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Abstract 
This study investigates the surface roughness and fractal properties of failure 
surfaces at the Mashamba West mine to enhance the understanding of the 
complex topographical features that influence slope stability in open-pit min-
ing. Traditional methods for quantifying surface roughness, such as the mean 
absolute deviation (MAD) and standard deviation (SD), often fail to capture 
the multiscale and correlated behaviors typical of natural surfaces. In this re-
search, advanced techniques, including fractal dimension calculations, semi-
variogram and box-counting methods, and power spectral density (PSD) anal-
ysis, were employed to provide a more accurate characterization of the failure 
surface. The results revealed significant micro-roughness, with a mean abso-
lute deviation of 0.83 and a standard deviation of 1.04, indicating a high level 
of surface irregularity. Geometric irregularities, such as pronounced asperities 
and depressions, were identified through the analysis of topographical ex-
tremes, with a mean peak height of 2.4828 and a mean valley depth of −4.7747. 
Fractal analysis, performed using both semi-variogram and box-counting 
methods, confirmed the self-affine nature of the failure surface with fractal 
dimensions of 1.5634 and 2.0735, respectively, indicating scale-invariant rough-
ness patterns. The power spectral density analysis revealed a dominant fre-
quency corresponding to periodic geological structures. These findings pro-
vide valuable insights into the surface characteristics of failure zones and offer 
a robust framework for future slope stability analysis. This study contributes 
to the field by demonstrating the utility of fractal analysis in characterizing 
complex failure surfaces and lays the groundwork for future research on the 
relationship between surface roughness and mechanical behavior in open-pit 
mining contexts. 
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1. Introduction 

Surface topography significantly affects the mechanical properties and mode of 
failure of failure surfaces in open-pit slopes and their shear strength [1]-[4]. These 
surface properties must be appropriately quantified and understood to estimate 
the forces in geological materials and to design efficient mitigation strategies to 
enable safe mining operations [5] [6]. Although the mean absolute deviation 
(MAD) and standard deviation (SD) are reasonable starting points for surface var-
iability, they are insufficient to fully describe the multiscale and correlated char-
acteristics of natural surfaces [7]-[11]. Open-cast mine slopes are formed by geo-
logical processes such as weathering, faulting, and jointing, thus forming a com-
plex surface that may exhibit similar patterns at different scales [12]-[15]. Such 
multiscale characteristics are directly important for the mechanical behavior of 
rock masses, thus requiring sophisticated techniques for their characterization 
[16]-[20]. Conventional methods assume statistical independence and only deal 
with localized properties. This makes them inadequate for analyzing surfaces gov-
erned by long-range dependencies and complex scaling laws [21]-[26]. However, 
these complexities have been captured by fractal geometry, a concept introduced 
by Mandelbrot [27]. Fractal dimensions, with their potential to quantify surface 
patterns and address the limitations of other roughness measures in the context 
of slope stability predictions, offer a promising future for geotechnical engineering 
[28]-[34]. The fractal dimension is a scale-independent parameter that measures 
the surface complexity to analyze the self-similar and multiscale characteristics of 
failure surfaces [34]. Other methods, including power spectral density (PSD) anal-
ysis [35], variogram analysis [36] [37], and box-counting [38]-[40], can be used to 
gain a better understanding of surface topography. These tools help to evaluate 
the frequency-domain characteristics, spatial dependencies, and scaling proper-
ties of the surface. These sophisticated methods are valuable in geotechnical engi-
neering, particularly open-cast mining [41]. Variogram and box-counting meth-
ods are most useful in quantifying spatial scaling and self-affine characteristics, 
which are very important in mechanical interaction at the local and global scales 
[21] [36] [38]. These advanced techniques have improved the accuracy of geotech-
nical models and have dealt with the restrictions of traditional methods [30] [42] 
[43]. High fractal dimensions indicate highly irregular, anisotropic surfaces that 
tend to fail, whereas low dimensions are associated with smooth and stable sur-
faces [44] [45]. Thus, it is possible to identify potential failure zones by analyzing 
the short- and long-range dependence [38] [39]. 

