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Abstract

This study investigates the effect of vertical scaling on fractal dimension (FD)
estimation for failure surfaces in opencast mines to improve surface roughness
characterization for slope stability analysis. Fractal analysis has become an es-
sential tool in geotechnical engineering, yet the impact of scaling on FD esti-
mation remains underexplored. Seven fractal analysis methods were evalu-
ated: Box Counting Method (BCM), Power Spectrum (PS), Variogram (V),
Structure Function (SF), Triangular Prism Method (TPM), Differential Box
Counting (DBC), and Detrended Fluctuation Analysis (DFA). These methods
were applied using MATLAB to a failure surface from the Mashamba West
mine, examining scaling factors from fine to coarse. The results show that ver-
tical scaling significantly affects FD estimates. BCM and DBC exhibited de-
creasing FD values as scaling increased, with BCM values ranging from1 1.649
at a scaling factor of 0.1 to 1.0367 at 10. In contrast, PS, Variogram, and SF
demonstrated increasing FD values, with PS rising from 1.2744 at 0.1 to 2.8701
at 10. TPM produced stable FD values (~2.025) across all scaling factors, indi-
cating robustness to scaling. DFA showed a gradual increase in FD, from 1.666
at 0.1to 2.6224 at 10, suggesting moderate sensitivity to scaling. These findings
highlight the need for careful method selection based on the scale and com-
plexity of the surface, as different methods exhibit varying performance at var-
ious scales. This study contributes to a better understanding of the scaling ef-
fects on FD estimation and supports a more accurate characterization of fail-
ure surfaces in geotechnical applications.
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Surface Roughness, Surface Characterization

1. Introduction

Fractal and multifractal methods have become essential tools for analyzing the
complexity of rough surfaces in various fields, including geosciences [1] [2], med-
ical image analysis [3], fracture mechanics [4], tribology [5], and manufacturing
[6]. These methods provide a robust framework for characterizing surface rough-
ness by quantifying its irregularities through the fractal dimension (FD), a key
parameter that measures the geometric complexity of surfaces. Fractal dimension
(FD) estimation is critical for understanding the physical properties of surfaces,
especially in applications like opencast mining, where surface complexity plays a
crucial role in slope stability and failure mechanisms.

In surface analysis, the primary stochastic variable is typically the topographical
height, while in image analysis, it is the grayscale intensity of pixels [7]. Both sur-
faces are often self-affine, meaning their vertical and horizontal scaling differs
upon magnification. Vertical scaling refers to the change in the vertical dimension
of a surface when it is magnified, and it is a key factor in the analysis [8]. Necessi-
tating specialized techniques for accurate FD estimation. This distinction between
vertical and horizontal scaling adds complexity to the analysis, significantly when
vertical scaling is adjusted to enhance certain surface features or emphasize spe-
cific details. Accurate estimation of FD is crucial in applications such as opencast
mining, where surface roughness impacts slope stability and failure behavior.

Several methods have been developed to estimate FD, each with its strengths,
limitations, and sensitivities to scaling. The Box Counting Method (BCM) [9]-
[13] is one of the most widely used techniques due to its simplicity and ease of
implementation. However, it has been shown to underestimate FD for highly
complex surfaces, mainly when applied to discretized surfaces. The Differential
Box Counting method (DBC) [14]-[16] addresses this limitation by refining the
algorithm to improve accuracy for discretized versions of continuous surfaces.
BCM and DBC are popular for image analysis and surface characterization, but
vertical scaling strongly influences performance.

In addition to BCM and DBC, other methods have been employed to analyze
surface roughness, such as the Power Spectrum (PS) [17]-[19], Structure Function
(SF) [20], and Variogram (V) [18] [21]-[23]. The PS and SF methods are effective
at capturing features across multiple scales. PS utilizes Fourier transforms to ana-
lyze frequency content, while SF measures squared height differences over specific
distances. These methods are widely applied to time-series data and line profiles,
although they require careful adaptation for two-dimensional surface analysis.
The Variogram method, which measures spatial autocorrelation, has been suc-
cessfully applied to geological and geotechnical contexts, offering insights into

surface roughness in these settings.
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Another commonly used technique is the Triangular Prism Method (TPM)
[24]-[27], which is intuitive and conceptually linked to the ruler method intro-
duced by Mandelbrot [28]-[31]. TPM is particularly efficient in analyzing rough
surfaces; however, it is sensitive to vertical scaling and image contrast adjust-
ments, which can lead to FD underestimation. Modifications to TPM, such as
those proposed by Sun et al [26], have reduced some of these biases. Still, chal-
lenges remain when applying TPM to self-affine surfaces with arbitrary vertical
scaling. The Detrended Fluctuation Analysis (DFA) [32] [33], an extension of
Hurst’s R/S method [34]-[36], is another important technique. DFA is useful for
identifying long-range correlations and trends in rough surfaces and is known for
its balance between sensitivity and robustness in surface roughness analysis.

