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ABSTRACT

Iron Ores are rocks and minerals from which metallic iron can be economicallyextracted. The
ores are usually rich in iron Oxides and vary in color from dark grey, bright yellow, or deep
purple. the iron is wusually found in the formof 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 concentratecontains 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 amountof 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 silicain 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.



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 impurityof 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 theoperational cost and also to help
engineers by predicting at a faster rate, we makeuse of Machine Learning (ML) so the main
goal of this project is to build aMachine 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, theystill 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 ofdeposits. Therefore, the main purpose of this study is to evaluate the chemical

composition and microstructure of raw iron ore from Muko deposits in Uganda.



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 modelwith 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 variablesjointly. 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 usedas 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 itis 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.



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-oreconcentrate 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.



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 ironore using
machine learning algorithm. It estimates the values of impurities based onthe amount of silica

present in it.

2.2SCOPE 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 ironores could run out within the next 64 years. It is thus imperative to find new

sources ofiron ore to supplement the existing sources, in order to meet the growing demand.



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 iniron ore
samples using portable X-ray fluorescence spectrometry. They found that thismethod 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 ironore
deposits in the Sandur-Hospet region of Karnataka, India. They employed severalgeophysical
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.



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 theresources, which could

be useful for mining companies.

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



CHAPTER 4
PROPOSED METHADOLOGY

4.1 SOFTWARE REQUIREMENTS
Central Processing Unit (CPU) — Intel Core i5 6™ 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



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. Itcan 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 arrayand
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



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

tool, built on top of the Python programming language.

MATPLOTLIB

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

4.4 INSTALLATION OF REQUIRED LIBRARIES

Search Anaconda Navigator and open a Jupyter notebook.

Apps  Documents Web  More v

M Best match

i Anaconda Prompt (anaconda3)

qQ -
[

(9 Apps
) Anaconda Navigator (anaconda3) > R
{) ANACONDANAVIGATOR
= & Spyder (anaconda3) > J
o
[ty @ Anaconda Powershell Prompt N .
Mariar (anaconda3)
[ R
‘ Search the web
N iL n
LAy O ana- see web resul b
IELT ~
Documents (4+) e
! Folders (2+)
4
ecycle
Q
7]
Goog|

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

11



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 Ul

Dashboard Of the flask app.

12



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 isthe difficulty in
accurately estimating the concentration of impurities in the iron ore. This is because the levels
of impurities can vary significantly depending on thelocation 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.

13



Additionally, these methods may not be sensitive enough to detect low concentrations

Despite these limitations, continued research and development of analyticaltechniques are
necessary to improve the accuracy and efficiency of analyzing iron oresamples. 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.

5.2EXISTING 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 analyticaltechniques, 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.

14



SEM is a high-resolution imaging technique that can provide information on themorphology
and mineralogy of the sample. This technique can help identify thedistribution 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 distributionand morphology of

impurities in the sample.

Overall, the proposed system aims to provide a more accurate and efficient method ofanalyzing
iron ore samples and estimating the impurities present. This informationcan 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.

15



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 variablesthat are

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

Average Count of Unique Values per Hour for every Variable
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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 ironfeed

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 hencefor 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 tocontrol the yield rate

of silica concentrate.
5.6 ARCHITECTURE DIAGRAM

This Diagram shows us the working process of the project which starts from the Userand
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.

Train Data

Prediction

o8- D) —[=)
' Algorithm g —_— S

Test Data

Inputs

FIG 5.6.1 ARCHITECTURE DIAGRAM OF THE PROJECT
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5.7 WORK FLOW DIAGRAM
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Gning ;1

new ‘,’ffix-/
FIG5.7.1 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.

18



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.

Quality Prediction in a Mining Process About

Ore Pulp pH ‘Ore Pulp Density

FIG 6.1.1 MAIN APP INTERFACE

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

Ore pulp Ph & Density. Based on these values we can find the impurities presentin an iron ore.

19



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.

