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ABSTRACT
Microbially induced carbonate precipitation (MICP) has emerged as a promising ground improvement technique, with MICP-
treated soils exhibiting substantial enhancements in strength. However, experimental results revealed significant variability
in strength outcomes of MICP-treated soils, even under identical treatment conditions and soil properties. This uncertainty
in strength is challenging to capture using traditional predictive approaches such as conventional constitutive models. The
present study leverages artificial intelligence to address the challenge by developing a Bayesian neural network (BNN) model
for predicting the strength of bio-cemented soils while considering uncertainty. A dataset comprising 480 experimental samples
was used to develop the model. The results indicate that carbonate content and confining pressure emerge as the most influential
factors governing the strength of bio-cemented soils. The BNN model exhibits lower uncertainty when predicting bio-cemented
soils with relatively low strength, while demonstrating higher uncertainty for soils with strength exceeding 2 MPa. Moreover,
micromechanical investigations using the discrete element method (DEM) reveal that multiscale factors, including crystal
distribution patterns, fabric and spatial heterogeneity of precipitates, contribute significantly to the strength uncertainty of bio-
cemented soils. The developed BNN model provides an alternative tool for predicting bio-cemented soil strength with quantified
reliability, facilitating the design of MICP treatment and its application in geotechnical engineering.

1 Introduction

To reinforce soils with poor mechanical properties, ground
improvement is essential. Soil bio-cementation via microbially
induced carbonate precipitation (MICP) has emerged as a promis-
ing solution for soil improvement. This method harnesses the
metabolic activities of microorganisms to precipitate calcium
carbonate within soil matrices, thereby improving soil strength.
In this biochemical process, urea, calcium chloride and bacterial
solution are needed as input solutions. The ureolytic bacteria,

such as Sporosarcina pasteurii, catalyse the hydrolysis of urea into
ammonium and carbonate ions. This leads to the precipitation
of calcium carbonate crystals in the presence of calcium ions.
Compared to the conventional ground improvement methods,
such as deep mixing and dynamic compaction, the MICP
method demonstrates several advantages, such as consuming
less energy [1] and causing less disturbance to the surrounding
infrastructures during the treatment [2]. Consequently,MICP has
been applied in various geotechnical engineering applications,
including foundation stabilisation, slope reinforcement, liquefac-
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tion mitigation, reinforcement of rock discontinuity [3–5], and
erosion control.

The mechanical strength of bio-cemented soils is a critical
parameter for assessing the effectiveness of MICP treatment.
Establishing a model to predict the strength of bio-cemented
soil is important for its potential applications in geotechnical
engineering. On the one hand, for a given treatment program
(e.g., the concentration of urea and calcium chloride solution),
the resulting strength can be estimated through awell-established
predicting model. On the other hand, for a target strength to be
achieved through MICP, the predicting model can be utilised to
fine-tune the treatment program.

In general, strength prediction for MICP-treated soils often con-
siders only a limited number of variables, such as calcite content.
For instance, Cheng et al. [6] established empirical correlations
linking the unconfined compressive strength to calcite content.
Gai and Sanchez [7] built a constitutive model in which calcite
content is used as the parameter describing mechanical improve-
ment. While these approaches provide a valuable foundation for
prediction, they fail to capture the full complexity of the multi-
physical bio-cementation process and its impact on soil strength.
Accurately predicting the strength of MICP-treated soils remains
challenging due to the complex interplay of various factors
influencing the bio-cementation process. A detailed review of the
influencing factors is presented in Section 2.

Recent advancements in machine learning (ML) techniques
have opened new avenues for developing more sophisticated
models for predicting soil properties. These sophisticated models
demonstrate the powerful predictive capabilities of ML methods.
To date, only a few studies have been conducted to predict the
strength of bio-cemented soils usingmachine learning.Wang and
Yin [8] used multi-expression programming (MEP) combined
with the Monte-Carlo (MC) method to predict the unconfined
compressive strength (UCS) of MICP-treated sands. Following
that, Nawaz et al. [9] compared different ML methods, includ-
ing Gaussian Process Regression (GPR), Adaptive Neuro Fuzzy
Inference System (ANFIS), Artificial Neural Network (ANN),
and Gene Expression Programming (GEP) in the performance of
predicting UCS of MICP-treated soils. Sangdeh et al. [10] used
ANN and ANFIS to predict both the carbonate content and UCS
of MICP-treated sands. Their ML models provide alternatives to
constitutive models for predicting the strength of bio-cemented
soils. Despite these advancements, current ML approaches for
predicting bio-cemented soil strength face several limitations.
Existing studies predominantly focused on predicting the uncon-
fined compressive strength, neglecting confined conditions, that
are crucial and commonly encountered in practical scenarios.
This limits the practical applicability of these models since most
soils experience complex stress states involving confinements.
Moreover, conventional ANNs provide deterministic predictions
without quantifying the uncertainties. However, this uncertainty
quantification is particularly crucial for MICP-treated soils, as
it was found that soil with identical physical properties (e.g.,
𝐷50, particle size distribution and 𝑒0) subjected to the same
treatment program can exhibit substantially different strength
improvements [11, 12]. Such variability suggests the necessity of
incorporating uncertainty quantification into predictive models
for bio-cemented soil strength. Consequently, there exists a

significant research gap in developing a predictivemodel that can
simultaneously predict confined strength and quantify associated
uncertainties for MICP-treated soils.

Bayesian Neural Networks (BNNs) offer a compelling solution
to address this limitation. Unlike traditional neural networks
that provide deterministic estimates, BNNs adopt a probabilistic
approach by treating model parameters as probability distri-
butions rather than fixed values, allowing for providing not
only predictions but also associated confidence intervals. Con-
sequently, Bayesian theory and BNN have been widely applied
in geotechnical applications [13–16]. Furthermore, BNNs incor-
porate prior knowledge into the model and are less prone to
overfitting, making them particularly suitable for the relatively
small datasets often available in bio-cementation research.

To this end, this study aims to develop a BNNmodel to predict the
strength of MICP-treated soils, with the following advancements
beyond current research:

1. A more comprehensive dataset has been constructed by
enriching the dataset from Wang and Yin [8] by 37% with
newly published data.

2. The confining pressure is taken into consideration, and hence
the model established in this study is able to predict the
strength of bio-cemented soil under confining stress.

3. BNN is employed to take into consideration the prediction
uncertainty.

4. A detailed discussion combined with discrete element
method (DEM) simulations is provided to understand the
potential physical mechanisms leading to the strength uncer-
tainty.

