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STRENGTH

SAIDJON KAMOLOV1∗

Abstract. Predicting the compressive strength of concrete provides several
benefits including insights into its durability, potential lifespan, and its suit-
ability for specific construction projects. Recent advances in machine learning
algorithms have prompted their application to compressive strength modeling
and prediction. In this paper, we carry out a comprehensive comparative anal-
ysis of the existing machine learning algorithms. Unlike, other current studies
in this domain, we consider the entire spectrum of algorithms ranging from
basic linear models to advanced meta-learning methods. The results show that
there exists a trade-off between speed and accuracy of the models. We find that
while ensemble models such as stacking and gradient boost provide superior
accuracy, they are significantly slower than linear models.

1. Introduction

Concrete is one of the most widely used construction materials in the world due
to its durability and cost-effectiveness. One of the most important properties of
concrete is it compressive strength. Compressive strength refers to the ability of
a concrete specimen to resist forces trying to reduce its size. Accurate prediction
of the compressive strength of concrete can provide insights into its durability,
potential lifespan, and its suitability for specific construction projects [1].

Traditionally, the compressive strength of concrete has been determined through
laboratory tests on cylindrical or cubic specimens [2]. However, these tests can
be time-consuming, costly, and require the destruction of the sample. Given
the increasing scale and pace of construction projects, there’s a growing need
for methods that can predict the compressive strength efficiently and, if pos-
sible, non-destructively. Over the years, various methods have been proposed
to estimate the compressive strength of concrete. Empirical methods, based on
mix proportions and the properties of the constituents, have been widely used
[3]. However, these methods often require domain expertise and can be limited
in accuracy when dealing with novel mixtures or under specific environmental
conditions.
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With the advent of computational power and data-driven techniques, machine
learning has emerged as a promising tool in many applications [4, 5, 6, 7] including
for predicting concrete compression strength. Machine learning models are able to
learn complex non-linear relationships between the features (like mix proportions,
age, and type of additives) and the target variable (compressive strength) from
historical data. These models have the potential to provide accurate predictions
without the need for explicit formulae or human-crafted rules.

In this analysis, we evaluate the effectiveness of various machine learning mod-
els in predicting the compressive strength of concrete. By comparing their per-
formance and computational efficiency, we aim to offer insights into the best
approaches for this crucial task in civil engineering.

While there exist several studies that compare the performance of machine
learning algorithms for predicting compressive strength, they are limited in scope.
For example, in [8], the authors consider only 3 algorithms: decision tree, random
forest, and gradient boosting. Similarly, in [9], the authors analyze only 4 algo-
rithms: decision tree, bagging, gradient boosting, and neural networks. Further,
in [10], the authors consider only linear models, kernel models, and tree-based
models. To fill the gap in the literature, we perform a comprehensive analysis
of a wide spectrum of methods ranging from basic linear models to advanced
meta-learning methods.

The paper is organized as follows. Section 2 presents a brief overview of the
existing literature. Section 3 provides the details of the machine learning algo-
rithms used in our study. Section 4 contains the details of the dataset used in
the study. Section 5 describes the methodology. Section 6 presents the results
of the computational experiments and the corresponding discussion. Section 7
concludes the paper.

2. Literature Review

Recent advances in machine learning have catalyzed its applications in various
fields including finance, pedagogy, medicine, network security, fraud detection,
and others [11, 12, 13, 14, 15, 16, 17, 18, 19].

The compressive strength of concrete is a key parameter that dictates the
design and evaluation of concrete structures. A plethora of studies have emerged
over the recent years, elucidating various facets and methodologies pertinent to
understanding and enhancing this fundamental property. This section presents
notable contributions and findings from current studies on concrete compressive
strength.

A systematic review in [20] was aimed at estimating the compressive strength
of modern concrete mixtures employing computational intelligence. The study
underscores the importance of compressive strength in the design and evaluation
of concrete structures, with a particular emphasis on ultra-high performance con-
crete. The prediction of concrete’s compressive strength is vital in ensuring the
quality and progress of construction. Thus, a systematic review in [21], stressed
the importance of accurate prediction and presented a bibliometric analysis over
a decade, indicating a developing interest and advancements in this domain.
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Exploring the potential of machine learning, Li et al. (2023) carried out a com-
parative study to predict the compressive strength of high-performance concrete.
Their work revealed the efficacy of machine learning methods in model validation
using experimental data, showing a significant stride towards accurate prediction
and better construction quality [22].

