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The California bearing ratio (CBR) value is a fundamental property used to characterise the strength of the subgrade in 

road pavement design. CBR calculation in the laboratory is complex, time-consuming, costly, and requires careful execu

tion. A machine learning approach is used to predict CBR of soil treated with hydrated-lime activated rice husk ash 

(HARHA). The prediction uses an algorithmic approach on A-7-6 expansive soil treated with HARHA, added from 0.1% 

to 12% in 0.1% increments. Using this approach, 121 distinct data sets were produced in the laboratory which are used 

to accomplish the stated goals. The data set includes six input parameters: HARHA, liquid-limit, plastic-limit, optimum 

moisture content, clayey activity, maximum dry density and one output: CBR value. Various models were used, includ

ing artificial neural networks (ANN), support vector machine (SVM), Gaussian process regression (GPR), and random for

est (RF). The models’ performance was evaluated using statistical measures including coefficient of determination, 

mean absolute error, root mean square error, relative absolute error, and root relative squared error. The evaluation 

indicates that the RF model had superior predictive performance followed by ANN, SVM, and GPR model. Moreover, 

sensitivity analysis shows that maximum dry density is the most influential factor on CBR value.

Keywords: artificial intelligence/artificial neural network/CBR value/California bearing ratio/expansive soils/hydrated-lime activated 

rice husk ash/Gaussian process regression/machine learning/pavements and roads/support vector machine

Notation 
AdaBoost adaptive boosting

MAError mean absolute error

MSError mean square error

R2 coefficient of determination

R1 hydrated-lime activated rice husk ash

R2 liquid limit

R3 plastic limit

R4 optimum moisture content

R5 clay activity

R6 maximum dry density

R7 CBR value

RMSError root mean square error

XGBoost extreme gradient boosting

σp p-standard deviation

σq q-standard deviation

Introduction 

The California bearing ratio (CBR) value is a crucial measure 
used to estimate and anticipate the stiffness of rocks, especially 
those found in the subgrade. It serves as a significant and decisive 
design index. It was present during the repeated stress on the foun
dation layer (Trong et al., 2021). Accurately predicting geomateri
als’ CBR value is necessary to construct durable pavements 

(Rehman et al., 2017). CBR value may be defined numerically as 
the ratio of the penetration of a standard plunger in compacted soil 
to the penetration of the same plunger in standard crushed rocks. 
Typically, we keep it at a constant pace of 1.27 mm each minute 
with the same penetration level. The object’s depth is standardised 
to either 2.5 or 5 cm (Yildirim and Gunaydin, 2011).

The traditional approach to assessing soil strength and bearing 
capacity is undergoing a progressive transformation towards this 
testing (González Farias et al., 2018), standardised by ASTM as D- 
1883 or BS 1377 (Abdulnabi and Abdulrazzaq, 2020). Laboratory 
tests are undertaken on both thick and natural ground soil samples 
under wet and unsoaked circumstances. As per the AASHTO 2003 
guidelines, the plunger diameter used in CBR value testing is 50 
mm. The plunger is applied at a rate of 1.25 mm/min (Mousavi 
et al., 2014). The plunger’s design enables it to penetrate a compact 
soil sample with an ideal moisture content. The schematic view of 
the CBR apparatus is shown in Figure 1. This testing can be used 
for in situ CBR value calculations at various levels and locations, 
including natural ground surfaces (levelled), modified and prepared 
subgrade levels, and construction sites within the testing pit. The 
crushed rocks in this testing standard are used as a reference and 
made consistent for the remaining rock sample CBR value 
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calculations. Several characteristics and variables may influence the 
CBR value, including grain size, soil structure, Atterberg limits, and 
moisture content.

Furthermore, the specimen’s dry density might also impact the 
CBR values (Mishra et al., 2010). Multiple studies have shown 
the influence of soil types and characteristics on CBR values 
(Taskiran, 2010). Performing these tests in the laboratory is far 
more intricate and time-consuming. To get more precision, it is 
necessary to do several iterations of tests and operations (Kişi and 
Uncuoğlu, 2005).

The CBR value testing is commonly used empirical design tech
nique for flexible pavement design. In essence, a load testing is 
conducted to assess the durability and operational characteristics 
of the pavement (Talukdar, 2014). This testing is more often used 
in developing nations’ highway pavement design. The engineering 
qualities are quantified with respect to strength, stiffness, durabil
ity, moisture content, and sensitivity to dimensional changes over 

time (Onyelowe et al., 2020). Obtaining accurate CBR values for 
design purposes might be problematic because of inadequate soil 
research and cost constraints. However, conducting the CBR test
ing in the laboratory is laborious and challenging. Hence, the 
anticipated outcomes of the created model might be valuable and 
act as a standard for assessing the accuracy of the CBR data. 
Therefore, we aim to construct a prediction model that considers 
the impact of soil index features on CBR value.

