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ABSTRACT

Solid mine waste management is a continuous and systematic assessment of the potential
hazards, disposal, and proper utilization of waste produced in a mining company during the
mining and mineral processing stages. In the mining industry, solid mine waste is generated at
every stage of operation and must be disposed of properly. There is a need to understand the
solid mine waste composition in depth and know the extents they cover at a mine. Solid mine
wastes can affect the environment through their intrinsic properties. Therefore, proper
assessment of these solid wastes is essential in waste management. This study was done at
Samruddha Resources Limited Iron Ore Mines in Taita Taveta County, Kenya. The main
objective of this research was to map and determine the environmental pollutants in the solid
mine waste produced during iron ore mining and processing. This was achieved by utilizing
geochemistry, mineralogy, Geographical Information Systems (GIS), and Remote Sensing
techniques. Geochemistry and mineralogy of the solid mine wastes were determined by X-ray
Fluorescence (XRF), X-ray Diffraction (XRD), and Petrographic Analysis. The extent and the
volumes of the solid mine waste were mapped using GIS and Remote Sensing techniques
utilizing the surface volume differencing method and Maximum Likelihood Classification
(MLC) at an accuracy of 74%. XRD studies revealed Magnetite Fe;0, and Hematite Fe, 04
were highest at 29% and 21%, respectively, with subordinate amounts of Quarts and Calcite
in stockpile samples. Quartz concentration was high (43%) in waste dump samples and
Berlinite (33%) and Quartz (31%) in high concentrations in the overburden samples. XRF
studies indicated high amounts of iron in the stockpile (80%) and waste dump (36%). Silica

was in excess of (41%). Potentially toxic elements such as Zinc, Lead, Chromium, Titanium,



Manganese, and Copper were in considerable amounts in all the samples. Petrography analysis
results indicated the major minerals in the solid mine wastes to be magnetite, hematite, and
quartz with traces of mica, feldspar, and biotite and intrusions of pyro garnets and olivine. The
minerals are characterized by a lamellar structure with grains boundaries between individuals
being mutual. It was observed that the solid mine wastes covered an estimated total area of
591,100 M2with a volume of 523,237.11 M3 . This research pointed out pollutants in the solid
mine wastes and the unregulated dumping of solid mine wastes. Therefore, proper solid mine
waste management can be improved by improving mining and processing methods to mitigate

waste and subsequently exploit the value of these wastes.
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CHAPTER ONE

1. INTRODUCTION

1.1. Background Information

Mining is an extractive industry that plays a significant role in world economic development
(Wilson, 2019). Iron ore deposits, which provide raw materials for iron making, are widely
scattered worldwide under diverse geological settings (Festin et al., 2019). Among iron oxides
mined, magnetite and hematite are primary inputs in iron making (Singh et al., 2018). The
consumption of steel globally shows an exponential increase, whereby 98% of iron consumed
globally is used to produce steel products (Roy et al., 2020). Iron ore deposits worldwide are
estimated at 800 billion tons of raw ore containing around 200 billion tonnes (Kuranchie,
2015). The highest iron ore producers are Australia, Brazil, China, and India, producing 70%
of the world, with South Africa the leading iron ore producer in Africa at 4% (U.S. Geological
Survey, 2021). China consumes 25% of all iron ore produced globally, approximately 800
million tonnes (Ericsson et al., 2021). The most significant Africa iron ore consumers are the
United States of America, China, India, and Japan accounting for 80% of total iron ore
produced (U.S. Geological Survey, 2021). According to Ericsson et al. (2021), Kenya's iron
ore exports totaled 7.93 million dollars, and the main market is China. 80% of iron ore
produced in Kenya goes to the export market, whereas the remaining 20% is locally used to

produce cement, pigments, and other chemicals (Cheneket, 2018).

There are three broad stages of mining operations for metallic minerals. The first operation is
the exploitation of a mineral resource or ore deposit to extract minerals from in-situ locations

1



of the earth (Vajda et al., 2016). The second operation is mineral processing, the beneficiation
of the ore dressing process that separates minerals from rock and other fragment materials to
concentrate a mineral of interest (Dauce et al., 2019). The third operation is the metallurgical

extraction process to recover refined products from mineral concentrates (Lottermoser, 2011).

The mining industry is known to cause significant environmental degradation and pollution
(Kakaie et al., 2019). This is due to various wastes produced at the different stages of mining
operations. At active mine sites, mining and mineral processing operations such as drilling,
blasting, crushing, grinding, magnetic or gravity separation, and flotation (Ferreira and Leite,
2015) and metallurgical operations, such as roasting and leaching (Lottermoser, 2011) result
in the generation of gaseous, liquid, and solid miming wastes. During iron ore beneficiation in
the blast furnace, carbon dioxide is produced as waste during the reduction process. Effluent
from processing plants forms the liquid wastes produced, and solid wastes emerge from iron
ore mining and processing, such as dust, sludge, slags, mill scale, and waste rock and soil

(Dutta, 2020).

Iron, an abundant earth element, averages 3% in sedimentary rocks and 8.5 % in gabbro and
basalt, ranking as the fourth most abundant element in the earth's crust (Yellishetty et al.,
2010a). Iron ore occurs as Magnetite (Fe;0,), Goethite (FeO(OH)) , and Hematite (Fe,05)
(Shrimali et al., 2016). Globally, iron ore is a crucial commodity in industrialization that has
been continuously sought through mining (Ferreira and Leite, 2015). In the recent past, iron
ore has been extracted from sedimentary rocks in different parts of the world over a long period

(Lascelles, 2011).



The mining and extraction of iron ores from deposits generate tons of waste, occupying large
tracts of land worldwide (Assawincharoenkij et al., 2017); (Wu et al., 2019)). The wastes
produced during iron ore mining and processing contain various gangue minerals such as
carbonates, hydroxides, silicates, and sulphates (Lottermoser, 2011; (Bastos et al., 2016);

(Assawincharoenkij et al., 2017); (Joseph et al., 2018); (Akoto and Anning, 2021)).

Iron Ore mining activities have been linked and associated with the enrichment of various
chemical elements in soils, water resources contamination, and environmental degradation
(Gleekia, 2016). The minerals' surface area increases during iron processing, increasing and
accelerating chemical weathering and oxidation, mobilizing various metals and contaminants
to the environment (Colburn and Thorntorn, 2014). The dumping of iron tailings poses a
significant risk whereby the increased concentration of these toxic chemical elements in these

wastes end up in the environment (Ochieng et al., 2010).

Mining is also an apparent cause of land cover degradation (Munyao et al., 2012). To eliminate
and possibly mitigate the environmental effects of mining different mineral resources, very
close analysis and evaluation of the degree of hazards and extent based on constant assessment

within a spatial framework are essential (Mwakumanya et al., 2016).

Kenya is well endowed with iron ore deposits (Cheneket, 2018). Bett et al. (2016) opine that
significant iron ore deposits have been found in Tharaka Nithi County at Marimanti, Kitui
County at Ikutha, Homa Bay, and Kishushe area in Taita Taveta County. Mining iron ore in
the Kishushe area of Taita Taveta County has resulted in environmental degradation and
pollution, posing a threat to air and water quality, affecting soil composition, and changing the

land cover due to mining wastes produced (Cheneket, 2018). Moreover, the enrichment of

3



agricultural soils with metal elements and other chemical compounds directly affects the

ecosystem and negatively impacts humans and wildlife (Maranga et al., 2013).

This study was carried out at an iron ore mine operated by Samruddha Resources Kenya
Limited in Kishushe area of Taita Taveta County. This research investigated the environmental
pollutants resulting from iron ore mining and mineral processing at SRKL mine. Thereafter
the extent and the volumes of these solid mine waste were determined. Finally, the
geochemistry and the mineralogy of the solid wastes resulting from mining and processing

operations were determined using analytical techniques.

1.2. Problem Statement

Open-pit mining and mine development operations generate mine wastes such as waste rocks,
spoils, overburden, atmospheric particulate emissions, and mine water (Ferreira and Leite,
2015). Moreover, mineral processing activities produce various processing wastes such as
tailings, stockpiles of low-grade materials, sludge, milling water, and atmospheric emissions

(Meehan, 2012).

The physical and chemical properties of mine wastes might vary owing to the geochemistry of
the iron ore, the size of the crushed mineral particles, materials handling method, drilling and
blasting techniques utilized, and the processing technology used (Amos et al., 2015; Jamieson
etal., 2015; Jelenova et al., 2018). Seventy percent of material handled at active mines is waste
whose geochemical properties are equivalent to the mined ore (Heather E Jamieson, 2011).
Most environmental challenges from mining activities are associated with the capability of

waste to react chemically with water and air (Heather E Jamieson, 2011). The most significant



sulfide minerals produced during iron ore mining include pyrite (FeS,), galena (PbS),
sphalerite (ZnS), and chalcopyrite (CuFeS,) (Wu et al., 2019). According to Nordstrom,
(2011), drainage chemistry is influenced by oxidative reactions of iron sulfide minerals such
as pyrite, which generate acid and various sulfate compounds. Mining activities are one of the
major drivers of land use and land cover changes resulting in large tracts of land being
converted from vegetation covers to open pits, overburden dumps, and wastelands, leading to
biodiversity loss (Khan, 2016). Studies by Basommi et al. (2015) revealed a decrease in
normalized difference vegetation index for a mining area in Wa East in Ghana attributed to the

reduction of vegetation cover.

Therefore, the characterization of solid mine waste produced during iron ore mining and
processing for any mine is critical to predicting and monitoring various environmental impacts
and coming up with remediation plans. This research aims at mapping and characterizing the
solid mine wastes produced during iron ore mining and processing operations at the study

mine.

1.3. Justification of the Study

Overman and Overman (2011) opine those rapid global changes introduce new challenges in
protecting and conserving the environment. Thus, there is a need for scientific data to
understand pollutants from mining wastes that contaminate environmental partitions: soil,

water, and air.

The tendency of solid mine wastes to produce pollutants that affect the environment motivated

this study. According to Jamieson (2011), the characterization of solid mine waste from



various mine sites in Nova Scotia, Canada, utilizing their geochemistry and mineralogical
properties, provided essential knowledge to predict environmental impacts. Mineralogical and
geochemical properties of tailings from a mine in Thailand were evaluated to determine the
potential of acid mine drainage (AMD) and toxic elements to be released into the environment.
Studies done by Finders Mines (2012) on solid mine waste and tailings utilizing geochemical
characterization using the XRF method revealed infiltration of toxic elements into the soil and
water, resulting in acid mine drainage. Kiptarus et al. (2015) performed a characterization on
selected samples of iron ore at Mwingi in Kenya to gain knowledge on their status: their
detailed studies were done using XRD, XRF, AAS, and Petrographic microscopic techniques.
However, the studies on the characterization of various minerals and wastes have limitations.
Rarely is one method enough to deeply characterize minerals in the solid mine wastes in
instances where multiple hosts are present. Various techniques to perform characterization

need to be done at a micrometer scale, usually using analytical methods.

With the increase in Iron ore mining at SRKL Iron Ore Mine, the production of solid mine
wastes has increased immensely. However, there are many studies on these solid mine wastes
produced during iron ore mining and processing. Therefore, this research sought to map the
extents, estimate the volumes, and characterize the solid mine waste produced at the study

mine.



1.4. Research Questions

1. What are the environmental pollutants resulting from iron ore mining and processing at

SRKL mine?

2. What are the extents and volume of solid mine waste at SRKL mine?

3. What are the geochemistry and mineralogical properties of solid mine waste at SRKL mine?

1.5. Objectives of the Study

1.5.1. General Objective

The overall objective is to determine the environmental pollutants in solid mining wastes
generated from iron ore mining and processing at Samruddha Resources Kenya Limited Iron

Ore Mine, Kishushe in Taita Taveta County.

1.5.2. Specific Objectives

1. To establish the environmental pollutants from iron ore mining and processing
operations at Samruddha Resources Kenya Limited Iron Ore Mine.

2. To quantify the extent and the volume of solid mine wastes generated from iron ore
mining and processing activities at the study mine.

3. Todetermine the geochemistry and mineralogy of the solid mine wastes from the study

mine.



1.6. Scope and Limitations of the Study

This research mainly focused on mapping and characterizing solid mine wastes produced
during iron ore mining and processing at the Samruddha Resources Kenya Limited Iron Ore
Mine (SRKL). The mine is located in Kishushe Area, Wundanyi Sub County. This research
aimed to determine the areal extents, volume estimates, geochemistry, and mineralogy of these

solid mine wastes.

Due to the unavailability of resources, dust and water samples were not sampled for analysis.

Only solid mine wastes were considered in this research.



CHAPTER TWO

2. LITERATURE REVIEW

This chapter contains literature that is pertinent to this research. It gives a perspective of iron
ore mining globally and locally, including the wastes that are likely to be produced during the
mining and processing of the iron ore. Finally, it presents various analytical methods that have
been used to determine both the elemental composition and the structure of the elements
present in the waste. Additional areas covered in this section include various GIS and Remote

Sensing methods used to quantify the areal extents and volumes of stockpiles.

2.1. Global and Local Iron Ore Deposits

Iron ores are rocks and minerals from which iron is economically extracted (Kuranchie, 2015).
These ores are usually rich in iron oxide and vary in color from rusty red, deep purple, and
dark grey and are generally found in the form of goethite, magnetite, and or hematite.
(Yellishetty et al., 2010b). Iron ores mainly occur as magmatic and banded iron formations
consisting of alternating layers of iron oxides and iron-poor chert (Bett et al., 2014). Iron ore
consumed in the steel industry needs to have more than 60% iron content, whereas those with
less concentration need to be beneficiated (Dutta, 2020). The most mined iron ore globally is
magnetite, currently mined extensively in Brazil and China providing raw materials for iron-
ore industries majorly in Australia (Mohr et al., 2015). Notable iron ore deposits are present in
Chile formed from volcanic flows with significant phenocrysts and some alluvially
accumulated deposits (Sadeghi et al., 2015). With notable exceptions of countries such as

Brazil and Australia, most iron ore produced by the other countries are low grade and requires



to be beneficiated to be usable (Kuranchie, 2015). China is the world-leading producer and
consumer of iron ore at 19% in a market that is not well fulfilled, thereby creating a high
demand for iron ore globally (National Minerals Information Center, 2017). In Kenya,
intensive exploration of iron ore is taking place, with active mining of iron ore being done on
large and small scales at Kishushe and lkutha (Kiptarus et al., 2015). Iron ore deposits have
been discovered in various places, with viable economic deposits existing as alluvial deposits
and banded iron formations (Bett et al., 2014). However, the Iron ore deposits at Taita Taveta
County are associated with the geological zone rich in industrial minerals, the Mozambique
Belt (Bett et al., 2016). The iron ore deposits found at Kishushe, Taita Taveta County, are
mainly magnetite and hematite, occurring as magmatic intrusive and alluvial deposits

(Maranga et al., 2013).

2.2. lron Ore in Kishushe

The iron ore mined by SRKL in Kishushe is a medium grade (<65% Fe) deposit, which occurs
basically in two forms, alluvial deposits and reef form (G. Bett et al., 2014). The alluvial
deposits result from collisional tectonics, including uplifting, shearing, folding, and brecciation
(Peter et al., 2015). As a result of large forces due to tectonics, the iron ore-rich veins were
fragmented, creating the brecciated segments on the mineral veins, and iron ore upthrowing

resulted in the alluvial deposit of iron ores (Peter et al., 2015).

2.3. Waste Generated from the Mining Life Cycle

Different phases define any mining project (Ferreira and Leite, 2015). The stages include

minerals prospecting, exploration, mine development, mineral exploitation, and mine
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reclamation (Vajda et al., 2016). Mineral prospecting and exploration are usually combined as
related precursor phases to actual mining (Vajda et al., 2016). Likewise, mine development
and minerals exploitation phases are closely related and constitute the actual mining of
minerals (Vajda et al., 2016). Mining activities in the various phases significantly contribute
to the production of solid mine wastes (Lottermoser, 2003). If not well managed, these may
result in various environmental degradation (Lottermoser, 2003). Thus, reclamation is a post-
closure phase after the mine life where the degraded land is restored to a natural and
economically usable state (Mwakumanya et al., 2016). Each of the mining phases is associated

with waste production and may result in environmental impacts.

The method used during prospecting may favorably contribute to waste production. During
mineral exploration, the ecosystem is altered, water and soil are polluted, and emission of

various gasses are released into the atmosphere (Harraz, 2009).

During mine development, various wastes from overburden stripping are produced. Air quality
is also compromised by the release of particulate matter and toxic gases during blasting

operations and fuel combustion in mining machinery.