While fractal and multifractal methods have proven effective for analyzing sur-
face roughness across various fields, the influence of vertical scaling on FD esti-
mation remains a significant and pressing challenge. Although previous studies
have applied these methods to surface characterization, many fail to adequately
address the variability introduced by vertical scaling, especially in geotechnical
contexts such as failure zones in opencast mining. Vertical scaling alters how sur-
face features are perceived and quantified, particularly on self-affine failure sur-
faces with distinct scaling behaviors along their vertical and horizontal axes. This
highlights the need for further research and innovation in this area.

This study specifically examines the impact of vertical scaling on FD estimation
by evaluating seven methods, such as BCM, DBC, PS, SF, V, TPM, and DFA, in
the context of opencast mining. The research focuses on failure surfaces from the
Mashamba West mine, which is known for its complex geological structures and
history of slope failures. The paper aims to determine how different vertical scal-
ing factors affect the accuracy and robustness of these methods in characterizing
surface roughness. The potential impact of this research is significant, as it could
provide valuable insights for improving slope stability analysis in mining opera-

tions, thereby enhancing safety and efficiency.

2. Mathematical Analysis of Vertical Scaling in the
Triangular Prism Method

This section quantitatively assesses the TPM applied to slope failures in opencast
mine. These surfaces can be modeled as fractional Brownian motion, which allows
us to apply the mathematical framework developed in [35].

In this technique, the failure surface is defined on a square grid consisting of
NxN squares with sides «, (corresponding to pixels if image analysis is con-
cerned) N=2", n, determined by the resolution of the surface measurements
or images. Consider a single square in the grid with a side . The heights of the
points p, aredenoted /4, «a:1—4 and numbered counter-clockwise. These
heights represent the elevation of the failure surface at each point. The vectors
connecting the points are denoted v,, a:1—>4 describing the square in a

counter-clockwise direction. Their vertical component is indicated as A#, . The
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formula for the surface area in the TPM can be calculated as:

S; :l(""l vy [+ v v s v |+ [y x v, ") (1)
4

For a fractional Brownian motion surface, which is used to model the failure
surface, o, =ca” where H the Hurst exponent is, C is an unknown factor

that introduces vertical scaling into the problem. The expected value of the total

surface area is found to be:

n ?2H -
<Sroz>=l+\/;caﬂ_le 2 e”fC[il/Z] 2)

The fractal dimension is found by taking the limit:

D= lim 285 (3)
a—0 loga

Substituting a=2",weget: D=3-H.

This relationship between H and D is correct for surfaces defined on a 2D
grid and is independent of the unknown factor c. This implies that the TPM is
independent of vertical scaling for failure surfaces in its ideal mathematical for-
mulation. However, in practice, the maximum value » is defined by the resolu-
tion of the surface measurements or images. The following function #, depend-

ent on the parameters H ¢, is defined:

log 1+J;cZ(IH)”e2)liZ1)e#C 2
2 2 N

D(n;H,c)=2+ (4)
n

To eliminate the unknown parameter ¢, the total variance of the surface height

over the square grid with side one is calculated:
<h2>=c2v(H) (5)

where v(H) isafunction H involving gamma and hypergeometric functions.
This analysis provides a framework for understanding how vertical scaling affects
fractal dimension estimation for failure surfaces using the TPM. While TPM is
theoretically independent of vertical scaling, practical limitations in measurement
resolution can introduce scaling dependencies.

The method was initially based on the assumption that these surfaces follow
fractional Brownian motion (FBM). However, real-world surfaces often exhibit
anisotropic roughness, geological heterogeneity, and mixed scaling behaviors,
which may deviate from ideal FBM assumptions. To address these limitations, the

study incorporates the following improvements:

Assessing the Combined Impact of Vertical and Horizontal
Scaling

Instead of analyzing vertical scaling in isolation, this TPM method examines the

interaction between vertical and horizontal scaling and their combined influence
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10

Vertical Scaling Factor

Contour Plot of D(n; H, (h?) forn =10

on fractal dimension (FD) estimates (Figure 1). This joint evaluation of these two
dimensions provides a more comprehensive understanding of surface character-
istics that FBM-based models may not fully capture. By doing so, this approach
refines the scaling independence assumptions in TPM analysis, offering more pro-
found insights into how geological features influence FD estimations, thereby en-

hancing the knowledge of the audience.