Many civil engineering researchers have used soft computing sys
tems, such as artificial neural networks (ANN), support vector 
machine (SVM), simple linear regressions, and multiple linear 
regressions, to forecast the CBR value of stabilised soils. 
Researchers have used the ANN technique to predict the soil CBR 
value (Taskiran, 2010). ANN are beneficial for analysing and pre
dicting CBR value-stabilised soil. ANNs replicate the neural struc
ture of the human brain (Bhatt et al., 2014). The regression 
coefficient (R-squared) and mean square error (MSE) are the most 
often used metrics to evaluate the performance of the ANN model. 
The root mean square error (RMSE) offers a general assessment 
of the accuracy of the approximation without explicitly referring 
to individual data points (Bhatt et al., 2014). In addition, we have 
used SVM to forecast and assess the geotechnical properties of 
stabilised soils. Similarly, we have used SVM to predict the char
acteristics of stabilised soil, such as compaction, swelling pres
sure, and foundation settlement, in cohesion-less soil (Islam and 
Roy, 2020; Rasmin, 2009).

Geotechnical engineers often use the dynamic cone penetrometer 
(DCP) testing in the field to assess the in situ strength of soils 
(Paige-Green and Du Plessis, 2009). The process involves contin
uously striking a metal cone into the ground and measuring the 
penetration depth after each impact. The DCP testing provides val
uable data on the soil’s resistance to penetration, allowing for eval
uating factors such as compaction and load-bearing capacity. This 
rapid and efficient testing method is very beneficial for construc
tion and roadworks projects because it can instantly give valuable 
information on site conditions (Ikechukwu and Mostafa., 2020). 
The DCP is used in shallow pavement applications according to 
the Standard Testing method outlined in ASTM D6951-03 (2013) 
(Thives and Trichês, 2022).

Learning, a subset of computational mechanics, is becoming rapidly 
utilised in geotechnical engineering to address intricate and non- 
linear difficulties, owing to its capacity to successfully model 
diverse systems (Merghadi et al., 2018). The National Cooperative 
Highway Research Programme has developed two prediction mod
els for soils in the USA. However, both models have limits when 
accurately forecasting CBR value, especially for soils with a 
coarse-grained texture. Although the research demonstrates some 
precision in analysing fine-grained soils, it indicates the need for 
more precise models in CBR value calculations (Rehman et al., 
2017; Haupt and Netterberg, 2021; Talukdar, 2014; Erzin and 
Turkoz, 2016).

Figure 1. Loading mechanism for CBR value test (www. 

globalgilson.com)
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In the last ten years, artificial intelligence (AI) methods have been 
used to predict soil CBR value. These techniques include algo
rithms like gene expression programming (GEP), SVM, ANN, 
multilayer perceptron (MLP) neural networks, generalised regres
sion neural networks, and the group method of data handling, 
which draw inspiration from biological processes. These models 
have shown potential to enhance the understanding and prediction 
of certain factors or characteristics, although they may have limits 
in terms of generalisability (Yildirim and Gunaydin, 2011; Erzin 
and Turkoz, 2016; Roy and Singh, 2020)

Studies on soil prediction accuracy have shown the development 
of many models using diverse methodologies. Sabat (2015)
obtained an R-squared coefficient of 0.96 with the use of SVM 
models, while Taha et al. (2019) attained an R-squared coefficient 
of 0.88 by using an ANN. Tenpe and Patel (2020) obtained 
R-squared values ranging from 0.83 to 0.90 using GEP and SVM 
methodologies (Al-Busultan et al., 2020).

The paradox of predictive capacity in models lies in the fact that 
models trained on fewer data sets often exhibit better accuracy, 
maybe owing to the phenomenon of network memory and overfit
ting. This might result in insufficient model generalisation when 
applied to more extensive data sets. Overfitting and local minima 
might lead to incorrect conclusions and limited capacity to apply 
the findings to other situations. A thorough assessment of pre
dicted accuracy, use of regularisation techniques, and validation 
across several data sets are essential (Ferentinou and Sakellariou, 
2007). The research used multiple regression analysis and ANN 
system to establish a connection between soil data from three dis
tricts in Tamil Nadu and Central Barley Relative CBR values. The 
model also forecasted the CBR value for combining stone dust 
and low-quality soil, calculated CBR values for different soil types 
in Jabalpur city, and established a connection between fine- 
grained soils (Yildirim and Gunaydin, 2011; Mousavi et al., 
2014).

Utilising comprehensive training data sets in research yields a 
more precise depiction of geotechnical concerns, impacting mod
els’ dependability. The Unified Soil Classification System catego
rises different soil types that fulfil the criteria of useful prediction 
models. Hybrid models that combine optimisation techniques with 
soft computing models are proposed to locate global minima (Roy 
and Singh, 2020; Ferentinou and Sakellariou, 2007; Bardhan 
et al., 2021). The researchers used a combination of ANSI and 
ELM methodologies to evaluate the value of CBR in soils. They 
obtained exceptional outcomes using several machine-learning 
approaches, resulting in an R-squared value of 0.9 (Bardhan et al., 
2021; Onyelowe et al., 2021). Raza et al. (2021) (used data-driven 
ML methods to forecast the behaviour of subgrade soil reinforced 
with geosynthetic materials. They used many models, such as 
ANN, GPR, random forest (RF), and alternating model trees. 
Consequently, they achieved exceptional prediction accuracy, 
making a substantial contribution to the advancement of 

forecasting methods for the features of geosynthetic reinforced 
subgrade soil (Onyelowe et al., 2021; Ali et al., 2022).

