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Abstract: Ultra-high performance concrete (UHPC) sur-
passes conventional concrete in performance. However,
ensuring consistent mechanical properties during produc-
tion, even with identical recipes, remains challenging. Using
experimental data, this study investigates how material
quality, environmental conditions, measurement errors in
material dosing, and mixing and curing conditions influ-
ence the mechanical properties of UHPC. This broad scope
of influencing factors and production conditions increases
data dimensionality and, coupled with the high cost of
UHPC experiments, results in a sparse dataset. Traditional
evolutionary algorithms, though effective in feature selec-
tion, struggle with high-dimensional small-sized datasets.
To address this, a search-space-constraining method for
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the non-dominated sorting genetic algorithm IT (NSGA-II) is
introduced, incorporating domain-specific knowledge into
population initialization to reduce dimensionality and thus
enhance prediction accuracy and solution stability. Com-
parative evaluations using various machine learning algo-
rithms on the UHPC dataset demonstrate that population
initialization to constrain the search space of NSGA-II out-
performs the standard NSGA-IL Finally, the significance of
each examined factor in the UHPC manufacturing process
for the properties of the final product is discussed.

Keywords: ultra-high performance concrete; UHPC manu-
facturing process; multiobjective feature selection; data-
driven modeling

Zusammenfassung: Ultra-Hochleistungsheton (UHPC)
ubertrifft konventionelle Betone hinsichtlich der
Leistungsfahigkeit. Die Gewdhrleistung reproduzierbarer
mechanischer Eigenschaften bleibt jedoch selbst bei
identischen Rezepturen herausfordernd. Auf Basis
experimenteller Daten untersucht diese Studie den
Einfluss von Materialqualitdt, Umgebungsbedingungen,
Messfehlern in der Materialdosierung sowie Misch- und
Nachbehandlungsbhedingungen auf die mechanischen
Eigenschaften von UHPC. Die Vielzahl potenzieller
Einflussgrofflen und Prozessbedingungen fiihrt zu
hoher Dimensionalitit; zugleich begrenzen die hohen
Versuchskosten die Stichprobengrofie. Es liegt daher
ein hochdimensionaler Datensatz mit geringer Fallzahl
vor. Klassische evolutiondre Algorithmen sind zwar
in der Merkmalsauswahl leistungsfahig, stofsen bei
hochdimensionalen, kleinen Datensdtzen jedoch an
Grenzen. Zur Abhilfe wird eine suchraumbeschrankende
Variante des Non-Dominated Sorting Genetic Algorithm
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I (NSGA-II) vorgestellt, die doménenspezifisches Wissen
bereits in der Populationsinitialisierung einbindet,
die effektive Dimensionalitdit reduziert und damit
Vorhersagegenauigkeit sowie Losungsstabilitdt erhoht.
Vergleichende  Auswertungen mit  verschiedenen
Machine-Learning-Verfahren auf dem UHPC-Datensatz
belegen Vorteile gegeniber dem Standard-NSGA-II
hinsichtlich  Vorhersageglite und Ldsungsstabilitat.
Abschliefiend wird die relative Bedeutung der betrachteten

Einflussfaktoren im UHPC-Herstellprozess fir die
Eigenschaften des Endprodukts diskutiert.
Schlagwérter:  Ultra-Hochleistungsbeton; UHPC-

Herstellungsprozess; Mehrziel-Merkmalsselektion;
datengetriebene Modellierung

1 Introduction

Ultra-high performance concrete (UHPC) is an advanced
cement-based composite known for its exceptional mechan-
ical strength and durability. Typically, it contains a high vol-
ume of short steel fibers (approximately 2 % by volume) dis-
tributed within a dense matrix with a low water-to-binder
ratio, often incorporating silica fume. This composition
enables UHPC to exhibit uniaxial tensile hardening behav-
ior, which promotes stable microcracks and excellent trans-
port properties even under demanding conditions. These
characteristics make UHPC suitable for bridge construction,
structural strengthening, and waterproofing. However, the
high cement and silica fume content increases production
costs and contributes significantly to the CO, footprint [1].

Additionally, the production process for UHPC is
highly sensitive [2]. Minor deviations from the recipe or
changes in environmental conditions can affect consis-
tency and mechanical behavior, leading to higher waste.
To address these issues, the construction industry requires
an advanced support system capable of predicting UHPC
properties in real time, enhancing quality control, reducing
waste, improving product quality, and lowering costs.

To date, most investigations of the UHPC manufactur-
ing process have focused on individual factors rather than
the interactions among all relevant ones. Using the pub-
licly available dataset [3], variations of a reference UHPC
recipe and production conditions are systematically eval-
uated. Specifically, the impacts of raw material properties
(e.g. impurities, particle size distribution), dosing system
errors, energy consumption during mixing, and environ-
mental conditions (affecting both raw materials and speci-
men curing) on UHPC quality are assessed (see Figure 1). By
understanding the most influential and informative factors
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in the UHPC production process, practitioners can predict
the quality of the final product early, before the costly curing
process.

Modeling the UHPC manufacturing process poses sig-
nificant challenges due to the complex physical and chemi-
cal subprocesses involved. Generating data for one exper-
imental point requires 28 days, making the process time-
consuming and costly. This data generation, coupled with
the large number of key factors in this production pro-
cess, results in a sparse dataset [3]. High dimensionality
and small sample size further complicate modeling efforts.
In such cases, the feature selection process plays a cru-
cial role. Standard feature selection methods [4], such as
sequential feature selection and recursive feature elimina-
tion, often struggle to detect patterns in high-dimensional
datasets; they frequently miss critical relationships and
become trapped inlocal minima [5], [6]. Although evolution-
ary multiobjective feature selection methods can outper-
form greedy search-based approaches, they are less effec-
tive for high-dimensional, small-sized datasets.

