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This investigation presents a new method for applying GPR technology to predict the MDD in soil stability 

mixes. The method involves creating detailed schemes that connect various natural soil properties, such 

as linear shrinkage, plasticity, particle size variation, and the type and amount of stabilization additives, 

to the MDD of stabilized soil. These schemes are developed and evaluated using different soil types from 

previously published destabilization test results. The study includes two meta-heuristic algorithms: the 

Dingo Optimization Algorithm (DOA) and the COOT Optimization Algorithm (COA). As a result, two 

hybrid schemes, GPDO and GPCO, were developed. The GPCO model achieved a high R2 = 0.9905 and 

a favorable RMSE = 26.13 during training, indicating superior predictive and generalization capabilities 

compared to other schemes in this study. Overall, this approach provides a practical solution for 

accurately predicting the MDD of soil-strengthening mixes using GPR combined with meta-heuristic 

algorithms, which could be useful in various engineering applications. 

Povzetek: Raziskava predstavlja novo metodo z uporabo GPR in metahevrističnih algoritmov za zelo 

natančno napoved največje suhe gostote (MDD) stabiliziranih tal. 

 

1 Introduction 
Soil is a time-honored and widely utilized building 

material that presents many options in its natural state. 

Nonetheless, it is crucial to recognize that certain kinds of 

soil may not be appropriate for every construction project. 

Each soil has its scientific method for handling force 

components, similar to other building materials. In civil 

engineering, soil is crucial in designing structures with 

high safety factors, especially those in direct contact with 

the ground, like foundations, embankments, and soil-

based structures. These constructions need greater safety 

factors since soil [1], [2]  and structural appraisal are 

unpredictable [3], [4], [5], [6] 

Nevertheless, in their natural and modified states, 

including with treatments like compaction, reinforcement, 

and consolidation, soil and rock will continue to play 

important parts in construction [7], [8], [9]. As one of the 

most common methods used to enhance soil engineering 

performance, mechanical soil compaction methods are 

widely adopted for engineering purposes. The quality of 

soil compaction is usually related to the dry density using 

the MDD. In these construction projects, like earth dams, 

road and railway embankments, landfill liners, and 

backfilling of retaining structures, understanding the traits 

of soil compaction becomes highly essential, especially 

MDD. MDD provides the improvement measurement and 

enables the evaluation of the soil's state following  

 

compaction but before remediation [10], [11], [12], [13]. 

It is helpful to create a theoretical scheme for calculating 

MDD values to circumvent the laborious laboratory 

assessment of MDD in each new building project and to 

comprehend the complex interactions involving the soil 

qualities and the influencing elements. Such a model 

should include the following soil traits before 

stabilization: texture, ductility, linear shrinkage, type, and 

amount of the stabilizing additives [14]. However, the test 

procedures are time-consuming and expensive, relying 

significantly on the expertise and experience of operators 

in both sampling and result verification. 

 When manual analysis is difficult, machine learning (ML) 

[15] is a fantastic technology that allows machines to 

examine data and extract information from it. The 

availability of vast volumes of data has increased the 

demand for machine learning across many businesses. 

Generally speaking, machine learning's primary goal is to 

create schemes that can learn from data without clear-cut 

coding; as a result, many advancements are occurring in 

this field. To overcome this difficulty and develop 

machine learning schemes that can control big and 

complicated databases, physicists and developers have 

used diverse tactics. It works well for seeing trends and 

generating precise forecasts. Numerous tactics, including 

deep learning (DL), reinforcement learning, and 

supervised and unsupervised learning, have been created 

and published. Industries including production, logistics, 
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finance, and civil engineering have embraced machine 

learning (ML) extensively, and its application has shown 

great promise in enhancing worker efficiency and 

productivity [16], [17], [18], [19], [20], [21], [22], [23], 

[24]. The created machine learning model can accurately 

forecast the MDD of soil drawing on data. The scheme's 

property to control irregular interactions between 

variables of input and output is among its most significant 

advantages  [15].  

Table 1 summarizes previous research on MDD 

prediction. Earlier studies successfully employed machine 

learning models like ANN, SVM, and Random Forest. 

However, most of these were based on small datasets and 

did not include explicit hyperparameter tuning, which 

could cause overfitting or limit their ability to generalize. 

Many also lacked proper cross-validation or clear data 

partitioning strategies. This study addresses these gaps by 

integrating meta-heuristic optimizers such as COA and 

DOA into the GPR framework for more effective 

hyperparameter tuning. This combined approach enhances 

both the accuracy and stability of MDD forecasts, leading 

to improved generalization across different soil and 

additive scenarios. 

 

 

  

Table 1: Comparative summary of previous studies on MDD prediction 

 

Study Method / Model Dataset Description 
Performance 

(R²) 
RMSE Remarks 

Alavi et al.  
RBF Neural 

Network 

120 stabilized soil 

samples (cement–lime) 
0.952 41.2 

Early AI-based 

approach for MDD 

prediction 

Das et al.  

