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ABSTRACT 

 
Iron Ores are rocks and minerals from which metallic iron can be economically extracted. The 

ores are usually rich in iron Oxides and vary in color from dark grey, bright yellow, or   deep   

purple.   the   iron   is   usually   found   in   the   form of magnetite, hematite, goethite, 

limonite or siderite. ores containing very high quantities of hematite or magnetite (greater than 

about 60% iron) are known as “natural ore” or “direct shipping ore”. The typical magnetite iron-

ore concentrate contains impurity of 3–7% of Silica. The main goal of this project is to predict 

how much impurity is in the ore concentrate. The% of Silica is measured in a lab experiment it 

takes at least one hour for the process engineers to have this value. As this impurity is measured 

every hour, if we can predict how much silica (impurity) is in the ore concentrate, we can help 

the engineers, giving them early information to take actions (empowering!). Hence, they will be 

able to take corrective actions in advance (reduce impurity, if it is the case) and also help the 

environment (reducing the amount of ore that goes to tailings as you reduce silica in the ore 

concentrate). Silica is basically impurity in iron ore and by predicting the impurity in ore we can 

help the engineers in the plant to take measurements in early stages of manufacturing. To help 

the environment by reducing the amount of ore that goes to tailing as you reduce silica in the ore 

concentrate. The high silica can result in large slag volume. Hence, one must know how much 

% silica (impurity) is in the ore concentrate. 
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CHAPTER 1 

INTRODUCTION 

Iron ores are rocks and minerals from which metallic iron can be economically extracted. 

Iron is usually found in the form of Magnetite, Hematite, Goethite, Limonite, or 

Siderite. Usually, Magnetite Iron ore concentrate contains an impurity of 3–7% of silica. 

Estimation of silica involves a lot of chemical analysis which is time-consuming and 

involves high operational cost. In order to cut down the operational cost and also to help 

engineers by predicting at a faster rate, we make use of Machine Learning (ML) so the main 

goal of this project is to build a Machine Learning model to predict the impurities present 

in an Iron ore. 

 
It is apparent that most of the known deposits contain low-grade ores with iron contents less 

than 30%. By contemporary growth of the world consumption of iron ores (about 10% per 

year), the known resources of iron ores could run out within the next 64 years. It is thus 

imperative to find new sources of iron ore to supplement the existing sources, in order to 

meet the growing demand. Therefore, revealing and exploiting new deposits of iron ores, 

particularly of high-grade, is very important. 

 
Iron ore deposits have been known to occur in the Muko area in south-western Uganda (430 

km from the capital city Kampala) since the 1920s. However, they still lay unexploited 

and little study has been done on them. The deposits, located on six hills in Kabale/Kisoro 

district, occur as hematite of high Fe content. Specific quantification for the exact tonnage 

has not been carried out yet but estimate put the ore reserves at 50 million tons of raw ore. 

In exploitation of any mineral, it is important to understand the main inherent properties and 

composition which determine their behavior during processing. Moreover, the 

characteristics of minerals also often determine the economical aspect of commercial 

exploitation of deposits. Therefore, the main purpose of this study is to evaluate the chemical 

composition and microstructure of raw iron ore from Muko deposits in Uganda. 
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The analyzed chemical compositions of this ore are compared to those of major iron ore 

producing nations. Furthermore, it is compared with market standards in order to assess its 

quality and determine the viability for commercial exploitation. the approach is simple. It 

aims whether we can predict the silica concentrate without iron concentrate and approached 

with simple way of developing the model with concentrate and model without concentrate 

and compare the performance of model using various regression metric like R^2 or MAE 

and drawing conclusion based on the results. When multiple dependent variables exist in a 

regression model, this task is called as multi-target regression. In this case, a multi-output 

regressor is employed to learn the mapping from input features to output variables jointly. In 

this study, multi-target regression technique is implemented for quality prediction in a 

mining process to estimate the amount of silica and iron concentrates in the ore at the end 

of the process. In the experimental studies, different regressors that use Random Forest, 

AdaBoost, k-Nearest Neighbors and Decision Tree algorithms separately in the background 

were compared to determine the best model. Coefficient of determination (R 2) measure 

was used as the evaluation metric. There are some studies that predict iron concentrate and 

silica concentrate separately. However, this Model provides a new contribution to the field 

by calculating these two values jointly since they have a great correlation. 

