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Abstract

Rammed earth is a sustainable construction material that aligns with circular-economy
principles, as soil is taken from excavation and reused to build earthen structures. Evaluating
and improving compressive strength is essential to ensure structural stability. An Apollonian
Packing (AP) mathematical model is applied to regulate the arrangement and size of particles
to match a specified geomatric fractal dimension (Dy).

Compressive specimens were prepared using particle size distributions based on Apollo-
nian Packing and compared with specimens made from naturally graded soils. Experimental
results showed that specimens with Dy = 2.75 exhibited compressive strength approximately
18% higher than those with Dy = 2.5. In addition, AP specimens demonstrated improved
repeatability and reduced mechanical variability. Specimens produced from three different
natural soils showed similar compressive strength values for the same Dy, indicating that me-
chanical behavior is governed primarily by particle size distribution rather than mineralogical
composition under dry condition.

The results were further analyzed using a machine-learning approach based on an artificial
neural network multi-layer perceptron model. The model successfully captured interactions
between microstructural descriptors and accurately predicted compressive strength for soil
specimens, achieving a mean absolute error of 0.014 MPa.

This study combines fractal-based Apollonian Packing with machine learning to enhance
the strength and reliability of rammed earth structures, resulting in a transferable and
soil-independent predictive framework.

Keywords: Apollonian Packing ; Rammed earth ; Compressive strength ; Geometric fractal

dimension ; Multilayer perceptron model ; Natural soils.

1 Introduction

Rammed-earth construction is one of the oldest and widely used construction techniques that has

been used for thousands of years [12]. The method essentially consists of compacting the earth
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into a formwork in which walls carry loads. In addition to being environmentally friendly, raw
earth material is highly sustainable because it can be found locally on all five continents [22, 36].
Made from naturally available materials, rammed earth has been used in iconic buildings such
as the Great Mosque of Djenné in Mali [15], the Great Wall of China [18|, and the Alhambra
in Spain [17], and in modern construction [20]. These examples demonstrate the strength and
adaptability of rammed earth, both as a building material in modest homes and monumental
structures.

Using raw earth as an alternative building material can significantly reduce the consumption
of cement and steel. These materials’ production accounts for 7-9% of direct global greenhouse
gas emissions [42] and about 7% of global CO2 emissions [21]. In addition, raw earth provides
advantages in natural thermal insulation and breathability, while supporting local economies
through the use of locally available resources and traditional building techniques. In this context,
integrating raw earth into current construction methods represents a relevant strategy to reduce
environmental impacts while supporting economic sustainability and preserving cultural heritage
[33].

Although numerous studies have examined the mechanical behavior of rammed earth, yet
there is still no standardized testing protocol for material characterization like for concrete or
other engineer geomaterials (e.g., national building codes, uniform mix-design standards). Among
the mechanical properties of rammed earth, compressive strength is primarily used to characterize
it, since this material must withstand uniaxial compressive stresses during operation. However,
compressive strength values are highly sensitive to several interacting parameters, such as density,
clay type, particle size and arrangement, and water content used in specimen fabrication.

Anglade [3] studied the compressive strength of specimens composed of fine particles (kaolonite
clay) and sands and shows that the compressive strength increased approximately linearly with
sand content—and therefore with dry density—for both dry and moist specimens. While many
studies confirm that dry density influences strength, it is not the only governing factor. Prior
research [8, 26, 31| has shown that, for soils with identical constituents but varying proportions,
compressive strength rises with dry density; however, other studies |3, 9, 27, 35| show that that
density alone cannot be used to predict strength. Other works highlight the influence of clay
content and clay mineralogy [11, 34|, soils containing swelling clays exhibit higher strengths
than those with non-swelling clays. Water content also significantly affects strength, with higher
moisture levels reducing compressive resistance, a trend widely reported in the literature |1, 39].
This is commonly attributed to capillary pressures, which increase during drying and enhance
cohesion. In summary, compressive strength depends on dry density, clay content and type,
particle size and water content.

In earth materials, the internal structure (e.g., the arrangement and size distribution of
particles) strongly influences the mechanical behavior of rammed earth materials. However, soil
behavior is also affected by the mineralogical nature of the clay fraction, which can introduce
physico-chemical interactions such as electrostatic attraction, water adsorption, and interparticle
bonding. These mechanisms may significantly affect shear strength and plasticity in clay-rich
soils. In the present study, the focus is placed specifically on the geometrical aspect of particle

organization, namely the particle size distribution and packing structure. Consequently, the
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proposed framework does not explicitly account for mineralogical clay interactions but rather
investigates how controlled particle gradation and packing geometry influence the mechanical
response.

To study this geometrical effect, particle size distribution is controlled using the Apollonian
Packing (AP) concept. AP model, named after the ancient Greek mathematician Apollonius
of Perga, describes a fractal, space-filling arrangement in which progressively smaller particles
occupy the voids between larger ones [16]. Such arrangements generate a self-similar structure
characterized by a geometric fractal dimension that quantifies the hierarchical distribution of
particle sizes within the packing. This approach provides a mathematical framework to investigate
how particle packing geometry may influence the mechanical properties of rammed earth materials
[4, 30].

Despite growing interest in the application of fractal geometry to granular materials, the
particular impact of the Apollonian packing has on rammed earth concerning its compression
strength has not been studied. Although several studies have focused on the fractal nature
of particle crushing and its implications for sand and soil compression [6, 7, 13, 32|, few have
considered the implications of Apollonian packing for mechanical properties [4, 24]. This gap in
the literature calls for systematic investigation in regard to the arrangement of particles, the
void space it creates, and the final overall mechanical behavior of rammed earth materials.

In recent years, machine learning has been intensively applied in materials characterization
due to their ability to learn complex relationships from data, linking the characteristics of
materials and micro-structural features to mechanical properties [25]. In addition, machine
learning methods have successfully identified defects that are difficult to detect through manual
analysis and have shown remarkable improvements in predicting extreme events [23]. Neural
Network method, in particular, is becoming a powerful tool in materials characterization by
enabling the extraction of complex-nonlinear relationships within the composition, structure,
physical, and mechanical characteristics of the materials [41]. The application of this method
reveals the hidden patterns rising from the complex interactions between the characteristics and
variability of the materials, improving the interpretation of the results [38]. The application
of this method has efficiently improved the evaluation of materials and the prediction of the
behaviour of a material under certain conditions.