Artificial 

Intelligence 

(ANN, GP) 

Experimental soil 

stabilization data 
0.965 36.8 

Improved prediction 

via non-linear 

mapping 

Hossein 

Alavi et al.  

ANN and 

Regression 

Models 

Mixed soil dataset from 

lab tests 
0.971 33.5 

Highlighted ANN 

flexibility 

Suman et 

al.  

AI Techniques 

(ANN, SVM) 

Cement-stabilized soil 

samples 
0.976 29.8 

Robust nonlinear 

performance 

Taffese & 

Abegaz  

ML Algorithms 

(RF, SVR, ANN) 

350 soil samples, multiple 

regions 
0.982 27.6 

Comparative machine 

learning study 

Present 

Study  

Hybrid GPR + 

COA (GPCO) 

200+ samples; varied soil, 

cement, and lime 

proportions 

0.9905 26.13 
Proposed state-of-the-

art hybrid model 

 

Additionally, the scheme only optimizes a small count 

of parameters, which lowers the possibility of overfitting. 

Consequently, it is a trustworthy and useful model for 

estimating MDD for civil engineering projects. Its 

extensive use in exploration and real-world utilizations 

attests to its efficacy and legitimacy. 

This investigation introduces a new machine learning 

tactic to accurately predict crucial soil properties, in 

particular, MDD outputs that are vital in the design of a 

civil engineering project. In this respect, due to the 

difficulties associated with collecting empirical data, this 

investigation focuses on leveraging GPR. Enhancement of 

the parameters is highly essential to ensure the GPR model 

operates at its best. This can be addressed with the 

incorporation of two schemes, namely the COOT 

Optimization Algorithm and the Dingo Optimization 

Algorithm. It will result in a much-improved version of 

GPR regarding accuracy and efficiency. By streamlining 

the creation and fabrication of MDD structures, the 

schemes' integration has a major positive effect on the 

transportation industry. To appraise the efficacy of the 

recommended scheme, a sizable MDD database is 

collected, and comparative studies are also conducted. The 

outcomes of this investigation offer helpful perspectives  

 

for forecasting MDD in projects for civil engineering. This 

research proposes an efficient method of MDD 

anticipation by incorporating the GPR algorithm as part of 

the ML tactic. The GPR model whose parameters are 

optimized using the COA and DOA schemes can 

effectively solve the complexity of gathering empirical 

data related to MDD. In general, this research offers 

practical solutions and important knowledge for tackling 

the anticipation of MDD, which is a critical aspect of soil 

behavior in civil engineering projects. 

2 Materials and methodology 

2.1 Data collection 

A new advanced strategy has been developed for 

accurately estimating the maximum dry density (MDD) of 

soil by using six key variables. To ensure that the proposed 

method produces reliable and accurate results, the dataset 

was systematically split into training, validation, and 

testing subsets. This approach not only improves 

prediction accuracy but also enhances understanding of 
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how MDD behaves under different soil compositions and 

physical conditions. The input variables include the 

proportions of cement and lime, along with critical 

geotechnical indicators—Liquid Limit (LL), Plastic Limit 

(PL), and Plasticity Index (PI). The prediction process 

utilizes Gaussian Process Regression (GPR), offering a 

probabilistic framework capable of modeling non-linear 

and uncertain relationships between inputs and the target 

variable (MDD). Details about data sources, sample 

characteristics, variable ranges, and statistical summaries 

are provided in Table 1. Standard testing procedures 

determined soil composition, cement content, and 

quicklime proportions according to relevant geotechnical 

standards, while Atterberg limit tests measured LL, PL, 

and PI. The Liquid Limit (LL) indicates the moisture 

content where soil shifts from plastic to liquid, whereas 

the Plastic Limit (PL) marks the moisture content where 

soil transitions from plastic to semi-solid. The Plasticity 

Index (PI)—the difference between LL and PL—reflects 

soil deformability and cohesiveness, providing a measure 

of its plasticity and engineering characteristics [25], [26], 

[27]. To predict MDD accurately, custom empirical 

correlations and equations were integrated into the GPR 

framework. These models incorporate the physical and 

chemical properties of soil—especially the effects of lime 

and cement additives and the soil’s plastic traits—to 

improve estimation over traditional regression methods. 

The model’s strength lies in its ability to capture complex, 

non-linear relationships within the data while maintaining 

high generalization through probabilistic inference. 

Ultimately, this hybrid approach offers civil engineers an 

advanced tool for estimating MDD without relying solely 

on extensive laboratory tests. By combining the clarity of 

traditional soil mechanics with the predictive capabilities 

of GPR-based modeling, this method significantly reduces 

experimental effort and time while delivering superior 

prediction accuracy and a broader understanding of soil 

behavior under various stabilization conditions. 