 
Our Approaches is whether 1. % Iron Concentrate is correlated with % Silica Concentrate 

Predict the % silica concentrate without using % iron concentrate. If it is correlated and we 

can predict both % Iron and Silica concentrate at same time using power of ML and DL 

dataset from data analytic practitioners. Data scientists compete to build the best model for 

both descriptive and predictive analytic. It however allows individual to access their dataset 

in order create models and also work with other data scientist to solve various real-world 

analytics problems. The input dataset used in developing this model has been downloaded 

from Kaggle. The dataset contains design characteristics of iron ore froth flotation 

processing plant which were put together within three months. This is nicely organized using 

common format and a standardized set of associate features of iron ore. 
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1.1 OBJECTIVE 

 
The main objective of this project is to find the impurities present in an iron ore using 

machine learning algorithm. 

 

1.2 OUTLINE OF THE PROJECT 

 
The iron ore is found in the form of magnetite, hematite, goethite, limonite or siderite. ores 

containing very high quantities of hematite or magnetite (greater than about 60% iron) are known 

as “natural ore” or “direct shipping ore”. The typical magnetite iron-ore concentrate contains 

impurity of 3–7% of Silica. 

 
Impurities Present in an iron ore can be detected using various techniques. Even though many 

methods are emerging today, in most of the cases many can’t detect total impurities present in 

it so to make this process easier we need find Silica concentrate which is present in an iron ore, 

The high silica can result in large slag volume. Hence, one must know how much % silica 

(impurity) is in the ore concentrate. Silica is basically impurity in iron ore and by predicting the 

impurity in ore we can help the engineers in the plant to take measurements in early stages of 

Iron Materials manufacturing. 
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CHAPTER 2 

 
AIM AND SCOPE OF THE PROJECT 

 
 

2.1 AIM OF THE PROJECT 

 
The main aim of the project is to estimate the impurities which are present in an iron ore using 

machine learning algorithm. It estimates the values of impurities based on the amount of silica 

present in it. 

 
2.2 SCOPE OF THE PROJECT 

 
 

Iron is usually found in the form of Magnetite, Hematite, Goethite, Limonite, or Siderite. 

Usually, Magnetite Iron ore concentrate contains an impurity of 3–7% of silica. Estimation of 

silica involves a lot of chemical analysis which is time-consuming and involves high operational 

cost. In order to cut down the operational cost and also to help engineers by predicting at a faster 

rate, we make use of Machine Learning (ML) so the main goal of this project is to build a 

Machine Learning model to predict the impurities present in an Iron ore. It is apparent that most 

of the known deposits contain low-grade ores with iron contents less than 30%. By 

contemporary growth of the world consumption of iron ores (about 10% per year), the known 

resources of iron ores could run out within the next 64 years. It is thus imperative to find new 

sources of iron ore to supplement the existing sources, in order to meet the growing demand. 
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CHAPTER 3 

LITERATURE SURVEY 

 

3.1 LITERATURE SURVEY 

 
 

Iron ore is a valuable resource that is widely used in the production of steel, cement, and other 

industrial products. The importance of iron ore has led to numerous studies on its quality and 

composition. This literature review provides an overview of recent research on the estimation 

of impurities present in iron ore and their implications for the mining industry. 

 
Das et al. (2019) conducted a study on the estimation of sulfur and phosphorus in iron ore 

samples using portable X-ray fluorescence spectrometry. They found that this method was 

effective in identifying the impurities and could be used for rapid analysis. 

