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Abstract: This study explores the application of various machine learning algorithms in predicting the compressive strength
of concrete. The models used for analysis include Decision Tree, Random Forest, Bagging, Gradient Boosting, and Neural
Networks. A comparative evaluation is conducted based on key performance metrics such as R2, Mean Squared Error (MSE),
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE). The results
demonstrate that Gradient Boosting outperforms other models, achieving an Rz of 0.898 and the lowest MSE. The study further
discusses the feature importance of concrete mix constituents and proposes potential improvements for predictive modeling for

compressive strength of concrete.

Keywords: Gradient Boosting, Compressive Strength, Concrete Strength Prediction, Machine Learning in Concrete,

Predictive Modeling

1. Introduction

The performance of concrete’s durability and structural
integrity depend largely on its compressive strength. The
conventional laboratory procedures for testing deliver
accurate results but they create delays and enhance
construction costs which slow down the development.
Artificial intelligence (Al) and machine learning (ML)
technologies have appeared on the scene as an interesting
improvement opportunity [1]. The analysis of expansive
concrete mix databases combined with their associated
strengths allows ML models to perform efficient strength
predictions. Real-time decision optimized mix design
solutions together with improved quality control, decreased
costs and sustainability benefits characterize the construction
industry's operations through this technology..

The importance of predicting concrete's compressive strength
is vital for structural safety, preventing failures and
optimizing material use to minimize waste and construction
costs. The accurate prediction also accelerates project
planning and promotes sustainability by reducing cement
consumption and carbon emissions.

Accurately predicting compressive strength is challenging
due to material variability and the critical influence of the
water-cement ratio. Variations in the quality and composition
of concrete mix components introduce uncertainty, while
even slight changes in the water-cement ratio can
significantly impact strength development [2]. Curing
conditions significantly influence concrete's final strength.
Temperature, humidity, and curing duration affect hydration,
impacting strength development. Traditional models often fail

to accurately capture the complex, nonlinear interactions
between mix components and environmental factors.
Concrete strength development is time-dependent, increasing
over time. Machine learning models can address the
challenge of predicting long-term strength from early-age
results by analysing large datasets and identifying strength
development patterns.

Machine learning helps predict compressive strength in a
more effective way than traditional methods. It learns from
past data to understand complex relationships. This means it
can accurately predict the strength of new mix designs.
Common techniques include decision trees (offer
interpretable results), random forests (enhances accuracy),
bagging (improves stability), gradient boosting (achieves high
accuracy), and neural networks (handle complex
predictions).These models enable real-time prediction,
outperform traditional methods, generalize across diverse mix
designs, and provide significant value to the construction
industry.

This research uses machine learning to predict concrete
compressive strength, a key structural engineering parameter.
It applies and compares Decision Trees, Random Forest,
Bagging, Gradient Boosting, and Neural Networks. A
comprehensive dataset of concrete mixes and their strengths
is collected and preprocessed, addressing missing data,
outliers, and feature scaling. Model performance is evaluated
using R?, MSE, MAE, RMSE, RMSLE, and MAPE. Feature
importance analysis identifies key concrete mix components
influencing strength. Findings are discussed for concrete
quality control and construction.
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2. Related Work

Table 1 gives the previous researches based on prediction of
concrete using various machine learning techniques. The
table describes the prediction method used for various types
of concrete and also describes the best technique found from
their research to predict the compressive strength of concrete.

Table 1. Previous related researches for predicting the compressive strength
of concrete

Type of Machine Learning Best
Author Name Concrete Techniques Used Technique
Quaternary Gradient Boosting,
M”asltaFlh]a et Blend LightGBM, XGBoost,  CatBoost
' Concrete CatBoost
Gradient Boosting
Machine (GBM), .
Ahmed et al Recycled LightGBM, XGqust, Cét;gd?::f I
2] ' Aggregate Categorical Gradient Boost
Concrete Boost (CGB), and (CGB)
HistGradientBoosting
(HGB)
Gradient Boosting (GB),
Gradient Boosting-
Self- o _Pa_rticl_e S\/\ée;irrrg1 ) é;radi_ent
. ptimization, Gradient oosting-
Kumar etal. compacting Boosting-Bayesian Differential
[3] concrete oL .
(SCC) Optl_mlzatlon, z_ind Evolution
Gradient Boosting- (GB-DE)
Differential Evolution
(GB-DE)
Light Gradient Boosting
Machine, CatBoost Gradient
Rathakrishnan High- Regre_ssor, Gradient Boosting
etal. [4] Performance Boosting Regressor Regressor
' Concrete (GBR), Adaboost (GBR)
Regressor, and Extreme
Gradient Boosting
Random Forest (RF), K-
Nearest Neighbor (KNN),
Extremely Randomized
Trees (ERT), Extreme
Gradient Boosting (XGB),

