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Compressed Earth Blocks (CEB) are an interesting alternative to conventional masonry units. They are unfired
and provide a thermal comfort in the constructions. However, their compressive strength needs to be assessed to
ensure a mechanical stability. The latter depends on the soil variability, as well as several manufacturing pa-
rameters such as water content, compaction pressure, stabilizer type and proportion. This is challenging as it
requires time and effort to adapt the parameters to achieve satisfactory results. In this study, machine learning

classification models were trained using historical data for predicting CEB compressive strength. Voting Classifier
(VC) provided the highest performance with an accuracy of 78 %. SHapley Additive exPlanations (SHAP) were
used to identify and prioritize the features in the model’s decision-making process. The compaction pressure and
soil granularity were the most decisive parameters. VC was also tested to assess the compressive strength of
sediment-based CEB manufactured at the laboratory scale.

1. Introduction

In the context of the ecological transition, the construction sector is
facing an environmental challenge and seeks alternatives to cementi-
tious materials that have an important carbon footprint. Earth con-
structions are an interesting option that existed since ancient times and
more than a third of the world’s population live today in such con-
structions [1].

Among different types of earth constructions, CEB emerged in the
20th century [2] and are currently gaining momentum. Their fabrication
process is simple and does not require firing of the blocks at elevated
temperatures. They are recyclable [3] and provide interesting hygro-
thermal properties. CEB absorb ten times more humidity than fired
blocks [4] and reduce the CO, emissions as demonstrated by Morton
etal. [5]. They are a mixture of soil, water, and in some cases, stabilizers
compacted into a mold. Soil extracted locally or dredged sediments can
be used and thus can have very variable properties depending on the
location of extraction [6,7]. Dredged sediments could present spatial
and temporal variability since they are deposits of transported insoluble
materials issued from the natural environment and surrounding human
activity and discharges. Therefore, the reuse of such materials is

challenging and requires testing as their properties are variable and the
resulting CEB performance is not promised. Nassar et al. [6] considered
eight locations on the Arcachon Bay in France to investigate the sedi-
ments’ properties for their reuse in CEB and found different textures for
the same bay. Belayali et al. [8] also used dredged sediments for the
fabrication of CEB. Serbah et al. [9] valorized sediments in CEB but had
to add sand to adapt their granulometry to the recommended ranges
[10]. These ranges are for guidance and not an obligation. Nagaraj et al.
[11] explored using the soil in its natural texture and adapting the sta-
bilization with lime and cement to reach the required performance.
Experimental testing requires time, costs money and is a waste of ma-
terial. In addition, the optimization is not evident due to numerous
influencing parameters and complex relations.

Compressed Earth Blocks may be viewed as complex systems with
intra/inter interactions between individual components (sediments,
sand, stabilizing ...) at various levels. The uncertain environments such
as soil variability, lack of knowledge about physicochemical in-
teractions, etc. determine the emergent functionalities and properties of
CEB. Tackling this complexity through interdisciplinary fields (artificial
intelligence, civil engineering) could improve our grasp of the system,
and provide a more robust and efficient way to analyze the mechanical
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performance of CEB. To this end, supervised machine learning (a subset
of artificial intelligence) proposes a set of data-driven methods and al-
gorithms for making predictions or inferences on new data from his-
torical data. It involves training the machine-learning model using a
known dataset with inputs A (e.g. the quantities of components) and
outcomes B (e.g. compressive strength). The model identifies an opti-
mized pathway between the points A and B. This approach has been
adopted by several researchers in the construction and materials fields
using several machine learning models adapted to their database. In
fact, many models were developed by artificial intelligence (AI) and the
choice depends on the type of problem and its complexity as demon-
strated by Mohtasham Moein et al. [12] who conducted a review of
various models for predicting the mechanical performance of concrete.
Tran [13] predicted the compressive strength of stabilized sediments
using artificial neural networks (ANN) and Moghrabi et al. [14] assessed
the mechanical performance of sediments by using the regression model.
As for Ozsagir et al. [15], they used seven different algorithms to predict
the soil liquefaction. In their case, the decision tree outperformed the
other models used such as ANN, support vector machines (SVM), logistic
regression and random forest (RF). The comparison of several models
could help select the best performing one. Hilloulin and Tran [16] also
employed this approach, comparing four machine learning algorithms to
estimate the autogenous shrinkage of concrete. They emphasized the
impact of the hyperparameters assigned to the models, which therefore
need to be optimized for a better performance.