At the exploitation stage, characteristics of the mineral deposit and constraints of technology,
safety, economics, and environmental concerns determine the most appropriate mining method
(Harraz, 2009). The main mining methods utilized in extracting minerals are surface, including
mechanical excavation using an open cast, and underground mining methods (Groves and
Santosh, 2015). Environmental impacts from mineral exploitation include contamination from

mining waste, fuel combustion emissions, sound pollution from drilling and blasting
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explosions, transportation, and mineral processing. Chemical contaminants are leached from

the mining wastes and affect the soil and water resources.

Reclamation is the final phase of mining where a mine is decommissioned, closed, mined areas
recontoured and revegetated, and the water quality restored. This important mining phase
requires careful pre-planning before mining operations commence (Bassi, 2015). Solid waste
from opencast mines is treated and restored, recontoured, and various drainage control

measures and landscaping (Geelani et al., 2016).

2.4. Iron Ore Mining and Processing

Iron ore is mined almost exclusively using surface operations, with the surface mining methods
predominantly being open pit and open cut mining methods (Festin et al., 2019). However,
there are also various cases of iron mining utilizing underground mining methods (Maranga et
al., 2013). Either the proximity of the ore body and geology is one of the ways the decision to

use underground or surface mining method is reached (Lindsay et al., 2015).

Surface mining methods are designed to extract minerals from the surface where the
overburden is removed to expose the ore deposit sought (Peter et al., 2015). The ore is mined
progressively in open pits along with benches (Sikaundi, 2015). Depending on the hardness of
the ore, drilling and blasting may be done. Following drilling and blasting, the fractured ore
is loaded by front-end loaders onto large dumper trucks for further processing. The open pits
in the surface mines are gradually enlarged until the ore is exhausted or until the stripping ratio

changes (Overman, 2011). When the situation happens, the mines with depleted resources may
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be abandoned or converted to landfills, where solid waste from the mine is disposed of

(Suleman and Baffoe, 2017).

The high impacts of surface mining methods on the environment make it debatable and
controversial due to the massive amounts of mine waste produced. There are evident issues of
biodiversity loss, land degradation, and various pollution forms, including soils and water

Sources.

2.4.1. Ore Extraction

After the overburden has been removed, mineral extraction begins using various mechanical
equipment that hauls and transports the ore to the processing plants. Considerable amounts of
solid waste are generated during this process. During this process, various felt environmental
impacts such as particulate matter emissions and environmental pollution should be carefully

evaluated and assessed (Liu et al., 2019).

2.4.2. Ore Beneficiation

Though the ores contain high levels of required mineral metals, a large quantity of waste is
generated. Most ores, such as copper, have a tiny percentage of the metal needed in the ore,
requiring careful separation of the small amounts of the wanted metal from the unwanted
metallic or non-metallic material (Liu et al., 2019). Beneficiation, where ore is reduced in size

and gangue separated from the ore, does this (Rea et al., 2015).

Milling is one of the most common methods utilized in beneficiation though it is very costly

(Ferreira and Leite, 2015). However, contaminants are released and become tailings.
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Beneficiation includes physicochemical techniques such as; magnetic separation, electrostatic
separation, chemical separation, leaching, flotation, amalgamation, and precipitation (Chen et
al., 2015). Various waste generated from these methods include tailings, waste rock dumps,

dump leach, and heap leaches (Wei et al., 2018).

2.5. Iron Ore Processing Methods

Iron ore processing mainly depends on the optimum product and the type of runoff mine ore
feed (Sarvamangala et al., 2012). For high flaky ores and iron dust, dry screening into fines
and lumps are utilized because if wet processing was used, and good quality iron minerals are
rejected in the form of slime (Sarvamangala et al., 2012). Dry screening also allows for
sintering at a later stage in processing, which is a crucial advantage (Sarvamangala et al.,

2012).

Iron ores have gangue materials that adhere strictly to the valuable minerals to be subjected to

classification or wet screening, as shown in Figure 2-1. This separation produces waste.
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Figure 2-1: Wet screening
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Dry screening shown in Figure 2-2 is also utilized for ores directly mined from the mine pit

and benches (Sarvamangala et al., 2012).

Iron ore

\ 4

Crushing

A 4

Dry screening

Fines Lumps

Figure 2-2: Dry screening

Dry screening contributes mainly to most of the mine wastes and harmful emissions in the

form of solid wastes, dust, and particulate matter.

For iron ore to be further processed or used in blast furnaces, the ores should be grades above
65% of iron (Maranga et al., 2013). The resulting ore grades of iron ore below 65% are usually
upgraded and beneficiated to maximally achieve the desired grade to produce very standard
products (Krumbein, 2016). During both wet and dry screening, different processes produce

wastes, which have become an enormous menace to the environment due to waste produced.

2.6. Mining and Exploitation of Minerals in Kenya

Ores and minerals play a significant role in the economic stability of the world (Muwanguzi
et al., 2012). Specifically, iron ranks first among the metals in worldwide consumption
(Maranga et al., 2013). There is a need for industrialization in Kenya as stipulated in the Vision
2030, sustainable development goals (SDGs), and the recently adopted Big Four Agenda
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(Government of Kenya - GoK, 2019). The extractives sector contributes approximately 1% to
Kenya's GDP, with base metals taking the lion's share; however, with the increase in
exploration of minerals such as iron ore and rare earth metals, this is estimated to grow as
much as 10% (IHRB, 2019). Although industrialization plays a key and strategic role in all
countries' economic development, these industries pose a significant threat to the environment
in terms of emissions and pollution. Mineral ores require extraction and processing to separate

them from other gangue minerals and impurities (Bett et al., 2014).

SRKL operates the mine that Wanjala Mining Company Limited previously owned (Bett,
2018). After clearing the vegetation and removing the overburden, the deposit is blasted and
hauled to the processing plant. The blasted ore is then introduced into a jaw crusher through a
hopper. The jaw crusher reduces the iron ore to sizes less than 100 millimeters, fed to the
vibrating screen. The 10 mm to O mm iron ores are conveyed directly to the magnetic
separators. Iron ores above 50 mm ores are fed into the cone crusher, while ores less than 10
mm in size are separated magnetically using magnetic drums where iron ore fines are collected
(Maranga et al., 2013). Highly magnetic iron ore is transported to the port of Mombasa for
export. The non-magnetic rocks (mainly quartz and calcite) are dumped as waste. The iron
ore fines are stockpiled near the processing plant (Cheneket, 2018). During the iron ore

beneficiation cycle, the non-magnetic fines and boulders are moved to waste dumps.

2.7. Mine Wastes

Mine wastes constitute the largest percentage of waste produced by various industrial activities
(Lottermoser, 2011). Mining wastes are sub-economic materials containing low cutoff grades
or no ore mineral in mining and mineral processing operations.
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Mining operations, metallurgical extractions, and mineral processing produce solid wastes.
These may be generated in different processes during mining, mineral processing, and

metallurgical operations, as shown in Figure 2-3.
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Figure 2-3: Waste stream in mining industry

During open pit mining and development, various mine wastes such as waste rocks, spoils,
overburden, atmospheric emissions, and mine water may be generated. Mineral processing
activities produce various processing wastes such as tailings, stockpiles of lower grade
materials, sludges, milling water, and emissions. Consequently, metallurgical wastes such as
leached ores, processing water, emissions, flue dust, and roasted ores may be produced during

the last phase of metallurgical operations.
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The chemical and physical characteristics of mine wastes may vary in relation to the
geochemistry and mineralogy of the resource, the size of the crushed mineral particles,
processing chemicals, materials handling method, method and type of blasting techniques

utilized, and the processing technology used.

2.8. Characterization of lron Ores

Iron oxide ores are the primary source of most iron, whereas some ores are a mixture of various

minerals rich in iron (Aznar-Sanchez et al., 2018).

Characterization of ores includes but is not limited to the quantity, grade, quality, densities,
shape, mineralogy, and physical and chemical properties. Muwanguzi et al. (2012) highlight
that it is crucial to understand an ore or mineral's main inherent properties and composition as
they determine their behavior during processing. Furthermore, the characteristics of minerals
also often determine the economic aspect of commercial exploitation and processing of
deposits. Significantly, the characterization of the ores differs from the location of the deposits.
Three broad types of oxidic iron ores occur naturally, dependent on the concentration of iron
and oxygen in the given compound. The types are as follows

I.  Iron Il oxide (FeO) — its mineral ore form is known as wustite

ii.  Iron Il oxide (Fe, 03 ) - naturally, as the mineral hematite

iii. ~ Iron I, Il oxide (Fe30,4) — its mineral form is called magnetite

18



2.9. Analytical Techniques

2.9.1. Geochemistry and Mineralogy Techniques

Geochemistry and mineralogy techniques utilizing methods such as atomic absorption
spectrometry, optical petrography, X-Ray Fluorescence, X-ray diffractometry, and scanning
electron microscopy with energy dispersive spectroscopy are used to assess and determine
solid waste characteristics (Roller, 2011; Assawincharoenkij et al., 2017; Aznar-Sanchez et

al., 2018; Modabberi, 2018)

The X-ray diffraction (XRD) is used to evaluate and analyze powdered solid materials through
a diffraction pattern developed after electrons oscillate in the alternating electromagnetic field
of the same frequency in the field. The diffracted beam composed of scattered rays that
reinforce one another plays the role of analyzing the elements in a sample (Roller, 2011). XRD
analysis was done to analyze the structure of the samples to give the mineralogical constituents
in the samples. An X-ray fluorescence (XRF) spectrometer is an x-ray instrument used for
non-destructive chemical analyses of minerals, rocks, or sediments working on wavelength-

dispersive spectroscopic principles (Brouwer, 2010).

2.9.2. Mine Wastes Geochemistry and Mineralogy

Large volumes of solid waste and mine tailings are dumped at the mine site (Jamieson, 2011).
Prediction and determination of the environmental impacts of these mine wastes require an in-
depth understanding of the characteristics of the material (Jamieson, 2011). Studies were done
at a Gold mine in Thailand by Assawincharoenkij et al. (2017) in mine waste characterization

using XRF. XRD analysis revealed the crystalline structure of the minerals present in the solid
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waste had the potential to generate acid mine drainage (AMD). According to Nordstrom
(2011), drainage chemistry results from iron sulfide minerals oxidation such as pyrite, whose
reaction generates acidity and various sulfates to release metal elements such as Copper,
Cadmium, Lead, and Zinc. Nordstrom (2011) further explained that carbonate minerals
neutralize the drainage, but toxic elements such as selenium and arsenic may be available in

very high amounts.

Mineralogy and XRF analysis done on waste samples at Muteh Gold Deposit in Iran to
investigate mineralogical and geochemical characteristics of waste revealed high
concentrations of Zinc & Copper and high amounts of pyrite minerals that were an

environmental concern (Modabberi, 2018).

Geochemistry and mineralogical studies done at a metal mine in Mexico revealed that
mobility of the chemical elements in the mineral grains and redox reactions on the waste

contributed production of environmental pollutants (Carrillo-Chavez et al., 2014).

Characterization of iron ore tailings using optical petrography at an iron ore mine in Brazil
revealed hematite to be the dominant mineral existing as a lamellar and granular structure

where kaolinite and amphibolite minerals were identified (Dauce et al., 2019).

Chemical and mineralogy properties of mine waste and leachate in a sulfide ore mine waste
were studied by optical petrography and XRF and revealed the presence of secondary minerals
consisting of goethite with sulfur Copper and Zinc compounds that included their oxides and

hydroxides (Yang et al., 2015).
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2.10. GIS and Remote Sensing Techniques

GIS and Remote Sensing methods have been used during various mining stages (Rwanga and
Ndambuki, 2017). Mining, mineral exploration, and mineral extraction are spatial, covering
large land spans in geographical space (Blachowski, 2015). Mining engineers require access
to the reserves and volume of location-based information during mineral exploitation to guide
the mining operation. Given the frequency in data collection for volumetric calculation and
considering accuracy and safety, there is a need to employ Geographic information systems
(GI1S) and remote sensing techniques for areal changes and volume calculation (Rahman et
al., 2017). This enhances efficiency in production, planning, and materials handling during

mining operations.

2.10.1. Volumes and Areal Extent Estimate of Solid Waste Dumps using GIS and Remote

Sensing Methods

GIS and Remote Sensing technology plays a crucial part in mining and has vast applications,
including mineral predictive mapping, area calculation using land use and land cover
classification (LULC) methods, and volume measurements (Rahman et al., 2017). Various
Remote Sensing and GIS software are used to stitch together, and process geotagged
photographs and remotely sensed images with high overlap captured from multiple angles for
various applications such as waste dump mapping (Tucci et al., 2019). This photogrammetry
software creates dense cloud points in 3D, and the result after processing is a rasterized 3D

model that can be used for high accuracy volumetric calculations (Sang, 2020).
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The Maximum Likelihood Classification (MLC) method utilizing machine learning has
become popular in the recent past in identifying various land use and land cover classes at a
higher accuracy (Verma et al., 2020). The statistics of these classes play a significant role in
area calculation (Jamali, 2019). Land use and land cover are spatial-temporal and crucial in
determining where various mine wastes are dumped. Land use and land cover (LULC) class
area calculations have become vital in the current sustainability and environmental monitoring
tools (Hosseini et al., 2019). Remotely sensed data, GIS, and Remote sensing techniques are
used to detect land use and land cover classes whose classes are statistically computed to give
the exact areas of specific classes (Hosseini et al., 2019). Accuracy is essential and needs
apparent understating and due diligence in selecting and validating the classes and algorithms

(Verma et al., 2020).

GIS and Remote sensing can be used to successfully estimate the volumes and extent of solid
waste produced due to mining. This is done by utilizing various methods such as land per pixel
computation statistics in classification dynamics (Robertson and King, 2011) to estimate the
areas of the solid waste dumped. This uses remote sensing methods and involves classifying
the remotely sensed image (Siljander et al., 2019). The surface differencing method in ArcGIS

is used to estimate volumes from created 3D surfaces (Alrashidi, 2016).

Studies done by Orimoloye and Ololade (2020) at a Gold Mining Area using GIS and Remote
Sensing revealed high par pixel areas for tailings dumped, which have increased due to
increased operations between the year 1984 and 2019. Weighted overlay and par pixel
computation methods done at Damang Mine in Ghana revealed the areas in Km? which were

suitable for waste dumping (Suleman and Baffoe, 2017).
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GIS has been used to quantify volumes and amounts of ore and waste in mines, including
reserves estimation (Choi et al., 2020). GIS and Remote sensing has also been used to estimate

the areas where rehabilitation activities are to occur for planning purposes (Choi et al., 2020).

UAYV technology which utilizes geographical information systems and remote sensing plays a
crucial part in mining and has been used in volume measurements (Rhodes, 2017). The
volumes calculated and the extent generated play a vital part in the decision support to the

design of tailings dams and waste dumps (Yilmaz, 2010).

The accuracy of volumetric calculations depends on the object size in question, resolution, the
quality of the images, the operator's measurement ability, and the ground control points (Raeva
et al., 2016). According to Raeva et al. (2016), mining engineering legislation outlines that
volume calculations should present accuracy of +3% of the whole amount. A study done by
Rhodes (2017) showed a 2.5% increase in the volume estimated compared to what was hauled
while assessing the accuracy of estimating stockpile volumes using GIS and Remote Sensing

Methods.

ArcGIS Model Builder has been widely used to automate volume computation processes
(Raju, 2020). This comes in handy due to the many iterations for each class under consideration
for the volume computation. Raju (2020) highlights that automating processes and workflows

in ArcGIS Model Builder has proven effective time management and improve user accuracy.
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CHAPTER THREE

3. METHODOLOGY

This Chapter presents the procedures undertaken to investigate environmental pollution in the
Kishushe area due to iron ore mining and processing operations. Both desktop research and
site investigation techniques were used. The study mine is an iron ore mine operated by

Samruddha Resources Kenya Limited Iron Ore Mine, in this study referred to as SRKL Mine.

3.1. Study Area

This study was conducted within the iron ore mining area in Kishushe region, Wundanyi Sub-
County, Taita Taveta County, Kenya. The site lies within the Mozambique Belt, which is rich
in industrial minerals and gemstones (Mwakumanya et al., 2016). The area is approximately
450 km southeast of Nairobi and 250 km northwest of Mombasa, at between 3.1° S and 3.3°

Sand 38.1° E and 38.3° E, as shown in Figure 3-1.