The objective of this study is to develop many machine learning 
(ML) models, such as RF, ANN, SVM, and GPR, together with 
computational techniques, to predict the CBR value of soil treated 
with rice husk ash (RHA) and hydrated lime. This research included 
the following input parameters: maximum dry density, clay activity, 
optimal moisture content, plastic limit, liquid limit, and hydrated 
lime-activated rice husk ash (HARHA). In addition, we will use 
many indicators to evaluate the accuracy of the models. Several per
formance metrics, such as the coefficient of determination, mean 
absolute error, RMSE, root absolute error, and relative root squared 
error will be used to compare these models with previously pub
lished models in the literature. The study article starts with an intro
ductory section, followed by a comprehensive examination of the 
data set, correlation analysis, and a concise overview of pertinent 
literature pertaining to soft computing methodologies. The third 
portion of this study paper gives an extensive data analysis and dis
cussion. At the same time, the last section offers a comprehensive 
review of the whole inquiry, including its conclusions and future 
directions.

Data collection and preparation 

Data set 

A research group of Nigeria University performed 121 experi
ments on treated expansive soil’s CBR value. These tests were cat
egorised into two data sets: training and testing (Rasmin, 2009). 
The whole data set was divided into two parts: the training data 
set, which made up 70% of the total data set, and the testing set, 
which accounted for the remaining 30%. The whole data set com
prises 121 observations. The training data set shall consist of 85 
observations, accounting for 70% of the total, whereas the testing 
data set consists of 36 observations, representing 30% of the total 
(Luo et al., 2016; Mair et al., 2000; Tigga and Garg, 2020). As 
indicated earlier, the selection method ensures that the training 
and testing sets consistently provide the same results. Table 1 con
sistently presents the maximum, lowest, mean, and standard devia
tion. The following figures illustrate the frequency and normal 
histogram distributions for the qualities suggested in the above 
database, which are used in the CBR values modelling for refer
ence. Equal significance was assigned to each of the 121 observa
tions for calculation. The data set was established by researchers 
who used both treated and untreated soil samples (Onyelowe 
et al., 2021). We synthesised a hybrid geometrical binder called 
HARHA by incorporating 5% hydrated lime, also known as cal
cium hydroxide, into a binder composed of RHA. This binder was 
created by blending hydrated lime with rice husk, an agricultural 
byproduct, and allowing the combination to undergo a whole day 
of reaction. Subsequently, we introduced hydrated lime as the 
alkali activator. Rice husk combustion produces a byproduct called 
RHA (Onyelowe et al., 2019). Subsequently, we used the obtained 
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HARHA to treat the soil in varying quantities, spanning from 
0.1% to 12%.

ASTM D1883 standard was used to ascertain the soil’s CBR 
value. There are three occurrences, each consisting of 10, 30, and 
65 strikes per layer. The relationship between load and penetration 
was graphically represented for each individual data point. If con
cavity is present, then adjust each set of mould data by extending 
the beginning linear segment of the curve until it intersects the 
horizontal axis. The penetration was measured at distances of 2.54 
and 5.08 mm from the revised origin. Measure the forces required 
for the plunger to penetrate the earth by 0.1 in., equivalent to 
5.08 mm. Next, the CBR value is determined by dividing the cor
rected loads or stresses obtained from the graph by the standard 
loads or stresses, which are 13.44 and 20.06 kN (1000 and 
1500 psi) for 0.1 and 0.2 in., respectively (Kuttah, 2019; Shirur 
and Hiremath, 2014; Bresfelean, 2007).

An earlier study, as documented in Onyelowe et al. (2021), shows 
that the CBR value (R7) depends on:

1. rice husk ash undergoes hydration and activation (R1) 
2. plastic limit (R3) 
3. liquid limit (R2) 
4. optimal moisture content (R4) 
5. clayey activity (R5) 
6. maximum dry density (R6) 

Hence, the current inquiry included these input factors when for
mulating the proposed models.

Data preparation 

The whole data set is divided into a training set and a testing set to 
facilitate the development of the ML algorithm model. The divi
sion was performed by allocating 70% of the entire data set to the 
training data set and assigning 30% to the testing data set. The 
data is only applicable to expansive soil which may or may not 
contain binder. The data points are more than enough because it is 
used by many researchers for their studies (Luo et al., 2016; Mair 

et al., 2000; Tigga and Garg, 2020; Raschka, 2018). To achieve 
improved outcomes, we partitioned the data into training, testing, 
and total data sets, ensuring that the parameters’ minimum, maxi
mum, average, and standard deviation remained consistent across 
all sets. The current data set prevents the model from overfitting 
(refer to Table 1). Figure 2 displays the histogram distributions 
and cumulative percentages for all characteristics derived from the 
database used in the simulation of CBR value. Input and output 
parameters were used to draw these histograms. The distributions 
of both parameters exhibited little to no skewness. As shown in 
Table 2, the calculated skewness and kurtosis values confirm their 
near-normal distribution. For computation, we gave the same 
weight to each of the 121 observations (Amjad et al., 2022).

