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Highlights 

What are the main findings? 

• Tests performed on eleven classification algorithms showed that the Spectral Angle Mapping 

(SAM) algorithm achieved the best results with an accuracy of 85.16% and a Kappa coefficient 

of 0.79. 

• Measurements of changes in land cover revealed increases of +556.83 Ha in water bodies, 

+1729.35 Ha in mining cover, +2.61 Ha in infrastructure, and +1488.15 Ha in bare soil. Losses of 

-2372.49 Ha of soil, -1444.59 Ha of shrubland, and -9.45 Ha of vegetation were also detected. 

What are the implications of the main findings? 

• It is of utmost importance to carefully select the input data, the classification algorithm, the 

training data, and the validation data. 

• It is possible to detect changes in land cover in bodies of water, mining cover, infrastructure, 

bare soil, soil, scrubland and vegetation; using satellite images and classification algorithms in 

mining areas of Mexico. 

Abstract 

Mining generates various alterations to the environment, affecting flora, fauna, morphology, and soil. 

To contribute to solving this problem, this study measured land cover (LC) changes induced by open-

pit mining in Zacatecas, Mexico. Remote sensing techniques were applied using multitemporal 

Landsat 5 and 8 satellite imagery, along with supervised classification, to detect land cover variations. 

Tests performed on eleven classification algorithms showed that the Spectral Angle Mapper (SAM) 

obtained the best results, with an accuracy of 85.16% and a Kappa coefficient of 0.79. Measurements 

of changes in land cover revealed an increase in the surface area of water bodies of +556.83 Ha, in 

mining cover of +1729.35 Ha, in infrastructure of +2.61 Ha, and of bare soil of +1488.15 Ha, and a loss 

of soil of -2372.49 Ha, of scrubland of -1444.59 Ha, and of vegetation of -9.45 Ha. The use of supervised 

classification for multi-temporal satellite imagery allowed for the measurement of alterations to land 

cover. These alterations highlight the need for sustainable management strategies, environmental 

restoration, and the importance of continued monitoring for informed decision-making. It is 

recommended to explore new categories and techniques, such as deep learning, to improve the 

accuracy of land cover classification. 
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1. Introduction 

Mining operations generate alterations to the flora, fauna, morphology, and hydrology, and 

cause soil erosion [1,2]. Mining areas undergo continuous transformation due to excavation, waste 

disposal, and land reclamation [3,4]. Therefore, monitoring Land Cover (LC) in mining regions is of 

utmost importance. An accurate land cover classification facilitates Environmental Impact 

Assessment (EIA), monitoring of Land Use and Land Cover (LULC) changes, planning, rehabilitation 

assessment, and regulatory compliance [5,6]. 

Currently, land cover monitoring is conducted using remote sensing, which is the most efficient 

tool for detecting and quantifying land cover changes over time [7]. Some studies highlight that LC 

change in mining areas reflects long-term human-environment interactions and is a key indicator of 

ecological disturbance and recovery [8,9]. 

Due to the usefulness of LC classification maps in mining areas, numerous studies have been 

conducted worldwide using different methodologies, techniques, and algorithms. For example, some 

researchers have proposed a new time-series LC classification method that uses spectral, temporal, 

and spatial information in three regions of the USA, demonstrating greater classification accuracy, 

both overall and by class, and higher kappa index values [10]. Landsat Image Classification 

Algorithms (LICA) have also been proposed to automatically detect LC information, perform multi-

temporal and multi-sensor analysis using Google Earth Engine (GEE) and cloud processing; in the 

Apulia region (southern Italy) based on the sequential application of two new indices: SwirTirRed 

and the SwiRed index [7]. Other authors have proposed a new carbonate index based on WorldView-

3, using three optimization methods: a genetic algorithm (GA), k-fold cross-validation (CV), and 

particle swarm optimization (PSO), to obtain the optimization parameters of the Support Vector 

Machine (SVM); achieving a significant increase in the overall classification accuracy of fine LC by 

8.40% [11]. In another study, changes in LC related to a coal mine in Bangladesh were assessed using 

remote sensing techniques and geographic information systems (GIS). These studies employed 

temporal Landsat satellite imagery and a supervised classification maximum likelihood matrix with 

an overall accuracy of 70% and a kappa coefficient of 0.60 [12]. Historical impacts of mining activities 

on biophysical surface characteristics have also been evaluated, and predictions of future changes in 

vegetation cover pattern and Land Surface Temperature (LST) have been made using Landsat 

satellite imagery and meteorological data from Iran, Canada, India, and Germany. The homogeneity 

distance classification algorithm (HDCA) and a CA-Markov model were used to predict future LC 

changes [13]. Another study performed a LC classification, estimating surface temperature, soil 

moisture, atmospheric water vapor density, eco-environmental evolution, and cumulative ecological 

effects (CEEs) of mining operations, using remote sensing and mining data in Inner Mongolia, China 