To overcome these difficulties, this contribution focuses
on a multi-step dimensionality reduction approach. By
incorporating domain knowledge into the initial population
of the standard non-dominated sorting genetic algorithm
IT (NSGA-II) [7], the prediction accuracy and solution sta-
bility are enhanced. This population-initialization method
effectively addresses the challenges of high dimensionality
and small sample size in evolutionary multiobjective fea-
ture selection, improving prediction performance, solution
stability, and interpretability in high-dimensional datasets
with small sample sizes.

The remainder of this paper is organized as fol-
lows: Section 2 reviews parameter studies and mechani-
cal property prediction for concrete, along with a back-
ground on evolutionary multiobjective feature selection.
Section 3 details the proposed modeling pipeline for UHPC
production. Section 4 analyzes the effect of the intro-
duced population-initialization method, which constrains
the search space, on NSGA-II Finally, Section 5 concludes the
study and provides insights for future research.

2 Related work

2.1 Predicting concrete mechanical
properties

Predicting the compressive strength (CS) of concrete,
particularly its 28-day CS, has traditionally relied on
empirical relationships [8] and, more recently, machine
learning techniques [9], [10]. The initial obstacle to
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Figure 1: Ultra-high performance concrete (UHPC) manufacturing process. Production and testing procedures, influencing factors, and key
considerations regarding the impact of material quality, particle size distributions, measurement errors, and environmental conditions on final UHPC
mechanical performance. (El.: Electrical, CS: Compressive strength, £S: Flexural strength).

adopting machine learning techniques in concrete research
is the scarcity of comprehensive, high-quality datasets.
The datasets on Compressive Strength [11] and Slump Flow
Test [12], collected by Yeh from diverse research sources,
are commonly used [13], [14]. These generally focus on
the impact of mixing proportions on high-performance
concrete. Since the datasets are compiled from diverse
sources, they are susceptible to inherent redundancies and
inconsistencies.

Nguyen et al. [15] employed the XGB algorithm to pre-
dict CS of UHPC using a dataset of 931 mix formulations
derived from both laboratory experiments and the existing
literature. However, the dataset does not incorporate poten-
tial uncertainties in material quality, dosing, and environ-
mental conditions.

Aylas-Paredes etal. [16] built a 1,300-entry UHPC
dataset from more than 55 studies and trained a random
forest (RF) and a three-layer artificial neural network (ANN)
to predict the 28-day strength. Hyperparameters were tuned
by 10-fold cross-validation (CV), but accuracy came from a
single 75 %25 % train—test split, risking sampling and ini-
tialization bias. Undocumented mixing, curing and storage
differences across labs further threaten generalizability.

Wakjira et al. [17] trimmed Abelldn-Garcia’s 931-mix
UHPC [18] archive to 540 mixes by deleting entries with
missing data and keeping only 10 compositional variables,
omitting all processing details (e.g. curing and batching

temperature). They trained decision-tree, GBM and XGB
models and stacked them with a linear-SVR meta learner,
but validated the system on just one random 80 %/20 %
train—test split with no repeated initializations. Conse-
quently, both the reported accuracy and the multiobjective
Pareto fronts may vary with a different split, and ensemble
diversity is limited because each base learner is tree-based
[19].

Designing a pipeline for the concrete production pro-
cess with sparse data has been seldom addressed [20].
Recently, Golafshani et al. [21] proposed a pipeline for mod-
eling concrete production and optimizing mixtures that
investigates a framework for the low-carbon mix design of
recycled aggregate concrete with supplementary cementi-
tious materials using machine learning.

Despite progress in predicting concrete mechanical
properties, notable challenges persist [22]. These include
limited data coverage of material quality, measurement
errors, and mixing and curing conditions — factors that
necessitate a holistic perspective on the production process.
Even minor variations in these variables can lead to incon-
sistencies in UHPC quality, despite using identical recipes
[23]. Additional hurdles include systematic data generation,
feature selection methods that fail under high dimension-
ality and limited sample sizes, inadequate training-testing
strategies, and a narrow range of investigated algorithms.
To address these gaps, this study investigates the effects



794 — F. Rezazadeh et al.: Search-space constrained NSGA-II to investigate UHPC quality variability

of material quality, uncertainties in material dosing and
particle size distribution, as well as mixing and envi-
ronmental conditions on final mechanical properties. By
leveraging the developed multiobjective feature selection
method and a diverse set of 10 machine learning algorithms
and employing a leave-one-out cross-validation (LOOCV)
[24] training-testing strategy — coupled with multiple ini-
tializations — the proposed methodology ensures reliable
predictions of UHPC mechanical properties.

2.2 Evolutionary multiobjective feature
selection

Feature selection (FS) is crucial in machine learning, par-
ticularly for high-dimensional datasets with small sample
sizes. It enhances model interpretability, mitigates overfit-
ting, and improves prediction accuracy by discarding irrel-
evant or redundant features. Traditionally, FS methods — fil-
ter, wrapper, and embedded — may select redundant fea-
tures, exhibit nesting effects, or become trapped in local
optima, especially in complex, high-dimensional domains
(5], [6].

Evolutionary multiobjective feature selection (EMOFS)
has been studied for several decades [25]. It excels in
global optimization and can handle high-dimensional data;
however, it generally requires large datasets. For complex,
sparse datasets, the intrinsic randomness of evolutionary
processes often leads to unstable outcomes. As a result,
EMOFS has primarily been employed for large-scale classi-
fication tasks [26]-[29]. One way to address this challenge
is incorporating prior knowledge into the FS process [30].
EMOFS methodologies can integrate domain expertise at
multiple design stages, including solution representation,
evaluation metrics, initialization strategies, offspring gen-
eration methods, environmental selection, and decision-
making [6]. Kropp et al. [31] propose a Sparse Population
Sampling technique, seeding the population with sparse ini-
tial solutions and thus leveraging a form of prior knowledge.
Xu et al. [32] employ duplication analysis to simplify FS by
exploiting patterns of feature redundancy. Song et al. [33]
group features based on correlations before using parti-
cle swarm optimization, thereby harnessing prior knowl-
edge of feature relationships. Ren et al. [34] develop an
algorithm for sparse optimization that indirectly integrates
domain insights by emphasizing the distribution of non-
zero elements. Likewise, Wang et al. [35] apply multiobjec-
tive differential evolution to balance feature minimization
and classification performance, implying an indirect use
of domain-specific feature importance. Vatolkin et al. [25]
apply EMOFS, optimizing trade-offs between classification
error and the number of features. Follow-up studies [36]
further generalized this approach to multiple objective
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pairs and scenarios. These works show the efficacy of
EMOFS in complex domains. Moreover, biased or informed
initialization has been proposed as a means to inject domain
knowledge into the evolutionary search. For instance, seed-
ing the initial population with high-quality or sparse solu-
tions can guide the algorithm towards better optima.