Table 1 provides statistical summaries for a data set across several 
parameters (R1–R7), categorised into train, test, and total sets. 
Combining the training and testing sets is a merged data set that 
provides a comprehensive representation of all the features, 
denoted by the letters R1 through R7, with exceptional detail. 
Examining the minimum values for each attribute reveals a broad 
spectrum, ranging from a minimum threshold of 0.3 to a high of 
27.6. This version illustrates how much each attribute may reach 
its minimum value. The maximum values are the uppermost limits 
that each feature may reach, ranging from 11.9 to 65.6 at the high
est point of the scale. The feature averages provide a more com
prehensive understanding of the main trends in the combined data 
set. The range of the averages, spanning from 6.10 to 47.74, pro
vides insight into the typical values that the data tends to concen
trate around in Table 1. The variation in averages across different 
attributes might provide valuable insights into the overall trend or 
pattern in the collection.

In addition, by analysing the standard deviations across character
istics, we may ascertain the extent of variability or dispersion 
within each feature. The variability of data points around the aver
age value for each feature is extensive, as shown by the standard 
deviations, which vary from 0.23 to 11.36 (Table 1). A more sig
nificant standard deviation in the data points indicates more 

Table 1. Comparison of key statistical measures in training and testing data

Data set Parameter R1 R2 R3 R4 R5 R6 R7

Training set Minimum 0 27 12.8 16 0.6 1.25 8

- Maximum 12 66 21 19 2 1.99 44.6

- Average 5.96 48.11 17.20 17.99 1.35 1.68 23.95

- Sta. dev. 3.58 11.74 2.46 0.79 0.40 0.25 11.97

Testing set Minimum 0.3 27.6 13 16.3 0.62 1.27 8.2

- Maximum 11.9 65.6 20.9 19 1.96 1.99 44.6

- Average 6.10 47.74 17.10 18.12 1.34 1.69 24.12

- Sta. dev. 3.37 11.20 2.33 0.71 0.39 0.23 11.36

Total set Minimum 0 27 12.8 16 0.6 1.25 8

Maximum 12 66 21 19 2 1.99 44.6

Average 6.00 48.00 17.17 18.02 1.35 1.69 23.83

Sta. dev. 3.51 11.54 2.41 0.77 0.40 0.24 11.82
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Figure 2. Comparison of input (aqua) and output (pink) distributions shown as histograms
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volatility, whereas a lower standard deviation implies greater sta
bility. The table presents statistical data for each of the seven 
parameters (R1–R7) in three distinct sets: the training set, the test
ing set, and the combined total set. The data includes information 
on the lowest, highest, average, and standard deviation values. 
These statistics facilitate comprehension of the distribution and 
variability of the data across different parameters.

Correlation analysis 

Employ Pearson’s correlation coefficient to ascertain the existence 
of linear associations between the input and outcome parameters 
of the investigation. The magnitude and orientation of these con
nections were evaluated using the correlation coefficient (ρ). The 
absolute value of the correlation coefficient determines the degree 
of correlation. A value of | ρ | > 0.8 indicates a strong association, 
|ρ| = 0.3–0.8 suggests an average connection, and |ρ| = 0.30 indi
cates a weak relationship. This work used Pearson’s correlation 
coefficient to determine the linear relationship between input and 
output parameters (Kumar and Chong, 2018).

ρ s; tð Þ ¼
covðs; tÞ

σsσt
1. 

The symbols “cov” reflect the concept of covariance, “s” repre
sents standard deviation, and “t” represents standard deviation as 
well. The Pearson correlation coefficient (ρ) was used to ascertain 
the associations between each pair of variables (Kumar and 
Chong, 2018). Table 2 summarises the correlation between all 
parameters based on the absolute value of ρ. Table 2 clearly dem
onstrates a substantial correlation between R1 and R6 (highlighted 
in red) and R7, with correlation coefficients of |ρ| = 0.9779 and 
|ρ| = 0.9524, respectively. R2, R3, and R4 (in green) exhibit a 
mild association with CBR value, with correlation coefficients of 
−0.9802, −0.9635, and −0.9820, respectively. R4 (in yellow) also 
shows a moderate link with CBR value, with a correlation coeffi
cient of 0.0927.

Machine learning algorithms 

Random forest algorithms 

RF is a widely used ML technique created by Breiman in 2001, 
i.e. often used for regression analysis and classification tasks 
(Breiman, 2001). This learning technique is a complete approach 

that enhances the performance of a single decision tree by using 
majority voting or means outcomes to increase forecast accuracy 
(Amjad et al., 2022). A RF model is an ensemble of decision trees 
used to predict the ultimate result, denoted as Rn. Tree-growing 
methods use partitioning to divide training sets into smaller sub
groups and then randomly choose predicted pieces. The Gini 
diversity index, RMSE, and MSE are used to determine the exact 
moment tree development stops. The optimal RF model selects 
trees that provide accurate predictions, effectively mitigating over
fitting by randomly picking the final set of decision trees and pre
dictor parameters (Amjad et al., 2022). The RF structure, seen in 
Figure 3, integrates predictions from individual trees in classifica
tion tasks, whereas regression calculates the average predictions 
for each activity.

For majority voting classification

ẐRF ¼
1

NT
XNT

i¼1
ðZi ¼ ZiÞ2. 

