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Abstract
A groundwater reservoir is either a solitary aquifer or a network of interconnected aquifers. A particular aquifer’s groundwater 
purity evaluation could be time-consuming and costly. This study quantified the properties of Na%, SO4

2−, Cl, Na+, Mg2+, 
Ca2+, HCO3

−, K+, and pH to predict the water quality parameter known as total hardness (as CaCO3). Groundwater quality 
data for the Shiraz Plain from 2002 to 2018 was utilized to accomplish this objective. The paper contrasts a hybrid methodol-
ogy that combines Teaching Learning-Based Optimization (TLBO), Multiverse Optimizer (MVO), the Cuckoo Optimization 
Algorithm (COA), and the Evaporation Rate-based Water Cycle Algorithm (ER-WCA) with Artificial Neural Networks 
(ANN) this was done to design an optimal network for groundwater quality with conventional ANN. In comparison to all 
other TLBO-ANN, MVO-ANN, and COA-ANN developed models, the ER-WCA-ANN technique (with a population size of 
500 and eight neurons in each hidden layer) provided the most accurate prediction for the TH with R2 values of 0.9983 and 
0.98261, and RMSE values of 0.03698 and 0.00611, respectively, in the training and testing datasets. A comparison of the 
findings for the forecasting of groundwater quality showed that the ER-WCA-ANN hybrid model might increase prediction 
accuracy. These findings may have significant implications for future groundwater quality assessments.

Keywords  Groundwater quality · Machine learning · Teaching Learning-Based Optimization (TLBO) · Multiverse 
Optimizer (MVO) · Cuckoo Optimization Algorithm (COA)

Introduction

Increasing the demand for potable water heightens the 
awareness of the state of groundwater management (Salari 
et al. 2018). The decline in the groundwater quality induced 
by natural products and human endeavors in the adjacent soil 
could negatively affect public health if left ignored (Khudair 
et al. 2018; Salari et al. 2017). Understanding the factors 

that affect groundwater quality is necessary to determine the 
water’s suitability in the location. However, a groundwater 
resource’s quality depends on its natural constituents, such 
as sediments, bacteria, and chemical substances. The water 
source’s pathogens and contaminants primarily affect human 
health (Shen et al. 2023).

The World Health Organization (WHO) has been dissem-
inating information and revising standards and instructions 
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for all contaminants and metals that may be of concern 
when evaluating groundwater quality (Organization 1993). 
The majority of the parameters that are measured in a water 
sample have only a limited impact on the suitability of the 
water for potable use, as they are unlikely for health issue 
when concentrations increase, whereas others may be haz-
ardous at negligible concentrations. One of the parameters 
that is measured in groundwater samples that is commonly 
assumed to have a negligible health impact is Total Hardness 
(TH). TH levels below 100 mg/L as CaCO3 may cause the 
dissolution of carbonate mineral, and TH values greater than 
about 200 mg/L as CaCO3 may cause carbonate precipitates 
to form. Despite the common assumption that this parameter 
has no impact on human health, a number of studies have 
demonstrated a potential inverse relationship between the 
hardness value in drinking water and cardiovascular disease. 
Evaluation of the purity of groundwater could be an intrigu-
ing endeavor. A representative quality assessment may call 
for many samples, depending on a resource’s size and the 
location of wells. The results of this research show that 
establishing a functional link between these easily observed 
characteristics and groundwater ion concentrations saves the 
work and time required for off-site analysis (Hanoon et al. 
2022).

In water quality simulation, machine learning models 
have shown considerable promise because they can identify 
the statistical link between input and output data without 
explicitly knowing the physical processes. This enables a 
thorough investigation of the biological, hydrological, and 
environmental factors that affect water quality (Zhu et al. 
2022). Recently, the application of artificial intelligence 
(AI) algorithms to hydrological studies of nitrate pollu-
tion has produced favorable outcomes. These algorithms 
can effectively solve intricate nonlinear problems because 
they gain knowledge from the dataset and do not need rules 
specified by experts (Gholami and Booij 2022). Addition-
ally, it has been shown that AI algorithms improve the pro-
pensity for predicting various environmental activities (Wu 
et al., 2024: Moayedi et al. 2023a, b; Tyralis et al. 2019). 
Creating optimum functions in an artificial neural network 
(ANN) depends on the choice of input variables and trans-
fer functions. A greater understanding of hydrogeological 
processes and behavior is necessary to manage and enhance 
groundwater quality efficiently. However, developing such 
forecasts requires employing specialist equipment due to the 
hydrogeological system’s complex and changing properties 
(Nordin et al. 2021).

An ANN model, which takes its cues from how the 
human brain processes information, instruction, and learn-
ing, is one of these techniques. Contrarily, coupling of 
ANN with optimization techniques has aided the mod-
eling of complex nonlinear hydrological systems and can 
assist with water resources management. As a result, many 

researchers are interested in the high accuracy and stability 
that an AI framework can provide in the modeling of com-
plicated groundwater and surface water systems, as detailed 
by researchers from various disciplines (Khalid et al. 2020; 
Leal Filho et al. 2020 Salami et al. 2016a, b; Salami et al. 
2016a, b; Salari et al. 2021; Sarker et al. 2021). The neural 
network theory presented by Zurada (1992) is understand-
able by readers with varying levels of technical instruction. 
Hagan et al. (1997) provide a practical description of ANN 
techniques in conjunction with illustrative applications. 
Yalcintas and Akkurt (2005) demonstrate the applicability 
of ANN methods to predicting building energy and energy 
savings due to building retrofits.