Although MAD and SD are valuable, they are based on the assumption of sta-
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tistical independence and do not consider the geological interactions and depend-
encies present in the system. The failure to consider these factors highlights the 
need for more sophisticated tools, including PSD analysis, variogram analysis, and 
box-counting, which can provide a more holistic understanding of both frequency 
and spatial domain properties. However, even with these additional tools, it can 
still be challenging to fully characterize the complexity of natural failure surfaces. 
Therefore, this research, which aims to determine the fractal characteristics of fail-
ure surfaces and their roughness, is of utmost importance for slope stability as-
sessment in open-pit mining. The significance of this research lies in its potential 
to revolutionize the fields of geotechnical engineering and open-cast mining. This 
study was divided into four parts. The first part of this study characterized the 
roughness of the failure surfaces and their fractal dimensions. The second section 
will examine how lithology influences surface roughness and, in turn, slope sta-
bility. The third part will apply fractal and spectral analyses to validate its appli-
cation in assessing slope stability. The fourth part will incorporate fractal dimen-
sions into conventional slope stability analysis methods. 

2. Location and Geological Condition of the Study Area 

The study area is located within the Kolwezi Nappe in the Central African Cop-
perbelt, approximately 7 km southwest of Kolwezi City in Katanga Province, Dem-
ocratic Republic of Congo (DRC). This site encompasses the Mashamba West min-
ing section, which is a crucial part of the Kolwezi thrust-and-fold belt. Regional 
geology and geomorphology strongly influence mining operations, making this 
location ideal for studying the slope stability and geological heterogeneity. The 
Mashamba West mine lies in the southeastern part of the Manika Plateau, a sub-
section of the Katanga Plateau, at altitudes ranging from 1375 to 1525 m. The area 
features gently undulating terrain with an overall gradient declining from south-
east to northwest. The tropical savanna climate, characterized by distinct wet and 
dry seasons, governs geomorphological processes. The average annual rainfall is 
1188 mm, primarily from November to March, which impacts surface erosion and 
slope stability. Geologically, the mine is part of the western section of the Central 
African Copperbelt, a globally recognized metallogenic zone. The Kolwezi com-
plex thrust-and-fold belt comprises various lithostratigraphic units, primarily 
from the Roan Supergroup, which hosts stratiform copper-cobalt mineralization. 
Quantitative geological data highlight the complex structural framework of the 
region, where fault density is approximately 0.3 faults per kilometer, indicating a 
highly fractured rock mass. The joint spacing varies between 0.5 and 1.2 m, and 
plays a critical role in influencing the slope shear strength and deformation mech-
anisms. The structural orientation is dominated by axial folds and thrust faults 
with consistent orientations of 30˚ - 40˚NE, reflecting significant tectonic com-
pression. The bedrock lithology included weathered dolomites, siltstones, shales, 
and silicified formations. These lithologies exhibit differential weathering patterns 
and mechanical behaviors that influence the self-affine characteristics of the slope 
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surfaces. The hydrogeological conditions in Mashamba West are significant be-
cause the site hosts multiple aquifers embedded within fractured dolomitic and 
sandstone units. These aquifers contribute significantly to the groundwater pres-
sure, which is a critical factor in slope instability. Piezometric measurements in-
dicate varying hydrostatic conditions influenced by local structural settings, with 
the permeability of primary aquifers ranging from 10−6 to 10−4 m/s. Groundwater 
levels in the mine vary between 1406.68 m and 1407.44 m, which directly affects 
slope stability. Mining activities in Mashamba West have induced considerable 
geomorphological changes. The pit, spanning an area of 0.89 km2 and reaching a 
depth of 134 m, exhibits steep slopes. These slopes are dominated by loose soft 
materials, leading to frequent collapses and instabilities, as shown in Figure 1. 
Tailings and waste rock dumps in proximity exacerbate stress redistribution along 
slope boundaries, further complicating stability concerns. This detailed under-
standing of the geological and hydrogeological conditions of Mashamba West un-
derscores the necessity for integrated geotechnical and fractal analyses to effec-
tively address the challenges associated with slope stability. Enhanced visual aids 
such as geological maps and hydrogeological schematics are recommended to 
comprehensively illustrate complex structural and lithological settings. 