[14]. Fine land cover classification (FLCC) has also been performed in open-pit mining areas using 

convolutional neural networks (CNN) with a multimodal, multi-stream, multi-scale kernel-based 

model and remote sensing data in Wuhan, China [15]. A new CNN model called ResCapsNet has 

been created for LC classification in the city of Wuhan and Xinjiang province, China. obtaining 

average overall accuracies of 98.45% and 82.80% for the Wuhan study area, and 92.82% and 70.88% 

for the Xinjiang study area [16]. The principal component analysis method and the Remote Sensing 

Ecological Index (RSEI), integrated with four indices of greenness, humidity, dryness, and heat, have 

been used to assess and study the ecological disturbance of the mining area [17]. New models for the 

classification of the LC have been proposed using three stages: (1) execution of a multimodal feature 

learning method of three flows and post-melt; (2) integration of deep separable asymmetric 

convolution blocks and (3) use of a bidirectional long-term memory (BiLTM) network to learn 

contextual features across channels more deeply with an overall accuracy of 98.65% ± 0.05% in 

Wuhan, China [18]. Other authors are using the random forest algorithm and cloud processing with 

GEE to achieve time-series LC classification at different scales based on classification sampling points 
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of optical, radar, and digital elevation models (DEMs); with limited overall improvement [19]. 

Landsat satellite image time series have been extracted from GEE to monitor the effects of mining on 

the local forest (LC) around the city of Ouagadougou, Burkina Faso, in West Africa. The LandTrendr 

algorithm and the Normalized Difference Vegetation Index (NDVI) were applied to map annual 

vegetation disturbance and recovery, achieving over 90% accuracy across 257 quarries [20]. Changes 

in the local LULC have been mapped using Landsat imagery, the random forest model, and GEE, 

yielding a classification with an overall accuracy and a kappa coefficient of 82.47% and 0.78, 

respectively [21]. Other authors have obtained accuracies of 92–97% using the same methodology 

[22]. A new Transformer-based semantic segmentation model, called Segmentation for Mine 

(SegMine), has also been proposed, improving the network’s ability to obtain local spatial detail 

information [23]. A methodological framework for mapping open-pit mines in complex areas in 

Shanxi, China, using Landsat and GEE imagery, has been presented. The workflow includes 

preprocessing, classification, and postprocessing, achieving average accuracies of 79.4% for the 

producer and 83.2% for the user [24]. Multitemporal machine learning using Smile Random Forest 

(SRF) and Smile Gradient Tree Boost (SGTB) models has been employed to analyze and predict 

mining-induced LULC changes in Itagunmodi, Osun State, Nigeria, using multitemporal Landsat 

satellite imagery and ancillary data such as DEMs, road networks, and precipitation data, with 

overall accuracies of 82%, 81%, and 85% for 2002, 2016, and 2024, respectively [25]. The growth of 

mining activities in Benguerir, Morocco, has been studied using remote sensing and ancillary data by 

measuring spatiotemporal LULC changes using the maximum likelihood method [26]. Others have 

used small unmanned aerial vehicles (UAVs) equipped with multispectral sensors for LC 

classification and vegetation monitoring [27]. Additionally, the impact of semi-mechanized and 

artisanal mining activities on LC has been assessed using remote sensing data and photogrammetric 

analysis in the locality of Mbale, northern Cameroon. This assessment employed a maximum 

likelihood classification algorithm combined with field studies, based on Sentinel-2 imagery, NDVI, 

Normalized Difference Water Index (NDWI), Brightness Index (BI), and Soil Crust Index (SCI) to 

evaluate changes in vegetation, bare soil, water bodies, and exploited areas [28]. 

As we can see from the background review, many studies have been conducted on land cover 

and land use classification using remote sensing, GIS, and artificial intelligence methodologies. A 

wide range of algorithms and their variations have been used, including Genetic Algorithms, 

LandTrendr, Maximum Likelihood (MLi), Random Forest (RF), Smile Gradient Tree Boost (SGTB), 

Support Vector Machine (SVM), Homogeneity Distance Classification Algorithm (HDCA), OB-SVM 

Classifier, and Graph Segmentation. Various spectral indices have been employed, such as NDVI, 

NDWI, BI, SCI, Carbonate Index, SwirTirRed Index, SwiRed Index, and indices of greenness, 

humidity, dryness, heat, and the RSEI. Satellite image classification has been performed primarily by 

pixels and by objects. Various models and variants of artificial and convolutional neural networks 

have been used. Remote sensing has also been combined with photogrammetry using UAVs and GIS. 