This study is organised as follows: Section 2 reviews the factors
influencing the mechanical properties of bio-cemented soils;
Section 3 introduces the database andmethods used in this study;
Section 4 presents the performance of the ANN and BNNmodels;
Section 5 discusses the potential physicalmechanisms underlying
the uncertainty; and Section 6 summarises the main conclusions
of this study and provides recommendations for future research.

2 Factors Affecting Bio-Cemented Soil Strength

To develop a neural network model for predicting the strength
of bio-cemented soils, it is crucial to first identify the potential
factors influencing soil strength. This section provides a concise
overview of how various factors affect soil strength, includ-
ing physical soil properties, stress state, solution concentration
parameters, and environmental variables such as pH and temper-
ature. More comprehensive reviews can refer to literature [8, 17,
18].

2.1 Cementation Concentration

The cementation concentration refers to the concentration of
urea and calcium chloride, which are the two main injected
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ingredients in MICP treatment as described in Equation (1).

CO(NH2)2 + Ca
2+ + 2H2O

bacteria
������→ 2NH

+
4 + CaCO3 ↓ (1)

Extensive studies have been conducted to investigate the effect of
cementation concentration on the outcomes of MICP treatment.
For instance, Al Qabany and Soga [19] used cementation solution
containing equimolar amount of urea and calcium chloride for
MICP treatment and found that a higher cementation concentra-
tion is more likely to result in precipitation of relatively larger
crystals. Xiao et al. [20] utilised microfluidic chips to study
the effect of CaCl2 on the homogeneity and quantity of crystal
growth. They found that CaCO3 grew faster and distributed
more uniformly along the width of the reaction microchannel,
given a relatively high CaCl2 concentration. In general, the
cementation concentration may affect the size and distribution
of the precipitated crystals in the pore space of soil and thus play
a role in the strength of bio-cemented soil.

2.2 Bacterial Strain

The bacterial strain injected into soil produces the urease enzyme,
which catalyses urea hydrolysis, while the bacterial cells them-
selves can serve as nucleation sites for crystal precipitation.
Bacterial concentration is typically quantified using optical den-
sity at 600 nmwavelength (𝑂𝐷600). Cheng et al. [21] demonstrated
that urease activity influences the distribution pattern of the
precipitated crystals: CaCO3 is majorly accumulated at the gaps
between sand grains for treatment with a low urease activity
(1.25 U/mL). By contrast, crystals are more likely to precipitate
on the sand grain surface in the case of higher urease activity.
They further pointed out that high urease activity increases
the saturation for crystal nucleation and growth, facilitating the
formation of metastable precursor minerals such as vaterite.
Dhami et al. [22] evaluated various bacterial isolates, such as
Bacillus megaterium, B. cereus, B. thuringiensis and B. subtilis
for MICP treatment, finding that different bacterial isolates
can produce distinct CaCO3 morphologies. Konstantinou et al.
[23] reported that lower urease activity yields more uniformly
cemented specimens.Wang et al. [24] found that bacterial density
can affect the precipitation rate as well as the number and size of
CaCO3 crystals. This evidence indicates that the bacterial strain
influences the strength of bio-cemented soil by affecting crystal
distribution and morphology.

2.3 pH

pH is a critical factor in the MICP process, influencing
metabolism, urease activity, calcium carbonate crystallisation,
and consequently the soil strength [21, 25]. Most urease-
producing bacteria used in MICP, such as Bacillus and
Sporosarcina, are well-suited for growth in alkaline
environments, with optimal growth typically occurring at
pH levels above 9.0 [26]. pH affects microbial cell membrane
permeability, which subsequently influences bacterial
metabolism. Higher pH environments generally promote faster
precipitation rates and yield smaller crystal sizes, while lower
pH conditions result in slower precipitation and larger crystals.

However, extremely high or low pH environments can inhibit
bacterial growth and significantly reduce MICP effectiveness.

2.4 Temperature

Temperature is another key factor influencing the MICP pro-
cess. By adjusting temperature, both urease activity and the
precipitation rate of CaCO3 can be modified, resulting in varying
MICP effectiveness. Based on the temperature dependence of
urease activity, Xiao et al. [27] developed a temperature-controlled
method and found that uniformity of calcite precipitation can
be achieved at approximately 6◦C, ensuring the homogeneous
distribution of bacteria–reagent mixture solutions in sand speci-
mens. Wang et al. [28] employed microfluidic chip experiments
to investigate temperature effects (varying from 4◦C–50◦C) on
MICP process, finding that low temperature (4◦C) did not reduce
urease activity but limited the final precipitation amount, while
also decreasing the bacterial growth and calcium carbonate
precipitation rate. By contrast, high temperature (50◦C) signifi-
cantly reduced urease activity. Cheng et al. [29] conducted MICP
treatment at three different temperatures (4◦C, 25◦C and 50◦C)
and reported that temperature significantly affects both size and
distribution of the precipitated crystals in the soil pore space. At
a high temperature of 50◦C, crystals tend to distribute over the
sand grain surface, with a typical size of 2–5 μm. Whereas at 25◦C,
crystals can be 10 times larger. These larger crystals were found
to cover the contact areas of sand grains, which can result in a
differentmechanical contribution compared to those precipitated
at the sand grain surface [30].

2.5 Soil Properties

The mechanical performance of bio-cemented soil depends not
only on the treatment program (e.g., bacterial and cementation
concentration, pH and temperature) but also on the intrinsic
properties of the soil. While different treatment programs yield
varying properties in bio-cemented soils, as discussed previously,
different soil types may respond differently to identical treatment
protocols. Influential soil properties include particle size, grada-
tion and relative density, as these characteristics determine the
pore space controlling bacterial transport. Fine particles such as
clay may impede the free flow of bacteria through pore-throats
[31]. However, larger particle sizes such as coarse sands may not
result in a high mechanical improvement, as soil packings with
coarse grains hold less grain contacts, which leads to the majority
of crystals coats on the surface of coarse particles rather than
the contact points as pointed out by Tang et al. [18], the crystals
in this coating pattern may show negligible contribution to the
overall strength improvement [30]. Consequently, an optimal
particle size range for MICP exists, typically between 50 μm and
10 mm as summarised by Wang and Yin [8], which allows for
sufficient bacterial mobility flow through the soil matrix while
maintaining enough precipitation sites that can effectively lead
to strength improvement.