 

 
Figure 1. Location of the study area: (a) DRC map; (b) Kolwezi province map obtained from 
Google Earth; (c) Mashamba West mine; (d) study zone in the Mashamba West mine; (e) 
Region of interest; (f) failure surface.  
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3. Surface Roughness Description 

Surface roughness is crucial for understanding the mechanical behavior of failure 
surfaces in open-pit mining, as it directly affects factors such as shear strength, fric-
tional resistance, and slope stability. There are two primary reasons for measuring 
surface roughness in this context: first, to ensure accurate material characterization 
for better predictive modeling and second, to assess how these roughness charac-
teristics influence failure mechanisms and slope stability in mining operations [2]. 
In open-pit mining, surface roughness is related to both the structural integrity of 
rock masses and the effectiveness of stabilization strategies. 

Rough surfaces in mining are characterized by two key geometric aspects: 
• Random Aspect: Roughness can vary significantly in space in a random man-

ner, with no simple spatial function capable of fully describing the surface’s ge-
ometric form. This randomness complicates the traditional methods of surface 
characterization, which require more sophisticated techniques such as fractal 
geometry. 

• Structural Aspect: The roughness variations are not independent across the sur-
face; rather, they exhibit spatial correlations that depend on the distance. Peri-
odic patterns may emerge in geological contexts, particularly in rock surfaces 
affected by weathering, jointing, and faulting. These patterns are often associ-
ated with underlying geological structures, which influence the failure mecha-
nisms observed in open-pit mining. 

In this study, the surface roughness was quantified through an analysis of the 
surface height variation (SHV) traces, which can provide numerous roughness 
parameters. Classical roughness parameters are typically based on a set of points 
( )iR d , which 1, ,i M=  , defined within a sample-length interval L . These 

measurement points, jd , were selected equidistantly, and the roughness at each 
point was represented by the variable jR . To identify positions along the length 
scale, it is sufficient to determine the sampling distance 1S j jd d d L M−= − =  
for 1j > . This methodology is useful for characterizing failure surface roughness 
in open-pit mining and for identifying scaling behaviors that can influence slope 
stability. The standard roughness parameters used frequently in practice are as 
follows:  

3.1. Mean Absolute Deviation (MAD) and Mean Standard 
Deviation (MSD) 

The mean absolute deviation (MAD) measures the average absolute deviation of 
the surface heights from the mean height. It is defined as: 

 
1

1MAD
K

i
i

S S
K =

= −∑  (3-1) 

where iS  represents the surface heights at equidistant points i , S  is the mean 
surface height, and K  is the total number of points. MAD offers a direct measure 
of roughness and is particularly effective when surface elements are statistically 
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independent. The mean standard deviation (MSD), given by: 

 ( )2

1

1MSD
K

i
i

S S
K =

= −∑  (3-2) 

Equation (3-2) offers insights into the variability of surface heights and is par-
ticularly advantageous for assessing the normal distributions in surface-height 
data. MSD is particularly advantageous for assessing the variability of surface 
heights when they follow a normal distribution (Figure 2). These metrics are es-
sential for probabilistic slope stability analyses because they quantify the surface 
variability that affects shear resistance. 
 

 
Figure 2. Failure surface image of the western part of Mashamba West: (a) canny edge detection; (b) data distribution with MAD 
and MSD for Failure Surface. 

3.2. Peak and Valley Analysis 

To evaluate the localized geometry of the failure surfaces, parameters such as 
mean peak height ( PM ) and mean valley depth ( VM ) were calculated as fol-
lows: 

 
1

1 pK

P i
ip

M P
K =

= ∑ , ( )max 0,i iP S S= −  (3-3) 

 
1

1 vK

V i
iv

M V
K =

= ∑ , ( )max 0,i iV S S= −  (3-4) 

where pK  indicates the total number of peaks in the surface profile, vK  is the 
total number of valleys in the surface profile, and iP  is the height of the ith peak 
above the mean height S . where iS  is the height of the surface profile at the ith 
measurement point, S  is the mean height of the surface profile, and iV  is the 
depth of the ith valley below the mean height as in Figure 3.  
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Figure 3. Surface profile with identified peaks and valleys. 

