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Improving Concrete Mix Design Predictions with
Machine Learning Algorithms

Abstract—The construction industry has a crucial impact on
environmental pollution and on the phenomenon of climate
change.

One of the most impactful activities in this sector, is the
concrete production. The concrete industry alone is a significant
source of CO; emissions, with concrete being the most widely
used construction material. Concrete is a material mainly com-
posed of cement, water, aggregates and additives. Despite the
percentage of cement in concrete mixtures is comprised between
10% and 15% by weight, this component contributes up to 90%
of the associated greenhouse gas emissions.

The process involved in concrete production is complex and
involve many uncertainties. To compensate for these unknowns
and ensure structural safety, cement is frequently added in excess
to improve mechanical performance. However, reducing the
cement content in concrete formulations can have considerable
environmental benefits. Therefore, enhancing the precision of
predicting concrete’s mechanical characteristics is essential for
lowering cement consumption without compromising safety.

In this paper, the application of machine learning techniques to
forecast the mechanical properties of concrete is presented. The
main goal is to use the concrete mix design data to accurately
predict the properties related to the resistance and the workabil-
ity of concrete. To this extent, a dataset comprising roughly 1100
mix designs was utilized, combined with weather-related data
from concrete batching plants. The study emphasizes regression
and classification models to predict concrete properties, taking
into account environmental and meteorological factors at the
production site.

Index Terms—Concrete, Mix Design, Machine Learning, Sus-
tainability, Cost reduction, Artificial Intelligence

I. INTRODUCTION

The construction industry is a crucial sector with both
significant economic and environmental implications. It con-
tributes approximately 10% to the global gross domestic prod-
uct (GDP) [1], making it one of the largest industries world-
wide. However, its rapid expansion, especially in developing
regions, raises concerns about its long-term sustainability [2].

One of the most pressing issues associated with this sector
is its environmental footprint. The industry is responsible
for nearly 30% of global greenhouse gas emissions [3|] and
consumes approximately 50% of the world’s raw materials
and 40% of total energy resources [4]. As the demand for
infrastructure and urban development grows, mitigating these
environmental effects becomes increasingly urgent.

In recent years, the entire construction industry has been
increasingly adopting optimization methods to improve the
efficiency and sustainability of the entire construction process
[5). These efforts start with the optimization of material
production, continue with the refinement of preliminary design
stages [|6], [7], and extend to the optimization of construction

processes on-site [8], [9]. Additionally, advanced monitoring
techniques, including non-destructive testing methods [10],
[11]], are being employed to prolong the useful life of struc-
tures [[12f], further reducing the environmental footprint.

Concrete production is among the most resource-intensive
activities within the sector. Given that concrete is one of
the most widely used construction materials, its impact is
substantial. The mixture consists primarily of cement, water,
and aggregates, with additional chemical components—such
as superplasticizers, set retarders, and air entrainers—used to
enhance performance characteristics.
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Fig. 1: Contribution of Concrete to CO, Emissions Compared
to Other Sectors

Cement, a key ingredient in concrete, plays a particularly
significant role in environmental concerns. Its manufacturing
process alone accounts for roughly 8-10% of worldwide CO,
emissions [[13], [14] (see Figure E]) Consequently, the indus-
try’s contribution to climate change cannot be overlooked, and
solutions aimed at improving material efficiency and reducing
emissions are becoming a priority.

In response to these challenges, initiatives such as the
European Green Deal have set ambitious sustainability tar-
gets, including a 55% reduction in CO, emissions by 2030
(compared to 1990 levels) and achieving carbon neutrality
by 2050. These measures emphasize the need for innovation
within the construction sector to balance economic growth
with environmental responsibility.

Despite making up only 10% to 15% of the total mass in a
concrete mixture (Figure[2h), cement is the primary contributor
to the greenhouse gas emissions generated during concrete



production. Studies estimate that its use is responsible for as
much as 90% of these emissions (Figure [2b), underscoring its
substantial environmental footprint relative to its proportion in
the mix.
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Fig. 2: Graphical representation of the proportion of key
components in a concrete mix (a) and their relative share of
CO, emissions generated during production (b).