Small-scale iron ore mining began in 1972; however, large-scale exploration commenced in
1997 by Wanjala Mining Company (Madini, 2013; Muriuki, 2020). From 2000 to 2018, the
Wanjala Mining Company operated and managed an iron ore mine covering 30 km? at Oza
Ranch, a community wildlife conservation area in the Kishushe Area. The ore was exported
to countries mainly in Asia and sold locally in cement manufacturing (Mwandawiro, 2011;
Cheneket, 2018a). Also, artisanal iron ore mining is also reported in the Kishushe area
(Mwandawiro, 2011). Samruddha Resources Kenya Limited (SRKL) currently operates and

manages the mine, semi-processes the iron ore before exportation, and performs mining
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explorations. Mining is done in subdivided blocks or cadastral units of 0.21 km2as specified

by the Mining Act 2016 (Government of Kenya - GoK, 2016).

The SRKL Mine neighbors Tsavo National Park on the east and farmlands on the west. The
primary land use and land cover changes have been attributed to the agricultural and mining

activities in the area.

r

R

9642000

Samruddha Resources Mine Limited

9636000
1
1
1
L§

Taita Taveta Caunty

9630000

Legend T T T T T
[ undonyi &b Gouny 405000 412000 419000 426000 433000
; Km
3 Mine Area o 12 ”

Figure 3-1: Map of the study area
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3.1.1. Methodology Workflow

The first part is the workflow to determine the environmental pollutants due to the mining and
processing of iron ore at SRKL mine. Secondly, the workflow for quantification of the areal
extents and volumes of solid mine wastes at the study mine and finally, the analytical
techniques that helped determine the geochemistry and the mineralogical properties of the

solid mine waste at the SRKL mine. The complete workflow is presented in Figure 3-2.
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Figure 3-2: Complete workflow
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3.2. Determination of Environmental Pollutants due to Iron Ore Mining and
Processing Operations at the Samruddha Resources Kenya Limited Iron Ore

Mine

3.2.1. Identification of Solid Iron Ore Mining Wastes

The systematic literature review (SLR) method, a desktop research method commonly used in
environmental studies (Mengist & Soromessa, 2020), was used in this study to establish
potential solid wastes generated from iron ore mining and processing operations at the SRKL
mine. Information about solid wastes from iron ore mining was extracted from the published
literature. Figure 3-3 summarizes the steps to carry out the SLR that helped identify all related
published reports that fit the inclusion criteria used. The procedure assisted in minimizing bias
during searching, synthesizing, identifying, analyzing, and summarizing scientific reports on

solid mining wastes.

A research design protocol was set for desktop research objectives by developing the under-

listed refined research questions.

I.  What is the geology of the Kishushe region?

ii.  Which iron ore mining methods are used at the SRKL Mine?
iii.  What types of solid wastes are generated from iron ore mining and processing

activities?

iv.  Are the solid mining wastes potential environmental pollutants in Kishushe region?
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v.  What are the environmental effects of iron ore mining and processing operations in

Kishushe region?

Setting Research Protocol

Searching

Appraisal

Synthesis

Report Findings

Study Finding

Figure 3-3: Flowsheet for systematic literature review

Appropriate search strings were used to identify relevant published scientific reports in the
subjects under investigation in renowned databases, especially Elsevier Science Direct

(Mengist & Soromessa, 2020) and Google Scholar (Hoseth, 2011). The search strings included

the following; "geology of Kishushe," "iron ore geology,” "iron ore mining,

mining in

Kishushe,” "iron ore mining methods," "iron ore mining waste,

mining and processing
waste," and "environmental effects of iron ore mining." Inclusion and exclusion criteria were

developed and applied during the search (Table 3-1).
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Table 3-1: Search criteria

Criteria Decision

1. Predefined keywords exist as whole or in title, keyword, or abstract  Include

2. Did the paper publish in a peer-reviewed journal? Include
3. Is the paper written in English? Include
4. The article addressed the mining of iron ore? Include
5. Duplicate papers? Exclude
6. Do the papers address at least one set objective? Include
7. Papers, not original research Exclude
8. Papers not downloadable Exclude
9. Research not carried out in Kenya Include
10. Research not carried in Taita Taveta County Include
11. Papers that got published before 2000 Exclude

The extracted published scientific reports were appraised based on the research protocol and

search criteria set to determine the quality of relevant information needed.

a. Data Organization and Analysis

The data on the geology, mining methods, the type of solid mining waste, mining waste
pollution potential, and their effects on the environment in Kishushe region was extracted from
the appraised papers. All the data collated was organized in a tabular format (In MS Excel

spreadsheet), exported, and statistically analyzed using SPSS Statistics Software. The findings
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were presented in graphical and tabular form. The criteria used for the selection of articles

were as shown in Table 3-2.

The general screening process and the systematic flow of selecting literature relevant to the
study objective were presented in Figure 4-1. In the initial stage, scientific publication records
were found; (2,526 from Google scholar, i.e., using the general search technique, and 1,253
from science directly applying various filters). After filtering further by applying various
approaches and exclusions, only 17 articles remained for main body skim-reading; 14 papers
were downloaded for further reading and analysis. Information was then summarized to
develop the three main environmental pollutants (solid mine waste) resulting from iron ore

mining and processing at SRKL Mine.

Table 3-2: article selection criteria

Criteria Categories Considered Justification

1. Publication Between 2000 and 2020 Before 2000 were discarded

Year
2. Study Site County: Taita Taveta Outside Taita Taveta Count was discarded
3. Data Sources 1. Primary 1. Field data from the field
2. Secondary 2. Data obtained from other sources
4. Method 1. Expert Studies involving geologists, mining engineers,
knowledge environmental studies, etc. were relied on
2. Investigations
3. Lab analysis
5. Assessment 1. Quantification Studied involving iron ore in Kishushe for these
2. Qualification categories
3. Mapping
4. Combined
Studies
6. No of the set In number At least one
objectives
assessed
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b. Environmental Survey in the Iron Ore Mining Site

A reconnaissance visit was carried out at the Kishushe area to establish the iron ore mining
activities and management of solid mining waste in the study area. Because of the rugged
terrain and the lack of a study site map to identify the access routes, the study area was
traversed on foot and using a motorcycle. The information collected during the survey included
geological features, iron ore mining pits and processing methods, and solid mining waste
dumps, and iron ore stockpiles. Several dumps and stockpiles around the mine were
investigated and marked as areas of interest for subsequent sampling using a geographic
information system (GPS) mapping method. A GPS gadget (Garmin Oregon 750) was used to
collect coordinate points of the solid mining wastes dumps and stockpiles. A geological
hammer was used to assist in splitting and breaking rocky samples to distinguish features for

structural geology, including rock types, rock formation, lineation, dip, and ore strikes.

Every waypoint was recorded using a unique label to denote the type and location of the solid
mining waste dump or stockpile. The wastes dump, stockpiles, and overburden solid wastes
were denoted as WD, SPn, and OBy, respectively, where n is the number of locations from 1,
2, 3, .... n where solid mining waste was disposed of around the SRKL Mine. The GPS
coordinates of the four corners of the study area were collected and recorded to compute the
study area in cubic meters. The coordinates were used to develop a map of the study area
showing the locations where solid mining wastes were dumped using ArcGIS Software,

Version 10.8 on Dell Inspiron 3693 laptop.
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3.3. Quantification of the Extent and Volume of Solid Mine Wastes from

Samruddha Resources Kenya Limited Mine

In this study, the data on the extent and volume of solid mine waste dumps were estimated
using GIS and Remote sensing Methods. All workflows for extent and volume quantification

at SRKL were performed using ArcGIS Software, Version 10.8 on Dell Inspiron 3693 laptop.

3.3.1. Data Extraction

The data used to quantify the extent and volume of solid mine wastes were extracted from
open-access satellite remotely sensed images and global positioning system (GPS) coordinates.
One Sentinel 2 Level 2A satellite image without cloud cover was obtained in January 2019
from the USGS (http://glovis.usgs.gov). The image path and row were 167 and 062,
respectively, with a 10-meter spatial resolution for Sentinel 2 image
(S2B_MSIL1C_20190928T072659_N0208_R049 T37MDS_20190928T101523). The global
positioning system (GPS) coordinates were picked for reference as control points using Google

Earth Pro software version 7.3.2.5776.

The Keyhole Markup Language (KML) data were created, which contained the planar
information for (X, Y)- coordinates and displayed the elevation profile shown in Figure 3-4
to determine the highest and lowest points. The KML data was exported to a GPS Visualizer
Software (GPSV 2019 version), where the (Z)- coordinate, a component for altitude, was
added and finally converted to Global Exchange Format (GPX) and stored in a file geodatabase

in ArcGIS ArcCatalog.
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Figure 3-4: Elevation profile of iron ore stockpile in google earth

3.3.2. Data Processing

A data processing workflow for areal extents quantification, as shown in Figure 3-5, was
developed and used. The Sentinel-2 Data was processed to the Bottom of Atmosphere
Reflectance data, corrected from variances caused by the sun angle, and georeferenced. The
information was deduced in detail using only the 10 m spatial resolution bands of Blue, Red,
Green (RGB), and Near Infrared (NIR). The data were stacked, and different RGB

combinations were used to display relevant information with clarity.

Sentinel — 2 Image
for Year 2020

I

Data Pre — Processing:

Atmospheric Corrections, Stacking.
Sub — Setting and masking

Creation of Training Areas
Classification ‘Waste Extents
Maximum Likelihood Quantification
Classification

Accuracy Assessment

Figure 3-5: Data processing workflow
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a. Creation of Training Areas

Training sites were collected from the study site using a global positioning system (GPS).
Additional training sites were generated remotely from Google Earth. A classification scheme
was developed based on the knowledge of the area and the classes of interest. Solid mine
wastes were a priority; in this case, therefore, four classes were created, namely: iron ore

stockpile, waste dumps, overburden dumps, cleared ground, and opencast pits
b. Classification and Accuracy Assessment

One hundred (100) random data points were created using the ‘create random points’ tools in
the resampling toolbox. These data were used in the supervised classification of the four
classes of solid mine waste created in Section 3.2.2.1. The Maximum Likelihood Classifier
tool was used to classify the raster images into iron ore stockpiles, waste dumps, and
overburden dumps. The accuracy of the classification was assessed using Kappa statistics. A
confusion matrix was developed to determine the commission and omission errors resulting
from the classification. Cohen's Kappa was statistically computed as par Equation 3-1 (Verma
et al., 2020).

K = N Yi1Xii=Yi=1-Xi+*Xx+1) Equation 3-1
NZ-¥T_; (xiiXx+1)

Where; K = Cohen's Kappa, r = number of rows and columns in the error matrix, N = total
number of pixels overserved, X;; = observations in row i and column i, X;, = marginal total of

row i, X + i = marginal sum of column i
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The classification was categorized (Landis & Koch, (1977) based on Kappa values with a
moderate to almost perfect strength of agreement following reported ratings as shown in Table

3-3 (Rwanga & Ndambuki, 2017).

. Table 3-3: Rating criteria of kappa statistics

S/No Kappa Statistics Strength of Agreement
1 <0.00 Poor
2 0.00-0.20 Slight
3 0.21-0.40 Fair
4 0.41-0.60 Moderate
5 0.61-0.80 Substantial
6 0.81-1.00 Almost perfect

3.3.3. Solid Mine Waste Extents Mapping

The extent of solid mine waste in each class was delineated and mapped. A statistic of each
class's coverage per pixel was extracted and data compiled in a Microsoft Excel (MS Excel)
spreadsheet. Similar class areas were combined using the statistical computation method in

Microsoft Excel 2019.

3.3.4. Waste Volume Quantification

Figure 3-6 shows that the volume computation process was automated in the ArcGIS model
builder and py script. The data inputs (solid mine waste gpx point clouds), represented by a
blue-filled object (Figure 3.5), were exported to ArcGIS Software. The automation was run

stepwise through geoprocessing tools, namely the Feature creation, TIN Creation,
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Rasterization, and Volume Computation, represented by Yellow-filled objects as shown in

Figure 3-5.

First, the GPX data (refer to Section 3.2.1) were converted to feature classes. Second, a
triangulated irregular network (TIN) was created from the feature class. Finally, the TIN was
rasterized and georeferenced to estimate the volume in (m3) after running the surface volume
tool in the 3D analyst toolbox. The maximum and the minimum height of the solid mine waste
piles and dumps were derived from Google Earth and set during volume computation to give

a 3-D volume estimation and enhance the estimate's accuracy.

GPX To Features

!

N
Create TIN

TIN to Raster

£
N

Surface Volume

Figure 3-6: Model for volume computation
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3.4. Determination of the Geochemistry and Mineralogy of Solid Mine Wastes

from the Study Mine

3.4.1. Collection of Samples
Representative samples of solid mine wastes were collected from the following;

1. Overburden materials near the open pit,
2. Waste dumps from blasting operations and waste rocks
3. Stockpiles of iron ore fines/dust resulting from size reduction processes, especially

grinding and crushing the extracted iron ore.

A stratified sampling method was used, with twelve sampling locations identified at the study
site. In each location, three samples were collected to allow replication and representation with
the number of increments determined according to International Standard Organization (1ISO)

3082 (ISO, 2017), as illustrated in Figure 3-7.

Sampling pits were dug using a hand mattock to depths of 50 cm. The sample materials were
collected, placed in Khaki bags, and weighed using a PCE-BS 3000 digital balance. All
samples were uniquely labelled based on their origin to distinguish them. For instance, samples
from the iron ore stockpile, waste dump, and overburden were labelled as SPx, WDx, and OBX,
where x is the number of samples collected. Table 3-4 summarises the details of the samples
collected. Figure 3-8 shows the map developed to show where the samples were collected at

the study mining site.
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Figure 3-7: Stratified sampling design

The samples were temporarily stored under shade for less than 12 hours before transportation
to the laboratory for analysis. All the geochemical and mineralogy properties of the solid
mining wastes were characterized in the laboratories based at the Ministry of Mining and

Petroleum, Madini House, Nairobi, Kenya.
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Overburden

Stockpile

2= Solid Waste Dump

Figure 3-8: Location where samples were collected. Source: image; (google earth)

Table 3-4: Summary of samples collected

Solid Mine Waste Sample Mass (g) Coordinates

Samples Identity

Stockpile SP1 600 3°15'5.46"S 38°10'34.44"E
SP2 3°15'3.93"S 38°10'36.69"E
SP3 3°15'8.57"S 38°10'36.20"E
SP4 3°14'58.51"S  38°10'35.61"E

Waste Dump WD1 600 3°14'47.10"S 38°10'24.59"E
wWD2 3°15'5.66"S 38°10'15.17"E
WD3 3°15'8.45"S 38°10'49.53"E
WD4 3°14'53.88"S  38°10'19.35"E

Overburden OB1 600 3°14'54.91"S  38°10'18.83"E
OB2 3°15'0.07"S 38°10'24.96"E
OB3 3°14'55.27"S  38°10'29.49"E
OB4 3°14'57.80"S  38°10'20.36"E

39



3.4.2. Preparation Of Samples
a. Samples for XRF Analysis

The samples were prepared following the International Standards Organization (I1SO)
procedure (1SO 3082) for preparing iron ore samples (ISO, 2017). Figure 3-9 illustrates the

steps to prepare the solid mining waste samples for subsequent geochemical analysis.

Samples 200g

Samples drving and
crushing

Sieving <60 um

Bmmdmng and
pressing

Figure 3-9: Solid waste samples preparation

The samples were initially air-dried in a clean open place to prevent oxidation and
contamination (Byers, McHenry, & Grundl, 2019). Two hundred grams (200 g) of the samples
were weighed using a PCE-BS 3000 digital balance with a precision of 0.00001g. The weighed

samples were crushed using a Laboratory Jaw Crusher (Model 11MPEJC100-M/T, Drill Core)
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and ground using a grinder (Model AB 3600411, Nyberg and Westerberg). The ground
samples were subdivided by a quartering method (ISO, 2017) to obtain portions of
heterogeneous materials for replicating analytical experiments. The ground samples were
sieved using a 60-um sieve and the retained particles reground to achieve a homogeneous
particle size for the binding process. Binding was then done by pressing the samples with the

two holding cups to produce pellets measuring 20 mm in diameter for XRF analysis.

The elemental composition of the solid mining wastes was determined using the X-ray
fluorescence (XRF) spectroscopy technique. The 20 mm diameter pellets prepared in Section
3.3.2 were placed in an XRF analyzer (S1 Titan 600N, Bruker AXS) for real-time analysis,
Figure 3-10. The results for each assay were recorded for subsequent analysis and

interpretation.

Figure 3-10: XRF equipment

41



b. Samples for Mineralogy Analysis

Rock mass samples measuring 20 mm by 10 mm were cut from the whole samples with a
diamond blade saw cutter (Motacutta IFG.IIE NO. 822, Drill Core), as shown in Figure 3-11.
The samples were then ground using carborundum sanding stone, starting with the coarse
grind (80 grade) to fine grind (200 grade) to remove sore lines and rough edges from the
samples, respectively. The samples were then mounted on a glass slide using Canada balsam

and left to dry for two hours before lapping.

