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Abstract
Activated pozzolans/ geopolymer concrete is no doubt one of the major attempts to make the world liveable and ensure
sustainable construction through the reduction of carbon footprint. A correct prediction of the compressive strength is important
for the acceptability and use of such concrete within a complex system. In this study, four machine learning models consisting of
support vector regression (SVR), artificial neural network (ANN), extreme gradient boosting (XGBoost), and random forest (RF),
were employed to predict the compressive strength of hybrid laterized ordinary Portland cement-activated rice husk ash (OPC-
ARha) concrete using eight input variables. Data from 192 concrete specimens were used for training and testing in the ratio of
153:39. The R2 values for SVR, ANN, XGBoost, and RF were 0.7172, 0.9496, 0.9200, and 0.9239 respectively, making ANN the
model with the highest absolute fraction of variance (R2). Also from the result of the root mean squared error (RMSE), ANN
proved better than the other models. However, the least mean absolute error (MAE) was obtained using RF. Feature importance
of the eight variables used in the strength prediction showed that curing age is the most important factor followed by Portland
cement content and water/binder ratio.
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1. INTRODUCTION

The discourse of sustainability in concrete
construction is undeniably and imperatively
connected to low-energy alternative binders such
as Activated pozzolans/ geopolymers of which
Activated Rice Husk Ash is one (Sagar and
Sivakumar, 2020). Compressive strength
prediction is valuable for cost reduction in
construction. However, accuracy in predicting
the strength of concrete is a fundamental issue
when developing a prediction model. Prediction
models based on machine learning are
progressively becoming popular owing to their
growing accuracy and computational capacity
(Awoyera, 2020). Machine learning tools can

carry out classification and regression and
handle the intricate non-linear relationships that
characterize concrete variables. According to
Ghosh and Ransinchung (2022), such interaction
between the dependent and independent
variables in concrete is best handled by a non-
linear model, corroborated by a high degree of
accuracy. Pan et al(2022) demonstrated that
support vector machines could be effectively
employed in the strength prediction of concrete
that utilizes recycled aggregate. de-Prado-Gil et
al(2022) used various machine learning (ML)
approaches to assess the split tensile strength of
self-compacting concrete and found that ML
performed very well in the strength assessment
of concrete. According to Golafshani and
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Kashani (2022), using a machine learning
approach to model the compressive strength of
concrete, we can have an insight into the effect
of each variable on the properties of such
concrete. The low mean absolute percentage
error (MAE) of random forest and xgboost
showed that the machine learning approach
could be employed to accurately and reliably
predict the compressive strength of concrete
thereby reducing experimental cost (Xuet al,
2021; Mai et al, 2021). Experimental results
from the use of ensemble ML techniques showed
that XGBoost can be accurately used to predict
the strength of high-performance concrete
(Elhishi et al, 2023).

B. THEORETICAL ANALYSIS

Machine Learning Models

A. Support Vector Regression

Support vector regression (SVR) is a kind of
SVM that uses a supervised learning algorithm
for regression jobs. It is used to predict a
continuous output value for an input values
using a function. The prediction is based on the
mapping function. SVR may use both non-linear
and linear kernels. A linear kernel is simply
between two input vectors, while a non-linear
kernel is a more complex function that can
capture more intricate patterns in the data. The
characteristics of the data and the complexity of
the job will determine the kernel to use in SVR.
SVR has brilliant generalization competency
coupled with high accuracy (Singh, 2023).In an
ordinary SVR learning problem, a set of training
data (D) is given by Equation (1) to generate a
dependency between the input x and output y.

� = {�� ,�� }�=1
� (1)

From the set of training data D in Equation 1, the
objective function of the SVR can be formulated
as shown in Equation (2)

Min. �� (�, �) = 1
2
���� + � �=1

� ��
2�

(2)

Subject to;

�� = ���(�) + � + ��, � = 1, . . . , � (3)

where ei is the error variable; c indicates the
regularization constant.

