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A B S T R A C T

Effective groundwater quality monitoring is essential for ensuring sustainable water resource management. Total 
dissolved solids (TDS) is a key indicator of groundwater quality. This study presents advanced hybrid deep 
learning frameworks for forecasting TDS levels at West Azerbaijan, Iran. Six diverse input combinations of pH, 
Mg, total alkalinity, HCO3, Ca, and total hardness were defined. A quantum-inspired recurrent neural network 
(QRNN) was first developed as baseline model. Two hybrid models, QRNN-CNN and GBO-QRNN-CNN, were then 
introduced to enhance predictive performance by integrating convolutional neural network (CNN) and gradient- 
based optimizer (GBO). Comparative evaluations demonstrated that both hybrid models outperformed the 
standalone QRNN, with GBO-QRNN-CNN achieving the highest accuracy. Root mean square error of TDS pre
diction via the best model (GBO-QRNN-CNN-6) was reduced by 48.36 % compared with baseline QRNN-6. 
Moreover, long short-term memory (LSTM) was implemented, denoting its lower accuracy than QRNN-based 
models. Additionally, SHapley Additive exPlanation (SHAP) was employed to assess the influence of input 
variables, revealing that total hardness and calcium had the highest impacts on TDS predictions. The QRNN 
frameworks proposed in this study taking into account the outcomes of SHAP, offer powerful TDS predictive tools 
for data-driven groundwater quality assessment, supporting more informed decision-making in water resource 
management.

1. Introduction

Groundwater is among one of the main natural sources of available 
water utilized for several applications such as agriculture, irrigation, 
drinking, and industry [1–3]. By determining the quality of ground
water, an estimate of the health of these groundwater resources can be 
made, and, in accordance with its properties, its type of use can be 
specified [4]. Recently, several factors comprising of population growth, 
urbanization, climate change, and improper management of water re
sources have led to deteriorate and therefore reduce the quality of 
groundwater resources [5–7].

A diverse group of variables can be used to monitor and consequently 
manage the quality of groundwater resources, including pH [8], total 
hardness [9], sulfate [10], electrical conductivity, EC [11], total dis
solved solids, TDS [12]. Of them, the amount of TDS could provide 
helpful information about the groundwater salinity, as one of the 

primary risks for groundwater resources, specifically in arid regions 
[12,13]. Forecasting groundwater TDS with a dependable degree of 
precision is required in related applications for hydrological and agri
cultural researchers, to protect fresh groundwater, as well as protection 
and sustainability of groundwater resources [12,14].

Direct and indirect techniques could be employed to specify the 
groundwater quality like TDS. Despite their high accuracy, direct lab
oratory methods are expensive to use, time-consuming, and require 
extensive calculations. Alternatively, other types of indirect methods, 
including numerical and deterministic systems could be applied in 
groundwater quality forecasting [12,15]. However, some problems 
consisting the aquifer’s heterogeneity, spatiotemporal diversity of 
groundwater quality variables, and complicated hydrochemical pro
cesses have caused substantial challenges at using these models [16]. 
Due to the listed drawbacks, the researchers have recently been 
encouraged to use alternative methods, including artificial intelligence 
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(AI) techniques. Compared to the direct prediction systems, the AI 
methods are affordable and time saving [17,18]. Handling complex and 
non-linear processes in any datasets like hydro-climatological data could 
be a challenging issue when developing machine learning (ML)-based 
models, whereas they could be well extracted by deep learning (DL) 
techniques through automatic feature extraction in time series data and 
discovery of their hidden patterns [19–21].

Literature review clearly showed that groundwater quality modeling 
using AI has been addressed by the literature. In this respect, various AI 
frameworks like DL and ML schemes have been extensively utilized for 
predicting the different groundwater quality variables [22–26]. For 
instance, Yassin et al. [14] forecasted the groundwater salinity on the 
basis of TDS data via the development of four ML models, and found out 
that Gaussian process regression (GPR) outperformed the other models. 
Ewusi et al. [15] modeled the TDS values of water supply systems 
including the groundwater, surface water, and drinking water through 
applying some ML methods, and concluded that the GPR and back
propagation neural network (BPNN) were the best-performing models 
for water quality indices forecasting. Six different optimizers were used 
by Banadkooki et al. [27] to couple on three ML models for prediction of 
groundwater TDS. The results illustrated that the hybrid models per
formed better than their relevant simple forms. El Bilali et al. [28] 
predicted six groundwater quality variables, including the TDS, salinity, 
etc. via the establishment of four ML models, and confirmed the better 
potential of Adaboost and random forest (RF) compared to the support 
vector regression (SVR) and artificial neural networks (ANN). Aryafar 
et al. [29] recommended genetic programming (GP) for groundwater 
TDS forecasting, and reported that the GP surpassed both the ANN and 
adaptive neuro-fuzzy inference system (ANFIS), and therefore could be 
utilized as a promising forecasting tool. Pan et al. [30] developed a 
hybrid of principal component regression (PCR) and dual-step multiple 
linear regression (MLR), as well as a BPNN, for modeling the ground
water TDS. Their findings revealed that the hybrid of PCR and dual-step 
MLR illustrated better TDS values than the BPNN. Elzain et al. [12] 
implemented three versions of tree-based ML models for predicting 
groundwater TDS levels, and concluded that the Bagging regression (BR) 
was found to be the best model. Abba et al. [31] coupled an ANFIS on 
three meta-heuristic algorithms for modeling the TDS of a coastal 
aquifer, and stated that the developed hybrid models demonstrated 
better TDS estimates than the simple ANFIS. Two groundwater quality 
variables such as TDS and pH were predicted by Mahmoudi et al. [32] 
applying three ML techniques and their merged forms in bagging (BG) 
and boosting (BT) structures. Their outcomes demonstrated that the 
CHAID-BT (i.e., Chi-square automatic interaction detection- boosting) 
was the most precise method when forecasting the TDS. Gulati et al. [33] 
estimated TDS of groundwater through developing three SVMs, three 
ANNs, and an ANFIS. The findings demonstrated that the ANN opti
mized by Bayesian regularization represented the highest accuracy. 
Farooq et al. [34] applied MLR and ANNs for predicting groundwater 
TDS levels, and reported the superiority of ANN over conventional MLR. 
Jamshidzadeh e al. [11] implemented two standalone GPR and LSTM, as 
well as four hybrid models for groundwater TDS forecasting. Their 
findings revealed that the CNN-LSTM-GPR was found to illustrate better 
TDS forecasts relative to other methods.

As outlined, forecasting the groundwater quality variables could be 
done taking into account the various variables such as pH, EC, nitrate, 
sulfate, TDS, etc. In this context, less attention has been paid to TDS 
during the development of intelligent systems. Hence, the current study 
aimed at predicting the groundwater TDS levels at some urban water 
supply wells located in West Azerbaijan Province, Iran, through devel
oping four types of DL models. Firstly, a Long Short-Term Memory 
(LSTM) was developed. Then, a standalone Quantum-Inspired Recurrent 
Neural Network (QRNN) was implemented. It was also tried to improve 
the performance of QRNN by merging it with Convolutional Neural 
Network (CNN) and Gradient-Based Optimizer (GBO) to propose two 
types of hybrid QRNN-based model, including QRNN-CNN and GBO- 

QRNN-CNN. Six diverse input configurations were considered utilizing 
other groundwater quality variables. Investigating the model’s accu
racies was conducted through applying some error measures and visual 
comparative diagrams. SHapley Additive exPlanation (SHAP) technique 
was finally applied to evaluate how the input predictors could affect the 
output results of the developed modes. It is worthwhile to say that DL 
frameworks have been used less when forecasting the TDS levels of 
groundwater in preceding works, while this study proposed a standalone 
LSTM, QRNN and its hybrid versions with CNN and GBO to propose 
novel QRNN-CNN and GBO-QRNN-CNN hybrid schemes. Additionally, a 
detailed literature review revealed that there was a knowledge gap in 
the development of quantum-inspired DL models for predicting 
groundwater quality variables such as TDS; however, this study 
attempted to overcome this gap by proposing baseline QRNN, as well as 
novel QRNN-CNN and GBO-QRNN-CNN hybrid frameworks. Further
more, the application of SHAP in analyzing the impacts of inputs on the 
output results of models is another innovation of this research, which 
has not been used so far in previous literature for predicting ground
water TDS levels.