Figure 3-11: Diamond saw cutter

The samples were labeled on one side to differentiate different samples. The other side lapped
flat on an iron lap of about 400 grit, then finished on a plate with 600 grit carborundum sanding
stone using water to avoid damaging the grains (Figure 3-11). The lapped samples were dried
and a glass slide glued to the sample face using Canada Balsam. The mounted samples were
reduced further to thinner sections using a sectioning plate as shown in Figure 3-12 and
repeatedly ground until a thin specimen of 30 microns was obtained to allow light to pass

through in subsequent analysis using a microscope.
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Figure 3-12: Sectioning plate (30 microns)

The Canada Balsam was applied and let sit for 5 minutes before the samples were polished
using a dry cloth and covered using a slide for the final inspection to avoid contamination, as

shown in Figure 3-13.

Figure 3-13: Polished sample ready for analysis

3.4.3. Properties of Solid Mining Wastes

a. Geochemistry of Solid Mining Wastes

The geochemistry of the mining wastes was determined using the X-ray diffractometry

technique. Fifty grams (50 g) of the samples were pulverized to fine sizes of 60 microns
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following Knorr and Bornefeld's (2005) procedures. The fine samples were homogenized and
placed on the sample holder of a benchtop XRD diffractometer (Bruker AXS D2 PHASER

SSD16, Bruker Corporation), as shown in Figure 3-14.

Figure 3-14: XRD equipment

The data for each assay were acquired using the Diffrac Eva software platform, Bruker. The
XRD machine was calibrated as per the manufacturer's standards before the experiments were

carried out.

b. Mineralogy of Solid Mining Iron Wastes

The mineralogy of the solid mining wastes was determined using optical and petrographic
procedures. The petrographic analysis was undertaken to determine the wastes' transparent
composition and mineral crystallization. Both cross-polarized light (XPL) and plane-polarized

light (PPL) optical techniques were used to identify the minerals in the wastes.

The 30 microns thin sections of polished samples described in Section 3.3.2.2 were placed on
75 mm by 25 mm S8400 plain glass slides and inspected using the cross-polarized light (XPL),

and plane-polarized light (PPL) mounted on a Fein Optic Polarizing Light Microscope
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(R40POL-RT) 400X magnification (Figure 3-15). Individual mineral grains for each sample

were observed, and their images were analyzed using Optica Software.

Figure 3-15: Photograph of the fein optic polarized light microscope r40pol-rt
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CHAPTER FOUR

4. RESULTS AND DISCUSSION

This chapter presents the results of the environmental pollutants resulting from iron ore mining
and operations at the study mine, the extent and the volume of the solid mine wastes, and the
geochemical and mineralogical properties of the solid mine waste resulting from mining and

processing of iron. A discussion of these results is also presented in this chapter.

4.1. Environmental Pollutants Resulting from Iron Ore Mining and Processing

Operations at the Study Mine

4.1.1. Secondary Data on Environmental Pollutants from Iron Ore Mining Activities in

Kishushe Area

From a record of 3,779 published reports extracted from the scientific literature, 13 reports
presented information concerning iron ore mining in Kishushe area (Figure 4.1). A summary
of the information obtained is presented in Table 4.1 and Figure 4.2. The findings show that
there is limited information in the published literature concerning iron ore mining and
processing activities in Kishushe area, and disposal, pollution, and potential environmental

effects of solid mining wastes generated from the mining activities.
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Science Direct # 2,526
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Included

Google Scholar # 1,253

Figure 4-1: Systematic literature review procedures
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Table 4-1: Summary of information on iron ore mining activities

Research question

Finding

Reference

Geology of Kishushe

area
Iron Ore  Minng
Methods at SEKL Mine

Types of solid mimng

wastes

Potential pollution from
the disposal of solid

mining wastes

The geology and mineralogy at the
mine site are complex, affecting
iron ore mining. Iron ore in alluvial
and lode iron ore. The geographical
distribution of iron ore and the
intensity of their anomalies dictate
a biased mode of extraction for
alluvial and a different method to

exploit the reef iron ore.

The primary mining method 1s
open cast mining; however, iron
“floats” reef on the surface 1s
shoveled and loaded to trucks to the
crushing umit. Blasting operations
are also carried out at the mines to

access the iron ore.

The solid mine waste present at the

mine site 1s determined by the
geology, the type of the iron ore,
and the mining and processing
methods or ore. They include;
stockpiles solid
dumps_ and overburden.

results, waste

Tron ore mining has left severe
environmental impacts such as
physical, chemical and organic
pollution of water sources and

damage to the landscape.

(G. Bett. Bam,
Kabugu, & Rop.
2014; Peter, Gilbert,
& Bermard, 2015;
Rop. 2014)|

(G. Bett et al,
2014; Cheneket,
2018;
Bett, Ndeto, & Bett,
2013)

Maranga,

(A K. Bett, 2018;
G. Bettet al_, 2014;
Cheneket, 2018)

(Apollo, Ndinya,
Ogada, & Fop,
2017, ENCHE,
2016)
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Figure 4-2: Literature reviewed

From the analysis, 25% of the papers that were reviewed for literature revealed information
about the Geology of Kishushe area, 33% revealed iron ore mining methods at SRKL Mine,
25% gave insight into the type of solid mining waste at SRKL Mine, 17% of the papers
revealed more on the potential pollution from disposal of solid mine wastes and the largest
percentage of articles talking about the environmental effects from the pollutants in solid

mining wastes as shown in Figure 4-2.

4.1.2. Mining Activities At Samruddha Resources Kenya Limited Mine

Active iron ore mining is currently taking place at SRKL, presently done in mining blocks at

Kishushe Area.
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The mine sits on the slopes of Wanjala and Taita Hills to the west. There is also a seasonal

river, Mkuru River, that drains to Mkuru swamp on the western side of the mine area, as seen

in the relief map in Figure 4-3.
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Figure 4-3: Relief map of the area surrounding the study area
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The mining of magnetite and hematite iron ore at SRKL has been influenced by various factors,

including the geological structure, geology, topography, soil type, and ground stability. This

has resulted in the mining method's implications, choice of equipment, production rate, and
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stripping ratio. The rock structure and the dip and strike have also determined the pit geometry
in SRKL Mines, thereby influencing the amount of solid mine waste produced. The gquantity
and quality of iron ore mined are determined by the gangue materials, which results in the
production of wastes (Stumbea et al., 2019). The iron ore deposits are brecciated, fractured,
and jointed due to brittle deformation caused by both extension and compression of tectonics.
The dip of the iron ore is approximately minimum 45° NW — maximum 60° NE, and the reefs
strike at a minimum 5° NW and maximum 30° NE. The reefs containing the iron ore at any

location within the mining site assume the dip and the strike of rocks surrounding them.

The reef ore and the alluvial deposits are not compact, hard, and resistant to weathering;
therefore, they require blasting, producing solid mine waste that ends up in the waste dumps.
The deposits have host rocks that formed sedimentary iron pyrite deposits on top of basaltic
rocks metamorphosed under various oxidizing conditions, forming iron ore (magnetite and
hematite) and other minerals such as amphibolite. The pyrite ore results in the formation of
sulphide minerals responsible for acid mine drainage, as per research done by (Torres et

al.,2018).

The iron ore deposit in the Kishushe area resulted from thermo - tectonic phases of the
Neoproterozoic Mozambique belt evolution (Peter et al., 2015). During mining, magnetite and
hematite are selectively extracted. This causes other minerals to be the gangue materials that
end up being solid mine waste produced at the mine. Hematite at SRKL Iron Ore Mine also
occurs in an alluvial form commonly referred to as float iron. The strip ratio for the iron reef,

which is thin and structurally and geologically set between rock masses of hanging and
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footwall, is higher than that experienced in the excavation of the ore and screening of the

alluvial deposits (float iron) therefore forming waste rocks that end up in the waste dumps.

The alluvial deposit, whose gangue mineral is quartz, is easier to mine due to its surface
occurrence (Anyona & Rop, 2015). It is mechanically excavated by dozers and loaded into
trucks for screening without blasting. In contrast, iron reef mining is challenging due to the
hanging wall that needs to be blasted to access the 1 — 1.5-meter-thick ore reef. Drilling and
blasting utilize rectangle cuts where the drilling holes are drilled to depths of 10 meters, spaced
3 meters by 5 meters. Before blasting, the overburden material is dozed off from the surface
and is often deposited on the mine's edges. This overburden (Figures 4-4 and 4-5) forms one

of the solid mine wastes found at SRKL mines.

Figure 4-4: Overburden material from blasting operation pilled near the open pit
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Figure 4-5: Overburden material as a result of the extraction of alluvial iron ore

The blasted material containing a mixture of ore and gangue materials is loaded into trucks
and deposited in piles away from the mine to pave the way for ore extraction. These blasted
materials also form the solid mine wastes produced in SRKL Mines and end up in the waste
dumps or the overburden materials dumped at the mine shoulders. The alluvial ore is passed
through screens to remove soil, weathered schist, and quartzite materials mixed with the
blasted material in the waste dumps to recover iron ore (hematite) maximally; the materials

passing through the screen are dumped in waste dumps, as shown in Figure 4-6.

Figure 4-6:Screened non-magnetic material both from the alluvial and reef

The clean boulders of alluvial and reef ore are crushed and screened. The high-grade iron ore

is piled for shipping (Figure 4-7).
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Figure 4-7: Screened iron ore ready for shipping

Iron ore fines and low-grade hematite iron ore is stockpiled near the plant as waste, Figure 4-
8; this is commonly referred to as iron ore dust and does not have any economic value, which
needs to be beneficiated (Pattanaik & VVenugopal, 2018). Currently, the company can't recover
and concentrate the low-grade iron and the iron ore fines; therefore, it is treated as solid mine

waste.

Figure 4-8: Iron ore fines (circled in red) stockpiled near the plant

Manual sorting of the iron ore by color happens at SRKL Mine. The light color rocks,

weathered schist, quartz, and mica, are piled on one side, and the darker and brown rocks,
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basically the hematite and Magnetite, are piled on the other side. The ore is screened, and the

waste (schist, hornblende, quartz, and mica) is loaded into trucks and dumped in waste dumps.

From the research analyzed and the site visit, it was discovered that the two companies’ mining
and processing of iron ore were similar. However, the latter (SRKL) preferred drilling and

blasting to impact crushing as the former (Wanjala Mining Company) did.

It was also pointed out that various processes of iron ore mining and processing have also

resulted in the production of various solid waste such as:

1. Overburden — This is the material produced during the opening of mines and the
advancing of open pits.

2. Waste dumps — This waste is produced during drilling and blasting operations,
processing operations such as iron ore screening, and separating iron ore and gangue
materials by handpicking.

3. Stockpiles — These are produced as a result of processing operations. The material

in these stockpiles is disregarded ores of low grade and iron ore dust (fines).

Finally, the solid mine waste samples collection locations were mapped, as shown in Figure

4-9.
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Figure 4-9: Map of the sample location in the study area

It was observed that the primary pollutants resulted from iron ore mining and processing
activities at SRKL Mine. The waste resulting from iron ore exploration, the initial stage of
mining where a search of the promising reserve is done, ends up being dumped as an

overburden.

There is the clearing of vegetation and removal of topsoil and rocks during mine development
to prepare the pit for mineral exploitation. The resulting materials, the overburden, add up as

solid mine waste in the area. Given the geology of Kishushe and the ore structure in the area,
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some of the iron ore starts dipping from the surface, and some iron ore occurs as alluvial
deposits (Bett, 2018). This material, despite having a small ore percentage, is disregarded
because the dilution is very high. The materials then become overburden, which are piled near

the open pit or deposited in waste dumps.

Ore extraction produces the biggest percentage of solid mine wastes. These unwanted materials

from blasting operations end up in waste dumps.

Beneficiation of iron ore is done physically at SRKL Mine. During the magnetite and hematite
screening, the screened materials that consist of quartz end up as waste and are dumped in the
waste dump located away from the mine site. The iron ore fines, which are disregarded by the
mine, are stored in the stockpile. These solid mine wastes, waste dumps, stockpiles, and
overburden are the main environmental pollutants in the study mine, whose volumes and
extents were determined and geochemical and mineralogical properties determined. These
solid mine wastes contain materials that undergo various geochemical processes such as
oxidation to produce unwanted pollutants that may end up causing environmental hazards and

are discussed in the following sections.

4.2. The Extent and Volume of Dumps and Stockpiles of Solid Mining Wastes at

the Study Mine

4.2.1. Solid Mine Waste Extents

The areal extent maps generated from the MLC classification based on the classes identified
for the various land use classes to delineate the areas where solid mine waste is dumped at
SRKL Mine was generated.

57



In the map, the waste dumps, iron ore stockpiles, overburden, and opencast pits are represented

by brown, black, yellow, and grey colors, respectively.

The par pixel statistical computation revealed that the largest area was covered by waste dumps
which occupied an area of 136,100 m? translating to a percentage of 54.58 %. The iron ore
stockpile and the overburden occupied areas of 28,800 m? and 84,500 m? respectively. The
par pixel area for the stockpile and the computed areas for the solid mine wastes are shown in

Tables 4-2 and 4-3, respectively.

Table 4-2: Attribute table for par pixel areal coverage

Study Area
FID Shape*® | OBJECTID | Id | gridcode | Area | ha Classname Clags | Shape_Leng | Shape_Area
4 |Polygon 14| 454 1 100 0.01 {Iron Ore Stockpile 1 40 100
5|Polygon 15| 485 1 100 0.01 |{Iron Ore Stockpile 1 40 100
& |Polygon 18| 477 1 100 0.01 |{Iron Ore Stockpile 1 40 100
7 |Polygon 19| 478 1 200 0.02 |Iron Ore Stockpile 1 80 200
& |Polygon 24| 501 1 200 0.02 |Iron Ore Stockpile 1 &0 200
11 |Polygon 36| 533 1 100 0.01 {Iron Ore Stockpile 1 40 100
16 |Polygon 44| 555 1 200 (0.02 |Iron Ore Steckpile 1 &0 200
33 |Polygon a7 | 671 1 100 0.01 |Iron Ore Stockpile 1 40 100
124 |Polygon 244 939 1| 1700 0.17 {Iron Ore Stockpile 1 180 1700
160 |Polygon 306| 102 1 100 0.01 |Iron Ore Stockpile 1 40 100
164 |Polygon 32| 102 1 100 0.01 {Iron Ore Stockpile 1 40 100
175 |Polygon 327 104 1 200 0.02 |Iron Ore Stockpile 1 &0 200
186 |Polygon 342|108 1 100 0.01 |{Iron Ore Stockpile 1 40 100
2259 |Polygon 408 115 1 100 0.01 |{Iron Ore Stockpile 1 40 100
Table 4-3: Areas of solid mine waste extents
Waste Estimated Total Area
Areal classes  Iron Ore Stockpile Overburden
Dump Covered
Area m? 28,800 136,100 84,500 249,400
Percent land 11.55 54.58 33.87 100.00

cover (%)
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The hematite stockpile, which is disregarded as mine waste, occupied the smallest percentage
of 11.55%, while waste dump and overburden occupied 54.58% and 33.87%, respectively.
Research done by (Guan, & Cheng, 2015b; Matthew et al., 2019; Mi et al., 2019; Basommi et
al., 2020; Orimoloye & Ololade, 2020) on different mine sites revealed that GIS and remote
sensing techniques could be used successfully in delineation and mapping of solid mine waste

extents, this compares to the results in this research.

During open-pit mining operations, solid mine wastes are emitted (Kakaie et al., 2019). The
developing SRKL Iron Ore Mine in Taita Taveta, Kenya, was chosen as the study area to
examine these problematic solid mine wastes as little information on the volumes and areal
extent are known. The criterion for determining waste and ore at SRKL is a cut-off grade
(Kakaie et al., 2019). Ore less than 70% of the iron ore concentration at SRKL is termed
subeconomic and therefore disregarded as waste. Various types of wastes exist at SRKL Iron

Ore Mine, such as waste dump, stockpile, and overburden, as shown in Figure 4-10.
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Figure 4-10: Mine wastes at samruddha resources kenya limited iron ore mine; a.
Overburden material, b. Waste dump, c. Stockpiled iron ore fines, and d. Waste rock dump
Waste rock is generally excavated and mined rocks during access from ore and includes rocks

resulting from blasting operations (Kakaie et al., 2019). These waste rocks are usually dumped
in non-designated waste dumps around the SRKL Iron Ore Mine mining area. The overburden
material at SRKL Iron Ore Mine is mainly topsoil, and rocks dozed off during the opening up
of new open pits, as shown in Figure 4-11. The overburden material is piled on the sides of the
mine and constitutes solid mine waste produced during mining operations under consideration

in this research.

