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A B S T R A C T   

Accurate prediction of concrete aging factor is pivotal for performance-based durability reinforced concrete 
design. This study introduces an innovative method leveraging machine learning techniques, employing seven 
algorithms: Bagging, Random Forest, AdaBoost, Gradient Boosting, XGBoost, CatBoost, and LightGBM. The 
dataset comprises 130 instances with seven input features describing cement type, cement content, pozzolan 
type, pozzolan content, w/b ratio, exposure condition, and age of concrete. Seventy models were trained across 
five scenarios, categorized into two groups: Group I using all features of the raw dataset, and Group II incor
porating engineered features. Model performance, assessed by mean-absolute error (MAE), mean-square error 
(MSE), root-mean-square error (RMSE), and coefficient of determination (R2), reveals superior performance in 
Group II compared to Group I. Notably, the LightGBM algorithm in Scenario III outperforms all models with a 
remarkable MAE of 0.110, MSE of 0.018, RMSE of 0.133, and R2 of 0.818. Subsequently, models from Scenarios 
V and IV exhibit strong performance. The implemented machine learning models demonstrate notable gener
alizability, effectively capturing feature interrelations without the need for resource-intensive experimental 
testing.   

1. Introduction 

Reinforced concrete is essential in civil infrastructure development, 
but its durability is compromised over time due to various factors, 
leading to inadequate performance in many structures. This raises sig
nificant environmental, economic, social, and safety concerns [1,2]. 
Consequently, the design of reinforced concrete structures is increas
ingly emphasizes durability analyses and service-life predictions [1,2]. 
Current standards for concrete durability is [3–5] largely prescriptive, 
setting limit values for parameters such as water-to-binder ratio (w/b), 
binder content, and compressive strength [3–5]. However, these pre
scriptive approaches have proven inadequate for accurately assessing 
concrete behavior, particularly concerning chloride penetration [6,7]. 
As a result, concrete durability specifications are transitioning from 
prescriptive to performance-based approaches [8,9]. 

In the context of the performance-based durability design of concrete 
structures exposed to chloride penetration, it is essential not only to 
assess concrete properties based on chloride diffusivity but also model 
chloride penetration and predict the service life of the concrete. 

Considering that concrete structures are designed to last for at least 50 
years, understanding the concrete long-term behavior is crucial for 
making service-life predictions. 

To consider the behavior of concrete diffusivity over time, several 
service-life prediction models introduce the concept of concrete aging 
factor (α) [10–14]. This parameter accounts for the variation in chloride 
diffusivity of concrete over time, primarily arise from the refinement of 
the concrete pore structure during the cement hydration process and 
potential pozzolanic reactions. Its value is influenced by factors such as 
the w/b, the cement type and content, and the type and content of 
mineral admixtures [15]. Nevertheless, measuring the concrete aging 
factor is challenging, mainly because it requires analysing concrete 
diffusivity at advanced ages. Therefore, estimating α values based on 
concrete mix design parameters and exposure conditions becomes 
crucial in the performance-based durability design of reinforced con
crete structures. 

The increasing utilization of supplementary cementitious materials 
(SCMs) and chemical admixtures, along with other limiting factors, 
hinders the feasibility of developing accurate mathematical models for 
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predicting concrete aging factors. The intricate interplay of various 
parameters controlling the concrete aging factor necessitates an 
advanced approach capable of capturing the patterns arising from these 
complex interactions for precise predictions. 

Within the array of methods available for predicting concrete prop
erties, machine learning (ML) techniques, a subset of artificial intelli
gence, stand out. These techniques involve the development and 
application of algorithms aimed at discerning intricate patterns in data 
and making informed decisions [16] and have been widely used to infer 
the mechanical characteristics of concrete [17–20]. Recently, ML 
methods have also been applied to assess concrete durability-related 
properties, specifically focusing on the penetration of aggressive gases 
and ions that impact the concrete’s performance [21–27]. For a 
comprehensive exploration of the utilization of ML in addressing con
crete durability challenges, refer to [28]. 

This study provides a dual contribution. Firstly, it involves the 
development of ML-based concrete aging factor models for concrete of 
different ages, incorporating various cement and pozzolan types as well 
as exposure conditions. Secondly, it explores the influence of input pa
rameters on the concrete aging factor by developing 70 models using 
seven different algorithms across five scenarios categorized into two 
groups. To the best of the authors’ knowledge, there is no existing 
research that has investigated the use of ML methods for predicting the 
aging factor of concrete. 

The remainder of the paper is structured as follows: Section 2 pro
vides an overview of ensemble methods. Section 3 encompasses details 
on the experimental dataset, including its description, data preprocess
ing, the state of the data after preprocessing, and the procedures for 
model training and evaluation. In Section 4, results and discussion are 
presented, covering aspects such as model performance, the effective
ness of feature engineering, and the impact of input features in 
impacting the concrete aging factor. Finally, Section 5 concludes the 
study, addressing limitations and offering insights into future prospects. 

2. Ensemble methods 

In this study, ensemble techniques are leveraged to develop predic
tive models for estimating the concrete aging factor. This approach en
tails the fusion of multiple ML models to mitigate the constraints of 
individual models by harnessing the strengths of diverse models, 
resulting in enhanced overall performance and model robustness. Given 
the limited size of the dataset in use, employing ensemble methods to 
predict the concrete aging factor is a prudent choice. 

The ensemble strategy adopted in this study centers around the 
utilization of Decision Trees (DTs) as the foundational model. DTs have 
gained substantial recognition and have seen extensive application in 

tackling complex engineering challenges, as explained in Section 2.1, 
where their operational principles are outlined. Within the realm of 
ensemble techniques rooted in DTs, two primary branches emerge: 
bagging and boosting. These categories’ fundamental concepts for 
addressing regression problems are explained in Sections 2.2 and 2.3, 
respectively. Subsequently, in Section 2.4, we furnish a concise 
description of the specific bagging and boosting ensemble methods 
employed in this study. 

