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This study presents an integrated finite-element-machine-learning framework for predicting early-age stress
evolution in concrete materials/structures by combining an enhanced thermo-chemo-mechanical (TCM) model,
deep sequential learning (DSL), and active learning (AL). The proposed TCM model incorporates experimentally
informed viscoelasticity, a stable exponential creep-relaxation conversion, and an efficient exponential algo-
rithm for the Maxwell-chain formulation in finite element analysis, which is further validated by a temperature
stress testing machine. This model generates high-fidelity stress-time data across diverse mixtures, temperatures,
and structural configurations. These simulations are used to train a Gated Recurrent Unit with Monte Carlo
Dropout (GRU-MCD) model, whose predictive performance surpasses conventional point-wise approaches such
as Light Gradient Boosting Machine and Gaussian Process Regression, yielding higher accuracy with reduced
overfitting. The AL strategy further enhances efficiency by enabling the GRU-MCD model to achieve the accuracy
of ~900 Latin Hypercube samples using only ~200 samples selected by active learning. Although demonstrated
on a wall-base structure, the proposed framework is general and applicable to other cementitious material or
structural systems, providing an effective tool for cracking-risk evaluation, reliability analysis, and the design of
low-carbon concrete structures.

1. Introduction

Early age cracking (EAC) has long been a critical concern for the
durability, functionality, and aesthetics of concrete structures (Fig. 1)
(Bentz, 2008), which today remain the most widely used construction
materials worldwide. EAC arises from the combined effects of material
behavior, structural restraint, and environmental conditions (Fig. 2 (a)
(Liang et al., 2024a)). This mechanism can be illustrated by the common
case of casting a new concrete wall on an existing concrete base (Fig. 2
(b)). During the construction, the new concrete, i.e., early-age concrete,
undergoes hydration reaction in certain temperature and humidity
conditions, leading to volumetric deformation (autogenous, thermal,
and drying deformation) and the progressive development of mechani-
cal properties. The old concrete base forms restraint against these

deformations, generating early-age stresses (EAS) that may exceed the
tensile strength and induce cracking (Fig. 2 (c)). Consequently,
EAS—resulting from the interaction of material evolution, environ-
mental influences, and structural restraint—serves as a key and direct
indicator for assessing EAC risk.

Multi-physics modeling provides a rigorous theoretical framework
for EAC simulation, which is essentially the interaction among hydration
kinetics, heat transfer, and viscoelastic behavior. Faria et al. (2006)
developed a thermo-mechanical model to simulate heat generation,
material property evolution, and EAS in restrained concrete slabs, pro-
ducing results that correlated well with in-situ observations. Azenha
et al. (2011) established a thermo-hygro-mechanical framework to ac-
count for EAS induced by thermal and drying deformation in concrete
slabs subjected to external loads. Zhao et al. (2021) proposed a coupled
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Fig. 1. Early-age cracking causing leakage in water-retaining concrete walls.

hygro-thermo-chemo-mechanical model to simulate the mechanical
behavior of early-age concrete under varying temperature and humidity
conditions. Liang et al. (2022a) also developed a
thermo-chemo-mechanical (TCM) model combining Arrhenius' equation
for hydration kinetics, Fourier's law for heat transfer, and the expo-
nential algorithm for Kelvin chain-based creep to simulate the visco-
elastic evolution of EAS. Recently, a similar TCM framework has been
adopted by Li et al. (Li and Wang, 2025) based on the phase field
method. These modelling efforts present a significant advancement in
understanding EAS evolution. Nevertheless, a critical aspect of such
models is creep and relaxation, which is significant in early-age concrete
modelling (Liang et al., 2022b; Azenha et al., 2021; Wei et al., 2017).
Unfortunately, such effects are often underrepresented or even neglec-
ted due to the experimental challenges of characterizing early-age
viscoelasticity, potentially compromising the prediction accuracy. The
early-age creep test often requires a repeated in-situ loading scheme to
continuously measure the creep of the materials at different ages
(Irfan-ul-Hassan et al., 2016), which can then establish the full creep
compliance function that can be used as the input of the viscoelastic
model in the TCM framework (Liang et al., 2024b). Such input is
essential for studying and validating the viscoelastic modelling but is
often neglected in TCM models for EAS.

Hydration reaction,
temperature,
humidity, and

structural restraint

-

Autogenous/ thermal/
drying deformation,
evolving viscoelasticity
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Another challenge facing the TCM modelling is the computational
cost, which limits their use for extensive optimization and uncertainty
quantification in EAC risk analysis. Machine Learning (ML) based
modelling has emerged as a promising solution to build efficient sur-
rogates to accelerate complex and expensive physical. Ensemble models,
leveraging the bootstrap or boosting strategies combining weak learners
such as decision trees models (Breiman, 1996; Chen and Guestrin, 2016;
Ke et al., 2017), have been successfully applied to predict engineering
properties of concrete, including compressive strength (Wan et al., 2021;
Nguyen et al., 2021), flexural strength (Kang et al., 2021), surface
chloride concentration (Cai et al., 2020), elastic modulus (Han et al.,
2020), and creep (Liang et al., 2022c). In many of these studies,
ensemble learning models were further combined with SHapley Addi-
tive exPlanations (SHAP) to provide not only accurate predictions of
engineering properties, but also interpretable insights that are consistent
with the underlying physical mechanisms (Xu et al., 2025; Zhang et al.,
2026a). In addition, some recent studies have also focused on optimi-
zation algorithms, such as metaheuristic and Bayesian optimization, to
further improve the performance of ensemble learning models in
concrete-related predictions (Zhang et al., 2025a, 2025b).

The ML-based modelling for EAC risk analysis remains scarce,
potentially due to the complexity of the experiment and modeling of EAS
that results in the lack of training data. Based on the TCM model, Liang
etal. (2022a) used a Light Gradient Boosting Machine (LGBM) to predict
the EAS of a TSTM specimen. Recently, using datasets from
thermal-mechanical models, Do et al. (Do and Le, 2024) trained ML
models such as Extreme Gradient Boosting (XGB) and Gaussian Process
(GP) to predict the cracking potential and cracking time of concrete piers
with different cross-sectional dimensions, temperatures, etc. Despite the
effectiveness of these models, the EAS is inherently a time-dependent
behavior while currently the models used are for single point predic-
tion. As a result, they may not fully capture the evolution of the EAS
process over time. Another limitation that restrains the development of
these models is the scarcity of data, largely due to the high numerical
cost of running coupled multi-field simulations. Recent studies have
attempted to mitigate data scarcity through synthetic data augmenta-
tion (Liu et al., 2026) and transfer learning (Fan et al., 2026). However,
both strategies generally rely on a sufficient amount of experimental
data to generate reliable synthetic samples or to establish a transferable

-
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Fig. 2. General mechanism of early-age cracking (EAC): (a) influencing factors and stress evolution; (b) a new concrete wall restrained by an old concrete base; and

(c) occurrence of EAC when early-age stress (EAS) exceeds the tensile strength.
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baseline model. For EAS prediction, such a prerequisite is difficult to
satisfy because the relevant experimental data are extremely limited,
while high-fidelity FE simulations are themselves too computationally
expensive to provide large datasets efficiently.

To sum up, current research on ML-enhanced EAS prediction faces
three major challenges: 1) limited verification of stress relaxation
modelling within the multifield models, 2) incompatibility between the
time-dependent nature of EAS and the single-point prediction capability
of most used machine learning models, and 3) scarcity of EAS data due
to the high computational cost of multi-field simulations. This paper will
contribute accordingly by proposing 1) A TCM model featuring an
improved and validated stress relaxation computation method; 2) A
deep sequential learning (DSL) framework that integrates material and
structural information to predict the entire EAS evolution curve; 3) An
active learning strategy that enables the DSL model to achieve high
accuracy with a limited training dataset, thereby reducing the reliance
on computationally expensive multifield simulations.

2. Thermo-chemo-mechanical modelling

This section details the TCM modelling approach, its experimental
verification, and the implementation of the finite element models, which
together form the basis for constructing the database used for training
machine learning models.

