by fusing the MS WV-2 imagery (with a spatial resolution of 2 m) with 0.5 m pan WV-2 imagery using the method of Gramm-Schmidt (GS) Spectral Sharpening. The GS spectral sharpening technique has been successfully used for mapping land cover [29] and urban tree species [30]. The GS algorithm uses the spectral response function of a given sensor to estimate what the panchromatic data look like (WV-2 panchromatic). The GS pan sharpening is spectrally stronger than other sharpening techniques for the fusion of multispectral bands of WV-2 with the panchromatic band [29]. The pan-sharpened imagery was used in ratioing, principal component analysis (PCA) and classification analyses.



4.4. Data Integration

The high-resolution, multispectral WV-2 data and the multispectral ASTER data were integrated and treated as independent multiple band imagery in order to carry out the boosted regression trees (BRT) classification. The new multiple band imagery has the same spatial resolution as the fused WV-2 (0.5 m) and contains 17 spectral bands of WV-2 (8 bands in VNIR) and of ASTER (3 bands in VNIR and 6 bands in SWIR).



4.5. Boosted Regression Trees Classification (BRT)

Boosted regression tree (BRT) [31] is a nonparametric supervised classification (and regression) algorithm that fits a complex nonlinear relationship by combining two algorithms for classification and regression tree (CART) [32] and boosting. In the BRT technique, the CART algorithm relates the response to the predictor variables (spectral bands) by recursive binary splits, and the boosting method combines large numbers of simple tree models (generated by iteratively varying the training sample) to improve predictive performance [33]. The conventional CART algorithm itself has been used successfully for the classification of remote sensing images, e.g., [34,35]. Boosting is one of the ensemble of classification methods that can be applied in conjunction with supervised classification algorithms and improves classification accuracy [36]. A combination of these two techniques (i.e., BRT) has been shown to be effective in improving the accuracy of satellite image classifications [36,37]. This method estimates local probabilities of class membership for the classified map and has several advantages, including: (a) it represents information in a way that is easy to visualize; (b) the preparation of predictors is simple, and they can be of any type (numeric, binary, categorical, etc.) with any type of distribution (normal and non-normal); (c) irrelevant predictors are seldom selected; and (d) trees are insensitive to outliers [33]. This method has also been successfully applied for predictions in the other fields, such as economics [38], computer sciences [39] and ecology [33]. A working guide on the BRT analysis can be found in Elith et al. [33]. In this study, the BRT algorithm was used to classify the ASTER, WV-2 and multiple band imagery created from the ASTER and WV-2 datasets to detect alteration minerals related to the gas seeps. Six scenarios were defined for the BRT classifications based on three datasets and three selected groups of regions of interest (ROIs):


	(a)

	The ASTER imagery using a group of ROIs, which were chosen from the purest pixels of ASTER imagery.



	(b)

	The WV-2 imagery using: (1) a group of ROIs selected from the purest pixels of the WV-2; and (2) a group of ROIs chosen from imagery pixels co-located with ground measurements.



	(c)

	The new multiple band imagery using: (1) ROIs co-located with the purest pixels of the ASTER; (2) ROIs co-located with the purest pixels of the WV-2; and (3) ROIs chosen from imagery pixels co-located with ground measurements.





The BRT classification using a group of ROIs co-located with ground measurements was not possible for the ASTER imagery, because these measurements only cover a few pixels of the ASTER, which cannot provide adequate samples for the classification.

The models were fitted in R version 2.15.3 [40], using generalized boosted regression models (gbm) package version 2.0-8 [41]. The learning rate and number of trees are two important parameters controlling prediction errors. The learning rate shrinks the contribution of each tree as it is added to the model. The lower learning rate and 1000 trees were used to deal with the over fitting of BTR for a small number of samples [33].