Recent years have also seen the application of several 
machine learning techniques, including the classification 
and regression tree (CART) (Naghibi et al. 2016), support 
vector machine (SVM) (Naghibi et al. 2017), and random 
forest (RF) technology (Rahmati et al. 2016). According to 
Khosravi et al. (2018), one advantage of machine learning 
algorithms is their capacity to manage vast quantities of non-
linear structured data from several sources over a range of 
scales. Various hydrological disciplines have employed the 
ANN, one of the most well-liked and commonly applied 
techniques (Tsakiri et al. 2018). The computational effi-
ciency of ANNs has its benefits, but it also has drawbacks, 
including producing inaccurate modeling and having a poor 
prediction capacity (Bui et al. 2016).

Hybrid approaches are known to improve prediction 
accuracy because they have more prediction power and 
recognition capacity than single-based classifiers (Chen 
et al. 2019a, b). However, the outcome of the modeling 
process depends on both the model’s ability to predict 
the future and the quality of the data. In light of this, 
the likelihood of obtaining correct findings will rise by 
choosing an appropriate dataset and model. Chen et al. 
(2019a, b) analyzed the mapping of groundwater poten-
tial in the Zhangjiamao area of China using an adaptive 
neuro-fuzzy inference system (ANFIS), Teaching Learn-
ing-Based Optimization (TLBO), Multiverse Optimizer 
(MVO), the Cuckoo Optimization Algorithm (COA), 
and the Evaporation Rate-based Water Cycle Algorithm 
(ER-WCA). To create models and carry out validation, 
93 spring sites in the study area were initially chosen 
and then randomly divided in a ratio of 70:30. The cor-
relation research between spring occurrences and the 
influencing factors was conducted using the probability 
certainty factor (PCF) approach. Later, GSPMs were cre-
ated utilizing the ANFIS-TLBO and ANFIS-BBO models 
to simulate groundwater spring potential. The area under 
the receiver operating characteristic (AUROC) technique 
was used to assess the GSPMs. The analysis revealed that 
the ANFIS-TLBO model’s training and validation data-
set’s AUROC scores were 0.866 and 0.905, respectively. 
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However, based on the training and validation datasets, 
the ANFIS-BBO model’s AUROC scores were 0.861 and 
0.887. In contrast to the predictions of the ANFIS-BBO 
model (30.52%), the results of ANFIS-TLBO showed that 
25.66% of the research area could be classified into the 
high and very high groundwater spring potential classes. 
The findings of the present research could be helpful for 
groundwater management.

Another study by Sunayana et al. (2020) simulated the 
groundwater quality at a sanitary landfill site utilized to 
dispose of solid waste using artificial neural networks. The 
groundwater quality was assessed at ten locations nearby 
for two consecutive years, 2016–2017and the data were 
then used for modeling. Using three learning strategies, 
neural networks predicted TH, with the most accurate 
method being used in the prediction model. Interpola-
tion maps for both years were produced using the inverse 
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Fig. 1   Diagram showing the variability of values of water quality parameters in groundwater from the study area
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Fig. 1   (continued)

Table 1   Statistical values 
of measured parameters of 
groundwater in the study area

Parameters Input concentration/value (mg/L) for all parameters except (Na% and 
pH)

Output

Cl SO4 HCO3 Mg Ca Na K Na% pH TH (mg/LCaCo3)

Max 50.0 48.9 11.0 38.0 32.1 38.5 1.3 60.3 8.9 3250.0
Min 0.2 0.0 2.0 0.2 1.5 0.0 0.0 0.3 6.6 110.0
Mean 5.5 6.2 5.0 6.2 6.5 4.3 0.1 19.1 7.5 631.8
SD 8.5 7.5 1.6 5.8 5.0 6.5 0.1 13.2 0.4 510.5
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distance weighting method and the ArcGIS Geostatistical 
Analyst Extension to understand the hardness concentra-
tions in unsampled areas. The sensitivity analysis and eval-
uation of the relative relevance of each input parameter 
calculated the percentage influence of geographical and 
temporal changes on overall hardness. Many algorithms 
were looked at to choose the one that performed the best 
with the optimal neural architecture.

In the current study, the novel hybrid models of Teach-
ing Learning-Based Optimization (TLBO), Multiverse Opti-
mizer (MVO), Cuckoo Optimization Algorithm (COA), and 
Evaporation Rate-based Water Cycle Algorithm (ER-WCA) 
with Artificial Neural Networks (ANN) were deliberately 
developed and confirmed by MATLAB coding to predict 
total hardness (as CaCO3) concentrations for the case study 
of groundwater in the Shiraz plain in Iran.