This paper investigates the characteristics of rammed earth specimens following the Apollo-
nian packing concept. This aims at understanding the influence of particles arrangement and
size distribution, thus the fractal dimension on the mechanical performance of the materials
experimentally. Moreover, a numerical approach following a Neural Network method is consid-
ered to reveal the underlying patterns of complex relationships within the characteristics of the
rammed earth materials and the resulting compressive strength. The findings will improve our
understanding of how internal structures affect the building of rammed earth.

The paper is structured as follows. Section 2 presents the derivation of the Apollonian
packing model based on a power-law formulation, the soil preparation procedure, and the
machine-learning-based approach for predicting compressive strength. Then Section 3 describes
the characterization of the natural soils, followed by specimens preparation and experimental

setup (Section 4). Then, Section 5 presents and discusses the experimental and numerical results,
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including a comparison between specimens made with natural soils with to specimens based
on Apollonian model. Finally, the paper concludes with an analysis of the influence of fractal

dimension on compressive strength and result repeatability.

2 Methodology

In this Section, we present the concept of Apollonian packing (Section 2.1), which is employed as
a theoretical framework for designing specimens with specific particle size distributions. This
is followed by introducing the machine learning method, i.e., Multi-Layer Perceptron (Section
2.2), which is adopted to identify the underlying complex relationship within the materials

characteristics and their mechanical behavior.

2.1 Apollonian methods

The objective of this section is to develop a practical method for reconstructing a soil mixture
based on a given natural soil. The reconstructed soil follows a defined particle-size distribution
characterized by a geometric fractal dimension Dy according to the Apollonian Packing (AP)
concept.

In fractal particle systems, the fractal dimension D describes how particle sizes are distributed
across different scales. Physically, Dy reflects the relative proportion of coarse and fine particles
within the mixture. Lower D values generally correspond to coarser gradations dominated by
larger particles, whereas higher Dy values indicate a greater proportion of fine particles that can
fill the voids between larger grains. As a result, increasing Dy tends to promote more efficient
packing of particles, although the resulting density also depends on fines content, compaction
conditions, and soil fabric.

Based on this principle, the AP framework is used to derive the required mass m; of each
particle-size fraction, enabling the preparation of a soil mixture with a specified total mass and
target Dy. The AP concept follows a power-law linking particle size to particle number or mass,
and consequently to the occupied volume. Subsequently, these relationships are used to compute
the mass m; associated with each sieve fraction of the reconstructed soil. The power-law can

then be expressed as

N(d > dg) o dy 77, (1)

where dj is a reference soil particle diameter, N(d > dy) is the cumulative number of particles
with diameter greater than dy, and Dy is the geometric fractal dimension, which characterizes
the particle size distribution.

In a three-dimensional system, D; usually ranges between 2.0 and 3.0. A low value of Dy
(e.g., 2.2) reflects a poorly graded material with less fine material and more larger particles, while
a large value (e.g., 2.9) reflects more well-graded material with more fines that effectively fill the
voids between larger particles [19, 44, 45].

In AP, the cumulative volume V' (d > dy) of all particles with diameter greater than dy scales as

V(d>do) ocdo 77, (2)
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where 3 is the dimension of the Euclidean space. For instance, if Dy = 2.5, this becomes
V(d > do) o< d®. (3)

This indicates that larger particles dominate the total occupied volume, while fine particles
primarily fill the voids and contribute comparatively less to the overall mass and volume (see

Figure 1).

2.1.1 Preparation of soil mixture based on the Apollonian concept

In this study, we consider three natural soils, where our objective is to create a soil mixture (for
each soil type) whose particle-size distribution follows a power-law relationship characterized by
a specified fractal dimension. In our case, we used a fractal dimension of 2.5, which represents
an average for soils in a three-dimensional system.

We used Eq. 1 and Eq. 3 to derive the mass m; assigned to each particle-size d;. Assuming

spherical particles with constant density ps, the mass of a particle is proportional to its volume,
m; o V(d;) ps. (4)

Using the Apollonian scaling of cumulative volume, V(d > dy) dg_Df , and adopting Dy = 2.5,

the volume associated with particles of representative size d; scales as:
V(ds) o d¥”. (5)
Consequently, the mass contribution of particles of size d; also scales as
m; o< d. (6)

In practice, particles are grouped into discrete size classes corresponding to sieve fractions. For
each sieve fraction, a characteristic diameter d; (taken as the geometric mean of the sieve bounds)
is used to approximate the continuous Apollonian distribution. The total mass of the soil sample

is therefore expressed as:
n n
Z Z 0.5
Mtotal = m; X d@ ) (7)
i=1 i=1

where n is the number of sieves. To obtain a normalized mass distribution while preserving the

Apollonian scaling implied by Eq. 7, the mass assigned to each particle-size is given by

0.5
&7
n 0.5
Zi:l di

where m; is the mass of particles of size d; and mota1 = 5500 g (approximation of mass we need

(8)

mg = Mtotal *

to prepare one specimen). Soil mixture was prepared by sieving our natural soil following a
standard sieve test to segregate particles into various size fractions (e.g. 10 mm, 5 mm, 2.5 mm,
1.25 mm, etc.). We assume that a representative particle size for each fraction is the average of

the two consecutive sieve sizes. For instance, for the soils retained between 20 mm and 10 mm,
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we choose 15 mm as our particle size.

This formulation conserves the total specimen mass while ensuring that the reconstructed soil
mixture follows the prescribed Apollonian fractal dimension. Figure 1 presents the cumulative
mass passing calculated based on Eq. 8 and the proposed sieve size (or diameter of soil particles).

Higher Dy means that the material has more fine particles and consequently better void filling.

100F '
*—* D;=225
D;=2.50
801 ¢ Dy
A4 D;=275

60}
40}
20!

Cumulative passing (%)

o0 100 101
Sieve size (mm)

Figure 1: Particles size distribution of soil based on Apollonian model with different geometric
fractal dimension (theoretical).

2.2 Machine Learning
2.2.1 Background

This study employs a multilayer perceptron model (MLP) [37] to provide a robust modeling
framework for material characterization (Section 3) and the prediction of the mechanical properties
(Section 5.1.2). This model is a feed-forward artificial neural network model composed of successive
layers, i.e., input, hidden, and output layers, where layers are parameterized by weight matrices
and bias vectors. The applied model incorporates an optimal architecture (Figure 2) consisting
of three hidden layers [ comprising 50, 25 and 5 neurons, respectively. The optimal neural
network architecture was determined using a grid-search-based hyperparameter optimization.
The search space included multiple network depths and neuron configurations, as well as different
activation functions and optimization algorithms. Model performance was evaluated using the
mean squared error as the optimization criterion.