One of the most important outputs of the BRT algorithm is the relative influence of predictors, which is measured based on the number of times a variable is selected for splitting, weighted by the squared improvement to the model as a result of each split and averaged over all trees [31]. This output is a valuable measure to investigate the potential impact of WV-2 VNIR bands on the classification of the image. The main purpose of the classification was detecting target minerals and evaluating the spatial correspondence between classified areas and field measurements; thus, an accuracy method involving the field measurements was applied to evaluate the spatial allocation of the categories. The classification accuracy performance was evaluated by the area under the curve (AUC) of a receiver operating characteristic (ROC) plot, (hereafter, AUC [42]). This provides a provision of spatial correspondence between field measurements and classification results. An ROC curve is constructed from false positive rates (x-axis) and true positive rates (y-axis) for all thresholds, which reclassify the estimated local probability of a class into binary values (the presence and absence of the class). The AUC is a threshold-independent method and provides a single measure of model performance (accuracy) varying from 0 to 1. An AUC score of 1 shows the best model (perfect discrimination); a score of 0.5 indicates random predictive discrimination, and a score of less than 0.5 indicates discrimination worth less than chance. Based on laboratory spectral and geochemical analysis, sampling points were classified into two groups; altered and non-altered. Then, the accuracy of the BRT classification in distinguishing altered areas was evaluated using the AUC method.




5. Results


5.1. ASTER Data Processing

There are some differences between the laboratory spectra of unaltered marly limestone and image-derived spectra (Figure 3a). The laboratory spectra of all unaltered samples displayed absorption features at around 2.3 μm to 2.35 μm, indicative of the presence of calcite. However, reflectance spectra derived from ASTER imagery pixels co-located with field sampling points do not show any absorption features indicative of calcite, but illustrate absorption features at 0.8 μm, 2.15 μm and 2.2 μm, indicating the presence of iron bearing minerals and clays. This difference, however, is because of the spatial scale of the data.

Figure 3. (a) Spectral reflectance curves for selected marly limestone and altered marly limestone from the Mishan Formation resampled to the ASTER imagery and pseudo reflectance spectra of ASTER pixels co-located with field sampling points; (b) false colour composite (FCC) of the ASTER overlaid by lithological boundaries (the band combination used is (RGB) 4-6-8); (c) enlargement showing the location of field measurements. The red ellipse displays pixels co-located with samples, which were identified as alterations, with field spectral and geochemical measurements, and the white ellipse illustrates pixels co-located with samples, which were identified as being unaltered, with field measurements.
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Since the analysis of the reflectance spectra revealed that the predominant gas seep alteration related mineral in the marly limestone formation is gypsum, the image-derived spectra indicative of the presence of calcite, gypsum and clay spectra were chosen for the classification (Figure 4). Gypsum has been used as an index mineral to enhance gas seep-induced alterations in the marly limestone formation, while calcite and clays have been used to map unaltered marly limestone formation.

Figure 4. (a) Mean spectra derived from ASTER imagery compared to the USGS (US Geological Survey) spectral library re-sampled to the ASTER; (b) FCC image created from ASTER bands. The band combination used is (RGB) 4-6-8.
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Band ratios were created to spectrally enhance gypsum in the marly limestone formation. Figure 5 shows the surface manifestations of hydrocarbon seeps that the band ratios emphasized. The results (Figure 5) illustrate a consistent correlation between the gas seeping area and areas rich in ferrous iron and gypsum, lacking of carbonates and with low amounts of clays. The results agree with the generalized spectral and geochemical model, which was proposed by analysing field data.

Figure 5. (a) A false colour composite created from relative absorption-band depth (RBD) and band ratios: b4/(b6 + b9) in red for enhancing gypsum, (b7 + b9)/b8 in green for enhancing calcite and (b5 + b7)/b6 in blue for enhancing clays; (b) false colour composite created from b4/(b6 + b9) for enhancing gypsum (red), b4/b3 for enhancing ferric iron (green) and b3/b1 for enhancing ferrous iron (blue). The black arrows point to the alteration zone in the Mishan marly limestone formation. The black box shows the extension of the region of interest (ROI) selected for ASTER classification and WV-2 image processing, and the arrows point to alterations induced by gas in the marly limestone formation. The white circles show field observations. The asterisks and plus symbols show the gas seep indications in the geological map of the study area.
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To spatially enhance gas-induced alterations, the VNIR-SWIR bands of ASTER were pan-sharpened with the 0.5-m panchromatic band of WV-2 (Figure 6) by PC spectral sharpening. The fusion of both datasets was used in order to determine if further spatial differentiation of the alteration zones were possible. The alteration zones in the marly limestone (consisting of gypsum) can be identified as dark brown in pan-sharpened ASTER VNIR (Figure 7a) and purple in pan-sharpened ASTER SWIR bands (Figure 6b).