Contour Plot of D(n; H, (h?) for n =100
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Figure 1. Interaction between vertical and horizontal scaling by TPM.

These contour plots illustrate the influence of horizontal and vertical scaling
factors on the fractal dimension (D) estimated using the Triangular Prism Method
(TPM). At lower vertical scaling factors, D shows significant variability, as indi-
cated by the deviation of contour lines from an ideal vertical alignment. As the
vertical scaling factor increases, the contours become more stable, suggesting re-
duced dependency on vertical exaggeration. This highlights the resolution de-
pendence of TPM-derived fractal dimensions and the need for careful scaling con-

siderations in geotechnical applications.

3. Methodology

This research investigates surface roughness and fractal geometry to slope failures
at the Mashamba West mine, a site characterized by complex geological condi-
tions and a history of instability. The study evaluates the impact of vertical scaling
factors on fractal dimension (FD) estimation, a key parameter in assessing slope
stability within geotechnical applications. By analyzing how vertical scaling influ-
ences fractal measurements, the research enhances the reliability of FD-based ap-
proaches, contributing to a more accurate understanding of slope stability.
High-resolution JPEG images of failure surfaces were obtained during field sur-
veys to facilitate fractal analysis. These images underwent a series of preprocessing
steps to optimize their suitability for quantitative analysis. First, they were con-
verted into a 14-bit grayscale format to improve contrast and ensure smoother
intensity transitions, which is essential for precise pixel intensity analysis. Next, a
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Gaussian filter was applied to reduce noise by averaging pixel values within a de-
fined neighborhood, effectively minimizing high-frequency noise while preserv-
ing critical image features. To enhance resolution, bicubic interpolation was used
to increase the number of pixels, resulting in smoother and more detailed images,
which is particularly beneficial for capturing intricate surface features. Finally, an
edge detection algorithm was implemented to highlight significant surface fea-
tures, improving characterization in subsequent fractal analysis.

Following preprocessing, vertical scaling factors were introduced to simulate
vertical exaggeration or suppression conditions. This step addresses variability in-
troduced by different scaling conditions, which is particularly relevant for self-
affine surfaces in geotechnical applications. By systematically modifying the ver-
tical scaling, the study evaluates its influence on fractal dimension estimations and
assesses the robustness of different fractal analysis methods under varying scaling
conditions.

To achieve this, the study examines the performance of seven fractal analysis
methods: Box Counting Method (BCM), Differential Box Counting (DBC), Power
Spectrum (PS), Variogram (V), Structure Function (SF), Triangular Prism
Method (TPM), and Detrended Fluctuation Analysis (DFA). These methods are
evaluated based on their sensitivity to vertical scaling and effectiveness in charac-
terizing surface roughness within the opencast mining environment. The com-
parative analysis provides insights into the applicability of each method for ge-
otechnical investigations, particularly in slope stability assessments and failure
characterization.

Vertical scaling factors were applied to the surface profile to simulate different
scaling conditions. Factors below 1 (e.g., 0.1, 0.5) represented suppressed vertical
features, while factors above 1 (e.g., 5, 10) represented exaggerated features. The
surface profile was adjusted for each scaling factor by multiplying intensity values
accordingly. This approach allowed for a systematic evaluation of how vertical
scaling affects fractal dimension estimates. The seven fractal analysis methods,
implemented in MATLAB, were applied to the scaled images, each providing a

unique perspective on surface roughness and scaling effects.

3.1. The Box Counting Method

This method follows Theiler’s protocol [9], adapted for image analysis. The failure
surface image is converted to grayscale, and grids of various sizes, typically powers
of 2 (2" x2" pixels, where » is an integer), are applied. The number of boxes
(n,) containing surface features is counted for each grid size. A log-log plot
log, (n,) against log,(1/r) the normalized box size (1) is constructed, and the

fractal dimension ( D, ) is calculated from the slope of the plot as:

!
Dy = lim 22 0) (6)

-0 log, (1/7)

3.2. The Differential Box Counting Method
As proposed by Sarkar and Chaudhuri [16], is adapted for our image analysis. For
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each grid size (s ) is calculated:
M, —m,

ni B ’71“'13)( /2m —‘ (7)

where M, and m, arethe maximum and minimum pixel intensities in the ;"

grid cell, 7, is the image’s intensity range, and m is the total number of grid
levels. The n, values are summed across all grid cells for each scale. A log-log
plot is then constructed, plotting log(zin,) versus log, (1/s). The fractal di-
mension ( D, ) is estimated from the slope of this plot.

