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Abstract

Testing the flexural strength is a crucial issue for evaluating structural performance in impractical on-site
conditions. This limitation requires more efficient methods to achieve concrete quality classification. This study
aims to develop a flexural strength quality classification model using machine learning-based multi-label
classification approaches, specifically Binary Relevance (BR) and Classifier Chains (CC) algorithms. A synthetic
dataset representing the characteristics of concrete mixtures was used to train the classification models into three
quality categories: Good, Fair, and Poor. The modeling process involved data preprocessing, label assignment,
model construction using the Random Forest algorithm, and performance evaluation using metrics such as
Hamming Loss, Subset Accuracy, F1-Score, and Jaccard Similarity. Experimental results show that the CC
algorithm outperforms Binary Relevance across all evaluation metrics, achieving a Subset Accuracy of 74% and
an F1-Score of 0.81. These findings demonstrate that the CC approach effectively captures label dependencies,
making it a promising solution for more efficient and accurate concrete quality assessment in construction
practices.
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1. Introduction

Flexural strength is one of the fundamental parameters in assessing the structural
performance of reinforced concrete elements such as beams and slabs. It represents the
concrete’s capacity to resist tensile forces at the bottom surface when subjected to bending
loads. As such, flexural strength testing is an essential component of both non-destructive
evaluation and laboratory analysis for determining concrete quality [1]. According to Neville
and Brooks, flexural strength typically ranges from 10% to 20% of the compressive strength
of concrete, depending on the mix design, materials used, and curing conditions. Key
influencing factors include the water-cement ratio, aggregate type, and admixture content
[2].

Flexural strength is one of the key parameters in evaluating the structural performance
of reinforced concrete elements such as beams and slabs. This parameter indicates the
concrete’s ability to withstand tensile forces at the bottom surface when subjected to
bending loads. Therefore, flexural strength testing is a crucial aspect of both non-
destructive and laboratory testing methods for assessing the overall quality of concrete [1].
According to Neville and Brooks, the flexural strength of concrete generally ranges from
10% to 20% of its compressive strength, depending on material composition and curing
methods. This value is significantly influenced by the water-cement ratio, type of aggregate,
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and the use of admixtures. Identifying the flexural strength quality of concrete provides
essential insight for construction planning and quality control [2].

In practice, however, flexural strength testing is not routinely performed due to the
specialized equipment and procedures required, which are less practical compared to
compressive strength tests. As a result, many construction projects rely solely on
compressive strength data to evaluate structural performance, potentially limiting the
accuracy of predictions regarding the integrity of structural elements [3].

With the advancement of technology—particularly in the fields of artificial intelligence and
machine learning—it has become feasible to develop models for classifying concrete
flexural strength using other parameters, such as compressive strength, concrete age, and
mix composition. These models enable indirect yet accurate classification of concrete
quality, thereby enhancing efficiency and effectiveness in field quality control [4].

In this context, modelling refers to the process of building a mathematical or
computational representation of the relationships between concrete quality parameters.
Statistical and machine learning approaches are capable of capturing complex patterns
that conventional analytical methods often fail to identify [5]. According to Mitra and
Acharya, data modeling in civil engineering involves the numerical representation of
physical phenomena based on observation and experimental data, and can be conducted
using either statistical methods or machine learning algorithms [6]. Al-based modeling has
the advantage of handling nonlinear and complex data that are difficult to model analytically
[71.

Understanding the quality of flexural strength is critical for construction planning, quality
assurance, and structural reliability. Despite its importance, flexural strength testing is
rarely conducted on-site due to its complex procedure and the requirement for specialized
testing equipment. Consequently, most construction practices rely primarily on
compressive strength data, which may result in incomplete or imprecise structural
assessments [3]. With the emergence of artificial intelligence (Al) and machine learning
(ML), it is now possible to build predictive models that classify flexural strength using
alternative parameters such as compressive strength, concrete age, and mix proportions.
These data-driven models provide an indirect yet practical solution for evaluating concrete
quality, especially in settings where direct flexural testing is infeasible [4].

Various machine learning algorithms, such as Decision Tree, Random Forest, and
Neural Networks, have been applied in previous studies to predict compressive strength
and other characteristics of concrete. In the context of multi-label classification, BR and CC
are two commonly used strategies. BR assumes that each label is independent, while CC
take label dependencies into account by integrating the predictions of previous classifiers
as additional input features [8][9].

