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Featured Application: This work can be applied to coal (hard coal and lignite) spoil
heaps, particularly during decarbonization and in the post-coal era. Former coal mining
sites are being reclaimed, with spoil heaps covering large areas that are difficult to
valorize. The appropriate and sustainable exploitation of these areas depends directly
on their geotechnical analysis. Advanced numerical and stochastic tools appear to be the
most suitable method for the robust geotechnical design of these highly heterogeneous
spoil materials, making this advanced characterization an essential basis.

Abstract: During surface coal mining, vast amounts of overburden waste materials—called
spoils—are excavated and dumped, forming massive heaps, the sustainable exploitation of
which is a top priority globally. This study addresses the advanced geotechnical characteri-
zation of spoil materials, focusing on lignite mine spoil heaps, which are often ignored due
to their highly heterogeneous nature. This research quantifies the spatial variability in spoil
materials from a large heap in Greece, highlighting the importance of a robust geotech-
nical framework for their effective reclamation. Using statistical analysis and variogram
modeling, the scale of fluctuation (SoF) was derived for both the vertical and horizontal
directions. The SoF values for spoil properties are found to be on the high end of the
natural soil range. Vertical correlations are observed for distances over 10 m, occasionally
reaching 20 m, indicating significant spatial variability; in the horizontal direction, the SoF
reaches up to 285 m. These findings suggest that spoil elements exhibit important spatial
dependence, which is critical for their proper design and exploitation. The results provide
a basis for future research and the use of advanced numerical tools, such as the random
finite element method, to support geotechnical design and the sustainable exploitation of
spoil heaps.

Keywords: coal spoils; spoil heaps; mine waste dumps; statistics; scale of fluctuation;
geotechnical characterization

1. Introduction

Coal (hard coal and lignite) has historically played a key role in meeting global energy
demands. However, the growing efforts for transition to cleaner energy forms in Europe
and worldwide to combat climate change have driven a significant transformation in the
coal industry and the coal regions dependent on it. As coal mines are closing in a direct
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response to commitments to reduce CO, emissions, coal regions have become particularly
vulnerable, needing innovative economic plans, the reclamation of depleted mining areas,
and financial and practical support. Policies such as the European Green Deal aim to
support these regions by promoting sustainable development, economic diversification,
and land rehabilitation. Amid these challenges lies a critical element that has long been
neglected and underutilized: spoil heaps. Global coal production has remained significant,
e.g., with major coal producers collectively producing over 7 billion tons annually [1]. With
the typical stripping ratios for surface coal mining ranging from 2:1 to 10:1, several tons
of spoil material are generated for every ton of coal extracted. Over the last 30 years, the
cumulative amount of overburden waste has reached trillions of cubic meters, forming
extensive spoil heaps.

These massive piles of excavated materials, originally overburden to coal seams, have
been typically dumped with little or no concern for future reuse, reclamation, or valoriza-
tion. Nowadays, spoil heaps are emerging as the key elements in the reclamation of mining
landscapes and the broader transition to a post-mining economy. Their potential, however,
remains largely unexploited due to various reasons, some of which relate to their geotech-
nical properties and behavior. The exploitation of spoil heaps has largely been limited
to agriculture and forestry with low-load structural systems that reduce the engineering
challenges. More efficient reclamation techniques have been proposed; however, if one
is examining the use of heaps to install photovoltaic cells, heat pumps, and wind tur-
bines, then settlement and stability issues arise. The nature of spoil material characterizes
these challenges, and as a result, the more rigorous and accurate characterization of spoil
materials is needed.

Due to the often chaotic nature of spoils, their characterization is challenging, and the
engineering design of efficient solutions is demanding. Spoils are usually considered as
one material with significant uncertainty. The geotechnical properties of several European
lignite mine spoil heaps have been analyzed in the past [2], concluding that they present
huge variability, far more significant than that of natural soils. It has also been underlined
that spoil heterogeneity is highly affected by the transportation and dumping methods,
the different origins of soils, and the duration and time planning of different construction
stages [3]. One main barrier to the appropriate valorization of spoil heaps remains the
challenges posed by the heterogeneous nature of spoil materials [2,4-6], and thus there
have been attempts to overcome this issue in a probabilistic way [7,8].

