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Variability of Geotechnical Parameters and Comparison of Machine Learning
Algorithms for Predicting the CBR of Lateritic Gravels for road construction in

Tropical Regions

Abstract

This study aimed to determine the geotechnical characteristics and variability of lateritic gravels in tropical environments,
and then to compare Machine Learning Algorithms for predicting the California Bearing Ratio (CBR). A total of 159 samples were
collected along the Esse—Soa road section in Central Cameroon. The specific gravity, particle size distribution (PSD), plasticity,
derived and compaction parameters, and CBR were determined. The studied materials consist of the <2 mm fraction (14.6-99.4%),
skeleton (0.6-85.4%), mortar (12.3-84.6%), and fines (7.3-64%). They are based on the Maximum Dry Density (1.62 —2.16 g/cm?)
and CBR (12 —94%) values, suitable for use as subgrade and subbase layers in pavements for all traffic types, and as base layers for
light traffics. Data were analyzed using descriptive statistics, resulting in scattered data, characterized by low to high coefficients of
variation (4 — 43%). Simple linear regressions (SLR) and principal component analysis were performed to predict the CBR from the
other variables. No significant correlation was observed. Multiple linear and ridge regressions were performed following the SLR.
They also turned out to be limited. Random forest and support vector machine regressions were also implemented. These methods,
based on the same evaluation criteria as the previous learning techniques, produced successively satisfactory models, characterized
by low to very low Mean Squared Error, Root Mean Squared Error, and Mean Absolute Error values, and high to very high R? values

(0.85—0.94). PSD and derived parameters were the most suitable for predicting the CBR in the studied materials.
Keywords: Geotechnical variables; Load-bearing capacity; Statistics; Regression analysis; Central Cameroon

1. Introduction

Lateritic gravels are rich soils in iron and aluminum oxides. These soils are formed by the intense weathering of the underlying
rock in tropical and subtropical regions [1]. They are characterized by their reddish color, good drainage properties, and relatively
high strength. These properties make them valuable materials in road construction [2, 3]. They are used for the reasons mentioned
above, often as base or subbase materials, but also because of their availability, low cost, and ability to withstand heavy loads. The
CBR is the main geotechnical parameter used to guide the selection and quality control of lateritic gravels in road construction [4,
5]. The values of this parameter enable, for example, the determination of the thickness and composition of pavement layers, thereby
ensuring adequate structural support and a certain degree of durability [6]. CBR values can also be used to estimate performances

and predict the behavior of pavement and subgrade layers under the effect of repetitive traffic loads. Moreover, an accurate
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assessment of the CBR has significant economic and environmental implications. This assessment encourages the use of locally
available materials, thereby reducing transportation costs and the environmental impact [7]. Estimating the performances and
predicting the behaviors of base and subbase layers using CBR currently poses challenges in tropical and subtropical regions [8].
These challenges are huge, given the significant variation in lateritic soils from one region to another and the numerous contributing
factors. These factors include the nature of the bedrock, climate, vegetation, topography, the hydromorphy of the environment, and
time [4, 9—14]. Related challenges require careful analysis of the areas, the establishment of relationships between variables and
factors, and the development of region-specific models. However, the geotechnical properties of the used lateritic gravels
considerably vary, even at the local scale [4, 12—15]. These variations are mainly due to the inherent heterogeneity of lateritic soils
[16], which are formed through intense processes of differential weathering [17]. The local variability of lateritic gravels thus makes
it difficult to assess and predict the CBR at the regional scale. Accurate methods for local estimation and prediction of CBR are
therefore necessary in order to consider extrapolations to regional scales. The traditional techniques used up to now, which generally
involve laboratory testing and classical regressions, have numerous limitations. For example, the standard CBR test is very expensive
[7], labor-intensive, and time-consuming. Conducting this test requires meticulous experimental procedures in the laboratory. The
limitations mentioned above have an impact on the ability to make quick decisions when carrying out road construction projects. The
traditional correlation models for predicting CBR from other geotechnical properties of lateritic gravels often result in only moderate
or even weak regression outcomes. These models exhibit limited predictive capabilities and practical limitations [4]. Models based
on these regressions often assume linear relationships between soil properties and CBR values. These assumptions can lead to an
oversimplification of the complex nature and behavior of soil, which, on the contrary, involve nonlinear interactions and spatial
variability. The use of linear relationships may therefore be limited in contexts involving heterogeneous soils [18]. Furthermore,
traditional approaches tend to inappropriately include or exclude new computational approaches. The latter, it must be admitted,
could do a better job of accounting for the heterogeneity and complex behavior of soils. Previous works have shown, for example,
that advanced models such as cluster-based data processing, genetic programming, and artificial neural networks outperform
traditional techniques. Overfitting here is assessed based on the accuracy and robustness of the CBR’s predictions [19-21]. Multiple
linear regression, ridge regression, random forest, and support vector machine models, like the earlier mentioned computational
techniques, are increasingly being used to estimate and predict soil CBR values [8, 22]. These other algorithms are useful because of
their ability to account for the complex relationships between soil characteristics and CBR. Machine learning algorithms, however,
have been very little used to estimate and predict the behavior of lateritic materials in the Central African subregion. The objective
of this study is, therefore, to determine the geotechnical characteristics and variability of lateritic gravels developed on metamorphic

bedrock in tropical environments and then to compare machine learning algorithms for predicting CBR.
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2. Geographical and geological contexts