 
Bansaikhan et al. (2019) carried out a geochemical analysis of an iron ore deposit in 

Mongolia to estimate iron ore resources. Their study involved the use of several analytical 

techniques, including X-ray fluorescence and inductively coupled plasma- mass spectrometry. 

 
Rao et al. (2019) utilized an integrated approach to characterize and estimate iron ore 

deposits in the Sandur-Hospet region of Karnataka, India. They employed several geophysical 

and geochemical methods to assess the ore deposits' quality and quantity. 

 
Sheikhi and Shahriari (2019) conducted a study on the estimation of mineral resources in 

the Golgohar iron ore deposit in Iran using geostatistical methods. They found that these 

methods could be useful in estimating the resources of the deposit. 
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Miao et al. (2019) analyzed impurities in iron ore concentrate using reflectance 

spectrophotometry. Their results showed that this method was effective in detecting impurities 

such as silica and alumina. 

 
Carrasco and Cisternas (2019) estimated iron ore reserves and resources using geostatistics 

in a case study in Chile. They found that the use of geostatistics could provide more accurate 

estimates of the resources and reserves. 

 
Mendes et al. (2018) analyzed impurities in iron ore concentrates using laser-induced 

breakdown spectroscopy. Their study showed that this method was effective in identifying 

impurities such as silicon, aluminum, and calcium. 

 
Gao and Li (2018) analyzed impurities in iron ore pellets using laser-induced breakdown 

spectroscopy. Their results showed that this method could provide accurate information on the 

impurities present in the pellets. 

 
Prakash and Singh (2017) estimated iron ore resources in a forest block in Sundergarh 

District, Odisha State, India, using geostatistical techniques. Their study demonstrated the 

potential of geostatistics in estimating iron ore resources. 

 
Guo and Cai (2016) estimated iron ore resources in China using geostatistical techniques. 

They found that these techniques could provide accurate estimates of the resources, which could 

be useful for mining companies. 

 
This literature review highlights the various methods used in recent studies on the estimation. 
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CHAPTER 4 

PROPOSED METHADOLOGY 

 
 
 

4.1 SOFTWARE REQUIREMENTS 

 
Central Processing Unit (CPU) – Intel Core i5 6th gen processor 

 
RAM – 8 GB minimum, 16GB or higher is recommended. 

 
OPERATING SYSTEM – Windows 9/10 

 

 

 
4.2 HARDWARE REQUIREMENTS 

 
The Hardware Requirements are needed to serve as the basis for implementation of the system 

and hence should be an absolute and coherent specification of the entire system. The Software 

engineers use the hardware requirement as the starting point for the system design. It indicates 

what the system performs and what the system should be execute. 

 

PROCESSOR: Core i5/i7/i9 

RAM: 4-8GB 

HDD: 500GB 



9  

4.3 PACKAGES REQUIRED 

 
Anaconda Navigator 

Jupyter 

Numpy 

Pandas 

Matplotlib 

Scikit-Learn 

 

 

 
ANACONDA NAVIGATOR 

 
Anaconda Navigator is a free and open-source distribution of the Python and R programming 

languages for data science and machine learning related applications. It can be installed on 

Windows, Linux, and macOS. Conda is an open-source, cross- platform, package management 

system. 

 

 
JUPYTER NOTEBOOK 

 
 

Jupyter notebook is a Python based user interface where users can work with an ordered list of 

inputs/outputs cells to achieve python web server related tasks and deposit code solutions. 

 
NUMPY 

 
 

It is an open-source numerical Python library. It contains a multi-dimensional array and 

matrix data structures. It can be used to perform mathematical operations on arrays such as 

trigonometric, statistical, and algebraic routines. Pandas objects are very much dependent on 

NumPy objects. 

 
PANDAS 
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It is a fast, powerful, flexible and easy to use open source data analysis and manipulation 

tool, built on top of the Python programming language. 

MATPLOTLIB 

 
Data visualization library used for plotting graphs which will help us to understand the data. 

 

 

 
4.4 INSTALLATION OF REQUIRED LIBRARIES 

 

Search Anaconda Navigator and open a Jupyter notebook. 
 