In [3]: M mining_data.head()
Qut[3]: i i i

3] % % garon Amina ore ore Ore F(';’Jf'u“n‘_’l: F'ccgfl}:z: F::O;?J:: Flotation Flotation Flotation Flotation Flotation
date Iron Silica Flow Flow Pulp Pulp Pulp 01 Air 02 Air 07 Air Column  Celumn  Column  Column  Celumn
Feed Feed Flow pH Density Flow Flow Flow 01Level 02Level 03 Level O04Level 05 Level

2017-
0 0310 552 1698 3019.53 557434 395713 10.0664 1.74 249214 253235 250.884 457396 432962 424954 443558 502255

01:00:00

2017-
1 0310 552 1698 302441 563.065 397.383 10.0672 174 249719 250532 248994 451801 420550 432039 443086 496.363

01:00:00

2017-
2 0310 552 16098 304346 568054 399.668 10.0680 1.74 249741 247874 248071 451240 468.927 4348510 449688 48441

01:00:00

2017-
3 0310 552 1698 3047.36 568.665 397.939 10.0659 174 249917  254.487 251.147 452441 458165 442865 446210 471411

01:00:00

2017-
4 0310 552 1698 303369 558167 400.254 10.0697 1.74 250203 252.136 248928 452441 452900 450523 453670 462598

01:00:00

5 rows ¥ 24 columns

FIG 6.1.2 MINING DATA DATASET IN JUPYTER NOTEBOOK

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

floatation Graph columns. Below fig represents all the floatation columns.
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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 arenot
considering the flotation of airflow and level because they are highly correlated sowe are

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

° pair_cols = list(df.columns[2:8])
pair_cols.extend(df.columns[-2:])
print(pair_cols)

#smol_df = clean_df.loc[:,pair_cols]

> ['% Iron Feed', '% Silica Feed', 'Starch Flow', 'Amina Flow', 'Ore Pulp Flow', 'Ore Pulp pH', '% Iron Concentrate', '% Silica Concentrate']

FIG6.1.4 PLOTS OF HIGHLY CORRELATED VARIABLES

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

Below image descries about the pairing plots.
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Combining remaining air flow features by taking their mean, and similarly for the leveldata.
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.

% Iron Feed -

Amina Flow

Ore Pulp pH

Ore Pulp Density

Flatation Column 02 Air Flow

Flotation Column 06 Air Flow

Flatation Column 07 Air Flow

Fiotation Column 04 Level
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avg_float_level 47

6.1.4 CO-RELATION AMONG THE FEATURES
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FIG 6.1.6 HEAT MAP
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Further cleaning of dataset and final view of correlations This also help In 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.

O ©Qeeoeo/do/doeeeC@onoCeaAC e e sexeClao+ A _
28 @  localhost:3888/notebooks/Downloads/iron%20impurities-20220407T120452Z-001/iron%20impurities/Quality%20Prediction%20in%20a%:. [ @ @ > O & &
m @ Amazonin AliExpress
o : Jupyter Quality Prediction in @ Mining Process (2) Last Checkpoint: Last Saturday at 1:19 PM  (autosaved) A Logout
File Edit View Insert Cell Kemel Widgets Help Not Trusted ]Python 3 (ipykemel) O
(~) B +|3 & B+ ¥ PR H| C W cCoe vi|e=
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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 industrystandards and
regulations. The results showed that the concentrations of silica and alumina werewithin

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 phosphorusand 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 safeiron 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 Average Percentile | Amina flow Ore Ore Predicted
Air flow floating of iron feed Pulp PH Pulp quality
level Density
35 41 28 36 o4 14 2.185
94 12 58 72 67 88 2.277
267 47 88 91 o4 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

28




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 mathematicalequation. 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 isbuilt 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 miningprocess.
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. Wetried 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 asan 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 didnot 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’,’tb”))
@app.route(‘/”)

def home():

return render_template(“about.html”)
@app.route(‘/y_predict’,methods=[‘POST’])
Defy 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)
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return
Quality:{}’ .format(pred))

if name_ ==“ main

:app.run()