The conventional tools for dealing with soil uncertainty and heterogeneity are high
safety factors and empirical knowledge mainly related to geotechnical failures. Neverthe-
less, statistical analysis and stochastic processes are the leading and most efficient ways
to address the significant geotechnical uncertainties related to spoil properties. Statistical
distributions have been a handy tool to quantify geotechnical uncertainty and soil het-
erogeneity [9-12]. A more advanced way to analyze and simulate the heterogeneity of
spoil materials is by describing spatial variability. Several researchers have quantified the
effects of spatial variability in geotechnical engineering applications for shallow and deep
foundations [13], slope stability [14], retaining walls [15], seepage [16], and even soil elastic
properties [17]. Furthermore, several researchers have analyzed the spatial variability in
soils, e.g., the scale of fluctuation in sands based on CPT data were analyzed in previous
works ([18,19]).

The systematic geotechnical characterization of spoil materials remains scarce in the
literature. However, recent studies have advanced the understanding of spoil geotechnical
properties. Two existing works conducted detailed assessments of lignite mine waste
dump materials using Cone Penetration Tests (CPTs), providing foundational insights
into spatial heterogeneity and fluctuation scales in such deposits [20,21]. These works
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successfully applied the random field theory to quantify spoil materials’ variability and
introduced stochastic approaches to quantify uncertainty. Despite these advancements,
challenges persist in the spatial characterization of spoil materials. Additionally previous
research further highlighted that dump soil exhibits substantial differences in consistency,
density, and mechanical properties due to excavation, transport, and dumping processes,
and statistically (but not spatially) analyzed it ([22]). These factors introduce complexities
in geotechnical modeling and stability assessments. In parallel, research has explored
the UAV-based monitoring of spoil piles, demonstrating the potential and effectiveness of
high-resolution remote sensing techniques for spatial characterization [23]. Finally previous
research has presented a promising approach (phytostabilization) for managing spoil mate-
rial instability [24], particularly in coal mine overburden dumps. In this work, the authors
underlined the importance of probabilistic and statistical analyses for spoil materials.

The recent analysis of spoil geotechnical properties [3], complemented by their prob-
abilistic characterization [25], serves as the foundational step for this study. To address
the challenge of significant inhomogeneity, spatial characterization and stochastic analysis
appear to be the only systematic approaches. However, no prior research has examined
the spatial variability in spoil materials’ geotechnical properties in a way that allows its
integration into such analyses.

This study seeks to fill this critical gap by conducting the advanced statistical analysis
of lignite spoil materials and quantifying spatial variability within a large spoil heap. The
examined massive spoil heap’s geotechnical parameters [6] are systematically analyzed
using well-established methods (i.e., variogram modeling), revealing spatial variability.
The results of this work (statistical distributions and spatial characteristics) can be directly
used for the stochastic analysis of spoil materials. The robust geotechnical design of spoil
heaps would require the use of advanced numerical tools (e.g., the random finite element
method), making the present advanced geotechnical characterization a necessary basis.

2. Study Area and Methods for Spatial Variability Quantification
2.1. Study Area

Greece has been a major lignite producer and continues to play a significant role in the
decarbonization period. During the period 2019-2022, 39.5 million metric tons of lignite
were mined, primarily from deep surface mines, with the largest mining area being the
Western Macedonia Lignite Centre. Within this mining complex, a massive spoil heap has
accumulated, formed from materials excavated from adjacent lignite mines. The following
information is a brief description of the study area and the experimental results that are
used for the spatial variability analysis that follows and are based on previous works where
they are more extensively described [3,25].