2.1. Theory

The adopted TCM framework in this study is shown in Fig. 3.
Consistent with previous studies (Zhao et al., 2020, 2021; Di Luzio and
Cusatis, 2009a, 2009b), Fourier's law is used for heat transfer and
Arrhenius's equation for hydration kinetics. These constitutive relations
are adopted to simulate the thermo- and chemo-fields, which are fully
coupled through temperature and hydration degree: the temperature
output from the thermo-field enters the exponential term of the hydra-
tion kinetics, while the hydration degree contributes to the heat source
term of the thermo-field. The material model combines an
XGBoost-based compressive strength predictor with an adjusted Model
Code 2010 (MC, 2010) formulation (Liang et al., 2022a; Wan et al.,
2021; Liang et al., 2022c; International Federation for Structural Con-
crete (fib), 2013). The predicted strength serves as input to MC 2010 to
compute shrinkage, creep compliance, and elastic modulus, which can
be fed into the mechanical field of the TCM model.

|

Chemo- Field
Cement Hydration

Equivalent age

=),
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A critical aspect of the multifield model is the validity of the visco-
elastic stress evolution process. Herein, the TCM model improves the
mechanical field with a 9-unit Maxwell chain model, informed by an
exponential conversion from creep to relaxation and validated by hourly
repeated creep tests and TSTM tests (Liang et al., 2024b, 2024c). Using
the outputs from the material model and the thermo-chemo fields, the
mechanical field predicts the early-age stress (EAS) evolution as a 672 x
1 vector, which is subsequently used for machine learning training.

2.1.1. Chemo- field

When cement contacts with water, unhydrated clinker phases—C3S,
C3S, C3A, and C4AF—react with free water to form calcium silicate hy-
drate (C-S-H), calcium hydroxide (CH), ettringite (Aft), and mono-
sulfate (Afm) (Taylor, 1997). In this paper, hydration reaction is treated
as a global process, consistent with existing multifield models (Di Luzio
and Cusatis, 2009a, 2009b; Cervera et al., 1999a; Gawin et al., 2006a,
2006b). Assuming hydration kinetics are governed by Gibbs free energy
depending on temperature and hydration degree, the reaction rate fol-
lows an Arrhenius-type law (Di Luzio and Cusatis, 2009a; Ulm and
Coussy, 1995; Cervera et al., 1999b):

Eqc

a=A(a)e RT (1a)
_a (A2 T
Ala)=A; (a— + a) (e — @) "t (1b)
ult

where «a is the hydration degree, & its time derivative, E,. the apparent
activation energy, R the gas constant, T the temperature, and A;,A3, %
cement-specific parameters calibrated from adiabatic tests (Di Luzio and
Cusatis, 2009a). The ultimate hydration degree a,; depends on the
water-to-cement ratio w/c (Pantazopoulou and Mills, 1995):

1.031w/c

0.194 +w/c 2

Aule =

Three parameter sets (A;,A,,n) are used for the SL, N, and R cement
classes defined by MC 2010 (see Section 2.3) (International Federation
for Structural Concrete (fib), 2013). The apparent activation energy E,
is temperature- and cement-dependent, decreasing below 20 °C and
constant above (van Breugel, 1991), following the bilinear relationship
(Hansen and Pedersen, 1977):

Eeco,if T > 20°C

Eee= {Eo +1470(20 — T),if T < 20°C ®

Material Model

_Eac
& = A(a)e RT

A L
A@) = 41—+ @) (@ = a)e e
U

Q = acHy,;

7

Thermo- Field
Heat Transfer

een(t) = a AT

. Al-enhanced MC 2010
¢ ' &sn(t),J (t, to), E(t) = f(mix, env)
Mix: wlc, c, t., agg_ratio, agg_type,
cem_type;
Envs: T, RH.

esn(t),J(t, to), E(t)

Mechanical- Field
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¢,y — )
ppat q=
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e-Solved Iteratively by a 9-units
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Fig. 3. Framework of the thermo-chemo-mechanical modelling.
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where E, o is the activation energy at 20 °C. At each time step, the
computed hydration degree a provides the heat source term for the
thermo-field.

2.1.2. Thermo- field
For temperatures below 100 °C, heat transfer in concrete follows
Fourier's law (Hansen and Pedersen, 1977):

JaT .
pcp? +Vg=Q (4a)
t
Vq= —kVT (4b)
—n-q=h(Tex: — T) (40)

where p is the concrete density, C, the specific heat, k the thermal
conductivity, q the heat flux, and h the heat transfer coefficient. Eq. (4c)
describes the convective heat flux at the surface, where n is the outward
normal and T the ambient temperature. The internal heat source Qin
Eq. (4a) represents heat released by cement hydration and is calculated
from the chemo-field hydration degree (Cervera et al., 1999b):

Q=acQu 5)

where c is the cement mass and Qy; the ultimate hydration heat per unit
cement mass, typically 400-550 kJ/kg (Bazant and Kaplan, 1996).
Three sets of Q) values are used in this study to represent different
cement types (see Section 2.3). The resulting temperature field directly
affects the hydration kinetics (Eq. (1a)), ensuring full coupling between
thermo- and chemo-fields.

The thermo-field provides important input to the mechanical field.
The temperature variation induces thermal deformation, expressed as:

Sth(t) =apAT (6)

where ay, is the linear coefficient of thermal expansion (a constant value
of 1.0 x 107° [1/K] is adopted herein (Bentz, 2008)). Although a,; may
vary slightly at very early age (before 48 h), it becomes relatively stable
afterwards. Since the concrete stiffness is still low and creep-relaxation
is strong during this earliest period, the influence of this simplification
on the final stress prediction is expected to be limited (Liang, 2024). The
temperature history also determines the equivalent age of the concrete
toq, expressed as (Hansen and Pedersen, 1977):

e (;4)
R T Tr
teq = Z e @

where T, is the reference temperature (20 °C). The equivalent age t,, will
be used to query the evolution of viscoelastic properties and strength of
the material given different temperature histories.

2.1.3. Mechanical- field

Different from the thermo- and chemo-fields, which have been
validated by abundant experimental evidence and extended to different
application cases, the mechanical field for the viscoelastic process of
EAS evolution is more unclear and has been extensively studied by many
researchers (Wei et al., 2017; Klausen, 2016; Liu and Schindler, 2020;
Shen et al., 2017; Azenha et al., 2017). Assuming early-age concrete as
an evolving viscoelastic solid whose deformation is restrained (Azenha
et al., 2021), its EAS can be expressed by the Volterra integral as below:

o(t)= /(:R(to, t)de(to) (€)]

where ¢ is the EAS, R the relaxation modulus, ¢ the deformation that is
restrained, t; the time when the deformation is restrained, t the total
duration of the EAS. A key challenge in studying EAS evolution is the
limited data on the viscoelastic properties of early-age concrete. Creep
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tests are usually preferred because relaxation tests are very costly and
technically demanding, requiring precise strain control and accounting
for restrained shrinkage stress. In contrast, creep tests are simpler, as
deformation from autogenous shrinkage can be directly measured and
subtracted using a dummy specimen. However, even when the creep
compliance function J(to, t) is obtained, converting it into the relaxation
modulus required in Eq. (8) is still nontrivial. For a constant unit strain
in a relaxation test, with stress o(t) applied from t; to t, the creep
compliance J and relaxation modulus R satisfy the Volterra integral
equation:

i
J(to, tr)R(to, to) + /J(t@q)R(t@f)df:l 9
to+

However, due to the strong non-linearity of aging creep and relax-
ation, the numerical solution of Eq. (9) may yield negative values of the
relaxation modulus (Liang et al., 2024c). This is physically unaccept-
able, because the relaxation modulus should remain positive so that
compressive strain produces compressive stress and tensile strain pro-
duces tensile stress. Otherwise, the calculated stress response may
reverse sign and lead to non-physical results. Therefore, directly
inverting the creep compliance through the Volterra integral equation
may introduce numerical instability in early-age stress analysis. In view
of this issue, this paper adopts the exponential conversion formula
proposed by Wittmann and van Breugel (Wittmann, 1974; Van Breugel,
1980), as below:

R(to, ) =e! /0 E 0 E (1) (10)

This expression assumes that R(ty,t) follows an exponential decay
form, which guarantees positivity of the relaxation modulus and avoids
the numerical instability of direct inversion. It has been successfully
applied to model EAS in both ordinary Portland cement concrete and
alkali-activated slag concrete (Ulm and Coussy, 1995; Boulay et al.,
2014). Nevertheless, Eq. (10) is a simplified approximation derived
specifically for early-age relaxation. Although it preserves positivity and
improves numerical robustness, it may deviate from the exact Volterra
relation in long-term relaxation analysis and may therefore overestimate
the relaxation effect when applied beyond the early-age range (Ulm and
Coussy, 1995).

