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Abstract: Post-mining landscapes are multifaceted, comprising multiple characteristics, more so in
big metropolitan regions such as Gauteng, South Africa. This paper evaluates the efficacy of Fuzzy
overlay and Random Forest classification for integrating and representing post-mining landscapes
and how this influences the perception of these landscapes. To this end, this paper uses GISs,
MCDA, Fuzzy overlay, and Random Forest classification models to integrate post-mining landscape
characteristics derived from the literature. It assesses the results using an accuracy assessment, area
statistics, and correlation analysis. The findings from this study indicate that both Fuzzy overlay
and Random Forest classification are applicable for integrating multiple landscape characteristics
at varying degrees. The resultant maps show some similarity in highlighting mine waste cutting
across the province. However, the Fuzzy overlay map has higher accuracy and extends over a larger
footprint owing to the model’s use of a range of 0 to 1. This shows both areas of low and high
memberships, as well as partial membership as intermediate values. This model also demonstrates
strong relationships with regions characterised by landscape transformation and waste and weak
relationships with areas of economic decline and inaccessibility. In contrast, the Random Forrest
classification model, though also useful for classification purposes, presents a lower accuracy score
and smaller footprint. Moreover, it uses discrete values and does not highlight some areas of
interaction between landscape characteristics. The Fuzzy overlay model was found to be more
favourable for integrating post-mining landscape characteristics in this study as it captures the
nuances in the composition of this landscape. These findings highlight the importance of mapping
methods such as Fuzzy overlay for an integrated representation and shaping the perception and
understanding of the locality and extent of complex landscapes such as post-mining landscapes.
Methods such as Fuzzy overlay can support research, planning, and decision-making by providing a
nuanced representation of how multiple landscape characteristics are integrated and interact in space
and how this influences public perception and policy outcomes.

Keywords: GISs; MCDM; post-mining; landscape characteristics; integration; fuzzy overlay; random
forest classification

1. Introduction

Most of the literature on post-mining landscapes relates to their technical aspects,
such as rehabilitation through water retention, biomass plant testing, soil reclamation,
and geothermal conversion [1–3]. However, focus on these technical aspects may also
influence their perception by the public and stakeholders [4]. Berger [5] also notes that
post-extractive landscapes, including areas of post-mining and industrialisation, may be
stigmatised. In agreement, Svoboda et al. [4] note that this is attributable to their perception
as sustainability and socio-economic risks. This, therefore, leads to their neglect and
development tends to move away from them, leading to their permanent exclusion from
further use [6]. Some studies [7–9] argue that a more holistic view of post-mining landscapes
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and the opportunities arising from abandoned mining sites and their potential future uses
is required. These studies posit that these landscapes present several new opportunities for
the regeneration of the surrounding landscape and a better understanding of the spatial
and cultural development of the surrounding landscape. The mapping and visualisation
of these spaces can potentially benefit them by influencing their perception [4,10–12].
Thus, some studies, such as Liu and Nijhaus [13], posit that understanding landscape
complexity is crucial for numerous scientific disciplines and practical applications by
researchers, planners, and policy and decision-makers. Moreover, the effective visualisation
and mapping of landscape characteristics gives decision-makers some insight into how
landscapes function, while the representation and symbology of various landscape features
may shape the perception of the landscape [4,6,10,11] and could potentially enable better
communication of the landscape.

In response, there have been fundamental advances in the mapping of landscapes over
the years, going from traditional empirical cartographic foundations to Geographic Infor-
mation Systems (GISs). These advances potentially improve the perception of landscapes
by incorporating geographically referenced information into conceptual frameworks also
used in the social sciences [14]. Most of these frameworks have investigated the integration
of a particular landscape’s characteristics, such as the environment, society, culture, and
heritage [15–23], improving the perception of landscapes by showing that they can be
multifaceted. These integration frameworks are especially beneficial in regions with a rich
and complex spatial history, such as the post-mining landscapes characterising mineralised
urbanisations, such as Johannesburg, Gauteng, where development has continued despite
the ceasing of mining activity, resulting in landscapes marred by active mining and mining
remnants and urban processes [24]. In such landscapes, the characteristics and spatial
patterns of such spaces can be analysed in a unified manner [25], deepening the percep-
tion of these landscapes as it provides insight into how their various spatial and societal
features interact.

Spatial analysis, including Multicriteria Decision Making or Multicriteria Decision
Analysis (MCDM or MCDA), is an important component in the integration of various
components and multicriteria analysis. In recent years, MCDA has also expanded to
include spatial elements (GIS-MCDA) [26]. MCDA is a widely used approach in GISs
for evaluating alternatives based on multiple criteria [27–29], addressing complex spatial
problems, and supporting sustainable development efforts [30]. In these situations, MCDA
provides a structured decision-making method to combine different criteria and provides
support for the evaluation and selection of alternatives and the interrelationships between
criteria [27,28]. This synthesis of criteria also influences how the interaction of various
landscape criteria or characteristics is perceived and how stakeholders using maps and
involved in decision-making understand the landscape [28]. Some of the common MCDA
methodologies include Geographically Weighted Regression (GWR), Analytic Hierarchy
Process (AHP) [31,32], Fuzzy Logic, and Weighted Overlay—one of the most popular.
MCDA is also used as a basis for constructing decision models in predictive machine
learning algorithms, such as Random Forest classification [33,34].