Yet, no existing approach explicitly utilizes predefined
features as prior knowledge or directly tackles problems
marked by both high dimensionality and small sample size.
A gap remains in achieving stable EMOFS outcomes under
these constraints. This work addresses this gap by partially
initializing the populations with domain-specific knowledge
and tuning the mutation probabilities to balance explo-
ration and exploitation.

3 Modeling pipeline for UHPC
manufacturing process

This section presents the proposed modeling pipeline, tai-
lored to the UHPC manufacturing process (Figure 2). The
pipeline starts with the data generated in the previous
study [3]. This initial step is followed by data preprocess-
ing to ensure the dataset is ready for modeling. Next, the
ensemble-based feature importance determination method
(E-FID) [2] is applied to select predefined features for subse-
quent stages. The pipeline progresses to the layer of search-
space constrained evolutionary multiobjective feature and
algorithm selection (SEM-FAS), which systematically selects
the most relevant features and the most suitable algorithm
for modeling UHPC mechanical properties.

3.1 Key factors and characteristics in the
UHPC production process

To collect data for the UHPC dataset (X € R'%*10) [3], a fixed
reference UHPC recipe with constant material amounts is
used. However, as summarized in Table 1, UHPC quality
can be influenced by small variations in multiple factors
during production. In addition to mechanical tests, proper-
ties such as temperature, electrical conductivity, air content,
slump flow [37], and funnel runtime are measured for fresh
concrete.

In the first stage, the effects of material quality, stor-
age environment, and silica fume impurities are exam-
ined by varying delivery batch time (DB), cement reactiv-
ity (CR), ingredient moisture (IM), ingredient temperature
(IT), and graphite content (GRP). Even materials supplied
by the same manufacturer but at different times (labeled
as DB1 or DB2) can exhibit subtle differences that affect the
microstructure. Cement reactivity can be altered by changes
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Figure 2: Proposed modeling pipeline for the ultra-high performance concrete manufacturing process, from data generation to modeling. (DG: Data

generation, L: Layer, DPP: Data preprocessing, FI: Feature importance, P-Fs & Alg.: Proposed features & algorithm).

Table 1: The dataset used in this study (X € R™*"?) [3] is based on an ultra-high performance concrete (UHPC) reference recipe and includes

variations in material quality, potential measurement errors, mixing condition, fresh concrete properties, and curing conditions. The cement and silica
fume contents remain constant. The reference mix is a fibre-free UHPC formulation supplied by G.tecz GmbH for facade panels.

Group Factor name Var. Unit Mean Median Std Min Max
Material delivery batch time DB Class - - - 1 2

Material quali Ingredient moisture M % 3.13 3.15 0.16 2.92 3.36
quality Ingredient/Water temperature  IT °C 24.20 25 9.05 10 40
Graphite GRP kg 0.08 0.09 0.07 0 0.22

Sand I SAL kg 5.98 6 0.59 5.10 6.90

Sand II SAI kg 10.53 10.50 1.04 8.92  12.07

Particle size distributions & Measurement errors  Filler I FLI kg 6.00 6 0.59 5.10 6.90
Filler I FLII kg 0.75 0.75 0.07 0.63 0.86

Superplasticizer SPpP kg 0.32 0.32 0.02 0.29 0.35

Mixing condition Average power consumption APW kW 1.04 1.06 0.19 0.36 1.40
Fresh concrete temperature FCT °C 26.77 27 343 176 3330

Electrical conductivity EC \' 4.615 4611 0.029 4541 4745

Fresh concrete properties Air content AC % 1.62 1.50 0.77 0.40 7
Slump flow SF mm 335.91 340 26.35 215 395

Funnel runtime FR S 7.53 7 2.82 4 2410

Curing temperature day 1 m °C 24.60 20 9.72 10 40

Curing conditions Curing class day 1 [qa Class - - - 1 2
9 Curing temperature day 2-28 (r28 °C 22.15 20 9.38 10 40
Curing class day 2-28 (28 Class - - - 1 2

in chemical composition and environmental factors during
storage. Variations in moisture content may also impact
UHPC quality. Additionally, raw materials stored outside
can experience fluctuations in temperature and humidity.

Consequently, the temperature of raw materials is artifi-
cially adjusted, and extra water is added to simulate humid-
ity. A crucial characteristic of UHPC is its low water content;
thus, impurities that absorb water (e.g. GRP content) can
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significantly affect workability and, ultimately, compressive
strength.

The recipe formulation (e.g. ratios of aggregates, super-
plasticizer, and silica fume) is critical for UHPC strength
and durability. Small measurement errors or variations in
particle size distribution can lead to significant differences
in final properties. Various fresh concrete properties — tem-
perature (FCT), electrical conductivity (EC), air content (AC),
slump flow (SF), and funnel runtime (FR) - serve as indi-
cators of homogeneity, workability, and potential structural
integrity. To capture real-world variability, different curing
conditions are implemented in two phases [23]. During the
first 24 h, the UHPC transitions from paste to a minimally
hardened state. It is either stored in a humidity-controlled
cabinet at 90 % relative humidity and 20 °C or covered with
plastic film at 20-40 °C. After demolding at 24 h, the spec-
imens are either maintained under plastic film at 20 °C or
submerged in water at 20—40 °C until day 28.