Machine learning algorithms may be often complex and the need for
transparency and interpretability in these models becomes paramount.
Explainability in machine learning refers to the ability to understand
and interpret the decisions made by a model. Unlike sensitivity analysis
that evaluates the robustness and reliability of models by examining the
effects of input variations on outputs, explainability focuses on
explaining predictions in machine learning models. Explainability thus
allows stakeholders, including data scientists, domain experts, and end-
users, to comprehend why a particular decision or prediction was made
by the model. It provides insights into the features or factors that
influenced the model’s output, thus building trust and facilitating
informed decision-making. There are various techniques and ap-
proaches to achieve explainability in machine learning models. These
include feature importance analysis [17], which identifies the most
influential features in the model’s decision-making process, and
model-agnostic methods which generate local explanations for individ-
ual predictions [18].

In the frame of this study, the objective is to optimize the CEB mix
design by understanding the relations between the fabrication parame-
ters and predicting the mechanical performance of the block, particu-
larly its dry compressive strength. Despite the advancements of research,
there remains a gap in comprehending this interplay between the pa-
rameters and estimating the resulting strength.

The primary objective of the paper is to explore supervised machine
learning techniques to predict the dry compressive strength of CEB from
a dataset collected from the literature. The machine learning model will
be a useful tool to combine all the affecting parameters and help in
decision making. Classification models have been considered in this
study and the predicted class is an indicator of the suitability of the CEB
for the intended use. The secondary objective is to evaluate the extent to
which the predictive model can assess the compressive strength of earth
brick mixes made of sediments from Arcachon Bay, in the southwest of
France, that were also mechanically tested in the laboratory. While the
predictive performance of the model is crucial, the ultimate objective is
to provide explanations for the predictions made by the best-performing
machine learning model. This entails understanding and identifying the
most important and influential features of the model that contribute to
accurate predictions. The goal is to be able to assist and optimize the
mixture without the necessity of conducting a large-scale experimental
campaign to achieve the desired CEB properties.

Compared to existing research, this work aims to provide a generic

approach that covers numerous mix designs, such as stabilized and
unstabilized CEB. It doesn’t focus on an isolated aspect nor merely test a
single algorithm for validation; rather it aims to comprehend the re-
lations between the parameters and test the reliability through labora-
tory experimentation. The choice of the parameters considers the
different aspects of the fabrication process unlike some previous works
that focus commonly on the raw materials as features, or even on other
testing methods (e.g. nondestructive testing) that would require addi-
tional experiments. In this study, importance is given to the under-
standing of the results which may be briefly or not discussed in previous
works.

2. Materials and methods
2.1. Dataset

2.1.1. Feature selection and data collection

When selecting a construction material, various characteristics are
examined to guarantee the safety and comfort of the occupants. For
instance, the material needs to be assessed on its physical, mechanical,
thermal performance and durability. Fig. 1 shows some of the main
properties studied for CEB and their prevalence in research. A literature
review identified scientific articles investigating the experimental
characterization of CEB by using the following query in databases, Sci-
enceDirect and Web of Science: Title-abs-key: Compressed earth blocks.
The performed experiments were noted and it emerges that the
compressive strength is the most studied property, with 80 % of the
papers focusing on it.

This was observed as well by Turco et al. [19] in their review that
also included other characterizations of the material. It seems relevant
since the compressive strength is an indicator of the quality of CEB
(Morel et al., 2007) that are also intended to be used for masonry walls
where mechanical stability is needed. Therefore, as a first approach,
focus will be given to the mechanical performance of the block, partic-
ularly the dry compressive strength at 28 days.

This strength is affected not only by the composition of the CEB but
also by the manufacturing process and storage conditions. The software
VOS Viewer was used to analyze the keywords occurrence in all articles
related to compressed earth blocks. The compressive strength was
indeed a recurrent term, as the keywords visualized with bigger nodes
are more frequently found. Fig. 2 shows the resulting network with a
focus on the keywords connected strictly to the compressive strength
which included some mix parameters such as the soil classification, the
microstructure, the stabilization, and stabilizers such as cement. Indeed,
Houben et Boubekeur [10] provide recommendations on the particle
size distribution and plasticity of the soil to achieve a satisfactory me-
chanical performance. Moreover, increasing the compaction pressure
and stabilizer content can improve strength [20,21,22]. In addition, the
amount of water is optimized, by Proctor tests [23] in case of dynamic
compaction or through static compaction [1,24], to increase the block’s
density and therefore its performance [23].