2.1. Decision trees 

A DT is a graphical structure with nodes, branches, and leaves, as 
shown in Fig. 1. In the figure’s left part, data points are divided, while 
the right part displays the tree structure. Decision nodes mark specific 
domain areas to split further, while leaf nodes represent areas without 
further division. The root node is the highest node, and branches con
nect to descendant or leaf nodes based on split results. A split is defined 
by a test function, t : X →Rt, mapping instances to split outcomes. 
Each split outcome has its branch. When split results are known for 
reachable instances, the domain is divided into subsets along the 
branches. As per Eq. (1), each DT node corresponds to a specific domain 
area, determined by a sequence of splits t1, t2, …, tk and their results r1,

r2, …, rk from the root to the leaf nodes [29]. DTs, noted for their 
quick learning and interpretability, excel in handling complex nonlinear 
problems with a substantial amount of data and input features. 

Xn = {x ∈ X|t1(x) = r1 ∧ t2(x) = r2 ∧ ⋅⋅⋅ ∧ tk(x) = rk }. (1)  

2.2. Bagging 

In ensemble learning using a bagging approach, the underlying 
models are created by randomly selecting bootstrapped samples from 
the dataset. This procedure is iterated several times, resulting in a sub
stantial subset of training datasets in which some data points may 
appear multiple times. Each bootstrapped sample comprises approxi
mately 63.2 % of the total number of training dataset samples. The in
stances not included in these bootstrapped samples are used to assess the 
model’s performance. Every base model is trained on the training 
dataset, denoted as D = {(x1, y1), (x2, y2),…, (xN, yN) }, to produce the 
prediction f̂ (x) for a given input vector x. For each bootstrapped 
sample D∗t, where t ranges from 1 to T, the model makes a prediction 

denoted as ̂f
∗t
(x). The aggregated estimate is obtained by computing the 

average prediction for input vector x across T models, as illustrated in 
Eq. (2). This averaging process helps reduce variance and enhances the 
overall stability of the ensemble [30]. 

Fig. 1. Visualization of a dataset and its corresponding decision tree.  
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f̂ bag(x) =
1
T
∑T

t=1
f̂
∗t
(x). (2)  

2.3. Boosting 

Boosting represents a sequential procedure where it builds simple 
base models and integrates improvements from one model to the next, 
consequently enhancing the ensemble method’s performance. Each base 
model is crafted using a training dataset denoted as D =

{(x1, y1), (x2, y2),…, (xN, yN) }, and it leverages the insights gained from 
previously constructed base models. To achieve this, an appropriate 
algorithm is utilized to train the datasets D(t), where t varies from 1 to T, 
using a sequence of distinct weights w(1), w(2), …, w(T). This leads 

to the creation of predictions f̂
(1)
(x), f̂

(2)
(x), …, f̂

(T)
(x) for each 

input vector x, along with their corresponding weight vector w. Typi
cally, the weight vector commences with an initial weight w(1) and is 
subsequently adjusted in each base model based on observed errors. The 
ultimate model output is acquired by combining the individual base 
model outputs with a weighted sum, as demonstrated in Eq. (3). 

f̂ boost(x) =
∑T

t=1
f̂
(t)
(x)wt . (3)  

2.4. Brief overview of employed ML algorithms 

In this study, seven well-established ensemble techniques that 
harness both bagging and boosting are employed. These methods 
include Bagging, Random Forest, Adaptive Boosting, Gradient Boosting, 
Extreme Gradient Boosting, Categorical Boosting, and Light Gradient 
Boosting Machine. While Bagging is commonly known for enhancing the 
stability and accuracy of machine learning algorithms, as explained in 
Section 2.2 above, an ensemble learning technique that exclusively re
lies on this approach, using DTs as base models, is employed and 
referred to as Bagging. The subsequent section offers concise de
scriptions of all the adopted algorithms. 

2.4.1. Bagging 
It is ab ensemble learning method where several separate DT models 

are trained using random subsets of the training data with replacement. 
Each model is trained independently of the others. The ultimate pre
diction is often determined by averaging the predictions generated by 
each individual model. 

2.4.2. Random Forest (RF) 
It is an enhanced iteration of bagging, involving an ensemble of base 

models developed through a bagging approach. Breiman [31] intro
duced the notion of feature randomness into the bagging process, 
resulting in an uncorrelated assembly of DTs, often referred to as a 
"forest". RF represents a substantial improvement over bagged DT. 

2.4.3. Adaptive Boosting (AdaBoost) 
It operates based on the core concept of fitting a series of weak 

learners to iteratively adjusted versions of the data, simultaneously 
updating their weights to minimize training error. This sequential 
optimization process persists until the best predictor is identified. 
Freund and Schapire [32] originally introduced this algorithm, initially 
designed for resolving classification tasks and was later extended to 
tackle regression problems. 

2.4.4. Gradient Boosting (GB) 
GB is a methodology that melds the gradient descent algorithm with 

the boosting technique. Conceived by Friedman [33], it functions by 
progressively introducing predictors into an ensemble, with each pre
dictor striving to rectify the errors made by its forerunner. 

2.4.5. Extreme Gradient Boosting (XGBoost) 
Initially crafted by Chen [34], XGBoost has since garnered contri

butions from various individuals. It applies the foundational principles 
of GB and is tailored for streamlined computation and scalability. 
Through the utilization of multiple central processing unit (CPU) cores, 
XGBoost facilitates parallel learning throughout the training phase. 

2.4.6. Categorical Boosting (CatBoost) 
It is a GB implementation devised by the Russian IT company, Yan

dex [35]. It brings about two pivotal algorithmic innovations. Firstly, it 
introduces ordered boosting, a permutation-driven departure from the 
conventional approach. Secondly, it incorporates an inventive method 
for handling categorical features. These advancements were designed to 
combat a prediction bias stemming from a unique type of target leakage 
found in all existing GB algorithm implementations, while efficiently 
handling categorical data. 

2.4.7. Light Gradient Boosting Machine (LightGBM) 
It is based on the GB framework developed by Microsoft [36]. It 

excels at efficiently training on large-scale datasets while minimizing 
memory usage. LightGBM employs two innovative techniques, 
Gradient-based One-Side Sampling (GOSS) and Exclusive Feature 
Bundling (EFB). GOSS enables training each tree with only a small 
fraction of the complete dataset, while EFB enhances the efficient 
handling of high-dimensional sparse features. 