However, despite the advances in the representation and mapping of landscapes,
mapping landscapes with contrasting characteristics is challenging. Nevertheless, Roy [28]
argues that MCDA is also useful in situations with contrasting characteristics for com-
bining all characteristics. MCDA is used in land-use planning, particularly in suitability
studies [13,35] and has also been applied in various stages of mining, including mine
closure and post-mining landscape characteristics studies. It has also been used in the
development of conceptual frameworks which combine spatial and socio-technical data to
support decision-making in mining contexts [22,36–39].
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Several studies [7,40–42] have mapped various aspects of Gauteng’s mining and post-
mining landscape, yet studies such as Watson and Olalde [43] and Crous et al. [44] also note
that these efforts are hindered by data inaccessibility. These maps are mostly generated
using land-use and -cover data or point and areal data, representing these landscapes in
raster or vector formats and oversimplifying them in the process. The resultant maps,
therefore, do not adequately capture or represent the complex interaction among multiple
landscape characteristics in the same space [45–48].

This paper leverages GIS-MCDA, particularly Fuzzy overlay and Random Forest
classification, to assess the performance of both models in integrating and representing
post-mining landscape characteristics in Gauteng. The main objective of this study is
to evaluate the efficacy of Fuzzy overlay and Random Forest classification, not only for
the representation of post-mining landscapes but also for how they may influence the
perception of these landscapes. In doing so, the paper seeks not only to identify technical
challenges and ascertain how these mapping techniques may affect the perception and
understanding of these landscapes but also to identify the best model for more nuanced
landscape representation. The paper is divided into five sections. The first section above
introduces post-mining landscapes, challenges mapping multiple characteristics, and the
applications of GISs using MCDA. The study area and context section are introduced
next. The third section specifies the data, methods, and analysis employed in this study.
The fourth section discusses the findings of the study. The last section discusses the
results and implications of Fuzzy overlay and Random Forest classification applications
in the representation of Gauteng’s post-mining landscapes and how this may influence
perceptions of this landscape.

2. Materials and Methods

This section elaborates upon the datasets used, the methodological approach followed
in the analysis, and the validation approach adopted for this study. The analysis utilised
and combined various novel remote sensing, GIS point, and areal datasets available for the
Gauteng province, which will be outlined next.

2.1. Study Area and Context

Gauteng province (Figure 1) is the smallest province in South Africa at just over
18,000 square kilometres (km2), although it contributes to over a third of the country’s gross
economy [49]. The province is historically known for the Witwatersrand gold discovery
and mining boom in 1886 [50]. Since then, the mining sector has declined, starting in the
1970s, leading to a diversification of economic activities in the region to secondary and
tertiary industries [24,51–53]. Mining has, over the years, fuelled rapid urbanisation and
infrastructural development [54]. Presently, the province is characterised by rapid and
dense urbanisation at the core—an agglomeration of towns and cities—and surrounded by
a less developed urban periphery [53], characterised mainly by natural land, small holdings,
and agricultural activities. However, the urban landscape of Gauteng is characterised by
prominent remnants of mining, specifically a post-mining physical landscape characterised
by mine waste, which has significantly influenced urban development trajectories [42,52,53].
Moreover, the province faces population growth challenges and economic pressures driving
excessive land transformation in this post-mining landscape [55].
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Figure 1. Map of Gauteng, South Africa, the study area. Data sources: [56–58]. Mapped by: Author.

2.2. Datasets Used

The post-mining landscape of Gauteng is not only characterised by remnants of
mining, in the form of mine waste, voids, and abandoned infrastructure but also some
active mining activities [3,9,10,42,44]. Additionally, this mining landscape is intertwined
with urban processes and land uses. Moreover, the literature on post-mining landscapes
also generally posits that post-mining landscapes are unnatural and inaccessible [59], are
characterised by declining economies and populations [60,61], are a sustainability and
societal challenge [7,59,61], are in need of rehabilitation [4,59,62,63], and are constantly
evolving spatially over time [42,53,64]. Proxy spatial data representing elements of these
characteristics were identified and acquired using a web and manual search from the
relevant data custodians (Table 1). All data used for this purpose were publicly available
data. These datasets were used due to ease of access but also so that the exercises carried
out within this research study could be replicable.

The analysis used a combination of raster and vector datasets. Specifically, the analysis
exploited three raster layers, namely, the South African Land Cover (SANLC) 1990, SANLC
2020, and SANLC 1990–2020 class change data. All three land-use land-cover datasets
had a resolution of 30 metres (m) per pixel. The SANLC 1990 dataset was derived from
Landsat 5 Enhanced Thematic Mapper, and the 2020 dataset was derived from Sentinel 2
Multi-spectral Instrument. The datasets used span from 1990 to 2020, representing both
historical and current landscape characteristics, noting that the historical characteristics are
especially important as the focus of this paper is the post-mining landscape. The spatial
data representing abandoned and active mines and shafts, employment, population, roads
and railways, mine residue areas, and pollution buffers were in a vector format.



Land 2024, 13, 1761 5 of 22

Table 1. Spatial data used in this study. The table has a column for the spatial layer description,
format, and data source. Created by: Author.