2.6 Stress State

It is well established that the soil strength is stress-dependent.
While unconfined compressive strength (UCS) provides valuable
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FIGURE 1 Review of the relationship between peak strength, con-
fining pressure and calcite content. Data from literature [6, 11, 19, 27, 29,
32–49].

baseline measurements, the strength under confined condi-
tions can better represent in situ stress states encountered in
geotechnical engineering applications. The soil strength at a
certain confining pressure is commonly assessed by the drained
triaxial compression test. Xiao et al. [27] conducted a series of
drained triaxial compression tests on bio-cemented soils with
carbonate content ranging from 0% to approximately 5.1% under
confining pressure of 20 to 200 kPa. It was found that given
the same carbonate content, the gained strength varies with
the confining pressure, while not showing a clear trend. Nafisi
et al. [32] conducted drained triaxial compression tests on bio-
cemented soils using three different types of sands (Ottawa 2030,
Ottawa 5070 and Nevada sands) under 10, 100 and 400 kPa
of confining pressure, respectively. Their results indicated that
the contribution of cementation to shear strength was more
pronounced at a lower effective confining stress. With increasing
confining pressure, the enhancement of shear strength became
less significant. Such an effect of confining pressure varies
across different soil types, highlighting the complex interaction
between soil characteristics and stress conditions. These find-
ings demonstrate the important role of confining pressure in
determining the strength of bio-cemented soils. A comprehen-
sive review on the strength-confining pressure-calcite content
relationship is presented in Figure 1 (data is available in the
attachment), highlighting the complex interplay between stress
state and calcite content and their joint effect on the resultant soil
strength.

3 Material and Methodology

3.1 Data Collection and Analysis

The above review suggests that the strength of bio-cemented
soil is affected by multiple factors. To compile the dataset, each
potential data point collected from the literature is evaluated
for completeness across the influencing factors (discussed in
Section 2) and the target variable. Wang and Yin [8] compiled
a database of 351 samples from literature, considering influenc-
ing parameters including the mean grain size 𝐷50, coefficient
of uniformity 𝐶𝑢, initial void ratio 𝑒0, the optical density at

600 mm wavelength (𝑂𝐷600), urea concentration 𝑀𝑢, calcium
concentration 𝑀𝐶𝑎 and carbonate content 𝑚𝑐. Nawaz et al. [9]
subsequently adopted the same dataset for model training to
predict UCS. However, a critical limitation of their dataset is
the absence of confining pressure as an input parameter. As
mentioned earlier, confining pressure defines the stress state
of soil, which significantly affects soil strength and cannot be
ignored in practical engineering applications.

To address this limitation, the present study incorporates con-
fining pressure as an additional input parameter, expanding the
feature set to eight variables. One hundred nine samples with
confining pressures ranging from 20 to 400 kPa are included in
the database, with 24 of them being untreated control samples
that serve as baseline measurements. These baseline samples
enable the model to gain information about the effects of
confining pressure on soil strength. While pH and temperature
are recognised influencing factors, they are excluded due to the
scarcity of reported data for these two factors, which is a common
issue also acknowledged by Wang and Yin [8]. The expanded
database constructed in this study contains 480 samples [6, 11,
19, 29, 27, 32–49], showing a 37% increase in sample number over
the previous dataset. The model information from the literature
and this study is summarised and compared in Table 1. It should
be noted that potential outliers in the experimental data from
the literature are assumed to have been addressed by the original
work, as the cited experimental studies typically report only final
measured values without providing the error range.

The histogram of the input and output variables is presented
in Figure 2. The statistical description of each variable is listed
in Table 2, including the minimum, average, maximum and
standard deviation values. From Figure 2 and Table 2, it can
be seen that the database encompasses soil specimens with
substantial variability. The mean grain size ranges from 0.12 mm
(fine sand) to 1.6 mm (coarse sand). Most soil specimens in the
database are poorly graded (𝐶𝑢 < 2), characterised by uniform
particle size distribution, though well-graded specimens (𝐶𝑢 >

6) with broader particle size ranges are also represented. The
initial void ratio indicates that the soil specimens span from
loose to dense states, offering insights into different packing
densities. The cementation levels (𝑚𝑐) vary considerably, ranging
from lightly cemented specimens to heavily cemented ones, thus
enabling analysis across different degrees of cementation.

To quantify the relationship between any two variables, the
Pearson correlation coefficient (PCC) is adopted. The results
are shown in Figure 3. The proximity of the absolute value
of PCC to 1 signifies a greater degree of association between
parameters.Notably, there is a strong positive correlation between
𝑀𝑢 and 𝑀𝐶𝑎, as solutions containing equimolar urea and CaCl2
are usually used in MICP treatment. The correlation between
peak strength (𝑞𝑚𝑎𝑥) and carbonate content exhibits a strong
correlation, suggesting that carbonate content plays a major role
in influencing soil strength. The relative importance of each input
feature to the output variable can be evaluated by approaches
such as permutation importance and Spearman correlation. In
this study, Spearman correlation [50] is employed to determine
the importance degree of the eight influencing factors. As shown
inFigure 4, the carbonate content exhibits the highest importance
score, exerting a predominant influence on strength prediction,
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TABLE 1 Summarised models information from the literature and this study.

References Methods Dataset Input variables Predict variables

Wang and Yin [8] MEP, MC 351 𝐷50, 𝐶𝑢, 𝑒0, 𝑂𝐷600,𝑀𝑢,𝑀𝐶𝑎,𝑚𝑐 UCS
Nawaz et al. [9] GPR, ANFIS, ANN, GEP 351 𝐷50, 𝐶𝑢, 𝑒0, 𝑂𝐷600,𝑀𝑢,𝑀𝐶𝑎,𝑚𝑐 UCS
Sangdeh et al. [10] ANN-PSO 70 pH, 𝑂𝐷600,𝑀𝐶𝑎,𝑀𝑢, 𝑉𝑡 𝑚𝑐

Sangdeh et al. [10] ANFIS-PSO 115 𝐷50, 𝐶𝑢, 𝑒0,𝑚𝑐 UCS
This study BNN 480 𝐷50, 𝐶𝑢, 𝑒0, 𝑂𝐷600,𝑀𝑢,𝑀𝐶𝑎,𝑚𝑐, 𝑝𝑐 𝑞𝑚𝑎𝑥

FIGURE 2 Histogram of input and output variables.

while 𝐷50 shows the lowest importance. Moreover, 𝑝𝑐 ranks as
the second most influential parameter, highlighting its critical
role for strength prediction. It is worth noting that Pearson
correlation measures linear relationships between two variables,
while Spearman correlation captures monotonic relationships,
which are not necessarily linear. Consequently, 𝑝𝑐 shows a weak
linear correlation to 𝑞𝑚𝑎𝑥 (Figure 3), yet ranks as the second
most influential parameter (Figure 4), indicating that 𝑝𝑐 has a

significant but non-linear effect on soil strength,which is a typical
feature of soil behaviour.

3.2 Data Partitioning and Normalisation

The dataset, consisting of 480 samples, is divided into
three subsets: training, validation, and test sets, following
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TABLE 2 Statistical description of input and output variables.