Optimizing cement usage in concrete production is crucial
for reducing global CO, emissions [[15]]. However, because ce-
ment content directly influences mechanical properties, lower-
ing its proportion introduces a risk of compromising structural
strength. The complexity of concrete production stems from
the variability in raw materials [16], [17], diverse manufac-
turing processes, and fluctuating environmental conditions, all

of which make predicting final material properties particularly
challenging [[18]).

To compensate for these uncertainties, an excess amount
of cement is often added to the mix as a precaution. While
this ensures compliance with safety and performance stan-
dards, it also results in unnecessary material consumption
and associated environmental impacts. Given that concrete
properties can change throughout their lifespan, various moni-
toring techniques have been developed to assess their structural
performance over time [10], [19].

A key challenge in production lies in the storage of aggre-
gates, which are typically kept in open stockpiles where expo-
sure to environmental factors leads to variations in moisture
content. Although modern plants utilize sensors to measure
surface moisture, these readings do not always reflect internal
humidity levels, which can significantly differ from surface
measurements. This discrepancy introduces inconsistencies in
water content, ultimately affecting the quality and mechanical
properties of the final mix.

This research explores the potential of machine learning
techniques to enhance predictive accuracy in concrete mix
design. By applying regression and classification algorithms,
the goal is to develop more reliable estimates of concrete’s
mechanical characteristics [20]. Unlike traditional approaches,
this study introduces meteorological data as an additional
input, allowing for better modeling of the hidden moisture
within aggregates. The environmental parameters used in this
research were sourced from the publicly available database of
ARPAL (Agenzia Regionale per la Protezione dell’Ambiente
Ligure).

By incorporating external climatic variables into the predic-
tive framework, this methodology aims to refine mix design
precision. Ultimately, the objective is to reduce cement con-
sumption while maintaining structural integrity, leading to both
economic and environmental benefits in concrete production.

II. INTEGRATING ENVIRONMENTAL DATA INTO
CONCRETE PROPERTY PREDICTION

This study investigates the use of machine learning tech-
niques to estimate the mechanical properties of concrete, inte-
grating real-world industrial mix designs with meteorological
data from batching plants. The research is based on a dataset
of approximately 1,100 samples, which includes key variables
such as cement type, water and cement content per cubic
meter, the presence of admixtures, and theoretical density.

To facilitate supervised learning, each data point is labeled
with measured mechanical properties, specifically compressive
strength at 28 days (R.;) and consistency class. Additionally,
the dataset records the date of production and the location of
the cement manufacturing plant, allowing for correlation with
environmental conditions at the time of mixing.

One of the key challenges in concrete production is the
influence of weather conditions on raw materials, particu-
larly aggregates stored in open-air environments. Variations in
moisture content due to rainfall and temperature fluctuations
can significantly affect the water-to-cement ratio, ultimately


https://www.arpal.liguria.it/

influencing the final mechanical properties of the concrete. To
address this problem, the study incorporates meteorological
data, such as cumulative rainfall and average temperature in
the days preceding production, into predictive models.

The meteorological data used in this investigation were ob-
tained from the publicly available records of ARPAL (Agenzia
Regionale per la Protezione dell’ Ambiente Ligure). Although
the data set does not specify the precise location of the
concrete batching plants, industry knowledge suggests that
cement is typically used within a 100 km radius of its
production site. Since the cement analyzed in this study was
produced in Genoa, Italy, the possible geographical area for
the corresponding batching plants was estimated (see Figure

3).

By integrating environmental parameters into machine
learning models, this research aims to improve the accuracy
of concrete property predictions, ultimately contributing to
more efficient mix designs and reducing unnecessary cement
consumption.
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Fig. 3: Possible location area for the batching plant.