3. Dataset and modelling 

This section delves into the details of the dataset employed in the 
study, offering a thorough exploration. It systematically outlines the 
procedural stages of developing predictive models for concrete aging 
factors, covering the primary phases inherent in any ML advancement 
including data preprocessing, model training, and model evaluation.  
Fig. 2 illustrates the steps involved in each model development process. 
The model development process begins with importing the collected 
experimental data, which includes parameters describing the binder 
types and content, water-to-binder ratio, curing and field exposure 
conditions, and concrete aging factor. Next, data preprocessing is per
formed to prepare the dataset for ML modeling. This step involves 
handling missing data, data encoding, feature engineering, managing 
outliers, and partitioning the data into training and testing sets. Subse
quently, several models are trained using the training dataset and seven 
decision tree-based ensemble algorithms to predict the concrete aging 
factor under different scenarios. The performance of all trained models 
is then evaluated using the test dataset to identify the best-performing 
models. Each activity is discussed in the following subsections. 

3.1. Experimental dataset 

The study utilized data sourced from scholarly journal articles pub
lished globally. A total of nine scientific articles were carefully selected 
to construct a dataset for predicting and characterizing the concrete 
aging factor [15,37− 44]. Subsequently, a rigorous initial evaluation was 
conducted to ensure data completeness and suitability, leading to the 
choice of eight distinct features encompassing 130 instances. Table 1 
displays the feature types, their corresponding units, and data types. 
These features were categorized into three groups: Category 1, Category 
2, and Category 3. Category 1 encompasses five features that provide 
comprehensive information on the concrete composition which are 
cement type, cement content, pozzolan type, pozzolan content, and w/b. 
The cement types comprise 11 variations conforming to different stan
dards, including Brazilian, Canadian, European, and ASTM. Among 
them, European cement types are five in number, while each of the other 
standards has two types. Regarding pozzolan types, a total of seven 
distinct types were considered in the dataset. Although most concrete 
instances utilized a single pozzolan type, there were cases where a 
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combination of two pozzolan types was employed, which are “Silica 
fume & fly ash”, “Silica fume & Slag”. Category 2 includes two features: 
exposure conditions and the age of the concrete. The exposure condi
tions of the concrete to chloride vary and are categorized into two pri
mary groups: Field and Lab. Field exposure is further divided into splash 
or tidal zone, while lab exposure involves five distinct test types. The age 
of the concrete is interpreted differently based on the exposure condi
tion; for lab tests, it indicates the age during testing, and for field con
ditions, it refers to the duration of field exposure. Category 3 comprises a 
single feature describing the concrete aging factor. The dataset is 
composed of both numerical and categorical data types, as outlined in 
Table 1. Numerical data types represent numeric values, while cate
gorical data types categorize data into discrete, non-numeric categories. 
All features in the dataset, except for "cement type", "pozzolan type", and 
"exposure conditions", are of numerical data types. 

Fig. 3 illustrates the distribution of numerical features within the 
dataset. The diagonal presents the kernel density estimate (KDE) for 
each feature’s distribution, while the lower section exhibits a contour 
plot representing the probability distribution of one feature in relation 
to the others. Notably, the cement content feature displays a relatively 
normal distribution compared to the other features, which deviate from 
normality, presenting bimodal or trimodal distributions. This suggests 
the presence of two or three distinct groups or subpopulations for these 
features. In terms of ranges, all the concrete-related features exhibit a 
broad spectrum, indicating a diverse range of concrete types encom
passed in the data. Additionally, the dataset covers concrete exposed to 
chloride for an extended duration, up to eight years. 

Fig. 4 demonstrates the breakdown of categorical features within the 

dataset, encompassing cement types, pozzolan types, and exposure 
conditions. The central portion of the figure presents the distribution of 
standard types that the cement adheres to. For pozzolan types, it pre
sents the count of concrete samples that utilized pozzolan in their 
composition. In terms of exposure conditions, it displays the distribution 
of concrete exposed to chloride environments under both lab and field 
exposure conditions. The outer circle displays the names of all cements, 
pozzolans, and test types with a representation exceeding 3 %, while 
those below 3 % are depicted in the plot without labeling. Significantly, 
ASTM cement types (specifically ASTM Type I and II) collectively ac
count for 96 instances, making up 72 % of the cement types. European 
standard-compliant cement types make up a substantial portion (18 %), 
following ASTM types, with Brazilian and Canadian standards contrib
uting equally. As for pozzolan types, 103 instances of concrete incor
porate various pozzolan categories. The majority, at 37 %, utilized 
metakaolin, comprising 49 instances, followed by silica fume and 
limestone filler, constituting 16 % and 11 %, respectively. Regarding 
exposure conditions, 109 instances, making up 81 %, were exposed to a 
chloride environment in a laboratory setting. The remaining 19 % of 
concretes experienced field conditions, primarily in the tidal zone, with 
the splash zone being less common. Among the concrete chloride 
penetration tests conducted in a lab environment, ASTM C1556 ac
counts for the largest portion, with 40 %, followed by NT Build 443 and 
NT Build 492 at approximately 20 % and 12 %, respectively. Due to the 
distinct amounts of chloride used and the unique procedures associated 
with each lab test, they were utilized as is to model the concrete aging 
factor. Overall, the distributions of the three categorical features 
exhibited highly imbalanced data, with a prominent representation of 

Fig. 2. Workflow for developing the concrete aging factor prediction models.  
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one type from each feature covering the largest portion. 

3.2. Data preprocessing 

Data preprocessing plays a pivotal role in the development of ML 
models, acting as the transformative bridge that turns raw data into a 
more analytically friendly and model-ready format. This multifaceted 
procedure involves a sequence of critical tasks, encompassing handling 
missing data, encoding data, identifying and addressing outliers, 
engaging in feature engineering, and partitioning the data. The subse
quent sections provide in-depth exploration of each of these critical data 
preprocessing steps, offering a comprehensive understanding of their 
application. 

3.2.1. Missing data processing 
The quality of input data significantly impacts the efficacy of ML 

models. When specific features have missing values, it can greatly affect 
the model’s performance and introduce biases in the outcomes. As a 
result, accurate prediction and effective generalization to new data may 
become challenging for the model. Several approaches exist to address 
missing data, including removing instances with missing values, letting 
the algorithm handle the missing values, or imputing the missing data. 
In this study, the choice was made to exclude observations with missing 
values. This decision was driven by the fact that, given the small number 
of missing values, their removal from the dataset would negligibly affect 
the model’s performance. Furthermore, as highlighted in Section 3.2, 
the number of observations is relatively low, and they encompass 
imbalanced categorical features. In this scenario, with a combination of 
limited observations and a wide feature distribution, imputing missing 
values could introduce biases and lead to inaccurate predictions and 
inferences. 