Features Symbol Unit Minimum Average Maximum Std.

Mean grain size 𝐷50 mm 0.12 0.396 1.6 0.307
Coefficient of uniformity 𝐶𝑢 — 1.17 1.69 6.23 0.990
Initial void ratio 𝑒0 — 0.41 0.651 1.04 0.083
Optical density 𝑂𝐷600 — 0 1.691 4.46 1.155
Urea concentration 𝑀𝑢 mol/L 0 0.640 1.5 0.362
Calcium concentration 𝑀𝐶𝑎 mol/L 0 0.589 1.5 0.380
Carbonate content 𝑚𝑐 % 0 7.61 29.47 6.55
Confining pressure 𝑝𝑐 kPa 0 34.95 400 91.75
Peak deviatoric stress 𝑞𝑚𝑎𝑥 MPa 0.018 1.67 15.96 2.15

FIGURE 3 Heatmap of Pearson correlation coefficient.

a 70%:15%:15% ratio. The training set (70% of data) is used
to optimise model parameters, and the validation set (15%
of data) guides hyperparameter selection. The test set (15%
of data) remains unused during the training and validation
processes, serving as an independent benchmark for final model
evaluation.

To facilitate the training of models for bio-cemented soil strength,
a systematic data partitioning approach is adopted. Z-score
standardisation is employed in this study to convert the input
features to a common scale [51]. In this way, the effects of features
with different magnitudes can be mitigated and the convergence
efficiency during the optimisation process can be enhanced. Z-
score standardisation transforms each feature to have a zeromean
and unit variance. For a given feature vector 𝐗, the standardised
value 𝐗′ is calculated as:

𝐗′ =
𝐗 − μ

𝜎
(2)

where μ represents the mean of the feature vector and 𝜎 denotes
its standard deviation.

FIGURE 4 Importance degree of 8 influencing factors using Spear-
man correlation.

3.3 Artificial Neural Network (ANN)

A typical ANN architecture includes an input layer, one or
more hidden layers and an output layer [52], as illustrated
in Figure 5a. Each layer consists of one or multiple neurons.
The number of input and output neurons corresponds to the
number of input features and the variables to be predicted,
respectively. The number of hidden layers and neurons in each
of the hidden layers is the hyperparameters that need to be
tuned to achieve a good performance. Note that the values (e.g.,
0.3, 0.6, etc.) in Figure 5a represent deterministic weights in a
conventional ANN, where each connection has a deterministic
weight parameter. These specific values are arbitrary examples
chosen for illustration purposes.

For the feedforward calculation, the output of each neuron can be
expressed as:

𝑧𝑙
𝑖
=

𝑛𝑙−1∑
𝑗=1

𝑤𝑙
𝑖𝑗
𝑎𝑙−1
𝑗

+ 𝑏𝑙
𝑖

(3)

𝑎𝑙
𝑖
= 𝑓(𝑧𝑙

𝑖
) (4)
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FIGURE 5 Illustration of the conceptual architecture of (a) artificial neural network; (b) Bayesian neural network. The specific values and curves
are arbitrary examples chosen for illustration purposes.

where 𝑙 represents the layer number and𝑛𝑙 represents the number
of neurons in layer 𝑙. 𝑧𝑙

𝑖
is the weighted input to the 𝑖th neuron

in layer 𝑙, 𝑤𝑙
𝑖𝑗
is the weight connecting the 𝑗th neuron in layer

(𝑙 − 1) to the 𝑖th neuron in layer 𝑙, 𝑎𝑙
𝑗
is the activation of the 𝑗th

neuron in layer 𝑙, 𝑏𝑙
𝑖
is the bias and 𝑓 is the activation function. In

this study, Rectified Linear Unit (ReLU) is used as the activation
function.

The weight and bias are updated through the backpropagation
process, specifically:

𝑤𝑙
𝑖𝑗
← 𝑤𝑙

𝑖𝑗
− 𝜂

𝜕𝐿

𝜕𝑤𝑙
𝑖𝑗

(5)

𝑏𝑙
𝑖
← 𝑏𝑙

𝑖
− 𝜂

𝜕𝐿

𝜕𝑏𝑙
𝑖

(6)

where 𝜂 is the learning rate and is taken as 0.01 in the study
(determined by trial-and-error).𝐿 is the loss function,which is the
mean square error (MSE) in this study (see Section 3.6). The loss
function is optimised using the gradient-based Adam optimiser
[53].

3.4 Bayesian Neural Network (BNN)

ABayesian neural network (BNN) is one type of ANN that applies
Bayesian inference to quantify uncertainty in its predictions,
generating probabilistic outputs instead of deterministic ones
[54]. As illustrated in Figure 5, the weights and biases in ANN
are deterministic parameters, while they are represented by a
probability distribution (e.g., Gaussian) in BNN. During training,
these distributions are updated using Bayes’ theorem to obtain
posterior distributions, as follows:

𝑝(𝑦|𝑥,𝐷) = ∫ 𝑝(𝑦|𝑥, 𝜃)𝑝(𝜃|𝐷)𝑑𝜃 (7)

𝑝(𝜃|𝐷) = 𝑝(𝐷|𝜃)𝑝(𝜃)
𝑝(𝐷)

(8)

where 𝑝(𝜃) is the prior distribution of weights and biases, 𝑝(𝐷|𝜃)
is the likelihood of the data given theweights and biases, and𝑝(𝐷)
is the evidence.

3.5 Variational Inference in Bayesian Neural
Networks

In Bayesian Neural Networks (BNNs), we aim to learn a distribu-
tion over themodel’s parameters (weights and biases) rather than
fixed point estimates. This allows the model to capture epistemic
uncertainty and make probabilistic predictions. The core goal
is to compute the posterior distribution 𝑝(𝜃|𝐷). However, this
posterior is generally intractable for neural networks due to
the high-dimensional, nonlinear nature of the parameter space.
Variational Inference (VI) [55] provides an efficient alterna-
tive by introducing a family of simpler, tractable distributions
𝑞(𝜃), known as the variational distribution, to approximate the
true posterior.

Rather than sampling from 𝑝(𝜃|𝐷), VI frames inference as an
optimisation problem [56]: it minimises the Kullback–Leibler
(KL) divergence between 𝑞(𝜃) and 𝑝(𝜃|𝐷). Since the true pos-
terior is unknown, this is done indirectly by maximising the
Evidence Lower Bound (ELBO):

ELBO = 𝔼𝑞(𝜃)[log 𝑝(𝐷|𝜃)] − KL(𝑞(𝜃)‖𝑝(𝜃)) (9)

The first term is the expected log-likelihood, which encourages
the model to fit the data, while the second term penalises
divergence from the prior, which acts as a regulariser.