For averaging regression

ẐRF ¼
1

NT
XNT

i¼1
Ẑ i3. 

Artificial neural network 

ANNs are statistical methods that construct logical models of 
linked neurons in computer networks, imitating the functions of 
the brain and spinal cord. They can resolve modelling problems 
such as estimation, classification, and pattern recognition. ANNs 
may be categorised into supervised and unsupervised. In super
vised learning, the network weights are adjusted to make accu
rate predictions based on given goal values. On the other hand, 
unsupervised learning involves providing inputs to the network 
without accompanying target values which is shown in Figure 4
(Tenpe and Patel, 2020). The MLP is a popular feed-forward 
neural network that requires careful selection of appropriate val
ues for its hidden layers during training. The output layer acts as 
the input layer for the following stages in the forward computa
tion process.

Table 2. Pearson correlation matrix for the input and output parameters in the model

Parameters R1 R2 R3 R4 R5 R6

R1 1.0000 — — — — —

R2 −0.9972 1.0000 — — — —

R3 −0.9893 0.9915 1.0000 — — —

R4 0.2014 −0.1435 −0.1749 1.0000 — —

R5 −0.9939 0.9975 0.9846 −0.1204 1.0000 —

R6 0.9858 −0.9818 −0.9770 0.2394 −0.9742 1.0000
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Oj ¼ f
XN

i¼1
wij � Ii þ bj

 !

4. 

where Oj is the output for neuron j which is determined by many 
factors: the total number of neurons in the previous layer N, Wij is 
the weight between the corresponding neuron of the previous layer 

Ii and neuron j, the output neuron of the previous layer, and the 
bias term for neuron j. For forward computation,

θ ¼
@l
@p

5. 

The back propagation learning method creates a relationship 
between inputs and outputs by assigning random weights to 

Figure 3. The structure of the random forest

Figure 4. Artificial neural network mechanisms
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input data and then modifying them. In neural computing, 
employing multiple transfer functions, such as tangent sigmoid 
functions for hidden layers and linear functions for output 
layers, is used to improve the input-output behaviour. For clas
sification tasks, the output layer often employs a softmax acti
vation function (Jogin et al., 2018).

pi ¼
eROl

PN
i¼1 eROl

6. 

where pi is the probability score for each class while the network 
raw output for the i and j neurons are denoted by ROi and ROj. 
ANNs rely on mathematical concepts such as neurons, activation 
functions, and optimisation algorithms to model intricate data link
ages (Basheer and Hajmeer, 2000).

Support vector machine 

The fundamental concept behind SVM is to use a function that 
transforms the training data from the input space to a feature space 
of greater dimensions. This enables the construction of a separa
tion hyperplane with the largest possible margin in the feature 
space, as seen in Figure 5. SVM uses a training data set and an off
set scalar to determine the direction of a hyperplane b. These cor
respond to the amount of training data and class labels for positive 
instances and negative examples, respectively (Kecman, 2005). 
SVM uses a training data set to determine a hyperplane direction 
and an offset scalar. These values are related to the amount of 
training data and the class labels for positive and negative instan
ces, respectively (Kecman, 2005).

Let us consider a set of training data, where each data point repre
sents the target value for a certain input sample in the input space 
(Peshkin et al., 2004). The objective of the regression problem is 
to ascertain a mathematical function that can accurately forecast 
forthcoming values.

The default format of the SVR estimate function is as follows:

f yð Þ ¼ ω� φ yð Þ þ c7. 

This scenario demonstrates a transition from a low-dimensional 
environment to a high-dimensional one, i.e. not linear. Our objec
tive is to ascertain the values of w and c to minimise the danger of 
regression.

Rreg fð Þ ¼ D
XN

i¼1
eROl � φ yð Þ þ c 

Rreg fð Þ ¼ D
XN

i¼1
f ðyi � ziÞ þ

1
2
kωk2 

8.   

Given that D is a constant in this scenario, the vector w may be 
expressed in terms of data points as follows:

ω ¼
XN

i¼1
ðai � a�i ÞψðyiÞ9. 

f ðyÞ ¼
XN

i¼1
ðai � a�i ÞψðyÞ þ c10. 

¼
XN

i¼1
ðai � a�i Þkðyi; yÞ þ c11. 

The dot product may be substituted in Equation (11) with ith the 
kernel function, also known as the function (Islam and Roy, 
2020). Kernel functions enable the computation of the dot product 
in a feature space with a large number of dimensions, using data 
provided from a space with a lower number of dimensions without 
requiring knowledge of the transformation. The Mercer condition 
is a requirement that all kernel functions must satisfy, and it relates 
to the inner product of a certain feature space. The radial basis 
function is often used as the regression kernel.

kðyi; yÞ ¼ exp � vejy � yi; j
2

h i

12. 

Gaussian process regression 

Gaussian process regression (GPR) is a probabilistic, non- 
parametric supervised learning approach that may generalise com
plex, non-linear, and hidden function mappings in data sets. The 
GPR model is a method that follows Rasmussen and Williams’ 
recommendation that neighbouring observations should provide 
information (Kumar et al., 2013) by explicitly including a prior 
throughout the whole function space. The mean and covariance of 
a Gaussian distribution are represented by vectors and matrices, 

ζ

Figure 5. Mechanics of support vector machine
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respectively. In contrast, a Gaussian process may be described as 
an over function. The GPR model may be used to find a prediction 
distribution like the testing input. A GPR is a set of random varia
bles that follows a joint multivariate Gaussian distribution for any 
finite number of variables.