Figure 6. (a) False colour composite created from pan-sharpened ASTER VNIR bands (15-m resolution) with the WV-2 0.5-m panchromatic image; (b) false colour composite created from ASTER SWIR bands with the WV-2 0.5-m panchromatic image. The band combination used in (a) is (RGB) 1-2-3 and in (b) is (RGB) 4-6-8. Yellow polygons show alteration zones enhanced by fusion (the extension of this image is shown as a black box in Figure 5).
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Figure 7. (a) Colour composite image (R: 6; G: 3; B: 2) created from WV-2 imagery; (b) enlargement showing the location of field measurements. Black crosses indicate the locations of samples; a red ellipse surrounds samples that were identified as altered by field measurements, and white ellipses are around samples identified as unaltered by field measurements; (c) the mean spectra derived from image pixels covering field data.
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5.2. WorldView-2

A false colour composite of the WV-2 image was created for Band 6 (red), Band 3 (green) and Band 2 (blue) and overlaid with lithological boundaries and field observation points (Figure 7a,b). Spectral reflectance curves of pixels co-located with sampling points were derived from WV-2 imagery (Figure 7c). There are subtle differences between the spectra of the altered zone and unaltered zone in VNIR bands of the WV-2. The reflectance spectra of altered marly limestone show a subtle absorption feature in the range of 0.4–0.5 μm, which could be related to the presence of elemental sulphur and/or ferric iron bearing minerals (Figure 7c). Sulphur has a diagnostic feature in the VNIR wavelength range. It shows a strong decrease in reflectance in the 0.4–0.5 μm range towards shorter wavelengths. This results from the semiconductor behaviour of sulphur, which creates a strong absorption at higher level energies [43]. The spectra of image pixels covering the altered area have shallow absorption features around 0.720 μm, indicating the presence of iron bearing minerals in the Mishan Formation. The prominent Fe2+ absorption bands occur near 0.9–1.2 μm [44]. The presence of absorption bands near 0.9–0.95 μm is indicative of Fe2+ bearing minerals in image pixels covering field data.

Based on the spectral features of unaltered marly limestone and the alteration zone (Figure 7c), two band ratios and one RBD image were created to enhance the alteration minerals in the Mishan marly limestone. The band ratio 2/1 (0.480 μm/0.420 μm) can be used to enhance native sulphur, and band ratio 4/8 (0.660 μm /0.950 μm) can be used to detect the distribution of ferrous iron bearing minerals. To enhance the distribution of ferric iron bearing minerals, an RBD image was created from Band 5 (0.660 μm) + Band 3 (0.545 μm)/Band 1 (0.420 μm). The false colour composite (FCC) of RBD and ratio images shows the distribution of pixels with an absorption by native sulphur (in red), ferric iron bearing minerals (in green) and ferrous iron bearing minerals (in blue) (Figure 8a). The alteration zones are exposed in a whitish yellow colour, which shows the presence of sulphur and ferric bearing minerals. The altered areas appear in bright colour in PCA results, because of the high reflected radiance of the bleached areas (Figure 8b).

Figure 8. (a) FCC image created from Band 2/Band 1 (in red), Band 5 + Band 3/Band 1 (in green), and Band 4/Band 8 (in blue); (b) an FCC of PCA123 (principal component analysis (PCA)) from the WV-2 bands. Red ellipses surround alteration zones, and black lines display lithological boundaries. (c) The geological map of the study area.
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5.3. The BRT Classification

Figure 9 shows the classification of the ASTER dataset obtained with the BRT method. The predicted power of the classification is fair; the AUC has mean values of 0.62 (Table 2, Scenario 1). The results show that the BRT is able to classify altered areas using ROIs of the purest pixels of the ASTER imagery, indicating gypsum (the gas-induced alteration product in marly limestone is in red colour), calcite, clays and iron bearing minerals. There are some misclassifications for image pixels co-located with field samples, because of the different scale of field measurements and the pixel size of the ASTER. Each of the field samples is only indicative of one point on the ground and does not represent the mixed nature of a pixel. ASTER SWIR Bands 4 (1.6–1.7 μm), 8 (2.295–2.365 μm), 5 (2.145–2.185 μm) and 6 (2.185–2.225 μm), indicative of the presence of gypsum and calcite, have the most contributions in distinguishing the alteration zone (Table 2, Scenario 1). The VNIR bands of ASTER showed less contribution to the classification of the altered area.