3.2.2. Data encoding 
numerical input. Categorical features within the dataset, such as 

cement type, pozzolan type, and exposure condition, have a high 
number of categories, as shown in Fig. 4. To address this, binary 

encoding is utilized instead of one-hot encoding because it encodes data 
in fewer dimensions. This technique uses binary code, employing se
quences of zeros and ones to represent distinct categories. Initially, the 
categories is converted into ordinal numbers using an ordinal encoder, 
as illustrated in the intermediate step in Fig. 5. These ordinal numbers 
are then transformed into binary representations. Generally, the number 
of binary features needed to encode a feature as 
log2(number of distnict categories)[]; with 11 categories, 4 binary 
features are required. For instance, the integer 1 is represented as 0001 
and the integer 2 as 0010, with similar binary sequences applied to all 
ordinal numbers defined in the intermediate step. These binary values 
are then divided into separate columns, creating the encoded repre
sentation of the original categories. This transformation facilitates the 
shift from non-numerical to numerical data, enabling further processing 
and utilization in ML algorithms. Fig. 5 provides a practical example, 
visually showcases the transformation of cement type before and after 
binary encoding. 

3.2.3. Feature engineering and selection 
Feature engineering holds a pivotal role in the domain of ML. It is the 

process of using domain expertise to transform existing features into a 
new set of features. This transformation aims to leverage the newly 
generated features, reduce the number of predictors, and ultimately 
improve prediction performance while decreasing model complexity. In 
this study, the focal point was on reducing input features by amalgam
ating descriptors of binder, specifically cement content and pozzolan 
content, into a singular feature which is the ratio of cement content to 
sum of cement and pozzolan content (“c/c+p”). This consolidation was 
achieved through a division operation, simplifying the representation of 
binder contents into a concise and informative feature. 

Feature selection involves choosing the most pertinent features from 
the dataset. Pearson correlation coefficients, denoted by "r", are 
computed for all possible numerical feature pairs using the formula in 
Eq. (4), providing insights into their interdependence. These coefficients 
range from +1 to − 1, where +1 signifies a complete positive correlation, 
− 1 indicates a complete negative correlation, and 0 suggests no corre
lation [45]. A high correlation between two features suggests they are 
closely related and may have similar impacts on the dependent variable, 
potentially allowing for the omission of one feature. It is important to 
note that correlation does not imply causation, so domain knowledge is 
necessary to validate findings. Fig. 6 illustrates the Pearson correlation 
coefficient values, showcasing the relationships among the numerical 
features in the dataset. It is evident that there is no strong correlation 
between the input numerical features, allowing for the utilization of all 
these features in modeling the concrete aging factor. 

r =
∑

(xi − x) ∗ (yi − y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(xi − x)2∑
(yi − y)2

√ , (4)  

where xi and yi symbolize the values of the two features under ex
amination, and x and y denote the means of their respective features. 

3.2.4. Detecting and treating outliers 
Multivariate outliers refer to observations or data points in a dataset 

that deviate significantly from the overall pattern observed in the data 
across multiple features or dimensions. These outliers can impact ML- 
based models, making it important to identify and handle them appro
priately to safeguard the accuracy and significance of results. In this 
study, we employ the isolation forests algorithm, which is effective in 
identifying multivariate outliers in datasets containing both numerical 
and categorical data, to isolate unusual observations within the dataset 
[46]. Several studies have demonstrated its effectiveness in detecting 
outliers in various research domains[47− 50]. 

Contrary to many conventional outlier detection methods that focus 
on identifying typical data points, isolation forests explicitly aim to 
pinpoint actual outliers. This unique approach enables the algorithm to 

Table 1 
Description of considered features.  

Category No Feature Description Unit 

Category 
1  

1 Cement 
type 

ASTM 
standard 

“ASTM Type I”, 
“ASTM Type II” 

[-] 

Brazilian 
standard 

“CP IV”, “CP V” 

European 
standard 

“CEM I 42,5 R”, “CEM 
I 52,5”, “CEM I HSR”, 
“CEM I-42,5 R/SR”, 
“CEM III/A 42,5 LA” 

Canadian 
standard 

“CSA Type 10SF”, 
“Type I/II low-alkali”,  

2 Cement 
content  

[kg/ 
m3]  

3 Pozzolan 
type 

“Fly ash”, “Limestone filler”, 
“Metakaolin”, “Rice husk ash”, “Silica 
fume”, “Slag” 

[-]  

4 Pozzolan 
content  

[kg/ 
m3]  

5 w/b  [-] 
Category 

2  
6 Exposure 

condition 
Field “Splash zone”, “Tidal 

zone” 
[-] 

Lab “ASTM C1556”, 
“Immersion tank”, 
“McGrath and 
Hooton”, “NT Build 
443”, “NT Build 492”  

7 Age of 
concrete  

[Year] 

Category 
3  

8 Concrete 
aging 
factor  

[-]  
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be more efficient, requiring fewer conditions to segregate outliers from 
the normal data points. Similar to other tree-based ensemble methods, 
the isolation forest is constructed using a set of DTs referred to as 
"isolation trees" or "iTrees". Each tree within this ensemble covers a 
subset extracted from the complete dataset. The process begins by 
randomly selecting n samples of size m from the dataset. For each of 
these random samples, an "iTree" is created. This "iTree" is constructed 
through a series of splits on instances within the subsample, guided by 
the split value of a randomly chosen feature. Instances with feature 
values lower than the split value are directed to the left, while the others 
proceed to the right. This recursive process continues until the tree is 
fully grown. The split value is selected randomly within the range 
defined by the minimum and maximum values of the chosen feature. 
Outliers are identified as data points with the shortest path length, 
represented as h(x), which indicates the distance from the root to the 

leaf node in each of the "iTrees," as illustrated in Fig. 7. 
An instance’s outlier score can be calculated by leveraging the 

observation that the structure of "iTrees" closely resembles that of Binary 
Search Trees (BST). The point where a leaf node terminates in "iTrees" 
corresponds to the result of an unsuccessful search in a BST. As a result, 
estimating the mean value h(x) for the leaf node termination is akin to an 
unsuccessful search in a BST [51,52], as explicitly demonstrated in 
Equation (5). 

c(m) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

2H(m − 1) −
2(m − 1)

m
1

0

form > 2
form = 2

otherwise
, (5) 

where H(i) stands for the harmonic number, which is estimated using 
ln(i) + 0.5772156649, (Euler’s constant) n represents the dimension of 

Fig. 3. Distribution of numerical features in the dataset.  
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the test set, and m denotes the size of the sample set. 
The parameter of c(m) in Eq. (4) represents the mean h(x) for a 

particular m. This value is then used to normalize h(x), providing an 
estimated outlier score for a given instance x, as elaborated in Eq. (6). 

s(x,m) = 2
− E(h(x) )

c(m) (6)  

where E(h(x) ) denotes the mean h(x) value obtained from a set of 
isolation tree. When the value of s is close to 1, the instance x is classified 
as an outlier; conversely, if it is substantially less than 0.5, the instance x 
is considered normal. If all instances yield s ≈ 0.5, the entire sample 
shows no notable outliers. 