 

A new advanced strategy has been developed to estimate 

the maximum dry density of soil using six key variables. 

To ensure the reliability and accuracy of the model, the 

dataset was divided into training, validation, and testing 

subsets. So, this more advanced way means greater 

precision and an expansive understanding of the MDD of 

soil. Herein, the proportions of cement and lime, along 

with Liquid Limit (LL), Plasticity Index (PI), and Plastic 

Limit (PL), represent the variables employed in these 

estimations. MDD anticipation is based on the GPR 

model. Data on different variable sources have been 

presented in Table 2, providing information concerning 

samples, sources, numbers required, and variables. So, by 

following standard procedure, the determination of soil 

content, cement content, and quicklime will be determined 

as per specification. While others like LL, PL, and PI are 

determined through Atterberg limit tests. The water 

content at which soil transitions from plastic to liquid is 

denoted by LL, and the water content at which soil 

transitions from plastic to semi-solid is denoted by PL.  

The soil's plasticity is determined by the plasticity index, 

which is the difference between LL and PL [25], [26], 

[27]. To project the MDD of soil, custom-developed 

equations and correlations are being used, considering the 

soil properties and the percentages of cement, lime, LL, 

PL, and PI obtained from the data collected. These 

formulas have been developed to offer estimations of 

MDD in a very accurate manner according to the available 

information.

Table 2: MDD and the statistical characteristics of inputs. 

Indicators 

Variables 

Input Targets 

Soil (%) Cement (%) Lime (%) LL (%) PL (%) PI (%) MDD (𝑘𝑁/𝑚3) 

Max 100 30 30 102 58.24 70 2210 

Min 70 0 0 18 12 0 1200 

Avg 93.604 3.807 2.588 39.428 22.673 16.755 1780.61 

St. Dev. 4.6366 4.316 4.086 16.763 9.412 12.694 227.508 

2.2 Gaussian process regression (GPR) 

GPR employs a non-parametric regression, and its 

involvement is empirical data with stochastic integer 

output values (𝑦𝑛) 𝐷 = {(𝑦𝑚, 𝑥𝑚  ) , 𝑚 = 1,2,3, … ,𝑀} of 

𝑀 groups of vector input 𝑥𝑚 𝐼𝑅
𝐿 . GPR then constructs a 

scheme that can efficiently extrapolate to the output 

transportation at new input situations. The output noise, 

which is believed to be combined, zero-mean, fixed, and 

uniformly distributed, is unknown due to outside 

influences like shortening or measurement mistakes. Eq. 1 

shows the formula for y: 

𝑦 = 𝑓(𝑥) + 𝛿,      𝛿 "𝑀(0, 𝑠𝑛𝑜𝑖𝑠𝑒
2 ) (1) 

GPR displays the latent variables of 𝑓 as a Gaussian 

process, using 𝑥 as an index into these variables. This is  

 

done by constraining the analysis to such functions whose 

values for a set of {𝑓(𝑥1), … , 𝑓(𝑥𝑘)} with different indices 

are jointly Gaussian distributed; this is achieved by 

drawing any finite set of variables from a consistent 

Gaussian. That's putting a GP prior over functions in a 

Bayesian way. Since it's specified how to define mean 

function 𝑤(𝑥) and covariance function 𝑘(𝑥, 𝑥′), the 

functions can be conveniently defined using this tactic. 

This means having the values of new input functional easy 

by spending a few data. The variance of 𝑠𝑛𝑜𝑖𝑠𝑒
2 , is taken for 

modeling noise.   

As illustrated in Eq. 2, the mean function 

𝑤(𝑥)represents the expected value of the Gaussian 

process for each input 𝑥, defining the central tendency 

around which the function values are distributed. 
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𝑤(𝑥) = 𝐸[𝑓(𝑥)],     𝑘(𝑥, 𝑥′) 
= 𝐸[(𝑓(𝑥) − 𝑤(𝑥))(𝑓(𝑥′) − 𝑤(𝑥′))] (2) 

To indicate anticipation, use the notation 𝐸[. ]. Only 

the invisible part of the input space is affected by the 𝑤(𝑥) 
selection, normally set to 0. The coefficient of variation 

function, which is by nature positive and symmetrically 

semi-definite when appraised for any two sets of input 

location points, is the only factor affecting the conduct of 

the procedure [28]. Many hyperparameters are often 

included in the covariance function, which establishes the 

prior distribution of 𝑓(𝑥). It is usual practice to employ 

the squared exponential covariance function. 

Eq. (3) explicitly presents the mathematical 

formulation of 𝑘(𝑥, 𝑥′), which governs how information 

propagates through the model and determines the overall 

flexibility and generalization capacity of the GPR 

framework. 