During training, the MLP learns the relationship between the material input features and
the target, i.e., mechanical property, through iterative forward and backward propagation
phases. Within the forward propagation, each neuron computes a weighted sum of the inputs
from the previous layer considering the additional bias term and applies a nonlinear activation
function to produce its output. This process continues through all hidden layers until the output
layer, where the network generates a prediction of the target. This predicted value is then
compared to the experimental measured target through the loss function, i.e., mean squared
error augmented by an L2 regularization term to quantify the prediction error. This is followed
by the backpropagation phase, where the loss gradients of the network parameters are calculated
by applying the chain rule, indicating the direction of each weight and bias to be adjusted

to minimize the prediction error. These gradients pass through an optimization algorithm,
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i.e., Limited-memory Broyden—Fletcher-Goldfarb—Shanno (L-BFGS) [28], to update the model
parameters until convergence is achieved. This cycle of forward propagation, loss evaluation,

backward propagation, and weight updating continues iteratively until the model reaches optimal

performance.
-~ bl O
os,
b2

®eg- |
%0 9
220 %
... .‘ b3 = b4,
os® %0

‘ ‘. ! . B
‘Q. ®e [
..Q : .Q i
22 9%
00s o4
... ®
233

wt w? w3 w*
Hidden Layer Output Layer

Figure 2: Architecture of the Neural Network.

2.2.2 Detailed description

Let the input vector be represented by = € R?. For each hidden layer I, define the weight matrix
W and the bias vector b'. The network architecture of three hidden layers [ consists of 50, 25,
and 5 neurons, respectively. The pre-activation input a! produced by the i** neuron of that layer
[, ie., al e R, g2l € R% and Pl € RY, respectively, is calculated as the weighted sum W of
the previous layer’s output (2 for I = 1, A! for [ > 1) and its bias term. The non-linear activation
function o is then applied element-wise on each neuron’s pre-activation value ay} to obtain the

post-activation output vector k! for each layer .

ol — WRI=1 gl R0l g (9)

hy] = U(CLE]) = U(W[l]h[l_l] + bm) = max(0, ay]). (10)

The output of the final layer ¢ is a regression prediction through a linear activation function p

for the final hidden layer to predict continuous values.

j= p(am) _ IR . (11)

§=wh a(W[?’] (W oWty 4 o) 4 pi2) 4 b[?ﬂ) + b, (12)
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Before training, the input features are standardized to zero mean and unit variance to prevent
features with large magnitudes dominating the loss and to improve the conditioning of the
optimization. The parameters of the model 8 (Eq.(14)) consist of weights W and bias bl in
each layer [, which are learned by minimizing the mean squared error between the predicted
values g; and the true values y;. Incorporating the L2 regularization penalty coeflicient on each

weight mitigates overfitting.

6 = (Wl s, (13)

The gradients of the loss function L (Eq. (14)) are calculated through the backpropagation
phase with respect to the network parameters (). The error for the output pre-activation layer
slel (Eq. (15)) is the derivative of the loss function with respect to the output of the pre-activation
U

input layer a,’. This error is propagated backward through the hidden layers using the chain rule.
At each layer, the derivative of the nonlinear activation function o’ (ay]) (Eq. (16)) determines the

error distribution through each neuron. Once the layer-wise errors 6/ ((Eq. (17)) are obtained,

the gradients with respect to the weight matrices % and bias vectors % are calculated (Egs.
(18 and 19)).
N 4
L(0) = NZ(% —5i)° +ad W3, (14)
i=1 =1
1
lal — = (5. — o
U
1, a;' >0,
o (o) =4 " (16)
0, d’<o
T
sl — (WV“]) s+ @ o (a[”>, 1=3.2.1 (17)
oL T
— s (pli-1] U
=9 <h ) +2aW (18)
oL
sl
251 1) (19)

where N is the number of training specimens, and « is the regularization coeflicient.

% and % are updated through the L-BFGS optimizer

[28], which is a quasi-Newton optimization method that updates the parameter vector by

The gradients of the loss function

iteratively approximating the inverse Hessian of the loss function. The parameter § updated
at iteration k (Eq. (20)) is obtained by multiplying the gradient VL(6;) (Eq. (21)) by an
approximate inverse Hessian matrix Hj, which is updated recursively using the parameter
displacement Hs; and gradient displacement Hy;. This approach enables L-BFGS to achieve

efficient and stable convergence.

Ok+1 = 0 — H,VL(0) (20)
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gk = VL(Gk) = ;ZV (21)
avlll =1

Hs; =011 -0}, Hy; = gj11—g; (22)

3 Materials characterization

This section presents the soils used in the compression tests, namely three natural soils denoted
CLM, STA, and SPC. These soils were collected from three locations in southeastern France within
the Auvergne—Rhone—Alpes region: Saint-Antoine-I’Abbaye (STA), Saint-Pierre-de-Chandieu
(SPC), and Cruzilles-les-Mépillat (CLM). These sites were selected to provide soils representative
of typical earth materials used in regional rammed earth construction (see Figure 3). Several ma-
terial characterization tests including sieve analysis, modified Proctor, pycnometer measurements,
and Blue methylene tests were conducted to determine the physical and mechanical properties of
the natural soils.

o Chalon-sur-Sadne

‘o Montlugon

2 B o0 Vichy.

i

.'; )
>

¥ 2 X
naturel Clelmom Ferland° I /g Lyon

onalde, = s
Parc, nalu/er SPC *B
régional ~;-

waches' 5

mousin *

) )i Llwada/s Forez,
s g

o:Saint Euenne

:i‘ {

,-f

EXor | Parch nature\
“Lasréaional de -

:“,f-« S
L g
" ? (15’%

anmu

Figure 3: The location of the three natural soils CLM, STA, and SPC.

3.1 Sieve analysis

All soils were first presieved to remove particles above 2 cm (see Figure 4a). Then, wet sieving
was performed using water to help disaggregate fine material and keep it from clumping. The
procedure begins with preparing and weighing a sample and then soaking the sample in water to
break aggregate forms. The resultant slurry is poured through a stack of sieves that are arranged
from coarse to fine, while continuously rinsing until the wash water runs clear indicating all the
fine material has washed through. The material retained on each sieve is carefully dried in the
oven at 105°C for 24 hours, weighed, and recorded. Finally, the percent retained and percent
passing is calculated for each sieve to determine a particle size distribution curve as shown in
Figure 4b.