To get more information on GPR and other covariance functions, 
go to Kuss (Kumar et al., 2013). The specifics of kernel functions 
are as follows: The GPR design process employs the kernel func
tion. A comprehensive range of kernels has been investigated in 
the literature (Alam et al., 2020; Sabat, 2015). This study uses the 
Pearson universal kernel (PUK) functions listed below:

PUK:

k p; qð Þ ¼
1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

kp � qk
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

21=ω � 1
σ

qr" #2
8
<

:

9
=

;

ω

8
>>><

>>>:

9
>>>=

>>>;

13. 

Construction of prediction models 

The primary objective of the research was to investigate the CBR 
value as the dependent variable (y), while the independent variables 
R1, R2, R3, R4, R5, R6, and R7 constituted the input set (x). 
Choosing the optimal amount of training and testing data sets is cru
cial at every stage of the modelling process. The models were devel
oped using 70% of the research data and then evaluated using the 
remaining data. To clarify, we used 85 sets for training and 36 sets 
for testing the models (Luo et al., 2016; Mair et al., 2000; Tigga and 
Garg, 2020; Raschka, 2018). All models were optimised in an itera
tive process to improve the accuracy of CBR value predictions. 
Figure 6 depicts the creation process of the prediction models.

Hyperparameter optimisation 

Optimisation of hyperparameters is essential in ML projects to get 
optimum results. The parameter values substantially impact the 
efficiency of architectures like RF, decision tree, SVM, XGBoost, 
and AdaBoost. The objective of the optimisation technique is to 
determine the optimal parameters for these models (Smithson 
et al., 2016; Yu and Zhu, 2020). Hyperparameter tuning is seen to 
be the trickiest part of creating ML models. The bulk of these ML 
algorithms offer the hyperparameters’ default settings. However, 
many different ML programs may not necessarily perform effec
tively with default parameters. To discover the best combination 
that will give you the best outcomes, you must optimise or adjust 
them. The model parameters were carefully chosen and adjusted 
during the experimental trials to achieve the improved metrics, as 
shown in Table 3.

Figure 6. The flowchart used to anticipate CBR values using a data-driven method

Table 3. Values of algorithm hyperparameters

ML algorithm Hyperparameter Symbol Tuned value

RF Bag sized percent P 100

Batch size I 100

Number of excess  

slots

Num-slot 1

— M 1

— V 0.001

Speed S 1

ANN (multilayer  

perceptron)

Learning rate L 0.3

Momentum M 0.2

Training time N 500

Hidden layers H a

SVM (Poly kernel) Exponent E 1

— C 1

GPR (PUK kernel) Omega 0 0.3

Sigma S 0.3

Noise N 0.3
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Algorithms for ML have parameters that need to be adjusted for 
best results. To guarantee accurate predictions, the optimisation 
method focuses on determining the most efficient SVM and 
ANN parameters. This work defines the meanings of these hyper 
parameters and adjusts a number of important parameters in the 
SVM and ANN models. After the models’ tuning parameters 
were established, they were adjusted during trials until they 
reached the ideal values. Overfitting was reduced by using cross- 
validated tuning of the hyperparameters. The ANN momentum, 
along with the SVM kernel rules, was tuned. A held-out test vali
dation was also used. The model generalisation was carefully 
ensured through these steps.

Evaluation parameters of the proposed model 

The performance measures used to evaluate the effectiveness of 
the recommended models are R-squared, mean absolute error 
(MAError), root mean squared error (RMSError), relative absolute 
error (RAError), and relative root squared error (RRSError). The 
equations are labelled in Equation (14) to Equation (18) provide 
the mathematical representations for several statistical measures 
(Amjad et al., 2022).

R � squared ¼ 1 �
SSregression

SStotal

� �

¼ 1 �
PN

i¼1ðpi � p̂iÞ
2

PN
i¼1ðpi � piÞ

14. 

MAError ¼

PN
i¼1 jpi � p̂j

N
¼

PN
i¼1 jEij

N
15. 

RAError ¼

PN
i¼1 jpi � p̂ij

PN
i¼1 p̂i � pj
�
�

16. 

RMSError ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PN

i¼1 jpi � p̂j
N

s

17. 

RRSError ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1 pi � p̂ið Þ

2

PN
i¼1 pi � pið Þ

2

s

18. 

R-squared is a statistical metric that quantifies the proportion of 
variability in a dependent variable that one or more independent 
variables can explain in a regression model. The variable may 
assume two distinct values: a perfect positive correlation (+1) and 
a perfect negative correlation (−1). A model with an R-squared of 
0.50 may explain about 50% of the variability in the data. The 
MAError is a metric used to measure the statistical differences 
between matched data that relate to the same event. The RAError is 
a metric used to assess the effectiveness of a prediction model. 
RMSError is a frequently used statistic for evaluating the degree to 
which a model accurately represents the data. A zero number sig
nifies an ideal match of the data. The RRSError is easily compre
hensible since it is based on the simple concept of averaging the 
realised values in the fundamental model. A model is considered 
superior if its RRSError is lower (Taskiran, 2010; Kişi and 
Uncuoğlu, 2005).