Figure 4-11: Overburden material at the sides of the active open pit
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The stockpiled material at SRKL Mine is generally iron ore fines and iron ore of low grade,
not of economic value to the company. The iron ore fines and low-grade iron ore are mainly

stockpiled near the processing plant.

4.2.2. Accuracy Assessment

The extent of solid mine waste was mapped at an overall accuracy of 74%, which depicts
reliable performance regarding the classification done to estimate the areal extents. A Cohen's
Kappa of 0.65 was achieved, which is above the recommended Kappa of 0.5 (Rwanga &
Ndambuki, 2017). The kappa coefficient is rated as substantial, and hence the calculated areas
based on classification are found to fit for this research. This is as shown in the confusion
matrix in Table 4-4. The accuracy was influenced by global positioning exchange (GPX)
points coverage, which creates an unclear definition of the footprint and the outline at different
areas of interest, such as the stockpile. Figure 4-12 shows the parts circled not covered by the

GPX points, which influenced the accuracy of the areal and volumetric calculations.

*  Elnskple GFX GRY Stoskplie GRX GRS

. .
. .
.
L
iy
|Parts Mot Coverad by the GPX Points |
.

Figure 4-12: GPX point features overlaying stockpiles
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Table 4-4: confusion matrix

Reference data
Classes Iron Ore Waste Cleared | Open Total Users
Stockpile | Dump and Ground | Cast Reference | Accuracy

< Overburden Pit Points
| Iron Ore Stockpile 23 0 0 0 23 100%
O "Waste Dump and 1 5 1 0 7 72%
S
.2 | overburden
E Cleared Ground 0 10 26 1 37 71%
S8 | Open Cast Pit 0 13 0 19 32 60%
O Total Reference 24 28 27 20

Points

Producers Accuracy 96% 58% 96% 95%

Overall Accuracy 74%

Kappa Coefficient 0.65

4.2.3. Volumes of Solid Mine Waste Dumped

The estimated volume of waste dump and overburden occupied the largest volume of
approximately 185,734.42 m® and 303,477.52 m® respectively, while iron ore stockpiles
occupied a volume of approximately 34,025.17 m® as shown in Table 4-5. Waste rock dumped
occupied 34.92 %, iron ore stockpile (hematite) at 6.55% compared to overburden which

occupied the highest percentage of 58.58 %.

Table 4-5: Volumes of solid mining wastes

Estimated variable lIron Ore  Waste Dump  Overburden Estimated Total
Stockpile Volume

Volume in m? 34,025.17 185,734.42 303,477.52 523,237.11

Percent volume 6.50 34.92 58.58 100.00

of solid waste (%)

An estimated total volume of solid mine waste produced at SRKL Iron Ore Mine is 523, 237.11

M3 and covered an approximated area of about 249,400 M3 as shown in Table 4-6.
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Table 4-6: Area and volume of solid mine waste

Estimated area of solid mine waste M? 249, 400.00

Estimated Volume of Mine Waste M3 523, 237.11

Generally, these volumes are translated from the stripping ratio that the mine utilizes, which is

2:1. For every part of ore mined, the company produces two parts of waste (Kuranchie, 2015).

The waste dump covers a volume and area of 185,734.42 M3, and 136,100 M? respectively.
The waste dump covers over half of the solid mine wastes produced at the study mine, 54.8 %
of the area, and 58.58 % of total volumes of solid mine waste. This translates to the highest
amount of solid mine waste generated during iron ore stripping and mining operations. This
waste is from blasting operations, stripping of gangue materials heterogeneous to the geology
of the ore. The waste dumps are dumped in locations away from the open pit, as shown in the

solid mine waste map in Figure 4-13.

The stockpiled materials at the mine cover an approximate volume and area of 34, 025.17
M3and 28, 800 M3 respectively. This translates to the least amount of solid waste produced
during iron ore mining at the mine. The stockpiled material is generally mineral processing
waste produced due to grinding, crushing, and screening of hematite and magnetite ore. Due
to the selective mining taking place at SRKL mine, the materials that end up in the processing
plant are of high grade, often identified traditionally by their color. Therefore, minimal
amounts of stockpiled waste are produced. These stockpiles also appear to be clustered at one

central location near the processing plant, as shown in Figure 4-13.
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Figure 4-13: Solid mine waste map

The overburden materials cover a volume and area of 303, 477.52 M3, and 84,500 M?
respectively. The overburden materials are dumped near the open-pit mine to reduce the
operational costs for materials transport (Suleman & Baffoe, 2017). This waste generally
results from topsoil and mechanically excavated rocks to open up new open pits and expand

existing pits.

The exposure of these solid wastes to the atmosphere and the environment may cause various
impacts, such as acid drainage due to sulphide minerals (Almeida et al., 2018). Trace metal
concentrations in these mine wastes pose an environmental concern (Cheneket, 2018a). This
is why there's a need to map out their extent and the volumes to plan for various post-mining
operations such as mine rehabilitation and plan monitoring activities. The volume

quantifications are also essential to avert the anticipated environmental impacts. As they
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progressively carry out mining and processing operations, a mining company needs to know
the approximate volumes and extent of mine waste they produce. At times, this may prove to
be a costly affair that results in these wastes' uncontrolled disposal. Studies done by Cheneket
(2018) reveal that the disposal of mine wastes by SRKL poses a grave danger to the community
living around the mine as the soils are laced with potentially toxic elements such as lead, zinc,
iron, manganese, and titanium resulting from the mine waste. This information on volumes
and areal coverage of these problematic solid mine wastes, which was missing, can help the
company refocus on planning for waste disposal, treatment techniques, and some situations
consider value addition and reusing. Iron had the highest average mass in the stockpile samples
because they were unutilized and disregarded as waste. The iron ore mass dump for the waste
dump was moderate at an average of 40%. Some moderate amounts of iron were discovered
in the waste samples because of the high dilution of the ore and the gangue material owing to
the geology and the parent rock at the mining site. The waste dump had materials from blasting
operations that didn’t pass through screening and therefore contained iron ore. The overburden,
however, had high amounts of silica and calcium carbonate compared to the waste dump and
stockpile samples. The overburden material is generally the gangue minerals consisting of
quartz, the predominant caprock in the study area. Sulphur, chromium, zinc, nickel, lead,
copper, bismuth, vanadium, thorium, rubidium, zirconium, potassium, and strontium were in
traces. Among these elements are potentially toxic elements contaminants such as titanium,
vanadium, chromium, manganese, nickel, copper, lead, and zinc that were also identified in

similar research done by Cheneket (2018).
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4.3. Properties Of Solid Mine Wastes From The Study Mine

4.3.1. Chemical Elements And Compounds

a. Solid Mine Waste Dumps

Table 4-7 summarises the elements and compounds determined in four representative samples
of waste dumps from mining and mineral processing operations and their estimated mass and
volume. The major elements and compounds present in the samples are presented in Figure 4-
15. The minor elements are shown in Figure 4-16 with the error bars for their standard error

(S.E) of the mean.

Table 4-7: Elements and compounds in the solid waste dumps samples

Estimated Mass in the Waste Estimated Volurme in the

Element/Compound  Mean Mass % Dumps Waste Dumps(m®)
)
Iron 39.92 +4.02 2.00 1,853,536.64
Silica 35.88+5.23 1.79 1,665,712.71
Calcium Carbonate 16.77 £ 6.63 0.84 778,598.69
Manganese 2.19+1.27 0.11 101,689.59
Barium 1.29+1.11 0.06 59,899.35
Aluminum 1.29+0.31 0.06 59,806.48
Phosphorous 1.13+£0.09 0.06 52,237.81
Titanium 0.95+0.65 0.05 44,111.92
Sulphur 0.440 £ 0.36 0.02 20,430.79
Chromium 0.04 +0.02 0.00 1,764.48
Zinc 0.03+0.01 0.00 1,160.84
Nickel 0.02+0.01 0.00 1,067.97
Lead 0.02+0.01 0.00 696.50
Copper 0.01+0.01 0.00 603.64
Bismuth 0.01+0.01 0.00 464.34
Vanadium 0.01+0.01 0.00 464.34
Thorium 0.01+0.01 0.00 371.47
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Figure 4-14: Graph of major elements and error bars of the s.e for waste dump samples
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Figure 4-15: Graph of minor elements and error bars of the s.e for waste dump samples

Potentially toxic elements were present in the waste dump samples. High amounts of iron ore

identified in waste dump samples inferred high dilution during mining. Only high-grade iron
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ore is mined at SRKL Mine; therefore, highly diluted ore with gangue minerals (Silica) is
disregarded as waste. The waste dumps, generally containing blasted material, contain

chemical elements such as sulphur, a potential agent for environmental pollution.

b. Stockpiles

The XRF analysis result and the estimated mass and volumes for each element/ compound
from the stockpile samples are presented in Table 4-8. The graphs of the major and minor
elements/ compounds in the stockpile samples are presented in Figures 4-17 and 4-18,

respectively, and the error bars of the standard error (S.E) of the mean are shown.

Table 4-8: Elements and compounds in the stockpiles samples

Estimated
Estimated Mass Volume in the
Element/ Compound Mean Mass % in the Stockpile Stockpile
9) (m*)
Iron 81.44 + 3.58 4.07 27,710.10
Silica 13.35+2.94 0.67 4,541.68
Aluminium 1.67+0.34 0.08 568.22
Calcium Carbonate 1.01+£0.26 0.05 344.67
Phosphorous 0.87 £ 0.23 0.04 295.34
Barium 0.73+£0.15 0.04 246.68
Manganese 0.69+0.12 0.03 234.09
Titanium 0.623 £0.11 0.03 211.98
Sulphur 0.22+£0.10 0.01 75.88
Nickel 0.10£0.04 0.01 35.05
Bismuth 0.08 £ 0.02 0.01 26.54
Lead 0.04 £0.01 0.01 14.63
Rubidium 0.04 £0.01 0.01 1191
Copper 0.03+£0.01 0.01 8.51
Zinc 0.02£0.01 0.01 6.81
Vanadium 0.01+£0.01 0.01 1.70
Zirconium 0.01+£0.01 0.01 1.02
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Figure 4-16: Graph of major elements and error bars of the s.e for stockpile samples
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Figure 4-17: Graph of minor elements and error bars of the s.e for stockpile samples
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The stockpile samples contained very high amounts of Fe,05 and low amounts of other
elements. SP1 and SP4 samples were iron ore fines; despite high iron ore concentrations, the
material is unwanted and is therefore waste. These fines are stockpiled near the processing
plant for disposal. The other stockpiled materials (SP2, SP3) are low-grade iron ore, with small
(50mm) float iron occurring alluvially in the area. Currently, the mining company does not
utilize these materials and contains potential environmental pollutants, as revealed in the XRF
analysis in Table 4-8.
a. Overburden
Table 4-8 summarises the XRF results The major and minor elements and compounds present

in the samples are presented in Figure 4-19. and Figure 4-20 .

Table 4-9: Elements and compounds in the overburden samples

Estimated Volume in the

Estimated Mass in the overburden (m?)

Element/ Compound  Mean Mass %

overburden(g)
Silica 41.02 + 10.59 20.51 1,244,864.79
Calcium Carbonate 31.15+15.52 15.57 945,180.74
Iron 12.42 £ 3.13 6.21 376,767.34
Aluminium 6.82£1.49 3.41 207,062.71
Phosphorous 5.51+0.08 2.76 167,216.11
Titanium 1.70+£0.05 0.85 51,591.18
Potassium 0.66 £ 3.84 0.33 19,968.82
Chromium 0.25+0.01 0.13 7,586.94
Barium 0.25+0.05 0.12 7,435.20
Manganese 0.18+0.11 0.09 5,553.64
Copper 0.04 £0.01 0.02 1,213.91
Sulphur 0.03+0.08 0.01 849.74
Zirconium 0.03+0.01 0.01 849.74
Strontium 0.02£0.01 0.01 546.26
Rubidium 0.02£0.01 0.01 455.22
Zinc 0.01+0.01 0.00 242.78
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Figure 4-18: Graph of major elements and error bars of the s.e for overburden samples
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Figure 4-19: Graph of minor elements and error bars of the s.e for overburden samples
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The chemical elements and compounds in the solid mine waste due to mining activities
compare to results from Cheneket (2018) studies in the same mine determining potentially
toxic elements concentrations in the soil. He et al., (2019) research on waste gangue from
coarse iron ore using XRF analysis revealed elements such as Fe, Si, S, Mg, Al, and Ca, and

oxides compounds, this also compares to the results in this research.

4.3.2. Mineral Composition

XRD technique was used successfully to determine the mineral composition of the solid mine
waste samples as presented below;

a. Waste Dump Samples

The XRD results for the waste dump, as shown in the spectra in Figures (4-21, 4-22, and 4-23)
and Tables (4-10, 4-11, and 4-12), show Quartz and Berlinite minerals in high amounts.
Helvine mineral, a silicate, was in high amounts in the third waste dump (WD3), and Magnetite

and Braunite minerals were in low quantities.
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Waste Dump Sample 1 (WD1)

WASTE DUMP (WD 1)
(Coupled TwoTheta/Theta)
1 ] | COD 9013353 OF 8 Trigymite
] I | COD 9006404 Al 04 P Barlindte
500 | COD 1100019 02 Si Quartz high
] | COD 4341653 Ba0.3 Bi.7 FO.3 Fe O2.7 bismuth barium iron cxide fuande
1 1 COD 1011240 Fe2 O3 Hematite
E | COD 1011084 Fed O4 Mapnatite
] ] COD 9008589 Mn Manganese-alpha
400
£ 300
CR
3 1 .
o 1 o
i 5
1 &

Figure 4-20: Phase graph of waste dump sample 1

2Theta (Coupled TwoThetaTheta) WL=1.54060

Table 4-10: Mineralogical composition of wd 1

Mineral Chemical Formula Weight %
Quartz Sio, 50.5
Tridymite Si0, 32.2
Berlinite Al (PO,) 12.3
Hematite Fe,0; 1.9
Magnetite Fe;0, 1.6
Manganese-alpha Mn 0.8
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ii.  Waste Dump Sample 2 (WD 2)

WASTE DUMP (WD 2)
(Coupled Two Theta/Theta)
_' 1 COD 9009666 02 Si Quartz
j | COD 8000532 Mn7 012 §i Braurite
] ¢ | COD 9016125 Cad O5 i Alte
1 ‘:% | COD 9007554 N Na O3 Nitratine
1 = 1 COD 8000139 Fe2 O3 Hematite
il i | COD 1011084 Fe3 04 Magnelite
1 ¢ | COD 4341654 Ba0.2 8.8 FO.2 Fe 02.8 bismuth barium iron cide fuoride
4 £ COD 9006549 Al 04 P Bertinite:
1 s COD 1010962 Ca € O3 Calcite
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Figure 4-21: Phase graph of waste dump sample 2

Table 4-11: Mineralogical composition of wd 2

Mineral Chemical Formula Weight %
Quartz Si0, 42.7%
Berlinite Al (PO,) 23.0%
Alite Ca;05Si 13.4 %
Nitratine Na (NO3) 6.9 %
Hematite Fe, 0, 51%
Calcite Ca CO4 3.9%
Magnetite Fe;0, 2.1%
Braunite Mn?**Mn3*t(0g.5i0,) 1.8 %

74



iii.  Waste Dump Sample 3 (WD 3)

WASTE DUMP 3 (WD 3)

(Coupled Two Theta/Theta)
11003 § 1 COD 9010367 Al O4 P Berlinite
I | COD 9013393 02 81 Tridymita
1000- f 0D 9015086 C Ca 03 Cacite

| COD 9000954 Be3 Mnd 012 5 Si3 Heline
1 COD 2105791 Mn2 O3 Bixbyie G
900- | COD 9007554 N Na O3 Nitratine
| COD 1011087 02 Si Quariz low
COD 1011240 Fe2 O3 Hematite
COD 1011032 Fed 04 Magnetite
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Figure 4-22: Phase graph of waste dump sample 3

Table 4-12: Mineralogical composition of wd 3

Mineral Chemical Formula Weight %
Helvine BesMni* (Si0,)3 S 54.7 %
Berlinite Al (PO,) 23.0%
Tridymite Sio, 5.7 %
Nitratine Na NO; 5.4 %
Calcite Ca CO4 42 %
Bixbyite C (Mn, Fe),04 2.4 %
Quartz Sio, 2.2%
Hematite Fe,04 1.7%
Magnetite Fe;0, 0.8 %
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a. Stockpile Samples

The predominant crystalline element in the stockpile samples is hematite and magnetite.
Quartz and bismuth ~ Barium  lron  Oxide Fluoride minerals were in low amounts, as
shown in spectra graphs for XRD analysis shown in Figures (4-24, 4-25, and 4-26), and the

weight percentages for each mineral as shown in Tables (4-13, 4-14 and 4-15).