2. Materials and methods

2.1. Study region and data used description

This study utilized a dataset comprising 312 samples collected from 
groundwater wells supplying urban water resources in West Azerbaijan 
Province, Iran, between 2020 and 2024. Before modeling, the dataset 
was carefully preprocessed to ensure quality and consistency. The 
dataset was free of missing and outlier values. To ensure that features 
with different scales did not unduly influence the learning process, all 
input variables were normalized using Z-scores. Each sample includes 
measurements of six physicochemical parameters: potential of hydrogen 
(pH), magnesium (Mg), total alkalinity, bicarbonate (HCO₃), calcium 
(Ca), and total hardness. The target variable is total dissolved solids 
(TDS).

The dataset was obtained from the West Azerbaijan Province Water 
and Wastewater Company. To ensure data quality and consistency, 
preprocessing steps such as standardization were performed. In the 
absence of an external dataset from a different region or time period, 
model stability and generalization were assessed through repeated 
random sub-sampling. Specifically, the modeling process was conducted 
over six independent runs, each using different random splits of the 
dataset into training (67 %, 209 samples) and testing (33 %, 103 sam
ples) subsets. Performance metrics were recorded for each run, and 
consistent results across repetitions provided confidence in the model’s 
robustness. Although k-fold cross-validation was not explicitly applied, 
this repeated evaluation strategy allowed each sample to contribute to 
multiple train-test scenarios, approximating the benefits of cross- 
validation and mitigating the risk of overfitting. Additionally, for 
hyperparameter optimization using the Gradient-Based Optimizer 
(GBO), the dataset was split into training and testing sets as described 
above. The test data remained completely unseen during model devel
opment and was used solely for final evaluation. Reported metrics 
reflect the aggregated results from all runs, offering a comprehensive 
assessment of model performance. The statistical criteria of the param
eters used, including mean (Mean), minimum (Min), maximum (Max), 
standard deviation (Std), and coefficient of variation (CV), are given in 
Table 1.

2.2. Models

2.2.1. Long short-term memory (LSTM) neural network
The Long Short-Term Memory (LSTM) network is a complex recur

rent neural network (RNN) specially designed to learn long-term de
pendencies and temporal sequences better than standard RNNs [35]. In 
contrast to the standard RNNs, which are plagued by vanishing 
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gradients during training, the LSTM networks possess a memory cell 
architecture that retains information over long time intervals [36]. The 
characteristic architecture renders LSTM very suitable for forecasting 
problems. At the center of each LSTM cell is a three-gated memory cell: 
input gate, forget gate, and output gate [36]. The gates control the flow 
of the information, and the network determines what values will be 
retained, what needs to be forgotten, and what will be output. The below 
are the operations performed in an LSTM unit: 

ft = σ
(
Wf .[ht− 1, xt ] + bf

)
(1) 

it = σ(Wi.[ht− 1, xt ] + bi ) (2) 

C̃t = tanh(Wc.[ht− 1, xt ] + bc ) (3) 

Ct = ft
*Ct− 1 + it*C̃t (4) 

ot = σ(Wo.[ht− 1, xt ] + bo ) (5) 

ht = ot
*tanh(Ct) (6) 

where, σis the sigmoid activation function and xt is the input vector at 
time t. The hidden state, and the state of the cell at the previous time are 
represented as ht-1 and Ct-1, also, it, ft, and ot denote respectively input, 
forget, and output gates, and C̃t is the cell state. Tanh is the hyperbolic 
tangent activation function, and b, W are respectively biases and 
weights.

LSTM models are more capable of dealing with nonlinear relation
ships and noisy data compared to conventional statistical approaches, 
leading to higher prediction accuracy. LSTM networks, nevertheless, 
have drawbacks like high computation expenses, sensitivity to param
eter optimization, and requirements for large datasets in order to func
tion optimally. In spite of such constraints, their applicability in the 
prediction of TDS is in their strength and ability to characterize intricate 
temporal dynamics, rendering them a useful tool in environmental 
monitoring [37], suspended sediment load concentration [38], and 
water quality prediction [39].

2.2.2. Quantum-inspired recurrent neural network (QRNN)
Quantum-Inspired Recurrent Neural Networks (QRNNs) are an 

advanced form of recurrent architectures that integrate principles 
derived from quantum mechanics, such as superposition, unitary 
transformations, and phase interference, into classical neural network 
models. These mechanisms are designed to enhance memory retention 
and learning stability, particularly when modeling sequential or time- 
dependent data. In contrast to conventional RNNs, which utilize real- 
valued hidden states and weight matrices, QRNNs represent hidden 
states using complex-valued vectors and evolve them through unitary 
transformation matrices. This structure ensures that information is 
preserved across long time steps, addressing the vanishing or exploding 
gradient problems commonly associated with traditional RNNs [40].

One key innovation in QRNNs is the representation of hidden states 

using quantum probability amplitudes rather than classical determin
istic values. The transition between states follows a unitary trans
formation [41], preserving information across long-term dependencies 
more efficiently than traditional RNNs. Mathematically, the update of 
the hidden state in a QRNN can be formulated as: 

ht = U(θ).ht− 1 +V(θ).xt (7) 

where, ht represents the hidden state at time t, xt is the input at time t, 
U(θ)and V(θ) are unitary transformation matrices parameterized by θ, 
ensuring reversible and stable state evolution. The unitary nature of U(θ)
prevents information loss, overcoming key limitations of classical RNN 
architectures.

Another key distinction lies in the nonlinear activation function. 
Classical RNNs typically employ activation functions like tanh or sig
moid, which are defined over the real domain [42]. However, because 
QRNN operates in the complex domain, it utilizes nonlinearities 
designed for complex-valued inputs. A prominent example, modReLU, is 
given in Eq. (8) as: 

modReLU(z) = ReLU(|z| + b ).
(

z /

|z|

)

(8) 

where, z ∈ ℂ is the complex activation, |z|is its magnitude, and b is a 
learnable bias term. This formulation allows the model to encode both 
magnitude and phase information, enhancing its ability to model tem
poral dependencies in hydro chemical systems.

In this study, QRNN was implemented using sequences derived from 
physicochemical water quality data across multiple years (2020–2024), 
and it demonstrated improved predictive accuracy, reduced training 
instability, and better generalization compared to classical RNN archi
tectures. The QRNN model, inspired by the principles of quantum 
computing, introduces a probabilistic and interference-based mecha
nism into the recurrent structure, enabling more expressive modeling of 
sequential uncertainty and long-range dependencies. Unlike standard 
RNNs, QRNNs leverage quantum state amplitudes and phase rotations, 
which allows the model to learn richer representations of sequential 
patterns with fewer parameters and potentially better generalization. 
These advantages make QRNN a compelling choice for forecasting in 
environmental and water resource applications. In summary, the dif
ference between QRNN and conventional RNNs can be summarized in 
four cases: (1) use of unitary transformations (norm preservation), (2) 
operation in complex number space, (3) use of quantum-inspired acti
vations (modReLU), and (4) increased capacity to model long-range 
dependencies without fading gradients. Additionally, the use of 
complex-valued activation functions and phase-based nonlinearity en
ables more flexible representation of patterns and interactions among 
variables [43].

2.2.3. Convolutional neural network (CNN)
A Convolutional Neural Network (CNN) is a deep learning archi

tecture designed specifically for processing structured grid-like data, 
such as images [44] and time-series signals [45]. CNNs have revolu
tionized computer vision by effectively capturing spatial hierarchies 
through convolutional operations [46]. A typical CNN consists of mul
tiple layers that sequentially transform raw input data into high-level 
representations [47]: 

1. Convolutional Layer: the convolutional layer applies a set of train
able filters (kernels) to extract local features from the input data. The 
operation is defined as:

h(l)
ij =

∑

m

∑

n
W(l)

mnx
(l− 1)
(i+m)(j+n) + b(l) (9) 

where, h(l)
ij is the output at position (i,j) in layer l, W(l)

mnrepresents the filter 

weights, x(l− 1)
(i+m)(j+n)is the receptive field from the previous layer, and b(l)is 

Table 1 
Statistical criteria for utilized parameters.