The soil below 0.2 mm was tested with laser diffraction (Mastersizer machine [29]). The
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Figure 4: Three natural soils CLM, STA, and SPC (a), and particle size distribution curves (b).

Mastersizer provides particle size distributions expressed as volume percentages. To ensure
consistency with the sieve analysis results, which are expressed as cumulative mass passing,
the laser diffraction data were converted to mass-based values. This conversion was performed
assuming a constant particle density across the analyzed size fractions, which allows the volume
fraction to be considered equivalent to the mass fraction. The resulting distribution was then
integrated with the sieve analysis results to produce the cumulative mass passing curve shown in
Figure 4b.

From this figure the results indicate notable variations in the particle size distribution among
the three different soils (CLM, SPC, and STA). For CLM soil, it is apparent that the soil is
primarily fine-grained, as most of the material that lies within the range of fine sand to silt. The
sieve analysis of the SPC soil shows that it retained the coarser particles, and these particles are
the most prominent in the distribution of the soil, classifying it as a coarse-grained. The STA
sieve analysis shows an intermediate gradation of coarse and fine fractions in approximately equal
proportions. This is indicative of a naturally occurring, well-graded, a sandy gravel soil type.
Overall, the CLM soil is the finest, the SPC soil is the coarsest, and the STA soil is intermediate
(the most consistently graded).

Using Particle Size Distribution (PSD) data the coefficient of uniformity and curvature were
calculated for the three soils. These parameters provide quantitative information regarding the

uniformity of particle sizes, as shown in Table 1.

Table 1: Grain size distribution parameters for CLM, STA, and SPC soils.

Soil Sample Djp (mm) D3y (mm) Dso (mm) Dgy (mm) Cy C,

CLM 0.0042 0.026 0.0585 0.0763 18.2 2.2
STA 0.009 0.058 0.18 0.5 55.5 0.75
SPC 0.028 0.125 0.65 2.6 92.8 0.2

where D1g, D3g, Dso, and Dgg are the particle diameters corresponding to 10%, 30%, 50% and
60% passing respectively. C,, is the coefficient of uniformity, and C. is the coefficient of curvature.

The results in Table 1 confirm the distinct gradation characteristics observed in the sieve
analysis. The CLM sample exhibits C,, = 18.2 and C, = 2.2, satisfying the criteria for a
well-graded fine soil (Cy, > 6 and 1 < C. < 3 [5]). In contrast, SPC shows a very high C,
value (92.8) but a low C. (0.2), indicating a gap-graded coarse material dominated by gravel
and sand fractions. The STA sample presents intermediate values (C, = 55.5, C. = 0.75),

10
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suggesting a moderately graded sandy gravel with a smoother particle size distribution than SPC.
These quantitative parameters align with the sieve analysis trends, where CLM was identified as

fine-grained, SPC as coarse-grained, and STA as an intermediate, well-balanced material.

3.2 Bulk and particle density

The Modified Proctor [2], test was conducted to determine the maximum dry density and the
optimum moisture content required to prepare the specimens (see Figure 5). This test was chosen
compared to the standard one, because rammed earth requires high compacted energy to obtain

high densities. This test provides a better reflection of field conditions for this application.
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Figure 5: Modified proctor: (a) CLM soil, (b) CLM-AP soil, (c) STA soil, (d) STA-AP soil, (e)
SPC soil, and (f) SPC-AP soil.

The densities values obtained from the modified proctor and pycnometer tests are summarized
in Table 2. The bulk densities with and without the application of the AP concept are close, where
it is slight lower for AP in case of STA and SPC natural soils. We determine the particle density

of soil ps using the pycnometer test, which allows to calculate the porosity n of the specimens
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prepared with the optimum values from the modified proctor test, enabling the assessment of
packing density. For repeatability, we used five Pycnometer’s units (50 ml). Soil was sieved (less
to 2 mm) and dried in the oven at 105°C for 24 hours. The porosity is computed as n =1 — %,
and the results are given in Table 2.

Pycnometer e
unit g 5 - Son

/\\ » e
Distilled =l
WEltCI;

VVVVVVV

CLM STA SPC

ol e
s

Figure 6: Pycnometer test soils and setup.

Table 2: Summary of bulk densities p, and water contents w for CLM, STA, and SPC soils,
with and without AP.

. b kg/m?3 w %
Soil type Withoﬁt /(XE%/ Wi)th AP without A1E )With ap Pe (ke/m?) n (%)
CLM 2000 2009 11 11 2717 26.4
STA 2016 1986 10 11 2713 25.8
SPC 2183 2168 7 7 2722 19.8

The results of modified proctor and pycnometer indicate a significant difference in the physical
properties of the three soils. SPC has the greatest bulk density and the lowest optimum water
content, which is consistent with its low porosity (19.8%) and has greater particle density, reflecting
an efficient compaction of coarse-grained soil. STA would be characterized as intermediate
compared with the other two soils (lower bulk density, optimum water content, and porosity)
given the grain-size range of the material is balanced. CLM has the lowest bulk density and the
highest optimum water content. As indicated by the porosity values (26.4%), the finer texture of
this soil requires more water to properly compact. Thus, soils with lower porosity have courser
grains (SPC), allowing the material to compact more tightly and with lower water content.
Conversely, CLM has a finer texture and greater porosity, both variables that produced lower

density with increased water content.
3.3 Fine characterization

3.3.1 Clay activity

The methylene blue test was performed according to EN 17542-3 on dried soil samples sieved
at 5 mm. This test measures the adsorption capacity of the soil by quantifying the amount of

methylene blue required to reach surface saturation. The result is expressed as the Methylene
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Blue Value (MBV), which corresponds to the mass of methylene blue adsorbed per 100 g of dry

soil.
Table 3: Methylene blue test results and derived soil indicators.
Soil type Vyp (mL) MBV (g/100g) SSA (m?/g) Interpretation
CLM 60 3.00 62.8 Higher clay activity soil
STA 30 1.50 31.4 Low clay activity soil
SPC 27 1.35 28.3 Very low clay activity soil

Note: Vg is the volume of methylene blue solution consumed during the titration, and SSA is the
estimated specific surface area derived from MBV.

It should be noted that MBV is determined on the entire soil fraction and therefore reflects
the overall adsorption capacity of the soil rather than the mineralogical type of clay present. The
specific surface area (SSA) reported in Table 3 was estimated from MBV using SSA = k x MBV,
where k is an empirical proportionality factor relating methylene blue adsorption to the surface
area of clay particles.