B. Screenshots of Source Code

& Spyder (Python 3.9)
File Edit Search Source Run Debug Consoles Projects Tools View Help
» QL

9-main \SI-GuidedPrc

nump; np
flask Flask, request, jsonify, render_template
pickle

app = Flask(_ nam
model= pickle.load

f home():
render_template( 'inde
(‘/about")

render_template( "about.h

x in request.form.values()]]
prediction = model.predict(x_test)
rediction[@]
t(prediction)

render_template( ’ mL', prediction_text="'Pr

_name__ == "_main_":
app-run()

render template(‘index.html’,

prediction_text="Predicted

Usage

Here you can get help of any object by pressing Ctri+l in
front of it, either on the Editor or the Console.

Help can also be shown automatically after wrifing a left
parenthesis next to an object. You can acfivate this
behavior in Preferences > Help.

New to Spyder? Read our
Help Variable Explorer Plots Files

O S O —
might lead to breaking code or invalid results.
your own risk.
warnings .warn(
* Serving Flask app "app” (lazy loading)
* Environment: production

Use a production WSGI server instead.
* Debug mode: off
C:\Users\pavan chandra\New folder (2)\lib\site-packages\sklearn\base.py:310:
UserWarning: Trying to unpickle estimator RandomForestRegressor from version @
when using version @.24.2. This might lead to breaking code or invalid results.
your own risk.

warnings .warn(
* Running on http://127.0.0.1:5000/ | (Press CTRL+C to quit)

IPython console  History
< LSPPython:ready @ custom (Python 3.9.7) Line 10,Col 12 ASCH CRLF RW

34

Mem 94%




Application Screenshot

8 @ 127.00.1:5000/y_predict X + v = a X
¢« C Y © 127.00.1:5000/y predict W e v 0@ :
M Gmail @B YouTube B¥ Maps 4D History a& TCS Placement Pap. Connect to instance.. ® Resume Builder |Re.. @ Student Dashboard & lyft-uber-price-pre... & lyft-uber-price-pre... »

Quality Prediction in a Mining Process About
ﬁ;i@u«m—
| Average Air Flow Average Floating Level  Percentile of Iron Feed  Amina Flow Ore Pulp pH Ore Pulp Density

‘Taiug?airiﬂo‘.‘.’?zﬂ J .Iavgj')atile\‘ei;l7 | |“‘c Iron Feed ‘ ‘i‘«mina Flow [ |Ore Pulp pH | ‘Ore Pulp Density H Predict ]
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Estimation of impurities present in an Iron Ore

Kobesetti Paean Chandn
Rog Noc 5910418
Dept . of Compuner Scivace Enpneerng 18 ECS E)
Sathyahama Inuttuw OF Scimeo and Techrobogy

Chenren, Indis

Keerthi Dargapeashand:
Reg Noo 539100484 :
Deptof Conpuner Scicsce Enpecring (B ECSE)
Sathabame Inaitne OF Sceace and Technobogy

Chenoai, India

Abstract: Tron o0 s acrocel mra mesend for e
prodax tom of shach, bt s quakly & depondont oo e
proscece of arpurdics. In 8in stedy . we amed 10 odinec
tho [mpantas proseat Is w o ore amply 308 s el
posveial beoards g st of-dw-ant ssalydeal
Rechoigues, v found thal the samplh contrisad verioon
srpuetics. exdubog ok comrponads ead ealuxctive
mrwmwlummu,
v adverse effects om the gaaley of B oo o0 s pone
ks 1o e heakh and safety of warkers and e
o rozmont. Moy companss shouh), hocfoee, he
Bconary macaares to redacs e kv el of arpertiesn
thedr bos ore and ensume Iat thes ww prockacing bigh
gealay and sake peosdects, This soads oo des vakbie
soaphts ek e composita wnd gaakis of irnon ore and
usdenwress the tpontesce of seqpomdble g peatioo.

Keyweeds: - iroo ore, immpanses. gualey, Racads,
anadyticd sechoupaos, sesie coompumnds sadiactive
ety iriting. respotadde prn oo, healiy, sefety.