Obtaining the creep compliance from experiments, one can use Eq.
(10) to convert the measured creep compliance into the relaxation
modulus, which then serves as the input for stress relaxation (Eq. (8)).
However, a major challenge with Eq. (8), particularly when solving it
numerically in finite element (FE) analysis, is the need to store and
repeatedly access the entire history of strain increments de(ty) at every
integration point and time step. This results in a substantial memory
demand and high computational cost, significantly slowing down FE
analysis. To address this issue, this paper adopts the exponential algo-
rithm to simulate stress relaxation. This approach transforms the Vol-
terra integral into a rate-type formulation, thereby eliminating the need
to store the full strain history (Bazant and Jirasek, 2018; Bazant and Wu,
1974; Di Luzio et al., 2020). First, Eq. (8) is rewritten in incremental
form under the assumption that strain increments are linear within each
time interval:

Ao =E"(Ae — Aegq) — 6" (11a)

where the A¢yq is the autogenous, thermal, and drying deformation that
induces EAS. The effective modulus E* and the history term ¢* can be
expressed as:

[ R(to, t + At)dty
At

E = (11b)

a— / [R(t07t+ At) 7R(t0,t)]é(to)dto (11C)
0
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For each loading age t,, the relaxation function R(to, t) of concrete is
approximated by a series of n-unit Maxwell chains. The creep function is
first obtained from experiments and then converted into the corre-

sponding relaxation modulus. The parameters (Ej,uj) of the Maxwell

chain are subsequently identified by nonlinear fitting in MATLAB for
each loading age separately. The fitted Maxwell chain (with R? values
close to 1.0) is then used as the material input in the subsequent FE
analysis:

=t

R(to, t) =Eo(to) + Y _ Ej(to)e *i 12)
j=1

Substituting Eq. (12) into Eq. (11) and applying midpoint rule for
time discretization, the following recursive expressions for E* and ¢* are
obtained:

At

N
- * T 'uj *

E(t):;Ej(t) 1—e |2 +E(t) (13a)
n _At

o () = E 1—e# o-;(tl-) (13b)
j=1

_At _At Wi
6} (tin) =€ 1oy (6) + E'(€) [ 1—e 1 | L (ae(t) — Acu(®) (130)

This recursive formulation enables an efficient step-by-step update of
the stress state, avoiding the need to store the entire strain history and
thus reducing both memory consumption and computational cost.

2.2. Experimental verification

The measurement of EAS provides first-hand data for evaluating the
EAC risk and verifying the multifield models. Common EAS measure-
ment methods include the internal restraint test (Semianiuk et al.,
2017), rigid cracking frame test (Lura et al., 2009), ring test (Briffaut
et al., 2016), and the temperature stress testing machine (TSTM)
(Klausen et al., 2019). Among these, the ring test and TSTM have been
the most used methods owing to their flexibility and effectiveness. Ring
test is often favored over TSTM due to its simplicity, and have been
recently applied for studying the EAC risks of basalt-polypropylene fiber
reinforced concrete (Mao et al., 2023) and fly ash/slag concrete (Afroz
et al., 2022). TSTM, in contrast, is used for more comprehensive eval-
uations. Its versatile design enables measurement not only of EAS (Liang
et al., 2023a) but also EAC-relevant properties, including autogenous
and thermal deformation, elastic modulus (Boulay et al., 2014), cree-
p/relaxation behavior (Delsaute et al., 2016), and coefficient of thermal
expansion under a customized temperature history and restraint degree
(Klausen et al., 2022; Shen et al., 2016), thus providing end-to-end data
for EAC risk assessment. However, the complexity of TSTM system
significantly increases the testing cost and therefore hinders its wide
application. To this end, studies have been performed to improve the
system design for better efficiency (Zhu et al., 2017, 2018; Nguyen et al.,
2019; Ou et al., 2023). Recently, a Mini-TSTM has been developed for
testing above EAC-relevant properties with significantly better effi-
ciency while maintaining similar accuracy compared to conventional
TSTM (Liang et al., 2024b), which presents a useful tool for EAC study.

The TCM model proposed above has been validated by extensive
TSTM experiments. The calibration and verification of Egs. (1)-(5) for
simulating hydration reaction and heat transfer can be found in (Di
Luzio and Cusatis, 2009b). This section focuses on the experimental
verification of the mechanical field (Egs. (6)—(11)) under various tem-
peratures. The developed Mini-TSTM (Liang et al., 2024b) was used as
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the main testing method for measuring the evolution of viscoelastic
properties, EAS, and deformations (Fig. 4). The testing system contains
two specimens which both are connected to a water circulation system
for temperature control (Fig. 4 (a)). Both specimens are cast in
3D-printed molds that were specially designed to enable in-situ me-
chanical testing of the early-age material, efficient temperature control,
and sensitive strain measurement (Fig. 4 (b)). After casting, one spec-
imen can be placed in a universal testing machine for mechanical
testing, and the other can be used as the dummy specimen tested in
mechanically free condition to measure the autogenous and thermal
deformation.

By applying different mechanical boundaries in the Mini-TSTM tests,
important early-age properties can be obtained, including:

1) Autogenous and thermal deformation by measuring the free dummy
specimen.

2) Evolution of creep compliance function using an hourly-repeated
loading scheme.

3) EAS evolution using a fully restrained loading condition.

Note that these measurements all started from a very early age and
covered various temperature conditions, which enabled an end-to-end
validation of the TCM model. The tests were performed on cement
paste and concrete with different binders and water-cement ratios and
can be found in our previous studies (Liang et al., 2022b, 2024c, 2024d;
Lietal., 2022). Representative validation results will be discussed in this

paper.
2.3. Implementation

2.3.1. Overall workflow and parameter settings

This section describes how the TCM model is implemented to
generate the dataset used for training the ML model. We consider a
concrete wall cast on an existing base fixed to the ground (Fig. 5(a)). The
geometry of the wall-base structure is parameterized and, together with
environmental and material inputs, feeds the workflow in Fig. 5(b—c).
Material design parameters are first passed to an XGBoost model trained
on the NU database (2606 records) to predict the 28-day compressive
strength with high accuracy (R?>0.94) (Liang et al., 2022a; Wan et al.,
2021; Hubler et al., 2015). Using the predicted compressive strength
along with the material design and environmental conditions, a modi-
fied MC 2010 (Liang et al., 2022a; International Federation for Struc-
tural Concrete (fib), 2013) provides the required properties—elastic
modulus, creep compliance, and free deformation. These outputs,
combined with the geometry parameters, constitute the inputs of the
TCM model, which then computes the development of EAS. The
resulting EAS time series are extracted to build the database for training
the downstream ML models.

Exact variable definitions and value ranges for the material mixture
design, environmental conditions, and structural geometry are sum-
marized in Table 1. Note that the variables agg type and cem_type
represent the types of aggregates and cement, following the definition of
MC 2010 (International Federation for Structural Concrete (fib), 2013),
as shown in Table 2. In the present study, these two variables are rep-
resented by numerical indices. Such a treatment is intended to reflect the
underlying material properties, with cem type corresponding to
increasing cement strength class and agg type corresponding to a trend
from denser and stiffer aggregates to relatively less dense ones. There-
fore, this numerical representation indicates the physical characteristics
of the material classes, which may be beneficial for future model
extension and extrapolation. The variable E_b_ratio represents the ratio
of the 28-day elastic modulus of the wall to that of the base. It should be
noted that, in the simulation, the elastic modulus of the wall is gradually
ramped from O to its 28-day value, whereas the elastic modulus of the
base remains constant. Corresponding to different types of cement, the
parameters used in thermo-chemo analysis are presented in Table 3 (Di
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Luzio and Cusatis, 2009b; Klemczak et al., 2018; Lee et al., 2009). Note
that the heat transfer coefficient h is assumed as a constant following the
assumption that the wall is covered by curing blanket (Lee et al., 2009).