The study area is located in the Centre Region of Cameroon (Fig. 1a), in the Mefou et Afamba Division, specifically in the
Esse and Soa Subdivisions. This area is geographically bounded by longitudes 011°33'40"E and 011°54’10"E and by latitudes
03°52'35"N and 04°11'05"N (Fig. 1b). The climate in this area is equatorial, with four distinct seasons: two rainy seasons and two
dry seasons. The climate is hot and humid, with annual rainfall estimated at around 1,500 mm. This climate covers the entire southern
part of the country [23]. In terms of vegetation, the study area encompasses the bimodal rainfall rainforest zone. This phytogeographic
domain consists mainly of semi-deciduous to semi-evergreen and ulmaceae plants, which are well adapted to high humidity and
temperatures [24]. The study area is morphologically located in the northern part of the Southern Cameroon Plateau. This
morphological unit covers the largest area in Cameroon and remains one of the defining features of Central Africa. It has an average
elevation of 750 meters in the vicinity of Yaoundé and rugged terrain with elevations ranging from 475 to 1,075 meters within the
study area. This terrain consists of hills and valleys, formed by the differential erosion of various geological formations. The
variations mentioned above suggest that the Southern Cameroon Plateau may have been affected by a large-scale undulating
movement [23, 25]. The hydrographic network there is shallow. This network exhibits a typical dendritic pattern, whose presence
and distribution can be influenced by geological structures. Residual landforms in the Southern Cameroon Plateau are relatively rare
and provide evidence of very ancient land surfaces. These landforms generally correspond to cores of hard rocks [23] that have been
spared from weathering [25]. Migmatitic gneisses, grenatiferous gneisses with two-mica, and quartzites (Fig. 1b) [26] are the
geological formations overlain by the lateritic gravels under study. These formations are part of the Yaoundé Group [25, 27], which
is situated within the broader geological context of Central Cameroon and even the Central African subregion. Central Cameroon is
a rocky complex ranging from Precambrian formations to more recent ones. These formations are mostly granito-gneissic. They
reflect high-grade metamorphic events and are associated with the Pan-African orogeny [27]. The products of their weathering have

a significant impact on land use and urban development models.

3. Materials and Experimental Methods
3.1. Collection of samples

The studied lateritic gravels were collected along the 49 km stretch of road connecting the Esse and Soa localities. This road
section runs through terrains with elevations ranging from 600 to 700 m. A total of 159 material samples were collected from 19
sampling sites (Fig. 2). The latter are spatially distributed according to the locations of the kilometer points shown in Figure 1. The
sampled lateritic gravels were described and then sent to the National Civil Engineering Laboratory of Cameroon (LABOGENIE)

for geotechnical testing.

3.2. Geotechnical testing
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The particle size analysis of the studied materials was performed by dry sieving and sedimentometry, in accordance with
standards NF P 94-56 [28] and NF P 94-057 [29], respectively. The NF P 94054 standard [30] was used to determine the specific
gravity (ys) of the solid particles. The liquid limit (LL) and plastic limit (Lp) were determined using the cup and roller methods,
respectively, in accordance with standard NF P 94-051(31). The plasticity index (PI) was calculated from LL and Lp using Equation

1.

PI=LL—Lp (1)

The grading modulus (Gm), the plasticity modulus (Pm), the plasticity product (Pp), and the swelling potential (€s) are
parameters derived from the grain size distribution and plasticity of materials. These four parameters were determined using

Equations 2, 3, and 4 [32] and Equation 5 [33].

Gm= [300— (% <2mm+ % <425um+ % < 75um)]/100 )

Pm = PI X percentage of particles passing through a 425 um sieve (3)

Pp = PI X percentage of particles passing through a 75 um sieve 4)

& =1 X 10exp —5 X Plexp2.24 &)

The NF P 94-093 standard [34] was used to determine the compaction parameters. These are the optimum moisture content
(OMC) and the maximum dry density (MDD). Material test specimens were prepared and then immersed in water for four days.
These test specimens were used to determine the California Bearing Ratio (CBR) through punching. The test was conducted in

accordance with standard NF P 94-078 [35] using a universal laboratory testing machine equipped with a pressure gauge.

3.3. Spatial distribution

Variograms illustrating the spatial distributions of the studied materials based on the CBR were generated using ArcGIS
version 10.5, following the Topo to Raster method and elevation point type. This is a widely used interpolation technique for creating
digital elevation models in hydrogeology. It is based on the ANUDEM program developed by Michael Hutchinson [36]. This
technique was implemented in this study with a maximum of 20 iterations, a discretization error factor of order 1, a standard vertical

error of 0, and tolerance levels of 2.5 and 100.