L Introduction
A Bodbposd mioomaiae i oo oee and s imporiance

bow ore » o creacal rew meaxnal for the pradoction of siecl,
wWhichk b ensontind for meany it s i ladieg
COMAIECTOn, Iransportaion, and ceassfacreriag foom ore I
p'-'il,tmdd'mo«ik‘mln  covlan \aryieg
aronats of ofser chanerds wach aa v , and
adfor The geeliny of bom oe |s essantiol for the proskaion

Oof Nigh qual iy vael prodects, asd b ke can sgnificantly
ot the ghodal eoveonny

36

&5
.‘.Mnoﬂhm'

The purpone of (his stady is 10 evinaw 1he impernitey
FOCsom 10 an oo one sarg ke and s S podeatel
huzands. Logpariies 1o om ove can slfect e qualdy of e
finel stocd poodect send tray pose ks 1o Bee heakh andd
ety of workors and the cnr posrseat. Tharetoss,
andorstndbng the Samme and Concestianon of bngeriies s
:mﬁd Tor e Uhe poodec Gow of safe and bgh quading
oo ofe.

U Roscach st -
(3]
The stndy anve 10 sovaey the Solhawing sescash qacdtins

1) What are the typex 3ad cosconmratioes of xpartics
prosent ix the pos ooc seTpic?

T What are e possatad sk ansociasnd wirh o
Immperities i (ron ore samphe?

1) How do 52 resits of this sedy contribels bo oer
undorstanding of tron ore qealay aad walety !

0. Methexdobugy -

Tocstimeks e sppariies presert o he iwon oo sefle,
we will e v

embson spectroenetry (CP-OS ), and scamelng edcine
tehonasgry (SEMI We will cofbaut » regrescrmative saiple
of the iron oee and pecparc i for aralyus scoondng
sy standasds Wo will analy v the surgle fiv
Irspenition sl repon @ Nadiags,




T Sigrficance of fw dasty -

T el oof s wnaty willl pos e
valadde BRMRaton o0 Dhe aably
wad safery of poe ore, whikh cm e
wed by mawng compunics b2 tmprinve
dhr processs aad comere e they
we prodec g igh qealey o sale

usderdanding of the cormponion aed
quabty of os e, which b cnacial
ot suartaimmng u untarsbic el
sonposnibls risiag odastry

Batsaibhans ot od. (019 Carried ot 2
poxhanncal wudyse of W oo ose
depout m Moogodia (o odings ma
n resaes, Thair stadly lnvelvad ihe
wie of sevenl oyt Kxnigees.
acludeg Xy Muwescerne
ndacavely  coeplod  plasrs-rmas
ectuesry

Rao et db (20019 ust loed a0 irzegrasal
Aol 30 Aaterine el eslmuse
e o deposts e e S Hinpet
wvgem of Karsatdkca, [nde They
arpioyal  several  goopkywcal sl
Fonhorrncal refads b asscss the om
doposly’ guedaty seal uanily,

Sheiths  and  Shabrien (2019
condeckal 2 stady o the etiratios of
Wt sesocrces b the Galdgobar ion
e dopeondt i Ban iniag peostatetcal
method. They  foerd hat fse
axthoh could be aseled = evarcatey
dw resoaoos ol the dapesi

Moo et al (0190 analy o) inapatitey
m NN T coscTRiEC ey
sty showed Ban this medaod ws
offective In dteosrg begwiites sxh
o siben annd abammna.

Canwn  wdd Oderses 201V
obasad ben 0w weerves sl
DOVOURCES AR ooni i 8 2 cune
shacy 1 Ohude. Thcy found that 1he e
of goodaswics coskd provide maoes
sccucsls axtizsaes of the sosesrces and
nerves

spectroscopy . Thele wialy shovnad thet
thin  wctbd  ws  offadive s
shondlydg arganiies sach as ifioon,
slerremien. el cakasen.