2.3.2. FE configuration

The TCM model uses the COMSOL Multiphysics platform as the nu-
merical solver. The chemo-field is defined by a domain ordinary dif-
ferential equation (DODE) according to Egs. (1) and (2), with the degree
of hydration a as the dependent variable. Subsequently, the Heat
Transfer Module embedded in COMSOL is directly used for solving the
thermo-field as in Eq. (4). The thermo- and chemo-fields are coupled by
two variables: 1) both fields share the same temperature field; 2) the
source term in the thermo-field is calculated using a from the chemo-
field as in Eq. (5).

For the mechanical field, a user-defined material subroutine (Fig. 6)
is developed to implement the exponential algorithm for the viscoelastic
analysis in the form of Maxwell chains as in Eq. 10-13. We assume a
Maxwell chain with 9 units covering the relaxation time y; j = 1~ 9)

ranging from 10~* to 10* hours. Based on the adjusted MC2010 model,
the creep compliance function J(ty,t) can be obtained and then trans-
formed to the relaxation modulus function R(ty,t) by Eq. (10). Corre-
sponding to each ty, the parameter of each Maxwell unit Ej(ty) (j =
1 ~ 9) can be obtained by using the nonlinear optimization tool pro-
vided by MATLAB (Waltz et al., 2006) to fit the relaxation function of
Maxwell chain (Eq. (12)) to the R(ty, t) obtained by Eq. (10). Afterwards,
the Maxwell chain can be imported to the mechanical field to start the
viscoelastic analysis.

The developed TCM framework is used to calculate the EAS evolu-
tion of a wall-base structure. Hexahedral elements are used to discretize
the structure for the FE analysis (Fig. 7). The full TCM formulation,
including material evolution and viscoelasticity, is applied to the hard-
ening concrete wall, whereas the base, treated as hardened concrete, is
modeled with the thermo-field and linear elasticity. Convective
boundary conditions are prescribed on all external surfaces. The bottom
surface of the base is fully restrained with zero displacement. The wall is
assumed to be bonded to the base; consequently, displacement
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Table 1
Variables of the material model.
Category Variables  Representation Range
Material design cem Cement content (kg/m?) 250-
600
wc Water to cement ratio 0.2-0.7
agg Aggregate-cement ratio 1.50-
9.10
agg type Aggregate type 1,23,
4
cem_type Cement type 1,2,3
t, Time of sealed curing (Hours) 7-168
Environmental T env Environmental Temperature (°C) 10- 40
conditions RH Relative Humidity 0.2-1.0
Structural geometry  len Length of the wall (m) 6- 20
width Width of the wall (m) 0.1- 0.4
height Height of the wall (m) 2.5-6.0
b_h ratio Ratio between base thickness and 0.05-
wall height 0.4
E_b_ratio Ratio of 28-day elastic modulus 0.8-2.0
between the wall and base
Vs Volume to surface ratio of the wall ~ 47.5-
(mm) 183.6

Table 2
Definitions of categorical variables.

cem_type Cement class

1 32.5N

2 32.5R and 42.5 N

3 42.5R, 52.5N, 52.5R
agg type Aggregate content

1 Basalt, dense limestone
2 Quartzite

3 Limestone

4 Sandstone

Table 3
Parameter settings in the thermo-chemo field for different cement types (Di
Luzio and Cusatis, 2009b; Klemczak et al., 2018).

cemtype  Qu n A; Az kW/ h W/ C, (J/
o4 m*K)  @*K)  (kg*K)
g)
1 400 141 x 107 1 x 8 2.3 5
1072
2 439 4x107  5x 8.5 1100
1072
3 520 8 x 107 8x 8
1072

continuity is enforced at the interface. In this case, the wall is indirectly
restrained through the finite stiffness of the base. It should be noted that
this work does not aim to simulate a specific scenario and therefore
simplifies the mechanical and thermal conditions. The fully-restraint
condition produces conservative results of the EAS because in reality,
as the restraint degree is often less than 1.0 (Klausen et al., 2022). More
realistic boundary condition settings for engineering-specific applica-
tions are available in (Azenha et al., 2021).

Backward difference method and damped Newton method are
adopted to obtain convergent numerical solutions (Hoffman et al., 2018;
Stute et al., 2013). The analysis spans 0-672 h (the first 28 days of
hardening). The longitudinal stress averaged over the mid-section
B-B—which closely coincides with the first principal stress in this
case—is extracted and area-averaged to constitute the EAS dataset for
ML training.
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3. ML for stress evolution

This section details the ML models constructed based on the data
provided by the TCM model, which aims to shorten the prediction time
limited by the expensive computational cost of the multifield FE
analysis.

3.1. Sampling and database

To construct a database that is informative across a broad range of
engineering scenarios, while acknowledging limited computational re-
sources, two sampling techniques are employed.

3.1.1. Latin Hypercube Sampling

Latin hypercube sampling (LHS) (Loh, 1996), with the criterion of
maximizing the minimum inter-sample distance, is used to generate a
sample pool of 1000 points within the bounds listed in Table 1. The
sampling is performed with MATLAB's lhsdesign using five optimization
iterations. Under LHS, the entire database is generated before ML
training.

3.1.2. Uncertainty-guided sampling and active learning framework

Another sampling strategy adopted in this study is active learning
(AL) driven by uncertainty quantification (Moustapha et al., 2022).
Unlike LHS, which is a one-shot space-filling method that generates the
entire database before ML training, AL is adaptive: the sample selection
evolves based on the model's current predictive performance. While LHS
ensures broad coverage of the input space, AL focuses computational
resources on the most informative regions, enabling more efficient data
acquisition when simulations are expensive.

Compared with LHS, AL is a dynamic procedure that, in each itera-
tion, alternates among TCM simulation, ML training, and uncertainty-
guided sample selection (Fig. 8). First, a large candidate set (>50,000
points) is generated as the sample pool. The TCM model is then applied
to label the samples to provide data for training. In the first iteration, a
small subset is randomly drawn from the pool (64 points in this paper) to
initialize AL (Fig. 8(a-c)). Next, the prediction uncertainty over the
remaining candidate pool is quantified, enabling an acquisition score to
be computed for each unlabeled point (Fig. 8 (d))—e.g., via predictive
variance, entropy, or task-specific acquisition functions such as expected
improvement (Echard et al., 2011; Tomar and Burton, 2021; Jones et al.,
1998). In the present study, the acquisition score is defined as the mean
predictive standard deviation of the reconstructed EAS curve over the
whole time sequence. The unlabeled samples are then ranked accord-
ingly. The points with the highest acquisition scores are then selected,
labeled by the TCM model, and appended to the training set for the next
iteration (Fig. 8(e—f)). This process is repeated until the total number of
labeled samples reaches 1000. Such a fixed sample stopping criterion is
adopted here so that AL and LHS can be compared under the same data
budget.

In this paper, the ML model for sequence prediction is a Gated
Recurrent Unit with Monte-Carlo Dropout (GRU-MCD). Although GRU-
MCD provides predictive uncertainty, its estimates are sensitive to the
number of training samples. Therefore, within the AL loop we instead
employ a Gaussian process (GP) (Rasmussen and Williams, 2006) as the
uncertainty model because of its stable and well-founded probabilistic
formulation. In practice, the GRU-MCD is used as the primary predictor
for sequence learning, whereas the GP (Rasmussen and Williams, 2006)
is trained as an auxiliary uncertainty model for sample acquisition. More
specifically, the EAS curves are first represented in the reduced PCA
space, and the GP is used to estimate the predictive variance in this
reduced output space for each candidate point. The resulting uncertainty
is then used to guide sample selection in AL. In this way, the predictor
and the acquisition model play different but complementary roles:
GRU-MCD is responsible for accurate surrogate prediction, while GP
provides a more stable uncertainty estimate for adaptive sampling.
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3.2. ML models

This section provides an overview of the ML models used as the
surrogate to efficiently predict EAS. Two types of models are presented
herein as a comparison: point-wise models and sequence models. Prior
to ML modeling, the scalar input features were standardized to zero
mean and unit variance. The EAS curves were also standardized and
processed via Principal Component Analysis (PCA) (Liang et al., 2022a)
to reduce dimensionality by projecting each curve (a 672 x 1 vector)
onto a small set of leading principal components (a 10 x 1 vector
retaining the majority of variance, as will be shown in Section 4.2). The
models were then trained and evaluated in this reduced feature space. In
the sequence model, temporal order was encoded through a learnable
time embedding rather than being directly used as a raw normalized
input.