The results indicate that soil CLM exhibits a higher adsorption capacity and therefore a
higher fine particle activity compared with STA and SPC soils. In contrast, STA and SPC show

relatively low MBYV values, indicating soils dominated by silty particles with limited clay activity.

3.3.2 Plastic and liquid limits

The liquid limit (LL) and plastic limit (PL) indicate the moisture content ranges over which
fine-grained soils transition between liquid, plastic, and semi-solid or solid states. The LL was
determined using the Casagrande cup method in which a relationship between water content and
logarithm of blow counts bunch was established, and the PL was defined by rolling soil threads
until the thread crumbled down to a 3 mm diameter. Additionally, the Plasticity Index (PI
= LL - PL) provides quantitative measurement of plastic range, and also provide an index of

plasticity and clay activity, all the results are summarized in Table 4.

Table 4: Atterberg limits and derived indices.

Soil type LL (%) PL (%) PI (%)

CLM 31.7 23.2 8.5
STA 35.9 29.6 6.3
SPC 25.9 19.9 6.0

The Atterberg limits are consistent with findings of blue methylene tests and surface area
values. CLM exhibit moderate plasticity with PI values of 8.5% confirming moderate amount of
active fines. SPC and STA has the lowest plasticity values of and 6.3% and and 6.0%, respectively,
which reflects limited clay fraction corresponding to a low plasticity silt. The findings confirms

that CLM and SPC have the most and less active fine-grained behavior, respectively.

13



1

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

3.4 Soil characterization and link to compressive strength

The combined analysis of all the previous tests provided a consistent classification among the
three natural soils CLM, STA, and SPC. The measured physical and physico-chemical properties
are interpreted here in terms of their expected influence on the compressive strength of rammed
earth.

CLM is the finest of the soils and has a low average particle size Dsp (0.0585 mm), moderate
plasticity (PI ~ 8.5%), and the highest methylene blue value (MBV = 3; SSA ~ 63m?/g).
Consistently, CLM exhibits a relatively high porosity (n ~ 26.4%), reflecting the influence of
its fine fraction and high specific surface area under comparable compaction conditions. Its
fines show high clay activity. From a mechanical perspective, the high fines content and specific
surface area promote interparticle bonding and cohesion, which can contribute to compressive
strength under dry or moderately moist conditions. However, the elevated porosity and clay
activity also make the compressive strength highly sensitive to water content, leading to a rapid
reduction in strength upon wetting.

STA is coarser than CLM with a average size (Djp equal to 0.18 mm), low plasticity
(PI ~ 6.3%), and lower MBV (1.5; SSA ~ 31m?/g). Its porosity (n ~ 25.8%) is comparable to
that of CLM, but its coarser particle size distribution and lower clay activity favor more efficient
particle rearrangement and reduced moisture sensitivity. As a result, its compressive strength,
when well compacted, is governed primarily by particle interlocking rather than cohesion.

SPC represents the coarsest material (Dj5p equal to 0.65 mm) and has the lowest MBV (1.35;
SSA =~ 28m?/g), very low plasticity (PI =~ 6%), and the lowest porosity (n ~ 19.8%). It may
be classified as a gravelly sand with trace low-activity silt and high drainage capacity. In this
case, compressive strength is mainly controlled by particle interlocking and packing density, with
limited contribution from fines-induced cohesion.

Overall, these soils illustrate the competing roles of fines-driven cohesion, capillary effects,
and coarse-particle packing in controlling the compressive strength of rammed earth, thereby

motivating the particle-size distribution optimization approach adopted in this study.

4 Compression tests

This section describes the preparation of compression specimens, the boundary conditions, and
the test set-up. Two broad categories of specimens were prepared: (1) based on the natural
soils (particle size distribution shown in Figure 4), and (2) AP-based specimens (particle size
distribution shown in Figure 1).

All cylindrical specimens (15 cm diameter and 15 cm height) were prepared following a
standardized procedure. First, the dry soil was mixed with the required amount of water to reach
the optimum moisture content determined from the Proctor test. The moistened soil was sealed
in plastic bags and stored for 24 h to allow uniform moisture distribution throughout the material
(see Figure 7a). After conditioning, the specimens were compacted in a cylindrical mold in four
identical layers, each layer being compacted to achieve the target density (see Figure 7b). Once
demolded, the specimens were weighed and their dimensions were measured to determine their

bulk density (see Figure 7c). The specimens were air-dried under laboratory conditions for 7 days
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(approximately 21 °C), allowing gradual moisture reduction after compaction. Subsequently, the
specimens were oven-dried at 60 °C for an additional 7 days in order to remove residual moisture
and ensure a comparable near-dry condition prior to mechanical testing. This procedure was
adopted to minimize the influence of moisture variability and to allow consistent comparison

between the different soil mixtures. More details of the specimens are provided in Table 5.

b ©

Figure 7: Specimen preparation procedure: (a) prepare soil, (b) compact specimen, and (c)
weight and measure specimen.

A total of fifteen specimens were prepared using the natural soils CLM, STA, and SPC (five
for each soil to ensure repeatability). In addition, seventeen specimens were prepared based on
the AP models: five CLM-AP (D; = 2.5), three SPC-AP (D = 2.5), and nine STA-AP (three
with Dy = 2.25, three with Dy = 2.5, and three with D; = 2.75). Examples of AP specimens
are shown in Figure 8. All specimens were prepared using the bulk densities and water contents
provided in Table 2.

The AP particle size distributions were obtained through dry sieving of the soils after
manual disaggregation to break potential aggregates. This procedure was adopted to minimize
modifications of the natural soil fabric that could arise from wet dispersion techniques. Although
minor aggregation effects cannot be completely excluded, the preparation protocol ensured that

the resulting mixtures follow the intended AP gradations.

(b) (©)
Figure 8: Prepared specimens followed AP: (a) CLM, (b) STA, and (c) SPC.

The following protocol was applied to ensure a correct installation of the sample in the

compression uniaxial machine (see Figure 9): (i) we install an anti-friction system to the upper
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Table 5: Average properties of CLM, STA and SPC compression specimens (mean + SD).