However, monitoring changes in land cover due to mining activities still faces certain 

limitations. One of the most significant limitations is the spatial resolution of some satellite images 

and the lack of detailed information on surface morphology, hindering the detection and mapping of 

artisanal and small-scale mining [27,29]. Other limitations include the fact that time-series 

classification methods for satellite images do not fully utilize the available data to extract the effective 

features that allow for the identification of different land cover types [10]. Tracking the dynamics of 

LULC is difficult in large-scale underground mining areas with wide LULC heterogeneity and a 

history of multiple disturbances [8]; the spectral indices developed are suitable for extracting a 

specific class, but not for fully classifying the study area [7]. One area of opportunity among all the 

research is the scarcity of comparative studies between the different algorithms and techniques for 

LC classification. Therefore, it would be beneficial to develop comparative studies of the different 

methodologies, techniques, and algorithms used. On the other hand, these studies have only been 

carried out in a few countries worldwide, such as West Africa, Austria, Bangladesh, Brazil, 

Cameroon, the Philippines, Italy, Morocco, Nigeria, the USA, and Zambia, with each country 
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accounting for 5% of the studies, while China accounts for 50% of the total research. Therefore, it 

would be beneficial to implement studies of this type in Mexico. 

The main challenges in LC classification in mining areas are mining landscapes present 

classification challenges due to their unique physical characteristics. Some of these characteristics 

include complex three-dimensional terrain that affects lighting and shadows; similarity between 

barren soil, waste piles, and exposed rock; and rapid temporal changes that require frequent 

monitoring. 

Therefore, we have set the general objective of detecting and measuring land cover changes in a 

mining area of Mexico using supervised classification algorithms such as: Binary Encoding (BE), 

Parallelepiped (P), Minimum Distance (MD), MLi, Spectral Angle Mapper (SAM), Decision Tree 

(DT), K-Nearest Neighbours (K-NN), Maximum Entropy (ME), Normal Bayes (NB), RF and SVM, 

and comparing the different algorithms. 

The main contribution of this article is the application of these technologies in Mexico, as similar 

studies have not yet been conducted, and Mexico has significant mining activity. Therefore, it is 

essential to monitor changes in land cover in mining areas. Another contribution of this research is 

the comparison between the different algorithms used, both traditional and machine learning (ML). 

This article is divided into several sections: the introduction describes the problem studied, its 

importance, defines the current state of the research field, states the main objective, and highlights 

the principal contributions of this work. The materials and methods section describe the data and 

instruments used, as well as the methodology applied. The results section presents the experimental 

results and their interpretation. The discussion section discusses the results and how they can be 

interpreted considering previous studies. Finally, the conclusions section makes recommendations 

for future research, analyzes the implications of the research, and explains how the objectives were 

met. 

2. Methodology 

2.1. Study Area 

This research was conducted in a mining region of Mexico, located in the state of Zacatecas, 

municipality of Mazapil. The study area is located between latitudes 24°33’57.57” and 24°42’14.56” 

North, and between longitudes 101°50’45.10” and 101°27’10.32” West (Figure 1) [4,30]. 

 

Figure 1. Location map of the study area (Source: Own creation with maps extracted from [31]). 
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2.2. Methodology 

The present research employed a quantitative approach for land cover variables. The proposed 

methodology is a combination and adaptation of methodologies proposed by [32,33]. The procedure 

was as follows: 

1. Acquisition of satellite images before and after mining activity. 

2. Radiometric and geometric corrections to the images. 

3. Land cover classification using Landsat images with different methods and algorithms. 

4. Evaluation and comparison of various methodologies and algorithms for land cover 

classification in mining areas. 

5. Measurement and quantification of land cover changes in the mining area. 

 

Figure 2. Methodology for the detection and measurement of changes in land cover in a mining area. 

2.2.1. Acquisition of Satellite Images Before and After Mining Activity 

Images from the Landsat 5 satellite (2006) and the Landsat 8 satellite (2025) were obtained to 

document the before and after of the start of large-scale mining activity. These images were 

downloaded from the United States Geological Survey (USGS) website [34]. 