Spatial Layer Format Resolution/Scale/Areal
Extent Data Sources

Abandoned mines and shafts Point/
Vector Point per mine/shaft—across Gauteng [65,66]

Active mines Point/
Vector Point per mine/shaft—across Gauteng [67]

Employment data Polygon/
Vector Per small area—across Gauteng [68]

SANLC 2020 Raster 30 m—across Gauteng [69]

SANLC 1990 Raster 30 m—across Gauteng [70]

SANLC 1990–2020 Class change Raster 30 m—across Gauteng [71]

Hexagon summary area-based
land cover Raster Per 400 m × 400 m hexagon—across Gauteng [72]

Population data Polygon/ Vector Per small area—across Gauteng [73]

Roads Line/Vector Line per road—across Gauteng [74]

Railway Line/Vector Line per railway—across Gauteng [75]

Mine residue areas Polygon/ Vector Polygon per mine residue area—across Gauteng [76]

Pollution buffers Polygon/ Vector Polygon per buffer—across Gauteng [77]

2.3. Methods

This study uses secondary data (Table 1) and multicriteria spatial modelling, specif-
ically Fuzzy overlay and Random Forest classification to try and integrate post-mining
landscape characteristics in Gauteng. This paper compares these two models to ascertain
their efficacy for representing Gauteng’s post-mining landscape, with the intention of
establishing their impact on the perception of this landscape and determining the model
that captures the nuances and complexity of this landscape. A total of eight input layers
were used, representing economic decline and lack of diversity (using commercial areas, in-
dustry counts, and abandoned mines); population decline (population density); integrative
rehabilitation and management (post-mining land uses and buffer zones); social impact
(population near waste, demographics, and employment counts); inaccessibility (road and
rail accessibility); abandoned infrastructure (mining-related buildings near abandoned
mines); land transformation (historical and present-day mining-related land cover); and
natural resource use and waste (waste, slimes, low vegetation, and barren and eroded land),
for the final Fuzzy overlay and Random Forest classification.

The Fuzzy overlay analysis was conducted in Environmental Systems Research Insti-
tute (ESRI, Redlands, California, United States of America) ArcMap (version 10.8), using the
‘Fuzzy membership’ and ‘Fuzzy overlay’ Spatial analyst tools. Random Forest classification
was conducted on R (a programming language for statistical computing and graphics,
developed in Auckland, New Zealand), version 4.4.1 and RStudio Desktop version 1.2.5042
(an integrated development environment (IDE) for R). Both results were mapped in Ar-
cMap. All data were projected to the World Geodetic System 1984 Universal Transverse
Mercator Zone 35 South. Subsequently, the data format and scale were converted to ensure
comparability and fit for integration. Non-spatial tabular data were joined to shapefiles
using a common field and the ‘Join field’ Geoprocessing tool. A 1 km2 grid (comprising
18851 rows) covering the study area was created using the ‘Create Fishnet’ Geoprocessing
tool. Data were reclassified for scaling using the ‘Reclassify’ (Spatial analyst tool) and a
scale of 1 (least important) to 9 (most important) guided by the literature on post-mining
landscapes. For example, post-mining landscapes are not generally associated with accessi-
bility; thus, those areas furthest from the road were reclassified to values closer to 9. While
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data were used in their layer form for the Fuzzy overlay analysis, they were extracted into
Excel for Random Forest classification and later joined back to a grid for mapping

2.3.1. Fuzzy Overlay

A Fuzzy overlay, based on fuzzy set theory [78], is a generalisation of classical set the-
ory, by using weighted membership with more than two elements, allowing a continuum
of possible choices that can be used to describe imprecise terms [79–82]. Fuzzy overlay
converts criteria into fuzzy membership values ranging from zero (non-membership) to
one (indicating full membership, while infinite values in between indicate partial mem-
bership [83]. Thus, a Fuzzy overlay combines multiple spatial data layers by assigning
fuzzy membership values based on relevance to decision-making criteria and represents
the degree of suitability or membership of each spatial unit (for example, per grid cell
or polygon) in the layers. A total Fuzzy overlay output is generated by overlaying and
aggregating fuzzy membership values, representing the overall suitability or decision
surface [27,48].

It originates from Ian McHarg’s overlay map theory in GISs and is the most widely
used function multicriteria analysis technique incorporating fuzzy logic principles into GIS
operations [13]. It is helpful as it considers that some spatial features (such as buildings)
have hard physical boundaries, although some have attributes varying according to location
and definition. O’Sullivan and Unwin [84] posit that the latter would be termed as having
fuzzy boundaries, where fuzziness is a way of representing a gradational property of
spatial phenomena, such as soil, which varies across its boundaries and/or transitions from
one type or category to another over a distance. This method applies to this study as it
interrogates data that do not fit binary logic. A fuzzy methodology approach has been
successfully used in studies such as [37,38,85,86] mapping complex landscapes such as
post-mining landscapes.

This study uses a linear fuzzy membership function (Equation (1)), which is used
when full membership is assigned to large or small observed values and the rate of change
to non-membership is consistent. The smallest or largest observed values in the linear
function can be altered to create thresholds called minimums and maximums. These
thresholds are helpful for completely excluding large or small observed values, where there
should be linearly increasing or decreasing membership between inputs, and results in a
sigmoid-shaped graph [80].

µ(x) =
(x − min)

(max − min)
(1)

The fuzzy membership layers were combined using the AND and OR Fuzzy overlay
operators to combine the characteristics. This resulted in seven fuzzy overlays showing
the following characteristics: natural resource degradation, integrated natural resource
rehabilitation, mining land transformation, social impact, low accessibility, and economic
decline. These fuzzy overlays were combined using the OR fuzzy operator for a final Fuzzy
overlay of post-mining landscapes (Figure 2). The method of operations determines the
degree to which each membership layer contributes to the result, often referred to as the
weight of its contribution [80]. The AND operator returns the minimum value of the factors
at the cell’s location, and the OR operator does the opposite and returns the maximum
value of the factors at the cell’s location [87].