Soil type ¢ (cm) hy (cm) py (g/cm®) w (%)

CLM 15.16 £ 0.05 15.12 £ 0.03 2.00 £ 0.02 11.05 £ 0.10
CLM-AP  15.16 + 0.05 15.11 +£0.04 2.01 +£0.01 11.02 + 0.06
STA 15.13 £0.06 15.10 £ 0.05 2.01 £ 0.00 10.99 £ 0.05
STA-AP 15.17 £ 0.06 15.13 £0.03 1.98 £ 0.00 10.05 £ 0.05
SPC 15.20 £ 0.00 15.22 £0.03 2.18 £ 0.00 7.03 £ 0.06
SPC-AP 15.10 £ 0.00 15.10 + 0.00 2.17 & 0.00 7.10 £ 0.10

Notes: w is the water content, 8y and hy refer to the final diameter and height of each sample, respectively, and
pd is the dry density.

and lower parts of the sample which consists of 2-3 mm thick elastomer layer. This layer is
inserted in-contact with the specimen up and down, to mitigate the effects of surface roughness
on the specimen. (i) A 2 mm thick Teflon plate is placed at the interface between the press
and a layer of elastomer. This plate helps reduce direct friction. Teflon was selected for its
low friction coefficient, which effectively minimizes friction between the specimen and the press.
(7i7) A double lubricated polyethylene film layer is added to limit lateral confinement due to the

elastomer.

Polyethylene
film

Figure 9: Specimen installation inside the uniaxial machine.

Moreover, the test was conducted under displacement control at a rate of 1 mm/min. The
test was terminated after a 10% drop from the peak force to ensure that post-peak failure
was captured while avoiding excessive specimen damage. It is worth mentioning that after
experiments, a 1 kg sample is collected and placed in an oven at 105°C for at least 24 hours to

ensure that the specimen were completely dry (w = 0%).
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5 Results

This section presents the experimental and numerical results obtained in this study. We first
report the calculated fractal dimensions of the natural soils, followed by the compression test
results for both the natural soil specimens and the AP-derived specimens. The Young’s modulus
of the specimens is then evaluated, showing comparable values for the AP mixtures. Finally, the

numerical investigation results are presented.

5.1 Experimental results
5.1.1 Comparison of fractal dimensions of natural soils and AP

The Apollonian specimens, which was designed to follow a specified fractal particle size distribu-
tion, is compared in Figure 10 with three natural soils: CLM, STA, and SPC. These soils exhibit
geometric fractal dimensions D greater than 2.5. Specifically, CLM has D; = 2.81, STA has
Dy =2.95, and SPC has Dy = 2.75.

It is important to note that the value of Dy is highly sensitive to the particle size distribution.
It is worth mentioning that higher values of Dy indicate finer and more well-graded soils, while
lower values suggest coarser, more gap-graded structures (See Figure 1).

To estimate the value of Dy based on the experimental data, we analyze the particle size
distribution by plotting the cumulative number of particles N(d > dy) versus particle diameter d
on a log-log scale, as shown in Figure 10. If the distribution follows a power law, this plot appears
as a straight line with slope D;. For example, the pink line in the Figure 10 corresponds to the
AP model with Dy = 2.5. The experimental data for natural soils are fitted with a coeflicient of
determination R? between 0.97 and 0.99.

Curve fitting was performed to estimate the fractal dimension Dy as the slope of the fitted
line through the experimental measured points. The fitting was carried out using the Python

library SciPy [43], specifically the curve_fit function, which solves a non-linear least squares

problem.
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1?09 40 AP-model: N(d) ocd 2 11009 1 +4 AP-model: N(d) xd 2° 1]009: I 40 AP-model: N(d) cd 2
108 ‘*m&* ** CLM: N(d) ocd 2% 108 "y § A4 STA: N(d)ocd 2% 108 g [ SPON(@) xd 2T
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Figure 10: Geometric fractal dimension Dy for (a) CLM, (b) STA, and (c) SPC soils.

5.1.2 Results of compression tests

This section presents the results of uniaxial compression tests conducted on compacted soil
specimens (Figure 8), divided into two groups: (1) AP specimens, designed using Apollonian
particle packing with Dy = 2.5, and (2) natural soil specimens, characterized by a higher fractal

dimension in the range between 2.75 and 2.95.
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Figure 11 displays the compressive strength values obtained across three soil types under
both conditions. The results reveal three key trends: (1) AP specimens are more repeatable
and smoother compared to natural soil specimens, (2) AP specimens have the same compressive
strength even for different soil types, and (3) specimens with higher fractal dimension exhibit

higher compressive strength.
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Figure 11: Compressive strength results for (a) CLM, (b) STA and (¢) SPC specimens.

The average compressive strength of natural soil specimens was approximately 2.89 MPa for
D¢ between 2.75 and 2.95, compared with 2.36 MPa for AP specimens for Dy = 2.5 (approximately
an 18% difference). Natural soils exhibited slightly higher D values than the reconstructed AP
mixtures. Higher geometric fractal dimensions generally reflect broader particle-size distributions,
which may enhance particle interlocking and load transfer and thus lead to higher compressive
strength. It is worth mentioning that clay type and associated physico-chemical interactions are
also known to influence soil strength [11, 34]. Since detailed mineralogical analyses (e.g., X-ray
diffraction) were not performed in the present work, the influence of clay type on the compressive
strength cannot be isolated.

According to Table 6, AP specimens exhibited lower variability in compressive strength than
natural soils, as reflected by the smaller standard deviation within each soil type. Although some
variation was observed between AP groups (0.029 MPa), it remained significantly lower than that
measured for the natural soil specimens (0.087 MPa). This reduction in scatter suggests that the
controlled particle-size distribution imposed by the Apollonian packing approach promotes more
consistent packing conditions between specimens. In addition, natural soils were measured to
have slightly higher variability, possibly due to the difference in particles distribution between
specimens.

Moreover, AP specimens prepared from different soils can exhibit similar compressive strengths

when they share the same fractal dimension. The AP reconstruction imposes a common structural
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organization that tends to reduce the influence of the physical properties among different soils.

Table 6: Summary of mean and standard deviation of vertical stress and density for specimens
with and without AP.

specimens type AP Vertical stress (MPa) Density (g/cm?)

CLM No 2.899 £0.084 2.000 £ 0.016
Yes 2.327 £ 0.058 2.006 = 0.005
STA No 3.0£0.100 2.012 £0.002
Yes 2.341 £0.071 1.983 £ 0.003
SpPC No 2.930 £ 0.265 2.180 £ 0.000
Yes 2.385 £0.106 2.167 £ 0.006

To further assess the impact of geometric fractal dimension (D) on soil mechanical per-
formance, a second series of experimental tests was conducted using STA soil. Two mixtures
were prepared whose specifications had particle size distributions of Dy = 2.25 and Dy = 2.75.
STA soil was selected for this analysis because its particle size distribution (See Figure 4) is
between the finer CLM and coarser SPC soils, and thus, it can be considered as an intermediate
condition. The mixtures underwent modified Proctor tests to obtain compaction properties. For
both mixtures, the maximum dry densities were 2.03 g/cm?® at 10% water content for D F=2.25,
and 2.04 g/cm?® at 10.5% for Dy = 2.75.
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Figure 12: Vertical stress results for STA specimens with different Dy values.