2.2.2. Radiometric and Geometric Corrections to the Images 

The Landsat 5 and 8 satellite images were converted to WGS 84 coordinates and projected onto 

UTM Zone 14 North. Digital Numbers (DN) were converted to Top of Atmospheric reflectance (TOA) 

using the equations recommended by the source [34,35]. The images were then cropped to the extent 

of a window covering the study area. 

2.2.3. Land Cover Classification Using Landsat Images with Different Methods and Algorithms 

To highlight the different land cover types, combinations of Shortwave Infrared 1 (SWIR 1), 

Near-Infrared (NIR), and Red bands were used. This false-color band combination is used for 

vegetation analysis and shows greater differentiation between soil, vegetation, and water bodies [36]. 

Seven categories were chosen to classify LC over the mining area of interest: water, mining cover, 
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infrastructure, soil, shrubland, bare soil, and vegetation. These categories were obtained and adapted 

from [28], and their descriptions are shown in Table 1. 

Table 1. Land Cover Classes in Mining Areas. 

Land Cover Class Description Digital number 

Water Mining stockpiles and bodies of water in general 0 

Mining Cover 
Exposed mining excavations and waste rock, and tailings 

dams. 
1 

Infrastructure Urban, road, and industrial buildings 2 

Soil Natural soil 3 

Shrubland Low-density, low-lying vegetation 4 

Bare Soil Cleared and deforested land due to human activities 5 

Vegetation Areas with dense vegetation 6 

The following supervised image classification methods and algorithms available in SAGA 9.11 

software were also used: BE, P, MD, ML, SAM, DT, K-NN, ME, NB, RF, and SVM. 

The BE algorithm transforms image data and reference spectra into binary codes to perform 

efficient pixel classification. The process includes selecting regions of interest (ROIs), generating 

binary codes for each class, comparing using functions, and assigning based on band matching [37]. 

The P algorithm is a simple and computationally efficient supervised image classification method, 

primarily used in remote sensing. It classifies pixels by defining an n-dimensional box 

(parallelepiped) in the spectral feature space for each class, based on the statistical range of the 

training data [38]. The MD algorithm estimates the Euclidean distance between the pixel being 

studied and the classified pixels, assigning it to the class with the shortest distance between the 

compared pixels [39]. The ML classifier uses statistics for each class in each band, with a normal 

distribution, and calculates the probability that a given pixel belongs to a specific class, assigning it 

to the class with the highest probability [39]. The SAM classifier is a spectral classification based on 

the angles generated by the reflectance differences between two compared pixels, assigning the pixel 

to the classification with the smallest spectral angle [39]. DTs can be used for image classification as 

part of a traditional machine learning process involving the explicit extraction of features or attributes 

[40]. The KNN algorithm is a widely used nonparametric method for classification in pattern 

recognition. The fundamental principle of KNN is that the category of a data point is determined by 

the classification of its K nearest neighbors [41]. The ME algorithm is a probabilistic approach that 

selects from all models consistent with the known data, the one with the highest entropy (i.e., the 

least biased or informative). In remote sensing, it is used to derive class probabilities for each pixel 

(or object) under constraints derived from training data or features [42]. The NB Classifier is a 

supervised learning technique that uses Bayes’ Theorem to assign labels to images based on statistical 

probabilities and can manage correlations between them if the data in each class follows a Gaussian 

distribution [43]. The RF method, proposed by Breiman, is one of the most important machine 

learning methods. RF has the advantages of being suitable for high-dimensional data, which can 

alleviate the influence of the curse of dimensionality; it is very fast because it is implemented in 

parallel; it is effective at handling data with unbalanced class labels or missing values; it is not prone 

to overfitting; it automatically measures the importance of variables; and it can achieve higher 

classification accuracy compared to other classifiers [44]. SVM is a theoretically superior machine 

learning methodology with excellent results in pattern recognition. It is especially useful for the 

supervised classification of high-dimensional datasets and has been shown to compete with the best 

machine learning algorithms [45]. 
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Results 

3.1. Acquisition of Satellite Images Before and After Mining Activity 

Satellite images were obtained from bands one to five and seven of Landsat 5, with a geometric 

resolution of 30m and from band one to seven for the Landsat 8 satellite, with a geometric resolution 

of 30m (Table 2). 

Table 2. Information on the input data used in this research. 

Input data Year Number of Bands 
Pixel  

Resolution 

Sources of 

Information 

Landsat 5 images 2006 1-5 y 7 30m [35] 

Landsat 8 images 2025 1-7 30m [34] 

3.2. Radiometric and Geometric Corrections to the Images 

The satellite images were corrected radiometrically and geometrically. Combinations of bands 

of Shortwave Infrared 1 (SWIR 1), Near-Infrared (NIR), and Red bands were also performed (Figures 

3 and 4). 