Parameter Unit Statistical criterion

Mean Min Max Std CV

pH mg/l 7.42 6.53 8.05 0.27 0.04
Mg mg/l 26.99 7.80 75.60 8.81 0.33
Total 

alkalinity
mg/l as 
CaCO₃

282.48 122.40 524.00 64.84 0.23

HCO3 mg/l 343.63 149.30 639.30 78.61 0.23
Ca mg/l 86.36 11.04 140.80 23.16 0.27
Total hardness mg/l as 

CaCO₃
327.79 136.00 500.00 76.81 0.23

TDS mg/l 452.52 0.00 922.00 114.49 0.25
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the bias term. This operation preserves spatial relationships and allows 
CNNs to detect patterns such as edges, textures, and shapes. 

2. Activation Function: non-linearity is introduced using activation 
functions like ReLU (Rectified Linear Unit), which accelerates 
convergence and prevents vanishing gradients:

f(x) = max(0, x) (10) 

3. Pooling Layer: pooling layers reduce spatial dimensions while 
retaining important features. A common operation is max pooling 
and enhances computational efficiency and reduces overfitting, 
defined as:

h(l)
ij = max

(
x(l− 1)
(i+m)(j+n)

)
(11) 

4. Fully Connected Layer (FC): flattened feature maps are passed to 
fully connected layers, where each neuron is connected to all pre
vious activations. The final output is computed using:

y = σ(Wh+ b) (12) 

where, the term y represents the output of the fully connected (dense) 
layer, W and b are learnable parameters, and σis the activation function.

In this research, a CNN was incorporated into QRNN for learning 
higher-order feature relationships of groundwater data before the iter
ative processing layer. Encapsulating CNNs before iterative layers better 
accounts for local relationships among input features, reduces the need 
for manual or engineering selection, and improves overall temporal 
forecast accuracy. CNN and QRNN’s synergy combine the pattern 
extraction ability of CNN and the temporal memory of QRNN, and 
provides an efficient hybrid for TDS forecasting from multivariate data.

2.2.4. Gradient-based optimization (GBO)
Gradient-Based Optimization (GBO) is a modern metaheuristic al

gorithm developed to address complex and high-dimensional optimi
zation tasks, particularly those where traditional gradient-based 
methods fall short due to non-differentiable or multimodal objective 
functions [48]. This study is driven to use GBO for two reasons. 1) The 
hyperparameter tuning of their deep learning is fundamentally a non- 
convex, multimodal optimization problem. This can become computa
tionally expensive when applying methods like grid search or Bayesian 
optimization. 2) Standard metaheuristics such as genetic algorithm or 
particle swarm optimization may either experience premature conver
gence or take too many iterations to reach competitive solutions. GBO 
avoids the problems of costly computation, difficult convergence, and 
unnecessary iterations with its dual-phase search strategy and adaptive 
trade-off between exploration and exploitation.

In the present study, GBO was employed to fine-tune three critical 
hyperparameters of the proposed hybrid QRNN-CNN model: learning 
rate, number of GRU units, and dropout rate. The algorithm iteratively 
updates a population of candidate solutions through a two-phase search 
process. In the main search phase, the solution update rule is driven by 
an estimated gradient-like term and stochastic noise, defined as: 

Xt+1
i = Xt

i + α.G
(
Xt

i
)
+ β.R

(
Xt

i
)

(13) 

where, Xt
i denotes the position of the i-th candidate at iteration t, G

(
Xt

i
)
is 

the gradient approximation, R
(
Xt

i
)
is a random exploration term, and α, 

βare adaptive control coefficients that balance exploitation and explo
ration. To prevent stagnation in local optima, GBO introduces a Local 
Escaping Operator (LEO), which perturbs promising solutions to pro
mote diversity in the population. The LEO equation is given by: 

Xt+1
i = Xt

i + γ.
(
Xbest − Xt

i
)
+ δ.rand() (14) 

where Xbest is the best solution found so far, γand δare user-defined co
efficients, and rand()is a uniformly distributed random number in [0,1]. 
This operator introduces directional bias toward the best solution while 
maintaining stochastic variability, helping the algorithm escape from 
local minima.

The integration of GBO into the model development pipeline 
significantly enhanced model calibration by automating the hyper
parameter tuning process, resulting in improved predictive accuracy and 
reduced overfitting. Furthermore, the method offers a balance between 
convergence speed and global search capability, making it efficient for 
applications with limited computational resources [49].

2.3. SHapley additive exPlanations (SHAP)

SHapley Additive exPlanations (SHAP) is a game-theoretic approach 
used to interpret complex machine learning models by assigning each 
feature an importance value based on its contribution to the model’s 
predictions. By decomposing a model’s output into additive attributions, 
SHAP provides an intuitive understanding of how features influence 
predictions, allowing researchers to assess model behavior with trans
parency [50]. Unlike traditional feature importance methods, SHAP 
accounts for all possible feature interactions by computing their mar
ginal contributions across different coalitions of features, making it a 
robust and theoretically sound interpretability framework [51].

One of the primary strengths of SHAP is its ability to provide both 
local and global interpretability, offering insights at the individual 
prediction level while also capturing broader trends across the dataset 
[51]. This dual capability makes SHAP particularly valuable in domains 
requiring high interpretability, such as healthcare, finance, and envi
ronmental science, where understanding model decisions is critical 
[52,53]. Additionally, SHAP supports various model types, including 
tree-based algorithms, deep learning networks, and ensemble methods, 
through optimized approximation techniques that improve computa
tional efficiency.

2.4. Models’ development

In this study, an intelligent two-stage hybrid model was developed to 
predict total dissolved solids (TDS), integrating a convolutional neural 
network (CNN), a quantum-inspired recurrent neural network (QRNN), 
and the gradient-based optimization (GBO) algorithm. This combination 
enhances the model’s ability to process time-series data, capture spatial- 
temporal patterns, and improve prediction accuracy through adaptive 
hyperparameter tuning.

The model was created using TensorFlow 2.13 and Keras for neural 
networks, Scikit-learn for data pre-processing and evaluation, and 
NumPy and Pandas for numerical operations and data management. 
Before modeling, the dataset underwent several pre-processing tech
niques to ensure data quality and stability. Prior records that possessed 
inconsistent values were excluded from analysis, and only complete 
validated samples were included in the analysis. In the interest of 
limiting noise, the dataset was cross-referenced with laboratory quality- 
control reports, and standardized Z-score normalization was applied so 
that each feature with different scales contributed equally during 
training to the overall calculation. These techniques guaranteed that the 
final dataset was consistent and trustworthy, allowing for robust 
training and convergence of the model to occur. Visualization was 
performed using Matplotlib and Seaborn. All experiments were con
ducted on a standard workstation equipped with an Intel Core i7–11,700 
CPU (2.50 GHz), 32 GB RAM, and an NVIDIA RTX 3060 GPU (12 GB) 
running Windows 10. Instead of employing k-fold cross-validation, a 
train-test split strategy was utilized to evaluate model performance. This 
decision was made due to the temporal and spatial nature of the dataset, 
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which required maintaining the chronological and regional integrity of 
the data to avoid data leakage and unrealistic model performance esti
mates. Additionally, the dataset size and domain-specific characteristics 
limited the feasibility of creating multiple folds that would be repre
sentative and independent enough for cross-validation. Despite the lack 
of k-fold validation, rigorous evaluation on an independent test set 
demonstrated stable and reliable model performance, minimizing con
cerns regarding overfitting. The total time required for the GBO opti
mization phase was approximately 15–20 min, which was acceptable 
given the trade-off between global search accuracy and runtime. Also, 
average training time for the proposed GBO-QRNN-CNN model was 
approximately 40–60 min per run, with memory usage below 12 GB, 
making it feasible for deployment by water management agencies with 
limited computational resources. The model’s implementation with 
TensorFlow also provides flexibility for future adaptation to cloud-based 
or CPU-only environments if necessary.