𝑘(𝑥, 𝑥′) = 𝑞1 exp (
‖𝑥 − 𝑥′‖

2𝑞2
) (3) 

In this case, 𝑘 displays a norm defined on the input 

space. It is noteworthy that small associations across 𝑓(𝑥) 
and 𝑓(𝑥′) are shown by the covariance function swiftly 

decaying as the separation among input pairs 𝑥 and 𝑥′ 
grows. Three hyperparameters are used: 𝑞1 establishes the 

greatest permitted covariance, 𝑞2 is an entirely optimistic 

hyperparameter that establishes the rate at which 

correlation decays as points get farther apart, and 𝑞3 is an 

extra hyperparameter that, while not stated explicitly in 

Eq. (2), embodies the undetermined variability 𝑠𝑛𝑜𝑖𝑠𝑒
2  in 

Eq. (1). These hyperparameters are grouped to form an 

agent (𝑞), which is then regarded as the emergence of a 

vector of randomness (Q). Utilizing the training data, the 

understanding that offers the best fit for the database is 

selected to provide predictions. If it is assumed that the 

hyperparameters have been identified previously, the 

inference procedure is straightforward. Establishing the 

resulting vector used to train latent features as 𝑓 and the 

vector of test concealed components as 𝑓∗ may result in 

the joint distribution of the Gaussian shown below. 

𝑝(𝑓, 𝑓∗) = 𝑀 (0, [
𝑘𝑓,𝑓     𝑘∗,𝑓
𝑘𝑓,∗     𝑘∗,∗

]) (4) 

Using the variation perform 𝑘(. , . ) in Eq. (4) and the 

associated hyperparameters [29], the correlation 

associated with the 𝑖_𝑡ℎ factor in the set referred to as the 

first underlining and the 𝑗_𝑡ℎ attribute in the group 

portrayed by the second underlining (∗ is employed in 

place of 𝑓∗ for short) is calculated to create the 

asymmetrical covariance matrix 𝐾. Figure 1 depicts the 

scenario scheme.

 

Figure 1: The anticipation scheme drawing on GPR 

2.3 COOT Optimization Algorithm (COA) 

The unique movement patterns that coot populations 

display on water surfaces serve as the foundation for the 

COOT optimization method. Coots are small birds that 

engage in a variety of group behaviors on water surfaces, 

mostly to get closer to food supplies or pre-established 

spots [30]. The coot swarm exhibits four primary 

behavioral traits on the watery plane: directed movement 

prompted by the person in charge, location adaption with 

the dominating individual, chain migration, and stochastic 

movement [31]. The application process of the COOT 

algorithm consists of four distinct behavioral movements. 

The following is the algorithm's procedure set of 

instructions: 

According to Eq. (5), the team of persons is going to 

start using a randomized tactic. 

𝐶𝑃(𝑖) = 𝑟𝑎𝑛𝑑 (1, 𝑏) × (𝑣𝑐 − 𝑘𝑐) + 𝑘𝑐 (5) 
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The variable that showcases the quantity or length of 

the problem of optimization is denoted by 𝑑, while the 

location of the 𝑖 − 𝑡ℎ coot is displayed by 𝐶𝑃(𝑖). The 

highest limit 𝑣𝑐 and the lower boundary 𝑘𝑐, which specify 

the search space, set the highest and lowest values for 

every variable in this issue space. Specifically, 𝑣𝑐 and 𝑘𝑐 
specify the size of the sought-after region for the 

optimization problem. 

𝑣𝑐 = [𝑣𝑐1, 𝑣𝑐2, … , 𝑣𝑐𝑏],   
𝑘𝑐 = [𝑘𝑐1, 𝑘𝑐2, … , 𝑘𝑐𝑏] 

(6) 

Each coot's situation is refreshed depending on four 

diverse locomotion behaviors after the flock has been 

started. 

2.3.1 Random movement 

Eq. (7) is employed to establish a point 𝑄 that displays the 

movement's initial action at random. 

𝐺 = 𝑟𝑎𝑛𝑑 (1, 𝑏) × (𝑣𝑐 − 𝑘𝑐) + 𝑘𝑐 (7) 

To avert getting stuck in a locally optimal, the role has 

been changed by Eq. (14): 

𝐶𝑃(𝑖) = 𝐶𝑃(𝑖) + 𝐸 × 𝑆2 × (𝐺 − 𝐶𝑃(𝑖)) (8) 

Eq. (8) is employed to ascertain 𝐸's significance. 

𝐸 = 1 − 𝑍 × (
1

𝐼𝑡𝑒𝑟
) (9) 

𝑍 showcases the current number of revisions, whereas 

the variable 𝐼𝑡𝑒𝑟 showcases the peak count of repetitions. 

2.3.2 Chain movement 

The mean position of two coots can be determined using 

Eq. (10) to execute the chain movement. 

𝐶𝑃(𝑖) =
𝐶𝑃(𝑖 − 1) + 𝐶𝑃(𝑖)

2
 (10) 

where 𝐶𝑃(𝑖 − 1) is the location of the second coot 

bird. 