3.3. Slope and Curvature Analysis 

Parameters such as the standard deviation of the slope (PS) and curvature (PC) 
provide insights into the geometric irregularities of failure surfaces. These are de-
fined as: 

 
2

1

d1PS
d

K
i

i

S
K x=

 =  
 

∑  (3-5) 

 
22

2
1

d1PC
d

K
i

i

S
K x=

 
=  

 
∑  (3-6) 

PS  is the standard deviation of the slope of the surface profile, which measures 
the average variation in the slope of the failure surface, reflecting its roughness; 
K  is the total number of equidistant points i  sampled along the failure surface  

profile; 
d
d

iS
x

 is the slope of the surface profile at the ith point, representing the  

first derivative of the surface height ( iS ) with respect to the spatial coordinate x ; 
PC  is the standard deviation of the curvature of the surface profile, which quanti-
fies the average variation in the curvature of the failure surface, which is indicative  

of its waviness; 
2

2
d
d

iS
x

 is the curvature of the surface profile at the ith point,  

representing the first derivative of the surface height ( jR ) with respect to the spa-
tial coordinate x . These parameters are crucial for characterizing the roughness 
of the failure surface (Figure 4). 
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Figure 4. Slope and curvature analysis: (a) grayscale image of failure surface; (b) slope magnitude of the profile; (c) curvature mag-
nitude of the profile. 

3.4. Spectral Analysis  

Spectral analysis of the failure surfaces is an essential tool for characterizing peri-
odicities and roughness properties. Failure surfaces often exhibit spatial variability 
that can be decomposed into frequency components, thereby revealing the under-
lying patterns and effects of geological structures as shown in Figure 5. For a fail-
ure surface, the surface height variation can be expressed as a Fourier series: 

 ( ) ( )0

1
cos 2 sin 2

2

n

m
a

R a m b mλ λ
λ

λ λ
=

= + +  π π∑  (3-7) 

where m  is the spatial distance along the failure surface, aλ , and bλ  are the 
Fourier coefficients representing the contributions of each frequency component. 
The frequencies of 1,2,3,λ =   correspond to periodic features of the surface, 
such as joints, fractures, or bedding planes. The power spectral density (PSD) de-
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rived from the Fourier transform quantifies the contribution of each frequency to 
the total surface variability. It is computed as: 

 ( ) 2

2
FR

P
Lω

ω
=  (3-8) 

 

 
Figure 5. Correlation matrix of roughness parameters for failure surface analysis: (a) heatmap of failure surface; (b) surface 
plot of failure surface in 3D; (c) histogram of surface profile; (d) surface profile; (e) power spectral density. 
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where ( )FR ω  is the Fourier transform of ( )R d , ω  is the spatial frequency, 
and L  is the length of the analyzed surface profile. The PSD function enables the 
identification of dominant frequencies associated with structural features that can 
influence the slope stability. e spectral analysis process for failure surfaces typi-
cally involves several preprocessing steps to ensure accurate results. First, the raw 
surface height data must be detrended to remove non stationary components, such 
as large-scale inclinations or curvatures unrelated to roughness. The detrended 
data are then multiplied by a window function, such as a Hamming or parabolic 
window, to reduce the spectral leakage. Spectral leakage occurs owing to the finite 
length of the surface profile, which distorts the frequency content in PSD. The 
dependence of ( )log Pω   on ( )log ω   provides valuable insights into surface 
roughness characteristics. For fractal-like failure surfaces, this relationship is often 
linear, which indicates self-affine properties. The slope S  of the linear segment 
is related to the fractal dimension D  of the surface:  
 ( )2 1S D= − −  (3-9) 

