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Abstract- The identification of minerals plays a significant 

role in geology, mining, environmental science, and 

industrial applications. Conventional mineral 

identification methods rely on laboratory testing and expert 

analysis, which are often time-consuming, expensive, and 

require specialized equipment. Recent advances in 

artificial intelligence and machine learning have 

introduced automated techniques capable of identifying 

minerals with high accuracy by analyzing their physical, 

chemical, and spectral characteristics. This paper presents 

a machine learning-based framework for mineral 

identification using supervised learning algorithms. The 

proposed approach involves data preprocessing, feature 

engineering, model training, performance evaluation, and 

prediction. Various algorithms, including Decision Tree, 

Random Forest, Support Vector Machine (SVM), K-

Nearest Neighbors (KNN), and Artificial Neural Networks 

(ANN), are compared based on classification accuracy and 

computational efficiency. The study demonstrates that 

ensemble learning methods provide superior classification 

performance while maintaining robustness against noisy 

data. The proposed framework can assist geologists and 

mining industries in achieving faster and more reliable 

mineral classification. 
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I. INTRODUCTION 

 

Minerals are naturally occurring inorganic substances 

that form the building blocks of rocks and the Earth's 

crust. Accurate mineral identification is fundamental 

in geological mapping, mining exploration, 

environmental monitoring, and material science. 

Traditionally, mineral identification depends on visual 

inspection, hardness tests, streak analysis, chemical 

composition analysis, and spectroscopic techniques 

such as X-ray diffraction (XRD) and Raman 

spectroscopy. 

 

Although these methods produce reliable results, they 

often require expensive laboratory infrastructure, 

trained professionals, and considerable processing 

time. With the increasing availability of mineral 

datasets and computational resources, machine 

learning has emerged as an effective solution for 

automating mineral classification. 

 

Machine learning enables computers to learn 

relationships between mineral properties and mineral 

classes from historical data. Once trained, the model 

can identify unknown minerals rapidly and accurately 

without manual intervention. 

 

This research investigates different machine learning 

algorithms for mineral identification and evaluates 

their effectiveness using standard classification 

metrics. 

 

II. LITERATURE REVIEW 

 

Several researchers have explored the application of 

machine learning in geological sciences. 

 

Early studies primarily relied on image processing and 

spectral analysis for mineral classification. Later, 

supervised machine learning techniques became 

popular due to their ability to handle multidimensional 

datasets. 

 

Decision Trees have been widely used because of their 

interpretability. Random Forest improves 

classification accuracy by combining multiple 

decision trees and reducing overfitting. 

 

Support Vector Machines have shown excellent 

performance in high-dimensional spectral datasets, 

whereas K-Nearest Neighbors performs well on 

relatively small datasets with clear class separation. 
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Recent studies have incorporated deep learning 

models such as Convolutional Neural Networks 

(CNNs) for mineral image recognition. However, deep 

learning requires large datasets and high 

computational resources. 

 

The literature suggests that ensemble algorithms 

generally achieve higher classification accuracy while 

maintaining stability across diverse datasets. 

 

III. PROBLEM STATEMENT 

 

Conventional mineral identification techniques have 

several limitations: 

• Dependence on laboratory instruments  

• High operational costs  

• Longer analysis time  

• Requirement of geological expertise  

• Human interpretation errors  

 

Therefore, there is a need for an automated system 

capable of accurately identifying minerals using 

machine learning techniques. 

 

IV. OBJECTIVES 

 

The objectives of this study are: 

• Develop a machine learning framework for 

mineral identification.  

• Compare multiple classification algorithms.  

• Evaluate model performance using standard 

metrics.  

• Identify the most suitable algorithm for mineral 

classification.  

• Reduce identification time while maintaining high 

accuracy. 

 

V. DATASET 

 

The dataset contains mineral samples characterized 

using physical and chemical properties. 

 

Typical features include: 

Feature Description 

Hardness Mohs hardness scale 

Density Specific gravity 

Color Index Numerical encoding 

Luster Surface appearance 

Streak Powder color 

Cleavage Crystal breakage pattern 

Crystal System Crystal structure 

Refractive Index Optical property 

Chemical 

Composition 

Major elemental 

percentages 

 

Target Variable: 

Mineral Class 

 

Examples: 

• Quartz  

• Feldspar  

• Calcite  

• Gypsum  

• Talc  

• Mica  

• Magnetite  

• Pyrite 

 

VI. METHODOLOGY 

 

The proposed framework consists of the following 

stages: 

Step 1: Data Collection 

Mineral datasets are collected from geological 

databases and laboratory observations. 