A recent study delved into the time variation law of concrete’s compressive
strength from three distinct perspectives: single, multiple, and material internal
factors [23]. It presented mathematical models relative to time under various
conditions like carbonization, freeze–thaw cycle, and temperature effect, thereby
providing a deeper understanding of the factors affecting concrete’s compressive
strength over time. The realm of high-strength concrete (HSC) has also witnessed
significant contributions. A new study probed into the compressive strength
prediction of HSC using hybrid techniques, indicating the role of cementitious
materials in achieving superior strength [24]. Modeling and sensitivity analysis
of high-performance concrete to various factors were explored in another recent
work. The emphasis was on the accurate forecasting of compressive strength for
both traditional and high-performance concrete constructions, considering the
intricate development processes [25].

The multiaxial strength criteria of concrete has attracted significant attention
in the literature. The failure of concrete materials under multiaxial stress was
discussed in [26], underscoring the substantial attention this problem has re-
ceived from the scientific community leading to several experimental studies and
research. Exploration into the multiaxial compressive strength of hybrid fiber
reinforced concrete (HFRC) provided insights into the uniaxial compressive and
tensile strength of HFRC, emphasizing the role of steel and polypropylene fibers
[27].

An experimental investigation showed the strength and durability properties of
polypropylene fiber reinforced concrete [28]. The study analyzed how polypropy-
lene fibers augment the tensile strength of concrete, thus enhancing its overall
compressive strength. The recent technological advances in adding nanomateri-
als as a reinforcement material in concrete to improve its compressive and flexural
strength were discussed in [29]. This innovation is aimed at improving the qual-
ity of traditional concrete, indicating a promising avenue for future research and
applications in concrete technology.

3. Model Descriptions

We evaluate a wide variety of machine learning algorithms to determine the
optimal approach in predicting the compressive strength of concrete.

• Linear Regression: Linear regression is one of the simplest and most
widely used statistical techniques [30]. It models the relationship between
a dependent variable and one or more independent variables by fitting a
linear equation to the observed data. The goal of linear regression is to
minimize the sum of squared differences between the observed responses
in the dataset and the responses predicted by the linear approximation.
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• Lasso (L1 Regularization): Lasso regression is a type of linear regres-
sion that incorporates L1 regularization. In general, regularization adds a
penalty to the model parameters to reduce the freedom of the model and
prevent overfitting [31]. L1 regularization adds a penalty equal to the ab-
solute value of the magnitude of coefficients, leading to some coefficients
being exactly zero. This can be seen as a form of feature selection. The
objective function in Lasso regression is given by the following equation:

1

2n
‖y −Xw‖22 + α · ‖w‖1

• Ridge (L2 Regularization): Ridge regression, also known as Tikhonov
regularization, is a type of linear regression that includes a regularization
term. The key difference is that Ridge employs L2 regularization, which
adds a penalty equal to the square of the magnitude of coefficients. This
results in smaller coefficients but doesn’t necessarily eliminate them en-
tirely, as it happens in Lasso. The objective function in Ridge regression
is given by the following equation:

‖y −Xw‖22 + α · ‖w‖22
• Support Vector Regression (SVR): SVR is a regression adaptation of

support vector machines (SVMs). It works by trying to predict a continu-
ous value, while still using the principle of maximizing the margin, much
like in classification tasks with SVM. The idea is to find a hyperplane that
best fits the data, with the consideration of a margin that captures the
maximum number of data points [32]. The objective function for SVR is
given by the following equation:

min
w,b,ζ,ζ∗

1

2
wTw + C

n∑
i=1

(ζi + ζ∗i )

subject to the conditions

yi −wTφ(xi)− b ≤ ε+ ζi,

wTφ(xi) + b− yi ≤ ε+ ζ∗i ,

ζi, ζ
∗
i ≥ 0, i = 1, ..., n

• Random Forest (RF): Random forest is an ensemble learning method
that operates by constructing multiple decision trees during training. For
predictions, the mode of the classes (for classification) or mean prediction
(for regression) of the individual trees is returned. Random forests help
combat the overfitting problem that can plague individual decision trees
[33, 34, 35].
• Gradient Boosting: Gradient boosting is an ensemble machine learning

technique that builds a series of weak learners, typically decision trees,
in a sequential manner. Each tree in the sequence aims to correct the
errors made by its predecessor. The core idea is to give more weight
to the misclassified or mispredicted data points from the previous tree,
ensuring that the next tree in the sequence addresses these errors. The
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final prediction is obtained by aggregating the predictions of all the trees
[36, 37]. Gradient boosting is particularly effective in scenarios where
there’s a high bias, as it focuses on reducing bias iteratively.
• Artificial Neural Network (ANN): An artificial neural network is a

computing system inspired by the biological neural networks in the human
brain. It is composed of interconnected nodes (neurons) arranged in layers:
input, hidden, and output layers. Due to a recent surge in popularity there
currently exist many different types of neural networks including multi-
layer perceptron, convolutional, recurrent, graph, generative, and other
neural network architectures. These networks can adapt to and learn
from data, making them suitable for complex tasks like image and speech
recognition, as well as regression and classification problems in structured
data [38, 39].