The variational parameters, such as the mean and standard
deviation of each parameter’s approximate posterior, are opti-
mised by stochastic gradient descent. To make predictions, we
draw multiple samples from the approximate posterior 𝑞(𝜃)

and pass them through the model. The resulting distribu-
tion over predictions provides both the mean estimate and
uncertainty.
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3.6 Model Performance Criteria

Three statistical indicators are used to evaluate the performance
in this study: mean square error (MSE), root mean square error
(RMSE) and coefficient of determination (𝑅2). They are defined
as below:

MSE = 1

𝑁

𝑁∑
𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)
2 (10)

RMSE =

[
1

𝑁

𝑁∑
𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)
2

] 1

2

(11)

𝑅2 = 1 −
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)
2∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̄)2
(12)

where 𝑁 is the number of samples, 𝑦𝑖 is the actual value, 𝑦̂𝑖
is the predicted value, and 𝑦̄ is the mean of actual values. The
MSE measures the average of the squares of the errors. RMSE
is the square root of MSE, which brings the error metric back
to the same scale as the original data. The 𝑅2 value ranges from
0 to 1, indicating the proportion of variance in the dependent
variable that is predictable from the independent variables, with
1 representing perfect prediction. These metrics are selected for
model performance evaluation as RMSE (or MSE) quantifies
the magnitude of prediction errors between predicted and true
soil strength values. 𝑅2 assesses how effectively the model
accounts for the variability in soil strength compared to its mean.
These indicators are widely used for assessing predictive model
performance for soil properties.

3.7 Activation Function

The rectified linear unit (ReLU) is adopted as the activation
function for both ANN and BNN in this study, as it is widely
used in neural networks due to its fast convergence rate and
effectiveness in mitigating the vanishing gradient problem [13,
57]. It is defined as:

ReLU(𝑥) = max(0, 𝑥) (13)

where𝑥 is the input to the activation function. TheReLU function
outputs 𝑥 for positive inputs and zero for negative inputs, making
it computationally efficient and sparsely activated.

4 Results

4.1 Evaluation of ANNModel

As listed in Table 2, eight variables, namely, 𝐷50, 𝐶𝑢, 𝑒0, 𝑂𝐷600,
𝑀𝑢, 𝑀𝐶𝑎, 𝑚𝑐 and 𝑝𝑐, are used as the input features of the ANN,
and thus the number of neurons of the input layer of the ANN is
eight. The output layer has a single neuron that corresponds to
the peak strength (𝑞𝑚𝑎𝑥). A trial-and-error process is adopted to
find the optimal depth (the number of hidden layers) and width
(the number of neurons in each hidden layer). In this process,
ANNs with various combinations of depth and width are built
and evaluated in which depth ∈ [1,6] and width ∈ [6,64]. The
performances are compared in Table 3.

TABLE 3 RMSE of ANNs with different depth and width.

Width

Depth

1 2 3 4 5 6

6 0.764 0.702 0.889 0.832 0.649 0.966
12 0.699 0.608 0.700 0.788 0.830 0.646
18 0.662 0.693 0.740 0.637 0.695 0.628
32 0.791 0.770 0.601 0.726 0.557 0.591
64 0.734 0.774 0.732 0.804 0.696 0.668

Note: The bold value (lowest RMSE) indicates the optimal width and depth for
the ANN.

FIGURE 6 The learning curve based on MSE for the ANN model.

According to Table 3, the optimal artificial neural network
architecture was determined to be a depth of 5 with a width of 32,
achieving performance metrics of RMSE = 0.557, MSE = 0.31 and
𝑅2 = 0.923. In comparison, Nawaz et al. [9], developed an ANN
model for predicting UCS of bio-cemented soils using the 351 data
points constructed byWang and Yin [8], achieving a performance
of 𝑅2 = 0.941 and RMSE= 0.512.While the ANNmodel developed
in this study exhibits a slightly lower𝑅2, it is essential to recognise
that the R value by itself does not offer a complete evaluation
of a model’s predictive accuracy [58, 59]. The comparable RMSE
values between the two models suggest equivalent performance,
which is particularly noteworthy given that the present model
incorporates stress condition as an additional parameter, which
may increase model complexity.

Figure 6 presents the evolution of loss values for the training
and validation sets of the ANN model with the selected con-
figuration (depth of 5 and width of 32). It can be seen that the
model converges fast and reaches a stable level. The comparable
performance metrics between training and validation datasets
suggest that the trained model demonstrates a consistent level
of accuracy and good generalisation capability. The comparison
between predicted values and true values, as well as the error
distribution of the ANN model, is presented in Figure 7, which
displays characteristics consistent with a near-normal distribu-

1356 of 1366 International Journal for Numerical and Analytical Methods in Geomechanics, 2026

 10969853, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/nag.70170 by Paul T

hirion - U
niversité D

e L
iège , W

iley O
nline L

ibrary on [09/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



FIGURE 7 (a) Comparison between true 𝑞𝑚𝑎𝑥 and the predicted value; (b) error distribution of the ANN model.

tion, centred close to zero with a mean of -0.0011 and standard
deviation of 0.5566.

4.2 Evaluation of BNNModel

The BNN model is developed using a trial-and-error process.
A systematic approach is employed for hyperparameter opti-
misation. Bayesian optimisation, implemented using Optuna, is
employed to explore the hyperparameter space, with hidden layer
1 size ∈ [32, 128], hidden layer 2 size ∈ [16, 64], and learning
rate ∈ [1e-5, 1e-3]. The optimisation objective is to minimise
the validation loss over 5000 training epochs. Based on this
exploration, the final architecture of BNN comprises 128 and 64
neurons in the first and second hidden layers, respectively, with
a learning rate of 5e-5. The BNN employs normal distribution
priors (μ = 0, 𝜎 = 1) for all weights and biases, with posterior
distributions approximated using Variational Inference (VI) and
the Adam optimiser to minimise the loss function. The use of
normal priors for weights and biases is very common in Bayesian
neural networks, due to their ability to promote stable conver-
gence. While alternative priors such as the Laplace distribution
can induce sparsity, they may impose overly restrictive weight
flexibility, potentially leading to convergence difficulties.

For uncertainty quantification, the BNN leverages posterior
predictive sampling to generate comprehensive probability distri-
butions for each prediction, from which a 95% credible interval is
derived to characterise prediction confidence bounds.