Taking into account the broad geographical area illustrated
in Figure [3| and the diverse climatic conditions of the region,
meteorological data from Genoa (Italy) were selected as a
reference point for this study.

To enhance predictive accuracy, environmental variables
such as cumulative rainfall and average temperature recorded
in the days preceding concrete production were integrated into
the training dataset.

This study explores the effectiveness of various machine
learning algorithms in estimating concrete’s mechanical prop-
erties. The models were trained using historical weather data
that corresponded to the location of the batching plant at the
time of production.

The analysis focuses specifically on forecasting two essen-
tial concrete characteristics: compressive strength and consis-
tency class.

A. Prediction of Concrete Workability through Machine
Learning

Concrete workability refers to how easily fresh concrete can
be mixed, transported, placed, and compacted without segrega-
tion or excessive effort. It is a crucial factor in construction, as
it influences both the ease of handling and the overall quality
of the finished structure. If the concrete is too stiff, it becomes
difficult to place and compact properly, increasing the risk of
defects like honeycombing and voids. Conversely, if it is too
fluid, segregation and excessive bleeding may occur, negatively
impacting its mechanical properties.

To assess workability, concrete is classified based on its
consistency, which is typically determined through standard-
ized tests. One of the most widely used methods is the
slump test, which provides a straightforward measure of the
material’s flowability. This test involves filling a truncated cone
mold (also known as an Abrams cone) with fresh concrete
in three layers. Each layer is compacted with a tamping rod
to remove trapped air and ensure uniformity. Once the mold
is completely filled, it is carefully lifted vertically, allowing
the concrete to settle naturally under its own weight. The
difference between the initial height of the mold and the
final height of the slumped concrete, measured in millimeters,
indicates its consistency. Based on this measurement, the
concrete is classified into different consistency classes (see
Table [I).

A higher slump value means the concrete is more fluid
and easier to work with, making it suitable for applications
with dense reinforcement or complex formworks. In contrast,
a lower slump indicates a stiffer mix, which may be more ap-
propriate for pavements or large-volume pours where excessive
flow is undesirable. Selecting the right consistency is essential
to achieving durable and high-quality concrete structures.

TABLE I: Definition of consistency class for concrete.

Consistency Class  Slump [mm]

S1 10-40
S2 50-90
S3 100-150
S4 160-200
SR >200

In this study, machine learning techniques were applied
to classify concrete consistency based on mix properties.
Various classification algorithms, including decision trees,
logistic regression, support vector machines, neural networks,
and ensemble methods, were tested and compared in terms
of precision. By leveraging meteorological and material data,
these models aim to improve the prediction of concrete be-
havior, optimize the design of the mix and reduce unnecessary
material use.

B. Prediction of Concrete Resistance through Machine Learn-
ing

This study aims to predict the compressive strength of
concrete 28 days after casting, an essential parameter influ-
encing both the final strength and durability of a structure.
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Given its critical role in structural design and verification,
accurately estimating compressive strength is vital to ensuring
the integrity of a structure and minimizing potential risks.

The compressive strength, represented as R, is typically
determined by conducting compression tests on cubic concrete
samples with 15 cm side lengths. However, even within a
single batch of concrete, test results can exhibit variability.
To address this, a statistical approach is used to construct
a distribution curve that reflects the variability in concrete
compressive strength. From this curve, the characteristic com-
pressive strength, R, is defined as the 95th percentile of the
strength’s normal distribution [21].

In order to predict the compressive strength, the study
employs various machine learning-based regression models,
including linear regression, support vector machines, regres-
sion trees, Gaussian process regression, kernel approximation
regression, ensemble trees, and neural networks. To evaluate
the performance of these models, a set of classical regression
metrics are used, such as the Root Mean Square Error (RMSE),
Maximum Absolute Error (MAE), and the Coefficient of
Determination (R?). This comparative analysis allows for a
thorough assessment of the most effective model for estimating
concrete’s compressive strength.