Cavarsd Li 20151 sxaly sl isgparrics
e oew petens g S -ndaond
Dredhdomn spectniniogy Thew results
showed that (s mxtbod coshd pruvade
prewent i pelion,

Prokos and Sgh Q0171 ewiiomans)
WON 0N PesORces I a fovest Mk 0
Jada, wing tochakgace
Ther ady deomwsaatad the poteniel
of poonsisios i ovianating (o oy
LadLT RSN

G v Cad 120164 evtismaicn] ivom vir
mevoeces 18 Chisa adeg goodatescal
ekivpan. Ty fousd tha these
techingues omld provade s
obruics of the rewsocos, whh
cornhl be aaefid for merang compunics

Thie lweratere eview highlghes o
varkes mortunds wad b recest wiabes
o the estenation of lopanithes (rresen!
m inm oo, Thowe oetbodd et X

ndasry, s dwy cae help leprove e
ipaley sl wfery of bos om wuning
i pranesung

37



Existimgz Systems and Limitations

Iroa ore wering and proceeing iy 2 congles sad
BigMs mphed indastry Misieg compunes tne »
vty of mxcthods  catrsct toe ore from e
ground, Bcadng opon-pe misag, wndkngosed
mnng, .ddm(hauhumm«
exmmtnd, It undeepoes svenal sages of prosessing.
mdateg (inbieg. o, o sparsrg
rgrarmes.

Dospine Pae dgnificant advencemons o miving wnd
provessing lechmdogies, tare wc sill liasdataons
#ad chulleapec amncuaad wih the inchutry . Clas
mapw lizmueatam is e S 8calty in sccuzsely
edinaing B cosconrt o of inparites i dw
s ore. This o bousese the leveh of impunities

< vary wgrshicaaty depernddog on $ae locatan
ad peologial conMions of the onp depemin

Fuslermee. sorse arpuedion, sech o ok
composrch and ndicactne mueeniale, can pose
dgrancan tezasds % the heath wnd sakery of
workors and the savioeoest. Whik png
Companics are sogaral Lo monide ared Initgae
B haraadh, oo v il 3 need for Taes accurae
aad etchent onedands of identify ng and
qeantifylag srgeariios ia lroo one

Exntmg audyticad syweres, sech s XKF and KCP
RN, e cormamondy waed for asalynng te
composdthae of o ono sunpies Nomaver, fowe
b are ol lisse comunnieg and cogare
specialiand ogeprcrt and rused pomooesd.
Addtiorally, Bvose mathonh wmy 8ot be wrnbive
cnongh 10 deteet how concertratans of wrgunties
oty hase Menititions io deucxting cennaim types

AA.L

- ——
(w'—

AA_ LElE L

41 -Aé€.ql 11 u-'

Dospes facne limntatamns, cormeucd rowearch wnd
devilipernn of sulytiedl schnkpas w0 secesany
W anpeovg B acewncy and eificency of
aaalyng on e savgkes. This stsdy 2ies o
costriaic 1o this cifiet by aung 2 cornbaratan ol
anahyrial Wctmagaes w0 evtienee 0w lrparines
Prescid 1 ek wow oec saingde and sesess Lhei
potential hacanh.

Proposed System -

NITLL
ol|
1l

"Hf

L EA )

To overcome e laniteioo of cosang owaarm
2ead scouraicly eativnde the SIpUCEics presrs 1 an
fooa (re snple, wo proporse isiag & conbinsion of
ytical doubragues. o bading Xoray (lsoessconce
w.@ﬂw

specwometry ICPOES). snd warneng
cle o micscogy (SEM)

XY s & moe-denative echeiqee i can rapidly
sadysz the comapostion of & wunple, It cas denect
the elorsents presons n Dhe sanple and wir st
coscarsrations. The lachaages is idesl for

thlu;rd-uunummnwk
auch e xoa, ke, aed siboon

NCPUOES v o roeee sersdive unndyind lechsiger
e can detect race clemcan and dedermine ther
comoermration. This sochnkps involves @esolving
the sample 1ok and then ssaly g the resaking
soldioe uning o plavr source, IOP.OES & licel
for datectag low conocetratems of srguetice, sack
o o compoeids and indboactive sureriah.