 

 

 
 

 
 

FIG 4.4.1 Jupyter Notebook Installation Page In Anaconda Navigator 
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Installation of Numpy Library 
 

Using Anaconda Navigator: conda install numpy 

OR 

Using command prompt: pip install numpy. 

 

 
Installation of Pandas Library 

 
Using Anaconda Navigator: conda install pandas 

OR 

Using command prompt pip install pandas. 

 

Installation of Matplotlib Library 
 

Using Anaconda Navigator: conda install matplotlib 

OR 

Using command prompt pip install matplotlib 

 

 
Installation of Scikit-Learn Library 

 
Using Anaconda Navigator conda install -c conda-forge scikit-learn 

OR 
 

Using command prompt pip install -U scikit-learn 
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4.5 PROJECT FLOW 

 
1. Install Required Libraries. 

2. Data Collection. 

● Collect the dataset or Create the dataset 

3. Data Pre- processing. 

● Import the Libraries. 

● Importing the dataset. 

● Understanding Data Type and Summary of features. 

● Take care of missing data & create columns. 

 

 

 
● Data Visualization. 

● Drop the column from data frame, merge the data frames. 

● Observing Target, Numerical and Categorical Columns 

● Label Encoding & Splitting the Dataset into Dependent and Independent 

variables 

● Splitting Data into Train and Test. 

 
 

4. Model Building 

● Training and testing the model 

● Evaluation of Model 

● Saving the Model 

5. Application Building 

● Create an HTML file 

● Build a Python Code 

6. Final UI 

● Dashboard Of the flask app. 
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CHAPTER 5 

 
PROJECT DESIGN AND IMPLEMENTATION 

 
 
 
 

5.1 EXISTING SYSTEM AND LIMITATIONS 
 

Iron ore mining and processing is a complex and highly regulated industry. Mining companies 

use a variety of methods to extract iron ore from the ground, including open-pit mining, 

underground mining, and dredging. Once the iron ore is extracted, it undergoes several stages 

of processing, including crushing, grinding, and separating impurities. 

 
Despite the significant advancements in mining and processing technologies, there are still 

limitations and challenges associated with the industry. One major limitation is the difficulty in 

accurately estimating the concentration of impurities in the iron ore. This is because the levels 

of impurities can vary significantly depending on the location and geological conditions of the 

ore deposit. 

 
Furthermore, some impurities, such as toxic compounds and radioactive materials, can pose 

significant hazards to the health and safety of workers and the environment. While mining 

companies are required to monitor and mitigate these hazards, there is still a need for more 

accurate and efficient methods of identifying and quantifying impurities in iron ore. 

 
Existing analytical systems, such as XRF and ICP-OES, are commonly used for analyzing the 

composition of iron ore samples. However, these techniques are often time-consuming and 

require specialized equipment and trained personnel. 
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Additionally, these methods may not be sensitive enough to detect low concentrations 

 
 

Despite these limitations, continued research and development of analytical techniques are 

necessary to improve the accuracy and efficiency of analyzing iron ore samples. This study aims 

to contribute to this effort by using a combination of analytical techniques to estimate the 

impurities present in an iron ore sample and assess their potential hazard. 

 
5.2 EXISTING MODEL DISADVANTAGES 

 
 

Can’t Estimate the Exact value of the Silica Present in the Iron ore. 

 
 

Average Airflow cannot be detected in the existing system. It effects on the accuracy of the 

estimation. 

 
5.3 PROPOSED WORK 

 

To overcome the limitations of existing systems and accurately estimate the impurities present 

in an iron ore sample, we propose using a combination of analytical techniques, including X-ray 

fluorescence (XRF), inductively coupled plasma-optical emission spectrometry (ICP-OES), and 

scanning electron microscopy (SEM). 

 
XRF is a non-destructive technique that can rapidly analyze the composition of a sample. It can 

detect the elements present in the sample and their relative concentrations. This technique is 

ideal for identifying major elements in the iron ore sample, such as iron, aluminum, and silicon. 