3.4. Statistical analysis
The data subjected to statistical analysis are the results of laboratory tests. A population of 159 representative individuals of
the studied lateritic gravels and 14 variables were used. The following variables stand out: ys, <2 mm, > 2 mm (skeleton), < 425 pum

(mortar), <75 um (fines), LL, PI, Gm, Pm, Pp, &, OMC, MDD, and CBR.
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3.4.1. Descriptive statistics
Descriptive statistics were performed using XLSTAT software, version 2014.5.03. It involved determining statistical variables
such as the minimum (Min), the maximum (Max), the simple arithmetic mean (X), the standard deviation (), and the coefficient of

variation (CV). (X), 7, and CV were determined using Equations 6, 7, and 8, respectively.
X=>1/n)Yr x (6)

r= \Joexp2 (7)
Cv = (t/X) x 100 (8)
Where n = total number of individuals (159), x; = the value of the variable for an individual, and
ogexp2 = (1/n—1) x Y, (x; — X)exp2 )

3.4.2. Correlation tests

Correlation tests were also performed using XLSTAT software. These tests were conducted on geotechnical variables and
their modalities, using Pearson’s method. They enabled the identification of the nature and levels of correlations between pairs of
variables. The summary of the results is presented in the form of a correlation matrix. The principle used to interpret these correlations
is such that, for a given correlation coefficient (R), 0 <R < 0.5 indicates that the variables are weakly correlated. These variables are

averagely correlated if 0.5 <R < 0.8. They are highly correlated if R > 0.8.

3.4.3. Principal Component Analysis

Principal component analysis (PCA) also helps to assess the relationships between variables. Like the correlation tests, it was
performed using Pearson's method. The advantage of ACP is that it summarizes information without truncating it. From a set with n
initial variables p, PCA helps to construct subsets by identifying new variables. These are referred to as “principal components.”
They are usually linearly independent and provide the best explanation for all the observations. Based on n observations of the p
initial variables, a descriptive summary in the form of pie charts was produced. The rules for interpreting the positions of the
parameters in these charts are such that a variable is considered well-represented if it is close to the circumference of the circle and
poorly represented if it is close to the center of the circle. Two well-represented variables and close to each other are positively
correlated. Two well-represented and diametrically opposed variables are negatively correlated. Two well-defined variables are

considered independent if they can be deduced from one another by rotating them 90 degrees.

3.5. Machine learning algorithms
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This section presents the machine learning algorithms used to predict the CBR values of the studied lateritic gravels. The
Scikit-Learn library for the Python 3.6 programming language was used to train and validate the machine learning algorithms. The
hyperparameters for these algorithms were optimized using the GridSearch CV functionality. These hyperparameters are, in fact,
tools that control the robustness and properties of a machine learning model [37]. Four algorithms — namely multiple linear regression,
ridge regression, random forest, and support vector machines — were implemented in this study. These algorithms were run on
aggregated data. The datasets were as follows: particle size variables (< 2 mm, > 2 mm, <425 um, and < 75 pm), plasticity data (LL
and PI), derived parameters (Gm, Pm, Pp, and &;), and compaction parameters (OMC and MDD). The variable y, has been isolated.

30% of the data was used to evaluate the models' performance, and the remaining 70% was used to train the models.

3.5.1. Multiple linear regressions

Multiple linear regression (MLR) is a statistical technique used to model a relationship between a continuous dependent
variable and two or more independent variables [38]. It is generally implemented when key assumptions — such as homoscedasticity,
normality of the residuals, and the absence of multicollinearity — are reasonably satisfied. MLRs were used in this study because of

their ability to fit a linear equation to the observed data, their simplicity, their interpretability, and their computational efficiency.

3.5.2. Ridge regression

Ridge regression, or L2 regularization, is a type of regression that uses linear models [39]. This statistical technique helps to
overcome issues of multicollinearity, even when there are a large number of explanatory or predictive variables. It constructs a linear
function in a high-dimensional feature space, induces nonlinear regressions [40], and, in the process, reduces the risk of overfitting

on the training data. The reduction in risk was achieved by lowering the regression coefficients.

3.5.3. Random forest regression

Random forest regression is a bagging algorithm widely used to predict continuous outcomes. During training, this algorithm
randomly constructs a family of models [41]. It generates multiple decision trees using a strategy known as bootstrapping and
introduces a random element that takes into account a subset of features at each split. Three hyperparameters — namely, the number
of features used to construct each tree, the number of trees, and the minimum number of tree nodes [42] — were used to optimize the
algorithm. The final prediction was obtained by averaging the results of all the individual trees. This averaging helped improve the

model's robustness, while also reducing the risk of overfitting.

3.5.4. Support vector machines
Support Vector Machines (SVMs) are supervised learning algorithms widely recognized for their strong foundations in

statistical learning theory. These techniques are also known for their ability to effectively solve nonlinear regression problems. They
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were originally defined for the classification of a qualitative or binary variable. In contrast to traditional techniques, SVMs formulate
relationships as convex optimization problems. These problems aim to find a function that approximates the data within a certain
tolerance. SVMs are based on finding the optimal margin hyperplane [43], which is defined by maximizing the distance between the

closest points to the plane. One of the advantages of this technique is the robustness of the model.

3.5.5. Validation of models
The mean squared error, root mean squared error, mean absolute error, and coefficient of determination were used to evaluate

the models' performance.

Mean squared error
The mean squared error (MSE) is a widely used performance metric for evaluating regression models in machine learning. It
is defined as the average of the squares of the differences between the predicted values and the real values in a sample of size n

(Equation 10). The MSE unit is the square of the unit of the target variable [44].

MSE = (1/71) Z(ytrue - ypred) exp2 (10)

Root mean square error

The root mean square error (RMSE) is, like the previous one, a widely used metric for evaluating the performance of
regression models in machine learning, where the goal is to predict continuous outcomes. This parameter is defined as the square
root of the average of the squared differences between the predicted values and the real values (Equation 11). It expresses the standard

deviation of the residuals and has the same unit as the predicted variable [45].