The relationship between these parameters is complex, and it is
difficult to predict their final impact on the compressive strength.
Therefore, experimental results from the literature were collected to
build a database.

In particular, the focus is on the manufacturing conditions and their
impact on the CEB compressive strength (denoted Rc). The selected
parameters include the soil properties, the mixture, and the
manufacturing conditions, i.e., sand, silt, and clay percentages in the
soil, plasticity index (denoted PI) and liquid limit (denoted LL) of the
fine fraction, the water content of the mixture, the type and percentage
of stabilizer, and the compaction pressure (denoted CP). The hydraulic
binders were considered in this study. The most commonly used are
cement and lime. Other parameters, such as organic matter content,
methylene blue value, or density, which also have an impact on the
performance, can be added, as well as the effect of other types of
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Fig. 2. Relationship of keywords in CEB related documents of Scopus and ScienceDirect.

additives and binders. However, these were not considered in this study
due to data limitations. The collected database comprises a total of 276
data points with the above specified nine parameters in addition to the
resulting compressive strength of the block. Table 1 shows an extract of
the dataset.

2.1.2. Data discretization

The compressive strength was discretized into representative in-
tervals using expert judgement. Classification of values was chosen as it
was deemed more appropriate for the prediction of the compressive
strength, which can exhibit slight variability for identical mixes. Thus,
the intervals are more judicious to account for this variability and the
potential standard deviation. Furthermore, it is common to label blocks
with a strength class since the standard XP P13-901 [29] (relative to
CEB) also categorized CEB into six classes based on compressive strength
intervals.

The chosen intervals in this study are reported in Table 2. The values,
varying between 0 and 8 MPa, were divided into four intervals enabling

Table 2
Discretized Intervals of compressive strength.

Rc (MPa) [0;2[ [2;4[ [4;6( [6;8]

the evolution of the strength to be tracked as accurately as possible.
According to Van Damm & Houben, the average compressive strength of
unstabilized CEB vary between 1 and 7 MPa [30]. Note that, CEB
belonging to the interval [0;2[ may not present a sufficient strength
according to the minimum strength requirements of some normative
documents [31].

2.1.3. Data pre-processing

Data pre-processing is a step that precedes the feeding of the created
model with the collected dataset. This step is crucial as it enhances the
quality of the data and therefore improves the performance of the model
itself [32]. The data was reviewed to remove entries with missing values
associated with the parameters, in addition to outliers by using the

Table 1
5 out of 276 mixes of the dataset.
Authors Sand (%) Silt (%) Clay (%) PI (%) LL (%) Water (%) Cement (%) Lime (%) CP (MPa) Rc (MPa)
[25] 48.0 3.8 26.2 10.1 27 14.2 0 3 4.4 3.25
[26] 48.4 10.1 5.4 16.7 50.5 27.9 0 0 3.5 1.36
[27] 25.0 50.0 25.0 16 38 20.0 0 0 3.5 2
[1] 40.0 20.0 25.0 8 81 47.0 0 0 3 1.00
[28] 53.3 28.2 17.0 12 44.3 18.2 4 0 4 4.24




interpercentile range method. It was also normalized as explained
below.

In fact, data standardization has been performed. It consists of
scaling the data of the different parameters in order to ensure that fea-
tures are comparable and have similar scales. The importance of this
step has been studied by several authors and for different algorithms
[32,33]. In this paper, each data point is subtracted by the mean of its
respective variable, and then divided by the standard deviation of that
variable.

This standardization process may improve the performance and
convergence of many machine learning algorithms.

2.2. Classification models

Eight different supervised machine learning models were tested for
the prediction of the compressive strength of CEB.

2.2.1. K-nearest neighbors (KNN)

KNN is a distance-based classifier well suited for various applica-
tions, especially when the dataset is small. It was used by Beskopylny
et al. [34] for the prediction of concrete strength and for material
classification by Fernando and Marshall [35]. It assumes greater simi-
larity between two points as their distance decreases, indicating that
similar data points typically belong to the same class. KNN differs from
other classifiers in that during the "fit" step, KNN stores all the training
data and corresponding labels without calculating distances. Instead, all
computations are performed during the "predict" phase. For each point
where a class prediction is conducted, KNN identifies its K closest
neighbors in the training set based on a chosen distance metric, such as
Euclidean distance. Then, KNN assigns to this data point the class that
has the most frequent occurrence among these K neighbors. The selec-
tion of K may affect the model’s performance, and there isn’t a specific
method for determining its optimal value. However, a general recom-
mendation is to avoid extremely low values that could lead to inaccur-
acies due to noise and outliers. Instead, consider selecting an odd
number for K to break ties when needed. It’s also widespread practice to
try different values within a reasonable range and evaluate their effect
on the model’s accuracy through cross-validation techniques.