The typical ground profile in the mining area consists of a thick overburden zone
mainly made of quaternary marls, clays, and some weak conglomerates and water-bearing
sands overlying the lignite deposits. The spoil heap was initially constructed in 1999, with
early using haul trucks, and later relying on continuous mining equipment, including
belt conveyors and spreaders. The heap, measuring about 5 km in length, 150-170 m in
height, and varying in width, has been a focal point of discussions regarding its long-term
management and sustainable valorization.

Geotechnical investigations, including 12 boreholes drilled along the axis of the heap,
provided the data on spoil materials (Figure 1). Laboratory tests assessed grain size
distribution, Atterberg limits, and engineering parameters, revealing that fine-grained
materials, mainly silts and clays, dominate the heap. The friction angle and cohesion
were determined through 43 isotropically consolidated undrained triaxial tests with pore
pressure measurements, while the constrained modulus and consolidation indices were
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measured in 61 oedometer tests. Despite some potential uncertainties in sample collection,
the data present a comprehensive geotechnical overview of the spoil heap.
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Figure 1. The location of the spoil heap in Greece and a map of the borehole locations.

Some basic information regarding the spoil material types are presented; these infor-
mation are based on [3] and are repeated here for the completeness of the present work. The
classification of spoil materials according to the Unified Soil Classification System presents
a great variety of different soil types that appear in a spatially random arrangement, rang-
ing from coarse-grained gravels and sands to fine-grained silts and clays. However, an
overview of the soil type classifications clearly indicates that the fine-grained materials
are those which define the overall response of the spoil material. The major conclusion
of [3] was that the spoil heap’s body is highly heterogeneous, while a significant outcome
was the quantification of this variability, clearly indicating that spoil properties exceed
the usual variability in in-situ ground materials. Due to this heterogeneity, but also other
considerations extensively analyzed in that work, the spoil mass can be considered as one,
unified spoil material with significant uncertainty.

While the earlier studies analyzed the statistical moments and cross-correlations of
the spoil’s properties, this work goes further by examining the spatial variability in these
properties, aiming to support more precise geotechnical analysis and design for future
projects involving this complex material.

2.2. Quantification of Spoils” Spatial Variability

Field and laboratory testing reveals considerable variability in soil properties, not only
across the different sites and strata, but even within the deposits that appear homogeneous
in a single location. This is unsurprising, since soils are usually formed by natural processes
(e.g., weathering); transported to their present location; and subjected to various stress
states, pore fluids conditions, and chemical transformations, resulting in significant spatial
variability. Such spatial variability becomes even more pronounced in spoil heaps, where
materials might originate from different mines being excavated with different methods,
being transported with different methods, and in the end, being deposited with different
methods, leading to notably high degrees of uncertainty, heterogeneity, and spatial vari-
ability. Although it is theoretically possible to characterize soil variability in great detail by
conducting numerous tests, the sheer volume of testing required far exceeds the practical
limits. Consequently, engineering practice typically relies on simplifications to account for
this inherent variability.

Spatial characterization is typically introduced with the scale of fluctuation (SoF) [26,27];
below this distance, soils” properties demonstrate a reasonably strong dependence. Small
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SoFs correspond to rapid fluctuations, while large ones show a strong correlation over long
distances [28,29].

The SoF can be estimated using several methods; the autocorrelation function [26-30]
and the semivariogram [31-34] are the most common. In this study, the semivariogram
was adopted because it can be applied to non-uniformly spaced data (e.g., laboratory test
data from various depths and distances).

The variogram function describes how much two observations depend on one another
and how this dependence decreases as the distance increases. The semivariogram (y)—half
the variogram—is typically used and is defined as follows:

2y = E{ [2(xs) — 2(xin) } = Varlz(x;) — 2(xi1)] M

where 7 is the semivariogram; E is the expected or mean value; Var is variance; z(x;)
is the value of the examined property at location x;; and # is the distance between the
two locations under examination.

The principal characteristics of a semivariogram are the sill and the range. The sill is the
ultimate variance where the empirical semivariogram appears to level off and theoretically
equals data variance. The range is the distance at which the semivariogram reaches
the sill. Several theoretical variogram models exist, such as the exponential, spherical,
and Gaussian.

