
Volume 10 Issue 1 (2026)	 11� https://doi.org/10.6977/IJoSI.202602_10(1).0002

ARTICLE

Identifying mineral potentials related to 
geological structures using deep learning

Hadi Shahraki1*     , and Mohsen Jami2

1Department of Computer Engineering, Faculty of Industry and Mining, University of Sistan and 
Baluchestan, Khash, Sistan and Baluchestan, Iran
2Department of Mining, Faculty of Industry and Mining, University of Sistan and Baluchestan, Khash, 
Sistan and Baluchestan, Iran

Abstract
Artificial intelligence is increasingly being used as a powerful tool in various 
industries, including earth sciences. Geological structures play an undeniable role in 
the formation of mineral potentials. Investigating these structures relies on satellite 
imagery, together with expert interpretation, which can be a time-consuming 
process. Artificial intelligence can serve as a valuable tool to expedite this process 
and enhance the accuracy of mineral potential identification. This article presents 
a new model based on deep neural networks for identifying mineral potentials. 
The unique feature of the proposed method is the incorporation of morphological 
data alongside multispectral data to identify mineral potentials. To evaluate the 
effectiveness of the proposed method, advanced spaceborne thermal emission and 
reflection radiometer satellite images from a region in the southeast of Iran were 
utilized. The results demonstrate an improvement in the accuracy of the proposed 
method compared to similar approaches.
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1. Introduction
Today, artificial intelligence, as a new technology, plays an important role in industries. 
Artificial intelligence can help improve processes and decisions by analyzing data to 
extract patterns and relationships that support decision-making. This can lead to an 
increase in productivity in various industries. Therefore, the use of artificial intelligence 
in various applications such as medicine (Chen et al., 2022), Internet of Things (Zhou et 
al., 2023), robotics (Soori et al., 2023), weather forecasting (Bochenek & Ustrnul, 2022), 
and intelligent vehicle systems (Suhaib et al., 2022) has grown significantly.

Artificial intelligence algorithms can also be used in geological and mineral mapping 
using multispectral satellite images (Shirmard, Farahbakhsh, Müller, et al., 2022). Oneof 
the most important advantages of using artificial intelligence in the preparation of 
geological maps is enhanced accuracy and speed of mapping (Sun et al., 2019), which 
has stimulated increased research in this area. Various algorithms have been used in 
geological and mineral mapping, including random forest (Kuhn et al., 2018; Radford 
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et al., 2018) support vector machine (SVM) (Cardoso-
Fernandes et al., 2020; Othman & Gloaguen, 2014), 
and neural networks (Latifovic et al., 2018; Shirmard, 
Farahbakhsh, Heidari, et al., 2022).

The SVM is one of the most widely used algorithms in 
the preparation of geological maps (Cardoso-Fernandes 
et al., 2020; Othman & Gloaguen, 2014). Li et al. (2004) 
previously presented an automatic lithology classification 
method using advanced spaceborne thermal emission and 
reflection radiometer (ASTER) images using an SVM. 
Additionally, Bachri et al. (2019) reported a lithology 
classification method using this algorithm. Moreover, 
Bachri et al. (2019) and Cracknell & Reading (2014) 
compared different types of machine learning methods in 
the preparation of geological maps.

Neural networks are another widely used algorithm 
in the preparation of geological maps. Rigol-Sanchez et 
al. (2003) employed a neural network model to identify 
mineral potentials of gold in various areas in the southeast 
of Spain. Sergi et al. (1995) used neural networks to classify 
Landsat multispectral images. Moreover, Otele et al. (2021) 
used neural networks to prepare lithology maps.

The strong performance of deep learning or deep 
neural networks in various applications has led to the use 
of these methods in remote sensing processes (Ma et al., 
2019). Additionally, deep learning algorithms have been 
used in the preparation of geological maps. Latifovic et 
al. (2018) utilized deep neural networks to accelerate the 
production of geological maps and increase their accuracy. 
Shirmard, Farahbakhsh, Heidari, et al. (2022) compared 
the performance of convolutional neural networks (CNNs) 
and SVMs, demonstrating that CNNs produce superior 
results compared to other methods.