 

Figure 3. Combination of bands B5 Shortwave Infrared 1 (SWIR 1), B4 Near Infrared (NIR) and B3 Red, from 

2006 and Landsat 5. 

 

Figure 4. Combination of bands B6 Shortwave Infrared 1 (SWIR 1), B5 Near Infrared (NIR) and B4 Red, from the 

year 2025 and from Landsat 8. 

3.3. Land Cover Classification Using Landsat Images with Different Methods and Algorithms 

To classify the different land cover types, the first step was to perform a supervised pixel-based 

classification of the images. Pixel-based classification involves statistically analyzing the spectral 

values of each pixel, regardless of its position, and assigning them to a category based on their 

similarity to other pixels already classified in each category [46,47]. Regions of interest (ROIs), 

consisting of a set of pixels with similar reflectance, were defined as sampling data to define each 

classification category (Figures 5 and 6). 
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Figure 5. Classified training data from the 2006 Landsat 5 image. 

 

Figure 6. Classified training data of the Landsat 8 image from the year 2025. 

A supervised classification of the 2025 Landsat 8 images was performed using the BE, P, MD, 

ML, SAM, DT, K-NN, ME, NB, RF, and SVM algorithms (Figure 7). Different combinations of spectral 

bands were also used, such as Band 6 (B6), Band 5 (B5), and Band 4 (B4); Bands 1 through 7 (B1-B7); 

and bands one through seven with spectral indices (B1-B7, NDVI, SAVI, and BSI) (Table 3). 

3.4. Evaluation and Comparison of Various Methodologies and Algorithms for Land Cover Classification in 

Mining Areas 

To evaluate the reliability of the land cover classification, the image classified with the SAM 

algorithm was transformed into a vector layer and a visual and manual supervision of 6911 polygons 

was conducted, verifying if it was classified correctly, otherwise the classification was corrected by 

assigning the correct number from zero to six (Figure 8). 

The classic confusion matrix technique was used to evaluate the results, which is the most 

widespread and recognized method for evaluating classification and change results by the scientific 

community [48–50]. The confusion matrix yielded the overall accuracy and Kappa coefficient for each 

classification method used (Table 3). 

Table 3. Overall accuracy and Kappa coefficient for each classification method used. 

 
B1-B7, NDVI, SAVI 

and BSI  
B1-B7 B6, B5 y B4  

Method or algorithm 
Overall 

Accuracy 
Kappa 

Overall 

Accuracy 
Kappa 

Overall 

Accuracy 
Kappa 

Decision Tree 0.5685 0.4288 0.5287 0.3583 0.5503 0.4089 

K-Nearest Neighbours 0.5847 0.4486 0.6158 0.4710 0.6222 0.4981 

Maximum Entropy 0.4938 0.2993 0.6150 0.4701 0.6213 0.4971 

Normal Bayes 0.4603 0.3274 0.3814 0.2691 0.5477 0.4314 

Random Forest 0.5940 0.4472 0.5835 0.4240 0.5874 0.4478 

Support Vector Machine 

[Polynomial] 
0.6883 0.5360 0.6724 0.5125 0.6620 0.4933 
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Binary Encoding 0.6749 0.5684 0.2769 0.1698 0.1917 -0.0181 

Parallelepiped 0.4421 0.3092 0.4028 0.2365 0.2681 0.0996 

Minimum Distance 0.6214 0.4749 0.4906 0.3259 0.4504 0.2695 

Maximum Likelihood 0.4431 0.3160 0.3814 0.2691 0.5477 0.4314 

Spectral Angle Mapping 0.6880 0.5815 0.6822 0.5673 0.8516 0.7928 

 

Figure 7. a) Supervised classification using the SVM method. b) Supervised classification using the RF method. 

c) Supervised classification using the NB method. d) Supervised classification using the ME method. e) 

Supervised classification using the K-NN method. f) Supervised classification using the DT method. g) 

Supervised classification using the SAM algorithm. h) Supervised classification using the MD algorithm. i) 

Supervised classification using the ML algorithm. j) Supervised classification using the P algorithm. k) 

Supervised classification using the BE algorithm. 
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Figure 8. Classified and reviewed polygons for the validation of the generated classification maps. 