Figure 9. Results obtained by the boosted regression trees (BRT) classification with end-members extracted from the purest image pixels of ASTER.
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Table 2. Relative contributions (%) of predictor variables and area under curve (AUC) values for the BRT classifications of various scenarios.


	Classification Scenario
	Dataset
	ROIs
	Predictor Variables with Their Relative Contributions (%)
	AUC (%)





	1 (Figure 9)
	ASTER
	ROIs co-located with the purest pixels of the ASTER
	b4 (42), b8 (22), b5(8), b6 (7.7), b2 (5.3), b9 (5.3), b3 (5), b1 (3), b7 (1.5)
	62



	2 (Figure 10a)
	WV-2
	ROIs co-located with the purest pixels of the WV-2
	b3 (33), b5 (25), b8 (22), b4 (10), b1 (9.5),
	68



	3 (Figure 10b)
	WV-2
	ROIs co-located with ground samples
	b3 (34), b1 (29), b4 (15), b2 (9), b8 (7), b5 (5.4)
	93



	4 (Figure 11a)
	ASTER-WV-2
	ROIs co-located with the purest pixels of the ASTER
	WVb4 (38), WVb8 (16), ASb8 (12.5), ASb2 (8), ASb5 (7), ASb4 (5.8), ASb6 (4), WVb1 (2.5), WVb3 (2.5), ASb3 (2)
	62



	5 (Figure 11b)
	ASTER-WV-2
	ROIs co-located with the purest pixels of the WV-2
	WVb3 (27.5), WVb8 (19), ASb9 (18), WVb5 (17.8), ASb6 (5), WVb4 (4), WVb1 (3.5), ASb2 (1.4),
	70



	6 (Figure 11c)
	ASTER-WV-2
	ROIs co-located with ground samples
	ASb4 (25.5), ASb1 (22), ASb5 (20), ASb2 (11.11), ASb9 (9.4), ASb6 (5.3), WVb3 (3.6), WVb1 (2)
	100





AS, ASTER; WV, WV-2; b, band; numbers inside parenthesis show the relative contributions (%) of the variables.




In the southwestern quadrant of the image, there are some areas close to the lithological boundary between evaporite and marly limestone formations containing gypsum, which was transported by erosion, mainly by streams, from the higher elevation of the evaporite Fm toward the lower elevations of the marly limestone Fm.

Results of the BRT classification of the WV-2 using ROIs of pure pixels of the WV-2 and ROIs co-located with sampling points are shown in Figure 10a,b. It is notable that the classification is only based on the spectral features of pixels in the VNIR wavelength range. The predicted power of the classification using ROIs of pure pixels is fair; the AUC has mean values of 0.68 (Table 2, Scenario 2). Bands 3 (0.54 μm), 5 (0.66 μm), 8 (0.95 μm), 4 (0.6 μm) and 1 (0.42 μm) have the most contributions to the classification of pixels co-located with the ground-truth (Table 2, Scenario 2). Bands 3, 5 and 4 indicate the presence of ferric iron bearing minerals, while Band 8 can be related to the presence of ferrous iron bearing minerals. The importance of Band 1 (0.42 μm) can be related to the sharp fall of the spectra at this wavelength range related to Fe-OH. Class 1 (red colour) is indicative of alterations related to gas seeps, which mostly represents bleached areas. Some of the image pixels co-located with altered samples have not been classified in Class 1. The reason is that these pixels are co-located with areas near the gas flames covered by ash and are darker than bleached areas. Class 3 does not only indicate areas having iron bearing minerals, but it also shows roads, roofs and asphalts, and Class 5, with no distinct absorption features, can be related to shadow (Figure 10a).