3.2 Data preprocessing

The data preprocessing stage consists of four main steps
(Figure 2). First, data are normalized to the range [0, 1]. Sec-
ond, iterative imputation manages missing data, which con-
stitutes approximately 4 % of the dataset [3]. Simple meth-
ods like mean or median imputation can produce biased
estimates [38]. Iterative imputation [39], implemented via
scikit-learn’s IterativeImputer [40], treats each feature
with missing values as a function of other features in a
sequential modeling process. Thirdly, Pearson’s correlation
coefficient [41] is used to detect and remove highly corre-
lated inputs, preventing multicollinearity. The correlation
analysis, detailed in Section 4.1, leads to the removal of three
inputs, further reducing the dimensionality of the dataset
from 19 to 16 [3]. Finally, based on expert analysis [3], the
removal of 11 outliers yields a refined dataset X € R16<1%
for the subsequent investigations.

3.3 Ensemble-based feature importance
determination

In this study, the ensemble-based feature importance deter-
mination (E-FID) framework [2] is employed to identify pre-
defined features as prior knowledge for incorporation into
the next step (see Figure 2). Unlike single-model approaches,
the ensemble method combines insights from multiple pre-
dictive algorithms, mitigating bias and variance issues. This
strategy is particularly advantageous in high-dimensional,
limited-data settings, where ensembles enhance generaliza-
tion and reduce the risk of overfitting [19], [42].
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E-FID utilizes 16 different feature importance determi-
nation methods as base learners (BLs), ranging from filter
and wrapper to embedded approaches, to provide diverse
perspectives for data analysis. Diversity among the BLs is
measured using Pearson’s correlation analysis; highly cor-
related BLs are removed to eliminate redundancies. Finally,
an averaging aggregate method is applied to combine the
outcomes into the final result [2].

3.4 Search-space constrained evolutionary
multiobjective feature and algorithm
selection framework

3.4.1 Non-dominated sorting genetic algorithm II

This study adopts the non-dominated sorting genetic
algorithm IT (NSGA-II) [7] for feature selection. Each individ-
ual is represented by a binary vector:

]T

) ()]

X=X, X, .... X,

where n is the total number of features, and x; € {0,1}
indicates the absence (0) or presence (1) of the i-th fea-
ture. The fitness of each individual is quantified by multi-
ple objective functions (f(x)), typically aiming to balance
maximizing predictive performance against minimizing the
number of selected features.
NSGA-II uses two main variation operators:
- Crossover: Combines segments of two parent chromo-
somes to generate offspring.
—  Mutation: Randomly flips bits in a chromosome with
probability y, further enhancing diversity.

In each generation, the parent population P, undergoes
crossover and mutation to produce an offspring population
Q;. Both populations are then merged into R, and sorted
by non-dominance and crowding distance to form the next
generation [7].

The set of optimal solutions X™ is defined by:

X* = arg I;(laX{fl(X), (%), ..., filx)}, 2
XE

where [ is the number of objectives, X is the set of all
feasible solutions, and f; are the objective functions to be
maximized, depending on the problem setup [43].

3.4.2 Search-space constrained non-dominated sorting
genetic algorithm II

To address the challenges of EMOFS methods in high-
dimensional datasets with small sizes, this study developed
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Figure 3: Overview of the search-space constrained NSGA-II process. Each generation selects parents (p,) from the current population (P,) for
crossover and mutation, producing offspring (o) in (Q,). After G generations, the final solutions comprise the predefined feature set (£ oqe¢), the

non-predefined feature set (F,.), and the optimal hyperparameters (H,

\per)- By enforcing features in (F,

predef) t0 b€ 1, NSGA-II narrows the search space,

focusing on how other features (F,.,) interact with F.q.r. (f;(x): Objective function, F;: Pareto solution).

the search-space constrained non-dominated sorting
genetic algorithm II (NSGA-II), as shown in Figure 3.
The search-space constrained NSGA-II serves as an
optimization process that selects the optimal features
(i.e., dimensionality reduction) for modeling while
simultaneously optimizing the hyperparameters of the
chosen model. In the search-space constrained NSGA-II, an
individual is represented by a vector.

X =X}, Xps .ov s Xy Mgy Py, oo, DT, (3)

where each x; € {0,1} indicates whether the i-th feature is
absent (0) or present (1), and each h i € R is a real-valued
hyperparameter of the machine learning algorithm [44].
The number of features is n, and the number of hyper-
parameters is k. The search-space constraint is realized
by a specific population initialization in NSGA-II, where
predefined features identified by the E-FID framework are
integrated as prior knowledge to constrain the search
space.

Let SC{1,2,...,d} be the set of indices corre-
sponding to these predefined features. During popula-
tion initialization, crossover, and mutation, for each pre-
defined feature index i € S is enforced by setting x; =1

(Figure 3). In the initialization phase, a population P,
is created, each retaining the predefined feature set
Fpreger = D5 X, . ,Xz]" and a random selection of addi-
tional features (Fe = [Xgy1,....%,]"), along with ran-
domly assigned values for the corresponding hyperparam-
eters (Hype, = [y, hy, ..., Iy ]"):
X = [X05 Xgs o ev s Xgs Xggns -ov s Xpo Pps By o, DT ()
During initialization, each individual has its predefined
feature bits set to 1. For features not in the predefined set,

bits are randomly chosen (0 or 1 with equal probability):

1, ifies,
Xi = (5)
randint{0,1}, ifi&sS.

In the crossover step, two parents exchange bits for
non-predefined features with probability a = 0.5. However,
predefined feature bits (i € S) are never swapped, so they
remain 1in each offspring (Figure 3).