For each layer l in the neural network, the pre-activation z[l] is computed
as:

z[l] = w[l]A[l−1] + b[l] (3.1)

Then the activation A[l] for the hidden layers is computed using:

A[l] = ReLU(z[l]) (3.2)

Finally, the objective function for a regression problem is the mean squared
error.
• Stacking: Stacking, also known as ”stacked generalization,” is an en-

semble learning technique designed to improve prediction accuracy by
combining multiple models’ outputs. It consists of several base models
together with a meta-model. Once trained on the data, each of the base
models generates predictions which are then treated as meta-features. The
meta-features are used to train the meta-model that is responsible for pro-
ducing the final predictions. When predicting a new instance, each base
model provides its prediction. These are then used as input features for
the meta-model, which subsequently determines the final prediction for
that instance. The overarching goal of the stacking model is to capitalize
on the strengths of each individual model, aiming to produce predictions
that are more accurate than any single model could achieve on its own
[40].

4. Data

The Concrete Compressive Strength dataset is one of the datasets available in
the UCI repository and is particularly relevant for civil engineering applications
[41]. The summary of the data is provided in Table 1. It shows that there are
8 input variables and 1 output variable. The dataset pertains to the compres-
sive strength of different samples of concrete based on the volumes of the different
ingredients that were used to make them. The target variable is the concrete sam-
ple’s compressive strength, which can be predicted using the volume proportions
of the ingredients.
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Feature Mean Std Min Max

Cement 281.17 104.51 102.00 540.00
Blast Furnace Slag 73.90 86.28 0.00 359.40
Fly Ash 54.19 63.50 0.00 200.10
Water 181.57 21.35 121.80 247.00
Superplasticizer 6.20 5.97 0.00 32.20
Coarse Aggregate 972.92 77.75 801.00 1145.00
Fine Aggregate 773.58 80.18 594.00 992.60
Age 45.66 63.17 1.00 365.00
Concrete Compressive Strength 35.82 16.71 2.33 82.60

Table 1. Summary statistics for the Concrete Compressive
Strength dataset.
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Figure 1. Distribution of the feature values.

To better comprehend the data, we analyze the distribution of its feature values
as shown in Figure 1. Understanding these distributions is essential for any
subsequent analysis or modeling, as they provide insights into the typical values
and variations of each feature in the dataset.

The distribution of the Cement feature in the dataset is somewhat bimodal,
with a notable peak around 150-250 and another significant peak near 500. This
suggests that many concrete mixtures either contain a low or a high amount of
cement. On the other hand, the Blast Furnace Slag feature is heavily skewed
to the right, indicating that a large number of mixtures have minimal amounts
of blast furnace slag, although there’s also a spread of mixtures containing up to
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around 250. The distribution of Fly Ash is bimodal, with a substantial number
of mixtures having no fly ash, and a secondary peak observed around 100-150.
This suggests that when fly ash is incorporated, it typically falls within these
amounts.

The Water feature’s distribution is somewhat bell-shaped, albeit with a slight
right skew. Most concrete mixtures seem to have a water content ranging from
150-200, but a tail extends to the higher values. For the Superplasticizer

feature, the data is right-skewed. Many mixtures contain low amounts of su-
perplasticizer, with a noticeable peak around 10. The distribution of Coarse

Aggregate appears bell-shaped, centering around 950, indicating that the bulk
of the mixtures possess a coarse aggregate amount close to this value. Similarly,
the Fine Aggregate feature’s distribution is bell-shaped but with a slight left-
ward skew, with the majority of mixtures having their fine aggregate amounts in
the 600-800 range.

One of the most right-skewed features is Age The majority of the concrete sam-
ples are younger, predominantly clustering around 28 days. However, there are a
few samples extending up to approximately 365 days or even more. Lastly, when
examining the ”Concrete compressive strength,” the distribution is somewhat
bell-shaped with a mild right skew. Most concrete mixtures possess strengths
between 20 and 60 MPa, but there’s a tail of mixtures that exhibit strengths
stretching beyond 80 MPa.