2.2.2. Random forest (RF)

Random Forest [36] is an extension of decision trees. It consists in (1)
building many decision trees from many smaller datasets randomly
sampled from the original training dataset; (2) getting predictions from
each tree and (3) obtaining the most frequent predicted class winning
the vote. The random forest (RF) algorithm relies on various hyper-
parameters that require user specification. These include for instance the
number of observations randomly selected for each tree, the number of
variables chosen randomly for each split, the specific splitting rule
employed, the minimum number of samples required within a node, and
the total number of trees in the forest, etc. According to the literature
[37], the most important influence parameter concerns the number of
variables considered as candidate splitting variables at each split. A high
number of trees may generally improve performance avoiding over-
fitting [36]. Although the number of used data for building each tree and
the minimum number of data associated with leaf nodes have less in-
fluence, they are worth tuning in many cases. RF is very user-friendly
because it is mainly controlled by two parameters namely the number
of variables in the random subset at each node and the number of trees in
the forest. Anysz et al. [17] used RF in the prediction of the compressive
strength of rammed earth. RF also showed good accuracy in predicting
compressive strength of concrete according to Shaqadan [38].

2.2.3. Support vector machine (SVM)

The SVM algorithm [39,40] tries to find a separating optimal hy-
perplane dividing the input space between classes that maximizes the
distance between this hyperplane and the closest data from each class.

SVM can handle non-linear datasets by changing its dimensionality to
higher dimensionality by using a kernel function as radial basis function,
quadratic, sigmoid kernel and Polynomial kernel. In the case of
non-linearly separable cases, the notion of soft margin is introduced
through a degree of tolerance which consists in finding the optimal
decision boundary by tolerating misclassified data. This degree is known
as the regularization parameter controlling the trade-off between
maximizing the distance between both classes and minimizing training
errors. That means that if the regularization parameter is low, the SVM
algorithm focuses more on finding a simple decision boundary that
separates classes reasonably well, even if it means making some mis-
takes on the training data. On the other hand, if the regularization
parameter is high the SVM algorithm focus on each individual training
data, being able to lead a more complex decision boundary that may
lead to over fitting. The performance of SVM algorithm is mainly
determined by these two parameters. SVM was used by Tanyildizi [41]
to estimate the compressive and flexural strength of carbon
fiber-reinforced lightweight concrete. Omran et al. [42] also used SVM,
among other algorithms, to predict the compressive strength of an
alternative type of concrete.

2.2.4. Artificial neural network (ANN)

There are mainly three types of Artificial Neural Networks: feedfor-
ward, feedback, and graph. A specific type of feed-forward neural
network is considered in this paper known as Multi-layer Perceptron. Its
structure includes three types of layers: (1) the input layer containing
neurons which receive the training data; (2) the hidden layer composed
of one or more sub-layers containing neurons performing mathematical
transformations on the data and (3) the output layer given the results of
the classification. Data flows in the forward direction from input layers,
through hidden layer and to the output layer. Each neuron in one layer is
directly connected to the neurons of the previous layer through an
activation function. This function computes a weighted sum of neurons
from the previous layer, adds a bias, and applies a non-linear function to
generate the output signal. Training the MLP consists in finding the set
of weights and biases for the network that minimizes a loss function
using optimization solvers. MLP training is mainly controlled by the
choice of (1) the number of hidden layers, (2) the number of neurons in
each hidden layer, (3) the activation functions (e.g. rectified linear,
sigmoid, hyperbolic, ...) and (4) the optimizer algorithms (e.g. sto-
chastic gradient descent, swarm particle optimization, evolutionary al-
gorithms, ...) [43,44,45]. For instance, a high number of hidden layers
and neurons per layer may lead to a risk of overfitting. ANN model was
widely used in the literature, for example for a soil classification [46] or
the prediction of the compressive strength of concrete [47,48] and
others applications.