To simulate the spectral estimators applied to the failure surface, a periodic 
structure with added random noise ( )0,1N  can be used to model the spatial var-
iability of the surface. The simulated failure surface height variation ( )R d  along 
the slope profile can be represented as follows: 
 ( ) ( ) ( )3sin 2 10 4sin 2 4 0,0.1mR m m N= π× ⋅ + π× ⋅ +  (3-10) 

mR   is the surface height variation at spatial distance m  , ( )3sin 2 10 mπ× ⋅  , 
and ( )4sin 2 4 mπ× ⋅ , the periodic components corresponding to structural char-
acteristics such as joint spacing or bedding planes; ( )0,0.1N  is a Gaussian ran-
dom noise component with a mean of 0 and a standard deviation of 0.1, simulating 
irregularities and stochastic variations typical of natural failure surfaces. This sim-
ulated profile captures both periodic geological features and random surface 
roughness, thereby providing a basis for evaluating the effectiveness of spectral 
estimators in characterizing the geometric and fractal properties of the failure sur-
face. e choice of ( )0,1N  or ( )0,0.1N  in a simulation depends on the desired 
magnitude of noise relative to the signal and the physical characteristics of the 
modeled failure surface.  

3.5. Statistical Analysis  

Statistical analysis of failure surfaces on slopes provides critical insights into spa-
tial correlations and variability. The primary tools used in this analysis include the 
autocorrelation function (ACF) and variogram, both of which are used to assess 
the relationships between surface heights at various spatial separations or lag dis-
tances (Figure 6). The autocorrelation function (ACF) quantifies the degree of 
similarity between surface height measurements separated by a lag distance t , 
which is calculated as: 

 ( )
( )( ) ( )( )

( )( )
1

1

ACF
N t

i i ti
N

ii

S d S S d S
t

S d S

−
+=

=

− −
=

−

∑
∑

 (3-11) 
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Figure 6. Statistical analysis of failure surfaces: (a) covariance high-level noise ( )0,1N ; (b) variogram high-level noise ( )0,1N ; (c) 

(ACF) of high-level noise ( )0,1N ; (d) (ACF) low-level noise ( )0,0.1N ; (e) variogram low-level noise ( )0,0.1N ; (f) covariance 

high-level noise ( )0,0.1N .  
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where ( )iS d   and ( )i tS d +   are the surface heights at positions id  and i hd +  , 
S  is the mean height, and N  is the number of data points. For failure surfaces, 
ACF reveals how roughness features are spatially correlated, with longer correla-
tion lengths indicating more uniform roughness. e variogram measures the var-
iance in the surface height differences over a range of lag distances. It is defined 
as: 

 ( ) ( ) 2

1

1
2

tN

t i i t
it

S d S d
N

γ +
=

 = − ∑  (3-12) 

where tγ  is the variogram value for lag t , and tN  is the number of point pairs 
separated by t . For failure surfaces, the variogram is useful for identifying spatial 
scaling properties and structural anisotropy. Statistical measures, such as variance 
and covariance, further describe the variability and spatial dependencies of the 
surface roughness. The covariance function is defined as follows: 

 ( )( ) ( )( )
1

1 tN

t i i t
it

U S d S S d S
N +

=

 = − − ∑  (3-13) 

where tU  represents the covariance between the surface heights at a lag distance 
t . The relationship between the covariance function and variogram is given by: 
 0t tU Uγ = −  (3-14) 

where 0U  is the variance in the surface height data. For failure surfaces, these 
statistical tools are applied to characterize roughness, detect anisotropic features, 
and evaluate the degree of spatial correlation, all of which can influence mechan-
ical behavior. For instance, high variability or short correlation lengths in rough-
ness can lead to localized weaknesses, whereas a uniform roughness over longer 
distances can provide greater shear resistance. The analysis of ACF and the vario-
gram was further extended by fitting fractal or power-law models to quantify the 
scaling behavior. This is particularly useful for surfaces exhibiting self-affinity, 
where the relationship between the variogram and the lag distance is as follows: 
 2H

t tγ α  (3-15) 

H  is the Hurst value, which is related to the fractal dimension fD  of the fail-
ure surface. The spatial characteristics of the failure surfaces were effectively cap-
tured by applying these statistical methods. 