 

Step 2: Data Preprocessing 

The collected data undergoes preprocessing involving: 

• Missing value handling  

• Duplicate removal  

• Outlier detection  

• Feature normalization  

• Label encoding  

 

Step 3: Feature Selection 

Relevant features are selected using statistical analysis 

and correlation techniques to reduce redundancy. 

 

Step 4: Model Training 

Five machine learning algorithms are trained: 

 

Decision Tree 

Builds classification rules based on feature splits. 
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Advantages: 

• Easy interpretation  

• Fast prediction  

Limitations: 

• Overfitting  

Random Forest 

Combines multiple decision trees using bagging. 

 

Advantages: 

• High accuracy  

• Reduced overfitting  

• Robust performance  

Support Vector Machine 

 

Finds an optimal hyperplane separating mineral 

classes. 

 

Advantages: 

• Effective for complex datasets  

• High precision  

 

Limitations: 

• Computationally intensive  

 

K-Nearest Neighbors 

Predicts mineral class based on nearest samples. 

 

Advantages: 

• Simple implementation  

 

Limitations: 

• Sensitive to noisy data  

 

Artificial Neural Network 

Learns nonlinear relationships through interconnected 

neurons. 

 

Advantages: 

• Handles complex datasets  

 

Limitations: 

• Requires larger datasets  

 

Step 5: Model Evaluation 

Models are evaluated using: 

• Accuracy  

• Precision  

• Recall  

• F1-score  

• Confusion Matrix  

• ROC Curve  

 

VII. SYSTEM ARCHITECTURE 
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VIII. EXPERIMENTAL RESULTS 

 

A comparative analysis of the algorithms is shown 

below. 

Algorith

m 

Accurac

y (%) 

Precisio

n 

Recal

l 

F1-

scor

e 

Decision 

Tree 

89.5 0.89 0.88 0.88 

KNN 91.2 0.91 0.91 0.91 

SVM 94.8 0.95 0.94 0.94 

ANN 95.3 0.95 0.95 0.95 

Random 

Forest 

97.1 0.97 0.97 0.97 

 

Random Forest achieved the highest overall 

classification accuracy due to its ensemble learning 

capability. 

 

Results 

Random Forest achieved the highest classification 

performance among the evaluated algorithms in the 

comparative study. 

 

Applications 

The proposed mineral identification system has wide-

ranging applications across multiple domains. In the 

mining industry, it can support rapid and accurate 

identification of mineral deposits, improving 

exploration efficiency and reducing operational costs. 

Geological surveys can benefit from automated 

classification of mineral samples, enabling faster 

mapping and analysis of geological formations. In 

environmental monitoring, the system can assist in 

detecting and assessing mineral compositions that 

influence soil quality, water resources, and ecosystem 

health. Academic and research institutions can use the 

framework as a practical tool for studying mineral 

classification, machine learning techniques, and 

geoscience applications. It also enhances mineral 

exploration by enabling quicker evaluation of 

potential mining sites based on geological data. 

Automated laboratory analysis can reduce manual 

effort, minimize human error, and accelerate the 

processing of mineral samples. Furthermore, the 

system can be integrated with remote sensing 

technologies to analyze satellite or hyperspectral 

imagery for large-scale mineral mapping. In 

educational laboratories, it serves as an effective 

learning resource, allowing students to gain hands-on 

experience with artificial intelligence and machine 

learning techniques applied to mineral identification. 

 

IX. FUTURE SCOPE 

 

Future work may include: 

• Integration with hyperspectral imaging.  

• Deep learning models such as CNNs and Vision 

Transformers.  

• Mobile applications for field geologists.  

• Cloud-based mineral identification platforms.  

• Explainable AI techniques for interpretable 

predictions.  

• Real-time classification using IoT-enabled 

sensors. 

 

X. CONCLUSION 

 

Machine learning offers a reliable and efficient 

alternative to traditional mineral identification 

techniques. By leveraging physical, chemical, and 

spectral characteristics, supervised learning 

algorithms can classify minerals with high accuracy 

while reducing the need for extensive laboratory 

analysis. Among the evaluated models, Random 

Forest demonstrated the best balance between 

predictive performance, robustness, and 

computational efficiency. The proposed framework 

has the potential to support geological exploration, 

mining operations, and educational research by 

providing rapid and consistent mineral classification. 

Future enhancements involving deep learning and 

multispectral data integration could further improve 

the system's effectiveness in handling complex 

mineral datasets. 
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