2.3.3 Adjusting position according to the 

leader 

An individual adjusts its position during the leader 

movement based on the leader’s location within the group. 

Specifically, it moves toward the leader. Eq (11) is used to 

select the leader. 

𝑃 = 1 + (𝑖 𝑀𝑂𝐷 𝑀𝑍) (11) 

Eq. (11) uses the numbers 𝑃 for the individual in 

charge, 𝑖 for the people who follow him, and 𝑀𝑍 for the 

overall number of leaders [32]. 

Eq. (12) is used to change a coot bird's location 

throughout its transition motion: 

𝐶𝑃(𝑖) = 𝐿𝑃(𝑃) + 2 × 𝑆1 × cos(2𝑠𝜋) 
× (𝐿𝑃(𝑃) − 𝐶𝑃(𝑖)) 

(12) 

The coot bird's present spot is displayed by 𝐶𝑃(𝑖) in 

Eq. (12), the chosen leader's location by 𝐿𝑃(𝑃), an 

arbitrary value in the region [0, 1] by 𝑆1, and a random 

variable in the period [-1, 1] by 𝑅. 

2.3.4 Leander movement 

To discover the best situation, the person in charge should 

shift from the present local posture to the worldwide 

optimum position [33]. Eq. (13) is used to update the 

leadership position to achieve this:

𝐿𝑃(𝑖) = {
𝐵 × 𝑆3 × cos(2𝜋𝑆) × (𝑞𝐵𝑒𝑠𝑡 − 𝐿𝑃(𝑖)) + 𝑞𝐵𝑒𝑠𝑡             𝑆4 < 0.5

𝐵 × 𝑆3 × cos(2𝜋𝑆) × (𝑞𝐵𝑒𝑠𝑡 − 𝐿𝑃(𝑖)) − 𝑞𝐵𝑒𝑠𝑡              𝑆4 ≥ 0.5 
 (13) 

 

Figure 2 shows the flowchart for COA. 
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Figure 2: Flowchart for COA 

 

 

 

Eq. (13) uses S as an arbitrary amount in the gap [-1, 

1], 𝑆3 and 𝑆4 as random integers in the range [0, 1], and 

𝑞𝐵𝑒𝑠𝑡 to indicate the optimal location. The value of 𝐵 is 

determined using Eq. (14) as a reference. 

 

𝐵 = 2 − 𝑍 × (
1

𝐼𝑡𝑒𝑟
) (14) 

2.4 DOA 

DOA [34], a newly developed bio-inspired scheme for 

global enhancement, mimics hunting tactics such as 

persecution, group tactics, and scavenging behavior [35]. 

DOA considers the likelihood that dingoes will 

survive sin  ce the Australian dingo dog is now in danger 

of extinction. Fig. 3 shows a graphic representation of the 

complete procedure.
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Figure 3: DOA flowchart. 

In the computational representations of the DOA 

algorithm, Strategy 1 is displayed by Eq. (15), which 

entails group assault, a foraging technique frequently 

employed by dingoes that hunt in packs, find the prey's 

situation, and surround it [36]. 

𝑥𝑖
→(ℎ + 1) = 𝛼1∑

|
𝜙𝑙(ℎ)
→   −

𝑥𝑖
→(ℎ)|

𝑧𝑒

𝑧𝑒

𝑙=1

−
𝑥∗
→(ℎ) (15) 

In mathematical schemes of the DOA algorithm, Eq. 

(16) shows a fresh situation of a search agent displayed as 

𝑥𝑖
→  (ℎ + 1) since the position means a movement for 

dingoes, where 
(𝜙𝑙(ℎ))
→     displays the subset of attack that 

will attack 𝜙 ⊂  𝑋, while X is defined as a population of 

dingoes that haphazardly created. The current search agent 

is expressed as 
𝑥𝑖
→ (ℎ), while the best search agent found 

from the previous cycle is expressed as 
𝑥∗ 
→ (ℎ). The scale 

factor α_1, generating an evenly distributed random 

number within the interval of [−2, 2], alters the size and 

direction of the dingoes' routes. Also, a random integer 

number ze is produced within the interval of [2,
𝑆𝑖𝑧𝑒𝑃𝑜𝑝

2
], 

in which SizePop shows the entire population size of 

dingoes [37]. 

Dingoes use the second tactic, intimidation, to hunt 

tiny prey by pursuing each one separately until it is 

captured. This behavior is modeled by the subsequent 

calculation: 

𝑥𝑖
→(ℎ + 1) =

𝑥∗
→(ℎ) +𝛼1 ∗ 𝑎

𝛼2 (16) 

∗ (
𝑥𝑠1
→ (ℎ) −

𝑥𝑖
→(ℎ)) 

while the rotation of dingoes is displayed by 
𝑥
→
𝑖

(ℎ +

1), the at present searching agent is indicated by 
𝑥𝑖
→(ℎ), 

and the top query result from the previous session is 

displayed by 
𝑥∗
→(ℎ). In contrast to 𝛼2, which is a uniformly 

random integer generated from inside a specified interval 

[−1,1], 𝛼1 preserves the identical quantity as in Eq. (16). 