2.3.2. Random Forest Classification

The other analysis used in this study is Random Forest classification, an ensemble
classification and regression learning method by Friedman [88]. Compared to other ensem-
ble classifiers, Random Forest is computationally simple and fast and efficiently handles
large numbers of variables [34]. It does not overfit data and is robust to outliers, missing
values and noise [34,89]. Random Forest generates several classifiers and aggregates the
results, unlike traditional classifiers [89–91]. Each node is divided using the best score
between a subset of the random predictors, generating an ensemble of decision trees from
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training data and features and aggregating individual trees to make a final classification
decision [89,92,93].
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Random Forest aggregates values using boosting and bagging of classification trees [89,92].
The random selection of features, introduced by Ho [90,93] and Amit and Geman [94],
constructs decision trees with controlled variation. Using boosting, weights are added to
points incorrectly predicted, using a weighted vote for prediction, while bagging constructs
each tree independently with different bootstrap samples [88,91,92]. The trained model is
applied to new data, combining predictions of individual trees using majority voting or
averaging to generate the final output (which can be spatial) [92,95]. It generates probability
maps for each class indicating classification uncertainty. This classifier ranks variables with
the greatest ability to discriminate between the target classes. Nevertheless, while handling
large datasets, non-linear relationships, and interactions among criteria [95], it remains
unstable with small disturbances in training data.

Random Forest classification was used to predict whether an area is a post-mining
landscape based on the simultaneous occurrence of landscape characteristics (Figure 3).
This study supports multicriteria analysis by training on a labelled dataset including spatial
and attribute data. The training involved selecting relevant fields, dividing the dataset into
training and validation subsets, and constructing multiple decision trees based on random
subsets of the training data. The training data, created in Microsoft Excel, comprised
400 rows for each landscape characteristic. Variables representing post-mining landscape
characteristics were recorded in columns, and cumulative and percentage values of post-
mining characteristics per cell were calculated by summing reclassification values. Cells
were classified as ‘post-mining’ if over 50% of the respective characteristics comprised the
cell and indicated as 1 or 0 if less than 40%—as it comprised most characteristics. The test
data were created in Excel by extracting variable values representing post-mining landscape
characteristics. Random Forest classification was undertaken using R and RStudio, with
libraries such as ‘randomForest’ and ‘caret’. Thereafter, a Random Forest classifier was
created, specifying the training data and predictor variables, trees, and split node features.
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The classifier made predictions on the test data. The results were copied to Excel and joined
to the grid in ArcMap using the ‘Join to table’ geoprocessing tool.
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2.3.3. Validation

The results of the Fuzzy overlay and Random Forest classification of Gauteng’s post-
mining landscape were assessed in three ways. First, using an accuracy assessment com-
monly used in assessing classification accuracy [96], this accuracy assessment focused on
assessing the two resultant maps’ accuracy, specifically the users (errors of commission),
producer (errors of omission), and percent accuracy (correctly identified classified and
reference data). The reference data used for this purpose were the mining classes in the
GTI hexagonal land-use dataset (2021), from which 50 reference points were created using
the ‘Create random points’ Spatial analyst tool (distribution of random points shown in
Figure 4). The ‘Extract values to points’ tool in Spatial analyst was used to extract cell values
at each point. The resultant attribute tables were exported to Excel, where the labels of the
column containing the reference values were changed to ‘True values’ and the extracted
values column was relabelled to ‘Predicted values’. The Random Forest predicted values
used a binary of 0 or 1, while the Fuzzy overlay values ranged from 0.2 to 1.00. Thus, the
Fuzzy overlay values were rounded off, where the values were either 0 or 1. Thereafter, a
confusion matrix was conducted in RStudio, using the ‘caret’ and ‘pheatmap’ libraries.
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Second, the areal extent of post-mining and urban landscape characteristics was
evaluated using the ‘Extract by Attribute’ Spatial analyst tool to extract and calculate
the areal extent of post-mining landscape characteristics on the two resultant maps. The
proportion of model values that were more than 25%, 50%, and 75% were evaluated.

Third, a comparative analysis between the Fuzzy overlay and fuzzy membership layers
representing the different landscape characteristics was conducted. This was performed to
ascertain the influence of individual landscape characteristic fuzzy membership layers on
the Fuzzy overlay. Studies such as Brown et al. [98] have conducted correlation analysis
to ascertain the relationship between input layers and the final output. This analysis
was conducted by running a correlation analysis on ArcMap, using the ‘Band Collection’
Statistics Spatial analyst (multivariate) tool, which returned standard statistics as well as
covariance and correlation matrices. A correlation heatmap was generated in RStudio
(using the ‘pheatmap’ library) to visualise the correlation between the Fuzzy overlay and
landscape characteristic fuzzy membership layers.