10g2 (Zz ni )

I s, 1) v

DBCM

3.3. Detrended Fluctuation Analysis

Based on Gu and Zhou [32], is applied through a multi-step process. First, a cu-
mulative sum image is generated by integrating pixel intensities. The image is then
partitioned into non-overlapping sxs squares. A quadratic surface of the form
p(x,y) =Gy + @ X + g Y+ X +a,,xy+ay,y” s fitted for each square, and the
root mean square fluctuation F (s) around this surface is calculated. The aver-
age F (s) is computed across all squares of size s, and this process is repeated
for various s values. A log-log plot of log(F(s)) versus log(s) is con-
structed. The Hurst exponent ( // ) is determined from the slope of this plot, and

the fractal dimension is calculated as:
D=3-H 9)

Integrating multiple fractal analysis methods provides a more nuanced under-
standing of surface complexity and may reveal method-specific sensitivities to

vertical scaling effects.

3.4. Structure-Function Method

The method is employed following the work of Klinkenberg [2]. In this method,
the surface roughness profile Z(x) of the failure surface, extracted from the
processed JPEG image, is treated as a time series. The structure-function S(s)
is computed by evaluating the squared differences in surface heights over a spatial
separation s, and it is expected to follow a power-law relationship S (s) ~s"
where W the power index is. Linear regression of log(S (s)) versus log(s)

provides the value of W, which is then used to estimate the fractal dimension

4—
D :TW' Vertical scaling factors (4 ) are applied to the surface profile to

simulate variations in vertical exaggeration or compression, and their effect on the
fractal dimension is examined by comparing the estimated D values for differ-

ent scaling factors.

3.5. The Power Spectrum Method

Based on the theory discussed in [19], this method treats the surface profile z(x)
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as discrete values. Fourier coefficients F(u) are computed using the Fast Fou-
rier Transform (FFT), and the power spectrum S ( f ) is calculated for spatial
frequencies S ( f )~ [, where o the scaling exponent is related to surface
roughness. Vertical scaling ( 4 ) modifies intensity values, affecting Fourier coef-
ficients and the power spectrum. The fractal dimension (D, ) is estimated from o«

using:

p,=%-Z (10)

3.6. The Variogram Method

Based on Boyd [21], analyzes surface roughness by calculating the variogram
7(h) as:

7(}1):#(}1)1%:)[2()@)—2()@4-}1)]2 (11)

where N(%) the number of data pairs is separated by lag / . The fractal dimen-
sion (D, ) is derived from the slope () log(y(h)) versus log(h) using
D,=2-6 vertical scaling (A ), which alters intensity values and influences the
variogram and fractal dimension estimates. Multiple realizations can be used to

account for uncertainties.

4. Results and Discussion
4.1. Results

This section presents the results of fractal dimension (FD) estimation methods
applied to a slope failure image from the Mashamba opencast mine (see Figure
2). It highlights the influence of vertical scaling on the methods’ accuracy, preci-

sion, and sensitivity and provides a comparative analysis of their performance.

Figure 2. Slope failure image in Mashamba West Mine.

4.1.1. Grayscale Images and Edge Detection Analysis

Figure 3 presents grayscale images and their corresponding edge-detected outputs
under different scaling factors. These visualizations demonstrate how surface
complexity changes with scaling, where higher scaling factors amplify vertical fea-

tures while lower factors suppress them. This qualitative assessment provides a
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Grayscale Image

basis for interpreting the sensitivity of different FD estimation methods.

dges for Scaling Factol Edges for Scaling Factor 0.5

Edges for Scaling Factor 10

Figure 3. Grayscale images and edge detection outputs for different scaling factors.

4.1.2. Statistical Comparison of Methods

Table 1 summarizes the statistical metrics for each method, including average FD,
standard deviation, and range. Variogram and structure-function methods exhibit
the highest average FD values (2.7596 and 2.6239, respectively) with minimal var-
iability, making them the most stable methods. TPM produces near-constant FD
values (average 2.02494), reflecting its insensitivity to scaling. PS shows a slightly
higher average FD (1.4613) with moderate variability, while BCM demonstrates a
moderate average FD (1.3537) but with higher variability and range, indicating its
sensitivity to scaling. DBC and DFA present moderate average FD values (1.42894
and 1.91576, respectively), with DFA showing more significant variability. These
findings highlight PS, Variogram, and Structure Function as stable methods for
surface roughness detection. At the same time, BCM and DFA are more volatile,
and TPM is ideal for moderately complex surfaces due to its stability.