Result and discussions 

Models comparison 

This section evaluates the efficacy of the model. Table 4 summa
rises the relevant data, whereas Figures 7 and 8 display the predic
tive accuracy of the guiding and testing data sets in regression 
format, respectively. This study compared the proposed and previ
ously documented models in the literature (Luo et al., 2016; 
Amjad et al., 2022). Table 4 indicates that the comparison used 
many performance indicators based on the criteria for achieving 
the great testing performance. The RF model had the lowest error 
rate, so the feasibility and practicality of the CBR value prediction 
were demonstrated using the soft computing approach. The pro
posed models, including ANN, GPR, SVM, and RF, illustrate the 
results acquired for training and testing.

Comparing the RF model to ANN, SVM, and GPR, the RF model 
had the highest accuracy in its predictions. The RF model had an 
R-squared value of 0.9999, a MAError of 0.1271, and an RMSError 

of 0.1617. In comparison, the ANN model had an R-squared value 
of 0.9989, an MAError of 0.4052, and an RMSerror of 0.5588. The 
SVM model had an R-squared value of 0.9972, a MAError of 
0.6924, and an RMSError of 0.8982. Lastly, the GPR model had an 
R-squared value of 0.9941, an MAError of 1.031, and an RMSError 

of 1.3390. This is also corroborated by the RAError and RRSError  

Table 4. Analysing machine learning models’ performance for CBR value prediction on training and testing sets

Model Symbol Data set R-squared MAError RMSError RAError RRSError

Random forest RF Training set 0.9999 0.1271 0.1617 1.2316% 1.3592%

— Testing set 0.9997 0.1992 0.2782 2.0942% 2.4832%

Artificial neural network ANN Training set 0.9989 0.4052 0.5588 3.9260% 4.6975%

— Testing set 0.9986 0.5147 0.6589 5.4104% 5.8807%

Support vector machine SVM Training set 0.9972 0.6924 0.8982 6.7079% 7.5512%

— Testing set 0.9968 0.7060 0.9380 7.4214% 8.3714%

Gaussian process regression GPR Training set 0.9941 1.031 1.3390 9.9880% 11.2571%

— Testing set 0.9931 1.0894 1.5060 11.4518% 13.4408%
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outcomes in the table provided below.

During the testing phase, the RF model demonstrated superior per
formance to the ANN, SVM, and GPR models regarding various 
metrics. The RF model achieved an R-squared value of 0.9986, 
MAError of 0.05147, RMSError of 0.6589, RAError of 5.4104%, and 
RRSError of 5.8807%. In comparison, the SVM model achieved an 
R-squared value of 0.9968, MAError of 0.7060, RMSError of 
0.9380, RAError of 7.4214%, and RRSError of 8.3714%. Lastly, the 
GPR model achieved an R-squared value of 0.9931, MAError of 
1.0894, RMSError of 1.5060, RAError of 11.4518%, and RRSError of 
13.4408%.

Models in the area of ML need assessment to determine their 
operational effectiveness. Different model types use different 
assessment methodologies. After developing a machine-learning 
model for CBR value forecasting, the next important step is to 
evaluate the model’s predictive capabilities (Amjad et al., 2022; 
Brenning, 2005). The study confirmed the accuracy of the CBR 

value predictions generated by the proposed models by comparing 
the anticipated and actual values of CBR value. Figures 9 and 10
provide a comparison between the projected and observed values 
of CBR value for both the training and testing sets. The training 
set’s anticipated and actual values demonstrate a significant level 
of coherence, as seen in Figure 9. The projected value is often 
accurate, even if a few data points in the predicted value of the 
testing set exhibit significant discrepancies when compared to the 
actual value. In general, the prediction is satisfactory and appropri
ate (Brenning, 2005).

Figure 9 presents a scatter plot comparing the actual and projected 
values for the training and testing sets. This visualisation helps us 
understand the degree of alignment between the predicted values 
and the real values. The CBR values for the training and testing 
sets range from 8.2% to 44.5%, as seen in Figure 10. There are 
few disparities in the testing set and a strong correspondence 
between the expected and observed values in both sets. Notably, 
there are a few instances in the testing set where the predicted value 

5

10

15

20

25

30

35

40

45

50

5 10 15 20 25 30 35 40 45 50

Pr
ed

ic
te

d 
CB

R:
 %

Measured CBR: %

SVM-predicted: %

GPR-predicted: %

ANN-predicted: %

RF-predicted: %

Linear fit: %

R-squared

Figure 8. Comparison between measured and predicted CBR values for model validation
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Figure 7. Comparison between measured and predicted CBR values for model training
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reached 40.614%, whereas the actual CBR value was almost 40%, 
suggesting more significant discrepancies (refer to Figure 10). 
Nevertheless, the little deviations in individual data points do not 
impact the overall predictive capability of the offered models. The 
error analysis graphs of the recommended models indicate that the 
RF model has the lowest error rate compared to the ANN, SVM, 
and GPR models. Thus, the study reaffirms that the RF model accu
rately predicts the CBR value without any occurrences of 
overfitting.