Study Area Characterization

In this study, it was necessary to collect data for training 
purposes, so data were collected from the Shiraz Regional 
Water Company. This involved the selection of 540 sam-
ples from 13 wells in the Shiraz plain that were analyzed 
in the period from 2002 to 2018. The input parameters for 
the model were (Cl−, SO4

2−, HCO3
−, Na+, Mg2+, Ca2+, Na 

percent, K+, and pH) and the output parameter was (TH). 
Using the MATLAB R2013 software program, artificial neu-
ral network models were developed. Figure 1 and Table 1 
show diagrams of inputs and output variables and statistical 
values of measured parameters of groundwater in the study 
area.  

Description of The Study Area

The Shiraz plain is located in the Iranian province of Fars, 
and forms part of the watershed for Maharlu lake (Fig. 2). 
The Shiraz plain spans a region of around 300 km2 and is 
situated between longitudes 52,029 and 52,036 and lati-
tudes 29,033 and 29,036. The Shirza plain is surrounded 
by the Baba Koohi Kaftrak and Drak mountains, which 
are situated to the north and northwest, respectively. The 
Shiraz plain is located to the south of Maharlu. The Shiraz 
plain is underlain by two main aquifers: a shallow aquifer 
at a depth of about 40 m, and a deeper aquifer at depths of 
about 40–400 m. The shallow alluvial aquifer is composed 
of interbedded sand, silt and clay layers of varying thick-
ness. Geophysical measurements of the plain reveal that 
the quality of groundwater deteriorates with increasing 
depth (Ahmadi Dehrashid et al. 2024; Ikram et al. 2023; 

Fig. 2   The location of the study area in the Shiraz Plain
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Badeenezhad et al. 2020; Moayedi et al. 2023b; Rakhshan-
dehroo et al. 2012).

In this study, a comparison is made between a hybrid 
methodology that incorporates TLBO-ANN, MVO-ANN, 
COA-ANN, and ER-WCA-ANN with Artificial Neural 
Networks (ANN) and common ANN, in order to design 
of the optimal network for assessing groundwater quality. 
Figure 2 depicts the location of the research region in the 
Shiraz Plain.

Methodology

Artificial Neural Network

ANNs seek to replicate the operations of the human nerv-
ous system within a digital realm, encompassing its archi-
tecture (Abiodun et al. 2018; Wang 2003). These networks 
leverage artificial neural connections to predict or approxi-
mate a function. In a standard artificial neural network 

(ANN), there are concealed layers between the input and 
output structures for feature adjustments. The ANN model 
illustrated in this document is shown in Fig. 3.

Over the past few decades, there has been a significant 
increase in the utilization of neural networks for prediction 
and classification tasks. These networks typically consist 
of an input layer, an output layer, and at least one hidden 
layer. The input data provided to these networks is usually 
split into two distinct sets for training, learning, and test-
ing purposes. An ANNs comprises multiple perceptrons 
or neurons at each layer, and when the input data flows 
in a forward direction, this architecture is referred to as a 
feed-forward neural network. An ANN typically consists 
of three primary layers: input, hidden, and output. Data is 
received by the input layer, processed by the hidden layers, 
and then returned by the output layer (Feindt and Ker-
zel 2006; Salari et al. 2018). These neural network layers 
are responsible for learning the optimal weights that are 
applied at the conclusion of the training process.

Fig. 3   The basic structure of the ANN-MLP that was developed in the current study
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ANNs are proficient in handling various data types 
such as text, images, and tabular data. One key advan-
tage of ANNs is their ability to effectively transform any 
input into an output, especially when dealing with nonlin-
ear functions and learning optimal weights. The nonlinear 
activation functions within ANNs enable them to achieve a 
universal approximation, meaning they can learn complex 
relationships between input and output data. As a result, 
an increasing number of scientists are turning to ANNs for 
their research (Prakash et al. 2021). The proposed tech-
nique utilizing ANNs was implemented and evaluated on 
a custom-built integrated forecasting program developed in 
MathWorks MATLAB.

Teaching–Learning‑Based Optimization (TLBO)

Consider two distinct classes of students with the same merit 
level who are being instructed in the same subject by two 
separate teachers, T2 and T1. Figure 4 depicts the distribu-
tion of grades earned by students in two distinct courses, 
as determined by the professors. The grades of the students 
instructed by instructors T2 and T1 are represented by curves 
2 and 1, respectively. It is believed that the obtained mark-
ings have a regular distribution, but it is possible that this 
is not the case. The normal distribution is defined by the 
following:

in which � stands for the mean, �2 is the variance, and any 
value for which a normal distribution function is required is 
represented by the symbol x (Rao et al. 2011).

Curve-2 outperforms curve-1 in terms of results, 
as shown in Fig. 4. Thus, it might be claimed that the 
teacher T1 performs weaker than the teacher T2 in terms of 

(1)f (x) =
1

�

√
2�

e
−(x−�)2

2�2

teaching. The mean of the two outcomes (M1 for the curve- 
1 and M2 for curve-2) is the main distinction. This implies 
that more significant learning outcomes are the product of 
better teachers. Students also gain knowledge from their 
interactions with one another. This fact also aids them in 
achieving more remarkable outcomes (Hudcovic 2022).