III. RESULTS AND COMPARATIVE ANALYSIS
A. Description of the Dataset

The dataset utilized in this study, which was compiled
specifically for this research, includes several key parameters
for each concrete mix design. These parameters cover a range
of variables, such as the type of cement used (either type
IT or type III), the amount of cement in kilograms, and the
cement’s 28-day strength, categorized by class. It also records
the volume of water added to the mix, measured in liters, the
maximum diameter of the aggregates in millimeters, and the
quantity of any additives incorporated into the mixture.

In addition to these, the dataset provides information about
the consistency class and the 28-day compressive strength of
the concrete after it has set, which are treated as the target
variables to be predicted. The neural network models are
trained using this dataset, where the known parameters of each
mix design serve as the input features, and the goal is to predict
both the consistency class and the compressive strength of the
resulting concrete.

Figure [] illustrates the discrepancy between the measured
compressive strength and the required compressive strength
for a sample of 1100 concrete mixes. In the graph, a positive
difference (A R,) indicates that the produced concrete has a
compressive strength greater than the required value.

B. Predictive Models for Consistency Class Classification

The results for the best-performing classification models
used to predict the consistency class of the concrete samples
are shown in Table [ These models are highly efficient, both
in terms of memory consumption and computational load,
allowing for the execution of thousands of predictions per
second. Some of the models even achieve an accuracy rate
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Fig. 4: Comparison between the measured and required com-
pressive strength for a sample of 1100 concrete mixes. A
positive AR i value indicates that the measured compressive
strength exceeds the required value, while a negative AR
reflects the opposite.

greater than 94%, showcasing their effectiveness in reliably
predicting the consistency class of concrete.

Figure 3] presents the outcomes of the best classification
model. It is an ensemble tree that was trained considering the
cumulative rainfall referred to one day before the concrete
production. This model records the best performance with an
accuracy of 94.5%. This model is based on an ensemble of
decision trees, trained using the complete set of concrete mix
data. Interestingly, it relies solely on the total rainfall from the
day preceding the pouring as the environmental input.

Figure [5 presents the outcomes of classification model
6.13, which records the best performance with an accuracy
of 94.5%. This model is based on an ensemble of decision
trees, trained using the complete set of concrete mix data.
Interestingly, it relies solely on the total rainfall from the day
preceding the pouring as the environmental input.

C. Regression Models for Predicting Compressive Strength

Table displays the performance of various machine
learning models used to forecast the compressive strength of
concrete. The models listed in the table include Ensemble
Trees, Decision Trees, Gaussian Process Regression, Support
Vector Machines, and Neural Networks. These models were
selected as the most effective for the regression task of estimat-
ing concrete compressive strength. The table emphasizes the
strong performance of these models, especially when assessed
using metrics such as RMSE, MAE, and R2. Importantly, the
top-performing models achieved an RMSE lower than 4 MPa
and an MAE under 2.78 MPa, demonstrating their precision
in predicting compressive strength.

The ensemble of decision trees emerged as the most suc-
cessful model for predicting compressive strength in this study.
This model was developed using a comprehensive set of mix
design data, along with an additional layer of information
provided by the consistency class predicted by the classifi-



TABLE II: Comparison of the best Machine Learning-based Classification models

Model Type Environmental Conditions Size [kB] Speed [obs/sec] Accuracy (Validation)
Ensemble Tree Rain 1d 647 6400 94.5%
Ensemble Tree Rain 1d, 3d, 5d 852 7100 94.3%
Ensemble Tree Temp 1d, 3d, 5d 977 3600 94.1%

Naive Bayes Rain 1d 440 1900 85.3%

Neural Network Rain 1d 12 47000 79.7%
SVM Rain 1d 112 15000 79.5%
Neural Network Rain 1d, 3d, 5d 13 64000 79.5%