i.  Stockpile Sample 1 (SP 1)

STOCKPILESP 1
(Coupled Two Theta/Theta)

1 COD 1514108 Mn O Manganosite

1 COD 1011158 OZ Si Quariz low
COD 9006551 Al 04 P Barlinite.

1 COD 5000217 Fe Iron

I COD 5030139 Fe2 O3 Hematite
COD 8002316 Fe3 O4 Magnelite

1 COD 8000095 € Ca ©3 Calcit

Tssarse

Counts

| I 0 T

2Theta (Coupled TwoTheta/Theta) WL=1.54060

20 Ey e

Figure 4-23: Phase graph of stockpile (sp 1) sample 1

Table 4-13: Mineralogical composition of sp 1

Compound Name Chemical Formula Weight %
Hematite Fe, 0, 29.0 %
Magnetite Fe;0, 21.1%
Manganosite MnO 16.6 %
Berlinite Al (PO,) 11.6 %
Calcite Ca CO; 10.8 %
Quartz low Sio, 6.3 %
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Stockpile Sample 2 (SP 2)

Stockpile (SP2)
(Coupled TwoTheta/Theta)

e

Counts

| COD 1011178 O2 Si Quariz low

| COD 9002310 Al.64 Fal 68 K0.96 012 Si2.64 Annite

| COD 1011084 Fed 04 Magnelite
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Figure 4-24: Phase graph of stockpile (sp 2) sample 2

Table 4-14: Mineralogical composition of sp 2

Compound Name Chemical Formula Weight
%
Quartz low Si0, 53.0 %
Annite KFe,Al(Al,Si,0,0)(0H), 24.8 %
Franklinite ZnFe3t., 0, 6.7%
Hematite Fe,04 57%
Calcite Ca COq 44 %
Magnetite Fe;0, 4.2 %
Bismuth  Barium Iron Oxide Ba0,.Bi0g.Fe0.g** 12%

Fluoride
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iii.  Stockpile Sample 3 (SP 3)

STOCK PILE (SP 4)
(Coupled Two Theta/Theta)

| COD 1011176 02 S Guariz low
] 1 COD 4341654 Ba0.2 Bi0.8 FO.2 Fe O2.8 bismuth barium iron oxide Buoride
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Figure 4-25: Phase graph of stockpile (sp 4) sample 4

Table 4-15: Mineralogical composition of sp 4

Compound Name Chemical Formula Weight %
Berlinite Al (PO,) 36.2 %
Quartz low Si0, 252 %
Hematite Fe,0; 18.9 %
Magnetite Fe;0, 15.7 %
Bismuth  Barium Iron  Oxide Fluoride Ba0,.Bi0g.Fe0.g** 4.1%

a. Overburden Samples

Berlinite and Quartz revealed high phases in the overburden samples, as shown in Figures (4-

27, 4-28, and 4-29). Hematite and Calcite minerals were in low amounts in the overburden
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samples. The weight percentage for the individual minerals is shown in Tables 4-16, 4-17, and

4-18, respectively.

i.  Overburden Sample 2 (OB 2)

OVERBURDEN (OB 2)
(Coupled Two Theta/Theta)
200-] & | GO0 5008666 02 S Guariz
| 1 COD 9010367 Al 04 P Berlinte
3 | COD 9014781 Fed Si Gupeiite
180 o 1 COD 1100013 AI3 H K 012 5i3 Muscovite 2M1
n 1 COD 9005115 02 Si Moganile
4 | COD 9000629 C1 Na Halite
160 | COD 8000763 Al1.18 BaD,19 K0.59 Na0, 22 OB 5i2,82 Feldspar
i COD 9000025 Al F H K Mg3 011 53 Biotile
E COD 4341653 Baf.3 BA.7 F0.3 Fa O2.7 bismuth barium iron cxkde Ruoride
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Figure 4-26: Phase graph of overburden material (ob2) sample 2

Table 4-16: Mineralogical composition of ob

Compound Name Chemical Formula Weight %
Biotite K(Mg,Fe)s(AlSiz0,)(F,0H), 34.5%
Moganite Sio, 325%
Quartz Sio, 153 %
Feldspar CaAlSi;0q 8.3%
Berlinite Al (PO,) 5.0 %
Muscovite KAl,(AlSi;0,0)(F,0H), 25%
Gupeiite Fe; Si 1.0%
Bismuth ~ Barium  Iron Ba0,.Bi0g.Fe0.g** 0.5%
Oxide Fluoride
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ii.  Overburden Sample 3 (OB 3)

OVER BURDEN (OB 3)
(Coupled Two Theia/Thetz)

20— & | COD 1011156 02 5i Quartz low
3 ,f_ | COD 5011366 H12 NI 010 5 Retgersite
1 | CODS00B549 Al 04 P Berinite
004 | COD2000139 Fe2 O3 Hematite
] | COD 1006768 Fe H 02 Goathite
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| COD 1540704 Ca3 05 Si Alte
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Figure 4-27: Phase graph of overburden material (ob3) sample 3

Table 4-17: Mineralogical composition of ob 3

Compound Name Chemical Formula Weight %
Berlinite Al (PO,) 325%
Quartz low Sio, 31.2%
Retgersite NiS0,.6 H,0 14.7 %
Goethite FeO(OH) 6.7 %
Alite Ca;05Si 6.5 %
Hematite Fe,04 59%
Calcite Ca CO;4 25%
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iii.  Overburden Sample 4 (OB 4)

Table 4-18: Mineralogical composition of ob 4

Compound Name Chemical Formula Weight %
Qingheiite NaMn3*Mg (Al Fe?**)(P0O,); 31.5%
Quartz Sio, 28.9%
Retgersite NiS0,.6 H,0 13.9%
Hematite Fe, 0, 8.3%
Lanarkite Pb,(50,)0 7.9 %
Magnetite Fe;0, 5.2%
Calcite Ca COq 3.3%
Bismuth ~ Barium Ba0,.Bi0g.Fe0.g** 0.9%

Iron  Oxide
Fluoride
OVERBURDEN (OB 4)
(Coupled Two Theta/Theta)
3] ] 1 COD 5000035 OZ & Guariz
220 ' | COD 1011189 H12 Ni 010 S Retgersit
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‘200- | COD 8012721 AID.B28 Cal. 156 Fe0.T72 MQ2.254 Mn3.1 Na2 624 024 P6 Qingheiile
1 COD 9000095 C Ca O3 Caicite
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Figure 4-28: Phase graph of overburden material (ob4) sample 4

From the XRD results analysis, it is evident that the predominant minerals in the waste dump

samples are silicate minerals such as quartz, helvine, and tridymite. In contrast, minerals such
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as hematite and magnetite exist in traces. There is also a considerable amount of calcites and

berlinite in the waste dumps.

The dominant crystalline element in the stockpile samples is hematite and magnetite minerals
which showed very high phase. Silicate minerals and bismuth barium iron oxide have low
phases. In contrast, minerals such as franklinite and annite were in considerable amounts.
Berlinite, biotite, and gingheiite minerals were dominant, whereas feldspar, berlinite, and
retgersite minerals were in significant quantities. Bismuth barium iron oxides in low amounts.
These results compare to research done by Kiptarus et al. (2015) on iron ores from Kitui
County and findings by Cheneket (2018a) at Kishushe area to evaluate the impacts of iron ore

on potentially toxic elements concentration in soils in areas surrounding the mine site.

4.3.3. Mineral Crystallization

The petrographic analysis was applied successfully to study and determine solid mine waste

samples' mineral crystallization and transparent constituents. The results are as follows;

a. Waste dump Samples

A thin section of the waste dump sample (Figure 4-30) shows minerals with dominant opaque
dark grey color, indicating traces of magnetite and the rust-like colors of brown-red iron
hydroxide (hematite). The white, pink color indicates the quartz. Feldspar is structured in a
network with intrusions of quartz. There are olivine, biotite, and zircon minerals appearing in

between mineral grains of magnetite.
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Figure 4-29: Thin section of waste dump sample in ppl

b. Stockpile Sample

The thin section of stockpile sample 1 (SP1) consists of magnetite, pyro - garnets, quartz,
biotite, and hematite minerals. The dark opaque visible color in the thin sections is the
magnetite, as shown in Figure 4-31. The whitish color indicates the biotite iron ore and bands
of quartz assuming different shades. The brownish-grey color indicates martitized magnetite

in the sample hence occurring as Hematite.
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Figure 4-30: Thin section of stockpile sample 2 in x.p.|

Figure 4-32 shows that magnetite is the dominant mineral in stockpile sample 2 (SP2). It occurs
as opaque; however, hematite occurs as a brownish color. The solid waste is characterized by
specula and simple lamellae texture with mutual grain boundaries between various mineral

intrusions suggesting that the minerals break along the grain boundaries.
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Figure 4-32: Thin section of stockpile 1 (s.p. 1) in ppl
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Sample of stockpile (SP3) (Figure 4-33) contains high amounts of magnetite and hematite
minerals occurring in opaque and brown shades. There are traces of gangue minerals such as
quartz, pyroxene, garnet, and olivine minerals in the sample. The occurrence of the individual
grains, which are well-formed, exhibit resistance to weathering. Grain boundaries also separate

different minerals with varying sizes without individual grains interlocking.

c. Overburden samples

The overburden material sample generally occurs, and needlelike crystals of feldspar with

inclusions of quartz, mica, and shades of pyroxene as viewed in Figure 4-34.

Feldspar
Pyroxene

Mica

Quartz

Figure 4-33: Thin section of overburden material (0.b. 4) in x.p.l

Most of the environmental impacts of iron ore mining and processing are associated with
releasing various toxic elements from the mine wastes produced (Gabre et al., 2015). These

mine wastes pose severe problems because of the volumes produced and the areal extent and
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coverage (St-Arnault et al., 2020). They also impact the ecosystems negatively (Kakaie et al.,
2019). Due to the continuous pollution and contamination, solid mine wastes from iron ore
mining must be isolated and treated to reduce oxidation, erosion, toxicity or dumped in well-
designed waste dumps to be used for other purposes after mining operations (Pagona et
al.,2020). These contaminants in these solid mine wastes may travel through the soil, water,
biosphere, and atmosphere to cause environmental impacts (Frascoli & Hudson-Edwards,
2018). Most of the adverse environmental effects caused by solid mine wastes are their
tendencies to chemically react with available water or air hence producing contaminants
(Assawincharoenkij et al., 2017a). Airborne dust and winds may also cause the transportation
of these chemical elements in solid mine waste to soils and surface water (Jamieson et al.,

2015).

There is a presence of considerable amounts of Sulphide minerals such as pyrite (FeS,),
helvine (BesMn?*4(Si04)3S), and sphalerite (ZnS) in the stockpile and waste dump samples.
Exposure of these sulfide elements to an oxygenated environment, surface runoff, and
groundwater will cause the sulfides to be oxidized, rendering it chemically unstable, producing
acid that can produce acid mine drainage (AMD). Direct oxidation for pyrite mineral likely to
occur is presented in equation 5-1, whereby the atmospheric oxygen may oxidize the sulphide
minerals to produce dissolved ferrous hydroxide and sulphuric acid that has adverse effects on

the environment (Akoto & Anning, 2021)

FeSys) +15/205) + 7/H,0( Equation 5-1
- Fe(OH)3(5) + 2H3804(qq) + energy
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These mine wastes also contain phosphates, silicates, oxides, hydroxides, carbonates, and

halides.

The chemical weathering of silicate minerals consumes hydrogen (Mungai, 2014). This occurs
as an incongruent or congruent weathering process. The mineral's complete dissolution and
soluble components are produced during congruent weathering, but the silicate mineral is
altered to another phase (Bernd G. Lottermoser, 2011). The solid mine waste at SRKL Iron
Ore Mine contains silicates such as pyroxenes, olivines, garnets, amphibole, feldspar, and
micas. Therefore, a reaction is shown in Equations 5-2 and 5-3 may likely occur in the location

where they are dumped.

XAlSiO(s) + H *(aq) + 3H?0 Equation 5-2
- X** (aq) + AI3* (aq) + H4Si04(aq) + 30H™ (aq)

2XAlSi04(s) + H*(aq) + H*0 - X** (aq) + Al,Si;05 (OH),(s) Equation 5-3

Where X may be CA, Na, K, Mg, or Fe

Weathering of silicates produces silicic acid and dissolved cations, and secondary minerals
formation (He et al., 2019). These products may be the sources of environmental pollution in

the mine.

The presence of carbonate minerals in some of these solid mine wastes has played a crucial
part in neutralizing the acids generated from sulfide oxidations. During acidity neutralization,

the pH and alkalinity in water increase (Jamieson et al., 2015). Different minerals have
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different lifetimes of reactivity and weathering. Olivines tend to react more as compared to

quartz (Almeida et al., 2018).

Mineral crystallization also plays a major role in chemical reactions. The minerals are likely
to weather along the grain boundaries and increase their potential exposure to oxidation.
Petrography analysis also revealed poorly crystalline samples with structural defects that
contained distorted crystal lattice. This eventually leads to building up stresses in the rock

structure, making the mineral susceptible to chemical attack.
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CHAPTER FIVE

5. CONCLUSION AND RECOMMENDATIONS

5.1. Conclusion

In this study, characterization of solid waste generated from iron ore mining and processing at
SRKL iron mine, Taita Taveta County, Kenya, was carried out. Firstly, the environmental
pollutants from iron ore mining and processing operations were determined. Secondly, the
extents and volumes of solid mine wastes from the SRKL mine were quantified. Finally, the
geochemistry and the mineralogy of the solid mine wastes were effectively determined using

XRF, XRD, and petrographic analysis.

5.1.1. Environmental Pollutants Resulting From Iron Ore Mining and Processing

Operations at the Study Mine

The environmental pollutants that resulted from the iron ore mining and processing operations

at SRKL mine were as follows:

1. Waste dumps — Drilling & blasting operations, screening & separation of iron ore and
gangue
2. Stockpiles — Iron ore fines and low-grade iron ore

3. Overburden — produced during opening & mine advancing of open pit
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5.1.2. The Extent and Volume of Dumps and Stockpiles of Solid Mining Wastes at the

Study Mine

Findings from this research revealed solid mine waste such as waste dumps, stockpiles, and
overburden that result from iron ore mining and processing at SRKL mine. This study also
showed that by effectively applying GIS and Remote Sensing techniques, solid mine dynamic
wastes could be quantified and easily monitored progressively during stages of mining. This
can, in turn, assist in curbing environmental effects that may be likely to be felt by their
deposition in the environment. This method, as proved, can be a relatively cost-friendly yet
fast and reliable way to quantify the extents and the volumes dumped. The information on the
areal extent and the volume of these wastes can assist the mining company in effectively

planning for the rehabilitation and restoration of the areas affected by these wastes.

The following inferences from the quantification of the area and the volume of solid mine

waste were noted:

=

Waste dumps — Occupied the most significant area, 136,100 136,100 m? at 54.58%

N

Iron ore stockpiles — Occupied the least area, 28,800 m? at 11.55 %

3. Overburden — Had the largest volume 303,477.52 m3at 58.58 %

>

Iron ore stockpile — Had the least volume 34,025.17 m3 at 5.6 %

5.1.3. Properties of Solid Mining Wastes

Iron ore mining produces solid mine wastes that may be toxic and harmful to humans and the
resulting environment. potentially toxic elements such as Chromium, Cadmium, Zinc,

Manganese, and Copper were present. These elements present in the wastes are candidates for
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environmental pollution and adverse effects due to their exposure to oxygen and water sources.
The presence of sulphide minerals such as pyrite in the waste dumps may lead to the formation

of acid mine drainage in the presence of water.

High amounts of iron in waste dumps inferred the level of dilution and selective mining done
at SRKL mine. The waste dumps mainly consisted of blasted materials containing Sulphur, an

agent of environmental pollution.

Poor crystalline in the samples analyzed and revealed from the petrographic analysis proved
the possibility of weathering along mineral grains, increasing the surface area for chemical

attacks.

The precise mineralogy and geochemistry of the solid mine waste may play a crucial role in
predicting the environmental effects likely to be experienced if they are disposed of to the
environment. This may require interdisciplinary efforts to determine these solid mine wastes
and quantify their volume and areal extents as achieved in this research. Due to the adverse
effects of the solid mine wastes, reducing their environmental and health impacts would
require proper management and expertise. As seen in this research, understanding the

interactions of solid mine waste to the various conditions can benefit the mining company.