During the data preparation phase, the dataset was sourced from a 
reliable database and underwent initial processing to separate input and 
output variables. To optimize the model’s training process, the dataset 
was split into training and testing subsets, and all input features were 
normalized within a specified range using standardization techniques. 
This step not only improved the learning speed but also mitigated the 
impact of outliers, contributing to the model’s overall stability.

The proposed model consists of two primary components operating 
in tandem. The first component is a convolutional neural network, 
which acts as a spatial feature extractor. Through one-dimensional 
convolutional layer, CNN captures essential spatial patterns in the 
input data. Activation functions and dropout layer are applied to prevent 
overfitting, and the extracted features are then flattened into a one- 
dimensional vector before being passed to the next stage. The second 
component is a quantum recurrent neural network, which incorporates 
memory units based on quantum mechanics principles to model tem
poral dependencies in the time-series data. QRNN exhibits a strong 
ability to detect hidden patterns in sequential data, effectively pro
cessing the spatial features extracted by CNN while accounting for their 
temporal relationships. To avoid model complexity and overfitting on 
the limited dataset, a single 1D convolutional layer was employed in the 
hybrid architecture. Preliminary experiments with deeper CNNs did not 
result in significant improvements and introduced a higher risk of 
overfitting.

While numerous optimization methods, such as Particle Swarm 
Optimization (PSO), Marine Predators Algorithm (MPA), etc. have been 
successful in training models and optimizing parameters, the use of 
CNNs in this research is for a deeply different and complementary 
purpose. The motivation for using CNN is that groundwater quality 
variables, such as pH, Mg, Ca, and hardness, often exhibit localized in
teractions that may not be accounted for by a linear model. The con
volutional layer learns these spatially structured interactions 
automatically, using richer representations to pass to the recurrent 
QRNN layer for improved predictive capabilities. CNNs are used not as 
an optimizer but as a feature extractor module in the hybrid QRNN-CNN 
model and contribute significantly to making the model learn spatial 
patterns and complex interactions between the input variables. 
Groundwater quality data, of which the TDS physicochemical parame
ters are often used in the prediction, often consist of structured re
lationships, latent interdependencies, and local patterns among features. 
Such localized patterns can be captured effectively by CNNs through 
convolutional operations, which are themselves adaptive filters. By the 
use of 1D convolutions applied over the input feature space, CNN layer 
enhances the capability of the model to learn informative features 
automatically, and not necessarily hand-engineered or optimizable with 
readily available optimization algorithms. In addition, the combination 
of CNN and QRNN allows for the model to learn temporal relationships 
(via QRNN), which are both important in environmental and hydrologic 
modeling, where variables have the tendency to both interact in space 
and time. Such a synergy offers a broader learning context than 

optimization alone, which tends to be focused on adjusting the model 
parameters but does not assist directly toward more informative feature 
representations learning.

To achieve optimal performance, the model’s hyperparameters, 
including learning rate and the number of recurrent units, were fine- 
tuned using the gradient-based optimization algorithm. In this process, 
an initial set of hyperparameter values was generated, and each 
configuration was evaluated based on prediction error metrics. The 
optimization algorithm iteratively refined these values to identify the 
optimal configuration, ensuring improved model performance. Once the 
model was trained, its predictive capability was assessed on the test 
dataset using evaluation metrics such as root mean square error and 
correlation coefficient. In the proposed GBO-QRNN-CNN hybrid model, 
the GBO is employed not for training the network weights, but specif
ically for optimizing key hyperparameters that significantly influence 
the model’s learning capacity and generalization performance. The 
motivation behind using GBO for hyperparameter tuning stems from the 
fact that manual selection or grid search methods are often inefficient 
and may fail to find optimal configurations in complex, non-convex 
landscapes. GBO can explore the search space more effectively by 
balancing exploitation and exploration. The optimization searched 
within predefined ranges: learning rates varied between 0.0001 and 
0.01, and the number of QRNN units ranged from 10 to 100. The GBO 
was run for 10 generations with 5 particles per generation, iteratively 
evaluating hyperparameter sets based on mean squared error on a 
validation subset. The final optimized parameters for the GBO-QRNN- 
CNN model included a learning rate of 0.0008, a batch size of 12, 64 
CNN filters with a kernel size of 3 and ReLU activation, a dropout rate of 
0.25, and 150 QRNN units with Tanh activation. The number of training 
epochs was adaptive and determined through the optimization process, 
while the Adam optimizer was used with optimized learning rates. These 
finalized hyperparameters are summarized in Table 2. This systematic 
approach ensured robust hyperparameter tuning beyond manual try- 
and-error.

Table 2 
Utilized hyperparameters to increase the accuracy of models.

Hyperparameter QRNN QRNN- 
CNN

GBO-QRNN-CNN LSTM

Learning Rate 0.001 0.001 0.0008 (optimized by 
GBO)

0.001

Batch Size 16 16 12 (optimized by 
GBO)

16

Number of CNN 
Filters

– 64 64 –

CNN Kernel Size – 3 3 –
CNN Activation 

Function
– ReLU ReLU –

Dropout Rate 0.2 0.2 0.25 (optimized by 
GBO)

–

QRNN Units 100 128 150 (optimized by 
GBO)

–

QRNN Activation 
Function

Tanh Tanh Tanh –

Number of Training 
Epochs

50 50 Adaptive (early 
stopping)

50

Optimizer Used Adam Adam Adam (optimized by 
GBO)

Adam

GBO Population Size – – 30 –
GBO Max Iterations – – 50 –
GBO Coefficients – – α = 0.5, β = 0.3, γ =

0.4, δ = 0.2
–

Escaping Probability 
(Pₑ)

– – 0.5 –

LEO Scaling 
Coefficient (α)

– – 1.5 –

LSTM Units – – – 50 (2 
layers)

LSTM Activation 
Function

– – – ReLU
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According to Table 2, the Gradient-Based Optimizer enhanced with a 
Local Escaping Operator was employed to optimize the hyperparameters 
of the proposed QRNN-CNN model. Specifically, GBO/LEO was used to 
determine the most suitable values for the learning rate and the number 
of GRU units, which are crucial in striking a balance between model 
convergence and generalization. It is important to emphasize that GBO/ 
LEO was applied solely as a pre-training hyperparameter optimization 
tool; the weights and biases of the neural network were optimized using 
the Adam optimizer during the actual training phase. This hybrid 
strategy allows the model to benefit from the global search capabilities 
of GBO/LEO while leveraging the fast convergence properties of Adam 
for weight updates. The LEO improves the exploitation-exploration 
balance of GBO by preventing premature convergence to local optima. 
In this work, the additional parameters introduced by LEO were set 
based on recommendations from the original GBO/LEO formulation. 
The escaping probability was set to 0.5, and the scaling coefficient was 
set to 1.5. These values were kept constant to reduce tuning complexity 
and computational load while maintaining consistency with prior ap
plications of the algorithm. The optimization process used a population 
size of 4 and 2 iterations, resulting in a manageable search space and 
feasible runtime.

The dataset was initially divided into two major subsets: training (67 
%) and testing (33 %), using stratified random sampling to preserve the 
overall distribution. The testing set was held out and remained entirely 
untouched throughout the optimization process to ensure unbiased 
model evaluation. During the hyperparameter optimization phase using 
models, the training set was further internally split into training and 
validation subsets using a random 80/20 split. This internal validation 
set was used to compute the fitness of each candidate solution, based on 
the mean squared error. This separation ensured that the optimization 

was performed on data unseen by the final model and prevented any 
form of test data leakage. After the optimal hyperparameters were 
identified, the model was retrained using the entire training set (67 %), 
and its performance was then evaluated on the unseen test set (33 %), for 
which metrics were reported. Thus, the test error reported in the study 
corresponds to a model configuration selected via validation error, not 
test error, adhering to standard machine learning protocol.