Figure 4 provides a comparative visualization of each method’s average FD,
standard deviation, and range. Variogram and structure function (SF) exhibit the
highest average FD values with minimal standard deviation and range, confirming
their stability and consistency across scaling factors. TPM, however, displays a
constant average FD with nearly zero standard deviation and range, indicating its
complete independence from scaling. This characteristic of TPM provides a
strong reassurance of its stability. BCM and DFA exhibit moderate average FD
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Table 1. Statistical summary of FD values for each method.

Method Average FD Standard Deviation Range
BCM 1.3537 0.2886 0.6123
PS 1.4613 0.2675 0.5778

\Y% 2.7596 0.0778 0.1657

SF 2.6239 0.078 0.1787
TPM 2.02494 0.0001943 0.0005
DBC 1.42894 0.4882 1.0737
DFA 1.91576 0.4138 0.9564

values with significant variability, as seen from their larger standard deviations
and ranges. PS and DBC demonstrate intermediate behavior, with slightly higher
average FD values than BCM and DFA but with less variability. These observa-
tions suggest that Variogram and SF are the most stable methods for fractal anal-

ysis, while BCM and DFA are more sensitive to scaling changes.

Methods Comparison

- Average FD
15 —&— Standard Deviation

—4— Range

Figure 4. Line graph comparing each method’s Average FD, Standard Deviation, and
Range.

4.1.3. Fractal Dimension at a Scaling Factor of 0.1

The FD values for all methods at a scaling factor of 0.1 are shown in Figure 5. The
Variogram and SF exhibit the highest FD values (2.7044 and 2.5746, respectively),
indicating their ability to capture fine-scale surface details and complexity. Con-
versely, PS provides the lowest FD value (1.2744), reflecting a more conservative
surface roughness characterization. BCM, TPM, DBC, and DFA fall between these
extremes, with FD values of 1.649, 2.0247, 1.764, and 1.666, respectively. This var-
iation highlights the different sensitivities of methods to scaling and surface prop-

erties at fine scales.
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Fractal Dimension

1
Scaling Factor at 0.1

= BCM PS =V SF = TPM = DBC = DFA

Figure 5. Bar chart of FD values for different methods at scaling factor 0.1.

4.1.4. Dependence of Fractal Dimension on Scaling Factor

The fractal dimension (FD) varies with the scaling factor, revealing distinct pat-
terns that highlight changes in surface complexity. As scaling increases, finer de-
tails may diminish, whereas broader structural features become more prominent,
influencing FD estimates. These variations underscore the impact of scaling ad-
justments on the surface roughness characterization. Understanding these de-
pendencies is essential for accurate geotechnical assessments and informed deci-
sion making in slope stability analysis.

The Box Counting Method (BCM) estimates the fractal dimension (FD) by an-
alyzing surface roughness through grid-based subdivisions. As the vertical scaling
increases, fine-scale features become less distinguishable within larger grid cells,
reducing the number of occupied boxes and leading to lower FD values. This de-
cline, as observed in Figure 6, from 1.649 at a scaling factor of 0.1 to 1.0367 at 10,
reflects BCM’s tendency to understate surface complexity at coarser scales due to

its sensitivity to resolution-dependent artifacts.

Fractal Dimension
[ S N N Y

0 2 4 6 8 10
Scaling Factor

Figure 6. FD vs. scaling factor plot for BCM.

The Power Spectrum (PS) method exhibits a steady increase in fractal dimen-
sion (FD) with vertical scaling as the surface roughness shifts from fine-scale ir-
regularities to broader features. This transition alters the frequency distribution,
emphasizing lower frequencies and increasing FD values. As shown in Figure 7,

PS reaches an FD of 1.8522 at a scaling factor of 10, demonstrating its effectiveness
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in capturing enhanced roughness at larger observational scales.

1.9

— — —_ —
W (o)} ~ o
T T T T

Fractal Dimension

H

0 2 4 6 8 10
Scaling Factor

Figure 7. FD vs. scaling factor plot for PS.

The increasing trend of fractal dimension (FD) in the variogram method, as
depicted in Figure 8, can be attributed to its sensitivity to spatial autocorrelation
at varying scales. The variogram quantifies the surface roughness by evaluating
the height differences with increasing lag distances, capturing how adjacent points
relate to each other. At smaller scaling factors, fine-scale variations dominate, re-
sulting in lower FD values. As the vertical scaling increases, broader surface fea-
tures become more prominent, extending the correlation structures across larger
distances. This transition enhances the ability of the method to detect long-range
dependencies, thereby leading to higher FD estimates. The increase from 2.7044
to 2.8701 illustrates its robustness in characterizing surface complexity, making it

a reliable tool for analyzing slope failures at coarser resolutions.

Fractal Dimension

0 2 4 6 8 10
Scaling Factor

Figure 8. FD vs. scaling factor plot for variogram.