The following common steps were followed to obtain the semivariogram function.
Initially, the so-called empirical semivariogram based on the experimental measurements
was calculated using Equation (1) in all existing unique pairs of observations. The results
were grouped in bins of the same size using [31] the following equation:

700 = iy T () ~2(x0)° @

where I is the distance between two observations z(x,, ;) and z(x;); and N(#) is the total
number of points existing in the particular bin. Each bin corresponds to a range of distances
and is represented by the value resulting from Equation (2).

Furthermore, the exponential model was adopted, having two free parameters (sill
and range) and being commonly used [35,36]:

3h

y(h)=C(1—ew) )

where C is the sill and « is the range parameter. The SoF is directly related to the range
parameter [37]:

SoF = % 0 4)

Finally, the exponential model was fitted onto the experimental data using the least-
squares method. A supplementary approach, named in this work as the “conditional”
exponential model, was employed in addition to the exponential model. The same expo-
nential equation was used for that approach, but the sill of the model was assumed to equal
data variance, which in this case is predetermined. Thus, the same equation (Equation (3))
was used for the conditional model, but it is a one-parameter equation having fixed the sill
(C in Equation (3)).

Notice that the spatial variability in spoil properties depends highly on the direction.
The effect of gravity and heap construction methods plays a definitive role. Consequently,
the dataset for each property was analyzed, accounting for the vertical and the horizontal
directions, eventually leading to two perpendicular scales. Significant differences of several
orders of magnitude [37,38] have been observed between the horizontal and vertical SoFs
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for various materials. Notice that no values have been reported for spoils, as their spatial
variability has not been quantified.

3. Spoil Spatial Variability
3.1. Overview

This section aims to characterize spatial variability targeting to quantify the scale of
fluctuation (SoF). For each geotechnical parameter, two sets of analysis were performed
in two perpendicular directions, vertical and horizontal. The two semivariograms and
the associated scales of fluctuation were computed. The results provide insight into the
spatial structure of the spoils and create a basis for further studies. All the properties
have been examined and represent stationary variables; the various parameters have been
checked with depth and for each borehole mainly visually, with a few cases when more
data were available also being checked more systematically. Notice that spatial variability
analysis is based on the data derived for a typical geotechnical analysis of the area, not
conducted for this specific analysis (as typically is the case). Thus, there are limitations
related to the distances between the boreholes, especially in the horizontal direction. The
final results are an estimation of the scale of fluctuation and the order of magnitude of the
range that should be included in stochastic analysis rather than an accurate calculation.
They are also compared with the way the heap was created to reach useful conclusions on
its peculiar structure.

3.2. Vertical Scale of Fluctuation

Observations from a specific borehole were only paired with the others from the same
borehole to ensure that only vertical correlations were involved in analysis. The pairs that
emerged from all the twelve boreholes were then analyzed together, and an experimental
semivariogram was created using Equation (2). Finally, one representative value for the
vertical SoF was derived after fitting the theoretical model.

When creating the semivariogram, the rule of thumb is to consider at least half the
maximum distance encountered [36]. Considering larger lag distances could lead to poten-
tial issues as model fitting would fit the longer distances when the shorter distances are
the most important. In this analysis, the maximum depth was 50 m, and the maximum lag
distance considered was 60%, i.e., 30 m. Most bins of the experimental variograms include
a minimum of 30 pairs per bin [35]. Some bins include a minimum of 20-30 pairs and only
a few less than 20. These few have been identified in this analysis and do not significantly
alter the results.