SEM is o igh oovedatioe naging foxbrigue Bt
can provick mioneatan on iS¢ morphology aad

mirerakogy of B cunple. This sechoigpe ca help
Idormify the dariborion asd concentration of
guariies n Lhe saxgle and gronide nfiation
on their potcsal boaasds,

To imphoarere fib proposad sysem, we will cadioct
» epreserinine sarpde of the inon one and prepare
it for sy scoording o mdadtry stasdasds. We
will s XRI 20 idernily dw suapw eborwres prosos)
0 e sanphe ond colaraie Beir comeelintann, We
will then wse ICPOES 30 detedt e e konesds o)
detcrmmane therr coscortrations. Frzaly, we will e
SEM e dhorify fw daribion aad morphadogy of
Irpories m the sangle.

SERME RANAL LR N D .

Pt bor Culame 0 o Vs W we owid e
Pt b G 0 A i T wm ol Vaams
P e e b TS el e

POt . TENRS el lbe. B Ny TNy

e R R

Gl Al e e
. e - - muo
19 Dot TINAC i D NN
Y e e TIVAL o il Vlaow
et A ML -l e
Ao s s e sl flaewe
U L T TS My Thew
A e Nu» TENGG A wl e
e Nl ey TANC wee wmil  (lewn
.

.

.

-
=

FOREA0A et 00 A Vw  TIND Mpheih Ve
SO Dlame $  Maw "IVEE s =il N
et bar Dl 8 A View VAN sewowmid Ve
Flamarbas balaan 00 ar Hhas TR ww mid Ve

FSSEE

AT e A sndh e

PO e A et e i S L
Y P s e W1 Lot IS il Vheeo
U Carmies awe W o mol TN we =il Vlaewn
M e Cnlaen W umed AN e il N
LR L o PENRA A wd Yiaewme
B PRI Tt A7 Lt A I e S
"

R Tre Jow el oabe
3 Nllee Coment e T s omid  Neses

P—— Jr BTt

TIN e w Sewae

The proposed sywsorn s wveral advareages over




eanting syveoes. K combises he sonsiiviey wd
ocurany of KOPVOES w i the spond snd sioapdiiny
of XEF, provadinng o compochonise wadysn of e
o oz sergie. Addiinmaly SEM can provake
desdind dmmunion os o potent b haonds
poooaiad wily ieperdies, whach e help asreng
companics ahertify and milgae hese hacasds e
elfocively,

Overad|, Boe proposad sy sest sbam Lo provake o
e aconreke and cfficient axthod of saulyusg
soe ore sergics and edimsding e tmparntes
presers, THis lefoamsthos com B osed by minieg
CORPatics 0 gmose et processes sad e
D hey ere producieg bigh gudity and wic 1om
ore prodisis

Materisdls amd Methods:-
A Samplang ernd preparstion of lron ofe samphe

1) Sarwpling -

A represettalive ooe ere satphe sill be collecial
frowm a2 peine aie uning & sarpling protecod dast
dhere W Indonwy stdands The sweple will e
woliecn] frones e rrmis oee bods ol wdl e of
STt sine B prowalke & repecseniadive Crins
wetom of 1he depostt. The sangpie will be cotleced
b oriplican 1o eaurw repeasdaliny and wiabiley of
o resaks,

2 Preporatan -
The inon ore samaple ol be propwred S sniysis
o standasd The wargie wik

be el 2t 1S b0 rormove any moewviee eoal isce
eruhicdd 103 Mo poradier ssng 3 pow crnder sed »
Pl il The sesaling powider wdl be