3.2.1. Point-wise prediction models

Two point-wise prediction models, i.e., Light Gradient Boosting
Machine (LGBM) (Ke et al., 2017) and Gaussian Process Regression
(GPR) (Rasmussen and Williams, 2006) are used in this study for EAS
prediction, as both models have proved to obtain excellent performance
in prediction of concrete properties and behaviors (Liang et al., 2022a,
2022¢; Wan et al., 2021; Cai et al., 2020; Do and Le, 2024; Bayar and
Bilir, 2019).

LGBM is a gradient-boosting decision-tree ensemble: each new weak
learner is fit to the residuals of the previous tree ensemble, greedily
reducing prediction error. Compared with XGBoost, LGBM attains
higher efficiency via a lightweight design featuring histogram-based,
leaf-wise growth, gradient-based one-side sampling, and exclusive
feature bundling (Ke et al., 2017). On the other hand, GP model function
values as a stochastic process in which any finite set is jointly Gaussian.
Leveraging this property, GPs provide both predictive means and vari-
ance. A GP is specified by its covariance kernel evaluated over pairs of
observations; kernel choice reflects desired smoothness and prior
structure. Assuming a smooth EAS curve and input variable space, we
adopt the radial basis function (RBF) kernel, which is infinitely differ-
entiable and promotes smooth predictions (Rasmussen and Williams,
2006).

Using material design variables, environmental conditions, and
structural geometry (Table 1) as inputs, we train 10 independent LGBM
and GPR regressors, one for each retained principal component (PC).
The predicted PC coefficients are concatenated and inverse-PCA trans-
formed to recover the full EAS vector o, (n =1 ~ 672 h), as illustrated in
Fig. 9. The dataset generated via Latin Hypercube Sampling (LHS) is
split 70/15/15 into training/validation/testing. The EAS outputs are
standardized based on the training set, and PCA is then performed on the
standardized training outputs. The input variables are also standardized
before regression.

For LGBM, the hyperparameters of each PC-specific regressor are
optimized using Optuna with 40 trials, where the objective function is
defined as the validation MSE obtained from the validation set. The
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Fig. 9. Point-wise prediction models for EAS prediction: (a) LGBM models; (b) GPR models.

optimized hyperparameters include the number of estimators,
maximum depth, learning rate, number of leaves, minimum child sam-
ples, subsampling ratio, feature subsampling ratio, and L1/L2 regulari-
zation terms.

For GPR, a separate regressor is likewise trained for each retained PC
using a kernel composed of a constant term, an RBF kernel, and a white-
noise term. The kernel hyperparameters are optimized automatically
during model fitting through log-marginal-likelihood maximization,
with three optimizer restarts for improved robustness. The testing re-
sults of these point-wise models are then compared with those of the
sequence model in Section 4.3.

3.2.2. Sequence prediction models

EAS exhibits local correlations and path dependence. Point-wise
models assume independence across points and therefore might
neglect the underlying dynamics. Sequence models, by conditioning
each step on prior history, potentially can address this limitation. In this
study we adopt a Gated Recurrent Unit (GRU) to model history depen-
dence in the EAS trajectory. Compared with vanilla RNNs, GRUs intro-

duce gating mechanisms that regulate the contribution of past hidden
states, mitigating vanishing gradients. Compared with LSTM, GRU has a
simpler architecture with fewer trainable parameters and lower
computational cost, which makes it attractive for the present problem
involving a moderate sample size and repeated model updates in the
active-learning framework. Therefore, GRU was adopted here as an
efficient sequence model that offers a favourable effectiveness—cost
trade-off (Chung et al., 2014). Given an input sequence X; and hidden
state H; 1, a GRU updates its state using two gates, the reset gate R, and
the update gate Z;:

Ri=6(X; Wi +H,_ 1 Wi, +b,) (14a)

thﬂ(Xthz +Ht—lwhz+bz) (14b)
where W, b are the weights and biases of the corresponding fully con-
nected networks that transforms for inputs and states (e.g., W, maps X;
to the reset gate; Wy, maps H,_; to the reset gate). The candidate hidden
state H, can then be obtained by integrating the previous state with the
reset gate:
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H[—tan h(Xt xh + (R[(DH[ 1)Whh+bh) (14¢)
where tanh is the activation function and © is the elementwise product
operator. Finally, the new hidden state H, is a combination of the pre-
vious and candidate state:

H=Z0H_1+(1-2Z)0H, (14d)

Therefore, the reset gate R, controls how much past information is
exposed when forming candidate state E, while the Z, controls how

much of H, replaces the old state.

The proposed GRU-based network architecture is shown in Fig. 10.
The network has a two-branch input. The static branch takes material
design variables, environmental conditions, and geometry (Table 1) and
maps them with a ReLU MLP to a fixed static embedding f. The temporal
branch takes the time index sequence t =1,2,3,...,672 and produces
dynamic embeddings v, (n = 1 ~ 672), each obtained by a ReLU MLP.
Both branches are linearly projected to the same width and fused by
element-wise addition f + v, so that each step receives identical static
context plus its own temporal code. The fused sequence is processed by a
stack of three GRU layers to produce hidden states k, (n =1 ~ 672). An
attention pooling module is used to extract the time-dependent infor-
mation from k, and aggregates it further into a 128 x 1 vector which is
fed into a MLP with Monte Carlo Dropout (MCD) to predict the 10 x 1
PCs. Finally, the PCs can be inversely transformed to obtain the 672 x 1
EAS vector. The training minimizes a composite loss over the PC space
and stress space:

L = ApcMSEp¢ + A,MSE, (15)

where Jpc = 0.1 and 4, = 0.9 weight the PCA-space and stress-space
MSE terms, respectively.

In this network architecture, the MCD is applied at the MLP head
after the GRU layers. A dropout rate of 0.3 was adopted in the MC
Dropout head, as a brief parametric study (Appendix A) showed that this
value preserves near-optimal predictive accuracy while providing
improved uncertainty coverage. Following the Bayesian view, keeping
dropout active at inference yields a stochastic ensemble whose vari-
ability approximates the posterior predictive (Gal and Ghahramani,
2016). Therefore, during the inference, the Monte-Carlo analysis can be
applied for quantifying the uncertainty. In this paper, 100 stochastic
forward passes are performed for each input sample to obtain the pre-
dictive mean and variance.
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The GRU-MCD model is first trained on the LHS dataset—using the
same 70/15/15 train/validation/test split as the point-wise base-
lines—to enable a fair comparison. Although GRU-MCD provides pre-
dictive uncertainty that could, in principle, drive active learning (AL), its
uncertainty estimates are sample-size sensitive and can be unreliable in
the early AL iterations. Therefore, we pair GRU-MCD with a Gaussian
Process (GP) in an AL setting and retrain on the AL dataset to assess the
benefit of uncertainty-based sampling. All training uses a learning rate
of 104, batch size 32, and up to 400 epochs, with early stopping based
on validation loss (patience 20 epochs).

4. Results and discussion
4.1. TCM modelling results

4.1.1. Qualitative results

This section presents a qualitative analysis of the TCM model. First,
the results of the TCM model on a specific parameter setting at 24 h
(Table 4) is shown in Fig. 11. The case study reveals general patterns of
the temperature and EAS. To quantify such process, the evolution of
temperature and EAS is calculated by averaging the results of all the
Gaussian points at the middle section of the wall (i.e., section B-B in
Fig. 7). Since concrete is usually very sensitive to tensile cracking, the
first principal stress is often used to characterize its cracking risk. In this
scenario, instead, the longitudinal stress component is used because 1) it
closely aligns with the first principal stress during shrinkage when ten-
sile stress dominates; and 2) it retains the initial expansion-induced
compressive stress which is also important for EAC risk analysis.