Recycled Gradient Boosting (GB), Gradient
de-Prado-Gil Aggregate Light Gradient Boosting Boosting
etal. [5] Concrete Machine (LGBM), (GB)

(RAC) Category Boosting (CB),
and the generalized
additive models: Inverse
Gaussian (GAM1) and
Poisson (GAM2)
High-
Kaloop et al. performance MARS-GBM, -MARS- MARS-
[6] concrete KRR, and MARS-GPR GBM
(HPC)
Support Vector Support
Various Regression (SVR),
Malhotra et concrete XGBoost, Gradient Vector
al. [7] - - - Regressor
mixes Boosting Regression (SVR)
(GBR)
Multiple Linear
Regressor, Support Vector
Fly Ash Regressor, AdaBoost
Paud[eg]et al. Cement Regressor, Random Forest étglrgezng'
Concrete Regression, XGBoost
Regressor, and Bagging
Regressor
Artificial Neural Network,
support vector machines,
Chou et al. [9] Ready Mix classification and gg;?net
' Concrete regression tree (CART) Boosting
and Extreme Gradient
Boosting
Nguyen-Sy et High-
al. [10] Performance SVM, ANN, XGBoost XGBoost
' Concrete
Hoang et al. Perg'r?:;nce DFP-XGBoost, an ANN DFP-
[11] C and SVR XGBoost
oncrete
. High/ultra- Ridge Regression (RR), GS-
Liuetal. [12] high Least Absolute Shrinkage XGBoost

performance and Selection Operator
concrete, (Lasso), Elastic Net
self- Regression (EnR),
compacting Support Vector
concrete and Regression (SVR) and K-
self-healing Nearest Neighbor (KNN),
concrete Gradient Boosting
Decision Tree (GBDT),
eXtreme Gradient
Boosting (XGBoost) and
Random Forest (RF)
Feng et al High- AdaBoost, Artificial
[13] ' Performance Neural Network, Support AdaBoost
Concrete Vector Machine
3. Theory

The theory underlying the prediction of concrete compressive
strength relies primarily on empirical relationships and
statistical modelling techniques. The compressive strength of
concrete is influenced by several critical factors, such as the
water-cement ratio, cement content, aggregate properties,
admixtures and curing conditions.

To assess the accuracy and reliability of prediction models,
the following statistical metrics are applied:

Mean Squared Error (MSE):

MSE = (1/n) x X(y; - $i)? €

It calculates the average squared differences between actual
and predicted strength values. Lower values indicate better
accuracy.

Mean Absolute Error (MAE):
MAE = (1/n) x Zly; - ¥ (2)

It computes the mean of absolute differences between actual
and predicted values, offering a direct measure of prediction
errors.

Root Mean Squared Error (RMSE):

RMSE = [(1/n) x X(yi - §1)?] (3)
It represents the standard deviation of prediction errors,
providing insight into the dispersion of errors.

Root Mean Squared Logarithmic Error (RMSLE):

RMSLE = \[(1/n) x Z(log(y; + 1) - log($: + 1))7] (4)
It gives more weight to underpredictions than
overpredictions, making it a balanced metric for error
assessment.

Coefficient of Determination (R?):

RE=1-[Z(vi- 5/ Z(yi- 9] ()
It measures how well the model explains the variance in
compressive strength values.

Mean Absolute Percentage Error (MAPE):
MAPE = (100/n) x Z| (yi - §i) / Vi | (6)

It expresses prediction errors as a percentage, helping to
assess relative model performance.

These statistical calculations provide the theoretical
framework and metrics necessary for evaluating the
performance of machine learning models in predicting
concrete compressive strength.

3.1 Machine Learning Models
In the present research five machine learning models are
evaluated for predicting concrete compressive strength, and
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their performance were compared due to their unique
advantages.

1 Decision Tree Regression
Decision Tree Regression minimizes variance through
recursive data partitioning. Predictions are the average target
value within each leaf node:
y=(1/m) Xy, )

where n represents the node's sample size.

2 Random Forest

Random Forest is a powerful machine learning method. It
improves decision trees by combining several trees which are
trained on random parts of the data. Instead of relying on one
decision tree, Random Forest builds a group of trees. Each
tree makes its own prediction, and the final result is found by
averaging all these predictions. This approach reduces
overfitting and improves accuracy. The prediction formula is:
§=(1/M) = (m=1 to M) Tn(x) (8)

where M is the number of trees, and Twm(x) represents the
prediction from the mt tree. By aggregating multiple
predictions, Random Forest offers better generalization to
new data compared to a single tree.