Figure 8 presents the evolution of ELBO for both the training and
validation sets for BNN. The epoch for training is set to 30,000 for
the training of BNN. It can be seen from Figure 8 that this epoch
is large enough to reach a convergent status. Figure 9 shows the
distribution of true values against predicted means across all test
samples, with the associated uncertainty represented by the 95%
credible interval. It can be seen that the predicted means closely
track the true values. The probabilistic framework quantifies
prediction uncertainty through a 95% credible interval, with
narrower bounds in data-dense regions and expanded intervals
where data is sparse, suggesting a good predictive performance

FIGURE 8 The learning curve of the BNN model.

of the developed BNN model. It should be noted that the
model shows more accurate predictive capacity for low strength
specimens (e.g., 𝑞𝑚𝑎𝑥 < 2 MPa), as most true values in these
ranges fall within the 95% credible interval. By contrast, several
specimens show larger prediction errors for 𝑞𝑚𝑎𝑥 around 2 to
6 MPa.

The comparison between the predicted mean value and the true
𝑞𝑚𝑎𝑥 with 95% error bar is shown in Figure 10a, from which
the uncertainty is quantified. It further demonstrates that the
uncertainty is larger for 𝑞𝑚𝑎𝑥 ranging above 2 MPa than for low
values. This suggests that bio-cemented soils with higher strength
would exhibit greater uncertainty in prediction. This increased
uncertainty for high-strength samples may be attributed to both
limited training data and inherent physical variability (discussed
in Section 5). Future experimental studies focusing on high-
strength bio-cemented soil samples are therefore recommended
to better analyse these uncertainty sources. The present BNN
model achieves performance metrics of RMSE = 0.768, MSE =
0.589 and 𝑅2 = 0.853. Compared to the developed deterministic
ANN model (𝑅2 = 0.923, RMSE = 0.557), the BNN exhibits
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FIGURE 9 The predicted mean, 95% credible interval (CI), along with the true value for the BNN model.

FIGURE 10 (a) Comparison between true 𝑞𝑚𝑎𝑥 and the predicted mean value; (b) error distribution of the BNN model.

slightly lower prediction accuracy in terms of point estimates.
It is important to note that BNN does not necessarily provide
better predictive performance than conventional ANN; rather,
its primary advantage lies in the incorporation of uncertainty
quantification. The error distribution of the BNNmodel is plotted
in Figure 10b, which can be described by a normal distribution
with a mean error of −0.187 and a standard deviation of 0.744.
Compared to the error distribution of the ANN model shown in
Figure 7, themean error of bothmodels is negligibly small relative
to the measurement scale, though the BNN model presents a
higher standard deviation.

To interpret the uncertainty of BNN predictions across the range
of each input parameter. Figure 11 and Figure 12 correlate the
predicted 𝑞𝑚𝑎𝑥 with each input feature for the training and
validation set, along with a 95% credible interval (CI) using BNN.
It should be noted that in this way the plots do not indicate

the relationship between 𝑞𝑚𝑎𝑥 and each input parameter, as
the values of the remaining parameters are different at each
data point.

Two regions can be identified in Figure 11 and Figure 12: a dense
data region, where most data points fall within, and a sparse data
region where fewer data points are present. The 95% credible
interval bands in dense data regions are generally narrow,
suggesting less uncertainty and high confidence. Specifically, the
uncertainty increases substantially when 𝐷50 exceeds 0.7 mm.
For 𝐶𝑢 and 𝑝𝑐, uncertainty remains consistently low across
their respective ranges. The model demonstrates low uncertainty
for 𝑒0 between 0.55 and 0.78. When 𝑂𝐷600 exceeds 3, uncer-
tainty increases markedly. Both 𝑀𝑢 and 𝑀𝐶𝑎 show increasing
uncertainty at higher concentrations, with𝑀𝐶𝑎 exhibiting larger
uncertainty above 0.5 mol/L. Most notably, higher 𝑚𝑐 generally
corresponds to increased uncertainty, particularly above 10%. The
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FIGURE 11 Correlations between predicted 𝑞𝑚𝑎𝑥 and input features for training and testing set: (a) 𝐷50, (b) 𝐶𝑢 , (c) 𝑒0 and (d) 𝑂𝐷600.

potential physical mechanisms leading to the uncertainty are
discussed in Section 5.

5 Discussion on Physics Leading to Uncertainty

While the developed BNN model enables the prediction of
bio-cemented soil strength and the quantification of prediction
uncertainty, understanding the underlying physical mechanisms
causing this uncertainty is essential for improving future pre-
dictive models. BNN predictions reveal that even with identical
input features (e.g., the eight features adopted in this study), the
predicted strength can exhibit notable variation. This uncertainty
reflects the complex nature of the bio-cementation process and
cannot be attributed solely to model limitations. Rather, it
emerges from fundamental physical mechanisms across different
scales. To understand the physics thatmay lead to the uncertainty,
in this section, the uncertainty in bio-cemented soil strength
is discussed from two scales: the particle scale and the soil
element scale, respectively. At the particle scale, variation in
crystal precipitation pattern and contact properties introduces
randomness to the strengthening process. Meanwhile, at the soil

element scale, heterogeneity can be induced due to the bacterial
transport mechanisms and chemical diffusion processes in the
soil pore space. Overall, these physical processes, which can not
be fully considered in the input features in the BNN model,
contribute to variability and uncertainty in bio-cemented soil
strength. The detailed discussion is provided as follows.

5.1 Distribution Pattern of Precipitated Crystals

Grain-scale observations on bio-cemented soils using scanning
electron microscopy (SEM) and micro-CT revealed that the
crystals can precipitate in different patterns within the pore space
of soils. As illustrated in Figure 13, crystals may precipitate at
grain contacts (contact cementing), at gaps between sand grains
forming as a bridge (bridging), coat the sand grain (coating),
filling in the void space and not bonding to sand grains (pore
filling), and connect to multiple sand grains forming a matrix
(matrix supporting) [12, 30, 60].

The mechanical contribution of each precipitation pattern varies
substantially. Zhang and Dieudonné [30] and Zhang et al.
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FIGURE 12 Correlations between predicted 𝑞𝑚𝑎𝑥 and input features for training and testing set: (a)𝑀𝑢 , (b)𝑀𝐶𝑎 , (c)𝑚𝑐 and (d) 𝑝𝑐 .

FIGURE 13 Experimental observation [12, 25, 36, 49, 61] and conceptualisation [30] of bio-cemented soils at the grain scale for different crystal
distribution patterns: (a) contact cementing; (b) bridging; (c) coating; (d) pore filling; (e) matrix supporting.
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[62] used the discrete element method to explicitly model bio-
cemented specimens with ideal carbonate distribution patterns.
The results demonstrated that even with identical carbonate
content (𝑚𝑐), the contact cementing and bridging patterns gen-
erated significantly greater improvements in both strength and
stiffness compared to coating and pore-filling patterns. Although
crystal distribution patterns can be influenced by factors such
as cementation solution composition and temperature (see Sec-
tion 2), these microscale precipitation characteristics cannot be
fully described by the macroscale input features used in the BNN
model. This limitation introduces an inherent source of uncer-
tainty in strength predictions, as the same set of input parameters
may result in different microscale crystal arrangements and
consequently variable mechanical properties.