2.2.5. Gaussian naive Bayes (GNB)

The gaussian naive bayes model is a statistical approach that is based
on the Bayes’ theorem and the “naive” assumption of conditional in-
dependence [49]. Naive Bayes assumption assumes that all features are
conditionally independent given the class label. GNB model assumes
that each feature within each class follows a Gaussian distribution.
Unlike previous models, GNB model doesn’t involve iteratively adjust-
ing parameters to minimize an error function. Training a GNB model
consists in calculating (1) the probability distribution associated with
class labels, (2) the means and the standard deviations of Gaussian
distributions associated with features within each class from the dataset.
By using the Bayes’ theorem and the naive independence assumption,
GNB model estimates the most likelihood class label given the features of
the new data point. Among other applications, it was used for damage
detection in engineering materials [50] or even to predict the
compressive strength of ultra-high-performance concrete [51].



2.2.6. Boosting algorithms (Adaptive boosting and extreme gradient
boosting)

Boosting algorithms work by combining multiple weak learning
models to create a strong learning model that makes more accurate
predictions. Adaptative boosting, Gradient Boosting and XGBoost algo-
rithms [52,53] are the most popular boosting algorithms. Adaptative
boosting algorithms construct a sequence of weak classifiers. Each
classifier attempts to correct the errors of the previous classifiers by
focusing on the misclassified examples and increasing their weights in
the training set. This allows the next classifiers to focus more on these
misclassified points. Each weak classifier is assigned a weight that de-
pends on its performance on the training dataset. Finally, these weak
classifiers are combined in a weighted manner to form a strong model.
By sequentially combining weak classifiers in this way, AdaBoost forms
a strong model capable of making accurate predictions on new exam-
ples, with particular attention to difficult examples. Gradient boosting
relies on the same principle using only decision trees as base learners,
but it focuses on minimizing a loss function of the previous ensemble.
Each new learner is trained to predict the residuals (errors) of the
ensemble, effectively correcting the mistakes made by the previous
models. XGBoost is an extension of Gradient boosting. These boosting
algorithms were previously used in the construction field to predict, for
example, the autogenous shrinkage of concrete [16] or the compressive
strength of self-compacting concrete [54].

2.2.7. Voting classifier (VC)

A voting classifier combines the predictions of multiple individual
learning models to make a final prediction. It is mainly controlled by the
number and the choice of learning models and the voting strategy. The
voting strategy may either consist of choosing the class label that re-
ceives the most votes (hard voting) among the learning models or
weighting the votes of different models based on their performance (soft
voting). For example, it was used by Son et al. [55] to detect construc-
tion materials and showed good accuracy compared to single classifiers.

As depicted, each model has its own approach to assess the data and
make the predictions. However, they might not be performant on all
types of data [56] and they have their advantages and disadvantages
[57]. For example, the KNN approach is non-parametric; it is based on
identifying the closest neighbors without an assumption on the data
distribution. Hence, it will dominate other algorithms when the data is
nonlinear [58]. Furthermore, GNB assumes that the features are inde-
pendent and can perform poorly when the data is highly correlated. As
for the SVM, it can be slow when dealing with complex data [57].
Therefore, the performance of an algorithm is data dependent, and the
eight proposed models are tested in this study to find the most accurate
and efficient one for the collected dataset.

2.3. Performance metrics

There are many global and per-class metrics to assess the perfor-
mance of multiclass classification models [59,60]. Table 3 summarizes
the different metrics. Accuracy is frequently assessed, and it is the ratio
of the correct predictions to the total number of predictions. Precision

Table 3
Assessment metrics.

Assessment
Metrics

Meaning

Global Accuracy
Macro F1-score
Micro F1-score

Proportion of correctly classified data points

Averages of the F1-scores calculated for each class

A weighted average of the F1 scores calculated for each class
according to the number of data points belonging to each class
Proportion of correctly classified data points per class
Proportion of correctly identified data point by the model per
class

The harmonic mean of precision and recall per class

Precision per class
Recall per class

F1-score per class

concentrates on positive predictions, serving as an indicator to minimize
false positive estimates. Recall emphasizes false negatives that were
inaccurately classified as belonging to another class. Furthermore, the
F1-score is the harmonic mean of the precision and the recall. F1-score
allows quantifying the model’s ability to correctly classify observations
while minimizing the errors of incorrectly predicting that an observation
(1) belongs to a given class when, in reality, it does not belong to that
class and (2) does not belong to a given class when, in reality, it does
belong to that class. A higher Fl-score signifies better overall model
performance [60].

3. Results and discussion

The Scikit-learn [61]. environment was used to generate classifica-
tion models. The hyper-parameters were tuned by using the GridSearch
method [61], in which all possible combinations of given discrete
parameter spaces are evaluated. Table 4 summarizes the main hyper-
parameters of each training model. The performance of the models was
assessed through a "leave-one-out" cross-validation [62]. which is
beneficial and efficient for small dataset. It consists of removing one data
point at a time from the database to test the model prediction for the
excluded point.