Figure 10. (a) Results obtained by the BRT classification with end-members extracted from the purest image pixels of WV-2; and (b) BRT classification using ROIs co-located with ground samples.
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Figure 10b shows the results of BRT classification using ROIs around sampling points. Altered (red colour) and unaltered pixels linked to the ground-truth have been successfully classified based on their absorption features in VNIR of the WV-2. The predicted power of the classification using ROIs of pixels co-located with the ground-truth is very good; the AUC has mean values of 0.93 (Table 2, Scenario 3).

Bands 3 (0.54 μm), 1 (0.42 μm), 4 (0.6 μm), 2 (0.480), 8 (0.95 μm) and 5 (0.66 μm) have the most contributions to the classification of pixels co-located with the ground-truth (Table 2, Scenario 3). The classification was also successful in highlighting other altered areas displayed in the geological map as indications of gas seeps [45]. Classes 1, 2 and 4 are classified as unaltered areas. Image pixels co-located with altered samples were classified as Class 3 (red colour). Since the spectral features of these pixels showed the presence of ferric iron bearing minerals (Figure 7c), Class 3 represents ferric iron bearing minerals in Figure 10b. Bands 6 (0.725) and 7 (0.835) have the lowest contribution in distinguishing classes, because most classes show very shallow absorption depth at 0.725 μm and do not have any distinct feature at 0.835 μm.

The result of the BRT classification of the multiple band imagery is shown in Figure 11. Three sets of ROIs were used for the classification of the multiple band imagery: classification using ROIs co-located with the purest pixels of ASTER (Figure 11a), classification using ROIs co-located with the purest pixels of the WV-2 (Figure 11b) and classification using ROIs co-located with ground-truths (Figure 11c). The idea of using three ROIs for the BRT classification of multiple band imagery was to learn which ROIs altered and unaltered areas can be better distinguished and to what degree the spatial resolution of the WV-2 and its multispectral VNIR bands improve the classification of alteration. Class 1 displays the alteration zones in Figure 11a,b, and Class 3 is indicative of the altered areas in Figure 11c.

Figure 11. The results obtained by BRT classification of multiple band imagery created from ASTER and WV-2. (a) The BRT classification using ROIs co-located with the purest pixels of ASTER. (b) The BRT classification using ROIs co-located with the purest pixels of WV-2. (c) The BRT classification using ROIs co-located with sampling points. (d) The geological map of the study area.
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The predicted power of the classification using the ROIs of pixels co-located with the purest pixels of the ASTER is fair; the AUC has mean values of 0.62 (Table 2, Scenario4). Two VNIR bands of the WV-2 and four SWIR bands of ASTER have the most contribution to the classification of altered areas. Using ROIs co-located with the purest pixels of the WV-2, the predicted power of the classification is fair; the AUC has mean values of 0.7 (Table 2, Scenario5). The best discrimination among altered and unaltered areas was obtained by the BRT classification using ROIs co-located with ground-truths. The predicted power of this classification is excellent; the AUC has mean values of one (Table 2, Scenario 6).

The SWIR bands of ASTER have higher contributions to three sets of classifications of alteration zones than the WV-2 VNIR bands. Gypsum (shown in red colour) is the alteration product of gas seep and the marine marly limestone formation composites of calcite and clays, which have diagnostic features in the SWIR range. This might be the reason why the SWIR bands of ASTER have more influences on the classifications. However, sharp decreasing in the reflectance gradient between the visible red and the visible green-blue due to bleaching effects could be classified by the VNIR bands of the WV-2. It is worthwhile to comment that WV-2 Bands 1 (0.425 μm) and 3 (0.545 μm) show high importance in all three classifications. The importance of Band 1 (0.42 μm) can be related to a sharp fall of the spectra at this wavelength range related to Fe-OH, and the importance of Band 3 can be related to the bleaching effects of the gas seep.




6. Discussion

The affected areas by the gas seep showed a larger extension in the satellite imagery than field observations. The results obtained by the BRT classification of ASTER using ROIs co-located with the purest pixels of ASTER (Figure 9) showed a fair match with altered sampling points. Nevertheless, assessing the spatial correspondence between alterations mapped by image analyses of ASTER and the ground-truth is problematic, because of the low spatial resolution of ASTER.