3. Results
3.1. Fuzzy Overlay of Gauteng’s Post-Mining Landscape Characteristics

Figure 5 presents the Fuzzy overlay (combination of fuzzy membership layers) of the
identified post-mining landscape characteristics. The highest fuzzy membership (closer
to 1, from 0.75) is indicated in shades of red, the lowest values (below 0.25) in shades of
blue, and intermediate values (0.26 and 0.74) in green to orange. High fuzzy membership
means many post-mining characteristics in that cell or grid, and low fuzzy membership
is the inverse of this. The map shows that the highest fuzzy values are most visible and
clustered in areas traversing the central parts of the province, especially in areas such as
Johannesburg, Krugersdorp, and Benoni. However, other areas have high values, such as
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areas in the western, eastern, and southern parts of the province, such as Carletonville,
Khutsong, Sebokeng, and Vanderbijlpark. A splattering of medium values can also be
seen across the province in areas other than the central, western, and southern parts of
the province. By contrast, this map shows the lowest values concentrated at the core of
the province, falling on either side of the high values traversing the mining belt, although
mostly predominant in areas such as Randburg, Midrand, Centurion, and Pretoria.
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3.2. Random Forest Classification of Gauteng’s Post-Mining Landscape Characteristics

The map (Figure 6) from the Random Forest classification shows the positive prediction
of post-mining landscape characteristics in cells in values of 1 (in blue). In contrast, negative
prediction is represented as 0 (in red). The positive classification of post-mining landscape
characteristics is seen traversing the central parts of the province in an east–west direction
in areas such as Johannesburg, Krugersdorp, Benoni, Carletonville, Khutsong, Sebokeng,
and Vanderbijlpark. However, the map also shows positive classification as post-mining
landscape for randomly placed areas across the province, for example, in areas such as east
of Mamelodi in the north-eastern-most part of the province and the north-western-most
part of the province around Hammanskraal. By contrast, most of the province is classified
as not post-mining.
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3.3. Accuracy Assessment, Area Statistics, and Correlation Analysis Results of the Fuzzy Overlay
and Random Forest Classification of Gauteng’s Post-Mining Landscape Characteristics

By way of comparing the results from the two resultant maps, the accuracy assessment,
area statistics, and correlation analysis results are outlined in Table 2, Figures 7 and 8, and
Tables 3 and 4. On the one hand, Table 2 presents the accuracy assessment results of the
Fuzzy overlay and Random Forest classification analysis and mapping of post-mining
landscape characteristics in Gauteng. The table shows that the Fuzzy overlay model
accurately predicted 18 instances of both class 0 (true negatives) and 1 (true positives),
while there were seven inaccurate predictions for both. The Fuzzy overlay model has an
overall accuracy result of 72% and a Kappa score of 0.44. The Fuzzy overlay also resulted
in sensitivity, specificity, positive predictive values (PPVs), and negative predictive values
(NPVs) of 72%. Additionally, Mcnemar’s test returned a p-value of 1.000. By contrast,
the Random Forest classification model accurately predicted 14 instances of class 1 (true
positives) and 20 instances of class 0 (true negatives, while inaccurately predicting 11 cases
of class 0 and 5 cases of class 1. The model had an overall accuracy result of 68% and a
Kappa score of 0.36. The model also demonstrated strong sensitivity (80%). However, the
specificity values were lower at 56%, indicating inaccuracies in predicting positive cases
(class 1). These results are further reflected in the PPV of 64.52% and the NPV of 73.68%. In
addition, a Mcnemar’s test of the Random Forest classification model prediction resulted
in a p-value of 0.2113.



Land 2024, 13, 1761 12 of 22

Table 2. Comparison of the accuracy assessments of the Fuzzy overlay and Random Forest classifica-
tion of the post-mining landscape. Created by: Author.

Confusion Matrix and Statistics

Prediction
Fuzzy Overlay Random Forest Classification

Reference Reference

0 1 0 1

0 18 7 20 11

1 7 18 5 14

Accuracy 0.72 0.68

95% CI 0.5751 0.8377 0.533 0.8048

No Information Rate 0.5 0.5

p-value [Acc > NIR] 0.001301 0.007673

Kappa 0.44 0.36

Mcnemar’s Test p-value 1.00 0.21

Sensitivity 0.72 0.8

Specificity 0.72 0.56

Pos Pred Value 0.72 0.64

Neg Pred Value 0.72 0.7368

Prevalence 0.5 0.5

Detection Rate 0.36 0.4

Detection Prevalence 0.5 0.62

Balanced Accuracy 0.72 0.68
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Figure 7. Fuzzy overlay confusion matrix heatmap. The actual (true) values are on the y-axis and the
predicted values are on the x-axis). The y-axis represents the true values, where 0 represents false
positives (no post-mining landscape characteristics), and 1 represents true positives (post-mining
landscape characteristics), respectively. The x-axis represents values predicted as not post-mining as
0 and those predicted as post-mining as 1. The graduated shades of green to red show where the
two axes intersect: the green on the top-left quadrant is where the model accurately predicted all 18
true negatives, red on the top-right quadrant represents 7 false positives, green on the bottom-left
quadrant represents 7 false negatives, and the red quadrant in the bottom-right quadrant represents
18 true positives. Created by: Author.
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Figure 8. Random Forest classification confusion matrix heatmap. The y-axis represents the true
values, where 0 represents false positives (no post-mining landscape characteristics), and 1 represents
true positives (post-mining landscape characteristics), respectively. The x-axis represents values
predicted as not post-mining as 0 and those predicted as post-mining as 1. The green is where the
model accurately predicted 20 true negatives, orange represents 11 false positives, red represents
5 false negatives, and yellow represents 14 true positives. Created by: Author.

Table 3. Area statistics of the Fuzzy overlay and Random Forest classification of post-mining
landscape characteristics. Created by: Author.