The cement hydration reaction releases heat that results in temper-
ature increase in the wall. Then, heat exchange with the ambient envi-
ronment drives cooling, producing a core-to-edge temperature gradient
(Fig. 11(a-b)). Meanwhile, the associated thermal deformation, together
with autogenous and drying deformations due to hydration and mois-
ture transport, is restrained by the hardened base, leading to the
development of EAS. The longitudinal stress first becomes compressive
when early expansion is restrained and later turns tensile during the
shrinkage-dominated period (Fig. 11(c—d)). The restraint is strongest at
the wall-base interface near the mid-span; consequently, the longitu-
dinal stress field is largest there and decays progressively from the
bottom of the mid-section toward the free edges of the wall. If the EAS at
some point exceeds the tensile strength, EAC happens. EAS is crucial for
the EAC analysis and therefore it is the main target of the ML modelling.
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Table 4
Parameters for the qualitative study.
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T_room RH len width height tc cem

we agg agg_type cem_ b_h_ratio E_b_ratio VS

type

25.14 0.78 10.59 0.32 4.04 37.60 303.13

0.49 6.04 0.28 1.94 144.24
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Fig. 11. Results of the case study: (a b) Temperature at 24h and 168h respectively (units: °C); (c ~ d) Longitudinal stress at 24h and 168h respectively (units: MPa).
Note that 24h corresponds to the heating/expansion phase, whereas 168h corresponds to the cooling/shrinkage phase.

4.1.2. Experimental verification

This section aims to compare the TCM modelling results and exper-
imental observations. Specifically, because the thermo-fields and
chemo-fields have been systematically calibrated and validated in lit-
eratures such as (Di Luzio and Cusatis, 2009b), this section focuses on
validation of the mechanical field, which involves Eqgs. 8-13. Such
validation has been challenging since it involves several critical
time-dependent behaviors/properties, including creep, shrinkage, and
elastic modulus as the input and the EAS as the output.

TSTM is one of the few testing methods that can measure all these
behaviors/properties almost at the same time, but such tests are too
expensive and therefore only a few tests can be performed to (partially)
validate the model. For example, Liang et al. used the Volterra integral
(Eq. (8)) and exponential algorithm to simulate the EAS evolution of
various concretes (e.g., ordinary Portland cement concrete, high-volume
slag concrete and alkali-activated slag concrete), which was validated by
conventional TSTM tests (Liang et al., 2022b, 2023b; Li et al., 2022). In
these tests, the deformation, stress, and elastic modulus were obtained
from experiments, but the creep compliance function was reversely
calculated or assumed and therefore provides only “partial” validation
of the mechanical field. In addition, based on the conventional TSTM
tests on alkali activated slag concrete, the creep compliance function
was tested and converted to relaxation modulus using the exponential
conversion (Eq. (10)). Using the mid-point rule, the Volterra integral
was discretized and therefore the EAS was calculated, which well
matched the experimental results (Li et al., 2025).

Based on the Mini-TSTM, which enhances the testing efficiency, a
more comprehensive validation of the mechanical fields was possible. In
(Liang et al., 2024b, 2024c, 2024d), the Liang et al. conducted
Mini-TSTM tests on concrete and cement pastes with different binders
and water cement ratios under different temperature conditions. The

11

deformation, elastic modulus, and creep were tested, and these data
were used as the input of a viscoelastic model based on Eq. 8-13 to
predict the EAS, which was compared with the experimental results and
showed good accuracy. Some of these comparison results are shown in
Fig. 12. The validation involves two different cements, ordinary Port-
land Cement (i.e., CEM I 42.5N) and high-volume slag cement (i.e., CEM
III/B 42.5N, with slag mass volume around 70%), under temperatures
ranging from 10 to 40 °C. Both cements correspond to cement type = 2 in
Table 2. The consistency between the experiment and simulation vali-
dates the applicability of the proposed viscoelastic model in the TCM
framework for a general analysis of EAC risks under different tempera-
tures. For more details the readers are to referred to (Liang et al., 2024b,
2024c, 2024d).

4.2. Database overview

This section presents the overview of database constructed by the
TCM model. Using the LHS sampling, 1000 sample points are generated
to cover the parameter ranges as in Table 1. The distribution of the LHS
sampling database is shown in Fig. 13. Note that the samples using low
w/c ratios and high strength cement (i.e., cem_type = 3) are removed
from the database as such combination is very rarely used in practice.

Using the TCM model, the EAS curve of each sample shown in Fig. 14
can be obtained and then characterized by PCA using the Scikit-Learn
library (Pedregosa et al., 2012). The PCA results indicate that the first
few components can capture most of the variance of the original 672 x 1
EAS curve, as shown by the explained variance in Fig. 14(a). In partic-
ular, although the first PC alone accounts for more than 95% of the
explained variance, it is not sufficient to reconstruct the EAS curve
accurately, and some local shape features may still be lost. Through
repeated reconstruction trials, it was found that retaining 10 PCs
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Fig. 12. Comparison of the predicted and tested EAS: (a) CEM I 42.5N, w/c = 0.30 tested under 20 °C; (b-c) Two different batches of CEM III B 42.5N, w/c = 0.30
tested under 20 °C; (d-f) CEM I 42.5N, w/c = 0.30 tested under 10 °C, 30 °C, and 40 °C respectively (Liang et al., 2024b, 2024c, 2024d).

provides a good balance between dimensionality reduction and recon-
struction fidelity, especially for preserving finer details of the curve.
Therefore, the first 10 PCs were adopted in this study, and the com-
parison between the reconstructed and original EAS curves is shown in
Fig. 14(b).

The first PC corresponds to over 95% of the explained variance. Since
the PCA is essentially not an explainable model, parametric study as
shown in Fig. 15 is conducted to analyze its statistical characteristics and
understand its physical representations. By ramping the first and second
PC from the minimum (i.e., —29.22 and —16.32) to the maximum (i.e.,
78.18 and 16.38), the EAS curves with similar shapes while different
EAS magnitudes and directions can be obtained. Some patterns can
already be found: 1) Larger 1st PC results in EAS curves with the same
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shape and direction (i.e., initially in compression and later tension) and
larger EAS magnitudes. 2) The 2nd PC is negatively correlated to the
EAS. Therefore, larger 1st PC means higher stress and more EAC risk,
and vice versa for the 2nd PC.

Bearing the representation pattern of 1st and 2nd PC in mind, the
correlation map between the input parameters and the PCs can be
analyzed, as shown in Fig. 16. Some distinct patterns can already be
found from the correlation maps. For example, the first three parameters
that are clearly positively correlated to 1st PCs are the ambient tem-
perature (T room), length of the wall (len), and cement amount (cem),
which aligns with the common understanding of thermal cracking in
massive concrete (Fairbairn and Azenha, 2019; Xin et al., 2021): 1) The
temperature accelerates both the deformation rate and the evolution of
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Fig. 13. Histogram of the database generated by LHS sampling.

mechanical properties, resulting in rapid increase of the EAS (Liang
et al., 2024d); 2) Increasing the length of the wall and the amount of
cement both contributes to the total heat released in the hardening,
therefore causing the increase of temperature and EAS subsequently; 3)
Increasing the wall length also results in stronger restraining effects in
the middle span of the wall and therefore results in the EAS increase. It
should be noted that the wall thickness also positively correlates with
the overall stress level, which are only reflected through its negative
correlation with the 2 nd PCs, indicating a less dominating role. Such
minor effects may be due to the current parameter range of the wall
thickness (0.1-0.4 m), which corresponds to typical residential concrete
structures. In contrast, early-age cracking risks become much more
pronounced in truly massive concrete elements, where thicknesses
commonly reach 0.7 m or more (Jedrzejewska et al., 2020).