Figure 4 shows a model for the grades of students in 
a class with a curve “A” (e.g., here we have curve one or 
curve 2) and a mean of “MA” (e.g., here we have M1 and 
M2) attained. A community’s most knowledgeable member 
is thought of as a teacher. The best learner can, therefore, 
be imitated as a teacher, as TA in Fig. 4 demonstrates. The 
teacher wants to help students succeed academically and 
spread knowledge throughout the class to raise everyone’s 
level of understanding. As a result, a teacher might raise 
the class average based on their abilities. Figure 4 dem-
onstrates how a teacher “TA” will make an effort to raise 
learners’ levels to a newer mean MB by moving the mean 
MA nearer their level, following their capabilities. Nev-
ertheless, the teacher TA will give teaching their students 
their full attention. The quality of the teacher’s instruction 
and the number of pupils in the class will determine how 
much knowledge the students will gain. The mean value 
throughout the community may be used as a metric to 
assess the caliber of the students. Teacher TA will make 
an effort to raise the caliber of the students from MA to 
MB . They require a new teacher of a higher caliber than 
they are. This indicates that TB is the new instructor in this 
instance. As a result, a new curve B will be there, and the 
teacher TB.

Teaching–Learning-Based Optimization is based on a 
population strategy that uses a population of solutions to 
advance toward the overall solution, like the other algo-
rithms inspired by nature (Almutairi et al. 2022). The popu-
lation of a Teaching–Learning-Based Optimization is a class 
or group of students. Different design variables are included 

Fig. 4   Distribution of grades of 
students who took classes from 
two teachers after (Rao et al. 
2011)
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in the population using optimization methods. The learners’ 
results will be analogous to the ‘fitness’ in Teaching–Learn-
ing-Based optimization, and various design variables will be 
comparable to different subjects offered to learners, much 
like others based on population optimization systems. The 
teacher is thought to be the best discovery so far. The Teach-
ing–Learning-Based optimization process may be divided 
into two sections, the first of which contains the “teacher 
phase” and the second of which includes the “learner phase.” 
The “Learner Phase” is considered mutual learning through 
learner interactions, whereas the “Teacher Phase” is under-
stood as receiving instruction from the teacher (Rao et al. 
2011).

Teacher phase

Figure 5 illustrates how having an excellent instructor can 
enhance a class’s meaning from MA to MB . Good teachers 
help their students advance their level of knowledge. None-
theless, this is almost impossible, and a teacher can some-
what raise a class’s mean in terms of its capacity. Concern-
ing several variables, this follows a random process.

Assume that Mi is cruel and Ti stands in for the instructor 
at any given iteration. The new mean, designated as Mnew , 
will be the same as Ti entitled, as it will strive to raise the 
mean Mi to its level. The difference between the new and old 
means presented will be used to update the solution.

where ri is a random digit between [0, 1] and TF denotes 
a teaching term that causes the mean point to be shifted. 
Since as TF = round[1 + rand(0,1)(2 _ 1)], the value of TF is 

(2)Difference_meani = ri(Mnew − TFMi)

assumed to be 1 or 2, likewise a probationary stage selected 
randomly by equal chance.

A difference of this kind modifies the existing solution to 
satisfy the following expression.

Learner phase

There are two ways for learners to increase their knowledge: 
through interactions with one another and, secondly, through 
teacher input. Through formal communications, presenta-
tions, group debates, etc., a learner interacts randomly with 
other learners and picks up new information if the other 
learners are more experienced than they are. The learner 
modification might be defined as

For i = 1; Pn

Randomly select another learner Xj , such that i ≠ j.
If f (Xi) < f (Xj)

Xnew,i = Xold,i + ri
(
Xi − Xj

)
Else
Xnew,i = Xold,i + ri

(
Xj − Xi

)

End If
End For
Accept Xnew if it gives a better function value.
Figure 6 contains the flowchart of the TLBO technique.

Multi‑Verse Optimizer

The multiverse optimizer (MVO) method was expanded by 
Mirjalili et al. (2016) based on the multiverse physics the-
ory. According to the multiverse hypothesis, there have been 

(3)Xnew,i = Xold,i + Difference_meani

Fig. 5   Model for the acquired 
mark distribution of a group of 
students
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multiple big bangs, each of which created a universe (Mirjalili 
et al. 2016; Moayedi and Mosavi 2021). It makes a mathemati-
cal model of the wheel mechanism that transports universe 
goods and the wormhole (white/black) tunnels that link the 
two worlds. After each iteration, (1) the inflation rates of the 
universes are ranked, and then (2) a roulette wheel selects the 
universe with the highest inflation rate to contain a white hole. 
The MVO model is described below in mathematical terms.