Dornogendsod ored sl o Thive equel sebnangpics

I Azadyude of svgnariin s swry vanoen lachisbjass
»x&mm

The XRF szalyusc witl be comnd ok ausg &
Broker 54 Tiger XRF specwonter. The
spextromcicr wil be cakbrdod aurg cortificald
releronce makriabe The ms ove porader will be
pressad o a pellea and aolyasd udeg a bellan
POrge b reisis e oerferonde Dons armosplnns
gues. The major clorcres peosent in e sargic,
st ex moe, ahsrtrrare, svd siboon, will be
adarefied, and ek coscamtrzzinn wib be
edted

23 Indntively conpled plavers optxal craisain
spextronsewy (KCIOENE-

The KCPOES smadysin will be camod ost inerg

Agdent $10 XCPOES spectmamexy The bos o
rosechor widl B Slesaly o b oo ol and Jikmod % 0
sultarle coscoreration for snabnie The
specisomsencr will be caliratad wng certilad

o Rmore warerils, and e ehenres, wch e
e, boad send codrnann. will be detectal and
thar coscarerst s dederminal

) Scaming clocyum macmscops (SN

The SEM arndynm w il be carmed out ining & Zoiss
Merlia Congact SEM. The tvm ore posnder wall be
oo raad 0mo B condactive wheasee el cosnd
wilh i baver of pdd W cvdumnce dhie mge
yealey. The SEM will be operasad ot o bagh voldige
0 achicve bigh-resobsson gy, The
mepbology asd sewrdogy of B sargie, as well
o Uhe dandetiom aend concestamion of sgatiles,
will e akermifind,

C. Dt colbaction snd sadywb-

The data obenised foom the XRF, ICPOFS, and
SEM szalysey will be comptiod seel sty ool ssry
staoenc al wlrwamy, wnch ac oo SAS Descriptive
S, st o eass, sandand deviion. and
raapes. will be cakulaiad Sor cach clemon aad
rrpurey deteciod. Corrclation sradyws will be tned
10 Setormiaw B reliondip bheraseen the major
oo Lo chisrerds i e sargde.

Coeverted 27 cofureem 1o ¥ cokerens i pot betkr
accurscy mthe resak of the exiaing seadel

The data will slun be s b gorcrats maps wrad

irmpes that shon e hamnbusion of sTgrusics s
e armple, These srages cus bo ssad o shoeify
wery poreedidl hadands s aded @ b irsperites,
S ok ompossds or calasctne sueemiab.

fombm-ﬂmwm of the rosalin,
the saahsi mll be sopesded i iriphcase, ol the
reandts will be compurcd and venficd. The dasdad



Ses o and coofickem of vanaton will be

ol elod 1o assess the precivae and repestb ey
of Bz seadin. Ary outhiors of sewersd s will be
mvedigaed and comocied f seccwary .

Orveradl, B materads s mt bk described o S
scttamt s o provake 3 comprebessac asalysis of
3¢ irvn one sampks s8d caterade the arqurdice
prescct. The combinaion of XRF, ICPORS. s
SEM oo ey a comgreherane analyvis of e mos
e samnphe and Con help identify any poertinl
Razands maocaled wih impermica,

Results ;-

A Servecary of Sl -

e srnly i of 1he 1ron ore wmple reveakal the
presence of sevord inpariies, acledng shiva,
Avioe, phogplyec and selfer, The
coscorrulioes of Iheie rrputiies wore foand b be
mithiz die taape comarendy stnenved in ison oo

N Toegurny concemions sl Types -

e concentratem of sdica e the sareple wan Soerd
00 b THA% il fw conoentnton ofF akarona
wis A5% ] suller were passent in
Cosconrathots of 011 md 0 16% respoctinely.