In the mutation step, predefined feature bits are never
flipped. For non-predefined features, each bit can flip with
a small probability (¢ = 0.05):
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X;, ifies,
X =q1-x, wp. u, ifigs, (6)
Xi’ W.p. (1 - M)» ifl g S.

A uniform re-sampling mutation is applied to the
hyperparameter genes: each hyperparameter is given an
independent 5 % probability of being mutated, and, when
mutation occurs, a new random value is drawn across its
full valid range (a continuous uniform distribution for the
real-valued and discrete uniform distributions for integer
hyperparameters). In this way, each mutated value is kept
admissible, fresh genetic material is injected at each gener-
ation, and the real-valued parameters are allowed to evolve
jointly with the feature subset [45].

The fitness of each individual is evaluated as follows
[43], [46]:

X* = argmax{ fi(x), — f,(x)}, @)
xeX

where f,(x) = R*(x) represents the model’s predictive accu-
racy, and f,(x) = Z;‘zlxi measures its complexity by sum-
ming up the selected features. The dual objectives are to
achieve high accuracy and to minimize the size of the fea-
ture set [43], [46] while enforcing the predefined features.

An alternative strategy to the proposed population ini-
tialization methodology is to integrate the predefined fea-
tures directly into the fitness function - first applying NSGA-
II only on non-predefined features and then combining
them with the predefined ones - but this approach incurs
extra computational overhead due to the repeated concate-
nation and separation of features. In contrast, the search-
space constrained NSGA-II incorporates the predefined fea-
tures from the initialization stage, ensuring they remain
fixed during crossover and mutation for a more straightfor-
ward and efficient implementation.

3.4.3 Parameter settings and evaluation framework

In this study, both the search-space constrained and stan-
dard NSGA-II algorithms are implemented as sequential,
single-threaded processes. The overall crossover probability
is set to 0.7, meaning that 70 % of selected parent pairs
undergo recombination. Within each crossover event, a
gene-level probability of 0.5 is applied to swap features
between individuals. Similarly, mutation is executed with
an overall probability of 0.3, whereby each eligible gene has
a 0.05 chance of being flipped.

In a nested modeling, validation, and evaluation loop,
one test data point is held out at the start of the SEM-FAS
framework using LOOCV for the final evaluation phase.
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Then, 10-fold cross-validation is performed on the remain-
ing training data to train and validate each algorithm,
thereby identifying the best features and hyperparame-
ters for the chosen model via the search-space constrained
NSGA-IL. After finalizing the model and its optimal settings,
the unseen test point is used for evaluation. These steps are
repeated across multiple LOOCV folds, each with a differ-
ent initialization, and the average prediction performance
and frequency of feature selection are recorded. This entire
procedure is then repeated for all 10 machine learning
algorithms.

Considering the two objectives — prediction accuracy
and feature count — the final solution selected from the
Pareto front is the one that uses no more than 12 fea-
tures while achieving the highest accuracy, as illustrated in
Figure 4.

3.4.4 Machine learning algorithms

Within the SEM-FAS framework, the feature selection
procedure employs a diverse set of 10 machine learning
algorithms encompassing parametric and non-parametric
methods, as well as linear, ensemble, and Bayesian
approaches. The specific algorithms utilized are: multiple
linear regression (MLR) [40], partial least squares (PLS)
[40], [48], kernel ridge regression (KRR) [40], [49], k-nearest
neighbors (KNN) [40], [50], support vector regression (SVR)

f1(x)

Selected

Unfeasible solution

region

Pareto front

Non-
dominated
solutions

Feasible region

Maximization of the Coefficient of Determination

f2(x)

Minimization of the Number of Features

Figure 4: An illustration of the final solution selection strategy from a
Pareto front for a maximization - minimization problem [47]. The chosen
solution is the one that does not exceed 12 features while achieving the
highest accuracy. (f;(x): Objective function).
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[40], [51], decision tree (DT) [40], [51], random forest (RF)
[40], [52], gradient boosting (GB) [40], [53], extreme gradient
boosting (XGB) [54], and Gaussian process regression
(GPR) [40], [55]. These algorithms are commonly applied
in industrial prediction tasks [56], also for modeling the
mechanical properties of concrete [57].

3.5 UHPC manufacturing process modeling

In the final layer of the proposed pipeline, the ranked fea-
tures and the best-performing model (including optimal
hyperparameters) identified by the SEM-FAS framework are
employed (see Figure 2). This final stage implements a cumu-
lative LOOCV procedure, in which features are cumulatively
added to the previous feature subset in order of their impor-
tance, allowing an iterative assessment of how each addi-
tional feature and its interaction with others contribute to
the final model’s performance (Alg. 1).

Algorithm 1: UHPC manufacturing process
modeling

Function
PrepareData(data, features, target):

X < data[features];

y « data[target];

Normalize X to have values between 0 and 1;

return (X, y);
Function LOOCV(X, y):
Initialize predictions as an empty list;
foreach split in LOOCYV of X, y do
Train the chosen model on the training
set;
Append the prediction from the test set to
predictions;
end
return average of MAE, R?, Ridj;
Function Main():
data + a dataset with X € RN*P and
Y € RNXI;
Define features, target // Features
ranked by SEM-FAS for i <— 1 to
length(features) do
currentFeatures < features|l : il;
(X, y) +
PrepareData (data, currentFeatures, target);

(avgM AE, avgR?, avgR?

’adj) —
LOOCV (X, y);

end
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The cumulative LOOCV procedure systematically eval-
uates the incremental contribution of each feature based
on its predefined ranking (from most important to least
important), continuing until all features have been evalu-
ated. The process is intentionally continued even if perfor-
mance degrades at intermediate steps, because the goal is to
provide comprehensive insights into the influence of each
feature. The optimal number of features is thus clearly indi-
cated by the resulting performance trajectory. Moreover,
because each feature is evaluated in combination with all
previously added features, interaction effects are implicitly
captured and reflected in the predictive performance at
each step.