Fig. 8 illustrates the outliers identified by the employed isolation 

Fig. 4. Distribution of categorical features.  

Fig. 5. Categorical feature pre- and post-encoding transformation.  
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forest algorithm following the reduction of feature dimensions to three 
using Principal Component Analysis (PCA). It is apparent that these 
outlier instances are largely distinct from the cluster of normal instances. 

3.2.5. Data partitioning 
In ML, partitioning data is a pivotal step involving the division of a 

dataset into distinct subsets—typically training, validation, and testing 
sets. The objective is to accurately evaluate the model’s performance 
and its ability to generalize to unseen data. The training set is employed 
to train the model, often utilizing techniques like K-fold cross-validation 
for validation. Conversely, the test set, kept separate and concealed 
during training and validation, is crucial for assessing the model’s ability 
to generalize to new, unseen data. 

In this study, the dataset undergoes a random partition, with 80 % 
dedicated to training, including validation, and the remaining 20 % 
reserved for testing. This deliberate allocation strategy aims to furnish 
the model with a significant amount of data for learning, ensuring its 
ability to effectively capture patterns and relationships within the 
dataset. Concurrently, setting aside 20 % of the data for testing allows 
for the evaluation of the model’s generalization capabilities on new and 
unseen data. 

3.3. Data after preprocessing 

Table 2 presents the descriptive statistics for all numerical features, 
including the engineered feature. Notably, the total number of obser
vations has been reduced from the original 130 to 122 due to the 

exclusion of outliers and instances with missing values. The cement 
content varies from 172 to 600 kg/m3, while the pozzolan content 
ranges from 0 to 350 kg/m3. The mean w/b ratio stands at 0.42, with a 
standard deviation of 0.08, indicating that most instances cluster around 
this mean value. The engineered feature, c/c+p, spans from 0.4 to 1. 
Furthermore, the age of the concrete during the chloride test conducted 
in both lab and field environments exhibits a broad range, extending 
from 0.5 to 8 years, with a standard deviation of 1.54 years. It’s worth 
noting the presence of a case with a negative concrete aging factor, as 
reported in the work [41]. The occurrence of a negative concrete aging 
factor, however, may be related to small variations in results arising 
from the variability of test methods or exposure conditions in cases of 

Fig. 6. The Pearson correlation coefficients among features.  

Fig. 7. Demonstration of isolation forest for detecting outliers.  

Fig. 8. Visual depiction of detected outliers.  

Table 2 
Descriptive statistics of the preprocessed data.   

w/b Cement 
content 

Pozzolan 
content 

c/ 
c+p 

Age Concrete 
aging factor 

Units [-] [kg/m3] [kg/m3] [-] [year] [-] 
count 122 122 122 122 122 122 
mean 0.42 385.05 79.13 0.84 2.83 0.39 
std 0.08 77.54 82.08 0.15 1.54 0.28 
min 0.28 172.00 0.00 0.40 0.50 -0.03 
25 % 0.38 350.00 18.50 0.75 2.00 0.19 
50 % 0.40 375.00 48.00 0.88 2.00 0.30 
75 % 0.46 425.00 112.50 0.96 3.00 0.50 
max 0.66 600.00 350.00 1.00 8.00 1.38  

W.Z. Taffese et al.                                                                                                                                                                                                                              



Materials Today Communications 40 (2024) 109527

9

field exposure. It is also noteworthy that the negative concrete aging 
factor observed is a very small value (0.03) and should not be under
stood as indicating an increase in the diffusivity of the concrete. These 
findings underscore the dataset’s diverse representation of various 
concrete types, despite the limited number of instances. 

3.4. Model training and evaluation 

The model training process in this study encompasses five distinct 
scenarios organized into two groups, as outlined in Table 3. Group I 
involves considering the features without incorporating engineered 
features, while Group II incorporates the engineered feature. Within 
these scenarios: Scenario I of Group I includes all eight features pre
sented in Table 1. Scenario II comprises all the features from Scenario I, 
with the exception of cement types. Scenario III is similar to Scenario II, 
but it focuses on instances involving concrete utilizing ASTM cement 
types, which account for a relatively higher number of cases (73 in
stances). Scenario IV mirrors Scenario I but concentrates on instances 
where the chloride penetration test was conducted in a lab environment, 
given its higher representation compared to field tests. Scenario V mir
rors Scenario I but, instead of considering individual test types, it clus
ters into either lab or field categories. 

All the scenarios within Group II are essentially identical to the 
corresponding scenarios in Group I, with the distinction that they utilize 
the engineered features “c/c+p” instead of the features cement and 
pozzolan types. With the application of seven different types of DT- 
based ensemble algorithms in each scenario within the two groups, a 
total of 70 models are developed. The primary objective of employing 
multiple algorithms is to identify the best models for accurately pre
dicting the concrete aging factor. This is particularly important because 
the dataset comprises a wide variety of materials, varying material 
proportions, exposure conditions, a broad range of ages, concrete aging 
factors, all within the constraints of a limited number of observations. 