Unlike traditional analytical methods, machine learning techniques can detect complex
and nonlinear patterns in data that would otherwise remain unnoticed [5-7]. Several ML
models, including Decision Trees, Random Forests, and Neural Networks, have been
successfully applied to predict compressive strength and other concrete properties. For
multi-label problems, where samples can simultaneously belong to multiple quality
categories, of two standard approaches: BR and CC. BR treats each label as an
independent binary classification task, while CC captures label dependencies by passing
predictions from previous classifiers as additional inputs [8][9].

This study proposes a classification model for concrete flexural strength quality based
on synthetic datasets using both BR and CC algorithms. The quality is categorized into
three overlapping classes: Good, Fair, and Poor. The classification task is treated as a
multi-label problem to reflect practical ambiguity in label assignment near threshold
boundaries. This research introduces the following key contributions to the domain of
concrete quality assessment:

1. Unlike previous studies that adopt single-label classification, this work addresses the



task as a multi-label problem, accommodating the overlap between quality categories
that occurs in real-world scenarios.

2. This work proposes a novel labeling strategy that allows each concrete sample to
belong to more than one class, enhancing the model’s capacity to deal with borderline
cases.

3. By using various attributes that reflect real, concrete mix properties, the proposed
technique can offer a representative environment for model development and
validation. Moreover, the model supports indirect quality assessment methods,
reducing dependency on costly and time-consuming field tests, and is particularly
useful for rapid decision-making in construction management.

2. Related Works

Various studies have explored the use of machine learning in predicting and classifying
concrete quality. Zhang et al. used Random Forest to predict concrete compressive
strength with high accuracy [10]. Ahmad et al. demonstrated the effectiveness of Support
Vector Machine in classifying concrete quality based on mix parameters [11]. Additionally,
Khademi et al. compared several Al algorithms, such as SVM, ANN, and GEP, in predicting
concrete compressive strength and concluded that model accuracy heavily depends on
data quality and parameter selection [12].

More recently, Wang et al. (2021) developed an ensemble learning-based machine
learning model to predict the compressive strength of recycled concrete and proved its
effectiveness under limited data conditions [13]. Liu et al. (2023) applied deep learning to
classify concrete quality using microscopic images [14]. Rahman et al. (2024) highlighted
the integration of machine learning and Building Information Modeling (BIM) for real-time
monitoring of concrete strength [15]. Gomez et al. (2021) studied the application of machine
learning in classifying concrete cracks through digital image processing [16]. Jeong et al.
(2020) focused on statistical approaches for assessing prestressed concrete quality based
on mass production data [17]. Finally, Rezaei et al. (2019) investigated multi-output
regression approaches for predicting the strength of fiber-reinforced concrete [18][19].
However, studies specifically addressing the classification of concrete flexural strength
remain limited. Therefore, multi-label classification approaches such as BR and CC offer
significant potential to address this challenge.

3. Proposed Method

This study develops and evaluates flexural strength classification models BR and CC
by undergoing several stages, including data collection and preprocessing, label
classification, model development, and performance evaluation.

3.1. Dataset and Preprocessing

The dataset used is synthetic data that reflects the general characteristics of concrete
mixes, including parameters such as compressive strength (MPa), concrete age (days),
water-cement ratio, cement content, aggregate content, as well as actual flexural strength
values. The dataset consists of 100 entries, which are divided into training data (80%) and
test data (20%) using the holdout method. Data pre-processing included numerical
normalization using the Min-Max scaling method, filling in blank values (if any) using the
average imputation method, and encoding categorical variables where necessary. The
entire process was performed using Python with the Scikit-learn library [20].

This article presents a flexural strength classification approach based on compressive
and flexural strength data, using BR and CC algorithms. The main focus of this study is to



evaluate the reliability of these two approaches in classifying concrete flexural strength into
three categories: "Good", "Fair", and "Poor". By utilizing synthetic datasets and
comprehensive evaluations, this article aims to contribute to more efficient and accurate
practices in concrete quality assessment

3.2. Determination of Flexural Strength Quality Label

In this study, BR provides a straightforward and scalable approach for establishing a
performance baseline. It assumes label independence, which simplifies implementation
and reduces complexity. CC accounts for inter-label dependencies can address overlap
and influence each other. By incorporating predicted labels as features, CC improves
prediction consistency and model performance.