4 Results and discussion

4.1 Correlation patterns in studied factors

The correlation analysis, presented in the heatmap in
Figure 5, reveals strong linear correlations in specific vari-
able pairs: SAI and SAIL, FLI and FLII, and IT and FCT. Due
to these high correlations, SAII, FLII, and FCT are removed,
reducing the factor pool from 19 to 16 dimensions.

4.2 Gaining insights into feature importance
for UHPC mechanical properties using
E-FID

The feature importance analysis for CS28 (Figure 6) under-
scores the pivotal role of CT28, emphasizing the influence of
environmental conditions during the second curing phase.
Interestingly, CT1 on the first day of curing also emerges as
significant, albeit less impactful than CT28. This finding sug-
gests that conditions on the first day establish foundational
strength, which is then further enhanced between days 2
and 28. It also reinforces the well-known principle that
higher temperatures accelerate cement hydration, although
ensuring adequate moisture in such environments remains
vital.

IM exerts a critical influence on final compressive
strength, highlighting the importance of raw material mois-
ture content. Likewise, while APW is not directly control-
lable, it serves as an informative indicator of energy input
during mixing — reflecting UHPC paste rheology — and thus
aids in predicting final compressive strength. Additionally,
GRP and CC28 play notable roles. The presence of graphite
(as an impurity in silica fume) can significantly absorb
water in the mixture — an especially critical factor in UHPC
given its low water content.
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Figure 5: The Pearson correlation matrix of the 16 candidate input variables with a companion bar that displays the redundancy index | ; p| for each
feature is shown on the right. The aim is to identify pairs whose high collinearity could distort subsequent modeling. To mitigate redundancy and
improve numerical conditioning, FLIL, SAIL, and FCT are removed from the feature set. For a detailed explanation of the variables and their
abbreviations used in this heatmap, see Table 1. (p: Pearson correlation coefficient).
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Figure 6: Feature importance for compressive strength (€528) and flexural strength (F528) at day 28. The figure highlights the dominance of curing
temperatures and the varied impacts of material and environmental factors on these strengths. Feature relevances shown here are computed using

the ensemble-based feature importance determination (E-FID) framework [2] by the aggregate averaging method described in Section 3.3. For

definitions of the variables, refer to Table 1.

For FS28, as shown in Figure 6, CT28 remains para-
mount, reinforcing the overall impact of curing conditions.
However, in a notable departure from compressive strength
findings, CC28 emerges as the second most critical fac-
tor for flexural strength. This distinction underlines how
environmental conditions influence the material’s resis-
tance to bending stress.

IM and CT1 retain their importance across both com-
pressive and flexural strengths, again emphasizing the
role of moisture content and early-age curing. Notably,

AC provides more predictive value for FS28 than for
CS28, likely due to its effect on pore structure and
distribution, which is especially relevant for flexural
properties.

Based on these insights, the most important features
are identified to form predefined feature vectors, serving as
prior knowledge for the SEM-FAS framework. For €528, the
predefined features are CT28, CT1,IM, APW, GRP, and CC28.
For FS28, the selected features are CT28, CC28, IM, CT1, AC,
and DB.
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4.3 Enhanced predictive modeling of UHPC
mechanical properties by constraining
the search-space of NSGA-II

4.3.1 Impact on model performance and algorithm
selection

This study provides a comprehensive evaluation of 10
machine learning algorithms for predicting UHPC’s CS28
and FS28. In the SEM-FAS framework, each algorithm is
trained and tested via LOOCV, with different random ini-
tializations in each fold. The modeling evaluates informed
feature selection (I-FS) with search-space constrained NSGA-
II, traditional feature selection (T-FS) with standard NSGA-II,
and all features (ALL) for both mechanical properties. After
training, each model’s performance is evaluated on unseen
data using R* and MAE. The average results from all folds in
the LOOCVloop (evaluation step) are summarized in Table 2.
Models that use I-FS exhibit substantial improvements in R%.
For example, MLR’s R? increases from 72.47 % with T-FS to
76.21 % under I-FS. Moreover, reductions in MAE further val-
idate the efficacy of I-FS. Notably, KRR’s R? rises from 62.38 %
to 76.23 %, one of the largest observed improvements. For
flexural strength (FS28), SVR shows the most significant
gains. Its R? increases substantially, from 72.62 % under T-FS
to 81.75 % under I-FS, indicating an enhanced capacity to
capture flexural strength variability. The MAE also drops
sharply, from 1.56 MPa to 0.93 MPa, reflecting more accurate
predictions. GPR experiences a similar performance boost,
with its R? rising from 72.67 % to 81.70 %, along with notable
reductions in MAE.

F. Rezazadeh et al.: Search-space constrained NSGA-II to investigate UHPC quality variability = 801

In summary, applying I-FS consistently outperforms
T-FS across all assessed metrics for both €S28 and FS28
(Table 2). The full-feature (ALL) model typically performs
better than T-FS but worse than I-FS, confirming its ten-
dency toward overfitting due to redundant information
and highlighting the optimal balance provided by I-FS. The
comparison of T-FS with ALL demonstrates the difficulty
of feature selection in sparse datasets even with standard
NSGA-II (T-FS), as its use based on these results often leads to
the removal of important features, resulting in underfitting.
These results confirm the superior predictive capabilities
of the search-space constrained NSGA-IL, particularly under
the constraints of high dimensionality and small-sized data,
where standard NSGA-II falters.

For CS28, MLR emerges as the best-performing model
under I-FS, whereas for FS28, SVR achieves the highest accu-
racy. Consequently, these two models are selected for the
final UHPC manufacturing process modeling.