After evaluating eleven supervised classification methods or algorithms using the confusion 

matrix and their overall accuracy, we observed that the most accurate algorithm was SAM, with an 

overall accuracy of 85.16% and a “Kappa” coefficient of 0.79 (Table 3). However, this overall accuracy 

varies for each classification category, as can be seen in the confusion matrix of supervised 

classification with the SAM algorithm for the year 2025 (Table 4). 

Table 4. Confusion matrix of land cover classification for the year 2025. 

Category 0 1 2 3 4 5 6 
User’s 

Total 

User 

accuracy 

0 2668 3447 11 3 2 56 0 6187 43.12% 

1 123 18410 647 9 11 14 1 19215 95.81% 

2 9 4763 2665 30 154 630 48 8299 32.11% 

3 3 1121 4 29204 2107 34 2 32475 89.93% 

4 0 535 1 19 68196 62 0 68813 99.10% 

5 25 2084 803 1348 3745 8834 952 17791 49.65% 

6 0 0 2 30 377 2 3293 3704 88.90% 

Producer’s 

Sum 
2828 30360 4133 30643 74592 9632 4296 156484  

Producer 

Accuracy 
94.34 60.64 64.48 95.30 91.43 91.72 76.65  85.16% 

3.5. Measurement and Quantification of Changes in Land Cover over the Mining Area 

The measurement and quantification of changes in LC was conducted by subtracting the area 

difference between the 2006 map and the 2025 map. The maps used were generated with the SAM 

algorithm, as they demonstrated the best results (Figures 9 and 10). 

 

Figure 9. Supervised classification of LC with the SAM classifier in 2025. 
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After evaluating which algorithm or methodology yielded the best results, the land cover 

classification map for the year 2006 was obtained (Figure 10). 

 

Figure 10. Supervised classification of LC with the SAM classifier in 2006. 

After classifying the images and validating the data obtained, the number of pixels for each LC 

category was quantified (Table 5). 

Table 5. Number of pixels classified for each LC category. 

Type of Land Cover 
2006  

(Number of Pixels) 

2025  

(Number of Pixels) 

Water  6187 

Mining Cover  19215 

Infrastructure 7719 8299 

Soil 58836 32475 

Shrubland 84864 68813 

Bare Soil 1256 17791 

Vegetation 3809 3704 

Total 156484 156484 

Next, the coverage areas for each category were calculated by multiplying the area of each pixel 

by the total number of pixels in each category. The area difference between 2006 and 2025 was also 

calculated. This allows us to estimate the increases or decreases in area for each category (Table 6). 

Table 6. Land cover areas for the years 2006, 2025 and their differences. 

Type of Land Cover 
2006  

Area (Ha) 

2025  

Area (Ha) 

2006-2025 

Area (Ha) 

Water  556.83 556.83 

Mining Cover  1729.35 1729.35 

Infrastructure 694.71 746.91 52.2 

Soil 5295.24 2922.75 -2372.49 

Shrubland 7637.76 6193.17 -1444.59 

Bare Soil 113.04 1601.19 1488.15 

Vegetation 342.81 333.36 -9.45 

Total 14083.56 14083.56  

From Table 6 we can observe that the total changes in LC from 2006 to 2025 had an increase in 

water bodies of 556.83 Ha, mining cover increased to 1729.35 Ha, infrastructure increased by 52.20 

Ha, soil had a loss of -2372.49 Ha, scrubland had a loss of -1444.59 Ha, bare soil had an increase of 

1488.15 Ha and vegetation had a loss of -9.45 Ha. 
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4. Discussion 

Detecting changes in LULC using satellite imagery is a technique that has been widely used in 

various research studies [51–54]. Landsat satellite imagery offers a temporal monitoring tool for over 

50 years, with data available every 14 days, to track changes in LC [36]. Furthermore, different indices 

(NDVI, SAVI, BSI, among others [55]) and various band combinations in satellite imagery allow for 

highlighting specific land features. These indices and band combinations are used for monitoring 

vegetation health, deforestation, changes in soil and water bodies [36]. For this reason, this research 

used Landsat multi-temporal images due to their extensive temporal coverage for detecting changes 

in LC. 

After conducting numerous tests with different combinations of information and algorithms, we 

observed that, in image classification, the proposed classification categories and training data are 

crucial for LC classification. If appropriate training data and classification categories are not selected, 

confusion can arise with the classification algorithms, increasing the classification error. We also 

observed different LC types with similar reflectance, leading to classification errors. For example, 

water categories were confused with the shadows of excavations, bare soil was confused with certain 

types of infrastructure with similar reflectance, and rock outcrops of the Earth’s crust were confused 

with industrial and road infrastructure (Figure 7). This behavior has been reported in complex mining 

landscapes, where spectral heterogeneity and terrain geometry increase ambiguity in classification 

[5]. 