3 Bagging Regressor

Bagging is a short form for Bootstrap Aggregating, is another
ensemble technique. It improves prediction stability by
training multiple models on different bootstrapped subsets of
the dataset. The idea behind bagging is that by averaging
multiple weak learners, the variance in predictions is reduced,
leading to a more reliable and accurate model. The prediction
is calculated as:

¥=(1/B) Z (b=1 to B) fy(x) (9)

where f3(x) is the output of the bt base model. Bagging is
particularly effective in reducing variance and making models
more robust to noise in data, making it a valuable method for
predicting concrete strength.

4 Gradient Boosting

Gradient Boosting is a strong method used in machine
learning. It creates models one after the other. Each new
model tries to fix the errors made by the previous ones.
Unlike bagging, which trains models separately, Gradient
Boosting improves each new tree based on the mistakes of the
earlier trees. This helps to gradually make predictions more
accurate. The process follows a specific update rule:

Fiu(x) = Fin-1(x) + 7 hin(X) (10)

where v is the learning rate that controls the contribution of
each weak learner, and hn(x) represents the new model
trained to reduce the residual errors. Gradient Boosting is
widely used for its ability to handle complex patterns and
improve predictive performance over multiple iterations.

5 Neural Network

Neural Networks are deep learning models inspired by the
functioning of the human brain. They consist of
interconnected layers of artificial neurons, where each neuron
applies a mathematical transformation to the input and passes
the output to the next layer. The prediction formula for a
single neuron is;

y=0o(Wx +Db) (11)

where W represents the weight matrix, x is the input feature
vector, b is the bias term, and o is the activation function,
which introduces non-linearity into the model. Neural
Networks are particularly effective for capturing complex

relationships in data and have demonstrated superior
performance in various regression and classification tasks,
including predicting compressive strength in concrete mixes.

3.2 Model Training

To ensure a fair evaluation of each model’s predictive
capability, the dataset was divided into two sets: 80% for
training and 20% for testing. This split ensures that models
are trained on a substantial portion of the data while
preserving an independent set for performance validation.

4. Experimental Method

Compressive strength prediction concrete requires a
systematic approach that begins with collecting relevant data,
preprocessing it for consistency, selecting appropriate
machine learning models, and evaluating their performance
using well-defined metrics. This section provides a detailed
overview of the methodology used in this study, ensuring
transparency and reproducibility of the research findings.

4.1 Methodology adopted

The methodology delineates a comprehensive strategy for
utilizing machine learning to predict concrete compressive
strength, ensuring that the proposed models are not only
precise but also pragmatic for real-world implementation as
shown in Figure 1. By incorporating machine learning into
construction and material testing workflows, these models
have the capability to enhance quality control, diminish the
need for time-consuming laboratory tests, and promote more

streamlined, cost-effective, and sustainable construction
practices.

. Statistical Analysis

Data Collection -Pearson Correlation

(630 Samples) -Heatmap Analysis

Model Comparison
Best: Gradient Boosting
Lowest: Decision Tree

Practical

Evaluation Metrics
R2, MSE, MAE

RMSE, RMSLE, MAPE

Feature Importance
of Input Variables

Application of ML
models

-Decision Tree
-Random Forest
-Bagging
-Gradient Boosting
-Neural Network

Recommendations
-Gradient Boosting Model
-Optimize Mix with critical
features

Figure 1 Methodology flowchart
4.1 Data Collection and Processing

This study utilizes a dataset of 630 concrete mix designs,
each defined by the proportions of cement, blast furnace slag
(BFS)), fly ash, water, superplasticizer, coarse aggregate, fine
aggregate, and curing age, and their corresponding
compressive strength. The dataset represents diverse, real-
world mix designs. Table 2 describes the detailed statistics of
various variables used in the dataset.

Table 2: Detailed statistics of variables in the dataset

Sup (r:;): Fine Cr:g' Stre
Cem BFS Fly  Wat erpl Agg Agg age ngth
ent ash er astic rega (MP
izer 692 e (day a)
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UN 630 630 630 630 630 630 630 630 630
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4.1.1 Relative Frequency Distribution of Input Variables
The relative frequency distribution helps understand the
frequency and distribution of input variables as shown in
Figure 2. It reveals how frequently certain values appear
within the dataset, aiding in identifying prevalent ranges for
each feature.
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Figure 2: Relative Frequency Distribution of input parameters

4.1.2 Correlation coefficient (Pearson’s
Coefficient coefficient)

Correlation analysis with Pearson's coefficient helps us
understand the linear relationships between variables as
shown in Figure 3. A high correlation coefficient shows a
strong relationship, which makes it easier to choose important
predictors. Pearson correlation heatmap visually confirmed
cement content and age as highly correlated with concrete
strength, reinforcing findings from the feature importance

analysis.

analysis

i*“igure 3: Pearson’s Correlation Heatmap
5. Results and Discussions

Each machine learning model's performance was assessed
using several key evaluation metrics, such as the coefficient
of determination (R2), Mean Squared Error (MSE), Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE),
Root Mean Squared Log Error (RMSLE), and Mean Absolute
Percentage Error (MAPE).