RMSE = \/ (/1) S (Verue — Vprea)exp2 (11)

Mean absolute error

The mean absolute error (MAE) is also a commonly used intuitive metric for evaluating the performance of regression models
in machine learning. This parameter is defined as the average of the absolute differences between the predicted values and the true
values across n data points (Equation 12). It quantifies the average range of deviations between predicted and actual values, thereby

providing a direct measure of the accuracy of the predictions [46].

MAE = (1/n)2|ytrue - ypred' (12)

Coefficient of determination
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The coefficient of determination (R?) is one of the most commonly used metrics for evaluating the performance of regression
models. It was used in this study to assess the explanatory power of the models. This power is defined as the capacity to quantify the
proportion of the variance in the dependent variable that can be predicted based on the independent variables [47, 48] R? was

determined using Equation 13.

Rexp2 =1— [Z(ytrue - ypred)expz/Z(ytrue - Ypred)expz] (13)

4. Results and Discussion
4.1. Macroscopic Petrography

The studied materials exhibit reddish-brown to reddish color profiles and visible thicknesses generally ranging from 1.5 to
5.5 m. Most of these profiles consist of a multi-level altered set. From the base to the top, iron-rich nodular layers are often clearly
distinguishable from the soft clay layers. The nodular layers vary in thickness from 1.2 to 4.3 m. The nodules range in size from
millimeters (20—35%) to several centimeters (25—40%) and have angular to subangular and subrounded to rounded shapes (Fig. 3).
They are packed in clayey-loamy matrices (15-25%). The sizes of these nodules gradually decrease from the bottom to the top of
the profiles in certain sampling sites. These nodules are found in other deposit sites, organized into coarse and fine nodular layers,
separated by sharp and undulating boundaries. They are associated with quartz fragments ranging in size from a few millimeters to
several centimeters, with angular to subangular shapes, and accounting for 5 to 15 percent of the total. The variations in size, shape,
and proportions of the quartz fragments and iron nodules suggest the effects of intense differential dissolution and weathering
processes on the underlying rock [17]. These effects are thought to have been conditioned by the heterogeneity of the rock, by the

topography, and also by the hydromorphic nature of the environment [9, 11, 12].

4.2. Physical and mechanical properties
Table 1 shows only the average values of the parameters measured at each sampling site. Details are provided in the

supplementary data.

4.2.1. Specific gravity

The 75 values of the studied lateritic gravels range from 2.40 to 3.00 g/cm?, with an average of 2.73 g/cm? (Table 2). 93% of
these materials have s values of > 2.6 g/cm? (see supplementary data). The y, values of the studied lateritic gravels are therefore well
within the range of s values (2.6-3.2 g/cm?) typically found in equatorial regions [32]. s is a key geotechnical parameter in road
construction. The values of this parameter are generally closely related to the mineralogical composition of the particles that make
up the material [13,18]. These values influence soil behavior, including its compaction characteristics, strength, and bearing capacity.

The higher the y, values, the more significant the aforementioned characteristics are [18,49]. The average y; values for lateritic gravels
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at each quarry site (Table 1) are all greater than 2.58 g/cm?. These values are closer to 2.85 g/cm?, a threshold above which lateritic

gravels should be considered to perform well [50].

4.2.2. Granularity

The <2 mm fraction, the skeleton (> 2 mm), the mortar (< 425 pm), and the fine fraction (< 75 um) were used to characterize
the studied materials. These fractions are the most commonly considered when assessing the grain size of lateritic gravels [10]. The
content of the < 2 mm fraction ranges from 14.6% to 99.4%. Those of the skeleton range from 0.6% to 85.4%. The mortar and the
fine fraction have contents ranging from 12.3% to 84.6% and from 7.3% to 64%, respectively. The average contents of these grain
size classes (Table 2) are similar to those of lateritic gravels observed in eastern Cameroon [51]. The particle size distribution of
lateritic gravel affects its behavior and suitability for road construction. Materials with high fines content and correspondingly high
plasticity indices generally have low bearing capacity. Conversely, those with high concentrations of coarse particles — which are
generally much less plastic — very often exhibit high bearing capacities and are well suited for use in subbase and base layers in road

construction [13].

4.2.3. Plasticity

Liquidity limit (LL) values range from 39% to 68%, with an average of 55%. The plasticity index (PI) averages 25%, with
values ranging from 16% to 36% (Table 2). The average values for these two parameters are higher than those for lateritic gravels in
dry or humid savannas [12]. They are also higher than those of soils used for road construction in Yobe State, Nigeria [18]. However,
these values are lower than those obtained in the lateritic soils of eastern Cameroon [51]. Plotting the LL and PI values of the studied
materials on the Casagrande plasticity diagram (Fig. 4) shows that the mortars (<425 um) that make up these materials are moderately
clayey to clayey. These mortars are characterized by medium to high plasticity. Their distribution along both sides of the “U” line
attests to the high quality of the measured data, which, based on these findings alone, would suggest a significant reduction in
performance in building construction. In fact, the practical guide to pavement design for tropical countries recommends PI values in
the range of 20-30% and PI < 15% for materials to be used in the construction of the subbase and base layers of high-traffic pavements
[52]. The higher the PI values, the greater the compressibility and swelling potential of the soils, thereby reducing their shear strength
[53]. The studied materials, considered at the level of the quarries, have average values of 20 < PI < 31% (Table 1). Based on the

conditions mentioned earlier, these materials are not recommended for use as base layers but are primarily suitable as subbase layers.