Consider the following:

If n is the total number of universes (possible solutions) 
and d is the total number of parameters (variables), then 
(Mirjalili et al. 2016):

(4)u =

⎡
⎢⎢⎢⎣

x1
1
x2
1

x1
2
x2
2

… xd
1

… xd
2

⋮ ⋮

x1
n
x1
n

⋮ ⋮

⋯ xd
n

⎤⎥⎥⎥⎦

Fig. 6   Diagram showing the TLBO algorithm’s process after (Rao et al. 2011)
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where r1 is an integer between 0 and 1, ui is the i-th universe, 
NI

(
ui
)
 is the i-th universe’s normalized inflation rate, and 

x
j

i
 is the i-th world’s j-th parameter (Mirjalili et al. 2016; 

Moayedi and Mosavi 2021).
Assuming a wormhole conduit connects one planet to 

the greatest universe, the method of transportation is as 
follows (Mirjalili et al. 2016):

where lbj and ubj are the lower and upper values of the j-th 
variable, xj is the j-th parameter of the best universe, WEP 
and TDR are the worm existence probability and traveling 
distance rate, respectively, and r2 , r3 , and r4 are random 
values between [0, 1]. The WEP and TDR formulas are as 
follows:

L is the total number of iterations conceivable, where l 
is the current iteration, p represents the exploitation accu-
racy over iterations, which is set to 6, and minimum and 
maximum values are represented by min and max, which are 
set to 0.2 and 1, respectively (Moayedi and Mosavi 2021). 
Using 30 universes, the number of iterations allowed in this 
investigation is 500.

Cuckoo Optimization Algorithm (COA)

The Cuckoo Optimization Algorithm (COA), a technique for 
optimization, takes its cues from the behavior of cuckoo birds. 
Yang and Deb presented the COA for the first time (Yang 
and Deb 2009), but this was elaborated by Rajabioun (2011). 
This method is one of the best optimization techniques, and it 
has a remarkable ability to find global optimums. The COA 
starts with a basic population, in this example a population of 
cuckoos, just as other evolutionary algorithms. These cuckoos 
are known as hosts because they lay their eggs in the nests 
of other bird species. The host will recognize and kill any 
cuckoo eggs that closely resemble its own eggs, which have 
a higher chance of surviving and growing into adult cuckoos. 
The number of eggs that hatch indicates how suitable a habitat 
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is for the host nests. A given setting will be more valued the 
more eggs that hatch there. Therefore, the spot where the 
most eggs may survive is the concept that the COA aims to 
improve. To put it another way, cuckoos look for the best loca-
tion to collect their eggs in order to maximize the probability 
that their offspring will survive.

The cuckoo eggs that survive hatch into adults, creating 
a new cuckoo population. This population migrates farther 
toward the best (or most advantageous) environment avail-
able but cannot stray too far from where they are now. An 
egg-laying radius determines the appropriate migratory 
range. The egg-laying radius is influenced by a cuckoo’s 
total number of eggs and distance from the ideal environ-
ment. As a result, more cuckoos begin randomly laying eggs 
throughout the projected egg-laying radius. The best egg-
laying site (i.e., the habitat with the maximum benefit) is not 
found until this cycle has repeated itself several times. This 
is where the vast bulk of cuckoos congregate.

When the problem parameters are arranged into a habitat 
matrix, the COA should be employed to resolve the opti-
mization problem. An Nvar-The dimensional optimization 
problem’s habitat is a collection of the following 1 × Nvar 
cuckoo placements (Akbarzadeh and Shadkam 2015).

The profit of the habitat is determined by evaluating the 
profit function. fp for the current habitat:

An algorithm for optimizing profits is the COA (Akbarza-
deh and Shadkam 2015). Consequently, minimization prob-
lems are evaluated using the continuing function :

A method for population optimization begins by creat-
ing a habitat matrix of size Nopt × Nvar and they assign a 
random number of eggs to each habitat. A cuckoo can pro-
duce between 5 and 20 eggs in the wild. As a result, these 
numbers are frequently used to determine the minimum and 
maximum egg-laying rates per cuckoo per repetition. The 
egg-laying radius (ELR), or maximum radius from the cuck-
oo’s current location, is where cuckoos lay their eggs (Adnan 
Ikram et al. 2023; Moayedi et al. 2024). All parameters in an 
optimization problem have upper and lower bounds, denoted 
by the variables. Varhi and Varlow , respectively:

where a is the parameter that modifies the ELR maximum 
value, within its ELR, each cuckoo has a host nest where 

(9)Habitat =
[
X1,X2,… ,XNvar

]

(10)Profit = fp(Habitat) = fp(X1,X2,… ,XNvar)

(11)Profit = −Cost(Habitat) = −fc(X1,X2,… ,XNvar)

(12)

ELR = �
Number of cuckooo�s eggs

Total number of eggs
× (Varhi − Varlow)
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eggs are randomly laid. Once all the cuckoos have success-
fully set their eggs, the host bird searches for and eats any 
cuckoo eggs that are least like its own. Mathematically, a 
fixed percentage (usually 10%) of the cuckoo eggs with the 
lowest profit function value are rejected, while the other eggs 
hatch and start a new colony (Akbarzadeh and Shadkam 
2015; Rajabioun 2011).