3.1. Validation

Table 5 shows the results of the assessment metrics of the eight
models. These metrics provide insights of various aspects of the per-
formance, and some might be more relevant in specific scenarios. Ac-
curacy is commonly used but is not very representative when the data is
imbalanced. As for the Fl-score, it balances the precision and recall
values that focus on false positive and false negative, respectively. The
voting classifier achieved the best accuracy and F1-score and relatively
high precision and recall. VC thus provided the highest performance
among model and predicted compressive strength with a classification
accuracy of 78 %.

Table 6 displays the confusion matrix proposing a visualization tool
displaying how often the model correctly classified and incorrectly
classified data points for each class. For example, out of 45 predicted
values of the class [4,6[, 28 actually come from the class [4,6[, 14 come
from the class [2,4[and 3 from the class [6,8[, which means that the
model is 62 % reliable when it predicts the class [4,6[(see the grey
column in Table 6).

3.2. Feature importance analysis and local explanations

Both feature importance analysis and model-agnostic methods for
local explanations are complementary useful approaches to better un-
derstand machine learning models. While feature importance analysis
focus on the understanding of the global behavior of models helping to
identify the most influential variables; model-agnostic methods focus on

Table 4
Optimized hyper-parameters by the GridSearch method.

Models Optimized Parameters
KNN # neighbors = 6
RF # trees = 56
# splitting variables = 3
SVM Regularization parameter = 87
Kernel = Radial basis function
MLP # hidden layers = 3

#number of neurons in each hidden layer =(15,10,5)
activation functions = rectified linear
optimizer algorithms = stochastic gradient

GNB e.g. (Sand|Rc=[0,2[) = Normal(32.42,23.86)

Adaboost Classifier = Decision tree
# boosting rounds = 50
XGBoost # boosting rounds = 35




Table 5

Results of performance measures.
Models Accuracy  Average Average Macro F1-

Precision Recall score

KNN 0.73 0.76 0.59 0.64
RF 0.78 0.73 0.69 0.71
SVM 0.71 0.64 0.62 0.63
MLP 0.72 0.58 0.53 0.54
GNB 0.55 0.42 0.54 0.37
Adaboost  0.76 0.69 0.71 0.7
XGBoost 0.76 0.68 0.65 0.66
vC 0.78 0.75 0.7 0.72

individual predictions offering justifications for the model’s decisions on
specific instances. SHapley Additive exPlanation (SHAP) values may be
both used in these two contexts regardless of the model type to explain
how much each variable contributes to a prediction and thus to verify
the consistency with the expert knowledge of the domain [63]. The
SHapley Additive exPlanations (SHAP) Python library ([64]; version
0.44.1) was used to interpret the voting classifier.

Fig. 3 displays the variables ordered by how much they influenced
the model’s prediction according to the average of the absolute SHAP
value of each variable. They are divided into categories according to the
colors (red: raw material-dependent; blue: processing variables; green:
treatment variables). Globally, it can be seen that the three categories
are influential and are represented in the top three. This proves their
relevant influence and that the compressive strength indeed depends on
various decisive parameters, not only on the raw material-dependent
variables, as discussed previously.

The rate of silt is the most important feature, followed by the
compaction pressure, cement, sand, etc. Indeed, the soil texture is an
important factor. The sand and silt are among the most decisive pa-
rameters and serve as the structural framework of the soil. The silt can
provide cohesion and sand adds strength to the CEB. Furthermore, the
cementation of the soil is more efficient in the presence of sand. As for
the lime, it has better action on clayey soils with high water content
[10].

However, the soil used for the fabrication of CEB tends to have low
clay fractions. In this analysis the percentage of clay is not playing an
important role. It is definitely decisive and affects the soil texture as
stated before, in addition to being an active phase. Other related pa-
rameters such as the blue methylene value and the activity need to be
specified when dealing with clay fractions. Moreover, the compaction
pressure turned out to be an important factor. In fact, it is considered as a
mechanical stabilization as it reduces porosity and results in more
resistant CEB [10].