The vertical stress results are summarized as follows (see Figure 12):
o Dy =225 1.68-1.72 MPa (mean: 1.70 MPa)
e Dy =250: 2.26-2.39 MPa (mean: 2.34 MPa)

o Dy =275 2.88-2.91 MPa (mean: 2.89 MPa)

These results, illustrated in Figure 12, demonstrate two key trends. First, the Apollonian-
based specimens are highly repeatable, with very low scatter within each Dy group, confirming
the reproducibility of the packing concept and confirming the previous results obtained for
AP specimens. Second, compressive strength increases systematically with fractal dimension,
indicating that higher Dy values enhance the stress-transfer capacity by creating denser particle
frameworks. Overall, increasing D from 2.25 to 2.75 yields a 1.19 MPa (70%) increase in
compressive strength.

Despite the differences in compressive strength, all specimens exhibited similar mechanical

behavior, with comparable failure modes (see Figure 13). The observed failures were characterized
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by typical shear-dominated cracking patterns commonly reported in compacted granular materials.
This suggests that variations in the fractal dimension Dy primarily influence the magnitude of
the compressive strength through changes in particle packing and interparticle contact density,
while the overall macroscopic failure mechanism remains governed by the same shear-dominated

deformation process.

CLM-AP-1

| SPC-AP-2 4 SPC-AP-3

(e)

Figure 13: specimens failure, (a) CLM, (b) CLM-AP, (c) STA, (d) STA-AP, (e) SPC, and (f)
SPC-AP.

In Figure 14, the experiments demonstrate that dry density correlates well with mechanical
strength, for the same soil. For all tested dry soil types, specimens of equivalent dry density
exhibited large variances in compressive strength which demonstrates that microstructural aspects
beyond bulk density, including particle organization, clay activity, and effective load-bearing
skeleton, has main influences [3, 9, 27, 35|. This characteristic is even more pronounced in
the AP mixtures: despite differences in dry density across soils and AP target dimensions,
compressive strength results commonly resulted in similar values which indicates geometrically
optimized packing, and clay content governs strength far more than overall density. For the
same soil, by changing the fractal dimension Dy, the resultant compressive strength could be
drastically different despite having the same packing density values which would further support
the interpretation that ultimately the internal packing architecture, coordination number, and
distribution of fines materially affects strength more than total mass per unit volume.

From an engineering point of view, these results suggest that the mechanical performance
of rammed earth could potentially be enhanced through a controlled particle size distribution
during soil preparation. In practice this can be done by using a ratio of coarse, sand and fine
fractions when selecting or mixing soil in order to achieve gradations closer to those with higher
fractal dimensions. Gradation control of this type is already employed in earth construction by
adding or removing either the sand or gravel fractions from the mix, and this work establishes a

quantitative basis for relating these gradations to probable strength improvements.
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Figure 14: Compressive strength results as function of density for CLM, STA and SPC
specimens.

5.1.3 Young’s modulus of rammed earth specimens

Rammed earth presents a reasonably broad range of elastic stiffness (Young’s modulus), highly
dependent upon moisture, compaction energy, soil composition (clay content, sand/gravel and
fines), dry density. For example, Dialmy et al. [14] report values of E for rammed earth range
from approximately 60 MPa up to 1000 MPa, they also reported values within 150-500 MPa under
standard or typical conditions (meaning optimum compaction and moderate moisture conditions).
Sabba et al. [40], report Young’s modulus values between 65 and 78 MPa (for unstabilized or
lightly modified mixes) values with compressive strengths around 2.6 MPa. Additionally, Bui et
al. [10] provide Young’s modulus for (on-site) rammed earth walls around 100 MPa for old walls,
while new/recent walls of similar components values are close to 500 MPa.

In our experiments, as shown in Figure 11, our stress-strain (strain equal to deformation/100)
curves have two slopes. The first (lower) slope (between 0 and 1% deformation), stands for the
phase during which the sample comes into contact with the press, with the applied force being
resumed. The second (steeper) slope occurs during the linear elastic phase for the specimen
under load. Therefore, in our experiments we consider the slope of the second part and Young’s
modulus F was calculated and summarized in Table 7. For STA with D equal to 2.25 the E/
equal to 109.36 & 4.1 MPa, and for Dy equal to 2.75 the E equal to 187.0 & 3.9 MPa.

Table 7: Young’s modulus (MPa) (mean + SD) for CLM, STA and SPC, with and without AP.

Soil type E (MPa)
without AP with AP
CLM 212+15 201 +£12
STA 296 £ 24 216 £8
SPC 275+ 34 197+ 15

The Young’s modulus results show that AP specimens exhibit relatively consistent stiffness
values, with an average of about 205 MPa. In comparison, AP specimens generally present lower
stiffness than the corresponding natural soils, with reductions of approximately 5% (CLM), 37%
(STA), and 39% (SPC).

Within the STA-AP mixtures, an increase in the fractal dimension (Dy) from 2.25 to 2.75
is associated with an increase in stiffness from 110 + 5 MPa to 187 + 4 MPa. Overall, the

results suggest that the AP approach leads to more consistent mechanical responses, while the
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influence of Dy on stiffness appears to be dependent on the specific soil and mixture conditions.
These observations indicate that particle packing geometry influence the elastic behavior of the
material, although it cannot be considered as the sole controlling factor (others like clay type,

physcial properties).

5.2 Numerical investigation
5.2.1 Data generation

The input from the materials characterization and experimental results yields at most five results
per test, necessitating additional data generation for the MLP model. In this context, fitting
complex probability distributions is unreliable for such limited datasets. A more robust approach
is to adopt a non-parametric, descriptive method, to represent the datasets in the simplest
distribution possible by considering the range of the observations, i.e., uniform distribution. This
conservative strategy is used to generate new data points between the observed minimum and
maximum, avoiding potentially misleading assumptions about central tendency or skewness.
The characterization of the materials is summarized in Figure 15, which illustrates the mean,
variability, and overall range of each material’s properties, corresponding to specimens fabricated
from natural materials as well as materials treated using the applied AP method, denoted as the

natural material name -AP(Dy value).
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Figure 15: Materials properties.