Residual values comparison 

The training and testing data sets indicate that none of the models 
can attain flawless accuracy, as seen by relative errors ranging 
from −0.9 to 1.5 (see Figures 11(a) and 11(b)). The ANN, SVM, 
and GPR models provide the highest level of precision in predic
tions of CBR value, with the RF-predicted model following 
closely after. The RF model has low error rates in both data sets 

and an exceptional ability to forecast CBR values within the given 
input data intervals (Botchkarev, 2018; Bannach-Brown et al., 
2019; Amershi et al., 2015; Chen et al., 2004).

Sensitivity analysis 

Sensitivity analysis is the technique used to ascertain the impact of 
individual input parameters on an output parameter. Essentially, it 
computes the output yields that arise from modifying the input. The 
approach developed by Yang and Zhang (1997) was used to evaluate 
the impact of input parameters on the sensitivity outcomes of the 
XGBoost model. This approach is outlined as follows and has been 
used in several investigations (Amjad et al., 2022; Ahmad et al., 
2019; Ahmad et al., 2021).

qij ¼

Pn
k¼1ðRimxRomÞ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
k¼1 Rik

2Pn
k¼1 Rok

2
q19. 
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In this context, Rim and Rom represent the input and output variables, 
respectively, while N represents the total number of values, which is 
85 in this particular situation. The maximum qij values, ranging from 
zero to one, reflect the CBR value for each input parameter (Amjad et 
al., 2022). Figure 12 displays the qij scores corresponding to each input 
variable. Figure 12 illustrates that R1, R6, and R4 have the highest 
degree of effect (qij = 19%) in predicting CBR value. However, R5 
has the smallest impact on the prediction of CBR value in Figure 12.

Compare with other studies in the subject 

Table 5 displays the results of studies that examined the use of ML in 
assessing the load-bearing capability of piles. Prior studies have shown 
that ML algorithms have a high level of accuracy in predicting CBR 
value outcomes, as indicated by R-squared values ranging from 0.81 to 
0.96. However, in this research, the range is from 0.9941 to 0.9999. 
The comparison of these outcomes is not feasible due to the use of dis
parate data sets. It is essential to conduct a comprehensive analysis 
using several data sources to provide a broad framework for foundation 
engineering (Amjad et al., 2022; Kurt and Kayfeci, 2009).

Conclusions and ideas for further research 

This research used ML techniques to predict the CBR value of 
treated soil. The performance of the generated models was 
assessed by using statistical measures. The measures including 

the coefficient of determination (R2), mean absolute error 
(MAError), root mean square error (RMSError), relative abso
lute error (RAError), and relative root square error (RRSError). 
Below is a concise overview of the research’s findings:
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Figure 11. (a) Training set error levels for the suggested models and (b) testing set error levels for the suggested models

Figure 12. Sensitivity analysis showing the impact of each input 

variable on model output
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� The suggested models yielded R-squared along with MAError, 
RAError, RMSError, and RRSError values to forecast CBR values. 
The RF model (R-squared = 0.9999) produced higher prediction 
results with MAError = 0.1271, RMSError = 0.1617, RAError = 
1.2316%, and RRSError = 1.3592%) followed by the ANN 
model (R-squared = 0.9989, MAError = 0.4052, RMSError = 
0.5588, RAError = 3.9260%, and RRSError = 4.6975%), the SVM 
model (R-squared = 0.9972, MAError = 0.6924, RMSError = 
0.8982, RAError = 6.7079%, and RRSError = 7.5512%), and the 
GPR model (R-squared = 0.9941, MAError = 1.031, RMSError = 
1.3390, RAError = 9.9380%, and RRSError = 11.2571%). 

� The sensitivity analysis results indicate that HARHA (R1) is 
the parameter with the most significance when predicting the 
CBR value followed by maximum dry density (R6). 

� This work shows the efficiency of AI models in evaluating the 
CBR value of soil treated with activated RHA, water, and 
lime, thereby emphasising its use in assessing soil mechanical 
characteristics. This study also investigates the use of 
sophisticated ML techniques, including deep learning, to 
predict the CBR value in soil treated with HARHA. 

Recommendations for future work 

� Increase experimental data: Future study should aim to collect 
more experimental data in order to improve the universality 
and resilience of the suggested technique. The accuracy and 
dependability of AI models may be further enhanced with a 
larger and more varied data set. 

� Explore advanced ML algorithms: This study mainly 
concentrated on traditional AI methods. The investigation of 
sophisticated ML methods, such as deep learning, for CBR 
prediction, is a potential area for future study. These 
algorithms could provide forecasts and insights that are even 
more accurate. 

Table 5. Results matrix of the previous studies

Previous studies Developed model(s) Evaluation parameter(s)

Number of data  

points used

Ahmad et al. (2021) MARSE R-squared is 96%; RMSE is 3.59% 362

Ahmad et al. (2021) ELM R-squared between 81% and 91% 312

Rafizul and Roy (2020) LMBP, BP, CG R-squared is 90% 129

Yang and Zhang (1997) Elastic net regularisation regression (ENRR),  

Lazy K-star, M-5 model tree, Gaussian

R-squared between 90% and 92% 97
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