Fig. 4 displays the SHAP values for each prediction and variable.
While red point means higher value of a variable, blue point means
lower value. The magnitude of the SHAP value represents the strength of
the effect the variable has on the prediction. A value closer to zero in-
dicates a weaker influence on the prediction, regardless of its positive or
negative sign. Higher distribution of SHAP values (i.e concentrated dots)
implies a more consistent impact of the variable on the predictions of
model. For instance, low percentage of Cement generates negative SHAP

values on the compressive strength of CEB meaning that a lower per-
centage of Cement leads to a lower predicted compressive strength.
Fig. 4 shows that a higher (resp. a lower) compaction pressure leads to a
higher (resp. a lower) predicted compressive strength. This is expected
since a higher compression strength leads to reducing the porosity and
increasing the density of the blocks which results in higher compressive
strength [22].

The concentration of the CP’s negative SHAP values contrary to the
CP’s scattered positive SHAP values suggests that the model gives more
robust predictions for lower CP than higher CP. The same tendencies are
observed for the cement. Indeed, increasing the cement ratio helps
achieve better compressive strength results. However, the predictions
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Fig. 3. Global importance of variables averaging the absolute value of the Shap
values (red: raw material-dependent; blue: processing variables; green: treat-
ment variables).
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Table 6
Confusion Matrix of VC model.
Predicted compressive strength (MPa)
[02[ [2 ;4] [4;6[ [6:8]
[0:2] 136 10 0 0
Raw compressive [2:4] 11 45 14 0
strength (MPa) [4 ;6] 2 18 28 1
[6:8] 0 1 3 7




were more accurate for lower cement addition as the concentrated blue
points correspond to negative SHAP values.

The concentration of PL’s, LL’s, Water’s, Lime’s and Clay’s SHAP
values around zero indicates that these variables have a weak influence
on the model’s prediction.

Fig. 5 displays the decision plots for two samples of the dataset. The
x-axis represents the model’s output (i.e. predicted compressive strength
classes). Each line represents the cumulative SHAP value (i.e. the cu-
mulative impact of variables) for a single data point in the dataset.
Starting from the average prediction of the model (which is not relevant
in this case as we’re only focusing on classes) without considering any
variable, each line moves on the left (resp. on the right) when variable
negatively (resp. positively) influences the compressive strength pre-
diction. The end point of the line represents the final prediction made by
the model. Each value in parentheses represents the values taken by the
variables for the sample.

For instance, Fig. 5, on the left, shows that the model determined that
asilt rate of 55 % (corresponding to a high concentration), a compaction
pressure of 0.6 MPa (corresponding to a low pressure) and a sand rate of
28.25 % (corresponding to a low rate) negatively influence the predic-
tion of compressive strength. This sample confirms the previous global
result where high silt concentration and low compaction pressure lead to
low compressive strength, i.e. the class [0,2[. Conversely, Fig. 5 (on the
right) shows that the model determined a water rate of 10 % (corre-
sponding to a low concentration), a compaction pressure of 8.3 MPa
(corresponding to a high pressure) and a sand rate of 60 % (corre-
sponding to a high rate) positively influence the prediction of
compressive strength, i.e. the class [6,8[. It can be noted that the silt rate
(26 %) has a weak influence, which contradicts the previous global re-
sults. This can be explained by the fact that for low silt rate, the model is
not very influenced, as suggested by the blue dot scatter plot in Fig. 4.
These results suggest that the predictive model will be more robust for
high silt rate and low compaction pressure which may be explained by
the fact that the class [0,2[is overrepresented.

3.3. Reliability and versatility of the voting classifier

The aim of this section is to assess the robustness and the versatility
of the previous voting classifier faced with new data of CEB manufac-
tured and tested at the laboratory. The proposed mix design is an
example of many other possible mixes.

The CEB are not stabilized and are made from dredged sediments
collected from the Arcachon Bay in southwest France. The sediments are
characterized [65] by geotechnical tests and the following properties
were obtained: Sand (51 %), Silt (23 %), Clay (23 %), LL (36 %), PI

(10 %). The water content for the mixes is 18 %, determined by a static
compaction test [1,66]; it corresponds to the percentage achieving the
maximum CEB dry density in static compaction conditions.

The blocks were manufactured by using a press and applying a static
compaction pressure varying between 2 and 6 MPa. Hence, the mix
design of the CEB is the same and only the compaction pressure was
varied. A summary of the input parameters for the mixes is presented in
Table 7.

Three specimens were tested for each CP as shown in Table 8 along
with the results of the compressive strength test. As discussed in Section
2.1.2, aslight difference in the results is observed for the same mixtures
and it is actually more likely to have a variability when dealing with
sediments.