5.2. Recommendations

In the future, a tool that integrates the dynamic volumes and areas of these solid wastes with
real-time information for geochemistry and geochemical properties of the mine wastes needs
to be created to address the issue of environmental pollution from solid mine waste at any mine

as mining takes place in real-time.

92



Low-grade iron ore disregarded as waste could also be beneficiated further to avoid dumping
on the environment, causing environmental impacts. The iron ore fines that are unutilized
may also be alternatively used to reduce dumping into the environment. Studies by Chen
(2016) proved that iron ore fines can be utilized as an alternative for alumina-silicate used in

cement manufacturing and also provide raw material for brick making.

Dumping of the solid mine waste at SRKL mine remains a menace as their dispersion and
leaching may potentially contaminate the environment. Historically, mine waste disposal
techniques involved dumping the material in receiving ponds or returning the material to the
mining site (Plumlee and Morman, 2011). Modern practices such as containing the mine
wastes in embarkments remain a common waste management technique and are highly
recommended. Alternatively, waste materials may be returned to the mine and used for

backfilling.

5.3. Recommendations for Further Study

1. This study can be expanded to cover a large area, mostly the regions neighboring the mining

area towards Tausa and Oza Ranches.

2. Considering this study as a baseline study, other follow-up studies need to be undertaken to

assess the mining operations impact in the area.

3. Further studies need to be conducted on the water sources neighboring the mine. Besides,

the impact of the mining process on air quality needs to be assessed.
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APPENDICES

Appendix A: Py Script Code on Volume Computation

# -*- coding: utf-8 -*-

#
# Vol_SP1.py

# Created on: 2020-04-13 11:20:56.00000
# (generated by ArcGIS/ModelBuilder)
# Description:

#

# Import arcpy module

import arcpy

# Local variables:

VolumeSP1 = "c2020041108395736243data_GPX"

Tin_Stockpile = "D:\\Francis Data Analysis\
\SHP_LULC_Kishushe_mine\\Tin_Stockpile"

Rasterize_Stockpile = "d:\\francis data analysis
shp_lulc_kishushe_mine\\file_geodatabase.gdb\\Rasterize_Stockpile"
Vol_SP7_txt = "C:\\Users\\User\\Desktop\\GPX Wastes\\Vol_SP7.txt"

# Process: Create TIN

arcpy.CreateTin_3d(Tin_Stockpile, "PROJCS['Arc_1960_UTM_Zone_37S',
GEOGCS['GCS_Arc_1960', DATUM['D_Arc_1960',SPHEROID['Clarke_1880_RGS',
6378249.145,293.465]],
PRIMEM['Greenwich',0.0],UNIT['Degree’,0.0174532925199433]],
PROJECTION[ Transverse_Mercator'],PARAMETER['False_Easting',
500000.0],PARAMETER['False_Northing’,10000000.0],

PARAMETER]['Central_Meridian',39.0],PARAMETER['Scale_Factor’,



0.9996],PARAMETER([ Latitude_Of Origin',0.0], UNIT['Meter',1.0]]",
"c2020041108395736243data_GPX Elevation Mass_Points <None>", "DELAUNAY")
# Process: TIN to Raster

arcpy.TinRaster_3d(Tin_Stockpile, Rasterize_Stockpile, "FLOAT", "LINEAR",
"OBSERVATIONS 250", "1")

# Process: Surface Volume

arcpy.SurfaceVolume_3d(Rasterize_Stockpile, Vol _SP7_txt, "ABOVE", ", "1", "0")
import arcpy

# Local variables:

Waste_1_gpx = "C:\\Users\\User\\Desktop\\GPX Wastes\\Waste_1.gpx"

FeatureClassWaste = "D:\\Francis_Analysis
et.al\SHP_LULC_Kishushe_mine\\File_Geodatabase.gdb\\FeatureClassWaste"

TINWaste = "D:\\Francis_Analysis et.al\SHP_LULC_Kishushe_mine\\TINWaste"

RasterizedWaste = "d:\\Francis_Analysis
et.al\\shp_lulc_kishushe_mine\\file_geodatabase.gdb\\RasterizedWaste"

WasteVoll_txt = "C:\\Users\\User\\Desktop\\GPX Wastes\WasteVol1l.txt"

# Process: GPX To Features

arcpy.GPXtoFeatures_conversion(Waste_1_gpx, FeatureClassWaste)

# Process: Create TIN

arcpy.CreateTin_3d(TINWaste,
"PROJCS['Arc_1960_UTM_Zone_37S',GEOGCS['GCS_Arc_1960",DATUM['D_Arc_1960',
SPHEROID['Clarke_1880_RGS',

6378249.145,293.465]],PRIMEM['Greenwich’,

0.0],UNIT['Degree’,0.0174532925199433]],PROJECTION[ Transverse_Mercator'],PARAMETER]['False_Easti
ng',500000.0],PARAMETER['False_Northing',10000000.0]

,PARAMETER]['Central_Meridian',39.0], PARAMETER['Scale_Factor',0.9996],

PARAMETER([ Latitude_Of_Origin',0.0],UNIT['Meter',1.0]]", "'D:\\Francis_Analysis
et.al\SHP_LULC_Kishushe_mine\\File_Geodatabase.gdb\\FeatureClassWaste'

Elevation Mass_Points <None>", "DELAUNAY")

# Process: TIN to Raster



arcpy.TinRaster_3d(TINWaste, RasterizedWaste, "FLOAT", "LINEAR", "OBSERVATIONS 250", "1")
# Process: Surface Volume

arcpy.SurfaceVolume_3d(RasterizedWaste, WasteVoll_txt, "ABOVE", ", "1", "0")



Appendix B: XRF (X-ray fluorescence) Analysis Results
1. Waste dump samples

Table B-1: Waste dump samples XRF results

Element/ Compound WD1 WD2 WD3 WD4
Mass % Mass % Mass % Mass %
Iron 51.35 33.96 39.66 34.70
Silica 29.10 49.50 38.56 26.33
Manganese 5.91 1.17 0.26 1.42
Barium 4.62 0.19 0.10 0.25
Titanium 2.88 0.17 0.24 0.51
Aluminum 1.73 0.49 1.10 1.83
Calcium Carbonate 1.60 12.97 19.07 33.43
Sulphur 1.50 0.16 0.00 0.10
Phosphorous 1.10 1.25 0.89 1.26
Nickel 0.05 0.02 0.02 0.01
Zinc 0.04 0.01 0.01 0.03
Copper 0.03 0.01 0.00 0.01
Lead 0.03 0.01 0.01 0.01
Bismuth 0.02 0.01 0.00 0.01
Chromium 0.00 0.08 0.05 0.02
Thorium 0.00 0.00 0.02 0.01
Vanadium 0.00 0.00 0.00 0.04

2. Stockpile samples

Table B-2: Stockpile

Element/ Compound SP1 Mass SP2 Mass SP3 Mass SP4 Mass

% % % %
Iron 88.75 71.94 76.92 84.53
Silica 5.85 19.37 16.31 11.86
Aluminium 1.73 1.90 1.65 1.40
Calcium Carbonate 0.83 1.29 0.82 1.11
Phosphorous 0.79 1.06 0.98 0.64
Barium 0.62 0.96 1.27 0.05
Titanium 0.56 0.90 1.03 0.00
Sulphur 0.26 0.63 0.00 0.00
Manganese 0.26 1.67 0.58 0.24
Bismuth 0.10 0.04 0.07 0.10
Nickel 0.05 0.07 0.21 0.08
Rubidium 0.05 0.02 0.04 0.03
Lead 0.04 0.04 0.05 0.04
Copper 0.04 0.02 0.02 0.02
zZinc 0.03 0.02 0.01 0.02
Zirconium 0.00 0.00 0.01 0.00
Vanadium 0.00 0.00 0.00 0.02




3. Overburden samples

Table B-3: Overburden samples XRF results

Element/ Compound OB1% OB2% OB3% OB4%

Silica 57.83 60.7 24.93 20.62
Iron 15.01 8.63 6.1 19.92
Potassium 10.36 15.98 0.37 0.58
Calcium Carbonate 7.42 1.76 62.86 52.54
Aluminium 6.13 9.48 3.11 3.32
Phosphorous 1.83 1.8 1.7 1.47
Titanium 0.51 0.69 0.67 0.76
Barium 0.38 0.24 0.17 0.19
Sulphur 0.25 0.37 0.1 0.01
Manganese 0.05 0.08 0.39 0.48
Chromium 0.05 0.06 0.03 0.02
Zirconium 0.04 0.04 0.01 0.02
Strontium 0.03 0 0.04 0.04
Rubidium 0.03 0.04 0 0

Copper 0.02 0.01 0.02 0.01
Zinc 0.01 0.01 0.01 0
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Abstract

Monitoring and estimating solid mine waste produced during mining operations at a spatial-temporal scale plays a funda-
mental role in waste management and mitigation of environmental impacts. Iron ore mining and processing results in waste
production that may cause environmental degradation, therefore, the need to estimate their volumes and extents. This research
aims at mapping and estimating the areal extents and the volumes of solid mine waste produced during iron ore mining and
processing. Contours were generated from control points with X, Y, Z information and interpolated to create a Triangular
Irregular Network (TIN), which was rasterized to create a 3D Digital Elevation Model (DEM) that was used in volume esti-
mation. Maximum-Likelihood Classification method (MLC) was used for classification at an accuracy of 74% to estimate
the areal extents of the solid mine wastes, with a Kappa Coefficient of 0.65. Solid mine waste approximately covered an area
of 591,100 m? and a volume of 2694,670.55 Metric Tonnes. This research presents a fast and accurate method of mapping

and estimating the areal extents and volume of solid waste dumped during mining and processing operations.

Keywords Mine wastes - Iron ore - Environmental monitoring - GIS - Remote sensing

Introduction

Mining has played a huge role in economic development
in many parts of the world (Bansah et al. 2018). However,
in Africa, mining consists of small-scale mines and many
large-scale mines scattered throughout, mining different
minerals (Hilson et al. 2017). The mining of various min-
erals in different parts of the world has had long-lasting
negative impacts (Bansah et al. 2018). The most evident
impacts of mining are the disposal of various harmful wastes
and notable land use and land cover changes where vegeta-
tion is cleared (Elsaid and Abdelkareem 2018). There are
various mine wastes such as overburden, slags, waste rock,
and stockpiles of unwanted ore of low-grade in loose soil
piled near open pits, tailings dam, and overburden surfaces
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stripped areas (Sikaundi 2015; Akoto and Anning 2021).
Apart from altering the landscape by changing the land use
and land cover, these mine wastes, tailings, stockpiled over-
burden, and stockpiles pose a hazard to human health (Odoh
et al. 2017). Ignoring these volumes and their extents may
result in adverse impacts.

Mining, mineral exploration, and mineral extraction are
spatial (Adero 2018). Both surface and underground mines
cover large spans of land (Moraga and Gurkan 2020). Dur-
ing mining operations, various waste is produced and end up
being dumped on the surface at different locations within the
mine (Werner et al. 2019). Considering the time consumed,
safety, accuracy, and frequency in monitoring and estimating
these volumes of waste dumped, there is a need to employ
GIS and remote sensing techniques for volume calculation
(Tucci et al. 2019).

GIS and remote sensing technology plays a crucial part in
mining and has vast applications, including mineral predic-
tive mapping, area calculation using land use and land cover
classification (LULC) methods, and volume measurements
(Rahman et al. 2017). Various remote sensing and GIS
software are used to stitch together and process geotagged
photographs and remotely sensed images with high overlap
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captured from multiple angles for various applications such
as waste dump mapping (Tucci et al. 2019). This software
generates very dense 3D point clouds, and the result is a 3D
surface model for higher accuracy volume calculations safe
and faster than before (Kevin and Nthenge 2020).

Maximum-Likelihood Classification (MLC) method uti-
lizing machine learning has become popular in the recent
past in identifying various land use and land cover classes
at a higher accuracy (Verma et al. 2020). The statistics
of these classes play a significant role in area calculation
(Jamali 2019). Land use and land cover are spatial-temporal,
and therefore, crucial in determining where various mine
wastes are dumped. Land use and land cover (LULC) classes
areas calculations have become a vital issue in the current
sustainability and environmental monitoring tools (Hosseini
et al. 2019). Remotely sensed data, GIS, and remote sens-
ing techniques are used to detect land use and land cover
classes whose classes are statistically computed to give the
exact areas of specific classes (Hosseini et al. 2019). Accu-
racy is of great importance and needs a clear understating
and due diligence in selecting and validating the classes and
algorithms (Verma et al. 2020). According to Raeva et al.
(2016), mining engineering legislation outlines that volume
calculation should present an accuracy of + 3% of the whole
amount. Therefore, there is a need to carry out a thorough
accuracy assessment both for the LULC for areal calcula-
tions and volumetric computation to come up with desired
results that can be used for sound environmental monitor-
ing. Accurate land use and land cover analysis are critical
in meeting this need as these areas will be used to inform
evidence-based decisions on environmental management
(Hale et al. 2016).

The study area, Samrudha Resources Mine, Taita Taveta
County in Kenya, was suitably selected as it lies in the
Mozambique belt along the coastal region rich with indus-
trial minerals (Waweru 2020). Both remote sensing and GIS
techniques utilizing photogrammetry and machine learning
methods such as Maximum Likelihood Classification meth-
ods were used. The specific objectives of this research was
to: (1) Mapping of the areal extents of solid mine waste
dumped at Samrudha Resources Mine using Maximum
Likelihood Classification by computation of per pixel sta-
tistics for land use and land cover classes based on Sentinel
2 Level 2A satellite image; (2) Estimation of the volumes
of the solid mine waste dumped using ground control points
and spatial analysts tools in ArcGIS.

The hypothesis of this research is that Geographical
Information Systems (GIS) and remote sensing Method can
be accurately used to spatially map and estimate solid mine
wastes and stockpiled materials at a spatial-temporal scale in a
dynamic area where active mining is taking place. The second
part of this research presents the research scope, Samrudha
Resources, Taita Taveta Kenya, and the research methodology

@ Springer

for volume and area estimations in depths, including the accu-
racy assessment of the various methods used. The third section
of this research contains the findings that are discussed in the
fourth section. The last part of this research, includes the key
conclusions and recommendations for further research.

Data and methodology
Study area and datasets

This study was conducted within the Samrudha Resource
Iron Ore Mine at Taita Taveta County, Kenya, where active
mining occurs. This area lies approximately 450 km south-
east of Nairobi and 250 km northwest of Mombasa, at
between 3.1° S and 3.3° S, and 38.1° E and 38.3° E, as
shown in Fig. 1. The area lies in the Mozambique belt, rich
in industrial minerals (Cheneket 2018). Figure 2 shows a
high-resolution true-colour image of the mining site with
various solid waste dump locations. Samrudha Resources
Mine Limited utilizes open cast mining and selectively
mines iron ore of high grade, discriminating medium and
low-grade iron ores < 65%, which are disregarded as mine
waste. These materials are either stockpiled or dumped in
locations near the open pit.

Satellite image datasets and ground control points

In this study, Sentinel 2 Level 2A satellite image was
obtained in January 2020 from the USGS (http://
glovis.usgs.gov) in the dry season with no cloud cover.
The image path and row were 167 and 062, respec-
tively, with a spatial resolution of 10-m spatial resolu-
tion (S2B_MSILIC_20190928T072659_N0208_R049_
T37MDS_20190928T101523).

GPS coordinates control points were picked from the
ground, and additional ground control points were estab-
lished from google earth. Google earth was also used to
create Keyhole Mark-up Language (KML) data, which con-
tained the planer information for (X, Y), and display the
elevation profile, as shown in Fig. 3, to determine the high-
est and lowest point for the locations of interest. The KML
data were exported to GPS Visualizer Software, where the
Z component for altitude was added and finally converted to
GPS Exchange Format (GPX).

Image classification workflow and volume
computation

Image classification
The workflow for image classification to delineate the

areal extents for solid mine wastes dumped at Samrudha
Resources Mine is shown in Fig. 4.
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Fig. 1 Map of the study area, Samrudha Resources Mine, Taita Taveta County, Kenya

Fig.2 True colour image highlighting various solid waste points in
Samrudha Resources Mining Area Source: (Google Earth Pro, 2020)

The following key steps were adopted as part of the work-
flow and consisted of the following:

Data pre-processing

Creation of training areas
Classification and accuracy assessment
Wastes extents delineation

Waste volumes quantification

AR

Data pre-processing The data downloaded were processed
to the Bottom of the Atmosphere Reflectance and also cor-

Google Earth

Fig.3 Elevation profile of one of the Iron ore Stockpile in Google
Earth

rected from variances caused by the sun angle (Main-Knorn
et al. 2017). The data were then exported to ArcGIS Soft-
ware, where a subset of the mine outline at the study area
was extracted; this process helped make the image pre-pro-
cessing in R Studio by use or raster RS Toolbox Packages
less time consuming (Leutner and Horning 2016). Only the
10 m spatial resolution bands of Blue, Red, Green, and Near
Infrared (NIR) were used. To make the image pre-process-
ing less time consuming, the data were then stacked, and
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different RBG combinations were used to display relevant
information in clarity.