4.3. Modelling performance

This section presents the performance of the point-wise ML models
trained using the LHS sampling data, as shown in Fig. 17, and the
sequential model Gated Recurrent Unit with Monte Carlo Dropout
(GRU-MCD), shown in Fig. 18. The mean squared error (MSE) and co-
efficient of determination (Rz), calculated using the standardized data,
are summarized in Table 5. In general, all models can reproduce the EAS
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reasonably well, with most prediction points distributed close to the 1:1
line and relatively high R? values on the validation and testing sets. For
GPR, the almost perfect fit on the training set (R = 0.999) together with
the visibly larger scatter on the validation and testing sets (R% = 0.922
and 0.913, respectively) indicates a noticeable tendency toward over-
fitting (Fig. 16(a-c), Table 5). LGBM exhibits a similar pattern, with R?
=0.992, 0.903, and 0.905 on the training, validation, and testing sets,
respectively, and slightly larger validation and testing errors than GPR,
indicating comparatively weaker generalization performance (Fig. 16
(d—-f), Table 5).

In contrast, GRU-MCD shows a much smaller gap between the
training, validation, and testing results, with R? = 0.984, 0.957, and
0.952, respectively, and also achieves the lowest validation and testing
MSE values among all three models (Table 5). As shown in Fig. 18, the
prediction points of GRU-MCD remain more tightly clustered around the
1:1 line for both the validation and testing sets, indicating more robust
generalization. This improvement can be attributed to the sequential
GRU architecture, which is better suited to capturing the temporal de-
pendencies in the evolving stress histories, together with the regulari-
zation effect introduced by Monte Carlo dropout during training.
Moreover, the GRU-based framework provides a natural basis for
incorporating future time-dependent input features, making it particu-
larly suitable for general early-age stress prediction problems.
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4.4. GP-guided active learning

The GRU-MCD model is trained using data sampling techniques of
LHS and AL. Starting with an identical initial dataset consisting of 64
randomly selected samples, additional data points were progressively
incorporated from LHS and AL to construct two separate models. Their
predictive performance was then cross-evaluated: the LHS-based model
was tested on the AL dataset, while the AL-based model was tested on
the LHS dataset. The modelling performance is shown in Fig. 19.

As expected, both models exhibit monotonic performance improve-
ments as the number of training samples increases, as quantified by MSE
and R? in Fig. 19(a and b). The most substantial improvements occur
within the first 300 samples. Notably, the model trained with AL data
consistently outperforms the LHS-based model across most training
stages. From the MSE curves, it is particularly evident that the AL-based
model trained with only ~200 samples already achieve prediction ac-
curacy comparable to the LHS-based model trained with ~900 samples,
highlighting the significant efficiency benefits brought by AL. Such
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performance gain can be attributed to the uncertainty-guided sample
selection strategy employed in AL. At each acquisition step, the variance
estimated by the GP model is used as the acquisition score to identify the
most informative samples. As AL progresses, the distribution of acqui-
sition scores gradually shifts from high to low variance (Fig. 19(c)),
indicating a continuous reduction in uncertainty across the sampling
space. This trend is most prominent within the first 300 acquisition
cycles, corresponding well to the rapid improvement observed in model
performance.

This efficiency advantage is practically important from a computa-
tional perspective. In the present study, the dominant computational
cost lies in generating labeled samples with the TCM model rather than
in training the DSL surrogate. Specifically, each TCM simulation re-
quires approximately 0.7-1.0 h per sample on an Intel i9-14900K CPU
with 64 GB RAM, whereas training the DSL model for 400 epochs with
1000 samples takes only about 5 min on an NVIDIA RTX 3060 GPU.
Therefore, reducing the number of required TCM samples can directly
translate into substantial savings in the total wall-clock time.
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Fig. 17. Performance of the point-wise machine learning models: (a c) are the results of GPR models and (c ~ d) are the results of LGBM models over the training,

validation and testing set respectively.

Overall, the AL procedure effectively targets the most uncertain re-
gions of the input space, resulting in a rapid contraction of predictive
uncertainty. This targeted sampling strategy leads to a far more efficient
training process and produces a model with superior generalization
performance compared to conventional LHS-based data sampling.

4.5. Case study

This section presents a case study investigating the influence of key
material and structural parameters on the evolution of early-age stress.
A representative sample is randomly selected as the baseline, with its
parameter values listed in Table 6. Using this baseline, the effects of
temperature, wall length, wall height, and cement content on EAS
evolution are illustrated in Fig. 20, where the curves shown correspond
to the EAS mean and the bands representing twice the standard
deviation.

The observed trends are consistent with the correlation patterns
identified in the database analysis (Section 4.2) and align well with
established mechanistic understanding of early-age concrete behavior.
As shown in Fig. 20(a), increasing temperature accelerates cement
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hydration, which intensifies both thermal and autogenous deformation
and ultimately leads to higher EAS. A similar pattern is observed for
cement content (Fig. 20(b)): higher cement amounts generate more
hydration heat, thereby increasing thermal deformation and elevating
EAS. The geometric parameters—wall length and height—reflect the
level of structural restraint. A longer wall exhibits a greater degree of
restraint, resulting in higher stress development, whereas an increase in
height reduces restraint and consequently lowers EAS (Fig. 20(c and d)).
This observation is consistent with the well-established understanding
that the length-to-width ratio is a critical determinant of EAC risk:
structures with a higher length-to-width ratio generally experience more
severe restraint effects and are therefore more susceptible to elevated
EAS and EAC (Jedrzejewska et al., 2020).

Beyond capturing these physically meaningful trends, the proposed
modeling framework provides not only point predictions but also 95%
confidence intervals. This uncertainty indication is particularly valuable
for engineering design and structural reliability assessment, enabling
more informed and risk-aware decision-making.
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Table 5
Metrics of the model performance.
Training Validation Testing
MSE R? MSE R? MSE R?
GP 0.001 0.999 0.089 0.922 0.092 0.913
LGBM 0.008 0.992 0.131 0.903 0.163 0.905
GRU-MCD 0.015 0.984 0.039 0.957 0.058 0.952

4.6. Discussion

Overall, the present study demonstrates that EAS prediction can be
improved from both the physical and data-driven perspectives. The
proposed TCM model provides a physically grounded basis for EAS
simulation and shows good agreement with experimental observations,
while the GRU-MCD sequence model is better suited than point-wise
predictors for capturing the path-dependent evolution of the full EAS
curve. More importantly, the GP-guided AL strategy substantially im-
proves data efficiency, enabling high predictive accuracy with far fewer
expensive TCM samples. These results suggest that the overall FE-ML-AL
workflow is transferable and can be extended to other material systems
and structural scenarios.

At the same time, several limitations remain. On the material side,
the current model is still mainly based on the MC2010 framework, and
although some components have been improved using XGBoost, the
prediction accuracy of complex time-dependent behaviours still requires
further refinement. In particular, the present framework uses equivalent
age as a unified index to describe the evolution of several material
properties. While such a treatment is relatively reasonable for strength
development and creep/relaxation, its applicability to shrinkage, espe-
cially autogenous shrinkage, is less rigorous (Liang et al., 2024d). This is
because shrinkage is more directly governed by moisture-related
mechanisms and self-desiccation and may not strictly follow the same
maturity scaling as strength-related properties. In addition, the chemical
field in the current material model only considers the hydration of or-
dinary Portland cement. The influences of chemical admixtures and
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other cementitious materials with different hydration kinetics are not
explicitly included. The hydration degree is currently determined by an
Arrhenius-type ordinary differential equation, which remains essentially
empirical. As a result, the current material module still involves
simplified assumptions in both the treatment of different
time-dependent behaviors and the chemo-field evolution, which should
be refined in future developments.

On the structural side, the present mechanical idealization is rela-
tively simplified, whereas real structures may involve more complex
structural forms, restraint conditions, foundation effects, and construc-
tion sequences. These factors should be considered more carefully in
future developments. In particular, the present model involves as-
sumptions on the construction and curing process. For example, the
curing condition is simplified as blanket covering, whereas actual en-
gineering practice may involve other curing measures, together with
environmental effects such as solar radiation and wind-induced cooling.
These factors mainly affect the parameter setting of the thermos-field
and may further influence the subsequent stress evolution. In addition,
the geometric idealization is simplified, and the interaction with sur-
rounding or adjacent structural components is not explicitly considered.
This is directly related to the definition of restraint conditions, which is
particularly important for EAS calculation. Furthermore, the environ-
mental temperature considered in this study is limited to 10-40 °C,
which covers most common residential exposure conditions. Extending
the model to a wider temperature range is not difficult from an imple-
mentation point of view, since both the physical model and the neural-
network framework can accommodate variable temperature histories.
However, such an extension should be supported by corresponding
material models, because the applicability of the current MC2010-based
formulation outside this temperature range remains unclear.