In this study, a new deep learning method to 
identify mineral potentials is presented. Considering 
the importance of morphological data along with the 
multispectral data to identify mineral potentials, both 
types of data are used in the proposed method. For this 
purpose, the important features are first extracted from the 
morphological data and then used with the multispectral 
data to identify mineral potentials. The organization of 
this article is as follows: Section 2 introduces the proposed 
algorithm. Experimental results are reported in Section 3, 
and finally, Section 4 concludes the paper. 

2. Methodology
In the proposed algorithm, prediction was made based on 
two categories of data: information related to multispectral 
data and morphological data.

A multispectral image is a collection of several image 

layers of an area, each of which is obtained in a specific 
wavelength band. For example, the ASTER satellite has 
the ability to create images with 14 different bands, in 
which nine are optical, and the rest are thermal. Six out 
of nine light bands produced by the ASTER satellite are 
called short-wave bands, and three other bands are visible. 
Multispectral data describe a feature vector for a pixel in a 
multispectral image. In geology, multispectral data can be 
used to identify different types of rocks and minerals based 
on their unique spectral signatures. This information can 
be used to identify areas of interest for mineral exploration 
and to map the distribution of minerals.

Petrological and morphological information are used by 
an expert to identify mineral potentials in remote sensing. 
Morphological data could provide information about the 
surface of the Earth, focusing on its terrain, elevation, and 
structural features. In this study, a band of multispectral 
satellite images is considered as a simple morphological 
snapshot of the Earth’s surface.

Considering the importance of morphological and 
multispectral data, both were used in the proposed 
algorithm to identify mineral potentials. Because the 
morphological input is higher-dimensional than the 
multispectral data, the important features in the image 
containing the morphological data were first extracted. 
Subsequently, the extracted morphological features along 
with the multispectral data were combined and classified. 
In the proposed method, these steps were implemented 
using deep learning algorithms.

A multilayer perceptron (MLP) neural network, one of 
the most popular deep neural networks, consists of several 
layers, such as the input layer, the output layer, and the 
hidden layers. In the proposed method, this model was 
used for data classification.

Convolutional neural networks are also among the 
most commonly used models in deep learning methods, 
designed for processing grid-like data, such as images. The 
neurons in convolutional networks employ convolution 
operations on the input data. Convolution operations apply 
filters to input data to extract features from it. This can lead 
to the recognition of local patterns in the images, which 
can be used to recognize patterns and identify targets 
in the images. CNNs have been widely used in different 
applications. For this purpose, different models of these 
neural networks have been introduced, the most important 
of which are LeNet-5, AlexNet, VGGNet, ResNet, and 
convolutional self-encoder networks.

Convolutional autoencoder networks are deep learning 
models based on convolutional networks, which have 
attracted considerable attention in recent years due to their 
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ability to extract features from high-dimensional data, such 
as images. Convolutional autoencoder networks consist of 
two main components: an encoder and a decoder. In the 
first part of these networks, there is an encoder, which is 
responsible for compressing the input data, or in other 
words, extracting features from the input, while in the 
decoder part, the original input is reconstructed using the 
extracted features. In the proposed method, a convolutional 
autoencoder network was used to extract features from the 
morphological data.

In the proposed algorithm, to access the morphological 
data of each pixel, a neighborhood image with 
dimensions of 36 × 36 pixels was considered. To reduce 
the dimensions and extract important features from the 
image, a convolutional encoder was used. The details of 
the convolutional autoencoder network in the proposed 
algorithm are presented in Table 1. In the proposed 
algorithm, after training the encoder network, the encoder 
part was used to extract the features of the images. By using 
the convolutional encoder, the morphological data were 
reduced to 200 features. Then, the extracted morphological 
features along with the multispectral data for that pixel 
were put together and classified by an MLP network. In the 
output of the MLP network, each pixel was assigned to one 
of the desired classes. The parameters of the MLP network 
in the proposed algorithm are listed in Table 2. The general 
structure of the proposed algorithm is presented in Figure 
1. 