Areal Statistics Fuzzy Overlay Random Forest Classification

Total Area (km2) > 25% Value 17,845.46 2258.24

Percentage Area > 25% Value 98.18 12.42

Total Area (km2) > 50% Value 4029.15 2258.24

Percentage Area > 50% Value 22.16 12.424

Total Area (km2) > 75% Value 772.36 2258.24

Percentage Area > 75% Value 4.24 12.42

Minimum Value 0.02 0.00

Maximum Value 1.00 1.00

Standard Deviation 0.24 0.25

The heatmaps in Figures 7 and 8 visually illustrate the performance of the Fuzzy
overlay and Random Forest classification models for mapping post-mining landscape
characteristics. In both heatmaps, darker colours on the diagonal axis indicate accurate
characterisations or predictions for classes 0 and 1, and lighter colours on the diagonal
indicate inaccurate predictions. On the one hand, Figure 7, showing the Fuzzy overlay
confusion matrix heatmap, presents a balanced distribution of both darker and lighter
colours, indicating that the model’s performance was equal for both classes 0 (true nega-
tives) and 1 (true positives) and had similar error inaccuracy rates for both the false-positive
and false-negative predictions. On the other hand, Figure 8, showing the Random Forest
classification confusion matrix, indicates that the model performed well in the prediction
of class 0 (true negatives) and true positives (class 1); however, there are high inaccuracies
in the prediction of class 0 as class 1.



Land 2024, 13, 1761 14 of 22

Table 4. Statistics of Fuzzy overlay and landscape characteristic fuzzy membership layers. The
minimum (Min), maximum (Max), mean and standard deviation (Std) values are presented in the
table. Created by: Author.

Layer Layer Name Min Max Mean Std

1 Fuzzy overlay 0.0271 1 0.3866 0.1506

2 Inaccessibility and isolation 0.0003 0.9497 0.8526 0.2199

3 Natural resource use and degradation 0 1 0.1505 0.305

4 Social impact 0 1 0.2803 0.324

5 Economic decline 0.0003 1 0.0849 0.27

6 Landscape transformation 0 1 0.1216 0.3111

7 Abandoned mines and infrastructure 0 0.7784 0.0172 0.1084

8 Population decline 0 1 0.9445 0.1414

9 Integrative management and rehabilitation 0 1 0.1085 0.239

The findings from the area statistics of the resultant Fuzzy overlay (Table 3) indicate
that most of the province (98% or 17,845 km2 of Gauteng’s total land mass) is characterised
by at least two (25%) post-mining landscape characteristics. The table also shows that
at least 22% (4029 km2) is characterised by at least half of the post-mining landscape
characteristics identified, while only 4% is characterised by more than six. By contrast,
the table shows that only 12% (2258 km2) of the province’s landmass is characterised by
post-mining landscape characteristics based on the Random Forest classification. Noting
the areal coverage of the Random Forest classification remains the same across the 25, 50,
and 75% areal coverage ranges.

The findings from the correlation analysis between the Fuzzy overlay and landscape
characteristic fuzzy membership are presented in Table 4 and Figure 9. Table 4 indicates
that the Fuzzy overlay (layer 1) has a moderate mean value of 0.3866, while the maximum
value is 1.00. The table shows that the Fuzzy overlay has low variation, indicated by
the standard deviation of 0.1506. By contrast, the eight landscape characteristic fuzzy
membership layers indicate that their fuzzy membership values vary across all layers.
The inaccessibility and population decline fuzzy membership layers present high means
(0.8526 and 0.9445, respectively), mainly indicating high membership across the region. In
contrast, the natural resource use and degradation and the social impact fuzzy membership
layers have lower means, 0.1505 and 0.2803, indicating low membership. The abandoned
mines and infrastructure, economic decline, integrative management and rehabilitation,
and landscape transformation fuzzy membership layers present even lower mean values,
which range from 0.0172 to 0.1216, indicating low membership and varying spread as some
of the layers have high standard deviation values.

The correlation findings are visually represented in Figure 9. The x-axis shows the
correlation values of the fuzzy membership layers, and the y-axis shows the correlation with
the Fuzzy overlay (layer 1). Darker shades of red indicate a strong correlation, while darker
shades of green indicate a weak correlation. Figure 9 shows that the Fuzzy overlay has the
strongest correlation (r = 0.695) with the landscape transformation fuzzy membership layer
(layer 6), suggesting that high values in layer 1 may also be high in layer 6. Similarly, there
is a strong correlation between the landscape transformation and integrative management
and rehabilitation (layer 9) fuzzy membership layers (r = 0.652) as well as between layers 1
and natural resource use and degradation (layer 3) fuzzy membership layers (r = 0.576). By
contrast, weak correlations are observed between layers 1 and economic decline (layer 5)
(r = 0.031) and layers 2 (inaccessibility) and economic decline (5) (r = −0.296).
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4. Discussion

The main objective of this study was to ascertain the efficacy of Fuzzy overlay and
Random Forest classification in integrating and representing post-mining landscape char-
acteristics and how they may influence the perception of Gauteng’s post-mining landscape.
Both the Fuzzy overlay and Random Forest classification were used as GIS-MCDA spatial
models to combine multiple landscape characteristics related to post-mining landscapes.
Either method is effective if each satisfies most of the input characteristics for the identifica-
tion of post-mining landscapes in Gauteng. The discussions of the findings of the study
centre around a comparative evaluation of the representation of post-mining landscapes
based on these two models, followed by a statistical summary of the areal statistics and
accuracy assessment.

