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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  m2 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.
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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 

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 

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_MSIL1C_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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The following key steps were adopted as part of the work-
flow and consisted of the following:

1. Data pre-processing
2. Creation of training areas
3. Classification and accuracy assessment
4. Wastes extents delineation
5. Waste volumes quantification

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

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 

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)

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

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; xii is the obser-
vations in column i and row i; x + i and xi + are the marginal 
row totals of column i and row k, respectively, whereas, N 
are the observations made.

Equation 1 kappa coefficient formula:

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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Fig. 4  Workflow for areal extents delineation

Fig. 5  Workflow for waste volume quantification
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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 

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 
 Km2, and iron ore stockpile coming second with 0.00288 
 Km2 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 Fig. 6  Volume computation flow in the ArcGIS model builder

Fig. 7  GPX point features overlaying stockpile classes
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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  m3, and iron ore stockpiles occupied a volume 
of approximately 34,025.17  m3 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%).

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.

Table 1  Confusion matrix Classes Iron ore 
stockpile

Waste dump and 
overburden

Cleared 
ground

Open cast pit Total 
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

Fig. 8  GPX point features overlaying stockpiles
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Fig. 9  Map of mine waste extents

Fig. 10  Attribute table for par pixel areal coverage
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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 

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  m3 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   m3 and 28,800   m2, 
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.

Table 2  Areas of extents

Iron ore 
stockpile 
area

Open cast 
pits area

Waste dump 
and overbur-
den area

An estimate 
of total area 
covered

Sum of area 
 Km2

0.0288 0.1361 0.0845 0.2494

11%

55%

34%

Coverage of Mine Wastes Areas

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-
pile

Waste rock 
dump and over-
burden

An estimate of 
total volume

Volume in  m3 34,025.17 489,211.94 523,237.11

7%

93%

Volumes of Mine Waste

Iron Ore Stockpile Waste Rock Dump and Overburden

Fig. 12  Pie chart of the volumes of mine waste
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The waste dump and the overburdened materials cover 
a volume and area of 489,211.94  m3, and 84,500  m2. 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 

Fig. 13  Model workflow for volume computation in ArcGIS

Fig. 14  Mine wastes at Samrudha resources Mine; a Overburden material, b Waste dump, c Stockpiled iron ore fines and, d Waste rock dump
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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 
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 
various environmental impacts associated with depositing 
the wastes into the environment. This method also provides 
a relatively cost-friendly yet fast and reliable way to monitor 

Fig. 15  Overburden material at the sides of the active open pit

Table 4  Volume and areas of solid mine waste

Estimated volume of mine waste  m3 523,237.11
Estimated area of solid mine waste  m2 249,400

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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