The mean squared error on the validation data was used as the fitness 
function to evaluate and compare the performance of each particle in the 
population. Each candidate solution was evaluated by training the 
model for only 2 epochs during the search phase to accelerate the pro
cess. After identifying the optimal configuration, the model was 
retrained using the full training set for 30 epochs, and performance was 
assessed on the held-out test set to ensure unbiased evaluation. This 
approach successfully reduced manual trial-and-error in model tuning 
and contributed to improved generalization performance of the final 
model. In summary, the general flowchart of the models developed are 
given in Fig. 1.

2.5. Evaluation criteria

In the present study, five error evaluation metrics including co- 
efficient of correlation (R), root mean square error (RMSE), normal
ized RMSE (NRMSE), Nash-Sutcliffe efficiency (NSE), and Willmott’s 
index (WI) were used in assessing the performance of simple LSTM, 
QRNN, and hybrid QRNN forms, i.e., QRNN-CNN and GBO-QRNN-CNN. 
Their mathematical formulas can be written as follows: 

Fig. 1. Models implementation flowchart.
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(
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( ⃒
⃒TDSo,i − TDSo

⃒
⃒+

⃒
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⃒
⃒
)2

]

(19) 

where, TDSo,iand TDSp,iillustrate the ith observed and predicted TDS 
values, respectively; TDSoand TDSpindicate the mean values for the 
observed and predicted TDS values, respectively; TDSo,maxand 
TDSo,mindenote the maximum and minimum values for the observational 
TDS values; and N is the total number of observational data. It is clear 
that lower values of the RMSE and NRMSE, and higher values of the R, 
NSE, and WI demonstrate the better accuracy of the relevant model in 
predicting the TDS values.

3. Results and discussion

The groundwater TDS levels measured in some urban water supply 
wells located in West Azerbaijan Province, Iran, were predicted in the 
current research. In this context, six various input configurations were 
taken into consideration by applying six groundwater variables, 
including pH, Mg, total alkalinity, HCO3, Ca, total hardness as listed 
below: (i) scenario1: pH; (ii) scenario2: pH, Mg; (iii) scenario3: pH, Mg, 
total alkalinity; (iv) scenario4: pH, Mg, total alkalinity, HCO3; (v) sce
nario5: pH, Mg, total alkalinity, HCO3, Ca; (vi) scenario6: pH, Mg, total 
alkalinity, HCO3, Ca, total hardness.

The modeling scenarios in this study were structured based on the 
Pearson correlation coefficient between each input variable and the 
target variable, TDS. Specifically, the variables were introduced in 
ascending order of their individual linear correlation with TDS, starting 
with pH, which exhibited the lowest correlation, and ending with total 
hardness, which had the highest correlation. This strategy was designed 
to examine the incremental benefit of adding more strongly correlated 
features to the predictive model and to assess how prediction accuracy 
evolves as input relevance increases. First, an LSTM model was imple
mented with the statistical metrics listed in Table 3 during the test 
phase. It is worthy to mention that the LSTM and QRNN-based models 
numbered with one (LSTM-1, …, GBO-QRNN-CNN-1) and six (LSTM-6, 
…, GBO-QRNN-CNN-6) are developed using the inputs of first and sixth 
scenarios, respectively. A performance evaluation of the six developed 
LSTM models denoted their capability for forecasting TDS levels via the 
utilized input predictors, with the LSTM-1 and LSTM-6 were found to 
represent the lowest and highest levels of precision, respectively.

Next, another DL framework, namely QRNN was developed utilizing 
other groundwater quality data. The results of developed QRNN models 
in terms of statistical metrics under different input patterns during the 
testing stage are presented in Table 3. As it is apparent, pH could be used 
as an independent predictor in QRNN-1 model to predict TDS levels, 
although its performance is not satisfactory due to the relatively higher 
values of RMSE and NRMSE, as well as lower values for the R, NSE, and 

WI metrics. Therefore, more input combinations were considered in 
QRNN-2 to QRNN-6 models to improve the forecasting performance of 
TDS values. A performance comparison of the developed QRNN models 
clearly illustrated that the accuracy of QRNN models could be generally 
enhanced through increasing the input estimators taking into account 
the values of diverse error measures used to evaluate the models’ 
accuracy.

The theoretical motivation for utilizing QRNN and its hybrid models 
lies in their efficiency at capturing short- and long-term dependencies in 
time-series data. Unlike LSTM networks, QRNN employs convolutional 
operations for local feature extraction and also uses recurrent pooling 
mechanisms to preserve sequence information for faster training and 
better generalization. The QRNN structure is particularly suited to 
groundwater TDS prediction, where hydrochemical parameters are 
often periodically autocorrelated and usually display some sort of 
complex dependency that is not simple linear. The comparative results 
shown in Table 3 provide some empirical evidence supporting this 
assumption, as QRNN-based models outperformed the LSTM bench
marks in all tests, as they present a better capacity to represent the 
complex spatio-temporal representations of groundwater quality 
variables.

As already noted, the chief aim of this study was to propose improved 
forms of QRNN models. To this end, a hybrid DL scheme was firstly 
established via merging the QRNN and CNN to create the QRNN-CNN 
coupled model. The same input combinations applied for the LSTM 
and QRNN were used during the establishment of QRNN-CNN models. 
Taking into account the values of error evaluation criteria for the pro
posed merged method in Table 3, it can be concluded that the general 
results of proposed QRNN-CNN hybrid technique were the same as the 
outcomes of standalone QRNN model. They can be listed as follows: poor 
performance of the first scenario (QRNN-CNN-1) using only pH pre
dictor, improved performance of the hybrid model with increasing the 
number of inputs, as well as the best accuracy of the hybrid model in the 
scenario with full-input (QRNN-CNN-6). The hybrid QRNN-CNN model 
also demonstrated improved performance compared with the single 
QRNN.

Besides the development of simple QRNN and hybrid QRNN-CNN 
models, a novel two-stage merged model named GBO-QRNN-CNN was 
also proposed in this study by coupling the QRNN with GBO and CNN. 

Table 3 
The values of statistical metrics achieved during the testing stage.

Model Evaluation criteria

R RMSE (mg/l) NRMSE NSE WI

LSTM-1 0.35 103.38 0.15 0.07 0.23
QRNN-1 0.54 93.41 0.13 0.24 0.52
QRNN-CNN-1 0.57 88.20 0.12 0.32 0.68
GBO-QRNN-CNN-1 0.61 84.77 0.12 0.37 0.72
LSTM-2 0.70 100.38 0.14 0.12 0.25
QRNN-2 0.71 77.12 0.11 0.48 0.76
QRNN-CNN-2 0.77 68.53 0.10 0.59 0.86
GBO-QRNN-CNN-2 0.79 65.80 0.09 0.62 0.88
LSTM-3 0.68 91.42 0.13 0.27 0.50
QRNN-3 0.77 79.68 0.11 0.45 0.72
QRNN-CNN-3 0.77 67.90 0.10 0.60 0.86
GBO-QRNN-CNN-3 0.81 64.41 0.09 0.64 0.89
LSTM-4 0.69 84.90 0.12 0.37 0.63
QRNN-4 0.84 71.06 0.10 0.56 0.79
QRNN-CNN-4 0.86 55.65 0.08 0.73 0.91
GBO-QRNN-CNN-4 0.90 47.39 0.07 0.80 0.94
LSTM-5 0.73 78.13 0.11 0.47 0.74
QRNN-5 0.90 47.79 0.07 0.80 0.94
QRNN-CNN-5 0.92 42.78 0.06 0.84 0.96
GBO-QRNN-CNN-5 0.93 40.47 0.06 0.86 0.96
LSTM-6 0.78 71.53 0.10 0.55 0.79
QRNN-6 0.94 49.19 0.07 0.79 0.92
QRNN-CNN-6 0.96 31.89 0.05 0.91 0.98
GBO-QRNN-CNN-6 0.97 25.40 0.04 0.94 0.99
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The values of error metrics achieved for the mentioned coupled model 
are shown in Table 3. The general outcomes obtained for the QRNN and 
QRNN-CNN models were also concluded for the novel proposed GBO- 
QRNN-CNN merged framework. In addition, assessing the perfor
mance of developed two-stage hybrid method with simple QRNN and 
coupled QRNN-CNN methods clearly demonstrates that the GBO-QRNN- 
CNN was the best-performing model for forecasting the groundwater 
TDS levels because of the enhanced error measures. This improvement 
can be attributed to CNN’s ability to extract spatial features, QRNN’s 
efficiency in modeling sequential dependencies, and GBO’s role in fine- 
tuning model parameters. The values of error metrics for the best 
groundwater TDS predictions were observed at GBO-QRNN-CNN-6 
model as R = 0.97, RMSE = 25.40 mg/l, NRMSE = 0.04, NSE = 0.94, 
WI = 0.99. The values of R, RMSE, NRMSE, NSE, and WI metrics in the 
GBO-QRNN-CNN-6 relative to baseline QRNN-6 were improved by 3.19 
%, 48.36 %, 42.86 %, 18.99 %, and 7.61 %, respectively.