4. Estimation of the Fractal Dimension  
4.1. Box-Counting Method 

The box-counting method is widely used due to its simplicity in mathematical 
calculation and empirical estimation (Falconer, 1990). To determine the box-
counting dimension BD  of a bounded subset Γ  in n

 , a mesh of squares or 
boxes with side length ε  is overlaid on the set, and the number ( )N ε  of these 
elements intersecting Γ  is counted (Falconer, 1990). By varying the scale ε , dif-
ferent values of ( )N ε  are obtained. If the surface exhibits fractal behavior, the 
relationship between ( )N ε  and ε  is given by: 
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 ( ) ~ BDN ε ε −  (4-1) 

where BD   denotes the fractal dimension of the failure surface. A logarithmic 
transformation of this relationship yields a linear plot, where the slope corre-
sponds to the BD− . The box-counting dimension is expressed as follows: 

 
( )

0

ln
lim

lnB

N
D

ε

ε
ε→

= −  (4-2) 

The value ( )N ε , representing the number of mesh elements intersecting the 
set at a given scale ε , serves as an indicator of the spatial irregularity or complex-
ity of the failure surface [46].  
 

 
Figure 7. Fractal dimension calculation by box-counting method. 

 
In this approach, the log-log relationship between the number of occupied boxes 
( )N ε  and the inverse of the box size 1 ε  is plotted. The slope of the linear fit 

was used to determine the fractal dimension ( BD ) as slopeBD = − , resulting in a 
fractal dimension of approximately 2.0735, as indicated in Figure 7. This value 
highlights the complexity and irregularity of the failure surface, suggesting a sig-
nificant roughness across multiple scales. The strong linearity observed in the log-
log plot confirms the fractal nature of the surface, and the calculated dimensions 
provide valuable insight into its geometric characteristics. 

4.2. Semi-Variogram Analysis 

The semi-variogram method by Oliver and Webster (1986) offers an alternative 
approach to estimating fractal dimensions [47]. The semi-variogram tγ  is com-
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puted as in Equation (3-12), and for fractal profiles, fractional Brownian motion 
(FBM) corresponds to a specific form of the semi-variogram given by Equation 
(3-15) following the work of Mandelbrot et al. [47] [48]. To minimize variability, 
the analysis is typically restricted to a fraction (e.g., 10% or 25%) of the data length 
and employs logarithmic lag spacing to improve the robustness of least-squares 
regression [47]. This method is particularly effective in identifying the fractal 
properties of surface profiles, allowing for accurate characterization of the rough-
ness associated with failure surfaces, as shown in Figure 8. 
 

 
Figure 8. Fractal dimension calculation by semi-variogram method. 
 

The slope of this linear fit was used to calculate the Hurst exponent ( H ), which 
is related to the fractal dimension ( D ) using the equation 2D H= − , yielding a 
fractal dimension of approximately 1.5634, as shown in Figure 8. This value indi-
cates that the failure surface was self-affine and exhibited moderate roughness and 
heterogeneity. The deviations from linearity observed at larger lag distances are 
likely to be due to boundary effects or data limitations.  

5. Results and Discussions 
5.1. Results 

This study used high-resolution profiles to investigate the surface roughness and 
fractal properties of the failure surface of the Mashamba West mine. A compre-
hensive approach was developed to analyze the different aspects of the failure sur-
face. Thus, it provides valuable information regarding the characteristics of the 
failure surface and its significance in slope stability analysis. Surface roughness 
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analysis (Figure 2) shows that the surface has moderate variability and localized 
heterogeneity at surface elevations. The mean absolute deviation (MAD) of 0.83, 
and the mean standard deviation (MSD) of 1.04, indicating significant micro-
roughness on the failure surface. These metrics can be used to quantify the degree 
of surface irregularity and compare the roughness of different mining regions. 
Analysis of the topographical extremes (Figure 3) revealed a mean peak height 
(MP) of 2.4828 and mean valley depth (MV) of −4.7747, which, in general, de-
scribes the shape of the topography with respect to the contact area variability. 
These extreme features are where stress concentration and weakness in the slope 
structure are likely to occur, and therefore, may significantly affect the overall sta-
bility. Geometric irregularities were assessed based on the profile slope and cur-
vature variability (Figure 4). A standard deviation of the profile slope (PS) of 1.04 
and curvature variability (PC) of 2.963 indicated substantial surface geometry ir-
regularities relevant to deformation behaviors and sliding mechanisms. These pa-
rameters contain information about the complexity of the failure surface topog-
raphy and slope movement dynamics rate. From the power spectral density (PSD) 
analysis (Figure 5 and Figure 6), a dominant frequency of 0.014 was found, cor-
responding to periodic geological structures. This reveals recurring patterns on 
the failure surface, which might be related to the geological formations or struc-
tural features underlying them. The log-log PSD plot had a linear slope of 0.076, 
consistent with the established fractal models, indicating that the object or pattern 
is self-similar at different scales. Fractal dimension calculations were performed 
using two methods to ensure robust results. The semi-variogram method yielded 
a fractal dimension of 1.5634 (Figure 7). 

