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1-Introduction

Remote sensing and image processing provide a way to study and identify various phenomena by using
aerial or satellite images. This method collects information without any physical contact between the
sensors and the target on the ground surface, and by examining the reflected electromagnetic radiation from
different minerals (Omali, 2021). Mapping and identifying dolomite, calcite, and other carbonate and
evaporate minerals have been done using imaging sensors such as AVIRIS and high-resolution spectral
measurements. The ASTER sensor is a multispectral sensor with visible near-infrared (VNIR), shortwave
infrared (SWIR), and thermal infrared (TIR) bands. The six SWIR spectral bands in the ASTER sensor
have a ground resolution of 30 meters. The infrared spectroscopy method based on spectral and index
features has been used to determine carbonate rocks' mineral chemistry and composition. Calcite and
dolomite, with specific absorption features, are located in the SWIR range around 2.34-2.33 and 2.54-2.53
micrometers for calcite, and approximately 2.32-2.31 and 2.52-2.52 micrometers for dolomite (Zaini et al.,
2012). The Artificial Neural Networks method is a modern approach for detecting changes after
classification, involving a network with many interconnected processors to classify processes effectively.
Generally, the classification process using neural methods involves training with input data and validation
to assess the success of the initial stage and network accuracy. The Dahuiyeh limestone mine, with a
combination of sedimentary rocks, has not been extensively studied for identification, calculation of
reserves, and purity levels. Therefore, this research aims to identify the presence and abundance of high-
purity calcite in the limestone mass of this region by presenting an artificial neural network based on remote
sensing.

2-Methodology

In this article, we studied the spectral behavior of calcite minerals, and based on the neural network method,
we determined the degree of purity of the Dahuiyeh limestone area. The structure of the human brain
inspires artificial neural networks, which extract patterns and complex relationships from data and detect
hidden patterns in images and data. This method (artificial neural network) in this research has utilized its
automation, deep learning, and complex pattern recognition capabilities. It can improve accuracy and
efficiency in analyzing various remote sensing data and is considered a significant advancement in remote
sensing studies.

3-Results and discussions

The Dahuiyeh Limestone area, which is a part of the Dehaj-Sarduiyeh sedimentary-volcanic belt in the
northwest of Kerman, and based on the information of the 1:100,000 geological map of Zarand, is a part of
the Central Iran zone that is affected by the Kuhbanan strike-slip fault. The geology of this area is a part of
the geology of Zarand and generally consists of two stratigraphic groups that can be identified, including
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Permo-Triass Formations (Red Shale and Shothroi Formations) as well as ancient Palaeogene terraces and
Quaternary alluvial sediments that cover a large part of this area.

Based on field observations, a significant part of the white to light gray Dahuiyeh limestone area is
covered by carbonate rocks of the Shotroi Formation of the Middle Triassic age. Based on lithological
surveys, this carbonate unit includes dolomite and limestone. The dolomite part of the Shotroi Formation
is located in the Red Shale Formation. This section is located at the base of the Espahk Limestone and
includes most of the carbonate rocks in this range. It belongs to the Espahk Member of the Shotroi
Formation. The dolomite rock texture consists of rhombic fine-grained dolomite minerals. Due to the
weathering of the area, large and numerous holes have been created in these rocks.

The general trend of structures in the studied area is northwest-southeast. This direction corresponds to
the dominant direction in the Central Iran Zone. The subduction of the Neotethys oceanic crust under the
subcontinent of Central Iran is the reason for this region's structural and tectonic trends.

This study investigated the Dahuiyeh limestone area based on the neural network method. This method
can detect hidden patterns in images and data using complex patterns and relationships. Neural networks
transfer information from inputs to hidden layers using different layers of neurons, weights, and activation
functions (Bengio, 2009). In these layers, information is processed, and patterns are extracted. Then, the
final inference is made using output layers. Neural networks with automatically adjusting weights and
learning from data have a high accuracy and efficiency in remote sensing (Hinton et al., 2012). In this study,
the spectral absorption patterns of calcite within the defined range for calcite minerals were confirmed after
radiometric and atmospheric corrections were applied to ASTER satellite images. Using ASTER sensor
data in spectral patterns from visible to shortwave infrared waves and based on the neural network method
and laboratory-extracted spectral patterns, a lithological map of the area was obtained, and seven different
lithological classes were identified in the region.

In the studied area, the spectral behavior of rock samples was investigated after performing radiometric
and atmospheric corrections on the Aster satellite images. Studying and observing the spectra of the samples
and comparing them with the spectral behavior of the standard mineral from the spectral library of the
United States Geological Survey (USGS) in a graph shows that the absorption spectrum of this mineral
falls within the range defined for the calcite mineral.