3. Results
In this study, multispectral satellite images of ASTER 
were used for mineral potential mapping. These images, 
presented in Shirmard, Farahbakhsh, Heidari, et al. (2022), 
are related to an area in the southeast of Iran, near Mirjaveh 
city, within the Sistan and Baluchestan province, with an 
area of about 66 km2. The dimensions of the image are 513 
× 577 pixels, with each pixel containing 225 m2. In this 

image, nine different classes were considered, as shown in 
Figure 2. The details of this satellite image are mentioned 
in the study by Shirmard, Farahbakhsh, Heidari, et al. 
(2022). The pixels related to the nine classes were randomly 
divided into two parts: training and testing. A total of 70% 
of the pixels were considered as the training data and 30% 
as the test data. The training data were used in the learning 
process of the algorithms, which were then evaluated using 
the test data.

To clearly evaluate the performance of the proposed 
algorithm, it was compared with a conventional CNN 
model, which is one of the standard deep learning 
approaches widely used for lithological mapping. In 
addition, the results were also compared with two 
reference methods: the SVM, representing a traditional 
machine learning approach, and the MLP, representing a 
simple neural network model. This comparison followed 
the evaluation framework presented in Shirmard, 
Farahbakhsh, Heidari, et al. (2022). The distinctive 
advantage of the proposed model compared with the 
CNN approach lies in its ability to combine morphological 
features, extracted via a convolutional autoencoder, with 
multispectral information, allowing the network to capture 
both spectral and structural patterns.

We compared the proposed method with SVM, MLP, 
and CNN baselines reported by Shirmard, Farahbakhsh, 
Heidari, et al. (2022). 

The results were compared using the overlap ratio of 
the sets (IOU), considering accuracy. The IOU criterion 
obtains the degree of overlap between the real pixels and 
the pixels predicted by the algorithms for class c, and 
calculates the accuracy of the percentage of pixels that are 
correctly segmented compared to the total pixels. These 
criteria are calculated as follows using Equations (1) and 
(2):

Figure 1. Outline of the proposed algorithm
Abbreviation: MLP: Multilayer perceptron.

https://doi.org/10.6977/IJoSI.202602_10(1).0002


International Journal of  International Journal of  
Systematic InnovationSystematic Innovation

Mineral potential mapping using deep learning

Volume 10 Issue 1 (2026)	 14� https://doi.org/10.6977/IJoSI.202602_10(1).0002

Figure 3 shows the result of the proposed algorithm. 
The proposed algorithm was able to identify the mineral 
potentials presented in Figure 2 with high accuracy. 
Quantitative results obtained from the performance of the 
proposed algorithm, including IOU and accuracy criteria, 
are shown in Tables 3–5. Table 3 shows the accuracy value 
of different algorithms for the testing and training data. The 
proposed algorithm achieved the highest level of accuracy 
among the considered algorithms. Using the test data, the 
model achieved an accuracy 1.1 percentage points higher 
than that of the CNN algorithm.

For a more detailed comparison, the results of the IOU 
of different classes are shown in Tables 4 and 5. According 

to the results, the proposed algorithm exhibited superior 
performance to other algorithms. The proposed algorithm 
achieved its best performance in identifying class 8, with 
an IOU of 0.99 on the test data, significantly outperforming 
other comparable methods.

The obtained results demonstrate that integrating 
morphological and multispectral information significantly 
improved the accuracy of identifying mineral potential 
zones. This integration is crucial for practical mineral 
exploration applications, where field data acquisition is 
often time-consuming and expensive.

The proposed method can serve as an efficient tool for 
the preliminary identification of promising areas based on 

Table 1. Details of the convolutional autoencoder network

Activation function Window size Number of filters Type Layer

ReLU 3 × 3 16 Conv2D 1

- 2 × 2 - Max pooling 2D 2

ReLU 3 × 3 8 Conv2D 3

- 2 × 2 - Max pooling 2D 4

ReLU 3 × 3 8 Conv2D 5

- 2 × 2 - Max pooling 2D 6

ReLU 3 × 3 8 Conv2D 7
- 2 × 2 - UpSampling2D 8
ReLU 3 × 3 8 Conv2D 9
- 2 × 2 - UpSampling2D 10
ReLU 3 × 3 16 Conv2D 11
- 2 × 2 - UpSampling2D 12
Sigmoid 3 × 3 1 Conv2D 13

Abbreviations: 2D: Two-dimensional; Conv: Convolutional; ReLU: Rectified linear unit. 