The algorithm that achieved the best results with bands B6, B5, and B4 was SAM, with an overall 

accuracy of 85.16%. With bands B1 through B7, the algorithm with the best results was SVM 

(Polynomial) with 67.24% accuracy, and for the combined bands and indices B1-B7, NDVI, SAVI, and 

BSI, the algorithm with the best results was SVM (Polynomial) with 68.83% accuracy (Table 3). Other 

authors have found similar accuracies, but with different algorithms and methodologies. For 

example, Isidro et al. (2017) obtained between 87% and 89% overall accuracy with an OB-SVM 

classifier in a large-scale mine in Didipio, Philippines, using Pleiades and SPOT images [29]. 

Similarly, Mi et al. (2019) obtained an accuracy between 81.92% and 86.6% for LULC changes in the 

Nanjiao mining area, Shanxi Province, China, between 1987 and 2017 using RF classifiers and 

continuous Landsat imagery, applying a Savitzky-Golay filter and an NDVI-based approach [8]. 

Therefore, it is confirmed that the selection of the optimal algorithm depends strongly on the type of 

landscape, the data resolution, and the training strategy. In particular, the good performance of the 

SAM algorithm in this study can be attributed to its ability to discriminate spectral differences in 

heterogeneous materials, such as those found in mining areas, where mixtures of minerals, exposed 

soils, and disturbed surfaces predominate [11]. 

As we can see from Table 3, including more input data as spectral indices does not always 

improve the results. This may be due to the introduction of redundancy or noise in the data, which 

negatively affects the performance of some classification algorithms. This behavior has been reported 

in studies where increasing the number of variables without proper selection can reduce the 

predictive capacity of the models [56–59]. 

From an environmental perspective, the changes detected in LC between 2006 and 2025 reflect a 

significant landscape transformation associated with mining activity. The increase in mining cover 

(+1729.35 Ha) and bare soil (+1488.15 Ha) suggests an active expansion of mining areas, as well as the 

removal of vegetation cover and direct exposure of the soil. This type of change increases 

susceptibility to erosion processes and promotes the dispersion of fine particles into the atmosphere 

and water bodies, which has been linked to the transport of heavy metals in mining areas [1]. 

Likewise, the increase in water bodies (+556.83 Ha) could be associated with the formation of tailings 

dams or artificial water accumulations, which implies modifications to the local hydrology and 

potential contamination risks. 

On the other hand, the loss of soil (-2372.49 Ha), scrubland (-1444.59 Ha), and vegetation (-9.45 

Ha) demonstrates a reduction in natural cover, which can have significant implications for 

biodiversity, soil stability, and ecosystem services. The decrease in vegetation reduces carbon 
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sequestration capacity, alters hydrological cycles, and diminishes the ecosystem’s resilience to 

disturbances [2]. Furthermore, the increase in bare surfaces in arid areas, such as Zacatecas, can favor 

the emission of particulate matter, which represents a potential risk to human health and air quality, 

especially in regions close to human settlements. 

From the evaluation of the reliability of the obtained data, we can observe that different user 

accuracy percentages were obtained for each category. For example, for Water it was 43.12%, Mining 

cover 95.81%, Infrastructure 32.11%, Soil 89.93%, Soil with scrubland 99.10%, Bare soil 49.65% and 

Vegetation 88.90% (Table 4). The low accuracy in categories such as water and infrastructure reflects 

the difficulty of discriminating spectrally similar classes in mining environments, suggesting the need 

to incorporate auxiliary data or more advanced techniques, such as object-oriented classification or 

deep learning. 

Finally, it is important to note some limitations of the study. The spatial resolution of Landsat 

images (30 m) can generate spectral mixing problems in heterogeneous areas, affecting classification 

accuracy. Likewise, the validation process based on visual supervision can introduce a degree of 

subjectivity. The lack of field data limits independent validation of the results. Therefore, future 

research should consider using higher-resolution imagery (e.g., Sentinel-2 or UAVs), as well as 

integrating in-situ data to improve the accuracy and robustness of the models. Furthermore, 

incorporating deep learning approaches could allow for better discrimination of complex classes in 

dynamic mining landscapes. 

5. Conclusions 

As the results show, it was possible to remotely monitor LC changes in a mining area. Pixel-

supervised classification using different algorithms effectively differentiated LC types in the mining 

zone. Changes were detected over the 19 years analyzed in the following categories: Water bodies, 

mining cover, infrastructure, soil, scrubland, bare soil, and vegetation. Among the classifiers 

evaluated, the SAM method proved to be the most accurate in identifying changes related to mining 

activity, demonstrating its ability to discriminate spectral signatures in highly heterogeneous 

environments such as mining landscapes. 