Figures 2 and 3 present all the semivariograms for the vertical direction, with the
effective friction angle, cohesion, compression and recompression indices (Figure 2) and the
constraint modulus for four different stress increments (Figure 3). The exponential model is
presented with a black line. The conditional model approach is also presented; as mentioned
in Section 2.2, the sill of the exponential model was assumed to be equal data variance,
defining an equation identical to Equation (3) for the exponential model, but with one free
parameter. Typically, this case (conditional fit) is not examined in the literature [28,39];
however, it evaluates the effect of the uncertainty of data variance. The comparison between
the exponential and the conditional provides additional information regarding the accuracy
of the resulting scale of fluctuation. Theoretically, the two approaches (exponential and
conditional) are expected to provide identical results for large populations and lag distances.
However, this is rarely the case in engineering practice, as less data than necessary are
available. As a result, the difference between these two approaches is an indirect way to
evaluate the appropriateness of the fit and obtain two estimations that define a range for
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the scale of fluctuation. Notice, however, that the difference between the two approaches is
not a goodness-of-fit measure or a direct way to evaluate the variograms.
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Figure 2. The semivariogram for the vertical direction of (a) the effective friction angle ¢’ and
(b) effective cohesion (c) the compression index c., and (d) the recompression index c;.

Regarding the appropriateness of the fit related to the small amount of data on small
lags, notice that the curve fitting does not happen before the SoF, but before the range,
which is exactly defined as the distance where the fitted curve first flattens out (becomes
horizontal). The SoF characterizes the final fit, but does not determine the distance for the
adequacy of the fit, which is best determined by the range. As a result, for example for
Figure 2a, there are three points in the experimental variogram before the range and five
points in Figure 2c.

Overall, the experimental semivariogram presents an increasing trend for small dis-
tances. Small lag distances are more significant since they define the line’s curvature, and
thus the SoF. The semivariogram values located at large lag distances have a minor effect
on fitting since the curve levels before it reaches them. In Figure 2a,c,d, the first ascending
part of the curve follows the experimental values closely. The exponential or conditional fit
lies above according to the relation between the sill value and statistical variance.
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Figure 3. The semivariogram for the vertical direction of the constraint modulus for (a) Ac” = 50 kPa,
(b) Ao’ =100 kPa, (c) Ao’ =200 kPa, and (d) Ao’ = 400 kPa.

For effective friction angle, the two curves exhibit a very close identical initial part,
yielding very close scales of fluctuation. This similarity of the two curves signifies that the
population and the experimental variogram seem appropriate for the exponential model
and the fitting procedure. For cohesion, the semivariogram presents larger variability
compared to that of the friction angle, likely due to the many zero cohesion values in the
dataset. The conditional fit diverges significantly from the exponential fit, indicating a
high degree of uncertainty. The semivariograms of the compression and recompression
indices exhibit a relatively smooth trend with a moderate sill, indicating consistent vertical
correlation. The conditional model closely follows the exponential fit, meaning that the
level of statistical uncertainty is significantly lower for this parameter compared to that for
cohesion. The semivariogram fit is well aligned, reinforcing our confidence in the dataset’s
reliability for these parameters.

Figure 3 illustrates the semivariograms of the constraint moduli. Overall, very similar
trends are evaluated for all the stress increments. The conditional and exponential models
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propose a similar evolution. Additionally, the modulus increases with stress increments as
expected, presenting stress-dependent spoil stiffness. Only the modulus for the highest
stress increment (Figure 3d) presents greater variability, suggesting that at higher stress
levels, heterogeneities in the spoil material’s stiffness might become more pronounced.
Figure 4 summarizes the SoFs for all the engineering parameters (the physical param-
eters LL and PI were omitted as they do not present similar interest regarding reliability
analysis). The horizontal axis represents the examined parameters, while the vertical axis
shows the vertical SoFs for the exponential model and its conditional version. For the
constraint modulus Eg, the subscripts from one to four refer to the four corresponding stress
increments of the experiment (50-100 kPa, 100-200 kPa, 200400 kPa, and 400-800 kPa).
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Figure 4. Vertical scale of fluctuation for geotechnical parameters. ¢’: cohesion; ¢: friction angle; c.: com-
pression index; ¢;: recompression index; Eq;: constraint modulus (Ao, = 50 kPa); Egp: constraint modulus
(Aoy =100 kPa); Eg3: constraint modulus (Ao, = 200 kPa); Eg: constraint modulus (Ao = 400 kPa).