The prediction models for concrete aging factors were developed by 
training seven ensemble methods, specifically Bagging, RF, AdaBoost, 
GB, XGBoost, CatBoost, and LightGBM algorithms, all of which were 
implemented using Python’s scikit-learn library [53]. This achievement 
was realized by utilizing input and target attributes extracted from 
preprocessed data. The training dataset, which comprised 80 % of the 
available data, was used to train the models. To enhance the model’s 
performance, the hyperparameters of these algorithms were thoroughly 
fine-tuned using a combination of grid search and K-fold 
cross-validation. The grid search systematically explored the hyper
parameter space to identify the best combination of hyperparameters. 
Due to the computational intensity of grid search, the model develop
ment was conducted on high-performance computing infrastructure. In 
K-fold cross-validation, the training dataset was randomly partitioned 
into K approximately equal-sized subsets. Each of the K subsets func
tioned as a validation set to evaluate the model’s performance, while the 
remaining (K − 1) subsets served as the training set. This process led to 
the creation of K models and the acquisition of K validation statistics. 
The average score across the K folds was used to assess the overall 
performance of the model. Various values of K were experimented with, 
and it was determined that a K value of 10 struck a favorable balance 
between bias and variance in performance evaluation. The optimal 
hyperparameters were subsequently incorporated to train the algo
rithms. An overview of all the hyperparameters considered during the 
training process is provided in Table 4. 

Once the concrete aging prediction models have been trained using 
the datasets encompassing the five scenarios, it is imperative to evaluate 
their predictive capabilities on both training dataset and a separate test 
dataset that was not part of the training phase. This assessment is crucial 
to ascertain the models’ accuracy and generalization ability. To gauge 
the accuracy of these regression models, several commonly used statis
tical metrics come into play. These metrics include mean-square error 
(MSE), root-mean-square error (RMSE), mean-absolute error (MAE), 

Table 3 
Feature details for each scenario and group.  

Scenario Group Number of 
features 

Feature types Number 
of 
instances 

Inputs Target Inputs Target  

Scenario 
I 

Group 
I 

7 1 Cement 
type, 
Cement 
content, 
Pozzolan 
type, 
Pozzolan 
content, w/ 
b, Exposure 
condition, 
Age of 
concrete 

Concrete 
aging 
factor 

122 

Group 
II 

6 Cement 
type, 
Pozzolan 
type, c/c+p, 
w/b, 
Exposure 
condition, 
Age of 
concrete 

Scenario 
II 

Group 
I 

6 1 Cement 
content, 
Pozzolan 
type, 
Pozzolan 
content, w/ 
b, Exposure 
condition, 
Age of 
concrete 

Concrete 
aging 
factor 

122 

Group 
II 

5 Pozzolan 
type, c/c+p, 
w/b, 
Exposure 
condition, 
Age of 
concrete 

Scenario 
III 

Group 
I 

6 1 Cement 
content, 
Pozzolan 
type, 
Pozzolan 
content, w/ 
b, Exposure 
condition, 
Age of 
concrete 

Concrete 
aging 
factor 

73 

Group 
II 

5 Pozzolan 
type, c/c+p, 
w/b, 
Exposure 
condition, 
Age of 
concrete 

Scenario 
IV 

Group 
I 

6 1 Cement 
type, 
Cement 
content, 
Pozzolan 
type, 
Pozzolan 
content, w/ 
b, Age of 
concrete 

Concrete 
aging 
factor 

103 

Group 
II 

5 Cement 
type, 
Pozzolan 
type, c/c+p, 
w/b, Age of 
concrete 

(continued on next page) 
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and coefficient of determination (R2) [54]. MSE, as defined in Eq. (7), 
quantifies the mean squared discrepancy between the predicted values 
and the actual values. This particular metric assesses the general vari
ability or spread of errors, with diminished values signifying a more 
superior predictive performance. It is a valuable indicator of the overall 
model performance. RMSE, denoted by Eq. (8), is the square root of the 
mean of the squared differences between predicted and actual values. 
One notable advantage of RMSE is that it is expressed in the same units 
as the dependent variable, making it easier to understand. Similar to 
MSE, lower RMSE values are indicative of better predictive perfor
mance. MAE, as defined in Eq. (9), calculates the mean of the absolute 
differences between predicted and actual values. This metric provides an 
evaluation of the average magnitude of errors, without regard to their 
direction. Reduced MAE values signify enhanced predictive perfor
mance. In contrast to some other error metrics that involve squaring the 
disparities (e.g., MSE), MAE treats all errors evenly, assigning equal 
significance to both overestimation and underestimation. The R2 value 
denotes the fraction of variance in the response feature that can be 
elucidated by the regression model. It serves as a standardized form of 
MSE, affording improved clarity regarding the model’s effectiveness. 
With a range from 0 to 1, a score of 0 implies no explanatory capability, 
while a score of 1 indicates a flawless fit. The computation of the R2 

value is outlined in Eq. (10). 

MSE =
1
n
∑n

i=1
(yi − ŷi)

2
, (7)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2
√

=
̅̅̅̅̅̅̅̅̅̅
MSE

√
, (8)  

MAE =
1
n
∑n

i=1
|yi − ŷi|, (9)  

R2 = 1 −

1
n
∑n

i=1
(yi − ŷi)

2

1
n
∑n

i=1
(yi − y)2

= 1 −
MSE

Var(y)
, (10)  

where, n signifies the total count of observations, yi corresponds to the 
actual target value, ŷi signifies the predicted output value, y denotes the 
mean value of the actual target, and Var represents the variance. 

4. Results and discussion 

The performance assessment of all the models involves testing them 
with a dataset which was not considered during the model training 
phase in order to determine the superior outcomes between Group types 
(Group I and II). Group I involves features without including engineered 
features, while Group II incorporates the engineered feature. Fig. 9 il
lustrates the MSE of all the models across the five scenarios presented as 
radar plots. The features considered in each scenario are detailed in 
Table 3 in Section 3.4. Notably, the MSE of the majority of algorithms, 
when based on Group II datasets, is significantly smaller than that of 
Group I datasets in all scenarios, except for Scenario III. Even in the cases 
of Scenario I and II, the MSE error of Group II datasets is consistently 
smaller across all algorithms. These results collectively affirm that the 
applied feature engineering enhances the predictive performance of the 
concrete aging factor. Consequently, models exclusively based on Group 
II datasets are considered the best-performing models in this study. 