5.2.2 Statistical relevance of input features

The best-fitting MLP model, defined in the Methodology Section 2.2, was trained through
a loop of systematic hyperparameter grid search, evaluating multiple configurations of input
features (D¢, density, water content, and modulus of elasticity), activation functions, solvers, L2

regularization coefficients, several architectures, i.e., the number of hidden layers and neurons per
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layer. This is followed by performing the SHAP (SHapley Additive exPlanations) analysis to offer
a scientifically rigorous measure of features importance rather than simple univariate correlation,
as shown in Figure 16. This analysis reveals the relative importance of the input features and
quantifies the nonlinear contribution of the input features to the target, i.e., compressive strength
learned by the network. The results of the SHAP ranking indicate that Dy is the most influential
variable, followed by the density, water content, and modulus of elasticity within the optimal

model performance.
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Figure 16: Input features importance.

5.2.3 Model performance

The MLP model demonstrated excellent predictive performance across the training and testing
phases, as illustrated by the density distribution and parity plots, shown in Figure 17. The
results of the density distribution for both the training and the testing sets (Figure 17a) show
that the intensity of the predicted compressive strength closely follows the distribution of the
actual values, capturing the shape and peak intensities for each interval of actual value. The
results indicate that the model successfully learned the underlying pattern without overfitting
and also confirms the ability of the model to generalize unknown data. The values predicted
from the MLP model are presented alongside the actual values in Figure 17b to visualize the
variations and assess the fitting. The results support the previous conclusion, where the points
are aligned along the linear 1:1 line, demonstrating high accuracy and low bias in the predictions.

Quantitative performance indicators (Table 8) confirm the high precision and generalizability
of the model. The results indicate small deviations between the predicted and actual compressive
strength across all the data, in which the model explains nearly all the variance in the experimental

data, demonstrated by a high R? value.

Table 8: Model performance metrics

Dataset MAE RMSE R2
Train 0.0034 0.0043 0.9999
Test 0.0040 0.0057  0.9999
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Figure 17: Model performance: (a) density distribution of training and testing sets, and (b)
actual vs predicted compressive strength.

5.2.4 Prediction for the studied materials

The predictive robustness of the model is evaluated by comparing the predictions of the com-
pressive strength to their actual values across the full dataset. Figure 18 presents the density
distributions of the predicted compressive strength and their corresponding actual distributions
for all materials. For the CLM and SPC specimens, the predicted distributions closely overlap
with the actual distributions, where the predicted mean aligns well with the actual central
tendencies. For the STA AP formulations, the distributions indicate a consistent agreement on
the mean aligning well with the actual central tendency, while the spread of the predictions is
slightly less (0.025-0.015 MPa) than the actual spread, causing an increase in the intensity around
the mean. The results indicate the robustness of the model in handling material variations when

predicting the compressive strength.
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Figure 18: Density distributions of actual and predicted compressive strength per material.

Figure 19 presents a visualization of the residuals distribution of the model predictions for all

the materials. The residuals are centered around zero, indicating miminal systematic bias in the
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predictions, where the majority of residuals falls within the range of £0.005 MPa, demonstrating
a very small prediction error. The quantitative performance indicators per material in Table 9
indicate small deviations between the predicted and actual compressive strength per material
across all the dataset, confirming the robustness of the model in handling material variations

when predicting the compressive strength.
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Figure 19: Residuals of model predictions per material.

Table 9: Prediction error indicators by material

Material MAE RMSE
CLM 0.003392 0.005043
CLM_AP 2.5 0.001900 0.002674
STA 0.003690 0.004229

STA AP 2.25 0.003457 0.004023
STA AP 2.75 0.006448 0.007586
SPC 0.003293 0.003872
SPC_ AP 2.5 0.002124 0.002685

5.2.5 Application for a new material

This section studies the MLP model capability in predicting the compressive strength of a new
material formulation that was not considered during the training of the model, i.e., STA AP2.5.
Figure 20 illustrates the density distribution of the predicted and actual STA AP2.5 material
formulation. The results indicate a strong alignment with the distribution, with only a slight
shift in central tendency of approximately 0.01 MPa, which in turn results in a minor change
in the spread of the distribution of about 0.005 MPa. The quantitative error indicators of the
prediction of the new formulation material are presented in Table 10. The results indicate small
deviations between the predicted and actual compressive strength of the newly presented material
formulation, where the model explains well the variance in the experimental data, demonstrated
by the high R? value. Therefore, the results indicate that the model remains highly reliable when

applied to new material formulations.
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Figure 20: Density distribution of prediction and actual values of the STA-AP (D; = 2.5)
material formulation.

Table 10: Performance metrics of the validation.

Metric Value
MAE 0.014169
RMSE 0.014312
R? 0.891197

6 Conclusions

This study evaluated the influence of the Apollonian Packing (AP) concept on the compressive
behavior of rammed earth materials. A total of 32 cylindrical specimens were prepared experi-
mentally, including 17 specimens incorporating AP-designed particle-size distributions and 15
specimens composed of naturally graded soils. All specimens were compacted at the modified
Proctor optimum water content and subsequently tested in a dry condition.

The results show that natural soils with higher fractal dimensions (D; between 2.75 and 2.95)
exhibited compressive strengths approximately 18% higher than the AP mixtures with Dy = 2.5.
However, the AP-designed specimens displayed reduced variability and improved repeatability
in compressive strength results. This behavior is associated with the controlled particle-size
distribution imposed by the AP gradation, which promotes more consistent packing conditions
between specimens.

Although the three natural soils (CLM, STA, and SPC) present different physical and physico-
chemical characteristics, their AP-reconstructed mixtures exhibited comparable compressive
strengths when prepared with similar fractal dimensions. This observation suggests that, under dry
conditions and within the range of materials investigated, particle packing geometry characterized
by Dy plays an important role in the mechanical response, although mineralogical and physico-
chemical effects may also influence behavior and were not fully isolated in this study.

The machine learning analysis based on a multilayer perceptron (MLP) model successfully
captured the nonlinear relationships between soil descriptors and compressive strength. The
model demonstrated strong predictive capability, including accurate estimation of the compressive
strength of an additional formulation (STA-AP with Dy = 2.5), with a mean absolute error of
0.014 MPa.

From an engineering perspective, the results indicate that controlling particle-size distribution
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to approach higher effective fractal dimensions may provide a practical strategy for improving the

mechanical performance of rammed earth materials through optimized gradation design. Future

work should further investigate the role of mineralogical composition and moisture conditions,

including tests under partially saturated states, in order to better represent field conditions and

to refine the applicability of fractal-based particle organization in sustainable earth construction.
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