TABLE III: Comparison of Top Machine Learning Regression Models

Model Name Environmental Conditions Size [kB] RMSE MAE
Ensemble Tree 3.15 Rain 1d, Temp 1d 567 3.623 2.78
Ensemble Tree 2.15 Rain 1d, 3d, 5d, Temp 1d, 3d, 5d 1013 3.681 2.84

Decision Tree 9 Rain 1d, Temp 1d 212 3.747 2.86
Gaussian Process 7 Rain 1d, Temp 1d 200 3.833 2.84
SVM 2.12 Rain 1d, Temp 1d, 3d, 5d 195 3.959 2.98
Neural Network 3.24 Rain 1d, Temp 1d 14 4.164 3.00

cation models discussed earlier. As shown in Figure Eka), the
response plot for this top-performing Ensemble Tree model
highlights its effectiveness in estimating concrete compressive
strength. Although the model demonstrates impressive accu-
racy, there remains potential for further refinement and opti-
mization. In Figure [f[b), the predicted compressive strength
values are compared to the actual measured values, which
reveals that the model generally provides accurate predictions.
Most of the data points are situated near the diagonal, indicat-
ing a close match between the predicted and observed values.
However, a few discrepancies can still be observed, suggesting
that some improvements in model performance could be made
with additional fine-tuning or more diverse training data.

It is important to note that not all discrepancies have the
same implications. If the predicted compressive strength is
higher than the actual value, the prediction is less accurate but
still leans in favor of safety, as it would not undermine struc-
tural integrity. On the other hand, when the predicted strength
is lower than the actual value, it introduces a potential safety
concern, as the structure may be underestimated in terms of its
durability. In such cases, improvements in prediction accuracy
are crucial, or alternatively, a safety factor may be applied to
the results to account for this discrepancy. The magnitude of
such a safety factor requires a detailed and parametric analysis
of the results, which the authors plan to conduct in future
developments of this work.

IV. CONCLUSIONS

This study explored the application of machine learning
algorithms to predict the mechanical properties of concrete,
with a specific focus on the consistency class and compressive
strength at 28 days. By integrating a dataset that includes
real-world mix designs and environmental data from concrete
batching plants, we were able to develop models that exhibit
strong accuracy and reliability in predicting these key proper-
ties.

The results demonstrate that machine learning techniques,
particularly ensemble methods, show great potential in pre-
dicting both the consistency class and compressive strength

of concrete. The models developed in this study were able to
accurately forecast these properties using mix design data as
input. For predicting the consistency class, the best-performing
neural network architectures achieved around 80% accuracy. In
contrast, the compressive strength predictions, while promis-
ing, still require further refinement to improve performance,
even though they already compare favorably to traditional
human-based methods.

One important aspect to highlight is the presence of un-
certainty in the data. The experimental nature of the dataset,
with around 1100 samples, introduces variability, especially
due to external factors like weather conditions, which can
affect the water content in the mix. However, despite these
challenges, the models demonstrated notable accuracy, and
further exploration of the underlying uncertainties in the data
will be essential for future improvements.

Concrete, being the most widely used construction material
globally, plays a crucial role in the building industry due to
its versatility, durability, and cost-effectiveness. However, its
production contributes significantly to global CO, emissions,
approximately 7-8%. Therefore, reducing the environmental
impact of concrete is critical. By enhancing the accuracy
of predictions linking the initial mix design to the final
mechanical properties of the concrete, this study contributes
to optimizing the design process and minimizing unnecessary
material use.

This work represents a pioneering approach to applying
machine learning to concrete production. The models devel-
oped in this study offer a promising foundation for future
research, potentially leading to optimized concrete mix designs
that not only improve construction efficiency but also reduce
CO,+ emissions globally. As more data becomes available,
more sophisticated machine learning models, such as 1D
convolutional neural networks (CNNs), will be explored to
further enhance prediction accuracy.

In conclusion, this study demonstrates the significant po-
tential of machine learning in revolutionizing the concrete
industry by improving the predictability of its properties,
which is a crucial step toward more sustainable construction
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