4.2.4. Derived parameters
The values of the grading modulus (Gm) range from 0.54 to 2.63, with an average of 2.13. Those of the plasticity modulus
(Pm) range from 274 to 2639. The average value of this parameter is 732. The plasticity product (Pp) and the swelling potential (&;)

have values ranging from 173 to 2058 (X = 600) and from 0.002 to 0.034 (X = 0.016), respectively (Table 2). Each of these parameters
9
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plays an important role in evaluating the performance and mechanical behavior of pavement layers [10]. Gm, for example, is
fundamentally used to characterize the elastic response of materials subjected to repeated traffic loads. 98% of the studied materials
(see supplementary data) have Gm values greater than 1.5. This last value represents the minimum threshold below which, for low-
traffic roads, lateritic gravels cannot be used as a base layer [50]. Pm and Pp highlight the impact of the plasticity of fine particles on
the overall performance of materials. This impact often affects the swelling and compressibility of materials, their strength, and,
consequently, the durability of the structures built with them. The use of lateritic gravels in road construction depends on the values
of these parameters. The lower these values are, the more they lead to improved performance. For example, the construction of
pavement subbase layers for all types of traffic in tropical regions requires Pm and Pp values of less than 500 and 600, respectively
[32]. Based on the Pm values, very few (= 20%) of the studied materials are suitable for use, but based on the Pp values, a moderate
proportion (= 53%) is suitable (see supplementary data). & is closely related to the fine fraction of soils, specifically the clay fraction,
but also to the presence of certain mineral phases. An increase in the fine-particle content increases the surface roughness of the
material. Surface roughness, in turn, increases the affinity for water, which not only leads to an increased risk of swelling but also to
an increased risk of creep deformation under prolonged loads [54]. The & values in the studied materials are low. The average value
for this parameter is higher than that of lateritic soils in humid and dry savannas [12]. This is also true for lateritic gravels developed

on mica schist [13].

4.2.5. Compaction Characteristics

The optimum moisture content (OMC) values for the studied materials range from 7.7 to 22.2%. Those for maximum dry
density (MDD) range from 1.62 to 2.16 g/cm?. The average values for these two parameters are 12.2% and 2.00 g/cm3, respectively
(Table 2). OMC and MDD are the main parameters that determine the optimal compaction of a material. Their controls help prevent
problems such as a loss of stiffness and stability in pavement layers [55]. The average OMC value in the studied lateritic gravels is
significantly lower than that of lateritic soils (OMC = 28%) in certain tropical regions [49]. It is, however, enclosed by values of wet
(12.7%) and dry savanna (11.8%) in Central Cameroon [12]. This value, like the average values at each quarry (Table 1), is greater
than 8%, the threshold above which materials are likely to perform less effectively [56]. The CEBTP [52], however, extends this
limit to 15%, thereby allowing the use of these materials at all of the studied quarries. In contrast to OMC, the average MDD value
for the studied materials is significantly higher than those of the lateritic soils studied by Wahab et al. [49]. This value also falls
within the range of the densities of materials found in humid savanna (1.95 g/cm?®) and dry savanna (2.06 g/cm?®) zones [12]. The
Practical Guide to Pavement Design for Tropical Countries specifies values of MDD > 2.00 g/cm? and MDD > 1.80 g/cm? for
materials to be used in base and subbase layers of pavements, respectively [52]. These values are, in fact, essential for ensuring their

load-bearing capacity and durability [18]. With the exception of four samples from the quarries associated with kilometric points

10



278

279

280

281

282

283

284

285

286

287

288

289

290

201

292

293

294

295

296

297

298

299

300

301

302

303

304

305

(KP) 11+000, 20+350, 23+200, and 39+700 (see supplementary data), the materials at all sites are suitable for use as a subbase layer,
while approximately 47% are suitable for use as a base layer (Table 1). Compaction characteristics, like derived parameters, are
closely related to plasticity. Materials with high PI values are generally characterized by high OMC values. The latter have a direct

impact on MDD and, subsequently, on bearing capacity, thereby influencing construction practices [4, 18, 57].

The values of the California Bearing Ratio (CBR) at 95% of the MDD of the studied materials range from 12% to 94% (X =
34%). The average value of this parameter is 26% lower than that of lateritic gravels in eastern Cameroon [51], 2% and 19% lower,
respectively, than those of lateritic gravels in humid and dry savannas [12], and 13% lower than that of lateritic gravels in Nigeria
[50]. The CBR plays a crucial role in road construction, particularly in assessing the suitability of materials. The conditions 25 <
CBR < 35% and 60 < CBR < 80% must be met for materials to be used in the subbase and base layers of pavements, respectively
[52]. 74% of the collected material samples and 79% of the quarries have CBR values > 25% and are therefore suitable for use as a
subbase layer. Only 6% of these samples, compared with 0% of the quarries, are suitable for use as a base layer (see supplementary
data; Table 1). The iso-CBR variogram, however, shows that approximately 50% of the surface covered by the study area contains
materials suitable for use as a subbase layer, compared to 0% for the base layer. This surface is mainly located in the central and
eastern parts of the study area (Fig. 5). The volumes of lateritic gravels have a significant impact on their uses. Their availability,
which is often assessed based on the size of the quarry, has an impact on construction costs [7]. 84% of the quarries (Table 1) for the
studied laterite gravels meet the criteria mentioned above and are suitable for use as a subbase layer. None of these sites, however,
are classified as materials for base layers unless adjustments are made. All of these sites, nevertheless, meet the criterion 15 < CBR
< 30% (Fig. 6) established by the Directorate of General Studies and Standardization of the Ministry of Public Works in Cameroon
and are specifically suitable for use as a subbase layers in low-traffic roadways (T1). 68% of these sites (Table 1), compared with
58% as shown by the iso-CBR variogram (30 < CBR < 60%), are suitable for use as a subbase layer in pavements for medium-traffic