5.1 Comparative analysis between models

The each ML model was evaluated based on performance
metrics like R2 (coefficient of determination), MSE (mean
squared error), MAE (mean absolute error), RMSE (root

mean squared error), RMSLE (root mean squared log error),

and MAPE (mean absolute percentage error) as shown in

Table 3 and in Figure 4.

® Gradient Boosting stood out clearly, achieving the
highest R2 value of 0.898, indicating excellent accuracy
in predicting concrete strength. It also had the lowest
errors across all categories (MSE: 30.838, MAE: 4.025,
RMSE: 5.553, RMSLE: 0.176, MAPE: 13.872), making
it the top-performing model in this study.

® Random Forest came in second, performing significantly
well with an R2 of 0.884 and low error metrics (MSE:
34.978, RMSE: 5.914), which suggests it's also a robust
model for practical applications.

® Bagging and Neural Networks showed good but slightly
lower performance (R? of 0.873 and 0.84 respectively).
Neural Networks, despite their complex nature, didn't
surpass Random forest or Gradient boosting in this
scenario.

® Decision Tree had the lowest performance among all
models tested, with an R? of 0.822, suggesting it's less
suitable compared to the others for accurate predictions
in this context.

Table 3: Statistical Properties of ML results

Model R2 MSE MAE RMSE RMSLE MAPE
Decision Tree  0.822 53.795 5009 7.334  0.244  17.996
R::ii? 0884 34978 4377 5914 0192 15237
Bagging 0.873 38512 4542 6206 0201 15845
Gradient 0.898 30.838 4.025 5553 0176  13.872
Boosting
Neural
ok 0.84 48389 5186 6956 0204  16.479

Povturmant e Comparinan af AMSE Acruss Madets

i
o
I I |
.~ - A
> o R o
- »” -

b

/.

JETIR2412789 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | h762


http://www.jetir.org/

© 2024 JETIR December 2024, Volume 11, Issue 12

www.jetir.org (ISSN-2349-5162)

sense practically, as concrete typically gains strength
over time.

® Cement also had a high impact (0.271), implies that
more cement generally indicates stronger compressive
strength of concrete.

® Other components like water (0.114) and
superplasticizer (0.099) also showed meaningful
influence, highlighting their roles in determining

concrete's compressive strength.

® BFS (0.079), fine aggregate (0.043), fly ash (0.018), and
coarse aggregate (0.017) are less influential individually
but are still relevant factors in optimizing concrete
mixes and also its compressive strength.

Table 4: Feature importance of input parameters

Feature Importance
Curing age (days) 0.36
Cement 0.271
Water 0.114
Superplasticizer 0.099
Blast furnace slag 0.079
Fine aggregate 0.042
Flyash 0.018
Coarse aggregate 0.017
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Figure 4: Statistical performance comparison of models

5.2 Feature importance analysis

The feature importance analysis provided insights into which

concrete composition factors significantly impact the

compressive strength as given in Table 4 and Figure 5:

® Curing age (days) emerged as the most influential
feature with an importance score of 0.36. This makes

D e e T e s el

Figure 5: Feature importance score of input parameters

6. Conclusions and Future Scopes

Machine learning techniques have proven to be very effective
at predicting the compressive strength of concrete. By
analysing crucial factors such as the water-cement ratio,
cement content, aggregate properties, and curing age, these
models deliver highly accurate and reliable results in real-
time offering a practical and efficient alternative to traditional
laboratory testing. To measure and enhance the performance
of these models, various evaluation metrics such as Root
Mean Squared Logarithmic Error (RMSLE), Mean Squared
Error (MSE), Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), coefficient of determination (R?) and
Mean Absolute Percentage Error (MAPE) are utilized.
Gradient Boosting turns out to be the most effective among
all the machine learning algorithms adopted in the present
analysed. Based on the feature importance analysis of
concrete composition the curing age of concrete and cement
content are the major factors in optimizing concrete mixes
and also its compressive strength. The predicted compressive
strength of concrete helps in developing optimized concrete
mix designs and also promotes sustainability as it reduces
resource consumption.

Looking ahead, more research can improve the accuracy and
usability of predictions. Expanding existing datasets to
include a wider variety of concrete mixes and different
environmental conditions can help these models work better.
Hybrid models or deep learning can also be helpful in
determining the parameters and how much feature importance
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of each parameter carry which affect the compressive strength
of concrete.
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