The classification of concrete flexural strength quality is divided into three labels, namely:
1. Good: flexural strength = 5 MPa
2. Fair: 3 MPa < flexural strength < 5 MPa
3. Not Good: flexural strength < 3 MPa

This overlapping labeling reflects the existence of close threshold values between each
other. For example, if a concrete sample has a flexural strength of exactly 5 MPa, it qualifies
as both Fair (because = 3 MPa) and Good (because = 5 MPa). Therefore, a piece of data
can be considered relevant for two quality categories at once. The multi-label classification
approach allows the model system to recognize and accommodate this kind of condition,
where each data point is not necessarily limited to a single label. This strategy aims to
provide a more flexible and realistic quality classification, especially for borderline cases
that are prone to ambiguity if classified singly.

3.3. Binary Relevance and Classifier Chains Algorithms

BR builds one independent classification model for each label, assuming that labels
are independent of each other. In contrast, CC builds a chain of models where each model
considers the prediction results of the previous model as additional features, so that
dependencies between labels can be modeled. In both approaches, the classification
algorithm used is the RF Classifier with default parameters that are robust to nonlinear and
noisy data [11].

Here are the basic formulas for two methods of BR and CC BR breaks the multi-label
problem into L separate BR problems, one for each label.

¥, =hj(x), for j=12,..,L (1)
x € R® : input feature vector with d dimensions.
L : total number of labels in the multi-label classification task.
h; : binary classifier trained to predict the presence or absence of label j.

~

y, =€ {0,1} : predicted output for label j, toward input x, where 1 indicates relevance and
0 indicates irrelevance.

BR transforms the multi-label classification problem into L independent binary
classification tasks as mutually independent. While it is simple and computationally
efficient, it ignores label correlations, which may affect performance when labels are
dependent.

CC establishes a sequential chain where each classifier considers the input features
plus previous label predictions as inputs.

}’1} = hj(x,ﬂ,@, ...,yjil), untukj =1,2,...,L (2)



h; : classifier for the j*" label.
Y1,Y2, -, ¥,—1 - predictions of all previous labels in the chain.

In CC architecture, each classifier takes the original input xx along with the predictions
of the previous labels in the chain. This method explicitly models label dependencies,
making it more suitable for datasets where labels influence one another. In the BR method,
each label y; is predicted independently: ¥, = h;(x) In contrast, in the CC method, the

prediction of each label considers the previous predictions in the chain: ¥, =
(6,75, e, Y1)

3.4 Model Evaluation
Evaluation is performed based on commonly used metrics in multi-label classification,
namely:
1. Hamming Loss: the proportion of misclassified labels. A value close to 0 indicates
good performance.
L

Hamming Loss = ZI(yL-" #J {)

j=1
. 1 i -
Hamming Loss = Eﬂ:lﬁ:l/yi] - yL’/ (3)
1 ~
Hamming Loss = I |Y =Y,
2. Subset Accuracy: the proportion of correct predictions overall for all labels.

Exact Match Ratio = Filzli'illl()’i =17 (4)
3. F1-Score (Macro-Averaged): the harmonic mean of precision and recall for each
label.
Flmacro = 7 Xj-1 F1-Score; (5)
4. Jaccard Similarity Score: mengukur kesamaan antara set label prediksi dan label
aktual.
_ |AnB|
J(A,B) = 552 6)

Evaluation was performed on the test data using the scikit-multilearn and scikit-learn
libraries [20].

4. Experimental Setup

The dataset used in this study consists of 100 synthetic concrete samples designed to
represent the general characteristics of concrete mixtures under various conditions. Each
sample has two main attributes, namely compressive strength (f'c) in MPa and flexural
strength (fr) in MPa. In addition, each sample was also labeled with a quality classification
based on the ratio between flexural and compressive strength (fr / f'c). This ratio was
chosen because it reflects the proportion of flexural strength to compressive strength of
concrete, which is generally a relative indicator of the quality of a concrete mix concerning
its structural flexibility.

Quality classifications based on the f; / f'c ratio are grouped into three labels as follows:
1. Good: fi/f'c ratio of more than 12%

2. Fair: fi/f'c ratio between 10% and 12% (inclusive)

3. Poor: fi/f'c ratio less than 10%

This ratio-based classification approach was used as an alternative method to
classification based on absolute values of flexural strength. This is done to capture the
characteristics of concrete that are not only dependent on the flexural strength value alone,



but also consider its proportion to compressive strength. Thus, this approach provides an
additional perspective in evaluating the relative quality of concrete.

In this study, we separate the dataset into two parts using the holdout method, with 80%
of the data used for model training (training set) and the remaining 20% used for model
testing (test set). In addition to improving reliability and avoiding biases that may arise due
to single data sharing, a 5-fold cross-validation method was also applied. In this cross-
validation, the dataset is divided into five subsets; four subsets are used for training and
one for testing, and the process is repeated five times so that each subset becomes a test
set once. The evaluation results from these five tests are then averaged to obtain a more
stable and representative model performance over a wider population of data.