4.3.2 Impact on solution stability and interpretability in
the FS process

From Table 2, it is evident that models trained with search-
space constrained NSGA-II can achieve higher predictive
performance than those using standard NSGA-IL In this
section, we examine how population initialization by inject-
ing predefined features into NSGA-II affects solution stabil-
ity and interpretability in the feature selection process for
CS28 and FS28 (Figure 7). Figure 7 presents four heatmaps:
for each mechanical property, one using I-FS and one using
T-FS. In both scenarios, 139 runs are performed in a LOOCV

Table 2: Comparative analysis of modeling performance for compressive strength after 28 days (€528) and flexural strength after 28 days (F$28) with
informed feature selection (I-FS) using the search-space constrained NSGA-II, traditional feature selection (T-FS) using standard NSGA-II, and all
features (ALL). For every model, I-FS yields higher predictive performance than T-FS (underfitting) and the full 16-feature model (overfitting),
confirming that the proposed feature-aware evolutionary search balances parsimony and generalization more effectively than either extreme.
Boldface marks the model selected for the final UHPC analysis for each mechanical property (Reg.: Regression, Ex.: Extreme).

€528 Fs28

Model Abb. R2in% MAE in MPa R2in % MAE in MPa

I-FS T-FS All I-FS T-FS All I-FS T-FS All I-FS T-FS All
Multiple linear reg MLR 76.21 72.47 7250 4.66 5.26 5.03 78.06 74.02 74.17 1.15 1.53 1.42
Partial least squares PLS 75.59 7135 72.66 4.7 5.37 5.02 78.29 72.49 72.52 1.14 1.67 1.47
Kernel ridge reg KRR 76.23 62.38 72.01 4.54 6.00 4.99 78.33 73.10 75.43 1.07 1.63 1.35
K-nearest neighbors KNN 70.61 63.25 45.71 5.28 5.91 7.01 76.66 73.00 52.42 1.22 1.56 1.99
Support vector reg SVR 73.18 68.93 69.48 5.05 5.54 5.48 81.75 72.62 76.19 0.93 1.56 1.24
Decision tree DT 60.21 55.34 58.97 5.88 6.50 6.05 75.60 71.08 70.53 1.18 1.66 1.52
Random forest RF 72.21 64.98 66.08 5.01 5.94 5.49 78.80 N7 75.32 1.09 1.67 1.25
Gradient boosting GB 71.53 60.77 66.66 5.01 6.00 5.50 77.10 72.26 74.93 1.05 1.60 1.30
Ex. gradient boosting XGB 73.76 65.77 67.03 4.76 5.70 5.36 79.46 70.36 74.76 1.05 1.59 1.28
Gaussian process reg GPR 75.36 67.47 68.06 4.76 5.73 5.01 81.70 72.67 75.82 0.96 1.57 1.20
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Figure 7: A comparative analysis of feature selection frequencies across the 16 candidate variables in I-FS and T-FS when predicting compressive and
flexural strength at 28 days (€528 and FS28) is presented. For each LOOCV fold, the feature subset on the Pareto front that achieves the highest
predictive accuracy while using no more than 12 variables is selected. This yields final solutions whose number of selected features ranges from 6 to 12
under I-FS and from 1 to 12 under T-FS. See Table 1 for variable definitions. (a) Heatmap illustrating the frequency of feature selection in models
employing I-FS for €528. Under I-FS, models achieve greater solution stability and interpretability. (b) Heatmap displaying the frequency of feature
selection in models using T-FS for €528, showing higher variability in selected features. (c) Heatmap illustrating the frequency of feature selection
using I-FS across all models for FS28, showing greater stability and interpretability. (d) Heatmap displaying the frequency of feature selection using
T-FS for £528, highlighting greater variability without domain-specific guidance.
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train-test configuration across 10 models, and feature selec-
tion frequencies are recorded for each model.

Figure 7a (I-FS for CS28) shows that the six features
predefined as the most critical are consistently chosen (139
times) across all models. In contrast, the T-FS scenario
(Figure 7b), without predefined feature guidance, still iden-
tifies the same six features as most frequently selected,
but with lower overall selection frequency. This consistency
underscores the accuracy of the initial feature importance
assessment by the E-FID method.

A notable difference between I-FS and T-FS lies in
the stability of feature selection. I-FS consistently selects
the predefined features in each model iteration, signi-
fying enhanced stability, interpretability, and reliability
in the selection process. By contrast, T-FS demonstrates
higher selection variability, indicating potential instabil-
ity in model performance without the injection of prior
knowledge.

Additionally, features such as SAI, IT, and DB show
substantially higher selection frequencies under I-FS, sug-
gesting that the algorithm not only reinforces predefined
features but also identifies and promotes other relevant
factors based on intrinsic data characteristics. Conversely,
features like SPP and CC1, which appear infrequently or not
at all under I-FS, illustrate the capacity of I-FS to deprior-
itize less impactful features. This selective refinement by
I-FS enhances both model interpretability and simplicity by
clearly indicating which features provide consistent value
for predicting CS28, while simultaneously ensuring stable
solutions.

For FS§28, Figure 7c shows that the predefined features
CT28, CC28,IM, CT1, AC, and DB are each selected 139 times
under I-FS. In contrast, the T-FS scenario (Figure 7d) displays
more variability in feature selection. While features such as
IM, CT1, AC, and DB remain frequently chosen, they appear
with lower frequency than in the I-FS case. Moreover, I-
FS reveals that APW, although significant under T-FS, is
emphasized less when evaluated alongside the predefined
features. Conversely, GRP and particularly EC, which T-FS
deems less important, exhibit stronger interactions with
predefined features under I-FS.

A broader comparison of feature selection frequencies
(Figure 7) for both CS28 and FS28 shows that I-FS often
assigns a frequency of zero to certain features, resulting in
a clearer distinction between selected and non-selected fea-
tures. This leads to more stable solutions, higher predictive
accuracy, and improved interpretability.

As discussed in Section 4.3.1, MLR is the chosen
algorithm for C528 under I-FS, while SVR is selected for FS28.
As shown in Figure 7a, the MLR model consistently selects
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CT28, CT1, IM, APW, GRP, CC28, SAI, IT, EC, FR, and FLI as
the most critical features. Likewise, as shown in Figure 7c,
the SVR model prioritizes CT28, CT1, IM, APW, GRP, CC28,
SAL IT, DB, SPP, SF, FR, FLI, and EC, reflecting their pivotal
roles in the subsequent analysis phase.