5.2 Crystal Morphology and Shape

Besides distribution patterns, the morphology and shape of
calcium carbonate crystals also contribute significantly to
uncertainty in bio-cemented soil strength. During MICP treat-
ment, CaCO3 can precipitate in any of CaCO3 polymorphs:
vaterite, aragonite and calcite. Additionally, metastable hydrated
forms can develop, including monohydrocalcite (CaCO3 ⋅ H2O),
ikaite (CaCO3 ⋅ 6H2O), calcium carbonate hemihydrate (CaCO3 ⋅

1∕2H2O), and amorphous calcium carbonate (ACC) [25, 63,
64]. Each of these crystal forms possesses distinct mechanical
properties. For instance, the Young’s modulus ranges from as low
as 25 GPa for ACC [65] to 96.8 GPa for calcite [66, 67]. In the DEM
model of bio-cemented sands in Zhang et al. [62], the stiffness
of precipitated crystals was varied to represent different crystal
morphologies. Their results demonstrated that higher crystal
stiffness leads to greater small-strain stiffness as well as peak
strength, providing support that the variation in crystal morphol-
ogy significantly influences the overall mechanical behaviour of
bio-cemented soils and contributes to the observed variability in
strength outcomes.

Various shapes of precipitated crystals have been observed from
bio-cemented soils, including rhombohedral-shaped crystals,
cubic plate-like crystals and spherical crystals [11, 25, 42]. Crystal
shape is intrinsically linked to its polymorphic structure. Vaterite,
aragonite and calcite typically exhibit hexagonal, orthorhombic
and rhombohedral structures, respectively [63]. Although the
effect of crystal shape on the mechanical improvement of bio-
cemented soil remains underexplored in current literature to
the best of the authors’ knowledge, analogous research on soil
particle shape demonstrated the importance of particle shape on
soil mechanical behaviour [68]. The irregular geometries gener-
ally increase inter-particle rolling resistance and, consequently,
overall strength. This suggests that the variation in crystal shape
introduces uncertainty in strength prediction, as they cannot be
directly represented by the macroscale input parameters used in
the predictive models.

5.3 Spatial Heterogeneity

Beyond the particle-scale variations as discussed above, spatial
heterogeneity at the soil element scale introduces another sig-
nificant dimension of uncertainty in bio-cemented soil strength.

Experimental data from Terzis et al. [69], plotted in Figure 14,
clearly demonstrate the non-uniformdistribution ofCaCO3mass.
In general, higher concentrations of CaCO3 mass are observed at
the top or bottom compared to the middle portion of specimens.
This phenomenon has also been reported by Xiao et al. [70], who
found that CaCO3 tends to precipitate in the upper part of the
specimen using a room-temperature two-phase MICP method1.
In contrast, one-phase treatmentmethods2, such as the one-phase
low-pH injection method proposed by Cheng et al. [21] and the
temperature-controlled one-phase MICP method established by
Xiao et al. [70], have demonstrated improved capacity to achieve
more uniform biocement distribution throughout soil specimens.

The impact ofCaCO3 heterogeneity on bio-cemented soil strength
has been evaluated through both experimental and numer-
ical investigations. In experimental studies, Xiao et al. [70]
demonstrated that specimens with relatively uniform CaCO3

distribution achieved higher peak strength compared to hetero-
geneous specimens with equivalent carbonate content. These
findings were further supported by numerical simulations con-
ducted by Zhang and Dieudonné [71] using discrete element
modelling. Their study examined bio-cemented specimens with
varying degrees of CaCO3 heterogeneity subjected to drained
triaxial compression testing. The results revealed a significant
influence of spatial distribution uniformity on mechanical per-
formance. Specifically, specimens with heterogeneous CaCO3

distribution exhibited strength improvement ratios (𝑞𝑐𝑒𝑚𝑒𝑛𝑡𝑒𝑑
𝑚𝑎𝑥 −

𝑞𝑢𝑛𝑐𝑒𝑚𝑒𝑛𝑡𝑒𝑑
𝑚𝑎𝑥 )∕𝑞𝑢𝑛𝑐𝑒𝑚𝑒𝑛𝑡𝑒𝑑

𝑚𝑎𝑥 , up to 12% lower than specimens with
uniform cementation, despite containing identical total car-
bonate content. This combined experimental and numerical
evidence confirms that spatial heterogeneity not only exists in
bio-cemented soils but also substantially impacts their strength,
thereby introducing an additional source of uncertainty.

5.4 Predominant Orientation of Calcite Bond

Soil fabric characterises the arrangement and orientation of
particles, particle contacts and pore spaces. It represents a
fundamental aspect of granular materials that significantly influ-
ences their mechanical behaviour [72, 73]. Advancedmicroscopic
investigations have revealed variations in fabric characteristics
among bio-cemented specimens. Terzis and Laloui [12] evaluated
fabric characteristics of bio-cemented soils in the 3D space via
micro-CT. Their findings demonstrated that calcite bonds in
medium-grained sand exhibit relatively homogeneous distribu-
tion in the theta-orientation space. In contrast, calcite bonds
formed in fine-grained sand showed anisotropic characteristics,
with predominant orientations at approximately 45◦ and 235◦.

Despite the experimental evidence showing that the calcite bonds
can present different predominant orientations. The link between
the orientation of calcite bonds and strength variation remains
unclear, as it is difficult to fabricate bio-cemented samples with
designed calcite orientations in laboratory experiments, whereas
DEM allows precise control of the microstructure and has been
successfully applied in previous studies on bio-cemented soils
[30, 74]. To this end, this section presents a supplementary DEM
investigation, aiming at investigating how calcite bonds with dif-
ferent predominant orientations potentially affect bio-cemented
soil strength.
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FIGURE 14 Distribution of the precipitated CaCO3 mass within a bio-cemented specimen. Data from Terzis et al. [69].

The DEM simulation conducted in this study is based on YADE
[75]. The presented model is quasi-2D. It consists of 10,000
spherical particles confined within a 1 m × 2 m domain bounded
by four rigid walls. The 2D condition is simulated by placing
the centres of all spheres on the same plane and blocking the
translation and rotations in the out-of-plane direction. Particle
radii are uniformly distributed between 5.5 mm and 8.3 mm,
with a mean radius of 6.9 mm. The initial void ratio of the DEM
packing is 0.26, defined in 2D as the ratio of void area to solid area
in the plane of particle centers.