Creation of training areas The training datasets for Maxi-
mum-Likelihood Classification (MLC) were produced by
carefully selecting pure pixels from satellite imagery based
on the ground knowledge experience and maps from Google
Earth Pro (Qu et al. 2021). For training area selection, it
is recommended that a maximum of 30 and not less than
10 points for each class be selected for training purposes
(Ha et al. 2020). A total of 200 samples for training were
collected for training the algorithm, and additional 50 sites
were collected for validation.

Classification and accuracy assessment Maximum-Likeli-
hood Classifier method utilizing supervised classification
method was done in ArcGIS (Oyedotun 2020). The MLC
method is based on the basic principle that the classes’
data are distributed normally in a multidimensional space
(Verma et al. 2020). During classification, both covariances
and variances in the training datasets were considered. Each
pixel is assigned to a specific class that has a maximum
probability of being a member. A classification scheme was
then developed basing on the knowledge of the area and
the classes of interest. Solid mine wastes were a priority,
in this case. Therefore, the classes identified from the MLC
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Fig.5 Workflow for waste volume quantification

algorithm were reclassified to the following classes: iron ore
stockpile, waste dumped and overburden, cleared ground,
and open pits. This was done in ArcGIS Software.

In general, the accuracy assessment goal is to determine
the quality of the extracted information and generated from
the data (Hosseini et al. 2019). The classification accuracy,
the rate of the correspondence between the referenced infor-
mation and the data, is very vital (Ha et al. 2020). The over-
all accuracy, users’ accuracy, producers’ accuracy, and the
overall kappa coefficient were done using the error matrix
(Rwanga and Ndambuki 2017). Equation (1) was used for
Kappa Coefficient Computation (Bhattacharjee and Jensen-
Butler 2006). The K is the rows in the matrix; x;; is the obser-
vations in column i and row i; x+i and x;+ are the marginal
row totals of column i and row £, respectively, whereas, N
are the observations made.

Equation 1 kappa coefficient formula:

=NZ;:1 Xii — 2;1 (xi +Xx+])

K r
N2=2 (xiiXX+l)

6]

Waste volumes quantification This was achieved with GPX
data created from Google earth and GPS Visualizer using
the workflow as illustrated in Fig. 5.

GCP taken from the field was exported to Google Earth
and more GCP Extracted to create cloud points (Bhattacha-
rjee and Jensen-Butler 2006). For each feature of interest,
such as the waste dump identified, the elevation profile of
each was displayed to identify the highest and the lowest
points as these values were to be used for volume differenc-
ing. This data (X, Y) were then exported to GPX Visualiser
Software, where the elevation (Z) was added for each point.
The GPX points were exported to ArcGIS Software and con-
verted to feature classes. Due to the many feature classes
created for each of the solid mine waste classes and the need
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for accuracy during the entire process, the ArcGIS model
builder was used to automate the process, as shown in Fig. 6.

The data variables, the inputs (Blue), were GPX points
shown in Fig. 7 exported to ArcGIS Software.

This was run through various tools (Yellow) in ArcGIS
Toolbox. The first tool converted the GPX data to feature
classes: the first data output (Green) was used to create a tri-
angulated irregular network (TIN). The created TIN formed
the input for the following process: rasterization of the TIN
that included georeferencing of the raster output to convert
the unit of measurement to Meters. The 3D raster was then
used for volumetric calculation using the Surface Tool in
the ArcGIS Spatial Analyst, whereby the maximum and
minimum heights of each feature of interest were input. The
surface tool was run, and the volumes were exported to a
table for computation.

Results
Accuracy assessment

The extent of solid mine waste was mapped at an accuracy of
74% and a Cohen’s Kappa of 0.65 above the recommended
Kappa of 0.5 (Rwanga and Ndambuki 2017). This is as
shown in the confusion matrix in Table 1. The accuracy
was influenced by GPX points coverage, which creates an
unclear definition of the footprint and the outline at different
areas of interest, such as the stockpile. Figure 8 shows the

Wastel_Feat
ure_Class

—n
5
~

GPX To Features

J‘_
Create TIN

R —

= =

TIN to Raster

Rasterizez W
aste_1
~
Surface Volume Vd_wx::slell

Fig.6 Volume computation flow in the ArcGIS model builder

raa——

Fig.7 GPX point features overlaying stockpile classes

parts circled not covered by the GPX points, which influ-
enced the accuracy of the areal and volumetric calculations.

Areal extents mapping

The areal extents were generated from the MLC classifica-
tion based on the classes identified for the land uses. These
classes were iron ore stockpiles, open cast pits where min-
ing was taking place, cleared grounds, and waste dump and
overburden dump. The iron stockpiles are represented in
black color in the map, and the open cast pits are represented
in purple; the cleared grounds are visualized in grey color. In
contrast, the waste dump and the overburden are represented
using brown color as shown in Fig. 9. A comparison is also
drawn with a true color Sentinel 2A image that shows the
extents of mine wastes for different classes to reinforce the
results.

The area was calculated as per pixel, as shown in Fig. 10.
This was then statistically computed and similar classes
areas combined. The largest area was found out to be open
ground and Open Cast Pits. Solid mine waste extent, waste
rock, and overburden occupied the largest area of 0.0845
Km?, and iron ore stockpile coming second with 0.00288
Km? as shown in Table 2.

Figure 11 shows a pie chart of differents classes of the
mine wastes found in the area. The significance of the open
cast pits occupying a large area justifies why the overburden
and the waste dump occupied the largest percentage than the
stockpiles. This is because 80% of the mine’s materials waste
from blasting operations, stripping, and removing overbur-
dened material deposited on the mine edges. The iron ore
stockpile, which is disregarded as mine waste, occupied the
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Table 1 Confusion matrix

Classes Iron ore Waste dump and  Cleared Open cast pit Total

stockpile overburden ground reference
points

Iron ore stockpile 23 0 0 0 23

Waste dump and overburden 1 5 1 0 7

Cleared ground 0 10 26 1 37

Open cast pit 0 13 0 19 32

Total reference points 24 28 27 20

Accuracy 74%

Kappa coefficient 0.65

z) -

v

rPans Not Covered by the GPX Points |

Stockpile GPX CP1
Stackpile GPX CP2

Stockpile GPX CP5
Stackpile GPX CP§
Stockpile GPX CP3
Stackpile GPX CP4

Stockpile GPX CP7

0 005 0.1

0.2 03 0.4

Km

Fig.8 GPX point features overlaying stockpiles

smallest percentage of 11%, while waste dump and over-
burden occupied 345 of the total area under consideration.

Volumes of solid mine wastes dumped

The volumetric analysis revealed waste rock dumped and
overburden occupied the largest volume of approximately
489,211.94 m>, and iron ore stockpiles occupied a volume
of approximately 34,025.17 m? shown in Table 3. Figure 12
shows a pie chart of solid mine waste volumes. Waste rock
dumped, and overburden had the highest percentage (93%)
compared to the stockpile (7%).

@ Springer

Volume computation model

A model that comprises workflows that string together the
step-by-step sequences of the geoprocessing tool by feed-
ing the various outputs of one tool to another as inputs was
created. The model was created by ArcGIS ModelBuilder,
which is a tool for visual programming and building
important workflows (Raju 2020). The model, as shown
in Fig. 13, was created.
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Extents of Mine Wastes

True Color Sentinel 2A Image

[JstudyArea [l iron Ore Stockpile M Open Cast Pits

I Waste Dump and Overburden

Cleared Ground

00102 04 06 0.8
O e Cilometers

Fig.9 Map of mine waste extents

5%

Cleared Ground
I Iron Ore Stockpile
Open Cast Pits

I Waste Dump

yay

Area | ha |\ Classname |
| 400/0.04|Clared ground. |
100001 Ciehred oround.
100/0.01 |Cledred ground
100/0.01 [Cieated ground
|D_ﬂ 0.01 |ron Qre Stockpie
100]0.01 |Iron Qre Stockple
_10010.011ivon Cre Stockple _
2000.02 | ron Ope Stockple
200{0.02 |ron Ofe Stockpie
0.02|Cleardd ground
300/0.03 | Cleardd ground
10010.01 [iron Gre Stockpie
2000.02| Clearpd ground
100{0.01 [Wasde Rock and Sand Dumps
1000.01 | Cleafed ground
1000.01|Wagke Rock and Sand Dumps.
.20010.02{ o Oce Siockple.
100]0.01 |Cifared ground
100]0.01 |Cpeared ground
10.02|fieared ground
A9{Wasle Rock and Send Duoips_
)pen Ground and Open Cut Pes
Cieared ground
100{0.01 [Cleared ground
100 0.01Open Ground and Open Cut Pts
2000.02| Waste Rock and Sand Dumps
200002 P
100/0.01
100{0.01|Open Ground and Open Cut PRs
106]0.01 [Open Ground and Open Cut Pes

H

L
-~
; 1% l
8
£
|

w
T
=

2
H
£
I
to=|

T
2
3
b
| glar

108]0.01

400 0.04 | Waste Rock and Sand Dumps. _
100001 | Cleared pround
100{0.01 ¥on Ore Stockple
100 0,01 |Cleared pround
100,001 | Cleared ground
3001003 |Waste Rock and Sand Dumps.
20010,02|Open Ground and Open Cut Pis
700{0.07 |Open Ground and Open Cut Pes
500|0.05 | Cleared ground
300{0.03 | Cleared ground

ound _

8i8l8sl8l8le|s ol

Poygon | 103 713

1
|

D L e S S e e e s PN e A e T I P e e

I
|

e -
200002 Viaste Rock and Sand Duros
1000.01 |Open Ground and Open Cut Pts.
[0.01]0¢ Open Cut Pts

114] 733]

GREEE

Areal Coverage of Different Classes in M?and Ha B

21| 787] 7100/ 0.01Open Ground and Open Cut Pls _

Fig. 10 Attribute table for par pixel areal coverage

&
3
i

759
760!

wnlolnelols

100{0.01 |Cleared ground
20010.02 | Cleared oround

g
g

@ Springer

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Modeling Earth Systems and Environment

Table 2 Areas of extents

Iron ore Open cast ~ Waste dump An estimate

stockpile pits area and overbur- of total area

area den area covered
Sum of area  0.0288 0.1361 0.0845 0.2494

Km?

Coverage of Mine Wastes Areas

11%

Iron Ore Stockpile = Open Cast Pits = Waste Dump and Overburden

Fig. 11 Pie chart of derived classes

Table 3 Volumes of mine wastes

Iron ore stock- Waste rock An estimate of
pile dump and over-  total volume
burden
Volume inm®  34,025.17 489,211.94 523,237.11

Volumes of Mine Waste

7%

Iron Ore Stockpile m Waste Rock Dump and Overburden

Fig. 12 Pie chart of the volumes of mine waste

Discussion

Mining and mineral processing produces gaseous, liquid,
and solid waste (Lottermoser 2011). During open-pit min-
ing operations, solid mine wastes such as; waste rocks,
overburden, spoils, stockpiled materials, emissions and
mine water may be emitted (Blight 2011). The developing
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Samrudha Resources Mine in Taita Taveta, Kenya, was
chosen as the study area to examine these problematic
solid mine wastes as little information of the volumes and
areal extents are known. The criterion for the determina-
tion of waste and ore at Samrudha resources is cut-off
grade. Ore that is less than 70% of concentration of iron
ore at Samrudha Resources is termed as subeconomic, and
therefore, is disregarded as waste. At Samrudha Resources
Mine, there exist various types of wastes such as Waste
Rocks, Overburden and Stockpiled iron ore fine dust. This
is shown in Fig. 14.

Waste rock is generally excavated and mined rocks during
access from ore and includes rocks resulting from blasting
operations (Lottermoser 2011). These waste rocks are gen-
erally dumped in non-designated places around the mining
area at Samrudha Resources Mine. The overburden material
at Samrudha Resources Mine is topsoil dozed-off during
the opening up of new open pits, as shown in Fig. 15. The
material is piled on the sides of the mine and constitutes
solid mine waste produced during mining operations under
consideration in this research.

The stockpiled material at Samrudha Resources Mine is
generally iron ore fines and iron ore of low grade, not of
economic value to the company. The iron ore fines and low-
grade iron ore are stockpiled near the processing plant.

An estimated total volume of solid mine waste produced
at Samrudha Resources Limited as of March 2020 stood at
523,237.11 m? as seen in (Table 4) and covered an approxi-
mated area of about 249,400 M2. ArcGIS ModelBuilder was
used to automate this process. This came in handy due to
the many numbers of iteration for each class that was under
consideration for the volume computation. Raju (2020) high-
lights that automating processes and workflows in ArcGIS
ModelBuilder have proven effective in time management and
improves user accuracy. This model can be used to compute
for any volume of a selected pile of solid waste, where its
inputs are the GPX point clouds.

Generally, the volumes are translated from the stripping
ratio that the mine utilizes, which is 2:1. For every one part
of ore mined, the company mines two parts of waste (Kur-
anchie 2015).

The stockpiled materials at the mine cover an approxi-
mate volume and area of 34,025.17 m> and 28,800 m?,
respectively. This translates to the least amount of solid
waste produced during the mining of iron ore at the mine.
The stockpiled materials are generally mineral process-
ing waste produced as a result of magnetic separation and
screening of iron ore. Due to the selective mining taking
place at Samrudha resources, the materials that end up in
the processing plant are of high grade. Therefore, very small
amounts of waste are produced. These wastes also appear to
be clustered at one central location near the processing plant,
as shown in Fig. 16.
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Fig. 13 Model workflow for volume computation in ArcGIS

=

TIN to Raster

Fig. 14 Mine wastes at Samrudha resources Mine; a Overburden material, b Waste dump, ¢ Stockpiled iron ore fines and, d Waste rock dump

The waste dump and the overburdened materials cover
a volume and area of 489,211.94 m?, and 84,500 m?. This
constitutes the highest amount of waste generated during
stripping and mining operations. The wastes from the open
pit and overburdened materials are dumped near the open-
pit mine. On rare occasions, the waste and overburden are
dumped away from the open-pit mine area. This is to reduce
the mining cost, as revealed by the company. This waste gen-
erally results from blasting operations, stripping of gangue
materials, and topsoil, which is heterogeneous to the geology
of the ore.

The exposure of these solid wastes to the atmosphere
and the environment may cause various impacts, such as
acid drainage due to sulphide minerals (Almeida et al.
2018). There exist heavy metals concentrations in these
mine wastes that pose an environmental concern (Cheneket
2018). This is why there is a need to map out the extents
and the volumes to plan for various post-mining operations
such as mine rehabilitation and plan monitoring activities.
The quantifications are also essential to avert the anticipated
environmental impacts. A mining company needs to know
the approximate volumes and extents of mine waste they
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Fig. 15 Overburden material at the sides of the active open pit

Table 4 Volume and areas of solid mine waste

produce as they progressively carry out mining and process-
ing operations. At times, this may prove to be a costly affair
that results in these wastes’ uncontrolled disposal. Studies
done by Cheneket (2018) reveal that the disposal of mine
wastes by Samrudha Resources Limited poses a grave dan-
ger to the community living around the mine as the soils are
laced with heavy metals resulting from the mine waste. This
information on volumes and areal coverage of these prob-
lematic solid mine wastes, which was missing, will help the
company refocus on planning for waste disposal, treatment
techniques, and some situations consider value addition and
reusing.

Conclusion
Iron ore mining produces various mine wastes that may be

toxic and harmful to humans and the resulting environment.
By effectively applying GIS and remote sensing techniques

523
249

Estimated volume of mine waste m>

Estimated area of solid mine waste m?

to quantify the extent and volume of solid mine waste that
are dynamic, the company now has the upper hand in moni-
toring the waste produced. This can come in handy to curb

,237.11
,400

sgoe

various environmental impacts associated with depositing
the wastes into the environment. This method also provides
arelatively cost-friendly yet fast and reliable way to monitor
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Fig. 16 Solid mine waste map
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the environmental effects that these wastes may cause. The
mining company can also effectively plan for the rehabilita-
tion and restoration of some areas affected. It is important
to note that though relatively expensive, UAV technology
is faster and more accurate in surface differencing (Rah-
man et al. 2017). In future tool that integrates the dynamic
volumes and areas of these solid wastes with real-time infor-
mation for geochemistry and geochemical properties of the
mine wastes need to be created to address the issue of envi-
ronmental pollution of solid mine waste at any mine.
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