First, the maps depicting post-mining landscapes show some similarities to traditional
representations of the post-mining landscapes in Gauteng, such as the example provided
in Figure 1, as they both pick up mining activities and waste along the central parts of
the province. These findings demonstrate the influence of the existing literature and
traditional mapping approaches in shaping how space is represented and, therefore, how
different stakeholders and users perceive it. However, there are also some differences in the
representation of Gauteng’s post-mining landscape by these maps, owing to their different
mapping approaches. On the one hand, the Fuzzy overlay map (Figure 5) shows more areas
across the province as characterised by post-mining landscape characteristics. For example,
this map shows a large part of the province as having intermediate fuzzy membership,
especially at the periphery, despite the province not having a lot of mining activities in
these areas. This is noted to be attributable to post-mining landscape characteristics such
as inaccessibility, population, and economic decline as identified in the literature [53,59,61].
However, it should be noted that peripheral areas in Gauteng have not been used for mining
or inhabited—and low populations and economic activities in those areas are due to most
of the population inhabiting the core of the province [54,55]. This map, therefore, stands
the risk of miscommunicating on-the-ground realities, which could influence perceptions
of certain spaces. However, at the same time, the Fuzzy overlay map uses a gradual
scale, allowing the representation of even the least post-mining landscape characteristics
to be highlighted. On the other hand, the Random Forest classification (Figure 6) of the
post-mining landscape primarily follows the traditional pattern of areas characterised by
mine waste, suggesting a smaller footprint. The Random Forest classification highlights
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areas as either post-mining or not post-mining, with no in between. This is attributable
to majority voting amongst its trees [92,95]. However, the resultant map is restrictive
as it does not consider the unclear and imprecise boundaries [34,89,93,99] cutting across
all the post-mining landscape characteristics. Therefore, this map might be perceived as
highlighting areas in need of remediation, ignoring other potentially important landscape
characteristics shaping public and stakeholder perceptions of this landscape. As such, the
former’s use of a range is a bit more inclusive and demonstrates how various landscape
characteristics can be integrated.

Second, the accuracy assessment results of the mapping of post-mining landscape char-
acteristics using Fuzzy overlay and Random Forest classification (Table 2 and Figures 7 and 8)
suggest that the mapped accuracy results are generally higher than 50%. The Fuzzy overlay
mapping of the post-mining landscape has a higher accuracy level (72%) and a Kappa score
of 0.44, indicating moderate agreement between model characterisations or predictions and
the true values. The sensitivity, specificity, PPV, and NPV also suggest that 72% of class 0
(true negatives) and class 1 (true positives) were characterised accurately. Additionally, Mc-
nemar’s p-value of 1.000 indicates the lack of significant difference between false positives
and false negatives and, therefore, a balanced distribution of prediction errors across both
classes. These results are higher than those obtained for the Random Forest classification
map (68%) and a Kappa score of 0.36, suggesting only fair agreement between the predicted
and actual classes. While the model demonstrates a high prediction of negative instances
(class 0), it had a lower specificity value, suggesting inaccuracies in predicting positive
instances. In addition, Mcnemar’s test, resulting in a p-value of 0.2113, indicates that there
was no significant difference between false positives and false negatives, suggesting that
the model’s misclassification errors are relatively balanced between the two classes. These
findings between the two models indicate that the Fuzzy overlay model performs better.

Third, the comparison of the total areal extent (in km2) of post-mining landscape
characteristics across the province (Table 3) shows a difference between the two resultant
maps. More specifically, the Fuzzy overlay map showed the post-mining landscape as
having a larger areal coverage. For example, when considering the areal coverage based
on values over 0.25 (25%), these post-mining landscape characteristics cover 98% of the
Gauteng landscape. This overestimation is discussed above as being attributable to the
intermediate fuzzy membership in the periphery. When the same is performed for those
values over 50% (0.5), the Fuzzy overlay of post-mining characteristics has an areal coverage
of 22%, which is more realistic. By contrast, the Random Forest classification of the same
characteristics shows that only 12% of Gauteng is covered by these characteristics.

Fourth, the results yielded from the correlation analysis (Table 4 and Figure 9) show
that the Fuzzy overlay of post-mining landscape characteristics has a mean value of 0.3866,
while the maximum value is 1.00. This, therefore, suggests that most values in the raster
are below the midpoint of 0.5, which demonstrates its ability to capture both high and low
values and nuances in landscape characteristics. Table 4 also shows that fuzzy membership
values of post-mining landscape characteristics vary across Gauteng. Some post-mining
landscape characteristics, such as inaccessibility and population decline, have high mem-
bership across the landscape. In contrast, natural resource use and degradation, social
impact, economic decline, land transformation, abandoned mines and infrastructure, and
integrative management and rehabilitation have lower means, indicating low membership
in most areas. Figure 9 also shows that the Fuzzy overlay has the strongest correlation
with the landscape transformation fuzzy membership layer, suggesting that high values
in the Fuzzy overlay are also visible in the landscape transformation membership layer.
Similarly, there is a strong correlation between the landscape transformation and inte-
grative management and rehabilitation fuzzy membership layers as well as between the
Fuzzy overlay and natural resource use and degradation. By contrast, weak correlations
are observed between the Fuzzy overlay and economic decline and inaccessibility and
economic decline [59–61]. These findings, therefore, suggest that the natural resource use
and degradation and landscape transformation landscape characteristics strongly influence
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the Fuzzy overlay. This is aligned with most descriptions of post-mining landscapes, citing
a change in the landscape and various types of waste [3,10,42]. The Fuzzy overlay also
shows divergence with those areas, indicating economic decline and inaccessibility. This
contrasts descriptions of post-mining landscapes as in isolation or with low populations, as
this post-mining landscape is at the centre of a growing metropolitan region.