The Structure Function (SF) method detects the surface roughness by analyzing
the height variations over different spatial separations. As vertical scaling in-
creases, larger structural features dominate, enhancing long-range correlations in
the surface complexity. This results in a gradual increase in FD from 2.5746 to
2.7533, as shown in Figure 9, demonstrating SF’s sensitivity of SF to scaling effects

and its reliability in capturing multi-scale surface characteristics.
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275t
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2.65f

Fractal Dimension
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0 2 4 6 8 10
Scaling Factor

Figure 9. FD vs. scaling factor plot for SF.

The Triangular Prism Method (TPM) maintains nearly constant fractal dimen-
sion (FD) values across all scaling factors owing to its inherent geometric ap-
proach to estimating surface roughness. Unlike frequency-based methods, TPM
calculates the surface area by approximating the terrain with triangular facets,
thereby mitigating scaling-induced distortions. This stability suggests that TPM is
less affected by vertical exaggeration, providing consistent FD values regardless of
scaling adjustments. The moderate sensitivity observed indicates that while TPM
captures essential surface characteristics, it does not strongly emphasize vertical
irregularities, making it well suited for moderate-complexity surface analyses. As
shown in Figure 10, its robustness ensures reliable roughness characterization in

geotechnical applications.

2.0252

2.0251

2.025

2.0249

Fractal Dimension

2.0248 |

2.0247 " - . - .
0 2 4 6 8 10
Scaling Factor

Figure 10. FD vs. scaling factor plot for TPM.

To enhance the reliability of the TPM, empirical validation was conducted
across a slope failure surface from a collapse landslide on a steep slope on weath-
ered granite behind the Dinglong Village Committee House, Ganzhou City [37],
as shown in Figure 11.

Figure 12 presents the fractal dimension (FD) variations obtained using the
Triangular Prism Method (TPM) for a collapse landslide on a steep slope in

weathered granite behind the Dinglong Village Committee House in Ganzhou
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Grayscale Image

Figure 11. Collapse landslide on a steep slope on weathered granite, behind the Dinglong
Village Committee House, Ganzhou City [37].

City. The application of the TPM to this additional failure surface serves as an
empirical validation of its ability to maintain scaling independence across differ-
ent geological conditions. The consistent FD values across scaling factors rein-
force TPM’s robustness of the TPM in characterizing surface roughness, demon-
strating minimal sensitivity to vertical scaling distortions. This stability confirms
its suitability for assessing moderate-complexity failure surfaces, ensuring reliable
fractal estimates, irrespective of scaling adjustments. The validation further
strengthens TPM’s applicability of the TPM in geotechnical investigations, affirm-
ing its reliability in diverse slope failure scenarios.

TPM on a steep slope and weathered granite
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Figure 12. FD vs. scaling factor plot for TPM.
Collapse landslide on a steep slope and weathered
granite behind the Dinglong Village Committee
House, Ganzhou City.

The Differential Box Counting (DBC) method exhibits a sharp decline in the
fractal dimension (FD) with increasing vertical scaling owing to its reliance on
pixel intensity variations within grid cells. As the scaling factor increases, the ver-
tical exaggeration alters the intensity distribution, reducing the differentiation be-
tween adjacent grid levels. This leads to diminished detection of surface complex-
ity, causing the FD to drop significantly, as shown in Figure 13. The strong de-
pendence on localized intensity contrasts makes the DBC highly sensitive to scaling

effects, limiting its reliability for analyzing rough surfaces at coarser resolutions.
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Figure 13. FD vs. scaling factor plot for DBC.

The Detrended Fluctuation Analysis (DFA) method detects long-range corre-
lations in the surface roughness by analyzing fluctuations across different scales.
As vertical scaling increases, broader structural variations become more pro-
nounced, enhancing the trend detection in surface complexity. This results in a
gradual increase in FD, from 1.666 at a scaling factor of 0.1 to 2.6224 at 10, as
shown in Figure 14, demonstrating DFA’s sensitivity of the DFA to scaling effects

and its ability to capture evolving roughness patterns at coarser resolutions.
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Figure 14. FD vs. scaling factor plot for DFA.

Figure 15 overlays FD trends across all methods and scaling factors, illustrating
the methods’ divergent responses to scaling changes. BCM and DBC display con-
sistent declines in FD as the scaling factor increases, highlighting their sensitivity
to vertical scaling and tendency to understate surface complexity at coarser
scales. On the other hand, PS, Variogram, and structure-function (SF) exhibit
steep increases in FD with higher scaling factors, reflecting their capability to
capture greater surface complexity as the observation scale widens. These meth-
ods demonstrate robustness in detecting surface features at larger scales.