While the level of performance enhancement from the application of 
GBO may seem modest in absolute numerical terms, it is a consistent 
enhancement across all evaluation metrics, contributing to the overall 
robustness of the proposed framework. The main advantage of GBO is its 
optimization capabilities through the gradient-based updating strategy 
of GBO, and the local escaping operator, in adaptively balancing the 
global exploration and the local exploitation. This mechanism has 
facilitated the model to have smoother convergence and is less likely to 
get stuck in local minima before making it to the global minima. This 
contributes to more stability and reproducibility over multiple runs. 
Thus, even with relatively small or modest numerical gains, GBO con
tributes to the stability of convergence, optimization efficiencies, and 
generalizability of the hybrid GBO-QRNN-CNN model over the non- 
optimized models.

To assess the statistical significance of the improvements observed in 
the hybrid models (QRNN-CNN and GBO-QRNN-CNN) compared to the 
baseline QRNN and traditional LSTM, paired t-tests were performed on 
the two performance measures, NSE and WI, on the sixth scenario. 
Pairwise comparisons were performed between the four models (LSTM, 
QRNN, QRNN-CNN, and GBO-QRNN-CNN). The results, which are 
presented in Fig. 2, show that both QRNN-CNN and GBO-QRNN-CNN 
models outperformed the QRNN and LSTM models significantly in 
most cases (p-value <0.05). These findings statistically confirm the 
added value of integrating CNN layers and optimization strategies such 
as GBO in the predictive modeling framework.

Fig. 3 shows sensitivity tests under different data conditions. Two 
challenging data situations of noisy data and reduced training set size 
were used in order to test sensitivity to ascertain the robustness of the 

employed models. For noise injection, Gaussian noise was added to the 
input features (mean = 0, σ = 5 % of data range) and the performance of 
the model was evaluated in all cases using NSE and WI indices. For 
sparse data, to simulate data scarcity, 50 % and 70 % of the original 
training data were used to train the models. Robustness and sensitivity 
analysis outcomes show that the proposed hybrid models, especially 
GBO-QRNN-CNN, can maintain acceptable predictive performance in 
unfavorable conditions of noisy inputs and smaller training data (70 % 
and 50 %). As expected, the performance of all models degrades, but 
GBO-QRNN-CNN consistently performs the best and suffers the mini
mum accuracy loss. In comparison, LSTM suffers higher degradation 
since it has poor robustness. The outcomes prove the stability and pre
paredness of the hybrid model for real-life hydro chemical prediction 
under compromised data quality and availability. In addition to the 
stability under noisy and reduced data, the convergence behavior of the 
models was carefully examined. The training and validation loss curves 
showed smooth and uniform declines in each period without any 
divergence or unstable oscillation, confirming the stable optimization 
dynamics. The use of a combined GBO approach to tune the hyper
parameters and the use of Adam as the weight update regime improved 
the convergence speed and prevented premature trapping in local op
tima. Early stopping was used to prevent overfitting, and the final model 
configuration was also made based on the convergence of the decision. 
By repeating the modeling process on six independent random training- 
test splits, the results showed low variance among the metrics, indi
cating the reliability and repeatability displayed in the convergence 
process. The overall results showed that the combined approaches used 
not only performed better in terms of accuracy, but were also reliable in 
terms of convergence and any stability in the optimization possible 
during the training period.

In addition to evaluating the accuracy of simple and hybrid models 
from a statistical perspective, some graphical representations were also 
provided to further investigate the improvements in performance of the 
proposed hybrid models compared to the simple QRNN model. In this 
regard, the scatter, violin, and Taylor plots were prepared for all the 
simple and hybrid forms of QRNN under the different input combina
tions. Fig. 4 illustrates the scatter plots for the observed vs. predicted 
TDS values by the standalone and merged models. The blue dots indicate 
the scatter of each data point, the dotted blue line indicates the intercept 
line, and the red line indicates the perfect X = Y line. As it is clear, the 
scatter of datapoints in both the hybrid QRNN models is lesser than the 
simple QRNN, indicating the better accuracy of the hybrid models. 
However, the two-stage GBO-QRNN-CNN models exhibit the lowest 
scatters. This conclusion could also be confirmed considering the higher 

Fig. 2. Statistical significance of model comparison.
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values of R2 in the hybrid models compared with the relevant single 
QRNN ones. On the other hand, the LSTM models represented the 
highest scatters, denoting its poor performance. Additionally, the scatter 
of points in all the hybrid and simple models decreases with increasing 
the number of inputs, indicating a significant impact of more inputs on 
the performance of the developed models.

Besides the scatter plots, violin plots were also prepared that are 
shown in Fig. 5. A performance evaluation of the violin plots for the 
different input patterns clearly indicates that the simple LSTM and 
QRNN, and hybrid QRNN-based models with fewer inputs cannot pre
dict the data distribution well, whereas models with more inputs could 
better represent violin plots closer to the corresponding violin plots of 
the observational values, indicating their reliable ability to predict TDS 
levels more accurately. In this context, the violin plot of the hybrid GBO- 
QRNN-CNN-6 with full-input predictors provides the closest similarity 
to the violin plot of observed TDS data.

Fig. 6 also demonstrates the Taylor diagrams for the whole simple 
and coupled forms of QRNN developed under the diverse input config
urations. The outcomes of two statistical metrics including the correla
tion coefficient and standard deviation are merged in a Taylor diagram 
to investigate the model’s performances graphically. In a Taylor dia
gram, each point demonstrates the results of a model, and the proximity 
or distance of the corresponding point of each model compared to the 
observational data point indicates the performance of any model in 
predicting the observational data. As shown in Fig. 6, the standalone 
LSTM and QRNN models, as well as all the models developed using 
fewer inputs demonstrate more distances compared to the reference 
point, which indicated unfavorable performance of respective models. 
Conversely, the points related to the models, especially the hybrid 
models, established with more input predictors are closer to the refer
ence point.

Fig. 7 presents the SHAP plots to illustrate the impact of various 
features on predicting TDS in different models. It is worthwhile to 
mention that SHAP plots are prepared for the simple LSTM-6, QRNN-6, 
and hybrid QRNN-CNN-6 and GBO-QRNN-CNN-6 models as they 
showed generally the best performance among the whole models 
implemented. Positive SHAP values indicate an increase in TDS, while 
negative values suggest a decrease. The color of the points represents the 
feature values (blue: low value, red: high value). The findings from the 
SHAP plots for the standalone LSTM and QRNN models indicate that 
total hardness and Ca have the most significant influence on TDS, with 
higher values of these features leading to an increase in TDS. Remaining 
four variables also affect TDS but to a lesser extent, particularly in the 
QRNN. It is observed that low values of total hardness and Ca generally 

result in lower TDS, whereas high values of these features have a posi
tive effect. Additionally, pH and total alkalinity in QRNN exhibit a 
complex influence, as both high and low values can have varying effects 
on TDS.