5. Methodology

5.1. Dataset. The dataset utilized for this study pertains to the compressive
strength of concrete. It comprises multiple features, including the amounts of
various ingredients used in concrete mixtures, such as cement, blast furnace slag,
fly ash, water, superplasticizer, coarse aggregate, and fine aggregate, along with
the age of the concrete. The target variable is the concrete’s compressive strength.
Further details and analysis of the dataset can be found in Section 4.

5.2. Preprocessing. Before model training, the dataset underwent preprocess-
ing. In particular, features were scaled to have zero mean and unit variance using
the standard scaler. It ensures that all features contribute equally to the model’s
performance and is particularly crucial for models sensitive to feature scales, such
as SVR.

5.3. Model Selection. Multiple machine learning algorithms were evaluated:

• Linear Regression
• Lasso
• Ridge
• Support Vector Regression
• Random Forest
• Gradient Boosting
• Artificial Neural Network
• Stacking
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We used sklearn library to carry out the numerical experiments [42]. The model
settings are presented in Table 2.

Model Settings

Linear Regression Default settings (no regularization)
Lasso Alpha (regularization strength) set to 1
Ridge Alpha (regularization strength) set to 1
SVR Default settings with kernel=’rbf’
Random Forest Default settings
Gradient Boosting Default settings
Artificial Neural Network Two hidden layers with 64 and 32 neurons, max iter=1000
Stacking Base models: RF, GB, ANN, SVR; Meta-model: Linear Regression

Table 2. Parameter settings of each model.

5.4. Evaluation Metrics. To objectively assess model performance, the follow-
ing metrics were employed:

• Mean Squared Error (MSE)
• Mean Absolute Error (MAE)
• R2 (Coefficient of Determination)

5.5. Model Training and Validation. A 4-fold cross-validation approach was
employed for model validation:

• The dataset was partitioned into four subsets. In each iteration, one
subset was held out for validation, while the remaining three subsets were
used for training.
• The performance metrics were computed for each fold, and the average

performance across all folds was used to evaluate each model’s overall
performance.

6. Results and Discussion

The results of the computational experiments are presented in Table 3. The
stacking model outperforms all other models in terms of all the coefficient of
determination, demonstrating the strength of ensemble approaches, particularly
when base models complement each other. The other ensemble models - ran-
dom forest and gradient boosting - similarly achieve high predictive performance.
Due to their tree-based nature, they are capable of handling non-linear relation-
ships and feature interactions, making them appropriate for intricate datasets
like the one in question. On the other hand, while neural networks are potent,
they demand careful tuning. The moderate performance observed in our analysis
suggests that there is potential for enhancement through more advanced architec-
tures or hyperparameter tuning. In comparison, linear models, including linear
regression, ridge regression, and lasso regression, offer quick execution but may
not grasp the complex relationships present in the dataset. Specifically, lasso re-
gression’s performance implies that either it might not be the ideal model for this
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dataset or it requires more detailed tuning. Analysis of the execution times can
provide insight on computational efficiency. While linear models are extremely
fast and efficient, ensemble models like random forest and gradient boosting take
longer. As expected, the stacking model, which combines multiple models, has
the longest execution time. It’s important to strike a balance between accuracy
and execution time. In situations demanding real-time solutions or those with
computational restrictions, simpler, quicker models might be favored. Conversely,
for non-immediate tasks or when the prediction accuracy is crucial, more intricate
models or ensemble techniques could be preferable.

Model MSE MAE R2 Execution Time

Linear Regression 101.53 8.05 0.6091 0.0136
Ridge Regression 101.53 8.05 0.6091 0.0020
Lasso Regression 130.32 9.42 0.5086 0.0023
Support Vector Regression 99.60 7.99 0.6200 0.1078
Random Forest 32.18 3.79 0.8642 0.6911
Gradient Boosting 30.61 3.97 0.8718 0.2281
Neural Network 33.31 3.80 0.8690 30.7311
Stacking model 31.74 3.79 0.8760 206.33

Table 3. Performance metrics for different machine learning mod-
els using 4-fold cross validation.

7. Conclusion

Selecting the right model requires a careful consideration of both performance
metrics and practical constraints. While ensemble techniques like stacking often
provide superior performance, it’s crucial to weigh their benefits against increased
computational costs. In applications where time is of the essence, simpler models
might be more fitting. On the other hand, when the highest predictive accu-
racy is sought, more sophisticated models or ensemble techniques are worth the
computational investment.
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