4.4 Assessment of UHPC manufacturing
process modeling

The results of the final modeling and evaluation of the
selected models on unseen data are shown in Figure 8.
The modeling process (Algorithm 1) for €S28 uses MLR
and begins by adding the most influential factor, CT28
(Figure 8a). Using CT28 as a single predictor yields an R
value of 57.10 %, underscoring the predominant role of
this curing temperature in explaining CS28 variance. Next,
incorporating CT1 (the first 24 h of curing temperature) sig-
nificantly enhances model performance, increasing R? to
66.61 %. This improvement suggests that CT1 provides addi-
tional variance information not captured by CT28. Adding
IM raises R? to 70.53 %, and introducing APW increases it
further to 71.16 %. Subsequently, including GRP and CC28
refines the model, lifting R? to 75.40 %. Although additional
features such as SAI and IT only marginally increase R
to 75.77 %, they are retained based on domain expertise,
reflecting their potential practical importance. Ultimately,
the model achieves its highest Rfl " (74.28 %) with a core
subset of six predictors: CT28, CT1, IM, APW, GRP, and CC28.
This subset strikes a balance between model accuracy and
computational efficiency while highlighting the key vari-
ables for optimal CS28 prediction.

For FS28 modeling with SVR (Figure 8b), starting with
CT28 alone yields an average R’ of 46.23 %. Adding CC28
significantly enhances performance (to 74.32 %), underlin-
ing the importance of the curing conditions from day 2 to
day 28. Incorporating additional variables such as IM, CT1,
and AC leads to fluctuations in model accuracy; for instance,
IM slightly lowers R* to 74.02 %, and CT1 plus AC reduce it
further to 71.51 %. These variations suggest that while some
factors add valuable information, others can introduce com-
plexity without significantly improving predictive power.
The model achieves its highest average R of 78.89 % by also
including DB and IT.

These findings (Figure 8) emphasize the critical role
of curing conditions in optimizing the mechanical prop-
erties of UHPC. Additionally, factors related to material
storage and delivery, which affect temperature and mois-
ture content, significantly influence overall UHPC quality.
Measurement errors in dosing key materials such as sand,
along with impurities in silica fume (simulated as graphite
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Figure 8: Comparative performance evaluation of MLR (multiple linear regression) and SVR (support vector regression) in the test phase. This figure
shows how adding features affects the prediction metrics for €528 and £528. For €528, Sub8 comprises (728, CT1, IM, APW, GRP, C(28, SAL, and IT. For
FS$28, Sub7 includes (728, CC28, IM, CT1, AC, DB, and IT. Variable definitions are in Table 1. (a) Prediction performance of MLR for (528: Average R, Rﬁdj,
and MAE in the test phase as the number of features increases. (Sub1: (728, Sub2: Sub1 & CT1, Sub3: Sub2 & IM, Sub4: Sub3 & APW, Sub5: Sub4 & GRP,
Sub6: Sub5 & €28, Sub7: Sub6 & SAL, Sub8: Sub7 & IT, Sub9: Sub8 & £C, Sub10: Sub9 & FR, Sub11: Sub10 & FLI). (b) Prediction performance of SVR for
FS28: Average R?, R2 ., and MAE in the test phase as the number of features increases. (Sub1: (728, Sub2: Sub1 & CT1, Sub3: Sub2 & IM, Sub4: Sub3 &
APW, Sub5: Sub4 & GRP, Sub6: Sub5 & €28, Sub7: Sub6 & SAI, Sub8: Sub7 & IT, Sub9: Sub8 & DB, Sub10: Sub9 & SPP, Sub11: Sub10 & SF, Sub12: Sub11 &

FR, Sub13: Sub12 & FLI, Sub14: Sub13 & £C).

content), substantially impact UHPC performance. These
results illustrate why, in real-world scenarios, achieving the
same final UHPC quality — even with an identical recipe —
can be challenging if raw material storage conditions, silica
fume impurities, dosing errors, and curing conditions (e.g.,
seasonal effects) are not properly managed.

5 Conclusions and future work

This study addresses a fundamental challenge in UHPC man-
ufacturing: understanding why final UHPC quality can vary
considerably even when an identical recipe is employed. By
focusing on a single reference recipe and comprehensively
investigating all relevant parameters — raw material stor-
age conditions, possible measurement inaccuracies, mixing
variables, and curing environments — this work provides a

holistic perspective on the causal factors leading to incon-
sistencies in UHPC properties.

Considering the available high-dimensional but small-
sized UHPC dataset [3], this study proposes a population-
initialization method for multiobjective feature selection
using NSGA-II to tackle dataset sparsity while investigat-
ing the relation between input features and the mechani-
cal properties of UHPC. The proposed methodology outper-
forms the standard NSGA-II by achieving higher accuracy
in predicting both compressive and flexural strength while
offering more stable, interpretable, and reliable feature
subsets.

The results of the modeling reveal why UHPC mix-
tures may fail to match prior performance levels despite
following the same recipe. Poorly managed conditions
- ranging from material temperature and moisture con-
tent to dosing errors, impurities in silica fume, and final
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curing — can introduce variations that significantly affect
mechanical properties even when following the same
recipe. These findings indicate that a sole reliance on a ref-
erence recipe is insufficient to reproduce the desired quality
of the final UHPC product. By identifying and controlling the
variables highlighted in this study, practitioners can move
closer to replicating UHPC quality consistently in real-world
scenarios.

Nevertheless, the scope of this research was confined to
compressive and flexural strength of UHPC based on labora-
tory data. Future investigations should broaden these find-
ings to additional mechanical properties, validate the pro-
posed pipeline on other concrete classes — such as recycled
concrete — and evaluate it in less controlled environments
to better reflect real-world conditions.
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