The methodology used to assess data reliability proved effective, achieving an overall accuracy 

of 85.16% and a Kappa coefficient of 0.79 with the SAM algorithm. These results reflect that the visual 

supervision process and the application of the confusion matrix are robust tools for validating the 

generated classes and ensuring the quality of the information obtained. Thus, it is ensured that 

decisions based on this data have reliable and adequate scientific backing for future analyses and 

applications. Furthermore, the systematic comparison of eleven algorithms constitutes a significant 

contribution, as it allows for the identification of optimal configurations for LC classification in 

mining contexts in Mexico, where this type of study is still limited. 

The analysis of satellite images reveals significant changes in LC between 2006 and 2025. The 

increase in bodies of water and the expansion of mining cover and infrastructure reflect a major 

landscape transformation, primarily associated with the intensification of extractive activities. In 

particular, the increase in bare soil and mining areas indicates processes of vegetation removal and 

soil exposure, which increases susceptibility to erosion and particle dispersion. On the other hand, 

the loss of soil, scrubland, and vegetation indicates a reduction in natural ecosystems, which can have 

significant environmental implications such as decreased biodiversity, disruption of hydrological 

cycles, and degradation of ecosystem services. Taking together, these changes reflect cumulative 

environmental pressure that could intensify in the absence of appropriate management strategies. 

From an applied perspective, the results obtained demonstrate the potential of remote sensing 

and machine learning as key tools for environmental monitoring in mining areas. This information 

can be used to support environmental impact assessment processes, land-use planning, monitoring 

of mining concessions, and the design of ecological restoration strategies. In this way, the systematic 

monitoring of land cover is positioned as a fundamental input for informed decision-making and the 

development of public policies oriented toward sustainability. 
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Future research could improve the definition of the categories by observing the results and 

conducting tests with other, more detailed classifications. To improve the accuracy of LC 

classification, it is recommended to include other sources of information, such as higher spatial 

resolution images (e.g., Sentinel-2 or UAVs), as well as auxiliary variables (topography, climate, or 

in-situ data). Furthermore, the incorporation of advanced techniques such as deep learning could 

allow for better discrimination of complex and dynamic LC classes in mining environments. 

The use of supervised classification and satellite image analysis enabled the precise identification 

and quantification of LC changes in a mining area over nearly two decades. The reliability of the data 

and the methodological rigor support the validity of the results, demonstrating the transformation of 

the landscape and the decline of natural ecosystems. These findings underscore the urgency of 

adopting sustainable management measures, ecological restoration, and continuous monitoring. In 

this sense, the proposed approach not only contributes to methodological advancements in LC 

classification but also represents a strategic tool for assessing and mitigating the environmental 

impacts of mining activity, promoting a balance between resource use and environmental 

conservation. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

LC Land Cover 

SAM Spectral Angle Mapper 

EIA Environmental Impact Assessment 

LULC Land Use and Land Cover 

LICA Landsat Image Classification Algorithms 

GEE Google Earth Engine 

GA Genetic Algorithm 

CV Cross-Validation 

PSO Particle Swarm Optimization 

SVM Support Vector Machine 

GIS Geographic Information Systems 

LST Land Surface Temperature 

HDCA homogeneity distance classification algorithm  

CEEs Cumulative Ecological Effects 

FLCC Fine Land Cover Classification 

CNN Convolutional Neural Network 

RSEI Remote Sensing Ecological Index 

BiLTM Bidirectional Long-Term Memory 

DEMs Digital Elevation Models 

NDVI Normalized Difference Vegetation Index 
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SRF Smile Random Forest 

SGTB Smile Gradient Tree Boost 

UAVs Unmanned Aerial Vehicles 

NDWI Normalized Difference Water Index 

BI Brightness Index 

SCI Soil Crust Index 

BE Binary Encoding 

P Parallelepiped 

MD Minimum Distance  

MLi Maximum Likely-hood 

DT Decision Tree 

K-NN K-Nearest Neighbours 

ME Maximum Entropy 

NB Normal Bayes 

RF Random Forest 

ML Machine Learning 

USGS United States Geological Survey 

DN Digital Numbers 

TOA Top of Atmospheric reflectance 

SWIR 1 Shortwave Infrared 1 

NIR Near-Infrared 

ROIs Regions Of Interest 
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