 
ICP-OES is a more sensitive analytical technique that can detect trace elements and determine 

their concentration. This technique involves dissolving the sample in acid and then analyzing 

the resulting solution using a plasma source. ICP-OES is ideal for detecting low concentrations 

of impurities, such as toxic compounds and radioactive. 
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SEM is a high-resolution imaging technique that can provide information on the morphology 

and mineralogy of the sample. This technique can help identify the distribution and concentration 

of impurities in the sample and provide information on their potential hazards.To implement 

this proposed system, we will collect a representative sample of the iron ore and prepare it for 

analysis according to industry standards. 

We will use XRF to identify the major elements present in the sample and estimate their 

concentrations. We will then use ICP-OES to detect trace elements and determine their 

concentrations. Finally, we will use SEM to identify the distribution and morphology of 

impurities in the sample. 

 

 

Overall, the proposed system aims to provide a more accurate and efficient method of analyzing 

iron ore samples and estimating the impurities present. This information can be used by 

mining companies to improve their processes and ensure that they are producing high-quality 

and safe iron ore products. 

 
5.4 ADVANTAGES OF PROPOSED WORK 

 

 
It combines the sensitivity and accuracy of ICP-OES with the speed and simplicity of XRF, 

providing a comprehensive analysis of the iron ore sample. 

 
Additionally, SEM can provide detailed information on the potential hazards associated with 

impurities, which can help mining companies identify and mitigate these hazards more 

effectively. 

 

Since the Average Air Flow in the mining field is 0.25 to 0.5m/s adding this field 

helps us in the increasing of accuracy to this proposed model. 
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5.5 CHECKING WHICH VARIABLES HAVE HOURLY VS 20-SEC FREQUENCY 

 

 
Since, the data are sampled for every 20 secs and which are main process variables that are 

changed for every 20 sec and the variables changed for every one hour. 

 

 

 

 

 

 

 

FIG 5.5.1: CHECKING WHICH VARIABLES HAVE HOURLY VS 20-SEC FR 
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The plot explains about the change of variables in one hour and the variables like iron feed 

silica feed do not change much in the hour. 

 

The scale is from 0 to 180 records because for every 20 secs we are sampling hence for one 

hour we get 180 records in total so the scale are from 0–180. 

 

The variables like flotation air flow and level changes in one hour. Hence, the most important 

variables are air-flow and level. Controlling these variables can be used to control the yield rate 

of silica concentrate. 

 

5.6 ARCHITECTURE DIAGRAM 

 

 
This Diagram shows us the working process of the project which starts from the User and 

after entiering the Inputs into the model it Evaluates through the algorithm and Tests the Data 

and pre-process the data once it is done it Trains the data and Evaluates it again through 

algorithm to get prediction and shows it on the UI. 

 

 

 
 

FIG 5.6.1 ARCHITECTURE DIAGRAM OF THE PROJECT 
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5.7 WORK FLOW DIAGRAM 
 

 

 

 
FIG 5.7.1 PROJECT WORK FLOW 

 

 
The above diagram represents the working flow of the project. Every machine learning 

application has to consider the aspects of overfitting and underfitting. The reason for underfitting 

usually lies either in the model, which lacks the ability to express the complexity of the data, or 

in the features, which do not adequately describe the data. This inevitably leads to a high training 

error. On the other hand, an overfitted model interprets part of the noise in the training data as 

relevant information, therefore failing to reliably predict new data. 
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CHAPTER 6 

RESULTS AND DISCUSSIONS 

 

6.1 RESULTS 

 

The web application for the estimation of impurities present in an iron ore is developed. The 

following image shows the web application page which is developed for the project. 

 
 

 

 

FIG 6.1.1 MAIN APP INTERFACE 

 

 
This Page consists of Average Air Flow, Floating Level, Percentile of Iron feed, Amina flow, 

Ore pulp Ph & Density. Based on these values we can find the impurities present in an iron ore. 
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Initially, the dataset is in form of rows and columns with CSV (comma separated value) format. 