For the hybrid QRNN-CNN model, total hardness and Ca had a 
greater impact on TDS compared to the standalone model. Notably, pH 
and total alkalinity exhibited a more significant effect on TDS in com
parison to the QRNN model. However, Mg showed a high impact on TDS 
at SHAP = 20, with a noticeable clustering of points at this value. 
Moreover, in this model, HCO3 demonstrated ambiguous behavior 
relative to other parameters. In the hybrid GBO-QRNN-CNN model, the 
influence of Mg on TDS was increased, while the other parameters 
showed no substantial changes compared to the QRNN-CNN model. 
These results highlight the importance of monitoring water hardness 
and Ca in groundwater quality management, as controlling these vari
ables can contribute to improving groundwater resource quality. On the 
other side, both the mentioned variables/inputs in whole the four 
standalone and hybrid QRNN models demonstrated the positive im
pacts, i.e., an increased value for the total hardness and Ca lead to the 
increased TDS value. This means that decreasing the total hardness and 
Ca of groundwater will lead to reduce the TDS levels. Hence, decision- 
makers should implement policies to reduce the total hardness and Ca 
of groundwater. There are several methods to reduce total hardness and 
calcium in groundwater. Some of these methods include: using ion ex
change filters, utilizing sodium carbonate, applying magnetic and 
electronic devices, and increasing groundwater temperature. The choice 
of an appropriate technique depends on the hardness and calcium levels, 
budget, and specific needs of the user.

A thorough comparison was done between the LSTM model and 
QRNN-based models, i.e., QRNN, QRNN-CNN, and GBO-QRNN-CNN, on 
the basis of architectural complexity, optimization processes, and 
training parameters (Table 2). The LSTM model applied a two-layer 
structure consisting of 50 LSTM units in each layer and ReLU activa
tion, Adam optimizer (learning rate = 0.001), batch size = 16, and 50 
epochs. While the LSTM architecture is simple and relatively easy to 
optimize, it does not have some features aimed at enhancing learning 
capacity, such as dropout layer, convolutional processing, or 
metaheuristic-based parameter optimization.

In contrast, the QRNN-based models were structurally more 
advanced and adaptable. The baseline QRNN model used 100 Tanh- 
activated recurrent units with dropout (0.2), while QRNN-CNN used 
convolutional feature extraction (64 filters, kernel size 3, ReLU activa
tion) along with 128 QRNN units. The most advanced model, GBO- 
QRNN-CNN, used architectural optimization efficiency with the 

Fig. 3. Sensitivity tests under challenging data conditions.

M. Sharafi et al.                                                                                                                                                                                                                                 Journal of Water Process Engineering 79 (2025) 109013 

9 



Fig. 4. Scatter plots of the standalone and hybrid QRNN models.
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Gradient-Based Optimizer (GBO) adjusting learning rate (0.0008), batch 
size (12), dropout rate (0.25), and number of QRNN units (150). This 
adaptive approach had a population size of 4 and did 5 iterations with 

coefficients (α = 0.5, β = 0.3, γ = 0.4, δ = 0.2) to produce a more 
customized and perhaps more generalizable model. Although LSTM 
worked decently well, the QRNN-based models were more adaptable 

Fig. 4. (continued).
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and scalable. The use of CNNs facilitated improved spatial pattern 
learning, and with GBO, model convergence and tuning were signifi
cantly improved. Interestingly, the test RMSEs of the QRNN models were 
competitive and, for the majority of cases, lower than LSTM with 
increased architectural complexity. More significantly, QRNN-based 
models, especially the GBO-QRNN-CNN, converged better with early 
stopping and required less human tuning due to automatic optimization. 
Briefly, even though the LSTM model is straightforward, the QRNN- 
based models, particularly those that include CNN and GBO, have bet
ter learning, more robust performance across varying conditions, and 
more efficient optimization. All these render QRNN a more practical and 
scalable solution compared to LSTM, particularly for applications that 
require stronger accuracy, adaptability, and automatic model 

optimization.
As concluded, the merged QRNN-CNN model illustrated better TDS 

forecasts than the standalone QRNN for all the considered input pat
terns. The potential of CNN in improving the performance of various 
types of DL models has been confirmed in literature by scholars in 
forecasting different hydro-climatological and environmental parame
ters. For example, Danesh et al. [19] developed a hybrid CNN-LSTM for 
river streamflow forecasting, and compared its performance with single 
LSTM. They found out that the proposed CNN-LSTM hybrid framework 
showed better outcomes compared with simple LSTM. Hybrid DL-based 
models including CNN-LSTM and CNN-BiLSTM (Bi directional LSTM) 
were proposed by Hu et al. [54] for urban water demand forecasting, 
and confirmed their dependable performance. Geetha et al. [55] 

Fig. 5. Violin plots for the standalone and hybrid QRNN models.

Fig. 6. Taylor diagram for the standalone and hybrid QRNN models.
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established the hybrid CNN-BiLSTM model for predicting river water 
quality, and concluded that the hybrid model improved the performance 
of simple model. Haq et al. [56] proposed two hybrid DL-based models 
by coupling the CNN with LSTM and gated recurrent unit (GRU) for 
water quality prediction. It was revealed that the hybrid CNN-LSTM and 
CNN-GRU models were found to represent better results than their 
standalone versions. Similarly, Davoudi et al. [57], as well as Uluocak 
and Bilgili [58] developed CNN-LSTM and CNN-GRU coupled models for 
forecasting nitrate in surface waters and air temperature, respectively, 

and stated that the proposed hybrid models outperformed the stand
alone LSTM and GRU. Ullah et al. [59] developed a CNN-BiGRU hybrid 
model for short-term load prediction, and reported its dependable 
potential.

In addition, the key finding of the present study was the superior 
performance of a two-stage hybrid model of GBO-QRNN-CNN creating 
by simultaneous hybridizing the GBO and CNN on QRNN. Similar two- 
stage hybrid DL models have been proposed in previous researches. 
Wang et al. [60] proposed a two-stage DL model named BWO-CNN-GRU 
by combining Beluga whale optimizer (BWO) and CNN with the GRU for 
predicting dissolved oxygen concentration. The results illustrated that 
the recommended model performed better than the GRU and CNN-GRU. 
Yang et al. [61] merged the CNN, GRU, and a grey whale optimization 
(GWO) to develop the hybrid GWO-CNN-GRU model for prediction of 
soil moisture content, and concluded that the proposed model per
formed the best. A two-stage hybrid DL model was proposed by Mei et al. 
[62] in forecasting the turbidity and permanganate index of wastewater 
through coupling the CNN, BiGRU, and an optimizer named improved 
sparrow search algorithm (ISSA), and confirmed its reliable potential. Li 
et al. [63] hybridized the CNN, BiGRU, and Bayesian optimizer (BO) to 
establish the BO-CNN-BiGRU hybrid technique in predicting sea level 
height, and compared its performance with the BiGRU and CNN-BiGRU. 
They reported that the proposed two-stage BO-CNN-BiGRU hybrid 
method showed the best performance. An intelligent irrigation system 
was established by Mishra et al. [64] through combining the CNN, 
BiGRU, and genetic algorithm (GA). The results denoted the superior 
capability of proposed GA-CNN-BiGRU than the BiGRU and CNN-BiGRU 
models. Furthermore, some various kinds of two-stage hybrid deep 
learning models have been also presented in diverse engineering do
mains like PSO (particle swarm optimization)-CNN-Bi-LSTM [65], PSO- 
CNN-LSTM, GWO-CNN-LSTM, and COA (Coati optimization algorithm)- 
CNN-LSTM [66], WOA (whale optimization algorithm)-CNN-attention 
LSTM, GA (genetic algorithm)-CNN-attention LSTM, and PSO-CNN- 
attention LSTM [67], DBO (dung beetle optimizer)-multi-head atten
tion (MH)-CNN-GRU, DBO-MH-CNN-LSTM, IDBO (improved DBO)-MH- 
CNN-GRU, and IDBO-MH-CNN-LSTM [68]. As a result, improved hybrid 
forms of DL models developed by their coupling with the CNN and 
optimization algorithms could be used as the promising alternatives to 
standalone DL methods when predicting the various surface and 
groundwater quality variables, as well as hydro-climatological 
parameters.