Table 5 displays the MAE, MSE, RMSE, and R2 values for seven 
machine learning models across five scenarios using the Group II data
set. Fig. 10 visually represents these statistical validation metrics for 
enhanced comprehension. It is noteworthy that, in Scenario II, the ma
jority of algorithms exhibit smaller values for the statistical validation 
metrics compared to other scenarios. However, despite lower MAE, 
MSE, and RMSE indicating better prediction performance, the associated 

Table 3 (continued ) 

Scenario Group Number of 
features 

Feature types Number 
of 
instances 

Inputs Target Inputs Target  

Scenario 
V 

Group 
I 

7 1 Cement 
type, 
Cement 
content, 
Pozzolan 
type, 
Pozzolan 
content, w/ 
b, Exposure 
condition, 
Age of 
concrete 

Concrete 
aging 
factor 

122 

Group 
II 

6 Cement 
type, 
Pozzolan 
type, c/c+p, 
w/b, 
Exposure 
condition, 
Age of 
concrete  

Table 4 
Hyperparameters examined in all utilized ensemble models.  

Algorithm Hyperparameters Ranges 

Bagging n_estimators [20, 50, 100, 200, 300, 500, 600, 700, 800, 
900, 1000] 

max_features [0.5, 0.7, 0.8, 0.9, 1.0] 
max_samples [0.5, 0.7, 0.8, 0.9, 1.0] 
bootstrap [True, False] 
bootstrap_features [True, False] 

RF n_estimators [20, 50, 100, 200, 300, 500, 600, 700, 800, 
900, 1000] 

max_features [’None’, ’sqrt’, ’log2’] 
max_depth [None, 10, 20, 30] 
min_samples_split [2,3,5,7,10] 
min_samples_leaf [1,2,4,6,8] 
bootstrap [True, False] 

AdaBoost n_estimators [20, 50, 100, 200, 300, 500, 600, 700, 800, 
900, 1000] 

learning_rate [0.00001,0.0001, 0.001, 0.01, 0.05, 0.1] 
loss [’linear’, ’square’, ’exponential’] 

GB n_estimators [20, 50, 100, 200, 300, 500, 600, 700, 800, 
900, 1000] 

learning_rate [0.00001,0.0001, 0.001, 0.01, 0.05, 0.1] 
min_samples_split [2,5,7,10] 
min_samples_leaf [1,2,4,8] 
max_depth [3–6] 
max_features [’auto’, ’sqrt’, ’log2’] 

XGBoost n_estimators [20, 50, 100, 200, 300, 500, 600, 700, 800, 
900, 1000] 

max_depth [2–8] 
min_split_loss [0, 0.1, 0.2, 0.3] 
learning_rate [0.00001,0.0001, 0.001, 0.01, 0.05, 0.1] 
booster [’gbtree’,’gblinear’,’dart’] 

CatBoost iterations [100, 200, 300,400,500] 
learning_rate [0.00001,0.0001, 0.001, 0.01, 0.05, 0.1] 
depth [4,6,8,10] 
l2_leaf_reg [1,3,5] 
bagging_temperature [0.5, 1.0, 1.5] 
border_count [32, 64, 128] 
rsm [0.8, 0.9, 1.0] 

LightGBM n_estimators [20, 50, 100, 200, 300, 500, 600, 700, 800, 
900, 1000] 

max_depth [4,6,8,10] 
min_child_samples [2,5,10] 
num_leaves [20,30,40] 
learning_rate [0.00001,0.0001, 0.001, 0.01, 0.05, 0.1] 
subsample [0.8, 0.9, 1.0]  
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low R2 values suggest these models do not explain a significant portion 
of the variance in the target feature. Consequently, models in Scenario II 
cannot be considered among the top-performing ones. Following Sce
nario II, Scenario III demonstrates the next lowest error metrics (MAE, 
MSE, RMSE) and the highest R2. This scenario outperforms all others. 
Notably, the LightGBM algorithm excels in Scenario III, achieving values 
of MAE= 0.110, MSE= 0.018, RMSE= 0.133, and R2= 0.818. Following 
Scenario III, Scenario V exhibits commendable performance. Here, the 
RF algorithm surpasses the other six algorithms, yielding values of 
MAE= 0.103, MSE= 0.020, RMSE= 0.141, and R2= 0.797. Subsequent 

to Scenario V, Scenario IV ranks as the third-best performing scenario 
with MAE= 0.118, MSE= 0.021, RMSE= 0.146, and R2= 0.802 with 
AdaBoost. Fig. 11 features regression plots comparing the actual and 
predicted concrete aging factor values for the best models from Sce
narios III, V, and IV during both the training and testing phases. These 
plots illustrate that the predicted values closely align with the actual 
values, confirming that these models were well-fitted to the data during 
training. Table 6 details the optimal hyperparameters identified for the 
three top-performing models, providing insights into the tuning pa
rameters that contributed to their superior performance. 

Fig. 9. The MSE of all the models across the five scenarios.  
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In Scenario III, where the models demonstrate optimal performance, 
the considered input features include "Pozzolan type", "c/c+p", "w/b", 
"Exposure condition", and "Age of concrete". Interestingly, Scenario II, 
where the models perform poorly compared to all scenarios, also in
volves the same type of inputs. Despite both scenarios excluding the 
"Cement types" feature, all concrete samples in Scenario II utilized all 
cement types listed in Table 1. In contrast, the concrete samples in 
Scenario III exclusively employed ASTM I and II cement types, given 
their significantly higher representation compared to other types. The 
superior performance of models in Scenario III and the inferior perfor
mance in Scenario II affirm the significance of cement types in influ
encing the aging factor of concrete. 

Similar to the situations in Scenario II and III, the input features in 
Scenario IV and V remain consistent, comprising "Cement type", 
"Pozzolan type", "c/c+p", "w/b", and "Age of concrete." Despite both 
scenarios excluding the "Exposure condition" feature, the aging factor 
evaluation for concrete specimens in Scenario IV was conducted solely 
in a lab environment, while in Scenario V, it was performed in both lab 
and field environments. Scenario VI involved 103 instances, whereas 
Scenario V had 122 instances. The superior performance of Scenario V 
over Scenario VI underscores that factors other than "Exposure condi
tion" play a more crucial role in describing the concrete aging factor. 
Additionally, Scenario I and V share the same input features, with the 
only difference being that Scenario I comprises all seven exposure con
ditions presented in Table 1, while Scenario V presents them as either 
lab or field. The grouping of exposure conditions enhances the model’s 
performance, indicating that there is not much difference among 
different tests in impacting the aging factor of concrete, especially lab
oratory ones, as this group constitutes the majority in the dataset. 