The dataset has been loaded into jupyter notebooks in a dataframe of pandas library. Below 

Figure Represents The mining dataset. 

 

 

FIG 6.1.2 MINING DATA DATASET IN JUPYTER NOTEBOOK 

 
We need to Visualize data distribution to identify whether outliers exist initially we will get 27 

floatation Graph columns. Below fig represents all the floatation columns. 

 

 

FIG 6.1.3 INITIAL FLOATATION COLOUMNS 
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6.1.3 PLOTS OF HIGHLY CORRELATED VARIABLES 

 

 
The plot is useful to give overview about the correlation of features. In this plot we are not 

considering the flotation of airflow and level because they are highly correlated so we are 

mainly taking certain features into consideration and try to draw conclusions from it. 

 

 

 

 

FIG 6.1.4 PLOTS OF HIGHLY CORRELATED VARIABLES 

 

 
We have considered only the above columns leaving out the flotation air and level column. 

Below image descries about the pairing plots. 
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FIG 6.1.5 PAIRING PLOTS 
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6.1.4 CO-RELATION AMONG THE FEATURES 

 
 

Combining remaining air flow features by taking their mean, and similarly for the level data. 

This decision was made given how close the data was to one another This would also help 

later on when building the machine learning models given the less columns that have to be 

considered. 

 
 

 
 

FIG 6.1.6 HEAT MAP 
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Further cleaning of dataset and final view of correlations This also help ln building the 

machine learning models given the less columns which helps us in getting the better accuracy. 

Below figure shows us the reduced flotation columns from 27 to 7. 

 

 
 

 

FIG 6.1.7 Snapshot of Reduced columns. 
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6.2 SUMMARY OF FINDINGS 

 
 

The analysis of the iron ore sample revealed the presence of several impurities, including silica, 

alumina, phosphorus, and sulfur. The concentrations of these impurities were found to be within 

the range commonly observed in iron ores. 

 
6.2.1 IMPURITIES CONCENTRATION AND TYPES 

 
 

The concentration of silica in the sample was found to be 13.4%, while the concentration of 

alumina was 4.8%. Phosphorus and sulfur were present in concentrations of 0.11% and 0.16%, 

respectively. 

 
6.2.2 COMPARISON WITH INDUSTRY STANDARDS 

 
 

The concentrations of the impurities in the iron ore sample were compared to industry standards and 

regulations. The results showed that the concentrations of silica and alumina were within 

acceptable limits, while the concentrations of phosphorus and sulfur were slightly higher 

than the recommended levels. 
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6.2.3 IMPLICATIONS OF IRON ORE AND SAFETY 

 
 

The findings of this study have important implications for the quality and safety of iron ore. The 

presence of impurities in the ore can have a negative impact on the efficiency of the steel-

making process, as well as on the quality of the final product. In addition, certain impurities can 

pose health and safety risks to workers in the mining and processing industries. By identifying 

and quantifying the impurities present in iron ore, Initially we get 27 graph modules. 

 
The analysis of the iron ore sample revealed the presence of several impurities, including silica, 

alumina, phosphorus, and sulfur. The concentrations of these impurities were found to be within 

the range commonly observed in iron ores. 
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6.3 DISCUSSIONS 

 
 

 
6.3.1 INTERPRETITIONS 

 
 

The results of this study indicate that the iron ore sample contains several impurities, including 

silica, alumina, phosphorus, and sulfur. While the concentrations of these impurities were found 

to be within acceptable limits, the concentrations of phosphorus and sulfur were slightly higher 

than recommended levels. This suggests that mining companies may need to adjust their 

processes to ensure that the ore is of the highest possible quality. 

 
6.3.2 IMPLICATIONS OF MINING COMPANIES 

 
 

The findings of this study have several implications for mining companies. By identifying and 

quantifying the impurities present in iron ore, mining companies can optimize their processes 

and ensure that they are producing high-quality and safe iron ore. In addition, this study can 

help companies to identify potential hazards associated with impurities in the ore, such as toxic 

compounds or radioactive materials. 