In predicting the compressive strength of high-
performance concrete (HPC) with radial basis
function (RBF) and polynomial kernels, it was
concluded that the SVR approach is very
effective in the prediction of strength properties
of any type of concrete (Imran et al, 2022)

B. Artificial Neural Network (ANN)

ANN is an algorithm patterned along the
operation of the human brain network of neurons
(Burns, 2022) capable of machine learning,
classification, regression, and pattern recognition.
A lot of research has been on the application of
ANN for concrete properties prediction with
strength being the main focus. ANN was found
to be more accurate than regression in building
concrete prediction models (Prayogo et al, 2020).
Flexibility, speed, and ease of use have made
ANN to become one of the most preferable tools
in concrete strength prediction (Nagarajanet al,
2020). Multi-layer perceptron (MLP) and radial
basis function (RBF) are supervised ANN
networks for prediction with the former being
mostly used in concrete strength prediction.
According to Muliauwan et al, (2020), the back
propagation (BP) algorithm of MLP has been
adjudged quite effective (Hashempour et al,
2020) and therefore the most commonly used
learning and training algorithm of the ANN. The
activating process of each neuron is shown in
Equations (4) and (5)

���� = Σ����� (4)

�� = �(����) (5)

Where ���� is neurons activation to k, j is the
previous layer’s neurons set. ��� is the weight
of the connection betwixt neurons k and neurons
j, oj is neurons joutput, and ykis the
representative of logical transfer function and
sigmoid calculated output

ANN is robust in the prediction and
identification of the effects of various variables
on the deformation characteristics of recycled
concrete aggregate / recycled glass (RCA/RG)
blend (Ghorbani et al, 2021). Salimbahrami and
Shakeri (2021) also found out that ANN is a
better tool for GGBFS concrete strength
prediction when compared with multiple linear
regression (MLR) using k-fold cross-validation.
ANN and SVR are among the most widely
utilized methods of ML that have been employed
to predict the strength characteristics of concrete
(de-Prado-Gilet al, 2022, Thang et al, 2022).
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C. XGBoost

Extreme Gradient Boosting (XGBoost) ML is a
scale-able and efficient implementation of the
gradient boosting framework by Friedman
(2001). According to Li et al (2018), XGBoost is
a boosting algorithm branch whose main
purpose is to combine several weak classifiers to
form a strong one, a lifting tree model that
integrates many tree models into a strong
classifier. XGBoost can be used for both
classification and regression. Its use in concrete
strength prediction has shown it as a robust and
efficient ML tool.Predicted parameters and
results can be expressed as Equations(6):

� � = � �(��� ���) + � �� (��) (6)

Where � � denotes the expression in linear
space, i means the number of ith samples, k
means the number of kth tree, and ��� means the
prediction value of ith sample in �� and Ω is the
regularization parameter.

D. Random Forest

Random forest (RF) is an ML procedure grown
by a process called bagging, short for bootstrap
aggregation. In RF, the bootstrap sample is used
to grow trees independently out of the whole
data set. According to Shaqadan (2016), the
number of trees to be grown and the attributes
chosen at each split are the main parameters to
tune in implementing RF trees. A good feature
of RF is its ability to handle large numbers of
variables with comparatively small data sets and
its use in providing feature importance, an
appraisal of the effect of the individual variable
on the overall model (Denil et al, 2014)]. For
regression purposes, data are divided into
homogeneous groups known as nodes, this
partition is founded on data of splitting variables.
The prediction of the outcome can then be done
by tracing the path from the root node based on
the split.

III. MATERIALS AND METHODS

A. Materials

The main binder used in the OPC-ARha concrete
is Portland limestone cement conforming to
BS/EN 197 –1:2000, of grade 32.5R. The
precursor (Rha) used for the research was
obtained from the calcination of rice husk using
the electric furnace at a temperature of 650 °C.
The sum of SiO2, Fe2O3, and Al2O3 oxides in the
precursor is 73.96% which confirms its
suitableness as a natural pozzolan as per ASTM
C618-19. The alkaline activator is a combination
of sodium silicate (Na2SiO3) and sodium
hydroxide solution (NaOH) with a combined
specific gravity of 1.53 obtained from African
Fertilizer and Chemicals, Agbara in Ogun state,
Nigeria. The coarse aggregate was crushed
granite of sizes 4.75 – 19 mm. The main fine
aggregate used was natural sharp river sand
graded to a minimum particle size of 0.150 mm
and passing 4.75 mm sieve conforming to BS
882:1992. The second fine aggregate was laterite
which was sieved using a 5.0 mm sieve. The
fineness modulus of the laterite is 3.98, enabling
its classification as coarse-fine according to
ASTM C136/C136M-19.