C Comparinos miih wcduary aasdands aes)
regelaions -

e concertratuen of the tgrantes m the yoa o
sarzple 0 induwary ssnchands and
regalaionn. The sesadts shuraed that the
cosconrations of sliva sed alorise were witiin
scceptadle lixnts, whele 1he comertrations of

phospbonn and wlbar were lightly Sigher dun the
recomnendod leveh,

D g be st Sor wrom one adity and ety -

The Sonduogs of this soadys Twve ingonan
wophcataonn For the qual ey and safety of bnon ore.
The prevence of mparsics ie the o can bave 2
sepamve impact on the eficescy of dw et
AR g ponenss, an wellan om the queley of fe
Tinal proshect Be addtiom . Cenan purnines can
oo beahh and salety naks 3o workens in e
mnng and procesing ndadnes. By idertifyiag
oo QRantefly g the NOpUEEIes present in (oo ore,
B stady cun help siniog coempeasics % cptisor
fror processes e opere it dey are prodecng
Blgh-cpudity and s woz o,

The srmdysn of 19 tron ore sample reveaked Lhe
proserce of severad parises. axieding sl
akerere, phogptorss, and valfar. The
COROMTAhons of These wnguriies wore Soand s be

wirhin the menge commondy obacrviod I rom ones.

THinsdon

AL brcrpectatom of resuls -

1]

T restins of ol aaady Indicae that the «om om
sanpic contaar several imparines, ischkad ey sdivca,
whernne, (toopboeas, s salfar, Wik B
cosconiratioes of Baoes Impertiss were Sousd m be
wirhin scooprable Renin, the concentrations of
Phoophorin and sulue weore shightly Righes thos
revoare ke keveds. This saggots thl wenieg
cosyuetes reay aocd ko adpnd ther procouses 1o
nmlu T one nof 1he higheu povshie gealey

l Trepdioations fof iminimg conpunxs -

The Nisdtegs of e amdy have several Implcarons
for maning comapunies. By estifying s
geaniifewg the uMla'mm i ore,
T compazicy can optirsss thar procowes sl
enare thor Swy aw prodecing Sigh-galiey and
safe ivon ore. B sdditon, Bris siady e help
corpuznes bo alanify poteated harand weociacd
Witk impuniics 1 e ore, sech s oo commposrsh
or rakooctive mannals

g.u-amanm.»

Chvwe Benistion of thas saady b that the sample sime
wis relaively sosal While the samphe wan
represcataave of the muen ore body, il ey sot be
fully represeriative of e eote dopuonal. be
addmon the sudysh of 4w arpls was dnked 1o s
fow ey onponties, and other itnperities tht ey
be prescre wore sot sulysod,

). Futare rescorch Sracsonnc-

Future soscech: coutad focas oo espanding e

0 ackade 3 wider cmpe of Imaperites and
» Lo sanple ddoe. Je sddeion, fussher wadios
Comhd invesrigan the posorn ol heakh and safery
rohs peoceiod wilh ipestics 1 o ol
deechg wratogion w otk gase thew rida. Paaldly,
rexeanch cocdd be crecdacud 0 caxplons e
potemtal for king o omanve sechoodogied 1o
et inn foom e oo, which auy be maee
effioest 3nd cevircernentaly mmtsauble.

Conclusion

hmim..l” ared W ovEona e

IPUTOCs peoscnl 11 a8 2OM ore serple sl
MMMM&“Q&
safety of the oee. The azalysd« reveakod dw

Preseoce of soveral lonpuorisie s inciedieg dixe,



Aavers, phosphues and saller, with the
cosconrations of I erpeeies beiang wiehin
soceptadbe limnts, The resudis of this stady oo help
IFUNE COTEMECs W opSrneac Lher proveees asd
eaare 1hat tary sre peockacing Mgk-apuliny and
wfe won e

Future Work

Futire rescarck could focn o capursbey; the
analysin o inchade w Mider tenpe of imperiic )
a larger aanphe cou, be osder 1o obtaks & mon
Compredensive sndersanding of B gadity and
sefety of 1he ore. Fusdier vindics coudd abo
meslizae e potontial beath and sakcry risks
aocated with isspention tn oe o and devalop
sradegaes o g these risks. Addiionally,
reseanch couhl be comdacial Lo caghee the
potental for uaiag alerrative techaclogics &
cximat wos from the one, which sy he xos
eificient and eoniroaare etaly sudanabde. Py,
M Geakegs of this ddy coudd be unad o) forre
e developrnent of new repuliiions aad geidebocs
for the mminmg and peocong of poe orc.
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