conditions (T2/T3), as well as for use as a base layer in pavements for T1 traffic [58].

4.3. Variability
4.3.1. Descriptive statistics

The simple statistical analysis of variables for the studied materials shows that the measured parameter values fluctuate around
the values of X. These values slightly differ from those of X for some of the parameters but considerably for others (see supplementary
data; Table 2). The resulting ranges of values (0.03 < Max — Min < 2365) suggest both low and high levels of data disparities. The
standard deviation () measures in fact the average distance between each data point and X. Lower values of 7 would indicate a tight

clustering of data around X.
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These clustering would then suggest consistencies or low dispersion in the data. Higher values of 7, on the other hand, would result
in high dispersion and, consequently, high data variability [59]. An examination of the 7 values (0.09—-318) shows that the data for
the observed variables are even more dispersed than each other. These dispersions are all the more pronounced because the relevant
data do not follow the empirical rules associated with normal distributions (X + 17 # 68% and X + 27 # 95%) (Table 2). ys and the
parameters for compaction, plasticity, granularity, and bearing capacity reflect successive levels of data dispersion relative to the
overall data [59]. The previous observations are supported by those related to the coefficient of variation (CV). The values for this
statistical parameter range from 4 to 39 (Table 2). It is a widely used variable [13] that expresses the extent of variability relative to
the mean of a dataset. It provides a standardized measure of dispersion, facilitating comparisons between datasets with different
units. Smaller CV values, like those for z, indicate low variability, and vice versa. The classification by Wilding and Dress [60] was
nevertheless used to compare the variability of geotechnical parameters in the studied lateritic gravels. This classification specifies
that for CV values < 15, the observed parameter slightly varies. For 15 < CV < 35, the observed parameter moderately varies. For
CV > 35, the observed parameter highly varies. The CV values are recorded in Table 2. Based on the above criteria, these values
show that ys, MDD, LL, and Gm slightly vary; PI, OMC, the fraction <2 mm, and the skeleton moderately vary; and that the mortar,
&, the fine fraction, the CBR, Pm, and Pp highly vary. The low variation in ys could be related to the mineralogical composition of
the solid particles. The latter would highlight the nature and low variability of the substratum from which the studied lateritic gravels
are derived [3, 13]. The variability in PI confirms the positions occupied by the mortars of the studied materials in the Casagrande

plasticity diagram.

4.3.2. Correlations

The correlation matrix of the variables (Fig. 7) shows 91 levels of correlation, of which 55% are positive and 45% are negative.
~ 58% of these correlations are low, = 15% are average and = 26% are high. The ys—MDD correlation shows that the slight variation
in specific gravity (Table 2) appears to have had a moderate effect on the maximum dry density values [18, 49]. The less than 2 mm
fraction behaves in a manner that is antagonistic to the skeleton. These two variables are positively and negatively correlated,
respectively, with mortar, the fine fraction, Pm, and Pp, and inversely correlated with Gm. The medium to high plasticity of the
studied materials appears to be more closely related to factors other than grain size. No significant correlation was observed between
the CBR and the other variables. This means that no single variable, taken individually, would have influenced the high variability
of the CBR. The latter would then result from the combined effects of several factors [12], including variations in plasticity, particle
size, shape, and proportions, as well as derived and compaction parameters [4, 13, 18, 57].

4.3.3. Principal Components
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The percentage of cumulative variance (Fig. 8; Table 3) presented by the F1 and F2 components is not high enough to allow
for a reliable analysis. The F3 component (84.87%) was therefore added to reduce the possibilities of misinterpreting the graphs. The
results related to the contributions of the variables to the construction of the F1, F2, and F3 components show that 11 of the 14
variables used (ys, <2 mm, > 2 mm, <425 pum, <75 um, LL, PI, Gm, Pm, Pp, and &;) are well expressed. OMC, MDD, and CBR are
not (Cos? < 0.5) and therefore cannot be the subject of valid interpretations. These results are obtained using the method of squared
cosines (Table 4). The resulting correlation circles F1-F2 (Fig. 9a), F1-F3 (Fig. 9b), and F2—-F3 (Fig. 9c¢) all confirm the observations
made earlier in the correlation section. These include the possible influence of ys on MDD, as well as regressions of the skeleton and
Gm relative to < 2 mm, < 425 um, < 75 um, Pm, and Pp. The circles further demonstrate that the moderately to highly plastic
properties of the studied materials, combined with their swelling potentials, are independent of their particle sizes. Furthermore, the

CBR cannot be derived from any single variable on its individual merits.