Evaporation rate‑based water cycle algorithm

Sadollah and colleagues (2015) suggested the ER-WCA 
through adjustments made to the water cycle algorithm. 
This optimizer, based on population, has demonstrated pro-
ficiency in addressing different regression concerns (Foong 
et al., 2021)and classification issues (Alweshah et al., 2020). 
The foundational concept behind this approach lies in the 
WCA algorithm (Eskandar et al., 2013), which emulates the 
natural water cycle described by David (1993). The algo-
rithm replicates processes such as water transpiration, evap-
oration leading to cloud formation, and subsequent precipi-
tation returning the water back to the earth in various forms.

In terms of convergence speed and precision, the WCA 
surpasses many other optimizers (Eskandar et al., 2013). 
The algorithm's performance across all dimensions contrib-
utes to this comparative advantage (Sadollah et al., 2016). 
When compared to the binary version of WCA, the ER-WCA 
strikes a better balance between exploitation and explora-
tion, leading to enhanced precision and quicker convergence 
(Sadollah et al., 2015). The algorithm can be broken down 
into several stages. Initially, the population is randomly gen-
erated, forming initial entities (referred to as streams, rivers, 
and seas). Each stream is subjected to a cost function to 
oversee error minimization. Subsequently, the flow inten-
sity (FI) for these entities is computed, and their positions 
are adjusted accordingly. Rivers flow towards the sea, with 
the evaporation rate (ER) being determined. Member posi-
tions are updated based on the acquired ER. Below are some 
mathematical explanations. By regarding well-fitted entities 
as rivers and others as streams, the candidate streams (CS) 
array can be defined as shown (Hussien et al., 2022):

in which K represents the dimension of the problem. Assum-
ing Kpop as the population size, generating the population is 
expressed by Eq. (2):

(13)CS =
[
x1, x2,… , xK

]

Equation (3) gives the FI:

Moreover, Eqs. (4) and (5) reflect the process of designat-
ing the streams to the rivers and the sea:

where Ksr shows the number of individuals who opted for the 
best-fitted ones. Subsequently, KStream denotes the number of 
the remaining individuals (Hussien et al. 2022).

Results

The precision of the statistical parameters of ANN models 
was reported. Coulibaly et al. (1999) demonstrated that 
for most prediction problems, a single hidden layer may 
suffice to generate multiple trial results. Consequently, 
the MLP model (ANN) utilized in this investigation con-
tained only one hidden layer. After each training session, 
the test data set was used to calculate RMSE, R2 , and 
MAE to determine the optimal number of hidden nodes 
for the input layer. The multilayered preceptor utilized 
between one and fifty concealed nodes (Khashei-Siuki 
et al. 2011).

The data sets used to assess the portion of the neural net-
work were compared to observed values and a determined 
ANN. The determination coefficient (R2), root mean square 
error (RMSE), and mean average errors (MAE) were the 
statistical indices used in this comparison:

(14)
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P and O represent the mean values for Pi and Oi , where 
N is the number of observations, Pi represents the estimated 
values (as determined by the ANN and ANFIS), Oi repre-
sents the observed data and Pi represents the estimated data. 
The data set for testing ANNs was also used to compare the 
chosen ANN with the conventional method, contributing to 
an exceptional outcome. In this comparison, three statistical 

(19)RMSE =

[
N−1

N∑
i=1

(
Pi − Oi

)2
]0.5

(20)MAE =
1

N

N∑
i=1

(
Pi − Oi

)

criteria were utilized, and the finest degree was determined 
after the degrees were sorted into classes.

The objective of this paper was to model TH values 
using two distinct soft computing techniques and two mod-
eling scenarios. In the following sections, the summary 
statistical analysis of the model’s performance accuracy 
for both adopted scenarios will be presented (Figs. 7, 8, 9, 
10, 11, 12, 13, 14).        

This section summarizes the RMSE and MAE val-
ues calculated for the TLBO, MVO, COA, and ER-WCA 
output variables. This diagram illustrates the precision 
obtained when using ideal values for each index. Note that 
RMSE and R2 should be zero and one, respectively. This 
finding also holds true for the remaining indices’ precision 

Fig. 7   The best fit model for the TLBOMLP, MVOMLP, COAMLP, and ER-WCAMLP assessments
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Fig. 8   Training and testing dataset accuracy results for several suggested TLBOMLP structures
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and accuracy. Please note that before performance indices 
can be generated, the percentage numbers must be con-
verted to decimals. Figure 15 shows the MSE value for 
TLBO, MVO, COA, and ER-WCA for ten population sizes 
(50, 100, 150, 200, 250, 300, 350, 400, 450, and 500) 
in the current research as a function of iterations (1000 
iterations).

As for the model ranking, the model with the highest 
value was given the highest rank (corresponding to the 
number of models under consideration), and the model 
with the lowest value was given the lowest rank (1 for 
training and assessment results). The total score was then 
calculated by adding their respective essential obtained 

score (from each training and testing calculation phase). 
With a population size of 500 (e.g., R2 values equal to 
0.9983 and 0.98261, and RMSE values equal to 0.03698 
and 0.00611 in the training and testing datasets, respec-
tively), the ER-WCAMLP approach proposed the most 
accurate prediction network for calculation the TH. On 
the COAMLP, the population of 350 has the worst R2 
(0.9919 and 0.94239) and the worst RMSE (0.01336 and 
0.03698), making it the least reliable model for forecast-
ing TH. It is necessary to compare the outcomes of this 
research with those from other studies to assess the sug-
gested technique’s efficacy. Consideration should be taken 
while comparing similar datasets.