The VC classifier model is used to predict Rc for the mixes above.
Table 9 displays the prediction performance of the model when faced
with new mixes described in Table 7 without integrating them into the
training dataset versus a "leave-one-out" cross-validation that integrates
these experimental trials into the training data set. The total accuracy,
whether or not experimental trials are integrated into the training
dataset, remains unchanged at about 78 %. Table 9 shows that the class
[0;2[is accurately predicted, contrary to the mixes leading to the Rc class
[2;4[which are not predicted correctly.

In fact, the only varying parameter in the mixes is the compaction
pressure, which is being increased. As discussed in Section 3.2, the
scattered positive SHAP values of CP in Fig. 4 may indicate instability or
inconsistency in the model’s predictions, potentially reducing trust in
the model’s reliability and performance. That also means that the con-
figurations of the experimental trail mixes are poorly representative in
the training dataset. To improve this shortcoming, a "leave-one-out"
cross-validation is performed by integrating experimental trials into the
training data set. Table 9 shows the improvement in the prediction of the
compressive strength associated with the experimental trials.

The VC classifier, developed in this work seems to be promising to
assess the compressive strength of CEB made from any collected soil. The
data needs to be representative of all the classes of the different pa-
rameters to ensure a greater accuracy as seen in Table 9 for the
compaction pressure. This classifier appears to be an efficient tool and
data could be continuously enriched by the experimental results to cover
a wider range of values.

The AI model can provide a prediction of the compressive strength
class after precising all the input parameters specifying the soil prop-
erties, mix proportions and compaction pressure. Therefore, these pre-
dictions are a tool to guide the experiments and select the most
promising mixes. Paul et al. [67] reported Rc requirements according to
international standards and the most severe value is around 2 MPa.
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Fig. 5. SHAP decision plot: Explanation of the impact of variables for two samples of the dataset leading to the predicted compressive strength class [0,2[on the left
(reps. [6,8] on the right) where {0, 1, 2, 3} along x axis corresponds to the classes {[0,2[, [2,4[, [4,6[, [6,8]}.



Table 7
Input parameters of the mixes of CEB manufactured at the laboratory.

Sand Silt Clay LL P1 Water Cement Lime CP
51 % 23 % 23 % 36 % 10 % 18 % 0% 0% 2; 4 and 6 MPa
CRediT authorship contribution statement
Table 8

Results of the compressive strength test for the manufactured samples.

CP Sample Rc (MPa) Raw Rc Class
2 MPa 1 1.68 [0;2[
2 1.72 [0;2[
3 1.77 [0;2[
4 MPa 1 1.57 [0;2[
2 1.56 [0;2[
3 2.31 [2;4[
6 MPa 1 3.25 [2;4[
2 3.51 [2;4[
3 2.21 [2;4[
Table 9
Confusion Matrix of VC classifier for experimental data.
Predicted Predicted
compressive compressive
strength strength (MPa)
(MPa) with with the
only literature  training
training data dataset
set enriched with
experimental
data

[0;20  [2;4[ [0;20  [2;4[

Raw compressive strength (MPa) [0;2[ 5 0 5 0
[2;4] 4 0 1 3

Hence, the parameters can be fine-turned to reach at least an acceptable
compressive strength. Only the preselected CEB will therefore be man-
ufactured and tested.

4. Conclusion

CEB are masonry units made from a mixture of soil and water, with
or without stabilizers. They are unfired and their fabrication consists of
applying compaction pressure to the mix. These units are intended for
wall construction, so it is crucial to assess their compressive strength.
However, the variability of the soil can be challenging, as it implies the
adaptation of the rest of the parameters accordingly, to achieve satis-
factory results. In this article, a machine learning approach is proposed
to predict the compressive strength of CEB. Eight classification models
are used, and the Voting Classifier turned out to be the most performant
one for the database collected from the literature. The input parameters
are the soil’s granularity and plasticity, the water content, the percent-
age of hydraulic binders and the compaction pressure. A feature
importance study was conducted, revealing that the granularity and the
compaction pressure are the most influential factors. This VC model can
be used to predict the compressive strength of any CEB mix and serves as
a tool to help in decision-making. Furthermore, CEB were manufactured
in the laboratory and their compressive strength was predicted by the
VC algorithm. These predictions were compared to the results of the
compression destructive test. Some limitations are observed for high
compaction pressure that are not quite present in the database. There-
fore, the latter will be extended to cover more mixes. Also, more features
shall be added to improve the accuracy such as methylene blue value,
clay activity, organic matter content, and other stabilizers such as acti-
vators for geopolymerization.
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