Meanwhile, TPM remains nearly constant across all scaling factors, with an FD
of approximately 2.025. This stability suggests that TPM is unaffected by scaling
and provides reliable surface roughness estimates regardless of the observation

scale. Similarly, DFA shows a gradual increase in FD from 1.666 at a scaling factor
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of 0.1 to 2.6224 at 10, indicating moderate sensitivity to scaling and a tendency to

detect increasing complexity at coarser scales.
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Figure 15. A combined chart shows FD trends across all methods and scaling factors.

4.1.5. Summary and Implications

Table 2 compares all methods’ FD values at five scaling factors (0.1, 0.5, 1, 5, 10).
PS and variogram consistently produce the highest FD values, capturing greater
surface complexity at coarser scales, while BCM and DBC show declining FD, in-

dicating sensitivity to diminishing complexity.

Table 2. FD values for all methods across scaling factors (0.1 - 10).

ch:clti:f BCM PS \% SF TPM  DBC  DFA
0.1 1.649 12744 27044 25746  2.0247 1764  1.666
0.5 15683 12744 27044 25746 20248 17635  1.666
1 14584 12744 27044 25746 2025 17635  1.666
5 1056 1.6311  2.8145  2.6423 20252  1.1634  1.9584
10 10367  1.8522 28701 27533 2.025  0.6903  2.6224

These results demonstrate that all methods are sensitive to scaling but to vary-
ing degrees. PS and variogram are ideal for capturing complex surface character-
istics at larger scales, while BCM and DBC are better suited for finer-scale anal-
yses. TPM remains relatively stable across all scales, making it suitable for mod-
erate complexity. These findings emphasize the importance of selecting appropri-
ate methods based on surface characteristics and the desired level of detail in the

analysis.

4.2. Discussion

This study evaluated the impact of vertical scaling on fractal dimension (FD) es-
timation for failure surfaces in opencast mining using seven widely used methods:

box-counting method (BCM), power spectrum (PS), Variogram (V), structure
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function (SF), triangular prism method (TPM), differential box-counting (DBC),
and detrended fluctuation analysis (DFA). The findings highlight method-specific
sensitivities to vertical scaling, providing insights into their strengths, limitations,
and suitability for geotechnical applications. The results align with and, in some
cases, diverge from previous research, including the work of Schouwenaars et al

[35], offering additional perspectives on FD estimation challenges and solutions.

4.2.1. Vertical Scaling and FD Estimation

The results showed that vertical scaling significantly influences FD estimation,
with each method responding differently. BCM and DBC consistently declined
FD values as the scaling factor increased. For instance, BCM’s FD decreased from
1.649 at a scaling factor of 0.1 to 1.0367 at 10, while DBC’s FD dropped from 1.764
to0 0.6903 over the same range. This behavior confirms that these methods empha-
size fine-scale surface details but become less reliable at coarser scales. Still, PS,
Variogram, and SF showed increasing FD values with scaling. PS’s FD rose from
1.2744 at 0.1 to 1.8522 at 10, while the Variogram increased from 2.7044 to 2.8701,
reflecting their robustness in capturing coarse-scale complexity.

TPM demonstrated nearly constant FD values (2.02) across all scaling factors,
suggesting surprising stability. This finding differs from Schouwenaars et al. [35],
who concluded that TPM is highly sensitive to vertical scaling and achieves scaling
independence only under tiny step sizes. The discrepancy may arise from differ-
ences in dataset resolution, preprocessing techniques, or scaling ranges. In this
study, TPM’s stability indicates its potential for reliable application in moderate-
complexity surface analyses, where consistency is critical. DFA exhibited a gradual
FD increase from 1.666 at 0.1 to 2.6224 at 10, confirming its moderate sensitivity
to scaling while balancing fine- and coarse-scale characteristics. The observed dif-
ferences in method performance are consistent with previous findings, which at-
tribute discrepancies in FD estimates to the mathematical foundations of each
method and their numerical implementation. Low-resolution datasets often exac-
erbate systematic and random errors as methods struggle to preserve the finer de-
tails necessary for accurate characterization. These findings highlight the need to

consider resolution and scaling simultaneously to achieve reliable FD estimates.