B. Mix Design

A mix ratio of 1:2:4 (binder:fine
aggregate:coarse aggregate) was used for the
control and the laterized OPC-ARha hybrid
concrete specimens. As shown in Table 1, the
control mix was without laterite and activated
RHA, while the other mixtures contained
activated RHA and laterite in various
proportions. The batching and mixing of
materials was by weight in kilogram (kg).
Portland limestone cement was replaced with
activated RHA at 10%, 20% and 30% while
laterite was also used to replace sharp river sand
at 10%, 20% and 30%.
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Table 1 Mix proportions of OPC- ARHA concrete (kg/m3)

Group* Designation* OPC RHA Coarse Agg Sand Laterite Activator Total Water

C Control 326.0 0 1304 652.0 0 0 238
C1 326.0 0 1304 586.8 65.2 0 238
C2 326.0 0 1304 521.6 130.4 0 238
C3 326.0 0 1304 456.4 195.6 0 238

R1 R1A 293.4 32.6 1304 652.0 0 14.67 239.4
R1B 293.4 32.6 1304 586.8 65.2 14.67 239.4
R1C 293.4 32.6 1304 521.6 130.4 14.67 239.4
R1D 293.4 32.6 1304 456.4 195.6 14.67 239.4

R2 R2A 260.8 65.2 1304 652.0 0 29.34 248.7
R2B 260.8 65.2 1304 586.8 65.2 29.34 248.7
R2C 260.8 65.2 1304 521.6 130.4 29.34 248.7
R2D 260.8 65.2 1304 456.4 195.6 29.34 248.7

R3 R3A 228.2 97.8 1304 652.0 0 44.01 251.1
R3B 228.2 97.8 1304 586.8 65.2 44.01 251.1
R3C 228.2 97.8 1304 521.6 130.4 44.01 251.1
R3D 228.2 97.8 1304 456.4 195.6 44.01 251.1

* C = concrete with 100% OPC, R1 = concrete with 10% RHA, R2 = concrete with 20% RHA, R3 =
concrete with 30%, RHA, A = 0% laterite, B = 10% laterite, C = 20% laterite, D = 30% laterite,

C. Specimen Description

The specimens for the determination of the
compressive strength were concrete cubes of
size 150mm x 150mm x 150 mm. The concrete
samples were cured for 7, 28, 56, and 91 days.
Compressive strength was taken as the average
of three specimens and in conformity to BS EN
196- 1:2005.

D. Data Description

Eight input variables were used, which
comprised ordinary Portland cement (OPC), rice
husk Ash (Rha), sand, laterite, slump value,
water/ cement ratio, Alkaline activator/water
ratio, and age of concrete. The output variable
was the compressive strength (CS). Table 2
describes the details of the input variables. Data

from a total of 192 concrete specimens were
used for training and testing in the ratio of 80:20.
Pearson correlation coefficient (R) is widely
used to measure the statistical relationship
between two variables (Xu et al, 2021 while
Pearson correlation plot was used to check the
relationship among the variables. The result in
Figure 1 shows the correlation between the
variables. The perfect negative correlation
between OPC and Rha, sand and laterite, and the
near-perfect relationship between water/cement
ratio and alkali activator/water ratio are expected
because Rha was used to replace OPC, likewise,
laterite was used to replace sand in the concrete
mix. Also, the water/cement ratio and alkali
activator/water are directly related by water used
in the concrete.

Table 2 The Details of The Input Data Used For Analysis

Input Variables Minimum Maximum Range

Ordinary Portland Cement (OPC) (kg/m3)C 228.2 326 97.8

Rice Husk Ash (RHA) (kg/m3) 0 97.8 97.8

Fine Aggregate (Sand) (kg/m3) 456.4 652 195.6

Fine Aggregate (Laterite) (kg/m3) 0 195.6 195.6
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Slump Value (mm) 10 80 70

Water / Cement ratio 0.67 1.52 0.85

Alkaline Activator / Water ratio 0.0 0.139 0.139

Age (days) 7days 91days 84 days

Fig.1. Correlation Coefficients for the Independent and Dependent Variables

E. Parameter Settings for Models

All the ML models were initially given initial parameter values. However, it was observed that hyper-
parameter tuning using 'GridSearchCV' which is available in Python 'sklearn' yielded the best tuning/
setting for each of the ML. 'GridSearchCV' works by providing the best setting based on parameters
that will produce the highest R2. Therefore parameters supplied by 'GridSearchCV' were used for the
ML models.

IV. RESULTS AND DISCUSSION

A. Variable Importance

Sensitivity analysis helps to understand the
influence of each input variable on the output
variables. The higher the sensitivity values, the
more significant the impact of the input variables
is on the output variable. According to Shang et
al(2022), the input variables have a notable
effect on the prediction of the output variables.