Figure 4 indicates that all the parameters exhibit comparable SoFs, except for effective
cohesion. The results range from 5.9 m up to 16.2 m. The values of the exponential model
and its conditional version are very close for all the parameters, except for effective cohesion;
this signifies that the results for cohesion are not very reliable. This discrepancy can be due
to cohesion’s large uncertainty that causes significant uncertainty in the quantification of
the variogram. Overall, the compressibility parameters show similar values, but this is not
the case for the effective strength parameters that present two different situations.

Effective cohesion is unique since many samples have zero values—a trend primarily
due to the heterogeneous and loosely deposited nature of the spoil materials ([2,3,6,40]);
the cohesion data present great uncertainty as also the statistical analysis indicates [25]. The
resulting SoF is the largest among the tested parameters, and the difference between the
exponential model and the conditional version is also the largest observed (41.1%). Note
that the value for the conditional is very close to those of the other tested parameters. On
the contrary, the effective friction angle presents the smallest SoF of all the parameters,
and the SoF for the exponential model is very close to the one derived by the conditional
version (difference of 4.8%).

The compressibility SoFs of the spoil are much more consistent. The compression and
recompression indices have similar vertical scales of fluctuation. The compression index
has the smallest SoF for the compressibility parameters, equal to 9.6 m; the recompression
index exhibits a slightly higher value of 12 m. The conditional proposes higher SoFs than
those of the exponential model for the compression and recompression indices by 24.4%
and 23.2%, respectively.
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Finally, the scales of fluctuation for the constraint modulus are also close, ranging from
10.8 m to 14.3 m. The conditional gives consistently smaller SoFs with relative differences
ranging from 5.9% to 14.3%. The SoFs show a declining trend as the corresponding effective
stress path increases, except for the 400-800 kPa stress path. This trend is much clearer for
the conditional version of the model.

Overall, the vertical scales of fluctuation are within the literature range indicated by
similar in-situ methods for natural soils [38], but among the highest values encountered.
Their range denotes a medium degree of variability in the vertical direction. This relates to
the construction method briefly discussed in Section 2.1; the boreholes are mainly from an
area constructed with continuous methods (belts and spreaders), and thus vertical “zones”
can propose similar properties when belonging to the same area of the same mine and have
been transported in the same way. As a result, variability is presented when the mining
area or the transportation way changes; thus, the scale of fluctuation is moderate.

3.3. Horizontal Scale of Fluctuation

Determining the horizontal SoF is more challenging due to the irregular spacing of
the boreholes and the different heights at which the laboratory samples were obtained.
However, this is the case for many geotechnical investigations. The data from a certain
borehole were only paired with those of the other boreholes to exclude vertical correlation.
However, the vectors created by the associated pairs of observations of the different bore-
holes are not purely horizontal since they are located at different depths. Instead, they form
an angle with the horizontal plane; Figure 5 illustrates the distribution of these angles for
the strength and compressibility parameters.
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Figure 5. The angles formed between the vector created from pairs of observations and the horizontal
plane for (a) the effective strength and (b) the compressibility spoil parameters.

The differences between the two histogram parameters are negligible. Most pairs
(more than 80%) form an angle of 0-2.5° with the horizontal plane, and approximately 99%
form angles less than 10°. The remaining 1% of the pairs form angles reaching up to 25°.
The limitations described and analyzed above could influence the final results, especially
the large minimum horizontal distances for analysis. However, the results can still be
considered indicative of this type of material and conditions. The same principles described
previously for the vertical direction were applied to the semivariogram in the horizontal
direction. The twelve boreholes lie on a polygonal chain of a total length approximately
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equal to 3.5 km. The maximum lag distance considered was therefore 2.0 km. The same
three steps for creating the semivariogram were followed using the appropriate data pairs.