𝑥𝑠1
→ (ℎ) showcases the 𝑠1 − 𝑡ℎ search agent selected, where 

𝑖 ≠ 𝑠1, and 𝑠1 is a random integer produced between 1 and 

the highest number of queries (dingoes). 

Dingoes using the third tactic, Scavenger, wander 

aimlessly around their environment in search of carrion to 

consume. Eq. (17) is used to represent this behavior: 

𝑥𝑖
→(ℎ + 1) =

1

2
[𝑎𝛼2 ∗

𝑥𝑠1
→ (ℎ) − (−1)𝜚

∗  
𝑥𝑖
→(ℎ)] 

(17) 

The process of dingoes is displayed by 
𝑥𝑖
→(ℎ + 1), 𝛼2 

stays the same as in Eq. (16), s_1 is a number created at 

random between 1 and the peak count of search engines 

(dingoes), 
𝑥𝑠1
→ (ℎ) showcases the 𝑠1 − 𝑡ℎ search agent is 

chosen, 
𝑥𝑖
→(ℎ) showcases the present searching agent in 

which 𝑖 ≠ 𝑠1, and 𝜚 is a haphazardly produced binary 

number. 
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The amount to be used for the dingo survivor rate, 

which serves as a component of the fourth tactic, is given 

by Eq. (18). 

𝑆(𝑖) =
𝑓𝑖𝑡𝑚𝑎𝑥 − 𝑓𝑖𝑡 (𝑖)

𝑓𝑖𝑡𝑚𝑎𝑥 − 𝑓𝑖𝑡𝑚𝑖𝑛
 (18) 

The chance of survival of dingoes is determined by 

Eq. (18), where fit (𝑖) is the present-day quality value of 

the 𝑖 − 𝑡ℎ search agent, and 𝑓𝑖𝑡𝑚𝑎𝑥   and 𝑓𝑖𝑡𝑚𝑖𝑛  are the 

best and worst fitness values of each generation, 

accordingly. The normalized fitness values in the survival 

vector in Eq. (18) fall between 0 and 1. Eq. (19) is applied 

when the overall survival probability is inadequate, 

equivalent to or underneath 0.3: 

𝑥𝑖
→(ℎ) =

𝑥∗
→(ℎ) +

1

2
[
𝑥𝑠1
→ (ℎ) − (−1)𝜚

∗  
𝑥𝑠2
→ (ℎ)] 

(19) 

Finding an operator that has poor probability of 

survival, denoted by 
𝑥𝑖
→(ℎ), is updated in the DOA 

algorithm by Eq. (19). Between 1 and the greatest amount 

of search agents (dingoes), the random integers 𝑠1 and 𝑠2 

are created, with 𝑠1 ≠ 𝑠2. The 𝑠1 − 𝑡ℎ and 𝑠2 − 𝑡ℎ search 

agents chosen for the update are denoted by 
𝑥𝑠1
→ (ℎ) and 

𝑥𝑠2
→ (ℎ). The top search engine found in the earlier cycle is 

displayed by 
𝑥∗
→(ℎ), and 𝜚 is a binary value that is 

produced at random [38]. 

2.5 Performance evaluation schemes 

The schemes are appraised in this investigation utilizing a 

variety of measures, including the degree of doubt (95% 

U95), symmetrical mean absolute percentage error 

(SMAPE), MAE, R2, and RMSE. Below are the related 

formulas for these measurements. A high R2 value 

showcases that a scheme performs well during the 

training, validation, and testing stages. Conversely, as they 

show a lower level of model error, lower values of metrics 

like RMSE, U95, SMAPE, and MAE are preferred. These 

measures are calculated using Eqs. (20) through (24) 

accordingly. 

𝑅2

= (
∑ (𝑘𝑖 − 𝑘̅)(𝑞𝑖 − 𝑞̅)
𝑤
𝑖=1

√[∑ (𝑘𝑖 − 𝑘)
2𝑤

𝑖=1 ][∑ (𝑞𝑖 − 𝑞̅)
2𝑤

𝑖=1 ]
)

2

 (20) 

𝑅𝑀𝑆𝐸 = √
1

𝑤
∑(𝑞𝑖 − 𝑘𝑖)

2

𝑤

𝑖=1

 (21) 

𝑀𝐴𝐸 =
1

𝑤
∑|𝑞𝑖 − 𝑘𝑖|

𝑤

𝑖=1

 (22) 

𝑈95

=
1.96

𝑤
√ ∑(𝑞𝑖 − 𝑘𝑖)