5. Results and Analysis

In this study, we put two multi-label classifiers as BR and CC, on a test dataset with 20%
of all our data. To measure the method's performance, we calculate four standard
performance metrics: Hamming Loss, Subset Accuracy, Macro F1-Score, and Jaccard
Similarity. These metrics showed how each model performed in checking both individual
labels and the overall set of predictions.
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Fig.1. Performance trends of BR and CC over five test runs across four metrics:
Hamming Loss, Subset Accuracy, Macro F1-Score, and Jaccard Similarity

The results obtained from CC consistently outperformed BR across all metrics. For
Hamming Loss, which measures the average fraction of incorrect labels, BR scored 0.12.



CC did better with a lower score of 0.10, indicating it made more accurate label-wise
predictions. When we calculated at Subset Accuracy, which checks for an exact match
between predicted and actual label sets, BR gained 68%. CC significantly improved on this,
reaching 74%. This highlighted CC's superior ability to produce completely correct label
sets, which is often crucial in multi-label tasks, where getting some labels right isn't enough.

At the metrics evaluation, these approaches can obtain a Macro F1-Score of 0.76 for BR
to 0.81 for CC. The CC model achieved a better balance between precision and recall,
meaning it was more effective at finding relevant labels while avoiding false positives.
Similarly, Jaccard Similarity calculates the intersection over union of predicted and true
labels and rose from 0.69 for BR to 0.75 for CC.

Table 1. Evaluation Metrics for Each Test Iteration
BR(Uji BR(Uji BR(Uji BR(Uji BR(Uji CC(Uji CC(Uji CC(Uji CC(Uji CC(Uji

Metri
ete 1) 2) 3) 4) 5) 1) 2) 3) 4) 5)

Hamming 0.13 0.14 0.12 0.13 0.12 0.1 0.1 0.1 0.1 0.1
Loss
Subset

0.65 0.66 0.68 0.67 068 071 073 074 074 0.75
Accuracy
Macro F1- 0.74 0.75 0.76 0.75 074 077 0.79 0.8 0.81 0.82
Score
Jaccard 0.68 0.69 0.69 0.68 068 071 073 074 075 0.76
Similarity

CC performed better than BR on all evaluation metrics due to the ability of CC to utilize
the interdependent relationship between labels. Fig.2 depicts a summary comparison of
final average scores for each metric.
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Fig.2. Summary comparison of final average scores of BR and CC

Fig. 2 shows a comparison of BR and CC performance, which shows CC consistently
scores better in every evaluation metric to making it a better option in handling multi-label
classification. According to the experimental result, the CC approach is especially effective
for tasks with interdependent labels, like in material property classifications such as
concrete flexural strength. While BR assumes each label is independent, CC uses the



predictions of previous labels as additional inputs for subsequent ones to enable the model
to capture dependencies. CC is better suited for complex multi-label classification tasks in
structural engineering to handle label correlation. According to the experimental results with
two approaches using robust evaluation metrics, this research can be a promising solution
for flexural strength classification.

6. Conclusion

This study aims to develop a flexural strength quality classification model using BR and
CC algorithms. These findings confirm that the CC approach consistently outperforms BR
in all evaluation metrics and across multiple testing iterations. The results showed that CC
achieved lower Hamming Loss (0.10 vs. 0.12), higher Subset Accuracy (74% vs. 68%),
higher Macro F1-Score (0.81 vs. 0.76), and higher Jaccard Similarity (0.75 vs. 0.69). These
improvements were maintained consistently across all five test iterations, reinforcing CC’s
stability and generalization capacity. The better performance of CC is primarily due to its
ability to model interdependencies among labels, an important characteristic in material
property prediction tasks. Unlike BR, which treats labels independently, CC leverages prior
predictions as input for subsequent labels to capture the correlations naturally present in
real-world data.

In conclusion, the CC is better suited for concrete flexural strength classification and is
strongly recommended for implementation in machine learning-based quality control
systems in civil engineering. lts robust performance, consistency, and ability to handle
correlated labels make it an ideal choice for non-destructive evaluation systems,
particularly in scenarios requiring simultaneous prediction of multiple interrelated concrete
properties. Future research is recommended to test this approach on larger datasets with
more features, as well as explore the use of deep learning algorithms to improve
classification accuracy.
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