As previously discussed, Scenario III stands out for its exceptional 
performance, leveraging the LightGBM algorithm. Noteworthy perfor
mances are also observed in Scenario V with RF and Scenario IV with 
AdaBoost, underscoring the significance of exploring diverse algorithms 
to pinpoint the most effective models. The R2 values of the top- 
performing models in these scenarios exceed 0.8. The dataset used en
compasses a broad spectrum of cement and pozzolan types, as well as 
diverse exposure conditions. The implemented ML models demonstrate 

a reasonable level of generalizability, successfully capturing the in
terrelations among the features. To further enhance the model, 
increased data volume and a more detailed chemical and physical 
characteristics of the cement and pozzolan types are recommended. In 
this study, we categorize cement and pozzolan types based on their 
general types, but it’s important to note that their characteristics may 
considerably vary depending on their sources. Future exploration should 
focus on incorporating more specific chemical details. 

Despite numerous experimental investigations, a shortage persists in 
open-access data repositories dedicated to concrete science. To harness 
the advantages of rapidly advancing AI technologies in the concrete 
industry, it is crucial to have an open data exchange platform. This 
platform would facilitate the sharing of data within the scientific and 
concrete communities. Anticipating the future, global initiatives, 
particularly those championed by technical committees like ACI [55] 
and RILEM [56], could potentially lay the groundwork for creating re
positories specifically tailored to this objective. This would significantly 
contribute to broader and more diverse datasets, ultimately fostering the 
development of more robust and accurate models. These accurate 
models are crucial for effectively inferring knowledge about the impact 
of each feature on the concrete aging factor, guiding efficient concrete 
durability design. Additionally, the capacity of machine learning 
methods to dynamically enhance their performance by assimilating new 
relevant data ensures that the model stays current and can make 
reasonably accurate and precise predictions as new information be
comes available. Furthermore, the proposed machine learning-based 
models for predicting concrete aging factors have economic implica
tions, as they enable the determination of the aging factor in concrete 
samples employing different types of ingredients without the need for 
labor- and resource-intensive laboratory testing. 

5. Conclusions 

This research aimed to formulate prediction models for concrete 
aging factors by employing seven ensemble learning algorithms based 
on decision trees, namely Bagging, RF, AdaBoost, GB, XGBoost, CatBoost 
and LightGBM. A total of seventy models were trained under five sce

Table 5 
Statistical validation metrics for all the models across the five scenarios.  

Metrics Algorithm Scenario I Scenario II Scenario III Scenario IV Scenario V 

MAE Bagging  0.144  0.114  0.119  0.136  0.154 
RF  0.146  0.101  0.154  0.153  0.103 
AdaBoost  0.136  0.123  0.160  0.118  0.152 
GB  0.124  0.096  0.113  0.134  0.111 
XGBoost  0.179  0.111  0.120  0.142  0.129 
CatBoost  0.132  0.111  0.116  0.134  0.105 
LightGBM  0.170  0.122  0.110  0.142  0.143 

MSE Bagging  0.032  0.019  0.026  0.030  0.035 
RF  0.034  0.018  0.040  0.046  0.020 
AdaBoost  0.028  0.020  0.041  0.021  0.031 
GB  0.027  0.014  0.020  0.032  0.021 
XGBoost  0.044  0.018  0.025  0.032  0.026 
CatBoost  0.029  0.019  0.019  0.030  0.021 
LightGBM  0.040  0.020  0.018  0.042  0.031 

RMSE Bagging  0.178  0.139  0.161  0.174  0.188 
RF  0.184  0.135  0.199  0.215  0.141 
AdaBoost  0.167  0.141  0.202  0.146  0.176 
GB  0.163  0.120  0.141  0.180  0.145 
XGBoost  0.210  0.134  0.159  0.180  0.162 
CatBoost  0.170  0.138  0.140  0.174  0.146 
LightGBM  0.199  0.142  0.133  0.204  0.175 

R2 Bagging  0.647  0.522  0.771  0.770  0.622 
RF  0.666  0.577  0.597  0.546  0.797 
AdaBoost  0.691  0.481  0.593  0.802  0.671 
GB  0.689  0.633  0.791  0.692  0.709 
XGBoost  0.590  0.545  0.742  0.737  0.767 
CatBoost  0.730  0.522  0.797  0.757  0.828 
LightGBM  0.750  0.484  0.818  0.660  0.646  
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narios, each featuring distinct input feature conditions categorized into 
two groups: Group I incorporating all eight features from the raw dataset 
and Group II integrating engineered features. Rigorous fine-tuning of 
algorithm hyperparameters was conducted using a combination of grid 
search and 10-fold cross-validation to optimize model performance. The 
key findings distilled from this study are concisely outlined as follows:  

• Application of feature engineering, translating the features “Cement 
content” and “Pozzolan content” to a single feature which is the ratio 
of cement content to sum of cement and pozzolan content (“c/c+p”) 
enhance the prediction accuracy of the concrete aging factor pre
diction models.  

• Scenario III, utilizing the LightGBM algorithm, emerges as the top- 
performing scenario with notable metrics including MAE= 0.110, 
MSE= 0.018, RMSE= 0.133, and R2= 0.818. Following closely, 
Scenario V demonstrates commendable performance with RF, while 
Scenario IV ranks as the third-best performer with AdaBoost. The 
superiority of Scenario III is particularly noteworthy as it exclusively 
considers cement of ASTM I and II, reaffirming the significance of 
cement types in influencing the concrete aging factor.  

• The best-performing algorithm varies across scenarios, affirming the 
significance of exploring diverse algorithms to identify the most 
effective models among the available choices.  

• Considering a broad spectrum of cement and pozzolan types, as well 
as diverse exposure conditions, the implemented ML models 
demonstrate a reasonable level of generalizability, successfully 
capturing the interrelations among the features without the need for 
resource-intensive experimental testing.  

• Examining the ML models with representing the cement and 
pozzolan types with their characteristics is highly suggested as the 
same types of cement or pozzolans may have different characteris
tics, for better representation and thus enhanced prediction 
accuracy. 

Overall, this paper demonstrates the potential use of machine 
learning techniques in estimating the long-term behavior of concrete 
diffusivity based on concrete mix design parameters and exposure con
ditions. Therefore, the application of these techniques emerges as an 
alternative to time-consuming experimental analyses aimed at deter
mining the concrete aging factor, contributing significantly to the 
service-life design of reinforced concrete structures. 
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