Figures 6 and 7 illustrate all the properties as before for the semivariograms in the
horizontal direction. Notice that the lag distances are two orders of magnitude higher
than the vertical ones due to the distances between the boreholes. The horizontal range
is significantly larger than the vertical one, indicating greater continuity in the horizontal
direction. This suggests that frictional behavior is highly dependent on large-scale deposi-
tional patterns in spoil heaps. For the friction angle, the experimental values present an
orderly ascending trend for the first few essential bins; the fit's ascending part captures the
initial experimental semivariogram trend quite well. However, after the curve reaches the
sill, the deviations are significant.
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Figure 6. The semivariogram for the horizontal direction of (a) the effective friction angle ¢, (b) effective
cohesion, (c) the compression index c., and (d) the recompression index c;.

This uncertainty may be due to sampling noise and limited data. Additionally, some
paired values at these distances originate from significantly different geological conditions,
resulting in unexpectedly high or low semivariance values. Beyond this, the observed
variability may not be entirely random, but rather influenced by nested variability or
secondary structures, where a larger-scale spatial pattern affects the data. These condition
might be expected in a spoil material of this heterogeneity such as the one examined in this
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study. This uncertainty is a critical factor that can jeopardize future geotechnical projects
on spoil heap sites. The risks arising from that uncertainty necessitate a detailed geotechni-
cal investigation, incorporating advanced site characterization techniques, geostatistical
modeling, and sensitivity analysis, to refine the understanding of spatial variability and
mitigate uncertainties.
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Figure 7. The semivariogram for the horizontal direction of the constraint modulus for (a) Ao’ = 50 kPa,
(b) Ao’ =100 kPa, (c) Ao’ =200 kPa, and (d) Ao’ = 400 kPa.

The appropriateness of the fit related to the small amount of data in the small lags,
as also commented on earlier, was evaluated based on the range of the fitted model.
Figure 6a shows three points in the experimental variogram before the range. However,
for the experimental variogram shown in Figure 6¢, fewer data are present at smaller
lags (one point before the range), which means that the results for the compression (and
recompression and constraint modulus) parameters on the horizontal SoF might not be as
reliable as those for the other parameters.

Figure 8 illustrates the horizontal SoFs of the different engineering parameters. How-
ever, only the SoFs related to the strength parameters and not compressibility are reliable
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for this horizontal direction. Overall, the range of results is quite large, and the differences
between the exponential model and its conditional version are larger than the vertical ones,
indicating the higher uncertainties involved in the calculations.
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Figure 8. Horizontal scale of fluctuation for geotechnical parameters. c¢”: cohesion; ¢’: friction
angle; c.: compression index; ¢;: recompression index; Egj: constraint modulus (Aoy = 50 kPa);
Egy: constraint modulus (Aoy = 100 kPa); Eg3: constraint modulus (Aoy = 200 kPa); Eg4: constraint
modulus (Aoy =400 kPa).

The resulting SoF for effective cohesion is 161 m, the lowest value. The conditional
version yields a lower value of 104 m. This difference is significant, but not the largest
one observed. However, as mentioned previously, the data for effective cohesion were the
most difficult to treat. Regarding the effective friction angle, the SoF is much larger, and the
results for exponential and conditional are relatively close.

Overall, the scales of fluctuation in the horizontal direction are much higher than those
in the vertical, as expected. The results of the exponential model and its conditional version
generally present considerable differences. Finally, the results are within the range found
in the literature, but above the average values [38].

Based on these SoFs, most geotechnical works that do not include linear infrastructure
would not be drastically affected in the horizontal direction. The horizontal SoFs are large
enough for surface-level and deep foundations (buildings, warehouses, and wind turbines)
not to be considered in analysis. On the other hand, the various conditions in different
areas should be considered for linear infrastructure, e.g., roads and railroads.

4. Discussion

The above analysis provides novel insights into the spatial variability in spoil materials,
offering a perspective that has not been previously assessed. The accuracy of the SoF values
lies on the reliability of the geotechnical data, including borehole logging; laboratory
testing; and the interpretation of parameters, such as the friction angle, cohesion, and
the compressibility indices. The data used in this analysis have been also systematically
presented in [3] and are above the typical existing geotechnical data on spoil dumps.