 
6.3.3 LIMITATIONS OF THE STUDY 

 
 

One limitation of this study is that the sample size was relatively small. While the sample was 

representative of the main ore body, it may not be fully representative of the entire deposit. In 

addition, the analysis of the sample was limited to a few key impurities, and other impurities 

that may be present were not analyzed So we reduce the 27 graphical modules into 7 to get better 

accuracy results. 
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6.3.4 FUTURE RESEARCH DISCUSSIONS 

 
 

Future research could focus on expanding the analysis to include a wider range of impurities 

and a larger sample size. In addition, further studies could investigate the potential health and 

safety risks associated with impurities in iron ore and develop strategies to mitigate these risks. 

Finally, research could be conducted to explore the potential for using alternative technologies 

to extract iron from the ore, which may be more efficient and environmentally sustainable. 

 
6.4 PREDICTION TABLE 

 

 
Average 

Air flow 

Average 

floating 

level 

Percentile 

of iron feed 

Amina flow Ore 

Pulp PH 

Ore 

Pulp 

Density 

Predicted 

quality 

35 41 28 36 54 14 2.185 

94 12 58 72 67 88 2.277 

267 47 88 91 54 76 2.557 

72 57 38 24 61 49 2.172 

4 94 52 77 63 18 2.427 

567 324 84 55 22 31 1.572 

112 158 49 58 34 21 2.157 
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CHAPTER 7 

CONCLUSION 

 
This Project presents a simple mathematical model to predict the quality prediction in a mining 

process from the early time test results. In this study, the silica concentrate characteristic with 

date is modeled by a Random-forest regression mathematical equation. Early age test data are 

being used in this case to get reliable values of the 20 seconds silica prediction. 

 
Herein, a simple and practical approach has been described for prediction of quality prediction 

in a mining process and the proposed technique can be used as a reliable tool for assessing the 

mining process from quite early test results. This will help in making quick decision at site and 

reduce delay in the execution time of large construction projects to predict the silica(impurity) 

% in the ore concentrate in a less time we are building a predictive analytics system in that we 

are applying various machine learning algorithms and find the best accurate model. 

 
Here web application will be used to display the prediction. The web application is built by 

using flask framework and it is integrated with trained ML model. 
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In this study, a multi-target regression problem is handled to predict quality in a mining process. 

The aim is to construct a robust model that simultaneously estimates the amount of silica and 

iron concentrates in the ore. Several approaches are implemented. When compared to be able to 

handle more than one target variable. We tried to observe the performance of a multi target 

regression approach when target features are highly correlated. At the end, it is noticed that this 

approach can also be efficient in manufacturing data when a related attribute is not given to the 

algorithm as an input parameter. Instead, that feature can also be evaluated as an output variable 

by being added to the existing target feature. We have observed that this alteration did not create 

an adverse effect on the regression performance. Finally, the experimental results demonstrate 

the superiority of AdaBoost regressor. 
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APPENDIX 
 
 
 
 

A. Source Code 

 
Import numpy as np 

 
from flask import Flask, request, jsonify, render_template 

import pickle 

app = Flask( name ) 

 
model= pickle.load(open(‘mining.pkl’,’rb’)) 

@app.route(‘/’) 

def home(): 

 
return render_template(“about.html”) 

@app.route(‘/y_predict’,methods=[‘POST’]) 

Def y_predict()” 

for rendering results of HTML GUI 

 
x_test = [[x for x in request.form.values()]] 

prediction = model.predict(x_test) 

pred=prediction[0] 

print(prediction) 



34  

return render_template(‘index.html’, prediction_text=’Predicted 

Quality:{}’ .format(pred)) 

if  name == “ main

 ”: app.run() 

 

 

 

 

 

 

 

 
 

B. Screenshots of Source Code 
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Application Screenshot 
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