2 +∑(𝑞𝑖 − 𝑘𝑗)
2

𝑤

𝑗=1

𝑤

𝑖=1

 (23) 

𝑆𝑀𝐴𝑃𝐸 =
100

𝑤
∑
2 × |𝑞𝑖 − 𝑘𝑖|

|𝑞𝑖| + |𝑘𝑖|

𝑤

𝑗

 (24) 

Here, the anticipated and observed outcomes are 

denoted by 𝑘𝑖 and 𝑞𝑖, correspondingly.  𝐾 and  𝑞̅ display 

the standard deviation values of the forecasted and 

empirical specimens, accordingly. Conversely, 𝑤 depicts 

the count of samples under examination. 

The figure 4 shows the R² values of the GPR model 

across five folds (K1–K5) in a five-fold cross-validation 

for predicting Maximum Dry Density (MDD). The R² 

values range from 0.848 to 0.886, indicating how well the 

model fits the data in each fold. Fold K5 has the highest 

R² value of 0.886, signifying the strongest correlation 

between predicted and observed MDD values. This 

suggests that Fold 5 (K5) offers the best model 

performance and generalization among the folds. As a 

result, K5 was chosen as the best fold for further 

evaluation and model validation due to its superior 

predictive accuracy and consistency in estimating MDD. 

 

 
Figure 4: Cross-Validation 

 

3 Outcomes and Discussion  

Table 3, titled “Critical Parameters (MDD),” presents 

three models—GPRT, GPSC, and GPR—and their key 

hyperparameters: n_restarts, length_scale, and alpha. In 

the GPRT model, n_restarts is 16, length_scale is 486, and 

alpha is 0.01. For GPSC, these values are 11, 396, and 

0.14, respectively, while the basic GPR model has zero 

restarts, an undefined length scale, and a very small alpha 

value (1.00E-10). Overall, the results indicate that 

increasing the number of restarts and properly tuning the 

length scale greatly improves model accuracy and stability 

in predicting MDD. The simple GPR model mainly serves 

as a baseline with lower generalization capability. 

Implementing optimization algorithms such as COOT 

within GPR frameworks directly enhances performance, 

reduces error, and increases the model’s adaptability to 

complex soil data.
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Table 3: Criticalparameter (MDD) 

 

 

Models 
 

n_restarts length_scale alpha 

GPRT 16 486 0.01 

GPSC 11 396 0.14 

GPR 0 --- 1.00E-10 

 

This portion of the work assesses the anticipation ability 

of different schemes with MDD. Table 2 displays the 

outcomes of their testing, validation, and instruction 

effectiveness. The GPR model is used in the paper to 

predict positive MDD treatments. To enhance the 

Gaussian Process Regression (GPR) model, novel COA 

and DOA schemes are employed in the GPCO and GPDO 

hybrid scheme. The scheme is trained on 70% of the 

samples, validated on 15%, and tested on 15%. The 

findings in Table 2 indicate that GPCO exhibits the 

highest R2 of 0.9905 during the training stage, while GPR 

demonstrates the lowest value of 0.939 during the 

validation stage. 

 

 

Regarding the RMSE value, GPR records the highest 

value of 51.250, while the GPCO model achieves the 

lowest value of 26.136 during the training stage. When 

considering the MAE result, the GPCO model performs 

best with a value of 16.112 during the training stage, 

whereas the GPR model shows the poorest result at 46.354 

during the testing stage. Regarding SMAPE, GPCO 

delivers the highest performance with a value of 0.000069 

during the training stage, while GPR exhibits the weakest 

performance at 0.00092 during the testing stage. 

Additionally, GPCO demonstrates desirable performance 

in U95 with a value of 72.401 during the training stage, 

whereas GPR exhibits the worst performance at 142.88 

during the testing stage.

Table 2: Developed appraisal outcomes of schemes by evaluators 

Schemes Sections 
Evaluators 

RMSE  R2 MAE U95 SMAPE 

GPR 

Train 45.966 0.9618 39.747 127.50 0.00017 

Validation 44.114 0.9390 37.488 121.73 0.00075 

Test 51.250 0.9588 46.354 142.88 0.00092 

GPCO 

Train 26.136 0.9905 16.112 72.401 0.000069 

Validation 30.536 0.9800 23.495 84.172 0.000467 

Test 42.473 0.9838 33.189 118.61 0.000664 

GPDO 

Train 34.224 0.9801 29.112 95.045 0.000124 

Validation 33.239 0.9611 28.044 92.179 0.000558 

Test 38.115 0.9805 32.199 105.01 0.00064 

 

The scatter plot of the projected and gauged values of 

MDD in Fig. 5 provides a correlation and the distribution 

and density of the sample points, which are controlled by 

the metrics R2 and RMSE, accordingly. As the values of 

R2 increase, the points disperse, and the points tend to 

concentrate more with low values of RMSE. As shown by 

Fig. 3, GPCO has less dispersion in all three stages of the 

experiment and therefore is highly precise in its 

anticipations. On the other hand, GPR has more 

dispersion, causing overestimation and underestimation, 

hence not being as accurate as GPCO. GPCO has better 

accuracy and execution compared to other hybrid schemes 

during the training, validation, and testing stages.
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Figure 5: The scatter plot for the projected and gauged MDD. 