By contrast, the box-counting method yielded a value of 2.0735 (Figure 8). Both 
results confirm that the failure surfaces are self-affine, implying that the surface 
roughness has similar patterns at different scales. This fractal behavior has im-
portant implications for the scale-dependent properties of the slope and its failure 
mechanisms. The quantified parameters can be used to develop improved numer-
ical slope stability models, enhance risk assessment procedures, and help develop 
appropriate mitigation measures. Therefore, the research findings can be directly 
applied to real-world engineering problems. The fractal nature of the failure sur-
face suggests that similar patterns may also appear at different scales, which is 
important for both local- and extensive-scale slope stability studies. This investi-
gation provides a detailed characterization of the fractal properties of the failure 
surface of the Mashamba West mine. 

5.2. Discussions 

This study conducted a comprehensive analysis of the failure surface of the Mas-
hamba West mine, unveiling the fractal characteristics of the surface and quanti-
fying its surface roughness. The surface roughness analysis revealed high micro-
roughness, as indicated by the mean absolute deviation (MAD) of 0.83 and a mean 
standard deviation (MSD) of 1.04. These values signify the variability of surface 
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elevations, a measure of the surface irregularity of geological surfaces formed by 
weathering, faulting, and jointing processes. From these metrics, it can be deduced 
that the failure surface exhibits moderate variability in surface roughness and pos-
sesses complex and heterogeneous features that are of significant importance in 
the study of topographical intricacies of natural failure surfaces. Understanding 
extreme topographical features, such as a mean peak height (MP) of 2.4828 and a 
mean valley depth (MV) of −4.7747, is crucial. These features not only confirm 
the presence of high and low points on the failure surface but also underscore the 
importance of considering the entire spectrum of surface characteristics in any 
geotechnical analysis. Surface geometry, which can vary with the contact area and 
mechanical interactions within the rock mass, is best understood when extreme 
features are identified. Fractal analysis using the semi-variogram and box-count-
ing methods revealed the self-affine nature of the failure surface. The fractal di-
mensions of 1.5634 and 2.0735 prove that the surface has scale-invariant proper-
ties of surface roughness; the same roughness patterns are found at different scales. 
This finding is consistent with previous research on geological surfaces, which 
found that fractal geometry can replicate the irregularity and complexity of rock 
masses and failure surfaces. The fractal nature of the surface indicates that small-
scale irregularities such as asperities may have a structure similar to larger-scale 
topographical features. Thus, fractal analysis can help characterize the entire range 
of surface geometries. Power spectral density (PSD) analysis also supported fractal 
characterization and revealed a dominant frequency of 0.014, corresponding to 
periodic geological structures on the surface. Identifying such periodic features 
implies that the failure surface is formed by underlying geological formations that 
impose periodic patterns on the surface. These findings are similar to those of Wu 
et al. [49] [50], who reported periodic features in other geologically complex en-
vironments. This insight is important because it shows how geological structures 
may affect surface roughness and its evolution. The integration of fractal analysis 
into surface characterization represents a significant advancement over the tradi-
tional methods. Although measures such as MAD and MSD provide limited in-
formation about the surface, fractal analysis offers a more comprehensive under-
standing of natural surfaces. By simulating long-range correlations and scale-de-
pendent properties, fractal analysis revealed the complex nature of surface rough-
ness. This is particularly important in geotechnical engineering, where many sur-
faces exhibit fractal-like characteristics because of the complex geological pro-
cesses that produce them. 