The vertical SoF is influenced by borehole depth and sampling intervals, with bore-
holes drilled to a maximum depth of 50 m and test intervals varying based on the soil
conditions. The relatively small vertical dataset introduces some bias in the semivari-
ograms, particularly for the parameters with naturally high variability, such as cohesion.
Additionally, the limited number of samples at greater depths reduces the confidence in SoF
estimates for deeper layers, highlighting the need for more extensive vertical testing to im-
prove reliability. Since only the borehole pairs from the same location were used for vertical
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analysis, short-range variability was well captured. This led to relatively small SoF values
in the vertical direction (6.2-22.4 m), indicating localized changes in the soil properties.

For the horizontal SoF, the boreholes were spaced over a 3.5 km polygonal chain,
resulting in large gaps in certain areas. The large horizontal distances (up to 2 km lag
distance in the semivariograms) introduced high variability to the results. The horizontal
SoFs were generally much larger than the vertical ones, reflecting the layered deposition
nature of the spoil heap. However, the large distances between the boreholes meant that
short-range horizontal variability might not be well represented. The semivariograms
showed significant scatter at larger distances, particularly for the cohesion and modulus
values, indicating that horizontal variability is not fully captured. The large horizontal SoFs
(265-285 m) suggest that the properties are spatially continuous over long distances, which
may be an overestimation due to data sparsity.

Finally, notice that this study relied on 12 boreholes distributed along the spoil heap.
While sufficient for spatial analysis, denser borehole grids could enhance resolution, partic-
ularly for localized variations. Additionally, the boreholes were not evenly spaced in depth,
leading to potential biases in semivariogram analysis. As many times in similar spatial
analysis, this study assumes that spoil properties follow stationary random fields, but spoil
heaps may exhibit non-stationary trends due to varying deposition processes.

5. Conclusions

The geotechnical characterization of spoil materials remains a challenge due to their
inherent heterogeneity and complex depositional history. This study provided the spatial
variability analysis of spoil materials within a lignite mine spoil heap, quantifying the scale
of fluctuation (SoF) for key geotechnical parameters in both the vertical and horizontal
directions. The findings contribute to a more robust understanding of spoil behavior, which
is critical for stability analysis and future engineering applications.

The vertical SoF ranged from 6.2 m (friction angle) to 22.4 m (effective cohesion), indi-
cating that the spoil properties change significantly over relatively short vertical distances.
Effective cohesion is the most variable parameter, with a vertical SoF of 22.4 m, the highest
of the tested parameters, and a horizontal SoF of 161 m, the lowest. The effective friction
angle exhibited the opposite, with the vertical SoF at 6.2 m and the horizontal SoF reaching
265 m. For the compression and recompression indices, the vertical SoFs were 9.6 m and
12 m, respectively. The constraint modulus had comparable SoF values across the different
stress increments (from 12.3 m to 15.2 m vertically).

In the horizontal plane, the dependence between the spoil elements is higher, with
scales of fluctuation reaching 265 m for the friction angle and 285 m for the constraint
modulus. Therefore, horizontally, the properties are almost uniformly distributed around
the area of influence of most geotechnical applications, and a characteristic value of the
property could be adopted.

The large horizontal SoFs indicate that geotechnical design parameters could be as-
sumed constant over wide areas, benefiting linear infrastructure (e.g., roads and pipelines).
The small vertical SoFs highlight the need for detailed investigations when designing
foundations, slopes, and stability reinforcements. The findings of this study can inform the
analysis and design of spoil heaps, with advanced numerical and stochastic tools providing
a reliable approach for the geotechnical design of these highly heterogeneous materials.

Future research should focus on high-quality in-situ and laboratory data to enable
robust statistical and spatial variability analyses. Dense grids of in-situ tests would facili-
tate such analysis, while a comprehensive database of spoil geotechnical properties and
uncertainties is lacking. Finally, expanding semivariogram analysis to include 3D using
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geostatistical tools would better capture depositional patterns, while incorporating SoF
values into numerical models would refine stability and settlement predictions.
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