4.2.2. Stability and Method-Specific Sensitivities

The statistical analysis revealed significant differences in the stability of FD esti-
mates across methods. Variogram and SF produced the most consistent results,
with minimal variability and high average FD values across scaling factors. For
example, the Variogram’s standard deviation remained under 0.1 at all scales, in-
dicating its reliability for consistent roughness characterization. PS also demon-
strated stability but produced lower FD values at finer scales, indicating a con-
servative surface roughness characterization. Yet, BCM and DFA exhibited higher
variability, with broader standard deviations and ranges. BCM’s FD estimates
spanned from 1.649 to 1.0367, while DFA, although less variable, still showed
wider deviations compared to Variogram or SF. DBC demonstrated moderate
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variability, performing better at finer scales but remaining sensitive to vertical
scaling. The near-constant FD values of TPM across scaling factors underscore its
robustness and suitability for moderate complexity analyses, particularly in appli-

cations requiring scaling-independent estimates.

4.2.3. Implications of Slope Failure Characterization in Opencast Mines
Given the observed stability of the Variogram and Structure Function (SF) meth-
ods across different scales, these techniques should be prioritized for large-scale
roughness characterization in opencast mines. Their ability to maintain consistent
fractal dimension (FD) values makes them well-suited for identifying large-scale
failure zones. In contrast, the Box Counting Method (BCM) and Differential Box
Counting (DBC) are more effective for fine-scale analyses, where capturing local-
ized irregularities is critical. The Triangular Prism Method (TPM) exhibits near-
constant FD values and provides a reliable approach for moderate complexity as-
sessments, ensuring consistent roughness characterization across varying vertical
scaling conditions.

The value of a multi-method approach that integrates PS, Variogram, and SF
for large-scale evaluations, while utilizing BCM and DBC for finer-scale assess-
ments, cannot be overstated. This approach significantly enhances the accuracy of
failure surface characterization by leveraging the strengths of each method and
mitigating their limitations. Future assessment frameworks should also address
resolution-dependent biases and incorporate preprocessing techniques such as
noise reduction and contrast enhancement. These refinements will improve the
reliability of FD estimations and their application in geotechnical analysis.

The findings of this study have practical implications for slope stability analysis
in opencast mining. PS, Variogram, and SF demonstrate robustness at larger
scales, making them useful for detecting extensive failure zones. Conversely, BCM
and DBC excel at identifying fine-scale surface irregularities, which is essential for
analyzing localized roughness features. TPM’s stability across different scaling
factors makes it a reliable option for moderate-complexity characterizations, par-
ticularly when a consistent FD estimate is needed regardless of scale. This reiter-
ation of the reliability of the methods instills confidence in the audience about the
research findings.

While our study provides valuable insights, it is essential to acknowledge its
limitations. The analysis was conducted on a single slope failure at the Mashamba
West mine, which, while representative of complex geological conditions, may not
fully capture the variability of other mining environments. Therefore, validating
these findings across multiple slope failures with diverse geological settings would
strengthen their applicability. Additionally, the study focused solely on vertical
scaling without examining the combined effects of vertical and horizontal scaling,
which are critical for characterizing anisotropic surfaces. Future research should
investigate these interactions and their influence on FD estimates. Lastly, while
preprocessing techniques were consistently applied, their impact on noise reduc-

tion and resolution enhancement was not explored in depth. Addressing these as-
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pects in future studies can further improve the accuracy and applicability of FD

estimation methods in geotechnical applications.

5. Conclusion

This study investigated the impact of vertical scaling on fractal dimension (FD)
estimation for slope failures in opencast mining, using seven widely recognized
methods. The results showed that BCM and DBC exhibit consistent declines in
FD estimates with increasing scaling factors, emphasizing their focus on fine-scale
details but highlighting their limitations in coarse-scale analyses. Conversely, PS,
variogram, and SF demonstrated increasing FD values with scaling, reflecting
their robustness in capturing coarse-scale surface complexity. TPM provided
nearly constant FD values across all scaling factors, showing unexpected stability
and suggesting its suitability for moderate-complexity surface analyses. DFA dis-
played a gradual increase in FD values, striking a balance between fine- and
coarse-scale sensitivity. The findings align with existing literature in identifying
the influence of scaling on FD estimation while also uncovering unique behaviors
for methods like TPM and DFA. Variogram and SF emerged as the most stable
methods, offering reliable FD estimates with minimal variability, whereas BCM
and DFA displayed more significant variability across scaling factors. The re-
search underscores the need to select fractal analysis methods based on the scale
of interest and the surface characteristics, as no single method is universally opti-
mal for all applications. These insights are critical for accurately characterizing
slope failures in practical geotechnical applications. Robust methods like vario-
gram and SF are better suited for large-scale roughness analysis, while BCM and
DBC are ideal for fine-scale assessments. TPM’s stability across scaling factors
makes it a reliable option for moderate-complexity applications requiring con-
sistent estimates. These findings contribute to improved surface roughness char-
acterization in opencast mining by addressing the specific scaling and surface

complexity requirements.
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