This research showed that SWIR bands of ASTER have been successful in mapping alteration minerals, such as gypsum; however, the WV-2 would increase the accuracy of such mapping (Figure 11) by enhancing the bleaching effect of hydrocarbon seeps (brightness) and providing detailed information about the presence of iron bearing minerals. Even though there are subtle differences among the WV-2 spectral features of image pixels covering altered and unaltered samples, the classification accuracy can still be improved by integrating this dataset with higher spectral resolution. Among the VNIR bands of WV-2, Bands 2 (0.480 μm), 6 (0.725 μm) and 7 (0.835 μm) showed the lowest influence on the classification of the multiple band imagery (Table 2). As some other objects on the ground have similar spectral features as iron bearing minerals, the results of the WV-2 classification should be interpreted with a detailed study of the land cover of an area of interest. In this research, the study area is without vegetation cover, and roads, asphalt roofs, bituminous soil and shadow are the objects that could be confused with target minerals. Image pixels covering altered samples (from field data) were classified as Class 1 in the BRT classification of WV-2 using ROIs of the purest pixels of the imagery (Table 2, Scenario 2) and classified as Class 3 in the BRT classification of WV-2 using ROIs co-located with sampling points (Table 2, Scenario 3). Class 1 in the former classification represents the brightness (bleaching effects in seeps area), and Class 3 in the latter classification illustrates the presence of ferric iron bearing minerals. Thus, those classes are not unique to the alteration zone.

WV-3 is planned for launch in 2014 with eight spectral bands in VNIR (similar to WV-2) and an additional eight bands in the SWIR [46]. Four bands of SWIR WV-3 would range from 1.2 μm to 1.7 μm and another four bands would range from 2.165 μm to 2.33 μm [47]. As many alteration minerals have diagnostic features in SWIR, particularly between 2 and 2.5 μm, geologists would get more benefits from this unique dataset with more bands in this wavelength range. WV-3 can compensate for the site-specific limitations of hyperspectral airborne data capture and provides geologists with a super-efficient dataset in space for mineral mapping. This study showed that few VNIR bands of the WV-2 are useful in the classification of alteration minerals. There is a decreased capability to define the key spectra of alteration minerals with decreasing spectral resolution. If the spectral bands are inadequate, neither spatial resolution matters for mineral mapping. It is expected that the SWIR bands of WV-3 can potentially improve geological applications of remote sensing.

In practice, ground-truths and geological maps are two traditional ways of obtaining information about the accuracy of a classification with geological purposes. However, geological maps are limited to the general information of geological formations and do not provide detailed information about the highly heterogeneous nature of lithological units. Ground-truths are usually collected around a site of interest and do not provide complete coverage of entire areas. It is significant to note that in geological applications, such as studying alterations, assessing the local spatial correspondence between ground-truths and identified minerals by image analysis provides geologists a better understanding of the potential of a specific technique for mapping the spatial distributions of target minerals. Therefore, the classifications of this research were assessed using the AUC technique, which take into account the spatial correspondence between ground-truths and the classified imagery.



7. Conclusions

This research utilized remote sensing techniques to detect alterations related to gas seeps and to explore the potential of the WV-2 for enhancing the bleaching effects of seeps. The results of this study demonstrated that alterations related to the gas seeps in the Mamatin area can be mapped by ASTER and WV-2 imagery. In addition, altered areas displayed in the geologic map and two other new areas with similar spectral features of the alteration product (gypsum) in the marly limestone formation were identified by remote sensing techniques. The integrating of the WV-2 into the ASTER improved the spatial accuracy of alterations mapping. It is suggested that the WV-2 dataset can provide a potential tool along with higher spectral resolution data for mapping alteration minerals related to hydrocarbon seeps in arid and semi-arid areas.

The study of alterations often focuses on the local scale, and a method for estimating the accuracy of classified areas against ground-truths has more benefits for geologists than evaluating the accuracy of the entire imagery. The AUC accuracy assessment method provided us with a statistic measure to evaluate the correctness of classified alterations. The BRT classification of the multiple band imagery using ROIs around field observations showed the perfect discrimination. It is expected that the coming WV-3 dataset would be a promising dataset in studying hydrocarbon seep-induced alterations, particularly in places where alterations cover small areas.
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