Fig. 8   (continued)
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Fig. 9   Training and testing findings from many datasets recommended MVOMLP structures
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The recommended hybrid models’ regression outlines 
are shown in Tables (6–9). The R2 measures the correla-
tion potential, with a value of one denoting the best-case 
scenario and zero representing the worst-case scenario, 
as previously mentioned. The correlation between pre-
dicted and actual values that is as little as possible is 
0 or 1. For population sizes of 400, 350, 350, and 500, 
respectively, the best prediction models (based on the 
TLBO, MVO, COA, and ER-WCA models) were found 
after 40,000 modeling iterations using the predefined 
accuracy indices.

Discussion

Tables 2, 3, 4, 5 and 6 showed network outcomes for differ-
ent suggested TLBOMLP, MVOMLP, COAMLP, and ER-
WCAMLP swarm sizes based on two statistical indices (R2, 
RMSE). It is feasible to determine that the advised course 
of action has been sufficiently evaluated with the objective 
data by examining and assessing the following figures, which 
show the first testing and training stages of the ER-WCAMLP 
network for ten population sizes. The results show that the 
network was correctly trained, and the architecture for most 

Fig. 9   (continued)
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Fig. 10   Training and testing findings from many datasets recommended by COAMLP structures
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proposed network cases was good enough. Thus, using the 
ranking system, we could submit the final model to evaluate 
and forecast outcomes for fresh and unknown data.

Table 6 shows that for the training RMSE and R2 data-
bases, the hybrid’s projected accuracy indices TLBO, 
MVO, COA, and ER-WCA models were (0.01012 and 
0.99536), (0.01028 and 0.99522), (0.01336 and 0.9919), 
and (0.00611 and 0.9983), respectively. These models 
were then identified as (0.05216 and 0.9651), (0.0514 
and 0.96613), (0.06662 and 0.94239), and (0.03698 and 
0.98261) for the testing datasets, respectively. When sta-
tistical factors like Root Mean Squared Error (RMSE), 
Mean Absolute Error (MAE), and Coefficient of Determi-
nation (R2) are taken into account, experimental findings 
for simulating the quality of groundwater show how the 

hybrid ER-WCA-ANN forecasting technique has a greater 
prediction accuracy. According to these results, by chang-
ing the MLP’s computational variables, the metaheuristic 
algorithms may analyze the relationship between outputs 
and significant factors. Table  6 additionally tabulates 
overall ranking results, primarily generated from accu-
racy findings (model performances), with the proviso that 
the RMSE and R2 results for the different recommended 
hybrid approaches are conducted based on changes in the 
model population size. The best TLBO, MVO, COA, and 
ER-WCA’s estimated training and testing RMSEs and R2 
values are shown in Table 5. According to the results, 
the suggested ER-WCA-MLP-based neural network has 
a greater connection between testing and training datasets 
for production.

Fig. 10   (continued)
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Fig. 11   Training and testing findings from many datasets recommended by WCAMLP structures
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Conclusions

Using 540 samples taken at various periods across the Shiraz 
Plain, this research examined how well a variety of artificial 
intelligence systems performed in predicting the characteristics 
of one water quality parameter (Total hardness) in a ground-
water flow system in a semi-arid environment. Three regres-
sions based on neuronal evolution approaches were used with 
an ANN in this study to estimate the values of the dependent 
variables TH. The amounts of Na %, SO4

2−, Cl, Na+, Mg2+, 
Ca2+, HCO3

−, K+, and pH are seen as independent variables, 
and different ANN structures were built in order to provide a 
reliable solution. The effects of each setup were examined. It 
is possible to identify the best neural network-based model 
by using the nodes of each hidden layer. Four unique hybrid 

optimization methods, including the TLBO, MVO, COA, and 
ER-WCA, were created on the foundation of the optimized 
ANN structure. Evaluation measures (R2, RMSE, MSE, and 
MAE) were used to all created models to assess their efficacy.

The estimated accuracy indices of the hybrid model for 
the training RMSE and R2datasets TLBO, MVO, COA, and 
ER-WCA models were (0.01012 and 0.99536), (0.01028 and 
0.99522), (0.01336 and 0.9919), and (0.00611 and 0.9983), 
respectively. These models were later found to be (0.05216 
and 0.9651), (0.0514 and 0.96613), (0.06662 and 0.94239), 
and (0.03698 and 0.98261), respectively, for the testing 
datasets. With R2 values of 0.9983 and 0.98261, and RMSE 
values of 0.03698 and 0.00611 in the training and testing 
datasets, respectively, the ER-WCAMLP technique (with a 
population size of 500 and eight neurons in each hidden 

Fig. 11   (continued)
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layer) provided the most accurate prediction for the TH com-
pared to all other developed models. Excellent accuracy of 
the network outputs (ER-WCA) generated by the created 

network from the training and test data set demonstrates that 
it is sufficiently reliable and may be utilized in the manage-
ment of water resources in this particular groundwater flow 

Fig. 12   The error and MAE 
frequency for the model sug-
gested by TLBOMLP with the 
best match
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system, especially for upcoming groundwater quality assess-
ments. The model may be considered to be a groundwater 
quality assessment tool that is novel.