A cohesive-frictional contactmodel [75] is employed. This contact
model incorporates rolling and twisting resistance to account
for irregular particle shape effect. In the uncemented specimen,
all inter-particle contacts are purely frictional. In the cemented
specimen, the cementation effect is simulated by incorporating
inter-particle cohesion. Note that cohesion is applied only to
contacts with orientations falling within the specified directional
range, other contacts remain frictional. For the sake of simplicity,
the contact model is not described in this study; its details can
be found in YADE [75] and Zhang and Dieudonné [30]. The
parameters used in the DEM simulations are summarised in
Table 4.

Two bonding configurations are examined, as illustrated in
Figure 15. In Case A, all the inter-particle contacts whose
direction (i.e. contact normal vector) is located in range of 0◦ ±
45◦ (relative to the horizontal axis) are cemented by assigning
a cohesive force in the normal and shear direction, note that
the opposite direction (180◦ ± 45◦) is also included; In Case B,
the same cohesive forces are applied, but only to contacts whose
directional vectors fall within the range of 90◦ ± 45◦ or 270◦ ± 45◦.
Consequently, the two specimens have distinct bond orientations,
which can be seen from Figure 16. It is important to note that the
number of contacts satisfying the directional criterion in Case A
is 8205, which differs from the 7847 contacts for Case B. Assuming

TABLE 4 Properties of particles used in the DEM simulations.

Properties Symbol Unit Value

Density 𝜌 kg∕m3 2650
Young’s modulus E MPa 200
Shearing stiffness coefficient 𝜈 — 0.3
Friction angle 𝜑′

𝑐
◦ 20

Rolling stiffness coefficient αr — 0.4
Twisting stiffness coefficient αtw — 0.4
Rolling resistance coefficient ηr — 0.4
Twisting resistance coefficient ηtw — 0.4
Normal adhesion 𝜎𝑛 N 500
Shear adhesion 𝜎𝑠 N 500

that the number of cemented contacts represents the amount
of cementation, 7847 contacts are randomly selected from the
8205 contacts to ensure an equivalent amount of cementation in
both cases.

The two specimens are subjected to drained biaxial compression
tests. The stress-strain relationship is compared in Figure 17.
It can be seen that the predominant orientation of the bond
significantly affects the mechanical behaviour. The peak strength
of Case A is 1.4 times that of Case B. This finding supports that
the variation in cementation fabric contributes to the uncertainty
of soil strength. When CaCO3 bonds exhibit preferential orienta-
tions, the specimen develops anisotropic strength that varies with
loading direction. This directional dependency suggests that spec-
imens with identical CaCO3 content may display significantly
different strength responses depending on the loading orientation
relative to their internal fabric.
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FIGURE 15 Illustration of (a) the DEM specimen, and schematics of selected contacts with predominant orientation: (b) range of 0◦ ± 45◦ and (c)
90◦ ± 45◦. The opposite direction is also considered.

FIGURE 16 Rose diagram (with fitted curve in red) showing the contact normal distribution: (a) all inter-particle contacts of uncemented
specimen; (b) bonded contacts in Case A; (c) bonded contacts in Case B.

6 Conclusions

Predicting the strength of bio-cemented soil is challenging due
to the complex bio-chemo-hydro-mechanical multiphysics pro-
cesses involved. This study leverages artificial intelligence to
address this challenge by developing a Bayesian neural network
model that can effectively predict bio-cemented soil strength
from multiple influencing factors while quantifying prediction
uncertainty. Several key contributions are made in this study:

∙ Amore comprehensive database containing 480 experimental
samples has been constructed by expanding upon a published
database, representing a 37% increase in data compared to the
former dataset.

∙ The confining pressure has been incorporated as an input
feature for strength prediction, thereby enabling a more
realistic representation of in situ stress states encountered in
geotechnical applications.
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FIGURE 17 Comparison of stress-strain relationship betweenDEM
cemented specimens with different bond orientations: Case A for pre-
dominant bonding orientation of 0◦. 𝑞 is the deviatoric stress, 𝑝0 is the
confining pressure, 𝜀1 is the axial strain.

∙ The prediction uncertainty is quantified using the BNN
model, providing confidence intervals that reflect the vary-
ing degrees of predictive reliability across different strength
ranges.

∙ Acomprehensive discussion of physicalmechanisms underly-
ing strength prediction uncertainty is presented, supported by
DEM simulations conducted in this study and existing DEM
studies from the literature.

Feature-specific analysis revealed that carbonate content and
confining pressure are the most influential parameters affect-
ing bio-cemented soil strength, confirming the importance of
including confining pressure in strength prediction. Both ANN
and BNN models demonstrate effective predictive capabilities,
with the BNN model providing additional quantification of
uncertainty. This consideration of uncertainty is essential for
predicting bio-cemented soil strength, as the strength is affected
by multiscale factors that can not be fully described by the input
features of predictive models.

Four sources of strength variability are discussed across scales.
Their links to strength uncertainty are supported by DEM simu-
lations conducted in this study and the literature. At the particle
scale, variations in crystal distribution pattern, morphology,
shape and fabric contribute to strength variability. At the soil
element scale, spatial heterogeneity in CaCO3 mass distribution
introduces additional dimensions of uncertainty that cannot be
captured by the input features.

The developed BNN model can be a valuable alternative for
predicting bio-cemented soil strength with quantified reliability
and supports the design of MICP treatments. For a given soil
condition and a specified target strength, the model can be
used to determine the optimal treatment parameters, such as
urea and calcium concentrations. In addition, the BNN provides
uncertainty quantification, which supports risk assessment. Con-
ditions identified with high uncertainty indicate potential risks

and may require enhanced monitoring or alternative treatment
strategies. This capability promotes the implementation of MICP
in geotechnical applications.

While this study provides valuable insights, certain limitations
could be improved in future research. The input parameters,
though carefully selected based on physical significance, may
not capture all factors influencing bio-cemented soil behaviour,
such as pH, temperature, and detailed microstructural charac-
teristics, due to insufficient experimental data. Future research
can incorporate additional input parameters, particularly those
related to microstructural characteristics, as micro-CT and image
analysis techniques become more accessible. In addition, it is
recommended to develop multi-output BNN models capable of
simultaneously predicting strength and stiffness, which would
provide more comprehensive design tools for practical applica-
tions.
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Endnotes
1The two-phase method means that bacterial solution is injected into
the soil in the first phase and retained for a certain time for the
transportation of bacteria, then followed by injecting cementation
solution in the second phase [42, 76].

2Bacterial and cementation solutions are injected as a mixture.
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