4.4. Machine Learning Models

The metric results of the machine learning algorithms are recorded in Table 5. The mean squared error (MSE) values for all
combined learning techniques range from 7.9 to 162.5. MSE provides numerical values that help to compare the performance of
different learning algorithms. Low values for this metric parameter mean, in terms of mean squared error, that the predictions are,
on average, closer to the actual values. These low values thus suggest greater predictive accuracy [46]. The MSE values in this study
are moderate to very high. These values are higher than the MSE values obtained for lateritic gravels derived from granites in eastern
Cameroon [48]. The very high MSE values obtained in this study are mostly associated with multiple linear regressions and ridge
regressions. These two machine learning techniques, it should be noted, are forms of extensions of simple linear regressions (SLR),
which themselves very often produce moderate to weak correlations. The very high MSE values associated with multiple linear
regressions and ridge regressions could therefore, in line with SLR, indicate low predictive capacities [4] of the CBR. The high MSE
values recorded during the execution of random forest and support vector machine regressions could, however, have an entirely other
meaning. These two other learning algorithms, it should also be remembered, are optimizing techniques [42, 43] capable of solving
linear regression problems, whose final results are characterized by the robustness of the models. MSE itself is reportedly very
sensitive to outliers. In fact, squaring the error terms may have allowed this metric to give greater weight to large deviations than to

minor ones [44], thereby influencing the quantification of the overall performance of the models implemented in this study.

The root mean square error (RMSE) and the mean absolute error (MAE) were used to limit potential overestimates resulting
from the relative influence of large deviations compared to the minor ones. These two metrics facilitate an intuitive assessment of
the performance of machine learning models [46, 61]. The RMSE values in this study range from 2.8 to 12.7 (Table 5). Those of

MAE range from 0.7 to 10.2. These values are moderate in MLR and ridge regression. They are also moderate in random forest and
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SVM regressions, specifically for the plasticity and compaction variables. A low RMSE and MAE, like the MSE, indicate that the
predictions are reasonably close to the actual values, thus reflecting better model performances [45]. The SVMs implemented on
particle size variables and derived parameters (RMSE = 2.8 and MAE = 0.7) offer, based on the aforementioned evaluation criteria,
the best performance in terms of CBR predictions in this study. These observations are confirmed by the values of the coefficient of
determination (R? = 0.94). This other metric indicates the extent to which a model's predicted values would match the observed data.
An R? value close to 1 (Fig. 10; Fig. 11; Table 5) or even equal to 1 would indicate a perfect prediction, in which the model accounts
for all the variability, and would reflect a better fit. In contrast, an R? very close to 0 or even equal to 0 would mean that the model
performs no better than simply predicting the mean of the data [47]. The random forest regressions practiced on the same

granulometric and derived variables (RMSE < 4.8, MAE = 3.8, and R? > 0.85) perform secondarily to those of SVMs.

5. Conclusion

Lateritic gravels are materials of great importance in road construction. The CBR is the main geotechnical parameter that
guides decisions regarding their applications. The assessment of performances and the prediction of the behaviors of pavement layers
using this parameter are challenges for some time in tropical and subtropical regions. These challenges require establishing
relationships between variables, which considerably fluctuate. The lateritic quarries located on either side of the road section
connecting the localities of Esse and Soa were the subject of this exercise. These two localities are located in a tropical region,
specifically in Central Cameroon. The results of geotechnical tests conducted on collected lateritic gravels show that these materials
can be used as subbase and base layers for low-traffic roadways. They are, however, moderately recommended for use as a subbase
layer in roadways with medium traffic volumes. The properties and performances of these materials considerably vary, although they
are developed in climatic, topographic, phytogeographic, and geological contexts that vary little. These variations reflect the
generally complex nature of tropical soils. The machine learning algorithms, such as multiple linear regressions and ridge regressions,
which are used to build relationships and predict the CBR performances from data on other geotechnical variables, have — like SLR
and PCA — proved to be limited. The resulting models are characterized by relatively high MSE, RMSE, and MAE values and very
low R? values. The random forest and support vector machine regressions, in contrast, based on the same evaluation criteria as the
previous machine learning algorithms, were able to generate successively satisfactory models. These models are characterized by
low to very low MSE, RMSE, and MAE values, and high to very high R? values. Particle size variables and derived parameters were

found to be the most suitable parameters for predicting the CBR in the studied materials.
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540

Table 1 Average values of geotechnical parameters of the studied lateritic gravels in each quarry