To evaluate the importance and impact of each
input variable on the prediction variable, SHAP
(SHapley Additive exPlanations) was used to
check the feature importance (measured as the
mean absolute Shapley values) and feature value
(impact on model output). The age of the
concrete, cement content, and water/cement ratio
were found to be the most important factors
determining the compressive strength of hybrid
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OPC-Activated Rha concrete. The variable that
had the least effect on the prediction outcome
was the laterite content. This is shown in Figures
2a-2b. Increase in age and OPC content resulted

in higher strength, while an increased in
water/cement ratio caused a reduction in strength.

Fig. 2a. SHAP feature importance measured as the mean absolute Shapley value

Fig. 2b. SHAP bee swarm feature values

B. Model Evaluation

Model evaluation is very important in data
analysis. Three main metrics (Equations 7 to 9)
were used for evaluation in these models. They
include:

i. R Square/Adjusted R Square,

� = ����'−(��)(�')

�(��2)−(��)2 �(��'2)−(��')2
(7)

ii. Mean Square Error (MSE)/Root Mean Square
Error (RMSE)

���� = 1
� �=1

� (� − �')2�

(8)

iii. Mean Absolute Error (MAE)

��� = 1
� �=1

� � − �'� (9)

Where y is the measurement, y’ is the
corresponding prediction and n is number of data
points.

In R2 the closer the value is to 1, the better the
model fits. Mean absolute error (MAE) and Root
mean squared error (RMSE) are used to describe
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the differences between predictive values and
the actual values. For a good fit, their value
should be close to zero. Compared with MAE,
RMSE gives outliers more weight by squaring to
amplify deviation. Therefore, RMSE is more
sensitive to outliers and reflects the variation of
error; MAE is more robust to outliers, and better
reflects the real situation of predicted value
errors. The metrics were used to compare the
performance of the various ML approaches.To
better represent the magnitude of the prediction
error change, λ is introduced to represent the
difference between RMSE and MAE. The
smaller the λ, the more stable the prediction
result ( Li et al., 2018).From the values obtained

on the four ML models used for the prediction, it
can be deduced that SVR, XGBoost, ANN, and
RF can be effectively used to predict the
compressive strength of hybrid OPC-ARha
concrete as seen in Table 3.

R-Square

As observed from Figure 3a among the four ML
models, SVR has the least performance with an
R-square of 0.7172, while the other three ML
models have an R-square of over 0.90. ANN
with an R-square of 0.9496 has the best
performance.

Fig. 3a: Bar plot of the R-Square values

RMSE and MAE

RF and ANN have the lowest mean absolute
error (MAE) and root mean squared error
(RMSE) of 0.9565 and 1.2261 respectively as
shown in Figure 3b.As expected, SVR has the

highest RMSE and MAE values. λ being the
difference between RMSE and MAE was
introduced to better represent the magnitude of
the prediction error and as an index of model
stability. From Figure 3c, ANN with the least λ
value of 0.2393 is considered more stable and
the best performing of the four MLs considered.

Fig.3b Bar plot of the RMSE and MAE
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Fig.3c: Bar plot of λ

XGBoost was slightly outperformed by RF
while SVR with the highest λ value of 0.5429
was the worst performing of the four MLs
considered.

A plot of true values against the predicted values
using the test data as shown on Figures 4a-d
showed that ANN, XGBoost and RF being more
linear in plot performed better than SVR.

(a) (b)

(c) (d)

Figs 4 a-d Plot of true values against model predicted values using testing data
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V. CONCLUSION

In this work, four ML models were used to
predict the compressive strength of OPC-ARha
concrete. The influence and importance of the
input variables indicated that age (curing days)
has the highest positive impact on the
compressive strength of the concrete. The higher
the age, the stronger the concrete. This was
closely followed by ordinary Portland cement
content indicating that when water curing is
being employed, Portland cement dictates the
compressive strength of hybrid OPC-ARha even
though activated Rha is expected to gain from
the hydration heat of OPC. Laterite content was
found to have the least influence on the matrix's
compressive strength. Comparing the four MLs,
ANN with an R-square of 0.9496 was found to
perform better than RF(0.9239), XGBoost
(0.9200), and SVR(0.7172). Although RF has an
MAE of 0.9565 which was the least for the four
ML employed, overall ANN was adjudged the
best of the models.

In conclusion, it has been demonstrated that
SVR, ANN, XGBoost, and RF can be
successfully used to predict the compressive
strength of laterized OPC-ARha concrete and
that ANN offers the best prediction of the
models considered.
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