In general, high-precision quantification and characterization of surface rough-
ness are crucial for a better understanding of natural rock masses and their behav-
ior under different loading conditions. Although this study did not directly exam-
ine the relationship between surface roughness and slope stability, detailed surface 
characterization suggests the influence of roughness features on mechanical prop-
erties such as shear strength, friction, and deformation. Furthermore, based on 
the fractal nature of the failure surface, it may be possible to develop methods for 
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predicting how surface irregularities at different scales affect the behavior of rock 
masses during mining activities, inspiring further research and practical applica-
tions. This research highlights the potential of combining fractal analysis with 
other geotechnical methods to develop more realistic models of rock-mass behav-
ior. For instance, when used in conjunction with numerical modeling techniques, 
fractal analysis can help identify how surface roughness affects the mechanical 
response of rock masses under different environmental and loading conditions. 
Moreover, using fractal dimensions in modeling can enhance the reliability of sta-
bility assessments and lead to improved predictions of potential failure areas in 
open-pit mining. Other research could also focus on how surface roughness 
changes over time, especially in response to weathering, changes in stress, or ex-
cavation. This research can provide valuable information on the long-term behav-
ior of open-pit slopes and the formation of failure surfaces. Furthermore, by inte-
grating fractal analysis with real-time monitoring technologies, such as LiDAR or 
photogrammetry, it is possible to develop dynamic assessments of surface changes 
that can improve the predictive capability of slope stability models, opening up 
exciting avenues for future research. This study successfully demonstrated the use 
of advanced surface-roughness characterization techniques, particularly fractal 
analysis, to understand the complexity of failure surfaces. The present study offers 
a suitable foundation for future research and applications in geotechnical engi-
neering, with the possibility of improving the accuracy and reliability of models 
describing the behavior of failure surfaces in open-pit mining. 

6. Conclusions  

This study provides a comprehensive characterization of the failure surface of the 
Mashamba West mine, focusing on the surface roughness and fractal properties. 
By employing advanced techniques such as fractal dimension calculations, semi-
variograms, box-counting methods, and power spectral density (PSD) analysis, 
this research has enhanced our understanding of the complex, multiscale nature 
of failure surfaces in open-pit mining environments. The results highlight the in-
tricate patterns present in failure surfaces, with significant micro-roughness and 
geometric irregularities identified through the analysis of the mean absolute devi-
ation (MAD), standard deviation (SD), and topographical extremes. These find-
ings suggest that the surface roughness exhibits notable heterogeneity, which could 
influence the overall stability of the slope. This study demonstrated the value of 
fractal analysis in capturing the self-affine and scale-invariant properties of failure 
surfaces. The consistency between the fractal dimensions obtained using the semi-
variogram and box-counting methods reinforces the reliability of fractal geometry 
in characterizing the surface roughness of complex geological structures. Addi-
tionally, power spectral density (PSD) analysis provided further insight into the 
periodic features of the failure surface, contributing to the understanding of the 
frequency-domain characteristics of the surface. Although the influence of surface 
roughness on slope stability was not directly assessed in this study, the fractal 
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properties and topographical features identified offer important insights into the 
potential behavior of the failure surface. These findings underscore the im-
portance of considering surface roughness and its multiscale behavior in future 
slope stability analyses and modeling efforts. 

For future research, it would be valuable to explore the direct relationship be-
tween the fractal properties of failure surfaces and mechanical properties such as 
shear strength and deformation behavior. Further investigation into the evolution 
of surface roughness due to environmental factors, such as weathering and stress 
changes, could provide additional insights into the long-term stability of open-pit 
slopes. Additionally, the integration of fractal and spectral analyses with real-time 
monitoring techniques can enhance the prediction and assessment of slope be-
havior in dynamic mining environments. This research contributes significantly 
to the understanding of failure surface characterization using advanced fractal 
analysis techniques. The insights gained from this study lay the foundation for 
future work aimed at improving the accuracy of slope stability models and devel-
oping more effective risk assessments and mitigation strategies for open-pit min-
ing operations. 
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