The error analysis of GPCO, GPR, and GPDO 

schemes was done. The outcomes are displayed as 

symbol-line and violin diagrams in Fig  (6). For the 

training stage, GPCO gave the highest percent error of 7%; 

the distribution is concentrated near zero percent. 

However, when GPCO is displayed in the validation stage, 

there is a significant improvement—the percent error 

value has gone down to 5%. On the other hand, GPR 

initially had higher errors during the training stage but 

showed steady improvement in subsequent stages. 

Overall, the analysis showcases that GPCO surpasses the 

other schemes regarding lower error rates and consistent 

execution across all stages.

 



Determine the Value of Maximum Dry Density by Gaussian… Informatica 49 (2025) 369–382 379 

 

 

Figure 6: The violin diagram for the error percentage of presented schemes. 

The results comparing GPR, GPDO, and GPCO 

models show that GPCO has the best predictive 

performance across all evaluation phases. This 

improvement results from the COA algorithm's effective 

hyperparameter optimization, which enhances the GPR 

kernel's convergence and reduces the model’s error 

variance. The consistent R² and RMSE values during both 

validation and testing suggest that the GPCO model has 

high generalization ability with little sign of overfitting. 

Although this study successfully develops a hybrid GPR 

framework, it mainly emphasizes methodological 

development and validation with existing data. Future 

research will compare our hybrid models with other 

leading techniques from the literature, such as Random 

Forest (RF), Support Vector Regression (SVR), and Deep 

Learning architectures, to better assess their efficiency, 

robustness, and suitability for different soil types and 

stabilization ranges. 

While the developed GPR-based hybrid models 

(GPCO and GPDO) demonstrated high accuracy in 

predicting maximum dry density (MDD), some limitations 

are noteworthy. The dataset primarily includes a narrow 

range of soil types and specific proportions of stabilizers 

like cement and lime. As a result, the models may not fully 

capture the variability of natural soils with different 

textures, mineral content, or regional characteristics. 

Additionally, laboratory measurements often assume ideal 

conditions, whereas actual field compaction can fluctuate 

due to factors such as moisture variations, energy 

application, and environmental influences. To improve the 

models' generalizability, future research should use larger, 

more diverse datasets from various geographic locations 

and field environments. Incorporating additional input 

features such as moisture content, compaction energy, 

grain size, and environmental factors like temperature or 

humidity could further enhance the models' practical 

applicability. Despite these limitations, this approach 

provides a solid foundation for developing intelligent, 

data-driven tools to predict soil compaction in civil 

engineering practice.Conclusion 

The maximum dry density depends on the type of soil, 

compaction effort, and moisture content, among other 

factors, and is a crucial property affecting the stability and 

strength of soil. In both architecture and engineering, this 

attribute can frequently be gauged as precisely as possible 

to guarantee the longevity and safety of buildings. To 

forecast MDD, a machine learning scheme utilizing GPR 

has been presented. The COA and DOA meta-heuristic 

schemes in the study were used to maximize accuracy and 

reduce errors in model development. Three schemes—

GPCO, GPDO, and a single GPR model—are created. 

Throughout the training, validation, and testing stages, the 

schemes were verified using testing specimens from 

several documented publications. 

This study presents a hybrid GPCO model combining 

Gaussian Process Regression (GPR) with the COOT 

Optimization Algorithm to accurately predict soil's 

Maximum Dry Density (MDD). The hybrid improves 

convergence stability and generalization by optimizing 

kernel parameters. Enhanced data preprocessing, clear 

workflow, and parameter tuning explanations strengthen 

the model's interpretability and application. Overall, the 

refined GPCO framework shows high predictive accuracy 

and supports future data-driven geotechnical modeling 

and soil stabilization design. 

Schemes' performance was compared utilizing 

diverse metrics, including R2, RMSE, MAE, U95, and 

SMAPE. The outcomes of this investigation are discussed 

below: 

1. The R2 values of GPCO schemes were the 

highest R2, while the lowest was that of GPR, 

which gave a difference of 3%. 

2. GPCO performed the best, with high accuracy, in 

predicting MDD through all three stages. This 

was further reflected in its considerably lower 

error rates, as seen by a 40% lower RMSE and a 

20% lower MAE than that of GPR. 

3. The research outcomes showed that using the 

COA optimizer along with GPR resulted in a 

good combination that yielded accurate 

anticipations of MDD. 
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