In addition, although Monte Carlo dropout provides a useful estimate
of predictive uncertainty, the current results mainly support uncertainty
indication rather than fully calibrated uncertainty quantification. As
shown in Appendix A, increasing the dropout rate improves uncertainty
coverage but also reduces point-prediction accuracy, so the adopted
setting is a compromise between these two objectives. The resulting
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Table 6
Parameters for the case study.
T_room RH len width height te cem we agg agg_type cem_ b_h_ratio E.b_ratio VS
type
21.72 0.87 19.01 0.17 3.04 58.72 502.74 0.45 3.23 2 1 0.17 1.78 82.72

empirical coverage still remains below the nominal 95% confidence
level, indicating that the uncertainty intervals are not yet fully
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calibrated. This limitation is consistent with recent studies showing that
uncertainty estimates from Monte Carlo dropout can depend strongly on
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the model design and may be difficult to interpret in a rigorous proba-
bilistic sense (Pasparakis et al., 2025).

Future work may therefore proceed along four directions. First, more
experimental data are needed to support improved modelling of time-
dependent material behaviors under complex environmental condi-
tions, especially creep, autogenous shrinkage, and drying shrinkage. The
material model itself should be further improved by incorporating
admixture effects, other cementitious systems, and more physically
based descriptions of hydration kinetics beyond the current Arrhenius-
type empirical formulation. Second, a more flexible and powerful
structural modelling module should be developed to account for more
complicated structural forms, restraint conditions, construction pro-
cesses, adjacent structural interactions, and wider environmental tem-
perature histories. Third, uncertainty calibration should be examined
more systematically by introducing explicit quantitative evaluation
measures and by exploring more robust probabilistic learning strategies
beyond Monte Carlo dropout (Pasparakis et al., 2025). Fourth, more
advanced data- and physics-driven extensions may also be explored,
including emerging neural architectures such as Kolmogorov-Arnold
networks (Wang et al., 2025), operator-learning (Xu et al., 2024),
physics-informed neural networks (Shen et al., 2025; Wang et al., 2026),
and the integration of machine learning with multi-objective optimiza-
tion for structural design (Zhang et al., 2026b).

5. Conclusions

This study presents a unified framework for predicting the EAS
evolution of cementitious materials by integrating TCM modelling, DSL,
and uncertainty-driven AL. A TCM model with experimentally informed
viscoelasticity was developed to generate high-fidelity stress—time
datasets across diverse material compositions, environmental condi-
tions, and structural configurations. These datasets were used to train a
GRU-based DSL model capable of learning the full EAS evolution his-
tory. To reduce the computational burden of multifield simulations, a
GP-guided DSL strategy was introduced, enabling efficient sample se-
lection and fast model refinement. Together, this FE-ML framework
significantly improves both the accuracy and efficiency of EAS predic-
tion. The main findings are as follows:
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1) An enhanced TCM model was established using a 9-unit Maxwell
chain derived from an exponential creep-relaxation conversion and
solved by the exponential algorithm in FEM. This formulation gua-
rantees positive relaxation modulus and numerical efficiency,
avoiding the drawbacks of direct Volterra inversion. The complete
viscoelastic model—covering creep, shrinkage, and stiffness devel-
opment—was validated against extensive Mini-TSTM tests under
varying temperatures and binder types. It accurately reproduced the
observed EAS evolution, demonstrating strong reliability for EAC
assessment.

2) Compared with point-wise models such as LGBM and GPR, the GRU-
MCD sequence model captured the temporal dependency of EAS
evolution much more effectively. It achieved the highest accuracy
(R? > 0.95), with reduced overfitting. Its ability to combine time-
series information, structural and material parameters, and predic-
tive uncertainty makes it well suited for modelling path-dependent
early-age mechanical behavior of cementitious materials.

3) The GP-guided AL scheme greatly improved data efficiency by
prioritizing the most informative samples. Using only ~200 AL-
selected simulations, the GRU-MCD model reached or exceeded the
accuracy (in terms of MSE) of models trained on ~900 LHS samples.
The steady decrease in acquisition variance confirmed that AL effi-
ciently targets high-uncertainty regions, accelerates surrogate-model
convergence, and reduces reliance on computationally expensive
TCM analyses.

Although the present study employed a specific wall-base structure
and an Al-enhanced MC2010-based material model as an example, the
proposed FE-ML framework shows good potential for extension to other
structural configurations, geometries, and cementitious systems, pro-
vided that the corresponding temperature, hydration, and viscoelastic
properties can be properly defined. At the same time, the present ma-
terial and structural models still involve several simplifying assump-
tions, including the treatment of hydration kinetics, shrinkage
evolution, curing conditions, restraint definition, and environmental
temperature range. In addition, although the GRU-MCD model can
predict full stress evolution curves and provide useful uncertainty esti-
mates through Monte Carlo dropout, the current uncertainty output is
more suitable for uncertainty indication than for fully calibrated
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probabilistic assessment. Therefore, future work should focus on
improving the material model, refining the structural representation,
and strengthening uncertainty calibration, so as to further enhance the
applicability of the proposed framework to reliability-oriented analysis,
risk-informed design, and optimization of low-carbon concrete mixtures
and structural configurations in early-age performance assessment.

CRediT authorship contribution statement

Minfei Liang: Writing — original draft, Validation, Software, Meth-
odology, Investigation, Formal analysis, Data curation, Conceptualiza-
tion. Yong Fang: Writing — review & editing, Funding acquisition,
Formal analysis. Wenqi Guo: Writing — review & editing, Investigation,

Engineering Applications of Artificial Intelligence 177 (2026) 114985

Conceptualization. Chuan He: Writing — review & editing, Investiga-
tion, Funding acquisition, Conceptualization. Erik Schlangen: Writing —
review & editing, Investigation, Formal analysis, Conceptualization.
Branko Savija: Writing — review & editing, Investigation, Formal
analysis, Conceptualization. Sonia Contera: Writing — review & editing,
Funding acquisition, Formal analysis, Conceptualization.

Declaration of competing interest
The authors declare that they have no known competing financial

interests or personal relationships that could have appeared to influence
the work reported in this paper.

Appendix. A Sensitivity analysis of dropout rate

To justify the choice of the dropout rate in the MC Dropout procedure, a brief parametric study was conducted by varying the dropout rate from 0.1
to 0.5. For each setting, the GRU-MCD model was trained under the same configuration, and the predictive performance on the test set was evaluated
in terms of R%, MSE, and uncertainty coverage. The results are summarized in Fig. Al.

Herein, the uncertainty coverage is defined as the empirical coverage of the nominal 95% confidence interval predicted by MC Dropout. Spe-
cifically, for each test sample and each time step, repeated stochastic forward passes with activated dropout produce a predictive mean p;; and
standard deviation o;;. The corresponding confidence interval is constructed as [p;,i—1.960i, pi+1.960;]. The uncertainty coverage is then
calculated as the proportion of all sample-time points whose true stress values fall within this interval, which reflects how well the predicted un-
certainty intervals cover the true response.

As shown in Fig. A1(a-b), the predictive accuracy remains relatively stable for dropout rates between 0.1 and 0.4. The highest R? is obtained at 0.1,
while the lowest MSE is achieved at 0.2. The result at 0.3 remains close to the best-performing cases, indicating that the point-prediction accuracy is
largely preserved. By contrast, the uncertainty coverage increases monotonically from about 71% at 0.1 to about 89% at 0.5, as shown in Fig. A1(c),
suggesting that larger dropout rates produce wider and more conservative uncertainty intervals. However, when the dropout rate reaches 0.5, the
prediction accuracy deteriorates noticeably, as evidenced by the clear drop in RZ and the sharp increase in MSE.

These results indicate a trade-off between predictive accuracy and uncertainty coverage. A small dropout rate tends to favor point prediction, while
a large dropout rate improves coverage at the cost of over-regularization and reduced accuracy. Therefore, a dropout rate of 0.3 was adopted in this
study as a balanced compromise: it maintains near-optimal prediction accuracy while already providing a substantial improvement in uncertainty
coverage.
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