As outlined, the two-stage GBO-QRNN-CNN-6 hybrid model was 
found to surpass the other simple and hybrid models developed in the 
current study (R = 0.97, RMSE = 25.40 mg/l, NRMSE = 0.04, NSE =
0.94, WI = 0.99). In fact, this model is fed with six independent input 
predictors, including pH, Mg, total alkalinity, HCO3, Ca, and total 
hardness. The efficiency of the aforementioned superior model for pre
dicting groundwater TDS levels could be compared with the accuracy of 
best-performing models proposed in literature. In this regard, it was 
focused on the values of commonly-used error metrics like RMSE, R, and 
NSE during the test/validation phase. Yassin et al. [14] reported the 
values of R and NSE equal to 0.999 and 0.998 for a standalone GPR 
model with eight inputs comprising total hardness, Na+, Mg2+, Ca2+, F− , 
Cl− , Fe, and EC. Banadkooki et al. [27] forecasted groundwater TDS 
levels through developing some types of intelligent models by applying 
Mg, Ca, and HCO3 inputs. The authors achieved the RMSE = 3.112 mg/l 
and NSE = 0.93 for the best method, including the ANFIS-moth flame 
optimization (MFO) hybrid model. Elzain et al. [12] stated that the 
groundwater TDS levels could be efficiently forecasted via the best 
model of bagging regression (BA) developed in level 2, i.e., by extracting 
the information from Extra Trees Regression (ETR) and CatBoost 
Regression (CBR) methods established via three inputs of Cl, K, and Sr. 
The values of R = 0.997 and NSE = 0.996 were reported by the authors 
for the mentioned superior model. El Bilali et al. [28] concluded that 
AdaBoost applying three inputs of EC, temperature, and pH was a su
perior method for an accurate predicting the groundwater TDS levels 

Fig. 7. SHAP plots for the best-performing standalone and hybrid models.
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with error measures of R = 0.99 and RMSE = 182.0 mg/l. Ewusi et al. 
[15] found out that the GPR (R = 0.9899, NSE = 0.959, and RMSE =
8.983 mg/l) fed with nine inputs, including As, Cd, Hg, Cu, CN, pH, 
Turbidity, EC, and total suspend solids (TSS) illustrated the best TDS 
levels forecasts compared with other methods developed. Jamshidzadeh 
et al. [11] predicted the groundwater TDS levels of coastal aquifers using 
HCO3, Na, Ca, and Mg inputs. They achieved the best NSE equal to 0.95 
for CNN-LSTM-GPR hybrid model. As a general conclusion, the perfor
mance of any of the models developed to forecast the groundwater 
quality variables like TDS can depend on a number of factors, namely 
the type of intelligent models implemented, the independent variables 
and their numbers used as the input predictors when development of the 
models, study region, and therefore, the nature of used groundwater 
quality data and so on.

A precise groundwater TDS forecast is required to better monitor the 
groundwater quality, as well as for decision makers and planners. So, all 
the models proposed in this study, especially the hybrid QRNNs, could 
be utilized as the robust intelligent systems for precisely predicting 
groundwater quality like TDS levels. As the outcomes revealed, the two- 
stage GBO-QRNN-CNN hybrid model was found to represent superior 
TDS predictions. Therefore, it is necessary to pay more attention to 
simultaneous coupling of the CNN and the optimization algorithms such 
as GBO used in this study on DL models to improve the performance of 
baseline DL frameworks. Furthermore, the present study proposed a 
quantum-inspired RNN (QRNN) and its hybrid forms, including QRNN- 
CNN and GBO-QRNN-CNN, while previous studies have less addressed 
this issue.

4. Conclusions, limitations, and future directions

In this study, the groundwater TDS levels at urban water supply wells 
located in West Azerbaijan Province, Iran, were predicted through 
developing four intelligent systems. For this, two DL-based techniques 
named LSTM and QRNN were initially established. Two enhanced forms 
of the QRNN were then proposed to improve the TDS forecasts. So, 
QRNN-CNN and GBO-QRNN-CNN hybrid models were established by 
merging the standalone QRNN with CNN and GBO. Six various input 
combinations were defined using six groundwater quality variables. A 
survey of preceding studies in literature clearly illustrated that there was 
a knowledge gap in implementing quantum-inspired DL-based models to 
predict the groundwater quality like TDS, while this study proposed a 
baseline QRNN and its two novel hybrid variants named QRNN-CNN 
and GBO-QRNN-CNN. The outcomes denoted that two hybrid versions 
of QRNN illustrated better accuracies compared with simple QRNN; 
however, the GBO-QRNN-CNN was the best-performing method. A 
performance evaluation of the simple and hybrid models also demon
strated that their performances were generally improved by increasing 
the number of input estimators, the full-input scenario showed the best 
accuracy. Analyzing the relative importance of input predictors on 
model’s outputs utilizing the SHAP demonstrated that total hardness 
and Ca represented the most importance. Overall, this study highlighted 
the effectiveness of integrating deep neural networks with advanced 
optimization techniques for forecasting complex environmental phe
nomena like groundwater TDS levels.

Although the proposed models, specifically the QRNN-based hybrid 
methods, demonstrated dependable accuracies on the data from West 
Azerbaijan, their generalization to other climatic regions (such as arid, 
semi-arid or humid zones) requires further investigation using region
ally diverse datasets. While the models demonstrated good predictive 
potential for the years 2020–2024, the relatively short record may not 
include long-term trends or decadal-scale changes in groundwater 
quality in response to climate change, land use change, or other 
anthropogenic factors. A longer record would stand a better chance of 
capturing such processes and improving the temporal stability of the 
model. Furthermore, the analysis here only looked at a subset of readily 
available water-quality measurements (pH, Mg, Ca, total hardness, total 

alkalinity, and HCO₃). Leaving out possibly important variables such as 
temperature, precipitation, electrical conductivity (EC), and land use 
measurements may limit the overall predictive potential and general
izability of the models. Addition of such variables in future, with longer 
series, could lead to even greater model accuracy, allows for better 
inference on the determinants of TDS variability, and increase the 
transferability of the model across regions and climatic zones. The 
present research employed deterministic deep learning methods, but 
various techniques were utilized to indirectly assess the uncertainty and 
robustness of the models. These techniques included repeating train–test 
splits, dropout, and early stopping as means of controlling overfitting, 
and sensitivity analyses with noisy and reduced training data. Consistent 
results across these studies indicate stability in predicting behavior for 
model convergence as reliable. However, it will be beneficial for future 
studies to more overtly incorporate uncertainty quantification ap
proaches such as Monte Carlo dropout, Bayesian deep learning, or 
modeling with ensembles to directly capture the range of prediction 
confidence and further quantify the uncertainty associated with 
groundwater quality forecasting.

This study applied only two DL models named LSTM and QRNN, 
whereas diverse types of DL frameworks including GRU, Bi-LSTM, Bi- 
GRU could be used in future for forecasting the values of groundwater 
TDS. In following, the aforementioned DL methods could be hybridized 
with the CNN, and the obtained outcomes could be compared with the 
results of current study. Additionally, this research focused only on an 
optimizer, i.e., GBO, while future research could utilize different opti
mization algorithms, including marine predators’ algorithm, spiral dy
namic search algorithm, moth flame optimization algorithms, and many 
more algorithms when developing hybrid versions of DL schemes. Be
sides the hybrid models proposed in this study, various signal decom
position techniques could also be employed to create the coupled models 
to predict groundwater TDS. It is also recommended that the proposed 
methodologies could be used in future for predicting diverse ground
water and surface water quality variables. The outcomes of SHAP clearly 
illustrated that it is a beneficial tool to discern the possible interactions 
among a set of input and output data. It is therefore suggested that it 
could be used further in future when forecasting the different environ
mental variables like groundwater and surface water quality. As litera
ture review revealed, the quantum-inspired DL models have been less 
noticed for predicting groundwater quality variables. Hence, it is highly 
recommended that the quantum-inspired versions of DL frameworks 
should be considered further in future works.
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