Number of

Quarry samples vs . <2 mm >2 mm <425pum <75pum LL PI Gm Pm Pp e OMC MDD3 CBR
(N = 159) (g/cm’) (%) (%) (%) (%) (%) (%) (%) (g/lem’) (%)
1+500 12 2.76 38.3 61.7 28.8 25.2 47 20 2.08 582 510  0.009 12.4 2.01 46
3+600 6 2.71 36.1 63.9 29.1 23.5 57 27 211 785 637  0.018 12.9 1.96 44
9+300 10 2.78 35.0 65.0 30.4 25.7 56 25 2,09 757 642  0.015 13.0 1.99 37
10+000 6 2.70 31.8 68.2 27.8 23.7 51 21 217 587 505  0.011 12.3 1.99 31
11+000 10 2.71 41.7 58.3 335 29.0 55 24 196 814 708  0.014 12.6 1.97 30
12+500 12 2.75 342 65.8 26.2 21.8 54 25 218 661 556  0.014 10.9 2.06 42
14+800 12 2.74 31.1 68.9 26.4 21.8 53 23 221 602 502 0.013 12.4 1.98 33
15+900 2.75 345 65.5 28.6 23.1 60 29 214 813 659  0.020 11.2 2.03 33
18+400 2.78 429 57.1 34.1 26.4 57 27 197 924 719  0.017 10.3 2.10 23
20+350 2.79 47.8 52.2 37.8 29.1 62 31 1.85 1169 905  0.023 14.0 1.96 37
234200 10 2.61 43.7 56.3 34.8 26.2 60 30 195 1035 785 0.022 11.7 1.95 31
25+025 12 2.73 30.1 69.9 23.0 17.8 57 26 229 610 474  0.017 114 2.02 29
26+250 2.75 34.8 65.2 26.8 19.8 56 25 219 698 522 0.016 11.6 2.04 22
27+700 2.81 324 67.6 26.4 21.2 60 29 220 785 631 0.022 12.8 2.02 31
28+625 2.79 34.0 66.0 28.3 22.6 56 28 215 782 627  0.019 11.6 2.05 28
31+150 15 2.64 31.3 68.7 24.9 19.6 53 24 224 594 471 0.013 11.9 1.96 40
34+475 2.77 23.9 76.2 21.7 18.2 54 23 236 503 422 0.013 13.7 1.97 30
38+800 2.83 27.6 72.4 25.5 23.4 62 30 223 776 713 0.023 13.6 2.00 24
39+700 2.69 47.2 52.8 40.7 354 50 21 1.77 888 783  0.010 13.5 1.93 20
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Table 2 Values of statistical variables of the studied lateritic gravels

Sta?istical vs . <2 mm >2 mm <425pm  <75pum LL PI Gm Pm Pp e OMC MDD3 CBR
variables (g/em’) (%) (%) (%) (%) %) (%) (%) (g/cm’) (%)
Min 2.40 14.6 0.6 12.3 7.3 39 16 0.54 274 173 0.002 7.7 1.62 12
X 2.73 353 64.7 28.6 234 55 25 2.13 732 600  0.016 12.2 2.00 34
Max 3.00 99.4 85.4 84.6 64.0 68 36 2.63 2639 2058 0.034 22.2 2.16 94
T 0.11 12.2 12.2 10.2 8.7 5 4 0.31 318 259  0.006 2.0 0.09 13
X+£1t 77 74 74 77 76 67 64 76 79 77 71 81 77 13
X+21 100 98 98 98 97 97 96 98 98 98 99 96 98 96
Cv 4 35 19 36 37 10 16 14 43 43 36 17 5 39
Min = Minimum value. X= Average. Max = Maximum value. t = Standard deviation. Cv = Coefficient of variation
Table 3 Eigenvalue, variability, and cumulative percentages of component variability
F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13
Eigenvalue 7.68 2.92 1.28 0.94 0.91 0.12 0.05 0.04 0.02 0.02 0.01 0.00 0.00
Variability (%) 54.84  20.87 9.17 6.73 6.52 0.84 0.37 0.29 0.17 0.13 0.07 0.00 0.00
Cumulative % 54.84  75.70 84.87 91.61 98.12 98.96 99.33 99.63 99.80 99.93 100.00  100.00  100.00
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545 Table 4 Squared cosines of the measured variables

F1 F2 F3
vs 0.046 0.029 0.727
<2 mm 0.875 0.049 0.015
>2 mm 0.875 0.049 0.015
<425 pm 0.926 0.042 0.014
<75 pm 0.882 0.052 0.017
LL 0.121 0.840 0.007
PI 0.121 0.862 0.002
Gm 0.923 0.049 0.016
Pm 0.937 0.030 0.008
Pp 0.940 0.025 0.011
€S 0.122 0.844 0.003
OoMC 0.402 0.013 0.006
MDD 0.423 0.037 0.393
CBR 0.085 0.001 0.049

546 Values in bold correspond for each variable to the factor for which the squared cosine is the largest



547 Table 5 Metric results of the machine learning tests conducted in this study

Particle size distribution

parameters Plasticity parameters Derived parameters Compaction parameters
Model MSE RMSE MAE R? MSE RMSE MAE R? MSE RMSE MAE R? MSE RMSE MAE R?
Multiple
Linear 143.8 119 9.7 0.10 1532 121 102 0.03 141.6 119 9.8 0.09 146.1 12.1  10.0 0.07
Regressions
Ridge
. 141 11.8 9.6 0.09 1499 122 10.1 0.05 1424 11.8 99 0.09 146.3 12.1 10.02 0.07
Regressions
Random
Forest 214 4.6 3.8  0.87 87.5 9.8 7.2 0.44 232 4.8 3.8 0.85 253 5.1 39 084
Regressions
Support
Vector 7.9 2.8 0.7 094 162.5 12.7 99 0.03 8.1 2.8 0.7 094 146.8 12.03 10.1 0.08
Regressions

548 MSE: Mean Squared Error; RMSE: Root Mean Square Error; MAE; Mean Absolute Error; R2: Coefficient of Determination
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