The assessment indicated that ER-WCA-ANN yields more 
consistent results when compared to the target. In conclusion, it 
is essential to note that the high the results from the network’s 

Fig. 13   The error and MAE 
frequency for the model sug-
gested by MVOMLP with the 
best match
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accuracy derived from the experimental data set demonstrates 
that all four expanded networks are sufficiently reliable and 
can be used in the future for assessing groundwater quality.

In addition, the ER-WCA model required a relatively 
short period of training. AI was used to determine the impor-
tance of the TH model over other expanded models for each 

Fig. 14   The error and MAE 
frequency for the model sug-
gested by COAMLP with the 
best match
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groundwater parameter by comparing the developed models. 
Due to their complexity, without the aid of computational 
tools, it is difficult to understand the hydrologic characteristics 

and status of groundwater systems. This work provides a 
thorough examination of the numerous AI approaches, tech-
niques, and methodologies. The review of relevant literature 

Fig. 15   The error and MAE fre-
quency for the model suggested 
by ER-WCAMLP with the best 
match
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demonstrates that ANNs, ANFIS, EA, and SVM are effec-
tive and precise instruments for assessing and controlling 
the quality of groundwater. Additionally, combining appro-
priate machine learning techniques is much more successful 
than using them alone. As a result, AI modeling techniques 
can be utilized to design and plan pollution prevention and 

groundwater management strategies. The findings of this 
paper call for additional comparative studies of soft comput-
ing approaches employing data from other regions with dis-
tinct climatic conditions and data availability to bolster the 
conclusions reached.

Table 2   Network findings for 
several planned TLBOMLP 
swarm sizes based on two 
statistical metrics

Swarm size Training dataset Testing dataset Scoring Total score Rank

RMSE R2 RMSE R2 Training Testing

50 0.01849 0.9844 0.07228 0.93183 1 1 1 1 4 10
100 0.01078 0.9947 0.04257 0.97689 8 8 10 10 36 2
150 0.01537 0.9893 0.06725 0.94127 2 2 4 4 12 8
200 0.01337 0.9919 0.07115 0.93402 3 3 2 2 10 9
250 0.01115 0.9944 0.05968 0.95405 7 7 6 6 26 4
300 0.01222 0.9932 0.06053 0.9527 5 5 5 5 20 6
350 0.01049 0.9950 0.05534 0.96062 9 9 8 8 34 3
400 0.01012 0.9954 0.05216 0.9651 10 10 9 9 38 1
450 0.01181 0.9937 0.05965 0.95411 6 6 7 7 26 4
500 0.013 0.9923 0.06774 0.94039 4 4 3 3 14 7

Table 3   Network findings for 
several planned MVOMLP 
swarm sizes based on two 
statistical metrics

Swarm size Training dataset Testing dataset Scoring Total score Rank

RMSE R2 RMSE R2 Training Testing

50 0.01312 0.9922 0.07117 0.93398 5 5 2 2 14 9
100 0.01324 0.9920 0.06434 0.94638 4 4 4 4 16 7
150 0.01674 0.9873 0.05702 0.95814 1 1 8 8 18 5
200 0.01259 0.9928 0.08731 0.8988 7 7 1 1 16 7
250 0.01455 0.9904 0.05909 0.95498 2 2 7 7 18 5
300 0.01439 0.9906 0.06669 0.94228 3 3 3 3 12 10
350 0.01028 0.9952 0.0514 0.96613 9 9 10 10 38 1
400 0.01283 0.9925 0.06154 0.95106 6 6 6 6 24 4
450 0.01079 0.9947 0.05545 0.96046 8 8 9 9 34 2
500 0.00898 0.9964 0.06427 0.9465 10 10 5 5 30 3

Table 4   Network findings for 
several planned COAMLP 
swarm sizes based on two 
statistical metrics

Swarm size Training dataset Testing dataset Scoring Total score Rank

RMSE R2 RMSE R2 Training Testing

50 0.03039 0.9573 0.11645 0.81126 3 3 1 1 8 9
100 0.03414 0.9458 0.10079 0.86252 1 1 3 3 8 9
150 0.03109 0.9553 0.09941 0.86652 2 2 4 4 12 7
200 0.02184 0.9782 0.09709 0.87314 8 8 5 5 26 4
250 0.02725 0.9659 0.10852 0.83854 4 4 2 2 12 7
300 0.02298 0.9759 0.09528 0.87816 7 7 6 6 26 4
350 0.01336 0.9919 0.06662 0.94239 10 10 10 10 40 1
400 0.02555 0.9700 0.09266 0.88518 6 6 8 8 28 3
450 0.0199 0.9819 0.08358 0.90769 9 9 9 9 36 2
500 0.02583 0.9694 0.09413 0.88128 5 5 7 7 24 6
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