These maps also demonstrate how the characteristics of these two landscapes intersect
on the same spatial unit, which is visible in those areas of high fuzzy membership or
predictive values. This indicates that using an MCDA approach is useful for moving
away from the simplistic representations of landscapes using simple raster and vector
representations [45–47,100]. This is also useful for enabling a better representation and
therefore perception of Gauteng’s complex post-mining landscape, as not just mining waste.
Additionally, the integration of these landscape characteristics in general and specific points
across the Gauteng province also point towards the porosity of the boundaries between
landscapes, such as post-mining landscape characteristics. This is especially demonstrated
by the Fuzzy overlay results, which not only consider the mining characteristics but also
other physical and social factors. The continuous surface of the Fuzzy overlay, compared
to the discrete representation of landscapes by the Random Forest classification, further
demonstrates the value of Fuzzy overlay in offering more detailed representations of space.
Therefore, these results demonstrate the importance of interrogating the representation of
space, as also posited in other studies such as Cattoor [18].

Nevertheless, mapping post-mining landscapes in Gauteng, as conducted in this study,
also faces several challenges and limitations. These include data availability and quality,
which hinder a better understanding of post-mining landscapes in several studies [7,43,44]
and also affect their perception and decision-making related to them. The study also makes
use of proxies to represent some landscape characteristics, which may not always capture all
the complexities of landscape dynamics. Similarly, this research notes that the spatial data
applied in this study are of secondary origins and are of varying resolutions. Additionally,
this study does not include contextual descriptions of the post-mining landscape. Thus,
the findings from previous studies investigating alternative methods of mapping the
complexity of the landscape [13,20,36,48,85,101] and this current study present a starting
point for future investigations into the integration and therefore communication of multiple
landscape characteristics, particularly concerning how they may influence perceptions and
decision making in landscapes with complex histories.

5. Conclusions

Landscapes are recognised as being multifaceted and complex, and as such, how they
are perceived is significantly influenced by their representation. To this end, there has been
an increasing body of work on the mapping and integration of landscape characteristics of
complex landscapes, and post-mining landscapes invariably fall under this category. Map-
ping complex landscapes, including post-mining landscapes, is vital in rapidly urbanising
developing contexts such as Gauteng, not only for insight into their spatial characteristics
but also for influencing perceptions that have implications for decision-making.

Gauteng (and other mineralised urbanisations) faces the challenge of not only popula-
tion growth and rapid urbanisation but also a host of socio-economic challenges, which may
be compounded by the locality of these in a post-mining landscape. This places Gauteng in
a unique situation, where improved mapping of its post-mining landscape characteristics
could potentially influence a better understanding of its complex set of socio-economic
challenges. Therefore, this paper focuses on how the various post-mining landscape char-
acteristics of Gauteng can be integrated and uses the example of the applications of Fuzzy
overlay and Random Forest classification.

The results from the study show that MCDA mapping using Fuzzy overlay and
Random Forest classification is useful for integrating multiple post-mining landscape
characteristics, although each has distinct implications for how these landscapes are per-
ceived and, therefore, understood and communicated. The results show that post-mining
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landscapes in Gauteng are heterogeneous, regardless of the mapping method applied.
Nevertheless, the mapping of Gauteng’s post-mining landscape using Fuzzy overlay and
Random Forest classification also shows some differences in their visualisation of this land-
scape, highlighting how the choice of mapping approach influences the representation and,
therefore, perception and understanding of the same landscape and decisions. The map
of post-mining landscapes generated using Fuzzy overlay tends to have a larger spatial
footprint compared to the map generated using the Random Forest classification. This
is attributable to the Fuzzy overlay’s use of a range between 0 and 1 for assigning fuzzy
membership and the literature’s characterisation of post-mining landscapes as inaccessible,
with declining populations and economies, amongst other characterisations. The findings
from the correlation analysis also show a divergence from areas of inaccessibility and
economic decline and varying interaction between areas marred by mine waste and land-
scape transformation with other landscape characteristics. Moreover, the map of Gauteng’s
post-mining landscape generated using Fuzzy overlay presents higher accuracy scores
compared to the Random Forest classification model.

These findings suggest that the application of Fuzzy overlay for integrating landscape
characteristics may be more favourable than the use of Random Forest classification, par-
ticularly enabling a broadening of the scope of the research into integrating landscape
characteristics to consider general and contextual characterisations of landscape character-
istics and thus indirectly their implications for mapping complex landscapes. Moreover,
the results from this study demonstrate that different mapping methods have different
implications for the integration of landscape characteristics and their representation. This is
an important consideration when investigating the perception of landscapes as mapping is
an important planning tool for researchers, planners, and other decision makers, where the
inclusive mapping of landscape characteristics can provide information on how landscapes
are comprised, how they function, and how their multiple characteristics interact with each
other. Therefore, from a research perspective aimed at challenging the understanding of
post-mining landscapes, it is important to highlight the application of methods such as
Fuzzy overlay, more so in areas facing other socio-economic challenges and other pressures
due to rapid development. Such methods not only offer a more nuanced representation
of landscapes, but also inform how these landscapes may be perceived and, therefore,
understood and managed.
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