The confusion matrix presented in the neural network method relates to the separation of carbonate
minerals in this area using remote sensing data into seven classes associated with different types of
carbonate minerals (Calcite-1, Calcite-2, Calcite-3, Calcite-4, Dolomite-1, Dolomite-2, and Dolomite-3),
with multiple samples (10 samples for each class) examined. This matrix indicates the number of samples
correctly predicted (main diagonal) and samples incorrectly assigned to other classes (off-diagonal
elements). Based on the matrix, almost all classes are well separated, and the 80% accuracy indicates high
classification efficiency. The results of the chemical analysis of rock samples show more than 99% calcium
carbonate content and very low levels of impurity elements in the limestone section, confirming the high
quality of limestone in this area. The dolomitic section also contains over 80% calcium carbonate. X-ray
diffraction (XRD) spectroscopy results also support the predominance of calcite minerals in the rock
samples of the region, confirming the limestone zone with CaO content above 54% and high-purity calcium
carbonate exceeding 99% in the lower Espahk and Shotori limestone formations.

4-Conclusion

The importance of carbonate sedimentary rocks, specifically calcite and dolomite minerals, in nature and
industry is studied. The Dahuiyeh limestone area in Central Iran is a valuable region with formations
ranging from the Rizu series to sedimentary deposits of the fourth era. The region has been folded due to
Kuhbanan faults, creating the Zarand East anticline. The major carbonate formations in this area belong to
the Shotori Formation, consisting of limestone and dolomite members. Remote sensing studies have shown
that exploring high-purity calcium carbonate deposits in the Dahuiyeh limestone area is crucial. The neural
network method has effectively distinguished high-purity carbonate areas with 80% accuracy. This method
accurately identifies ranges with maximum purity and minimum contamination levels by extracting training
information from field and laboratory data. Using the neural network method on Aster sensor data in the
shortwave infrared range has successfully confirmed the presence of high-purity calcite layers within the
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limestone deposits of the region. These findings have been validated through field studies and chemical
analyses.
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Table 1. Classification of electromagnetic waves in different beam ranges used in spectroscopy or remote sensing.

Spectral domains Abbreviations (m) Wavelength range (ium)
Visible and Near-infrared (VNIR) 15 0.4-1.0
Shortwave infrared (SWIR) 30 1.0-25
Midwave infrared MIR 2.5-6.0
Thermal infrared (TIR) 90 7.5-20
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Fig 1. (a) Geological schematic map of Iran that shows the distribution of important structural-sedimentary units and
igneous plutonic rocks (after Aghanabati, 1991) (taken from Taghizadeh et al., 2014) and (b) Location and access ways

to the study area.
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Fig 4. The location of Dahueiyeh limestone range is shown on the geological map and tectonic structures in the studied
area (taken from Dimitrijevic, 1973). The area boundary is marked by a red square.
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Fig 5. An outcrop of Shotori dolomite and Epahk limestone in the Dahueiyeh area (the view of the photo is towards the
northwest).
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Fig 6. An outcrop of light-colored Dahueiyeh limestone that can be seen on certain parts of the Shotori Formation (the
view of the photo is towards the northeast).
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Fig 7. Veins and coarse calcite crystals inside the limestone unit of the studied area.
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Aster detector.
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Fig 11. (a) SPOT satellite image of the Dahuiyeh limestone area with high resolution to display the study area based on
real colors and (b) Classification of lithologies based on the difference in the pattern of the electromagnetic spectra on
Aster image of the study area. The positions of the 10 selected points on the image are marked with dark stars.
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Fig 12. Approximate separation of different lithological classes of Dahuiyeh limestone has been obtained in the studies
carried out on the Dahuiyeh carbonate area based on the neural network method.
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Table 2. The accuracy matrix for separating seven carbonate units in the study area was calculated to be 80%, and the
kappa coefficient was 0.7.

8 0 1 1 0 0 0 10
1 7 1 1 0 0 0 10
0 0 8 2 0 0 0 10
0 1 2 7 0 0 0 10
0 0 0 0 8 2 0 10
0 0 0 0 2 8 0 10
0 0 0 0 0 0 10 10
9 8 12 11 10 10 10 70
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Table 3. XRF analysis of high-purity carbonate ores from the main ore zone of the studied area.
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Fig 13. The images obtained from XRD analysis of high-purity carbonate ores in the study area prove the existence of a
limestone zone with a CaO content higher than 54% and a calcium carbonate purity of over 99%.
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