Table 2. Hyperparameters of the multilayer perceptron neural network

Value Hyperparameter

Rectified linear unit Activation function

Adaptive moment estimation Optimizer 

15 Number of hidden layers

100 Number of hidden neurons

400 Epochs

Accuracy = The number of correct pixels/Total number of pixels	 (1)
IOU (c) = The number of pixels in the overlap area/The number of pixels in the union area	 (2)
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Figure 2. ASTER multispectral imagery and lithological information used for mineral potential analysis in the study area near Mirjaveh, southeastern Iran. 
(A) Satellite image related to the region in the southeast of Iran, along with the (B) mineral potentials in it. Images adapted from Shirmard, Farahbakhsh, 
Heidari, et al. (2022).

Figure 3. The result obtained using the proposed method to identify mineral potentials in Figure 2

A B
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satellite imagery, helping geologists concentrate their field 
investigations on the most prospective zones and thereby 
reducing both cost and time.

Moreover, the morphological feature extraction module, 
which captures structural and terrain characteristics of 
the Earth’s surface, can be reused across different mineral 
exploration projects, as morphological patterns are not 
specific to any single mineral type. Consequently, for the 
exploration of other minerals or new geographic regions, 
only the multispectral data component of the model 
requires retraining using the new spectral datasets, while 
the morphological extractor can remain unchanged. This 
design makes the approach versatile and easily adaptable 
to various remote sensing-based geological mapping tasks.

4. Conclusion
This study presented a new method based on deep learning 

to identify mineral potentials and create lithology maps. The 
special feature of this algorithm is the use of morphological 
data in addition to the multispectral data. To use the 
morphological data, the features related to the neighboring 
image of each pixel were first extracted by an auto-encoder 
model, and then analyzed by an MLP neural network along 
with the multispectral data. The results obtained from the 
proposed algorithm were compared with those of three 
similar methods and outperformed the baseline methods. 
Future extensions could include uncertainty evaluation 
and testing the model across different geological regions to 
further assess its robustness and generalization capability.
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Table 3.  Comparison of the accuracy obtained from different methods

Proposed method Convolutional neural network Multilayer perceptron Support vector machine Data
99.4 98.2 96 94.6 Train
99.1 98 95.7 94.4 Test

Table 4.  Comparison of the overlap ratio of the set values for different classes on the training data

Proposed method Convolutional neural 
network Multilayer perceptron Support vector machine Class

1.00 1.00 1.00 1.00 Class 1
0.99 0.99 0.94 0.93 Class 2
0.99 0.90 0.95 0.89 Class 3
0.99 0.96 0.92 0.90 Class 4

0.99 0.97 0.91 0.90 Class 5

0.97 0.94 0.88 0.84 Class 6

1.00 1.00 0.99 0.99 Class 7

0.99 0.77 0.79 0.60 Class 8
0.99 0.96 0.92 0.84 Class 9
0.99 0.94 0.92 0.87 Average

Table 5. Comparison of the overlap ratio of the set values for different classes on the test data

Proposed method Convolutional neural 
network Multilayer perceptron Support vector 

machine Class

0.99 1.00 0.99 0.99 Class 1
0.99 0.99 0.95 0.94 Class 2
0.95 0.85 0.97 0.90 Class 3
0.99 0.97 0.91 0.89 Class 4
0.98 0.97 0.91 0.89 Class 5
0.96 0.93 0.87 0.82 Class 6
0.99 1.00 0.99 1.00 Class 7
0.99 0.73 0.74 0.57 Class 8
0.99 0.97 0.91 0.83 Class 9
0.99 0.94 0.87 0.92 Average
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